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H I G H L I G H T S

• Comprehensive survey of autoencoders for GeoAI trajectory analysis.

• Unified taxonomy across architectures, tasks, domains, and datasets.

• Latent representations as a unifying basis for trajectory tasks.

• Applications: urban mobility, maritime, aviation, and interaction systems.

• Challenges: scalability, privacy, generalization, and interpretability.
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A B S T R A C T

The rapid growth of spatio-temporal data from sources such as GPS, remote sensing, and Internet of Things (IoT) 

devices has established trajectory data as a core component of modern Geospatial Artificial Intelligence (GeoAI). 

However, the high dimensionality, noise, irregular sampling, and heterogeneous nature of trajectory data pose 

significant challenges for traditional analytical methods. In recent years, autoencoders have emerged as a power­

ful representation learning framework for modeling complex trajectory patterns by encoding spatio-temporal data 

into compact and expressive latent spaces. This survey provides a comprehensive review of autoencoder-based 

methods for trajectory representation learning within the GeoAI domain. Moving beyond the traditional focus on 

trajectory compression, we present a unified perspective that encompasses a broad range of tasks, including clus­

tering, anomaly detection, similarity computation, recovery and reconstruction, prediction, classification, and 

trajectory generation. We systematically categorize existing approaches based on autoencoder architectures such 

as feed-forward, recurrent, convolutional, variational, transformer-based, graph-based, and hybrid models, and 

analyze their suitability for different trajectory representations and application scenarios. Furthermore, we exam­

ine commonly used evaluation metrics across tasks and highlight how latent representations serve as a unifying 

abstraction for diverse analytical objectives. The survey also reviews real-world applications in domains such as 

urban mobility, maritime navigation, aviation safety, and interaction-aware modeling. Finally, we identify crit­

ical challenges related to limited labeled data, robustness under noisy, incomplete, degraded, or heterogeneous 

geospatial observations, privacy and ethical data usage, scalability and deployment constraints, lack of stan­

dardized evaluation protocols, limited cross-region and cross-domain generalization, multimodal representation 

alignment, uncertainty estimation, and the interpretability of latent representations. We outline future research 

directions toward robust and uncertainty-aware autoencoders, degradation-aware reconstruction, physics-guided 

and foundation model-enhanced GeoAI, multimodal and cross-domain representation learning, privacy-aware 

methods, scalable deployment, and semantically meaningful and explainable latent spaces. 
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$T = \{p_1, p_2, \ldots , p_n\}$


$p_i = (x_i, y_i, t_i)$


$\Delta _{\text {MSE}}$


$\Delta _{\text {SNR}}$


$f(\cdot )$


$x$


$z$


$g(\cdot )$


\begin {equation*}D = {\{x_{i}\}}^{N}_{i=1}\end {equation*}


$x_{i}$


\begin {equation*}x_{i} = (p_{i,1},p_{i,2},\ldots ,p_{i,T_{i}})\end {equation*}


$p_{i,t}\in \mathbb {R}^{d}$


$i$


$t$


$d$


$x_{i}$


\begin {equation*}z_{i} = f_{\theta }(x_{i})\end {equation*}


$f_{\theta }$


$\theta $


$z_{i}$


\begin {equation*}\hat {x}_{i} = g_{\phi }(z_{i})\end {equation*}


$g_{\phi }$


$\phi $


$\hat {x}_{i}$


$x_{i}$


$x_{i}\to z_{i}\to \hat {x_{i}}$


$z_{i}$


\begin {equation}\min _{\theta , \phi } \frac {1}{N}\sum _{i=1}^{N}\left [L_{rec}(x_{i},\hat {x_{i}})+\lambda \mathcal {R}(\phi ,\theta ,z_{i})\right ] \label {eq:ae_basic_loss}\end {equation}


$L_{rec}(x_{i},\hat {x_{i}})$


$\mathcal {R}(\phi ,\theta ,z_{i})$


$\lambda $


\begin {equation*}h_{i}^{(0)} = x_{i}\end {equation*}


\begin {equation*}h_{i}^{(\ell )} = \sigma \ (W_{e}^{(\ell )}h_{i}^{(\ell -1)} + b_{e}^{(\ell )}), \; \text {for} \; \ell = 1,\ldots ,L_{e}\end {equation*}


\begin {equation*}z_{i} = h_{i}^{(L_{e})}\end {equation*}


\begin {equation*}\hat {x_{i}} = g_{\phi }(z_{i})\end {equation*}


\begin {equation}\mathcal {L}_{\text {FF-AE}} = \frac {1}{N}\sum _{i=1}^{N} \left [ d(x_{i},\hat {x}_{i}) + \lambda \left ( ||\theta ||_{2}^{2} + ||\phi ||_{2}^{2} \right ) \right ] \label {eq:feed_forward_loss}\end {equation}


$d(x_{i},\hat {x_{i}})$


$i$


$X_{i}$


\begin {equation*}H_{i}^{(0)} = X_{i}\end {equation*}


\begin {equation*}H_{i}^{(\ell )} = \sigma \ (K_{e}^{(\ell )} * H_{i}^{(\ell -1)} + b_{e}^{(\ell )}), \; \text {for} \; \ell = 1,\ldots ,L_{e}\end {equation*}


$K_{e}^{(\ell )}$


$\ell $


$*$


$b_e^{(\ell )}$


$\sigma $


\begin {equation*}z_{i} = f_{\theta }(X_{i})\end {equation*}


\begin {equation*}\hat {X_{i}} = g_{\phi }(z_{i})\end {equation*}


\begin {equation}\mathcal {L}_{\text {CAE}} = \frac {1}{N}\sum _{i=1}^{N} \left [ d(X_{i},\hat {X}_{i}) + \lambda \mathcal {R}(\theta , \phi , z_i) \right ] \label {eq:conv_loss}\end {equation}


$d(X_i, \hat {X}_i)$


\begin {equation*}d(X_i, \hat {X}_i) = \alpha \|X_i - \hat {X}_i\|_1 + \beta \|X_i - \hat {X}_i\|_2^2 + \gamma \big (1 - \text {SSIM}(X_i, \hat {X}_i)\big )\end {equation*}


\begin {equation*}x_i = (p_{i,1}, p_{i,2}, \dots , p_{i,T_i})\end {equation*}


\begin {equation*}h_{i,t} = f_\theta (p_{i,t}, h_{i,t-1})\end {equation*}


\begin {equation*}h_{i,t} = \tanh (W_p p_{i,t} + U_h h_{i,t-1} + b_h)\end {equation*}


$p_{i,t}$


$t$


$h_{i,t}$


$t$


$f_\theta $


$\theta $


$W_p$


$U_h$


$h_{i,t-1}$


$b_h$


$\tanh $


\begin {equation*}z_i = h_{i,T_i}\end {equation*}


\begin {equation*}\hat {h}_{i,t} = f_\phi (\hat {p}_{i,t-1}, \hat {h}_{i,t-1})\end {equation*}


\begin {equation*}\hat {p}_{i,t} = o_\phi (\hat {h}_{i,t})\end {equation*}


$f_\phi $


$o_\phi $


$\hat {p}_{i,t}$


$t$


$t=0$


\begin {equation*}\hat {h}_{i,0} = z_i\end {equation*}


\begin {equation*}\hat {x}_i = (\hat {p}_{i,1}, \hat {p}_{i,2}, \dots , \hat {p}_{i,T_i})\end {equation*}


$h_{i,t}$


$c_t$


$t$


$p_{i,t}$


$h_{i,t-1}$


$c_{i,t-1}$


$i$


$i$


$a_t$


\begin {equation*}f_{i,t} = \sigma (W_f p_{i,t} + U_f h_{i,t-1} + b_f)\end {equation*}


\begin {equation*}a_{i,t} = \sigma (W_a p_{i,t} + U_a h_{i,t-1} + b_a)\end {equation*}


\begin {equation*}\tilde {c}_{i,t} = \tanh (W_c p_{i,t} + U_c h_{i,t-1} + b_c)\end {equation*}


\begin {align}c_{i,t} = f_{i,t} \odot c_{i,t-1} + a_{i,t} \odot \tilde {c}_{i,t} \label {eq:cell_state_update}\end {align}


\begin {align*}&o_{i,t} = \sigma (W_o p_{i,t} + U_o h_{i,t-1} + b_o)\\ &h_{i,t} = o_{i,t} \odot \tanh (c_{i,t})\end {align*}


$\sigma $


$\odot $


$f_{i,t}$


$a_{i,t}$


$o_{i,t}$


$c_{i,t}$


$i$


\begin {align}&r_{i,t} = \sigma (W_r p_{i,t} + U_r h_{i,t-1} + b_r) \label {eq:reset_gate}\\ &u_{i,t} = \sigma (W_u p_{i,t} + U_u h_{i,t-1} + b_u) \label {eq:update_gate}\\ &\tilde {h}_{i,t} = \tanh \left (W_h p_{i,t} + U_h(r_{i,t} \odot h_{i,t-1}) + b_h\right ) \label {eq:candidate_state}\\ &h_{i,t} = (1 - u_{i,t}) \odot h_{i,t-1} + u_{i,t} \odot \tilde {h}_{i,t} \label {eq:new_hidden_state}\end {align}


\begin {align}&r_{i,t} = \sigma (W_r p_{i,t} + U_r h_{i,t-1} + b_r) \label {eq:reset_gate}\\ &u_{i,t} = \sigma (W_u p_{i,t} + U_u h_{i,t-1} + b_u) \label {eq:update_gate}\\ &\tilde {h}_{i,t} = \tanh \left (W_h p_{i,t} + U_h(r_{i,t} \odot h_{i,t-1}) + b_h\right ) \label {eq:candidate_state}\\ &h_{i,t} = (1 - u_{i,t}) \odot h_{i,t-1} + u_{i,t} \odot \tilde {h}_{i,t} \label {eq:new_hidden_state}\end {align}


\begin {align}&r_{i,t} = \sigma (W_r p_{i,t} + U_r h_{i,t-1} + b_r) \label {eq:reset_gate}\\ &u_{i,t} = \sigma (W_u p_{i,t} + U_u h_{i,t-1} + b_u) \label {eq:update_gate}\\ &\tilde {h}_{i,t} = \tanh \left (W_h p_{i,t} + U_h(r_{i,t} \odot h_{i,t-1}) + b_h\right ) \label {eq:candidate_state}\\ &h_{i,t} = (1 - u_{i,t}) \odot h_{i,t-1} + u_{i,t} \odot \tilde {h}_{i,t} \label {eq:new_hidden_state}\end {align}


\begin {align}&r_{i,t} = \sigma (W_r p_{i,t} + U_r h_{i,t-1} + b_r) \label {eq:reset_gate}\\ &u_{i,t} = \sigma (W_u p_{i,t} + U_u h_{i,t-1} + b_u) \label {eq:update_gate}\\ &\tilde {h}_{i,t} = \tanh \left (W_h p_{i,t} + U_h(r_{i,t} \odot h_{i,t-1}) + b_h\right ) \label {eq:candidate_state}\\ &h_{i,t} = (1 - u_{i,t}) \odot h_{i,t-1} + u_{i,t} \odot \tilde {h}_{i,t} \label {eq:new_hidden_state}\end {align}


$h_{i,t}$


\begin {align}\mathcal {L}_{\text {RNN-AE}} = \frac {1}{N} \sum _{i=1}^{N} \left [ \sum _{t=1}^{T_i} d(p_{i,t}, \hat {p}_{i,t}) + \lambda \mathcal {R}(\theta , \phi , z_i) \right ] \label {eq:rnn_loss}\end {align}


$d(p_{i,t}, \hat {p}_{i,t})$


$x_i$


\begin {align*}q_\phi (z_i \mid x_i) = \mathcal {N}\left (\mu _\phi (x_i), \text {diag}(\sigma ^2_\phi (x_i))\right )\end {align*}


$\mu _\phi (x_i)$


$\sigma ^2_\phi (x_i)$


\begin {align*}z_i = \mu _\phi (x_i) + \sigma _\phi (x_i) \odot \varepsilon , \quad \text {where } \varepsilon \sim \mathcal {N}(0, I)\end {align*}


$p_\theta (x_i \mid z_i)$


$z_i$


$\hat {x}_i$


\begin {align}\mathcal {L}_{\text {VAE}} = \frac {1}{N} \sum _{i=1}^{N} \left [ -\mathbb {E}_{q_\phi (z_i \mid x_i)} \left [ \log p_\theta (x_i \mid z_i) \right ] + \beta D_{\text {KL}}\left (q_\phi (z_i \mid x_i) \parallel p(z)\right ) \right ] \label {eq:vae_loss}\end {align}


$q_\phi (z_i \mid x_i)$


$p(z)$


$\beta $


$\beta = 1$


$\beta $


\begin {align*}-\log p_\theta (x_i \mid z_i) \propto \|x_i - \hat {x}_i\|^2\end {align*}


$z_i = f_\phi (x_i)$


$q_\phi (z_i \mid x_i)$


$c_i$


$c_i$


\begin {align*}q_\phi (z_i \mid x_i, c_i)\end {align*}


\begin {align*}p_\theta (x_i \mid z_i, c_i)\end {align*}


\begin {align}\begin {split} \mathcal {L}_{\text {CVAE}} &= \frac {1}{N} \sum _{i=1}^{N} \Big [ -\mathbb {E}_{q_\phi (z_i \mid x_i, c_i)} \left [ \log p_\theta (x_i \mid z_i, c_i) \right ] \\ & + \beta D_{\text {KL}}\left (q_\phi (z_i \mid x_i, c_i) \parallel p(z \mid c_i)\right ) \Big ] \end {split} \label {eq:cvae_loss}\end {align}


\begin {align*}p(z_i) = \sum _{k=1}^{K} \pi _k \mathcal {N}(\mu _k, \Sigma _k)\end {align*}


$K$


$\pi _k$


$k$


$\mu _k$


$\Sigma _k$


\begin {equation*}S_i = (s_{i,1}, s_{i,2}, \dots , s_{i,M_i})\end {equation*}


$s_{i,m}$


$m$


$i$


$M_i$


\begin {equation*}e_{i,m} = \text {Emb}(s_{i,m}) + r_{i,m}\end {equation*}


$\text {Emb}(s_{i,m})$


$r_{i,m}$


$E_i$


\begin {equation*}Q_i = E_i W_Q\end {equation*}


\begin {equation*}K_i = E_i W_K\end {equation*}


\begin {equation*}V_i = E_i W_V\end {equation*}


$Q_i$


$K_i$


$V_i$


\begin {equation*}A_i = \text {softmax}\left (\frac {Q_i K_i^T}{\sqrt {d_k}}\right )\end {equation*}


$A_i$


$d_k$


$\sqrt {d_k}$


$A_i$


\begin {equation*}\text {SA}(E_i) = A_i V_i\end {equation*}


\begin {equation*}\text {head}_j = \text {Attention}(E_i W_{Q,j}, E_i W_{K,j}, E_i W_{V,j}), \quad \text {for } j = 1, \dots , H\end {equation*}


\begin {equation*}\text {MultiHead}(E_i) = \text {Concat}(\text {head}_1, \text {head}_2, \dots , \text {head}_H) W_O\end {equation*}


$W_O$


\begin {equation*}E_i' = \text {LayerNorm}(E_i + \text {MultiHead}(E_i))\end {equation*}


\begin {equation*}H_i = \text {LayerNorm}(E_i' + \text {FFN}(E_i'))\end {equation*}


\begin {equation*}Z_i = T_\theta (E_i)\end {equation*}


$T_\theta $


$\theta $


$Z_i$


\begin {equation*}z_i = \text {Pool}(Z_i)\end {equation*}


$Z_i$


$z_i$


\begin {equation*}\hat {Z}_i = T_{\phi ,\text {dec}}(Z_i)\end {equation*}


\begin {equation*}\hat {s}_{i,m} = O_\phi (\hat {Z}_{i,m}), \ \text {for } m = 1, \dots , M_i\end {equation*}


$T_{\phi ,\text {dec}}$


$O_\phi $


$\hat {s}_{i,m}$


$s_{i,m}$


\begin {equation*}\hat {S}_i = (\hat {s}_{i,1}, \hat {s}_{i,2}, \dots , \hat {s}_{i,M_i})\end {equation*}


\begin {align}\mathcal {L}_{\text {TAE}} = \frac {1}{N} \sum _{i=1}^{N} \left [ \sum _{m=1}^{M_i} d(s_{i,m}, \hat {s}_{i,m}) + \lambda \mathcal {R}(\theta , \phi , Z_i) \right ] \label {eq:transformer_loss}\end {align}


$d(s_{i,m}, \hat {s}_{i,m})$


$\mathcal {R}(\theta , \phi , Z_i)$


\begin {equation*}G_i = (V_i, \mathcal {E}_i)\end {equation*}


$V_i$


$\mathcal {E}_i$


\begin {align*}X_i = [x_{i,1}, x_{i,2}, \dots , x_{i,n_i}]\\ A_i \in {\{0, 1\}}^{n_i \times n_i}\end {align*}


$x_{i,v}$


$n_i$


$G_i$


$A_i$


\begin {align*}h_{i,v}^{(l+1)} = \sigma \left (W^{(l)} h_{i,v}^{(l)} + \sum _{u \in \mathcal {N}(v)} \alpha _{i,vu}^{(l)} W_N^{(l)} h_{i,u}^{(l)}\right )\end {align*}


$h_{i,v}^{(l)}$


$v$


$l$


$\mathcal {N}(v)$


$v$


$\alpha _{i,vu}^{(l)}$


$u$


$v$


$W^{(l)} h_{i,v}^{(l)}$


\begin {equation*}Z_i = f_\theta (X_i, A_i)\end {equation*}


$Z_i$


\begin {equation*}z_i = \text {Pool}(Z_i)\end {equation*}


\begin {equation*}\hat {X}_i = g_\phi (Z_i)\end {equation*}


\begin {equation*}\hat {A}_i = \text {sigmoid}(Z_i Z_i^T)\end {equation*}


\begin {equation}\mathcal {L}_{\text {GAE}} = \frac {1}{N} \sum _{i=1}^{N} \left [ d_X(X_i, \hat {X}_i) + \gamma d_A(A_i, \hat {A}_i) + \lambda \mathcal {R}(\theta , \phi , Z_i) \right ] \label {eq:graph_loss}\end {equation}


$d_X(X_i, \hat {X}_i)$


$d_A(A_i, \hat {A}_i)$


$\gamma $


$\mathcal {R}(\theta , \phi , Z_i)$
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1 . Introduction

Trajectory data, representing the movement of objects through 

space and time, have become a fundamental data modality in modern 

geospatial analytics. The proliferation of sensing technologies, includ­

ing Global Positioning Systems (GPS), Automatic Identification Systems 

(AIS), remote sensing platforms and Internet of Things (IoT) devices, 

has led to an unprecedented increase in the volume, variety and ve­

locity of spatio-temporal data [1]. These developments have enabled a 

wide range of applications, from urban mobility analysis and intelligent 

transportation systems to environmental monitoring, aviation safety, 

and maritime surveillance [2]. However, the high dimensionality, irreg­

ular sampling, noise, and heterogeneity inherent in trajectory data pose 

significant challenges for traditional analytical methods [3,4]. In many 

real-world settings, trajectory data extend beyond basic spatial-temporal 

coordinates to include additional attributes such as velocity, head­

ing, acceleration, transportation mode, semantic labels (e.g., activity or 

land-use context), and sensor-derived signals, effectively increasing the 

dimensionality and complexity of the data representation.

To address these challenges, the emerging field of Geospatial 

Artificial Intelligence (GeoAI) integrates machine learning and spatial 

data science to enable scalable and data-driven modeling of complex 

geospatial phenomena [5,6]. Within this context, trajectory data mining 

has evolved from reliance on handcrafted features and distance-based 

similarity measures toward representation learning paradigms, where 

models automatically learn meaningful abstractions from raw data 

[7–10]. This shift is particularly important for capturing the joint spa­

tial and temporal dependencies that characterize real-world movement 

patterns.

Among representation learning approaches, autoencoders have 

emerged as a powerful and flexible framework for modeling trajec­

tory data [11–13]. By learning compact latent representations through 

reconstruction-based objectives, autoencoders enable efficient encod­

ing of complex spatio-temporal structures while preserving essential 

information. Early work in this area primarily focused on trajectory 

compression, aiming to reduce storage and transmission costs while 

maintaining reconstruction fidelity [14,15]. However, recent advances 

have significantly expanded the role of autoencoders beyond compres­

sion, positioning them as a general-purpose tool for a wide range of 

GeoAI tasks.

This broader role is especially timely as GeoAI increasingly moves 

toward large-scale, weakly labeled, and multimodal geospatial analysis. 

Contemporary geospatial applications often combine trajectory records 

with road-network context, semantic annotations, remote sensing obser­

vations, environmental variables, and sensor-derived attributes, creating 

heterogeneous data representations that are difficult to model using 

fixed handcrafted features alone. In this setting, autoencoders are impor­

tant not only for dimensionality reduction and compression, but also for 

reconstruction-based self-supervised learning, recovery of incomplete or 

degraded observations, anomaly-sensitive modeling, and the construc­

tion of latent spaces that can support downstream GeoAI tasks across 

different data modalities.

In particular, the latent representations learned by autoencoders pro­

vide a unifying foundation for diverse trajectory analysis problems. 

These include clustering and similarity computation [11,13], where la­

tent embeddings facilitate more robust distance estimation; anomaly 

detection [16], where deviations from learned normal patterns can be 

identified through reconstruction errors or latent space density; trajec­

tory recovery and reconstruction [17,18], where missing, sparse, or 

degraded observations can be inferred from learned spatio-temporal 

regularities; trajectory prediction [19,20], where encoded temporal dy­

namics support forecasting; classification [21], where latent features 

enable discrimination between behavioral patterns; and trajectory gen­

eration [22], where structured latent spaces allow the synthesis of 

realistic movement data. This versatility stems from the ability of au­

toencoders to adapt their architecture, ranging from feed-forward and 

recurrent models to convolutional, variational, and transformer-based 

designs, according to the structural properties of trajectory data. Despite 

the growing body of work in this area, existing studies are often frag­

mented across specific tasks, data modalities, or architectural choices, 

making it difficult to obtain a unified understanding of how autoen­

coders are applied within GeoAI. Moreover, prior surveys have typically 

focused on individual problems such as trajectory prediction [23], 

outlier detection [24], clustering [25] or compression [26], without 

systematically examining the broader landscape of autoencoder-based 

methods and their interconnections across tasks.

1.1 . Scope and contributions of this survey

This survey aims to provide a comprehensive and structured 

overview of autoencoder-based approaches for trajectory data represen­

tation learning within the GeoAI domain. Unlike prior work that focuses 

on isolated tasks, we adopt a unifying perspective centered on repre­

sentation learning, highlighting how autoencoders serve as a common 

backbone across diverse trajectory analysis problems. Accordingly, this 

survey should be read as a trajectory-focused review of autoencoder-

based representation learning within GeoAI, rather than as a general 

survey of autoencoder applications across all GeoAI data modalities and 

tasks.

The main contributions of this survey are summarized as follows:

• GIScience-Grounded Motivation for Autoencoder-Based GeoAI: We 

clarify the importance and timeliness of autoencoder-based rep­

resentation learning for GeoAI and connect trajectory modeling 

to key Geographic Information Science (GIScience) principles, 

including spatial dependence, spatial heterogeneity, scale and 

representation dependence, and space-time constraints.

• Unified Perspective on GeoAI Trajectory Tasks: We present a taxon­

omy of autoencoder-based trajectory analysis tasks, including com­

pression, clustering, anomaly detection, similarity computation, 

recovery/reconstruction, prediction, classification, and generation, 

through the lens of latent representation learning.

• Comprehensive Review of Autoencoder Architectures: We sys­

tematically categorize and analyze a wide range of autoencoder 

variants, including feed-forward, recurrent, convolutional, varia­

tional, transformer-based, graph-based, and hybrid architectures, 

emphasizing their suitability for different trajectory data types, 

representations, and task requirements.

• Integration of Data Representations, Loss Formulations, and 

Modeling Choices: We examine how trajectory representations, in­

cluding raw point sequences, enriched feature vectors, grid-based 

encodings, graph structures, and high-dimensional sensor data, 

influence architectural design, reconstruction objectives, regular­

ization strategies, and downstream learning behavior.

• Cross-Architecture and Task-Specific Comparative Synthesis: We 

provide a comparative analysis of architecture usage across tasks 

and domains, discuss task-specific representation requirements, 

and summarize the strengths, limitations, and practical suitabil­

ity of major autoencoder families for different GeoAI trajectory 

problems.

• Dataset, Metric, and Application-Oriented Analysis: We review 

real-world applications across urban mobility, maritime naviga­

tion, aviation safety, synthetic validation, and interaction-aware 

systems, while also summarizing public datasets, software re­

sources, evaluation metrics, and the limits of direct quantitative 

comparison across studies.

• Positioning Autoencoders within Emerging Trajectory GeoAI 

Paradigms: We discuss how recent approaches such as diffusion 

models, flow matching, and LLM-based trajectory methods relate to 

autoencoder-based representation learning, highlighting whether 

they complement, extend, or differ from autoencoder-centered 

approaches.
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Table 1 

Taxonomy of autoencoder type, task formulation, application domain and dataset (Part I).

Paper AE Type Task Domain Dataset

Feed-Forward Autoencoder Architectures

Chu et al. [27] Stacked AE Clustering Aviation custom

Song et al. [28] Dense AE Compression Other Applications custom

Zeng et al. [29] Deep AE Clustering Aviation custom

Wang et al. [30] Deep AE Anomaly Detection Synthetic data custom

Zhang et al. [31] Deep AE Anomaly Detection Aviation custom

Olive et al. [32] Deep AE Clustering/Anomaly Detection Aviation custom

Olive et al. [33] Deep AE Anomaly Detection Aviation custom

Peralta et al. [34] Stacked AE Anomaly Detection Urban & Human Mobility custom

Yue et al. [35] Stacked AE Clustering Urban & Human Mobility GeoLife [36–38]

Yu et al. [39] Deep AE Anomaly Detection Urban & Human Mobility custom

Murray et al. [40] Dual Linear AE Prediction Maritime custom

Xu et al. [41] Contrastive Masked AE Prediction Interaction-Aware Systems 

(Vehicles)

INTERACTION [42], Argoverse 

2 [43,44], Waymo Open Motion 

[45]

Gajamannage et al. [46] Hadamard Deep AE Recovery/reconstruction Other Applications custom/synthetic

Convolutional Autoencoder Architectures

Wang et al. [47] Multi-feature Fusion AE Clustering Maritime custom

Liang et al. [48] Convolutional AE Similarity Maritime custom

Olive et al. [49] Deep Convolutional AE Clustering Aviation custom

Rákos et al. [50] Convolutional VAE Compression Interaction-Aware Systems 

(Vehicles)

NGSIM [51]

Li et al. [52] Convolutional AE Similarity Urban & Human Mobility custom

Qi et al. [53] Multi-scale Convolutional AE Anomaly Detection Maritime custom

Memarzadeh et al. [54] Convolutional VAE Anomaly Detection Aviation custom

Lu et al. [21] Dual Convolutional AE Classification Urban & Human Mobility GeoLife [36–38], SHL [55]

Dabiri et al. [56] Convolutional AE Classification Urban & Human Mobility GeoLife [36–38]

Rakos et al. [57] Convolutional VAE Prediction Interaction-Aware Systems 

(Vehicles)

NGSIM [51]

Krauth et al. [58] Temporal Convolutional VAE Generation Aviation custom

Cheng et al. [59] Self-attention Convolutional VAE Prediction Urban & Human Mobility TrajNet++ [60]

Liu et al. [61] Convolutional VAE Prediction Interaction-Aware Systems 

(Vehicles)

highD [62]

Li et al. [63] Deep Convolutional AE Similarity Maritime custom

Wang et al. [64] Multimodal Convolutional AE with 

attention

Similarity Maritime custom

• Identification of Open Challenges and Future Directions: We iden­

tify key limitations and future research directions, including scala­

bility, privacy, robustness, interpretability, multimodal learning, 

cross-domain generalization, standardized evaluation, and real-

time deployment in dynamic geospatial environments (Tables 1–3).

1.2 . Structure of the survey

The remainder of this survey is organized as follows. Section 2 es­

tablishes the geographic and data-oriented background of the review. 

It first clarifies the importance and timeliness of autoencoder-based 

methods for GeoAI, then introduces key GIScience principles relevant 

to trajectory representation learning, including spatial dependence, spa­

tial heterogeneity, scale and representation dependence, and space-time 

constraints. The section also discusses GeoAI and trajectory repre­

sentation learning, defines the main trajectory data modalities and 

representations, and summarizes evaluation metrics and infrastructure 

considerations.

Section 3 presents the high-level taxonomy of autoencoder-based 

trajectory representation learning. It introduces the main autoencoder 

principles and architectural variants and organizes the major trajectory-

analysis tasks addressed in the reviewed literature, including com­

pression, clustering, anomaly detection, similarity computation, recov­

ery/reconstruction, prediction, classification, and generation. Section 4 

then provides an architecture-oriented review of representative au­

toencoder methods, covering feed-forward, recurrent, convolutional, 

variational, transformer-based, graph-based, and hybrid models.

Section 5 reviews the main application domains in which 

autoencoder-based trajectory methods have been used, including 

urban mobility and smart-city analytics, maritime navigation, aviation 

flow analysis, interaction-aware trajectory modeling, and synthetic 

validation. Section 6 provides a comparative synthesis of the re­

viewed literature, including architecture distributions across tasks 

and domains, task-specific representation requirements, formal cross-

architecture analysis, architecture-task suitability, dataset-based metric 

comparisons, and practitioner-oriented guidelines for architecture selec­

tion.

Section 7 summarizes public datasets and software frameworks 

that support trajectory analysis and autoencoder-based GeoAI research. 

Section 8 discusses emerging trajectory modeling paradigms beyond 

conventional autoencoder-based approaches, including diffusion mod­

els, flow matching, and LLM-based trajectory modeling, and analyzes 

how these directions relate to autoencoder-centered representation 

learning. Section 9 synthesizes the main open challenges and future 

research directions identified from the reviewed trajectory-focused cor­

pus and from adjacent GeoAI developments discussed in Section 8. It 

first summarizes the remaining limitations affecting robustness, transfer­

ability, interpretability, evaluation, and deployment and then outlines 

promising directions for developing more robust, uncertainty-aware, 

multimodal, explainable, and operational autoencoder-based GeoAI. 

Finally, Section 10 concludes the survey.

2 . Geographic foundations and trajectory data context

This section establishes the conceptual background for understand­

ing autoencoder-based trajectory modeling in GeoAI. We first clarify 

the importance and timeliness of autoencoders for modern geospa­

tial representation learning, before grounding trajectory analysis in 
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Table 2 

Taxonomy of autoencoder type, task formulation, application domain and dataset (Part II).

RNN/LSTM Autoencoder Architectures

Liu et al. [65] Multi-scale Attention AE Clustering Maritime not public

Kölle et al. [14] Seq2Seq AE Compression Interaction-aware Systems (Vehicles) T-Drive [66]

Horovitz et al. [67] Symmetric AE Compression Interaction-Aware Systems (Vehicles) NGSIM [51]

Yao et al. [11] Seq2Seq AE Clustering Maritime custom

Liatsikou et al. [16] Denoising Sequential AE Anomaly Detection Urban & Human Mobility Porto Taxi (ECML PKDD 2015) [68]

Suo et al. [69] GRU Prediction Maritime –

Dong et al. [70] Adaptive Forgetting-Controlled 

RNN (AFC-RNN)

Prediction Interaction-Aware Systems (Human) ETH [71], UCY [72], SDD [73]

Li et al. [13] Seq2Seq AE Similarity Urban & Human Mobility Porto Taxi (ECML PKDD 2015) [68]

Alhussein et al. [74] LSTM AE Anomaly Detection Aviation custom

Quan et al. [75] Holistic LSTM Prediction Interaction-Aware Systems (Human) JAAD [76,77], PIE [78]

Bhujel et al. [79] RNN Prediction Interaction-Aware Systems (Human) ETH [71], UCY [72]

Xue et al. [80] LSTM Prediction (via clustering) Interaction-Aware Systems (Human) Edinburgh Informatics Forum 

(Pedestrian dataset) [81]

Miguel et al. [82] Recurrent VAE Prediction Interaction-aware Systems (Vehicles) highD [62]

Huang et al. [83] Sequential VAE Generation Urban & Human Mobility custom

Liu et al. [84] Gaussian Mixture Sequential VAE Anomaly Detection Urban & Human Mobility custom

Song et al. [20] Convolutional LSTM Prediction Urban & Human Mobility –

Demetriou et al. [85] Recurrent AE Generation Synthetic Validation & Latent Pattern 

Intelligence

Non public dataset provided by 

Volvo Cars Corporation

Ma et al. [86] RNN-based AE Anomaly Detection Urban & Human Mobility (multiple datasets, not found)

Capobianco et al. [87] Attention-based Variational LSTM Prediction Maritime custom

Jiang et al. [88] LSTM, GRU, and Stacked AE 

(multiple models)

Prediction Interaction-Aware Systems (Vehicles) NGSIM [51]

Sheng et al. [9] Siamese Denoising LSTM AE Classification Urban & Human Mobility –

Wang et al. [89] Seq2Seq AE Clustering Urban & Human Mobility –

Zhang et al. [90] Seq2Seq AE Similarity Urban & Human Mobility custom

Yao et al. [12] Seq2Seq AE Clustering Maritime custom

Feng et al. [91] Conditional VAE + LSTM Prediction Interaction-Aware Systems (Vehicles) NGSIM [51]

Wang et al. [18] Recurrent encoder-decoder with 

attention

Recovery/reconstruction Urban & Human Mobility GeoLife [36–38]

Ren et al. [92] Seq2Seq Recovery/reconstruction Urban & Human Mobility custom

Ye et al. [17] RNN AE Recovery/reconstruction Urban & Human Mobility not found

Table 3 

Taxonomy of autoencoder type, task formulation, application domain and dataset (Part III).

Transformer-based Architectures

Chen et al. [93] Transformer-VAE Clustering Aviation custom

Hou et al. [94] Transformer–VAE Anomaly Detection Maritime custom

Chen et al. [95] Transformer-based Masking AE Prediction Interaction-aware Systems INTERACTION [42], Argoverse [96], TrajNet++
[60]

Wu et al. [97] U-type Sparse Attention AE Clustering General/Cross-Domain GeoLife [36–38] + other synthetic custom datasets

Shi et al. [98] Trajectory Unified Transformer AE Prediction Interaction-Aware Systems 

(Human)

ETH [71], UCY [72], SDD [73]

Chen et al. [99] Spatial-temporal Transformer Recovery/reconstruction Urban & Human Mobility Porto Taxi (ECML PKDD 2015) [68]

VAE Architectures

Yue et al. [100] VAE Clustering Urban & Human Mobility GeoLife [36–38]

Zhang et al. [101] VAE Anomaly Detection Urban & Human Mobility Porto Taxi (ECML PKDD 2015) [68]

Cho et al. [10] VAE Anomaly Detection Urban & Human Mobility custom

Lu et al. [102] VAE Anomaly Detection Urban & Human Mobility Porto Taxi (ECML PKDD 2015) [68]

Neumeier et al. [103] Descriptive VAE Prediction Interaction-aware Systems 

(Vehicles)

highD [62]

Chen et al. [22] VAE Generation Synthetic Validation & Latent 

Pattern Intelligence

–

Xie et al. [104] Gaussian Mixture VAE Anomaly Detection Maritime MarineCadastre AIS [105]

Cheng et al. [106] Conditional VAE Prediction Interaction-aware Systems inD [107], TrajNet++ [60]

Xu et al. [108] Context-aware VAE Prediction Interaction-aware Systems nuScenes [109], Waymo Open Motion [45], (+Lyft 

not found)

Lee et al. [110] Conditional VAE-based framework Prediction Interaction-aware Systems SDD [73], TrajNet++ [60], nuScenes [109]

Ivanovic et al. [111] Conditional VAE Prediction Interaction-Aware Systems 

(Human)

ETH [71], UCY [72]

Xu et al. [112] VAE Prediction Interaction-Aware Systems 

(Human)

ETH [71], UCY [72], SDD [73], (+NBA not public)

Graph Architectures

Wiederer et al. [113] Spatio-Temporal Graph AE Anomaly Detection Interaction-Aware Systems 

(Vehicles)

custom

Zhao et al. [114] Masked Graph AE Prediction General/Cross-Domain –

Wei et al. [115] Graph-based encoder-decoder Recovery/reconstruction Urban & Human Mobility Porto Taxi (ECML PKDD 2015) [68] +other not 

found
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key GIScience principles. We then introduce the GeoAI trajectory 

representation-learning paradigm, define the main trajectory data 

modalities and representations, and summarize the evaluation and 

infrastructure considerations that shape the design, assessment, and 

deployment of autoencoder-based GeoAI methods.

2.1 . Importance and timeliness of autoencoders for GeoAI

The importance of autoencoders for Geospatial Artificial Intelligence 

(GeoAI) stems from a broader shift in geospatial analysis. Modern 

geographic data are increasingly large-scale, heterogeneous, high-

dimensional, weakly labeled, and generated from multiple sensing 

and observation systems. Trajectories, remote sensing imagery, road-

network data, environmental observations, and sensor-derived mobility 

attributes often contain complex spatial, temporal, semantic, and con­

textual dependencies that are difficult to represent using manually de­

signed features or fixed distance measures. In this setting, autoencoders 

provide a general representation-learning mechanism that can transform 

complex geospatial observations into compact latent spaces while pre­

serving task-relevant structure through reconstruction-based objectives. 

This is particularly relevant for GeoAI because recent work increasingly 

emphasizes self-supervised learning as a way to exploit large geospatial 

datasets when labeled data are sparse, unevenly distributed, or costly to 

obtain [116].

The timeliness of this review is also connected to the changing na­

ture of geospatial data and GeoAI workflows. Contemporary GeoAI is no 

longer limited to single-modality spatial records or isolated coordinate 

sequences. Instead, it increasingly requires the integration of hetero­

geneous data sources, including trajectories, remote sensing imagery, 

semantic attributes, environmental variables, road-network context, and 

multi-agent interaction information. Recent surveys on multimodal re­

mote sensing data fusion highlight this broader movement toward deep 

representation learning methods capable of handling heterogeneous 

Earth observation and geospatial data sources [117]. Within this land­

scape, autoencoders are important not only as compression models, but 

as flexible encoder–decoder frameworks that support dimensionality re­

duction, latent representation learning, reconstruction of incomplete 

or degraded data, anomaly-sensitive modeling, and downstream task 

adaptation.

This relevance has been further reinforced by recent developments 

in self-supervised and foundation model-based GeoAI. In remote sens­

ing, masked image modeling and masked autoencoding have become 

important reconstruction-based pretraining strategies for learning trans­

ferable representations from large unlabeled datasets, including settings 

affected by cloud cover, occlusions, sensor limitations, and missing ob­

servations [118]. Similarly, recent surveys on remote sensing foundation 

models emphasize the role of self-supervised pretraining, including con­

trastive learning and masked autoencoders, in improving the robustness 

and transferability of large-scale models [119]. At the same time, the 

domain-specific characteristics of remote sensing and geospatial data 

continue to motivate specialized foundation models rather than direct 

transfer from natural-image models [120].

Therefore, autoencoders remain timely because they connect sev­

eral active directions in GeoAI: compact representation learning, self-

supervised pretraining, multimodal fusion, reconstruction under missing 

or degraded observations, uncertainty-aware modeling, and generative 

spatial-temporal analysis. Broader surveys of generative techniques for 

spatial-temporal data mining further show that masked autoencoders, 

sequence-to-sequence models, diffusion models, and large language 

model-based approaches are increasingly being discussed within a com­

mon spatial-temporal modeling landscape [121]. From this perspective, 

autoencoders are not only a family of models for individual tasks, but 

also a methodological bridge between heterogeneous geospatial data 

representations and the downstream analytical needs of modern GeoAI. 

This makes a dedicated survey of autoencoder-based methods, variants, 

applications, and limitations both relevant and timely.

2.2 . Geographic information science principles for trajectory analysis

This subsection introduces the GIScience principles that are most 

relevant to autoencoder-based trajectory analysis. Rather than provid­

ing a general overview of GIScience, the discussion focuses on concepts 

that directly affect how trajectory data are represented, modeled, inter­

preted, and evaluated in GeoAI. Specifically, we highlight spatial depen­

dence, spatial heterogeneity, scale and representation dependence, and 

space-time constraints as core principles that shape the design and inter­

pretation of latent trajectory representations. These principles provide 

the geographic foundation for the autoencoder architectures and task 

taxonomy discussed in the following section.

GIScience foundations and GeoAI. GIScience provides the conceptual 

foundation for understanding why trajectory analysis in GeoAI cannot 

be treated as a generic sequence-modeling problem. GIScience has long 

emphasized that geographic information involves scientific questions 

that extend beyond the technical handling of spatial data, including 

how geographic phenomena are represented, measured, modeled, ana­

lyzed, and interpreted [122]. This perspective is particularly important 

for trajectory data, where observations are not independent records but 

movement traces embedded in geographic space, constrained by spatial 

relations, temporal order, environmental context, and domain-specific 

mobility processes. Accordingly, GeoAI should not be understood merely 

as the application of artificial intelligence to geospatial datasets, but as 

the development of spatially explicit learning methods that incorporate 

geographic representations, spatial relations, and contextual knowledge 

into data-driven models [123]. In the context of data-driven GeoAI, 

these principles are closely linked to the broader representation learn­

ing problem, where spatial entities such as points, trajectories, or regions 

must be encoded into learning-friendly representations for downstream 

tasks [124]. Rather than operating directly on raw geographic data, 

modern models rely on latent embeddings that aim to preserve mean­

ingful spatial structure while enabling efficient learning. Consequently, 

grounding autoencoder-based trajectory modeling in GIScience princi­

ples is essential not only for understanding how such representations 

are constructed, but also for clarifying which geographic properties they 

should retain.

Spatial dependence and Tobler’s first law. A central principle of 

GIScience is spatial dependence, commonly expressed through Tobler’s 

First Law of Geography, according to which geographic entities are 

generally more related when they are closer in space [125]. This prin­

ciple implies that movement observations should not be interpreted 

as isolated records, since nearby locations, neighboring road segments, 

adjacent regions, or interacting moving objects often exhibit related 

spatial and behavioral patterns. In trajectory analysis, spatial depen­

dence is reflected in several modeling assumptions, including the use of 

local neighborhoods, distance-based similarity, map-matched network 

proximity, spatial interpolation, and density-based descriptions of move­

ment behavior. Goodchild further emphasizes that Tobler’s First Law 

provides a conceptual foundation for many GIScience operations, includ­

ing spatial interpolation, resampling, generalization, contouring, and 

spatial data modeling [126]. For autoencoder-based trajectory model­

ing, this principle suggests that latent representations should preserve 

meaningful spatial proximity and neighborhood relationships, so that 

trajectories that are geographically or behaviorally similar remain close 

in the learned embedding space. This is particularly important for down­

stream tasks such as clustering, similarity search, anomaly detection, 

and prediction, where distorted spatial relations in the latent space can 

lead to misleading interpretations of movement patterns.

Spatial heterogeneity and context dependence. A second principle is spa­

tial heterogeneity, often discussed in spatial analysis in relation to non-

stationarity, context dependence, and spatially varying relationships. 

While spatial dependence emphasizes relationships among nearby ob­

servations, spatial heterogeneity emphasizes that geographic processes 
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and data-generating mechanisms may vary across locations. Spatial de­

pendence and spatial heterogeneity have been identified as distinctive 

properties of spatial data that complicate the direct application of stan­

dard statistical assumptions, particularly those based on independence, 

homogeneity, or globally fixed model parameters [127]. This principle 

is directly relevant to trajectory analysis because movement patterns are 

shaped by local geographic context: the same speed, direction change, 

stop duration, or route deviation may have different meanings in an ur­

ban street network, a maritime corridor, an airport terminal area, or a 

pedestrian environment. More generally, studies of spatial heterogeneity 

show that averaging or globally smoothing heterogeneous spatial struc­

tures can obscure important local variation and connectivity patterns 

[128]. For autoencoder-based trajectory modeling, spatial heterogene­

ity suggests that learned representations should be sensitive to domain, 

region, and context, rather than assuming that a single global latent 

structure is equally valid across all geographic settings. This issue is par­

ticularly important for cross-domain generalization, transfer learning, 

anomaly detection, and evaluation, where models trained in one spatial 

context may not preserve the same semantic meaning when applied to 

another.

Scale, granularity, and representation dependence. A further GIScience 

principle concerns scale, granularity, and the representation-

dependence of trajectory analysis. Movement data are inherently 

multi-scale; their interpretation can change according to the spatial 

resolution, temporal sampling interval, segmentation strategy, and 

movement attributes selected for analysis. In movement-pattern anal­

ysis, trajectories are commonly described through spatial, temporal, 

and spatio-temporal parameters such as position, distance, direction, 

duration, speed, velocity, and acceleration, while the scale and granu­

larity of these parameters strongly influence the patterns that can be 

detected and interpreted [129]. This issue also appears in trajectory 

similarity analysis, where different comparison methods may preserve 

different aspects of movement depending on whether spatial and 

temporal information are modeled separately or jointly [130]. In 

trajectory representation learning, this creates a modifiable represen­

tation problem. The same movement process may be encoded as raw 

points, line segments, fixed-length sequences, grid images, network 

paths, or semantic trajectories, each exposing different spatial and 

temporal properties to the model, as illustrated in Fig. 2. Consequently, 

autoencoder-based methods should be interpreted and compared with 

attention to the scale and granularity of the input representation, since 

changes in representation can alter both the learned latent space and 

the conclusions drawn from downstream tasks.

Space-time integration and movement constraints. Finally, trajectory 

analysis requires the explicit integration of space and time, since move­

ment is not merely an ordered sequence of locations but a process 

unfolding under spatial, temporal, and contextual constraints. Time-

geographic theory conceptualizes movement as a space-time path, 

where possible actions are limited by mobility capabilities, coordina­

tion requirements with other individuals or activities, and constraints 

imposed by institutions or the surrounding environment [131]. Space-

time prism models further operationalize this perspective by showing 

that feasible movement and accessibility depend jointly on location, 

travel time, velocity, transportation network structure, and activity 

schedules [132]. These principles clarify why trajectory representa­

tions should preserve more than geometric displacement: depending 

on the task, they may also need to retain temporal ordering, duration, 

speed, recurrence, interaction, accessibility, and contextual constraints. 

Therefore, autoencoder-based trajectory models should be understood as 

geographic representation-learning systems, whose latent spaces are ex­

pected to preserve not only compactness and reconstruction fidelity, but 

also the spatio-temporal structure and movement semantics that make 

trajectory data meaningful within GeoAI.

2.3 . GeoAI and trajectory representation learning

GeoAI is an emerging interdisciplinary field that integrates ad­

vances in artificial intelligence, machine learning, and spatial data 

science to extract meaningful patterns from large-scale geospatial data 

[123,133–135]. By combining domain knowledge from geography with 

data-driven modeling techniques, GeoAI enables the analysis of complex 

spatial phenomena, including urban mobility, environmental dynamics, 

and infrastructure usage. The increasing availability of high-resolution 

spatial-temporal data from sources such as GPS, remote sensing plat­

forms, and Internet of Things (IoT) devices has further accelerated the 

adoption of deep learning methods within geospatial analytics [136]. In 

this context, GeoAI provides a unifying framework where spatial reason­

ing and learning-based approaches are jointly leveraged to model both 

the geometric structure and semantic meaning of geospatial data.

Within this paradigm, trajectory data representing the movement of 

objects such as vehicles, vessels, or individuals, over time has become 

a central data modality in GeoAI applications. Trajectory data mining 

focuses on uncovering patterns such as frequently traveled routes, mo­

bility behaviors, and anomalous movements, often under challenging 

conditions including irregular sampling, noise, and high dimensional­

ity [137]. Traditional approaches have relied heavily on handcrafted 

similarity measures and rule-based models [7,8,15,93]. However, these 

methods often struggle to scale and generalize across heterogeneous 

datasets. Recent advances in deep learning have shifted this paradigm 

toward representation learning [4,8,138,139], where models automat­

ically extract latent features that capture both spatial and temporal 

dependencies, significantly improving performance in large-scale trajec­

tory analysis tasks.

Autoencoders constitute a powerful tool within GeoAI for learning 

compact and expressive representations of trajectory data. By encoding 

high-dimensional spatial-temporal inputs into lower-dimensional latent 

spaces, autoencoders enable efficient compression while preserving es­

sential structural and behavioral characteristics of movement patterns. 

These learned representations have been successfully applied across 

a wide range of GeoAI tasks, including trajectory similarity search 

[13], mobility pattern discovery [35], and large-scale clustering of 

transportation data [89].

This general workflow in which raw trajectory data is encoded in 

a latent representation and subsequently used for downstream tasks is 

illustrated in Fig. 1. The pipeline consists of a sequence of processing 

steps, starting from raw geospatial data, which are first transformed 

into trajectories through a trajectory construction process. These tra­

jectories are then converted into suitable representations that can be 

ingested by the autoencoder model. The encoder maps the input data 

into a latent space, which serves as a compact intermediate abstraction 

of the underlying spatio-temporal patterns. This latent representation 

is subsequently utilized to support a range of downstream tasks, as 

shown in the figure. In addition, some approaches incorporate an op­

tional task-specific refinement step, represented by the dashed feedback 

loop, where the learned latent space is further adapted using task-driven 

objectives or supervision signals to improve performance for particular 

applications. The figure therefore highlights both the forward process­

ing pipeline and the potential interaction between downstream tasks 

and representation learning. As demonstrated throughout this review, 

the flexibility of autoencoder architectures allows them to adapt to vari­

ous trajectory modalities and learning paradigms, positioning them as a 

foundational component in modern data-driven geospatial analysis [24].

2.4 . Trajectory data: Definitions, modalities, and representations

Trajectory data represent the movement of objects through space 

over time and are typically modeled as ordered sequences of spatio-

temporal observations. Formally, a trajectory can be defined as a 

sequence 𝑇 = {𝑝1, 𝑝2,… , 𝑝𝑛}, where each point 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑡𝑖) en­

codes the spatial location and timestamp of the moving object at a 

given time step [140]. Depending on the application, trajectories may 
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Fig. 1. General pipeline of autoencoder usage in GeoAI.

Fig. 2. Progression of data representations from simple structured formats to more complex forms. The structure of the input data influences the choice of autoencoder 

architecture.

extend beyond simple 2D spatial coordinates as shown in Fig. 2 to in­

clude additional dimensions such as altitude, resulting in 3D or even 

higher-dimensional representations. This sequential structure inherently 

captures both spatial continuity and temporal dependencies, which are 

essential characteristics of real-world movement processes. As a result, 

trajectory data provide a natural representation for modeling dynamic 

phenomena, making them a fundamental component in GeoAI appli­

cations [137,141], involving mobility analysis, transportation systems, 

and dynamic environment modeling.

Beyond their basic structure, trajectories often include multiple 

complementary attributes that enrich their descriptive power [142]. 

In addition to spatial coordinates and timestamps, trajectory points 

may incorporate kinematic features such as velocity, acceleration, and 

heading direction, either directly recorded or derived from raw data. 

Furthermore, semantic and contextual information, such as transporta­

tion mode, road network constraints, environmental conditions, or 

interaction with other agents, can be associated with trajectories to 

support higher-level analysis [143]. These heterogeneous attributes sig­

nificantly increase the complexity and dimensionality of trajectory data, 

posing challenges for traditional analytical methods while motivating 

the use of latent representation learning techniques.

Trajectory data can be broadly categorized into several types based 

on their structure and modality. The most common form is raw point-

based trajectories, obtained from sources such as GPS, AIS, or ADS-B 

systems, which consist of irregularly sampled spatio-temporal points 

and are often affected by noise and missing data. To address these 

limitations, structured or enriched trajectories incorporate preprocess­

ing steps such as map-matching, interpolation, or semantic annotation, 

enabling more meaningful comparisons and behavioral analysis [144]. 

Alternatively, trajectories can be transformed into grid-based or raster­

ized representations, such as images, heatmaps, or occupancy grids, to 

leverage convolutional architectures for spatial pattern extraction [48]. 

Finally, high-dimensional trajectory representations arise in sensor-rich 

environments, including LiDAR point sequences, skeletal motion capture 

data, and multivariate time series, where each trajectory point en­

codes complex spatial or physical measurements [4,145]. These diverse 

trajectory types necessitate flexible modeling approaches, as differ­

ent representations emphasize distinct spatial, temporal, and semantic 

characteristics.

2.5 . Evaluation metrics for autoencoder-based trajectory analysis

The evaluation of autoencoder-based models for trajectory data is 

inherently task-dependent, as different applications require assessing 

distinct aspects of performance. While reconstruction-based metrics are 

commonly used to evaluate the quality of learned representations, down­

stream tasks such as clustering, prediction, and anomaly detection rely 

on specialized evaluation criteria. Furthermore, trajectory data intro­

duce additional challenges due to their spatio-temporal nature, variable 

length, and potential irregular sampling. In this subsection, we provide 

an overview of commonly used evaluation metrics, organized accord­

ing to the primary GeoAI tasks discussed in this review. A summary of 

the evaluation metrics used across different trajectory analysis tasks is 

provided in Table 4.

Compression and reconstruction metrics. For trajectory compression 

tasks, evaluation focuses on the trade-off between data reduction and in­

formation preservation. Reconstruction accuracy is typically measured 

using metrics such as Mean Squared Error (MSE) and Signal-to-Noise 

Ratio (SNR) [28], which quantify the difference between the original 

and reconstructed trajectories. In some cases, Peak Signal-to-Noise Ratio 

(PSNR) is also employed as a normalized variant of SNR. Compression 

efficiency is assessed using the Compression Ratio (CR) [67], which re­

flects the degree of size reduction achieved by the model. Several works 

also report incremental changes (e.g., ΔMSE, ΔSNR) to evaluate improve­

ments over baseline methods. These metrics collectively capture the 

balance between compact representation and reconstruction fidelity.

Clustering metrics. Trajectory clustering is commonly evaluated us­

ing both internal and external validation metrics. Internal metrics, 

such as the Sum of Squared Errors (SSE), Silhouette Coefficient (SC), 

Davies–Bouldin Index (DBI), and Calinski–Harabasz Index (CH) [93], 

assess the compactness and separation of clusters without relying on 

ground truth labels. External metrics, including Normalized Mutual 

Information (NMI) [89,146], Rand Index (RI), Adjusted Rand Index 

(ARI) [65], and Fowlkes–Mallows Index (FMI) [35], measure the agree­

ment between predicted clusters and known labels when available. 

Additionally, clustering accuracy and mean distance-based measures are 

sometimes used to evaluate the quality of learned trajectory representa­

tions.

Prediction metrics. Trajectory prediction tasks require evaluating the 

accuracy of forecasted positions over time. Standard regression-based 

metrics such as Mean Squared Error (MSE) [75], Root Mean Squared 

Error (RMSE), and Mean Absolute Error (MAE) [82] are widely used, 

commonly computed separately for spatial dimensions (e.g., longitudi­

nal and lateral components). More specialized metrics, often employed 

in the studies analyzed in this review, include Average Displacement 
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Table 4 

Metrics for trajectory data tasks.

Metric Task Description

Mean Squared Error (MSE) Compression, Prediction Measures average squared difference between original and reconstructed/predicted trajectories

Root Mean Squared Error (RMSE) Prediction Square root of MSE, provides error in original units

Mean Absolute Error (MAE) Prediction Measures average absolute difference between predicted and actual values

Signal-to-Noise Ratio (SNR) Compression Measures signal quality relative to reconstruction noise

Peak Signal-to-Noise Ratio (PSNR) Compression Normalized version of SNR for comparing reconstruction quality

Compression Ratio (CR) Compression Ratio of original data size to compressed representation size

Silhouette Coefficient (SC) Clustering Measures how well trajectories fit within their assigned cluster

Davies–Bouldin Index (DBI) Clustering Evaluates cluster separation and compactness (lower is better)

Calinski–Harabasz Index (CH) Clustering Ratio of between-cluster to within-cluster variance

Sum of Squared Errors (SSE) Clustering Measures intra-cluster compactness

Normalized Mutual Information (NMI) Clustering Measures agreement between clustering and ground truth labels

Rand Index (RI) Clustering Measures the agreement between predicted and true cluster assignments

Adjusted Rand Index (ARI) Clustering Adjusted version of the Rand Index that accounts for agreement occurring by chance

Fowlkes-Mallows Index (FMI) Clustering Measures similarity between predicted and true clusters

Average Displacement Error (ADE) Prediction Average distance between predicted and ground-truth trajectories over all time steps

Final Displacement Error (FDE) Prediction Distance between predicted and true final positions

Negative Log-Likelihood (NLL) Prediction Measures likelihood of predicted trajectory under probabilistic models

Miss Rate (MR) Prediction Percentage of predictions exceeding a predefined error threshold

Dynamic Time Warping (DTW) Similarity, Generation Measures similarity between trajectories with temporal alignment

Hausdorff Distance Similarity, Generation Measures maximum deviation between two trajectories

Euclidean Distance (ED) Similarity Measures direct point-wise distance in space or latent space

k-nearest neighbor (k-NN) Similarity Evaluates similarity via nearest neighbor search

Accuracy (ACC) Anomaly Detection Measures overall correctness of anomaly classification

Clustering Accuracy Clustering Percentage of correctly assigned cluster labels

Precision Anomaly Detection Fraction of correctly identified anomalies among detected ones

Recall Anomaly Detection Fraction of actual anomalies correctly identified

F1-score Anomaly Detection Harmonic mean of precision and recall

PR-AUC Anomaly Detection Precision-recall trade-off across thresholds; robust to class imbalance.

Detection Rate (DR) Anomaly Detection Proportion of correctly detected anomalies

False Alarm Rate (FAR) Anomaly Detection Proportion of normal trajectories incorrectly flagged

Reconstruction Error Anomaly Detection Measures deviation between input and reconstructed trajectory

Mean Distance Error (MDE) Generation Measures average deviation between generated and real trajectories

Kullback–Leibler Divergence (KL) Generation Measures difference between generated and real data distributions

Coverage Generation Measures how well generated trajectories represent real data diversity

Matching Score Generation Measures similarity between generated and real trajectory sets

Error (ADE) and Final Displacement Error (FDE) [147], which mea­

sure the average and final deviation between predicted and ground-truth 

trajectories, respectively. Probabilistic approaches may additionally em­

ploy likelihood-based metrics such as Negative Log-Likelihood (NLL) 

[112,148]. Variants of MSE computed over specific trajectory compo­

nents or prediction horizons are also commonly reported [75]. These 

metrics collectively assess both short-term accuracy and long-term 

prediction consistency.

Similarity metrics. Trajectory similarity is typically evaluated using 

distance-based measures that quantify the resemblance between move­

ment patterns. Common approaches include Euclidean distance (ED) 

[86] in the learned latent space and more specialized sequence align­

ment techniques such as Dynamic Time Warping (DTW) [86,149], which 

account for temporal misalignment. Other measures, such as Hausdorff 

distance [86,150], capture the maximum deviation between trajectories. 

In practical applications, similarity is often assessed through retrieval-

based evaluations, such as k-nearest neighbor (k-NN) queries [90], 

where the quality of the learned representation is reflected in the ability 

to retrieve similar trajectories.

Anomaly/outlier detection metrics. Anomaly detection in trajectory data 

is typically formulated as a binary classification problem, where the 

objective is to distinguish normal from abnormal patterns. As such, stan­

dard classification metrics including Accuracy (ACC), Precision, Recall, 

and F1-score are widely used [39]. Additionally, Precision–Recall Area 

Under the Curve (PR-AUC) [102] is often preferred in imbalanced set­

tings. Domain-specific metrics such as Detection Rate (DR) and False 

Alarm Rate (FAR) are also employed to assess detection performance. In 

autoencoder-based approaches, reconstruction error is frequently used 

as an anomaly score, with abnormal trajectories exhibiting significantly 

higher reconstruction deviations.

Generation metrics. Trajectory generation tasks focus on evaluating the 

realism, diversity, and accuracy of synthesized trajectories. Distance-

based metrics such as Mean Distance Error (MDE) [83] are used to 

assess similarity to real trajectories. Distribution-based measures, includ­

ing Kullback–Leibler (KL) divergence [83,151], evaluate how well the 

generated data matches the underlying data distribution. Additionally, 

similarity-based approaches using Dynamic Time Warping (DTW) [85] 

or Hausdorff distance [22] as mentioned above, are employed to com­

pare generated and real trajectory sets. Some works further assess gen­

eration quality using matching and coverage-based evaluation schemes, 

which quantify how well generated samples represent the diversity 

of real trajectories. These measures are typically implemented using 

distance-based comparisons and are often tailored to the specific dataset 

and application.

General evaluation considerations. Beyond task-specific metrics, several 

broader evaluation aspects are important in assessing autoencoder-based 

models for trajectory data. In compression settings, a key consideration 

is the trade-off between compression ratio and reconstruction accuracy 

[67]. Qualitative evaluation, including trajectory visualizations [75], is 

often used to complement quantitative metrics and provide insights into 

spatial and temporal consistency. Furthermore, the ability of models to 

generalize to unseen trajectories is critical, particularly in real-world 

applications where data distributions may vary. These considerations 

highlight that a comprehensive evaluation should combine multiple 

metrics and perspectives to fully capture model performance.

2.6 . Infrastructure and deployment considerations

The computational infrastructure used for training and evaluating 

autoencoder-based trajectory models in the analyzed literature is 

predominantly centered around conventional computing environments. 
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Most studies rely on desktop/laptop computers [30,47,53], workstations 

[48,93], or server-grade machines equipped with multi-core CPUs and, 

in many cases, powerful dedicated GPUs [54,100]. The use of GPUs 

is particularly common for training deep architectures such as con­

volutional, recurrent, and transformer-based autoencoders, reflecting 

the computational demands of large-scale spatio-temporal data process­

ing [84,95]. In contrast, several studies report experiments conducted 

without GPU acceleration, although detailed information regarding 

training duration and computational efficiency is often not provided, 

making it difficult to assess the practical feasibility of such configu­

rations [11,29,101]. Overall, the experimental setups observed across 

the reviewed studies suggest a strong emphasis on offline training and 

evaluation under controlled computational settings.

The reliance on centralized and resource-rich hardware highlights an 

important gap between research practices and real-world deployment re­

quirements. While several works demonstrate efficient inference or near 

real-time performance under specific conditions [58,112], the majority 

of approaches do not explicitly consider constraints related to latency, 

memory usage, or energy efficiency. As a result, the practical deploy­

ment of these models in dynamic environments, such as transportation 

systems, autonomous vehicles, or urban sensing platforms, remains chal­

lenging. These limitations are closely related to the broader scalability 

and deployment issues discussed in Section 9.1.6.

Beyond the currently adopted infrastructure, emerging computing 

paradigms such as cloud [152], edge [153], and fog computing [154] 

present promising directions for deploying GeoAI trajectory models. 

Cloud-based solutions offer scalable resources for training and large-

scale data processing, while edge and on-device deployment enable 

real-time inference closer to data sources, reducing latency and com­

munication overhead which is an essential requirement in time-critical 

applications such as autonomous driving [108] and real-time trajectory 

prediction [155]. However, these deployment settings, along with their 

associated hardware and system-level requirements, are only sparsely 

addressed in the existing literature. As discussed in the future direc­

tions (Section 9.2.7), the development of lightweight models, model 

compression techniques, and distributed learning frameworks is essen­

tial for supporting efficient deployment of autoencoder-based trajectory 

analysis systems across diverse computational environments.

3 . High-level taxonomy of autoencoder-based trajectory 

representation learning

This section introduces the high-level taxonomy used to organize 

autoencoder-based trajectory representation learning in GeoAI. We first 

present the fundamental principles of autoencoders and summarize their 

main architectural variants (Section 3.1), establishing the basis for com­

paring different encoder–decoder designs. We then outline the primary 

trajectory-analysis tasks addressed by autoencoder-based approaches 

(Section 3.2), highlighting how the learned latent space supports ob­

jectives such as compression, clustering, anomaly detection, similarity 

computation, recovery, prediction, classification, and generation.

3.1 . Autoencoders: Principles and variants

Autoencoders are a class of unsupervised neural network models de­

signed to learn compact representations of data through reconstruction-

based training. A standard autoencoder demonstrated in Fig. 3 consists 

of two main components: an encoder function 𝑓 (⋅) that maps an input 

𝑥 to a latent representation 𝑧, and a decoder function 𝑔(⋅) that recon­

structs the input from this latent code. The model is trained to minimize 

a reconstruction loss between the original input and its reconstruction, 

enabling the learning of low-dimensional embeddings that preserve the 

most informative characteristics of the data. Deep autoencoders were 

popularized by Hinton and Salakhutdinov [156], who demonstrated 

their effectiveness for nonlinear dimensionality reduction.

Building upon this basic architecture, numerous variants have been 

proposed to improve robustness, incorporate domain-specific structure, 

or enable probabilistic and generative modeling. As illustrated in Fig. 4, 

autoencoders can be organized along three main dimensions. The first 

dimension concerns the structural backbone, which defines the overall 

architecture of the encoder–decoder model. This dimension is explored 

in detail through the architectural variants presented later in this sub­

section. The second dimension concerns latent space constraints, which 

impose specific properties on the learned representation. The third di­

mension concerns training strategies, which modify the learning process 

to guide representation learning.

Together, these dimensions form a flexible design space for domain-

specific adaptations, where architectural backbones, latent constraints, 

and training strategies are jointly selected based on the properties of the 

data and the desired characteristics of the learned representations. In 

the following, we focus primarily on the structural backbone dimension, 

providing a detailed analysis of the main architectural variants, while 

the remaining dimensions are discussed briefly as complementary design 

components.

The second dimension of the taxonomy concerns constraints im­

posed on the latent representation. These approaches aim to regularize 

the encoding space, improving properties such as sparsity, robustness, 

and structure. For example, sparse autoencoders encourage compact 

Fig. 3. Basic autoencoder architecture.
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Fig. 4. Taxonomy of autoencoder models organized along three dimensions: structural backbones, latent space constraints, and training strategies. These components 

can be combined to design models tailored to specific data types and tasks.

representations by limiting neuron activation, while contractive autoen­

coders promote stability by enforcing local invariance to input pertur­

bations. Probabilistic formulations, such as variational autoencoders, 

impose an explicit prior distribution over the latent space, enabling 

smooth latent structures and generative capabilities. Importantly, these 

methods do not fundamentally alter the encoder–decoder architecture, 

but instead shape the geometry and statistical properties of the learned 

representation.

The third dimension of the taxonomy relates to the training strat­

egy, where the objective function or input transformation is modified to 

guide representation learning. Denoising autoencoders introduce con­

trolled corruption to the input data and train the model to reconstruct 

the original signal, thereby improving robustness. Adversarial autoen­

coders incorporate a discriminator to align the latent distribution with 

a desired prior, enabling more structured representations. More recent 

approaches, such as masked modeling, rely on partial input reconstruc­

tion to encourage contextual understanding of the data. These strategies 

are largely architecture-agnostic highlighting that the learning objective 

plays a critical role alongside model design.

We now turn our focus to the first dimension of the taxonomy, 

namely the structural backbone of autoencoders, which defines the 

architectural design of the encoder–decoder model. The following para­

graphs present the most commonly used architectural variants in the 

GeoAI literature and discuss their suitability for different types of 

trajectory data. It is worth noting that variational autoencoders span 

multiple dimensions of the taxonomy; although previously introduced 

from the perspective of latent space constraints, they are also discussed 

here due to their distinct architectural characteristics.

Feed-forward autoencoders. Feed-forward autoencoders represent the 

basic form of the architecture [156], consisting of fully connected lay­

ers in both the encoder and decoder. They operate on fixed-length vector 

inputs and learn global nonlinear transformations for dimensionality re­

duction. Despite their simplicity, they remain effective for structured 

tabular or flattened data representations.

Recurrent autoencoders (LSTM/GRU). Recurrent autoencoders [157] 

extend the architecture to sequential data by incorporating recurrent 

neural networks such as LSTMs or GRUs. These models capture tempo­

ral dependencies by encoding sequences into latent representations that 

preserve dynamic information.

Convolutional autoencoders. Convolutional autoencoders (CAEs) [158] 

replace fully connected layers with convolutional operations, enabling 

the model to exploit local spatial correlations and parameter sharing. 

They are particularly effective for grid-structured data such as images 

or spatial trajectory representations.
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Fig. 5. Relationship between the latent space representation, the operations performed on it, and downstream tasks. Different tasks generally rely on specific 

mechanisms such as distance computation, label mapping and decoding.

Variational autoencoders. Variational Autoencoders (VAEs) [159] in­

troduce a probabilistic framework in which inputs are encoded as 

distributions rather than fixed vectors. The model is trained using a 

combination of reconstruction loss and Kullback–Leibler divergence, 

enabling structured latent spaces and generative capabilities.

Transformer-based autoencoders. Transformer-based autoencoders 

leverage self-attention mechanisms [160] to model global dependencies 

within data. Unlike feed-forward or recurrent models, they process se­

quences in parallel and capture long-range interactions more effectively, 

making them suitable for complex spatio-temporal data [95].

Graph autoencoders. Graph autoencoders (GAEs) [161] extend the au­

toencoder framework to graph-structured data by using graph neural 

networks to encode node features and relationships. They are par­

ticularly useful for capturing relational dependencies and interaction 

structures.

3.2 . Tasks of autoencoders in GeoAI

Autoencoders have been widely applied across a range of GeoAI tasks 

involving trajectory data, where their ability to learn compact and ex­

pressive latent representations enables efficient modeling of complex 

spatio-temporal patterns. The primary tasks addressed in the literature 

include compression, clustering, anomaly detection, similarity compu­

tation, trajectory prediction, classification, and trajectory generation. 

The relationship between these tasks and the learned latent representa­

tion is illustrated in Fig. 5. Rather than operating directly on raw data, 

most tasks rely on specific operations performed in the latent space, 

such as distance computation for similarity-based analysis, label map­

ping for supervised tasks, and decoding for generative applications. This 

perspective highlights the latent space as a unifying abstraction that 

supports diverse analytical objectives. While this taxonomy captures 

the most common mechanisms used to leverage latent representations, 

it is important to note that some approaches deviate from this struc­

ture by employing more specialized or hybrid strategies. Nevertheless, 

the presented framework provides a useful reference for understand­

ing the dominant patterns in the literature. In the following, each 

task is discussed in detail, with emphasis on how the properties of 

the latent representation influence its effectiveness for different GeoAI 

applications.

Trajectory compression. Trajectory compression aims to reduce the 

storage and transmission costs of trajectory data while preserving es­

sential structural information. Traditional approaches rely on geometric 

simplification techniques, whereas deep learning methods [4] leverage 

representation learning to achieve higher compression ratios with mini­

mal information loss. In this context, autoencoders learn compact latent 

representations that encode trajectory structure [14], enabling efficient 

reconstruction and transmission.

Trajectory clustering. Trajectory clustering focuses on grouping trajec­

tories with similar movement patterns to uncover underlying structures 

such as common routes or behavioral patterns. Classical methods depend 

on distance metrics and alignment techniques, while modern approaches 

increasingly rely on learned representations [137]. Autoencoders fa­

cilitate clustering by transforming trajectories into latent embeddings 

where similarity is more easily captured using conventional clustering 

algorithms [48], or by jointly integrating clustering objectives into the 

autoencoder training process [100].

Anomaly/outlier detection. Anomaly detection aims to identify trajec­

tories or trajectory segments that deviate from normal patterns, which is 

critical for applications such as traffic monitoring and safety analysis. In 

GeoAI, this task is often formulated as learning the distribution of normal 

behavior [162]. Autoencoders are particularly effective in this setting 

[16,84], as abnormal trajectories typically exhibit higher reconstruction 

errors or lie in low-density regions of the latent space.

Trajectory similarity computation. Similarity computation involves 

measuring the resemblance between trajectories, forming the basis for 

tasks such as retrieval, clustering, and recommendation. Traditional 

approaches rely on handcrafted distance measures, which are often sen­

sitive to noise and sampling inconsistencies [163]. Autoencoders address 

these limitations by learning latent representations [90] where similarity 

can be computed more robustly using standard distance metrics.

Trajectory prediction. Trajectory prediction focuses on forecasting fu­

ture positions of moving objects based on historical observations, en­

abling applications such as traffic management and autonomous naviga­

tion [19]. This task inherently requires modeling temporal dependencies 

and uncertainty. Autoencoder-based approaches, particularly sequence-

to-sequence and recurrent models [80,87], learn latent dynamics that 

capture motion patterns and support accurate and often multimodal 

predictions.

Trajectory recovery/reconstruction. Trajectory recovery aims to restore 

missing, fragmented, sparse, or low-sampling-rate trajectories by in­

ferring unobserved movement states from partial observations. Unlike 

trajectory prediction, which focuses on future movement, recovery re­

constructs missing parts of an already observed trajectory, such as 

intermediate GPS points, fragmented segments, or map-constrained road 

positions. Encoder–decoder and autoencoder-based methods address 

this task by learning spatio-temporal dependencies from incomplete 

trajectories and decoding more complete representations, often in­

corporating road-network constraints, attention mechanisms, or graph 

structures to improve spatial feasibility [17,18,92].
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Trajectory classification. Trajectory classification aims to assign tra­

jectories to predefined categories, such as transportation mode [56], 

activity type, or behavioral class. Autoencoders contribute by learn­

ing discriminative latent representations that capture the underlying 

structure of trajectory data, enabling effective differentiation between 

distinct behavioral patterns [21].

Trajectory generation. Trajectory generation involves synthesizing re­

alistic movement data that follow learned spatio-temporal patterns. 

This is particularly important for simulation, data augmentation, and 

privacy-preserving data sharing [83]. Generative autoencoder variants, 

such as variational [111] and adversarial autoencoders, enable sam­

pling from structured latent spaces to produce diverse and plausible 

trajectories.

Other emerging tasks. In addition to the primary tasks outlined above, 

autoencoders have been applied to more specialized problems such 

as gait recognition [9] and trajectory segmentation [93]. Although 

these tasks are well-explored in the broader literature, Refs. [164–166] 

respectively, they are less frequently addressed within the studies con­

sidered in this review, possibly reflecting differences in focus, problem 

formulation, data characteristics, or model design. Nevertheless, they 

further demonstrate the versatility of autoencoder-based representation 

learning in GeoAI applications.

4 . Autoencoder architecture overview for trajectory tasks

This section reviews the main autoencoder architecture families iden­

tified in the trajectory GeoAI literature, emphasizing how each model 

type has been adapted to specific trajectory representations, tasks, and 

application domains.

4.1 . Feed-forward autoencoders

(Autoencoders for fixed-length vectors (after flattening the trajec­

tory))

Built from fully connected layers, feed-forward autoencoders provide 

a straightforward mechanism for nonlinear dimensionality reduction, 

enabling compact trajectory representations that facilitate compression 

and clustering. For example, Ref. [28] employs a deep dense autoen­

coder to compress high-dimensional trajectory-like time-series sensor 

measurements, demonstrating that latent representations combined 

with residual encoding can significantly reduce storage and transmission 

requirements while preserving reconstruction fidelity. Moving from pure 

compression to clustering-oriented applications, Ref. [27] integrates a 

stacked autoencoder within a preprocessing pipeline for aircraft trajec­

tories, where resampled and normalized flight paths are encoded into 

low-dimensional embeddings that improve similarity estimation and 

ensemble clustering robustness.

Similarly, Ref. [29] adopts a two-stage framework in which a mul­

tilayer feed-forward autoencoder first learns compact trajectory em­

beddings, followed by Gaussian Mixture Model–based clustering in the 

latent space, enabling probabilistic assignment and more structured 

identification of dominant flight patterns. Using clustering as a method 

of anomaly detection, Ref. [30] leverages a deep autoencoder to fuse 

shallow geometric features, extracted from trajectory segments, into 

high-dimensional deep features, that are then decoupled from spatial 

attributes, and utilized in an unsupervised clustering framework to ef­

fectively detect trajectory segments that deviate from normal behavior. 

Trajectory recovery also appears in fully connected deep autoencoder 

designs when incomplete trajectories are represented as partially ob­

served coordinate matrices. In this direction, Ref. [46] proposes a 

Hadamard deep autoencoder for reconstructing fragmented collective-

motion trajectories. Instead of computing the reconstruction loss over 

all entries, the model incorporates a binary indicator matrix through a 

Hadamard product so that training is performed only on observed tra­

jectory segments, while the decoder reconstructs the missing parts. This 

formulation extends standard deep autoencoder reconstruction toward 

missing-data recovery, especially for coordinated multi-agent motion 

where the trajectory matrix exhibits low-rank structure.

4.2 . Recurrent autoencoders (RNN/LSTM/GRU)

(Autoencoders that handle sequential nature of trajectories)

Recurrent autoencoders extend feed-forward architectures by ex­

plicitly modeling the sequential dependencies of trajectory data, using 

LSTM-based encoders to preserve temporal correlations within compact 

latent representations. For instance, Ref. [14] employs a sequence-to-

sequence LSTM autoencoder that compresses resampled 2D/3D trajec­

tories into fixed-length latent vectors derived from the final hidden 

state, enabling adjustable compression ratios while preserving geo­

metric structure through reconstruction-based training. Expanding this 

idea toward communication-efficient frameworks, Ref. [67] proposes 

two complementary strategies: a predictive LSTM model that transmits 

only initial trajectory segments and reconstructs the remainder under 

an error threshold, and a symmetric LSTM autoencoder that directly 

transmits low-dimensional latent embeddings instead of full trajecto­

ries. Recovery-oriented recurrent encoder–decoder models further show 

how sequence autoencoder principles can be adapted to missing trajec­

tory data. Ref. [18] uses a GRU-based encoder–decoder with attention 

to reconstruct missing GPS trajectory points, incorporating trajectory 

curvature information to better preserve heading changes and apply­

ing a smoothing post-processor to reduce local reconstruction artifacts. 

This approach illustrates the suitability of recurrent encoder–decoder 

architectures for variable-length trajectory recovery, where the model 

must infer missing states from both preceding and following movement 

context rather than only compress a complete trajectory.

Shifting from compression to representation learning for clustering, 

Ref. [11] introduces a sequence-to-sequence recurrent autoencoder op­

erating on motion-based behavioral descriptors extracted via sliding 

windows, producing latent embeddings that are subsequently clustered 

to group trajectories by movement dynamics rather than raw spatial 

similarity. This work [65] extends recurrent clustering frameworks by 

combining bidirectional LSTM encoders with hierarchical attention and 

contrastive learning to enhance latent space separability. Following 

data augmentation and positional encoding, trajectories are encoded 

with past–future context and optimized through a joint contrastive 

and clustering-oriented objective before applying K-means, yielding 

more discriminative and structurally organized embeddings than earlier 

recurrent autoencoder approaches.

4.3 . Convolutional autoencoders

(Autoencoders for grid-like spatial trajectories.)

Convolutional autoencoders (CAEs) extend representation learning 

to structured trajectory data by exploiting local spatial or temporal cor­

relations through convolutional filters. For example, Ref. [49] compares 

auxiliary and end-to-end deep clustering strategies for aircraft tra­

jectories, contrasting post-hoc clustering on autoencoder embeddings, 

regularized using a t-SNE inspired term [167], with integrated cluster­

ing layers inspired by DCEC, thereby clarifying the distinction between 

embedding shaping and clustering-aware optimization. Complementing 

clustering-integrated approaches, Ref. [48] employs a convolutional au­

toencoder to learn grid-based embeddings of AIS vessel trajectories for 

similarity computation, treating clustering strictly as a downstream task 

performed in the learned latent space.

A closely related maritime similarity formulation is presented by 

Ref. [63], who transform AIS vessel trajectories into grid-based rep­

resentations and train a convolutional autoencoder to extract compact 

feature vectors for trajectory similarity computation. After encoding the 

gridded trajectories, similarity is estimated through distances between 

the learned low-dimensional representations, reducing the dependence 

on exhaustive point-wise matching methods such as DTW and Fréchet 

distance. More recently, Ref. [64] extends this line of work through 
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VT-EncNet, a multimodal convolutional autoencoder that combines 

rasterized spatial trajectory masks with kinematic attributes such as 

speed and course. By using parallel 2D and 1D convolutional branches 

together with cross-attention-based feature fusion, the model learns la­

tent representations that preserve both global route topology and local 

navigational dynamics, making it more suitable for vessel trajectory 

similarity computation in complex maritime traffic settings. Extending 

architectural design further, Ref. [47] proposes a Multi-feature Fusion 

Autoencoder with parallel convolutional branches encoding heteroge­

neous trajectory attributes (e.g., position and motion features), whose 

concatenated latent representations are subsequently clustered using 

conventional algorithms, highlighting the benefit of modular feature 

extraction without explicitly embedding clustering into the network.

4.4 . Variational autoencoders (VAE)

(Autoencoders that provide probabilistic latent spaces, useful for 

generative tasks)

Building upon convolutional autoencoder architectures, Ref. [57] 

employs a convolutional variational autoencoder (CVAE) to encode 

highway vehicle trajectories into probabilistic latent representations. 

Centered around maneuver events and segmented into fixed temporal 

windows capturing both pre- and post-maneuver motion, trajectories are 

processed through a 1D convolutional encoder that outputs latent dis­

tribution parameters, with reconstruction and KL-regularization jointly 

shaping a smooth latent space where driving behaviors naturally orga­

nize for downstream clustering. Similarly, Ref. [50] utilizes a CVAE to 

achieve high-fidelity trajectory compression by encoding 6-second se­

quences of vehicle coordinates into a dense, low-dimensional context 

vector. By approximating the latent space with a standard normal dis­

tribution and incorporating a derivative-based smoothing term into the 

reconstruction loss, the model learns a continuous representation that 

inherently separates trajectories into distinct maneuver classes, such 

as lane-keeping and lane-changing, even without explicit supervision. 

Extending variational clustering, Ref. [100] similarly adopts a VAE with 

a latent mixture prior to model mobility behaviors, directly inferring soft 

cluster assignments from the learned probabilistic embeddings without 

external clustering algorithms.

4.5 . Transformer-based autoencoders

While convolutional and recurrent architectures have proven ef­

fective for local feature extraction, they often struggle to capture the 

long-range global dependencies present in extended or complex tra­

jectories. To address this, recent research has integrated self-attention 

mechanisms to learn more holistic spatio-temporal representations.

The authors of [93] introduce a Transformer-VAE framework for 

airspace trajectory clustering, combining segmentation, self-attention–

based encoding of long-range dependencies, density-based initialization, 

and KL-guided joint optimization to align representation learning with 

cluster structure in an end-to-end manner. Adapting the masked autoen­

coder (MAE) framework for autonomous driving, Ref. [95] introduces 

Traj-MAE, a transformer-based architecture that applies multi-granular 

masking across trajectories and High-Definition maps to inherently learn 

complex social interactions and environmental topologies without hu­

man annotations. For trajectory recovery, Ref. [99] proposes RNTrajRec, 

a road-network-enhanced spatial-temporal Transformer framework. The 

model first learns road-segment representations through GridGNN, then 

represents each GPS point using a surrounding road-network subgraph 

and encodes the resulting spatial-temporal structure with GPSFormer. 

The Transformer component captures long-range temporal dependen­

cies, while the graph-based road representation constrains recovery 

toward spatially feasible trajectories. Although the framework is not 

a conventional autoencoder, it follows an encoder-decoder recovery 

formulation and demonstrates how Transformer-based representation 

learning can be coupled with road-network structure for low-sampling-

rate trajectory reconstruction.

Specifically designed to handle observational noise and information 

loss, Ref. [97] proposes a U-type robust sparse attention autoencoder 

(URSAA) that integrates structural skip connections with sparsity penal­

ties and an attention mechanism to extract salient, noise-resilient move­

ment features for robust trajectory clustering. Finally, discarding explicit 

spatial topologies in favor of global self-attention, Ref. [98] introduces 

the Trajectory Unified Transformer (TUTR), which utilizes an implicit 

mode-level encoder and cross-attention mechanisms to natively model 

social interactions and generate diverse, socially-aware trajectories in a 

single forward pass, thereby eliminating the computational bottleneck 

of expensive post-hoc clustering.

4.6 . Graph autoencoders

To capture relational dependencies and multi-agent interactions, Ref. 

[113] presents a Spatio-Temporal Graph Auto-Encoder (STGAE) that 

combines spatial graphs and temporal convolutions to model dynamic 

traffic scenes. Transitioning from patch-based masking to relational 

structures, the framework bypasses standard reconstruction metrics 

by applying Kernel Density Estimation (KDE) directly to the latent 

space to flag abnormal driving behaviors as low-density outliers, ef­

fectively capturing the structural deviations of anomalous maneuvers. 

Addressing topological noise in multi-agent systems, Ref. [114] pro­

poses MGAE-MDRI, a masked graph autoencoder model that integrates 

a Graph Attention Network to guide a preference random walk sam­

pler. This architecture selectively masks and reconstructs redundant 

interaction edges, stabilizing dynamic relational inference to achieve 

highly accurate trajectory predictions. Graph-based recovery models ex­

tend this relational view from multi-agent interactions to road-network 

constrained trajectory completion. The authors of [115] propose MM-

STGED, a micro–macro spatial-temporal graph-based encoder–decoder 

for map-constrained trajectory recovery. Instead of treating a trajec­

tory only as a sequence, the method constructs a trajectory graph 

whose nodes represent observed GPS points and whose edges en­

code relative spatial-temporal relations between them. A graph-based 

decoder then incorporates macro-level information, including shared 

travel preferences and road conditions, to guide the recovery of missing 

map-constrained trajectory states.

4.7 . Hybrid autoencoders

Hybrid autoencoders integrate multiple architectural paradigms, 

such as self-attention mechanisms, convolutional filters, recurrent lay­

ers, or probabilistic modeling, to simultaneously capture diverse spatio-

temporal characteristics and long-range dependencies within complex 

trajectory data.

Advancing architectural design in this direction, Ref. [83] merges 

sequence-to-sequence LSTMs with variational inference to create a 

Sequential Variational Autoencoder (SVAE) for urban mobility. By com­

pressing variable-length GPS trajectories into an intermediate state that 

parameterizes a Gaussian latent space, the framework enables both accu­

rate path reconstruction and the synthesis of realistic, privacy-preserving 

mobility patterns via tunable KL-divergence regularization. Building di­

rectly upon the recurrent-variational structure of the SVAE, Ref. [84] 

replaces the standard unimodal prior with a Gaussian Mixture Model 

(GMM) to create a GM-VSAE. This architectural shift allows the recur­

rent encoder-decoder to map complex trajectories into a multimodal 

latent space, inherently isolating distinct route types into separate proba­

bilistic clusters, enabling the generative network to evaluate reconstruc­

tion likelihoods on the fly for constant-time anomaly detection. For ex­

plicit spatio-temporal feature extraction, Ref. [20] uses a Convolutional 

LSTM (ConvLSTM) that directly processes pedestrian environments as 

3D tensors. Instead of conventionally flattening spatial data for 1D recur­

rent processing, this architecture uses convolutional transitions within 

the LSTM cells to inherently preserve grid-like interactions across time 

steps and capture complex crowd dynamics.
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In order to combat the severe observational noise inherent in skeletal 

joint tracking, Sheng and Li [9] create a Siamese Denoising Autoencoder 

(Siamese DAE) that utilizes a weight-sharing, LSTM-based twin-network 

to process paired clean and corrupted trajectories in parallel, explicitly 

forcing noisy inputs into the same robust latent representation as their 

clean counterparts to isolate pure biomechanical motion dynamics from 

sensor corruption. The work [41] introduces CMAE-Traj, a contrastive 

masked autoencoder framework that employs a temporal-social mask 

module to decouple short-term dynamics from long-term trends, utiliz­

ing a contrastive learning objective to refine the interactions between 

agents and their environment for more robust trajectory forecasting. 

Lastly, trajectory recovery also motivates explicitly hybrid autoencoder 

designs. Ref. [17] introduces a Map-informed Adaptive Spatio-Temporal 

Autoencoder for recovering coarsely sampled trajectories under road-

network constraints. The model combines an encoder–decoder backbone 

with a pre-trained attributed network embedding module to inject road-

segment topology into the trajectory representation, and an adaptive 

mask inference module to restrict and weight candidate road segments 

during decoding. This architecture illustrates how recurrent sequence 

modeling, road-network representation learning, attention-based in­

ference, and autoencoder-style reconstruction can be integrated for 

map-informed trajectory recovery.

5 . Applications and use cases

This section provides an overview of Geo-AI applications of autoen­

coders, organizing the reviewed studies according to the characteristics 

of the trajectory data and their respective domains of use. The following 

subsections highlight representative use cases spanning urban mobil­

ity and smart-city systems, maritime navigation, aviation flow analysis, 

and interaction-aware environments, illustrating the breadth of Geo-AI 

applications supported by autoencoder-based trajectory modeling.

5.1 . Urban mobility & smart-city applications

Urban mobility and smart-city applications leverage trajectory data 

collected from transportation systems, mobile devices, and indoor po­

sitioning infrastructures to understand movement patterns, improve 

infrastructure management, and support data-driven urban services.

Addressing indoor mobility analysis in smart buildings, Ref. [52] 

converts indoor occupant trajectories into rasterized representations and 

employs a convolutional autoencoder to learn similarity-preserving em­

beddings that enable clustering of occupant movement behaviors for 

data-driven building management. Extending trajectory similarity mod­

eling to large-scale urban mobility analytics, Ref. [13] proposes the 

seq2seq-based t2vec framework, which learns spatially aware trajec­

tory embeddings robust to non-uniform sampling and noise, enabling 

scalable similarity search and trajectory clustering in large real-world 

transportation datasets. A related approach for similarity computation 

is presented in Ref. [90], where the At2vec model incorporates spatial, 

temporal, and activity semantics from location-based social network tra­

jectories to learn representations robust to heterogeneous sampling for 

activity-aware mobility analysis.

Building on deep representation learning for mobility analysis, Ref. 

[35] addresses the problem of discovering latent mobility patterns and 

fine-grained behavioral groups in large-scale trajectory datasets. To this 

end, they introduce DETECT, a stacked autoencoder-based framework 

that jointly optimizes trajectory representation learning and cluster­

ing. In order to enable the discovery of frequently used urban travel 

routes from large-scale taxi trajectory data, Ref. [89] similarly, pro­

poses a Deep Trajectory Clustering (DTC) framework that combines 

sequence-to-sequence autoencoder representations with joint clustering 

optimization to learn clustering-friendly trajectory embeddings. Urban 

mobility applications also require trajectory recovery when raw GPS 

traces are sparse, sampled at low rates, or affected by communication 

loss. This problem is especially important in intelligent transportation 

systems because many downstream services, such as vehicle navigation, 

travel-time estimation, and driver behavior analysis, rely on fine-grained 

trajectories aligned with the road network. Ref. [92] addresses this 

issue through MTrajRec, a map-constrained trajectory recovery frame­

work that jointly recovers fine-grained missing points and maps them 

onto the road network. By predicting road segment identifiers and 

moving ratios through a Seq2Seq multi-task learning architecture, the 

method avoids the error accumulation of two-stage pipelines that first 

reconstruct trajectories and then apply map matching.

Addressing the challenge of identifying abnormal pedestrian move­

ment in complex urban backstreets, Ref. [10] focuses on anomaly 

detection in CCTV-derived trajectories, where movement patterns are 

irregular and strongly shaped by spatial and environmental context. 

This is particularly important for urban safety monitoring in dense, 

unstructured environments. They propose an unsupervised variational 

autoencoder-based framework that learns typical movement patterns 

while incorporating spatial context, enabling both detection and con­

textual interpretation of anomalous behaviors. Exploring representation 

learning for large-scale urban mobility data, Ref. [21] focuses on the 

analysis of human mobility behaviors from large-scale GPS trajectory 

datasets. To this end, they propose a Dual Convolutional Supervised 

Autoencoder (Dual-CSA) framework that incorporates multiple spatio-

temporal trajectory features, including movement characteristics, stop 

states, and turning behaviors, together with recurrence plot representa­

tions to capture temporal dynamics.

By learning structured latent representations through a supervised 

autoencoder with predefined class centroids, the approach enables 

data-driven mobility behavior analysis. In the same theme, Ref. [56] ad­

dresses the extraction of urban mobility patterns from large-scale GPS 

trajectory data, particularly in settings where labeled data are limited. 

They propose a Semi-Supervised Convolutional Autoencoder (SECA) 

framework that transforms raw trajectories into multi-channel repre­

sentations capturing motion characteristics such as speed, acceleration, 

and jerk, allowing the model to learn spatio-temporal mobility pat­

terns directly from the data. By combining convolutional autoencoding 

with semi-supervised learning, the approach enables effective pattern 

extraction under limited supervision.

Shifting focus to abnormal movement detection in urban traffic, Ref. 

[34] addresses anomaly detection in GPS-derived vehicle trajectories 

for large-scale traffic monitoring, where identifying unusual driving pat­

terns is essential for detecting potential risks such as accidents, conges­

tion irregularities, or unsafe maneuvers. This is particularly important 

in real-world traffic management systems, where labeled anomalies are 

scarce and behaviors vary across different urban contexts. Within this 

setting, they formulate the problem as an unsupervised representation 

learning task, where a stacked autoencoder captures normal spatio-

temporal driving patterns and flags deviations through reconstruction 

errors. Focusing on driver-level risk profiling, Ref. [39] addresses the 

problem of evaluating anomalous driving behaviors from trajectory 

data, with applications in traffic safety monitoring and insurance risk 

assessment, where understanding long-term driving habits is crucial for 

identifying high-risk drivers. Unlike approaches that focus on individ­

ual trajectories, their work emphasizes modeling driver behavior across 

multiple trips under varying spatio-temporal conditions. In this context, 

they employ an unsupervised autoencoder to model driving habits rela­

tive to their spatio-temporal context, enabling the identification of risky 

behaviors without manually labeled data. To support urban traffic risk 

monitoring, Ref. [101] focuses on identifying potential hazards like ac­

cidents or road emergencies by detecting anomalous taxi movements, 

such as sharp turns or abrupt acceleration, within dense road networks. 

For that, they utilize a Variational Autoencoder (VAE) to learn the prob­

ability distribution of normal driving patterns, flagging anomalies as 

deviations from the learned latent structure to enable scalable detection 

without the need for direct trajectory comparisons.

Addressing urban traffic management within smart cities, Ref. [102] 

identifies anomalous vehicle trajectories, such as unusual detours or 

infrequent routes, in real-time as GPS data is generated. This online 
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detection capability allows for the immediate flagging of irregularities 

that deviate from typical movement patterns, helping to monitor traffic 

risks more effectively. The authors propose GeoGNFTOD, a model that 

fuses geographic and graph-based representations into an LSTM-based 

Variational Autoencoder to identify anomalies through reconstruction-

based deviation. Lastly, aiming to enhance traffic monitoring and public 

safety, Ref. [86] focuses on the robust detection of unusual object 

behaviors within video surveillance data. By utilizing object-level tra­

jectories rather than raw video frames, the approach provides long-term 

behavioral information while significantly reducing the computational 

resources required for motion analysis. Implementing an RNN-based 

autoencoder to learn trajectory representations, anomalies can be iden­

tified through a reconstruction-error-based distance metric within a 

nearest-neighbor framework.

5.2 . Maritime navigation & infrastructure protection

Maritime navigation and infrastructure protection increasingly rely 

on trajectory analysis to detect abnormal vessel behaviors that may sig­

nal navigational hazards, illegal activities, or threats to critical port 

infrastructure.

In this context, Ref. [53] enables the precise detection of route de­

viations, abrupt speed changes, and irregular maneuvers in complex 

port environments. This is achieved by reformulating AIS-based vessel 

trajectory monitoring as an image reconstruction problem, processing 

multidimensional trajectory data as trajectory maps through a multi-

scale convolutional autoencoder and identifying anomalies via struc­

tural dissimilarities. Extending reconstruction-based anomaly detection 

to complex maritime infrastructures, Ref. [94] addresses anomaly de­

tection in AIS trajectories in cross-sea bridge areas, where navigational 

constraints and collision risks are especially critical. They propose a 

Transformer–VAE framework that leverages self-attention to capture 

long-range spatio-temporal dependencies and models a probabilistic 

latent distribution, enabling robust identification of subtle abnormal 

behaviors. Adding to the prior approaches, Ref. [104] prioritizes the 

monitoring of complex port and coastal environments where high traf­

fic density and overlapping transit lanes create a sophisticated web of 

“normal” behaviors. This use case is specifically designed to distinguish 

subtle anomalies such as unauthorized waterway crossings, abrupt head­

ing changes, or route deviations, within these congested settings where 

traditional, single-pattern monitoring often fails. To address this com­

plexity, the authors employ a Gaussian Mixture Variational Autoencoder 

(GMVAE) that identifies anomalies by measuring reconstruction devi­

ations against a learned multimodal distribution of ship trajectories, 

allowing it to simultaneously model diverse vessel patterns that standard 

VAEs would struggle to capture.

To address the critical need for proactive anomaly detection in 

complex maritime environments like congested port waters, Ref. [69] 

developed a framework designed to identify potential navigation con­

flicts before they escalate. The core of this system is a Gated Recurrent 

Unit (GRU) neural network that models historical vessel trajectories 

to predict future positions with high temporal efficiency. By integrat­

ing DBSCAN for route extraction and specific filtering techniques, the 

authors effectively reduce data redundancy, allowing the model to fo­

cus on the most relevant patterns for maritime safety. Focusing on 

the reliability of predicted trajectories, Ref. [87] proposes a trajectory 

forecasting framework specifically for collision avoidance and risk as­

sessment in complex navigation areas like crossroads. The primary use 

case supports intelligent surveillance systems and autonomous ships by 

introducing an attention-based VarLSTM encoder-decoder framework. 

Using Bayesian modeling to quantify predictive uncertainty and inte­

grating high-level ship intentions with real-world AIS data, the approach 

enables reliable forecasts and anomaly detection in high-traffic zones 

where multiple future paths are possible. For the purpose of enhancing 

maritime situational awareness, Ref. [40] focuses on the early identi­

fication of high-risk encounters to provide navigators and autonomous 

systems with actionable guidance for collision avoidance. This use case is 

supported by a dual linear autoencoder framework that jointly predicts 

entire vessel trajectories from historical AIS data over a 30-minute hori­

zon. By quantifying positional uncertainty alongside these predictions, 

the method enables more informed decision-making for safe navigation 

in complex maritime environments.

5.3 . Aviation flow analysis, safety & simulation

Aviation flow analysis and airspace risk assessment aim to enhance 

operational safety by detecting abnormal flight behavior and emerging 

traffic risks from large-scale trajectory data.

The paper Ref. [31] presents a solution for unsupervised avia­

tion flow monitoring and airspace risk assessment by developing a 

method to simultaneously identify typical traffic patterns and detect 

flight anomalies like unexpected holding patterns. Their solution uti­

lizes an end-to-end deep autoencoder (DAE) framework that incorpo­

rates a structured sparsity-inducing norm to isolate outliers and cluster 

assignment hardening to refine low-dimensional, spatial-temporal rep­

resentations leading to superior performance in capturing fine-grained 

clusters and spatial anomalies. The work presented in Ref. [33] pro­

vides a framework for aviation flow monitoring and airspace safety 

analysis by detecting tactical controller interventions such as vec­

toring and speed changes. These insights into real-world traffic dy­

namics allow for a better understanding of controller workload and 

the statistical probability of rare safety events. By quantifying these 

human-induced deviations, the research supports the development of 

more realistic training simulations and optimized airspace designs. 

This is done with an autoencoder-based framework that flags trajec­

tories producing a high reconstruction error. Building upon this, Ref. 

[32] further investigates aviation flow monitoring and airspace safety 

analysis by focusing on the interpretation of anomalous trajectories 

to infer air traffic control (ATC) actions and assess contextual traffic 

complexity. In particular, they aim to characterize controller inter­

ventions and airspace workload dynamics based on deviations from 

nominal flight behavior. To achieve this, they extend the previous frame­

work by modeling nominal route behavior through feed-forward au­

toencoders and analyzing reconstruction-error-based anomalies within 

specific city-pair flows, linking anomaly detection to operational risk

indicators.

Shifting focus to abnormal movement detection in aviation systems, 

Ref. [74] addresses on the challenge of identifying atypical flight behav­

iors from airport-level ADS-B trajectory data, where many safety-critical 

anomalies cannot be adequately predefined in advance. This is particu­

larly important for flight data monitoring and aviation safety analysis, as 

undetected irregular maneuvers may indicate potential risks or precur­

sors to accidents. In order to enable early identification of such behav­

iors, an LSTM-based autoencoder framework is developed, that models 

normal trajectory profiles and detects abnormal maneuvers through 

reconstruction error thresholds. In order to identify operationally sig­

nificant deviations in aircraft altitude and speed during critical flight 

phases without the need for labeled events, Ref. [54] addresses anomaly 

detection in high-dimensional Flight Operational Quality Assurance 

(FOQA) time-series data. This problem is central to modern aviation 

safety, where increasing system complexity and the lack of predefined 

anomaly definitions make it difficult to proactively detect emerging risks 

using traditional rule-based or supervised approaches. Within this con­

text, they employ a Convolutional Variational Auto-Encoder (CVAE) 

to model multivariate flight data and detect safety-critical anomalies. 

Addressing the need for high-fidelity safety simulations, Ref. [58] fo­

cuses on generating realistic 4-dimensional flight trajectories for mid-air 

collision risk assessment in high-traffic terminal areas. They introduce 

a Temporal Convolutional Variational Autoencoder (TCVAE) that incor­

porates Temporal Convolutional Networks (TCNs) to capture long-range 

temporal dependencies and utilizes a Variational Mixture of Posteriors 

(VampPrior) to model complex multimodal distributions, producing 
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diverse, physically plausible synthetic trajectories that account for vari­

ability induced by air traffic control interventions.

5.4 . Interaction-aware trajectory modeling

Interaction-aware trajectory modeling focuses on capturing the com­

plex dependencies among multiple agents, such as pedestrians, robots, 

and vehicles, to enable socially compliant navigation and safe motion 

planning in dynamic, shared environments.

5.4.1 . Human and crowded-space interactions

Modeling social interactions in crowded environments is essential 

for understanding collective movement patterns and enabling socially-

aware navigation. To this end, Ref. [80] addresses the problem of pre­

dicting pedestrian trajectories in complex scenes, where diverse motion 

patterns and destination intentions lead to highly multimodal behav­

iors. They introduce an LSTM-based framework that employs automatic 

route-class clustering to group pedestrians by latent motion patterns, 

training cluster-specific sequence-to-sequence models to improve tra­

jectory prediction. Addressing the challenge of predicting pedestrian 

motion in dynamic and highly interactive environments, Ref. [70] aims 

to improve the stability and reliability of multimodal trajectory predic­

tions across diverse crowd scenarios, where varying interaction patterns 

can lead to inconsistent temporal modeling. They introduce an Adaptive 

Forgetting-Controlled RNN (AFC-RNN) that regulates temporal forget­

ting through self-attention-derived memory factors, yielding more stable 

pedestrian motion predictions.

To improve pedestrian trajectory forecasting from a first-person per­

spective, Ref. [75] tackles the challenge of predicting pedestrian motion 

in autonomous driving scenarios, where accurate anticipation of cross­

ing behavior is critical for avoiding collisions and ensuring road safety. 

This task is particularly challenging due to the complex interactions 

between pedestrians and vehicles, as well as the need to integrate 

multiple cues such as vehicle motion, pedestrian intention, and scene 

dynamics. They introduce a Holistic LSTM that adaptively incorpo­

rates vehicle speed, global scene dynamics, and crossing intentions into 

specialized memory cells to model these interactions. For socially com­

pliant robot navigation in crowded environments, Ref. [79] proposes 

an RNN encoder–decoder framework that models both human–human 

and human–space interactions. The approach incorporates complemen­

tary social and physical attention mechanisms to capture the influence 

of nearby pedestrians and surrounding scene context, enabling the 

prediction of collision-free and socially aware trajectories.

Capturing the inherent unpredictability of human motion is essen­

tial for reliable trajectory prediction in real-world environments. For 

this purpose, Ref. [112] introduces SocialVAE, a stochastic genera­

tive framework designed for both pedestrian navigation and highly 

dynamic scenarios such as sports. The model leverages a timewise vari­

ational autoencoder with social attention to account for human–human 

interactions and generate diverse, multimodal future trajectories, fur­

ther enhanced by backward posterior approximation and final-position 

clustering. Enabling agents to anticipate diverse human responses in 

scenarios such as traffic weaving and crowded sidewalks, Ref. [111] 

adopts a Conditional Variational Autoencoder (CVAE) framework for 

interaction-aware trajectory prediction. By conditioning predictions not 

only on past interaction history but also on candidate future robot ac­

tions, the approach captures the coupled dynamics between human and 

robot behaviors. This allows the model to generate multimodal distri­

butions over future human trajectories, reflecting the multiple plausible 

ways humans may react in interactive settings. Such probabilistic rea­

soning supports proactive and safe robot planning by explicitly mod­

eling uncertainty and variability in human decision-making. Scaling 

these generative models to heterogeneous crowds, Ref. [59] introduces 

DCENet, a CVAE-based framework that utilizes self-attention to model 

dynamic spatial-temporal interactions, producing multimodal trajectory 

sets for pedestrians, cyclists, and vehicles in mixed traffic. To produce 

a diverse “fan” of socially-acceptable paths for heterogeneous agents, 

AMENet [106] models multimodal future trajectories in mixed traffic 

environments. It achieves this by employing a conditional variational 

autoencoder (CVAE) framework, where self-attention is used to selec­

tively focus on salient interaction features across agents. In particular, 

“Attentive Dynamic Maps” are introduced to prioritize key aspects of 

agent behavior for interaction-aware trajectory prediction.

5.4.2 . Vehicle and traffic-stream interactions

Moving from social spaces to structured roads, vehicle interactions 

are defined by driving rules and maneuvers rather than fluid social 

norms. In highway scenarios, this translates into anticipating discrete 

driving decisions to ensure safe motion planning for autonomous vehi­

cles in high-speed traffic. Ref. [91] focuses on this setting by predicting 

whether a driver intends to change lanes or stay in the current lane. 

The model then uses a conditional variational autoencoder (CVAE) to 

generate multiple plausible future trajectories conditioned on the in­

ferred intention, enabling the system to represent uncertainty in driver 

behavior. Complementing intention-based methods, uncertainty-aware 

trajectory prediction is used to support safe decision-making in dynamic 

highway traffic. In these cases, accurate modeling of surrounding vehicle 

motion over time is essential for robust autonomous driving, particu­

larly under noisy or incomplete observations. Ref. [82] addresses this 

by generating naturalistic future trajectories while also estimating pre­

diction uncertainty for surrounding vehicles. The approach is based on a 

recurrent variational autoencoder (VAE), which captures temporal traf­

fic behavior and leverages its generative structure to produce realistic 

multimodal motion predictions. In fast, highway driving scenarios, an­

ticipating the maneuvers of leading vehicles is essential for enabling 

autonomous systems to make safe tactical decisions, such as braking or 

overtaking. In this context, Ref. [88] evaluates the capacity of intelligent 

vehicles to predict leader–follower dynamics by forecasting longitudinal 

velocity and position. Through a comparative analysis of LSTM, GRU, 

and Stacked Autoencoder (SAE) architectures, the study identifies LSTM 

as the most effective model for this task.

In complex urban traffic environments, real-time and context-aware 

trajectory prediction is critical for enabling autonomous systems to 

safely navigate among heterogeneous agents such as vehicles, pedes­

trians, and cyclists. In this setting, Ref. [108] focuses on generating 

accurate and map-compliant multimodal trajectory predictions under 

strict latency constraints. To achieve this, they implement ContextVAE, a 

lightweight timewise VAE that integrates semantic map information and 

neighboring agent states through a dual-attention mechanism, enabling 

high-fidelity predictions in under 30 ms. In high-speed highway scenar­

ios, accounting for interaction dynamics and environmental constraints 

is essential for generating safe and risk-aware trajectory predictions, 

particularly when surrounding vehicles and road boundaries impose 

varying levels of driving risk. In this context, Ref. [61] proposes a 

Driving Risk Map-based framework that models these constraints ex­

plicitly, utilizing a CVAE to generate socially plausible trajectories con­

ditioned on quantified risk distributions derived from the environment 

and neighboring vehicles.

Complementing interaction-driven prediction with long-term be­

havioral planning, Ref. [110] addresses the challenge of forecasting 

trajectories in complex environments where agents must navigate to­

ward uncertain goals while avoiding obstacles such as buildings and 

road boundaries. To address this, they introduce MUSE-VAE, a multi-

scale framework that follows a coarse-to-fine strategy by first predicting 

high-level destination goals and subsequently generating detailed, multi­

modal trajectories that remain physically plausible and environmentally 

compliant. In highway driving scenarios where safety is paramount, en­

suring the trustworthiness and physical validity of predicted trajectories 

is essential for reliable decision-making. For this purpose, Ref. [103] in­

troduces a Descriptive Variational Autoencoder (DVAE) for interpretable 

and safety-aware trajectory prediction in safety-critical driving scenar­

ios, which embeds vehicle-dynamics equations directly into the decoder, 
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forcing the latent space to encode physically meaningful parameters 

such as longitudinal acceleration and lane-change behavior. This design 

enables unsupervised trajectory learning while supporting rule-based 

validation of model outputs for trustworthy decision-making.

5.5 . Synthetic validation and latent pattern intelligence

Expanding into the domain of trajectory intelligence, VAEs facilitate 

a comprehensive lifecycle of movement data, spanning from the creation 

of privacy-preserving synthetic datasets to the discovery of complex 

behavioral patterns and structural outliers.

Reducing the reliance on costly real-world testing is a central chal­

lenge in the safety validation of autonomous driving systems, partic­

ularly when evaluating rare and safety-critical scenarios. Within this 

context, Ref. [85] develops a recurrent autoencoder-based framework 

that learns latent representations of driving trajectories to generate re­

alistic, variable-length synthetic data. Beyond generation, the learned 

latent space is further exploited for clustering and outlier detection, 

enabling the identification and categorization of rare maneuvers for 

scenario-based verification. Similarly, limited access to large-scale tra­

jectory data, often due to privacy constraints or regional restrictions, 

poses a significant barrier to the development and evaluation of data-

driven mobility systems. To address this, Ref. [22] introduces TrajVAE, 

an LSTM-based generative framework designed to produce high-fidelity 

synthetic trajectories that preserve the statistical characteristics of real-

world data. This capability supports both the training of autonomous 

systems and large-scale urban traffic analysis in environments where 

direct data collection is impractical.

Shifting focus from synthetic data generation to latent pattern intelli­

gence, detecting structural irregularities in real-world trajectory data be­

comes essential for identifying abnormal driving behaviors and sensor-

related anomalies without relying on rigid similarity measures. In this 

context, Ref. [16] introduces a hybrid framework that combines a de­

noising sequential autoencoder with a density-based Local Outlier Factor 

(LOF) algorithm to enable data-driven anomaly detection. By leveraging 

reconstruction errors computed through a Haversine-weighted loss func­

tion, the approach effectively captures irregular movement patterns and 

GPS anomalies while avoiding dependence on predefined spatial simi­

larity rules. Pivoting from anomaly detection to structural comparisons, 

Ref. [13] shifts the focus, to enabling scalable similarity search and 

large-scale trajectory clustering in real-world transportation systems. 

This is achieved through t2vec, a proposed seq2seq-based deep repre­

sentation learning framework that embeds trajectories into spatially-

aware vectors with linear-time retrieval complexity. Ultimately, these 

learned embeddings are highly robust to non-uniform sampling and 

low-frequency GPS noise. To enable the discovery of universal mobil­

ity patterns across highly distributed datasets, Ref. [12] introduces a 

space and time invariant clustering framework that accounts for signif­

icant spatio-temporal shifts. This approach allows for the identification 

of identical traffic maneuvers even when they occur in completely 

different cities or at different times. By coupling a sliding-window fea­

ture extraction module with a sequence-to-sequence autoencoder, the 

authors translate raw trajectories into fixed-length behavioral represen­

tations, effectively isolating intrinsic movement dynamics from absolute 

geographical coordinates.

6 . Comparative synthesis of autoencoder architectures & tasks for 

trajectory GeoAI

This section provides a comparative synthesis of the reviewed 

corpus from descriptive, methodological, and practical perspectives. 

Section 6.1 first examines publication and citation trends to contextu­

alize the growth and visibility of autoencoder-based trajectory GeoAI. 

Section 6.2 then analyzes the distribution of autoencoder architecture 

families across trajectory-analysis tasks and application domains, while 

Section 6.3 discusses the task-specific representation requirements that 

shape model suitability. Section 6.4 provides a formal cross-architecture 

analysis of the main inductive biases, strengths, and limitations of 

each architecture family, and Section 6.5 summarizes architecture–

task suitability through a qualitative comparison. Section 6.6 presents 

dataset-based metric comparisons where meaningful benchmark overlap 

exists, and Section 6.7 concludes with practitioner-oriented guidelines 

for task-aware architecture selection.

6.1 . Publication and citation trends in the reviewed corpus

To supplement the taxonomy-based analysis with descriptive statis­

tical evidence, we examined the publication and citation patterns of 

the papers included in the reviewed corpus. Fig. 6 presents the num­

ber of reviewed papers by publication year. The corpus contains 77 

papers published between 2017 and 2026, with a clear increase in ac­

tivity after 2018 and the highest number of included studies appearing 

in 2020. Overall, 63 of the 77 reviewed papers were published from 

2020 onward, indicating that autoencoder-based trajectory GeoAI has 

been particularly active in recent years. The lower values observed for 

2024–2026 should be interpreted cautiously, as they may reflect the 

strict inclusion criteria of this survey, indexing delays, and the fact that 

2026 is an incomplete year.

Fig. 6. Number of reviewed papers by publication year. The value for 2026 corresponds to an incomplete year.
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Fig. 7. Annual citations received by the reviewed papers. The value for 2026 corresponds to the first six months of the year and should be interpreted as a partial-year 

count.

Fig. 8. Relative distribution of autoencoder architecture classes within each trajectory-analysis task. Each horizontal bar sums to 100% for a given task, while the 

labels inside the segments report the corresponding number of architecture–task occurrences and percentage share. Counts represent methodological incidence in the 

reviewed literature rather than direct performance comparisons, as the studies differ in datasets, preprocessing choices, baselines, and evaluation protocols.

Fig. 7 shows the annual citations received by the reviewed papers. 

The citation counts increase substantially over time, from only a few 

citations in the early years of the corpus to more than one thousand 

annual citations in both 2024 and 2025. This trend suggests that the re­

viewed literature has gained increasing visibility and scholarly attention. 

The value reported for 2026 should also be interpreted as a partial-year 

count. Together, these publication and citation patterns provide addi­

tional evidence for the relevance and timeliness of autoencoder-based 

methods in trajectory GeoAI, while the following distribution analyses 

further characterize the corpus in terms of architectures, tasks, use cases, 

datasets, and application domains.

6.2 . Distribution of autoencoder architectures across tasks and application 

domains

To provide a quantitative overview of the reviewed literature be­

fore moving to the detailed cross-architecture and task-specific analysis, 

we first examine how autoencoder architecture classes are distributed 

across trajectory-analysis tasks and application domains. The purpose 

of this distributional analysis is not to establish direct performance su­

periority, since the reviewed studies differ substantially in datasets, pre­

processing strategies, evaluation metrics, and experimental protocols. 

Instead, the distributions provide a descriptive view of methodologi­

cal tendencies in the literature, showing which architecture families are 

most frequently associated with particular trajectory problems and data 

contexts.

Fig. 8 summarizes the distribution of autoencoder architecture 

classes across major trajectory-analysis tasks. Prediction is the most 

represented task, reflecting the strong role of sequence modeling, un­

certainty estimation, and interaction-aware forecasting in recent trajec­

tory research. Within this task, RNN/LSTM-based architectures account 

for the largest share, followed by VAE-based models, indicating the 

importance of temporal dependency modeling and probabilistic latent 
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Fig. 9. Relative distribution of autoencoder architecture classes within each trajectory application domain. Each horizontal bar sums to 100% for a given domain, 

while the labels inside the segments report the corresponding number of architecture–domain occurrences and percentage share. Interaction-aware studies covering 

multiple agent contexts were counted once in each relevant context; therefore, counts represent architecture–domain occurrences rather than unique paper counts. 

Low-frequency standalone domains were grouped under “Specialized/Synthetic/Cross-Domain Studies” to avoid overinterpreting categories represented by very few 

studies.

representations for forecasting future movement. Anomaly/outlier 

detection shows a more balanced distribution, with feed-forward, 

RNN/LSTM, VAE, convolutional, transformer-based, and graph-based 

variants all appearing in the reviewed literature. This diversity reflects 

the fact that anomalies may be formulated in different ways, including 

reconstruction deviations, temporal irregularities, spatial-pattern devia­

tions, low-density latent representations, or relational inconsistencies in 

multi-agent settings.

Clustering is mainly associated with feed-forward and RNN/LSTM-

based autoencoders, while convolutional and transformer-based variants 

also appear. This pattern suggests that clustering-oriented works often 

rely on latent embeddings that preserve either global trajectory struc­

ture, temporal dynamics, or spatially organized movement patterns. 

Similarity computation, classification, compression, and generation are 

represented by fewer studies, so their percentages should be inter­

preted with caution. Nevertheless, the observed distributions are still 

informative: similarity computation is mainly associated with convolu­

tional and recurrent representations with recent maritime studies further 

strengthening the role of grid-based and multimodal convolutional au­

toencoders, classification is dominated by convolutional variants, and 

generation is mostly associated with recurrent and variational formula­

tions.

Trajectory recovery and reconstruction form another lower-

frequency but methodologically diverse task group. Recovery is most 

often associated with recurrent encoder–decoder formulations, reflect­

ing the need to infer missing or low-sampling-rate trajectory states from 

sequential context. At the same time, feed-forward, transformer-based, 

and graph-based variants also appear, indicating that recovery may 

require different architectural mechanisms depending on whether the 

missing information is modeled as fragmented coordinate matrices, tem­

porally sparse GPS sequences, road-network-constrained trajectories, or 

relational spatial-temporal graphs. This distribution suggests that recov­

ery is not simply an extension of compression-oriented reconstruction, 

but a task-specific reconstruction problem shaped by missingness, sam­

pling sparsity, and spatial feasibility constraints. Overall, the task-level 

distribution indicates that architecture selection is strongly shaped by 

the operation expected from the latent space: reconstruction for com­

pression and anomaly detection, distance preservation for clustering 

and similarity, temporal encoding for prediction, discriminative feature 

learning for classification, and smooth latent sampling for generation.

Fig. 9 complements the task-level view by showing how architec­

ture classes are distributed across trajectory application domains. This 

domain-level perspective is important because application domains are 

associated with different trajectory data properties, such as sampling fre­

quency, spatial constraints, interaction structure, uncertainty, and con­

textual heterogeneity. Urban and human mobility studies are dominated 

by RNN/LSTM-based models, followed by convolutional and VAE-based 

architectures. This reflects the sequential and behavior-oriented nature 

of urban mobility data, where temporal dependencies, recurrent move­

ment patterns, and latent behavioral structures are central modeling 

targets. Trajectory recovery studies further reinforce the concentration 

of trajectory GeoAI research in urban transportation settings, where 

sparse GPS sampling, road-network constraints, and map-matched tra­

jectory reconstruction naturally motivate recurrent, transformer-based, 

and graph-enhanced encoder–decoder formulations. Maritime studies 

also show strong use of RNN/LSTM-based and convolutional variants, 

consistent with the need to model vessel routes both as ordered AIS 

sequences and as spatial patterns or trajectory maps.

Aviation studies display a different profile, with feed-forward ar­

chitectures accounting for the largest share, followed by convolutional 

models. This suggests that several aviation works formulate trajectory 

analysis through fixed-length or preprocessed trajectory representa­

tions where compact global embeddings and reconstruction-based de­

viation analysis are sufficient. In contrast, interaction-aware human 

and vehicle systems show a stronger presence of RNN/LSTM, VAE, 

transformer-based, and graph-based architectures. This is consistent 

with the methodological demands of interaction-aware modeling, where 

future motion depends not only on an individual’s trajectory history 

but also on uncertainty, social or traffic interactions, and the behavior 

of surrounding agents. The presence of graph-based methods is limited 

but concentrated in interaction-aware or cross-domain settings, indicat­

ing their emerging role in modeling relational structures rather than 

individual trajectories alone.

The specialized, synthetic, and cross-domain category aggre­

gates low-frequency application contexts to avoid overinterpreting 

single-study domains. Although this category is smaller than the main 
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application domains, it highlights the architectural diversity of studies 

that do not fit cleanly into urban, maritime, aviation, or interaction-

aware settings. Taken together, the two distributional views show that 

architecture usage is not random across the literature. Instead, archi­

tecture choices are closely linked to task formulation and data context: 

recurrent models dominate sequence-heavy problems, convolutional 

models are favored when trajectories are represented as grids or spatial 

maps, variational models are common when uncertainty or generation is 

important, transformer-based models appear in settings requiring long-

range dependency modeling, and graph autoencoders are emerging for 

relational and multi-agent trajectory structures.

6.3 . Task-specific characteristics and representation requirements

The reviewed literature shows that autoencoder-based trajectory 

analysis cannot be understood as a single generic representation-

learning problem. Although all tasks rely on some form of latent repre­

sentation, each task imposes different requirements on what information 

must be preserved, emphasized, compressed, separated, reconstructed, 

or generated. Therefore, before comparing architecture families, it is 

important to clarify the analytical demands of each trajectory task. 

This subsection discusses the main task-specific characteristics observed 

across the reviewed studies, focusing on the role of the latent represen­

tation, the information required by each task, and the main evaluation 

and interpretation challenges.

Compression. Trajectory compression aims to reduce storage, trans­

mission, or computational cost while preserving enough information to 

reconstruct the original movement pattern with acceptable fidelity. The 

central requirement is therefore a compact latent representation that 

retains the spatial and temporal structure needed for reconstruction. In 

this task, performance is not determined by reconstruction quality alone, 

but by the trade-off between compression ratio and reconstruction error. 

A highly compressed representation is useful only if it does not remove 

information that is operationally important, such as trajectory shape, 

temporal ordering, motion continuity, or key behavioral transitions. 

This trade-off is especially important in real-time or bandwidth-limited 

settings, where methods must avoid both excessive data volume and 

excessive reconstruction delay. Consequently, compression studies typ­

ically emphasize metrics such as compression ratio, reconstruction loss, 

MSE, SNR, or geographic reconstruction error. A recurring challenge is 

that stronger compression may reduce latent capacity, causing the recon­

structed trajectory to lose fine-grained motion details, local deviations, 

or temporal dependencies. Therefore, trajectory compression should be 

interpreted as a balance between compactness, fidelity, latency, and 

downstream usability.

Recovery, reconstruction, and imputation. Trajectory recovery aims to 

restore missing, fragmented, sparse, or low-sampling-rate trajectories 

into more complete movement representations. Although closely related 

to autoencoder reconstruction, the task differs from standard compres­

sion because the target is not merely to reproduce a complete input after 

dimensionality reduction, but to infer unobserved or degraded trajec­

tory states from partial evidence. The central requirement is therefore a 

representation that preserves temporal continuity, local motion dynam­

ics, and spatial feasibility under incomplete observations. For free-space 

GPS recovery, this may involve reconstructing missing coordinates 

while maintaining heading, curvature, and smoothness. For fragmented 

collective-motion data, the representation must exploit dependencies 

among agents or trajectory segments to infer missing portions without 

corrupting observed ones.

In road network settings, recovery becomes more constrained be­

cause the model must infer not only where missing points are located, 

but also whether they are consistent with the road topology, candidate 

road segments, moving ratios, and plausible route choices. Recent graph 

and transformer-based encoder–decoder formulations further show that 

recovery benefits from modeling road network structure, local spatial-

temporal context, and shared travel preferences, rather than relying only 

on sequential interpolation. The main challenge is that visually smooth 

or numerically accurate reconstructions may still be geographically in­

valid if they violate network constraints, omit realistic route choices, 

or ignore sampling uncertainty. Therefore, recovery should be evalu­

ated through both point-level reconstruction errors and trajectory-level 

validity, including map consistency, route plausibility, temporal conti­

nuity, and downstream utility for tasks such as similarity computation, 

prediction, navigation, or anomaly detection.

Clustering. Trajectory clustering aims to group trajectories into mean­

ingful movement patterns, route structures, behavioral types, or opera­

tional flows without relying on predefined labels. The main requirement 

is not merely compactness, but latent separability: trajectories that are 

similar according to the intended analytical criterion should be close 

in the representation space, while different patterns should become 

distinguishable. This makes clustering highly dependent on how simi­

larity is defined. In some studies, similarity corresponds to geometric 

route shape; in others, it reflects movement behavior, temporal dynam­

ics, contextual transitions, traffic flows, or operational procedures. As 

a result, clustering is particularly sensitive to preprocessing, trajectory 

normalization, sequence-length handling, feature construction, and the 

inclusion or exclusion of geographic context. A key insight from the 

reviewed works is that raw spatial proximity is often insufficient, be­

cause trajectories may be behaviorally similar even when they occur 

in different places or at different times, while geographically similar 

trajectories may represent different behaviors. Clustering evaluation 

should therefore combine quantitative metrics, such as silhouette score, 

Davies–Bouldin index, NMI, ARI, or clustering accuracy when labels ex­

ist, with visual and domain-based interpretability. The main challenge 

is that clustering quality depends not only on numerical separation, but 

also on whether the resulting groups correspond to meaningful mobility 

patterns, traffic flows, or behavioral categories.

Anomaly and outlier detection. Anomaly detection seeks to identify tra­

jectories, trajectory segments, or movement behaviors that deviate from 

learned normal patterns. The task is important in safety monitoring, 

traffic management, maritime surveillance, aviation analysis, driver-risk 

assessment, and pedestrian safety. Its central representation requirement 

is sensitivity to abnormal deviations while remaining robust to noise, 

irregular sampling, and legitimate but unusual behavior. Unlike clus­

tering or classification, anomaly detection often operates under weak 

supervision or without labeled anomalies, because abnormal events are 

rare, expensive to annotate, or difficult to define in advance. Therefore, 

the latent representation must capture the structure of normal behavior 

well enough that deviations become detectable through reconstruc­

tion error, likelihood, latent-space density, or feature-level dissimilarity. 

However, anomaly detection is especially vulnerable to ambiguity. A 

high anomaly score does not automatically explain the cause of the ab­

normality; it may indicate a true risk, a GPS artifact, weather-related 

deviation, controller intervention, route change, an abrupt but valid 

maneuver, or data-quality problem. For this reason, anomaly detec­

tion should not be treated as a purely binary decision task. It often 

requires severity ranking, threshold calibration, case-based inspection, 

and domain-contextual interpretation. Evaluation is also difficult be­

cause ground truth may be synthetic, expert-defined, weakly labeled, 

or indirectly inferred. Thus, effective anomaly analysis requires both 

quantitative metrics and qualitative validation of detected cases.

Trajectory similarity. Trajectory similarity computation aims to mea­

sure how closely two trajectories resemble each other and often serves 

as a foundation for retrieval, clustering, recommendation, anomaly de­

tection, and route analysis. The key requirement is a distance-preserving 

or similarity-preserving latent space. Unlike compression, where the 

goal is to reconstruct the input, similarity computation requires the 
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representation to preserve relationships between trajectories. This is 

challenging because trajectory similarity may depend on spatial path 

shape, temporal alignment, speed profile, activity semantics, road-

network structure, or behavioral intent. Traditional trajectory-distance 

measures can be sensitive to noise, unequal lengths, non-uniform sam­

pling, and temporal misalignment, while also becoming computationally 

expensive for large datasets. Autoencoder-based similarity methods ad­

dress this by mapping trajectories into compact representations where 

vector distances can be computed more efficiently.

However, the quality of the resulting similarity depends strongly 

on which aspects of the original trajectory are encoded. For example, 

grid-based convolutional autoencoders emphasize route geometry by 

transforming trajectories into spatial representations and comparing the 

resulting latent vectors, which improves efficiency relative to exhaus­

tive point-wise matching. At the same time, more recent multimodal 

convolutional variants show that geometric similarity alone may be in­

sufficient when trajectories share similar corridors but differ in speed, 

heading, or navigational intent. A representation that preserves route 

geometry may therefore fail to preserve timing, semantic context, or 

fine-grained motion dynamics, while a representation that incorporates 

motion or contextual attributes may support a more behaviorally mean­

ingful notion of similarity. Another important limitation is evaluation: 

there is rarely a universal ground-truth benchmark for trajectory sim­

ilarity, so studies often evaluate similarity indirectly through retrieval 

quality, clustering performance, or qualitative inspection. As a result, 

similarity computation should be interpreted according to the intended 

notion of resemblance rather than as a universal trajectory-matching 

problem.

Prediction and forecasting. Trajectory prediction aims to estimate fu­

ture movement from observed trajectory history and, in many cases, 

from surrounding spatial, social, or environmental context. Its central re­

quirement is a representation that captures temporal continuity, motion 

dynamics, uncertainty, and possible future variability. Prediction differs 

from reconstruction because the target is not the observed input but an 

unknown future trajectory. This makes the task inherently uncertain, es­

pecially in pedestrian, vehicle, maritime, and interaction-aware settings 

where multiple futures may be plausible from the same past observation. 

For short horizons, local dynamics such as speed, acceleration, head­

ing, and recent motion history may be sufficient. For longer horizons, 

however, the representation must often encode goals, intentions, route 

classes, environmental constraints, map structure, neighboring agents, 

or traffic rules. A recurring insight across the reviewed prediction studies 

is that motion history alone is often insufficient when future movement 

depends on interactions or high-level decisions. Evaluation commonly 

uses displacement-based metrics such as ADE and FDE, along with 

miss rate, likelihood-based metrics, runtime, and sometimes collision or 

consistency measures. The main challenge is to avoid producing aver­

aged futures that are numerically plausible but behaviorally unrealistic. 

Therefore, trajectory prediction should be evaluated not only by posi­

tional error, but also by plausibility, diversity, uncertainty calibration, 

map or context compliance, and operational usefulness.

Classification. Trajectory classification assigns trajectories or trajec­

tory segments to predefined categories such as transportation mode, 

activity type, maneuver class, or behavioral class. The central require­

ment is discriminative representation learning. In contrast to clustering, 

where groups are discovered without labels, classification requires the 

latent space to separate known categories in a way that supports reli­

able label assignment. This means that the representation must preserve 

features that distinguish classes, which may include speed, acceleration, 

stop duration, turning behavior, recurrence patterns, motion rhythm, 

semantic context, or temporal dynamics. A major challenge is that dif­

ferent classes can have overlapping movement signatures. For example, 

transportation modes such as bus and car, or walking and biking, 

may exhibit similar speed ranges or route characteristics under certain 

conditions. Classification also depends heavily on segmentation qual­

ity: if a trajectory segment contains multiple modes or behaviors, the 

class label becomes ambiguous. Labeled data availability is another re­

curring limitation, since trajectory labels are often sparse, expensive, 

noisy, or unevenly distributed across classes. For this reason, clas­

sification studies often require careful feature construction, segment 

definition, class balancing, and validation under limited-label condi­

tions. Evaluation typically relies on accuracy, precision, recall, F1-score, 

and confusion analysis, but interpretation should also consider which 

classes are systematically confused and why.

Generation and synthetic trajectory modeling. Trajectory generation 

aims to synthesize new trajectories that resemble real movement pat­

terns while supporting applications such as simulation, data augmen­

tation, privacy-preserving data sharing, and rare-event analysis. The 

central requirement is a latent space that is not only compact, but 

also smooth, sampleable, diverse, and semantically meaningful. Unlike 

compression, where the decoder reconstructs known inputs, generation 

requires sampling new latent codes and decoding them into plausible tra­

jectories. Therefore, generation quality depends on whether the learned 

latent distribution captures the variability of real movement without 

producing physically impossible, contextually invalid, or overly repet­

itive trajectories. The reviewed studies show that generation must bal­

ance realism and diversity. Highly realistic samples may lack coverage 

of rare behaviors, while highly diverse samples may become implausi­

ble or violate spatial, temporal, or operational constraints. Evaluation 

is therefore more complex than standard reconstruction assessment. It 

may include trajectory-distance measures, distributional similarity, cov­

erage, matching scores, visual inspection, simulation-based validation, 

or downstream utility tests. For safety-critical settings, such as aviation 

or autonomous driving, generated trajectories should also be checked for 

physical feasibility and operational plausibility. Thus, trajectory genera­

tion should be understood as both a representation-learning problem and 

a validation problem: a generated trajectory is useful only if it is realistic, 

diverse, contextually valid, and suitable for the intended downstream 

use.

Overall, these task-specific differences show that the value of an 

autoencoder representation depends on the analytical role assigned to 

the latent space. Compression requires compactness and reconstruc­

tion fidelity; clustering requires separability and interpretable grouping; 

anomaly detection requires sensitivity to deviations and contextual in­

terpretation; similarity computation requires preservation of pairwise 

relationships; prediction requires temporal dynamics, uncertainty, and 

future plausibility; classification requires discriminative structure; and 

generation requires realistic and diverse sampling. These distinctions 

provide the basis for the following cross-architecture analysis and task–

architecture suitability discussion, where the focus shifts from what 

each task requires to how different autoencoder families satisfy these 

requirements.

6.4 . Cross-architecture analysis: Formal models, inductive biases, and 

limitations

This subsection provides a formal and comparative analysis of the 

main autoencoder families identified in the reviewed trajectory litera­

ture. First, a general autoencoder formulation is introduced as a common 

reference point. Then, each architecture family is examined in terms 

of its core mathematical mechanism, input assumptions, inductive bias, 

trajectory-task relevance, and main limitations. This structure enables a 

direct comparison of how different autoencoder designs encode fixed-

vector, spatial, temporal, probabilistic, attention-based, and relational 

trajectory representations.

6.4.1 . General autoencoder formulation for trajectory representation 

learning

Before comparing the main autoencoder families used in trajectory 

representation learning, we first define a common reconstruction-based 
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formulation. Let the reviewed trajectory dataset be denoted as:

𝐷 = {𝑥𝑖}
𝑁
𝑖=1

where D is a collection of N trajectories or trajectory-derived repre­

sentations. Depending on the method, each input 𝑥𝑖 may correspond 

to a fixed-length feature vector, an ordered sequence of trajectory 

states, a rasterized trajectory image, a set of map or agent tokens, or 

a graph-structured multi-agent representation. In the sequential case, a 

trajectory can be written as:

𝑥𝑖 = (𝑝𝑖,1, 𝑝𝑖,2,… , 𝑝𝑖,𝑇𝑖 )

where 𝑝𝑖,𝑡 ∈ R𝑑  denotes the trajectory state of trajectory 𝑖 at time step 

𝑡. The dimensionality 𝑑 depends on the available attributes and may 

include spatial coordinates together with additional motion or contex­

tual variables, such as speed, heading, acceleration, timestamp, semantic 

context, or agent-level features.

In its general form, an autoencoder consists of an encoder and a de­

coder. The encoder maps the input trajectory representation 𝑥𝑖 into a 

latent code:

𝑧𝑖 = 𝑓𝜃(𝑥𝑖)

Here, 𝑓𝜃  denotes the encoder function, 𝜃 represents its learnable pa­

rameters, and 𝑧𝑖 is the latent representation of the input trajectory. The 

decoder then maps the latent code back to a reconstructed trajectory 

representation:

𝑥̂𝑖 = 𝑔𝜙(𝑧𝑖)

Here, 𝑔𝜙 denotes the decoder function, 𝜙 represents its learnable parame­

ters and 𝑥̂𝑖 is the reconstructed version of the original input 𝑥𝑖. Therefore, 

the general autoencoder pipeline can be understood as a mapping from 

the original trajectory representation to a latent representation and then 

back to a reconstructed representation: 𝑥𝑖 → 𝑧𝑖 → 𝑥𝑖.
The latent representation 𝑧𝑖 is typically lower-dimensional, more 

structured, or more task-relevant than the original input. Its role is to 

retain the information required for the target trajectory-analysis task 

while discarding redundant or noisy variations. Training is usually based 

on minimizing a reconstruction objective, optionally combined with a 

regularization and/or a structural constraint: 

min
𝜃,𝜙

1
𝑁

𝑁
∑

𝑖=1

[

𝐿𝑟𝑒𝑐 (𝑥𝑖, 𝑥𝑖) + 𝜆R(𝜙, 𝜃, 𝑧𝑖)
]

(1)

In expression (1) the term 𝐿𝑟𝑒𝑐 (𝑥𝑖, 𝑥𝑖) measures the discrepancy be­

tween the original and reconstructed trajectory representation, while 

R(𝜙, 𝜃, 𝑧𝑖) denotes a regularization term or structural constraint imposed 

on the model parameters or latent space. The coefficient 𝜆 controls the 

relative contribution of this regularization term. For trajectory data, the 

reconstruction loss may take different forms depending on the input rep­

resentation and task, including but not limited to, mean squared error, 

mean absolute error, geographic distance, sequence-wise reconstruction 

loss, image- or map-based reconstruction loss, structural similarity loss, 

or token-level reconstruction loss.

This common formulation provides the basis for comparing differ­

ent autoencoder families. The main distinction between architectures 

is not only the choice of reconstruction loss, but also the way the en­

coder and decoder are parameterized and the type of structure they 

assume in the input. Feed-forward autoencoders operate on fixed-length 

vectors, recurrent autoencoders model temporal dependencies in or­

dered sequences, convolutional autoencoders exploit local spatial or 

grid-like structure, variational autoencoders impose probabilistic latent 

distributions, transformer-based autoencoders rely on attention over 

trajectory or map tokens, and graph autoencoders model relational 

structure among agents, locations, or road-network elements. The fol­

lowing analysis therefore uses this common formulation as a reference 

point for comparing autoencoder families in terms of their mathemati­

cal structure, input assumptions, latent-space behavior, inductive biases, 

and limitations for trajectory representation learning.

6.4.2 . Feed-forward autoencoders

Feed-forward autoencoders constitute the most basic autoencoder 

family and provide the natural baseline for comparing more specialized 

trajectory models. In this architecture, the encoder and decoder are com­

posed of fully connected layers. Therefore, the input trajectory must be 

represented as a fixed-length vector before it can be processed. This rep­

resentation may be obtained by resampling trajectories to a common 

length, flattening coordinate sequences, extracting handcrafted motion 

features, constructing fixed-size trajectory windows, or using other pre­

processing steps that transform the original movement data into a vector 

form.

Formally, let the initial input to the encoder be written as:

ℎ(0)𝑖 = 𝑥𝑖

A feed-forward encoder then applies a sequence of dense nonlinear 

transformations:

ℎ(𝓁)𝑖 = 𝜎 (𝑊 (𝓁)
𝑒 ℎ(𝓁−1)𝑖 + 𝑏(𝓁)𝑒 ), for 𝓁 = 1,… , 𝐿𝑒

The latent representation is obtained at the final encoder layer:

𝑧𝑖 = ℎ(𝐿𝑒)
𝑖

The decoder applies a corresponding sequence of dense transformations 

to map the latent code back to the input space:

𝑥𝑖 = 𝑔𝜙(𝑧𝑖)

The feed-forward autoencoder is commonly trained by minimizing a 

reconstruction objective of the form: 

LFF-AE = 1
𝑁

𝑁
∑

𝑖=1

[

𝑑(𝑥𝑖, 𝑥̂𝑖) + 𝜆
(

||𝜃||22 + ||𝜙||22
)]

(2)

Here in (2) the 𝑑(𝑥𝑖, 𝑥𝑖) term, measures the discrepancy between the 

original fixed-length trajectory representation and its reconstruction, 

while the regularization term controls the complexity of the encoder and 

decoder parameters. In many applications, this distance is implemented 

as mean squared error or mean absolute error, although task-specific dis­

tances may also be used when the input representation has a particular 

spatial or temporal meaning.

The main inductive bias of feed-forward autoencoders is global 

vector-based compression. Each layer learns transformations over the 

entire input vector, without explicitly modeling temporal recurrence, 

local spatial neighborhoods, probabilistic latent distributions, attention-

based token interactions, or graph relations. This makes feed-forward 

autoencoders simple, flexible, and computationally straightforward, but 

also strongly dependent on the quality of the fixed-length representation 

supplied to them. If temporal order, local spatial structure, or inter-agent 

relations are not already encoded in the input vector, the model has no 

architectural mechanism for recovering them.

In trajectory analysis, this property makes feed-forward autoen­

coders useful when the main objective is dimensionality reduction, 

compact reconstruction, or latent feature extraction from preprocessed 

trajectory representations. In compression-oriented studies [28], the 

bottleneck layer provides a compact code that can reduce storage or 

transmission costs, although reconstruction fidelity depends strongly on 

the bottleneck size and may require residual coding, filtering, or other 

post-processing steps. For recovery and reconstruction, feed-forward au­

toencoders are mainly relevant when incomplete trajectories can be 

represented as fixed-length coordinate matrices or flattened vectors, 

allowing missing entries or fragmented segments to be reconstructed 

through masked reconstruction objectives [46]. Their main caveat is 

that they do not explicitly model temporal ordering, road-network con­

straints, or relational context unless these are already encoded in the 

input representation. In clustering-oriented studies [27], feed-forward 
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and stacked autoencoders are often used as feature-learning modules 

before applying GMM, K-means, hierarchical clustering, or clustering-

refinement methods. In anomaly detection [34], they support unsuper­

vised scoring by assuming that common trajectories or behavior vectors 

are reconstructed more accurately than atypical ones.

Compared with more specialized architectures, feed-forward autoen­

coders offer simplicity and broad applicability, but their representa­

tional assumptions are weaker. Recurrent autoencoders are better suited 

when temporal order and variable-length sequence dynamics must be 

modeled directly. Convolutional autoencoders are more appropriate 

when trajectories are represented as rasterized maps, recurrence plots, 

or other grid-like structures with local spatial patterns. Variational au­

toencoders provide a probabilistic latent space for uncertainty-aware 

modeling and generation, while transformer-based and graph-based au­

toencoders are better equipped for long-range token dependencies and 

relational multi-agent structures. Thus, feed-forward autoencoders are 

best understood as a compact fixed-vector baseline: effective when pre­

processing already exposes the relevant trajectory information, but less 

expressive when the task requires explicit modeling of time, space, 

uncertainty, or interaction.

6.4.3 . Convolutional autoencoders

Convolutional autoencoders extend the basic encoder–decoder for­

mulation by replacing dense transformations with convolutional op­

erations. Their central assumption is that the input contains local 

structure that should be preserved during representation learning. In 

trajectory analysis, this usually requires transforming trajectories into 

structured tensor representations, such as rasterized trajectory images, 

trajectory maps, recurrence plots, gridded spatial representations, or 

fixed-length multichannel temporal windows. Thus, while feed-forward 

autoencoders operate on flattened fixed-length vectors, convolutional 

autoencoders are designed to exploit local spatial, temporal, or image-

like regularities in the input representation.

Let the structured input representation of trajectory 𝑖 be denoted by 

𝑋𝑖. This may correspond to a trajectory image, a multichannel grid, 

a recurrence plot, or a fixed-size temporal tensor. The first hidden 

representation is initialized as:

𝐻 (0)
𝑖 = 𝑋𝑖

A convolutional encoder then applies a sequence of convolutional 

transformations:

𝐻 (𝓁)
𝑖 = 𝜎 (𝐾 (𝓁)

𝑒 ∗ 𝐻 (𝓁−1)
𝑖 + 𝑏(𝓁)𝑒 ), for 𝓁 = 1,… , 𝐿𝑒

Here 𝐾 (𝓁)
𝑒  denotes the convolutional filters at encoder layer 𝓁, the 

symbol ∗ denotes convolution, 𝑏(𝓁)𝑒  is a bias term, and 𝜎 is a nonlin­

ear activation function. The encoder progressively extracts higher-level 

local patterns and compresses them into a latent representation:

𝑧𝑖 = 𝑓𝜃(𝑋𝑖)

The decoder then reconstructs the structured trajectory representation 

using transposed convolutions, upsampling operations, or convolutional 

decoding layers:

𝑋̂𝑖 = 𝑔𝜙(𝑧𝑖)

The corresponding convolutional autoencoder objective can be written 

as: 

LCAE = 1
𝑁

𝑁
∑

𝑖=1

[

𝑑(𝑋𝑖, 𝑋̂𝑖) + 𝜆R(𝜃, 𝜙, 𝑧𝑖)
]

(3)

In expression (3) the term 𝑑(𝑋𝑖, 𝑋̂𝑖) measures the discrepancy be­

tween the original and reconstructed structured trajectory representa­

tion. Depending on the representation, this discrepancy may be im­

plemented using mean squared error, mean absolute error, structural 

similarity, or a weighted combination of pixel-level and structure-

preserving losses. For trajectory-map or image-like inputs, a common 

reconstruction form can be expressed as:

𝑑(𝑋𝑖, 𝑋̂𝑖) = 𝛼‖𝑋𝑖 − 𝑋̂𝑖‖1 + 𝛽‖𝑋𝑖 − 𝑋̂𝑖‖
2
2 + 𝛾

(

1 − SSIM(𝑋𝑖, 𝑋̂𝑖)
)

Here, the first two terms measure point-wise reconstruction error, while 

the structural similarity term encourages the reconstructed map or tra­

jectory image to preserve local and global visual structure. This type 

of loss is especially relevant when trajectories are encoded as images 

or spatial maps, because small pixel-wise errors may not fully reflect 

whether the reconstructed trajectory preserves meaningful route shape, 

local turns, density patterns, or spatial continuity.

The main inductive bias of convolutional autoencoders is local­

ity. Convolutional filters learn patterns from neighboring positions in 

the input, making them suitable for trajectory representations where 

nearby pixels, cells, time steps, or feature channels carry related infor­

mation. This differs from feed-forward autoencoders, where all input 

dimensions are connected globally and the model does not explicitly 

exploit local structure. As a result, convolutional autoencoders can be 

more parameter-efficient and better aligned with trajectory images, grid­

ded spatial fields, recurrence plots, and multichannel motion tensors. 

However, this advantage depends on whether the trajectory-to-tensor 

transformation preserves meaningful movement information. If impor­

tant temporal order, speed variation, or semantic context is lost during 

rasterization or gridding, the convolutional model can only learn from 

the structure that remains in the constructed representation.

Across the reviewed studies, convolutional autoencoders are partic­

ularly useful in tasks where trajectory geometry or local spatio-temporal 

structure can be encoded visually or tensorially. In similarity com­

putation [48], convolutional encoders learn compact features from 

rasterized trajectory images, allowing trajectory comparison through 

distances in latent space rather than expensive point-wise alignment. 

In anomaly detection [53], convolutional variants reconstruct multi­

variate time-series windows or trajectory maps, so abnormal behavior 

can be detected through reconstruction error or structural dissimilar­

ity. In clustering [49], convolutional embedded clustering methods 

use reconstruction together with clustering-oriented objectives to cre­

ate more separable latent spaces. In classification [21], supervised or 

semi-supervised convolutional autoencoders learn discriminative repre­

sentations from recurrence plots, motion-feature tensors, or structured 

trajectory segments. In generation and compression [50], convolutional 

or temporal-convolutional variants can preserve local trajectory patterns 

while producing compact or sampleable latent representations, although 

the strongest generative evidence often involves additional variational 

mechanisms.

Compared with other autoencoder families, convolutional autoen­

coders occupy an intermediate position. They are more structured than 

feed-forward autoencoders because they encode local spatial or tem­

poral neighborhoods, but they are less naturally suited than recurrent 

models for variable-length sequential dependencies unless the sequence 

is first converted into a fixed-size tensor. They can preserve spatial pat­

terns more effectively than dense models, but they do not inherently 

model probabilistic uncertainty like variational autoencoders, global to­

ken interactions like transformers, or explicit inter-agent relations like 

graph autoencoders. Their main strength is therefore representation-

dependent: they are powerful when the trajectory problem can be 

reformulated as reconstruction or feature learning over a meaningful 

grid, image, map, or multichannel tensor. Their main limitation is the 

same dependency: poor rasterization, inappropriate resolution, exces­

sive sparsity, or loss of temporal semantics can directly limit the quality 

of the learned latent representation.

6.4.4 . Recurrent autoencoders: RNN, LSTM, and GRU variants

Recurrent autoencoders extend the autoencoder framework to or­

dered trajectory sequences. Unlike feed-forward autoencoders, which 
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require trajectories to be represented as fixed-length vectors, and convo­

lutional autoencoders, which rely on structured grid-like or image-like 

representations, recurrent autoencoders are designed to process sequen­

tial data directly. Their main inductive bias is temporal dependency 

modeling: the representation of a trajectory state depends not only on 

the current input but also on the accumulated hidden state from previ­

ous time steps. This makes recurrent autoencoders particularly relevant 

for trajectory data, where movement evolves over time and where speed, 

direction, acceleration, route progression, and behavioral transitions are 

often meaningful only when interpreted sequentially.

For a trajectory written as a sequence of states:

𝑥𝑖 = (𝑝𝑖,1, 𝑝𝑖,2,… , 𝑝𝑖,𝑇𝑖 )

a basic recurrent encoder updates a hidden state at each time step. In its 

simplest form, this can be written as:

ℎ𝑖,𝑡 = 𝑓𝜃(𝑝𝑖,𝑡, ℎ𝑖,𝑡−1)

or, more explicitly, as:

ℎ𝑖,𝑡 = tanh(𝑊𝑝𝑝𝑖,𝑡 + 𝑈ℎℎ𝑖,𝑡−1 + 𝑏ℎ)

Here, 𝑝𝑖,𝑡 is the trajectory state at time step 𝑡, ℎ𝑖,𝑡 is the hidden represen­

tation after observing the sequence up to time 𝑡, and 𝑓𝜃  is a recurrent 

transition function with learnable parameters 𝜃. In the explicit form, 

𝑊𝑝 transforms the current trajectory state, 𝑈ℎ transforms the previous 

hidden state ℎ𝑖,𝑡−1 (which carries the accumulated historical context), 

𝑏ℎ is a consolidated bias term that absorbs the offsets for both linear 

transformations, and tanh introduces nonlinearity. The key idea is that 

the current hidden state recurrently summarizes both the current ob­

servation and the previous temporal context. The final hidden state, 

or a transformation of all hidden states, is then used as the latent 

representation of the trajectory:

𝑧𝑖 = ℎ𝑖,𝑇𝑖

In a sequence-to-sequence recurrent autoencoder, the decoder initializes 

its own hidden state from the latent code and reconstructs the trajectory 

step by step. This process is defined by the following recurrent system:

ℎ̂𝑖,𝑡 = 𝑓𝜙(𝑝̂𝑖,𝑡−1, ℎ̂𝑖,𝑡−1)

𝑝̂𝑖,𝑡 = 𝑜𝜙(ℎ̂𝑖,𝑡)

where 𝑓𝜙 is the decoder recurrence, 𝑜𝜙 maps the decoder hidden state to 

a reconstructed trajectory state, and 𝑝̂𝑖,𝑡 is the reconstructed state at time 

step 𝑡. To anchor this recurrence, the decoder’s memory is initialized at 

time step 𝑡 = 0 directly using the latent representation:

ℎ̂𝑖,0 = 𝑧𝑖

The completely reconstructed trajectory sequence is therefore:

𝑥̂𝑖 = (𝑝̂𝑖,1, 𝑝̂𝑖,2,… , 𝑝̂𝑖,𝑇𝑖 )

This vanilla recurrent formulation is conceptually simple: each state 

is processed in order, and the hidden state is repeatedly updated. 

However, a simple RNN stores temporal information only through ℎ𝑖,𝑡, 
which can make longer dependencies difficult to preserve during train­

ing. LSTM autoencoders address this limitation by introducing a separate 

cell state, denoted 𝑐𝑡, which acts as a longer-term memory, and by us­

ing gates to regulate how information enters, leaves, or remains in that 

memory. At each time step 𝑡, the LSTM receives the current trajectory 

state 𝑝𝑖,𝑡, the previous hidden state ℎ𝑖,𝑡−1, and the previous cell state 𝑐𝑖,𝑡−1
for a specific trajectory 𝑖. To avoid notation conflicts with the trajectory 

index 𝑖, the input gate is denoted as 𝑎𝑡. The forget gate decides how 

much of the previous cell state should be retained:

𝑓𝑖,𝑡 = 𝜎(𝑊𝑓 𝑝𝑖,𝑡 + 𝑈𝑓ℎ𝑖,𝑡−1 + 𝑏𝑓 )

The input gate decides how much new information should be written 

into memory:

𝑎𝑖,𝑡 = 𝜎(𝑊𝑎𝑝𝑖,𝑡 + 𝑈𝑎ℎ𝑖,𝑡−1 + 𝑏𝑎)

The candidate cell state creates the new candidate memory content:

𝑐𝑖,𝑡 = tanh(𝑊𝑐𝑝𝑖,𝑡 + 𝑈𝑐ℎ𝑖,𝑡−1 + 𝑏𝑐 )

The cell state is then updated by combining retained past memory with 

selected new information:

𝑐𝑖,𝑡 = 𝑓𝑖,𝑡 ⊙ 𝑐𝑖,𝑡−1 + 𝑎𝑖,𝑡 ⊙ 𝑐𝑖,𝑡 (4)

Finally, the output gate decides which part of the updated cell state 

should be exposed as the hidden state:

𝑜𝑖,𝑡 = 𝜎(𝑊𝑜𝑝𝑖,𝑡 + 𝑈𝑜ℎ𝑖,𝑡−1 + 𝑏𝑜)

ℎ𝑖,𝑡 = 𝑜𝑖,𝑡 ⊙ tanh(𝑐𝑖,𝑡)

In these equations, 𝜎 produces values between 0 and 1, so the gates act 

as soft filters. Values close to 0 suppress information, while values close 

to 1 preserve or pass information. The operator ⊙ denotes element-wise 

multiplication. The forget gate 𝑓𝑖,𝑡 controls how much previous mem­

ory is retained, the input/activation (a) gate 𝑎𝑖,𝑡 controls how much new 

candidate information is stored, and the output gate 𝑜𝑖,𝑡 controls how 

much of the updated memory becomes visible as the hidden state. The 

most important distinction from a vanilla RNN is therefore the additive 

cell-state update defined in Eq. (4). This update provides a more sta­

ble memory path across time, helping the model preserve longer-range 

trajectory information such as route progression, maneuver evolution, 

stop–move patterns, or delayed effects of earlier movement states.

GRU autoencoders provide a related but simpler gated recurrent al­

ternative. A GRU does not maintain a separate cell state 𝑐𝑖,𝑡. Instead, it 

uses gates to directly update the hidden state for trajectory 𝑖. A compact 

GRU formulation is:

𝑟𝑖,𝑡 = 𝜎(𝑊𝑟𝑝𝑖,𝑡 + 𝑈𝑟ℎ𝑖,𝑡−1 + 𝑏𝑟) (5)

𝑢𝑖,𝑡 = 𝜎(𝑊𝑢𝑝𝑖,𝑡 + 𝑈𝑢ℎ𝑖,𝑡−1 + 𝑏𝑢) (6)

ℎ̃𝑖,𝑡 = tanh
(

𝑊ℎ𝑝𝑖,𝑡 + 𝑈ℎ(𝑟𝑖,𝑡 ⊙ ℎ𝑖,𝑡−1) + 𝑏ℎ
)

(7)

ℎ𝑖,𝑡 = (1 − 𝑢𝑖,𝑡)⊙ ℎ𝑖,𝑡−1 + 𝑢𝑖,𝑡 ⊙ ℎ̃𝑖,𝑡 (8)

The operations governing the GRU cell are defined in Eqs. (5)–(8). Here, 

the reset gate in Eq. (5) controls how much of the previous hidden state is 

used when computing the candidate hidden state in Eq. (7). Meanwhile, 

the update gate in Eq. (6) controls the interpolation (the blending) be­

tween the previous hidden state and this new candidate state to produce 

the final, updated hidden representation ℎ𝑖,𝑡 in Eq. (8). Compared with 

LSTMs, GRUs are usually more compact because they use fewer gates 

and do not maintain a separate cell state. This can make them attractive 

in trajectory applications where computational efficiency matters, while 

still retaining a stronger temporal modeling mechanism than a vanilla 

RNN. The reconstruction objective for a recurrent autoencoder is usually 

sequence-wise:

LRNN-AE = 1
𝑁

𝑁
∑

𝑖=1

[ 𝑇𝑖
∑

𝑡=1
𝑑(𝑝𝑖,𝑡, 𝑝̂𝑖,𝑡) + 𝜆R(𝜃, 𝜙, 𝑧𝑖)

]

(9)

In Eq. (9) the reconstruction error is accumulated across time steps and 

combined with a trajectory-specific latent regularization term. The dis­

tance metric 𝑑(𝑝𝑖,𝑡, 𝑝̂𝑖,𝑡) may correspond to mean squared error, mean 
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absolute error, geographic distance, Haversine distance, or another task-

specific trajectory-state discrepancy. This formulation makes recurrent 

autoencoders suitable for tasks where preserving the temporal evolution 

of the trajectory is more important than reconstructing a static vector or 

image-like representation.

It is important to distinguish standard recurrent autoencoders from 

recurrent probabilistic autoencoders. A standard RNN, LSTM, or GRU 

autoencoder learns deterministic hidden states and latent representa­

tions. It does not, by itself, learn an explicit probability distribution 

over latent variables. Distributional modeling appears when recurrent 

encoders and decoders are combined with variational mechanisms, such 

as recurrent VAE or CVAE formulations. In those cases, the encoder 

estimates the parameters of a latent distribution, such as a mean and 

variance, and samples latent variables from that distribution. Such 

recurrent-variational models are especially relevant for uncertainty-

aware prediction, multimodal forecasting, and trajectory generation, but 

their probabilistic formulation belongs to the VAE family rather than to 

plain recurrent autoencoders.

Across the reviewed literature, recurrent autoencoders are especially 

prominent because many trajectory tasks are inherently sequential. In 

compression [67], LSTM and RNN variants encode complete trajec­

tories into compact latent representations while preserving temporal 

dependencies, or they reduce communication by predicting future sam­

ples and transmitting updates only when prediction error becomes 

too large. For trajectory recovery, recurrent encoder–decoder variants 

are suitable when missing or low-sampling-rate points must be in­

ferred from surrounding sequential context [18,92]. Their strength lies 

in modeling temporal continuity, but their performance depends on 

how missingness, sampling intervals, candidate road segments, and 

map-constrained outputs are handled during decoding. In clustering 

[89], recurrent sequence-to-sequence embeddings transform variable-

length movement histories into fixed-length latent vectors that can 

represent movement behavior rather than only raw spatial proxim­

ity. In anomaly detection [74], recurrent autoencoders model normal 

sequential dynamics and identify deviations through reconstruction er­

ror, learned trajectory-distance behavior, or generative likelihood when 

combined with probabilistic extensions. In similarity computation [13], 

recurrent representation learning replaces expensive point-matching dis­

tances with latent-vector comparisons while improving robustness to 

low sampling rates, noise, and irregular temporal observations. In pre­

diction [69], LSTM and GRU architectures form a dominant backbone 

because forecasting requires modeling temporal dependencies from ob­

served motion histories. In generation [85], recurrent encoder-decoder 

and recurrent generative variants support the synthesis of sequential 

trajectories that preserve temporal movement structure.

Compared with feed-forward and convolutional autoencoders, re­

current autoencoders provide a stronger mechanism for temporal mod­

eling. Feed-forward autoencoders can only model temporal informa­

tion if it is already encoded into a fixed vector, while convolutional 

autoencoders capture local patterns in structured tensors but often 

require fixed-size rasterized or windowed representations. Recurrent 

autoencoders, by contrast, process trajectories as ordered sequences 

and update the latent representation as new states are observed. 

This makes them more suitable for variable-length trajectories, time-

dependent movement behavior, and sequential forecasting. However, 

recurrent models also have important limitations. Their performance 

depends heavily on preprocessing, feature construction, sequence align­

ment, and the definition of the trajectory state. Plain recurrent re­

construction may not produce clustering-friendly, anomaly-sensitive, 

or prediction-ready latent spaces without additional objectives such 

as clustering loss, contrastive loss, attention, route-class modeling, or 

uncertainty-aware latent variables. Moreover, deterministic recurrent 

predictors may average over multiple plausible futures, and standard 

LSTM-based models may struggle with very long-range dependen­

cies, complex multi-agent interactions, or high-dimensional contextual

structures.

Therefore, recurrent autoencoders are best understood as sequence-

oriented autoencoder models. Their main advantage over feed-forward 

and convolutional variants is their ability to encode temporal order and 

motion dynamics directly. Their main weakness is that temporal recur­

rence alone is often insufficient for complex trajectory tasks: interaction 

modeling, long-range dependency handling, uncertainty estimation, and 

task-specific latent-space shaping frequently require additional mech­

anisms. This explains why many of the strongest recurrent trajectory 

models in the reviewed literature are hybrid systems that combine LSTM 

or GRU backbones with attention, clustering objectives, contrastive 

learning, variational latent variables, route classes, or domain-specific 

preprocessing.

6.4.5 . Variational and conditional variational autoencoders

Variational autoencoders differ from deterministic autoencoders by 

replacing a single latent code with a latent probability distribution. In a 

standard feed-forward, convolutional, or recurrent autoencoder, the en­

coder maps an input trajectory representation directly to a deterministic 

latent vector. In a VAE, the encoder instead estimates the parame­

ters of a probability distribution over latent variables. This makes the 

latent space smoother, more regularized, and sampleable, which is par­

ticularly useful for trajectory generation, uncertainty-aware prediction, 

multimodal forecasting, and anomaly detection.

For an input trajectory representation 𝑥𝑖, the VAE encoder defines an 

approximate posterior distribution over the latent variable:

𝑞𝜙(𝑧𝑖 ∣ 𝑥𝑖) = N
(

𝜇𝜙(𝑥𝑖), diag(𝜎2𝜙(𝑥𝑖))
)

Here, the encoder does not output only one latent vector. Instead, it 

outputs a mean vector 𝜇𝜙(𝑥𝑖) and a variance vector 𝜎2𝜙(𝑥𝑖). These two 

vectors define a Gaussian distribution from which the latent code can be 

sampled. The latent variable is obtained through the reparameterization 

trick:

𝑧𝑖 = 𝜇𝜙(𝑥𝑖) + 𝜎𝜙(𝑥𝑖)⊙ 𝜀, where 𝜀 ∼ N (0, 𝐼)

This formulation separates the random sampling operation from the 

learnable encoder parameters, allowing the model to be trained with 

gradient-based optimization. The decoder then reconstructs the input 

by defining a likelihood distribution over the reconstructed trajectory 

representation: 𝑝𝜃(𝑥𝑖 ∣ 𝑧𝑖). In practice, the decoder maps the sampled 

latent variable 𝑧𝑖 to a reconstructed output 𝑥̂𝑖, but the probabilistic inter­

pretation is that the decoder models how likely the observed trajectory 

representation is under the sampled latent code. The VAE is trained by 

maximizing the evidence lower bound, or equivalently by minimizing 

the negative evidence lower bound. A common loss form is:

LVAE = 1
𝑁

𝑁
∑

𝑖=1

[

−E𝑞𝜙(𝑧𝑖 ∣𝑥𝑖)
[

log 𝑝𝜃(𝑥𝑖 ∣ 𝑧𝑖)
]

+ 𝛽𝐷KL
(

𝑞𝜙(𝑧𝑖 ∣ 𝑥𝑖) ∥ 𝑝(𝑧)
)

]

(10)

The first term in Eq. (10) is the reconstruction term. It encourages the 

decoder to reconstruct the original trajectory representation from the 

sampled latent variable. The second term is the Kullback–Leibler di­

vergence between the approximate posterior 𝑞𝜙(𝑧𝑖 ∣ 𝑥𝑖) and a prior 

distribution 𝑝(𝑧), usually a standard normal distribution. This KL term 

regularizes the latent space by encouraging the learned posterior dis­

tributions to remain close to the prior. The coefficient 𝛽 controls the 

strength of this regularization. When 𝛽 = 1, the formulation corresponds 

to the standard VAE objective; when 𝛽 is adjusted, the model can trade 

reconstruction fidelity against latent-space regularity.

If the decoder likelihood is assumed to be Gaussian with an identity 

covariance matrix, the reconstruction term is implemented as a squared 

reconstruction error:

− log 𝑝𝜃(𝑥𝑖 ∣ 𝑧𝑖) ∝ ‖𝑥𝑖 − 𝑥̂𝑖‖
2
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Thus, the VAE objective can be interpreted as a reconstruction–

regularization trade-off. The reconstruction term forces the model to pre­

serve information needed to rebuild the trajectory representation, while 

the KL term forces the latent space to follow a smooth and sampleable 

distribution. This is the main mathematical distinction between VAEs 

and deterministic autoencoders. A deterministic autoencoder learns a 

point representation 𝑧𝑖 = 𝑓𝜙(𝑥𝑖), whereas a VAE learns a distribution 

𝑞𝜙(𝑧𝑖 ∣ 𝑥𝑖) and samples from it.

Conditional variational autoencoders extend this formulation by con­

ditioning both the encoder and decoder on additional information 𝑐𝑖. In 

trajectory modeling, 𝑐𝑖 may represent observed trajectory history, agent 

type, map context, road-network information, maneuver class, desti­

nation, neighboring agents, or environmental context. The conditional 

encoder and decoder can be written as:

𝑞𝜙(𝑧𝑖 ∣ 𝑥𝑖, 𝑐𝑖)

and

𝑝𝜃(𝑥𝑖 ∣ 𝑧𝑖, 𝑐𝑖)

The corresponding conditional VAE objective is:

LCVAE = 1
𝑁

𝑁
∑

𝑖=1

[

− E𝑞𝜙(𝑧𝑖 ∣𝑥𝑖 ,𝑐𝑖)
[

log 𝑝𝜃(𝑥𝑖 ∣ 𝑧𝑖, 𝑐𝑖)
]

+ 𝛽𝐷KL
(

𝑞𝜙(𝑧𝑖 ∣ 𝑥𝑖, 𝑐𝑖) ∥ 𝑝(𝑧 ∣ 𝑐𝑖)
)

]

(11)

This conditional form shown in (11) is especially important for trajectory 

prediction, where the future trajectory is not generated from an uncon­

ditional latent space, but from a latent distribution conditioned on the 

observed past and relevant contextual information. In this setting, dif­

ferent samples from the latent distribution can correspond to different 

plausible futures under the same observed history.

Some trajectory studies further extend the VAE prior beyond a single 

standard Gaussian. For example, mixture-based formulations can define 

the prior as:

𝑝(𝑧𝑖) =
𝐾
∑

𝑘=1
𝜋𝑘N (𝜇𝑘,Σ𝑘)

Here, the latent prior is a mixture of 𝐾 Gaussian components, where 

𝜋𝑘 is the weight of component 𝑘, and 𝜇𝑘 and Σ𝑘 are its mean and co­

variance. This type of prior is useful when the trajectory distribution is 

naturally multimodal, such as when vessel routes, pedestrian behaviors, 

or vehicle maneuvers form several distinct latent groups. Compared to 

a single Gaussian prior, a mixture prior can represent multiple modes of 

normal behavior more explicitly.

The main inductive bias of VAE-based architectures is probabilistic 

latent regularization. Unlike feed-forward autoencoders, which learn de­

terministic fixed-vector embeddings, or recurrent autoencoders, which 

learn deterministic sequence representations, VAEs organize the latent 

space as a distribution. This allows the model to sample new latent 

codes, quantify uncertainty, and represent multiple plausible outputs. 

This property is especially valuable in trajectory domains where future 

motion is uncertain, observed data are incomplete, or realistic synthetic 

trajectories are needed.

Across the reviewed literature, VAE-based models appear in sev­

eral roles. In clustering [100], variational formulations can jointly 

learn latent representations and cluster assignments, while separat­

ing cluster-level structure from individual trajectory variation. This is 

useful when the goal is not only to reconstruct trajectories but also 

to organize mobility behaviors into robust latent groups. In anomaly 

detection [101], VAEs learn distributions of normal movement and de­

tect deviations through reconstruction discrepancy, likelihood-related 

scores, or distance between original and generated trajectories. Mixture-

based, context-aware, and graph-enhanced VAE variants further address 

multi-class trajectory distributions, contextual interpretability, and on­

line anomaly detection. In prediction [106], CVAE and timewise VAE 

variants are particularly important because future trajectories are inher­

ently multimodal. Latent sampling allows the model to generate multiple 

plausible futures rather than collapsing them into a single averaged pre­

diction. In generation [22], VAEs provide a natural mechanism for sam­

pling synthetic trajectories from a learned latent distribution, making 

them suitable for data augmentation, simulation, and privacy-sensitive 

mobility modeling.

Compared with deterministic autoencoder families, the main 

strength of VAEs is that they provide a structured and sampleable la­

tent space. Feed-forward, convolutional, and recurrent autoencoders can 

produce useful embeddings, but their latent spaces are not necessarily 

continuous, smooth, or suitable for sampling. A VAE explicitly encour­

ages this structure through KL regularization. This makes VAE-based 

architectures more appropriate when the task requires uncertainty mod­

eling, multimodal output, controlled generation, or distribution-aware 

anomaly scoring. However, this advantage comes with several limi­

tations. The KL regularization can reduce reconstruction sharpness or 

fidelity if it is too strong, while weak regularization can produce a la­

tent space that is less useful for sampling. A simple Gaussian prior may 

also be insufficient for complex or multimodal trajectory distributions, 

motivating Gaussian-mixture, conditional, timewise, or context-aware 

extensions. In addition, VAE performance depends heavily on how the 

trajectory input and conditioning variables are represented. Without ap­

propriate social, spatial, temporal, map, or semantic context, a VAE may 

learn a smooth latent space but still fail to capture the true sources of 

trajectory variation.

For these reasons, VAE-based autoencoders are best understood as 

probabilistic representation-learning models. Their key contribution is 

not only reconstruction, but the construction of a latent distribution that 

can support sampling, uncertainty estimation, and multimodal reason­

ing. This makes them more expressive than deterministic autoencoders 

for generation and prediction, and more distribution-aware for anomaly 

detection and clustering. At the same time, their effectiveness depends 

on the suitability of the latent prior, the balance between reconstruc­

tion and regularization, and the availability of meaningful conditioning 

information for the trajectory task.

6.4.6 . Transformer-based autoencoders

Transformer-based autoencoders extend the autoencoder framework 

by replacing recurrence and local convolution with self-attention. Their 

main inductive bias is global dependency modeling: each token in the in­

put can directly attend to every other token. This is particularly relevant 

for trajectory representation learning when the meaning of a movement 

state depends not only on its local temporal neighborhood, but also on 

distant past states, neighboring agents, map elements, route context, ma­

neuver modes, or long-range spatio-temporal structure. Compared with 

recurrent autoencoders, Transformer-based models do not process tra­

jectory states strictly one step at a time. Compared with convolutional 

autoencoders, they are not restricted to local receptive fields. Instead, 

they learn pairwise relevance among the tokens that define the trajectory 

or trajectory scene.

For a trajectory or trajectory-scene representation, let the input be 

written as a sequence of tokens:

𝑆𝑖 = (𝑠𝑖,1, 𝑠𝑖,2,… , 𝑠𝑖,𝑀𝑖
)

Here, 𝑠𝑖,𝑚 denotes token 𝑚 of sample 𝑖, and 𝑀𝑖 is the number of tokens. 

Depending on the trajectory task, a token may represent a trajectory 

state, a short trajectory segment, an agent, a map element, a lane 

polyline, a spatial grid cell, or a learned patch from a trajectory-map 

representation. Since self-attention alone does not inherently encode or­

der or spatial position, each token is first embedded and combined with 

positional, temporal, semantic, or map-related information:

𝑒𝑖,𝑚 = Emb(𝑠𝑖,𝑚) + 𝑟𝑖,𝑚
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Here, Emb(𝑠𝑖,𝑚) is the learned embedding of the token, while 𝑟𝑖,𝑚 rep­

resents additional information such as position in the sequence, times­

tamp, agent identity, map location, or semantic type. The embedded 

input sequence is therefore:

𝐸𝑖 = (𝑒𝑖,1, 𝑒𝑖,2,… , 𝑒𝑖,𝑀𝑖
)

The core operation of the Transformer encoder is self-attention. For 

the embedded token matrix 𝐸𝑖, the model computes query, key, and 

value representations:

𝑄𝑖 = 𝐸𝑖𝑊𝑄

𝐾𝑖 = 𝐸𝑖𝑊𝐾

𝑉𝑖 = 𝐸𝑖𝑊𝑉

The query matrix 𝑄𝑖 represents what each token is looking for, the key 

matrix 𝐾𝑖 represents what each token offers for comparison, and the 

value matrix 𝑉𝑖 contains the information that will be passed forward af­

ter attention weights are computed. The attention weights are obtained 

through scaled dot-product attention:

𝐴𝑖 = softmax

(

𝑄𝑖𝐾𝑇
𝑖

√

𝑑𝑘

)

Here, 𝐴𝑖 is the attention matrix and 𝑑𝑘 is the dimensionality of the 

key/query vectors. The scaling term 
√

𝑑𝑘 prevents the dot products from 

becoming too large, which stabilizes the softmax operation. Each entry 

of 𝐴𝑖 expresses how strongly one token attends to another token. The 

self-attention output is then:

SA(𝐸𝑖) = 𝐴𝑖𝑉𝑖

This means that each token representation is updated as a weighted com­

bination of the value vectors of all tokens. In trajectory terms, a token 

corresponding to a current movement state can attend to earlier tra­

jectory states, neighboring agents, map elements, or other contextual 

tokens if they are relevant for reconstructing or representing the input.

In practice, Transformers use multi-head attention rather than a 

single attention operation. Multiple attention heads are learned in 

parallel:

head𝑗 = Attention(𝐸𝑖𝑊𝑄,𝑗 , 𝐸𝑖𝑊𝐾,𝑗 , 𝐸𝑖𝑊𝑉 ,𝑗 ), for 𝑗 = 1,… ,𝐻

MultiHead(𝐸𝑖) = Concat(head1, head2,… , head𝐻 )𝑊𝑂

Each head can learn a different type of relationship. In trajectory analy­

sis, one head may emphasize temporal continuity, another may capture 

agent interaction, another may focus on map constraints, and another 

may capture long-range route dependencies. The outputs of all heads 

are concatenated and projected through 𝑊𝑂. A standard Transformer 

encoder block combines multi-head attention with residual connections, 

normalization, and a position-wise feed-forward network:

𝐸′
𝑖 = LayerNorm(𝐸𝑖 + MultiHead(𝐸𝑖))

𝐻𝑖 = LayerNorm(𝐸′
𝑖 + FFN(𝐸′

𝑖 ))

The residual connections help preserve the original token information, 

while layer normalization stabilizes training. The feed-forward network 

applies additional nonlinear transformation to each token representa­

tion after the attention step. After several such blocks, the Transformer 

encoder produces contextualized latent token representations:

𝑍𝑖 = 𝑇𝜃(𝐸𝑖)

Here, 𝑇𝜃  denotes the Transformer encoder with learnable parameters 

𝜃, and 𝑍𝑖 contains the latent representation of all input tokens after 

global attention has been applied. Depending on the specific autoen­

coder design, the latent representation may remain token-wise, or it may 

be pooled into a single global representation:

𝑧𝑖 = Pool(𝑍𝑖)

The token-wise representation 𝑍𝑖 is useful when the decoder recon­

structs the full input sequence token by token, while the pooled represen­

tation 𝑧𝑖 is useful when a compact global trajectory embedding is needed 

for clustering, retrieval, anomaly scoring, or downstream prediction.

The Transformer decoder reconstructs the original token sequence 

from the latent representation. In a general autoencoder form, this can 

be written as:

𝑍̂𝑖 = 𝑇𝜙,dec(𝑍𝑖)

𝑠̂𝑖,𝑚 = 𝑂𝜙(𝑍̂𝑖,𝑚), for 𝑚 = 1,… ,𝑀𝑖

Here, 𝑇𝜙,dec denotes the Transformer decoder, 𝑂𝜙 maps each decoded 

token representation back to the reconstruction space, and 𝑠̂𝑖,𝑚 is the re­

constructed version of the original token 𝑠𝑖,𝑚. The reconstructed sample 

is therefore:

𝑆̂𝑖 = (𝑠̂𝑖,1, 𝑠̂𝑖,2,… , 𝑠̂𝑖,𝑀𝑖
)

The reconstruction objective for a Transformer autoencoder can be 

written as:

LTAE = 1
𝑁

𝑁
∑

𝑖=1

[𝑀𝑖
∑

𝑚=1
𝑑(𝑠𝑖,𝑚, 𝑠̂𝑖,𝑚) + 𝜆R(𝜃, 𝜙,𝑍𝑖)

]

(12)

In Eq. (12) the reconstruction loss is accumulated over tokens. The dis­

tance 𝑑(𝑠𝑖,𝑚, 𝑠̂𝑖,𝑚) depends on the type of token being reconstructed. For 

coordinate or trajectory-state tokens, it may be a displacement error, 

mean squared error, mean absolute error, or geographic distance. For 

map or grid tokens, it may be a reconstruction loss over spatial at­

tributes. For categorical or semantic tokens, it may be a cross-entropy 

loss. The regularization term R(𝜃, 𝜙,𝑍𝑖) may include weight decay, spar­

sity constraints, clustering-oriented constraints, or other task-specific 

penalties.

This formulation shows the main mathematical distinction of 

Transformer autoencoders. Feed-forward autoencoders treat the input as 

a fixed vector, convolutional autoencoders exploit local neighborhoods, 

and recurrent autoencoders propagate information through sequential 

hidden states. Transformer autoencoders instead reconstruct the input 

through globally contextualized token representations. Their latent rep­

resentation is not produced by scanning the trajectory step by step, but 

by allowing all trajectory, agent, and context tokens to interact through 

attention.

Across the reviewed literature, Transformer and attention-based au­

toencoder variants are most relevant when trajectory representations 

depend on long-range or heterogeneous context. In clustering [93], 

attention-based representations can emphasize salient trajectory fea­

tures and reduce the influence of noisy or redundant components before 

clustering. Transformer-based latent representations are particularly 

useful when clusters depend on nonlinear spatio-temporal dependen­

cies rather than only local geometry or raw coordinate similarity. In 

anomaly detection [94], Transformer-based autoencoder variants can 

reconstruct normal multivariate trajectory patterns and identify devia­

tions when abnormality depends on long-range temporal context, speed, 

heading, route progression, or interactions among several trajectory at­

tributes. In prediction [95], masked Transformer autoencoder variants 

use the same self-attention mechanism but train the encoder through re­

construction of hidden trajectory or map tokens, making them useful for 

self-supervised pretraining before downstream forecasting. In recovery 

[99], the same global attention mechanism can relate sparse observed 

points, road-network context, and missing trajectory states, making 
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Transformer-based encoder–decoder variants useful when reconstruc­

tion depends on long-range temporal dependencies or map-conditioned 

reasoning. However, this benefit depends strongly on tokenization, po­

sitional encoding, candidate masking, and the computational cost of 

attention over long trajectories or dense map representations.

Compared with recurrent autoencoders, Transformer-based autoen­

coders are stronger at direct global dependency modeling because 

any token can attend to any other token without passing informa­

tion through a chain of hidden states. This can be advantageous for 

long trajectories, multi-agent scenes, and map-conditioned trajectory 

tasks. Compared with convolutional autoencoders, Transformers are less 

constrained by local spatial neighborhoods and can connect distant 

trajectory states or context elements directly. Compared with varia­

tional autoencoders, however, standard Transformer autoencoders are 

not inherently probabilistic; they require a variational extension if latent 

sampling, uncertainty estimation, or explicit distributional modeling is 

needed. Compared with graph autoencoders, Transformers can model in­

teractions through learned attention weights, but they do not impose an 

explicit relational topology unless agent, road-network, or map structure 

is encoded into the token design.

The main limitation of Transformer-based trajectory autoencoders 

is their dependence on representation design. A Transformer does not 

automatically know which trajectory points, agents, map elements, or 

temporal positions are meaningful. This information must be exposed 

through tokenization, positional encoding, context encoding, attention 

design, and task-specific objectives. In addition, full self-attention has 

quadratic complexity with respect to the number of tokens, which 

can become expensive for long trajectories, dense multi-agent scenes, 

or high-resolution map inputs. The reviewed evidence also suggests 

that many strong Transformer-based trajectory models are not generic 

Transformer autoencoders, but hybrid or task-specific systems. Masked 

autoencoder variants add a self-supervised reconstruction strategy, 

Transformer–VAE variants add probabilistic latent modeling, and some 

Transformer prediction models use encoder–decoder attention without 

being strictly autoencoder-based.

Therefore, Transformer-based autoencoders are best understood as 

global-context representation learners. Their main advantage over feed-

forward, convolutional, and recurrent autoencoders is their ability to 

model long-range dependencies and heterogeneous token interactions 

within a unified architecture. Their main weakness is that this flexi­

bility comes with substantial design dependence: token construction, 

positional encoding, context representation, reconstruction target, and 

computational cost strongly influence the learned latent representa­

tion. In the context of trajectory GeoAI, they are most appropriate 

when the task requires reasoning over long temporal horizons, multi­

ple agents, map structure, or complex contextual relationships, while 

simpler architectures may be sufficient when the task is dominated by 

fixed-vector compression, local spatial reconstruction, or short-range 

sequential dynamics.

6.4.7 . Graph autoencoders

Graph autoencoders extend the autoencoder framework to relational 

trajectory representations. Instead of treating a trajectory as a fixed vec­

tor, image, sequence, or token set, graph-based models represent entities 

and their interactions as nodes and edges. In trajectory analysis, nodes 

may correspond to agents, trajectory points, road-network elements, or 

spatial locations, while edges may represent physical proximity, interac­

tion strength, road connectivity, influence between agents, or inferred 

dynamic relations. This makes graph autoencoders particularly relevant 

when the target behavior cannot be understood from isolated trajectories 

alone, but depends on interaction structure.

For a trajectory scene or relational trajectory sample, let the graph 

be written as:

𝐺𝑖 = (𝑉𝑖, E𝑖)

where 𝑉𝑖 is the set of nodes and E𝑖 is the set of edges. The graph can be 

represented by a node-feature matrix and an adjacency matrix:

𝑋𝑖 = [𝑥𝑖,1, 𝑥𝑖,2,… , 𝑥𝑖,𝑛𝑖 ]

𝐴𝑖 ∈ {0, 1}𝑛𝑖×𝑛𝑖

Here, 𝑥𝑖,𝑣 is the feature vector of node v, 𝑛𝑖 is the number of nodes in 

graph 𝐺𝑖, and 𝐴𝑖 describes which nodes are connected. In trajectory ap­

plications, node features may include position, velocity, acceleration, 

heading, or other agent-level attributes, while the adjacency matrix 

may encode observed, predefined, or learned relationships between 

agents or spatial elements. A graph encoder updates node representa­

tions by aggregating information from neighboring nodes. A common 

message-passing form is:

ℎ(𝑙+1)𝑖,𝑣 = 𝜎

(

𝑊 (𝑙)ℎ(𝑙)𝑖,𝑣 +
∑

𝑢∈N (𝑣)
𝛼(𝑙)𝑖,𝑣𝑢𝑊

(𝑙)
𝑁 ℎ(𝑙)𝑖,𝑢

)

Here, ℎ(𝑙)𝑖,𝑣 is the representation of node 𝑣 at layer 𝑙, N (𝑣) is the set of 

neighboring nodes connected to 𝑣, and 𝛼(𝑙)𝑖,𝑣𝑢 controls the influence of 

neighboring node 𝑢 on node 𝑣. The term 𝑊 (𝑙)ℎ(𝑙)𝑖,𝑣 updates the node using 

its own features, while the summation term aggregates information from 

its neighbors. In simple terms, each node representation is updated using 

both its own movement state and the states of related agents or spatial 

elements.

After several graph-encoding layers, the model obtains latent node 

representations:

𝑍𝑖 = 𝑓𝜃(𝑋𝑖, 𝐴𝑖)

The latent representation 𝑍𝑖 may be used directly as a set of node 

embeddings, or it may be pooled into a graph-level representation:

𝑧𝑖 = Pool(𝑍𝑖)

A graph decoder then reconstructs node features, edges, or both. Node-

feature reconstruction can be written as:

𝑋̂𝑖 = 𝑔𝜙(𝑍𝑖)

while edge or adjacency reconstruction can be written as:

𝐴̂𝑖 = sigmoid(𝑍𝑖𝑍
𝑇
𝑖 )

The adjacency reconstruction equation means that two nodes are pre­

dicted to be connected when their latent representations are similar 

or compatible. A general graph autoencoder objective can therefore be 

written as: 

LGAE = 1
𝑁

𝑁
∑

𝑖=1

[

𝑑𝑋 (𝑋𝑖, 𝑋̂𝑖) + 𝛾𝑑𝐴(𝐴𝑖, 𝐴̂𝑖) + 𝜆R(𝜃, 𝜙,𝑍𝑖)
]

(13)

In objective (13), 𝑑𝑋 (𝑋𝑖, 𝑋̂𝑖) measures node-feature reconstruction error, 

𝑑𝐴(𝐴𝑖, 𝐴̂𝑖) measures edge or adjacency reconstruction error, 𝛾 controls 

the relative importance of structural reconstruction, and R(𝜃, 𝜙,𝑍𝑖)
denotes regularization or a task-specific constraint.

The main inductive bias of graph autoencoders is relational mes­

sage passing. Feed-forward autoencoders assume fixed vector inputs, 

convolutional autoencoders assume local grid-like structure, recurrent 

autoencoders assume temporal sequence structure, and Transformer au­

toencoders learn global token interactions through attention. Graph 

autoencoders instead assume that the relevant structure is explicitly re­

lational: what matters is not only the state of each trajectory or agent, 

but also how nodes influence one another through edges. This makes 

them especially suitable for multi-agent trajectory problems, where ab­

normality or future motion may depend on interaction patterns rather 

than isolated movement histories.
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In the reviewed literature, graph autoencoder evidence appears in 

two main contexts. For anomaly detection [113], spatio-temporal graph 

autoencoders model interacting agents as graph nodes and use rela­

tional structure to detect abnormal multi-agent behavior. The evidence 

suggests that graph-based latent representations are useful when anoma­

lies arise from interactions, such as aggressive or unusual maneuvers 

that may not appear anomalous when an agent is considered alone. 

In this setting, latent-space density estimation can be more effective 

than reconstruction error alone, because normal interaction patterns oc­

cupy high-density regions of the learned latent space, while abnormal 

behaviors appear as low-density outliers. For prediction [98], masked 

graph autoencoder models use graph reconstruction to improve dy­

namic relational inference, especially when future trajectories depend 

on evolving and noisy interactions among multiple agents. For recov­

ery [115], graph-based encoder–decoder models are especially relevant 

when missing trajectory states must remain consistent with relational 

structure, such as road-network topology, spatial-temporal relations be­

tween observed points, or shared travel-flow patterns. Their main caveat 

is that performance depends heavily on graph construction, edge seman­

tics, and the quality of the road-network or contextual information used 

during decoding.

Compared with recurrent and Transformer-based models, graph au­

toencoders provide a more explicit representation of relational structure. 

Recurrent models are strong for temporal dependency modeling, but 

they do not directly encode interaction topology unless additional rela­

tional modules are added. Transformers can learn interactions through 

attention, but the relational structure remains implicit unless it is en­

coded through tokens or attention masks. Graph autoencoders make the 

relational structure part of the model input and learning objective, which 

is useful when agent-agent, location-location, or road-network relations 

are central to the task.

However, the conclusions for graph autoencoders should be inter­

preted cautiously because the reviewed evidence is limited. The avail­

able studies support graph autoencoders mainly for interaction-aware 

anomaly detection and dynamic multi-agent prediction, not for the full 

range of trajectory-analysis tasks. Their effectiveness also depends heav­

ily on graph construction, node-feature design, edge definition, temporal 

windowing, and the choice of scoring or reconstruction objective. In 

particular, the evidence suggests that plain reconstruction error may 

be insufficient in some anomaly-detection settings, while latent-space 

density estimation or masked edge reconstruction can be more use­

ful. Moreover, graph-based methods may be unnecessarily complex for 

single-agent trajectories or tasks where relational structure is weak, 

static, or poorly defined.

Therefore, graph autoencoders are best understood as specialized 

relational autoencoder models. Their main advantage is the ability 

to encode interactions among agents or spatial elements explicitly. 

Their main limitation is that this advantage only materializes when 

the graph structure is meaningful and task-relevant. Given the small 

number of reviewed studies, graph autoencoders should be presented 

as a promising but still underrepresented architecture family for trajec­

tory GeoAI, particularly suitable for multi-agent, interaction-aware, and 

network-structured trajectory problems.

6.4.8 . Summary of cross-architecture differences

Overall, the reviewed architectures differ primarily in the structural 

assumptions they impose on trajectory data. Feed-forward autoencoders 

provide fixed-vector compression, convolutional autoencoders exploit 

local grid-like or image-like structure, recurrent autoencoders model 

temporal order, variational autoencoders impose probabilistic latent 

distributions, Transformer-based autoencoders capture global token in­

teractions, and graph autoencoders encode explicit relational structure. 

These differences indicate that architecture choice should be guided 

less by generic reconstruction accuracy alone and more by the form of 

trajectory structure required by the task.

Table 5 

Property codes used in the architecture–task comparison matrix.

Code Property captured in the comparison

Representational and methodological strengths

LR Learns compact or task-useful latent representations

LS Supports separable, discriminative, or cluster-friendly latent structure

TM Captures temporal or sequential motion dynamics

SS Captures spatial, local, or map-like structure

CI Models context, interactions, environment, or relational structure

UM Supports uncertainty, multimodality, sampling, or generation

EF Improves efficiency, scalability, or operational practicality

UL Supports unlabeled, self-supervised, or weakly labeled learning settings

Caveats and limitations

RD Sensitive to representation, preprocessing, tokenization, or graph construction

RE Affected by reconstruction-error, fidelity, or latent-capacity limitations

HT Sensitive to hyperparameters, thresholds, masking ratios, or cluster number

CA Often requires context, auxiliary modules, or task-specific mechanisms

EV Evaluation, interpretation, ground truth, or benchmarking remains difficult

CD Sensitive to contaminated, noisy, or weakly curated training data

6.5 . Architecture-task comparison

Table 6 summarizes the qualitative relationship between autoen­

coder architecture families and trajectory-analysis tasks using the prop­

erty codes defined in Table 5. The columns LR-UL describe represen­

tational and methodological properties, whereas the columns RD-CD 

describe recurring caveats and limitations. A checkmark (✓) indicates 

that a property or limitation is clearly evidenced or central to the cor­

responding architecture-task relation, a partial mark (±) indicates that 

it is conditional, hybrid, or secondary, and a dash (–) indicates that it 

is not central or not clearly supported by the reviewed evidence. The 

table should therefore be interpreted as a synthesis of methodological 

suitability and recurring architectural behavior, not as a direct per­

formance ranking across models, since the reviewed studies differ in 

datasets, preprocessing pipelines, baselines, evaluation protocols, and 

task definitions.

The comparison shows that different architecture families contribute 

to trajectory analysis through different structural assumptions. Feed-

forward, linear, and related autoencoder variants are most useful when 

trajectories or trajectory-derived quantities can be represented as fixed-

length vectors. Their main contribution is compact latent representation 

learning and computational practicality, especially for compression, 

clustering, anomaly scoring, and some latent-space prediction pipelines. 

However, their usefulness depends strongly on representation design, 

preprocessing, reconstruction fidelity, and, for recovery/reconstruction 

tasks, whether missing trajectory states can be expressed in a fixed-

length or matrix-like form rather than requiring explicit sequential or 

relational reasoning. Convolutional autoencoders become more suit­

able when trajectory information is encoded as local, spatial, map-like, 

image-like, or tensor-based structure. This explains their relevance for 

similarity computation, classification, anomaly detection, and some 

prediction or generation settings, but also explains their sensitivity 

to rasterization, resolution, window construction, and the choice of 

reconstruction target.

Recurrent autoencoders, especially LSTM and GRU variants, are the 

clearest fit when the task depends on temporal ordering and motion 

dynamics. Their strong association with TM across compression, clus­

tering, anomaly detection, similarity computation, recovery, prediction, 

classification, and generation reflects their ability to model trajectories 

as ordered sequences rather than static vectors or images. In the re­

covery rows, this temporal modeling capacity is especially important 

because missing or low-sampling-rate trajectory states must be inferred 

from surrounding sequential context rather than reconstructed from a 

complete input alone. Nevertheless, recurrent models often require ad­

ditional mechanisms when the task depends on context, interactions, 

long-range dependencies, uncertainty, or latent-space separability. VAE 
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Table 6 

Qualitative architecture-task comparison of autoencoder families for trajectory representation learning. Columns LR-UL denote representational and 

methodological properties, while columns RD–CD denote recurring caveats and limitations, as defined in Table 5. A checkmark indicates a central or 

clearly evidenced property, a partial mark indicates a conditional, hybrid, or secondary property, and a dash indicates that the property is not central 

or not clearly supported by the reviewed evidence.

Architecture family Task LR LS TM SS CI UM EF UL RD RE HT CA EV CD

Feed-forward/linear/AE Compression ✓ – – – – – ✓ – ✓ ✓ – – – –

Clustering ✓ ✓ ± – ± – ± ✓ ✓ – ✓ – ✓ –

Anomaly detection ✓ ± ± – ± – ± ✓ ✓ – – – ✓ ✓

Prediction ✓ ± ± – ± ± ✓ ✓ ✓ – ✓ ✓ – –

Recovery/Reconstruction ✓ – ± – ± – ± ✓ ✓ ✓ ± – ✓ ✓

Convolutional AE Compression ✓ ± ± ✓ – ± ± – ✓ ✓ – – – –

Clustering ✓ ✓ – ✓ – – ± ✓ ✓ – ✓ – – –

Anomaly detection ✓ ± ± ✓ ± ± ± ✓ ✓ – ✓ – ✓ ✓

Similarity ✓ – – ✓ – – ✓ ✓ ✓ – – – ✓ –

Prediction ✓ ± ± ✓ ✓ ✓ ± – ✓ – – ✓ – –

Classification ✓ ✓ ± ✓ ± – ± ✓ ✓ – – – ✓ –

Generation ✓ – ✓ ± ± ✓ ± – ✓ – – – ✓ –

LSTM/GRU RNN AE Compression ✓ – ✓ – – – ± – – ✓ – – – –

Clustering ✓ ✓ ✓ – ± – ± ✓ ✓ – ✓ ✓ – –

Anomaly detection ✓ ± ✓ – ± – ± ✓ – – ✓ – ✓ –

Similarity ✓ – ✓ – ± – ✓ ✓ ✓ – – – – –

Prediction ✓ – ✓ – ± ± ± – – – – ✓ – –

Classification ✓ ✓ ✓ – – – ± – ✓ – – – ✓ –

Generation ✓ – ✓ – ± ± ± – – – – ✓ ✓ –

Recovery/Reconstruction ✓ – ✓ ± ± – ± ± ✓ ✓ ✓ ✓ ✓ ✓

Transformer/Attention AE Clustering ✓ ✓ ✓ ± ± ± ± ✓ ✓ – – ✓ ✓ –

Anomaly detection ✓ ± ✓ – ± ± ± ✓ – – ✓ – ✓ ✓

Prediction ✓ – ✓ ✓ ✓ ✓ ✓ ✓ ✓ – ✓ ✓ – –

Recovery/Reconstruction ✓ – ✓ ✓ ✓ – ± ± ✓ ✓ ✓ ✓ ✓ ✓

VAE/CVAE Clustering ✓ ✓ ± ± ✓ ✓ ± ✓ ✓ – ✓ – – –

Anomaly detection ✓ ± ± ± ± ✓ ± ✓ ✓ – ✓ – – ✓

Prediction ✓ – ✓ ± ✓ ✓ ± – ✓ – – ✓ – –

Generation ✓ – ✓ ± ± ✓ ± – ✓ – – – ✓ –

Graph AE Anomaly detection ✓ ± ± ✓ ✓ ± ± ✓ ✓ – – – ✓ –

Prediction ✓ – ± ✓ ✓ – ± ✓ ✓ – – ✓ ✓ –

Recovery/Reconstruction ✓ – ✓ ✓ ✓ – ± ± ✓ ✓ ✓ ✓ ✓ ✓

and CVAE models are distinguished by their probabilistic latent-space 

formulation. This explains their strong association with UM, especially 

in prediction and generation, where multiple plausible futures or syn­

thetic trajectories may be required. Their limitations are mainly related 

to the choice of latent prior, conditioning variables, reconstruction-

regularization balance, and evaluation of generated or probabilistic 

outputs.

Transformer-based autoencoders are most relevant when trajectory 

representation requires global token interaction, long-range dependen­

cies, social context, or map-conditioned reasoning. This explains their 

strong profile in prediction and their partial relevance for clustering, 

anomaly detection, and recovery, especially when trajectory completion 

requires long-range temporal context, map-conditioned reasoning, or 

interactions between observed and missing trajectory states. However, 

their effectiveness depends heavily on tokenization, positional/context 

encoding, masking strategy, and task-specific design. Graph autoen­

coders are the most explicitly relational architecture family. Their 

checkmarks under SS and CI reflect their ability to model node features 

and edge-based interactions among agents, locations, or road-network 

elements. However, because only a small number of reviewed studies 

use graph autoencoders, their conclusions should be interpreted cau­

tiously and primarily as evidence for interaction-aware anomaly detec­

tion, multi-agent prediction, and selected network-constrained recovery 

settings rather than as broad evidence across all trajectory tasks.

The task dimension of the table also reveals important patterns. 

Compression is mainly associated with compact representation learn­

ing and efficiency, but it is constrained by reconstruction fidelity and 

bottleneck capacity. Clustering depends not only on compact latent 

representations but also on latent separability, which explains the in­

clusion of LS and the recurring limitations related to hyperparameters, 

cluster number, and interpretability. Anomaly detection benefits from 

unlabeled or weakly labeled learning because abnormal examples are 

often scarce, but it is sensitive to contaminated training data, threshold­

ing, and the interpretation of reconstruction or latent-space deviations. 

Similarity computation benefits from learned latent spaces that make 

trajectory comparison more efficient, but the usefulness of the learned 

distance still depends on how trajectories are represented. Prediction is 

the most demanding task because it often requires temporal dynamics, 

contextual information, uncertainty, and task-specific auxiliary mech­

anisms. Classification requires discriminative latent structure, while 
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generation requires sampleable or distribution-aware latent represen­

tations and remains difficult to evaluate because realism, diversity, and 

operational validity are not captured by a single metric.

Overall, the table supports the central conclusion that architec­

ture choice should be guided by the structure that must be preserved 

for the target trajectory task. Feed-forward models are appropriate 

for fixed-vector compression and feature learning; convolutional mod­

els are appropriate for local spatial or tensorized trajectory structure; 

recurrent models are appropriate for temporal dynamics; VAE/CVAE 

models are appropriate for uncertainty, multimodality, and generation; 

Transformer-based models are appropriate for global token interactions 

and long-range context; and graph autoencoders are appropriate when 

explicit relational structure is central. At the same time, the limita­

tion columns show that no architecture family is universally preferable. 

Most reviewed methods depend on representation design, task-specific 

objectives, auxiliary context, and domain-specific evaluation, which 

reinforces the need for task-aware architecture selection rather than 

generic autoencoder comparison.

6.6 . Dataset-based metric comparisons and comparability limits

While the preceding analysis compared the reviewed studies in terms 

of task, architecture, and methodological design, an additional question 

is whether their reported results can be compared quantitatively across 

shared datasets. Such a comparison can provide a more concrete view 

of how different autoencoder-based approaches perform under partially 

similar experimental settings. However, this type of metric-level com­

parison is subject to important limitations in trajectory research. The 

use of the same dataset does not necessarily imply that studies follow 

the same task formulation, preprocessing pipeline, prediction horizon, 

supervision setting, sampling strategy, output format, or evaluation met­

ric. Consequently, dataset overlap alone is not sufficient to support a fair 

numerical comparison.

For this reason, the metric-level comparison was limited to dataset 

groups where shared dataset usage was accompanied by sufficient 

alignment in task type and reported metrics. Among the reviewed pa­

pers, the clearest cases were the ETH/UCY and Stanford Drone Dataset 

benchmark family for pedestrian trajectory prediction, and GeoLife 

for transportation mode identification and mobility-behavior cluster­

ing. These datasets recur across multiple reviewed studies and include 

subsets of papers that address broadly comparable tasks with partially 

overlapping evaluation metrics. Even in these cases, the comparison 

should be interpreted cautiously, since differences in preprocessing, su­

pervision, sampling strategy, and metric definitions may still affect the 

reported values.

Other datasets and data sources appear in more than two re­

viewed papers, but were not expanded into detailed performance tables 

because frequency of use alone does not guarantee comparability. 

NGSIM is a representative example. Although it is widely used, it is 

better treated here as a traffic trajectory data source rather than a 

single standardized benchmark protocol. The reviewed NGSIM-based 

papers use different subsets, preprocessing choices, prediction hori­

zons, and task formulations, including trajectory compression, vehicle 

trajectory prediction, maneuver-aware forecasting, and communication-

oriented spatio-temporal compression. A direct metric-level table would 

therefore risk comparing methods that solve substantially different

problems.

A similar limitation applies to recurring benchmarks such as 

TrajNet++, highD, and Porto Taxi. Although these datasets provide 

useful evidence of dataset adoption in the reviewed literature, the cor­

responding studies differ in task setting, metric definition, evaluation 

protocol, or reported output. They are therefore discussed as examples 

of heterogeneous benchmark usage rather than as direct performance 

comparisons. This distinction is important because meaningful metric 

comparison requires alignment not only in dataset name, but also in 

task, evaluation horizon, output format, and reported metrics. Based on 

these selection criteria, the following subsubsections present the detailed 

metric-level comparisons for the ETH/UCY-SDD pedestrian trajectory 

benchmark family and for GeoLife.

6.6.1 . ETH/UCY and SDD dataset-based prediction comparison

The ETH/UCY benchmark group and the Stanford Drone Dataset 

(SDD) provide the clearest opportunity for metric-level comparison 

among the reviewed trajectory prediction studies, since several pa­

pers evaluate pedestrian trajectory forecasting under broadly simi­

lar observation-prediction settings. Table 7 summarizes the reported 

ADE/FDE values for the reviewed papers that use at least one of these 

benchmarks. However, the table should not be interpreted as a strict 

leaderboard. The comparison is affected by three main factors: (i) not all 

methods evaluate on both ETH/UCY and SDD; (ii) some papers introduce 

additional sampling or post-processing strategies, such as final-position 

clustering, which improve best-of-(K) displacement errors but change 

the inference procedure; and (iii) some studies report additional proba­

bilistic or environment-aware metrics, such as NLL, Brier-ADE/FDE, or 

collision-related measures, which are not consistently available across 

all papers. For this reason, the final column marks the metric compa­

rability of each row or reported variant: A denotes direct comparison 

under broadly aligned benchmark and metric settings, B denotes partial 

comparison due to dataset coverage, sampling strategy, post-processing, 

or additional evaluation differences, and C denotes contextual evidence 

only. When a row reports multiple variants, the main label refers to 

the non-marked result, while daggered values (†) are assigned the tier 

indicated in the final column. Asterisked values (∗) indicate an addi­

tional unit or protocol caveat and should be interpreted according to 

the corresponding table note.

Table 7 

Metric-level comparison on shared pedestrian trajectory prediction benchmarks. Values are reported as ADE/FDE where available; ETH/UCY values are in meters 

unless otherwise marked, while SDD values are in pixels. The final column indicates metric comparability: A = directly comparable, B = partially comparable, and 

C = contextual only. (†) denotes the SocialVAE final-position clustering variant, treated as B due to post-processing; (∗) denotes normalized-pixel values rather than 

the meter-based ETH/UCY convention.

Ref. Method Architecture Family ETH/UCY (avg.) SDD Additional metrics/variants Metric 

comparability

[70] AFC-RNN RNN + adaptive forgetting 

controller

0.19/0.32 7.17/11.44 — A

[112] SocialVAE Timewise VAE + GRU 0.24/0.42 0.21/0.33† 8.88/14.81 8.10/11.72† FPC: 0.21/0.32–0.33 

ETH/UCY; 8.10/11.72 SDD; 

NLL

A †: B

[98] TUTR Transformer encoder-decoder 0.21/0.36 7.76/12.69 brier-ADE/FDE A

[110] MUSE-VAE Multi-scale CVAE — 6.36/11.10 KDE NLL, ECFL B

[111] Multimodal 

CVAE/Trajectron++
CVAE + spatio-temporal graph 

RNN

0.21/0.41 — BoN ADE/FDE, KDE NLL B

[79] RNN encoder-decoder + ST 

Att.

RNN encoder-decoder + so­

cial/physical attention

0.144/0.286* — Normalized-pixel ADE/FDE C
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Table 8 

Metric-level comparison of GeoLife-based classification studies. The comparison is limited because the 

methods differ in supervision regime, preprocessing, segmentation, and metric reporting. B denotes 

partial comparability within the same broad task and data source.

Ref. Method Architecture family Accuracy Weighted 

F-measure

Metric 

comparability

[56] SECA Semi-supervised convolutional 

autoencoder + CNN classifier

0.768 0.764 B

[21] Dual-CSA Dual CNN-based supervised autoencoder 

with predefined class centroids

0.89475 — B

Table 9 

Metric-level comparison of GeoLife-based trajectory clustering studies. Daggered DETECT values are taken from the VAMBC comparison table and are therefore 

directly comparable with VAMBC under NMI, ARI, and ACC. Asterisked uRSAA values correspond to a filtered three-class GeoLife subset containing bike, bus, and 

car trajectories. A = directly comparable, B = partially comparable, and C = contextual only.

Ref. Method Architecture family RI MI Purity FMI NMI ARI ACC/Accuracy Class P/R/F1 Metric comparability

[35] DETECT RNN autoencoder + em­

bedded clustering 

refinement

0.76 1.26 0.89 0.81 0.644† 0.646† 0.800† — A†/B

[100] VAMBC Variational sequence 

clustering

— — — — 0.697 0.700 0.825 — A

[97] uRSAA U-type robust sparse 

autoencoder + attention

— — — — — — 68.3∗ Bike: 0.57/0.52/0.54 

Bus: 0.64/0.95/0.76 Car: 

0.98/0.58/0.73

C

The strongest direct comparison is obtained for AFC-RNN, 

SocialVAE, and TUTR, which all report ADE/FDE on both ETH/UCY 

and SDD. Their results show that recent RNN-based, VAE-based, and 

Transformer-based designs all achieve competitive performance on 

standard pedestrian trajectory prediction benchmarks, with differences 

increasingly shaped by how multimodality is handled. SocialVAE im­

proves its displacement errors when final-position clustering is applied, 

while TUTR explicitly avoids inference-time post-processing and in­

stead reports probability-aware Brier metrics alongside ADE/FDE. AFC-

RNN, by contrast, focuses on improving recurrent temporal modeling 

through adaptive forgetting control. These differences suggest that sim­

ilar ADE/FDE values may correspond to different practical trade-offs 

in inference cost, probabilistic interpretability, and multimodal sample 

selection.

The remaining rows are useful but less directly comparable. MUSE-

VAE overlaps with this group mainly through SDD and emphasizes 

environment-aware forecasting using metrics such as KDE NLL and 

ECFL. The Multimodal CVAE/Trajectron++ study provides relevant 

generative-model evidence on ETH/UCY, but its results are reported in a 

broader best-of-(N) and likelihood-oriented evaluation setting. Finally, 

the RNN encoder-decoder with spatio-temporal attention is included 

as contextual evidence because its reported values use a normalized-

pixel scale rather than the meter-based ETH/UCY convention used in 

later studies. Overall, this benchmark group supports a cautious but 

meaningful comparison: ADE/FDE remains the most common basis for 

cross-paper evaluation, but architectural conclusions should be drawn 

together with the associated sampling strategy, uncertainty modeling, 

and metric protocol.

6.6.2 . GeoLife dataset-based classification and clustering comparisons

GeoLife appears in the reviewed literature under different task for­

mulations, and therefore it is separated here into two metric-comparison 

groups. The first group concerns transportation mode identification or 

classification, where the objective is to assign trajectory segments to 

transport modes such as walking, biking, bus, driving, or train. The 

second group, discussed separately, concerns trajectory or mobility-

behavior clustering, where the objective is to discover behavioral groups 

from trajectory representations rather than predict predefined transport 

labels. This separation is necessary because the same data source does 

not imply a shared evaluation protocol: the studies differ in supervision 

regime, segmentation strategy, feature construction, and reported met­

rics. A further GeoLife-based study addresses missing trajectory recovery 

rather than classification or clustering, using segmented GeoLife tra­

jectories with artificially constructed missing points and evaluating 

reconstruction accuracy under different missing-rate configurations. 

Because its objective, output format, and metrics are centered on coordi­

nate recovery rather than transport-mode prediction or mobility-pattern 

clustering, it is not included in the metric-level GeoLife comparisons in 

Tables 8 and 9.

Table 8 summarizes the two GeoLife-based studies that address trans­

portation mode identification or classification. Both methods rely on 

autoencoder-based representation learning, but they use different learn­

ing strategies. SECA combines a convolutional autoencoder with a CNN 

classifier in a semi-supervised framework, using both labeled and unla­

beled GPS trajectory segments. Dual-CSA instead uses a dual supervised 

autoencoder with predefined class centroids, combining recurrence-plot 

features and feature-segment representations to improve class separa­

tion in the latent space.

The results show that Dual-CSA reports a higher GeoLife accuracy 

than SECA. However, this comparison should be interpreted cautiously 

rather than as a strict leaderboard. SECA is evaluated under a semi-

supervised setting with varying proportions of labeled data and reports 

both accuracy and weighted F-measure, while Dual-CSA reports its best 

GeoLife accuracy and provides class-level classification information but 

does not report a directly equivalent weighted F-measure summary. For 

this reason, both rows are assigned metric comparability level B: they 

share the same broad task and GeoLife data source, but differ in training 

protocol, preprocessing, and metric reporting.

The second GeoLife comparison concerns trajectory clustering and 

mobility-behavior clustering. Unlike the transportation mode identifica­

tion studies, these methods do not primarily classify trajectory segments 

into predefined transport modes. Instead, they learn trajectory repre­

sentations and group trajectories according to latent mobility patterns, 

contextual transitions, or movement behavior. Table 9 summarizes the 

reported GeoLife results for the reviewed clustering-oriented studies.

The most comparable pair is DETECT and VAMBC. Both ad­

dress mobility-behavior clustering from context-enriched trajectory se­

quences, where raw trajectories are transformed through stay-point 

extraction and nearby geographic context before clustering. DETECT 

reports its original GeoLife results using RI, MI, Purity, and FMI, while 
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VAMBC re-evaluates DETECT alongside other baselines using NMI, ARI, 

and ACC. For this reason, the DETECT row includes both the originally 

reported metrics and the VAMBC-table metrics, with daggered values 

indicating the latter. This makes the DETECT-VAMBC comparison more 

informative than comparing DETECT’s original metrics directly against 

VAMBC’s metrics.

The uRSAA row is included as contextual evidence rather than as 

a direct comparison. Although it also uses GeoLife, it evaluates tra­

jectory clustering on a filtered three-class subset containing bike, bus, 

and car trajectories, with 100 trajectories sampled for each class. Its 

reported precision, recall, F1, and accuracy therefore reflect a nar­

rower transportation-category clustering setup rather than the six-class 

mobility-behavior setting used by DETECT and VAMBC. Overall, the 

GeoLife clustering group shows that shared use of GeoLife can support 

meaningful comparison when task and metric protocols are aligned, but 

it also reinforces the need to distinguish mobility-behavior clustering 

from more restricted trajectory-category clustering.

6.7 . Practitioner guidelines for architecture selection

The preceding comparisons indicate that autoencoder architecture 

selection should begin with the structure of the trajectory problem rather 

than with architecture popularity alone. In practice, the most important 

questions are: what form the trajectory representation takes, what in­

formation must be preserved in the latent space, whether uncertainty or 

multimodality is central to the task, and whether the application requires 

explicit modeling of context or interactions. Therefore, practitioners 

should treat the architecture families discussed above as complementary 

design choices rather than as universally ranked alternatives.

A first guideline is to match the model backbone to the input 

representation. If trajectories are represented as fixed-length vectors, 

handcrafted features, or flattened windows, feed-forward or linear au­

toencoders provide a simple and computationally practical baseline. 

They are appropriate when compact representation learning is the main 

objective, but they should not be expected to recover temporal, spatial, 

or relational structure unless that information is already encoded in the 

input features. If trajectories are transformed into raster images, recur­

rence plots, gridded maps, occupancy fields, or multichannel tensors, 

convolutional autoencoders are more appropriate because they exploit 

local spatial or tensor-based structure. However, their effectiveness de­

pends strongly on the quality of the trajectory-to-grid transformation, 

resolution, and reconstruction target. If the trajectory is naturally repre­

sented as an ordered sequence, recurrent autoencoders, especially LSTM 

or GRU variants, are usually the most direct choice because they model 

temporal dependencies and variable-length movement histories more 

naturally than fixed-vector or image-based models.

A second guideline is to match the latent-space behavior to the 

task objective. Compression requires compactness and reconstruction 

fidelity, so simple feed-forward, linear, convolutional, or recurrent 

autoencoders may be sufficient depending on whether the input is 

vector-based, image-based, or sequential. Clustering requires not only 

compact latent representations but also separable and interpretable la­

tent structure; therefore, practitioners should consider clustering-aware 

objectives, contrastive losses, mixture priors, or post-hoc clustering 

validation rather than relying on reconstruction loss alone. Anomaly 

detection is suitable for reconstruction-based or density-based autoen­

coders when normal behavior can be learned from mostly clean data, 

but it requires careful threshold calibration and inspection of false 

positives, especially when the training data may contain undetected 

anomalies. Similarity computation benefits from latent spaces that pre­

serve pairwise trajectory relationships and reduce computational cost, 

but the chosen representation must match the intended notion of simi­

larity, such as route geometry, temporal behavior, activity semantics, or 

network proximity.

A third guideline is to use probabilistic and context-aware 

models when deterministic reconstruction is insufficient. For trajectory 

prediction and generation, future movement is often uncertain and 

multimodal. In such cases, VAE or CVAE-based models are preferable 

because they provide sampleable latent distributions and can represent 

multiple plausible outcomes. Conditional variants are especially useful 

when predictions depend on observed history, map context, destination, 

agent type, or neighboring agents. Transformer-based autoencoders are 

appropriate when the task requires long-range dependency modeling or 

heterogeneous token interactions, such as joint reasoning over trajec­

tories, maps, and social context. However, their performance depends 

heavily on tokenization, positional encoding, masking strategy, and 

computational budget. Graph autoencoders should be considered when 

the core structure of the problem is relational, such as interaction-aware 

anomaly detection, multi-agent prediction, or road-network-based rea­

soning. Because graph autoencoders remain underrepresented in the 

reviewed literature, they should currently be considered carefully and 

with high task specificity in mind.

A fourth guideline is to begin with the simplest architecture that 

matches the dominant structure of the task and add complexity only 

when the task requires it. For example, a fixed-vector compression 

problem does not necessarily require a Transformer or graph autoen­

coder. A short-horizon sequence prediction problem may be adequately 

handled by an LSTM or GRU, while a long-horizon, interaction-aware, 

map-conditioned prediction problem may require a CVAE, Transformer, 

graph module, or hybrid architecture. Similarly, if the main challenge 

is uncertainty or multimodality, adding a variational mechanism may 

be more important than changing the entire backbone. If the main chal­

lenge is local spatial structure, convolutional encoding may be more 

useful than attention. If the main challenge is explicit agent-agent or 

road-network relation modeling, graph-based representation becomes 

more relevant.

Finally, practitioners should evaluate architecture choice using task-

aligned metrics rather than reconstruction loss alone. Compression 

should be assessed through both compression ratio and reconstruction 

fidelity; clustering should combine quantitative validity indices with 

domain interpretability; anomaly detection should examine threshold 

sensitivity, false alarms, and contamination of normal training data; 

prediction should report displacement error together with uncertainty 

or multimodality when applicable; and generation should evaluate re­

alism, diversity, and operational plausibility. When shared benchmarks 

exist, reported metrics can provide useful supporting evidence, but they 

should not override representation and task suitability, especially when 

preprocessing pipelines, prediction horizons, and evaluation protocols 

differ across studies.

7 . Available resources

This section summarizes practical resources that support research on 

autoencoder-based trajectory GeoAI. Section 7.1 first reviews publicly 

available datasets used for trajectory analysis and related GeoAI tasks, 

highlighting their application domains, data types, and availability. 

Section 7.2 then presents relevant software resources, including model 

implementations, trajectory-analysis repositories, simulation tools, and 

general-purpose frameworks that can support experimentation, evalua­

tion, and future method development.

7.1 . Public datasets

Publicly available datasets play a critical role in the development 

and evaluation of trajectory analysis methods, as they enable repro­

ducibility and facilitate fair comparison between approaches. In the 

context of GeoAI and autoencoder-based models, these datasets span a 

wide range of domains, including transportation, human mobility, au­

tonomous driving, aviation, and maritime navigation. Many of the works 

reviewed in this paper rely on such established benchmarks, which have 

become standard for evaluating tasks such as trajectory prediction, clus­

tering, and anomaly detection. Table 10 provides an overview of the 

most relevant datasets used in this domain, categorized by application 
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Table 10 

Publicly available datasets.

Dataset Domain Type Availability Source

T-Drive Taxi/Urban Mobility Real Public [66]

Porto Taxi (ECML 

PKDD 2015)

Taxi/Urban Mobility Real Public [68]

GeoLife Human Mobility Real Public [36–38]

SHL Dataset Human Mobility Real Public [55]

NGSIM Vehicle Real Public [51]

highD Vehicle Real Public 

(request)

[62]

inD Vehicle Real Public 

(request)

[107]

INTERACTION Autonomous Driving Real Public [42]

Argoverse Motion 

Forecasting

Autonomous Driving Real Public [96]

Argoverse 2 Motion 

Forecasting

Autonomous Driving Real Public [43,44]

Waymo Open Motion Autonomous Driving Real Public 

(request)

[45]

nuScenes Autonomous Driving Real Public [109]

KITTI Autonomous Driving Real Public [169]

ApolloScape Autonomous Driving Real Public [170]

ETH Pedestrians Pedestrian Real Public [71]

UCY Pedestrians Pedestrian Real Public [72]

Stanford Drone 

Dataset (SDD)

Pedestrian/Multi-agent Real Public [73]

JAAD Pedestrian/Vehicle Real Public [76,77]

PIE Pedestrian/Vehicle Real Public [78]

TrajNet++ Pedestrian Real Public [60]

OpenSky Network Aviation Real Public [168]

MarineCadastre AIS Maritime Real Public [105]

SUMO Traffic (LuST) 

Scenario

Synthetic Synthetic Public [171]

Edinburgh Informatics 

Forum

Pedestrian/Outdoor Real Public [81]

area, data type, and availability. Official sources are provided through 

citations; in addition, alternative sources are included where neces­

sary to facilitate dataset retrieval when official sources are temporarily 

unavailable or difficult to access.

At the same time, a significant portion of the literature makes 

use of custom datasets, often constructed by collecting raw data from 

publicly available platforms, such as the OpenSky Network [168], or 

from domain-specific sensing systems, followed by task-specific prepro­

cessing. Consequently, even when common data sources are used, the 

resulting datasets may differ substantially across studies, limiting direct 

comparability. The datasets included in Table 10 are not restricted solely 

to those explicitly used in the reviewed papers. Widely adopted and well-

established benchmarks have also been incorporated to provide a more 

comprehensive overview of the field.

7.2 . Software and frameworks

A range of publicly available software resources supports trajectory 

analysis tasks, including model implementations, simulation tools, and 

general-purpose frameworks.  Table 11 summarizes the most relevant 

resources identified in this work, covering both repositories associated 

with the methods reviewed in this paper and additional tools for tra­

jectory synthesis and model development. The listed implementations 

span tasks such as prediction, clustering, classification, anomaly detec­

tion, similarity computation, and generation, while simulation platforms 

enable controlled data generation and experimentation. Together, these 

resources provide practical support for developing, evaluating, and 

extending trajectory-based approaches.

8 . Emerging paradigms beyond autoencoders for trajectory GeoAI

Recent GeoAI research has increasingly explored paradigms that fall 

outside the core taxonomy of autoencoder-based trajectory representa­

tion learning considered in this survey. This section briefly discusses two 

adjacent directions: emerging trajectory modeling approaches beyond 

autoencoders, such as diffusion models, flow matching, and LLM-based 

methods, and broader remote sensing GeoAI developments based on 

masked autoencoding, self-supervised learning, hyperspectral founda­

tion models, and multimodal Earth-observation models. These works 

are not all part of the analyzed trajectory-autoencoder corpus, but they 

help contextualize the role of autoencoders within the wider evolution 

of GeoAI representation learning.

8.1 . Emerging trajectory modeling paradigms beyond autoencoders

This subsection discusses trajectory-centered paradigms that have re­

cently emerged beyond conventional autoencoder-based representation 

learning. It focuses on diffusion models, flow matching, and LLM-based 

approaches, emphasizing how these methods address trajectory gener­

ation, prediction, reasoning, simulation, and modeling, and how they 

relate to the autoencoder-based methods reviewed in this survey.

8.1.1 . Diffusion models for trajectory generation and multimodal prediction

Diffusion models represent one of the most important recent gener­

ative paradigms for trajectory analysis, particularly in tasks where the 

objective is to model uncertainty, generate realistic movement samples, 

or produce multiple plausible future trajectories. Unlike autoencoder-

based models, which typically learn a compact latent representation and 

reconstruct or decode trajectories from that representation or use a prob­

abilistic latent-space formulation, diffusion models formulate generation 

as a gradual denoising process. In this setting, trajectory samples are 

progressively corrupted with noise during training, while generation is 

performed by learning the reverse process that transforms random noise 

into realistic trajectories. This formulation is especially relevant for tra­

jectory data because movement behavior is inherently stochastic, and 

many trajectory tasks require modeling not only one expected output, 

but a distribution of plausible mobility patterns.

A first group of diffusion-based studies focuses on synthetic trajec­

tory generation and human mobility simulation. DiffTraj [174] applies 

a diffusion probabilistic model to GPS trajectory generation, aiming to 

produce privacy-preserving synthetic trajectories that retain the spatial-

temporal properties and utility of real data. The model reconstructs 

geographic trajectories from white noise through a reverse denoising 

process and introduces a Traj-UNet architecture to incorporate condi­

tional information during generation. In this sense, DiffTraj extends 

earlier VAE- and GAN-based trajectory generation approaches by di­

rectly modeling the trajectory distribution through iterative denoising 

rather than relying on a single latent bottleneck or adversarial training. 

Building on this direction, ControlTraj [175] introduces a topology-

constrained diffusion framework for controllable trajectory generation. 

Its main contribution is the integration of road-network structure into 

the generative process through a masked road-segment autoencoder and 

a geographic denoising UNet, allowing generated trajectories to follow 

topological constraints and adapt to new urban environments. This is 

particularly relevant from a GeoAI perspective, because it shows that 

diffusion-based trajectory generation can be conditioned not only on 

trip-level attributes, but also on explicit geographic structure.

A related but broader mobility-oriented direction is represented by 

Ref. [176], which models human mobility simulation as a trajectory 

generation process based on uncertainty reduction. Rather than focus­

ing only on coordinate-based trajectory synthesis, the method addresses 

discrete location-index trajectories and aims to learn a universal mo­

bility pattern from a trajectory dataset. The model is evaluated not 

only for generation, but also through zero-shot trajectory prediction 

and reconstruction, suggesting that diffusion-based generation can serve 

as a more general mobility representation mechanism. This point is 

important for the present survey because it connects diffusion mod­

els to the broader question of generalizable trajectory representation 

learning. Whereas autoencoders usually learn representations through 

reconstruction objectives, TrajGDM suggests that iterative generative 
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Table 11 

Official and Community Software implementations for trajectory Analysis.

Project Task Ref. Source

Trajectory clustering via deep representation learning Clustering [11] [GitHub]

Outlier Vehicle Trajectory Detection Using Deep Autoencoders in Santiago, Chile Anomaly Detection [34] [GitHub]

A Denoising Hybrid Model for Anomaly Detection in Trajectory Sequences Anomaly Detection [16] [GitHub]

Deep Representation Learning for Trajectory Similarity Computation Similarity Computation [13] [GitHub]

PoPPL: Pedestrian Trajectory Prediction by LSTM With Automatic Route Class Clustering Prediction [80] [GitHub]

Vehicles Trajectory Prediction Using Recurrent VAE Network Prediction [82] [GitHub]

Dual Supervised Autoencoder Based Trajectory Classification Using Enhanced Spatio-Temporal Information Classification [21] [GitHub]

Semi-Supervised Deep Learning Approach for Transportation Mode Identification Using GPS Trajectory Data Classification [56] [GitHub]

Pedestrian Trajectory Prediction Based on Deep Convolutional LSTM Network Prediction [20] [GitHub]

Context-Aware Timewise VAEs for Real-Time Vehicle Trajectory Prediction Prediction [108] [GitHub]

Deep generative modelling of aircraft trajectories in terminal maneuvering areas Generation [58] [GitHub]

Exploring Dynamic Context for Multi-path Trajectory Prediction Prediction [59] [GitHub]

SocialVAE: Human Trajectory Prediction using Timewise Latents Prediction [112] [GitHub]

Simulation of Urban MObility (SUMO) Trajectory Synthesis [172] [Link]

Multi-Agent Transport Simulation (MATSim) Transport Simulation – [Link]

Open-Source Simulator for Autonomous Driving (CARLA) Driving Simulation [173] [Link]

Autoencoder Implementation Library (pytorch) Autoencoder models – [GitHub]

Autoencoder Implementation Library (keras) Autoencoder models – [GitHub]

Autoencoder Implementation Framework (pytorch) Autoencoder models – [GitHub]

modeling may also capture transferable mobility structures that can 

support multiple trajectory tasks.

A second group of diffusion-based studies focuses on stochastic 

trajectory prediction, especially in pedestrian and interaction-aware en­

vironments. The method presented in Ref. [177] formulates pedestrian 

trajectory prediction as a reverse process of motion indeterminacy dif­

fusion, where future motion is generated by progressively reducing 

uncertainty from ambiguous walkable areas toward plausible future tra­

jectories. This differs from many earlier stochastic prediction methods 

based on GANs or CVAEs, where multimodality is often represented 

through a latent variable. Instead, MID explicitly models the transi­

tion from indeterminate to determinate motion using a diffusion process 

conditioned on observed trajectories and social interactions. However, 

the iterative nature of diffusion introduces an important computa­

tional limitation, since many denoising steps may be required during 

inference. Leapfrog [178] addresses this limitation by introducing a 

leapfrog initializer that directly estimates an expressive intermediate 

denoised distribution, thereby skipping many denoising steps while 

maintaining diverse and accurate predictions. Taken together, MID and 

Leapfrog illustrate both the strength and the main practical challenge 

of diffusion-based trajectory prediction: diffusion models can represent 

complex multimodal future distributions, but their deployment depends 

on reducing the cost of iterative sampling.

In autonomous-driving and multi-agent settings, diffusion models 

have also been used to model joint future distributions and control­

lable prediction scenarios. MotionDiffuser [179] represents the future 

trajectories of multiple agents as a joint distribution learned through 

conditional diffusion. Instead of predicting each agent independently, 

the model uses a permutation-invariant denoiser to generate consistent 

multi-agent futures, while also supporting constrained sampling through 

differentiable cost functions. This makes diffusion particularly attractive 

for interaction-aware trajectory modeling, where plausible futures must 

respect not only individual motion histories but also agent-agent interac­

tions, road context, and possible physical constraints. SingularTrajectory 

[180] extends the use of diffusion toward a more general trajectory 

prediction setting by unifying different prediction protocols within a 

shared Singular space and refining adaptive prototype paths through 

a diffusion-based predictor. Its emphasis on generality across stochastic, 

deterministic, domain-adaptation, momentary-observation, and few-

shot settings further highlights the role of diffusion models as flexible 

generators of future motion rather than task-specific predictors.

Overall, diffusion-based trajectory models complement autoencoder-

based methods rather than replacing them. Autoencoders remain par­

ticularly effective for compact representation learning, reconstruction, 

anomaly scoring, clustering, similarity computation, and efficient latent-

space operations. Diffusion models, in contrast, are especially suitable 

when the goal is high-fidelity generation, multimodal prediction, con­

trollable sampling, or synthetic trajectory simulation. Their strengths are 

most visible in tasks where many plausible outputs exist, such as GPS tra­

jectory generation, human mobility simulation, pedestrian forecasting, 

and multi-agent autonomous-driving prediction. At the same time, their 

dependence on iterative denoising introduces computational overhead, 

and their effectiveness often depends on the quality of conditioning in­

formation, such as road topology, social context, environmental maps, or 

agent interactions. This creates a natural transition toward flow match­

ing, which has recently emerged as a related generative paradigm aiming 

to retain the distribution-modeling benefits of diffusion while improving 

sampling efficiency.

8.1.2 . Flow matching for efficient generative trajectory modeling

Flow matching has recently emerged as a closely related alternative 

to diffusion-based generative modeling, with particular relevance for 

trajectory tasks that require both multimodal generation and efficient 

inference. While diffusion models generate trajectories through iterative 

denoising, flow matching learns a time-dependent vector field that trans­

ports samples from a simple source distribution, such as Gaussian noise, 

toward the target data distribution. Foundational work on flow match­

ing introduced this paradigm as a simulation-free training framework for 

continuous normalizing flows, showing that conditional flow matching 

can regress tractable per-sample vector fields without explicitly esti­

mating an intractable marginal vector field [181]. This formulation 

also connects flow matching to diffusion, since diffusion paths can be 

treated as a special case, while optimal transport-based paths can de­

fine straighter transformations that are often more efficient to integrate 

[181,182]. From the perspective of trajectory analysis, this is impor­

tant because it directly targets one of the main limitations identified in 

diffusion-based trajectory models: the cost of repeated denoising steps 

during inference.

The first trajectory-oriented applications of flow matching empha­

size this efficiency advantage. T-CFM [183] applies conditional flow 

matching to trajectory forecasting and generation, unifying prediction 

and planning within a common generative formulation. Instead of recon­

structing trajectories through a long denoising chain, the model learns 

a time-varying vector field that maps noisy trajectory samples toward 

feasible future trajectories or plans. This allows the same framework to 

be evaluated across adversarial tracking, aircraft trajectory forecasting, 

and long-horizon planning. In comparison with diffusion-based trajec­

tory generation, the main contribution of T-CFM is therefore not a 
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different trajectory representation, but a more efficient generative mech­

anism that preserves multimodal sample quality while substantially 

reducing sampling cost. This makes flow matching particularly relevant 

for robotic and mobility applications where trajectory generation must 

support real-time decision-making.

More recent flow-matching models adapt this principle to multi­

modal human and traffic trajectory prediction. MoFlow [184] focuses 

on human trajectory forecasting and explicitly addresses two limita­

tions of diffusion-style sampling: independently sampled futures may 

fail to cover diverse modes coherently, and iterative ODE or denoising-

based sampling remains expensive. To address this, MoFlow predicts 

multiple future trajectories jointly and introduces a flow-matching loss 

that encourages at least one prediction to match the ground truth while 

maintaining diversity across the full set of predicted futures. Its IMLE-

based distillation further converts the teacher flow model into a one-step 

student model, showing how flow-based trajectory predictors can pre­

serve multimodality while becoming suitable for faster deployment. 

TrajFlow [185] extends similar ideas to large-scale autonomous-driving 

motion prediction. It formulates multimodal motion forecasting as a 

flow-matching problem conditioned on agent history and road-map con­

text, but differs from independent and identically distributed generative 

sampling by producing multiple plausible trajectories in a single pass. Its 

use of confidence ranking and self-conditioning further highlights a key 

practical concern in trajectory forecasting: efficient generation alone is 

insufficient unless predicted trajectories are also coherent, diverse, and 

reliably ranked for downstream decision-making.

Overall, flow matching occupies an intermediate position between 

autoencoder-based trajectory representation learning and diffusion-

based generative modeling. Like diffusion, it is well suited to multimodal 

prediction and generative trajectory modeling; however, it replaces it­

erative stochastic denoising with learned probability flows that can 

often be sampled with fewer function evaluations. Compared with au­

toencoders, flow-matching methods are less focused on compact latent 

reconstruction and more focused on transporting distributions between 

noise and realistic trajectory futures. Therefore, their most immediate 

relevance lies in efficient trajectory forecasting, long-horizon planning, 

and multimodal motion generation rather than in compression, anomaly 

scoring, or similarity-based trajectory retrieval. At the same time, flow 

matching remains an emerging direction in trajectory GeoAI, with most 

current applications concentrated in robotics, pedestrian forecasting, 

and autonomous-driving motion prediction. Future work could explore 

hybrid designs in which autoencoder-derived latent trajectory repre­

sentations or geographic context embeddings condition flow-matching 

models, combining the representational compactness of autoencoders 

with the efficient multimodal generation of flow-based models.

8.1.3 . LLM-based trajectory modeling and semantic reasoning

Large Language Model (LLM)-based methods represent a different 

emerging direction from diffusion and flow-matching models. Rather 

than focusing primarily on reconstructing trajectories, denoising sam­

ples, or transporting probability distributions, LLM-based approaches 

aim to exploit semantic knowledge, contextual reasoning, natural-

language interfaces, and generalization capabilities. This makes them 

particularly relevant for trajectory tasks where movement data must be 

interpreted in relation to human intentions, activity semantics, traffic 

rules, scene context, or high-level behavioral descriptions. In this sense, 

LLM-based trajectory methods should be viewed as complementary to 

autoencoder-based representation learning. Autoencoders provide com­

pact latent representations of movement patterns, while LLMs provide 

a mechanism for incorporating semantic and contextual knowledge that 

is often absent from purely geometric trajectory encoders.

One important group of LLM-based studies focuses on semantic in­

terpretation of human mobility. TSI-LLM [186] formulates trajectory 

semantic inference as the extraction of occupational category, activ­

ity sequence, and trajectory description from individual mobility traces. 

Instead of treating trajectories only as coordinate or region sequences, it 

reformats raw movement data into spatio-temporal trajectory chains en­

riched with temporal information, distances, and POI-related attributes, 

and then uses context-inclusive prompts to guide semantic inference. 

Similarly, Mobility-LLM [187] addresses check-in sequence analysis by 

reprogramming POI visit records into representations that LLMs can 

process, using a visiting intention memory network and human travel 

preference prompts to support tasks such as next-location prediction, tra­

jectory user linking, and time prediction. These studies show that LLMs 

are especially useful when trajectory analysis requires interpreting why 

movements occur, not only where or when they occur. This distinguishes 

them from most autoencoder-based trajectory models, which typically 

learn latent representations from reconstruction or prediction objec­

tives without explicitly modeling activity purpose, occupation, travel 

preference, or narrative trajectory descriptions.

A second group of methods uses LLMs to enhance trajectory pre­

diction by injecting motion cues, scene semantics, or explainable rea­

soning. LG-Traj [188] applies LLMs to pedestrian trajectory prediction 

by generating motion cues from observed pedestrian trajectories, which 

are then combined with past coordinates, future motion clusters, and 

social-interaction modeling. In this case, the LLM does not replace the 

trajectory prediction network; instead, it provides additional semantic 

cues that improve the representation of motion patterns. LC-LLM [189] 

follows a more direct language-modeling formulation for autonomous 

driving lane change prediction. It converts heterogeneous driving infor­

mation, including target-vehicle states, surrounding-vehicle states, and 

map context, into natural language prompts, and fine-tunes the LLM 

to predict lane change intentions, future trajectories, and explanations. 

This highlights a central advantage of LLM-based methods: they can 

connect trajectory prediction with interpretable reasoning about vehi­

cle interactions, traffic rules, and possible intentions. Traj-LLM [190] 

further explores the use of pre-trained LLMs for autonomous driving 

trajectory prediction without relying on explicit prompt engineering. By 

transforming sparse agent and lane context into representations compat­

ible with pre-trained language models and combining them with lane-

aware probability learning, it positions LLMs as high-level interaction 

modeling modules rather than purely textual reasoning engines.

A third emerging direction uses LLMs for trajectory generation, 

simulation, and automated modeling workflows. Trajectory-LLM [191] 

proposes a language-based data generator for autonomous driving tra­

jectory prediction. Instead of directly translating textual interaction 

descriptions into trajectories, it introduces an intermediate interaction-

behavior-trajectory process, where driving behaviors and behavioral 

logic guide the generation of more realistic vehicle trajectories. This is 

relevant to trajectory GeoAI because it suggests that LLMs can serve 

as controllable interfaces for creating synthetic trajectory data, po­

tentially reducing dependence on costly real-world data collection. In 

human mobility simulation, TrajLLM [192] uses a modular agent-based 

framework with persona generation, activity selection, destination pre­

diction, and memory to generate realistic daily mobility trajectories. 

This direction differs from diffusion or autoencoder-based generation 

because the simulated trajectories are driven by interpretable activity 

and persona-level reasoning rather than only learned geometric dis­

tributions. TrajAgent [193] extends the role of LLMs even further by 

proposing an agentic framework for automated trajectory modeling 

across multiple tasks, datasets, and specialized models. In this setting, 

the LLM acts as a controller that supports task understanding, model 

selection, data processing, optimization, and collaboration with smaller 

trajectory models.

Overall, LLM-based trajectory methods are not direct replacements 

for autoencoder-based approaches. Their main contribution lies in 

semantic enrichment, explainability, task automation, and high-level 

contextual reasoning, while their limitations include dependence on 

prompt or input formatting, grounding quality, computational cost, 

and the risk of producing semantically plausible but geometrically 

inconsistent outputs. Autoencoders remain better suited for compact 

representation learning, reconstruction, anomaly detection, similarity 
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computation, and efficient latent-space operations. LLMs, by contrast, 

are strongest when trajectory data must be connected to intentions, 

activities, rules, narratives, or user-facing explanations. A promising fu­

ture direction is therefore the development of hybrid models in which 

autoencoder-based latent trajectory representations provide compact 

and geometrically grounded movement encodings, while LLMs pro­

vide semantic interpretation, explanation, task guidance, or controllable 

generation constraints.

8.1.4 . Relationship to autoencoder-based trajectory representation learning

The recent emergence of diffusion models, flow matching, and 

LLM-based methods does not diminish the relevance of autoencoder-

based trajectory representation learning, but rather clarifies its position 

within a broader methodological landscape. Autoencoders remain pri­

marily suited to learning compact latent representations that support 

reconstruction, compression, anomaly detection, clustering, similarity 

estimation, and downstream trajectory analysis. Their main strength 

lies in transforming complex movement sequences into structured latent 

spaces that can be reused across multiple trajectory tasks. In contrast, 

diffusion and flow-matching methods are more directly oriented to­

ward probabilistic generation and multimodal forecasting, where the 

goal is to produce diverse and realistic future trajectories or synthetic 

mobility patterns. LLM-based methods, meanwhile, address a different 

limitation of many trajectory models by introducing semantic reasoning, 

activity interpretation, explainability, and controllable natural-language 

interfaces.

At the same time, these paradigms should not be interpreted as di­

rectly comparable under a single performance criterion. The reviewed 

autoencoder-based methods and the emerging diffusion, flow-matching, 

and LLM-based approaches often target different tasks, datasets, output 

formats, and evaluation protocols. Therefore, their relationship is bet­

ter understood in terms of complementarity rather than replacement. 

Diffusion models and flow matching may be useful when trajectory 

uncertainty and multimodality are central, while autoencoder-based 

representations remain valuable when compactness, reconstruction, and 

latent-space analysis are important. Similarly, LLMs can provide seman­

tic context or explanatory layers, but they do not inherently solve the 

need for geometrically grounded and efficient trajectory encodings.

A promising future direction is the development of hybrid trajectory 

GeoAI frameworks that combine these strengths. Autoencoder-derived 

latent representations could provide compact and structured trajectory 

encodings for conditioning diffusion or flow-matching models, while 

LLMs could support semantic labeling, task guidance, explanation, or 

controllable generation. Such combinations may help bridge the gap 

between efficient representation learning, high-fidelity generative mod­

eling, and semantically meaningful trajectory analysis. However, this 

remains an emerging direction, and further work is needed to evaluate 

these integrations under consistent datasets, tasks, and metrics.

8.2 . Remote sensing, hyperspectral imaging, and foundation model-based 

GeoAI

This subsection discusses recent remote sensing and Earth-

observation developments that are adjacent to the trajectory-focused 

scope of this survey. It focuses on masked autoencoding, self-supervised 

learning, hyperspectral and spectral foundation models, and multimodal 

Earth-observation foundation models, highlighting their relevance to 

reconstruction-based and transferable geospatial representation learn­

ing.

8.2.1 . Masked autoencoding and self-supervised pretraining in remote 

sensing

A closely related direction in recent GeoAI research concerns masked 

autoencoding and self-supervised pretraining for remote sensing im­

agery. Although these methods are not trajectory-analysis approaches, 

they are relevant to this survey because they use reconstruction-based 

objectives to learn transferable geospatial representations from large un­

labeled datasets. This is especially important in remote sensing, where 

labeled data are costly but optical, multispectral, SAR, and temporal 

Earth-observation imagery are continuously collected. Masked image 

modeling therefore extends the autoencoder principle from direct in­

put reconstruction to large-scale self-supervised representation learning, 

where an encoder learns from partially observed imagery and a decoder 

reconstructs masked content during pretraining.

Several works adapt masked autoencoding to the specific structure 

of satellite imagery. SatMAE [194] extends the MAE framework [195] to 

temporal and multispectral satellite data through positional encodings 

and masking strategies that operate across temporal or spectral dimen­

sions. This reflects the fact that remote sensing imagery often includes 

repeated observations and physically meaningful spectral bands rather 

than only RGB channels. RingMo [196] similarly develops a masked im­

age modeling framework for large-scale optical remote sensing data, 

with a patch incomplete masking strategy designed for dense small-

object scenes where fully masked patches may remove entire objects. 

These examples show that masked reconstruction objectives require 

domain-specific adaptation for geospatial imagery.

Other works modify the MAE framework by incorporating scale 

and feature-level reconstruction. Scale-MAE [197] addresses the mul­

tiscale nature of geospatial imagery by using ground sample distance 

information in the positional encoding and reconstructing low- and 

high-frequency image components through a multiscale decoder. This 

is relevant because identical pixel dimensions may correspond to very 

different ground areas depending on sensor resolution and coverage. FG-

MAE [198] focuses instead on the reconstruction target, arguing that raw 

pixel reconstruction may overemphasize low-level details and noise, es­

pecially in SAR imagery. By reconstructing features such as histograms 

of oriented gradients and normalized difference indices, it incorporates 

spatial and spectral prior knowledge into the self-supervised objective.

Overall, these methods show that masked autoencoding has be­

come an important self-supervised learning paradigm in remote sensing 

GeoAI. Their contribution lies not only in using encoder-decoder ar­

chitectures, but in adapting reconstruction-based learning to geospatial 

image properties such as spectral structure, temporal repetition, sensor 

noise, object density, and spatial scale. Since their inputs and down­

stream tasks differ from the trajectory-focused methods reviewed in 

the main taxonomy, they are best understood as adjacent evidence that 

autoencoder-style reconstruction objectives remain relevant in modern 

GeoAI.

8.2.2 . Hyperspectral and spectral foundation models

Another relevant direction concerns hyperspectral and spectral foun­

dation models for remote sensing. These methods use reconstruction-

based pretraining to learn transferable representations from high-

dimensional spectral imagery. Unlike RGB images, multispectral and 

hyperspectral data contain ordered bands that encode material, veg­

etation, water, soil, and built-environment properties across the elec­

tromagnetic spectrum. This makes spectral remote sensing suitable for 

representation learning, but also introduces challenges related to dimen­

sionality, redundancy, sensor-specific band configurations, noise, and 

limited labels.

Early masked autoencoding approaches for hyperspectral image clas­

sification illustrate the value of reconstruction-based objectives in this 

setting. MAEST [199] combines a masked reconstruction branch with a 

supervised classification branch, allowing the classifier to benefit from 

features learned by reconstructing corrupted hyperspectral inputs af­

fected by atmospheric, thermal, quantization, and redundancy-related 

noise. Similarly, masked spatial-spectral transformer models [200] use 

spatial-spectral patch embeddings, spectral positional information, and 

masked reconstruction on unlabeled hyperspectral observations before 

supervised fine-tuning. These works show that reconstruction can act 

both as a pretext task and as a mechanism for more robust spectral-

spatial feature extraction when labeled samples are scarce.
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More recent spectral foundation models extend this idea to larger-

scale pretraining. S2MAE [201] treats spectral remote sensing images as 

three-dimensional spatial-spectral tensors and applies masked autoen­

coding with compact cube tokens, high masking ratios, and progressive 

pretraining across large Sentinel-2 datasets. This exploits local spectral 

continuity and spatial invariance while avoiding the limitations of RGB-

oriented pretraining. SpectralGPT [202] develops this direction further 

through 3D token generation, tensor masking, progressive pretraining, 

and multi-target reconstruction to preserve spatial-spectral coupling and 

sequential spectral information.

Hyperspectral foundation models further specialize this paradigm for 

HSI interpretation. HyperSIGMA [203], for example, uses large-scale 

hyperspectral pretraining and combines spatial and spectral subnet­

works through a spectral enhancement module. It also introduces sparse 

sampling attention to reduce spatial and spectral redundancy and im­

prove contextual feature extraction. Unlike models focused only on 

high-level tasks, HyperSIGMA is evaluated across classification, target 

detection, anomaly detection, change detection, unmixing, denoising, 

and super-resolution. This broader task coverage is important because 

hyperspectral analysis often requires both semantic understanding and 

signal-level reconstruction or restoration.

Overall, hyperspectral and spectral foundation models show that 

reconstruction-based learning remains relevant in modern GeoAI. Their 

importance lies in adapting autoencoder-style objectives to spectral 

data, where neighboring bands are ordered, correlated, and semanti­

cally meaningful. Although outside the trajectory-centered focus of this 

survey, they demonstrate that autoencoder-based representation learn­

ing continues to evolve in geospatial domains characterized by high 

dimensionality, limited labels, and sensor-specific structure.

8.2.3 . Multimodal earth-observation foundation models

Beyond masked autoencoding and spectral foundation models, recent 

Earth-observation research has moved toward multimodal foundation 

models that integrate different sensors, temporal observations, and 

contextual information. SkySense [204], for example, is a large-scale 

multimodal remote sensing foundation model trained on optical and SAR 

temporal sequences. Its factorized spatio-temporal encoder separates 

spatial feature extraction from multimodal temporal fusion, while multi-

granularity contrastive learning and geo-context prototype learning 

improve representation learning across modalities, spatial granularities, 

and regions. This reflects a broader GeoAI trend in which foundation 

models are expected to support heterogeneous downstream tasks such 

as classification, segmentation, object detection, and change detection.

DOFA [205] addresses multimodal Earth observation from the per­

spective of sensor flexibility. Instead of relying on fixed input channels 

or modality-specific encoders, it uses a wavelength-conditioned dynamic 

hypernetwork to generate input-dependent weights for different spectral 

configurations. This allows a single Transformer-based model to process 

optical, SAR, multispectral, and hyperspectral data.

Although these models are not primarily autoencoder architectures, 

they are relevant to this survey because they show how self-supervised 

and foundation model-based GeoAI is increasingly designed around 

transferable representations, multimodal fusion, and adaptation across 

heterogeneous geospatial data sources.

8.2.4 . Relation to the trajectory-focused taxonomy of this survey

The remote sensing and spectral foundation models discussed above 

are related to autoencoder-based GeoAI at the level of representation 

learning, but they differ from the trajectory-focused methods reviewed 

in the main taxonomy. Masked autoencoding methods for satellite, mul­

tispectral, and hyperspectral imagery directly extend the autoencoder 

principle by learning latent representations through partial observa­

tion and reconstruction. In these cases, reconstruction is not only used 

for denoising or dimensionality reduction, but also as a self-supervised 

pretraining objective that enables the model to exploit large unlabeled 

geospatial datasets. Spectral and hyperspectral models further adapt this 

idea to data with ordered bands, spatial-spectral coupling, and sensor-

specific characteristics, while multimodal Earth-observation foundation 

models generalize the representation-learning objective toward hetero­

geneous inputs, such as optical, SAR, multispectral, hyperspectral, and 

temporal data.

Nevertheless, these works are not included in the main taxonomy 

of analyzed papers because their inputs, tasks, datasets, and evaluation 

protocols differ from those of trajectory-based GeoAI. The core taxon­

omy of this survey focuses on autoencoder-based methods for trajectory 

representation learning and related tasks such as compression, cluster­

ing, anomaly detection, similarity computation, recovery, prediction, 

classification, and generation. In contrast, remote sensing foundation 

models typically address image or spectral-cube-based tasks such as 

scene classification, semantic segmentation, change detection, target 

detection, unmixing, denoising, and super-resolution. Therefore, they 

are best understood as an adjacent GeoAI direction that reinforces the 

broader relevance of reconstruction-based and self-supervised represen­

tation learning, while remaining outside the trajectory-centered scope 

of the reviewed corpus.

9 . Open challenges and future directions

This section synthesizes the main open challenges and future re­

search directions identified from the reviewed trajectory-focused cor­

pus and from adjacent GeoAI developments discussed in Section 8. 

Section 9.1 first summarizes the remaining limitations affecting ro­

bustness, transferability, interpretability, evaluation, and deployment, 

while Section 9.2 outlines promising directions for developing more 

robust, uncertainty-aware, multimodal, explainable, and operational 

autoencoder-based GeoAI.

9.1 . Remaining challenges

Despite the significant progress of autoencoder-based methods for 

trajectory representation learning, several challenges remain that limit 

their reliability, transferability, and practical deployment in real-world 

GeoAI applications. The reviewed literature already contains partial 

responses to some of these issues, including semi-supervised learn­

ing, denoising reconstruction, masked autoencoding, probabilistic latent 

modeling, context-aware fusion, physically constrained decoding, and 

efficient latent-space retrieval. However, these contributions remain 

fragmented across specific tasks, datasets, and application domains. 

Since the strict inclusion criteria of this survey focus primarily on 

autoencoder-based trajectory GeoAI, the following discussion distin­

guishes between challenges directly observed in the reviewed trajectory 

corpus and broader GeoAI robustness issues that become relevant when 

trajectory analysis is combined with adjacent geospatial modalities, 

such as remote sensing, Earth observation, environmental sensing, and 

multimodal spatial context. This distinction is important because these 

domains are not treated as separate application categories in the main 

taxonomy, but they remain closely connected to future autoencoder-

based GeoAI through shared representation-learning, reconstruction, 

fusion, and robustness requirements.

9.1.1 . Limited labeled data and weak supervision

A persistent challenge in GeoAI is the limited availability of high-

quality labeled data. This issue is especially important for trajectory 

analysis, where labels such as transportation mode, maneuver type, 

abnormal behavior, route intent, or activity category are often ex­

pensive, noisy, incomplete, or unavailable. In anomaly detection, the 

problem is even more pronounced because abnormal events are rare, 

domain-specific, and difficult to define exhaustively in advance. Similar 

limitations also appear in adjacent GeoAI settings, such as remote sens­

ing and environmental monitoring, where pixel-level, object-level, or 

event-level annotations often require expert interpretation and may not 

be consistently available across regions, sensors, or time periods.
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Autoencoders are naturally relevant in this setting because they 

can exploit unlabeled data through reconstruction-based training. 

Several reviewed studies demonstrate this advantage in unsupervised 

or weakly supervised trajectory-analysis settings, including anomaly 

detection, trajectory clustering, recovery, and similarity computation. 

Semi-supervised convolutional autoencoder models have also been used 

for transportation mode identification under limited labeled data, while 

masked and contrastive reconstruction strategies further illustrate the 

growing role of self-supervised objectives. Nevertheless, limited super­

vision remains an open challenge because reconstruction alone does not 

guarantee that the learned latent space preserves the semantic factors 

required by downstream GeoAI tasks. A model may reconstruct trajec­

tories accurately while failing to separate meaningful behaviors, detect 

rare events, or transfer to new regions. This highlights the gap between 

learning compact representations from unlabeled data and learning rep­

resentations that are semantically reliable for downstream geospatial 

analysis.

9.1.2 . Robustness under noise, degradation, and remote sensing variability

Robustness is one of the most urgent challenges for autoencoder-

based GeoAI. Within the trajectory-focused corpus, robustness mainly 

concerns noisy coordinates, missing observations, irregular sampling, 

low sampling rates, map-matching errors, communication loss, and 

sensor-specific inconsistencies. AIS and ADS-B trajectories may con­

tain positional inaccuracies, temporal gaps, duplicate records, abnormal 

reporting intervals, or inconsistent movement attributes. In urban mo­

bility, pedestrian, maritime, and aviation settings, such imperfections 

can significantly alter the learned representation, especially when mod­

els assume that the training data reflect normal and reliable movement 

patterns.

A related set of robustness challenges appears in adjacent GeoAI do­

mains that are not systematically covered by the main taxonomy of this 

review but are increasingly connected to trajectory analysis through 

multimodal modeling. In remote sensing and Earth-observation GeoAI, 

data are often affected by imaging degradation, atmospheric interfer­

ence, cloud cover, shadows, occlusions, illumination differences, sensor 

noise, sensor-specific spectral response, spatial-resolution differences, 

and spectral or spatial variability during acquisition. These factors can 

cause the same geographic area to appear differently across sensors, 

seasons, viewing angles, resolutions, and acquisition conditions. As dis­

cussed in Section 8, masked autoencoding, self-supervised pretraining, 

spectral foundation models, and multimodal Earth-observation models 

provide relevant examples of how reconstruction-based learning is being 

extended to partially observed, corrupted, or heterogeneous geospatial 

data. Although these approaches extend beyond the strict trajectory cor­

pus, they are important for understanding robustness requirements in 

broader autoencoder-based GeoAI.

Data variability can directly affect how autoencoder-based models 

learn, reconstruct, and score geospatial observations. If the training data 

contain systematic noise, missingness patterns, atmospheric artifacts, or 

sensor-specific distortions, the model may learn these effects as part of 

the normal data distribution. In anomaly detection, reconstruction er­

ror may then confuse true abnormal behavior with measurement noise, 

or fail to identify anomalies that resemble common sensor artifacts. In 

trajectory recovery, reconstructed paths may be numerically smooth but 

geographically invalid if road-network, motion, or physical constraints 

are not respected. In remote sensing and Earth-observation settings, an 

autoencoder may reconstruct visually plausible imagery while distort­

ing spectral signatures that are essential for downstream tasks such as 

land-cover classification, change detection, or environmental monitor­

ing. Therefore, reconstruction fidelity alone is not sufficient to establish 

robustness under controlled corruption, missing data, sensor shift, at­

mospheric variability, spectral/spatial perturbation, and cross-domain 

distribution shift.

9.1.3 . Cross-region, cross-sensor, and cross-domain generalization

The limited generalization ability of existing methods is closely re­

lated to the robustness problem. Most autoencoder-based trajectory 

models are designed and evaluated on specific datasets, domains, 

or geographic contexts, such as urban taxi trajectories, pedestrian 

datasets, maritime AIS routes, aviation trajectories, or autonomous-

driving benchmarks. These settings differ substantially in sampling 

frequency, movement constraints, spatial scale, interaction structure, 

sensor characteristics, and behavioral semantics. A model trained in one 

city, transport system, maritime region, or airport environment may 

therefore perform poorly when applied to another setting, even when 

the downstream task appears similar.

This limitation reflects a core GIScience issue: geospatial processes 

are spatially heterogeneous and context-dependent. The same move­

ment pattern may have different meanings across regions and domains. 

For example, a route deviation may indicate abnormal behavior in a con­

strained maritime corridor, routine congestion avoidance in an urban 

road network, or controller intervention in aviation. Similarly, speed, 

stop duration, turning behavior, and trajectory density are not directly 

comparable across pedestrian, vehicle, vessel, and aircraft trajectories. 

In broader GeoAI settings, cross-domain generalization is further com­

plicated by sensor differences, spatial resolution, seasonal variability, 

atmospheric effects, and differences in land-cover composition.

Existing autoencoder-based methods often learn representations that 

are effective within a specific dataset but are not explicitly shown 

to be region-invariant, sensor-invariant, or domain-transferable. This 

limits their broader applicability in operational GeoAI, where models 

may encounter cities, countries, sensors, platforms, or environmental 

conditions that differ from the original training data. The key chal­

lenge is determining whether learned latent spaces capture transferable 

geospatial structures or mainly encode dataset-specific regularities.

9.1.4 . Multimodal fusion and representation alignment

Modern GeoAI applications increasingly require the integration 

of multiple data modalities. In trajectory-oriented GeoAI, movement 

records may need to be combined with road networks, semantic loca­

tions, land-use information, weather variables, environmental measure­

ments, mobility context, remote sensing observations, and interactions 

with other agents. In adjacent Earth-observation GeoAI settings, multi­

modal learning may involve optical, SAR, multispectral, hyperspectral, 

temporal, elevation, and climate-related data. Although these modali­

ties are not all systematically covered in the main trajectory taxonomy, 

they are increasingly relevant to autoencoder-based GeoAI because real-

world geospatial systems often combine movement, imagery, graph, 

semantic, and environmental information.

Autoencoders provide a natural framework for multimodal repre­

sentation learning because encoder-decoder architectures can compress 

heterogeneous inputs into shared or coordinated latent spaces. Several 

reviewed trajectory studies already move in this direction through 

context-aware prediction, map-informed recovery, multimodal convo­

lutional fusion, graph-based interaction modeling, or attention-based 

integration of heterogeneous trajectory attributes. However, multimodal 

fusion remains difficult because different modalities have different spa­

tial resolutions, temporal frequencies, noise properties, missing-data 

patterns, and semantic meanings. Simply concatenating features is of­

ten insufficient. For example, a trajectory sequence, a road-network 

graph, a satellite image, and a weather variable do not describe the same 

phenomenon at the same scale or with the same uncertainty.

This challenge becomes more pronounced under missing or degraded 

observations. In operational settings, some modalities may be unavail­

able, delayed, corrupted, or inconsistent with others. A multimodal 

autoencoder trained under complete and clean inputs may therefore be­

have unpredictably when deployed in realistic sensing environments. 

The underlying difficulty is not only combining heterogeneous data, 
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but also preserving modality-specific information while learning a co­

herent latent representation across trajectory, image, semantic, and 

environmental inputs.

9.1.5 . Interpretability, uncertainty, and trustworthiness

The interpretability of latent representations remains a significant 

challenge for autoencoder-based GeoAI. Although many methods use 

latent embeddings for clustering, classification, anomaly detection, sim­

ilarity computation, recovery, prediction, or generation, it is often 

unclear what specific spatial, temporal, semantic, or behavioral factors 

are encoded in the latent space. This lack of transparency limits the 

ability of researchers and practitioners to determine whether the model 

has learned meaningful geospatial structures or spurious dataset-specific 

correlations.

This issue is especially critical for anomaly detection and safety-

related applications. A high reconstruction error may indicate an abnor­

mal trajectory, but it may also result from sensor noise, missing data, 

rare but valid behavior, domain shift, or preprocessing errors. Without 

interpretability mechanisms, it is difficult to explain why a trajectory 

was flagged as anomalous, which part of the movement was responsi­

ble, and whether the result corresponds to an operationally meaning­

ful event. Similar concerns arise in prediction and generation, where 

plausible-looking trajectories may still violate physical constraints, road-

network structure, social interaction rules, or domain-specific safety 

requirements.

Uncertainty estimation is also underdeveloped in many autoencoder-

based GeoAI methods. VAE and CVAE models provide a probabilistic 

latent-space formulation, and some reviewed studies use uncertainty-

aware prediction or generative modeling. However, uncertainty is not 

consistently evaluated, calibrated, or connected to decision-making. In 

real-world GeoAI systems, uncertainty becomes especially important 

under noisy observations, sensor shifts, missing data, and unfamiliar ge­

ographic contexts. The broader challenge is that accurate reconstruction 

or prediction does not automatically imply that the model is inter­

pretable, well-calibrated, or trustworthy under operational conditions.

9.1.6 . Scalability, standardized evaluation, privacy, and operational 

deployment

Scalability and deployment remain major challenges for 

autoencoder-based GeoAI. Many reviewed methods are evaluated 

in offline experimental settings, often using controlled datasets, fixed 

preprocessing pipelines, and powerful computing resources. However, 

practical GeoAI systems must process large-scale and continuously 

generated data streams from vehicles, vessels, aircraft, mobile devices, 

IoT sensors, remote sensing platforms, and environmental monitoring 

systems. In such environments, models must satisfy constraints related 

to latency, memory usage, energy consumption, communication costs, 

and reliability under changing data distributions.

The lack of standardized benchmarks and evaluation protocols fur­

ther limits progress. As shown throughout the reviewed literature, 

studies differ substantially in datasets, preprocessing strategies, sam­

pling rates, train/test splits, task definitions, metrics, and reporting 

practices. This makes it difficult to determine whether performance im­

provements are due to model design, data processing, dataset properties, 

or evaluation protocols. The issue becomes even more serious for ro­

bustness and generalization, where models should be assessed under 

distribution shifts, noise, missing data, sensor variability, and cross-

region transfer. Current benchmarks rarely provide systematic stress 

tests for these conditions.

Privacy and ethical data usage also remain unresolved. Trajectory 

data can reveal sensitive information about individuals, routines, lo­

cations, and behaviors. Generative autoencoder models may reduce 

direct exposure by producing synthetic trajectories, but they do not 

automatically eliminate privacy risks because generated samples may 

still preserve identifiable or inferable patterns. Similar concerns arise 

in multimodal GeoAI, where combining trajectories with imagery, se­

mantic locations, or contextual data can increase re-identification risks. 

Therefore, operational deployment requires more than accurate mod­

els. It also requires careful attention to data governance, evaluation 

transparency, robustness monitoring, and model degradation after de­

ployment.

Overall, these challenges show that the next stage of autoencoder-

based GeoAI cannot be assessed solely through task-specific performance 

improvements. Robustness, uncertainty, interpretability, cross-domain 

transfer, multimodal alignment, privacy, scalability, and deployment 

form interconnected requirements for reliable geospatial representation 

learning.

9.2 . Future research directions

The challenges outlined above suggest that future research on 

autoencoder-based GeoAI should move beyond isolated improvements 

in reconstruction accuracy or task-specific performance. The next stage 

of development should focus on models that are robust under re­

alistic geospatial variability, transferable across regions and sensors, 

interpretable enough for domain use, and efficient enough for opera­

tional deployment. Since the main taxonomy of this survey focuses on 

trajectory-oriented GeoAI, the directions discussed below are centered 

on trajectory representation learning, while also considering adjacent 

GeoAI developments, such as remote sensing, Earth observation, foun­

dation models, and multimodal geospatial learning, where they provide 

relevant methodological insights.

9.2.1 . Robust and uncertainty-aware autoencoders

A central future direction is the development of autoencoder-based 

models that are explicitly robust to noisy, incomplete or degraded 

geospatial data. In trajectory GeoAI, this includes robustness to GPS 

noise, irregular sampling, missing points, low-frequency observations, 

map-matching errors, and sensor-specific inconsistencies in sources such 

as AIS and ADS-B. In such settings, reconstruction-based models should 

not only minimize average reconstruction error, but also distinguish 

between meaningful movement deviations and uncertainty caused by 

incomplete observations.

Uncertainty-aware autoencoders are especially important for 

anomaly detection, trajectory recovery, prediction, and generation. In 

anomaly detection, uncertainty estimates can help distinguish truly ab­

normal behavior from uncertain reconstructions caused by noise or 

sparse observations. In trajectory recovery, uncertainty can indicate 

when reconstructed paths are underdetermined or when multiple route 

alternatives are plausible. In prediction and generation, probabilistic 

latent representations can better represent the fact that future move­

ment is often multimodal rather than deterministic. Future work should 

therefore give more attention to uncertainty calibration, confidence esti­

mation, and the relationship between reconstruction error, latent-space 

density, and decision reliability.

This direction is also relevant to safety-critical GeoAI domains such 

as maritime monitoring, aviation safety, autonomous driving, and urban 

traffic management. In these settings, a model that produces an accurate-

looking trajectory or anomaly score may still be insufficient if it cannot 

express when its output is unreliable. Robust and uncertainty-aware au­

toencoders should therefore be evaluated not only under clean test data, 

but also under realistic perturbations, missingness, sensor shifts, and 

rare-event conditions.

9.2.2 . Degradation-aware autoencoders for remote sensing and 

earth-observation GeoAI

Even though remote sensing and Earth-observation models are not 

part of the main trajectory-focus of this survey, they are closely related 

to the broader GeoAI robustness problem. Future autoencoder-based 

GeoAI can benefit from this adjacent literature because remote sensing 

data commonly involve degradation, atmospheric interference, cloud 
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cover, shadows, occlusions, sensor differences, spatial-resolution vari­

ation, and spectral or spatial variability during acquisition. These issues 

create a useful parallel to trajectory-data degradation, where missing 

observations, noisy measurements, and sensor inconsistencies also affect 

representation learning.

A promising direction is the development of degradation-aware re­

construction objectives that account for the specific structure of geospa­

tial data. In remote sensing, this may involve learning representations 

that preserve spectral signatures, spatial texture, temporal consistency, 

and sensor-specific characteristics rather than only producing visually 

plausible reconstructions. In trajectory GeoAI, analogous objectives may 

need to preserve movement continuity, road-network feasibility, speed 

and heading consistency, and domain-specific constraints. Across both 

settings, robustness depends on whether the latent representation pre­

serves the information that is meaningful for downstream geospatial 

analysis, not only on whether the input can be reconstructed with low 

numerical error.

Masked autoencoding and self-supervised pretraining are partic­

ularly relevant in this context. In Earth-observation GeoAI, masked 

reconstruction has become an important strategy for exploiting large un­

labeled datasets and learning transferable representations from partially 

observed or corrupted inputs. Similar principles could inform trajectory 

GeoAI, especially for sparse trajectories, partially observed movement 

sequences, missing map context, or degraded multimodal observations. 

However, such transfer of ideas should be treated carefully because 

satellite imagery, hyperspectral data, and trajectory sequences differ in 

structure, scale, and evaluation requirements.

9.2.3 . Physics-guided, GIScience-guided, and foundation model-enhanced 

GeoAI

Future autoencoder-based GeoAI should more explicitly incorporate 

physical, geographic, and domain-specific constraints. Many trajectory 

models learn from observed data alone, but geospatial movement is not 

unconstrained. Vehicles follow road networks, vessels are affected by 

navigational corridors and maritime rules, aircraft follow airspace pro­

cedures and physical motion constraints, and pedestrians move within 

social and built-environment contexts. Similarly, Earth-observation data 

are shaped by sensor physics, atmospheric effects, spatial resolution, 

spectral response, and acquisition geometry.

Physics-guided and GIScience-guided autoencoders can help ensure 

that learned representations remain consistent with geographic reality. 

For trajectory analysis, this may involve incorporating road-network 

topology, map constraints, movement feasibility, spatial dependence, 

spatial heterogeneity, and scale effects into the representation-learning 

process. For broader GeoAI, it may involve encoding knowledge about 

sensor properties, spatial resolution, spectral structure, or environmen­

tal processes. Such constraints are particularly relevant for recovery, 

anomaly detection, prediction, and generation, where outputs may 

otherwise be numerically plausible but geographically invalid.

Foundation model-enhanced GeoAI provides another promising di­

rection. As discussed in Section 8, recent foundation models in remote 

sensing and Earth observation show how large-scale self-supervised pre­

training can support transferable representations across heterogeneous 

geospatial data. For trajectory GeoAI, foundation models may serve as 

pretrained encoders for spatial context, map information, semantic envi­

ronments, or multimodal observations. Autoencoders may then function 

as task-specific reconstruction modules, latent-space adapters, compres­

sion layers, or uncertainty-aware refinement components. This type of 

integration could preserve the efficiency and structure of autoencoder 

representations while benefiting from the broader contextual knowledge 

captured by large pretrained models.

9.2.4 . Multimodal geospatial representation learning and cross-domain 

transferability

Another important direction is the development of multimodal au­

toencoder frameworks that can jointly represent trajectories, maps, 

remote sensing observations, semantic context, weather variables, en­

vironmental measurements, and interaction information. Real-world 

GeoAI systems rarely rely on a single clean data source. Instead, they 

combine heterogeneous information with different spatial resolutions, 

temporal frequencies, uncertainty levels, and missing-data patterns. 

Autoencoder-based models are well suited to this setting because they 

can learn shared or coordinated latent spaces, but their effectiveness 

depends on how well they preserve modality-specific structure while 

aligning information across modalities.

Future work should pay particular attention to cross-domain transfer­

ability. A trajectory representation learned in one city, maritime region, 

road network, or sensor setting should ideally remain useful when trans­

ferred to another region or domain. This requires models that do not 

simply memorize dataset-specific sampling patterns, local movement 

habits, or sensor artifacts. In multimodal settings, this challenge becomes 

even more complex because each modality may shift differently across 

regions, seasons, sensors, and operational contexts.

Cross-domain transfer should therefore be evaluated as a central ca­

pability rather than as an optional experiment. Future studies should 

consider cross-city, cross-region, cross-sensor, and cross-task evaluation 

settings, especially for tasks such as anomaly detection, recovery, pre­

diction, and classification. Such evaluation would help clarify whether 

learned autoencoder representations capture transferable geospatial 

structure or primarily encode the specific conditions of the training 

dataset.

9.2.5 . Explainable and semantically meaningful latent spaces

Improving the interpretability of latent representations is essential 

for trustworthy autoencoder-based GeoAI. Many reviewed studies rely 

on latent spaces for downstream analysis, but the meaning of individ­

ual latent dimensions, latent clusters, reconstruction errors, or generated 

samples often remains unclear. Future work should therefore focus on la­

tent representations that can be related to meaningful geospatial factors, 

such as route deviation, speed profile, heading change, stop behav­

ior, interaction pattern, maneuver type, road-network context, land-use 

context, or environmental conditions.

Explainability is particularly important in anomaly detection. A re­

construction error alone does not explain whether a detected anomaly 

corresponds to an unsafe maneuver, a sensor artifact, an unusual but 

valid route, a rare weather-related behavior, or a preprocessing error. 

Similarly, in prediction and generation, plausible outputs should be 

explainable in terms of motion dynamics, map context, interaction struc­

ture, or uncertainty. For remote sensing and Earth-observation GeoAI, 

interpretability may require connecting latent representations to spec­

tral signatures, spatial structures, land-cover properties, or changes over 

time.

Hybrid approaches involving autoencoders and LLM-based systems 

may provide one route toward semantic explanation, provided that 

explanations remain grounded in the underlying spatial and geomet­

ric evidence. Autoencoder representations can provide compact and 

structured encodings of movement or geospatial observations, while 

language-based models may support semantic labeling, task guidance, 

natural-language querying, or user-facing explanations. However, such 

systems must avoid producing explanations that are linguistically plau­

sible but geographically unsupported. Explainable GeoAI therefore 

requires both semantic interpretability and spatial grounding.

9.2.6 . Hybrid generative and representation-learning frameworks

Section 8 highlighted that emerging trajectory modeling paradigms, 

including diffusion models, flow matching, and LLM-based methods, 

should be viewed as complementary to autoencoder-based representa­

tion learning rather than as direct replacements. This complementarity 

suggests an important future direction: hybrid frameworks that combine 

compact autoencoder latent spaces with stronger generative, semantic, 

or planning-oriented models.
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Autoencoders remain useful for learning efficient trajectory encod­

ings, reconstructing incomplete observations, supporting latent-space 

similarity, detecting anomalies, and compressing complex geospatial in­

puts. Diffusion and flow-matching models, in contrast, are more directly 

suited to multimodal generation and probabilistic forecasting. LLM-

based methods contribute semantic reasoning, activity interpretation, 

task guidance, and explanation. Future hybrid systems could therefore 

use autoencoder-derived latent representations as structured condition­

ing signals for diffusion or flow-matching models, while language-based 

components provide semantic constraints, controllable generation in­

structions, or explanation layers.

This direction is particularly relevant for tasks where both geometric 

precision and semantic understanding are required. For example, trajec­

tory generation may need to produce paths that are not only statistically 

realistic but also consistent with map constraints, activity intent, traffic 

rules, or interaction context. Similarly, anomaly detection may benefit 

from combining reconstruction-based deviation scores with semantic de­

scriptions of why a movement pattern is unusual. The main opportunity 

is to combine the compactness and efficiency of autoencoder representa­

tions with the expressiveness of newer generative and reasoning-based 

GeoAI paradigms.

9.2.7 . Large-scale operational deployment and continual monitoring

For autoencoder-based GeoAI to move from research prototypes to 

operational systems, future work must address deployment constraints 

more directly. Many models are evaluated offline, but real-world systems 

often require streaming inference, low latency, limited memory usage, 

and robustness to changing data distributions. This is especially impor­

tant for intelligent transportation systems, maritime surveillance, avi­

ation monitoring, autonomous driving, mobile sensing, and large-scale 

Earth-observation pipelines.

Deployment-oriented research should consider lightweight archi­

tectures, efficient latent representations, model compression, pruning, 

quantization, edge and fog computing, cloud-edge coordination, and 

federated or privacy-aware learning. These directions are important 

because many geospatial data sources are distributed, sensitive, and 

continuously updated. A model deployed in a real environment must 

not only perform well at training time, but also remain reliable as sen­

sors change, movement patterns evolve, infrastructure is modified, or 

environmental conditions shift.

Continual monitoring is therefore an important part of operational 

GeoAI. Autoencoder-based systems should be assessed for model drift, 

distribution shift, reconstruction degradation, false-alarm changes, and 

failure under rare or previously unseen conditions. This is closely con­

nected to standardized evaluation: robust deployment requires bench­

marks and reporting protocols that measure not only task accuracy, 

but also latency, memory use, privacy risk, robustness, calibration, and 

degradation over time.

Overall, future work on autoencoder-based GeoAI should aim toward 

models that are not only accurate within individual benchmarks, but 

also robust, transferable, interpretable, uncertainty-aware, multimodal, 

and deployable under realistic geospatial conditions. This requires treat­

ing representation learning as part of a broader GeoAI system, where 

data quality, geographic context, sensor variability, domain knowledge, 

privacy, and operational constraints jointly shape model reliability.

10 . Conclusions

Trajectory data have become a central modality in GeoAI, en­

abling the modeling of complex spatio-temporal dynamics across diverse 

real-world applications. In this survey, we systematically reviewed 

autoencoder-based approaches for trajectory representation learning, 

covering a broad range of domains, including urban mobility, mar­

itime navigation, aviation systems, interaction-aware environments, and 

synthetic validation settings. The analysis shows that autoencoder-

based architectures, spanning feed-forward, recurrent, convolutional, 

variational, transformer-based, graph-based, and hybrid designs, pro­

vide a flexible framework for learning compact and expressive latent 

representations. These representations support a wide range of tasks, 

including compression, clustering, anomaly detection, similarity com­

putation, recovery, classification, prediction, and trajectory generation, 

particularly in settings where labeled data are limited or costly to obtain.

At the same time, the reviewed literature shows that several im­

portant challenges remain unresolved. These include robustness under 

noisy, incomplete, degraded, or heterogeneous geospatial observations; 

limited cross-region, cross-sensor, and cross-domain generalization; dif­

ficulty in multimodal representation alignment; privacy and ethical 

concerns; computational and deployment constraints; lack of standard­

ized evaluation protocols; and limited interpretability of learned latent 

spaces. These challenges become increasingly important as trajectory 

analysis is integrated with broader GeoAI modalities, such as road-

network context, environmental observations, remote sensing data, and 

other sensor-derived spatial information.

Future research should therefore move beyond task-specific perfor­

mance improvements and focus on robust, uncertainty-aware, trans­

ferable, interpretable, and deployment-ready autoencoder-based GeoAI. 

Promising directions include robust and degradation-aware reconstruc­

tion, multimodal and cross-domain representation learning, physics-

guided and GIScience-guided modeling, foundation model-enhanced 

GeoAI, semantically meaningful latent spaces, privacy-aware learning, 

and scalable operational deployment. Overall, autoencoder-based tra­

jectory representation learning remains a rapidly evolving research area 

with strong potential to support more robust, scalable, and trustworthy 

spatio-temporal intelligence in modern GeoAI systems.
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