2025 IEEE International Conference on Systems, Man, and Cybernetics (SMC) | 979-8-3315-3358-8/25/$31.00 ©2025 IEEE | DOI: 10.1109/SMC58881.2025.11342616

2025 IEEE International Conference on Systems, Man, and Cybernetics (SMC)

October 5-8, 2025. Vienna, Austria

Privacy-Preserving Estimated Time of Arrival
Prediction with Lightweight Multi-Task Federated
Learning

Jiahui Zhai', Jing Bi'!, Haitao Yuan?, Ziqi Wang?, Hongyao Ma', Chen Wang' and Jia Zhang*

!College of Computer Science, Beijing University of Technology, Beijing, 100124, China
2School of Automation Science and Electrical Engineering, Beihang University, Beijing, 100191, China
3School of Software Technology, Zhejiang University, Ningbo 315100, China
4Dept. of Computer Science, Southern Methodist University, Dallas, TX 75275, USA

Abstract—Accurate estimated time of arrival (ETA) predic-
tion for long vehicular trips remains challenging in intelli-
gent transportation systems (ITS) due to heterogeneous traffic
patterns and limited local data availability. While federated
learning (FL) addresses privacy concerns by decentralizing
data training, traditional FL frameworks often struggle with
high computational costs and poor adaptability to multi-task
scenarios. To overcome these limitations, this paper proposes a
Lightweight Multi-task Federated Learning (LMFL) framework
for efficient and privacy-preserving ETA prediction. LMFL in-
tegrates a novel SE-CIFG, combining a Squeeze-Excitation (SE)
attention module to prioritize critical spatio-temporal features
and a Coupled Input and Forget Gate (CIFG) to simplify
long-term traffic dependency modeling. Additionally, LMFL
employs a Federated Gradient Compression Algorithm (Fed-
GCA) to reduce communication overhead between edge and
cloud using adaptive thresholding and sparse tensor encoding.
Real-world traffic simulation dataset demonstrates that LMFL
achieves significantly higher predictive accuracy compared to
existing methods, achieving an average 17.1% improvement in
prediction precision while reducing training time by 4.1%.

Index Terms—Estimated time of arrival, travel time predic-
tion, federated learning, vehicular networks, intelligent trans-
portation systems.

I. INTRODUCTION

With the rapid advancement of technologies such as artifi-
cial intelligence and edge computing, intelligent transporta-
tion systems (ITS) focus has shifted from infrastructure con-
struction to the overall optimization of system operations [1],
[2]. In this context, analyzing and applying large-scale real-
time traffic data have become particularly crucial. Among
various research directions, estimated time of arrival (ETA),
the technique of predicting the travel time of a vehicle!
required from an origin to a destination at a specific time
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TETA can also refer to the time needed for aircraft, ships, and computer
files to reach their destinations. However, this paper focuses on vehicle
movement.

has emerged as a core topic in ITS research [3]. Accurate
and efficient ETA prediction enhances traffic management
systems’ effectiveness and significantly improves the travel
experience.

Machine learning (ML) methods have been successfully
employed in multiple transportation domains to achieve high-
precision ETA predictions [4]-[6]. Novak ef al. [4] introduce
a recursive ML framework for 15-minute-interval urban travel
time forecasting. Li et al. [5] present the integration of
crowdsourced speed data with general transit feed spec-
ification and interaction networks to model transit-traffic
interactions in urban roads. Huang et al. [6] propose a graph
transformer framework for travel time estimation to optimize
transportation systems and enhance urban mobility. However,
the above studies pose significant risks of data breaches and
associated damages. To address data accessibility and privacy
challenges, federated learning (FL), a decentralized training
framework, has gained significant attention as a privacy-
preserving solution that enables secure modelling processes
without centralized data sharing [7], [8]. However, traditional
FL often suffers from high computational costs and limited
adaptability to multiple tasks, restricting their efficiency and
practicality in real-world applications.

Unlike the above-mentioned studies, this work proposes a
Lightweight Multi-task Federated Learning (LMFL) to jointly
achieve privacy-preserving, efficient, and versatile collabo-
rative learning. Specifically, LMFL leverages a lightweight
ETA prediction model named SE-CIFG, which integrates
Squeeze-Excitation (SE) attention module and Coupled Input
and Forget Gate (CIFG) to enhance prediction performance.
LMFL leverages the SE attention module to automatically
prioritize influential spatial-temporal features in traffic data
by smartly adjusting the weight of different data channels.
Subsequently, it integrates CIFG to simplify information pro-
cessing through unified gating mechanisms, enabling efficient
capture of long-term traffic pattern dependencies. Moreover,
it employs a Federated Gradient Compression Algorithm
(Fed-GCA) to reduce the data transmission cost between edge
and cloud for improving the efficiency of ETA prediction
using adaptive thresholding and sparse tensor encoding. A
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dataset collected from real-world simulated environments is
utilized to evaluate LMFL. Experimental results demonstrate
that LMFL outperforms other comparative algorithms, con-
firming its capability to achieve more accurate ETA predic-
tions.

II. PROPOSED METHODOLOGY

This section presents the problem definition and an
overview of LMFL. Three components, including the
lightweight ETA prediction model, gradient compress al-
gorithm, and multi-task FL framework, are integrated into
LMFL to enhance the prediction accuracy for ETA in dis-
tributed ITS.

A. Problem Definition
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Fig. 1. Multi-vehicle data collection within a BS’s coverage.

Fig. 1 illustrates multiple vehicles traversing a networked
region through distinct trajectories. As each vehicle enters
and exits the coverage area (marked by a red circle) of the
centrally located base station (BS), it records and transmits
corresponding timestamps and location data. BS serves as the
primary data aggregation point. Each vehicle travels a unique
path through the networked region. This enables analysis of
coverage duration and data exchange events. Let J denote
a set of traffic BSs, and J represents the number of traffic
BSs. To characterize real-time road traffic dynamics, each
BS j (1<j<J) calculates the ETA z;(t) at time ¢ for all
vehicles that traversed its coverage area during the preceding
time interval At (e.g., 1 sec.). BSs subsequently conduct
ETA predictions with historical data. Specifically, we de-
fine (x;(t-+(1-1)At), z;(t+(2—1)At), ..., z;(t)) as the input
data sequence for BS j when predicting future ETA values
at time ¢. [ represents the temporal lag parameter. We define
(&;(t+AL), &, (t4+2At), ..., 2;(t+hAt)) as the correspond-
ing multi-horizon prediction outputs. Z;(-) denotes predicted
ETA values and / indicates the maximum prediction horizon.

To ensure accurate ETA predictions, each traffic BS trains
ML models using locally collected traffic data and solves the
following optimization problem:

S

arg H}},“Z;f(w;wj,i»yj,i% 1)

where S; denotes the total number of training samples in
the local dataset of BS j. The input sequence ¢ is defined
as  Tj;= (iCj,l(t+(1—l)At)7 xj’z(t+(2—l)At), RN 7£Cj’i(t)),
and its corresponding multi-horizon target output is
Yji= (Jﬁj,i(t-i-At), T (t—|—2At), e ,l‘j7i(t+hAt)). Here,
f(w;x;;,y;,) represents the loss function of the ML model
with parameters w. It is evaluated on the training pair
(x4,9j:). f(-) critically influences the FL performance
and depends on the application context.

B. Lightweight ETA Prediction Model

Long short-term memory (LSTM) achieves high accuracy
when predicting time series data [9]. As a variant of the
LSTM model, CIFG reduces the structural complexity of
LSTM without compromising prediction accuracy [10]. Un-
like standard LSTM that employs separate input and forget
gates, CIFG simultaneously uses a single gate to control both
the input and the cell state’s recursive connection. In practice,
CIFG reduces training time by about 20%. Table I shows the
corresponding formulas of each structure in the CIFG unit.

TABLE I
CORRESPONDING FORMULA OF EVERY STRUCTURE IN CIFG
UNIT
Structure Equation
Input gate tt=0(W;lht—1, z¢]+b;)

Forgetting gate
Cell state of current input
Current cell state
Output gate

_Ji=o(Wlht—1,2]+by)
Ci= tanh(Wc [ht71, :l‘t}—‘rbp)
Ci=ftxCt_1+(1—f1)xCt
or=0(Wolht—1,zt]+bo)

Furthermore, we choose the squeeze-excitation (SE) mod-
ule because of its lightweight design and ease of integration
into various neural networks to enhance the prediction ac-
curacy of CIFG [11]. As shown in Fig. 2, SE operates in
three main steps. First, it extracts the feature map from the
input and applies a squeeze operation. Second, it introduces
an excitation function to generate a weight matrix. Finally, it
multiplies the weight matrix with the feature map to complete
the attention operation. Therefore, we design a lightweight
ETA prediction model named SE-CIFG.

JODODO-Annnnn

Squeeze Excitation

Input Characteristic map Multiplication Output

Fig. 2. Structure of SE attention module.

C. Gradient Compress Algorithm

In the horizontal FL framework, each BS needs to send
updated parameters to the cloud during each training round
to complete parameter aggregation and obtain the aggre-
gated gradient parameter of each training round. Aggre-
gating parameters calculated by all BSs result in massive
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transmission and time costs. To solve this problem, some
BSs are usually selected as the dataset source of training,
and the appropriate GCA calculates the parameter results of
each round. We propose Fed-GCA to reduce the number of
parameter transmissions in the training process and improve
the efficiency of gradient aggregation calculation. Fed-GCA
is expected to improve the overall efficiency of distributed
training without losing training information. Different from
standard horizontal FL algorithms, such as FedAvg [12],
FedProx [13], etc., Fed-GCA carries out local gradient accu-
mulation on the gradient generated by each round of training
through threshold judgment in BSs, then uploads the qualified
gradient to the cloud to complete the gradient descent process
to obtain the result of each round of training. Fed-GCA
operates in each BS, aiming to reduce the gradient to zero.
Let GJ denote the gradient generated by BS j in the r
training round. G is updated as:

SA
) . 1 J
Gr=Gr+5V ) f(wizji y)- )
i=1
The gradient clipping function is introduced to clip the
obtained results, which is defined as:

G =TLocal_gradient_clipping(GY.). 3)

Fed-GCA sets a threshold T' for local gradient accumu-
lation on each parameter w. If gradients exceed 7', they
are transmitted immediately. If they fall below 7', they are
accumulated until they reach 7', and then they are transmitted.
Fed-GCA reduces the number of gradient transmissions and
the total amount of transmitted data. To address the lag
caused by local gradient accumulation, we make 7" dynamic.
If more than n gradients consistently fall below the current
T, we lower T to the highest value among these gradients.
Conversely, if more than n gradients exceed the current 7', we
raise T' to the lowest value among them. Thus, T is updated
as follows:

min{|g|€G]|lg|>T},  ifl{|gl€eGilg|>T} >n,
max{|g|€G||g|<T}, if[{|gleGllg|<T}>n, 4)
T, otherwise.

T=

Finally, Fed-GCA obtains the aggregation gradient G,- and
the parameter w, which are expressed as:

J
1 .
G=5> G, (5)
J=1
w, 1=w,+nE[G.], (©)

where 7) represents the learning rate.

D. Multi-Task FL Framework

We propose LMFL to address the challenge of limited local
training data and to enhance prediction accuracy. Specifically,
BSs first apply divisive hierarchical clustering to split their
local data into multiple clusters. Then, LMFL is used to
collaboratively train a prediction model for each data cluster
across all traffic BSs. As shown in Fig. 3, LMFL employs a
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Fig. 3. LMFL model for ETA prediction.

divisive clustering method at each BS to partition the local
data into M clusters. LMFL addresses the strong spatio-
temporal correlations often observed in BS-collected traffic
data, where similar traffic tasks frequently recur. Factors that
are used to distinguish these tasks include road types (e.g.,
highways, city streets, rural roads), vehicle categories (e.g.,
passenger cars, trucks, public transport), and temporal factors
(e.g., peak hours, off-peak hours, seasonal variations). As
a result, each cluster represents a distinct traffic task with
the collected traffic data. Once the local data is divided into
distinct clusters, LMFL trains the ETA prediction models.
Specifically, LMFL aims to solve the following optimization
problem for each data cluster [14]:

argminF,, (w,,),Vme{l,..., M}, @)

wy, €ER
1 Sm.g

F, (wm) = Si Z Z f (wm; mm,j,iaym,j,i)
(m) jeg i=1 (8)
1
= TZFm,j(wm)a

(m) jeg

where (2, i, Ym, ;i) denotes the training data sample ¢
belonging to cluster m at BS j. Sy, ; is the total number

of such samples. Furthermore, .S'(m)é > jed Sm,j represents
the total number of training data samples in cluster m across
all BSs. Lastly, Fm,]é SIS (Wt i Ymogii) denotes
the loss function for cluster m at BS j.

To solve (8), LMFL uses an iterative update scheme, as
illustrated in Algorithm 1. First, cloud initializes a global
learning model with parameters w,, o for each cluster
me{l,..., M} and distributes these parameters to the BSs.
Then, each BS applies stochastic gradient descent using its
local data from cluster me{1,..., M} to update the learning
models with the received global parameters at the first
communication round r=1, which is expressed as:

Win,r41,j =W j TNV Fon (Wi ), TET - ©)

Afterwards, each traffic BS transmits its updated model
parameters to the cloud via the uplink. Cloud then aggregates
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all received local parameters to update the global model
parameters, as follows:
W, r = S(lm) Z Sm,jwm,r,j- (10)
JjeJg
The updated global model parameters are then sent to all
traffic BSs. This marks the completion of one communication
round. In each new round, the cloud and the BSs repeat the
same process. During LMFL, both local and global models
undergo iterative refinements, causing the total loss function
F,,(w,,) for each data cluster (m € {1, ..., M}) to decrease
continuously [15]. As a result, BSs achieve higher accuracy
in ETA predictions for any local data cluster and effectively
address the problem of limited local training data. In addition,
because the BSs do not transmit large raw datasets, LMFL
safeguards privacy and reduces communication costs.

Algorithm 1: LMFL for the ETA prediction

Input: Traffic BSs set (J), total number of data
samples (5), loss function (F'), number of the
clusters (M), number of communication
rounds (R), learning rate (1)

Output: ETA prediction model for different traffic

tasks

/+ Initialization process */

1 According to the chosen clustering criteria (e.g., road
types, vehicle categories, temporal factors), each
traffic BS applies a divisive clustering method to
split its collected data into M clusters;

2 Cloud initializes a global learning model with
parameters wy, o for each data cluster
me{l, ..., M};

/+ Fed—-GCA process */

3 for r<-0 to R—1 do

4 Cloud sends w,, ;- to all BSs;

5 BS j trains SE-CIFG by (9) on its data cluster m,

obtaining w,y, ,;, which is then sent to the
cloud;

6 Cloud aggregates the model parameters w,, , ;

obtained from the BSs and updates the global
learning model parameters w,, , according to

(10);

7 end

III. PERFORMANCE EVALUATION

This section presents the simulation settings and datasets.
Then, LMFL is compared with its state-of-the-art peers and
ablation experiments to predict ETA in distributed ITS.

A. Simulation Settings

This work presents a comprehensive set of ablation and
comparison experiments to demonstrate the performance of
LMFL. We compare LMFL with LSTM and FedAvg. Fur-
thermore, SE and CIFG serve as state-of-the-art benchmark
peers for conducting ablative experiments. All algorithms are
independently repeated 10 times, and the average-performing

Fig. 4. Simulation map.

ones are selected through a testing set to yield the final
comparison results. This work aims to predict the ETA for
the following short-term (5 mins.), mid-term (15 mins.), and
long-term (30 mins.). All experiments use PyTorch on a
computer with an Intel® Xeon® Gold 6152 CPU with 10-
core 2.1GHz processors, 30GB of memory, and an NVIDIA
GeForce RTX 3090 GPU. The simulation platform is SUMO
version 1.16.02, one of the most widely used open-source
microscopic traffic simulators. This SUMO-generated map
depicts four distinct regions in Fig. 4, each reflecting a typical
road configuration for a specific context.

B. Datasets

This work focuses on predicting ETA, and we utilize
the simulation dataset collected by SUMO. The training
data is divided according to the collected time in the di-
visive hierarchical clustering to implement LMFL. In the
simulation, we consider the traffic data collected with time
interval At=1 sec., over a total simulation duration of a
weekday with 24 hours. This work employs a synthetic data
generation procedure to model vehicular mobility across four
heterogeneous BSs within a 500-unit coverage area, resulting
in 10,080 unique vehicles, each assigned a single origin-
destination pair. We record vehicle positions with periodic
GPS updates, including information at the trip’s start and
during the journey. Each record contains a vehicle ID, current
coordinates, the timestamp when the vehicle entered the BS,
the current timestamp, and the BS affiliation. We preserve
time consistency from trip initiation through intermediate
updates to final arrival. This ensures robust modeling for ETA
prediction.

C. Experimental Results

Table II summarizes the comparison results of all algo-
rithms on the dataset. There is the prediction task, which
utilizes all features from the dataset as input to predict the
target sequence. We predict the ETA given the dataset. To
evaluate the performance of LMFL and peer algorithms, root
mean squared error (RMSE), mean absolute error (MAE),

5284

Authorized licensed use limited to: Zhejiang University. Downloaded on January 31,2026 at 05:02:38 UTC from IEEE Xplore. Restrictions apply.



mean absolute percentage error (MAPE), and coefficient of
determination (R?) are used as metrics. Table II shows that
LMFL significantly outperforms other algorithms, obtaining
all the best results. Specifically, LMFL exhibits an average
reduction of 17.1% in MAE compared to the existing meth-

alignment with ground truth data, particularly excelling in
capturing complex temporal variations during rush hours.
These results highlight that SE, CIFG, and Fed-GCA all
enhance the prediction performance of LMFL.

ods. TABLE III
PERFORMANCE COMPARISON OF LMFL WITH SINGLE-TASK
FL
TABLE II
PERFORMANCE COMPARISON OF ALL METHODS WITH THE 2
DATA SET Methods | Terms | RMSE | MAE | MAPE | R
Single-task FL Short-term 177.0951 | 136.7670 | 0.7151 0.0660
Methods | RMSE | MAE | MAPE | R? LMFL 148.5816 | 119.7455 | 0.6001 | 0.3423
LSTM+FedAvg | 183.4663 | 148.7035 | 0.7734 | -0.0027 Single-task FL Mid-term 189.5041 | 153.7106 | 0.8093 | -0.0691
LMFL 179.6178 | 144.8890 | 0.7553 | 0.0395
CIFG+FedAvg | 183.5888 | 148.7462 | 0.7717 | -0.0041
Single-task FL Long-term 188.0920 | 152.7019 | 0.8098 | -0.0528
SE-CIFG+FedAvg | 180.5738 | 144.2538 | 0.7230 | 0.0115
LMFL | 148.5816 | 119.7455 | 0.6001 | 0.3423 Table III shows ETA prediction accuracy for three max-

Note:

1) Boldfaced results in each partition typically show the lowest RMSE,
MAE, MAPE, and R? values.

2) LMFL training completes global model convergence in a single training
session.

Ground Truth
——LSTM+FedAvg

1 \\11"1‘! Hﬂ‘ I

Ground Truth
—— CIFG+FedAvg

Ground Truth
—— SE-LSTM+FedAvg

Ground Truth
—— SE-CIFG+FedAvg

— Ground Truth
—— LMFL

ITTYF A

Travel Time (sec.) Travel Time (sec.) Travel Time (sec.) Travel Time (sec.) Travel Time (sec.)

Time of Day

Fig. 5. Prediction results of different algorithms on the test dataset.

Fig. 5 illustrates the prediction results of five algorithms
for the entire test set of the dataset. All algorithms accurately
capture the daily travel time trends without overfitting. Both
LSTM and CIFG exhibited relatively poor fitting perfor-
mance, failing to capture the trend variations in the se-
quence. SE-LSTM+FedAvg closely follows the ground truth
for peak periods (e.g., morning and evening rush hours).
SE-CIFG+FedAvg performs better in modeling short-term
fluctuations, such as abrupt changes during midday, aligning
well with ground truth variations. LMFL exhibits the highest

imum prediction time horizons, i.e., short-term (5 mins.),
mid-term (15 mins.), and long-term (30 mins.) compared
with single-task FL for the dataset. As shown in III, LMFL
improves prediction accuracy compared to single-task FL in
all three maximum prediction time horizons. In particular,
compared with the traditional single-task FL, its counterpart
in the FL can achieve a better ETA prediction, highlighting
the importance of performing collaborative training for traffic
prediction. More importantly, LMFL obtains more accurate
ETA predictions than the single-task FL, showing the ne-
cessity of using a multi-task learning framework to enhance
the ETA prediction performance further. Specifically, LMFL
exhibits an average reduction of 7.0% in MAE compared to
the single-task FL.

TABLE IV
ABLATION STUDIES OF LMFL WITH THREE METHODS

Methods | RMSE | MAE | MAPE | R2
wio SE | 152.4238 | 123.0060 | 0.6185 | 0.3078
wlo CIFG | 150.7497 | 121.5366 | 0.6120 | 0.3229
wlo Fed-GCA | 180.5738 | 144.2538 | 0.7230 | 0.0115
LMFL | 148.5816 | 119.7455 | 0.6001 | 0.3423

Table IV shows the ablation studies of LMFL with three
methods. The addition of each method can improve the
prediction. Specifically, SE improves the prediction perfor-
mance by 2.7% (123.0—119.7) in MAE, CIFG and Fed-GCA
enhances the prediction performance by 1.5% (121.5—119.7)
and 17.0% (144.3—119.7) in MAE. The reason is that SE dy-
namically amplifies critical spatial-temporal patterns in traffic
data by reweighting channel-wise features. CIFG simplifies
learning through unified gates, effectively modeling long-
term traffic dependencies with lower computational overhead.
Fed-GCA contributes the most significant gain by compress-
ing transmitted gradients through adaptive thresholding and
sparse encoding, reducing communication overhead while
maintaining prediction reliability. LMFL optimizes feature
extraction efficiency and collaborative learning performance,
ultimately minimizing prediction errors.
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Comparison of Training Time for Different Algorithms
T T T
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Fig. 6. Training time of five algorithms.

Fig. 6 compares the training time of five algorithms given
the dataset. It is observed that the training time of LMFL
does not significantly increase with adding more features.
This indicates that LMFL’s training efficiency (the prediction
accuracy ratio to training time) is greatly improved compared
to the other algorithms. Additionally, LMFL’s training time
is lower than SE-LSTM+FedAvg and SE-CIFG+FedAvg by
4.1% on average. The reason is that Fed-GCA reduces com-
munication overhead between edge and cloud using adaptive
thresholding and sparse tensor encoding.

-= LSTM+FedAvg
021 -o CIFG+FedAvg
| -+ SE-LSTM+FedAvg|
- |* SE-CIFG+FedAvg
S [*-LMFL i

Training Loss

S
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Fig. 7. Training loss values of different methods.

Fig. 7 shows the loss values of different methods. After
iteration 5, it is evident that LMFL’s loss values are compar-
atively smaller than those of other models. This demonstrates

Forget Gate (CIFG) with Federated Gradient Compression
Algorithm (Fed-GCA), LMFL achieves privacy-preserving
collaborative learning while maintaining computational ef-
ficiency and adaptability to diverse traffic tasks. SE en-
ables dynamic identification of critical spatial-temporal fea-
tures, while CIFG simplifies long-term dependency mod-
eling. Fed-GCA further reduces communication overhead
through adaptive gradient compression, making LMFL suit-
able for resource-constrained edge devices. Experiments on
real-world simulated datasets confirm LMFL’s accuracy and
efficiency superiority over existing methods. Specifically, it
improves the prediction accuracy and training efficiency by
17.1% and 4.1% on average compared with existing methods,
respectively.
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