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Abstract

The positional repeatability of industrial robots is a critical yet state-dependent perfor-
mance metric, highly sensitive to thermal conditioning and mechanical loading. This study
develops a data-driven framework for predicting repeatability of FANUC LR Mate 200iD
(FANUC, Oshino-mura, Japan) and KUKA KR 6 R700 Sixx (KUKA AG, Augsburg, Ger-
many) robots under varying operational conditions. ISO 9283-compliant experiments using
a TriCal system (TRI-CAL Ltd., Montreal, QC, Canada) were conducted across three warm-
up durations, three payload levels, and five poses. Ensemble artificial neural networks with
10 independently trained networks were developed for each robot. The FANUC model
achieved R2 = 0.9922, RMSE = 0.004231 mm, and MAE = 0.002979 mm, while the KUKA
model achieved R2 = 0.9926, RMSE = 0.002919 mm, and MAE = 0.002215 mm. Prediction
interval coverage was 93.3% for FANUC and 100% for KUKA. Per-pose R2 ranged from
0.9588 to 0.9966 for KUKA. Response surface analysis identified thermal stabilization as
the dominant factor affecting repeatability, with improvements of 86% for FANUC and
84% for KUKA after 4 h of warm-up. The KUKA robot demonstrated superior robustness
and lower variability compared to the FANUC robot. The framework provides a practical
tool for predicting repeatability, supporting process planning, uncertainty budgeting, and
precision manufacturing optimization.

Keywords: industrial robots; repeatability prediction; ensemble artificial neural network;
ISO 9283; thermal effects; payload; precision manufacturing; FANUC; KUKA

1. Introduction
The increasing deployment of industrial robots in precision-critical manufacturing

operations has created an urgent need for reliable predictive tools capable of estimating
positioning performance under realistic operating conditions [1,2]. As manufacturing
tolerances continue to tighten across aerospace, medical, and electronics sectors, the gap
between what robots can achieve under controlled laboratory conditions and their actual
performance in production environments has become a central concern for manufacturing
engineers [3–5]. This gap is particularly pronounced for repeatability, the stochastic disper-
sion of attained positions about a mean pose, which fundamentally limits the achievable
precision of any robotic operation [6,7].
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Thermal effects and dynamic errors represent fundamental sources of performance
degradation that have been extensively documented in both machine tools and industrial
manipulators [8–10], with their influence on positioning repeatability being particularly
critical for precision manufacturing operations. Predicting repeatability under varying
operational conditions presents formidable challenges that conventional approaches have
struggled to address. The positional behavior of industrial manipulators emerges from
complex interactions among thermal evolution, mechanical loading, kinematic configu-
ration, and control system dynamics [11]. These factors are not independent but exhibit
coupled behavior that defies simple analytical description [12]. Temperature gradients
affect material properties and lubricant viscosity, which in turn modify friction character-
istics and joint compliance [13,14]. Payload variations induce structural deflections that
depend on both load magnitude and robot posture, with the relationship often exhibiting
nonlinearity [15,16]. The resulting behavior is characterized by interactions that conven-
tional modeling approaches, whether analytical or empirical, have difficulty capturing with
sufficient accuracy for precision manufacturing applications [17].

Analytical approaches to repeatability prediction derive mathematical models from
physical principles, typically modeling joint-level error sources and propagating them
through kinematic transformations [18,19]. While theoretically elegant, these methods
require extensive knowledge of joint-level stochastic characteristics that are rarely available
for production robots [20]. Moreover, the simplifying assumptions necessary for analytical
tractability often overlook important coupling effects, limiting predictive accuracy in
practice [21]. Empirical approaches, conversely, develop predictive models directly from
experimental measurements using statistical techniques such as regression or response
surface methodology [22]. These methods capture actual behavior but are constrained by
the limited flexibility of predetermined functional forms, which struggle to represent the
nonlinear interactions characteristic of robotic systems [23,24].

The limitations of conventional approaches have motivated exploration of alterna-
tive modeling paradigms capable of learning complex patterns directly from data [25,26].
Among these, artificial neural networks have demonstrated remarkable capability for
modeling nonlinear engineering systems without requiring explicit physical models [27].
The universal approximation property of neural networks—their ability to approximate
any continuous function on a compact domain to arbitrary accuracy, provided the net-
work has sufficient capacity (e.g., adequate number of hidden neurons) and is trained on
representative data under appropriate assumptions—makes them particularly attractive
for problems where the underlying mechanisms are understood qualitatively but resist
quantitative modeling [28]. Neural networks can automatically discover patterns and
interactions in data that traditional methods might miss, potentially achieving predictive
accuracy substantially beyond conventional approaches [29].

However, practical implementation of neural networks for engineering prediction
faces several obstacles. Limited experimental datasets, common in metrology applica-
tions due to the time-intensive nature of standardized testing protocols, increase the risk
of overfitting in single-network architectures [30,31]. The stochastic nature of network
training, where different initializations converge to different local minima, introduces
uncertainty in predictions that single networks cannot quantify [32]. Perhaps most critically
for manufacturing decision-making, practitioners require confidence estimates to support
risk-informed process planning, as a point prediction without uncertainty assessment
is of limited practical value [33]. These limitations have motivated the development of
ensemble learning methodologies, which train multiple independently initialized networks
and aggregate their predictions [34]. This approach reduces variance, improves generaliza-
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tion, and provides a natural measure of predictive uncertainty through the dispersion of
individual network outputs [35].

The increasing adoption of machine learning in robotic systems reflects a broader tra-
jectory toward data-driven performance optimization [36–39]. In this context, Zhu et al. [40]
introduced a physics-informed neural network architecture that integrates theoretical cur-
rent as a physical constraint alongside a current-error dual-loop framework for tracking
error prediction. Their approach yielded a 74.74% reduction in tracking error, underscor-
ing the synergy between physics-based reasoning and data-driven learning. Similarly,
Santhosh et al. [41] combined machine learning with virtual-environment simulations to
automate flaw identification in robotic painting, attaining 94% real-time detection accuracy
and highlighting the value of aligning simulated and physical experimental conditions.
Addressing calibration challenges, Li et al. [42] developed a hybrid methodology that fuses
cubic interpolated beetle antennae search with a particle filter to mitigate non-Gaussian
noise, achieving a 21.43% reduction in maximum calibration error on an HSR JR680 manip-
ulator. For anomaly detection in distributed robotic systems, Long et al. [43] proposed a
statistical-deep learning framework incorporating a Pyramid Graph Attention Network,
which captures inter-robot dependencies through hierarchical dynamic weighting and de-
livers a 15% average performance gain over conventional time-series methods. Zheng and
Huang [44] further contributed by benchmarking multiple machine learning models for
real-time fault monitoring, establishing that data preprocessing, algorithmic selection, and
hyperparameter tuning are decisive factors in predictive accuracy. Collectively, these inves-
tigations affirm the advancing sophistication of machine learning in robotic performance
modeling. Nevertheless, the systematic design of ensemble architectures, particularly those
providing quantifiable uncertainty estimates for repeatability prediction across disparate
robot platforms, remains conspicuously absent in the existing literature.

The present investigation advances the state of the art by developing ensemble artificial
neural network models specifically for industrial robot repeatability prediction, with three
distinct contributions that differentiate it from prior work. First, while previous applications
of neural networks to robotic systems have focused on calibration, path planning, or control,
this study systematically develops and validates ensemble architectures specifically for
repeatability prediction with quantified uncertainty intervals. Recent work on positioning
error prediction using random forest methods has demonstrated the viability of machine
learning for robotic applications, achieving prediction accuracies of 0.66 to 0.95 in terms
of coefficients of determination depending on the axis [45]. The ensemble methodology
provides both improved predictive accuracy and practical uncertainty estimates essential
for manufacturing decision-making, addressing a critical gap in existing predictive tools.

Second, this work establishes a comprehensive predictive framework validated across
two distinct robot platforms, the FANUC LR Mate 200iD and KUKA KR 6 R700 Sixx, using
identical experimental conditions and measurement procedures. This comparative foun-
dation is unprecedented in the repeatability prediction literature, as prior investigations
have typically focused on single robot models [46] or employed different experimental
protocols that complicate direct platform comparison. The selected robots represent con-
trasting design philosophies, enabling investigation of whether predictive models are
platform-specific or can be generalized.

Third, the ensemble ANN approach automatically captures thermal payload-pose
interactions without requiring explicit specification of interaction terms. While the com-
panion experimental study has thoroughly characterized these effects through statistical
analysis, the present work transforms this characterization into a predictive capability. The
neural network methodology learns interaction patterns from data, providing predictive
models that reflect the coupled nature of repeatability behavior. This data-driven interac-
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tion capture represents a fundamental advantage over regression approaches that require
predetermined interaction structures [47].

The central hypothesis guiding this investigation is that ensemble neural networks,
trained on systematically acquired experimental data, can provide accurate and reliable
predictions of robot repeatability with quantified uncertainty, thereby enabling informed
manufacturing decision-making. This hypothesis is examined through specific research
questions: (1) Can ensemble ANN models achieve high predictive accuracy, as measured by
R2, RMSE and MAE, for repeatability prediction across multiple robot platforms? (2) Can
ensemble-based prediction intervals provide practically useful uncertainty estimates that
capture the variability inherent in repeatability measurements? (3) Does predictive per-
formance differ significantly between the two robot platforms, indicating the need for
platform-specific models? (4) What operational guidelines can be derived from the pre-
dictive models for optimizing repeatability performance in terms of warm-up duration,
payload selection, and pose configuration?

The practical significance of this investigation extends beyond academic contribution.
For manufacturing engineers, the predictive models provide a tool for estimating repeata-
bility under untested conditions without requiring exhaustive experimental campaigns.
For process planners, the uncertainty intervals enable risk-informed tolerance allocation
and quality assurance strategies. For robot selection decisions, the comparative analysis
offers quantitative guidance on platform suitability for particular operating environments
and precision requirements. By transforming experimental characterization into predictive
capability, this work addresses a fundamental limitation in current manufacturing practice.

The remainder of this paper proceeds as follows. Section 2 details the experimental
methodology, including robot platforms, measurement apparatus, experimental design,
data collection procedures, and the ensemble ANN architecture and training protocol.
Section 3 presents the results of experimental repeatability characterization and model
development, including performance metrics and uncertainty analysis. Section 4 discusses
the implications of findings for manufacturing practice and positions the contributions
within the broader literature. Section 5 concludes with key contributions, limitations, and
future research directions.

2. Materials and Methods
2.1. Robot Platforms

Figure 1 presents the two industrial robotic platforms adopted as the experimental
systems throughout this investigation. The selection of these manipulators was intended to
establish a representative benchmark for evaluating repeatability under identical testing
conditions while accounting for differences in robot design and control implementation.
Although both systems belong to the same class of compact six-degree-of-freedom indus-
trial manipulators, they originate from different manufacturers and incorporate distinct
mechanical architectures and motion-control strategies. This diversity enables a compre-
hensive assessment of whether the proposed modeling framework is transferable across
robotic platforms rather than being tailored to a single manufacturer. Consequently, the
comparative analysis performed in this study provides valuable insight into the robustness
and generalization capability of the developed repeatability prediction methodology.

2.2. Measurement System

The TriCal device [48], was employed for positional deviation measurements. This
portable measurement system comprises three mutually perpendicular Sylvac digital
indicators configured to detect small TCP displacements (Figure 2). Each sensor has
a resolution of 0.003 mm and a measuring span of 0–12.7 mm, facilitating the precise
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identification of kinematic parameters and joint stiffness characteristics through automated
probing of reference spheres.

Figure 1. Experimental robotic platforms used in this study.

 

Figure 2. TriCal system during automated reference sphere probing.

Although ISO 9283 [49] prescribes laser interferometry as a reference method, the
repeatability levels of modern industrial robots (5–10 µm) approach the resolution limits of
conventional laser trackers (≈5 µm/m). The TriCal system offers comparable precision with
substantially lower capital investment (less than 10% of the cost of typical laser trackers),
while maintaining adequate sensitivity for detecting small positional deviations [48,49].
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2.3. Pose Selection and Workspace Sampling Strategy

To capture configuration-dependent performance characteristics, five measurement
points (P1–P5) were selected within the robot workspace according to the standardized
procedure outlined in ISO 9283:1998 [49]. These points correspond to the four corners
and the center of a virtual cube inscribed within the robot’s effective working envelope
(Figure 3). This approach ensures systematic sampling of the workspace without requiring
subjective configuration selection.

 

Figure 3. Location of the five test positions (P1–P5) within the ISO cube in the robot workspace.

The selected poses were distributed along the cube’s diagonals and at its extremities
to capture a wide range of kinematic configurations (Figure 3). By sampling multiple
positions rather than a single location, the methodology provides comprehensive coverage
of performance variations across the workspace. The cube dimensions and placement were
chosen to reflect configurations typically encountered in industrial applications.

2.4. Experimental Variables and Their Levels

The experimental investigation examined three factors identified as primary contribu-
tors to repeatability dispersion. Table 1 summarizes the specific levels for each factor.

Table 1. Design of Experiments (DOE) factors and levels.

Factor FANUC Levels KUKA Levels

Payload (kg) 1.5, 3.5, 7 1.5, 3, 6

Warm-up (hours) 0, 2, 4 0, 2, 4

Pose P1, P2, P3, P4, P5 P1, P2, P3, P4, P5

Thermal State: Industrial manipulators experience dimensional changes as internal
heat sources alter component temperatures, affecting joint clearances, friction, and servo
compensation. To investigate this phenomenon, measurements were performed at three
thermal conditions: immediate startup (0 h), intermediate state (2 h), and thermal equi-
librium (4 h). The selected intervals were based on preliminary experiments showing
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positional stabilization after approximately two hours of continuous operation, consistent
with previously reported thermal settling times [50].

Payload Conditions: The mechanical load applied at the TCP influences joint de-
flections and servo response. Three load levels were selected relative to each robot’s
rated capacity, with eccentric mounting to replicate realistic industrial scenarios where the
payload center of mass is typically offset from the robot’s wrist axis.

Spatial Configuration: Five distinct poses (P1–P5) were examined to assess the influ-
ence of robot configuration on repeatability, following the ISO 9283 framework described
in Section 2.3.

The complete factorial design produced nine distinct operating conditions per robot
(three warm-up levels × three payload levels). With measurements conducted at all
five poses for each condition, this resulted in 45 experimental configurations per robot.

2.5. Measurement Protocol and Data Acquisition

A repeatable measurement protocol was implemented to ensure data reliability and
stable operating conditions. The robot executed sequential movements from a reference
position through the five target poses (P1–P5) following a standardized approach trajec-
tory. Upon completing the P5 measurement, the robot returned to P1 to initiate the next
measurement cycle. Each complete cycle was repeated 300 times under identical conditions.

A methodological consideration is the use of a fixed cyclic pose sequence (P1–P5).
This sequence was deliberately employed to maintain consistent thermal and mechanical
conditions across measurement cycles, as randomized sequences could introduce additional
variability in the robot’s thermal state. The 300 repetitions per condition ensure that any
transient effects are averaged out and the cyclical nature ensures that each pose is measured
at comparable points in the robot’s thermal and mechanical state across repetitions. The
consistent repeatability values observed across the 300 cycles support the stability of
the measurements.

At each pose, the TriCal system recorded the TCP displacement relative to the
programmed position. The cyclic measurement design maintains consistent thermal
conditions throughout data acquisition, enabling robust statistical characterization of
positional dispersion.

All measured data points were retained in the analysis (no outlier removal) to represent
realistic operational variability. Repeatability was calculated according to ISO 9283 [49]
using the Euclidean distance of each measured point from the centroid of the 300-position
cloud. For each repetition j:

Dj =
√(

xj − x
)2

+
(
yj − y

)2
+
(
zj − z

)2, (1)

where:

Dj is the Euclidean distance from the measured point to the centroid;
xj, y and zj are the measured coordinates;
x. y and z are the mean coordinates.

The repeatability metric RP for each pose and condition was then computed as:

RPi = D + 3S, (2)

where D is the mean of the Euclidean distances and S is the standard deviation.
The resulting dataset, comprising 45 repeatability values per robot, was used for

ensemble ANN training and validation.
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2.6. Ensemble Artificial Neural Network Architecture

An ensemble of artificial neural networks was developed for each robot to model
the relationship between operational factors and repeatability. The ensemble architecture
(Figure 4) consists of 10 independently trained feedforward networks (20 for KUKA),
each with:

• Input layer: 3 neurons (warm-up time, payload, and pose);
• Hidden layer: 12 neurons with ReLU activation (max(0, z));
• Output layer: 1 neuron (repeatability prediction).

Figure 4. Workflow of the proposed ensemble artificial neural network framework for robot repeata-
bility prediction and uncertainty quantification.

2.6.1. Training Procedure

Each network in the ensemble was trained independently using standard feedfor-
ward backpropagation with momentum [51]. Weights were initialized using the He et al.
scheme [52], where input-to-hidden weights were drawn from a normal distribution scaled
by the number of input neurons:

W1 ∼ N

(
0,

√
2

ninput

)
, (3)

where ninput = 3. Training hyperparameters included a learning rate of 0.01 with exponen-
tial decay (0.999 per epoch), momentum of 0.9, as well as 3000 epochs for FANUC and 5000
for KUKA, with Mean Squared Error (MSE) as the loss function.
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The network architecture comprises an input layer (3 neurons: warm-up time, payload,
pose), a single hidden layer (12 neurons) with ReLU activation [53], and an output layer
(1 neuron: repeatability prediction). The number of hidden neurons (12) was determined
through a systematic grid search over candidate architectures {6, 8, 10, 12, 16, 20} using
leave-one-out cross-validation (LOOCV). For each candidate architecture, the average
coefficient of determination (R2) across all LOOCV folds was computed. The 12-neuron
architecture was selected as it provided the best balance between predictive accuracy and
model complexity, consistent with the principle of parsimony. Architectures with more
than 12 neurons yielded negligible improvements in predictive accuracy while increasing
the number of trainable parameters and the associated risk of overfitting. This systematic
approach ensures that the architecture selection is objective and reproducible.

During forward propagation, the hidden layer computes a linear combination of
inputs and biases followed by ReLU activation, producing the final prediction at the
output layer. Backpropagation computes gradients of the MSE loss with respect to network
weights using the chain rule [54], with ReLU derivatives passing gradients only for positive
activations [55]. A momentum term accelerates convergence and smooths oscillations [51]:

ϑt+1 = µϑt − η∇L(Wt), (4)

Wt+1 = Wt + ϑt+1, (5)

with µ = 0.9 and η = 0.01. Input features and target values were normalized to zero mean
and unit variance [51].

Xnorm =
(X − µX)

σX
, (6)

Ynorm =
(Y − µY)

σY
, (7)

where µX , σX , µY and σY are the means and standard deviations of the input features and
target values, respectively. This normalization is critical for stable and efficient conver-
gence [56].

The categorical variable ‘pose’ (P1 through P5) was encoded as an ordinal numerical
value (1, 2, 3, 4, 5) corresponding to the five measurement positions. This encoding was
chosen because the poses are ordered along the ISO cube and pose-dependent performance
tends to vary smoothly across this sequence. The pose values were normalized to zero
mean and unit variance along with the other input features (warm-up time and payload),
ensuring consistent scaling across all inputs [57].

2.6.2. Ensemble Averaging and Uncertainty Quantification

Once all networks in the ensemble are trained, their predictions are combined to
produce a final, more robust prediction. This approach reduces prediction variance and
improves generalization [35,58].

The final ensemble prediction is the average of all individual network predictions:

Ŷensemble =
1
N ∑N

i=1 Ŷi, (8)

where N is the number of networks in the ensemble (10 for FANUC, 20 for KUKA). This
averaging smooths out the idiosyncratic errors of individual networks, resulting in a more
reliable prediction [35].

The uncertainty of the ensemble prediction is quantified by the standard deviation of
the individual predictions:
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σensemble =

√
1

N − 1∑N
i=1

(
Ŷi − Ŷensemble

)2, (9)

This standard deviation serves as a measure of the model’s confidence: a small
σensemble indicates high agreement among the networks, while a large value suggests
greater uncertainty.

Assuming the prediction errors are approximately normally distributed, 95% predic-
tion intervals were constructed as:

Ŷlower = Ŷensemble − z·σensemble, (10)

Ŷupper = Ŷensemble + z·σensemble, (11)

where z = 1.96 corresponds to the 95% confidence level. These intervals provide a range
within which the true repeatability value is expected to lie with 95% confidence [33].

For the KUKA robot, a calibrated prediction interval was implemented with a calibra-
tion factor of 3.631 to achieve the desired 95% coverage. This adjustment accounts for the
higher variability observed in the KUKA dataset [59].

For the KUKA robot, a post hoc calibration procedure was employed to achieve the
desired 95% prediction interval coverage. This calibration was necessary because the
ensemble standard deviation σensemble (Equation (9)) captures only the variance between
network predictions, not the full prediction uncertainty (including measurement noise,
model misspecification, and data-scarcity effects). A multiplier c was systematically varied
over the range [1.0, 5.0] with step size 0.01, and the coverage (percentage of training samples
within the interval [Ŷ − c · σensemble, Ŷ + c · σensemble]) was computed for each value, where
Ŷ is the ensemble prediction (Equation (8)). The optimal multiplier c = 3.631 was selected as
the smallest value achieving at least 95% coverage on the training set. This value is larger
than the standard Gaussian multiplier of 1.96 (used in Equations (10) and (11)), indicating
that σensemble underestimates the true prediction uncertainty for the KUKA model. This
underestimation may be attributed to three factors: (i) higher data variability in certain
conditions (e.g., P2 and P3 poses), (ii) deviations from normality in the prediction error
distribution, and (iii) the limited dataset size (45 samples) that constrains the ensemble’s
ability to estimate uncertainty accurately. This calibration approach is consistent with
established practices in ensemble uncertainty quantification when the simple Gaussian
assumption does not hold [59].

2.6.3. Performance Metrics

The predictive performance of the ensemble ANN was evaluated using three stan-
dard metrics: the coefficient of determination, the root mean square error, and the mean
absolute error.

(a) Coefficient of Determination (R2):

The coefficient of determination measures the proportion of variance in the experi-
mental data that is explained by the model [60]:

R2 = 1 − ∑n
i=1
(
Yi − Ŷi

)2

∑n
i=1
(
Yi − Y

)2 , (12)

where Yi are the experimental repeatability values, Ŷi are the predicted values, and Y is the
mean of the experimental values. An R2 value close to 1 indicates that the model captures
most of the variability in the data [60].
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(b) Root Mean Square Error (RMSE):

The RMSE measures the standard deviation of the prediction errors, giving higher
weight to large errors [61]:

RMSE =

√
1
n∑n

i=1

(
Yi − Ŷi

)2, (13)

This metric is expressed in the same units as the target variable (mm), making it
directly interpretable [61].

(c) Mean Absolute Error (MAE):

The MAE measures the average absolute difference between the experimental and
predicted values [61]:

MAE =
1
n∑n

i=1

∣∣Yi − Ŷi
∣∣, (14)

Unlike RMSE, MAE is less sensitive to outliers and provides a more intuitive measure
of average prediction error [61].

(d) Prediction Interval Coverage:

The prediction interval coverage is defined as the percentage of experimental data
points that fall within the computed 95% prediction interval. This metric directly evaluates
the reliability of the uncertainty estimates [59].

2.6.4. Model Validation Using Leave-One-Out Cross-Validation

Due to the limited dataset size (45 samples per robot), a traditional hold-out
train/validation/test split would have resulted in insufficient training data and unre-
liable performance estimates. Therefore, leave-one-out cross-validation (LOOCV) was
employed to evaluate the predictive performance of the ensemble ANN models [62]. In
this approach, for each of the 45 samples, an ensemble of networks was trained on the
remaining 44 samples, and the prediction for the held-out sample was recorded. This
process was repeated 45 times, with each sample serving exactly once as the test sample.
The reported performance metrics (R2, RMSE, MAE) are the averaged results across all
LOOCV folds, providing unbiased estimates of the model’s generalization capability [63].

After validation, the final ensemble models were trained on all 45 samples to generate
the response surfaces and prediction intervals presented in Section 3. This two-stage
approach ensures that: (1) the performance metrics reflect predictive accuracy on unseen
data, and (2) the final models leverage all available experimental data for maximum
predictive capability in practical applications.

This cross-validation strategy is consistent with established practices in small-sample
machine learning applications for manufacturing metrology, where experimental data
collection is time-intensive and sample sizes are inherently limited [64,65].

The risk of overfitting, a legitimate concern when training neural networks on small
datasets, is further mitigated through three complementary mechanisms inherent in the
proposed methodology. First, the ensemble architecture, comprising multiple indepen-
dently initialized networks, inherently reduces variance and smooths out idiosyncratic
errors that could arise from any single network [35]. This approach is particularly effec-
tive for small datasets, as it prevents the model from relying on spurious patterns that
might be learned by individual networks due to their different initializations. Second,
the choice of a single hidden layer with a limited number of neurons (12) represents a
parsimonious architecture that balances model capacity with the available data. This design
choice follows the principle of Occam’s razor, where the simplest model that can capture
the underlying relationships is preferred to minimize overfitting risk. Third, the use of
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L2 regularization (weight decay) during training, as described in Section 2.6.1, further
constrains the model complexity by penalizing large weights, thereby discouraging the
network from fitting noise in the training data [66]. Collectively, these mechanisms ensure
that the ensemble ANN models generalize well to unseen conditions without requiring an
excessively large dataset.

3. Results
3.1. Experimental Repeatability Characterization

The overall repeatability statistics are summarized in Table 2. Figure 5a (FANUC) and
Figure 5b (KUKA) present the grouped bar plots showing the detailed RP values for each
pose across all conditions. The FANUC robot exhibited a mean repeatability of 0.047 mm
(σ = 0.049 mm), ranging from 0.009 mm (W4P1.5) to 0.195 mm (W0P7), corresponding to
a 21.7-fold variation. The KUKA robot demonstrated superior overall performance with
a mean repeatability of 0.039 mm (σ = 0.034 mm), ranging from 0.008 mm to 0.123 mm
(15.4-fold variation).

Table 2. Overall repeatability statistics for FANUC LR Mate 200iD and KUKA KR 6 R700.

Metric FANUC LR Mate 200iD KUKA KR 6 R700

Overall Mean RP (mm) 0.047 0.039
Standard Deviation (mm) 0.049 0.034

Minimum RP (mm) 0.009 (W4P1.5) 0.008 (W4P1.5)
Maximum RP (mm) 0.195 (W0P7) 0.123 (W0P7)

Range (mm) 0.186 0.115
Fold Variation 21.7× 15.4×
Improvement — 17.2% better mean, 29.2% lower variability

Best Pose P5 (0.031 mm) P4 (0.026 mm)
Worst Pose P2 (0.063 mm) P3 (0.053 mm)

The KUKA robot thus showed 17.2% better mean repeatability and 29.2% lower vari-
ability. Both robots achieved similar best-case performance (FANUC: 0.009 mm; KUKA:
0.008 mm), with KUKA showing a marginal 9.3% improvement. The FANUC robot exhib-
ited a wider RP range (0.186 mm vs. 0.115 mm), indicating greater sensitivity to operating
conditions, as evident from the spread of data points and error bars in Figure 5. The
error bars reveal similar pose-dependent variability patterns, with P2 exhibiting the largest
variation for both robots (FANUC: σ = 0.066 mm; KUKA: σ = 0.047 mm), while P5 (FANUC:
σ = 0.028 mm) and P4 (KUKA: σ = 0.017 mm) showed the smallest variations.

The effects of payload and warm-up time on repeatability are illustrated in Figures 6
and 7. Both robots exhibit improved repeatability with increasing payload, attributed to
mechanical damping effects. The FANUC robot showed an 11-fold improvement from
1.5 kg to 7 kg payload, with best performance at 7 kg (RP: ≈0.013–0.019 mm) and worst at
1.5 kg with 4 h warm-up (RP: ≈0.14 mm). The KUKA robot showed its best performance at
7 kg payload (RP: ≈0.012–0.016 mm), with worst performance at 1.5 kg with 4 h warm-up
(RP: 0.0876 mm), representing a 7.5-fold improvement. The heatmap clearly shows that the
optimal performance region for both robots is at high payload (7 kg) with 0 h warm-up.
Notably, warm-up degrades repeatability at high payload for both robots: FANUC from
0.0128 mm to 0.0193 mm (51% degradation) and KUKA from 0.0117 mm to 0.0163 mm
(39% degradation).
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Figure 5. Grouped bar plot of repeatability for all poses across experimental conditions (with error
bars). (a) FANUC LR Mate 200iD; (b) KUKA KR 6 R700.

Analysis of the heatmap (Figure 6) and mean repeatability plots (Figure 7) reveals that
warm-up unexpectedly degrades repeatability across most payload levels for both robots.
For the FANUC robot, repeatability worsened by 55.3% at 1.5 kg payload (0.0903 mm to
0.1402 mm), by 65.6% at 3.5 kg payload (0.0157 mm to 0.0260 mm) and by 50.8% at 7 kg
payload (0.0128 mm to 0.0193 mm) after 4 h of warm-up. For the KUKA robot, repeatability
worsened by 23.6% at 1.5 kg payload (0.0709 mm to 0.0876 mm) and by 39.3% at 7 kg
payload (0.0117 mm to 0.0163 mm) after 4 h of warm-up. The only exception was at 3.5 kg
payload for KUKA, where repeatability improved by 28.2% (0.0308 mm to 0.0221 mm). This
unexpected degradation at most conditions may be attributed to thermal expansion effects
within the robot’s joints and changes in lubricant viscosity that alter friction characteristics
during prolonged operation, as previously observed in thermal drift studies of industrial
manipulators [56,57]. The optimal repeatability for both robots was consistently achieved
at the highest payload (7 kg) under cold-start conditions (0 h warm-up), suggesting that
the robots are optimally tuned for operation at their rated payload under thermally stable
conditions. Standard deviations decreased substantially with warm-up time, with both
robots achieving standard deviations below 0.004 mm at 4 h warm-up, indicating stable
and predictable performance after thermal equilibrium, albeit at a higher mean RP value.
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Figure 6. Repeatability heatmap as a function of payload and warm-up time (mean RP, mm).
(a) FANUC LR Mate 200iD; (b) KUKA KR 6 R700. Lower values (blue) indicate better repeatability.

Figure 8 presents the boxplot analysis for pose-dependent performance. Both robots
exhibit significant pose-dependent variations, with P2 and P3 consistently showing the
worst repeatability (FANUC: 0.059–0.063 mm; KUKA: 0.052–0.053 mm) and P4 and P5 show-
ing the best (FANUC: 0.031–0.034 mm; KUKA: 0.026–0.029 mm). The interquartile ranges
reveal that FANUC’s P2 has an IQR of 0.103 mm, while KUKA’s P2 has an IQR of 0.088 mm,
indicating that KUKA provides more consistent performance even in problematic poses.

Significant interaction effects between warm-up time and payload are revealed in
Figures 6 and 7. The beneficial effect of warm-up is more pronounced at low payloads for
both robots, suggesting that thermal stabilization primarily reduces friction and compliance
effects that are more dominant when mechanical damping is low. For FANUC, the interac-
tion strength is high (86% improvement at both low and high payloads), indicating that
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thermal and mechanical factors are strongly coupled. For KUKA, the interaction strength is
more moderate (84% at low payload, 81% at high payload), indicating less strong coupling.

 

Figure 7. Mean repeatability ± standard deviation by experimental condition. (a) FANUC LR Mate
200iD; (b) KUKA KR 6 R700.
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Figure 8. Repeatability distribution by pose (boxplot representation). (a) FANUC LR Mate 200iD;
(b) KUKA KR 6 R700.

3.2. Ensemble ANN Prediction Performance

Figure 9 presents the prediction performance of the ensemble ANN models. The
FANUC model achieved an R2 of 0.9922 with an RMSE of 0.004231 mm and an MAE of
0.002979 mm (individual R2: 0.9830 ± 0.0124). The KUKA model achieved an R2 of 0.9926,
an RMSE of 0.002919 mm, and an MAE of 0.002215 mm (individual R2: 0.9825 ± 0.0191).
Both models demonstrated excellent predictive capability, with data points clustering
tightly around the perfect fit line.

Figure 10a,b present the response surfaces for each pose, while Figure 11a,b show the
correlation between experimental and predicted RP values. Across all poses, the ensemble
ANN models achieved excellent performance with R2 values exceeding 0.95 for both
robots. For FANUC, the best precision was observed for Pose 5 (RMSE = 0.002912 mm,
MAE = 0.002554 mm), while Pose 3 showed the highest errors (RMSE = 0.005102 mm,
MAE = 0.003178 mm) and Pose 4 the lowest R2 (0.9790). For KUKA, Pose 3 achieved
the best overall performance (R2 = 0.9966, RMSE = 0.002440 mm, MAE = 0.001872 mm),
while Pose 4 showed the lowest R2 (0.9588) but maintained a low RMSE (0.003264 mm).
The KUKA model consistently achieved lower RMSE and MAE values across all poses,
indicating more precise and consistent predictions.
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(a) FANUC (b) KUKA 

Figure 9. Prediction performance of the ensemble ANN models. (a) FANUC LR Mate 200iD;
(b) KUKA KR 6 R700.

 
(a) FANUC 

(b) KUKA 

Figure 10. Response surfaces for each pose (P1–P5) showing predicted repeatability as a function of
warm-up time and payload.
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(a) FANUC 

 
(b) KUKA 

Figure 11. Correlation between experimental and predicted RP values for each pose.

Figure 12 presents the predictions with 95% confidence intervals. For the FANUC
robot, the model achieved coverage of 93.3% (42 out of 45 points). Three samples fell
outside the confidence intervals, all occurring under the most challenging condition (W0P7,
0 h warm-up, 7 kg payload) for poses P2, P3, and P4. These correspond to the highest RP
values (0.194797 mm, 0.185876 mm, and 0.104686 mm), indicating increased uncertainty
under extreme conditions. For the KUKA robot, the model achieved 100% coverage, with
all 45 points falling within the confidence bounds. The confidence intervals for KUKA
range from approximately 0.001701 mm to 0.125287 mm.
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(a) FANUC 

 
(b) KUKA 

Figure 12. Predictions with 95% confidence intervals for all experimental samples. (a) FANUC LR
Mate 200iD; (b) KUKA KR 6 R700.

4. Discussion
4.1. Interpretation of Repeatability Trends and Prediction Performance

The experimental results demonstrate a clear trend of improved repeatability with
increasing payload for both robots. For the FANUC robot, repeatability improved by a
factor of 11 (from 0.0903 mm to 0.0128 mm at 0 h warm-up), while the KUKA robot showed
a 7.5-fold improvement (from 0.0709 mm to 0.0117 mm at 0 h warm-up). This improvement
is consistent with mechanical damping effects, where higher payloads increase inertia
and filter high-frequency vibrations, reducing positioning errors, as has been observed in
previous studies [46]. The FANUC robot exhibited higher sensitivity to payload variations,
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with standard deviations ranging from 0.002 mm to 0.048 mm depending on condition,
compared to KUKA’s range of 0.004 mm to 0.033 mm. The higher variability at low payloads
for both robots is consistent with findings that external disturbances have a greater influence
when mechanical damping is minimal [67]. The specific causes of the observed differences
in sensitivity between the two robots were not investigated in this study.

The experimental results show that warm-up consistently degrades repeatability
across most conditions, which is contrary to the thermal stabilization hypothesis commonly
reported in the literature [14,68]. The 86% improvement for FANUC and 81–84% for
KUKA are consistent with previous studies reporting up to 80% improvement after thermal
stabilization [68]. The FANUC robot’s greater sensitivity to warm-up time suggests its
mechanical system is more dependent on thermal conditioning, while KUKA’s lower
sensitivity indicates better inherent stability [69,70]. The dramatic reduction in variability at
4-hour warm-up confirms that thermal equilibrium is essential for consistent performance,
with standard deviations dropping from 0.048 mm to below 0.004 mm for FANUC and
from 0.031 mm to below 0.004 mm for KUKA [71].

The variation in repeatability across poses reflects kinematic configuration-dependent
performance, where poses requiring significant joint movement exhibit larger errors due
to increased compliance and gear backlash [72]. Both robots show similar patterns, with
P2 and P3 being the worst-performing poses and P4 and P5 being the best. This sug-
gests inherent performance variations that cannot be fully compensated for by control
algorithms. The different optimal poses (FANUC: P5; KUKA: P4) reflect fundamental
differences in kinematic designs, with FANUC being optimized for high precision un-
der controlled conditions, while KUKA prioritizes consistency under varying operational
states. These differences reflect distinct design philosophies: the FANUC LR Mate 200iD
is a compact industrial articulated robot designed for high-speed handling and assembly
applications [50,73], whereas the KUKA KR 6 R700 Sixx is a traditional industrial robot
with a focus on robustness and payload capacity [74].

The significant interaction effects between warm-up time and payload indicate that
thermal and mechanical factors are interdependent [71,75]. The beneficial effect of warm-
up is more pronounced at low payloads, where friction and compliance effects dominate.
FANUC’s higher interaction strength (86% at both payload levels) indicates stronger cou-
pling requiring simultaneous optimization of both factors. KUKA’s more moderate interac-
tion (84% at low payload, 81% at high payload) suggests more predictable performance
across operating conditions.

The ensemble ANN models achieved excellent predictive performance (R2 > 0.99 for
both robots), demonstrating the effectiveness of this approach for modeling repeatability un-
der varying conditions. The KUKA model showed slightly better performance (R2 = 0.9926,
RMSE = 0.002919 mm) compared to FANUC (R2 = 0.9922, RMSE = 0.004231 mm), which
can be attributed to the smoother and more predictable nature of the KUKA data. The
pose-specific analysis reveals that P4 was the most challenging for both robots (R2: 0.9790
for FANUC, 0.9588 for KUKA), consistent with findings that certain kinematic configura-
tions are inherently less accurate [16,76]. The KUKA model consistently achieved lower
RMSE and MAE values across all poses, confirming its more predictable data character-
istics. These results compare favorably with previous studies reporting RMSE values of
0.01–0.05 mm [67,77].

The prediction interval analysis shows that the FANUC model achieved 93.3% cov-
erage, while the KUKA model achieved 100% coverage. The three samples outside the
FANUC confidence intervals occurred under the most extreme conditions (W0P7, poses
P2–P4), indicating increased uncertainty at the boundaries of the operating space. The
KUKA model’s perfect coverage demonstrates well-calibrated uncertainty estimates [78,79].
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The narrow confidence intervals (<0.01 mm width) confirm that the ensemble approach
effectively captures underlying patterns without excessive uncertainty.

4.2. Design Philosophy and Practical Implications

Based on the observed performance patterns, the FANUC LR Mate 200iD demon-
strated higher sensitivity to suboptimal conditions (cold start and low payload), while
the KUKA KR 6 R700 exhibited more consistent performance across the tested condi-
tions. These observed differences suggest that the FANUC robot may be better suited
for applications where operating conditions can be tightly controlled, while the KUKA
robot may be more appropriate for flexible manufacturing environments where conditions
fluctuate [50,67].

For precision manufacturing with stable conditions, the FANUC robot is recommended
where operating conditions can be tightly controlled. For flexible manufacturing with vary-
ing conditions, the KUKA robot is recommended where robustness and predictability
are prioritized. A 4 h warm-up period is recommended for FANUC (86% improvement),
while a minimum 2 h warm-up is recommended for KUKA (81–84% improvement). Pose
optimization should avoid P2 and P3, with P5 recommended for FANUC and P4 for KUKA.
Long-term thermal management strategies include maintaining consistent ambient temper-
ature (20–22 ◦C), implementing thermal compensation models, and considering thermal
enclosures for precision applications [69]. These strategies are particularly important for
the FANUC robot, given its higher sensitivity to thermal variations.

The predictive framework developed in this work supports Industry 4.0 applications
by enabling integration with digital twins and adaptive process planning [80]. As manufac-
turing moves toward Industry 5.0, the uncertainty quantification provided by ensemble
predictions facilitates safe human–robot collaboration and resilient production [80]. The
comparative analysis between robot platforms further informs smart factory asset selection,
contributing to next-generation manufacturing environments where data-driven perfor-
mance prediction bridges experimental metrology and digital production management.

5. Conclusions
This study demonstrated that ensemble artificial neural networks can effectively

model the complex, nonlinear relationship between operational factors and positional
repeatability for two distinct industrial robot platforms. The experimental investigation
confirmed that repeatability is a highly state-dependent metric, with thermal stabilization
being the dominant influencing factor for both robots.

The FANUC LR Mate 200iD showed greater sensitivity to suboptimal conditions,
particularly at cold start and low payload, while the KUKA KR 6 R700 Sixx exhibited
superior robustness across all tested conditions. These observed differences suggest that
the FANUC robot may be better suited for applications where operating conditions can
be tightly controlled, whereas the KUKA robot may be more appropriate for flexible
manufacturing environments where conditions fluctuate. The significant interaction effects
between warm-up duration and payload highlight that thermal and mechanical factors are
coupled and must be considered simultaneously for accurate performance prediction.

The ensemble ANN models achieved excellent predictive accuracy, with R2 values ex-
ceeding 0.99 for both robots. The models successfully captured pose-dependent variations
and provided well-calibrated uncertainty estimates, as confirmed by prediction interval
coverage of 93.3% for FANUC and 100% for KUKA. These results validate the ensemble
approach as a robust and reliable tool for repeatability prediction.

From a practical perspective, the findings provide quantitative guidelines for robot
selection and operational protocols. For high-precision tasks with stable conditions, FANUC
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with a 4 h warm-up is recommended. For flexible environments with varying payloads
and thermal states, KUKA offers superior robustness. The proposed framework enables
engineers to predict repeatability for untested scenarios, supporting process planning and
uncertainty budgeting in precision manufacturing.

6. Limitations and Future Work
This study has several limitations. The models were trained on 45 data points per

robot, limiting generalization. Experiments were conducted under controlled conditions,
excluding environmental disturbances. Dynamic path accuracy was not investigated, and
direct stiffness measurements were not performed. Additionally, the use of a fixed cyclic
pose sequence (P1–P5) during data acquisition may introduce order-dependent effects,
though the 300 repetitions per condition help mitigate such influences.

Future work should expand the dataset, validate models in industrial environments,
extend the framework to dynamic accuracy, and integrate predictions with robot control
systems for real-time optimization. Further investigations should also employ randomized
pose sequences to evaluate the robustness of repeatability measurements and quantify
whether measurement order introduces significant bias in the predictive models.
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Abbreviations
The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
ANOVA Analysis of Variance
CoRo Control and Robotics Laboratory
DOE Design of Experiments
ETS École de Technologie Supérieure
GUM Guide to the Expression of Uncertainty in Measurement
IQR Interquartile Range
ISO International Organization for Standardization
JCGM Joint Committee for Guides in Metrology
MAE Mean Absolute Error
ML Machine Learning
MSE Mean Squared Error
ReLU Rectified Linear Unit
RMSE Root Mean Square Error
RP Repeatability
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SGD Stochastic Gradient Descent
TCP Tool Center Point
VIM International Vocabulary of Metrology
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