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Abstract
Wi-Fi fingerprinting is a practical solution for wireless indoor localization because it can reuse
existing access points without additional positioning infrastructure. Federated learning enables
collaborative model training without uploading raw fingerprint data, but standard FedAvg still requires
clients to transmit full-precision model updates, resulting in high uplink communication cost. This
paper proposes a communication-efficient FedProx-Binary FedVote method for Building-Floor
dual-task Wi-Fi fingerprint localization. A lightweight dual-task MLP is first constructed to predict
both building and floor labels. To reduce client-to-server communication, a Binary FedVote-style
aggregation strategy is adopted, where clients upload only 1-bit update directions instead of 32-bit
full-precision updates. To improve robustness under Strong Non-IID data partitioning, a FedProx
regularization term is further introduced into local training to reduce client drift and stabilize binary
direction voting. Experiments on the UJlIndoorLoc dataset show that, under the Moderate Non-IID
setting, Binary FedVote-style reduces the upload communication from about 200.33 MB to about 6.26

MB while maintaining a comparable Dual Accuracy to FedAvg. Under the Strong Non-IID setting,



FedProx-Binary FedVote improves the mean Final Dual Accuracy from 0.6976 to 0.8691 without

increasing the 1-bit uplink communication cost.

Keywords: Wi-Fi fingerprinting; federated learning; wireless indoor localization; uplink

communication compression; FedVote; Non-IID data

1. Introduction

In wireless network environments such as smart buildings, campuses, hospitals, and shopping malls,

indoor localization provides fundamental support for location-aware services, mobile navigation,

personnel management, and asset tracking. In outdoor environments, positioning systems such as GPS

are widely used, but their performance degrades significantly indoors due to signal blockage and

multipath propagation. For this reason, indoor localization often relies on signals that are already

available inside buildings[1-3], such as Wi-Fi, Bluetooth, ultra-wideband, or inertial sensor

measurements. Among them, Wi-Fi fingerprinting remains attractive because it can make use of

existing wireless access points and does not require additional deployment cost.

A typical Wi-Fi fingerprinting system first collects received signal strength indicator (RSSI) values

at known locations. A learning model is then trained to map RSSI fingerprints to position-related labels

or coordinates[4, 5]. In large indoor environments such as campuses, hospitals, and shopping malls,

localization is often required across multiple buildings and multiple floors[6—8]. Therefore, in addition

to estimating a physical position, it is also important to correctly identify the building and floor where a

user is located. This motivates the Building-Floor dual-task formulation adopted in this paper.

Early Wi-Fi fingerprinting studies mostly used centralized training, where all fingerprints were

uploaded to a central server for model construction[9]. Although this paradigm is convenient for model

training, it is not always practical in real wireless network environments. Fingerprint data may be



collected by different mobile devices, floors, buildings, or local edge nodes[10]. Directly uploading

these data may increase client-to-server uplink traffic in wireless networks. It may also expose

information about users’ spatial traces or the surrounding wireless environment.

Federated learning provides a feasible solution to this problem by allowing multiple clients to

collaboratively train a shared model while keeping raw fingerprint data locally. In a typical federated

learning process, each client trains the model using its own local data and uploads model parameters or

model updates to the server for aggregation. FedAvg is one of the most widely used aggregation

methods[11], in which the server updates the global model by weighted averaging of local client

models. However, although federated learning avoids the direct uploading of raw Wi-Fi fingerprints,

standard FedAvg still requires clients to transmit full-precision model updates in each communication

round. When the number of clients or communication rounds increases, the client-to-server uplink

communication cost becomes non-negligible, especially for bandwidth- or energy-constrained wireless

clients[12—14].

To reduce the communication cost of distributed and federated learning, existing studies have

explored different compression strategies, such as gradient quantization, ternary gradients, sign-based

optimization, deep gradient compression, and quantized federated averaging[15-20]. These methods

show that model updates or gradients can be represented with fewer bits to reduce communication

overhead. Among them, sign-based and voting-based aggregation methods are particularly related to

this work, because they replace full-precision update values with low-bit signs or binary

representations. Inspired by FedVote, this paper adopts a Binary FedVote-style direction voting

strategy for federated Wi-Fi fingerprint localization. Different from uploading 32-bit floating-point



updates, each client only uploads the 1-bit direction of its local model update, and the server obtains the

global update direction through weighted voting.

Although Binary FedVote-style aggregation can significantly reduce uplink communication, its

stability may be affected by client data heterogeneity. In Wi-Fi fingerprint localization, different clients

may correspond to different buildings, floors, or local areas, and their local fingerprint distributions can

be highly different[21-23]. Under Strong Non-IID data partitioning, each client tends to optimize the

model toward its own local data distribution, which may lead to client drift and inconsistent local

update directions. For full-precision aggregation, both the magnitude and direction of local updates can

be used during aggregation. In contrast, Binary FedVote-style aggregation only preserves the sign of

local updates. Therefore, when the local update directions become inconsistent across clients, the voted

global direction may become unreliable.

To improve the robustness of binary direction voting under strong data heterogeneity, this paper

introduces a FedProx regularization term into local training. The proximal term restricts the local

model from moving too far away from the current global model, thereby reducing client drift and

improving the consistency of uploaded binary directions. In this way, FedProx does not directly reduce

communication cost, but it stabilizes the 1-bit voting process under Strong Non-IID fingerprint

distributions. Since the wuploaded information remains binary direction data, the proposed

FedProx-Binary FedVote method keeps the same uplink communication cost as Binary FedVote-style

while improving localization performance[20, 24].

Based on the above considerations, this paper studies a communication-efficient FedProx-Binary

FedVote method for Building-Floor dual-task Wi-Fi fingerprint localization. A lightweight dual-task

MLP is used to predict both Building and Floor labels, and Dual Accuracy is adopted to evaluate



whether the two labels are correctly predicted at the same time[6, 8, 25]. Experiments are conducted on

the UJIlIndoorLoc dataset[26] under Moderate Non-IID and Strong Non-IID settings to evaluate the

localization performance, communication cost, and robustness of the proposed method.

Recent studies have applied federated learning to indoor localization and Wi-Fi fingerprinting tasks,

including multibuilding and multifloor fingerprint localization, model-reliability-based indoor

localization, non-IID fingerprint database analysis, heterogeneity-resilient localization, federated

distillation, personalized Wi-Fi fingerprint localization, and privacy-preserving hierarchical

localization[8, 25, 27-32]. However, these studies mainly focus on localization accuracy, model

reliability, personalization, privacy preservation, or hierarchical localization. Low-bit client-to-server

uplink compression and the stability of voting-based aggregation under Strong Non-IID fingerprint

distributions remain less explored.

The main contributions of this work are summarized as follows.

(1) We formulate Wi-Fi fingerprint indoor localization as a Building-Floor dual-task federated

learning problem. In addition to Building Accuracy and Floor Accuracy, we use Dual Accuracy to

evaluate whether both labels are predicted correctly at the same time.

(2) We apply Binary FedVote-style low-bit direction voting to federated Wi-Fi fingerprint

localization. Under the Moderate Non-IID setting, it achieves a similar Dual Accuracy to FedAvg

while reducing the client-to-server uplink communication from about 200.33 MB to about 6.26 MB.

(3) We design a FedProx-enhanced binary voting mechanism to improve the robustness of low-bit

aggregation under Strong Non-IID fingerprint distributions. The proximal regularization reduces client

drift and improves the consistency of uploaded binary update directions, thereby stabilizing the

voting-based aggregation without increasing the uplink communication cost.



The rest of this paper is organized as follows. Section 2 describes the system model and problem
formulation. Section 3 introduces the proposed FedProx-Binary FedVote method. Section 4 analyzes
the communication cost. Section 5 presents the experimental results. Section 6 concludes the paper.

2. System Model and Problem Formulation
2.1 Federated Wi-Fi Fingerprint Localization Model

We consider a standard client-server federated learning system for Wi-Fi fingerprint localization.
The system contains one central server and K clients. Each client stores a local set of Wi-Fi fingerprints,
while the server maintains the global localization model. During training, the server sends the current
global model to clients. Each client performs local training and uploads its model update or compressed
update information to the server. The server aggregates the uploaded information and updates the
global model for the next round.

Let the local dataset of client k be:

DGt ) (1)

where x; is the Wi-Fi RSSI fingerprint of sample i, yf is the Building label, y{ is the Floor label,
and n; is the number of samples on client k. In this work, x; is a 520-dimensional RSSI vector from
the UJlIndoorLoc datase[26]t.

The global optimization objective can be written as:

N
mgln Zk:1 ;Lk(ﬁ) ()

where 6 denotes the global model parameters, Li(6) is the local loss on client k, and n=J% n,

is the total number of training samples. The goal is not only to optimize the localization performance,

but also to reduce the amount of uplink information transmitted from clients to the server.
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Fig. 1 Overall framework of communication-efficient federated Wi-Fi fingerprint dual-task localization
2.2 Dual-Task Localization Model
The localization model used in this paper is a lightweight dual-task MLP. Similar hierarchical
Building-Floor formulations have been considered in multi-building and multi-floor indoor localization
studies[6—8]. The model first extracts a shared representation from the RSSI fingerprint. Then two
task-specific heads are used to predict the Building and Floor labels, respectively:
h=g(x;30,) )
3=, (0i00), - ¥ (his0) 4)
where g(-) is the shared feature extractor, f,(-) is the Building classifier, and j;(-) is the Floor
classifier.
For client k, the local dual-task loss is defined as:
LilO)=Liyitaing j(O)+0Lior1(0) (%)
where Lp,jiging i(6) and Ly, (6) denote the Building and Floor classification losses computed on

the local data of client k, respectively. The coefficient a is used to control the contribution of the Floor



classification task. Since Building classification is relatively easier in UlJlIndoorLoc, while Floor
prediction has a stronger influence on Dual Accuracy, an inappropriate o may lead to task imbalance.
Therefore, a is treated as a hyperparameter and determined through sensitivity analysis. In the
following experiments, a is fixed to 0.7 because it provides a relatively stable trade-off between
Building Accuracy and Floor Accuracy under the adopted model and data partition settings.

We use Building Accuracy, Floor Accuracy, and Dual Accuracy as evaluation metrics. Dual
Accuracy is defined as:

1 b b
Accaar, ), 107} 5) (6)
i=1

where N is the number of test samples and /(-) is the indicator function. A test sample is counted

as correct only when both the Building and Floor labels are predicted correctly. For this reason, Dual

Accuracy is used as the main performance metric in this paper.
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Fig. 2 Architecture of the Building-Floor dual-task MLP

3. FedProx-Binary FedVote for Federated Localization

3.1 FedAvg and 8-bit Q-FedAvg Baselines

FedAvg aggregates local models by weighted averaging. At communication round t, the global

model is updated as:



GHIZZK ﬂezﬂ (7)

k=1 n

where 0;:1 is the local model after client k completes local training. FedAvg is used as the

full-precision federated learning baseline[11]. In the communication analysis, each uploaded parameter
is counted as 32 bits.

We also use 8-bit Quantized FedAvg as a compressed communication baseline, following the
general idea of update quantization in communication-efficient distributed and federated learning[15,
19] . This baseline is useful because it represents a moderate compression level between full-precision
FedAvg and 1-bit direction voting.

3.2 Binary FedVote-Style Direction Voting

Binary FedVote-style aggregation is related to sign-based distributed optimization and voting-based
federated aggregation, which use low-bit signs or binary representations to reduce communication[17,
20]. The local update of client k at round t is:

A=0"'-¢ (8)

Instead of uploading A[, the client uploads its sign direction. The server obtains the global voting

direction by weighted direction voting:
vf=sign<ZK %% sign(Al) 9)
=1 n

Here, V' is the global voting direction and sign(-) is the sign function. Since each parameter only
needs a binary direction, the uplink cost is reduced to 1 bit per parameter. In this work, the server
updates the global model according to the voted direction and a predefined server update step size 7,

without requiring clients to upload full-precision update magnitudes.



3.3 FedProx-Binary FedVote

Binary FedVote-style is effective in reducing uplink communication cost, but it can be unstable
when the client data are highly heterogeneous. In the Strong Non-IID setting, different clients may
mainly contain samples from different buildings. Local training can then move each local model
toward its own data distribution, and the uploaded directions may conflict with each other.

To reduce this client drift, we add a FedProx regularization term to the local objective[24]. The
local training objective becomes:

Li””‘(a)=Lk(9)+§ 10-¢1? (10)

where u is the FedProx coefficient and &' is the global model sent by the server at round t. This
regularization term restricts the local model from moving too far away from the global model.

The role of the FedProx term in the proposed method is closely related to the reliability of binary
direction voting. Under Strong Non-IID data partitioning, each client tends to optimize the model
toward its own local data distribution, which may lead to large deviations between local models and the
global model, which may lead to large deviations between local models and the global model[21, 22,
24]. For a full-precision aggregation method, both the magnitude and the direction of local updates can
be used during aggregation. In contrast, Binary FedVote-style aggregation only preserves the sign of
each local update. Therefore, when local update directions become inconsistent across clients, the
voted global direction may become unreliable.

By adding a proximal term to the local objective, FedProx restricts each local model from moving
too far away from the current global model. This constraint reduces client drift and makes the local
update directions more consistent across heterogeneous clients. As a result, the binary signs uploaded

by clients become more reliable for server-side voting. In this sense, FedProx does not directly reduce



communication cost, but it improves the stability of the 1-bit voting process under strong data
heterogeneity. Since the uploaded information remains binary direction data, the proposed

FedProx-Binary FedVote method keeps the same uplink communication cost as Binary FedVote-style

while improving localization performance.
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3.4 Algorithm Procedure
Algorithm 1 summarizes the training process of FedProx-Binary FedVote. The server initializes a
global dual-task MLP and broadcasts it to all clients. Each client performs local training with the
FedProx objective, computes the local update direction, and uploads the binary direction to the server.

The server then performs direction voting and updates the global model.

Algorithm 1: FedProx-Binary FedVote for Federated Wi-Fi Fingerprint Localization

Input: Client datasets {Dklki 1}, initial global model 6°, communication rounds 7, local epochs E,
local learning rate 7, server learning rate 7 , FedProx coefficient x, floor loss weight a

Output: Trained global dual-task localization model 0"

1: Initialize global model #° on the server.

2: fort=0,1,..,T-1 do

3: Server broadcasts & to all clients




for each client k = 1,2,....K in parallel do

5: Initialize local model &, — &

6: for local epoch e =1,2,....E do

7: Sample a mini-batch from D;

8: Compute Building 10ss Ly,ing 1() and Floor loss L, (6)
9: Compute local task loss Li(6)=Lpyiting i ()L goor 1 (0)

10: Compute FedProx loss L™ (6)=Ly(0)+(u/2)||6-6'|

11: Update local model parameters using Adam

12: end for

13: Compute local update A}=6."-¢'

14: Extract binary update direction s}=sign(A})

15: Upload s} and local sample size n; to the server

16: end for

17: Compute global voting direction v'=sign(Ze, (n,/n)st)

18: Update global model according to the voted direction and server learning rate 7,
19: end for

20: return 6"

4. Communication Complexity

We focus on the uplink communication from clients to the server.This bit-level communication

accounting is commonly used in communication-efficient federated and distributed learning studies[15,

19, 20]. Suppose the model has P trainable parameters, the number of clients is K, the number of



communication rounds is T, and each parameter is represented by b bits. The total uplink

communication cost C is calculated as:

_ PxbxKxT

- 11
8x1024° (n

The unit of C is MB. In this paper, FedAvg uses 32 bits per parameter, 8-bit Q-FedAvg uses 8 bits
per parameter, and both Binary FedVote-style and FedProx-Binary FedVote use 1 bit per parameter.

Table 1 Uplink bit-width of different aggregation methods

Method Bits per parameter Description

FedAvg 32 Full-precision update
8-bit Q-FedAvg 8 Quantized update
Binary FedVote-style 1 1-bit direction voting

FedProx local regularization + 1-bit
FedProx-Binary Fedvote 1

direction voting

The compression ratio over FedAvg is defined as:

R= CF edAvg

Coetod (12
where Cru4,, 1s the uplink communication of FedAvg and C,,epoq is the uplink communication

of the compared method. Under the same model size, client number, and communication rounds,

Binary FedVote-style and FedProx-Binary FedVote can theoretically achieve about 32x uplink

compression compared with FedAvg.

5. Experimental Evaluation

5.1 Experimental Setup

Experiments are conducted on the UlllndoorLoc dataset[26]. Each sample is represented by a

520-dimensional Wi-Fi RSSI fingerprint. In the processed dataset used in this study, the Building task




contains 3 classes and the Floor task contains 5 classes. Therefore, the dual-task MLP uses a

3-dimensional output for Building classification and a 5-dimensional output for Floor classification.

The dataset is divided into 10 clients to simulate a federated indoor localization scenario. Two

Non-IID partitions are considered. In the Moderate Non-IID setting, each client mainly contains

samples from one Building class, while still keeping a certain proportion of samples from other classes.

In the Strong Non-IID setting, each client is more concentrated on a single Building class, which

creates a more challenging heterogeneous training condition.Such partition settings are used to simulate

statistical heterogeneity across federated clients, which is a common challenge in federated

learning[21-23].

The main experiments use 30 communication rounds and one local epoch. The batch size is set to

64, the learning rate is 0.001, and Adam is used as the optimizer with a weight decay of le-4. The

floor-loss weight a is selected through a sensitivity analysis, as shown in Fig. 5. The setting o = 0.7

achieves the best Dual Accuracy in this experiment and provides a stable balance between Floor

prediction and dual-task localization. Therefore, a is fixed to 0.7 in the subsequent experiments.

For the Strong Non-IID ablation experiments, five random seeds, namely 42, 43, 44, 45, and 46, are

used, and the reported results are averaged to reduce the influence of random initialization and client

partitioning.
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We first use Centralized Dual MLP to verify whether the processed data and the dual-task model
are learnable. In federated settings, we compare FedAvg, 8-bit Q-FedAvg, Binary FedVote-style, and
FedProx-Binary FedVote. The main evaluation metrics include Building Accuracy, Floor Accuracy,

Dual Accuracy, total uplink communication, and the compression ratio over FedAvg.



Table 2 Experimental settings

Parameter

Value

Dataset

UlJlIndoorLoc

Input feature

520-dimensional Wi-Fi RSSI fingerprint

Building classes 3
Floor classes 5
Number of clients 10
Communication rounds 30
Local epochs 1
Batch size 64
Optimizer Adam
Local learning rate 0.001

Server update step size 1

1.0 (FedVote-style methods)

Floor loss weight a 0.7
FedProx coefficient p 0.001
Evaluation metrics Building Acc., Floor Acc., Dual Acc., uplink communication

5.2 Baseline Results

The centralized Dual MLP achieves a Building Accuracy of 1.0000, while the Floor Accuracy and

Dual Accuracy are both about 0.9127. This result shows that the preprocessing pipeline and the

dual-task MLP are reasonable. It also confirms that Building classification is relatively easy on this

dataset, while Floor classification is the main factor that limits Dual Accuracy.



FedAvg performs close to the centralized model under IID and Moderate Non-IID settings. Under

Strong Non-1ID, however, its performance decreases because the local client distributions become

more biaseda are a key challenge in federated Wi-Fi fingerprint localization.The performance

degradation under Strong Non-IID is further analyzed in Section 5.6.

Table 3 Baseline performance of Centralized Dual MLP and FedAvg

Building Floor Dual Uplink
Method Data setting
Accuracy | Accuracy | Accuracy | Communication
Centralized
Centralized 1.0000 0.9127 0.9127 N/A
Dual MLP
FedAvg 11D 0.9982 0.9109 0.9091 200.33 MB
FedAvg Moderate Non-IID | 0.9964 0.9127 0.9100 200.33 MB

5.3 Communication-Efficient Aggregation Results

Table 4 compares FedAvg, 8-bit Q-FedAvg, and Binary FedVote-style under the Moderate Non-1ID

setting. FedAvg obtains a Dual Accuracy of about 0.9100 with about 200.33 MB uplink

communication. 8-bit Q-FedAvg reduces the communication to about 50.08 MB and keeps a similar

Dual Accuracy of about 0.9091. Binary FedVote-style further reduces the uplink communication to

about 6.26 MB, while the Dual Accuracy remains around 0.9118.

Table 4 Communication compression performance under the Moderate Non-I1ID setting

Upload Uplink Compression
Method Dual Accuracy

Precision Communication | Ratio
FedAvg 32-bit 0.9100 200.33 MB 1.00x

8-bit Q-FedAvg 8-bit 0.9091 50.08 MB 4.00%
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These results suggest that 1-bit direction voting is sufficient for this dual-task localization problem

under Moderate Non-IID. Compared with FedAvg, Binary FedVote-style saves most of the uplink

communication without causing a clear loss in Dual Accuracy.

The above results show that Binary FedVote-style is effective under the Moderate Non-IID setting.

We next examine whether the main floor-recognition pattern is preserved after using 1-bit direction

voting.

5.4 Floor Confusion Analysis

Since the Building classification task is relatively easy in the Moderate Non-IID setting, we further

analyze the Floor classification results using confusion matrices. As shown in Fig. 7, the predictions of



both FedAvg and Binary FedVote-style are mainly concentrated near the diagonal, indicating that the

two methods can correctly distinguish most Floor labels.

The remaining misclassifications mainly occur between adjacent floors. This is reasonable because

Wi-Fi RSSI fingerprints collected from adjacent floors may share similar signal patterns, leading to a

higher probability of confusion. Compared with FedAvg, Binary FedVote-style shows a similar

floor-recognition pattern, which suggests that the 1-bit direction voting strategy preserves the main

discriminative ability for Floor classification while significantly reducing the upload communication

cost.
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Fig. 7 Floor confusion matrices of FedAvg and Binary FedVote-style under the Moderate Non-IID setting

5.5 Convergence and Communication Rounds

To justify the use of 30 communication rounds, we further conduct 100-round experiments. As

shown in Fig. 8 and Fig. 9, both FedAvg and Binary FedVote-style improve rapidly in the early rounds.

The test loss decreases sharply within the first several rounds, and Dual Accuracy becomes relatively

stable after about 20 communication rounds. After 30 rounds, further training brings only limited

improvement. Meanwhile, as shown in Fig. 10, the cumulative upload communication increases almost



linearly with the number of communication rounds. Therefore, 30 rounds are used in the main

experiments to ensure stable convergence while avoiding unnecessary uplink communication cost.
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Fig. 10 Cumulative upload communication over communication rounds

5.6 Effect of FedProx under Strong Non-IID

Although Binary FedVote-style achieves a favorable communication-accuracy trade-off under the

Moderate Non-IID setting, its performance becomes less stable under the Strong Non-IID setting. In

this setting, client data are highly biased toward different Building classes, which may lead to

inconsistent local update directions across clients[21, 33]. Since Binary FedVote-style relies on 1-bit

direction voting, such direction inconsistency can directly weaken the reliability of the global update.

To further evaluate the stability of different methods under severe data heterogeneity, we conduct

experiments with five random seeds, i.e., 42, 43, 44, 45, and 46. The results are reported in Table V.

Under the Strong Non-IID setting, FedAvg obtains a mean Final Dual Accuracy of 0.6695 with

full-precision 32-bit upload communication. The original Binary FedVote-style achieves a mean Final

Dual Accuracy of 0.6976, while reducing the upload communication to 6.2602 MB. This result

indicates that low-bit direction voting can greatly reduce upload communication, but it is still sensitive

to strong client heterogeneity.



After introducing FedProx regularization, FedProx-Binary FedVote improves the mean Final Dual

Accuracy to 0.8691, with a standard deviation of 0.0358. Meanwhile, the upload communication

remains 6.2602 MB because the uploaded information is still 1-bit binary direction data. Compared

with the original Binary FedVote-style, FedProx-Binary FedVote improves the mean Final Dual

Accuracy by 0.1715 without increasing the upload communication cost. This result demonstrates that

local regularization is effective in stabilizing low-bit direction voting when client distributions are

highly heterogeneous.

Table 5 Performance comparison under the Strong Non-IID setting

Upload Mean Final Upload
Method Seeds Std

Precision Dual Accuracy Communication
FedAvg 32-bit 42-46 0.6695 0.1175 | 200.3265 MB
FedVote-style 1-bit 42-46 0.6976 0.0412 | 6.2602 MB
FedProx-Binary

1-bit 42-46 0.8691 0.0358 | 6.2602 MB
FedVote

Note: The results are averaged over five random seeds, i.e., 42, 43, 44, 45, and 46.
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Fig. 11 Trade-off between upload communication and mean Final Dual Accuracy under the Strong Non-1ID
6. Conclusion

This paper studied communication-efficient federated learning for Building-Floor dual-task Wi-Fi
fingerprint indoor localization. A lightweight dual-task MLP was used to predict both Building and
Floor labels. To reduce uplink communication, Binary FedVote-style aggregation was adopted, where
each client uploads the 1-bit direction of its local update. To improve stability under Strong Non-IID,
FedProx local regularization was added to the client training objective.

Experiments on UlJlIndoorLoc show that Binary FedVote-style can reduce the total uplink
communication from about 200.33 MB to about 6.26 MB under Moderate Non-IID, while keeping a
similar Dual Accuracy to FedAvg. Under Strong Non-IID, averaged over five random seeds,
FedProx-Binary FedVote improves the mean Final Dual Accuracy from 0.6976 to 0.8691 without
increasing the upload communication cost. These results indicate that the proposed method provides a

useful trade-off between localization performance and uplink communication cost.



In future work, this framework can be extended to finer localization outputs, such as coordinate

regression or joint Building-Floor-coordinate prediction. It is also worth studying low-bit aggregation

under dynamic client participation and more complex heterogeneous data partitions.
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