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ABSTRACT

This paper introduces a fault-tolerant indoor robot
localization framework that leverages deep neural net-
works (DNNs) to process channel impulse response
(CIR) data from multiple access points (APs). Un-
like conventional CIR-based localization methods that
assume stable infrastructure, this work explicitly ad-
dresses the challenge of AP failure—an issue largely
overlooked in prior studies. Two complementary DNN
architectures are investigated: a single-input model
that concatenates CIRs from all APs, and a modular
multi-input model in which each branch processes the
CIR of an individual AP. To improve robustness, we
propose a hybrid Hyperband–Simulated Annealing (SA)
optimization strategy for both hyperparameters and
network parameters. Experiments show that while the
single-input network achieves high accuracy under ideal
conditions (ADE = 0.552 m), its performance deteriorates
significantly under AP outages (up to 1.019 m). In con-
trast, the multi-input architecture—with branch-specific
hyperparameter tuning—consistently maintains strong
performance across all failure scenarios, achieving ADEs
of 1.15–1.19 m. These results demonstrate the novelty
and effectiveness of combining architectural modularity
with adaptive optimization to achieve resilient CIR-based
localization in dynamic indoor environments.

Keywords: Indoor Positioning, Convolutional Neural
Network, Channel Impulse Response, Simulated Anneal-
ing, Hyperband, Hyperparameter Optimization

1. INTRODUCTION

Indoor localization enables critical applications in
autonomous robotics, smart environments, and asset
tracking [1], [2]. Unlike GPS, indoor systems face
challenges from multipath propagation, signal attenua-
tion, and non-line-of-sight conditions. Channel Impulse
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Response (CIR) provides rich spatial information for ac-
curate positioning, while Deep Neural Networks (DNNs)
have significantly enhanced CIR-based localization per-
formance. However, real-world deployment presents
challenges, particularly access point (AP) failures that
can substantially degrade accuracy [3].

Traditional approaches include Received Signal Strength
Indicator (RSSI)-based methods [4, 5], which are sim-
ple but suffer from low accuracy and multipath vul-
nerability [6], and Channel State Information (CSI)-
based methods [7], which improve precision at higher
hardware complexity. Techniques span signal-, time-
, and angle-based categories, with RSSI fingerprinting
widely adopted for simplicity [8, 9], while Time of
Arrival (ToA)/Time Difference of Arrival (TDoA) require
synchronization [10] and Angle of Arrival (AoA) requires
directional antennas [11].

Machine learning advances include K-Nearest Neigh-
bors (KNN) and Support Vector Machines (SVMs). How-
ever, these models struggle in complex scenarios [12, 13].
Deep learning architectures such as Convolutional Neu-
ral Networks (CNNs) and Recurrent Neural Networks
(RNNs) have shown strong capability in handling noisy
inputs and extracting spatial–temporal features [14, 15].
Hybrid models achieve sub-meter accuracy [16], while
graph-based and transfer-learning approaches improve
cross-environment robustness [17, 18]. Existing research
predominantly assumes stable infrastructure configura-
tions, overlooking the practical reality of AP failures.

This study examines two DNN architectures designed
to preserve localization accuracy during AP outages
through strategic hyperparameter and parameter op-
timization. We assess fault tolerance under individ-
ual AP failure conditions using: (1) a single-input
DNN architecture employing Hyperband-optimized hy-
perparameters tailored to specific failure scenarios, and
(2) a multi-input DNN framework featuring dedicated
processing branches for each AP, enabling adaptive
exclusion of compromised channels. The experimental
platform includes a mobile robot operating within an
indoor environment equipped with four APs (Fig. 1).
Channel modeling incorporates ray-tracing simulation to
capture multipath propagation [19]. Three multi-input
configurations are evaluated: uniform hyperparameters
for all branches, globally optimized hyperparameters,
and branch-specific optimization. Hyperparameter and
parameter search employs Hyperband and Simulated
Annealing (SA), with Average Distance Error (ADE) as
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Fig. 1: Communication Model Between The Mobile Robot
And APs Using Time Division Multiple Access (TDMA).

the primary metric. Results show that branch-specific
optimization yields the highest robustness under AP
failures.

The remainder of this paper is organized as follows.
Section 2 presents the proposed method, beginning with
the single-input DNN architecture followed by the multi-
input architecture and its hybrid optimization strategy.
Section 3 describes the experimental setup. Section 4
discusses the results, including: (i) performance of the
single-input DNN under AP failures, (ii) comparison
among multi-input configurations, and (iii) comparison
between single-input and multi-input DNNs. Section 5
concludes the study.

2. PROPOSED METHOD
Let 𝐂𝐢 ∈ ℝ𝐓 denote the CIR vector from the 𝑖-th AP.

At each timestep, the input is a set of CIRs from the four
APs, as shown in (1).

𝐗 = {𝐂1,𝐂2,𝐂3,𝐂4} (1)

The objective is to learn the function 𝑓(𝐗) that maps
the input 𝐗 to the robot’s 2D position:

𝑓(𝐗) ≈ (𝐱, 𝐲) (2)

In case of AP failure (e.g., missing𝐂𝐢), the system input
becomes:

𝐗′ = {𝐂1, … , ∅, … ,𝐂4} (3)

and the localization model must still maintain accurate
performance.

The ADE metric is used to evaluate localization
accuracy, defined as:

ADE = 1
Mtest

Mtest

∑
j=1

√(xm,j − x̂m,j)2 + (ym,j − ̂ym,j)2 (4)

where (𝑥𝑚,𝑗 , 𝑦𝑚,𝑗) is the ground truth position and
(𝑥̂𝑚,𝑗 , ̂𝑦𝑚,𝑗) is the estimated position.

Two deep learning–based approaches are imple-
mented for indoor robot localization using CIR inputs
from four APs, with built-in robustness against AP
failures. The first approach employs a single-input DNN

Fig. 2: Single-input DNN architecture.

architecture, presented in Subsection 2.1. The second ap-
proach adopts a modular multi-input DNN architecture
that dynamically adapts to varying AP availability during
inference, as described in Subsection 2.2.

2.1 Single-Input DNN Architecture

The first approach employs a conventional feedfor-
ward DNN that processes concatenated CIR vectors from
all four APs. Specifically, each CIR sequence 𝐂𝐢 ∈ ℝ𝐓 is
stacked to form a single input vector 𝐱 ∈ ℝ4𝐓, where
𝐱 = [𝐂⊤

1 ,𝐂⊤
2 ,𝐂⊤

3 ,𝐂⊤
4 ]

⊤. The architecture, illustrated
in Fig. 2, comprises seven hidden layers followed by a
regression layer that outputs the estimated 2D location
(𝑥̂, ̂𝑦).

To ensure robustness under varying AP fault scenar-
ios, the Hyperband algorithm is utilized to optimize the
network’s key hyperparameters, including the number of
convolutional filters (ranging from 32 to 512), learning
rates (from 0.1 to 0.5), and dropout rates (between
10−4 and 10−2). Each hyperparameter configuration
is trained for a total of 30 epochs, with intermediate
evaluations every 10 epochs to guide the Hyperband
selection process.

The hyperparameter tuning is performed indepen-
dently for five distinct scenarios: one with no AP failure,
and four cases in which each of the APs fails individually.
In failure scenarios, the CIR vector of the failed AP
is replaced with a zero-padded vector, and a dedicated
model trained under the same fault condition is deployed
during inference.

2.2 Multi-Input DNN Architecture

The second approach employs a modular multi-input
DNN architecture, in which each AP is assigned a
dedicated processing branch. Each branch mirrors the
structure of the single-input DNN and extracts local
features from its corresponding CIR input. The outputs of
all active branches are concatenated and passed through
a shared fully connected subnetwork to estimate the
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Fig. 3: Multi-input DNN architecture.

2D position, as shown in Fig. 3. This design enables
dynamic exclusion of branches corresponding to faulty
APs without requiring model retraining.

Three configurations are investigated for this architec-
ture. In Configuration 1 (Fixed Parameters), all branches
share the same network structure and a single fixed set of
hyperparameters (e.g., units = (256,…,256), dropout = 0.4,
learning rate = 0.001), regardless of which AP is active or
faulty. This configuration does not adapt to AP failures
and is used as the baseline for comparison.

In Configuration 2 (Fault-Aware Shared Parameters),
all active branches still share identical hyperparameters;
however, this shared set varies depending on the AP
failure scenario. Specifically, for each failure case, the
branches adopt the Hyperband-optimized hyperparame-
ters obtained from the corresponding single-input model.
For example, if AP2 is unavailable, every remaining
branch uses the hyperparameters optimized for the ”AP2-
failure” scenario.

In Configuration 3 (Independently Tuned Parameters),
each branch is assigned its own set of hyperparameters,
independently optimized using Hyperband. As a result,
the branches no longer share a common configuration;
instead, each adapts to the characteristics and reliability
of its own CIR input. This configuration offers the
highest flexibility and provides enhanced robustness
under heterogeneous or fault-prone conditions.

2.3 Optimization Strategies

To enhance the performance and robustness of the
proposed DNN-based indoor localization system, two
complementary optimization techniques are employed at
different levels of the framework, namely Hyperband and
SA, as illustrated in Fig. 4.

Hyperband is utilized to optimize the DNN archi-
tecture and hyperparameters for both single-input and
multi-input network configurations under various AP
failure scenarios. Specifically, Hyperband systematically
explores the hyperparameter space by iteratively training
and evaluating candidate DNN configurations on subsets
of the training data. At each iteration, the ADE is
computed on the validation set, and the best-performing
configurations are retained. This process continues until

Fig. 4: Flowchart of the proposed framework integrating
Hyperband for architecture search and Simulated Anneal-
ing for AP placement, with iterative ray-tracing and DNN
retraining.

convergence, resulting in an optimized DNN architecture
and hyperparameter setting for each considered AP fault
condition.

In the second stage, SA is employed to optimize the
spatial placement of APs. As depicted in Fig. 4, for each
candidate AP configuration generated by the algorithm,
the radio propagation environment is re-simulated via
ray-tracing to produce a new channel dataset. The
DNN architecture obtained from the Hyperband stage
is then trained using the Adam optimizer, and the
resulting ADE serves as the objective function. The
SA acceptance criterion governs the selection process,
facilitating effective exploration of the search space to
prevent premature convergence.

3. EXPERIMENTAL SETUP
We simulate the indoor wireless channel using a ray

tracing model in MATLAB, accounting for reflections,
diffractions, and scattering via Fresnel equations and
UniformTheory of Diffraction (UTD).This yields realistic
CIRs for localization. The indoor layout follows [20],
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Fig. 5: CIR acquisition process.

with a 5 × 3.5 m² region divided into four sub-regions,
each with one AP. CIR acquisition between APs and
Stations (STAs) is shown in Fig. 5. IEEE 802.11az [21] is
adopted, with packet transmission over AWGN channels.
TDMA avoids inter-AP interference. A CIR becomes
zero when Signal-to-Noise Ratio (SNR) drops below a
threshold. We simulate SNR levels of 20, 25, and 30 dB.
We use a bandwidth of 160 MHz and robot velocity
(𝑣𝑥, 𝑣𝑦) = (1, 1) m/s. APs are fixed at 2.9 m height
with known coordinates. A total of 4,851 samples were
generated for the experiment. The dataset was randomly
partitioned into 80% training, 10% validation, and 10%
testing subsets. In addition to localization accuracy, run-
time performance was evaluated by measuring inference
latency using a standardized timing protocol. For each
model, a single test sample corresponding to one location
was first forwarded through the network for warm-up.
The predict function was then repeatedly executed
100 times on the same sample, and the average per-
sample inference time was reported. This procedure
measures steady-state inference latency and excludes
data loading or preprocessing overhead. Simulations run
on a Windows 11 with Intel Core i7-14700 (28 threads,
2.1 GHz), 16 GB RAM, and NVIDIA RTX 3050 OEM GPU.

4. RESULTS AND DISCUSSION

This section evaluates the performance of the pro-
posed localizationmodels under various conditions of AP
availability and network configurations. The analysis is
organized around four main perspectives to assess both
accuracy and robustness.

We begin by assessing the baseline performance of the
single-input DNN when all four APs are operational, and
compare it to cases where one AP is non-functional. This
highlights the model’s sensitivity to missing input data.
Subsequently, we analyze the effect of each individual AP
failure on localization accuracy, revealing their varying
degrees of importance in maintaining performance. The
second part focuses on themulti-input DNN architecture,
emphasizing its resilience in the presence of AP faults.
Finally, we compare the overall performance between
single-input and multi-input networks to underscore the
benefits and trade-offs associated with each design.

4.1 Single-Input DNN Optimized for Faulty AP
Cases

To improve fault tolerance, separate single-input DNN
models are trained for each AP failure scenario using the
Hyperband algorithm. As reported in Table 1, the model

Table 1: Optimized hyperparameters and ADE at the
200th iteration of the 7-block model when one AP fails.

Faulty
AP Hyperparameter Network

Parameters
ADE at

200 Iterations

4 APs
fine

units: (64, 128, 32, 256, 64, 32, 128)
dropout: 0.1
learning_rate: 0.0001

393,410 0.552

AP1
units: (128, 64, 32, 32, 128, 512, 128)
dropout: 0.1
learning_rate: 0.0001

1,328,130 0.776

AP2
units: (32, 256, 256, 512, 512, 512, 128)
dropout: 0.3
learning_rate: 0.0001

7,164,322 0.842

AP3
units: (32, 256, 256, 64, 64, 256, 64)
dropout: 0.3
learning_rate: 0.0001

2,614,498 1.019

AP4
units: (128, 512, 128, 32, 256, 32, 256)
dropout: 0.2
learning_rate: 0.0001

1,450,050 0.858

Fig. 6: Convergence of single-input DNN models under
individual AP failure scenarios.

achieves an ADE of 0.552 m under normal operation with
all APs functioning. However, when a single AP fails,
ADE rises to 0.776, 0.842, 1.019, and 0.858 m for AP1
to AP4, respectively, with AP3 failure resulting in the
highest error. This indicates AP3’s critical contribution
to spatial resolution.

Figure 6 depicts the training convergence patterns,
showing that all models achieve stability within 100
iterations, although the AP3-failure scenario demon-
strates the greatest convergence instability. The com-
putational complexity varies considerably across failure
scenarios—the AP2-failure model demands over 7 million
parameters while the AP1-failure model requires only
1.3 million, highlighting the disparate spatial significance
of individual APs. Even with increased architectural
complexity, none of the failure-condition models match
the baseline performance achieved under normal opera-
tion. This performance degradation correlates with AP
positioning: AP1 and AP4, located in proximity to cor-
ners and metallic infrastructure, experience heightened
multipath interference, resulting in amplified localization
errors when these nodes are eliminated.
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Fig. 7: Localization errors under AP1 failure with
optimized AP placement (Single-input DNN).

Fig. 8: Localization errors under AP2 failure with
optimized AP placement (Single-input DNN).

Fig. 9: Localization errors under AP3 failure with
optimized AP placement (Single-input DNN).

Fig. 10: Localization errors under AP4 failure with
optimized AP placement (Single-input DNN).

The four-AP configuration employed in this study
was optimized for maximum coverage in our prior
research [20]. Spatial error distributions for individual
AP failure scenarios are presented in Figures 7–10.
Although most operational areas maintain acceptable
accuracy levels, significant localization errors reaching
3.5 m are concentrated at room boundaries and corner
regions, particularly pronounced during AP1 and AP3
outages. This behavior is primarily attributed to unfa-
vorable geometric and propagation conditions in these
marginal areas, where the remaining active APs are often
located predominantly on one side of the target. Such
asymmetric AP geometry significantly reduces spatial
diversity, leading to ambiguous CIR signatures com-
pounded by strong wall-induced multipath reflections
and shadowing effects. These findings reveal the inher-
ent vulnerability of single-input DNN architectures to
partial AP unavailability, even under optimal geometric
deployment. The observed performance degradation
confirms that while single-input DNNs excel under
nominal operating conditions, their localization fidelity
deteriorates markedly in edge and corner regions when
AP redundancies are compromised. This necessitates

Fig. 11: Convergence of multi-input DNN models under
individual AP failure scenarios using fixed hyperparame-
ters for all branches.

investigating more resilient architectures, specifically
the multi-input DNN approach examined in the next
subsection.
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Fig. 12: Convergence of multi-input DNN models under
individual AP failure scenarios with jointly optimized
hyperparameters.

Fig. 13: Convergence of multi-input DNN models under
individual AP failure scenarios using independently opti-
mized hyperparameters for each branch.

4.2 Multi-Input DNN Optimized for Faulty AP
Cases

This subsection evaluates the performance of a multi-
input DNN architecture under individual AP failure
scenarios, considering three configurations with progres-
sively increasing flexibility in hyperparameter adapta-
tion. In the first configuration, all input branches are
identically configured using fixed hyperparameters (256
convolutional filters, dropout rate of 0.2, and learning
rate of 0.0001). As illustrated in Fig. 11, the training
process demonstrates slow convergence and notable
instability across all failure cases. Final ADE values range
from 1.16 m to 1.21 m, indicating limited adaptability
due to the uniform treatment of heterogeneous input
conditions.

The second configuration improves robustness by
employing jointly optimized hyperparameters for each
failure scenario, using values derived from prior single-
input experiments (Table 1). Fig. 12 shows that this

Table 2: Optimized hyperparameters of multi-input DNN
when one AP fails.

Faulty
AP Number of Filters Drop-

out
Learning
Rate

Network
Parameters

AP1
First: (512, 256, 512, 256, 256, 32, 128)
Second: (128, 32, 32, 256, 256, 128, 128)
Third: (128, 64, 256, 64, 256, 128, 64)

0.2 0.001 6,943,626

AP2
First: (256, 64, 32, 64, 64, 32, 128)
Second: (32, 32, 128, 128, 256, 512, 32)
Third: (32, 512, 512, 128, 128, 512, 256)

0.2 0.001 7,960,938

AP3
First: (128, 64, 512, 32, 32, 64, 64)
Second: (64, 512, 32, 128, 256, 128, 64)
Third: (512, 32, 512, 64, 64, 256, 64)

0.2 0.0001 3,055,082

AP4
First: (512, 64, 32, 128, 256, 512, 128)
Second: (128, 128, 512, 512, 128, 512, 128)
Third: (32, 128, 128, 256, 32, 256, 256)

0.5 0.001 9,550,506

approach enhances training stability and reduces the
ADE to the range of 1.17 m–1.19 m, with convergence
typically achieved before 160 iterations. Nevertheless,
the spatial error distributions indicate that residual
localization errors persist near room boundaries and
corner regions. This suggests that while sharing pa-
rameters across branches improves overall robustness,
it still restricts the model’s capacity to fully adapt to
the spatial irregularities and non-linear signal distortions
introduced by asymmetric AP availability.

The third configuration provides the most granular
adaptation by independently tuning hyperparameters
for each input branch, based on the specific AP failure
condition, as detailed in Table 2. As shown in Fig. 13,
this design yields the most stable training dynamics
and the lowest ADEs, ranging from 1.15 m to 1.19 m.
Convergence is achieved more rapidly, with reduced
fluctuations, particularly within the first 130 iterations.
These results confirm that branch-level optimization
enables the network to better accommodate spatial and
signal quality disparities caused by AP loss.

A comparative summary reveals that increased hy-
perparameter flexibility correlates with improved perfor-
mance. The fixed-parameter model exhibits the poorest
localization accuracy and convergence behavior. Shared
optimization offers moderate improvements, while indi-
vidualized tuning at the branch level results in the most
robust and precise predictions. The corresponding spatial
error maps for the third configuration under different
AP failure conditions are shown in Figures 14–17. In
all cases, prediction errors slightly increase along map
edges. The AP4 failure case demonstrates relatively
higher errors, including some near the center. However,
severe errors (yellow/red regions) remain localized and
are not dominant. Themajority of predictions exhibit low
error (blue), confirming consistent accuracy across the
workspace. These results indicate that the multi-input
architecture, when individually optimized, maintains
strong adaptability even under degraded conditions.

4.3 Robustness Comparison under AP Failure Con-
ditions

This section contrasts the two proposed architectures
under AP failure scenarios. The single-input DNN
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Fig. 14: Localization errors under AP1 failure with
optimized AP placement (Solution 2, configuration 3).

Fig. 15: Localization errors under AP2 failure with
optimized AP placement (Solution 2, configuration 3).

Fig. 16: Localization errors under AP3 failure with
optimized AP placement (Solution 2, configuration 3).

Fig. 17: Localization errors under AP4 failure with
optimized AP placement (Solution 2, configuration 3).

performs well under ideal conditions (ADE = 0.552 m)
but degrades sharply when an AP fails. Meanwhile,
the multi-input DNN—especially its third configuration
with branch-wise hyperparameter tuning—shows im-
proved robustness, maintaining ADEs between 1.15 and
1.19 m. While Solution 1 is lightweight and suitable for
constrained devices, it lacks adaptability. In contrast,
Solution 2 introduces structural flexibility via dedicated
AP branches and benefits from enhanced convergence
stability and accuracy. Its consistent performance under
degraded conditions makes it preferable for dynamic or
fault-prone environments. The choice depends on ap-
plication needs—favoring either efficiency or resilience.
From a computational perspective, this improved robust-
ness comes at the cost of increased inference latency.
Specifically, the single-input DNN achieves an average
inference time of 19.32 ms per location, whereas the
proposed multi-input architecture requires 54.62 ms per
location due to its parallel branch structure and multi-AP
feature aggregation. Nevertheless, the resulting update
rate of approximately 18 Hz remains compatible with
near real-time indoor positioning and mobile robotic
applications, where localization and planning modules
typically operate at frequencies of 10–20 Hz.

Overall, the comparative analysis indicates that while
multi-input DNN architectures substantially improve
robustness against AP failures, spatial degradation near
map boundaries remains an inherent physical challenge.
This limitation is driven less by network design and
more by unfavorable AP geometry and propagation
constraints in these zones, underscoring the critical
need for deployment-aware optimization in future fault-
tolerant indoor localization systems.

4.4 Comparison with Baselines and Existing Stud-
ies

Classical indoor localization methods such as trilat-
eration, ToA, and AoA rely on strict geometric con-
straints and require at least three well-distributed APs
to produce a unique 2D position estimate. Under AP
outage scenarios, these conditions are violated, leading
to infeasible solutions or severe geometric dilution of
precision (GDOP), particularly in corner and boundary
regions [2]. Moreover, in rich multipath environments,
reflections are typically treated as noise, which further
degrades performance.

Deep learning approaches based on CIR fingerprinting
alleviate these limitations by learning complex propa-
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gation characteristics directly from data. Early CNN-
based CIR localization frameworks [20] demonstrated
improved accuracy under nominal conditions but gener-
ally assumed stable infrastructure with full AP availabil-
ity. Subsequent fault-tolerant models, including RNN-
based approaches [22], exploit temporal dependencies
to mitigate missing inputs, at the expense of increased
inference latency. More recent attention-based architec-
tures, such as the multi-domain Deep Attention Network
(DAN) [23], further enhance accuracy through feature-
domain fusion but introduce substantially higher model
complexity.

In contrast, the proposed framework focuses on struc-
tural robustness to AP failures through a branch-specific
multi-input architecture. Unlike ensemble methods that
combine independent predictions, feature-level fusion
is performed within a single network, enabling cross-
AP compensation prior to regression. Furthermore,
Hyperband-driven branch-wise optimization allows each
AP branch to adopt an appropriate capacity under
failure conditions. As a result, the proposed multi-
input model maintains consistent localization accuracy
(ADE of 1.15–1.19 m) across all AP outage scenarios,
outperforming both the single-input baseline and prior
CIR-based studies that report ADEs above 1.0 m under
nominal settings [24–26].

5. CONCLUSION

This paper investigated the robustness of CIR-based
indoor localization under AP failure conditions using
deep neural networks. Two architectures were studied:
a single-input DNN that aggregates CIR measurements
into a unified representation, and a multi-input DNN
with dedicated processing branches for each AP. The
single-input DNN architecture achieved the highest lo-
calization accuracy under normal operating conditions,
delivering an ADE of 0.552 m when all APs were avail-
able. However, its performance degraded significantly
under AP failure scenarios, with ADE values increasing
to the range of 0.776–1.019 m. This degradation arises
from the architecture’s strong dependency on a com-
plete CIR input structure, where missing or corrupted
AP signals disrupt the global feature representation.
In contrast, the multi-input architecture, particularly
when combined with branch-specific hyperparameter
optimization, demonstrated superior fault tolerance. It
maintained consistently stable performance across all AP
failure scenarios, with ADE values confined to a narrow
range of 1.15–1.19 m. This robustness is attributed to
its modular design, which allows each AP branch to
be processed independently while enabling the network
to adapt dynamically to partial AP availability. From
a deployment perspective, the single-input architecture
offers higher computational efficiency and is therefore
suitable for stable environments with limited compu-
tational resources. The multi-input architecture incurs
higher computational cost due to its increased struc-
tural complexity but provides significantly improved

resilience to infrastructure failures. As a result, it is better
suited for mission-critical or fault-prone environments
where maintaining localization reliability is paramount.

Overall, the results highlight a clear trade-off between
computational efficiency and fault tolerance, provid-
ing practical guidelines for selecting appropriate DNN
architectures based on application requirements and
infrastructure reliability. Future work will prioritize
bridging the gap between simulation-based studies and
real-world deployment. Specifically, to validate the
accuracy of current MATLAB-based ray-tracing and
AWGN models, a physical testbed using IEEE 802.11az
hardware will be developed. This setup will evaluate
how well the models capture real-world interference
and dynamic shadowing effects. In addition, Sim-to-
Real transfer learning strategies will be investigated to
efficiently adapt DNN models pre-trained in simulation
to physical environments, ensuring that the proposed
multi-input architecture maintains its robustness even
under practical random AP failure conditions.
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