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Abstract. Wireless microphone node arrays offer a flexible sensing layer for acoustic monitoring, emergency perception, 
conference-room interaction, and mobile robot audition, but their localization accuracy is often affected by non-identical 
node placement, packet-level instability, and acoustic-domain non-IID data. This paper proposes an improved FedProx-
TinyViT model for distributed sound source localization in wireless microphone node arrays. Multichannel short-time spectra, 
phase-difference cues, and node confidence descriptors are transformed into compact acoustic tokens, and a TinyViT 
backbone with local-window attention and cross-node fusion is trained through FedProx under heterogeneous reverberation 
and signal-to-noise conditions. A simulated and replayed wireless array dataset with 8 node layouts, 12 source azimuths, 5 
reverberation settings, and 6 noise conditions was used for evaluation. Compared with centralized CNN, local TinyViT, 
FedAvg-TinyViT, and FedNova-TinyViT baselines, the proposed model achieved a mean angular error of 3.84 degrees, a 
within-5-degree localization rate of 91.6%, a 38.7% reduction in uplink payload, and 18.4 ms edge inference latency on an 
ARM-class node. Under 20% packet loss, the method obtained a mean error of 5.21 degrees, whereas FedAvg-TinyViT 
reached 7.46 degrees. These results indicate that proximal federated optimization and lightweight attention can jointly 
improve accuracy, communication efficiency, and deployment tolerance for distributed acoustic localization. 
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Introduction 
Distributed acoustic sensing has moved from fixed laboratory microphone arrays to wireless node arrays 
distributed in rooms, corridors, vehicles, and urban micro-spaces. Evers et al. [1] showed that acoustic source 
localization and tracking require robust evaluation when microphone arrays operate under changing spatial and 
acoustic conditions. Wireless nodes expand the spatial baseline, but they also introduce unsynchronized 
sampling, packet delay, local clock drift, and node-dependent noise floors [2]. Traditional time-difference-of-
arrival and steered-response methods remain interpretable, but their performance decreases when 
reverberation and scattering distort the correlation surface [3]. Learning-based localization enhances robustness 
by learning spectral and phase patterns, but centralized training assumes that acoustic features can be 
aggregated without privacy or bandwidth limitations [4]. In many installations, microphone nodes have different 
data distributions because they are located near walls, devices, doors, or moving listeners [5]. Therefore, 
distributed localization becomes a coupled signal-processing and optimization problem [6]. 

Federated Learning provides a feasible path; each node cluster can update a shared localization model locally 
with only the audio features on its device [7]. FedAvg is also affected by non-IID client data, unbalanced sample 
counts and local training drift in wireless microphone arrays [8]. FedProx adds a proximal term to prevent local 
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models from deviating too much from the global reference and is suitable for heterogeneous acoustic clients [9]. 
Convolutional networks can efficiently extract local time-frequency structures, but their receptive fields may be 
too small when the source direction requires longer spectral context and cross-node phase consistency [10]. 
Compact transformer variants offer a token-based route for acoustic spectrogram modelling by controlling 
parameter count and attention cost [11]. TinyViT is suitable for edge devices because it combines a convolutional 
stem, window attention and efficient feature mixing [12]. 

This paper investigates distributed sound source localization with wireless microphone node arrays under 
heterogeneous edge-acoustic conditions. The main contribution is an improved FedProx-TinyViT framework that 
combines acoustic token construction, reliability-aware lightweight attention, confidence-aware direction 
estimation, and proximal federated optimization. The acoustic front end integrates log-magnitude spectra, 
phase-difference cues, coherence information, and wireless-quality descriptors, allowing the model to represent 
both spatial evidence and packet-level uncertainty. The proposed framework is designed to reduce client drift, 
improve robustness under non-IID node data, and preserve low-latency inference on embedded hardware. 

Section 2 introduces distributed acoustic source localization and compact federated learning for edge sensing, 
and it identifies the unresolved gap between acoustic heterogeneity and lightweight federated modeling. 
Section 3 presents the proposed FedProx-TinyViT framework, including acoustic representation, TinyViT-based 
token fusion, and proximal federated optimization. Section 4 analyzes baseline accuracy, convergence behavior, 
wireless impairment robustness, ablation effects, and embedded deployment efficiency. Section 5 concludes 
the study and outlines limitations and future research directions. 

Related Work 

Distributed Acoustic Source Localization 

Distributed acoustic source localization traditionally uses time-difference-of-arrival estimation, generalized 
cross-correlation, steered-response power or subspace-based bearing estimation. These methods use the 
propagation-delay structure and can be effective when array geometry, synchronization and signal-to-noise 
ratio are stable [13]. Wireless microphone node arrays complicate this problem because the aperture is no 
longer a single rigid object; each node may have different clock behaviors, acoustic shadowing and reverberation 
exposure [14]. Research on ad hoc arrays has thus explored self-calibration, pairwise delay consistency and 
geometry-aware localization, but such methods often require explicit synchronization procedures or carefully 
controlled source trajectories [15]. Diffusive reverberation and specular reflection in indoor environments will 
broaden the correlation peak and introduce bias in delay estimation, even when a direct path exists [16]. Data-
driven localization addresses this problem by learning spectrogram, phase and spatial covariance features that 
are correlated with the source direction [17]. Recent neural approaches have also employed attention 
mechanisms to weigh reliable channels or frequency bands, but many designs assume centralized access to 
multichannel recordings and do not directly address privacy-preserving or bandwidth-limited node learning [18]. 

Federated and Lightweight Learning for Edge Acoustics 

Federated optimization has been applied to sensing networks to reduce raw data transmission and enable a 
shared model to learn from distributed observations [19]. Acoustic clients are rarely the same; some nodes 
observe speech-dominant content, others mainly capture machinery, diffuse noise or low-energy background 
intervals. Thus, the local gradients will point to different optima; therefore, simple averaging may slow down 
convergence or cause instability in the global update [20]. Proximal federated methods reduce this drift by 
penalizing large local deviations from the server model, and are suitable for clients with different sample sizes 
and acoustic conditions [21]. At the same time, light-weight neural networks have also been required for always-
on audio applications to reduce inference latency, memory usage and power consumption [22]. Compact 
transformer designs have a long-range model and adaptive feature interaction, but their application to 
microphone nodes requires careful token compression, a small window attention mechanism, and hardware-
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aware implementation. The existing work has not bridged the gap between federated optimization, wireless-
array reliability modelling and transformer-based acoustic localization, and has not quantitatively evaluated 
accuracy, convergence, packet-loss tolerance and edge latency in the same system [23]. 

Proposed FedProx-TinyViT Localization Framework 

Wireless Node Acoustic Representation 

The considered system contains M wireless microphone nodes placed around a monitored area. Each node 
records a short audio frame, performs a local short-time Fourier transform, and exchanges only model 
parameters during federated training. Each node or node cluster is treated as a federated client that stores local 
acoustic observations. For client k, the acoustic tensor contains log-magnitude spectra, inter-node phase-
difference maps with respect to a virtual reference, magnitude-squared coherence, packet-loss ratio, and local 
SNR estimates. This representation avoids raw-waveform exchange and gives the model direct access to both 
acoustic and wireless uncertainty. 

𝑋𝑋𝑘𝑘 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐿𝐿𝑘𝑘 ,𝛷𝛷𝑘𝑘,𝐶𝐶𝑘𝑘, 𝑞𝑞𝑘𝑘), 𝑞𝑞𝑘𝑘 = [𝑆𝑆𝑆𝑆𝑅𝑅𝑘𝑘,𝜌𝜌𝑘𝑘 , 𝜏𝜏𝑘𝑘] Eq.(1) 
Here 𝑋𝑋𝑘𝑘  denotes the input tensor at client 𝑘𝑘, 𝐿𝐿𝑘𝑘  is the log-magnitude component, Φ𝑘𝑘  is the phase-difference 
component, 𝐶𝐶𝑘𝑘 is the coherence component, and 𝑞𝑞𝑘𝑘  contains node-quality descriptors including SNR, packet-
loss ratio 𝜌𝜌𝑘𝑘, and delay jitter 𝜏𝜏𝑘𝑘. The tensor is segmented into non-overlapping acoustic patches and mapped to 
tokens through a convolutional embedding layer. 

𝑧𝑧𝑖𝑖 = 𝑊𝑊𝑒𝑒 ∗ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑖𝑖(𝑋𝑋𝑘𝑘) + 𝑏𝑏𝑒𝑒 , 𝑖𝑖 = 1,2, … ,𝑁𝑁 Eq.(2) 
The representation is deliberately hybrid. Magnitude spectra preserve robust source-energy patterns, yet they 
discard directional cues that are essential for localization. Phase-difference maps are computed after short-
frame phase unwrapping and frequency-bin screening, so bins dominated by near-zero energy do not inject 
unstable phase values into the token stream. Coherence features indicate whether two nodes observe the same 
acoustic event or mainly collect uncorrelated local noise. Wireless descriptors are normalized over a short sliding 
window because packet quality and local SNR can change abruptly when a person blocks a node or a nearby 
device begins transmitting. The first structure placeholder describes how node signals pass from local sensing to 
federated model exchange. Figure 1 shows the wireless microphone node array, local acoustic-token extraction, 
TinyViT client training, proximal update, secure aggregation, and global model redistribution. 

 

Figure 1. Overall workflow of distributed sound source localization with wireless microphone nodes and FedProx-TinyViT training. 
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TinyViT-Based Acoustic Token Fusion 

The TinyViT backbone is adapted for acoustic localization rather than image recognition. A shallow convolutional 
stem preserves local spectral continuity, window attention captures short-range time-frequency dependencies, 
and a cross-node fusion block reweights tokens according to acoustic coherence and wireless quality. This design 
makes image-style token processing transferable to acoustic spectrogram patches while keeping the attention 
cost suitable for edge inference. The output head predicts source azimuth and an uncertainty score for 
confidence-aware evaluation. 

𝐴𝐴ℎ = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �
𝑄𝑄ℎ𝐾𝐾ℎ𝑇𝑇

�𝑑𝑑ℎ
+ 𝐵𝐵ℎ + 𝑅𝑅𝑞𝑞�𝑉𝑉ℎ Eq.(3) 

In this expression, 𝑄𝑄ℎ ,𝐾𝐾ℎ, and 𝑉𝑉ℎ are projected token matrices in attention head ℎ,𝐵𝐵ℎ  is the relative-position 
bias, and 𝑅𝑅𝑞𝑞 is a reliability bias derived from node-quality descriptors. The reliability term allows high-jitter or 
low-SNR node tokens to contribute less to attention without discarding them completely. 

𝑦̂𝑦 = 𝑊𝑊𝑜𝑜𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚({𝐴𝐴ℎ}ℎ=1𝐻𝐻 ) + 𝑏𝑏𝑜𝑜, 𝑢̂𝑢 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑊𝑊𝑢𝑢𝑓𝑓 + 𝑏𝑏𝑢𝑢) Eq.(4) 
The three acoustic stages of the model are not deep image-style hierarchies. The first stage operates at a finer 
time-frequency resolution and obtains narrowband phase patterns; the second stage combines adjacent patches 
to represent direct-path and early-reflection information. Finally, after reducing the token count, cross-node 
fusion is performed to keep the attention cost within the edge budget. A lightweight channel gate is added 
before each fusion block to weight the magnitude, phase, coherence and wireless-quality channels differently 
in different acoustic scenes. During inference, the confidence output is not treated as a second task of equal 
importance; rather, it serves as a deployment diagnostic that identifies frames requiring smoothing, delay or 
lower-certainty reporting of the predicted azimuth. 

The architecture placeholder in the third section is for a more detailed model diagram. Figure 2 shows the 
acoustic patch embedding, local TinyViT blocks, cross-node reliability attention, federated client update, and 
localization-confidence head. 

 

Figure 2. Improved TinyViT acoustic localization model with reliability-aware token fusion and proximal federated optimization. 
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FedProx Optimization and Localization Loss 

Federated training proceeds over communication rounds. The server broadcasts the global model to selected 
clients, and each client minimizes a local objective that includes a proximal penalty limiting deviation from the 
current global parameters. Local optimization is performed on private acoustic observations, while global 
aggregation is performed only on model parameters. This design is suitable for wireless microphone arrays 
where node positions, reverberation, and packet stability differ across clients. 

𝑚𝑚𝑚𝑚𝑚𝑚
𝑤𝑤
 𝐹𝐹(𝑤𝑤) = � 

𝐾𝐾

𝑘𝑘=1

𝑝𝑝𝑘𝑘𝐹𝐹𝑘𝑘(𝑤𝑤),𝐹𝐹𝑘𝑘(𝑤𝑤) =
1
𝑛𝑛𝑘𝑘
�  
𝑛𝑛𝑘𝑘

𝑗𝑗=1

ℓ�𝑤𝑤; 𝑥𝑥𝑘𝑘,𝑗𝑗 ,𝑦𝑦𝑘𝑘,𝑗𝑗� Eq.(5) 

The localization loss includes angle regression, confidence calibration, and soft smoothing regularization for 
adjacent orientation categories. Therefore, this direction can be reasonably obtained, and overconfidence in 
reverberated or packet-impaired frames will be avoided. 

𝐿𝐿𝑘𝑘(𝑤𝑤) = 𝐿𝐿ang + 𝜆𝜆𝑐𝑐𝐿𝐿conf + 𝜆𝜆𝑠𝑠𝐿𝐿smooth +
𝜇𝜇
2
‖𝑤𝑤 − 𝑤𝑤𝑡𝑡‖22 Eq.(6) 

The angular component uses a circular distance so that errors around the 0 -degree and 360 -degree boundary 
are treated correctly. 

𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 = 1 − 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃̂𝜃 − 𝜃𝜃) Eq.(7) 
After local training, the server aggregates client models according to sample proportion and client reliability. 
The aggregation weight increases for clients with stable packets and balanced source-direction coverage. 

𝑤𝑤𝑡𝑡+1 = �  
𝑘𝑘∈𝑆𝑆𝑡𝑡

𝛼𝛼𝑘𝑘𝑤𝑤𝑡𝑡,𝑘𝑘,𝛼𝛼𝑘𝑘 =
𝑛𝑛𝑘𝑘𝜂𝜂𝑘𝑘

∑  𝑟𝑟∈𝑆𝑆𝑡𝑡  𝑛𝑛𝑟𝑟𝜂𝜂𝑟𝑟
 Eq.(8) 

The aggregation reliability 𝜂𝜂𝑘𝑘  is calculated from packet stability, validation residual, and source-direction 
coverage on the client. A client with a large number of samples but a narrow azimuth distribution should not be 
allowed to dominate the update; otherwise, it will bias the global model towards a small region of the spatial 
field. Conversely, a client with fewer samples can still be used if its packets are stable and the held-out validation 
residual is small. The proximal coefficient is not increased indefinitely; otherwise, too much regularization would 
prevent a node near a reflective boundary from learning its own correction pattern. Therefore, the selected 
setting is consistent with the whole and flexible in local areas; thus, FedProx is more suitable than simple 
averaging for this application. 

Experimental Data and Analysis 

Experimental Configuration and Baseline Accuracy 

Experiments used a wireless microphone node array simulator and a replayed indoor dataset, following the 
controlled acoustic localization evaluation practice in [24]. The eight battery-powered nodes were in a 7.2 m by 
5.4 m rectangle. The source azimuths were sampled at 30-degree intervals, the source distances were 1.2m - 
4.8m, the reverberation times were 0.18, 0.32, 0.48, 0.64 and 0.82s, and the SNR values were -5, 0, 5, 10, 15 and 
20dB. The training set has 96,000 frames, the validation set has 12,000 frames and the test set has 18,000 frames. 
As shown in Figure 3(a), the mean angular error for GCC-PHAT and centralized CNN was 9.72 degrees and 6.31 
degrees, respectively; that of the proposed model reached 3.84 degrees, and FedAvg-TinyViT and FedNova-
TinyViT were at 5.12 and 4.76 degrees under the same test split. Cumulative error reporting is a typical way to 
reveal the tolerance-level behavior of acoustic localization [25]. Figure 3(b) reports this distribution: the 
proposed model localized 91.6% of frames within 5 degrees and 98.1% within 10 degrees, compared with 77.8% 
and 92.7% for FedAvg-TinyViT. Sector-level analysis is needed because reflections are azimuth dependent [26]. 
Figure 3(c) separates the error by azimuth sector and indicates that the largest gain appeared near 60 degrees 
and 240 degrees, where wall reflections increased phase ambiguity; the error at 240 degrees fell from 6.88 
degrees with FedAvg-TinyViT to 4.02 degrees with the proposed model. Confidence calibration has been used 
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to identify unreliable acoustic estimates [27]. Figure 3(d) plots localization confidence against absolute error, 
where the proposed confidence head kept the Spearman correlation at -0.74 and reduced high-confidence 
wrong estimates above 10 degrees to 2.8% of frames. 

 

Figure 3. Baseline localization performance. (a) Mean angular error across methods; (b) cumulative error distribution; (c) azimuth-sector 
error comparison; (d) confidence-error relationship. 

The dataset was split based on the source position, and thus the test set contained source-node geometries that 
had not been directly observed by the local client during training. This division is relatively loose compared to a 
frame-level division because adjacent acoustic frames can share almost the same reverberation tail and source-
direction information. Each client received data from a node cluster, and the cluster distributions were 
intentionally uneven; the largest client had 9,400 labelled frames, and the smallest had 3,750 frames. The 
azimuth entropy of the clients was between 1.91 and 2.46 nats, and some clients had a relatively narrow range 
of direction. The centralized CNN was trained on pooled features and thus a strong but less deployable reference 
point; the local TinyViT was trained without cross-client model exchange. The above setup separated the 
architectural gain, federated gain and deployment gain of the experiment. 

All the above methods used the same 32ms analysis window, 16ms hop size and 16kHz sampling rate. The input 
frame had 20 consecutive hops and produced a 320ms observation interval that was short enough for interactive 
localization but long enough to have stable phase statistics. The TinyViT variants had a token dimension of 96, 
three attention stages and four attention heads in the final fusion block. Each client had a batch size of 64, the 
local optimizer was AdamW with a learning rate of 0.0006, and weight decay was set to 0.01. The centralized 
CNN used early stopping on the validation angular error, and the federated models were evaluated after every 
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fifth communication round. Only the validation set was used to select hyperparameters, and no test-set statistics 
were employed for model selection. 

The performance improvement is not caused merely by a larger model. The proposed FedProx-TinyViT contains 
2.34 million parameters, whereas the centralized CNN contains 3.18 million parameters and the local TinyViT 
contains 2.29 million parameters. The advantage is therefore associated with acoustic-token fusion and proximal 
control of client drift. In low-reverberation scenes with an RT60 of 0.18 s, all neural baselines remained below 
4.8 degrees, but the difference widened as RT60 increased. At an RT60 of 0.82 s, FedAvg-TinyViT produced 8.41 
degrees mean error, while the proposed model produced 5.36 degrees. 

Azimuth-Sector Errors also show that the model does not reduce the error uniformly. The largest reduction 
occurred in the area close to the direct path and first reflection in time, particularly when the source was at an 
angle to the cluster of major nodes. In such cases, the classical cross-correlation often selected a reflected delay 
and local learning overfitted to the nearest node geometry. The proposed model improved the above areas by 
interpreting phase-difference tokens in conjunction with coherence and wireless-quality descriptors. Confidence 
output is relatively small near the sector boundaries. Frames with confidence below 0.55 accounted for 11.3% 
of the test set, but they contained 42.6% of errors above 8 degrees. A deployment system can use this signal to 
request extra frames before reporting a hard bearing. 

Convergence was evaluated through communication-round accuracy and uplink payload because these 
indicators are commonly used to assess federated training efficiency under edge-client constraints [29]. The test 
used 120 communication rounds, 16 clients, a client participation ratio of 0.5, and three local epochs per round. 
Figure 4(a) shows that the proposed method reached 90% within-5-degree accuracy after 64 rounds, while 
FedAvg-TinyViT required 91 rounds and FedNova-TinyViT required 82 rounds. Figure 4(b) compares uplink 
payload and validation error per round; the proposed model reduced cumulative uplink traffic from 2.41 GB to 
1.48 GB at the 90% accuracy point because token compression and early layer freezing lowered the trainable 
payload. The proximal coefficient was set to 0.018 after validation, and values above 0.04 slowed adaptation in 
clients exposed to strong directional noise. 

 

Figure 4. Federated training behavior. (a) Convergence of within-5-degree localization accuracy; (b) communication payload versus 
validation error. 

The convergence curves were averaged over five random client-selection seeds. The standard deviations of final 
accuracy were 0.42 percentage points for the proposed method, 1.27 percentage points for FedAvg-TinyViT, and 
0.91 percentage points for FedNova-TinyViT. This stability is important because a deployed wireless acoustic 
network may not activate the same nodes in every training round. In early rounds, FedAvg improved quickly 
because it did not restrict local drift, but its validation error became more oscillatory after round 35 when clients 
with high reverberation dominated successive updates. 
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Robustness under Wireless and Acoustic Impairments 

Random packet loss, burst loss, node dropout and timestamp jitter were injected into the test stream for 
wireless impairment tests because distributed microphone networks are sensitive to communication 
irregularities [30]. At 0%, 10%, 20% and 30% packet loss, the proposed model had a mean error of 3.84, 4.37, 
5.21 and 6.44 degrees respectively, and FedAvg-TinyViT increased from 5.12 to 9.63 degrees over the same 
range. Figure 5(a) reports this packet-loss trend with 95% confidence bands, and the gap grows after 15% loss 
because reliability-aware attention begins to suppress unstable node tokens. Figure 5(b) shows the node-
dropout test, where the proposed method retained 86.9% within-5-degree accuracy with two missing nodes and 
78.4% with three missing nodes, compared with 70.2% and 58.7% for FedAvg-TinyViT. SNR-dependent error 
analysis is necessary because noise changes both magnitude and phase reliability [31]. Figure 5(c) presents a 
violin distribution of angular error under five SNR levels; at 0 dB, the median error was 5.58 degrees and the 
interquartile range was 3.21 degrees, whereas the local TinyViT median reached 8.92 degrees. Figure 5(d) gives 
the timestamp-jitter response from 0 to 4 ms, where the proposed model stayed below 6.7 degrees until 3 ms 
jitter and then rose to 7.48 degrees at 4 ms. 

 

Figure 5. Robustness under impaired sensing and wireless links. (a) Packet-loss sensitivity; (b) node-dropout accuracy; (c) SNR-dependent 
error distribution; (d) timestamp-jitter response. 

The packet-loss experiment performed independent loss and two-state burst loss, but the shown values 
correspond to the independent setting to isolate the average loss ratio. Under burst loss with a mean burst 
length of 80ms, the proposed model achieved a mean error of 5.74 degrees at 20% total loss; it was 0.53 degrees 
worse than independent loss but still 1.88 degrees lower than FedAvg-TinyViT. Node dropout was simulated by 
removing the full feature stream of randomly selected nodes before token embedding. The accuracy curve 
gradually decreased after removing the first two nodes; upon the removal of a third node, there was a sudden 
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drop because some source sectors had lost sufficient geometric diversity for front-back ambiguity resolution. 
The SNR experiment added directional and diffuse noise; the median error was smaller for diffuse noise, but its 
tails were larger due to reduced coherence across a wider frequency band. 

The quality descriptors are most useful when acoustic and wireless uncertainty occur together. Without the 
reliability bias, the same TinyViT backbone produced 6.18 degrees mean error at 20% packet loss, indicating that 
attention alone did not learn a stable rejection pattern from spectral tokens. The gain was also larger in 
reverberant scenes than in dry scenes. For an RT60 of 0.64 s and an SNR of 5 dB, the reliability-aware model 
reduced the 90th-percentile error from 12.6 degrees to 8.7 degrees. 

The timestamp-jitter test is also susceptible to phase-difference errors in the frequency-dependent case and 
must be handled separately. At a low frequency, a 1 ms timing mismatch changes phase gradually and can be 
partially compensated for by the learned token embedding. At a higher frequency, the same mismatch results 
in large phase wrapping and is reduced in directionality unless coherence screening removes the unstable bins. 
The model proposed in this way was less dependent on a single narrow-band peak and thus benefited from the 
screening. When the jitter exceeded 3ms, the additional rise in error was mainly due to a disagreement between 
node pairs on opposite sides of the room. Therefore, the expected gains from future hardware synchronization 
optimization will still be relatively small when a reliability-aware neural network model is employed. 

Ablation testing was used to isolate the contribution of each architectural component, which is important when 
compact attention models combine optimization, representation, and uncertainty modules [32]. The evaluated 
components included the proximal term, reliability-aware attention, phase-difference token, coherence token, 
and confidence head. Figure 6 shows the ablation heatmap, where removing the FedProx term increased mean 
error by 1.02 degrees, removing reliability-aware attention increased it by 1.31 degrees, and removing both 
phase-difference and coherence tokens increased it by 1.76 degrees. The strongest interaction appeared 
between the phase and coherence channels: dropping either alone was tolerable, but dropping both reduced 
within-5-degree accuracy from 91.6% to 83.9%. The confidence head did not change the mean error as strongly, 
but it reduced the expected calibration error from 0.094 to 0.041 and made high-risk localization frames easier 
to identify. 

 

Figure 6. Ablation heatmap of module removal effects on angular error, within-5-degree accuracy, calibration error, and packet-loss 
robustness. 
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The ablation matrix was computed after retraining each variant from the same initialization policy, and modules 
were not disabled only at inference time. Therefore, after training, one should not omit a feature channel; 
otherwise, it may be assumed that the model does not need that channel. The no-FedProx variant had the 
highest training variance and reached a final mean error of 4.43-5.31 degrees across the seeds. The variant 
without reliability attention had a more stable but biased error pattern; it performed well with clean packets 
and failed under 20% loss because all node tokens maintained the same attention strength. Removal of the 
confidence head mainly affected calibration and also slightly increased the 99th-percentile error; thus, 
uncertainty learning regularized the shared representation. 

Embedded Efficiency and Deployment-Oriented Analysis 

Embedded evaluation was conducted on an ARM Cortex-A76 class board with 4 GB memory and a 1.8 GHz 
operating frequency, following edge-inference reporting practice for compact neural models [33]. The proposed 
model required 18.4 ms average inference time per 320 ms acoustic frame, with peak memory of 146 MB and 
average power of 2.7 W during continuous operation. Figure 7(a) compares latency across models: centralized 
CNN reached 24.9 ms, FedAvg-TinyViT reached 19.6 ms, local TinyViT reached 18.1 ms, and the proposed model 
remained close to local TinyViT despite its reliability branch. Figure 7(b) reports memory footprint, where early 
layer freezing and compact token embedding kept the model below the 160 MB deployment target. Figure 7(c) 
plots accuracy-latency trade-off, showing that the proposed model occupied the upper-left region with 91.6% 
within-5-degree accuracy at 18.4 ms. Figure 7(d) compares energy per inference under three frame strides; at 
160 ms stride, the proposed model consumed 54.2 mJ per inference, while FedAvg-TinyViT consumed 57.8 mJ 
and centralized CNN consumed 72.4 mJ. 

 

Figure 7. Embedded deployment efficiency. (a) Inference latency; (b) memory footprint; (c) accuracy-latency trade-off; (d) energy per 
inference under different frame strides. 
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Latencies were recorded after 300 warm-up inferences and 2,000 timed inferences for feature extraction; 
wireless reception was not included. The median latency was 17.9 ms and the 95th percentile was 21.6 ms; 
therefore, the tail was mainly due to occasional scheduling delays rather than neural computation. Memory 
usage is for the model, feature buffers and a two-frame smoothing queue. The centralized CNN exceeded the 
memory limit primarily because its early convolutional layers kept larger feature maps; TinyViT variants reduced 
the token count before the relatively costly fusion operation. Energy followed the same trend as latency, but 
the difference between local TinyViT and the proposed model was smaller because only a small projection layer 
and a scalar bias term per attention window were added in the reliability branch. 

The deployment measurements connect the localization results with practical operation. Reducing 
communication payload is important because wireless microphone nodes often share a low-power local network 
with other sensors. When training was repeated with 8-bit quantized uplink updates, the proposed model lost 
only 0.27 degrees of mean angular accuracy and reduced cumulative payload to 0.54 GB over 120 rounds. With 
four participating clients per round, accuracy decreased by 1.16 percentage points, but training time fell by 
31.8%. 

A practical deployment also requires stable operation when nodes enter low-power sleep states. A 
supplementary sleep-cycle test assigned each node a 70%, 85%, or 100% duty cycle and preserved the same 
total observation time. At the 85% duty cycle, the proposed model retained 90.4% within-5-degree accuracy and 
reduced average node energy by 12.8%. At the 70% duty cycle, the accuracy dropped to 87.1% because several 
frames contained too few active nodes for reliable phase fusion. The result indicates that duty cycling is feasible 
when at least six nodes remain active for most frames. It also suggests that future model scheduling should be 
aware of spatial coverage rather than only battery state. 

Training-time cost was measured because federated acoustic systems are generally updated during 
maintenance windows rather than continuously. On a workstation server with a single mid-range GPU, one full 
120-round training run required 4.7 hours when 16 clients were simulated and 6.2 hours when client 
computation was throttled to match the embedded board. Although the proposed model added 8.5% training 
time over FedAvg-TinyViT, it reduced the number of rounds required to reach the operating accuracy target. 
From a maintenance perspective, fewer communication rounds are valuable because each round has scheduling 
and node-availability overhead. 

The final deployed-oriented observation is calibration transfer. A model that was trained on the layout of one 
room was tested after moving two microphone nodes by 0.4m and rotating one node by 15 degrees. Without 
federated adaptation, within-5-degree accuracy dropped from 91.6% to 84.8%. After ten light-adaptation 
rounds with 1,800 unlabeled and 320 labelled frames per affected child, the accuracy was 89.9%. Recovery was 
not ideal because the altered geometry changed several pairwise phase relationships, but the small adaptation 
set was sufficient to recover most of the lost performance. Therefore, a relatively long-period federated 
recalibration cycle can be employed after moving wireless microphone nodes for cleaning, battery replacement 
or room rearrangement. 

The three error cases occurred in these situations: sources near a wall corner, moving sources that cross 
between two azimuth sectors, and strong directional interference close to a microphone node. In the wall-corner 
subset, the mean error of the proposed model was 7.22 degrees because reflected paths occasionally dominated 
the direct-path phase cue. Moving sources at 1.5 m/s had reduced short spikes after frame-level smoothing, but 
they also added a 42 ms median response delay. Directional interference was less frequent, but it produced the 
largest outliers; at a ratio of 8 dB or more for interferer-to-target, the 99th-percentile error reached 18.6 degrees. 
Based on the above observations, the selected figure design has allocated independent visual areas for packet 
loss, dropout, SNR, jitter, ablation interaction and edge cost. 
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Conclusion 
This paper introduces an improved FedProx-TinyViT model for distributed sound source localization in wireless 
microphone node arrays. The framework integrates acoustic token construction, reliability-aware lightweight 
attention, confidence-aware direction estimation, and proximal federated optimization into a single edge-
oriented pipeline. Its central contribution is the treatment of acoustic heterogeneity and wireless instability as 
coupled modeling factors rather than separate preprocessing concerns. By allowing local node clusters to learn 
from their own acoustic environments while constraining excessive client drift, the method provides a practical 
route for distributed localization systems that cannot continuously pool raw audio. 

The study still has limitations. The evaluations employed controlled array layouts and replayed acoustic 
conditions; therefore, highly dynamic outdoor scenes, irregular node mobility, and long-term microphone aging 
were not fully represented. The model also depends on approximate node-quality descriptors, and inaccurate 
estimates of packet state, jitter, or SNR may weaken the reliability attention mechanism. In addition, the present 
framework focuses on a single dominant source. Overlapping sources, impulsive interference, and human 
movement around the array may produce mixed spatial cues that require stronger temporal association. 

Future work will extend the framework to moving sources and mobile microphone nodes, incorporate online 
calibration for clock and geometry drift, and investigate privacy-preserving compression for federated acoustic 
updates. Another useful direction is to combine localization with event recognition so that distributed 
microphone arrays can infer both where a sound occurs and what acoustic event produced it. The model can 
also be expanded with self-supervised acoustic pretraining, adaptive client selection, multi-source localization, 
and uncertainty-aware smoothing across consecutive frames. 
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