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Abstract—An intelligent utilization of resources in wireless
sensor networks (WSNs) significantly impacts overall energy
efficiency and communication performance in constrained sensor
nodes. Weighted Fair Queuing (WFQ) is commonly used to
allocate uplink bandwidth according to queue weights. Recently,
Federated Learning (FL) has been combined with WFQ to
dynamically predict optimal queue weights under varying traffic
and mobility conditions. This paper presents a comparative
analysis of two allocation approaches: (i) Data-Rate-Proportional
Allocation (DRPA) and (ii) Federated Learning-enabled WFQ
(FL-WFQ). Simulation results show that FL-WFQ improves
efficiency by up to 119.22% (average 49.38%) and fairness by up
to 54.79% compared to DRPA under dynamic mobility scenarios.

Index Terms—Wireless sensor networks, edge computing, fed-
erated learning, weighted fair queuing.

I. INTRODUCTION

The exponential expansion of Internet of Things (IoT)
technology has brought forth a massive increase in data flow
from interlinked devices such as sensors, actuators, and smart
appliances. WSNs are the communication backbone of such
IoT infrastructures and are typically composed of nodes with
information sensing, processing, and transmission capabilities
and limited power and resources [1]. With limited compu-
tational capability, battery power capacity, and buffer sizes,
these nodes rely on resource sharing among edge nodes and
end devices as a performance boost [2]. In modern network
developments, Edge Computing has emerged as a promising
approach to address these challenges, distributing computation
directly to the data-handling location. Edge nodes process data
locally and aggregate information rather than passing it to
remote cloud servers [3], thus decreasing latency and band-
width consumption leading to enhanced scalability. Despite
these advantages, the efficient resource utilization of edge
resources in the form of bandwidth, memory, and processing
power is challenging to achieve due to time-varying network
topologies, heterogeneous traffic loads, and unpredictable end
device mobility [4], [5]. Learning-assisted scheduling and
queue management techniques have also been explored in
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recent literature to dynamically adapt bandwidth allocation in
edge-assisted IoT and sensor networks [6], [7].

A. Resource Allocation Challenges in WSNs

In WSNs, where multiple devices share the uplink band-
width to the edge server, a fair and efficient scheduling of
resources is necessary. Queuing-based scheduling algorithms
such as WFQ, Weighted Round Robin (WRR) and First-In-
First-Out (FIFO) have been extensively studied for bandwidth
allocation [8]. Of these, WFQ offers a robust mechanism by as-
signing weighted bandwidth shares to multiple flows, ensuring
fairness and prioritization according to traffic characteristics.
Traditional WFQ implementations are relatively static in ap-
proach; weights are preassigned and do not adapt to dynamic
changes in data rates, link conditions, and node mobility [9].
As a result, the efficiency and fairness of these networks
degrade significantly under non-stationary conditions.

To overcome this inadequacy, it has been reported in recent
works that there are adaptive WFQ mechanisms using heuristic
or optimization-based methods. For example, metaheuristic
algorithms such as Ant Colony Optimization and Whale Op-
timization have been used for adaptive scheduling in wireless
networks [4]. Although these algorithms increase throughput,
they require centralized computation and frequent parameter
updates, leading to high communication overhead, which is un-
favorable for energy-limited WSNs. Therefore, decentralized
and data-driven strategies have attracted increasing interest for
dynamic edge resource allocation.

B. Federated Learning for Edge Resource Optimization

FL is a distributed architecture for machine learning that
allows multiple edge nodes to train a model in collaboration
without sharing raw data across a network [10]. Each edge
node trains a local model using its locally generated data
and shares only the model updates with an FL server for
aggregation. This method protects data privacy, minimizes
communication overhead, and enables learning with hetero-
geneous and non-independent data distributions [11].

The FL and WFQ techniques together, or FL-WFQ, en-
able predictive and adaptive allocation of resources in edge
networks. Instead of employing static weights, the global FL
model calculates optimal queue weights from node data rates,
queue lengths, and channel conditions in the local network.
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In previous work [12], FL-WFQ was shown to achieve high
throughput, fairness, and energy efficiency for both static and
mobility-aware WSN scenarios. However, although FL-WFQ
provides strong adaptability, it also incurs additional computa-
tional cost and training overhead; hence, it may be worthwhile
to compare FL-WFQ to simpler allocation methods. This
work builds upon our previous study [12], where a FL-based
resource allocation model was developed. In this paper, we
extend it by performing a comparative analysis with DRPA.

C. Data-Rate-Proportional Allocation

More computationally straightforward is the DRPA ap-
proach, where bandwidth is assigned explicitly to devices
based on their average data rates. This model supposes that
devices that drive higher quantities of data traffic should be
given larger shares of the bandwidth. Despite its simplicity and
low cost to develop, DRPA does not necessarily possess the
intelligence to adapt to dynamic conditions such as temporary
congestion, packet loss, or mobility-induced link degradation
[13]. Hence, its effectiveness is limited in ensuring fairness and
network-wide efficiency in actual dynamic edge networks.

DRPA and FL-WFQ both attempt to control bandwidth
between heterogeneous sensor nodes, though DRPA has a
deterministic and static design while FL-WFQ uses adaptive
and data-driven approaches. DRPA and FL-WFQ are selected
due to their contrasting characteristics: DRPA provides a
simple baseline, while FL-WFQ introduces adaptive intelli-
gence through learning-based optimization. This paper focuses
on comparing the performances of both these paradigms in
various mobility, traffic, and channel conditions in a single
simulation environment. We evaluate under which scenarios
FL-WFQ tends to outperform DRPA and when the additional
learning overhead of FL is worth the performance gains based
on such factors as throughput efficiency, fairness, or packet
delivery ratio. This work builds upon our previous study,
extending it by performing a comparative analysis between
DRPA and FL-WFQ under mobility-aware conditions.

The main contributions of this work include:
• Comparative analysis of DRPA and FL-WFQ in WSNs
• Evaluation under heterogeneous traffic and mobility sce-

narios
• Quantitative assessment of efficiency and fairness im-

provements
The remainder of this paper is organized as follows. Section

II reviews related work. Section III describes the system model
and allocation schemes. Section IV discusses the simulation
setup and results. Section V concludes the paper.

II. RELATED WORK

A. Mobility Models in WSNs

The mobility of WSNs is of crucial importance for interlink
stability, throughput and fair network bandwidth allocation
[14], [15]. Conventional, static allocation models fail when
nodes have uncertain movement patterns, generating link fail-
ures and variable channel conditions. In the literature, diverse
mobility models have been reported to simulate real-world

Fig. 1. WFQ mechanism ensures bandwidth distribution proportional to queue
weights.

motions in simulation settings [14], [15]. We employ the
Random Walk 2D Model so that every node moves in a
randomly selected direction always at the same speed for a
specified amount of time and then selects another approach.
The Random Direction Model, on the other hand, guarantees
a better spatial distribution by stipulating that nodes must
move toward a specified line before entering the next direc-
tion. According to the Random Waypoint Model of MANET
research, every node can rest randomly and then move to a
new spot at a random speed [16]. The Gauss–Markov Model
correlates the evolution of the velocity and direction updates
and its fidelity in representing the dynamics of mobile or
vehicular trajectories [17]. In the context of edge-assisted
WSNs, these mobility patterns determine the packet arrival
rate and queue dynamics at the edge node. Hence, mobility-
aware dynamic resource allocation algorithms like FL-enabled
WFQ are essential for ensuring fairness and efficiency [12].

B. Weighted Fair Queuing

WFQ is a packet scheduling algorithm that ensures that
a fair sharing of bandwidth is maintained among multiple
traffic flows with different service priorities. In general, it uses
an approximation of the ideal Generalized Processor Sharing
(GPS) model, where the associated flow i is given a weight
Wi equal to the share of total link capacity it obtains [18].
The WFQ scheduler operates a separate queue for every flow
and sends packets in a weighted round-robin fashion, to make
sure that each flow occupies a fair share of the bandwidth with
regard to its weight, as shown in Fig. 1.

In flow i, let Lk
i denote the k-th packet length, and V (t)

represent the system’s virtual time. The start and finish times
of a packet are defined as:

Sk
i = max(F k−1

i , V (aki )), F k
i = Sk

i +
Lk
i

Wi
(1)

where aki is the packet arrival time. The packet with the
smallest finish time F k

i is transmitted first. WFQ thus provides
proportional service fairness while minimizing queuing delays
[8].

Having these advantages, classical WFQ implementations
are static; the weights are assigned as is, and do not adjust
to dynamic channel variations or traffic heterogeneities; there-
fore, they do not account for performance changes at different
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Fig. 2. FL-WFQ model for adaptive resource allocation. Edge nodes collabo-
ratively train local models and share updates with a central FL server
that aggregates them into a global model.

time points. This limitation prompts the application of machine
learning and federated intelligence for responsive scheduling.

C. Federated Learning-based WFQ

FL has recently gained significant attention for distributed
resource optimization in WSNs. Lightweight FL frameworks
have been proposed to reduce communication overhead and
preserve data privacy in resource-constrained IoT systems
[19]. Adaptive FL approaches further enhance scalability and
robustness in heterogeneous environments [20]. FL improves
the WFQ in that edge nodes learn on their own distributed
data without centralizing the information to give them optimal
weights. At the edge nodes, local traffic data is captured and
trained to train a model that produces queue weights (in the
present instance Wi), computed from node characteristics (data
rate (Si), queue occupancy (Qi), and historical throughput
(here, defined as Ti)) [10], [11]. The global FL model is
calculated at the central server with the Federated Averaging
(FedAvg) model as follows:

Mglobal =
N∑
i=1

|Di|∑N
j=1 |Dj |

Mi (2)

The resulting aggregated model is then redistributed per
edge node to execute an update in its local WFQ scheduling
parameters. FL-WFQ is iteratively implemented across com-
munication rounds, adapting to traffic variations and mobility.
The overall FL-WFQ architecture, showing distributed edge
nodes and a central FL server exchanging model updates, is
illustrated in Fig. 2.

In contrast with centralized learning, FL-WFQ minimizes
communication overhead by only transmitting model parame-
ters rather than raw sensor data. Moreover, it guarantees data
privacy and scalability for vast, distributed WSN setups [5]. In
practice, FL-WFQ achieves better fairness and throughput than
both traditional WFQ and WRR in mobile edge environments.

D. Performance Metrics

The measures to evaluate resource allocation mechanisms
in WSNs are:

Fairness represents the degree to which resource distribution
is even between a number of users, tasks, or nodes of the
system. At the edge, especially in FL scenarios, being fair
stops any one node or user from overpowering available
resources and this could result in service degradation for others
or starvation of resources for others. If we consider a system
with M flows, then X = (x1, x2, . . . , xM ) is the allocation
vector and xi is the fraction of resources allotted to the ith

flow in this system. The fairness of this allocation, defined as
F (X), can be calculated as follows [21]:

F (X) = 1− 2σx

H − L
(3)

Here H and L denote the maximum and minimum through-
put values observed among all flows, while σx is the standard
deviation of throughput values resulting from the allocation X .
This metric provides a normalized measure of fairness, where
higher values indicate more equitable distribution of resources.

Efficiency, in contrast, evaluates the degree to which allo-
cated resources are effectively utilized. For each flow i, let Ii
be the input data rate and Ti be the achieved throughput. The
overall efficiency of the allocation X is given by:

E(X) =
1

M

M∑
i=1

Ti

Ii
× 100 (4)

These metrics together offer a comprehensive evaluation
framework for comparing the effectiveness of DRPA and FL-
WFQ under diverse network scenarios.

E. Traditional Scheduling Strategies

Prioritized scheduling and fixed priority algorithms such as
FIFO and WRR were introduced for the early WSN scheduling
on time and location data types. FIFO is straightforward but
not justifiable in case of heterogeneous data rates [22]. WRR
was designed to extend this by giving fixed priority values
in addition to providing variable service among the sensor
devices [23]. But static weighting makes inefficient use of
bandwidth when node traffic fluctuates on the fly.

WFQ, which approximates the true Generalized Processor
Sharing model [18], was introduced to provide a more accu-
rate method. WFQ ensures a bounded delay and bandwidth
distribution where each node is assigned a corresponding
portion of the bandwidth. While it is fairly designed, WFQ
assumes preconfigured weights, which cannot be applied to
adaptive or mobile environments. Several works that extend a
model of WFQ with dynamic weighting mechanisms however
tend either to rely on centralized data or to be prohibitively
expensive to compute [8].

F. Data-Rate-Based and Adaptive Allocation Schemes

To simplify the scheduling of low-power WSNs, propor-
tional allocation methods that use node charge data rates
can be applied. In such methods bandwidth or timeslots are
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shared with a proportion to the nodes’ own average data
rate to guarantee throughput proportionality [24]. Despite
performance on static networks, such methods are sensitive
to traffic heterogeneity and unfair under congestion.

Approaches for adaptive usage of resource allocation
brought queue-length and delay-based weighting considera-
tions [25], which made responsive response to the traffic situ-
ations in part the result of partial load balancing, using these
models. However, such algorithms rely on large centralized
monitoring and are unable to scale up as the number of nodes
increases.

G. Machine Learning and Federated Learning of WSNs

Machine learning has been widely used to model traffic
patterns and predict optimal resource allocation decisions in
WSNs and IoT networks [26]. Recent advances in deep learn-
ing and federated learning have further improved bandwidth
allocation, scalability, and adaptive scheduling in dynamic
wireless environments [7], [19], [20]. Other methods, includ-
ing regression, reinforcement learning, and neural networks
have been developed to obtain dynamic results for the band-
width or energy distribution variables. However, traditional
ML algorithms need to be trained in one place, making
it impractical in privacy-sensitive or data-limited edge envi-
ronments. Recent studies highlight the growing importance
of FL for resource allocation in WSNs, enabling privacy-
preserving distributed optimization and improved scalability
under heterogeneous network conditions [7], [27].

FL proposed by McMahan et al. [10], overcomes this limi-
tation by enabling shared model training without sharing raw
data. FL is a class of ML that aggregates local model updates
from edge nodes to obtain a global model with data privacy
and scaling. Recent works had used FL to optimize wireless
resource allocation, which included spectrum sharing [28] and
power control [11]. FL has been proposed for adaptation of
bandwidth and optimization of energy in WSN contexts [5].
Recent studies have further demonstrated that federated edge
intelligence enables scalable and privacy-preserving resource
management while adapting to heterogeneous traffic and mo-
bility conditions [7], [29]. Recent research extends FL-based
optimization toward mobility-aware and real-time scheduling
scenarios, addressing the limitations of static datasets and cen-
tralized learning architectures in dynamic WSN environments
[29], [30].

H. Mobility-Aware Resource Allocation

Additionally, we have mobility issues in WSN scheduling
since node connectivity and link quality fluctuate over time.
Proposed to mitigate packet loss and optimize the fairness of
the WFQ according to node mobility, mobility-aware WFQ
variants and dynamic queue adjustment mechanisms have been
introduced [4]. Through continuous updating of the global
model in the light of real-time mobility observations at the
edge nodes, FL improves the adaptability to the situation [12].
Recent mobility-aware learning models further confirm that in-
corporating node movement characteristics into learning-based
schedulers improves fairness and stability in highly dynamic

WSNs [30]. Such achievements lead to distributed intelligence
at network edge, supporting smart city and vehicular IoT use
cases.

I. Research Gap

Literature review shows that:

1) Classical WFQ does achieve fairness but is less adaptive
to dynamic requirements.

2) DRPA provides simplicity yet doesn’t meet traffic con-
ditions.

3) FL-based scheduling adds flexibility and privacy but
needs further validating against simpler proportional
scheduling methods.

Therefore, this work aims to take up the gap and compare these
DRPA techniques to FL-enabled WFQ for exploring trade-offs
between computational efficiency, fairness, and adaptability
for dynamic edge-assisted WSNs. While prior work focused
on FL-based optimization, a direct comparison between DRPA
and FL-WFQ under mobility-aware scenarios remains limited,
which is addressed in this study.

III. METHODOLOGY

A. System Model

The system model is an example of N wireless sensor
nodes n1, n2, . . . , nN communicating with a single edge node
through IEEE 802.11-based wireless links. Each node period-
ically sends packets, each of which has:

• Average data rate: Si, in bits per second.
• Packet length: Li, in bits.
• Sleep interval: Tsleep,i (in seconds).

The overall simulation duration is Tsim, where each node
sends several packets:

Npkts,i =
Tsim

Tsleep,i
(5)

and, consequently, the sum of the data sent by node i is given
by:

Di = Npkts,i × Li (6)

Hence the average data rate of every node is:

Si =
Di

Tsim
(7)

The total available uplink bandwidth at the edge node is
denoted by BUL, and is shared among all sensor nodes as:

A = [A1, A2, . . . , AN ],

such that
N∑
i=1

Ai ≤ BUL

(8)

The aim of both DRPA and FL-enabled WFQ to maximize
overall network performance and fairness is to determine the
proper allocation of Ai values.
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Algorithm 1 Data-Rate-Proportional Allocation (DRPA)
1: Input: average data rates Si for nodes i = 1, 2, . . . , N , total uplink

bandwidth BUL

2: Output: bandwidth allocation Ai for each node
3: Compute cumulative data rate:
4: Stotal ←

∑N
j=1 Sj

5: for i = 1 to N do
6: Wi ←

Si

Stotal
7: Ai ←Wi ×BUL

8: end for
9: Return allocation vector A = [A1, A2, . . . , AN ]

B. Data-Rate-Proportional Allocation

Within the DRPA scheme a node’s available bandwidth
is directly proportional to the average data generation rate
Si. Underlying the philosophy it is assumed that nodes that
generate data traffic are given corresponding bandwidth if they
send in higher data. An allocation weight Wi and an assigned
bandwidth Ai are given by:

Wi =
Si∑N
j=1 Sj

, Ai = Wi ×BUL (9)

In this paper, Wi is the normalized value for the contribution of
each node to the overall network data rate. Its simplicity allows
low cost computation, easy implementation and adaptation to
low-power WSNs in static traffic, as well as reduced number of
nodes needed. But with dynamic or mobile deployments, the
deterministic nature of DRPA becomes a constraint, causing
channel conditions and node load to fluctuate very rapidly.
The model doesn’t account for queue build-ups or congestion
at the edge node, leading to bandwidth underutilization or
inequitable distribution among nodes. The pseudocode for
DRPA is presented in Algorithm 1.

The computational complexity of DRPA is O(N), as it re-
quires a single pass over all nodes for proportional allocation.

C. Federated Learning-Enabled WFQ

FL-WFQ is a variant of the current state-of-the-art model.
It extends classical WFQ by dynamically predicting queue
weights (Wi), using a FL framework. Each edge node ni

maintains a local dataset:

Di = (Si, Qi, Ti, Ai) (10)

where Qi is queue length, and Ti is observed throughput. Each
node trains a local model Mi to predict a queue weight based
on these features. Instead of making raw data centralized,
nodes would share only their model parameters with a central
FL server. The FL server combines the original local models
to fit a global model Mavg using the Federated Averaging
(FedAvg) algorithm:

Mavg =
N∑
i=1

|Di|∑N
j=1 |Dj |

Mi (11)

We then redistribute the global model; all edge nodes update
their respective local WFQ scheduling weights:

W
(t+1)
i = fMavg (Si, Qi, Ti) (12)

Algorithm 2 Federated Learning-Based Weighted Fair Queu-
ing (FL-WFQ)
1: Input: Local datasets Di, initial global model M0

avg
2: Output: Adaptive queue weights Wi

3: for each communication round t = 1, 2, . . . , T do
4: for all nodes ni in parallel do
5: Train local model Mt

i using dataset Di

6: Send model updates ∆Mt
i to the FL server

7: end for
8: Aggregate local updates at FL server:
9: Mt+1

avg ←
∑N

i=1
|Di|∑N

j=1 |Dj |
Mt

i

10: Broadcast updated global model Mt+1
avg to all nodes

11: Update local queue weights:
12: W t+1

i ← f
Mt+1

avg
(Si, Qi, Ti)

13: end for
14: Return: Adaptive queue weights Wi

where fMavg
is the learned function for weight prediction at

round t + 1. In combination with the previous mechanism
of algorithm, the iterative training, aggregation, and post-
progression process guarantees the adaptation of the algorithm
to mobility and traffic changes, leading to a balance between
fairness and efficiency. We summarize the workflow in Al-
gorithm 2. The FL-WFQ approach has higher computational
complexity due to iterative training and aggregation, approxi-
mately O(N ×R×E), where R is the number of FL rounds
and E is the number of training epochs.

As illustrated in Fig.3, this workflow comparison empha-
sizes their systemic and operational distinctions between the
DRPA and FL-enabled WFQ algorithms. 3 guarantees the
computational lightweightness of DRPA with less flexibility
for network dynamics such as queue build-up and node mobil-
ity. In contrast, the FL-WFQ workflow (right side of Fig. 3) is
largely based on distributed intelligence through FL. An edge
node in this approach retrieves parameters such as data rate
(Si), queue size (Qi), and throughput (Ti) in order to train a
local model that can realistically predict a queue’s weights in
real-time. These local models are periodically aggregated by a
centralized FL server to form the global model that produces
dynamic weight predictions. This feedback loop of repeated
learning and iteration can dynamically adjust bandwidth al-
location for different mobility and traffic conditions—making
FL-WFQ a fairer solution that achieves higher throughput than
DRPA.
Overall, Fig. 3 highlights that DRPA is based on a fixed rule-
based path, whereas FL-WFQ shows a closed-loop adaptive
system capable of intelligent decision-making through feder-
ated model updates.

D. Comparative Analysis

The two allocation schemes can be contrasted as follows:
• DRPA: Lightweight, static, ideal for low-mobility and

low-traffic variance environments.
• FL-WFQ: Adaptive, learning-based, applicable to hetero-

geneous and mobile WSNs with varying loads.
While DRPA relies solely on proportional data rate distri-
bution, FL-WFQ utilizes a data-driven learning approach to
balance fairness, efficiency, and adaptability simultaneously,
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Fig. 3. Workflow comparison between DRPA and FL-WFQ. DRPA uses static
proportional weights, whereas FL-WFQ employs federated learning to
predict adaptive queue weights under dynamic network conditions.

which is consistent with recent studies on federated edge
intelligence and adaptive resource management in wireless
IoT networks [29]. The improved performance of FL-WFQ
is attributed to its adaptive learning capability, which dy-
namically adjusts queue weights based on real-time traffic
and mobility conditions. The improved performance of FL-
WFQ is mainly due to its ability to learn from changing
network conditions and adjust queue weights dynamically. In
contrast, DRPA follows a fixed proportional allocation strategy
that cannot respond to sudden changes in traffic or node
mobility. While FL-WFQ introduces additional computational
and communication overhead because of local model training
and federated aggregation, it provides better adaptability in
dynamic environments. Therefore, DRPA is more suitable for
lightweight and stable network deployments, whereas FL-
WFQ is a better choice for mobility-aware wireless sensor
networks where maintaining fairness and efficient bandwidth
utilization is essential.

IV. IMPLEMENTATION AND RESULTS

A. Simulation Setup

Simulations were conducted using the NS-3 network simu-
lator [31]. The testbed consisted of eight wireless sensor nodes
and one edge node configured with IEEE 802.11 (5 GHz)
links as shown in Fig.4. Table I summarizes the simulation
parameters used. Each end device generates data traffic as
shown in Table II. The NS-3 simulator is used to model
the wireless sensor network environment, including node
deployment, mobility, traffic generation, and communication
behavior. The simulation incorporates modules for wireless

TABLE I
SIMULATION PARAMETERS

Parameter Value

Simulation Time 1000 s
Wireless Standard IEEE 802.11 (5 GHz)
Modulation 16-QAM
Transmit Power 16 dBm
Propagation Model Log-Distance
Antenna Gain 2 dBi
Mobility Models Gauss–Markov, Random Direction 2D,

Random Walk 2D, Random Waypoint

communication, mobility modeling, and packet transmission to
emulate realistic network conditions. Input parameters such as
node density, mobility speed, traffic rates, and link capacity are
configured to generate diverse scenarios. The simulator outputs
performance metrics including throughput, delay, efficiency,
and fairness, which are used to evaluate the DRPA and FL-
WFQ approaches. NS-3 modules for wireless communication,
mobility modeling, and traffic generation were used to simu-
late realistic WSN scenarios.

Fig. 5 illustrates the workflow of the NS-3 simulation frame-
work, where input parameters are used to generate network
scenarios, followed by data collection, model training, and
performance evaluation.

The simulation setup is consistent with our prior work [12],
where parameters such as grid size (150–300 m), mobility
speed (2–5 m/s), and link capacity (1–5 kbps) are varied to
generate diverse network scenarios.

The FL implementation was developed using NS-3.14,
Python 3.10, TensorFlow 2.15, Keras 2.15, Flower 1.8, Scikit-
learn 1.5, NumPy 1.26, and Pandas 2.2. The NS-3 simulator
was used for network scenario generation, while Python-
based machine learning frameworks were employed for model
training and evaluation.

B. Dataset and Training

For each node, the average data rate Si was computed as:

Si =
Npkts × Li

Tsim
(13)

where Npkts is the number of packets sent during the simu-
lation, Li is the packet length (in bits), and Tsim is the total
simulation duration.

The dataset generation process follows our prior work [12],
where ns-3 simulations are used to generate input-output tuples
based on parameters such as queue sizes, weights, grid size,
mobility speed, and link capacity. Each network scenario
produces tuples of the form (Wi, Qi, G, M, L), where the
corresponding efficiency or fairness is recorded as output.
These samples are collected periodically during simulation and
used for training the FL model.

The FL framework was implemented using the Flower
(FLWR) library with three participating clients. The dataset
contained 1424 samples, each represented by 19 input features
and one target output. The data were partitioned among the
clients for local training. Before training, selected features
were normalized and subsequently standardized using the
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Fig. 4. System model showing sensor nodes communicating with an edge node using IEEE 802.11 links, where uplink bandwidth BUL is distributed among
N devices.

TABLE II
END DEVICE TRAFFIC PARAMETERS

Type of Device Average Sleep Time (s) Mean Data Rate (bps) Packet Length (bits) Mobility

Smoke Sensor 4 462 234 Yes
Motion Sensor 4 11388 234 Yes
Amazon Echo Hub 4 462 144 No
Smart Phone 4 2461 327 Yes
Smart Plug 241 462 144 No
Smart Bulb 4 462 94 No
Smart Camera 4 2461 234 Yes
Wireless Speaker 4 462 144 Yes

StandardScaler technique to ensure stable convergence. The
neural network was trained using the Adam optimizer with a
learning rate of 0.001 and a batch size of 30.

Several neural network configurations were evaluated during
model development. The search space included architectures
with 2–6 hidden layers and neuron sizes ranging from 32 to
256. The final architecture (64–128–256–128–64) was selected
empirically because it provided the best trade-off between
prediction accuracy, convergence stability, and computational
cost. Simpler architectures resulted in underfitting, while
deeper architectures showed negligible performance gains and
increased training overhead.

To reduce overfitting, Batch Normalization and Dropout
layers (dropout rate = 0.4) were incorporated into the network.
In addition, Early Stopping was employed with a patience
value of 25 epochs, restoring the best model weights when
no further validation improvement was observed. A custom
stopping criterion was also used to terminate training when
the validation loss dropped below 0.01.

The training hyperparameters were selected through empir-
ical experimentation. Multiple combinations of learning rates,
batch sizes, and network configurations were evaluated, and
the final settings were chosen based on validation performance
and convergence behavior. No automated hyperparameter op-
timization technique was applied in the current study.

The global model was computed using the Federated Aver-
aging (FedAvg) algorithm, which aggregated weighted updates
from all participating nodes. The aggregated model was then
distributed back to the edge nodes to predict dynamic WFQ
weights for real-time bandwidth scheduling and resource al-
location. The FL model is trained iteratively across multiple
communication rounds, where edge nodes train local models
and share updates with the central server for aggregation using
the FedAvg algorithm. The FL process was executed for 15
communication rounds across three participating clients.

C. Results and Discussion

Fig. 6 demonstrates that FL-WFQ shows better efficiency
than DRPA among all mobility models, up to 15% higher.
This improvement is due to the adaptive weight prediction
capability of FL-WFQ, which dynamically adjusts bandwidth
allocation based on real-time queue conditions and traffic vari-
ations, unlike the static DRPA approach. Thanks to its adaptive
weight prediction approach that adjusts bandwidth according
to its demand (traffic and queue) during a given operation
cycle. Similarly, Fig. 7 presents a fairness comparison for the
3 schemes. Although FIFO offers limited fairness and DRPA
takes a hit at high-mobility situations, FL-WFQ allows for
almost the same allocation of resources among nodes in that
Jain’s index is close to unity. The FL integration allows to
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Fig. 5. Block diagram of NS-3 simulation framework used for resource
allocation analysis

update the model in real time based on different data rates
and queue structures for equitable scheduling.
Table III provides an overview of the network efficiency
and fairness performance of FL-WFQ and DRPA in different
mobility models. Note that FL-WFQ surpasses DRPA in all
mobility scenarios, which is attributed to its adaptive weight
prediction and decentralized instruction design, in that it em-
ploys a decentralized learning mechanism. The results clearly
indicate that FL-WFQ maintains higher fairness and efficiency
across all mobility models due to its learning-based adaptive
mechanism.

This is similar to the efficiency improvements, which can
range from 7.31% under the Random Walk 2D model to a
maximum of 119.22% under the Random Direction 2D model,
having a mean gain of 49.38%. This remarkable improvement
illustrates the flexibility of FL-WFQ in dynamically distribut-
ing bandwidth according to the shifting rates of data and link
environments, as well as the static proportional allocation used
by DRPA. The fairness index improves by around 38.62%; the
highest improvement (54.79%) is recorded when the model
moves in Random Direction 2D. This shows that FL-WFQ
maintains a balanced bandwidth distribution in the sensor
nodes, even in the case of changing mobilities and different
traffic patterns. The outcomes clearly show that merging FL
with the WFQ architecture supports more effective utilization
of throughput and fairness. The flexibility of FL-WFQ is ad-
vantageous in mobile WSNs under dynamic network topology
and data traffic. Overall, FL-WFQ shows strong performance

improvement in throughput capacity and fairness, confirming
the use of FL in WFQ for mobility-aware edge networks.

FL-WFQ consistently performs better across all mobility
models because it can adapt to changing network conditions
during operation. As sensor nodes move, factors such as link
quality, traffic load, and queue occupancy change continuously.
Unlike DRPA, which allocates bandwidth based only on
the average data rate, FL-WFQ learns from these changing
conditions through the federated learning process and updates
the queue weights accordingly. This allows the scheduler
to allocate bandwidth more effectively, resulting in better
resource utilization and a fairer distribution among sensor
nodes. The benefits become more evident in highly dynamic
mobility models, where frequent changes in network topology
make static allocation methods less effective.

Although FL-WFQ achieves better efficiency and fairness,
DRPA still has practical advantages in certain scenarios. The
DRPA algorithm is simple to implement and requires very
little computation because bandwidth allocation is based only
on the data generation rate of each node. It does not require
model training, parameter updates, or communication between
participating nodes, making it suitable for small-scale or rela-
tively static wireless sensor networks where traffic conditions
remain stable. In such deployments, the lower computational
and communication overhead of DRPA may be more beneficial
than the additional performance improvements offered by FL-
WFQ. However, as network mobility and traffic variability
increase, the adaptive learning capability of FL-WFQ becomes
increasingly valuable.

D. Reproducibility

All simulation parameters, mobility models, and training
configurations are clearly defined to ensure reproducibility of
the results.

E. Simulation Workflow

The workflow includes scenario generation, dataset collec-
tion, federated model training, aggregation, and performance
evaluation under different mobility conditions. For example,
a typical simulation begins with initializing sensor nodes
and mobility models, followed by traffic generation based on
device characteristics. Local models are then trained at edge
nodes and aggregated at the central server. Finally, the updated
model predicts queue weights, which are used for bandwidth
allocation and performance evaluation.

V. CONCLUSION

The results demonstrate that FL-WFQ significantly out-
performs DRPA, achieving up to 119.22% improvement in
efficiency and 54.79% improvement in fairness. However, the
approach introduces additional computational overhead, which
will be addressed in future work through lightweight and
energy-aware optimization techniques. Despite its performance
advantages, the proposed FL-WFQ framework introduces ad-
ditional computational and communication overhead due to
local model training and federated aggregation. These require-
ments may affect deployment in highly resource-constrained
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Fig. 6. Comparison of Efficiency between FIFO, DRPA, and FL-WFQ with different mobility models. FL-WFQ has the highest overall utilization, particularly
on Gauss–Markov and Random Waypoint models.

Fig. 7. Fairness comparison between mobility models. All the time, FL-WFQ presents a higher fairness index than FIFO and DRPA, evidence for adaptive
balancing of queues.

sensor nodes. Lightweight neural architectures, model pruning,
and edge-assisted training mechanisms may help reduce these
costs in future implementations. Although FL-WFQ requires
additional computation for model training and aggregation, the
performance gains in terms of efficiency and fairness justify
this overhead in dynamic wireless sensor networks. On the
other hand, DRPA remains a suitable alternative for applica-
tions with limited computational resources or relatively stable
traffic conditions, where a simple and lightweight allocation
strategy is sufficient. Future work will explore energy-efficient
FL models and scalability improvements for large-scale WSN
deployments.
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