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Abstract: Traffic flow prediction is crucial for intelligent transportation, aiding route planning and navigation.
However, existing studies often focus on prediction accuracy improvement, while neglect external influences, and
practical issues like resource constraints and data sparsity on edge devices. We propose an Online Transfer Learning
with Multi-layer Perceptron (MLP) assisted Graph Convolution Network (GCN) framework (OTL-GM), consisting
of two parts: transferring source domain features to edge devices and using online learning to bridge domain
gaps. Experiments on 4 datasets demonstrate OTL’s effectiveness, and compared with the model without OTL,
convergence time of the OTL-model increased from 24.77% to 95.32%.
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1 Introduction

The integration of Internet of Things (IoT) in
Intelligent Transportation Systems (ITS) signifies
a transformative era with unprecedented possibili-
ties(Bojan et al., 2014). A widespread sensor net-
work in urban traffic nodes enables real-time mon-
itoring of variables like traffic flow and congestion,
swiftly transmitting data for dynamic traffic man-
agement(Zhang and Lu, 2020). IoT’s significance
lies in processing data with advanced techniques,
such as deep learning, providing a scientific foun-
dation for optimized transportation systems, result-
ing in heightened efficiency and reduced congestion.
Accurate traffic flow prediction is crucial for intelli-
gent transportation, empowering advanced manage-
ment, and optimizing resources for efficiency. How-
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ever, predicting delay is a more important aspect
for traffic managers and traveling vehicles(Hashemi
and Abdelghany, 2015). Excessively long delays can
lead to wrong decisions by traffic managers and mis-
lead vehicles into planning their driving routes. The
synergy of traffic flow prediction and IoT establishes
an intelligent foundation for resilient, efficient, and
secure urban transportation systems(Derawi et al.,
2020). However, some contradictions have arisen
during the integration of IoT and ITS.

On the one hand, IoT devices have evolved from
simple magnetic and infrared sensors to the current
generation of intelligent edge devices(Qadri et al.,
2020). Initially, basic motion detection relied on
magnetic and infrared technologies. Later, cameras
were introduced to improve monitoring precision.
However, integration among different sensors is still
limited. Intelligent edge devices are now capable of
integrating sensors, computing abilities, and connec-
tivity to provide advanced real-time processing and
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Figure 1 The real world scenario of traffic collection
and prediction.

feedback functions. This integration is driving the
Internet of Things (IoT) towards greater intelligence
and efficiency. However, such multi-functional de-
vices are often limited by resources, especially com-
puting resources (Asim et al., 2020). Since they
not only compute, but transmit wireless data (Cong
et al., 2020) and road condition detection(Singh
et al., 2021). Therefore, how to reduce computing re-
source consumption and provide as many computing
resources as possible for other aspects has become an
urgent problem to be solved. Furthermore, collect-
ing traffic flow data can be challenging in extreme
weather conditions (Datla and Sharma, 2008).

On the other hand, as the core of traffic flow
prediction problems, prediction accuracy has al-
ways been a hot topic in academic research. In
the 1990s, traffic flow prediction based on micro-
simulation and macro-models began to attract at-
tention(Bando et al., 1995). During the 2010s, there
was increased recognition of the significance of data-
driven approaches and real-time technology(Nellore
and Hancke, 2016). Currently, deep learning has
emerged as an essential technology for predicting
traffic flow, highlighting the superiority of neural
network models in handling complex spatiotempo-
ral relationships (Kashyap et al., 2022). Vari-
ous models emerged for spatiotemporal prediction,
such as Spatial-Temporal Graph Convolutional Net-
work (STGCN) (Yu et al., 2017), Diffusion Convolu-

tional Recurrent Neural Network (DCRNN)(Li et al.,
2017), and a graph attention method(Tang et al.,
2020) , all achieving excellent results in accuracy.
With the pursuit of higher accuracy, comes the in-
creased algorithmic complexity and prediction time
(Zhu et al., 2021; Diao et al., 2019; Guo et al., 2022).

The increasing complexity of algorithms contra-
dicts the limited computing resources of IoT intel-
ligent edge devices. In the context of traffic flow
prediction, this issue becomes even more apparent.

As shown in Fig. 1, numerous intelligent trans-
portation facilities have been deployed on urban
roads presently, such as camera modules, geomag-
netic modules, temperature sensors, and 5G mod-
ules for communicating with one another (as shown
in Fig. 1). They can accurately ascertain the traf-
fic flow, detect temperature, and other information.
From the real-world perspective, traffic flow is af-
fected by multiple factors, for example, the road will
encounter different types of weather, which lead to
differences in data distribution. When facing ex-
treme weather conditions such as blizzards and heavy
fog, people living in cities surely tend to stay in build-
ings rather than go out and these extreme weathers
decrease the accuracy of detection algorithms e.g.
YOLO, which leads to data sparsity as well. Simi-
larly, different times of period cause changes in data
distribution as well (proven in Fig. 3). The rush
hours in the morning and evening can lead to a sharp
increase in traffic flow, i.e. nonlinear characteris-
tic. Also, weekends and holidays can affect people’s
willingness to travel. Therefore, how to handle the
nonlinear characteristics and alleviate the limited re-
sources of edge intelligent devices has become a chal-
lenge.

Traditional traffic flow prediction algorithms
often take all features in the dataset into ac-
count(Zhang and Patras, 2018), while this will in-
troduce many irrelevant data features and lead to
a decrease in prediction accuracy. Only a few stud-
ies(Sun et al., 2022) address issues related to regional
structuring. Based on the above analysis, there re-
main two challenges in traffic flow prediction: 1) lim-
itation on computation resources and 2) the sparsity
of data caused by extreme weather and the accuracy
of object detection algorithms. So existing litera-
ture is insufficient to address these emerging chal-
lenges and problems in the real-world scenario. To
solve these problems, we proposed an online transfer
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Figure 2 Intelligent edge device with 5G communication module and kinds of interfaces.

learning framework with MLP-assisted GCN (OTL-
GM). The main contributions of this paper can be
summarized as follows:

• To ensure the lightweight of models running on
intelligent edge devices, we combined the tem-
poral model multilayer perceptron with spatial
model graph convolution network to obtain a
GM model capturing spatio-temporal features.

• We combined GM with a novel Online Transfer
Learning framework (OTL) for traffic forecast-
ing, which not only relieves the tensed compu-
tational resources but also maintains prediction
accuracy at current research levels due to opt-
ing for the proper models with smaller Euclidean
distance.

• We validated the effectiveness of our OTL
framework with other methods by conduct-
ing extensive experiments on real-world dataset
PeMS04, which is classified into three datasets
with different data types. Algorithm conver-
gence time has been greatly improved. To the
best of our knowledge, it is the first attempt
to apply online transfer learning for traffic flow
forecasting.

The remaining content of the article is organized
as below. Section 2 provides some related work about
online transfer learning and traffic flow forecasting
with spatio-temporal correlation. Before introduc-
ing the model, the prerequisite knowledge in this
paper and the definition of traffic flow prediction is
introduced in detail in section 3. Section 4 mainly

introduces the details of model and algorithm. Sec-
tion 5 validates the effectiveness of proposed OTL-
GM and discusses the experimental results. Finally,
section 6 summarizes the full paper.

2 Related work

2.1 Traffic flow forecasting

There are two main categories of methods for
predicting traffic flow: model-driven approaches and
data-driven approaches. Model-driven approaches
use statistical theory to create a comprehensive
model, which learns the time feature and analyzes
the data. There are several typical model-driven
approaches, such as the history average model (Liu
and Guan, 2004), the auto-regressive moving aver-
age model (Williams and Hoel, 2003), and the vector
auto-regressive model (Zivot and Wang, 2006). In
particular, Hamed et al.(Hamed et al., 1995) consider
the flow of each road aiming at obtaining a proper
ARIMA model. However, model-driven approaches
are insufficient in dealing with real-world traffic data
as traffic flow is impacted by various factors and is
nonlinear.

To tackle these issues, data-driven approaches
have gained traction in recent decades. Addition-
ally, data-driven approaches include machine learn-
ing and deep learning. As for machine learning, in
time order, there are k-nearest neighbor(Van Lint
and Van Hinsbergen, 2012) and support vector re-
gression(Jeong et al., 2013). However, the fatal
drawback of machine learning is excessively depen-
dent on the setting of initial hyper-parameters i.e.
prior knowledge, which determines the accuracy of
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the prediction. And the complexity of traffic data
in the real network is vital as well. Hence, the fur-
ther literature has shifted towards research on deep
learning: the current research results indicate that
they can improve the accuracy of prediction fac-
ing the high complexity of traffic data and repre-
sent traffic features ignoring prior knowledge, such as
deep belief network(DBN)(Jia et al., 2016), stacked
auto-encoder(Lv et al., 2014) and Multi-layer Per-
ceptron(Rumelhart et al., 1986).

2.2 Spatio-temporal correlation

Given that traffic flow forecasting is a time series
prediction problem indeed. Some neural networks
for time series forecasting problems are applied to
traffic flow prediction, such as recurrent neural net-
work(RNN)(Gräber et al., 2018) and the time com-
plexity is O(T ), where T represents the length of the
input sequence. Furthermore, to overcome the prob-
lem of vanishing gradient and exploding gradient of
RNN, the derivative of RNN, such as long short-
term memory(LSTM)(Zhang and Guo, 2020) neural
network. Actually the time complexity of LSTM is
O(4T ) since its three gates, but according to the
rules of algorithm complexity, it is also still O(T ).
And gated recurrent unit networks(GRU) (Sutskever
et al., 2014) have been introduced with O(T ) time
complexity. Hence, the temporal feature can be rep-
resented properly. However, LSTM’s performance
in predicting long sequences falls short of expecta-
tions and Transformer(Vaswani et al., 2017) was in-
troduced in response to the long sequence challenge
at the cost of the time complexity O(T 2). Its par-
allelized self-attention mechanism enables efficient
processing. However, the increased computational
demands can not meet our requirement for limited
computational resources. We use a multi-layer per-
ceptron and adjusted its width and depth to reduce
time complexity while ensuring a certain accuracy.
The time complexity of GM is O(

∑L
l=1 IlOl), where

L is the number of layers, Il is the input dimension
of layer l and Ol is the output dimension of layer l.
The final time complexity is constant level O(1).

Actually, the traffic flow is influenced by not
only time dimension but also spatial dimension,
which is known as spatio-temporal correlation. To
take the spatial feature into consideration, convolu-
tion neural network(CNN)(Krizhevsky et al., 2017)
has been applied to extract the local feature. For

example, MGSTC(Chen et al., 2020) established
multiple gated spatio-temporal CNN networks in
order to extract multiple spatio-temporal depen-
dency and S-TCN(Guo et al., 2023) is modeled with
spatio-temporal convolution neural network to cap-
ture several correlation among different dimensions.
However, CNN can only be applied to data struc-
tures with Euclidean properties, i.e. regular grid
shapes, such as images, which is obviously not suit-
able for capturing spatial features in transportation
networks due to complex network topology. There-
fore, we adopt graph convolution network to cap-
ture the spatial features, which means dealing with
non-Euclidean topology graph and reduce the pa-
rameters due to the same adjacency matrix. Excel-
lent work in recent years includes primary GCN(Kipf
and Welling, 2016), which find 2-3 layers can obtain
the best results, spatial-temporal GCN(Yu et al.,
2017) combined gated CNNs and GCN. And tem-
poral graph convolution network(Zhao et al., 2019)
combined GRUs and GCN. Different from these, we
use a two-layer GCN and a three-layer MLP to en-
sure lightweight and capture the spatio-temporal fea-
tures.

2.3 Transfer learning

The motivation of adopting transfer learning in
some literature (Mallick et al., 2021) is to solve the
problem of data sparsity due to the poor urban in-
frastructure. However, even with the development
of cities with more intelligent roadside equipment,
there will still be data sparse problems due to the
existence of extreme weather such as heavy fogs and
blizzards (Datla and Sharma, 2008). So we take
these weather factors into account in our transfer
learning. For effective transfer of knowledge from
one trained model to another, we need to select a
relatively similar model that has a similar data dis-
tribution. Nonetheless, transfer learning leads to
prediction error to some extent. Several literatures
use different methods to solve this problem. Yao et
al.(Yao et al., 2023) proposes an adversarial domain
adaptation to reduce the error caused by transfer
learning. Kwon et al.(Kwon et al., 2021) use incre-
mental learning to help deep learning models learn
new tasks continuously without forgetting what was
learned previously. Tzeng et al. (Tzeng et al., 2015)
adopt approach to simultaneously optimize for do-
main invariance to facilitate domain transfer and use



author et al. / Front Inform Technol Electron Eng 2018 19(1):1-5 5

a soft label distribution matching loss to transfer
information between tasks. And we use Euclidean
distance to characterize the similarity between data
distributions and implement online learning to min-
imize transfer learning errors by utilizing intelligent
roadside equipment to gather real-time data.

2.4 Online learning

Online learning has been investigated consider-
ably during the past decades aiming at obtaining
more accuracy of predicting. In this paper, we in-
troduce the approach of online learning to elimi-
nate the error caused by transfer learning. Much
research focus on the criterion of maximum-margin
such as (Li and Long, 1999; Gentile, 2000; Crammer
et al., 2006). They are all devoted to minimizing
the loss of algorithm. And one of the most classic
algorithms is (Rosenblatt, 1958), the authors tend
to constantly adjust the weight of the classifier with
the latest samples. Later, a new algorithm named
Double Updating Online Learning(DUOL) emerged
(Zhao et al., 2011), which is designed to update not
only the weights of current instances but also the
weights of instances that already have been received.
Recently, some of research (Han et al., 2020) adopt
the approach of online learning in order to minimize
the time of training model. However, these methods
are inconsistent with our purpose of reducing the er-
ror caused by transfer learning. So we use real-time
data collection to update the parameters of the last
fully connected layer. Therefore, online learning can
reduce prediction errors and training time, thus de-
creasing resource consumption.

3 Preliminary

This section introduces some notations and def-
initions that are used in the model, and defines the
task of the prediction model. Some important nota-
tions are recorded in Table 1.

3.1 Traffic flow data

The traffic flow data Xt ∈ RN×C are collected
by node (as shown in Fig. 1) at time step t, where
the C represents the kinds of traffic data (generally
speaking, it may be traffic volume, average speed or
road occupancy) and N denotes the whole nodes.
Considering a batch of data of length τ as input,

Table 1 Key Notations

Symbols Description
G The graph of the road network.
X Data collected by the devices.
X A batch of collected data.
Y Predicting results.
τ Length of X .
λ Predicting step size.
C Numbers of kinds of data.
N Numbers of the node in the network.
V The set of nodes.
E The set of edges between any two nodes.
A Adjacent matrix of G .
T Time dimension.
S Spatial dimension.
Â Graph matrix with added self-connection
IN The identity matrix
D̃ Degree matrix with added self-connection
D Degree matrix
H(l) The output of lth layer
θ(l) The weight parameter
σ Sigmoid activation function

we can obtain X = (Xt1 , Xt2 , ..., Xtτ ) ∈ Rτ×N×C .
After feeding the input into the network, we get
the predicted results Y = (Ytτ+1, Ytτ+2, ..., Ytτ+tλ) ∈
Rλ×N×C .

3.2 Road network structure

In this paper, the structure of the traffic net-
work can be regarded as a weighted directed graph
G = (V,E,A) , where V represents all the nodes
in the road network. Generally, vertex, node, sen-
sor, detector will be all seen as the same thing. For
simplicity, we use node for the following description,
which is denoted as vi ∈ V, i ∈ (1, 2, ..., N); E is the
set of the edges in the whole network, which indi-
cates the edges between any two nodes; A ∈ RN×N

denotes adjacent matrix of the graph G.

3.3 Definition of traffic forecasting

Since traffic flow prediction is essentially a time
series prediction problem. Given the input X =

(Xt1 , Xt2 , ..., Xtτ ) ∈ Rτ×N×C , we aim at obtaining
the result Y = (Ytτ+1, Ytτ+2, ..., Ytτ+tλ) ∈ Rλ×N×C ,
where tλ represents the predicting horizons. The



6 author et al. / Front Inform Technol Electron Eng 2018 19(1):1-5

Figure 3 This dataset collects real-time traffic data
every fifteen minutes, which means there are 96 col-
lection points 24 hours a day corresponding to the
numbers of time interval-axis. Traffic-flow-axis means
how many cars are there in 15 minute period.

problem is defined as follows:

Y = argmax
YgroundTruth

logP (YgroundTruth|X ) , (1)

where YgroundTruth represents the ground truth ob-
served by intelligent devices and P (·|·) is conditional
probability function.

3.4 Transfer learning

In order to demonstrate the universality of
the similarity in data distribution across various
datasets, we extract similar data distributions
in the data set (located near Heathrow Air-
port on the M25 highway in the UK, URL:
http://tris.highwaysengland.co.uk/detail/
trafficflowdata) and have some of the same
type of data visualization. Taking weekday data
and holiday data as examples, from a qualitative
perspective, we find that the same type of data
has similar distribution in amplitude and phase (as
shown in Fig. 3), while different types of data have
different phase and amplitude. From a quantitative
perspective, we use Euclidean distance to determine
the similarity of samples

d(x, y) =

√√√√ n∑
i=1

(xi − yi)
2

, (2)

where xi and yi represent different sample points at
the same time, n is the total number of samples.
In this case, after calculation, we get the Table II, in
which the decimal part of the data has been omitted.

Table 2 Euclidean Distance Between Each Other
Holi1 Holi2 Week1 Week2

Holi1 0 1602 3896 3582
Holi2 1602 0 4086 3739
Week1 3896 4086 0 1366
Week2 3582 3739 1366 0

Obviously, the Euclidean Distance of the same
type data is much smaller than that of the different
type of data. Based on the results above and the
real-time interaction of the intelligent edge devices,
we choose transfer learning to obtain the pretrained
models and choose the most suitable one. Firstly,
we train multiple models separately depending on
the data type using edge servers or other servers full
of computing resources. And a kind of model cor-
responds to a kind of data distribution. Then we
obatin the signal (type of data and weather) from
intelligent devices, and calculate the Euclidean Dis-
tance between the distribution of data of pretrained
models and the data type represented by signal. Fi-
nally, we choose the smallest one to transfer.

3.5 Online Transfer learning

The transfer learning discussed in the previous
section only involves transferring a model with the
most suitable data distribution. However, the distri-
bution of real-time data may not align closely with
the transferred model, so it is necessary for smart
edge devices to continuously collect real-time data
and update some parameters of the model’s layers to
enhance prediction accuracy and timeliness.

4 Proposed model and algorithm

This section mainly introduces the details of
model and algorithm steps.

4.1 The overview of GM framework

In this section, we elaborate on the proposed
architecture of GM. As shown in Fig. 4, GM
is composed of a spatial and a temporal model,
which are used to extract spatial and tempo-
ral features respectively. The whole input X =

(Xt1 , Xt2 , ..., Xtτ ) ∈ Rτ×N×C is divided into small
batches XB = (Xt1 , Xt2 , ..., XtB ) ∈ RB×tB×N×C , B
and tB represent the numbers of batches and the
size of each batch. The WBest−S and WBest−T are
the parameters of the best model transferred by our

http://tris.highwaysengland.co.uk/detail/trafficflowdata
http://tris.highwaysengland.co.uk/detail/trafficflowdata
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Figure 4 The whole architecture of our proposed GM.

online transfer learning framework. α and β rep-
resent the weight of time features and space fea-
tures respectively. And the final predicting result
Y = αY Spatial + βY Temporal. The detail of each
module and the online transfer learning algorithm
are described as follows.

4.2 GCN for Spatial Feature

According to the previous discussions, spatial
feature extraction is crucial for traffic flow predic-
tion. And CNN aims at data with Euclidean prop-
erties, such as images and other regular grid, etc.
However, the topological structure of both urban
and highway structures have non-Euclidean proper-
ties, which means CNN no longer works in cases like
this. Based on this problem, some literature(Kipf
and Welling, 2016) gradually evolved CNN into GCN
and gained much attention. GCN was originally
used in many fields such as document classifica-
tion(Defferrard et al., 2016) and image classifica-
tion(Bruna et al., 2013). Observing the formula of
graph convolution in (Kipf and Welling, 2016), we
find that as long as there is an adjacency matrix
and a feature matrix, a filter can be generated in
the Fourier domain, which is able to extract spatial
features between nodes by their first-order neighbor-
hood. Guided by the prediction result, we can stack
such filters to establish the GCN model, which is
described as follows:

Figure 5 The process of graph convolution aggrega-
tion.

H(l+1) = σ(D̃− 1
2 ÂD̃

1
2H(l)θ(l)) , (3)

where Â = A + IN is graph matrix with added self-
connection, A is the adjacency matrix of graph and
IN is the identity matrix. D̃ = D + IN is D with
added self-connection, D =

∑
j Âi,j is the degree ma-

trix of graph, H(l) is the output of lth layer, θ(l) rep-
resents the weight parameter corresponding to that
layer and σ(·) is the sigmoid function for a nonlinear
activation:

σ(x) =
ex

ex + 1
, (4)

As shown in Fig. 5, the notion above the figure
V = (V 1

ti , V
2
ti , ..., V

n
ti ), i ∈ (1, 2, ...,m) represents the

traffic value of each node in the graph at time ti.
Each node aggregates its first-order neighborhood
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and itself every time interval, and obtain a result
that only correlates with spatial features in the next
time interval. Take the deep blue dot as an exam-
ple, the orange node as its first-order neighborhood
affects the result of it at the next time slot. And the
deep blue node also affects itself. When only taking
the points in the first-order neighborhood into con-
sideration, the light blue points as the second-order
neighborhood are not considered.

And for the input dataX = (Xt1 , Xt2 , ..., Xtτ ) ∈
Rτ×N×C , we construct an adjacency matrix A ∈
RN×N and degree matrix D ∈ RN×N based on the
node relationships given by the PeMS04. According
to (3), we get the output of hidden layer:

H(l) = σ(D̃− 1
2 ÂD̃

1
2H(l−1)θ(l)) ∈ Rτ×N×C , (5)

and the output of GCN:

Y Spatial = σ(D̃− 1
2 ÂD̃

1
2H(last−1)θ(last)) ∈ Rτ×N×C .

(6)

4.3 MLP for temporal feature

As mentioned before, there are many
excellent models for capturing temporal fea-
tures, such as RNN, LSTM(Zhang and Guo,
2020), GRU(Sutskever et al., 2014) and Trans-
former(Vaswani et al., 2017). Among them, Trans-
former has become popular recently due to its po-
tential to capture long-term sequences. However,
the problem to be solved in this paper is the re-
source limitation of intelligent edge devices, and the
computational complexity of Transformer is O(n2)

which leads us to choose MLP with lower computa-
tional complexity O(n).

Our model employs an MLP architecture
primarily for its computational efficiency and
lightweight nature, which are essential for real-time
traffic prediction on resource-constrained devices.
Unlike recurrent models such as LSTM or GRU,
which are computationally expensive, our approach
focuses on reducing the computational load while
still capturing temporal dependencies effectively. To
achieve this, we use a sliding window approach to
directly encode historical traffic data into the in-
put feature space (as detailed in Section 3.1). This
method allows the model to treat temporal patterns
as part of its static input features, thus avoiding the

Figure 6 The temporal model with MLP.

complexity of recurrent structures while still captur-
ing relevant time-series information. Experimental
results confirm that our model achieves comparable
accuracy to recurrent models, demonstrating that
MLP can effectively capture temporal dependencies
without the associated computational cost.

As shown in Fig. 6, Hj
m and Hi

m represent
node values of each hidden layers, i and j represents
the ith and jth hidden layers. For the input data
X = (Xt1 , Xt2 , ..., Xtτ ) ∈ Rτ×N×C , which represents
the temporal information of the node. We divide it
into N ×XMLP = (Xt1 , Xt2 , ..., Xtτ ) ∈ Rτ×C as the
input of MLP. With H(k), W (k) and b(k) denoting
the node values, parameter matrix and bias parame-
ter of the kth hidden layer, we can obtian the output
of the first hidden layer as follows:

H(1) = ReLU(XMLPW (1) + b(1)) ∈ Rτ×C . (7)

And the output of lth hidden layer is as follows:

H(l) = ReLU(H(l−1)W (l) + b(l)) ∈ Rτ×C , (8)

where ReLU(·) represents the activation function:

ReLU(x) = max(x, 0) . (9)

Then we get the output of MLP Y :

Y MLP = ReLU(H(last−1)W (last) + b(last)) ∈ Rτ×C .

(10)
Finally, we concatenate all the N outputs:

Y Temporal = Concat(Y MLP
1 , Y MLP

2 , ...,

Y MLP
n ) ∈ Rτ×N×C . (11)



author et al. / Front Inform Technol Electron Eng 2018 19(1):1-5 9

Algorithm 1 Pre-trained Task
1: Input: sourceLoader, sourceModel, criterion,

optimizer, epochs
2: Output: convergenceT ime, loss
3: startT ime←
4: for epoch← 1 to epochs do
5: for each (inputs, labels) ∈ sourceLoader do
6: optimizer.zero_grad()

7: outputs← sourceModel(inputs)

8: loss← criterion(outputs, labels)

9: loss.backward()

10: optimizer.step()

11: end for
12: end for
13: endT ime←
14: convergenceT ime← endT ime− startT ime

15: return convergenceT ime, loss

4.4 Details of online transfer learning algo-
rithm

As shown in Algorithms 1 and Fig. 7, we first
feed and train the model with the classified data
sets (as will be described in Section 5) to obtain
the model convergence time and performance met-
rics loss, which includes MAE, MAPE, RMSE. All
the Pre-trained Model corresponds to Fig. 4 with
different parameters.

Then, as shown in Algorithm 2, based on the
signals collected by the intelligent edge device in real
time, the device calculate the Euclidean distance be-
tween the collected data type and the pre-trained
model. Select a pre-trained model corresponding to
the smallest Euclidean distance to transfer. This
step corresponds to Pre-trained Model to Transfer
and Opting Model in Fig. 7. After the transferred
model loading into the current model, we freeze the
parameters of feature extraction layer(i.e. all layers
except fully connected layer), which means online
learning is used at the fully connected layer in Fig. 4.
Then adjust the learning rate of the fully connected
layer and continuously run the online learning algo-
rithm in the current environment to obtain the model
convergence time and loss. This corresponds to the
Real-time Data to Online Learning Model in Fig. 7.

The startT ime ← and endT ime ← represent
to obtain the starting/ending time before/after the
algorithm converges. Due to space limitations, we
will write smallest Euclidean distance as smallestED.

Algorithm 2 Online Transfer Learning Task
1: Input: targetLoader, transferedModel,

epochs criterion, optimizer, curModel, signal
2: Output: convergenceT ime, loss
3: EuclideanDistance()← signal

4: transferedModel← smallestED

5: curModel.loadStateDict(

6: transferedModel.stateDict())

7: parametersFreezingExceptF inalLayer

8: optim.Adam(finalLayer.parameters())

9: startT ime←
10: for epoch← 1 to epochs do
11: for each (inputs, labels) ∈ tragetLoader do
12: optimizer.zero_grad()

13: outputs← curModel(inputs)

14: loss← criterion(outputs, labels)

15: loss.backward()

16: optimizer.step()

17: end for
18: end for
19: endT ime←
20: convergenceT ime← endT ime− startT ime

21: return ConvergenceT ime, loss

And lr is the learning rate.

5 Experiments

5.1 Dataset

• Traffic Data: The datasets are collected by
the Caltrans Performance Measurement System
(PeMS) in real time every 30 seconds. The traf-
fic data are aggregated into every 5-minute in-
terval from the raw data. This paper verified
the effectiveness of OTL-GM on the PeMS04
dataset provided by Los Angeles, California,
USA. PeMS continuously collected data by the
sensor for 59 days from January 1, 2018, which
contains data from 307 nodes. And sensors col-
lected data every five minutes. So there are
16992 records in total. And three-dimensional
data features are flow, occupy and speed respec-
tively. According to the visualization results,
this paper adopt flow to perform experiments.
We divide it into two parts, 45 days for train-
ing and 14 days for test. Based on the above,
we start to reorganize PeMS04 into classified
datasets.
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Figure 7 The online transfer learning framework and the data flow.

• The date type: Based on the Google Calendar
(https://calendar.google.com), we get the
weekend and weekday dates for the above 59
days. And we reassemble PeMS04 into weekday
and weekend datasets. There are 16 weekend
days and 43 working days.

• The weather type: Based on the National
Weather Service (https://www.weather.gov),
entering the downtown area of Los Angeles, we
get the actual snowy days during the 59 days,
they are January 25th, February 18th, 19th,
20th, 26th and 27th.

For ablation experiments, when the online
transfer learning algorithm is not used, the original
data set will be disrupted on a daily basis, and use a
dataset with the same sample length as the classified
dataset using the online transfer learning algorithm.

5.2 Experiment setting

The experiment is carried out in the following
hardware configuration. As shown in Fig. 1, the edge
intelligent device NVIDIA JETSON NANO B01 is
equipped with an ARM (R) Quad-core A57 CPU
@ 1.43 GHz and 128 core Maxwell GPU 4GB 64-
bit LPDDR4. We adopt the MSE function as loss
function and the Adam optimizer as optimizer. The
hyper-parameter settings are as follows: To ensure
the efficiency of model training, the learning rate
of Adam optimizer is 0.01, the batch size of input
data is 64 and the training epoch is based on the
convergence time of various data sets. The hyper-
parameters involved in OTL-GM mainly include the
numbers of MLP layers NumM , the numbers of GCN

(a) MLP (b) GCN

(c) Weight of Temporal and
Spatial

Figure 8 Parameter adjustment process on the vali-
dation set.

layers NumG, the weight of spatio features α and
temporal features β. These parameters are adjusted
on the validation set to achieve the best performance
of the OTL-GM (NumM = 3, NumG = 2, β = 0.45,
α = 0.55).

As shown in Fig. 8, the numbers of MLP layer
and GCN layer achieve the best performance when
they are 3 and 2; the performance reaches the best
when the spatial and temporal feature weight α and
β are 0.55 and 0.45.

5.3 Evaluation metrics

Since traffic flow forecasting is essentially a re-
gression problem, we use the classical indicators of
regression problems to evaluate the effectiveness of

https://calendar.google.com
https://www.weather.gov


author et al. / Front Inform Technol Electron Eng 2018 19(1):1-5 11

the proposed method. They are Mean Absolute Er-
ror (MAE), Mean Absolute Error Percent (MAPE),
and Root Mean Square Error (RMSE), which are
defined as:

MAE =
1

TS

S∑
j=1

T∑
i=1

|yij − xij | , (12)

MAPE =
1

TS

S∑
j=1

T∑
i=1

∣∣∣∣yij − xij

yij

∣∣∣∣ , (13)

RMSE =

√∑S
j=1

∑T
i=1 (yij − xij)

2

TS
, (14)

where xij is the ground truth and yij is the predicting
results. And T represents the time dimension, while
S stands for spatial dimension.

The metric Time records the total time from
training to convergence of the model:

Time = Timeend − Timestart , (15)

where Timestart stands for the real time before train-
ing and Timeend represents the real time after con-
vergence.

5.4 Ablation study of proposed GM

In this part, we conduct a comprehensive ab-
lation experiment to verify the performance of GM.
This part does not involve the comparison of algo-
rithm usage for online transfer learning. The fol-
lowing baselines are widely used for time series fore-
casting or proposed in recent years and all hyper-
parameters have been tuned to their optimal values:

• History Average (HA): which uses the aver-
age of historical observations to estimate future
observations.

• Vector Auto-Regression (VAR): which is a
time series model designed to capture spatial
correlations among various traffic series.(Zivot
and Wang, 2006)

• DCRNN: which integrates graph convolution
with the diffusion process and combines Graph
Convolutional Networks (GCN) with recurrent
models in an encoder-decoder fashion for multi-
step prediction.(Li et al., 2017)

• STGCN: which is a spatio-temporal graph con-
volutional network that utilizes Graph Convo-
lutional Networks (GCN) and temporal convo-
lution to capture spatial and temporal correla-
tions, respectively.(Yu et al., 2017)

• AGCRN: which is designed to capture fine-
grained spatial and temporal correlations in
traffic series automatically based on the two
modules and recurrent networks.(Bai et al.,
2020)

• Cy2Mixer: which is a novel spatiotemporal
GNN based on topological non-trivial invari-
ants of spatio-temporal graphs with gated multi-
layer perceptrons.(Choi et al., 2024)

• STAEformer: which can yield outstanding re-
sults with vanilla transformers.(Liu et al., 2023)

The experimental results of MAE, MAPE,
RMSE over 12 predictive steps on PeMS04 are shown
in Table 3.

Table 3 Metrics of All Methods on PeMS04
MAE MAPE(%) RMSE

HA 38.85 28.22 58.86
GCN 32.30 32.40 46.08
VAR 24.02 17.55 37.21
MLP 23.32 15.52 35.07
DCRNN 21.56 14.88 34.85
STGCN 21.32 13.83 35.02
AGCRN 19.16 12.56 31.56
Cy2Mixer 18.14 12.13 28.22
STAEformer 18.22 12.85 28.85
GM 18.50 13.41 27.95

In Table 3, we can see that the deep learning
method is better than the traditional model-driven
method in terms of accuracy, and there is a little dif-
ference in convergence time between deep learning
methods. As mentioned before, the accuracy of a
model that only considers temporal or spatial char-
acteristics is not as accurate as a model that con-
siders both spatio-temporal characteristics, which is
well reflected in GCN, MLP, and GM. This also ex-
plains why most studies now consider both temporal
and spatial features. The results also show that on
the dataset PeMS04, GM has reached the current re-
search level, which enables the proposed GM to play
a role in online transfer learning.
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(a) PeMS04(whole) (b) PeMS04(weekday)

(c) PeMS04(holiday) (d) PeMS04(weather)

Figure 9 Accuracy Comparison as the Prediction Horizon Varies.

We can see that the metrics of proposed GM is
not the best, but close to the best. And We will
explain the reason by combining Table 4 and Fig. 8.

Table 4 Time and Parameters of All Methods on
PeMS04

Time(s) Parameters
HA 125.58 -
GCN 134.58 9.12× 104

VAR 152.25 9.86× 104

MLP 155.55 2.85× 105

DCRNN 164.42 3.88× 105

STGCN 178.85 4.21× 105

AGCRN 180.56 7.44× 105

Cy2Mixer 280.43 6.28× 106

STAEformer 240.98 4.37× 106

GM 158.81 2.57× 105

As shown in Table 4, some of the latest pa-
pers have indeed improved in accuracy, but at the
expense of algorithm complexity (disscused in Sec-
tion 2.2) and algorithm convergence time. GCN,
VAR and MLP do also reach the low convergence
time and parameters, but they fail to reach the cur-
rent level of accuracy as mentioned above. However,

our proposed GM takes the spatio-temporal corre-
lation in to account while simplifies the models and
number of layers to do a trade-off between accuracy
and time complexity. As shown in Fig. 8 (a) and (b),
on one hand, increasing the model complexity can
improve accuracy on the training set; on the other
hand, overly complex models can lead to overfitting
and increase the algorithm’s convergence time, which
contradicts our goal of a lightweight model.

5.5 Stability study of proposed GM

As shown in Fig. 9, when the prediction horizon
increases, the predictive accuracy of each method on
every dataset decreases, which is consistent with the
trends observed in deep learning. However, when
the prediction horizon reaches 12 steps (1 hour),
our proposed model GM maintains a certain de-
gree of superiority in predictive accuracy compared
to other baseline models. This provides more time
for IoT traffic managers for effective path planning
and navigation. And when the horizon reaches 1
step(5 mins), all the acurracy improved and proposed
GM still holds among the best in PeMS04(whole)
and PeMS04(holiday). Therefore, proposed GM can
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Figure 10 Loss During Training and Validation Across
Epochs.

achieve both short-term traffic flow prediction and
long-term traffic flow prediction.

To further evaluate the model’s training dynam-
ics, Fig. 10 shows the training and validation loss
across epochs. This analysis provides insight into
the potential risk of overfitting and the convergence
behavior of the model. During training, we moni-
tored the loss values for both training and validation
datasets at each epoch. The loss function used was
normalized MSE. And the model converges quickly
and the loss of the validation set is slightly higher
than that of the training set.

5.6 Ablation study of proposed Transfer
Learning

For ablation experiments in transfer learning,
We compared the convergence time of algorithms us-
ing transfer learning and not using transfer learning
under varying degrees of data sparsity. Taking data
set PeMS04(weekday) with our proposed GM as an
example, the results are shown in Table 5.

Table 5 Convergence Time Under Varying Degrees
of Data Sparsity

Degrees Time with TL(s) Time without TL(s)
10% 4.41 60.54
20% 4.52 68.22
30% 4.93 75.91
40% 5.68 123.58
50% 6.72 None

60% 8.64 None

70% 11.56 None

We can see that algorithm convergence time
with transfer learning slowly increases as data spar-

sity increases, while algorithm convergence time
without transfer learning increases dramatically.
More importantly, when the data sparsity reaches
50%, the algorithm without transfer learning no
longer converges, which results in traffic flow pre-
dictions being unavailable.

However, one problem with transfer learning is
that when the local data distribution changes signif-
icantly after migration, the prediction accuracy will
decrease. Therefore, we proposed an online learning
method to continuously update certain parameters of
the model through real-time collected data to elimi-
nate this decline in accuracy caused by differences in
data distribution.

5.7 Time and Space Complexity Analysis

Due to the use of adjacency matrix storage, the
space complexity of GCN is O(N), where N rep-
resents each node in the actual transportation net-
work and the time complexity of each layer of GCN
is O(N), so it is still O(N) after ignoring the con-
stants. The space and time complexity of a VAR
model primarily depend on the number of time steps
T , the number of nodes N and the lag order P .In
particular, the time complexity is O(T 2N2P 2), and
the space complexity is O(PN2 + TN). Since P and
T are treated as constants, the final time complexity
is O(N2) and space time is O(N2). Since MLP is
a time model, the time and space complexity is re-
lated to the input data scale, so in this article the
time and space complexity is O(1). DCRNN con-
sists of Diffusion Convolution and RNN. After ignor-
ing constants and lower-order variables, sapce com-
plexity of DCRNN is O(N2) and time complexity is
O(N). STGCN consists of GCN and GRU, and the
time complexity is O(N), space complexity is O(N2).
AGCRN consists of GCN, Adaptive Graph Convolu-
tion and RNN. Time complexity is O(N) and space
complexity isO(N2). Cy2Mixer consists of GCN and
Mixer attention and time complexity is O(N), space
complexity is O(N2). STAEformer consists of Self-
Attention, Spatio-Temporal Self-Attention, Trans-
former and Position Coding. And the space and
time complexity are both O(N2). And our proposed
GM uses sparse matrix to store traffic nodes, so the
space complexity is O(N). And the MLP have been
dissused above, so the time complexity is O(1).

According to the above analysis we can see that
GM offer significant advantages in handling resource
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Table 6 Performance and Inference Time Comparison

Methods MAE MAPE(%) RMSE Time(s)
ST-GFSL 18.41 16.56 29.13 57.43
ST-DAAN 18.33 15.15 28.00 65.43
OTL-GM 18.38 15.14 28.18 2.20

limited issue like traffic flow prediction on edge in-
telligent devices due to their efficient space and time
complexities.

5.8 Comparative Analysis with Transfer
Learning Approaches

To further evaluate our method, we conducted
experiments comparing it with two state-of-the-art
transfer learning techniques:

• ST-GFSL: which proposes to generate non-
shared parameters based on node-level meta
knowledge.(Lu et al., 2022)

• ST-DAAN: which maps the raw spatio-
temporal data of source domain and then do-
main adaptation is adopted.(Wang et al., 2022)

The experiments were conducted on the
PeMS04(holiday), using the same training/test split
and evaluation metrics. Table 6 summarizes the re-
sults, where our method achieves comparable perfor-
mance while maintaining lower convergence time i.e.
lower computational cost.

The results demonstrate that while transfer
learning methods like (Lu et al., 2022) and (Wang
et al., 2022) achieve high prediction accuracy, they
require substantial computational resources. (Lu
et al., 2022) involves weighted matrix calculation pa-
rameters and reconstructed graphs and (Wang et al.,
2022) involves 3D convolution. While our approach,
on the other hand, achieves a balance between accu-
racy and efficiency by just calculating Euclidean dis-
tance and adjusting the last fully connected layers,
making it more practical for real-world deployment
in resource-constrained scenarios.

5.9 Ablation study of proposed Online Trans-
fer Learning

In the previously mentioned transfer learning,
the problem of data sparsity is improved. How-
ever, if the algorithm only uses transfer learning,
the accuracy of predictions will decrease when the
distribution of data changes significantly over time.

Figure 11 Comparison between transfer learning and
online transfer learning

Figure 12 Improvement of metrics on
PeMS04(weekday).

Therefore, it is necessary to use online learning to
continuously collect real-time data to update certain
parameters of the model to maintain the accuracy of
predictions.

This part of the experiment was completed when
the data sparsity was 30%. We still use the GM
we proposed to conduct experiments on data set
PeMS04(weekday). The results are shown in Fig. 11

As time goes by and the data distribution
changes continuously, solely relying on transfer learn-
ing can lead to a gradual decline in prediction accu-
racy over the overall trend. However, the incorpora-
tion of online learning helps maintain the accuracy
at a consistent level. It is worth noting that on the
sixth day, the accuracy of transfer learning is close
to that of the first day, which is due to the Euclidean
distance between the data distribution on the sixth
day and the first day being very small.

5.10 All results of methods with Online
Transfer Learning

As shown in Fig. 12, Fig. 13, Fig. 14 and Table 7,
for the improvement of predicting metrics (MAE,
MAPE and RMSE), the analysis of all the methods



author et al. / Front Inform Technol Electron Eng 2018 19(1):1-5 15

Table 7 Metrics of All Methods on the Weekday, Holiday and Weather of PeMS04
PeMS04(weekday) PeMS04(holiday) PeMS04(weather)

MAE MAPE(%) RMSE Time(s) MAE MAPE(%) RMSE Time(s) MAE MAPE(%) RMSE Time(s)
HA 48.42 38.55 65.43 90.35 33.57 27.99 53.11 48.85 40.52 48.23 60.23 26.16

GCN 46.92 36.75 62.69 96.90 29.63 32.40 42.29 32.33 35.09 27.73 49.77 19.17
VAR 25.62 21.58 38.02 89.26 20.46 17.25 31.18 48.37 26.32 27.47 39.22 20.63
MLP 24.77 18.36 36.28 69.38 25.52 18.60 38.29 21.48 29.62 36.57 39.03 12.14

DCRNN 23.56 16.28 35.62 68.58 23.43 17.43 37.24 42.24 28.42 32.46 36.12 18.33
STGCN 22.64 15.08 36.64 70.58 24.38 16.42 38.25 40.25 27.56 31.45 36.14 19.58
AGCRN 21.88 13.43 35.21 72.33 22.34 15.52 34.26 50.25 26.28 29.43 32.48 20.69
Cy2Mixer 21.74 13.08 33.44 123.56 21.85 15.18 33.18 80.33 25.98 30.14 38.23 25.48

STAEformer 21.78 12.96 34.02 111.35 21.98 15.27 34.01 76.48 26.03 29.00 38.88 23.19
GM 22.27 15.69 33.28 75.91 23.27 18.97 33.07 39.25 34.60 35.93 49.74 19.37

OTL-HA 34.52 34.23 47.44 14.02 32.54 27.93 50.85 5.56 37.49 45.72 55.42 14.02
OTL-GCN 32.12 26.27 45.96 13.00 29.25 32.21 41.73 4.12 33.28 26.01 47.42 13.28
OTL-VAR 24.52 17.43 30.02 15.52 20.12 17.02 30.25 5.02 23.98 26.17 37.85 15.52
OTL-MLP 24.55 16.58 35.86 16.01 25.23 18.45 34.74 5.93 26.77 31.08 36.23 2.79

OTL-DCRNN 22.98 14.18 31.52 9.65 23.01 17.21 35.98 3.58 26.47 32.18 34.12 8.32
OTL-STGCN 22.53 14.02 32.28 7.56 23.95 15.89 37.52 3.99 25.74 27.93 34.38 6.78
OTL-AGCRN 19.24 12.44 29.51 5.43 19.25 15.03 29.21 2.35 23.58 21.49 31.51 4.3
OTL-Cy2Mixer 19.10 12.28 30.18 28.12 18.14 14.33 28.20 13.34 23.33 22.65 37.78 18.63

OTL-STAEformer 19.19 12.01 29.41 20.55 18.23 14.02 29.01 10.56 23.46 20.38 37.62 17.32
ST-GFSL 19.23 13.89 29.34 113.35 18.41 16.56 29.13 57.43 23.38 24.51 36.47 68.43
ST-DAAN 19.14 13.31 29.28 98.72 18.33 15.15 28.00 65.43 23.35 23.31 34.58 80.72
OTL-GM 19.25 14.09 29.04 4.93 18.38 15.14 28.18 2.20 25.54 26.09 36.26 1.10

Figure 13 Improvement of metrics on
PeMS04(holiday).

Figure 14 Improvement of metrics on
PeMS04(weather).

Figure 15 Comparison of convergence times of all
methods on PeMS04(weekday).

Figure 16 Improvement of convergence time on all
the classified datasets.
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and datasets are as follows(the data sparsity is also
30%):

• PeMS04(weekday): As shown in Fig. 12,
the accuracy metrics of each method has
been improved to a certain extent. For the
MAE, the accuracy has increased from 0.48%
(OTL-STGCN) to 31.54% (OTL-GCN); for the
MAPE, the accuracy has increased from 7.03%
(OTL-STGCN) to 28.51% (OTL-GCN); for the
RMSE index, the accuracy has increased from
1.16% (OTL-MLP) to 27.50% (OTL-HA). The
proposed method OTL-GM has an improvement
of 13.56%, 10.20% and 12.74%, respectively.

• PeMS04(holiday): As shown in Fig. 13, the
results are similar to the above. For the MAE,
the accuracy has increased from 1.13% (OTL-
MLP) to 18.26% (OTL-GM); for the MAPE, the
accuracy has increased from 0.21% (OTL-HA)
to 20.19% (OTL-GM); for the RMSE index,
the accuracy has increased from 1.32% (OTL-
GCN) to 15.10% (OTL-Cy2Mixer). The pro-
posed method OTL-GM has an improvement of
18.26%, 20.19% and 14.78%, respectively.

• PeMS04(weather): As shown in Fig. 14, the
results are similar to the above as well. For the
MAE, the accuracy has increased from 5.16%
(OTL-GCN) to 26.18% (OTL-GM); for the
MAPE, the accuracy has increased from 0.86%
(OTL-CGN) to 29.72% (OTL-STAEformer); for
the RMSE index, the accuracy has increased
from 3.00% (OTL-AGCRN) to 27.10% (OTL-
GM). The proposed method OTL-GM has an
improvement of 26.18%, 27.38% and 27.10%, re-
spectively.

Compared to the entire PeMS04 dataset, the
sample size of three classified datasets decreased (43,
16, and 6 days, respectively), and the accuracy of all
algorithms decreased, which is in line with the rules
of deep learning. Based on the above results, we can
draw the conclusion that, compared to merging het-
erogeneous datasets with chaotic distributions, uti-
lizing online transfer learning algorithms to merge
datasets with similar data distributions, i.e. the
smaller Euclidean distance, has led to a certain de-
gree of improvement in predictive accuracy, which
makes the prediction results valid. And the most im-
portant point is that our proposed OTL-GM achieves

the best performance in terms of algorithm conver-
gence time.

Taking Fig. 15 as an example, the convergence
time of all methods on PeMS04(weekday) has gained
considerable improvement. As shown in Fig. 16, we
detail the convergence time of all algorithms, the
analysis of all the datasets is as follows:

• PeMS04(weekday): The convergence time of
all algorithms has been significantly improved,
increasing from 76.92% (OTL-MLP) to 93.51%
(OTL-GM).

• PeMS04(holiday): The convergence time of
all algorithms has seen a substantial enhance-
ment, progressing from 72.40% (OTL-MLP) to
95.32% (OTL-AGCRN).

• PeMS04(weather): The convergence time for
all algorithms has experienced a substantial im-
provement, elevating from 24.77% (OTL-VAR)
to 94.32% (OTL-GM).

Through an analysis combining predictive ac-
curacy and algorithm convergence time, we observe
that algorithms adopting online transfer learning
not only enhance accuracy due to the similarity in
learned data distributions but also significantly re-
duce convergence time, which can be attributed to
pre-trained tasks algorithm.

As we mentioned before, many academic papers
on traffic flow prediction nowadays focus on improv-
ing accuracy, often achieved by introducing complex
components (Transformer) or increasing algorithm
complexity. While accuracy is undoubtedly crucial
for traffic flow prediction, the practical scenarios
need to take the limited resources of devices into
account. The model and methods we propose aim to
maintain accuracy at the current research level while,
to some extent, reducing algorithm convergence time
and increasing the practicality of traffic forecasting.

Although we perform the pre-trained tasks on
our intelligent devices (as shown in Fig. 1), in the
real-world scenario, pre-training on the edge servers
with rich computing resources is a very good choice.
The online transfer learning with smaller Euclidean
distance addresses, to some extent, the issue of data
sparsity resulting from extreme weather conditions,
and the shortened algorithm convergence time ad-
dresses limitations in computational resources on in-
telligent edge devices at the same time. Hence, we



author et al. / Front Inform Technol Electron Eng 2018 19(1):1-5 17

Figure 17 Variation of MAE with Different MLP
Widths.

have addressed the issues of data sparsity and lim-
ited computational resources as initially posed in the
introduction, rendering traffic flow prediction more
practically meaningful and closer to real-world ap-
plicability. And the online transfer learning method
we proposed can not only be applied to the GM, but
future advanced models proposed thereafter.

5.11 Sensitivity analysis to the width of the
MLP

Given that it was already mentioned in sec-
tion 5.2, the optimal depths for GCN and MLP are 2
and 3. And the width of GCN is the number of traf-
fic nodes, so this section will discuss the sensitivity
of MLP width.

In Fig. 17, we can observe that as the MLP
width increases, the results on the training set grad-
ually improve. However, for the PeMS04(weekday)
and PeMS04(holiday) datasets, when the MLP width
exceeds 128, the results on the test set begin to in-
crease, indicating overfitting. In contrast, for the
PeMS04(weather) dataset, since we only collected
a small amount of data (only 6 days), overfitting
occurs when the MLP width exceeds 64. With suf-
ficient data, our MLP model can generalize well to
traffic flow prediction under different conditions.

5.12 Analysis of scalability and performance
of GM under operational conditions.

In real-world applications, scalability is a crucial
aspect of deploying the OTLGM framework. As traf-
fic grow in size and the time steps increases, which
may introduce significant computational challenges.
However, the OTLGM framework is designed to han-
dle such scenarios efficiently.

As shown in the Table 7, the data volume of the
three data sets PeMS04(weekday), PeMS04(holiday)

and PeMS04(weather) is gradually increasing. Judg-
ing from the time growth, from small to large, they
are 1.10s, 2.20s and 4.93s respectively. The amount
of data in PeMS04(weekday) is 7 times that of
PeMS04(weather), but the time has only increased
by about 4 times. So GM is well-suited for trans-
portation network with increasing data volume. And
as shown in Fig.9, when the step size increases, the
accuracy gradually decreases, but it is still better
than most methods and maintains a current level.

Data sparsity is one of the goals of this article.
We explored the convergence time of the GM algo-
rithm under different data sparsity conditions. In
Table 5, we can see that as data sparsity increases,
algorithm convergence time also increases. When the
data sparsity reaches 50%, GM is no longer able to
converge. However, transfer learning can very well
make up for the sparseness of real-time data.

6 Conclusion

In this paper, within the context of the develop-
ment of the IoT, we address the challenges of traf-
fic flow prediction in the real world by highlighting
two issues: the limited computational resources of
intelligent edge devices and the data sparsity result-
ing from extreme weather conditions. Utilizing Eu-
clidean distance, we verify the similarity in distribu-
tion of the same type of data, which confirms the ef-
fectiveness of transfer learning. Considering the con-
straint of limited computational resources, we select
GCN models capable of capturing spatial features
effectively and MLP models with lower complexity.
We propose a novel online transfer learning algorith-
mic framework, integrating our proposed models and
methods. Extensive validation experiments and ab-
lation studies on the real-world PeMS04 dataset con-
firm the effectiveness of our proposed OTL-GM, ad-
dressing the limitations of computational resources
and data sparsity on intelligent edge devices. This
enhances the practical significance of traffic flow pre-
diction.

We couldn’t gather enough data under extreme
weather conditions, which affected the accuracy of
our predictions to some extent. However, our ex-
periments show that the online transfer learning ap-
proach we proposed still works well. Despite this,
ablation studies indicate that the proposed online
transfer learning approach remains effective. If a
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diverse set of data samples is available in sufficient
quantity, it has the potential to improve prediction
accuracy and reduce algorithm convergence time.
We perform experiments only on our intelligent de-
vice and utilize online transfer learning in real-world
scenarios. Pre-training on edge servers with rich
computing resources is a wise choice that is well com-
bined with IoT technology. In the future, it will be
a challenge to consider multiple types of data distri-
butions simultaneously to achieve better prediction
accuracy.
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