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Abstract

Indoor localization systems based on WiFi are gaining popularity due to their low im-
plementation cost and the widespread availability of WiFi infrastructure. However, the
wide variety of existing hardware poses a significant challenge in developing systems that
maintain robust and consistent performance regardless of the device used. Recent research
has addressed this issue of device heterogeneity by building datasets that include data
from a diverse set of devices. In this paper, we tackle this challenge by presenting a novel,
multi-device, WiFi Received Signal Strength dataset collected along unconstrained trajec-
tories using nine Android devices over a three-month period with precise ground truth
positions obtained using Simultaneous Localization And Mapping. We then study the effect
of heterogeneity in the localization performance using an LSTM-based neural network that
leverages the temporal nature of sequential WiFi scans, and introduce two mitigation strate-
gies: per-device Received Signal Strength normalization and the incorporation of temporal
features as additional input. Our results show that these methods significantly improve
cross-device performance with a mean average localization error reduction of 56% and
enable generalization to previously unseen hardware with a mean average localization
error 8% higher for the unseen devices.

Keywords: dataset; fingerprinting; indoor localization; multi-device; LSTM; RSS; WiFi

1. Introduction
Indoor localization plays a crucial role in many applications, such as autonomous

robotics, navigation for visually impaired individuals, location-based services, and smart
building management. From a broader Internet of Things (IoT) perspective, localization
can be exposed as an IoT service that provides real-time spatial context to higher-level
cyber-physical services and intelligent building management platforms. This paradigm is
aligned with the concept of opportunistic cyber-physical services, where heterogeneous
sensing resources are leveraged to dynamically provide context-aware functionalities [1].
Similar to localization services proposed for smart buildings [2], the presented system can
be integrated into building automation platforms to support adaptive and personalized
services based on user location.
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Unlike outdoor environments, where Global Positioning System (GPS) technology
provides reliable positioning, indoor settings require alternative methods, as GPS signals are
often weak or unavailable. Various technologies have been explored for indoor localization,
including Bluetooth, Ultra-Wideband (UWB), Visible Light Communication (VLC) [3],
and WiFi. Among these, WiFi-based approaches stand out as the most used due to the
widespread availability and the cost-effectiveness of leveraging existing infrastructure.

Localization approaches based on Wifi include trilateration, proximity, and finger-
printing, the latter being most popular because it maps Received Signal Strength (RSS)
measurements to known locations without needing the exact positions of Access Points
(APs). RSS-based methods excel in complex indoor environments by capturing signal
variations and are robust to environmental changes like the rearrangement of furniture or
the presence of people. In contrast, trilateration and proximity methods are less effective in
adapting to these dynamic conditions.

Although RSS-based indoor localization offers several advantages, it faces significant
challenges associated with the dynamic nature of APs in real-world environments [4,5].
Over time, new APs may emerge, some may disappear, and others may temporarily become
unavailable, or change positions, leading to a non-static WiFi landscape. Additionally,
the existence of multiple networks provided by a single physical AP and transient network
configurations further increases the complexity of designing accurate localization systems.

Another major challenge in WiFi-based indoor localization is the impact of device
heterogeneity on its performance [6,7]. Differences in hardware characteristics, such as
variations in antenna quality, signal scanning duration, and measurement precision across
different devices, can lead to inconsistent RSS readings. Such discrepancies introduce
a domain gap between training and testing devices, ultimately compromising localiza-
tion performance.

In this paper, we address the challenge of device heterogeneity in RSS-based indoor
localization. We present a comprehensive analysis of the effects of using different mobile
devices on localization accuracy, considering both the sampling rate and measured RSS
variabilities. Our key contributions are as follows:

• We release a novel multi-device RSS fingerprint indoor localization dataset. Unlike
prior works, which rely on fixed reference points or user annotations with limited
accuracy, our dataset leverages Simultaneous Localization And Mapping (SLAM)
techniques to provide precise ground-truth across unconstrained trajectories.

• We present a systematic, quantitative study of how differences in sampling rate and
RSS bias impact localization error. This includes evaluations across matched and
unmatched devices, as well as the effect of acquisition differences, rarely addressed in
such detail in the existing literature.

• We propose a lightweight and effective training method that combines per-device
normalization and the use of timestamp intervals as input features. Unlike existing
approaches, our method requires no retraining or calibration for unseen devices.

The remainder of this paper is structured as follows. Section 2 reviews related work
on WiFi-based indoor localization challenges. Section 3 details our methodology, including
dataset acquisition and the proposed mitigation strategies. Section 4 presents the experi-
mental evaluation of our normalization and temporal fusion methods. Section 5 discusses
system limitations, and Section 6 concludes the paper with future research directions.

2. Related Works
Indoor localization has long been a prominent research domain, with WiFi-based

systems emerging as a particularly effective approach due to the ubiquity of WiFi in-
frastructure and its cost efficiency. In particular, WiFi fingerprinting has become one

https://doi.org/10.3390/jsan15040049

https://doi.org/10.3390/jsan15040049


J. Sens. Actuator Netw. 2026, 15, 49 3 of 16

of the most extensively studied paradigms for indoor positioning, as highlighted by
several recent surveys that analyze its methodologies, performance, and limitations in
real-world deployments [8–10]. Fingerprinting involves mapping RSS measurements to
predefined locations, providing robustness in dynamic environments characterized by
furniture rearrangements or transient obstructions. WiFi availability and ease of deploy-
ment have contributed significantly to its popularity in both academic and industrial
implementations [11].

However, RSS-based systems also face significant challenges, particularly concerning
device heterogeneity, which affects the consistency and accuracy of RSS readings across
different devices. Other well-known limitations include signal instability, multipath prop-
agation, and the high cost of radio map construction and maintenance, which have been
widely addressed in the literature [12].

2.1. Challenges of Device Heterogeneity

Device heterogeneity poses a critical challenge in WiFi-based indoor localization,
as variations in hardware (e.g., antenna sensitivity, signal processing capabilities) across
devices lead to discrepancies in RSS measurements. This inconsistency can result in
reduced localization accuracy, especially when models trained on data from one device
are applied to another. This problem has been consistently identified as one of the main
bottlenecks preventing large-scale deployment of fingerprinting-based solutions, since
it limits model transferability and requires costly recalibration processes [8,9]. Efforts to
address this issue have largely focused on either inter-device calibration techniques or
robust fingerprinting methods.

Inter-device calibrationapproaches aim to standardize RSS measurements by trans-
forming or scaling the signals. Techniques such as using signal strength histograms to
calibrate devices [13], performing multi-device joint localization through wireless data
fusion [14], or employing linear regression models to map RSS values between devices [15]
have demonstrated potential in minimizing device-induced biases. Other strategies, like
particle filtering methods [14] or hidden Markov models that smooth RSS variations and
reduce noise [16], have also been explored. Furthermore, methods like Gaussian Process
modeling [17] and automatic linear transformation [18] provide device-agnostic normal-
ization strategies to mitigate heterogeneity effects. While effective, these approaches often
require extensive pre-profiling or simultaneous data collection from multiple devices, which
may limit scalability. In parallel, recent research has explored machine learning and deep
learning techniques to implicitly learn device-invariant representations, reducing the need
for explicit calibration. These approaches, while promising, typically require large labeled
datasets and may suffer from generalization issues in unseen environments [19].

Robust fingerprinting methods aim to create device-invariant features. For instance, some
approaches focus on ranking RSS values rather than relying on absolute measurements, as-
suming that the relative order of RSS from different APs remains consistent across devices [20].
Others, such as Procrustes analysis, utilize statistical shape alignment to normalize RSS mea-
surements into device-independent fingerprints [21]. Composite fingerprint sets that combine
multiple features (e.g., RSS, signal strength differences, and hyperbolic fingerprints) have
also been proposed, achieving strong performance in classification-based localization [22].
Ensemble methods combining multiple classifiers and diverse features have further enhanced
the robustness of localization systems against device heterogeneity [23].

Beyond RSS-based approaches, alternative signal representations such as Channel
State Information (CSI) have been investigated to improve robustness and sensitivity
to environmental changes, although their practical deployment is still constrained by
hardware limitations [24,25].
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2.2. WiFi-Based Localization Datasets

To facilitate research on device-agnostic localization methods, numerous datasets have
been developed, differing in scale, device diversity, and data collection methodologies.
Notable examples include the UJIIndoorLoc dataset [26], which spans multiple buildings
and incorporates data from various devices, and the JUIndoorLoc dataset [27], which
proposes ensemble-based classifiers for device-heterogeneous environments. While these
datasets provide valuable benchmarks, they often rely on predefined reference points or
manual annotations, which can introduce granularity and precision limitations.

Crowdsourced datasets, such as those described in [28], offer an alternative by lever-
aging user-generated data for more organic collection processes. However, these datasets
frequently suffer from lower coordinate accuracy due to manual annotations. In con-
trast, datasets employing advanced localization systems, such as Light Detection and
Ranging (LiDAR) based SLAM for ground truth generation [29], ensure higher preci-
sion but are less common due to the complexity of setup and cost. Other noteworthy
datasets include those that integrate multi-modal data (e.g., combining WiFi with ge-
omagnetic or inertial sensors) [30,31], datasets focusing on long-term data collection to
analyze temporal stability [32], and large-scale datasets spanning multiple floors and device
configurations [33].

Recent works have emphasized the importance of standardized benchmarking and
reproducibility, highlighting the need for datasets that capture realistic variability in user
behavior, device diversity, and environmental dynamics. Despite these efforts, there is
still a lack of universally accepted large-scale benchmarks that simultaneously address
scalability, heterogeneity, and high-precision ground truth acquisition, which remains an
open research challenge [34,35].

3. Materials and Methods
This section outlines the experimental pipeline and structural design of our device-

robust indoor localization framework. We first describe the baseline materials, including the
physical collection environment and the heterogeneous profiles of the hardware utilized.
Following this, we detail our proposed algorithmic strategies—specifically, per-device
RSS range normalization and temporal feature fusion—before defining the structural
configuration of the sequence-based Long Short-Term Memory (LSTM) network.

3.1. Data Collection

The recorded dataset compiles data collected over 13 separate days between late March
and early July 2023 (see Figure 1), at the Escuela Politecnica Superior of the University of
Alcalá, Spain, a public building spanning 17,000 m2, which hosts lectures for technical
bachelor’s and master’s degree programs. The data was exclusively recorded on the
3rd floor, an area with lecturers’ offices and laboratories, covering approximately 1639 m2.
In total, the dataset comprises approximately 5.5 h of recordings and over 13.0 km of
traveled distance per device.

Data was collected using nine different devices, including seven smartphones and
two tablets from various brands (see Table 1). All devices were Android-based and operated
using a custom-designed application developed specifically for data collection. The devices
were intentionally selected to represent a broad range of price categories, ensuring diversity
in Wi-Fi hardware characteristics such as signal gain and sampling rate. This variability
enhances the dataset’s representativeness for real-world scenarios. Three of the devices
were introduced on the final day of data acquisition and were used exclusively for testing
purposes (see Figure 1).
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Figure 1. Devices used on the different collection days.

During the data acquisition, the devices were placed in fixed locations over a wheeled
table that was pushed at an average speed of 0.7 m/s. All recordings were made on a single
trajectory per day basis, with an average duration of approximately 20 min. The trajectories
were random and aimed to cover the entire navigable area of the facility.

Table 1. Device type and acquisition time.

Device Type Acquisition Time (s)

Xiaomi 22081212UG a Phone 1.6
Samsung SM-T976B b Tablet 1.9

Doogee S96GT c Phone 2.0
Xiaomi M2007J20CG a Phone 2.2

OnePlus LE2123 d Phone 2.4
Oppo CPH2251 e Phone 2.5

Samsung SM-800 b Tablet 3.0
Xiaomi 2109119DG a Phone 3.1

Samsung SM-A536B b Phone 4.1
a Xiaomi Corporation, Beijing, China; b Samsung Electronics, Suwon, South Korea; c Doogee, Shenzhen, China;
d OnePlus Technology Co., Ltd., Shenzhen, China; e OPPO Electronics Corp., Dongguan, China.

To calculate the ground truth position, a 3D map of the environment was previously
created using RTAB-Map’s mapping tool fed with images captured by an Intel RealSense
D435i camera. When collecting the data, RTAB-Map [36] provided 1Hz 6-dof relative to the
map positioning information. To address RTAB-Map localization errors caused by building
symmetry and long corridors, the trajectory is segmented based on estimated speed to
exclude anomalous tracking segments.

Regarding the format, the collected data for each device at time step k is as follows:

[RSSk(m), tk(s)] (1)

where RSSk(m) is the RSS in dBm received from m APs, and tk is the capture time from the
device’s clock. The ground truth consists of a 2D metric position relative to a map origin
in meters:

[xk(m), yk(m), tk(s)] (2)

where tk is the Unix timestamp extracted from the laptop that recorded the ground truth.
The data and the ground truth are aligned using their respective time stamps.
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3.2. Proposed Mitigation and Robustness Strategies

One of the main challenges in using WiFi for localization is designing a system
that performs reliably across different devices. Changing the receiver often introduces
variability in both signal acquisition timing and the RSS, which can significantly impact
localization accuracy.

As an initial attempt to build a device-agnostic system, a model can be trained using
data collected from all available devices. However, data from different devices cannot
be interpreted uniformly. For instance, due to varying acquisition rates, sequences of the
same length may correspond to substantially different durations in real time. Additionally,
hardware-related differences, such as antenna design and receiver sensitivity, can lead to
discrepancies in RSS values even when measured at the same physical location.

To address the challenges of device heterogeneity, we propose a two-step processing
framework that operates at different layers of the telemetry stream. First, a device-specific
calibration is applied to standardise absolute signal power distributions and remove an-
tenna sensitivity biases. Second, a temporal feature fusion strategy integrates the dynamic
sampling intervals into the input space to guide the recurrent state updates. Together,
these complementary approaches transform raw, hardware-dependent measurements into
device-agnostic representations before network ingestion.

3.2.1. Device-Specific RSS Normalization

To address discrepancies in RSS values across different devices, particular attention
must be given to the normalization process. This step is crucial to ensure that low RSS
values are not marginalized and that high values do not exert a disproportionate influence
on the model. A common approach is global normalization, where fixed minimum and
maximum values derived from the entire dataset are used to scale the data prior to inputting
it into the neural network.

Although global normalization provides consistent scaling, it also introduces a critical
limitation: the persistence of device-dependent biases in RSS measurements. Due to
hardware variations, such as differences in antenna sensitivity or signal amplification,
the same AP may produce substantially different RSS values across devices. Consequently,
applying the same normalization parameters can compress or distort the signal distribution
for certain devices, ultimately degrading model performance.

To enhance the robustness of the localization models to device-dependent variations,
we propose a device-specific normalization strategy. In this approach, each device un-
dergoes a calibration phase to determine its individual RSS range, which is then used for
normalization during inference. While this method requires a brief calibration period prior
to deployment, it significantly reduces both localization error and prediction variance,
leading to more robust and consistent performance across heterogeneous devices.

3.2.2. Temporal Feature Fusion and Sampling Hypothesis

While device-specific normalization balances absolute signal amplitude discrepancies,
hardware heterogeneity introduces a secondary, temporal domain gap caused by variable
device-dependent scanning intervals. As detailed in Table 1, the raw telemetry acquisition
rates vary significantly across hardware platforms, ranging from high-density sampling
(1.6 s per scan) to sparse sampling intervals (4.1 s per scan).

We hypothesize that sequence-based recurrent networks, such as the utilized LSTM,
implicitly encode spatial displacement as a function of the typical temporal delta observed
between consecutive training steps. When a model optimized on high-density tracking
data encounters sparse sampling intervals during inference, the physical distance traveled
by the user between consecutive steps dramatically exceeds the spatial transitions learned
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during the training phase. This mismatch disrupts the continuous propagation of the
internal cell states (ct) and hidden vectors (ht), causing the network to miscalculate spatial
motion dynamics and inflate trajectory tracking drift.

To validate this hypothesis and decouple the architecture from hardware clock biases,
we propose an augmented Temporal Feature Fusion strategy. Let ∆tt = tt − tt−1 represent
the real-time clock interval elapsed between consecutive WiFi scans. This raw 1D temporal
feature is independently normalized to a uniform [0, 1] range via global min-max scaling to
prevent numeric dominance over the radio maps:

∆tnorm =
∆tt − ∆tmin

∆tmax − ∆tmin
(3)

The normalized time delta is then directly concatenated to the tail of the device-
normalized RSS vector xt ∈ R556. This yields an augmented spatio-temporal input vector
zt ∈ R557 before network ingestion:

zt = [xt ∥∆tnorm] (4)

By explicitly injecting the elapsed time interval into the feature space, we provide
the network with the structural context necessary to dynamically adjust its internal gating
mechanisms, scaling its mathematical coordinate updates relative to the real-world time
step duration regardless of the testing device’s hardware limitations.

3.3. Sequence-Based Model Arquitecture

The choice of model for the experiments presented in this paper is motivated by our
previous studies [37,38], where Artificial Neural Networks (ANNs) and K-Nearest Neigh-
bours (KNNs) were evaluated against LSTM networks [39]. The results consistently showed
that LSTM models achieved superior localization performance, motivating their adoption
in the present work. The final LSTM architecture and hyperparameter configuration were
determined through an ablation study and are presented in Figure 2. The selected model
consists of L = 6 stacked LSTM layers with a hidden size of h = 32 and a sequence length
of 16 (N = 15).

Figure 2. Structural diagram of the LSTM network used in the experiments. The models trained
in this paper had L = 6 stacked LSTM layers with a hidden size h = 32 and were trained with a
sequence length of 16 (N = 15).
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4. Experimental Results
To systematically evaluate the impact of device heterogeneity on localization perfor-

mance, the proposed LSTM architecture is subjected to various training strategies while
keeping its network hyperparameters strictly uniform. In this section, we describe the
experimental setup and the results of the different proposals to increase the robustness of
cross-device Wi-Fi-based positioning.

4.1. Experimental Setup and Evaluation Metrics

To prevent look-ahead bias, the dataset was divided into three subsets: the first
8 days were used for training, the following 2 days for validation, and the final 3 days
for testing (see Figure 1). Only APs observed during the training phase were considered,
and any newly appearing APs in the validation or test sets were excluded. Out of a total of
760 unique APs observed in the dataset, only K = 556 were present in the training set and
therefore used in the experiments.

RSS data from Wi-Fi scans is structured into vectors x ∈ RK, where each element
represents the signal strength (in dB) from a predefined list of visible APs. Unseen APs
are assigned a value ϵ = min(APRSS)− 5 to distinguish them from weak signals without
affecting normalization.Both the input features and target positions are normalized to the
[0, 1] range using min–max scaling. Alternative normalization methods, including z-score
normalization, were evaluated but did not improve model performance.

A separate LSTM-based model is trained for each device using sequences of RSS
values over N time steps. At the start of each sequence, LSTM states are reset, and samples
are fed sequentially. Although the model predicts coordinates at all N steps, only the final
prediction (yt) is used for evaluation; earlier outputs help build temporal context, requiring
a warm-up period of N scans. During inference, LSTM states are initialized once per
trajectory, and predictions are generated scan-by-scan to emulate real-time performance.

The model is trained by minimizing the Mean Squared Error (MSE) between the
predicted and ground truth positions at each time step. Model performance is evaluated
using the Mean Absolute Error (MAE) on the final position predictions.

4.2. Evaluation of Per-Device RSS Normalization

We evaluate the empirical performance shift when transitioning from a standard
global scaling framework to our proposed device-specific RSS normalization strategy.

To isolate the baseline impact of this calibration method, Figure 3 compares the MAE
obtained by the LSTM-based network under different normalization strategies. In both
configurations, the model was trained on data from the six devices in the training set and
evaluated individually on their corresponding test set data.

As shown, device-specific normalization leads to a reduction in both MAE and error
variance. These results provide a direct quantitative measure of how shifting to localized
signal ranges dampens hardware-induced sensitivity biases and stabilizes error variance
across mismatched antenna components. However, the results also indicate that MAE
tends to increase with the device’s acquisition time, an effect that will be further analyzed
in the following section.
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Figure 3. MAE on the test dataset for 21 June 2023. Models were trained on data from six devices in
the training set and evaluated individually against the same devices in the test set. Results shown in
blue use global normalization, while those in orange use device-specific RSS normalization.

4.3. Evaluation of Temporal Feature Fusion

While device-specific normalization successfully mitigates absolute signal amplitude
biases, the localization error remains highly sensitive to variations in device-dependent
scanning intervals. To systematically isolate and evaluate this temporal phenomenon,
we studied the performance stability of the LSTM network when subjected to severe
cross-device sampling discrepancies

Figure 4 presents a boxplot of the localization MAE in meters for models trained on
data from a single device and tested on data from all other devices. The colors represent
the device used for training, while the x-axis indicates the time offset in data acquisition
between the training and testing devices. A value of 0 on the x-axis corresponds to the
scenario where each of the six available devices is tested on its own data, i.e., the model is
both trained and evaluated on the same device.

Figure 4. Boxplot of localization MAE in meters for the models trained using a single device and
tested on all the other devices’ data. As depicted in the legend, the colors indicate the device used to
train the model. The x-axis represents the difference in the acquisition time between the training and
the testing device. At 0 on the x-axis the results of training and testing the 6 different devices on their
own test data are shown.
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Looking at Figure 4 two different conclusions can be drawn. Firstly, using the same
device for training and testing (0 in x-axis) produces similar errors to when the device
used in test has faster acquisition times (negative times in x’s), apparently, independently
of the acquisition time difference. On the other hand, when the device used in test is
slower (positive time difference in x’s), the MAE increases proportionally to the acquisition
time difference.

This effect is evident in the results of the Xiaomi UG device. Being the fastest, the MAE
increases up to 80% when inferring with data from other devices compared to inferring
with its own data. Conversely, with the slowest device, Samsung A53, since all other
devices are faster, the network performs well and even reduces the error up to 30% with
the fastest device.

Furthermore, using a different device in test leads to an increase in the variance of
the error, as represented in Figure 4. This trend is evident in all cases, and is particularly
pronounced the greater the difference in acquisition time. This empirical trend directly
validates our sampling hypothesis. Because sequence-based recurrent models implicitly
map spatial displacement relative to the consistent temporal deltas observed during train-
ing, hardware platforms characterized by significantly lower sampling rates introduce a
severe temporal domain shift. The physical distance traversed by the user between these
prolonged intervals vastly exceeds the spatial step size internalized by the LSTM cells.
Consequently, the network fails to properly scale its internal state transitions, miscalculates
the cumulative spatial motion dynamics, and introduces an artificial tracking drift that
inflates the localization error.

To evaluate the empirical effectiveness of our proposed solution against these hard-
ware sampling distortions, the LSTM network was evaluated using the augmented spatio-
temporal input space presented in Section 3.2.2.

Figure 5 presents the localization MAE obtained across the test datasets when incor-
porating the normalized timestamp intervals (∆t) as an additional feature. As in previous
experiments, the model was trained using data from the six devices in the training set,
and evaluated individually on the corresponding test data for each device. Additionally,
three devices not seen during training were included for evaluation: Xiaomi M2007J20CG
(2.2 s), OnePlus LE2123 (2.4 s), and Oppo CPH2251 (2.5 s). As shown in Figure 5, incorpo-
rating temporal information enables the network to perform consistently across all devices.

Figure 5. MAE on the test dataset for a model trained using the time difference between samples.
The model was trained on the six devices available in the training set and evaluated individually on
the same devices in the test set. Additionally, three previously unseen devices—available only on
3 July 2023—were included in the evaluation: Xiaomi M2007J20CG (2.2 s), OnePlus LE2123 (2.4 s),
and Oppo CPH2251 (2.5 s).
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Compared to the results shown in Figure 3, the mean error values follow a simi-
lar pattern: faster devices exhibit a slight performance drop, while slower devices show
improvement. As a result, incorporating temporal information reduces performance vari-
ability across devices. This adjustment decreases the average inter-device discrepancy
from approximately 35% to 25%, indicating improved consistency and fairness in the
model’s predictions.

4.4. Aggregated Model Performance and Unseen Hardware Generalization

To evaluate the effect of device data aggregation and the proposed device-specific RSS
normalization, a new model, referred to as the Aggregated Model (AM), was trained using
the combined RSS data from the six devices included in the training set and normalized
as explained in Section 3.2.1. The model retained the same network architecture and
hyperparameter configuration as the LSTM models described in Section 3.3. Unlike the
previous single-device configurations, the AM is optimized by combining the telemetry
of multiple distinct training devices into a unified spatio-temporal framework, leveraging
both our device-specific normalization and temporal feature fusion strategies.

The RSS values from each device were independently normalized prior to training.
During both validation and testing, RSS normalization was performed using the statistics
specific to each individual device. In addition to RSS measurements, the time elapsed
since the previous sample was incorporated into the input feature vector. To evaluate
its performance, the AM was compared with models trained using data from individual
devices (see Table 2).

Table 2. MAE on test (m) for different train models. Best performing model for each test is marked in
bold. Cells marked with “-” indicate no results are available.
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Doogee S96GT 4.62 5.75 3.89 4.51 5.27 5.15 - - - 4.86
Samsung SM-A536B 20.06 4.42 12.81 9.47 8.43 8.89 - - - 10.68
Samsung SM-T976B 10.21 12.52 2.89 7.02 6.03 6.74 - - - 7.56
Samsung SM-800 5.10 5.40 3.34 3.69 3.99 4.50 - - - 4.33
Xiaomi 2109119DG 19.99 20.65 14.56 17.16 3.44 15.80 - - - 15.26
Xiaomi 22081212UG 8.40 10.62 4.50 5.84 5.95 5.15 - - - 6.74
AM (test-set) 3.82 4.39 3.08 3.71 3.68 3.04 - - - 3.62
AM (3 July 2013) 3.75 4.98 3.76 4.1 4.44 3.04 3.38 4.53 3.86 3.92

As shown, the AM achieves performance comparable to the best individual models
(those trained and tested on the same device). The models trained on individual devices
achieved an average test-set MAE of 8.24 m. In contrast, the AM achieved an average
MAE of 3.62 m, corresponding to a 56% reduction in error. When evaluated separately
for each device, the AM consistently outperformed the device-specific models, with the
smallest improvement observed for the Doogee device, for which the MAE was reduced
by 25%. The variability of the localization error can also be inferred from the cumulative
distribution functions (CDFs) presented in Figure 6 as well as the percentile errors.
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Furthermore, when tested on devices not seen during training or validation, the AM
performs similarly to those it was trained on, demonstrating strong generalization to
previously unseen hardware. Three new devices were used on the last test day and used to
evaluate the robustness of the AM model to previously unseen hardware. As shown on
Table 2 AM (3 July 2013), the AM model has similar MAE for the devices in the training
dataset and for the three new ones. In all but one case, the lowest MAE was obtained
when the training and testing data originated from the same device, highlighting the
limited cross-device generalization of these models. In contrast, the performance of the AM
degraded only marginally when evaluated on unseen devices, with the MAE increasing
from 3.62 m to 3.92 m, corresponding to an 8% degradation. These results indicate that
aggregating data from multiple devices during training substantially improves the model’s
robustness to device heterogeneity and enhances its ability to generalize to previously
unseen hardware.

(a) (b)

Figure 6. Comparison of CDFs for the results showed on Table 2. (a) Cummulative Distribution
Function for the test-set with the models trained on a single device, (b) Cummulative Distribution
Function for the test-set with the AM.

Also, qualitative results for the model can be observed on Figure 7 where the predicted
trajectory and its error codified in colors are represented for two devices present in the
training set (top row) and for two devices that were included only for testing and never
seen on training or validation (bottom row). As can be seen, the results are very similar,
showing the ability of the model to cope with devices never seen in training.

(a) (b)

Figure 7. Cont.
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(c) (d)

Figure 7. Localization results of the AM for 2 devices in the training set (top row) and 2 devices never
seen (bottom row). Grey, the ground truth; jet color, the localization error. (a) Test results for Samsung
SM-A536B device on 3 July, (b) test results for Xiaomi 22081212UG device on 3 July, (c) test results for
Oppo CPH2251 device on 3 July, (d) test results for Xiaomi M2007J20CG device on 3 July.

5. Limitations
While the proposed framework demonstrates a significant improvement in cross-

device robustness and generalization to unseen hardware, certain boundaries regarding
our data collection and evaluation framework must be acknowledged. A transparent
analysis of these tracking constraints, spatial bounds, and environmental dynamics is
essential for contextualizing our current findings and defining future development paths.

5.1. Ground-Truth Positions Fidelity

Because the dataset’s position coordinates are generated via a visual-inertial SLAM
pipeline (RTAB-Map), the baseline annotations are inherently subject to minor tracking
drift. This phenomenon is particularly common in indoor environments characterized by
long corridors or structural symmetries, where repetitive visual patterns can challenge
feature-matching algorithms.

To prevent these minor mapping inconsistencies from propagating into the deep
network optimization phase, an automated velocity-based data filtering protocol was im-
plemented during the preprocessing stage. By continuously monitoring the velocity profile
of the data collection platform against the planned average push rate (0.7 m/s), segments
containing anomalous tracking jumps or temporary tracking loss were systematically iso-
lated and removed from the training matrices. This ensures that any localized SLAM drift
artifacts are filtered out at the source, preventing them from skewing the LSTM network’s
downstream localization metrics.

5.2. Long-Term Environmental and Radio-Landscape Changes

Although our data collection spanned a three-month seasonal window, the indoor
WiFi landscape is inherently non-static due to fluctuating human density and potential
infrastructure modifications (e.g., changes in AP placement or transient channel configu-
rations). While the sequence-based LSTM leverages historical trajectories to smooth out
minor signal fades, an extreme long-term shift in the underlying AP infrastructure could
degrade the fingerprinting baseline.

5.3. Spatial and Multi-Floor Constraints

A structural limitation of the current evaluation is its spatial scope, as data collection
was restricted exclusively to a single 1639 m2 floor of the university facility. While this area
provided complex trajectories and unconstrained testing conditions, real-world deployment
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scenarios—such as multi-story shopping centers or hospital complexes—require systems
to seamlessly adapt to vertical tracking dynamics across stairs and elevators.

6. Conclusions
In this paper, we introduced a novel multi-device WiFi dataset with position coor-

dinates obtained through visual SLAM techniques. Unlike many existing datasets that
rely on fixed reference points or manual annotations, our dataset includes free-form tra-
jectories and diverse device configurations, enabling robust evaluation of the effects of
device heterogeneity.

Through extensive analysis, we identified two key sources of error caused by device
diversity: inconsistencies in RSS signal strength and variation in sampling rates. To address
these issues, we proposed two mitigation strategies: device-specific RSS normalization
and the inclusion of temporal information as an additional input feature. Our experiments
demonstrated that both approaches lead to improved localization accuracy and greater con-
sistency across devices. To evaluate the model’s performance across heterogeneous devices,
we tested the model on previously unseen devices, confirming its ability to generalize.

Future work will expand this framework in three key directions to address current
deployment boundaries. First, the dataset and LSTM network will be extended to support
three-dimensional tracking across multi-floor environments, accounting for vertical tran-
sitions via stairs and elevators. Second, to handle long-term modifications in the indoor
radio landscape, we will investigate life-long learning and autonomous self-calibration
paradigms that adapt to moving or decommissioned APs without requiring manual pro-
filing. Finally, future iterations will integrate advanced multi-session SLAM loop-closure
optimizations to further reduce baseline tracking drift, ensuring stable trajectory annotation
across sprawling ambient IoT infrastructures.
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