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Abstract—This paper presents sGprAle, a self-
supervised framework for predicting Average Localisation
Error (ALE) in wireless sensor networks under limited
labeled data conditions. The proposed approach integrates
Gaussian Process Regression (GPR) with an autoencoder-
based feature learning strategy to enhance robustness,
generalisation, and predictive reliability. By learning
task-agnostic latent representations from unlabeled data
through a reconstruction objective, sGprAle enables the
GPR model to operate in a compact and informative
latent space using only a small labeled subset. Bayesian
optimisation is employed to adapt kernel hyperparameters,
ensuring calibrated uncertainty estimates and stable
performance when labeled data are scarce. The framework
is systematically evaluated across multiple labeled-data
scenarios using ablation studies, uncertainty analysis,
and statistical comparisons. Results demonstrate that
the self-supervised latent representation substantially
improves model robustness and label efficiency, allowing
sGprAle to achieve competitive accuracy relative to
existing methods while requiring significantly fewer
labeled samples. These findings highlight the effectiveness
of combining self-supervised representation learning
with probabilistic regression for addressing the node
localisation problem. The proposed model offers a
reliable and energy-efficient solution for ALE prediction,
contributing to improved localisation performance and
operational efficiency in wireless sensor networks.

Index Terms—Self-supervised learning, Gaussian pro-
cess regression, Bayesian optimisation, average localisa-
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[. INTRODUCTION

IRELESS networks have emerged as an important tech-
W nology for various applications, including earth and en-
vironmental monitoring, healthcare, and military operations [1],
[2], [3]. A critical aspect of a wireless network is node locali-
sation, which determines the geographical positions of sensor
nodes [4]. Accurate node localisation is essential for the ef-
ficient functioning of these networks, particularly in scenar-
ios requiring precise data collection and analysis. However,
achieving high localisation accuracy remains challenging due
to wireless sensor networks’ inherent uncertainties and dynamic
nature [5], [6].

Predicting Average Localisation Error (ALE) is a funda-
mental task in assessing and improving the accuracy of node
localisation algorithms in wireless sensor networks [7], [8].
Traditional methods often rely heavily on large amounts of
labeled data, which can be costly and impractical to obtain
in real-world scenarios [9], [10]. This challenge can be effec-
tively mitigated by using synthetic datasets to simulate various
scenarios and conditions, along with machine learning mod-
els that can predict ALE effectively using minimal labeled
data.

Previous studies have explored various machine learning and
statistical approaches for ALE prediction [11], [12], [13], [14].
While these methods have shown promise, they often suffer from
limitations such as high computational complexity, sensitivity
to input variations, and the requirement for extensive labeled
datasets. These challenges highlight the need for more robust
and efficient models that can maximise performance even with
minimal labeled data.

In this study, we propose the sGprAle model, a self-
supervised Gaussian Process Regression (GPR) approach for
ALE prediction. Our model integrates feature extraction from an
autoencoder, allowing it to utilise minimal labeled data while
maintaining high predictive accuracy [15], [16], [17]. The au-
toencoder extracts meaningful features from the unlabeled data,
which are then used by the GPR model to predict ALE using
minimum labeled datasets. The key contributions of this paper
are as follows:

e Introduction of a self-supervised GPR model that sig-

nificantly reduces the reliance on labeled data for ALE
prediction.
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e Framework for synthetic data generation and utilisation to
overcome the limitations and high costs of obtaining real-
world data, enabling the simulation of various scenarios
and conditions.

e Comprehensive evaluation of the model across various
scenarios, including different percentages of labeled data
(10% to 60%), to assess its robustness and performance.

e Systematic uncertainty analysis to evaluate the model’s
stability and reliability, revealing insights into its sensitiv-
ity to input variations.

The rest of the paper is organised as follows: Section II
provides a detailed overview of related work in the field of ALE
prediction in WSNs and self-supervised learning. Section III
describes the datasets, methodology, including the architecture
of the sGprAle model and the experimental setup. Section IV
presents the results of our extensive experiments and analyses,
followed by a discussion. Finally, Section V concludes the paper
and outlines directions for future research.

Il. RELATED WORK

The traditional localisation techniques, such as Received
Signal Strength Indicator (RSSI), Time of Arrival (ToA), and
Angle of Arrival (AoA), have been widely used [18], [19], [20].
However, these methods often suffer from limitations related to
accuracy, environmental interferences, and computational com-
plexity [21]. In recent years, machine learning approaches have
been increasingly adopted to address the localisation problem in
WSNss [22]. Various models, including neural networks, support
vector machines, and decision trees, have demonstrated im-
proved localisation accuracy [23], [24], [25]. In particular, GPR
offers a promising alternative due to its ability to model spatial
data and provide uncertainty estimates. Several studies have
applied GPR to wireless sensor network problems, highlighting
its potential for accurate and robust predictions [26]. However,
these methods typically require large amounts of labeled data
for training, which can be impractical to obtain in real-world
scenarios [27].

The use of synthetic data has become increasingly prevalent in
WSN research, addressing the high cost and limited availability
of real-world data [28], [29], [30]. Synthetic datasets allow
researchers to simulate various WSN scenarios and conditions,
providing valuable insights into model performance. Notable
works have successfully generated synthetic data to evaluate
and improve localisation models. Singh et al. [13] generated the
first and only synthetic data that is widely used for studying
sensor node localisation. They employed swarm intelligence to
create the ALE datasets, considering anchor nodes, transmission
range, node density, and iterations as input features. This process
is detailed in Section III-A. This study introduces a machine
learning approach to optimise network parameters for minimis-
ing ALE in wireless sensor networks. The authors propose three
variations of Support Vector Regression (SVR): S-SVR (Scale-
SVR), Z-SVR (Z-score-SVR), and R-SVR (Range-SVR), each
employing different feature standardisation techniques to en-
hance prediction accuracy and efficiency. The model uses all
four features extracted from simulations. Among these methods,

R-SVR stands out as the best algorithm, demonstrating superior
performance in ALE prediction. This work highlights the poten-
tial of SVR-based models for precise and reliable localisation in
WSNs. The authors also evaluated corresponding variants of the
GPR models on the same dataset, finding that S-GPR (Scaling-
GPR) emerged as the best algorithm. However, a significant
limitation of both R-SVR and S-GPR is their requirement for
70% of the labeled data for training the model.

Chen et al. in [12] propose a Residual Tensor Train (ResTT)
model for estimating ALE in wireless sensor networks. This
paper introduces a quantum-inspired model, ResTT, which cap-
tures complex feature interactions in high-dimensional data.
They have evaluated the model performance on the same ALE
datasets by considering all four features. By leveraging tensor
network principles, ResTT effectively addresses the challenges
faced by traditional models and demonstrates superior perfor-
mance in estimating ALE.

In a recent study, Altay et al. in [11] utilised the same ALE
datasets and considered all four features to develop robust ML
models for ALE prediction. Various machine learning algo-
rithms, including linear regression, support vector machine with
different kernels, GPR, and ensemble Least-Squares Boosting
(LSBoost), have been evaluated on these datasets. Notably, the
ensemble LSBoost method has shown superior performance in
ALE prediction, outperforming other techniques and providing a
viable strategy for accurate and efficient localisation in wireless
sensor networks. They also confirm the observation made by
Singh et al. [13] that the normalised version of the data is giving
more accuracy.

Recent work by Ileri [14] addresses the critical issue of node
localisation by accurately predicting localisation errors, leading
to improved network performance, optimised resource alloca-
tion, and cost reduction. The author employs the LightGBM
algorithm, enhanced with a Particle Swarm Optimisation (PSO)
methodology to boost predictive accuracy. They utilise the same
ALE datasets. The proposed LightGBM-PSO model is rigor-
ously assessed against various other machine learning methods.
The results indicate that the Light GBM-PSO model significantly
outperforms other approaches. The feature importance analysis
reveals that the number of iterations significantly influences
ALE estimation. In contrast, the transmission range has the least
impact, which is consistent with the observation made by Singh
et al. [13]. However, a significant limitation of this study is the
requirement for a substantial amount of labeled data to achieve
optimal performance.

More recently, Yu and Yu [31] proposes an improved RSSI-
based weighted centroid localization framework that combines
signal filtering, weight correction, and swarm-intelligence opti-
mization to reduce positioning error and energy consumption
in WSNs. While effective in improving deterministic local-
ization accuracy, the method remains algorithmic and range-
dependent, providing point estimates without probabilistic un-
certainty quantification or label-efficient learning.

Despite recent advances, existing ALE predictors still face
practical limitations, most notably a dependence on large la-
beled datasets, sensitivity to noise, and computational ineffi-
ciency. While hybrid approaches combining autoencoders with
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Gaussian Process Regression (GPR) have been explored in
other domains, such as the probabilistic surrogate modeling
framework proposed by Deshpande et al. [32], these methods
primarily employ autoencoders for dimensionality reduction
on fully labeled, physics-driven datasets and do not address
label scarcity or self-supervised representation learning. Conse-
quently, the prior studies discussed above, including both ALE-
specific models and broader AE-GPR hybrids, exhibit three
consistent gaps: (i) label dependence, as high accuracy typically
requires substantial labeled fractions; (ii) limited uncertainty
characterisation, with point estimates favoured over calibrated
predictive distributions; and (iii) limited robustness evidence,
with few works quantifying sensitivity to feature perturbations
or isolating where gains arise via ablations. sGprAle addresses
these gaps by learning a compact latent manifold exclusively
from unlabeled samples via an autoencoder and training a Gaus-
sian process solely in this latent space using a small labeled
subset (label efficiency), selecting kernel hyperparameters via
Bayesian optimisation to preserve calibration (principled uncer-
tainty), and providing ablation studies together with targeted
sensitivity tests across anchor ratio, transmission range, node
density, and iterations (robustness evidence). In addition, by
integrating optimisation-driven synthetic data generation, sG-
prAle improves coverage of operational regimes while keeping
supervision costs low. Our experiments demonstrate consistent
gains over raw-feature GPR in low-label regimes, deliver cali-
brated uncertainty for risk-aware deployment, and clarify when
the self-supervised design confers the greatest benefit.

[ll. MATERIAL AND METHODS
A. Synthetic Data: ALE

The performance of any machine learning model is highly
dependent on the quality of the data. This data can be either
real (i.e., field measurements taken through sensors) or synthetic
(i.e., derived from mathematical models, simulations, or rules).
Obtaining real data for wireless networks is often challenging
due to the associated costs. This limitation can be systematically
overcome by using synthetic data. In recent years, the use of
synthetic data has increased significantly, aligning well with
Gartner’s prediction that the exponential rise in synthetic data
usage will surpass that of real data by 2030 [33], [34], [35].

In this study, we used a modified Cuckoo Search (CS) al-
gorithm [36] to generate the synthetic node localisation data.
To do so, we deployed sensor nodes randomly in an area of
A x B square units. The system consists of x anchor nodes,
which serve as references for all n unknown nodes in the network
that need to be localised. All sensors can transmit/receive data
within a transmission range of r distance units. The anchor nodes
have prior information about their locations either through GPS
technology or predetermined positions. An unknown node is
considered localisable only if it has at least three anchor nodes
within its transmission range.

The RSSTI helps unknown nodes calculate their distances from
anchor nodes, modeled as log-normal shadowing [37]:

PL(d) = PLy+ 10 x n x log, (;) + X, (D)
0

where PL(d) is the path loss, P Ly is the path loss at reference
distance dy, d is the distance between the transmitter and re-
ceiver, 7 is the path loss exponent, and X, is a Gaussian random
variable for fading.

A ranging error is often observed due to the log-normal
shadowing which follows a zero-mean Gaussian distribution and
has a variance (¢2) of:

¢ =2° x D} (2)

where & is the noise factor (set to 0.1) and D, is the Euclidean
distance between nodes:

Dij = /(@i — 2, + (yi — ;)? 3)

A disk model ensures network connectivity: two nodes ¢ and j
can communicate if D;; < r, where r is the transmission range.
The measured distance D;; is:

Dj; = Djj + Bij 4)

where 3;; is the ranging error. To accurately estimate unknown
node positions, the objective function (obf) is defined as:

X
obf(xi,yi) = L Z(Dij - Dj;)? 5
X5
where x > 3 since at least three anchor nodes are required for
trilateration. The (z;,y;) corresponding to the minimum obf
value is the estimated unknown node position.

The modified CS algorithm initialises a random population
of candidate solutions for unknown nodes, calculating each
solution’s fitness using the obf. The worst candidates are re-
placed by new random solutions, iterating until the global best
solutions’ coordinates are selected as the unknown nodes’ po-
sitions. For each global solution, we considered the anchor
ratio, transmission range, node density, and iteration as the input
features, with the corresponding ALE as the response variable.
This simulation was run 107 times, which is of the size of the
synthetic data reported in Singh et al. [13] (available at the UCI
repository). The realism is reinforced in the use of synthetic data
through a physically motivated model, which includes RSSI with
log-normal shadowing, a disk-connectivity constraint with range
r, and a trilateration feasibility check (requiring at least three
anchors within range). We sweep the parameters 7, r, anchor
ratio, and node density across typical WSN ranges, rejecting
degenerate layouts (e.g., disconnected graphs or ill-conditioned
trilateration), and resample to maintain plausible geometry and
coverage.

B. Model Development and Scenarios

For the given input feature X € R™*?, where n is the number
of samples and d is the number of features, we first normalise
the features using z-score normalisation [38] technique:
X—p

o

Xnorm =

(6)

where p and o are the mean and standard deviation vectors of
X, respectively. We then partition the entire dataset into labeled
and unlabeled subsets by using the Mersenne Twister random
generator [39]. The partitioning is done in six different scenarios
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Figure 1. The autoencoder framework, denoted as 1), was employed
to develop the self-supervised version of Gaussian process regression.
This framework is based on a fully connected feed-forward neural net-
work architecture, which includes three hidden layers with 10, 10, and 5
neurons, respectively, leading up to the latent space (bottleneck) layer.

Encoder f(x)

by leveraging the partition object cv, where the holdout ratio is
varied uniformly from 10% to 60% in increments of 10%. This
process results in the generation of datasets under six different
scenarios.

Xiabeled, Yiabeled = X[test(cv)], Y [test(cv)] (7
Xunlabeled; Y unlabeled = X[traiﬂing(CV)]a Y[trainiﬂg(CV)} 3

All experiments were conducted using a fixed random seed to
ensure reproducibility, and performance metrics were computed
over the full unlabeled evaluation set for each labeled-data
scenario.

Once we generated the different scenarios, we developed
an autoencoder by leveraging a fully connected feed-forward
neural network [40], [41], [42] (Figure 1). The autoencoder
is implemented as a symmetric, fully connected neural net-
work with an encoder—decoder structure of 4 — 10 — 10 —
5 — 10 — 10 — 4, where the input dimension corresponds to
the four network features (anchor ratio, transmission range,
node density, and iterations), and the latent representation is
constrained to a five-dimensional bottleneck. All hidden layers
employ a hyperbolic tangent sigmoid activation function to
capture nonlinear dependencies among the input features, while
alinear activation function is used at the output layer to preserve
the numerical scale of the reconstructed inputs. The autoen-
coder is trained exclusively on the unlabeled subset using the
Levenberg-Marquardt optimization algorithm, with the recon-
struction objective defined as the mean squared error between
the input and reconstructed output. Training is terminated upon
convergence of the reconstruction loss. To ensure consistency
and reproducibility across all labeled-data scenarios, the autoen-
coder architecture, activation functions, latent dimensionality,
and training settings are kept fixed throughout the study. This
type of neural network is used to learn efficient codings of input
data. Tt consists of an encoder f(x) and a decoder ¢(z), where
z is the encoded representation of x:

zZ = f(X) = ﬂ(WeX + be) )
X = g(z) = 19(Wdz + bd) (10)

where W, and b, are the weights and biases of the encoder,
and W, and by are the weights and biases of the decoder. ¥
represents an activation function. We trained this autoencoder
only on the unlabeled data by minimising the reconstruction
loss between the input and the output to learn a compact latent
manifold:

1 n
ﬁzgzﬂﬁ—&w

i=1

(1)

After training, the encoder is frozen and used to extract latent
features from both labeled and unlabeled data:

Zunlabeled = f(Xunlabeled)
Zyaveted = f (Xiabeled)

These extracted features are then used as inputs to the GPR
model. It is a non-parametric, Bayesian approach to regression
that does not assume a specific parametric form for the under-
lying function [26], [43], [44]. Instead, it learns the relationship
between these features and the target variables in a probabilistic
manner, providing predictions along with associated uncertain-
ties.

For example, given a set of m training points (Z,Y), where Z
represents the input features and Y represents the corresponding
outputs, the goal is to infer a function f(z) that maps inputs z to
outputs y. The GPR model is characterised by a mean function
1(z) and a covariance function k(z,z'), which together define
the distribution over possible functions.

f(2) ~ GP(u(z), k(z,2))
For simplicity, we considered the mean function to be zero:
p(z) =0 (15)

In this study, the covariance function (or kernel function) k is
selected to be the exponential kernel [45], defined as:

oo — o axp (2= 7]
(z,2) Ufexp< 7

where o is the signal variance and £ is the length scale.
Given the training data Zjpeieq and Yiupeled, the posterior
distribution for a test point z, is given by:

12)
13)

(14)

(16)

-1
f*|zlabeled7 Ylabeleda Zy ~ N(k? (K + O%LI) Ylabeleda k**

—kI (K +0,1)"'k.)
(17)

where K is the covariance matrix of the training points. k, is the
covariance vector between the test point and the training points.
k.. is the covariance of the test point. a,ZL is the noise variance.

We employed Bayesian optimisation [46], [47], [48] to deter-
mine the optimal hyperparameters for the GPR model (Figure 2).
This method involves constructing a probabilistic model of the
objective function and using it to guide the selection of the
most promising hyperparameters for evaluation. The objective
function, which represents the error metric (e.g., mean squared
error, MSE) to be minimised, is modeled by a surrogate model,
in this study, a Gaussian process is used to approximate the
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Figure 2. lllustration of the Bayesian optimisation process. The blue
dots represent the observed points, while the red line indicates the
model mean. The blue lines denote the model error bars, and the cyan
lines show the noise error bars. The black dot marks the next point to be
evaluated, and the red asterisk represents the model’'s minimum feasible
value. The x-axis displays the sigma values, and the y-axis shows the
estimated objective function value.

objective function, denoted as ((z):
((x) ~ GP(u(x), k(x,x'))

where x represents the hyperparameters. p(x) is the mean
function. k(x,x’) is the covariance function.

To select the next set of hyperparameters to evaluate, we use
the acquisition function a(x), which balances exploration and
exploitation. In our study, we employed the Expected Improve-
ment (EI) as the acquisition function [49]:

a(x) = E[max(0,¢(x) — ((x™))]

(18)

(19)

where xT is the best hyperparameter set found so far. The
optimised value of sigma for each scenario is shown in Figure 2.
The complete optimisation process is carried out iteratively as
follows:
1) Fit the surrogate model to the observed data.
2) Select the next set of hyperparameters X;ex by maximis-
ing the acquisition function:

Xpext — arg m)?(iX a(x) (20)
3) Evaluate the objective function at X;ex;.
4) Update the surrogate model with the new observation.
To reduce computational time, we utilise a parallel computing
framework that evaluates multiple hyperparameter sets simul-
taneously. This approach accelerates the optimisation process
significantly, with the speed-up factor depending on the number
of workers employed [50].
Finally, using the trained GPR model, we predict the responses
for the unlabeled data:

Yuntaveted = E[fs | Ziabeteds Yiabeled; Zuniabeled ] 21

Algorithm 1. Pseudocode for sGprAle.

1: Input: Data D with features X and target Y,
Labeled Ratios R = [0.10, 0.20, 0.30, 0.40, 0.50, 0.60]
2: Output: Performance Metrics (R, RMSE)
3: Define: GPR parameters
4:  MaxObjectiveEvaluations: 100,
5:  HyperparameterOptimisationOptions:
6:  Fit and active set method & Basis and Kernel
function
7:for eachr € R do
8: Split data D into features X and target Y
9: Normalise X
10:  Set labeledRatio = r (unlabeledRatio =1 - r)
11:  Create partition object cv for labeled and unlabeled
data with holdout ratio = r
12:  Split data into labeled and unlabeled sets:
131 Xuaveted < X|training(cv),
14: Y Untabeled < Y [training(cv)]
15: Xpabeled < X[test(ev),:] &
Y Labeled < Y[test(cv)]
16: Define Autoencoder architecture
17: 1) = Feed Forward Neural Network
(4:10:10:5:10:10:4)
18: Train Autoencoder on Xypiabeled:
P = P(Xuntabeled)
19: Extract features using ¥r:
20: encodedFeaturesUnlabeled < ¥ (Xuniabeled)

21: encodedFeaturesLabeled < 7 (XLabeled)

22: for each Iter € MaxObjectiveEvaluations
do

23: MdI=Train GPR(encodedFeaturesLabeled,
Y Laveled)

24:  Optimisation: Bayesian in parallel computing
mode

25: end for

26: Predict on unlabeled set:

27: Ypredunlabeled <— predict(Mdl,
encodedFeaturesUnlabeled)

28: Evaluate performance on Y ypiabeled:

29: R+ COIT(YPredUnlabeled’ YUnlabeled)

30: MSE < mean((Y preduntabeled - Y Unlabeled)>)

31: RMSE <« sqrt(MSE)

32: Return R and RMSE

33: end for

The complete process is illustrated in pseudo-code in
Algorithm 1, while the overall methodology adopted to estimate
the average node localisation is depicted in Flowchart (Figure 3).

IV. RESULTS AND DISCUSSION

A. Model Performance

Figure 4 shows the linear fit between the predicted ALE and
observed ALE from the sGprAle model. The different colors
represent model results corresponding to six different scenarios,
each indicating a varying percentage of labeled data used to train
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are relatively close to the y = x line, especially for lower ALE
values. However, there are fewer points at higher ALE values.
As an example, for the 10% labeled scenario, the Pearson cor-
relation coefficient is R = 0.65, with a 95% confidence interval
of [0.51,0.75] computed using Fisher’s r-to-z transformation,
confirming the statistical reliability of the reported association.
The pattern for the 20% labeled data scenario is similar to the
10% scenario, but with a slight increase in the spread of points as
ALE values increase. For the 20% labeled scenario, the Pearson
correlation coefficientis R = 0.77, with a 95% confidence inter-
val of [0.67, 0.84]. For the 30% and 40% labeled data scenarios,
the points are more dispersed compared to the lower percentage
scenarios, indicating more variability in predictions. For labeled
data > 50%, the points show an increased spread, particularly for
higher ALE values, with the 60% scenario showing the widest

Figure 3.  Stepwise methodology for the development and validation of the proposed sGprAle model.
3 T T
® R =0.65, RMSE = 0.29 (Labeled % = 10)
R =0.77, RMSE = 0.35 (Labeled % = 20)
R =0.85, RMSE = 0.31 (Labeled % = 30)
® R =0.85, RMSE = 0.29 (Labeled % = 40)
R =0.80, RMSE = 0.30 (Labeled % = 50)
2.5 | R=0.87, RMSE = 0.28 (Labeled % = 60) B
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Figure 4. Performance of the self-supervised GPR. The dashed line
represents the y=x line.

the model. These percentages range from 10% (shown in blue)
to 60% (shown in yellow). The dotted line represents the ideal
y = x line, where the predicted values would perfectly match
the observed values. The general trend indicates a positive cor-
relation between the predicted and the observed ALE, meaning
as the observed error increases, the predicted error also tends
to increase. For the 10% labeled data scenario, the predictions

spread among all, indicating less accuracy in predictions for
higher ALE values.

The data points generally cluster around the y = x line at
lower ALE values but show increasing deviation as the ALE
values increase. This indicates that the model performs better
at lower ALE values but becomes less accurate as the observed
ALE increases. Interestingly, as the percentage of labeled data
increases (say from 10% to 20%), the scatter of the points
increases, especially for higher ALE values. This suggests
that simply increasing the amount of labeled data does not
necessarily lead to better predictions for higher error ranges.
Such non-monotonic performance behaviour at low labeled
ratios is characteristic of self-supervised learning frameworks,
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Figure 5. Error histogram analysis of the sGprAle for each scenario of
the labeled data.

where changes in labeled-unlabeled balance simultaneously
influence representation learning and regression alignment, par-
ticularly in data-scarce regimes [51].

B. Error Histogram Analysis

Figure 5 provides an error histogram analysis for the sG-
prAle model, showing the distribution of errors for different
labeled data scenarios. The x-axis represents the error (observed
- predicted), while the y-axis shows the instances. The dotted
black line represents the zero error line, with the overestimation
region (negative error) to the left and the underestimation region
(positive error) to the right. Each histogram is fitted with a
Gaussian curve to highlight the error distribution peak. The peak
of the Gaussian fit for 20%, 30%, 40%, and 50% labeled data
scenario is exactly centered around the zero error line, indicating
that the model does not have any bias towards overestimation or
underestimation. It indicates that most of the errors are concen-
trated near zero, with fewer instances of large errors in either
direction. The presence of errors in both the overestimation and
underestimation regions indicates a high prediction variability
in these scenarios.

The distribution for the 10% labeled data scenario is centered
to the right side of the zero error line, indicating that the model is
giving slightly underestimated results. However, the peak of the
Gaussian fit is the highest among all scenarios, suggesting fewer
large errors and better overall performance even with a small
amount of labeled data. The distribution of the 60% labeled data
scenario exhibits a significant shift towards the negative error
region, suggesting a strong tendency towards overestimation.
The Gaussian fit exhibits the lowest peak among all scenarios,
suggesting that the model’s predictions are less reliable.

C. Comparison and Statistical Analysis

To statistically validate our results, we conducted a one-way
ANOVA followed by a Tukey Honestly Significant Differ-
ence (HSD) post-hoc test. This method compares the means

975

TABLE |
PosT HOC INTER-COMPARISON RESULTS
Group A Group B Lower Limit A-B Upper Limit  p-value
Labeled 10%  Labeled 20% -0.011 0.108 0.228 0.103
Labeled 10%  Labeled 30% 0.015 0.139 0.263 0.018
Labeled 10%  Labeled 40% 0.027 0.157 0.286 0.007
Labeled 10%  Labeled 50% 0.011 0.147 0.284 0.026
Labeled 10%  Labeled 60% 0.553 0.701 0.849 0
Labeled 20%  Labeled 30% 0.096 0.031 0.158 0.983
Labeled 20%  Labeled 40% 0.084 0.049 0.181 0.903
Labeled 20%  Labeled 50% 0.100 0.039 0.180 0.967
Labeled 20%  Labeled 60% 0.442 0.593 0.744 0
Labeled 30%  Labeled 40% -0.119 0.018 0.154 0.999
Labeled 30%  Labeled 50% -0.135 0.008 0.152 0.999
Labeled 30%  Labeled 60% 0.408 0.562 0.716 0
Labeled 40%  Labeled 50% -0.158 -0.009 0.139 0.999
Labeled 40%  Labeled 60% 0.386 0.544 0.703 6.02e-23
Labeled 50%  Labeled 60% 0.389 0.553 0.718 9.97e-22
Labeled 10% - —e— A
Labeled 20% - N i
Labeled 30% - —o— B
Labeled 40% - —— b
Labeled 50% - —— b
Labeled 60% [ — S 1
07 -06 -05 -04 -03 02 01 0 01 02 03

Absolute error

Figure 6. Tukey’s HSD method for ANOVA multiple comparison test.

of all scenarios and calculates adjusted p-values for pairwise
comparisons. Before the ANOVA, we performed a Kolmogorov-
Smirnov normality test on the errors for each scenario. The
results confirmed that the errors were normally distributed for all
scenarios. Subsequently, the one-way ANOVA was conducted.
The outcomes of the pairwise comparisons are summarised in
Table L.

The comparison between 10% labeled data and 60% labeled
data scenario shows a highly significant difference (p = 0), with
a mean difference (A-B) of 0.701. Similar highly significant
differences are observed between 20% and 60%, 30% and 60%,
40% and 60%, and 50% and 60%, all with p = 0. Moderate
significant difference is observed between 10% and 30%, 40%,
and 50% with p values of 0.018, 0.007, and 0.026, respectively.
On the other hand, comparisons among 20%, 30%, 40%, and
50% show no significant differences with p values ranging from
0.90 to 0.99. This is also evident from the lower mean differ-
ences (A-B) among these scenarios, suggesting similar model
performance. In contrast, the mean difference is highest between
10% and 60%, as well as other comparisons involving 60%,
indicating that the model’s performance significantly changes
with 60% labeled data compared to lower percentages.

Furthermore, we presented pairwise comparisons graphically
(Figure 6). In this figure, the performance level of the 10%
labeled data scenario (shown in blue) is marked by a vertical
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Figure 7. The error analysis for each scenario of labeled data per-

centage is depicted using boxplots, with the ANOVA results. In each
boxplot, the top and bottom edges of the box indicate the upper and
lower quartiles (75" and 25" percentiles), respectively. The line within
the box denotes the sample median, while outliers are represented by
red “+” symbols.

yellow patch. The performance level or interval of the 20%
scenario (shown in black) slightly overlaps with the yellow
patch, indicating no statistically significant difference between
the two. Conversely, the performance intervals of the 30%, 40%,
50%, and 60% scenarios (marked in red) do not overlap with the
yellow patch, suggesting they are statistically different from the
10% scenario. The clear separation of the performance intervals
(except for the 20% scenario) suggests that increasing the labeled
data percentage has a significant impact on model performance.
This analysis underscores the importance of labeled data per-
centage in influencing model performance and guiding decisions
on the optimal amount of labeled data required for training.

To visually represent the scenario errors identified in the
ANOVA analysis, we plotted the box plots of the ANOVA-
derived error values (Figure 7). The analysis reveals that the
model maintains consistent error performance across lower la-
beled data scenarios (10% to 50%). The 60% labeled data sce-
nario shows stable performance with no outliers, indicating that
increasing the labeled data to 60% does not negatively impact
the model’s performance. This result complements the ANOVA
analysis, providing a clear depiction of error distribution and
variability across different labeled data scenarios.

From a deployment perspective, the multiple-comparison
analysis suggests a practical ‘sweet spot’ at moderate supervi-
sion: using ~20-40% labeled data delivers accuracy statistically
indistinguishable from higher-labeled regimes while avoiding
the susceptibility observed in the 50% case. Thus, for fixed
labelling budgets, we recommend starting at 20% and expanding
to 30-40% when tighter RMSE targets are needed, reserving
additional annotation for targeted edge cases. Given the sensi-
tivity of performance to iterations, practitioners should either

stabilise this driver (e.g., fixing optimisation schedules) or ap-
ply feature-robust strategies. When labelling costs dominate,
an active-labelling loop that prioritises uncertain or high-ALE
configurations can further compress the required labeled fraction
without sacrificing calibration.

D. Ablation Analysis

To analyse the impact of individual components (e.g., in-
puts and components) on the sGprAle’s overall performance,
we perform ablation analysis. It reveals critical insights into
its performance with varying input feature combinations and
autoencoder configurations (Table II). The input ablation shows
that using all four features: Anchor Ratio (AR), Transmission
Range (TR), Node Density (ND), and Iterations (I) yields the
best performance, with an average correlation coefficient (R) of
0.87 and an RMSE of 0.28, highlighting the model’s capability
to capture complex interactions effectively. Individual combi-
nations of these features also performed well, but none matched
the comprehensive feature set’s accuracy and correlation. Apart
from all the feature scenarios, the combination of anchor ratio
and transmission range shows a good balance between R and
RMSE, indicating effective performance. The anchor ratio and
iterations combination consistently achieve higher R values,
suggesting strong predictive power, but this comes at the cost
of higher RMSE compared to other feature combinations. The
transmission range and iterations combination, however, results
in low R values, indicating weaker performance. The combi-
nation of anchor ratio, transmission range, and node density
achieves high R values, demonstrating strong performance, but
does not have the best RMSE.

In the autoencoder ablation, the configuration with hidden
layers of 10, 10, and 5 neurons (10:10:05) provided the op-
timal balance, achieving the highest R of 0.87 and the lowest
RMSE of 0.28. This configuration likely avoids overfitting while
sufficiently learning essential data representations. In contrast,
more neurons (20:20:20) result in a slightly increased RMSE,
possibly due to overfitting, whereas fewer neurons (05:05:05)
result in underfitting, leading to lower R values. These results
underscore the importance of a balanced feature set and appro-
priately configured neural network layers in optimising model
performance.

E. Uncertainty Analysis

To evaluate the stability and reliability of the model, we per-
formed an uncertainty analysis. We systematically introduced
4+5% and £10% uncertainty into each of the four features one
by one while keeping the remaining features constant. We then
recorded the average percentage change in model performance
for all the features. This analysis was conducted for all six
scenarios (Figure 8(a)—(f)). We observed that, for the 10% and
60% scenarios, the percentage change in the response variable is
within -0.85% to 0.60%. The 50% scenario exhibits the highest
sensitivity to uncertainty, with changes in ALE exceeding 1%
in some cases. This indicates that the model’s performance for
the 50% labeled data scenario is more susceptible to variations
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TABLE Il
ABLATION STUDY OF THE SGPRALE MODEL. THE FIRST HALF OF THE TABLE REPRESENTS THE INPUT ABLATION, SHOWING THE EFFECT OF VARYING THE
INPUT FEATURE COMBINATION ON THE MODEL PERFORMANCE. AR REPRESENTS THE ANCHOR RATIO, TR REPRESENTS THE TRANSMISSION RANGE, ND
REPRESENTS THE NODE DENSITY, AND | REPRESENT THE ITERATIONS. THE SECOND HALF OF THE TABLE DISPLAYS THE LAYER ABLATION FOR THE
AUTOENCODER, ANALYSING THE IMPACT OF DIFFERENT LAYERS ON THE MODEL'S ACCURACY AND EFFICIENCY.

Scenario Metrics Input variation - _ Autoencoder variation
5 3T T 5

g2 g g 2 g £ S 0w ., 8§ 2 2 w
< < < & & z < & < = w = = = S S 5 5 S
Labeled 10% R 029 067 029 057 027 059 060 063 066 065 ] 065 059 065 064 069 065 065 0.68 053
RMSE [ 056 036 053 034 033 049 035 030 035 029 [ 029 030 029 029 031 027 029 030 029
Labeled 20% R 028 058 036 060 0.4 079 062 071 077 077 | 074 072 077 076 074 075 074 074 044
RMSE [ 071 057 048 038 037 039 039 030 038 035 ]037 037 035 036 033 036 036 036 058
Labeled 30% R 039 072 043 066 044 083 067 085 082 085 ] 074 084 085 084 085 084 084 0.84 078
RMSE | 059 046 060 057 046 034 042 030 035 031 | 042 033 031 031 028 033 032 032 040
Labeled 40% R 038 072 020 069 034 078 0.72 084 080 085 | 077 083 08 085 083 085 08 084 077
RMSE 058 043 044 048 052 032 035 031 037 029 [ 036 030 029 026 032 028 031 027 036
Labeled 50% R 058 070 043 065 043 081 068 084 079 080 | 082 079 080 08 076 080 077 078 0.78
RMSE 043 050 061 060 059 033 052 028 034 030 ] 029 032 030 031 038 032 036 032 033
Labeled 60% R 064 069 043 067 046 082 070 079 077 087 | 078 08 087 085 085 085 075 0.82 071
RMSE [ 043 049 060 054 054 032 048 041 036 028 [ 037 027 028 029 030 030 038 032 041
Average R 043 068 036 064 035 077 067 078 077 080 | 075 077 080 079 079 079 077 078 0.67
RMSE | 055 047 054 049 047 037 042 032 036 030 ] 035 032 030 030 032 031 034 032 040

in the input features. The 20% labeled data scenario demon-
strates the least sensitivity to uncertainty, with changes in ALE
generally within the -0.15% to 0.10% range. This suggests
that the model trained on 20% labeled data is more robust to
variations in input features. The uncertainty for the 30% and 40%
scenarios ranges between -0.30% to 0.30%. The “Iterations”
feature appears to be the most sensitive across all scenarios, as
changes in this feature lead to the largest fluctuations in ALE
values. This suggests that the number of iterations significantly
influences the model’s outcome. The impact of uncertainty tends
to be more pronounced for the +10% variations compared to
the +5% variations, indicating that larger perturbations in the
input features have a more significant effect on the model’s
performance.

F. Computational Complexity

We formalise the computational profile of sGprAle. Let n
denote the number of samples, with n, labeled and n, unla-
beled (ng + n, = n); d the input dimension (here d = 4); the
autoencoder (AE) hidden widths [h, h, h/2] (here h = 10); Tag
the number of AE training epochs; m the active-set size for
sparse/subset Gaussian process (GP) regression; F/ the number
of Bayesian-optimisation evaluations (here £ = 100); and &
the number of cross-validation folds during hyperparameter
optimisation. Preprocessing, z-score normalisation, and the la-
beled/unlabeled hold-out split scale as

Timepep, = O(nd)
Memy, = O(nd) (22)

F. Autoencoder (unlabeled-only training): For a fully con-
nected AE with encoder/decoder widths bounded by h, a sin-
gle forward—backward pass per sample has cost O(dh + h?).
Training on the unlabeled pool therefore scales as

TimeAE_tmin =0 (TAE om (dh + hz))

MemAE—params = O(dh + hz) (23)

After training, forward-only encoding of both labeled and
unlabeled inputs costs

Timeag-encode = O ((n¢ + 1) (dh + h?)) .

Let dj, denote the dimensionality of the AE bottleneck (here
dlat =5).

F. Gaussian process regression (labeled latent codes): We
fit a sparse/subset GP on the labeled latent codes using an active
set of size m and an exponential kernel. For fixed hyperpa-
rameters, a single GP fit requires kernel construction and linear
algebra with cost

(24)

Timegp.f = (’)(ngm diat + ngm? + m3)
Memgp = O(ngm + m?) (25)

Bayesian hyperparameter optimisation repeats this fitting F/

times with k-fold cross-validation, yielding
Timegpsapo = (’)(E k (ngm dig + nem?® + m3)) , (26)

which typically dominates the end-to-end runtime for moderate-
large E and k. Prediction on the unlabeled latent codes (kernel

evals against the active set plus projection) scales as
Timegp-pred = O (14 M dia)- (27)

F. End-to-end complexity: Collecting terms, the overall time

18
Timew = O(nd) (prep)
+ (9(TAE ny(dh + h*)) (AEtrain)
O((ng+ny)(dh + h?)) (AEencode)
O(Ek(ngmdiy + ngm® +m?>))  (GP + HPO)
O(nymdia) (GPpred)

(28)
with memory

Memyg = O(nd) + O(dh + h*) + O(ngm +m?). (29)
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Figure 8.  Performance of the different scenarios of the sGprAle model
under small uncertainty in the input features (+5% and +10%).

In our setting (d = 4, h = 10, dj,, = 5), the AE costs are linear
in n with a small constant, whereas the GP hyperparameter loop
grows as O(Ek nym?) (plus O(Ek m?) and the O(Ek ngm diy)
kernel term), and thus dominates unless both n, and m are small.
For reference, an exact GP (not employed here) would entail

Timeexact-gp = O(E k n%), Memeyaci-gp = O(n%), (30)

highlighting the practical advantage of sparse/subset methods in
the proposed pipeline.
G. Limitation and Future Work

Despite the promising results achieved by the sGprAle model
in predicting ALE in wireless networks, several limitations war-
rant further investigation and improvements. Firstly, the model’s

performance varies significantly with the percentage of labeled
data used for training. While scenarios with 20% labeled data
demonstrated robustness to uncertainty, other scenarios, partic-
ularly the 50% labeled data scenario, exhibited high sensitivity
to input feature variations. This sensitivity indicates that the
model’s reliability can be compromised under certain condi-
tions, suggesting a need for methods to enhance its robustness
across all data labeling scenarios. Secondly, the uncertainty
analysis revealed that the “Iterations” feature significantly in-
fluences the model’s outcome. This dependency implies that
the model’s performance is particularly sensitive to this feature,
highlighting a potential area for improving feature selection and
engineering processes. Future research could explore advanced
feature selection techniques or the integration of additional fea-
tures to reduce this sensitivity. Another limitation is the scope of
input variations and the autoencoder configurations used in this
study. The ablation study indicated that the best performance was
achieved when all input features were used and the autoencoder
had specific neuron configurations. However, the exploration
of other potential input combinations and autoencoder archi-
tectures was limited. Expanding this exploration could lead
to discovering more optimal configurations that enhance the
model’s predictive accuracy and efficiency.

We observed that the proposed sGprAle model shows reason-
able performance at lower ALE values. However, its accuracy
diminishes for higher ALE values, particularly as the percentage
of labeled data increases. The same is evident from the one-way
ANOVA multiple comparison tests. This reveals significant dif-
ferences in the model’s performance when comparing scenarios
with the highest percentage of labeled data (60%) to those
with lower percentages (10%, 20%, 30%, 40%, and 50%). This
indicates that increasing the percentage of labeled data to 60%
leads to a significant change in model performance, suggesting
potential issues or challenges in handling larger labeled datasets.
This highlights a critical area for improvement in the model’s
capacity to handle larger labeled datasets and more complex
scenarios accurately, possibly through better feature extraction,
regularisation techniques, or more sophisticated model architec-
tures.

Moreover, the current model was trained and validated on
a specific dataset, which may limit its generalisability to other
wireless network scenarios or environments. Future work should
involve testing the sGprAle model on diverse datasets from
different network settings to validate its applicability and ro-
bustness in varied real-world conditions.

Lastly, while the integration of GPR with autoencoder-
extracted features showed improved performance, there is po-
tential for exploring other machine learning or deep learning
techniques. Hybrid models combining GPR with neural net-
works or other regression techniques might offer improved
predictive capabilities and resilience to input variations.

In future work, addressing these limitations will involve sev-
eral key steps:

e Developing techniques to enhance the model’s robustness
across different data labeling scenarios.

® Investigating advanced feature selection and engineering
methods to reduce sensitivity to specific features.
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¢ Conducting extensive experimentation with various input
combinations and autoencoder configurations to identify
optimal settings.

e Validating the model on diverse datasets to ensure its
generalisability and reliability in different network envi-
ronments.

e Exploring hybrid modeling approaches that integrate GPR
with other advanced techniques for improved perfor-
mance.

By addressing these areas, future research can further improve
the sGprAle model, making it a more robust and versatile tool
for predicting ALE in wireless networks.

V. CONCLUSION

In this study, we proposed sGprAle, a self-supervised
Gaussian Process Regression framework for predicting Average
Localisation Error in wireless sensor networks under limited
labeled data conditions. By integrating autoencoder-based
representation learning with probabilistic regression, the
proposed approach effectively reduces reliance on labeled data
while maintaining robust predictive performance.

Through comprehensive experimentation, including abla-
tion studies, uncertainty analysis, and statistical validation, we
demonstrated that learning compact latent representations from
unlabeled data substantially enhances label efficiency and ro-
bustness. The results indicate that sGprAle achieves competitive
performance relative to existing approaches while requiring
significantly fewer labeled samples, making it well suited for
practical deployment in resource-constrained wireless sensor
networks.

The probabilistic nature of the model further enables
uncertainty-aware predictions, which are essential for reliable
localisation and decision-making in dynamic network environ-
ments. By accurately estimating ALE, the proposed frame-
work supports improved localisation strategies, contributing to
enhanced operational efficiency, energy savings, and network
reliability.

Future work will focus on extending the framework to more
diverse network configurations, improving robustness through
advanced feature selection and regularisation techniques, and
exploring hybrid architectures to further enhance generalisation
across complex and large-scale wireless sensor network scenar-
i0s.
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