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 a b s t r a c t

Ground ice poses a critical safety risk to winter aviation operations, primarily because the protective endurance 
of aircraft anti-icing fluids fluctuates unpredictably with volatile weather conditions. To mitigate these risks, 
this study develops a robust machine learning framework designed to forecast fluid endurance times using high-
fidelity data from both artificial and natural snow environments. Research was conducted via endurance tests 
following the SAE ARP5485B protocol to train and evaluate multiple decision tree-based architectures, specifi-
cally the Decision Tree, Random Forest, and Extreme Gradient Boosting (XGBoost) models. Model reliability was 
ensured through rigorous k-fold cross-validation and systematic hyperparameter optimization. Results demon-
strate that the optimized XGBoost model achieved superior predictive accuracy, yielding an RMSPE of 15.38% 
and a MAPE of 8.88%. Furthermore, SHAP analysis identified snow deposition rate and ambient temperature as 
the most influential determinants of fluid failure. These findings suggest that integrating machine learning into 
endurance testing can revolutionize current safety protocols and facilitate precise, data-driven decision-making 
for winter ground operations.

1.  Introduction

Ground icing constitutes a considerable and frequently overlooked 
risk to aviation safety, especially during pre-takeoff procedures. A thin 
layer of snow, frost, or freezing rain on aerodynamic surfaces, such as 
wings, tail, or fuselage, can significantly disrupt airflow, resulting in 
increased drag and decreased lift [1]. Research indicates that even min-
imal contamination can significantly compromise aerodynamic perfor-
mance, increasing the likelihood of accidents during critical phases of 
flight [2]. The crash of Air Ontario Flight 1363 in 1989 exemplified 
significant hazards: insufficient de-icing resulted in ice buildup on the 
wings, impairing lift and leading to the aircraft’s crash, which caused 24 
fatalities [3,4]. This event highlighted the critical significance of com-
prehensive ground de-icing and anti-icing procedures.

To mitigate such risks, Transport Canada Civil Aviation (TCCA) en-
forces compliance with SAE ARP5485 procedures, which determine the 
endurance time of anti-icing fluids under controlled and real-world con-
ditions [5–7]. These fluids–classified as Type I (AMS1424) and Type II–
IV (AMS1428)–exhibit non-Newtonian, pseudoplastic behaviour, with 
viscosity dependent on shear rate [6]. Endurance testing is adding fluid 
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to a sloping aluminum plate that simulates an aircraft surface, followed 
by exposure to controlled snow conditions until failure, characterized 
by the commencement of surface contamination [8]. Field testing con-
ducted under natural precipitation subsequently corroborate laboratory 
findings and develop Holdover Time (HOT) guidelines, assisting opera-
tors in determining safe time limits prior to departure [9].

Nevertheless these standardized methods, significant disparities be-
tween laboratory and natural test outcomes endure, underscoring the 
divergence between controlled and real-world settings. A recent study 
suggests that snow particles interacting with surfaces under various con-
ditions undergo thermal and hydrodynamic interactions [10–12]. Vil-
leneuve et al [13] assert that ethylene-based fluids have unique cooling 
and rebalancing phases correlated with the type of snow and satura-
tion level. This underscores the significance of considering snow un-
predictability when evaluating endurance length. Although widely uti-
lized, standardized laboratory and outdoor endurance tests are limited 
by practical, budgetary, and environmental constraints. Natural testing 
is inherently opportunistic, expensive, and geographically limited, lead-
ing to sparse datasets that inadequately represent the complete spec-
trum of operating winter conditions. In contrast, laboratory-based ar-
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tificial snow experiments provide controlled repeatability but fail to 
completely replicate the stochastic variability of natural precipitation,
encompassing variations in snow density, particle shape, and thermal 
interactions at the fluid–surface interface [14,15]. Consequently, en-
durance time evaluations based exclusively on a single testing environ-
ment sometimes lack generalizability in real-world applications.

Beyond conventional endurance testing, recent research has investi-
gated a broad range of anti-icing and surface protection strategies de-
signed to limit ice and snow accumulation under challenging winter 
conditions. These efforts include the development of active and pas-
sive anti-icing systems, advances in surface engineering, and hybrid 
thermal–material solutions, reflecting the inherently multidisciplinary 
nature of aircraft icing mitigation [10,16,17]. Collectively, these stud-
ies indicate that anti-icing effectiveness is governed not only by fluid 
formulation, but also by the coupled influence of environmental forc-
ing, surface characteristics, and operational conditions [12,18]. As a 
result, there is an increasing need for predictive frameworks capable 
of integrating heterogeneous variables to support the assessment and 
optimization of anti-icing strategies under realistic and variable winter 
scenarios.

Machine learning provides an additional framework that may in-
tegrate various data from both controlled laboratory and natural test-
ing to overcome these limitations. Data-driven models can interpo-
late in untested scenarios and improve forecast reliability by iden-
tifying non-linear relationships among environmental variables, fluid 
properties, and endurance performance, therefore exceeding the con-
straints of experimental validation alone. In this regard, machine learn-
ing attempts to improve current SAE and Transport Canada test-
ing methodologies by enabling scalable, adaptive, and interpretable 
forecasts of anti-icing fluid endurance length under diverse winter 
conditions.

A variety of machine learning algorithms have been tested to sim-
ulate ice formation and predict anti-icing effectiveness. Deep learning 
frameworks, such as Deep Belief Networks (DBN) and Stacked Auto-
Encoders (SAE), have achieved notable accuracy in simulating icing phe-
nomena; however, they often require considerable training and compu-
tational resources [16,19–21]. Tree-based models, especially XGBoost, 
combine interpretability and computational efficiency, providing strong 
classification and regression results with moderate data demands [22]. 
This study introduces a cohesive and interpretable machine learning 
framework for aircraft icing, trained and validated on both artificial 
and natural snow datasets, in contrast to previous research that utilized 
only laboratory or field data. It explicitly assesses generalization, opti-
mization strategies, and feature-level physical interpretability via SHAP 
analysis. The methodology seeks to uphold a Mean Absolute Percentage 
Error (MAPE) under 10–15% and a Root Mean Square Error (RMSE) 
within 5% of the Holdover Time (HOT), in accordance with engineer-
ing accuracy standards and validation criteria established in Transport 
Canada and SAE documents [23–27]. 

2.  Methodology

The study is structured into two phases. Endurance time data is ini-
tially collected through standardized research in both natural and artifi-
cial snow settings. A machine learning model is subsequently developed 
to predict endurance time using environmental and operational data.

Three algorithms based on decision trees were assessed: Decision 
Tree, Random Forest, and XGBoost, utilizing the same input qualities. 
The model’s reliability was evaluated using 10-fold cross-validation. Hy-
perparameter optimization was conducted using Bayesian Optimization 
and Genetic Algorithms, as depicted in Fig. 1. To verify applicability in 
operational contexts, model outputs were tested against FAA and Trans-
port Canada Holdover Time (HOT) rules.

SHAP analysis indicates that endurance is influenced by a limited set 
of interpretable, physics-based variables, particularly when accounting 
for non-linear interactions between temperature and snow.

2.1.  Data collection

Data preparation is the first stage in developing the prediction model. 
To recollect the data, two separate tests must be performed, both with 
the same parameters, for the Society of Automotive Engineering (SAE) 
[28]. To collect the snow in both tests, an aluminium support is installed, 
as depicted in Fig. 2, which features a right-angle support structure to 
replicate the inclination of aircraft wings at 10°.

Natural snow endurance tests were conducted at two sites to max-
imize variability: APS Aviation Inc. (under contract with Transport 
Canada’s Transportation Development Centre) and the Anti-Icing Mate-
rials International Laboratory (AMIL). Both facilities followed the SAE 
ARP5485B protocol of the Aircraft Ground Anti-Icing Fluid Holdover 
and Endurance Time Testing Program. The setup presented in Fig. 3 em-
ployed an external aluminum structure to simulate an aircraft surface. 
Test fluid was released during snowfall, with environmental factors doc-
umented at one-minute intervals. Standardized protocols enabled uni-
formity across locations, facilitating the accurate assessment of fluid en-
durance duration under natural snow circumstances.

Artificial snow testing was conducted at the AMIL Laboratory under 
controlled conditions, in accordance with the SAE ARP5485B standard. 
The experimental setup consists of a cold room capable of maintaining 
ambient conditions with a thermal stability of ±0.5°C. Test plates were 
fitted with Pt100 temperature detectors made of platinum, located at 
mid-span and linked to an automated data collection system for ongo-
ing monitoring and traceability. All temperature sensors and weighing 
instruments were calibrated semiannually in accordance with the ISO 
10,012 requirements.

For reference, the combined standard uncertainty for derived quan-
tities (e.g., snow load) can be expressed in accordance with Gaussian 
error propagation as:

𝑢𝑦 =

√

√

√

√

𝑛
∑

𝑖=1

(

𝜕𝑦
𝜕𝑥𝑖

𝑢𝑥𝑖

)2

where 𝑢𝑥𝑖  represents the standard uncertainty of each measured vari-
able. However, because the objective of this study is predictive modeling 
using experimentally observed endurance times rather than determin-
istic analytical calculation, uncertainty propagation was not explicitly 
computed for each endurance prediction. Instead, measurement vari-
ability is inherently embedded within the experimental dataset through 
repeated trials and varying environmental conditions. The use of k-fold 
cross-validation further ensures that the reported performance metrics 
(RMSE, MAE, and MAPE) reflect averaged predictive deviations incor-
porating both modeling and experimental uncertainties across the full 
dataset.

The AMIL snow machine features an automated feeding system oper-
ating on a 10° sloped test plate (30cm × 50cm). Snow is produced by a 
top-mounted supply box and released onto a rotating cylinder equipped 
with small cavities that control the deposition rate and uniformity of 
artificial snowfall [29]. To ensure the quality and conformity of the ar-
tificial snow with the characteristics of natural snowfall, its density is 
measured twice daily. Volumetric sampling is performed using a cali-
brated snow dropper, and the deposited mass is recorded using a VWR-
203P2 digital precision balance with 0.001g readability and ±0.004g 
accuracy. For each volume setting, six successive measurements are av-
eraged to ensure repeatability. The SLF SNOWPRO-4040 sensor (FPGA 
GmbH, Switzerland) is utilized to determine the bulk density of snow. 
This measurement method adheres to the protocols established in recent 
research on indoor snow testing [30].

As illustrated in Fig. 4, the snow machine was initiated until ap-
proximately 30% of the test surface was covered by unmelted white 
snow, and the cold chamber was preconditioned several days in ad-
vance to reach the target ambient temperature. During testing, the snow 
machine performs a back-and-forth motion to uniformly cover the test 
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Fig. 1. Data processing and optimization pipeline for snow classification and fluid endurance prediction.

Fig. 2. Support structure for test plate and snow deposit.

plate. Snowfall is directed directly beneath the machine, where a scale 
positioned under the test plate measures the accumulated mass. The data 
is relayed to a computer that processes the measurements and provides 
them to the snowfall distribution control system. The testing occurs in 
a temperature-controlled cold room, with data gathering and control 
computers positioned externally to prevent heat interference.

Fluid failure, according to the SAE ARP5485B criteria, is considered 
to occur when approximately 30% of the test surface is visually obscured 
by white snow, indicating that the fluid has reached melt saturation 
and has lost its anti-icing effectiveness [30]. To reduce subjectivity, the 
evaluation is carried out by two trained observers following the defined 
protocol. The visual assessment is reinforced by infrared thermography, 
which confirms the absence of further temperature decrease upon snow 
deposition, as well as by the visible accumulation of unmelted snow on 
the plate surface. In practice, the grid lines drawn on the plate surface 
facilitate estimation of the 30% coverage threshold, as shown in the im-
ages. The implementation of a defined SAE ARP5485B visual technique, 
alongside independent assessment by two qualified observers and vali-
dation by infrared thermography, guaranteed consistency and repeata-
bility in failure detection across all testing.

Fig. 5 illustrates a representative test used to build the ML train-
ing dataset. The left image shows the start of the test, with the surface 
completely covered by the fluid and snow melting upon contact. Af-
ter 138 minutes, as depicted in the right image, around 30% of white 
snow, particularly in the central and lower areas, although some fluid 
persists at the top. This evident alteration in surface coverage illustrates 
the systematic identification and documentation of failures for dataset 
construction.

The dynamics of snowflake deposition and their interaction with the 
test surface are known to affect the fluid’s stability and failure threshold. 
Such interactions, including restitution and flake deformation on im-
pact, have been recently modeled using ML and fluid-mechanical frame-
works [11,31].

2.2.  Computational methods

To provide a clearer overview of the experimental setup and dataset 
structure, Table 1 summarizes the key characteristics of the samples 
collected under both artificial and natural snowfall conditions, as well 
as the modeling strategies applied in this study.

The combined dataset demonstrates an evident mismatch between 
artificial snow samples (478 cases) and real snow samples (295 cases), 
highlighting the practical limitations of field testing under genuine 
snowfall settings. This disparity reflects practical realities, since con-
trolled laboratory testing facilitates greater data throughput compared 
to opportunistic outdoor experiments. To alleviate potential bias result-
ing from disparate sample sizes, various solutions were implemented. 
Initially, all models conducted evaluation by k-fold cross-validation 
to guarantee consistent performance across various data segments. 
Secondly, model generalization was methodically evaluated by train-
ing on artificial, natural, and hybrid datasets, while ensuring assess-
ment on natural snow data to represent authentic operational settings.
Ultimately, performance indicators were analyzed across datasets to en-
sure that predicted accuracy did not unduly favor the predominant artifi-
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Fig. 3. Setup for natural snow test.

Table 1 
Dataset Characteristics and Testing Conditions.
 Characteristic  Details
 Total Samples  773
 Artificial Snow Samples  478 (collected in controlled laboratory environment)
 Natural Snow Samples  295 (collected under real snowfall conditions)
 Samples per Test (Lab)  Approximately 3 samples per fluid
 Samples per Test (Natural)  Approximately 9 samples per fluid
 Anti-Icing Fluids Tested  4 fluids (labeled A, B, C, D for confidentiality)
 Snow Intensity Range  1.24 to 35.8 g/dm2/h
 Temperature Range −26.2◦C to −1.97◦C
 Modeling Techniques  Decision Tree, Random Forest, XGBoost
 Prediction Target  Endurance time (𝑦) of anti-icing fluids
 Research Objective  Predict anti-icing fluid performance under diverse environmental conditions

Fig. 4. Setup for artificial snow test.

cial snow category. These techniques jointly mitigate sampling-induced 
bias and enhance the reliability of the proposed machine learning sys-
tem for predicting endurance duration under varying snowfall circum-
stances.

In this study, three supervised ML algorithms were implemented to 
model the endurance time of anti-icing fluids: Decision Tree, Random 

Forest, and Extreme Gradient Boosting (XGBoost). These algorithms 
were selected due to their capacity to handle nonlinear interactions 
between environmental variables such as temperature, snow con-
centration, and fluid type. Ensemble models like Random Forest 
and XGBoost further enhance predictive performance by aggregating 
multiple weak learners and reducing overfitting [32,33]. Among them, 
XGBoost demonstrated the most stable and accurate results during 
cross-validation and was therefore chosen as the final model. Detailed 
theoretical descriptions of these models are available in prior literature 
[34–36].

2.2.1.  Validation strategies for enhanced model training
K-fold cross-validation is one of the most popular and effective val-

idation strategies employed. It is a technique leveraged to assess a 
model’s generalization capability by partitioning the dataset into 𝐾 sub-
sets, commonly referred to as folds. During training, the model under-
goes training for 𝐾 iterations, utilizing 𝐾 − 1 folds for the training pro-
cess while reserving the remaining fold for validation purposes [37]. 
The final performance is determined by calculating the average across 
all folds, providing a more dependable assessment of the model’s accu-
racy. The formal representation of the cross-validation error calculation 
is as follows:

𝐶𝑉𝑒𝑟𝑟𝑜𝑟 =
1
𝐾

𝐾
∑

𝑖=1
𝐸𝑖 (1)

In this context, 𝐸𝑖 represents the error associated with the 𝑖th valida-
tion fold. This methodology facilitates the identification of overfitting 
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Fig. 5. Visual fluid failure, according to SAE ARP5485B criteria.

and guarantees the robustness of the model, particularly in the context 
of limited datasets.

2.2.2.  Hyperparameter tuning
Hyperparameter tuning is the process of selecting the optimal values 

for a ML model’s hyperparameters. Bayesian Optimization and Genetic 
Algorithms are two of the most powerful techniques for hyperparameter 
tuning.

Bayesian Optimization represents a probabilistic approach to hy-
perparameter tuning, wherein a surrogate function, commonly mod-
eled as a Gaussian Process (GP), is constructed to facilitate an efficient 
search process. The process achieves a balance between exploration 
and exploitation by determining the subsequent hyperparameter val-
ues through the application of an acquisition function, exemplified by 
Expected Improvement (EI):
𝐸𝐼(𝑥) = (𝜇(𝑥) − 𝑓 (𝑥+))Φ(𝑍) + 𝜎(𝑥)𝜙(𝑍) (2)

where 𝜇(𝑥) and 𝜎(𝑥) are the mean and standard deviation of the GP, 
𝑓 (𝑥+) is the best observed value, and 𝑍 is the standard normal variable. 
Bayesian Optimization presents significant advantages for the tuning 
of models such as XGBoost, Support Vector Machines, and deep learn-
ing networks, primarily by minimizing the number of required function 
evaluations [38].

Genetic Algorithms (GA) are derived from the principles of biologi-
cal evolution and are employed to address complex optimization chal-
lenges. A population of candidate solutions is developed through succes-
sive generations utilizing selection, crossover, and mutation processes. 
The fitness of each individual is assessed through the application of a 
function denoted as 𝐹 (𝑥), with subsequent generations being established 
in accordance with selection probabilities. The process of evolution can 
be represented as follows:
𝑥𝑛𝑒𝑤 = 𝛼𝑥𝑝𝑎𝑟𝑒𝑛𝑡1 + (1 − 𝛼)𝑥𝑝𝑎𝑟𝑒𝑛𝑡2 +mutation (3)

where 𝛼 serves as a parameter that regulates the crossover rate. Ge-
netic algorithms demonstrate efficacy in contexts characterized by 
high-dimensional or non-continuous search spaces, including applica-
tions such as deep learning architecture search and feature selection. 
Although it incurs significant computational costs, this approach of-
fers global optimization in contexts where gradient-based methods en-
counter difficulties [39,40].

The amalgamation of these methodologies has the potential to im-
prove the efficacy of predictive models, as they fulfill various roles, 
encompassing global search, hyperparameter optimization, and model
assessment. The subsequent approach is characterized by a logical 
framework:

• Evaluate the robustness of the model and address overfitting by em-
ploying K-Fold Cross-Validation.

• Conduct an investigation into a diverse array of hyperparameter con-
figurations and potential model architectures through the applica-
tion of the Genetic Algorithm.

• Employ Bayesian Optimization to enhance the search process, con-
centrating on significant hyperparameter regions previously identi-
fied by the Genetic Algorithm.

In order to prevent overfitting while employing effective optimiza-
tion methods, model building followed a methodical and sequential
approach. K-fold cross-validation (k = 10) was employed as the exter-
nal validation mechanism to assess model generalization across differ-
ent data partitions. This validation system utilized Genetic Algorithms 
to thoroughly explore the hyperparameter space, identifying significant 
regions without dependency on gradient-based assumptions. Bayesian 
Optimization was subsequently employed to refine hyperparameters in-
side these domains, focusing on local exploitation and convergence effi-
ciency. Optimization was exclusively conducted on training folds, while 
validation folds remained unexposed during the tuning process. The fi-
nal model’s efficacy was evaluated using natural snow data to confirm 
its reliability in real-world operational contexts. This stratified method 
integrates exploration, exploitation, and validation, thus reducing the 
danger of overfitting while enhancing prediction stability.

The optimization of hyperparameters, coupled with the establish-
ment of robust validation protocols, is complemented by the imple-
mentation of advanced feature engineering techniques, which are cru-
cial for enhancing the predictive capability of the model. The integra-
tion of polynomial and nonlinear features, feature interactions, and 
feature transformations enables the model to effectively capture the 
complex relationships that are inherent in the physical behaviour of 
snow-fluid interactions. For example, polynomial expansions, includ-
ing the squaring of temperature values, facilitate the model’s abil-
ity to incorporate nonlinear effects, wherein variations in temperature 
may not exert a uniform influence on endurance time [41]. In a sim-
ilar vein, interaction terms (for instance, the product of temperature 
and snow rate) are essential for accurately depicting synergistic ef-
fects that arise solely when variables function simultaneously at ex-
treme values [42]. Furthermore, log transformations significantly re-
duce skewness in distributions, hence improving numerical stability and 
promoting better model convergence during the optimization process
[43].

The incorporation of Rule-based Features and Domain-Informed Fea-
tures serves to augment the model’s ability to accurately represent real-
world phenomena. Binary indicators, which are informed by domain 
knowledge, such as a threshold-based cold condition flag, contribute 
to the identification of critical regimes in which fluid performance is 
adversely affected [44]. Furthermore, the calculated features, includ-
ing the snow load obtained from density and mass, incorporate physics-
based reasoning directly into the ML pipeline [37]. The integration of 
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Table 2 
Descriptive statistics (minimum, maximum, mean, and standard 
deviation) for the input and engineered features used in model de-
velopment.

 Feature  Min  Max  Mean  Std Dev
 Temperature −26.08 −1.98 −14.20 7.13
 Rate 1.40 35.78 18.56 10.12
 Temp_Squared 3.91 680.03 252.33 206.20
 Rate_Squared 1.96 1280.19 446.83 383.62
 Temp_Rate_Interaction −930.35 −5.03 −266.63 209.79
 Abs_Temperature 1.98 26.08 14.20 7.13
 Is_Very_Cold 0.00 1.00 0.86 0.34

domain-specific factors improves the model’s interpretability and real-
ism, essential for evaluating endurance time predictions in safety-critical 
contexts, such as the efficacy of aircraft anti-icing fluids. The fusion of 
these feature engineering techniques with the optimization framework 
yields a model distinguished by accuracy and grounded in both physical 
and statistical validity.

Table 2 presents the descriptive statistics (minimum, maximum, 
mean, and standard deviation) of the main input and engineered fea-
tures used in model development.

These statistical ranges confirm the dataset’s heterogeneity across 
environmental and operational conditions, supporting the model’s abil-
ity to generalize under varied snow scenarios.

3.  Results

3.1.  Data analysis

Comprehending the distribution of critical variables, including tem-
perature, snow application rate, and endurance time, is imperative prior 
to the interpretation of model outcomes. The configuration of these dis-
tributions elucidates fundamental trends within the dataset; for exam-
ple, it indicates whether specific conditions were disproportionately rep-
resented or if outlier values might affect the model’s performance. A 
skewed distribution in endurance time, for instance, suggests that a lim-
ited number of test scenarios result in considerably longer durations, 
which may signify optimal fluid performance under particular environ-
mental conditions. Identifying these patterns serves to affirm the relia-
bility of the data and establishes the framework for understanding the 
distribution of critical variables, including temperature, snow applica-
tion rate, and endurance time, is crucial before interpreting the subse-
quent graphical results.

The distribution of key experimental variables, shown in Fig. 6, offers 
valuable insight into the operating conditions under which the perfor-
mance of anti-icing fluid was assessed. These distributions were derived 
from the combined natural and artificial datasets, thereby capturing a 
comprehensive range of testing scenarios. The temperature variable ex-
hibits a right-skewed distribution, characterized by a significant con-
centration of observations near −5 ◦C. This suggests that a significant 
percentage of the tests were conducted in proximity to the upper thresh-
old of standard freezing conditions, wherein the efficacy of the fluid is 
anticipated to be of greater importance. The rate of snow deposition 
demonstrates a bimodal and positively skewed distribution, character-
ized by primary and secondary peaks located approximately at 5 to 10 
units and 25 to 30 units, respectively. This indicates that the dataset en-
compasses distinct clusters that correspond to scenarios of low and high 
snowfall intensity. The distribution of fluid endurance time exhibits a 
right-skewed pattern, with the majority of values concentrated within 
the range of 30 to 70 minutes, accompanied by a gradual decrease in 
frequency as endurance time extends. This pattern underscores that, al-
though the majority of fluids failed within a discernible time frame, a 
specific subset demonstrated prolonged endurance under particular en-
vironmental conditions. The distributions presented collectively illus-
trate the variability and heterogeneity inherent in real-world anti-icing 

conditions, thereby providing a foundational basis for the training of the 
predictive models.

Fig. 7 illustrates the differences in endurance time distributions 
among various fluid types and snow conditions, specifically empha-
sizing produced snow. The median endurance times exhibit significant 
stability across various snow types; however, controlled environments 
reveal more pronounced outliers and wider interquartile ranges, par-
ticularly for Fluids B and D. Fluid B exhibits endurance durations ex-
ceeding 200 minutes on artificial snow, suggesting notable variability 
rather than a uniform trend of enhancement. The visual evidence sug-
gests that dispersion increases under controlled snow conditions, likely 
due to laboratory-specific factors such as flake uniformity or deposition 
rate. The observed variation may indicate that the laboratory setting 
successfully replicated a broader spectrum of natural variables. This ob-
servation does not imply that artificial snow inherently improves per-
formance. Rather, the variability may reflect a wider range of environ-
mental scenarios simulated in the laboratory setting. It is important to 
clarify that the identification of subsets showing prolonged endurance 
cannot be made solely from Fig. 7; further statistical or model-based 
analysis would be required. Therefore, interpretations based solely on 
interquartile range should be made cautiously.

The correlation between endurance time and the rate of snow depo-
sition demonstrates a distinct inverse relationship across all fluid cat-
egories. The scatter plot, Fig. 8, together with logarithmic regression 
fits, demonstrates a steady decrease in endurance as snow rate increases 
throughout the temperature range of 0 to -20°C. This observation sug-
gests that increased snowfall contributes to an expedited occurrence 
of fluid failure. Although all fluids adhere to this overarching trend, 
the rate of decline exhibits variability, with Type A and Type D fluids 
demonstrating a more pronounced decrease in endurance as the rates 
increase. Conversely, Type B demonstrates a tendency to sustain com-
paratively elevated endurance values in low to moderate snowfall con-
ditions, which is consistent with prior observations regarding its wider 
performance spectrum. The existence of high-endurance outliers at low 
snow rates, particularly for Type B and Type D, underscores the po-
tential for prolonged protection during light snowfall conditions. The 
results of this study substantiate the significance of the snow rate as an 
essential predictive variable for the modelling of fluid endurance, This 
helps differentiate of fluid formulations in relation to environmental 
load conditions. This variability aligns with findings from recent snow 
impact studies, which highlight the non-linear influence of snow parti-
cle trajectory and surface restitution on retention and fluid endurance
[10,31].

The correlation matrix (Fig. 9) depicts the relationships among key 
environmental and response variables. A moderate negative correlation 
(r = −0.55) was observed between snow deposition rate and endurance 
duration, indicating that higher snowfall rates reduce fluid efficacy. The 
temperature and snow rate exhibit a moderate positive correlation (r = 
0.49), while the temperature and endurance time show a weak associ-
ation (r = 0.05). The robustness of this link will be further evaluated 
using the SHAP analysis in Section 3.3.

The exploratory analysis of variable distributions and their interre-
lationships reveals significant patterns that inform the modeling strat-
egy. The considerable influence of snow deposition rate on endurance 
time, coupled with the observed variability among various fluid and 
snow types, highlights the necessity for models capable of accurately 
depicting the complex, non-linear interactions inherent in the data. The 
findings articulated in this study not only corroborate the experimen-
tal dataset but also offer direction for the selection and assessment of 
appropriate ML methodologies. Building upon the analytical framework 
previously established, the subsequent section assesses the predictive ef-
ficacy of three supervised learning models, Decision Tree (DT), Random 
Forest (RF), and Extreme Gradient Boosting (XGBoost), across different 
test conditions, with the aim of identifying the most effective approach 
for estimating fluid endurance time in relation to various environmental 
loads.
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Fig. 6. Distribution of the variables.

Fig. 7. Boxplot endurance time by fluids and snow type.
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Fig. 8. Endurance time vs. snow deposition rate by fluids from temperatures 0 to -20°C.

Fig. 9. Matrix of correlations: Temperature, snow rate, endurance.

3.2.  Prediction performance

In order to evaluate the predictive capability of different algorithms 
for estimating endurance time, an assessment was conducted utilizing 
three supervised learning models: Decision Tree (DT), Random Forest 
(RF), and Extreme Gradient Boosting (XGBoost). The unrefined models, 
developed without feature engineering or post-processing, were evalu-
ated across natural, artificial, and hybrid datasets. Table 4 delineates 
the performance metrics utilized: the coefficient of determination (𝑅2), 
Root Mean Square Error (RMSE), and Mean Absolute Error (MAE), of-
fering an exhaustive assessment of the accuracy and reliability of each 
model. It is important to note that, for each model, separate training 
was conducted on the natural, artificial, and combined datasets. The 

performance metrics presented in Tables 4–6 correspond exclusively to 
predictions made on real (natural) snow data, allowing for a consis-
tent evaluation of model generalization under authentic environmental
conditions.

The configuration of hyperparameters for each model, along with 
training time and cross-validation details, is summarized in Table 3. 
These values were obtained either from default settings (for DT and 
RF) or through optimization procedures such as Bayesian and genetic 
algorithms in the case of XGBoost.

3.2.1.  Evaluation metrics
The coefficient of determination (𝑅2) is used to measure how well a 

prediction model fits the actual data. A value closer to 1 indicates that 
the model captures most of the variability in the target variable, while 
values closer to 0 suggest poor predictive power. RMSE, which gives 
higher weight to larger errors, indicates how concentrated the predic-
tion errors are around the true values; a lower RMSE reflects higher 
accuracy. Likewise, MAE measures the average absolute deviation be-
tween expected and actual values, enhancing its interpretability in real 
units. Lower MAE values are advantageous, signifying that the model 
exhibits reduced average prediction errors.

3.2.2.  Model selection
Gradient Boosting, namely XGBoost, was selected for its ability to 

enhance fluid behavior identification [45] and its expertise in model-
ing complex, non-linear interactions between environmental variables 
and endurance time. Cross-validation and comparative assessments of 
Decision Tree and Random Forest models confirmed their robustness.

The consolidated dataset analysis revealed that XGBoost attained a 
𝑅2 = 0.896, an RMSE = 12.105, and a MAPE = 5.135. While both Deci-
sion Tree and Random Forest occasionally attained slightly improved 𝑅2

or reduced RMSE values (see Table 4), XGBoost consistently produced 
lower MAE, demonstrating greater prediction stability. The model ex-
hibited strong performance after implementing advanced feature engi-
neering and optimization, confirming its selection for further refinement 
and interpretability assessment, as detailed in Section 3.3.
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Table 3 
Hyperparameter configurations and training details for each ML model. XGBoost pa-
rameters were optimized using Bayesian and genetic algorithms.
 Hyperparameter  Decision Tree [35]  Random Forest [32]  XGBoost [33]
 Max Depth  5  10  5
 n Estimators  –  100  100
 Learning Rate  –  –  0.1
 Subsample  –  –  1.0
 Colsample Bytree  –  –  1.0
 Alpha (𝛼)  –  –  0.0
 Lambda (𝜆)  –  –  1.0
 Random State  42  42  42
 Cross-Validation Folds (k)  10  10  10
 Training Time (s)  0.41  2.23  3.98

Table 4 
Model Comparison – Coefficient of Determination (𝑅2), Root Mean Squared Error (RMSE), Mean 
Absolute Error (MAE) for Decision Tree (DT), Random Forest (RF), and XGBoost (XGBoost).

 DT  RF  XGBoost
 Dataset 𝑅2  RMSE  MAE 𝑅2  RMSE  MAE 𝑅2  RMSE  MAE
 Natural  0.899  11.193  4.109  0.887  14.302  6.745  0.899  11.195  4.033
 Artificial  0.897  11.795  4.409  0.888  13.826  6.340  0.896  11.953  4.688
 Combined  0.898  11.591  4.290  0.886  13.874  6.440  0.896  12.105  5.135

Table 5 
Model Comparison with Feature Engineering – for Decision Tree (DT), Random Forest (RF), and 
XGBoost (XGBoost).

 DT  RF  XGBoost
 Dataset 𝑅2  RMSE  MAE 𝑅2  RMSE  MAE 𝑅2  RMSE  MAE
 Natural  0.899  11.193  4.099  0.887  14.229  6.702  0.899  11.194  4.123
 Artificial  0.897  11.795  4.409  0.883  14.548  6.716  0.897  11.892  4.648
 Combined  0.898  11.590  4.290  0.888  13.288  6.787  0.897  11.908  4.972

3.2.3.  Feature engineering and model refinement
In order to improve the model’s representation of physical inter-

actions, several features were added: Temp_Squared (to describe the 
nonlinear temperature–endurance relationship), Temp × SnowRate (to 
account for the combined effects of temperature and snow deposition 
rate), Log_SnowAge (to rectify distributional skewness), Is_Cold (a bi-
nary indicator for essential temperature thresholds), and Density_Mass
(a physics-informed feature that indicates snow load).

The inclusion of these engineered variables enhanced the input space 
of the XGBoost model. As shown in Table 5, the updated model achieved 
an 𝑅2 = 0.897, an RMSE = 11.908, and MAPE = 4.972 on the 
combined dataset, compared with the previous 𝑅2 = 0.896, RMSE =
12.105, and MAPE = 5.135. Considering the slight numerical improve-
ments, these findings validate that feature engineering helped improve 
model robustness and interpretability. The diminished prediction error 
and more consistent metrics suggest that improved physical represen-
tations, specifically snow load and temperature-snow interactions, aug-
mented the model’s ability to accurately reflect essential endurance dy-
namics. Subsequent enhancements may augment precision and applica-
bility.

The current model exhibits considerable predictive power; however, 
it is crucial to further reduce residual errors to enhance resilience and 
generalizability, particularly in safety-critical applications. This project 
will employ sophisticated optimization methods, such as Bayesian op-
timization and evolutionary algorithms, along with an efficient k-fold 
cross-validation strategy to improve hyperparameter tuning, avoid over-
fitting, and minimize prediction error.

The 𝑅2 and RMSE values displayed in Tables 4 and 5 provide com-
plementary insights into model performance and reliability. High 𝑅2

values (about 0.89–0.90 across datasets) indicate that the models accu-
rately capture the primary variability in endurance time affected by en-
vironmental and operational factors. The minor variations in 𝑅2 among 

natural, artificial, and mixed datasets suggest that the essential physi-
cal correlations learned by the models remain consistent across many 
testing environments.

RMSE values, expressed in minutes, denote the absolute deviation 
between predicted and actual endurance durations. In aviation ground 
operations, endurance times generally extend over several tens of min-
utes; hence, RMSE values of roughly 10 to 12 minutes align with 
forecast errors that remain within the permissible operating param-
eters established in SAE ARP5485B. The decrease in MAE noted for 
XGBoost compared to Decision Tree and Random Forest models fur-
ther signifies enhanced stability and less sensitivity to outliers. Col-
lectively, these measures indicate that the chosen modeling methods 
attain a balance between goodness-of-fit and operationally significant
accuracy.

3.2.4.  Optimized models prediction performance
The model went through additional optimization aimed at improving 

generalization and forecast accuracy, utilizing the feature collection that 
was developed earlier. The optimization phase focused on adjusting hy-
perparameters rather than introducing new variables, maintaining the 
same physical and statistical characteristics described in the preceding 
section. This included nonlinear and interaction terms: Temp_Squared
(to capture the nonlinear temperature–endurance relationship), Temp 
× SnowRate (for the joint influence of temperature and snow deposi-
tion rate), Log_SnowAge (to correct distributional skewness), Is_Cold (a
binary indicator for critical temperature thresholds), and Density_Mass
(a physics-informed feature representing snow load).

The enhanced feature representation provided a solid foundation for 
the optimization phase, enabling the XGBoost algorithm to discern more 
complex relationships between environmental variables and endurance 
time. Four optimization methodologies were utilized to evaluate model 
performance across artificial, natural, and hybrid datasets. The initial 
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Fig. 10. SHAP summary plot for the tuned XGBoost model trained on combined natural and artificial snow data.

Table 6 
Performance Metrics for Optimization Techniques: 𝑅2, RMSE, RMSE (%), MSE, MAE, MAE (%).

 10-Fold CV  Bayesian  10-Fold CV + Bayesian  Model Refinement Method
 Training Dataset  Artificial  Natural  Combined  Artificial  Natural  Combined  Artificial  Natural  Combined  Artificial  Natural  Combined
 R2  0.90  0.90  0.90  0.92  0.81  0.79  0.92  0.91  0.92  0.92  0.91  0.92
 RMSE  11.36  12.07  11.70  10.10  15.71  8.75  10.12  11.60  10.29  10.10  11.29  10.65
 RMSPE(%)  16.99  18.21  17.48  17.51  18.81  18.02  15.13  17.51  15.38  15.11  17.04  15.91
 MSE  129.16  145.69  136.90  629.49  661.48  351.75  102.45  134.59  105.91  102.11  127.46  113.33
 MAE  7.16  6.84  7.86  14.87  8.04  13.56  5.63  6.41  5.94  5.78  6.52  6.45
 MAPE(%)  10.71  10.33  8.88  23.07  8.16  22.50  8.64  9.68  8.88  8.64  9.83  9.64

method employed 10-fold cross-validation (10-Fold CV), selecting 
𝑘 = 10 for its equilibrium between bias, variance, and computational 
efficiency [46]. The second employed Bayesian optimization, the third 
merged 10-Fold cross-validation with Bayesian optimization, and the 
fourth amalgamated genetic algorithms with both methods–designated 
as the Model Refinement Method.

The evaluation of model generalization in artificial and natural snow 
environments was conducted by training and validating models on dis-
tinct datasets, as well as on a unified dataset. The results in Table 6 in-
dicate that models trained on the combined dataset exhibit consistently 
robust performance when assessed on natural snow data, with mini-
mal deterioration compared to artificial snow forecasts. The optimized 
XGBoost model has similar RMSPE and MAPE values across testing sce-
narios, suggesting that the established relationships are not confined to 
controlled laboratory settings. Artificial snow data offer more consis-
tent sampling and reduced variability, but real snow data demonstrate 
more stochasticity resulting from environmental changes. The model’s 
capacity to uphold expected accuracy under these circumstances vali-
dates its robust generalization and endorses the utilization of synthetic 
snow data as a dependable adjunct to natural snowfall testing within a 
cohesive machine learning framework.

The study targets a prediction accuracy within 10% of actual 
endurance time, consistent with industry standards in SAE Aerospace 
Recommended Practice ARP5485B [8]. The integrated optimization 
framework, incorporating Bayesian optimization, and k-fold cross-
validation, yields superior overall performance. The consolidated 

dataset analysis revealed that XGBoost achieved a coefficient of 
determination (𝑅2) of 0.92, an RMSPE of 15.38%, and a MAPE of 
8.88% after optimization, surpassing alternative methodologies. This 
hybrid methodology effectively succeeded by Bayesian optimization to 
concentrate on high-performance areas. The slight disparity in RMSE 
between artificial (10.12) and natural datasets (11.60) affirms robust 
generalization facilitated by the k-fold framework.

Bayesian Optimization alone performs well on artificial data (𝑅2 = 
0.92) but exhibits limited generalization, as reflected by its high MAPE 
(23.07%). The Genetic Algorithm shows larger variability (MAE = 8.52 
for artificial and 6.52 for natural data), whereas the integrated approach 
balances errors across all datasets (MAE = 5.78, 6.52, and 6.45, respec-
tively). The 10-Fold Cross-Validation baseline produces reliable results 
(RMSE = 11.70, MAPE = 8.88%) but does not fully exploit the param-
eter space. Overall, the comprehensive optimization framework reduces 
RMSE by roughly 9% and increases 𝑅2 from 0.90 to 0.92, demonstrat-
ing effective overfitting control and improved predictive stability under 
diverse snow conditions.

3.3.  Model explainability using SHAP analysis

Comprehending the influence of each factor on model predictions is 
crucial for understanding outcomes and directing further experiments. 
Upon determining XGBoost as the optimal model, feature significance 
was assessed utilizing SHapley Additive exPlanations (SHAP) values 
[47].
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Fig. 11. SHAP waterfall plots illustrating feature contributions for representative low, median, and high endurance time predictions.
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Before conducting SHAP analysis, continuous input variables (e.g., 
temperature, snow deposition rate, and designed interaction terms) 
were utilized in their original physical units, as tree-based models like 
XGBoost are unaffected by monotonic feature scaling. During model 
training, categorical variables denoting anti-icing fluid type were en-
coded via binary indicator (one-hot) encoding. SHAP values were de-
rived directly from the trained XGBoost model via the TreeExplainer 
framework, hence ensuring alignment between the prediction model 
and the explainability study. This method enables the interpretation of 
both continuous and categorical characteristics in a physically signifi-
cant way, without the bias introduced by scaling.

Fig. 10 illustrates the SHAP summary plot, emphasizing that the in-
teraction between temperature and snow deposition rate (Temp Rate 
Interaction) is the predominant factor influencing endurance dura-
tion. Elevated snowfall rates coupled with temperature fluctuations 
substantially influence fluid dynamics. Additional significant contrib-
utors comprise Rate, Fluid B, and engineered variables such as Rate 
Squared and Temp Squared, highlighting the significance of non-linear 
and interaction effects.

SHAP waterfall plots were created for three representative cases of 
endurance time: low, median, and high, to effectively demonstrate indi-
vidual forecasts (Fig. 11). These charts illustrate the positive or negative 
contributions of each attribute to certain predictions. In low-endurance 
settings, significant adverse effects from low temperatures and elevated 
deposition rates prevail. Conversely, high endurance forecasts are influ-
enced by moderate snowfall rates, conducive temperatures, and benefi-
cial interactions among environmental variables and fluid characteris-
tics

SHAP analysis indicates that endurance is influenced by a limited set 
of interpretable, physics-based variables, particularly when accounting 
for non-linear interactions between temperature and snow.

The SHAP analysis indicates that endurance time is primarily af-
fected by a combination of environmental, operational, and fluid-related 
factors. In both natural and artificial snow datasets, the primary influ-
encing factors are the snow deposition rate and external temperature, 
with heightened snowfall intensities and diminished temperatures con-
sistently impacting fluid failure. Operational characteristics are repre-
sented by interaction terms, particularly the temperature-snow rate in-
teraction, which highlights the non-linear correlation between thermal 
conditions and snow loading. Fluid-specific properties also affect en-
durance performance, revealing differences in formulation reactions to 
the same environmental stimuli. The relative importance of these fac-
tors remains consistent in both natural and artificial snow environments; 
however, research on manufactured snow reveals a slightly less variabil-
ity in SHAP contributions due to controlled deposition rates and uniform 
snow properties. In contrast, natural snow data demonstrate heightened 
variability, indicating a broader range of environmental interactions. 
The findings indicate that machine learning models accurately depict 
physically significant systems while maintaining robustness across many 
testing scenarios.

4.  Discussion

This study illustrates that machine learning can yield precise and 
comprehensible forecasts of anti-icing fluid longevity under various cli-
matic conditions. By merging natural and artificial snow datasets for 
training, the model bridges the disparity between controlled laboratory 
experiments and real-world settings.

The integration of XGBoost, Bayesian optimization, and k-fold cross-
validation improved predictive accuracy and mitigated overfitting, par-
ticularly under fluctuating snow and temperature conditions. These 
findings align with recent work emphasizing the significance of snow-
surface interactions and energy dissipation processes in endurance be-
havior [12,48].

Moreover, feature engineering significantly influenced the model’s 
performance. The inclusion of polynomial terms, interaction effects, 

and domain-specific indicators (such as Temp Rate Interaction and
Density Mass) improved the model’s physical realism and reduced 
residual errors. These properties allowed the model to generalize across 
various contexts while maintaining interpretability.

The SHAP study further shows that endurance time is primarily in-
fluenced by the interaction of snow deposition rate and temperature, 
together with fluid-specific characteristics. The waterfall diagrams il-
lustrated how these interactions might either accelerate or delay fluid 
collapse. Most operational scenarios often occur within a moderate en-
durance range, where environmental factors exert a measurable but 
manageable influence.

Despite its strong performance, the model is limited by the relatively 
small size of the real snow dataset, which affects its ability to encounter 
rare environmental edge cases. Future studies should expand natural 
testing and examine additional physical properties, including surface 
roughness and phase transitions of precipitation. The application of gen-
erative models like VAEs and GANs may assist in data augmentation.

The prevailing influence of snow deposition rate and ambient tem-
perature on endurance duration aligns with recognized physical princi-
ples that dictate anti-icing fluid failure. Heightened snowfall intensity 
expedites fluid dilution and saturation, whereas diminished tempera-
tures impair melting efficiency and augment snow accumulation, re-
sulting in an earlier decline in fluid efficacy. Comparable dependencies 
have been documented in experimental and numerical investigations of 
snow-surface interactions and fluid degradation in winter conditions, 
wherein the non-linear interplay between thermal and hydrodynamic 
effects is pivotal to endurance behavior [10,12,13].

From a modeling standpoint, the robust efficacy of tree-based ma-
chine learning methods demonstrates their capacity to include non-
linear relationships and interaction effects that are challenging to depict 
through empirical correlations alone. Prior research utilizing machine 
learning for aircraft icing and anti-icing systems has shown that ensem-
ble techniques like XGBoost provide an advantageous equilibrium be-
tween predictive precision and interpretability under conditions of lim-
ited data availability [22]. The uniformity of model performance across 
artificial and natural snow datasets corroborates existing research that 
indicates controlled laboratory data, when suitably integrated, can aug-
ment prediction robustness without compromising physical relevance.

5.  Conclusion

This study presented a machine learning methodology to forecast 
the endurance duration of airplane anti-icing fluids, integrating artificial 
and natural snow data to reconcile differences between controlled exper-
iments and actual environmental conditions. Utilizing XGBoost in con-
junction with sophisticated optimization methods, including Bayesian 
optimization, and cross-validation, the model attained robust predic-
tive efficacy (R² = 0.92, RMSPE = 15.38%, MAPE = 8.88%). Engi-
neered characteristics, such as temperature-snow rate relationships and 
domain-informed variables, enhanced interpretability and congruence 
with physical behavior. SHAP studies confirmed that fluid degradation 
is affected by temperature and the interplay between snowfall and de-
position. These results highlight AI’s potential to enhance operational 
safety and refine fluid decision-making in winter aviation settings.
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