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ABSTRACT: Traffic flow prediction is a key component of intelligent transportation systems, particularly in data-
scarce regions where traditional models relying on complete datasets often fail to provide accurate forecasts. These
regions are characterized by limited sensor coverage and sparse data collection, pose significant challenges for existing
prediction methods. To address this, we propose a novel transfer learning framework called transfer learning with deep
knowledge distillation (TL-DKD), which combines graph neural network (GNN) with deep knowledge distillation
to enable effective knowledge transfer from data-rich to data-scarce domains. Our contributions are three-fold:
(1) We introduce, for the first time, a unique integration of deep knowledge distillation and transfer learning, enhancing
feature adaptability across diverse traffic datasets while addressing data scarcity. (2) We design an encoder-decoder
architecture where the encoder retains generalized spatiotemporal patterns from source domains, and the decoder fine-
tunes predictions for target domains, ensuring minimal information loss during transfer. (3) Extensive experiments
on five real-world datasets (METR-LA, PeMS-Bay, PeMS03/04/08) demonstrate the framework’s robustness. The
TL-DKD model achieves significant improvements in prediction accuracy, especially in data-scarce scenarios. For
example, the PEMSD4 dataset in multi-region experiments, it achieves a mean absolute error (MAE) of 20.08, a
mean absolute percentage error (MAPE) of 13.59%, and a root mean squared error (RMSE) of 31.75 for 30-min
forecasts. Additionally, noise-augmented experiments show improved adaptability under perturbed data conditions.
These results highlight the framework’s practical impact, offering a scalable solution for accurate traffic predictions in
resource-constrained environments.
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1 Introduction
The rapid growth of urbanization and transportation infrastructure has led to a significant increase in

vehicle numbers, placing substantial pressure on urban transportation networks. This expansion underscores
the urgent need for efficient traffic management, particularly in mitigating congestion and improving
mobility. Intelligent transportation systems (ITS), especially traffic flow prediction, have become essential
tools for enhancing traffic management and optimizing travel routes. However, the accuracy of traffic
flow forecasting is largely dependent on a large amount of historical data. In reality, traffic data is often
incomplete due to monitoring equipment failures, maintenance updates, or data transmission accidents.
This missing data can lead to misinterpretations of current traffic conditions and significantly weaken the
predictive performance of traffic models, thereby undermining the effectiveness of ITS in addressing urban
transportation challenges.

Traffic flow prediction has evolved in recent years with the use of statistical, machine learning, and deep
learning models. Statistical models, such as the historical average (HA) [1] and autoregressive integrated
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moving average (ARIMA) [2] models, rely on large volumes of historical data but are limited by their linear
assumptions, making them inadequate for capturing complex spatiotemporal patterns. Machine learning
methods, including support vector machines (SVM) [3], k-nearest neighbors (KNN) [4], and random
forests [5], excel at handling nonlinear relationships and complex patterns but often struggle to capture
spatiotemporal correlations in traffic data, which can impact prediction accuracy. Deep learning models,
such as convolutional neural network (CNN) [6] and recurrent neural network (RNN) [7], can automatically
extract features from data but struggle with the dynamic, long-term dependencies inherent in traffic flow,
requiring large amounts of labeled data.

To address these challenges, graph-based models, such as graph neural networks (GNN) [8] and graph
convolutional network (GCN) [9], have emerged as promising approaches by representing traffic data as
graph structures, effectively capturing both spatial and temporal dependencies and improving prediction
accuracy. However, traditional methods often struggle in data-scarce regions, where achieving high accuracy
is particularly difficult. To address this, this study focuses on reducing model complexity and improving
prediction accuracy through transfer learning. Building on graph neural networks, we propose a model
that combines transfer learning and deep knowledge distillation techniques to enhance feature extraction
and prediction accuracy by leveraging knowledge transfer strategies. The contributions of this paper are as
follows:

1. Novel integration of transfer learning and deep knowledge distillation in GNN framework: This study
introduces a novel integration of transfer learning and deep knowledge distillation within a GNN
framework to address data scarcity in traffic prediction. Unlike traditional models that struggle with
generalization in data-scarce regions, our approach leverages knowledge from data-rich domains to
enhance prediction accuracy in data-scarce environments. This combination improves feature adapt-
ability across diverse datasets and bridges a critical gap in existing literature by enabling effective
knowledge transfer between domains with varying data availability.

2. Advanced encoder-decoder architecture for robust knowledge transfer: We propose an encoder-
decoder architecture designed for efficient spatiotemporal knowledge transfer. The encoder captures
generalized spatiotemporal patterns from source domains, while the decoder adapts these features to
target domains. This design minimizes information loss during transfer, addressing a key limitation in
traditional methods. Our model achieves robust performance across traffic scenarios and reduces the
need for extensive retraining by effectively preserving and transferring learned features.

2 Related Work

2.1 Traffic Flow Prediction
Traffic flow prediction initially emerged as a univariate time series forecasting task but has since evolved

into a typical example of multivariate time series prediction. Early approaches primarily relied on statistical
methods to forecast future traffic patterns. For instance, the HA model is a linear method that predicts
traffic flow by calculating the average of historical data. The ARIMA model combines autoregressive, moving
average, and differencing components to capture various patterns in time series data. These methods are
primarily linear and based on specific static assumptions, which limit their ability to handle the complex and
highly nonlinear nature of traffic data. With the emergence of machine learning, several classical methods
were introduced for traffic flow prediction, including SVM, KNN, and random forests. Although these
methods are effective at capturing nonlinear features in traffic data, they heavily rely on manually designed
feature engineering, restricting the model’s capacity to handle feature extraction autonomously.
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In recent years, deep neural networks have dominated traffic flow prediction due to their ability to
model complex nonlinear features in spatiotemporal data efficiently. CNN and RNN are particularly popular
in this domain. CNN are especially powerful in extracting spatial features, while RNN are well-suited for
modeling temporal dependencies. As a result, they have become popular choices for traffic prediction, as
they can automatically extract features from data without human intervention. However, traditional RNN
often face issues such as vanishing and exploding gradients when handling long sequences. To address these
challenges, long short-term memory (LSTM) network and gated recurrent unit (GRU) were introduced.
Zhao et al. [10] proposed a novel traffic flow prediction model based on LSTM, where the LSTM network
is composed of multiple memory units, capturing both spatial and temporal dependencies in traffic flow. In
contrast to LSTM, GRU has a simpler structure with only an update gate and a reset gate, and it requires
less computational effort. However, in some tasks, GRU’s performance is comparable to that of LSTM. Fu
et al. [11] discussed the use of LSTM and GRU for traffic flow prediction, marking the first application of
GRU in this field. Dai et al. [12] proposed a short-term traffic flow prediction framework that integrates
spatiotemporal analysis with GRU, deeply analyzing the spatiotemporal features of traffic data and improving
prediction accuracy.

Although CNN have shown some success in traffic flow prediction, they typically require converting
traffic network data into a grid-like format similar to images, potentially losing real topological information
of the traffic network. To address this, Scarselli et al. [13] introduced GNN and their variant, GCN,
designed to handle data with a clear graph structure, such as traffic flow. These models can capture complex
relationships between nodes while considering the topological structure of the entire network. Wu et al. [14]
proposed a hybrid deep learning model combining GCN with LSTM, where GCN extracts the topological
structure of traffic data, and LSTM captures the temporal features. Ye et al. [15] proposed a meta graph
transformer (MGT) framework, which extends the Transformer model to simulate the dynamics of traffic
data while accounting for its spatiotemporal heterogeneity. Yu et al. [16] introduced a spatial-temporal
graph convolutional network (STGCN), which combines the strengths of GCN and CNN. GCN handles
spatial data, enabling the model to learn and understand dependencies between different locations in
the traffic network, while CNN processes time-series data, helping the model capture dynamic changes
in the temporal dimension. This combination allows STGCN to simultaneously address both the spatial
structure and temporal dynamics of traffic flow data. Song et al. [17] built upon STGCN by incorporating
a synchronization mechanism, proposing a Spatial-Temporal Synchronous Graph Convolutional Network
(STSGCN). This model samples innovative spatiotemporal synchronous convolution blocks, capturing
localized spatiotemporal correlations and handling the heterogeneity in spatiotemporal data. Unfortunately,
its receptive field is too limited to capture global spatio-temporal features. Recently, Liu et al. [18] proposed
a multi-step dependency relation (MSDR) framework, for handling various time series forecasting tasks, by
combining different types of GNN. Li et al. [19] proposed spatial-temporal fusion graph neural networks
(STFGNN), a method that improves traffic flow prediction by fusing spatial and temporal graphs across
different periods, demonstrating significant performance gains.

Recent studies have enhanced traffic flow prediction accuracy through innovative techniques. Harrou
et al. [20] proposed using wavelet transforms to decompose traffic data into frequency components for more
effective deep learning models, capturing both short-term fluctuations and long-term trends. Similarly, Zer-
oual et al. [21] introduced a hybrid observer-based strategy to estimate traffic density and detect congestion.
By combining a piecewise linear switching model (PLSM) with generalized likelihood ratio (GLR) hypothesis
testing, the method effectively identifies congestion using observer residuals. These approaches demonstrate
the potential of integrating model-driven methods with advanced monitoring technologies to improve the
reliability and performance of traffic flow prediction and management systems.
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2.2 Transfer Learning for Traffic Flow Prediction
Transfer learning has become a critical technique to address data scarcity in traffic flow prediction by

leveraging knowledge from data-rich domains. Existing approaches can be broadly categorized into feature-
based, instance-based, and parameter-based methods. For example, Krishnakumari et al. [22] transformed
traffic data into images and employed pre-trained CNN to extract features, facilitating cross-domain traffic
state identification. While effective in some scenarios, this method struggles to capture the dynamic spatial-
temporal dependencies inherent in traffic networks. Similarly, the clustering-based transfer model for
prediction (CTMP) [23] transfers historical data from source regions to predict traffic speed in data-scarce
areas, but it lacks adaptability to heterogeneous road network structures. Adaptive methods, such as those
proposed by Li et al. [24], introduce domain adaptation loss functions to dynamically align source and target
distributions. However, these methods often require extensive retraining and can fail to preserve generalized
spatiotemporal patterns during the transfer process.

Recent advancements have integrated GNN with transfer learning to address some of these limitations.
Yao et al. [25] introduced the adaptive spatial-temporal graph convolutional network (Ada-STGCN),
which combines adversarial domain adaptation with spatial-temporal GCN to facilitate knowledge transfer
across traffic networks. While Ada-STGCN successfully captures domain-invariant features, its reliance on
adversarial training can lead to instability in cases involving significant domain shifts. Similarly, Mallick
et al. [26] apply diffusion convolutional recurrent networks to transfer models across regions, but it faces
challenges in handling subtle data variations and noise. These approaches primarily focus on spatial-temporal
correlations but tend to overlook the potential of knowledge distillation to improve feature adaptability and
model efficiency. Zhang et al. [27] proposed a transfer learning-based LSTM model that uses dynamic time
warping (DTW) to evaluate the similarity between traffic information from different locations, transferring
the most similar data to the target domain to enhance prediction performance.

3 Methodology
In this section, we propose a traffic flow prediction model based on graph neural networks, optimized

using transfer learning, as shown in Fig. 1. The model consists of two networks, Network 1 and Network 2,
both with an encoder-decoder structure. The main idea is to use complete traffic data from the source domain
to simulate traffic scenarios with sparse data, as well as new traffic data with subtle variations collected
from the same region and from different regions, which serve as the target domain data. By leveraging the
similarity between the source and target domain data, the model, which is initially trained on the source
domain data, is fine-tuned and then generalized to the target domain data.

3.1 Definition of the Prediction Problem
Traffic flow prediction is the process of modeling historical traffic data using mathematical models,

machine learning, or deep learning techniques to estimate future or specific time period traffic conditions.
This can be represented by the following mathematical model:

[X(m−M0+1), ⋅ ⋅ ⋅ , X(m); G]
f (⋅)
�→ [X(m+1), ⋅ ⋅ ⋅ , X(m+M)] (1)

where X represents historical features such as traffic flow, speed, occupancy, and other related variables, G
represents the traffic network modeled as a graph, and f (⋅) is the mapping function, which maps historical
traffic data to a future time point. This function must be optimized through training.
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Figure 1: The TL-DKD model is a traffic flow prediction framework that combines transfer learning and deep
knowledge distillation, comprising two encoder-decoder networks (Network 1 and Network 2). The encoder processes
traffic data from the source domain to capture spatiotemporal patterns, with its layers frozen after training to retain
these features. The decoder fine-tunes the encoded features for the target domain, minimizing information loss, while
the output layer maps the refined features to final predictions and is fine-tuned for the target domain

3.2 Traffic Flow Prediction Model Using Transfer Learning
To validate the prediction performance of the complex model based on transfer learning, this paper

utilizes a deep knowledge distillation (DKD) [28] model for transfer learning. The model, trained on the
source domain, is transferred to the target domain task and fine-tuned with target domain data to enhance
performance. The combination of transfer learning and deep knowledge distillation is referred to as TL-
DKD. The DKD model introduces mutual learning and self-distillation algorithms based on the diffusion
convolutional recurrent neural network (DCRNN) model [29]. Self-distillation, a model compression
technique, improves performance through knowledge transfer within the model. Mutual learning, a special
form of distillation, enhances efficiency and performance without requiring a pre-trained teacher model, as
two student models learn from each other.

This paper uses DCRNN as the benchmark model, representing traffic flow as a diffusion process on a
directed graph, capturing spatial features through random walks, and combining GRU gated units to extract
temporal features. It employs a sequence-to-sequence framework and predetermined sampling to predict
traffic flow. Fig. 2 shows the network architecture of DCRNN, which utilizes an encoder-decoder structure.
The encoder converts an indefinite-length input sequence into a fixed-length context variable, while the
decoder decodes this variable into an output sequence. By modeling the road network as a directed graph,
nodes represent detectors, and the diffuse convolution layer is used to extract spatial correlations between
nodes. GRU is utilized to capture temporal dependencies, and the diffuse convolution replaces the matrix
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operation in GRU to form a diffuse convolutional gated recurrent unit. The decoder structure is similar to
that of the encoder and is used for the final traffic flow prediction.

Figure 2: The DCRNN model architecture is depicted in the diagram. This model combines diffusion convolution for
spatial dependency capture and GRU for temporal dependency modeling. The encoder-decoder structure processes
traffic data, with the encoder converting input sequences into context variables and the decoder generating traffic flow
predictions

To further enhance traffic flow prediction performance, a mutual learning and self-distillation algorithm
was introduced on top of the graph neural network DCRNN, constructing the DKD model. As illustrated
in Fig. 1, mutual learning is employed to build two networks with identical structures, enabling bidirectional
distillation during the training process. This means that the two networks can learn from each other’s
prediction results and update their own parameters and outputs based on these results. In the case of self-
distillation, the network is divided into shallow and deep structures, with the deep structure acting as a
teacher network to guide the shallow structure’s learning. This self-supervised approach helps the model
better extract and utilize data features, thereby improving the model’s prediction performance.

During model training, two loss functions are used: the kullback-leibler (KL) divergence and cross-
entropy loss (CE Loss). The KL divergence measures the similarity between the predicted probability
distributions of the two networks, while the cross-entropy loss evaluates the alignment between predicted
results and true labels. Overall, the total loss of the TL-DKD model consists of three components: cross-
entropy loss, mutual learning loss, and self-distillation loss. Specifically, they are as follows:

Lθ 1 = (1 − α)CELoss1 + αDKL (P2 ∥ P1) + KL (qEθ 1 , qDθ2) (2)
Lθ2 = (1 − α)CELoss2 + αDKL (P1 ∥ P2) + KL (qEθ2 , qDθ 1) (3)

where α is a weight coefficient used to measure the proportion of the mutual learning loss in the total
loss, which is set to 0.5 in the experiments [28]. qEθ 1 represents the encoder output of Net −Θ1, and qDθ2

represents the decoder output of Net −Θ2. Similarly, qEθ2 represents the encoder output of Network 2, and
qDθ 1 represents the decoder output of Network 1. KL (qEθ 1 , qDθ2) and represent the self-distillation loss and
the mutual learning loss, respectively. P1 and P2 represent the predicted probabilities output by Networks 1
and 2 during training. CELoss1 and CELoss2 represent the cross-entropy losses of Net −Θ1 and Net −Θ2,
respectively, while DKL (P2 ∥ P1) and DKL (P1 ∥ P2) represent the loss from mutual learning.
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The TL-DKD model consists of three main components: an encoding layer, a decoding layer, and an
output layer. The encoding layer serves as the feature extraction module, capturing the temporal and spatial
dependencies of traffic data. It encodes traffic flow patterns into high-dimensional feature representations,
which provide the foundation for subsequent predictions. During transfer learning, the encoding layer
is frozen after training on the source domain to retain the general spatiotemporal features learned from
the source data. This freezing strategy enhances the model’s generalization ability in the target domain, as
traffic data from different regions often exhibit similar spatiotemporal patterns. By preserving these learned
features, the model avoids the need to relearn them, saving both training time and computational resources.

Similarly, the decoding layer, which processes the high-dimensional features and transforms them
into predictions for future traffic flow or speed, is also frozen after training on the source domain. This
ensures that the prediction patterns learned from the source domain are retained and applied to the target
domain, maintaining the model’s accuracy and robustness. Freezing both the encoding and decoding layers
significantly improves the efficiency of transfer learning, especially in scenarios with limited target domain
data or large domain differences. This approach minimizes the need for extensive retraining while preserving
the model’s ability to generalize across different traffic scenarios.

The output layer maps the features from the decoding layer into final predictions, such as traffic flow
or speed. It adjusts the number of neurons and dimensions based on the specific requirements of the
target domain task to ensure prediction accuracy. The core of the output layer is the fully connected (FC)
layer, which transforms the hidden states from the decoding layer into outputs with dimensions that match
the target predictions. The activation function, typically rectified linear unit for traffic flow prediction,
introduces non-linearity into the model. During fine-tuning with target domain data, the primary focus is
on configuring the dimensions of the fully connected layer to align with task requirements, ensuring optimal
performance. This structured approach enables the TL-DKD model to efficiently adapt to new environments
while maintaining high prediction accuracy.

Based on the above TL-DKD model, this paper defines traffic flow prediction as the following process:

1. Determine the source domain dataset.
2. Determine the target domain dataset.
3. Train the model on the source domain data to learn the feature representations of the source

domain data.
4. Fine-tune the model on the target domain dataset by freezing the encoder and decoder layers, while

adjusting the output layer.
5. After training and fine-tuning, use the model to make predictions on the target domain dataset.

4 Experiments

4.1 Datasets
The effectiveness of our method is validated through experiments on two commonly used datasets,

collected every 5-min. These datasets are split into training, validation, and test subsets, with proportions of
60%, 20%, and 20%, respectively. The detailed information of these datasets is shown in Table 1.

The METR-LA dataset covers 207 traffic detectors in the Los Angeles area, with data recorded from 1
March 2012 to 30 June 2012. The dataset records traffic speed features every 5 min, including key attributes
such as traffic flow, speed, and occupancy. It contains a total of 34,272 data records.

The PeMS-Bay dataset is from the Bay Area of California, covering 325 traffic detectors, with data
recorded from 1 January 2017 to 31 May 2017. The dataset records traffic flow and speed features every 5 min,
totaling 52,116 data records.
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Table 1: Basic information of the datasets

Dataset Sensors Time range Time point Input dimensions Sampling interval
METR-LA 207 2012/3/1–2012/6/30 34,272 1 5 min
PeMS-Bay 325 2017/1/1–2017/5/31 52,116 1 5 min
PeMS03 358 2018/9/1–2018/11/30 26,208 1 5 min
PeMS04 307 2018/1/1–2018/2/28 16,992 3 5 min
PeMS08 170 2016/7/1–2016/8/31 17,856 3 5 min

The PeMS03 dataset covers 358 traffic detectors in the third district of California, with data recorded
from 1 September 2018 to 30 November 2018 spanning 91 days. The dataset records traffic speed information
every 5 min, totaling 26,208 data records.

The PeMS04 dataset covers 307 traffic detectors in the fourth district of California, with data recorded
from 1 January 2018 to 28 February 2018 over 59 days. The dataset records traffic flow, occupancy, and speed
features every 5 min, with a total of 16,992 data records.

The PeMS08 dataset covers 170 traffic detectors in the California region, with data recorded from 1 July
2016 to 31 August 2016 over 62 days. The dataset records traffic flow, occupancy, and speed features every 5
min, totaling 17,856 data records.

Table 1 presents a summary of two large-scale traffic flow datasets, each containing a substantial number
of vehicle sensors. These sensors provide detailed traffic data and cover a broad spatial range, which makes
them essential for traffic prediction. Fig. 3 illustrates the locations of the 207 sensors in the METR-LA dataset.

Figure 3: Visualization of sensors distribution in the METR-LA dataset
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4.2 Experimental Settings
Baseline models: To validate the model’s effectiveness, this study employs multiple datasets and

compares it against a series of baseline models, as described below:

1. Vector Autoregressive (VAR) Model: A multivariate time series analysis model capable of capturing
dynamic relationships between multiple sequences; however, the number of parameters increases with
the number of variables.

2. Support Vector Regression Model (SVR): A supervised learning model employed for classification
and regression. It predicts by finding the optimal separating hyperplane or decision boundary, which
requires proper parameter tuning.

3. Long Short-Term Memory Network: A specialized recurrent neural network that addresses the gra-
dient vanishing and explosion problems when processing long sequences, it requires adjustment of
several hyperparameters.

4. Diffusion Convolutional Recurrent Neural Network: A model that combines GCN and a variant of
RNN, capturing spatial and temporal dependencies.

5. Spatial-Temporal Graph Convolutional Network: A model that combines GCN and RNN to process
spatial and temporal data separately, capturing dependencies and dynamic changes in the traffic net-
work.

6. Spatial-Temporal Synchronous Graph Convolutional Network: A model that introduces a synchronous
mechanism to handle both temporal and spatial data simultaneously, effectively capturing local spatial-
temporal correlations.

7. Graph Wave Net: A model that combines graph convolution and dilated causal convolution to capture
spatial-temporal correlations; it also learns an adaptive adjacency matrix through node embedding to
handle hidden spatial dependencies.

8. Multi-Range Attentive Bicomponent Graph Convolutional Network (MRA-BGCN) [30]: The MRA-
BGCN model introduces a bicomponent graph convolution to model correlations between nodes and
edges, as well as an attention mechanism to capture spatial features. Additionally, GRU is used to capture
temporal features.

To evaluate the prediction performance of the optimized model, three metrics are used to assess the
difference between true and predicted values: mean absolute error (MAE), mean absolute percentage error
(MAPE), and root mean squared error (RMSE). The formulas for these metrics are as follows:

MAE = 1
n

n
∑
i=1
∣yi − f (xi) ∣ (4)

MAPE = 100%
n

n
∑
i=1
∣ yi − f (xi)

yi
∣ (5)

RMSE =


��� 1

n

n
∑
i=1
(yi − f (xi))2 (6)

where n represents the time steps for three metrics, yi and f (xi) denote the actual value and the predicted
value at the i-th time step, respectively. The smaller the values of these three metrics, the higher the predictive
accuracy of the model.

A grid search approach was used to optimize the performance of the TL-DKD model, identifying
the optimal hyperparameters. A range of values was defined for key hyperparameters including learning
rate, batch size, and number of neurons in the output layer. These hyperparameters were systematically
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evaluated using the training data to identify the best-performing combinations for traffic flow prediction.
Basic parameter settings are shown in Table 2.

Table 2: Basic parameter setting

Basic parameter Value
Batch size 32

Training epoch 150
Optimizer Adam

Learning rate 0.02
Output layer neurons 12

4.3 Experiment Results
4.3.1 Transfer Learning Based on Multi-Region Data

We have validated the model’s effectiveness under two distinct scenarios: one where traffic patterns and
characteristics exhibit significant differences, and another where the data undergoes subtle changes. These
experimental results demonstrate the model’s adaptability and performance across varying conditions. In
the transfer learning based on multi-region data experiments, we initially used the METR-LA and PeMS-
Bay datasets as source domain data for model training. Subsequently, the PeMS03, PeMS04, and PeMS08
datasets were used as target domain data for fine-tuning. To validate the model’s effectiveness in scenarios
where traffic patterns and characteristics exhibit significant differences, as shown in Table 3, we evaluated
the performance of the TL-DKD model on the PeMS03, PeMS04, and PeMS08 datasets. Due to the more
diverse samples provided by the PeMS04 and PeMS08 datasets, the model was able to learn a broader range
of feature representations, resulting in superior performance when dealing with unknown data.

Table 3: Training results with multi-region dataset

Datasets 15 min 30 min 60 min

MAE MAPE% RMSE MAE MAPE% RMSE MAE MAPE% RMSE
PeMS03 14.93 10.05 25.23 16.84 12.25 28.49 20.74 14.65 34.64
PeMS04 18.72 12.79 29.66 20.08 13.59 31.75 22.64 15.52 35.34
PeMS08 14.68 9.63 22.75 15.65 10.30 24.87 17.82 11.52 28.18

Table 4 provides a detailed performance comparison of various traffic flow prediction models on the
PeMS03, PeMS04, and PeMS08 datasets for 30-min forecasts. The choice of a 30-min interval, it reduces
computational burden, crucial for real-time applications like traffic signal control, while effectively capturing
spatiotemporal traffic patterns. Table 4 includes a range of models, from traditional statistical models to
advanced deep learning models, as well as the proposed models. The results clearly demonstrate the superior
performance of the TL-DKD model across all datasets. For instance, on the PeMS04 dataset, TL-DKD
achieves an MAE of 20.08, a MAPE of 13.59%, and an RMSE of 31.75, significantly outperforming models
like VAR (MAE: 23.75, MAPE: 18.09%, RMSE: 36.66) and LSTM (MAE: 27.14, MAPE: 18.20%, RMSE:
41.59). Moreover, the table highlights the robustness of the TL-DKD model across different datasets. On the
PeMS08 dataset, for example, TL-DKD achieves an MAE of 15.65, MAPE of 10.30%, and RMSE of 24.87,
again significantly outperforming other models. The consistent performance across datasets underscores the



Comput Mater Contin. 2025;83(3) 4909

model’s adaptability and generalization capabilities, making it an effective solution for traffic flow prediction,
especially in data-scarce regions.

Table 4: Performance comparison of multi-region datasets in different models

Models

Datasets Evaluation
indicators

VAR SVR LSTM DCRNN STGCN STSGCN Graph
WaveNet

TL-DKD

PeMS03
MAE 23.65 21.97 21.33 18.18 17.49 17.48 19.85 16.84

MAPE% 24.51 21.51 23.33 18.91 17.15 16.78 19.31 12.25
RMSE 38.26 35.29 35.11 30.31 30.12 29.21 32.94 28.94

PeMS04
MAE 23.75 28.70 27.14 24.70 22.70 21.19 25.45 20.08

MAPE% 18.09 19.20 18.20 17.12 14.59 13.90 17.29 13.59
RMSE 36.66 44.56 41.59 38.12 35.55 33.65 39.70 31.75

PeMS08
MAE 23.46 23.25 22.20 17.86 18.02 17.13 19.13 15.65

MAPE% 15.42 14.64 14.20 11.45 11.40 10.96 12.68 10.30
RMSE 36.33 36.16 34.06 27.83 27.83 26.80 31.05 24.87

Fig. 4 provides a detailed comparison of the MAE for various models when applied to the PeMS03,
PeMS04, and PeMS08 datasets. The results, presented with precision, indicate that the TL-DKD model
performs exceptionally well across all datasets, significantly outperforming other benchmark models. This
dominance is especially noticeable on the PeMS04 dataset, where the MAE of TL-DKD is 20.08, which is
considerably lower than that of traditional models like VAR with a MAE of 23.75 and LSTM with a MAE
of 27.14. This outcome suggests that the TL-DKD model exhibits greater adaptability and generalization
capability in handling multi-region traffic data, especially in scenarios with data scarcity, thus significantly
enhancing prediction accuracy. Other error metrics, such as MAPE and RMSE, also exhibit similar trends,
further solidifying the superiority of the TL-DKD model.

Figure 4: Model MAE comparison on PeMS datasets

We visualized the test loss of our model on the PeMS04 and PeMS08 datasets in Fig. 5. Fig. 5a shows
the test loss variation on the PeMS04 dataset from 9 AM to 3 AM, while Fig. 5b illustrates the test loss
over training steps on the PeMS08 dataset. A smoothing parameter of 0.6 was applied to reduce noise, with
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transparent lines represent raw data, while darker lines show smoothed curves. In Fig. 5a, the loss initially
decreases rapidly and stabilizes around noon the next day, indicating quick early learning followed by slower
convergence. Similarly, Fig. 5b shows a sharp initial drop in loss (around 5 k steps) and gradual flattening,
reflecting rapid early learning and slower refinement toward optimal performance.

Figure 5: Test loss changes of TL-DKD on different datasets: (a) PeMS04; (b) PeMS08

4.3.2 Transfer Learning Based on Data Enhancement
To simulate subtle data variations in the transfer learning based on data enhancement experiments, we

introduced random noise into the training data of the METR-LA and PeMS-Bay datasets. Noise augmen-
tation serves as a form of regularization, helping to prevent overfitting, a common issue in deep learning
where models learn not only relevant patterns but also noise and irrelevant variations, compromising their
ability to generalize to new data. Initially, the model was pre-trained on the original, noise-free METR-LA
and PeMS-Bay datasets to capture underlying patterns and ensure robust learning. Subsequently, noise was
added to the PeMS-Bay data to simulate detector errors, serving as the source domain for training. This step
enhanced the model’s adaptability to noisy data, enabling it to extract useful information despite the noise.
The noise-augmented METR-LA dataset was then used as the target domain, further testing the model’s
generalization capability in real-world scenarios where input data may differ from the training set.

Augmenting the training data with random noise introduces controlled variability into the learning
process, helping the model become less sensitive to specific noise patterns and outliers in the training data. As
a result, the model focuses more on underlying, consistent patterns in the traffic data, such as spatiotemporal
dependencies and traffic flow trends, rather than memorizing irrelevant noise. This reduces the model’s
sensitivity to noise and improves its generalization to new, unseen traffic data from different regions, time
periods, or environmental conditions, each with varying levels of noise or disruptions.

Table 5 presents performance of multiple models on noise-augmented data, including VAR, SVR,
LSTM, DCRNN, STGCN, Graph WaveNet, MRA-BGCN, DKD, and TL-DKD. Comparison of results reveals
that the TL-DKD model consistently performs well, particularly in the long-term 60-min forecast, where
TL-DKD achieves an MAE of 3.37, significantly outperforming other models. For example, DCRNN achieves
an MAE of 3.60, and DKD an MAE of 3.53. This demonstrates that the TL-DKD model exhibits stronger
robustness and prediction accuracy under noise-augmented data. In the short term, noise augmentation may
increase error metrics, as the model must adapt to changes in the data caused by the added noise. However,
over the long term, the model adapts to the noise and learns useful information, enhancing its robustness
and improving its ability to generalize to unseen data.
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Table 5: Training results with noisy data

Models 15 min 30 min 60 min

MAE MAPE% RMSE MAE MAPE% RMSE MAE MAPE% RMSE
VAR 4.42 10.20 7.89 5.41 12.70 9.13 6.52 15.80 10.11
SVR 3.99 9.30 8.45 5.05 12.10 10.87 6.72 16.70 13.76

LSTM 3.44 9.60 6.30 3.77 10.90 7.23 4.37 13.20 8.69
DCRNN 2.77 7.30 5.38 3.15 8.80 6.45 3.60 10.50 7.59
STGCN 2.88 7.60 5.74 3.47 9.60 7.24 4.59 12.70 9.40

Graph WaveNet 2.69 6.90 5.15 3.07 8.40 6.22 3.53 10.00 7.37
MRA-BGCN 2.67 6.80 5.12 3.06 8.31 6.17 3.49 10.00 7.30

DKD 2.70 7.00 5.17 3.05 8.30 6.10 3.41 9.80 7.01
TL-DKD 2.71 7.12 5.18 3.06 8.35 6.15 3.37 9.72 7.00

The MRA-BGCN model performs well in the 15 and 30-min forecasts, with MAEs of 2.67 and 3.06,
respectively. However, in the 60-min forecast, its MAE rises to 3.49, slightly higher than TL-DKD’s MAE of
3.37. This suggests that MRA-BGCN excels in short-term predictions but is slightly less effective in long-term
forecasts compared to TL-DKD. The DKD model, which enhances feature extraction capabilities through
self-distillation and mutual learning mechanisms, shows stable performance across 15, 30, and 60-min
predictions, with MAEs of 2.70, 3.05, and 3.41, respectively. Although DKD performs well, its MAE in the
60-min forecast is slightly higher than that of TL-DKD, indicating that TL-DKD further improves perfor-
mance by incorporating transfer learning.

Fig. 6 shows the comparison between predicted values and actual values for the TL-DKD model under
noisy enhanced data. From the figure, it can be observed that despite the introduction of random noise
into the data, the predicted curve of the TL-DKD model still closely follows the trend of actual traffic flow
variations. This indicates that the model can effectively capture the spatial and temporal dependencies of
traffic flow and maintain a high level of prediction accuracy in the presence of noise disturbances.

Figure 6: Comparison of predicted values and actual values

Fig. 7 shows a comparison of MAE, MAPE, and RMSE for different models under noise-enhanced data
across prediction intervals of 15, 30, and 60 min. The results indicate that the TL-DKD model performs
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best in long-term prediction at 60 min, with an MAE of 3.37, surpassing both DCRNN (3.60) and DKD
(3.53). Although MRA-BGCN performs well in short-term predictions, TL-DKD demonstrates greater
robustness and accuracy in long-term forecasts, suggesting higher adaptability and precision under noisy
data conditions.

Figure 7: Comparative predictive results of TL-DKD with recent models: (a) MAE; (b) MAPE; (c) RMSE

5 Conclusion
This paper focuses on traffic flow prediction using data migration techniques. It begins by introducing

the DCRNN model and then incorporates knowledge distillation to propose an advanced model called
DKD. The paper thoroughly analyzes the prediction principles and performance of the DKD model, followed
by the application of transfer learning techniques to optimize the DKD model, resulting in the TL-DKD
model. Experimental results validate the effectiveness of the data migration strategy in scenarios with both
significant differences in traffic patterns and subtle data variations. In both cases, the TL-DKD model
leverages transfer learning to identify common features across tasks, ensuring robust performance in new
environments. This enhances the model’s adaptability and robustness in real traffic scenarios, improving its
generalization capabilities under varying data constraints.

A promising direction for future research lies in the deeper integration of traffic flow prediction
models with adaptive traffic signal control systems. By enhancing the predictive capabilities of models to
incorporate real-time data from signalized intersections, we can develop more dynamic and responsive
traffic management solutions. Specifically, utilizing advanced machine learning techniques to predict traffic
volumes and patterns at signalized intersections would enable preemptive adjustments in signal timings,
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optimizing traffic flow and reducing congestion. Ultimately, the synergy between traffic flow prediction and
signal control holds significant potential to enhance urban traffic efficiency and sustainability.
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