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Wi-Fi RSSI fingerprinting is practical for indoor positioning, but short-term
signal fluctuations can reduce classification consistency. This study evaluates
how fixed RSSI window size affects the accuracy, stability, and sample
availability of an MLP-based indoor positioning system. RSSI from three
Access Points was collected at 45 ordered corridor positions. Non-overlapping
windows with n = 1,3,5,7,9,11,15,21 and 29 were represented by the mean
and standard deviation of three RSSI channels. The MLP was assessed using
stratified 5-fold cross-validation with supplementary order-blocked validation.
Relative to the n = 1 baseline Accuracy of 68.24%, n = 7 achieved 90.60 +
0.71% Accuracy, 95.08 + 1.31% Top-2 Accuracy, 0.9047 +0.0060 Macro-F1,
and 0.4319 £ 0.1364 Ordinal Error. Larger windows achieved higher mean
Accuracy but sharply reduced window-level samples and increased fold-to-
fold variability. Order-blocked validation produced more conservative
estimates and shifted the strongest performance region toward n = 9 ton =

11. These findings show that fixed-window selection should consider
predictive performance, evaluation stability, sample availability, and
validation design rather than maximum Accuracy alone.
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1. INTRODUCTION

Indoor positioning is a key component of location-based services in environments such as campus
buildings, hospitals, shopping malls, laboratories, logistics warehouses, and industrial facilities. Unlike outdoor
positioning, where Global Navigation Satellite System (GNSS) is widely available, indoor environments
attenuate, reflect, and obstruct satellite signals. RSSI-based Wi-Fi fingerprinting remains widely used because
it can exploit existing network infrastructure, is relatively low-cost, and requires no specialized positioning
hardware [1-7]. However, RSSI measurements remain sensitive to multipath propagation, non-line-of-sight
conditions, environmental noise, interference, device orientation, and human activity [8—13].

As machine learning and deep learning have advanced, data-driven methods have increasingly been
used to model nonlinear relationships between RSSI fingerprints and user locations. Recent studies have
reported improved localization performance using neural networks, convolutional and recurrent architectures,
autoencoders, semi-supervised learning, data augmentation, few-shot learning, federated learning, and
explainable deep learning [14-23]. However, greater model complexity does not necessarily guarantee
robustness when the RSSI representation remains sensitive to transient signal variations. Recent work also
shows that preprocessing, standardization, feature construction, fingerprint correction, data augmentation, and
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feature representation can strongly affect model stability, particularly when only a limited number of Access
Points is available or measurements are collected under noisy real-world conditions [24-27].

Temporal preprocessing of noisy signals can involve both segmentation and filtering. Fixed-length
signal segmentation may use overlapping or non-overlapping windows. Overlapping windows increase the
number of available segments and temporal coverage, but they also introduce greater redundancy and
dependence between adjacent segments [28]. Recent indoor localization studies have likewise applied several
forms of RSSI smoothing. Exponential and simple moving averages, as well as moving-median filtering, have
been used to stabilize Wi-Fi RSS measurements before localization [29]. Kalman and Gaussian-based
approaches have also been investigated for constructing more stable RSSI representations, particularly because
indoor RSSI distributions may not always follow a simple Gaussian pattern [30]. Other recent studies have
combined Kalman, Gaussian, and mean filtering [31], while comparative evaluations have examined Kalman,
weighted moving average, and Gaussian filters and shown that their behavior depends on both signal conditions
and the amount of temporal smoothing applied [32]. More generally, statistical descriptors such as the mean,
variance, and standard deviation remain established time-domain features for summarizing local signal
behavior within a temporal segment [33]. These studies confirm that temporal filtering and statistical
aggregation are established preprocessing strategies. The unresolved issue addressed here is therefore not
whether RSSI should be smoothed, but how the fixed aggregation length affects predictive performance,
evaluation stability, and sample availability when the classifier and evaluation pipeline are kept unchanged.

Previous work on Wi-Fi RSS fingerprint database construction has shown that fingerprint
representation quality can influence positioning performance [34]. A small window may retain short-term
signal variation, whereas a large window provides stronger aggregation at the cost of fewer window-level
samples and longer observation intervals. Window size should therefore be evaluated as a trade-off among
predictive performance, evaluation stability, Ordinal Error, and sample availability.

Based on these considerations, this study examines how fixed RSSI window aggregation affects the
performance and stability of an MLP-based Wi-Fi indoor positioning system. Rather than introducing a new
filtering algorithm or neural architecture, the experiments are designed to isolate the effect of window size by
keeping the MLP architecture, feature construction procedure, preprocessing, and evaluation protocol
unchanged across all tested configurations. The evaluated fixed window sizes were n = 1,3,5,7,9,11,15,21
and 29. Performance was assessed using Accuracy, Top-2 Accuracy, Macro-F1, Ordinal Error, fold-to-fold
variability, and the number of available window-level samples. This controlled design allows the performance
gain obtained from stronger RSSI aggregation to be examined together with its consequences for evaluation
stability and sample availability. The main contribution is therefore a quantitative characterization of the
accuracy and stability trade-off associated with fixed RSSI window aggregation and an empirical basis for
selecting a practical window size under a limited-Access-Point indoor positioning setting.

2. RESEARCH METHOD
2.1. Research Design and Experimental Site

This study used a controlled experimental design to evaluate the effect of fixed RSSI window size on
MLP-based indoor position classification. The model architecture, preprocessing procedure, and evaluation
settings were kept unchanged across window sizes so that performance differences could be examined
primarily in relation to RSSI aggregation.

The data were collected in a straight indoor corridor at the ICSI Research Hub, Faculty of Electrical
Engineering & Technology, Universiti Malaysia Perlis. The testbed was approximately 45 m long and
contained 45 ordered reference positions spaced at 1 m intervals. Three fixed Access Points were distributed
longitudinally along the corridor to provide the RSSI channels AP N1, AP_N2,and AP_N3. The Access Points
were mounted at a height of 1.5 m, with AP_N2 located approximately midway between AP_N1 and AP_N3,
giving an interval of about 22.5 m between consecutive Access Points. This arrangement forms a controlled
one-dimensional positioning testbed while preserving naturally occurring RSSI variability in the indoor
environment.
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Figure 1. Experimental site and Access Point placement in the indoor corridor testbed

Figure 1 illustrates the experimental environment and the physical deployment of the Access Points.
Figure 1(a) shows the experimental site at the ICSI Research Hub, Universiti Malaysia Perlis, whereas Figure
1(b) shows the longitudinal placement of AP_N1, AP_N2, and AP_N3 along the corridor. The three-AP
arrangement follows the same linear direction as the ordered reference positions, providing a deliberately
simple and reproducible spatial configuration for evaluating RSSI window aggregation.

The evaluated testbed therefore represents a constrained one-dimensional indoor positioning scenario.
It does not reproduce room-rich, corner-dominated, multi-floor, or predominantly non-line-of-sight layouts.
Accordingly, the findings are interpreted only for the evaluated single-corridor environment with a fixed three-
AP deployment and are not presented as evidence of generalization across different building geometries,
Access Point layouts, or measurement sessions.

2.2. RSSI Data Acquisition and Dataset Preparation

RSSI measurements were recorded at 45 consecutive reference positions separated by 1 m and labeled
from L1 to L45, resulting in a 45-class ordered position-classification problem. The three Access Points,
AP N1, AP_N2, and AP_N3, were TP-Link TD-W8961N units supporting IEEE 802.11b/g/n in the 2.400-
2.4835 GHz band. The manufacturer specifies a transmit power below 20 dBm EIRP. The AP placement,
height, and hardware configuration were kept unchanged during data acquisition. The exact configured
transmit-power level, operating Wi-Fi channel, and channel bandwidth used during the measurement session
were not preserved in the dataset metadata and are therefore not inferred in this study.
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Figure 2. Sequential RSSI data acquisition layout across 45 ordered reference positions

Figure 2 illustrates the sequential RSSI data-acquisition layout across the 45 reference positions. The
1 m spacing gives the position labels a natural order, allowing classification errors to be interpreted in terms of
label displacement along the corridor.
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At each reference position, RSSI values from the three Access Points were recorded using Homedale
on an MSI GL63 8RE laptop running Windows 10. The acquisition interval was approximately 2 s per
measurement. The receiver orientation was not retained in the available acquisition metadata and is therefore
reported as unavailable rather than inferred. Each raw sample contained three RSSI values and one position
label. The resulting dataset consisted of the columns AP N1, AP N2, AP N3, and label. Before model
development, records with missing values in these fields were removed, labels were converted to numerical
form, and the ordered class sequence from 1 to 45 was verified.

Before model evaluation, RSSI characteristics were examined separately for each Access Point and
reference position. The distributional diagnostics included the mean, median, standard deviation, interquartile
range, skewness, kurtosis, and the Jarque-Bera normality test at &« = 0.05. For descriptive comparison, the
proportion of position groups with an absolute skewness greater than 0.5 was also calculated. Local RSSI dips
were identified at interior reference positions by comparing the mean RSSI at each position with the average
mean RSSI of its two adjacent positions. These diagnostics were used only to characterize the measured RSSI
data and were not included as model input features.

2.3. RSSI Window Aggregation and Feature Construction

RSSI window aggregation was used to construct the model input features. For the single-sample
baseline, one RSSI observation formed one input unit. For larger window sizes, consecutive RSSI observations
collected at the same position were grouped before feature extraction.

The RSSI data were grouped into non-overlapping windows for each window size n, with window
construction performed separately within each position label. Non-overlapping segmentation was retained so
that each raw RSSI observation contributed to only one window, avoiding duplicated observations across
adjacent window-level feature vectors and allowing the reduction in sample availability at larger window sizes
to be measured explicitly. Because explicit timestamps or burst identifiers were not available in the curated
dataset, consecutive samples within each position were arranged according to their original row order. When
the number of samples at a position was not exactly divisible by the selected window size, the remaining
observations at the end of the sequence were excluded and recorded as dropped samples. Each valid window
was represented by the mean and standard deviation of the three RSSI channels, resulting in six window-level
features.

X, = [4UAP_N1,uAP_N2,uAP_N3,0AP_N1,06AP_N2,6AP_N3] (1)

where u and ¢ denote the sample mean and sample standard deviation of RSSI values within each
window, respectively. These statistics are used as compact empirical descriptors of local signal level and
dispersion and do not imply that the RSSI observations follow a Gaussian distribution. Because indoor RSSI
can exhibit asymmetric or non-Gaussian behavior, a median-and-IQR representation was also included in the
supplementary representation benchmark to evaluate whether a more robust statistical description improves
classification performance.

n €{1,3,5,7,9,11,15,21,29} ()

Window size n =1 served as the single-sample baseline, while larger values represented
progressively stronger RSSI aggregation. The selected window sizes were used to examine whether increased
aggregation consistently improved predictive performance or introduced trade-offs in sample availability, fold-
to-fold variability, and evaluation reliability.

2.4. MLP Model and Training Configuration

A Multilayer Perceptron was used for the 45-class indoor position-classification task. The network
received six window-level features and contained two hidden layers with 100 and 50 neurons. Training used
Scaled Conjugate Gradient with cross-entropy loss. SCG determines the optimization step size adaptively, so
no fixed learning rate was specified. Training stopped when either 400 epochs were reached or the performance
gradient fell below 1 X 107°. Internal data division was disabled because model evaluation was performed
externally.

Before training, window-level features were first transformed using robust scaling based on the
median and interquartile range estimated from the training fold. The resulting inputs were then processed using
the default MATLAB patternnet input-processing functions, removeconstantrows and mapminmax. The
preprocessing settings were estimated from the training fold and subsequently applied to the corresponding test
fold. Table 1 summarizes the experimental and model configuration.
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Table 1. Experimental and model configuration of the RSSI window aggregation study

Component Configuration
Testbed Straight indoor corridor, approximately 45 m, 45 ordered reference positions at 1 m spacing
Access Point 3 x TP-Link TD-W8961N, approximately 22.5 m between consecutive APs, AP height 1.5 m
configuration
Wireless configuration IEEE 802.11b/g/n, 2.400-2.4835 GHz, rated transmit power <20 dBm EIRP
Data acquisition Homedale on MSI GL63 8RE with Windows 10, approximately 2 s per measurement
Dataset RSSI channels AP N1, AP N2, AP N3, 45 ordered position classes
Window aggregation Non-overlapping fixed windows, n = 1,3,5,7,9,11,15,21,29
Window-level features Mean and standard deviation of three RSSI channels, 6 input features
MLP architecture Two hidden layers with 100 and 50 neurons, 45-class output
Training Scaled Conjugate Gradient, cross-entropy loss, no fixed learning-rate parameter
Stopping conditions Maximum 400 epochs or minimum performance gradient 1x107°
Data handling Training-fold robust scaling followed by removeconstantrows and mapminmax, internal data division
disabled
Evaluation protocol Primary stratified 5-fold CV with supplementary order-blocked 5-fold sensitivity analysis
Metrics Accuracy, Macro-F1, Top-2 Accuracy, Ordinal Error (label-index MAE)

2.5. Evaluation Protocol and Accuracy-Stability Trade-off Analysis

The primary evaluation used stratified 5-fold cross-validation with a deterministic seed, in which
window-level samples were randomly assigned to folds within each position class while preserving class
representation. All preprocessing parameters were derived from the training fold only. This included the
external robust-scaling parameters and the input-processing settings used by the MLP network, which were
subsequently applied to the corresponding test fold. Because the window-level samples were constructed from
sequential observations, an additional order-blocked validation was performed to assess sensitivity to possible
dependence between nearby windows. For this analysis, windows within each position label were retained in
their original order and divided into five contiguous blocks. In each fold, one block was held out for testing,
while one adjacent window on each side of the test block was excluded from training as a guard interval. The
same MLP architecture, preprocessing procedure, and evaluation metrics were retained. Order-blocked 5-fold
validation was feasible for window sizes n = 1 to n = 21. The window size n = 29 was excluded because at
least one position class contained only four window-level samples. Since explicit timestamps were unavailable,
this order-blocked procedure is interpreted as a sensitivity analysis based on acquisition-order information
rather than as a fully time-indexed validation protocol.

To examine whether the observed performance was specific to the selected mean-and-standard-
deviation representation, a supplementary representation benchmark was conducted at n = 7 using the same
order-blocked 5-fold protocol. Five configurations were compared: non-overlapping mean and standard
deviation features, non-overlapping median and interquartile range (IQR) features, moving-median filtering
followed by mean and standard deviation extraction, Gaussian filtering followed by mean and standard
deviation extraction, and an overlapping sliding window with n = 7 and stride 3. The moving-median filter
used a span of five samples, while the Gaussian filter used a five-sample kernel with ¢ = 1. For the sliding-
window configuration, two adjacent windows on each side of the test block were excluded from training
because consecutive windows shared raw observations. All configurations used the same MLP architecture,
SCG training procedure, train-fold preprocessing pipeline, and evaluation metrics.

Model performance was evaluated using Accuracy, Macro-F1, Top-2 Accuracy, and Ordinal Error.
Accuracy measures the proportion of correctly classified positions, while Macro-F1 summarizes class-wise
performance with equal contribution from each position class. Top-2 Accuracy indicates whether the true
position label is included among the two highest model scores. In this study, Ordinal Error is mathematically
the mean absolute error (MAE) computed over the ordered position-label indices. The term Ordinal Error is
retained only to emphasize that the class labels represent sequential reference positions rather than unrelated
nominal categories. It is not introduced as a distinct error metric.

N
1
OF = MAE3pe = NZlyi =il 3)

i=1

where y; and ¥; denote the true and predicted position-label indices, respectively, and N is the number
of evaluated samples. Since the 45 reference positions are ordered at 1 m intervals along the corridor, an
absolute label difference of one corresponds to one reference-position interval in this testbed. Accordingly, this
metric describes the average prediction displacement in ordered label units. It should not be interpreted as a
general two-dimensional Euclidean localization error.

Performance was summarized using the mean and standard deviation across the five folds. Mean
values represent predictive performance, while fold-to-fold standard deviation is used as an indicator of
evaluation stability. Sample availability was considered jointly with these metrics because increasing the
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window size reduces the number of available window-level samples. In this study, stability refers to fold-to-
fold variability in the evaluation metrics and should not be interpreted as a direct measure of RSSI signal
variance.

(\3:}/)

Fit preprocessing using training fold -4Train MLP: 6 inputs, hidden layers 100‘

Define indoor testbed: 45 reference only: robust scaling and network input and 50, 45 outputs
positions, 1m spacing, 3 APs processing
'L . A Predict test fold labels ‘
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Figure 3. Proposed workflow for RSSI window aggregation and MLP-based Wi-Fi indoor positioning
evaluation

Figure 3 summarizes the primary experimental workflow used for fixed-window evaluation. The
procedure includes testbed definition, RSSI acquisition and validation, non-overlapping window construction,
mean-and-standard-deviation feature extraction, stratified 5-fold cross-validation, train-fold preprocessing,
MLP training, and metric computation. The procedure was repeated for all fixed window sizes. Supplementary
order-blocked validation and alternative-representation benchmarking were subsequently conducted using the
procedures described in Section 2.5.

3. RESULTS AND DISCUSSION
3.1. RSSI Characteristics across Reference Positions
Before model evaluation, RSSI characteristics were examined across the 45 reference positions to
assess the spatial variation available for position discrimination. Figure 4 summarizes the mean RSSI profiles
of AP_NI1, AP N2, and AP_N3 along the corridor.
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Figure 4. Mean RSSI variation across reference positions for three Access Points

Figure 4 shows that the mean RSSI does not vary monotonically across the 45 reference positions. A
local-dip analysis was therefore conducted by comparing the mean RSSI at each position with the average of
its two adjacent positions. The strongest local negative deviations were observed at L44 for AP_N1 with a dip
of 10.35 dB, at L29 for AP_N2 with a dip of 5.92 dB, and at L27 for AP_N3 with a dip of 7.30 dB. Other
pronounced deviations were also observed at L19 and L33 for AP_N1, L18 and L4 for AP N2, and L17 and
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L25 for AP_N3. These results confirm that the RSSI profile contains localized spatial variations rather than a
smooth distance-dependent trend. Because synchronized information on obstruction, channel condition, and
environmental activity was not recorded, the individual dips are not assigned to a specific propagation
mechanism. They are interpreted conservatively as location-dependent RSSI variations that are consistent with
the behavior of indoor wireless propagation.

Distributional diagnostics also showed that RSSI within individual position and Access Point groups
was frequently non-Gaussian. The Jarque-Bera test rejected normality for 73.3% of AP_NI1 position groups,
82.2% of AP_N2 groups, and 68.9% of AP_N3 groups. An absolute skewness greater than 0.5 occurred in
40.0%, 37.8%, and 31.1% of the corresponding groups. Nevertheless, the median absolute differences between
the mean and median remained below 1 dB for all three channels, while the median position-wise IQR values
were 5 dB for AP_N1 and 4 dB for AP_N2 and AP_N3. These findings indicate that non-Gaussian behavior is
common but not uniformly associated with strong skewness. Accordingly, mean and standard deviation are
treated as empirical window descriptors rather than Gaussian-distribution parameters. This interpretation is
also supported by the representation benchmark in Table 4, where median-and-IQR features produced lower
Accuracy than the mean-and-standard-deviation representation under the same order-blocked protocol.

3.2. Overall Performance across Fixed RSSI Window Sizes

Table 2 summarizes MLP performance across the evaluated fixed RSSI window sizes. The n =1
configuration served as the single-sample baseline, while larger window sizes represent aggregation of
consecutive RSSI observations. Performance was assessed using Accuracy, Top-2 Accuracy, Macro-F1, and
Ordinal Error.

Table 2. Performance of MLP-based Wi-Fi indoor positioning across fixed RSSI window sizes

Window size Window Dropped Accuracy (%) Top-2 Accuracy (%) Macro-F1 Ordinal Error

(n) samples samples

1 6292 0 68.24 +2.29 83.50 +1.43 0.6774 +0.0230 1.8751£0.1577
3 2083 43 83.50 +1.82 91.93+1.13 0.8321 £0.0173 0.8126 £0.1210
5 1241 87 86.48 £2.13 93.76 £2.41 0.8607 = 0.0248 0.6539 £ 0.1714
7 881 125 90.60 +0.71 95.08 £1.31 0.9047 + 0.0060 0.4319 £0.1364
9 678 190 91.20 +2.60 96.33 £0.90 0.9084 + 0.0252 0.3890 + 0.2723
11 552 220 91.50 +2.65 96.13 £ 1.81 0.9081 +0.0274 0.3927 +0.1390
15 399 307 91.55+2.83 96.81+1.84 0.8982 +0.0261 0.4774 £ 0.3515
21 277 475 93.44 +4.53 96.45 +2.89 0.9166 +0.0593 0.2413 £0.1658
29 188 840 94.26 +4.30 97.35+2.88 0.9267 + 0.0542 0.4121 £0.3159

Table 2 shows a substantial performance improvement from the single-sample baseline to short-
window aggregation, followed by smaller gains as the window size increases.

3.3. Effect of Window Aggregation on Accuracy, Macro-F1, and Ordinal Error

The greatest performance improvement occurred when the input representation changed from the
single-sample baseline to short-window aggregation. Accuracy increased by 15.26 percentage points, from
68.24% at n =1 to 83.50% at n = 3. This result indicates that the single-sample representation was less
effective than short-window aggregation for the evaluated dataset.

Atn =5, Accuracy increased to 86.48% and reached 90.60% at n = 7. Under the primary stratified
evaluation, n = 7 produced the lowest fold-to-fold Accuracy standard deviation at 0.71 percentage points while
maintaining high predictive performance. This result identifies n = 7 as a stable operating point under the
primary evaluation protocol, rather than as a universally optimal window size.

Macro-F1 follows a pattern consistent with Accuracy. At n = 1, Macro-F1 is 0.6774, then increases
to 0.8321 at n = 3, 0.8607 at n = 5, and 0.9047 at n = 7. The increase in Macro-F1 indicates that window
aggregation not only improves overall accuracy but also helps the model maintain more balanced performance
across the 45 position classes.

Ordinal Error, interpreted here as MAE over the ordered position-label indices, also decreased after
window aggregation was applied. It declined from 1.8751 at n = 1 to 0.8126 at n = 3, 0.6539 at n = 5, and
0.4319 at n = 7. Because the reference positions are sequentially ordered at 1 m intervals, the reduction
indicates that incorrect predictions tend to occur across fewer position-label intervals. This interpretation is
specific to the one-dimensional ordered testbed and should not be generalized as a Euclidean positioning error.

3.4. Accuracy and Sample Availability Trade-off
Although larger windows tended to improve Accuracy, they also reduced the number of available
window-level samples. The total decreased from 6,292 atn = 1t0 2,083 atn =3,88l atn=7,277 atn =
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21, and 188 at n = 29. As sample availability declines, the evaluation may become more sensitive to fold
partitioning.
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Figure 5. Accuracy and sample availability trade-off across fixed RSSI window sizes

Figure 5 shows that higher average Accuracy is accompanied by a sharp reduction in window-level
sample availability. Consequently, window-size selection cannot be based on Accuracy alone. As the number
of window-level samples decreases, evaluation becomes increasingly sensitive to data partitioning, as reflected
by the larger fold-to-fold variability observed at the largest window sizes.

Atn = 29, average Accuracy reached 94.26%, but only 188 window-level samples remained and the
fold-to-fold standard deviation increased to 4.30 percentage points. In contrast, n = 7 achieved 90.60 + 0.71%
Accuracy with 881 window-level samples. Under the primary stratified evaluation, n = 7 therefore provides a
favorable balance among predictive performance, evaluation stability, and sample availability.

3.5. Fixed-Window Sensitivity Analysis

Figures 6 and 7 summarize the sensitivity of MLP performance to fixed RSSI window size. Figure 6
presents Accuracy and Macro-F1, while Figure 7 shows Ordinal Error and the corresponding number of
available window-level samples. Error bars in Figures 6(a), 6(b), and 7(a) represent the standard deviation
across the five stratified folds. Figure 7(b) reports the resulting number of window-level samples and therefore
does not include error bars.
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Figure 6. Predictive performance across fixed RSSI window sizes: (a) Accuracy and (b) Macro-F1
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Figure 7. Prediction error and sample availability across fixed RSSI window sizes: (a) Ordinal Error and (b)
window-level sample availability

Under the primary stratified evaluation, n = 7 provides a favorable balance among Accuracy, Macro-
F1, Ordinal Error, fold-to-fold variability, and sample availability. Larger windows, particularly n = 21 and
n = 29, achieve higher average Accuracy but retain substantially fewer window-level samples and exhibit
greater variability across folds. This interpretation is further examined using the order-blocked validation
reported in Table 3.

Table 3. Sensitivity of fixed-window performance to order-blocked validation

n Window samples Stratified Accuracy Order-blocked Order-blocked Macro-F1 ~ Order-blocked Ordinal
(%) Accuracy (%) Error

1 6292 68.24+2.29 63.10£5.40 0.6240 + 0.0525 2.2318 £0.2788
3 2083 83.50 +1.82 80.56 +2.64 0.8005 + 0.0242 0.9532 +£0.1787
5 1241 86.48 +£2.13 86.36 £2.73 0.8598 + 0.0298 0.6547 £0.2134
7 881 90.60 +0.71 88.26 +1.99 0.8747 +£0.0211 0.6331 + 0.0809
9 678 91.20 +2.60 89.84 £1.43 0.8906 + 0.0125 0.5091 £ 0.0951
11 552 91.50 +2.65 91.45+2.94 0.9070 +0.0319 0.4466 £ 0.1693
15 399 91.55+2.83 90.99 +3.70 0.8959 + 0.0445 0.5950 +0.3171
21 277 93.44 +4.53 86.49 £3.27 0.8264 + 0.0357 0.7008 = 0.3311
29 188 94.26 +4.30 Not feasible - —

Table 3 shows that preserving the within-position ordering produced a more conservative assessment
than the primary stratified cross-validation. The largest differences occurred at the smallest and largest window
sizes, whereas several intermediate configurations remained comparatively stable. For n = 7, Accuracy
decreased from 90.60 + 0.71% to 88.26 + 1.99%. The blocked evaluation also changed the relative behavior of
the intermediate windows. Window n = 9 produced the smallest Accuracy standard deviation at 1.43%, while
n = 11 achieved the highest blocked Accuracy of 91.45 +2.94% and the highest Macro-F1 0f 0.9070 +£0.0319.
In contrast, n = 21 showed a substantial performance reduction, and n = 29 could not support five blocked
folds because some position classes contained fewer than five windows.

These results indicate that the choice of a fixed RSSI window is sensitive not only to the amount of
temporal aggregation but also to the validation protocol. The primary stratified evaluation identifies n = 7 as
a strong balance between performance, fold-to-fold variability, and sample availability, but the order-blocked
analysis does not support treating n = 7 as a universal optimum. Instead, the favorable region extends
approximately from n =7 to n = 11, with different operating points emphasizing sample availability,
stability, or predictive performance.

Table 4. Comparison of alternative RSSI representations under order-blocked validation

Representation Window Accuracy (%) Top-2 Macro-F1 Ordinal Error
samples Accuracy (%)
Non-overlap mean+SD, n = 7 881 88.26 £ 1.99 9470 £1.60  0.8747+0.0211  0.6331 +0.0809
Non-overlap median+IQR, n = 7 881 79.17+3.04 89.05 £2.01 0.7812+£0.0319  1.1486 +0.1479
Median filter + mean+SD 881 78.86+2.72 89.15+1.89  0.7767£0.0252  1.0462 +0.2304
Gaussian filter + mean+SD 881 81.10+1.98 91.32+£192  0.8021+0.0186 1.1120+0.2011
Sliding n = 7, stride 3, mean+SD 2021 90.66 +2.28 95.65+1.50  0.9028 £0.0224  0.4583 +0.1281

Table 4 compares the main n = 7 representation with alternative statistical, filtering, and windowing
schemes under the same order-blocked evaluation. Among the non-overlapping configurations, the mean-and-
standard-deviation representation achieved the highest Accuracy at 88.26 + 1.99% and a Macro-F1 of 0.8747
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+ 0.0211. Replacing these features with median and IQR reduced Accuracy to 79.17 + 3.04%. Similarly,
additional moving-median and Gaussian preprocessing did not improve the non-overlapping baseline.
Gaussian filtering reached 81.10 + 1.98%, while moving-median filtering produced 78.86 + 2.72%. These
results indicate that additional smoothing did not provide a performance advantage for the evaluated non-
overlapping representation.

The overlapping sliding-window configuration produced the strongest predictive results, reaching
90.66 + 2.28% Accuracy, 95.65 + 1.50% Top-2 Accuracy, a Macro-F1 of 0.9028 + 0.0224, and an Ordinal
Error of 0.4583 + 0.1281. It also increased the number of window-level samples from 881 to 2021. This
improvement, however, should be interpreted together with the additional redundancy introduced by
overlapping windows. The guard interval prevented direct overlap across the train-test boundary, but adjacent
windows within each partition remained statistically dependent. Thus, sliding windows provide an alternative
operating point with greater temporal coverage and sample availability, rather than evidence that overlapping
segmentation is universally superior.

3.6. Discussion

Across the evaluated configurations, RSSI window aggregation improved predictive performance
relative to the single-sample baseline, while larger windows reduced sample availability and increased
sensitivity to validation design.

The reduction in Ordinal Error observed after window aggregation should be interpreted as an
empirical result rather than as a theoretically derived consequence of RSSI variance reduction. Although
temporal aggregation can reduce short-term variability in the input representation, this study does not assume
or derive a deterministic relationship between within-window RSSI variance and the MAE of the predicted
position-label indices. These quantities describe different stages of the positioning pipeline: the former
characterizes variability in the input signal, whereas the latter measures prediction displacement in the ordered
output space. Their simultaneous improvement is therefore reported as an empirical association observed under
the evaluated configurations.

Accuracy gains should be considered together with sample availability and fold-to-fold variability.
Larger windows aggregate more consecutive observations but leave fewer window-level samples, making
cross-validation results more sensitive to data partitioning. Because the MLP architecture and training
configuration were held constant, the observed differences primarily reflect changes in RSSI representation
and data availability.

The supplementary representation benchmark further shows that preprocessing choice can materially
affect the resulting fingerprint representation. The unfiltered mean-and-standard-deviation representation
outperformed the median-and-IQR representation and the configurations using additional median or Gaussian
filtering under the same non-overlapping protocol. This suggests that, for the present dataset, the local
variations retained by the original window representation contain useful position-discriminative information
that may be weakened by additional smoothing. The sliding-window configuration achieved higher predictive
performance and provided more window-level samples, but this advantage was accompanied by stronger
dependence among neighboring windows. Similar sliding-window approaches have been used in RSSI-based
positioning to increase temporal coverage and suppress interference [35], while median, Gaussian, and moving-
average-based filtering have also been investigated as preprocessing alternatives [29,30,32].

The distributional analysis provides additional context for the representation benchmark. Although
normality was rejected for most position-specific RSSI groups, the magnitude and direction of skewness varied
across positions and Access Points. This indicates that no single distributional model adequately describes all
RSSI observations in the evaluated testbed. Therefore, the stronger performance of mean-and-standard-
deviation features relative to median-and-IQR features should not be interpreted as evidence that RSSI follows
a Gaussian distribution. Rather, the results indicate that, for the present dataset, local average signal level and
within-window dispersion retained more position-discriminative information for the MLP. This interpretation
remains empirical and specific to the evaluated measurement environment.

More elaborate temporal representations are also possible. For example, wavelet-based RSSI feature
extraction has been used to transform signal sequences into discriminative temporal features before
classification [36]. Such an approach, however, changes both the feature space and the associated modeling
choices, making it less suitable as a direct controlled comparison with the six-dimensional statistical
representation evaluated here. The present benchmark therefore focuses on alternatives that can be incorporated
without changing the MLP architecture or the fundamental dimensionality of the input.

The combined results show that no single fixed window should be regarded as universally optimal.
Under the primary stratified evaluation, n = 7 provides a favorable balance because it retains 881 window-
level samples while achieving 90.60 + 0.71% Accuracy. However, the order-blocked sensitivity analysis shifts
the strongest operating region toward n =9 and n = 11. Window n = 9 provides the lowest fold-to-fold
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Accuracy variability under blocked validation, whereas n = 11 provides the highest blocked Accuracy and
Macro-F1. This difference indicates that window-size selection is partly dependent on how sequential
dependence is handled during evaluation. Consequently, the practical interpretation is not that n =7 is
universally superior, but that moderate window sizes in the range of approximately n = 7 to n = 11 provide
the most defensible balance for the evaluated dataset.

The interpretation of these results remains limited by the deliberately constrained measurement
topology. The dataset was collected in a single straight 45 m corridor using three fixed Access Points under
one hardware and spatial configuration. Therefore, the evaluated setting does not capture the propagation
diversity associated with room-rich layouts, corners, multiple floors, or strongly non-line-of-sight conditions.
The AP hardware, frequency band, nominal transmit-power specification, and sampling interval were
documented. However, the exact operating channel, channel bandwidth, configured transmit-power level, and
receiver orientation were not retained in the measurement metadata. These limitations restrict propagation-
specific interpretation and direct extrapolation to other wireless configurations. Future evaluation should
therefore include multi-session and multi-environment measurements with varied AP layouts and fully
recorded radio parameters.

4. CONCLUSION

RSSI window aggregation substantially improved MLP-based indoor position classification relative
to the single-sample baseline. Under the primary stratified evaluation, the baseline achieved 68.24 + 2.29%
Accuracy, while n = 7 achieved 90.60 + 0.71% with 881 window-level samples. Larger windows produced
higher average Accuracy but substantially reduced sample availability and increased fold-to-fold variability.
Supplementary order-blocked validation provided a more conservative assessment and shifted the strongest
operating region toward n = 9 to n = 11. These results show that fixed-window selection should consider
predictive performance, evaluation stability, sample availability, and validation design rather than maximum
Accuracy alone.

The additional representation benchmark showed that median and Gaussian prefiltering did not
improve the non-overlapping mean-and-standard-deviation representation. An overlapping sliding window
produced higher predictive performance and more window-level samples, but also introduced greater
dependence between neighboring windows. Distributional analysis further showed that RSSI was frequently
non-Gaussian, supporting the interpretation of mean and standard deviation as empirical descriptors rather than
assumptions about the underlying distribution.

Future work should examine adaptive window aggregation and evaluate the approach across multiple
sessions, environments, AP layouts, and fully documented radio configurations. Comparisons with alternative
learning architectures may also clarify whether the observed aggregation effects remain consistent across
different classifiers.
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