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Abstract

Congestion in major cities poses a serious threat to long-term city planning and growth. There are several factors that con-
tribute to traffic congestion, including construction zones, adverse weather, special events, and accidents. Recently, with the
rise of Artificial Intelligence technology and Intelligent Transportation Systems, new models and frameworks for traffic flow
prediction have been rapidly created to improve forecast accuracy, especially in urban areas and overpopulated cities that
suffer severe problems with high traffic. This study aims to achieve the following primary objectives: First, it emphasizes the
diverse evaluation criteria employed in research to measure the classification results of the Deep Learning models. Second, it
presents a comparative study of the most popular Deep Learning techniques adopted in traffic prediction. Third, it provides
a brief comparison of the application of the discussed evaluation metrics in the reviewed studies, along with guidelines
for selecting the appropriate metrics. Fourth, it compares the presented studies in terms of the methodology followed, the
dataset used, and the techniques adopted to gain insights about the pros and cons of each study, as well as the most powerful
deep learning techniques used. Lastly, it identifies the inherent obstacles to applying Deep Learning in the domain of traffic
prediction. Prominent scientific digital libraries such as Springer, Elsevier, IEEE, and IOP Publishing published the articles
under investigation in this study. Articles were retrieved using a variety of search terms, including Deep Learning, traffic
flow prediction, short-term traffic prediction, and Intelligent Transportation System. This study focuses on works that are
directly related to using Deep Learning methods for traffic flow prediction. In this study, both primary research and reviews
were considered. This investigation led to the selection of 30 papers for in-depth evaluation.
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ER Error rate SARIMA Seasonal ARIMA
FCD Floating car data SD Standard deviation
FCNN Fully connected neural network SG-CNN Spatial graph convolutional neural
FI-RNN Feature-injected recurrent neural network
network SMAPE Symmetric mean absolute percent-
FIS Fuzzy inference system age error
FN False negative SMBO Sequential model-based
FP False positive optimization
FTP File transfer protocol SRCN Spatiotemporal recurrent convolu-
GARCH Generalized auto regressive condi- tional networks
tional heteroskedasticity ST-CGCN Spatial-temporal complex graph
GCN Graph convolution network convolution network
GIS Geographic information systems SVM Support vector machine
GPS Global positioning system SVR Support vector regression
GPU Graphics processing unit TCI Traffic congestion index
Graph-CNN Graph convolution neural network TF True negative
GRU Gated recurrent unit T™™C Turning movement counts
HGC-LSTM High-order graph convolutional long TOPIS Seoul transport and information
short-term memory network service
IBCM-DL Inverse Bayesian combination TP True positive
model-deep learning TTI Traffic time indices
IoT Internet of Things VAPE Variance of absolute percentage
IoVs Internet of vehicles error
ITS Intelligent transportation systems WNN Wavelet neural network
KDD CUP Knowledge discovery and data min-
ing tools competition CUP
KNN K-Nearest neighbour Introduction
LSTM Long short-term memory
MA Moving average Developing solutions for precise forecasting and congestion
MAE Mean absolute error control based on Intelligent Transportation Systems (ITS)
MAPE Mean absolute percentage error is becoming increasingly important as cities continue to
MDN Mixture density network grow and become more crowded [1]. ITS aims to integrate
MIR Multilayered information retrieval communications, data, and computing resources for trans-
ML Machine learning portation. This strategy aims to better connect pedestrians,
MLP Multi-layer perceptron drivers, and motorists [2]. We can use ITS to build a com-
MRE Mean root error prehensive, dependable, and efficient transportation manage-
MSE Mean square error ment system [3, 4]. We can improve traffic flow, travel speed,
NLP Natural language processing dependability, safety, and passenger pleasure, while greatly
OCR Optical character recognition reducing dangers, high incident rates, traffic congestion, and
P Precision air pollution [4].
PCA Principal component analysis Accurate traffic flow forecasting allows traffic partici-
PeMS Performance measurement system pants (passengers, traffic managers, decision-makers, and
PSO Particle swarm optimization road users) to use transport networks safely and intelligently
PSO Particle swarm optimization [5, 6]. Only reliable data can achieve true success for an
R Correlation coefficient ITS. An estimated 1.35 million persons died in traffic-
R? Coefficient of determination related incidents in 2016, in accordance with the 2018 World
RCL Recurrent convolutional layer Health Organization's report on global road safety status.
R-CNN Regional convolutional neural As a result, researching traffic forecasting is a good way to
networks reduce congestion and ensure relatively safe, cost-effective
RF Random forest transportation [7, 8].
RMSE Root mean squared error Time series analysis and other parametric models have
RMSPE Root mean squared percentage error been used to predict traffic flow. Each x in a time series
RNN Recurrent neural network represents measurements taken at t. To improve traffic
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predictions, the goal is to analyze prior traffic data for tem-
poral patterns. Kalman Filtering, a time-series analysis para-
digm for mobile stochastic scenarios, can reduce variance
and regression difficulties to yield optimal outcomes [9].
The Auto-Regressive Integrated Moving Average (ARIMA)
paradigm is popular for short-term traffic flow forecasting
[10]. Many ARIMA technique improvements have improved
performance [11-14].

Time series analysis in traffic flow prediction can be
categorized into linear and non-linear time series models.
Network traffic prediction widely uses linear time series
techniques because they effectively model the covariance
structure within the data. Two popular sub-groups of these
models are the Autoregressive (AR) and Moving Average
(MA) models, which can be combined to form the Autore-
gressive Moving Average (ARMA) model. Despite being a
traditional approach, linear time series models remain preva-
lent in network traffic forecasting. We utilize the ARMA
model, which integrates both AR and MA components, to
enhance the accuracy of network traffic predictions. While
effective for well-behaved time series data, ARMA mod-
els are less suitable for datasets with random fluctuations.
Nevertheless, ARMA continues to be significant in network
traffic prediction, with several researchers applying various
ARMA-based algorithms [15]. In [16], the authors employed
the ARMA model to predict network traffic using File Trans-
fer Protocol (FTP) data. By capturing and analyzing network
packets over time, they concluded that transferring smaller
files resulted in better network performance and suggested
breaking larger files into smaller ones for efficient transfer.
In [17], the authors introduced a K-factor ARMA model for
predicting high-speed network traffic from multiple sources.
They found that their model outperformed traditional AR
models when measured using Mean Absolute Error (MAE)
and Error Ratio (ER). The ARIMA model extends ARMA
by integrating differencing to handle non-stationary data.
It plays a significant role in time series modeling for net-
work traffic prediction [15]. In [18], the authors proposed
an ARIMA model to predict network traffic using mobile
data, achieving high prediction accuracy as measured by
the Mean Absolute Percentage Error (MAPE). For better
accuracy in predicting public safety trunked radio network
traffic, the authors of [19] combined the Seasonal ARIMA
(SARIMA) model with a K-means clustering approach.
Nonlinear time series models address features that linear
models cannot, such as time-varying variance, asymmetric
cycles, and thresholds. These models use techniques like
neural networks and fuzzy logic to predict network traffic
[15]. One type of non-linear time series model is the Gen-
eralized Auto Regressive Conditional Heteroskedasticity
(GARCH). It was suggested by [20] to show how internet
traffic spikes using data from the Abilene backbone network.
Their results showed that GARCH outperformed ARIMA

in handling variance fluctuations in network traffic. Neu-
ral networks techniques, first introduced as alternatives to
statistical methods in network traffic prediction, consist of
interconnected neurons with learnable weights. They have
been investigated by several researchers such as [21] in
which the authors applied a neural network to predict noise
in video network traffic, using autocorrelation and Mean
Square Error (MSE) to measure performance. Their results
showed that neural networks were more effective than tra-
ditional linear time series models. Also, the authors in [22]
introduced a Dynamic Bilinear Recurrent Neural Network
(D-BLRNN) to improve network traffic prediction. By com-
paring D-BLRNN with the Bilinear Recurrent Neural Net-
work (BRNN), they showed that D-BLRNN was better at
making predictions, as measured by MSE. In summary, both
linear (ARMA, ARIMA) and nonlinear (GARCH, neural
networks) time series models have been extensively used in
network traffic prediction, each with its unique strengths and
limitations. Linear models are simpler and effective for well-
behaved data, while nonlinear models offer a more sophisti-
cated approach to capture complex dynamics within network
traffic. Continued exploration of these methods is crucial for
advancing the accuracy and robustness of network traffic
prediction [15].

K-Nearest Neighbour (KNN), Random Forest (RF),
Bayesian Algorithm (BA), Principal Component Analysis
(PCA), and Support Vector Machine (SVM) techniques
[9] are non-parametric methods that can account for traf-
fic's stochastic and non-linear-nature and are increasingly
used to estimate traffic flow. Neural networks have gained
widespread use in forecasting traffic quantities recently [23].
Back-Propagation yielded promising results in the large data
age [24], but it failed. Deep learning approaches, which use
multiple layers to differentiate basic features from complex
ones in the input, were created after this failure. Deep learn-
ing architectures include Convolutional Neural Network
(CNN), Recurrent Neural Network (RNN), Long Short-Term
Memory (LSTM) Restricted Boltzmann Machines, Deep
Belief Networks, and Stacked Auto Encoders.

This paper introduced a comparative study on the deep
learning technique’s role in traffic prediction to answer the
following questions. The first question identifies the most
widely used deep learning techniques that can be utilized
in traffic flow prediction. The second question is trending
the most popular datasets used in traffic prediction studies.
The Third question indicates the obstacles and challenges
in applying deep learning techniques in traffic prediction.

The primary contributions of this study are as follows:
First, it reviews the various evaluation criteria employed in
research to assess the performance of deep learning tech-
niques. Second, it offers a comprehensive comparative
analysis of the most widely used deep learning techniques
in traffic prediction tasks. Third, it offers a brief comparison

SN Computer Science
A SPRINGER NATURE journal



60 Page 4 of 21

SN Computer Science (2025) 6:60

of how the discussed evaluation metrics have been applied
in the studies reviewed and provides guidelines on how
to select the appropriate metrics. Fourth, it compares the
reviewed studies based on their methodologies, datasets, and
adopted techniques, highlighting the strengths and weak-
nesses of each to identify the most effective deep learning
approaches. Lastly, it identifies the challenges and oppor-
tunities associated with applying deep learning in traffic
prediction.

The rest of this paper is structured as follows: The theo-
retical foundations of traffic prediction problems and Deep
Learning are discussed in Sect. "Background". The various
evaluation criteria being used in research to measure the
classification results of the deep learning models are pre-
sented in Sect. "Popular Evaluation Metrics". The survey
methodology and a literature assessment of the most impor-
tant deep learning techniques used in traffic flow prediction
are presented in Sect. "Survey Methodology". Sect. "Com-
parative Analysis of Evaluation Metrics in the Reviewed
Studies" presents a comparative analysis of the evaluation
metrics used in the reviewed studies. Sect. "Results and
Discussion" discusses the results obtained from this study.
Limitations and Challenges that face applying deep learn-
ing techniques in traffic flow prediction are discussed in
Sect. "Limitations and Future Directions". Finally, the paper
is concluded in Sect. "Conclusion".

Background

ITS makes it easy to gather extensive traffic data for more
accurate traffic flow forecasts [25]. Traffic prediction is a
time-series problem that uses data from one or more obser-
vation sites to predict flow count. Traffic engineers must be
able to predict traffic trends. By predicting traffic patterns in
real-time, authorities can improve traffic control and advise
road users to improve their travel options and save money.
Machine learning and deep learning, Artificial Intelligence
(AI) subcategories, have grown exponentially [26].

Deep Learning

Deep Learning (DL) became a powerful machine learning
technique around the beginning of the century, and it has
since shown promising results in a variety of practical set-
tings. The basis of DL methods is the use of Deep Neural
Networks (DNN) to learn complex properties retrieved from
data with minimal external influence [27]. These algorithms
can learn new, more complex features on their own, elimi-
nating the need for handcrafted features [28]. DNNs have
become increasingly popular due to their flexibility, abil-
ity to model non-linear relationships, and their data-centric
approach to model development [29, 30].
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The academic community is very interested in DL since
itis a new Al paradigm with greater promise than traditional
approaches [31]. When compared to machine learning, DL
is the superior method in terms of efficiency, monitoring,
time, and cost. Although it's a specialized approach, its
adaptability to various approaches and contexts can aid in
resolving a variety of complex problems. In a reasonably
open-ended fashion, the method taught illustrative and dif-
ferential properties [32, 33]. DL is built on a set of machine
learning approaches for data modeling, aiming to construct
high-level abstractions through multiple nonlinear transfor-
mations. With DL technology, the Artificial Neural Network
(ANN) system can function [34, 35]. Because DL networks
contain more layers for acquiring high-level properties and
eliminating undesired data, they outperformed machine
learning algorithms [36].

Effective web search, computer vision, autonomous
vehicles, and Optical Character Recognition (OCR) are just
some examples of how machine learning techniques have
changed our daily lives. Improvements in human-level Al
have also been made possible using machine learning tech-
niques [37-39]. However, using traditional machine learn-
ing algorithms to process human information such as voice
and vision yields subpar results. By the end of the twentieth
century, the idea of DL methodologies emerged due to the
complexity of understanding and making speeches for peo-
ple. Common DL techniques include CNNs, RNNs, LSTM
networks, and Regional Convolutional Neural Networks
(R-CNN). CNNss are highly effective in visual tasks because
they take advantage of the spatial characteristics inherent in
images and videos. In contrast, RNNs are adept at captur-
ing temporal correlations within data, making them particu-
larly well-suited for time series analysis. A notable variant
of RNNs, LSTM network, is especially proficient at learning
order dependencies in sequence prediction problems [40].

Convolutional Neural Network

In image processing, CNNs commonly assign significance
to various features within an image to distinguish between
different elements. However, other contexts can also apply
CNNs, as long as the input data follows the structure of an
image [41].

Text analysis, biological picture recognition, face rec-
ognition, and human organ localization are just a few of
the many applications of CNNs [42]. In 1988, Fukushima
originally presented the CNN structure [43]. However,
the limited availability of computing resources prevented
its widespread use. In [44], the authors were able to solve
the problem of classifying handwritten numbers after they
applied a gradient-based learning technique to CNNs. Next,
experts improved CNNs incrementally and shared their best
work across a variety of recognition tasks.
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Among their many benefits, CNNs feature a structure that
is well-tuned for processing 2D and 3D images, and they are
efficient learners and extractors of abstract 2D information,
making them more like the human visual processing system.
CNNs’ max-pooling layer excels in reducing the effects of
shape fluctuations. In addition, because CNNs use sparse
connections with linked weights, they can function with
many fewer parameters than a fully connected network of
the same size. CNN training employs a gradient-based learn-
ing strategy that is more resilient to the diminishing gradi-
ent problem. The gradient-based training strategy, which
optimizes the network in terms of a single error criterion,
enables CNNs to generate very efficient weights [45].

In most research, prediction models are often impacted
by shifts caused by various complex factors. The inherent
characteristics of traffic flow, along with external influences
that directly affect observed values, are not fully accounted
for. From a temporal perspective, traffic flow demonstrates
not only continuity over time but also exhibits daily and
weekly periodic patterns. Understanding these periodicities
is crucial for gaining insights into traffic behaviours and
identifying travel patterns. Spatially, the traffic flow on a
particular road is influenced not only by its neighbouring
roads but also by distant roads, as suggested by propaga-
tion theory. Additionally, adverse weather conditions and
holidays play a significant role in increasing travel time and
crash risk, thereby affecting traffic flow. Without a compre-
hensive understanding of these diverse traffic features, pre-
diction models will continue to struggle with shifts induced
by complex factors. Therefore, incorporating more realistic
conditions to enhance the accuracy and robustness of traffic
flow models remains an important area for future investiga-
tion [46].

Recurrent Neural Network

The 1980s saw the creation of the RNN DL model, which is
now extremely popular. RNNs are a widely used approach
for addressing time-series problems, making them a com-
mon choice for predicting traffic flow by capturing temporal
dependencies. RNNs are a specific type of neural network
that utilize hidden states, allowing previous outputs to be fed
back as inputs. However, the gradient vanishing or exploding
problem, a challenge inherent to the original RNN architec-
ture, limits their ability to capture long-term dependencies in
sequential data. RNNs have demonstrated relatively accurate
short-term traffic predictions due to their shared weights and
recurrent architecture [47].

There are numerous varieties of these networks, each
with its own memory for storing the data it has accumulated
thus far [48]. RNNs are also reliable designs for time series
analysis due to their ability to extrapolate results from the
past. In this setup, the networks' hidden layers consist of

recursive loops that temporarily store input data and utilize
it to predict subsequent outputs. After the hidden layer's out-
put has been processed, it is sent back to the hidden layer t
times. The recursive layer only passes on its output to the
subsequent layer after reaching the specified number of itera-
tions. This results in a wider distribution of results and a
longer preservation of acquired wisdom. We then update
the weights based on the re-tuned mistakes [49]. Speech
processing and Natural Language Processing (NLP) are two
common applications for RNN [50, 51].

In contrast to CNN, RNN uses sequential data in its neu-
ral network. This trait is crucial to many different applica-
tions, including NLP, because the underlying structure in
the data sequence provides useful information. We can view
RNN as a unit of short-term memory, with x serving as the
input layer, y as the output layer, and s as the state (hidden)
layer [52]. Furthermore, in [53], the authors proposed a deep
RNN to reduce learning difficulty in deep networks while
still providing the advantages of a deeper RNN. This deep
RNN makes use of three distinct deep RNN techniques: the
"Hidden-to-Hidden," "Hidden-to-Output," and "Input-to-
Hidden" architectures [54].

Long Short-Term Memory

The LSTM, an enhanced version of the RNN, addresses the
limitations in managing long-range dependencies. LSTM
balances short-term and long-term memory well by using
complex gate mechanisms [47]. This makes the gradient
vanishing and exploding problems less severe. LSTM effec-
tively captures the temporal and spatial correlation of the
traffic network, leading to improved performance [55].

Since it shares the RNN's memory and multiplicative
gates, LSTM is a subclass of RNN. The authors detailed
the various cell configurations of the first LSTM in [56].
Popular services such as Siri, Alexa, Cortana, Google Voice
Assistant, and Google Translate all owe something to LSTM
[57]. LSTM is a component of RNN that can handle miss-
ing gradient problems. In most cases, RNN uses an LSTM
network to prevent error reproduction. As a result, the RNN
can acquire knowledge across different time intervals. Some
of the cells in an LSTM are memory cells, which store data
separately from any recurrent connections. The cell's gate
functions similarly to a computer's memory, determining
when to store, write, read, or wipe information. To shield
LSTM from the flaws of standard RNN, a memory block
includes a self-connected linear unit called a Constant Error
Carousel (CEC), which is a major component. Weight matri-
ces and activation functions are what make up an input gate
and an output gate, respectively [58].

The LSTM cell consists of an input layer, an output layer,
and a hidden layer that self-connects to both the input and
the output levels. It's possible that the 'conventional units
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that feed the subsequent LSTM cells are in the hidden layer.
The capabilities of a standard LSTM cell were restricted. It
was noted that the function's hand-converted ordinal unit
could reach saturation with its gradual expansion. As a
result, they included a forget gate layer to allow unwanted
data to be erased and forgotten [59]. The most advanced
network topologies, including bidirectional, hierarchical,
convolutional, grid, autoencoder, and cross-modal LSTM,
use LSTM gating [60].

Regional Convolution Neural Network

In response to the discovery of rich recurrent connections
in animal visual systems, researchers developed R-CNNs, a
new type of CNN. R-CNN relies on a special layer called the
Recurrent Convolutional Layer (RCL) to integrate cross-neu-
ron recurrent connections. Because RCL's neurons' receptive
fields expand infinitely in size as the number of recurrent
computations increases, it is not compatible with biological
facts [61]. The standard R-CNN model first appeared in [62,
63]. There is local connectivity between feed-forward and
recurrent connections and shared weights between nodes in
the R-CNN architecture, as described in [62].

From a computational standpoint, R-CNN offers several
benefits. First, R-CNN's recurrent connections permit each
unit to incorporate context information from an arbitrary
broad region of the current layer. Second, the recurrent
connections increase the network's depth and help main-
tain a constant number of tuneable parameters using shared
weights. This conforms to the standard practice of modern
CNN design. Thirdly, an unfolded R-CNN is a CNN that
has several possible routes from the input layer to the output
layer, making it easier to train. One positive aspect of longer
routes is that they allow the model to pick up more nuanced
details. However, training gradient back-propagation may
benefit from shorter pathways [62].

Popular Evaluation Metrics

Evaluation metrics refer to a collection of statistical meas-
ures utilized to assess and ascertain the efficacy and suf-
ficiency of a binary, multi-class, or multi-labelled classifier
in connection to the classification data being modelled. We
employ the assessment metric to quantitatively assess and
consolidate the effectiveness of the trained classifier using
previously unseen data. The outcomes of these evaluation
measures will ascertain if the classifier has achieved opti-
mal performance or necessitates further refining [64]. This
section delves into the widely used evaluation metrics that
gauge the effectiveness of machine learning models.
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Correlation Coefficient

We commonly use the correlation coefficient (R) to evaluate
the quality of linear regression models in ANN. In this study,
the symbol "R" denotes the Pearson correlation coefficient.
The function assesses the level of correlation between the
observed and estimated variables. Equation (1) illustrates
the computation of R. The range of values for the magnitude
of R extends from — 1 to+ 1. The sign of the R-value can
be positive (+) to denote a direct correlation or negative
(-) to denote an inverse correlation. Five degrees categorize
the strength of correlation between two variables: perfect
correlation (1), very high correlation (0.8 to 1), strong cor-
relation (0.6 to 0.8), moderate correlation (0.4 to 0.6), weak
correlation (0.2 to 0.4), and very weak correlation (0 to 0.2).
Equation (1) [65] demonstrates the computation of R.

1 — —
2 Zn (Dact - Duct>(Dpre - Dpre)

n

k= : = O
VEZ (D= D) VL 2 (BB

where D, is the actual variable, D, is the predicted vari-
able, D act is the mean value of the actual variable, D pre is
the mean value of the predicted variable and n is the amount
of collected data.

Coefficient of Determination

ANN employs the Coefficient of Determination (R?) as
another metric to evaluate the quality of linear regression
models. A regression model can account for the proportion
of the predicted variable [66]. Alternatively put, it signifies
the percentage of the dependent variable that the independ-
ent variables can explain, considering the total variability of
the dependent variable. We calculate the coefficient of deter-
mination (R?) as the square of the correlation between the
real and the estimated variables [67]. Therefore, the variable
R? exhibits a range of values between 0 and 1. A coefficient
of determination of O signifies that the regression model
does not account for any variation in the dependent variable,
indicating a lack of connection between the two variables. A
value of 1 signifies that the regression model fully accounts
for the variability in the predicted variables, indicating a
perfect correlation between the two variables [65].

Mean Squared Error

Scale-dependent metrics are those based on absolute errors
or squared errors. The scale of the scale-dependent metrics
is the same as that of the raw data [68]. Scale-dependent
metrics include, for example, the MSE. MSE compares the
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expected value to the actual value. The vertical distance
between each data point’s actual value and the matching
predicted value on the fit line is measured, and the value is
squared. The total squared values are then added together
and divided by the number of points. As a result, the square
of the original unit serves as the MSE unit. The squared
errors prevent the positive and negative numbers from
cancelling each other out [65]. The MSE has a range of 0
to + oo0; the lower the MSE value, the more accurate the pre-
diction model is. MSE has a perfect value of 0, which signi-
fies that the prediction model is accurate. In DL, MSE is the
loss function for linear regression by default [65]. MSE can
be calculated according to Eq. (2) [69].

2
1

MSE = E Z (Dpre - Dact)2 2
1

Root Mean Squared Error

Root Mean Squared Error (RMSE) is another example of
Scale-Dependent Metrics which measures the average mag-
nitude of error between the predicted value and actual value.
As aresult, the RMSE is the average vertical distance meas-
ured from the actual value to the predicted value on the fit
line. Simply, RMSE is the square root of MSE and in the
same manner, the range of RMSE is (0, + c0). It is worth not-
ing that a lower RMSE value corresponds to a higher level of
accuracy in the prediction model. In contrast to MSE, RMSE
retains the same units as the original data, hence enhancing
its interpretability compared to MSE [65]. Equation (3) can
compute RMSE [69].

RMSE = \/MSE 3)

Mean Absolute Error

The MAE is another example of Scale-Dependent Metrics
which measures the average magnitude of error between the
predicted value and actual value [65]. The range of MAE
extends from zero to positive infinity. A lower MAE value
indicates a higher level of accuracy in the prediction model.
The unit of MAE is consistent with that of the original data
[65]. The calculation and understanding of this function are
straightforward, rendering it a commonly employed sym-
metrical loss function (Flores, 1986). MAE can be computed
using Eq. (4) [69].

n
1
MAE = — 211 IDpye = Dy @

Mean Absolute Percentage Error

The most popular Percentage-Dependent Metric is MAPE.
The Percentage-Dependent Metrics measure the size of
errors in terms of percentages and give us a way to think
about how good the predictions are. The MAPE figures out
what the average percentage error is. It is a way to meas-
ure how accurate a prediction is, especially when trying to
figure out a trend. Regression models in ML use MAPE as
the loss function because it simplifies the understanding of
the relative error. The range of the MAPE is (0%, + o). A
lower value of MAPE indicates a higher level of accuracy
in the prediction model. A MAPE value of 0% signifies that
the prediction model is accurate. If MAPE exceeds 100%,
it signifies that the predictive model is of notably low qual-
ity. MAPE has a weakness in that it is sensitive to scale. If
the real value is small, the MAPE will give you extreme
values. Therefore, you shouldn't use the MAPE to evaluate
small amounts of data [65]. Equation (5) is used to calculate
MAPE [70].

100% ~o Ppre = Dact
MAPE =
= ©)

i=1 act

Symmetric Mean Absolute Percentage Error

Another popular Percentage-Dependent Metric is the Sym-
metric Mean Absolute Percentage Error (SMAPE). It is the
optimized version of MAPE. Both positive and negative
errors incur the same penalty. However, if the actual value
is zero and the prediction value is also zero or near to zero,
SMAPE will likely have a value of infinity. The range of the
SMAPE is (0%, + ). A lower value of SMAPE indicates a
higher level of accuracy in the prediction model. A MAPE
value of 0% signifies that the prediction model is accurate. If
SMAPE exceeds 100%, it signifies that the predictive model
is of notably low quality [65]. Equation (6) is used to calcu-
late SMAPE [70].

100% “ Dpre - Dact
SMAPE = | | 6
n Z:, (Dol + Dot/ ©

Confusion Matrix

The confusion matrix is one of the easiest and most intui-
tive metrics used for finding the precision of a classification
model. In 2 X2 confusion matrix, there are four categories:
True Positive (TP), False Positive (FP), True Negative (TF),
and False Negative (FN) [64]. The confusion matrix is a
fundamental concept in ML, providing a comprehensive

SN Computer Science
A SPRINGER NATURE journal



60 Page 8 of 21

SN Computer Science (2025) 6:60

representation of the actual and expected classifications
made by a classification system. The confusion matrix is
a two-dimensional matrix in which one dimension is asso-
ciated with the actual class of an object, while the other
dimension is associated with the class predicted by the clas-
sifier [71].

Precision

Precision (P) is a metric that quantifies the proportion of
accurate predictions made by a model, especially in cases
where the model predicts true positives. The computation
of the metric is derived by dividing the number of true posi-
tives by the sum of true positives and false positives, as rep-
resented by Eq. (7) [64].

TP

P=——
TP + FP

)

Recall

Recall quantifies the model's capacity to accurately predict
true positives across all accessible categories and assesses
the model’s effectiveness in making these predictions. The
formal calculation of this metric is expressed as the division
of true positives by the sum of true positives and false nega-
tives, as depicted in Eq. (8) [64].

7P

Recall = ——
= TP Y EN ®)

Accuracy

Accuracy (A) is commonly described as the proportion of
accurate predictions made for the given test data, expressed
as a percentage. The formal calculation of this metric
involves determining the ratio of true positives and true
negatives, and then summing this value with the total num-
ber of forecasts, as represented by Eq. (9) [64].

B TP + TN
" TP+ FP+ TN + FN

®

F1—Score

F1—Score is a function of Recall and Percision. It can be
used to measure the efficiency of the unbalanced dataset.
F1—Score can be computed as shown in Eq. (10) [64].

P % Recall

F1-S = —
core P + Recall 10)
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Error Rate

The Error Rate (ER) is a metric that quantifies the pro-
portion of inaccurate predictions in relation to the overall
number of cases assessed. The equations representing the
calculation of ER can be shown in Eq. (11) [64].

ER — FP + FN an
TP + FP + TN + FN
Survey Methodology

Prominent scientific digital libraries such as Springer,
Elsevier, IEEE, and IOP Publishing publish the articles
investigated in this review. Articles are retrieved using a
variety of search terms, including those related to Deep
Learning, traffic flow prediction, short-term traffic predic-
tion, and intelligent transportation systems. We begin the
first search round by choosing the fields to search within.
These fields are the Article’s Title, Abstract, Keywords,
Methodology, and Conclusion. Afterwards, we applied the
following selection criteria to identify the desired papers.

— Articles published in journals.
— Articles published in conference proceedings.

As a result of the previous selection criteria, a total of
634 papers covering the period from 2019 to 2023 were
selected, as depicted in Table 1 and Fig. 1.

Then, search round 2 begins by applying a second
selection procedure on the 634 papers obtained in round
1. After applying the second selection criteria, the authors
selected only 30 papers to be thoroughly investigated.
Table 2 illustrates how these papers were finally chosen
after applying the second selection criteria.

This literature review focuses on works that are directly
related to using DL methods for traffic flow prediction. For
this effort, both primary research and reviews on the topics
were considered.

Table 1 The number of

documents published per year Year # of Documents
2019 55
2020 102
2021 133
2022 213
2023 131
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Table 2 The number of documents published per year

Process Selection criteria Total
Round 1 Search Journal articles 341
Conferences articles 634
Round 2 Search Articles written in English only 380
Articles covered the search terms explicitly 210
Full-TEXT ARTICLES 130
Articles directly related to the topic of this 86
study
Not duplicated papers 30

Deep Learning Techniques for Traffic Flow Prediction

This survey compares several traffic flow forecasting meth-
ods. It examines the most used DL approaches for predicting
traffic flow. This paper presents a comprehensive analysis
of the approaches and algorithms used for forecasts, perfor-
mance evaluations, and the instruments employed for these
processes.

Big Data and Machine Learning for Traffic Prediction

One of the most important jobs in ITS nowadays is traffic
flow forecasting [72]. Recent years have seen a rise in the
use of statistical approaches, artificial intelligence, and data
mining techniques for analyzing traffic data and forecasting
future indicators [73]. The findings obtained ensured that
no single technique could evaluate huge datasets on its own.
This means that the right technology must be used, depend-
ing on the data structure and its volume, to get the most use-
ful information out of the data that has been gathered [74].

An innovative and comprehensive approach to traffic
forecasting at scale, speed, and in real-time was proposed

2020 2021 2022 2023

Year

in [73]. The four auxiliary cutting-edge technologies that
have been integrated are DL (CNN and LSTM), big data,
Graphics Processing Units (GPUs), and in-memory com-
puting. When training deep networks, the authors used
information gathered by the California Department of
Transportation (Caltrans) [75] over the course of 11 years.
The proposed model was evaluated using MAPE. The
MAPE speed forecast parameter was 2.59, whereas it was
5.96 for the flow forecast parameter. The proposed method
used a limited data set and had low prediction accuracy.

The LSTM model and a novel approach to traffic pre-
diction with low prediction errors were both created using
DL in [76]. The large volume of traffic data collected by
the Performance Measurement System (PeMS) served as
the basis for this study. The proposed model was evalu-
ated using the Mean Root Error (MRE) and RMSE. To
achieve better prediction results, the authors used the Mul-
tilayered Information Retrieval (MIR) method to optimize
three parameters of the LSTM prediction model: Split win-
dow length L, state vector Sstate, and learning rate ). The
MIR LSTM parameter optimization approach aids in the
selection of the most appropriate parameter combinations,
with a minimum MRE and RMSE of 0.984 and 18.037,
respectively. The number of fine-tuned variables in this
analysis needs to be expanded. Moreover, it is necessary
to determine a time frame for model training.

A pathway-based Bidirectional LSTM (Bi-LSTM) DL
framework was suggested in [77]. It improves citywide
traffic projections. Most importantly, the paradigm was
rational and easy to apply to urban mobility. The assessed
road network had 112 roadways. Automatic Vehicle Iden-
tification (AVI) detectors in central Xuancheng, China,
provided the dataset. The experimental findings revealed
that the proposed model predicted best. KNN, ANN, CNN,
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and LSTM reduce MSE by 35.40%, 21.09%, 9.92%, and
16.90%, respectively, in all prediction situations.

Deep Learning Techniques for Traffic Prediction

Metropolitan road network traffic flow patterns are unpre-
dictable due to periodicity and short-term unpredictability.
Thus, in [78], the authors built a Particle Swarm Optimiza-
tion (PSO) Bi-LSTM model to estimate short-term traffic
flow utilizing PSO and Bi-LSTM neural networks. Instead
of linear weights, PSO discovers the ideal model parameters
globally using nonlinear variable inertial weights. PSO opti-
mizes the Bi-LSTM network prediction model for fast con-
vergence, resilience, and global search. To test the model,
Inner Ring Road, South Extension, Delhi, India, traffic flow
data from 24-02-2020 to 28—02-2020 was collected. PSO-
Bi-LSTM was compared against Bi-LSTM, LSTM, Extreme
Learning Machine (ELM), Gated Recurrent Unit (GRU),
Wavelet Neural Network (WNN), Multi-Layer Perceptron
(MLP), and ARIMA. PSO-Bi-LSTM outperformed oth-
ers in accuracy and stability in experiments. The suggested
model was assessed using RMSE, MAE, MAPE%, R, and
Explained Variation. The results were 16.0867, 6.3450,
1.6162, 0.9995, and 0.9862.

For the objective of making accurate long-term forecasts
of traffic volumes, many DL models were developed in [79].
The best predictions may be made by using two hidden
LSTM layers, one with 64 neurons and another with 32 neu-
rons, as demonstrated by the simulation results. Over 93%
of the predictions had an error of less than +2.0%. Peaks in
some exceptional circumstances are the primary drivers of
variance analysis. Two data sources, electromagnetic loops,
and cameras were combined for this purpose. The accuracy
of the sources used in data fusion is calibrated depending on
environmental factors like lighting and daylight hours. After
the data fusion process, the integration results were com-
pared with the actual data to show that prediction outcomes
had improved at peak periods.

In [80], the authors used Python to analyze uphill traf-
fic speeds. Therefore, a centralized analysis technique was
presented employing central Kunming City, China, traffic
data. The study used data from an online map (https://pro.
arcgis.com/en/pro-app/toolreference/spatial-analyst/how-
kernel-density-works.htm). The average data acquisition
time is 15 min. After mistakes were removed, 45,508,944
road traffic data points were retrieved from May 6-18, 2019.
A PSO-LSTM model predicted road traffic speed trends.
After that, the local and static heat map describes rush hour.
Finally, the writers examined Kunming's main road traffic
and plateau mountain features. The quantitative analysis
employed the Comprehensive Error Coefficient (COE), R?,
and the Comprehensive Optimization Index (COI). Using

SN Computer Science
A SPRINGER NATURE journal

these measures, the proposed model was trained at 1.192,
0.165, and 1.027 and predicted at 0.876, 0.462, and 0.414.

In [81], four different DL methods—Deep Autoencoder
(DAN), DBN, Recurrent Fuzzy, and LSTM—were proposed
for use in building a traffic prediction system. This method
is typically employed to predict the flow of traffic in densely
populated areas. This analysis relied heavily on variables
such as region, season, time of day, road capacity, and vehi-
cle type. The performance of the proposed model can be
measured by using the accuracy, precision, recall, and error
value metrics of ML approaches. Of the four approaches,
LSTM generated 95.2% accuracy. The dataset employed is
not mentioned in this paper.

In [82], the primary goal was to use neural networks to
estimate how long it would take to get from point A to point
B along a given path. The journey time was estimated using
several DL and neural network algorithms, including the
K-Means algorithm in conjunction with a few other param-
eters. This research made use of a dataset collected with
the help of the Waze Live Map Application Programming
Interfaces (APIs). To improve the efficacy and dependability
of their work, the authors should consider aspects like the
weather.

In [83], it was suggested that a recurrent mixture density
network, which is a mix of an RNN and a Mixture Density
Network (MDN), could be used to predict short-term traffic
flow. In this analysis, the authors used data collected by sen-
sors installed throughout road networks in Shenzhen, China,
to track the movement of traffic. It covered the first three
months of 2019 (January through March) and the second
six months (October through December) of 2019. A major
problem with this investigation is the small size of the data
set used. In 10 min prediction, the recurrent MDN improves
the accuracy of the Traffic Time Indices (TTI) prediction
and Average Speed (AS) prediction by 1.28% and 0.8%,
respectively.

In [84], the authors improved the DBN, a DL approach,
to provide reliable traffic forecasts even in severe weather.
The Internet of Vehicles (IoVs) were initially employed to
capture data during severe weather and traffic bottlenecks
instead of inductance coils. The Support Vector Regression
(SVR) technique was then applied to improve the standard
DBN. The improved DBN has two layers: a regular DBN
for unsupervised learning of traffic data basic features and
an SVR for supervised traffic forecasting. The authors used
two data sets in this investigation. First, adjacent weather
stations provide weather data, then a highway control centre
provides traffic data. The experimental findings revealed that
the enhanced DBN controlled traffic prediction error within
9% and was robust despite the extended time gap. The main
problem identified by this investigation is optimizing the
upgraded DBN's computing time.


https://pro.arcgis.com/en/pro-app/toolreference/spatial-analyst/how-kernel-density-works.htm
https://pro.arcgis.com/en/pro-app/toolreference/spatial-analyst/how-kernel-density-works.htm
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Combining efficient scheduling methods for traffic lights
with traffic prediction methods is the basis for the urban
traffic light control system proposed in [85]. This paper used
Back Propagation Neural Network (BPNN) to predict traffic
flow. The aim was to lessen the number of cars waiting at
the many signalized intersections along the road system. An
urban traffic control system framework was first suggested,
with features like traffic flow forecasting and optimized sig-
nal control. Second, an interactive traffic light method was
implemented to help with traffic flow. To ensure the effec-
tiveness of the proposed approach, experiments were con-
ducted using real-world traffic data from the Aliyun Tianchi
platform. Both the proposed system and the signal control
optimization method performed well in the comparison.

In [86], the authors aimed to forecast real-time queue wait
times using DL. They contemplated installing automobile
detectors at the crossing and transferring data to the next
intersections through a corridor. The target intersection's
and two upstream intersections' lines estimated the follow-
ing cycle's crossing point queue length. The adaptive traffic
control system InSync was used to train an LSTM neural
network model to detect signal queuing patterns. Sequen-
tial Model-Based Optimization (SMBO) selected the best
dropout from many stacking layers. This prevented overfit-
ting and optimized hyperparameter selection. InSync adap-
tive traffic light data from December 18, 2017, to February
14, 2018, is used in this study. From East Orlando, Florida,
Lake Waterford offered Alafaya Trail (SR-434) informa-
tion. McCulloch Road crosses 11 roads. The InSync data-
base stores the Turning Movement Counts (TMC), stage
time, length, line, and waiting time. Lack of data (30-60 s)
prohibited precise vehicle motion data. The authors used
RMSE and MAE to assess model accuracy. Most RMSE
and MAE are below 1. Accessing this data may improve
model performance.

Attention-Based Spatio-Temporal Multi-Task Learning
(AST-MTL), a multitasking learning model, predicts multi-
horizon traffic flow and speed on a road network as proposed
in [87]. Multi-headed attention and a Fully Connected Neu-
ral Network (FCNN) learn related tasks and increase gen-
eralization performance. The model gets Spatio-Temporal
traffic data from the Graph Convolution Network (GCN) and
GRU. FCNN compares many standard representation func-
tions first. The attention mechanism uses task-specific and
task-shared representations to find important information
and enhance model prediction. A new Global Positioning

System (GPS) was utilized to estimate highway and city
traffic in the testing. Table 3 shows the scale-dependent
RMSE, MAE, and MASE results for the competing fore-
casting techniques.

The Feature-Injected Recurrent Neural Network (FI-
RNN) blend temporal-sequential data with contextual
attributes to assess if traffic context and state are related, as
proposed in [88]. This model examined traffic data with a
stacked RNN. Meanwhile, a sparse automatic encoder was
trained to highly improve contextual element encoding and
representation. Researchers created fusion characteristics
by adding context to sequence data. Finally, the forecaster
incorporates built-in traffic trend and speed prediction
features. More feature extraction and merging procedures
should be studied to improve the proposed model's accuracy
and performance. Other aspects must be considered.

The authors in [89] devised an array-based traffic situ-
ational awareness method using SVR and LSTM. Applying
graph convolution to a network of detectors revealed traf-
fic flow spatial patterns. The authors then created a weight
matrix from the returning features to average the underly-
ing models' predictions based on test results. This study
used Caltrans PeMS traffic data. Five statistical metrics—
MAE, MRE, RMSE, and Standard Deviation (SD) of MAE
and MRE—were utilized to evaluate the suggested traffic
forecast approach. The measurements yielded findings of
12.9501, 0.1049, 17.3852, +2.6812, and + 0.0249, respec-
tively. Enhancing network structure and parameter choices
was the main finding of this research.

In [90], the authors employed a DL model to predict the
traffic of individual neighbourhoods was proposed. In this
model, LSTM and Graph-CNN were the backbones. One
way to approximate traffic density is to compare the rate
at which cars pile up in a certain area to the average speed
at which people make their way through it on a given day.
In this study, the authors used a condensed version of the
Highway Network in the San Francisco Bay Area.

In [91], an Inverse Bayesian Combination DL Model
(IBCM-DL) was created to overcome the error amplifica-
tion problem of typical summing techniques and enhance
traffic flow prediction. It combines DL techniques like GRU
and LSTM with Bayesian Combination Model (BCM). The
modified model uses Wang's BCM architecture [92]. This
study uses real-world traffic data from microwave sensors
deployed on Beijing's roads. This article measured traffic
forecasting performance using MAE, MAPE%, and VAPE%,

Table 3 Performance of the
proposed model in [87] for
different metrics

Experiment Flow Speed

RMSE MAE MASE RMSE MAE MASE
Belgian freeway system 5.37 3.37 0.71 16.05 8.59 0.80
Bruxelles region urban network 0.76 0.40 0.67 8.90 3.88 0.62
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which were 7.41%, 12.44%, and 13.94%. Weather, traffic,
accident, speed, and occupancy data could increase the
model's accuracy.

In [93], the authors explored urban traffic projections
using Floating Car Data (FCD). Four DL approaches can
predict urban traffic with CNN and RNN, according to the
authors. The authors examined High-Order Graph Convo-
lutional Long Short-Term Memory Network (HGC-LSTM),
LSTM, GRU, RNN, and Spatiotemporal Recurrent Convolu-
tional Networks (SRCN) models. Traffic simulation creates
FCD inputs in proposed ways. The first FCD was created
using micro-traffic simulator Aimsun (2018). Periodically
logged simulated vehicle data includes identification num-
ber, speed, section, and lane. Setup took 10 s. This study
examined prediction models using Camp Nou and Amara
data from Barcelona. LSTM and GRU were better for maxi-
mum (100% and 75%) and lowest (50% and 25%) penetration
in Amara. Camp Nou's HGC-LSTM model has the lowest
penetration. Lower error rates make LSTM and GRU better
than convolutional algorithms (SRCN and HGC-LSTM).

CNN and Deep ANN traffic prediction models were rec-
ommended by the authors in [94] to predict traffic speeds on
upstream roadway segments such as connecting freeways.
The proposed models can identify upstream mainline and
downstream connecting line bottlenecks. The suggested
models forecast work zone traffic velocity using baseline
traffic volume, baseline traffic speed, work area capacity,
distance from the work area, vertical gradient of the road,
downstream traffic volume, and highway section type. The
suggested models use dropout control to prevent ANN over-
fitting. Finding additional sources to routinely update traffic
volume to reflect traffic flow would improve CNN model
accuracy. Additionally, a simulation model can help the new
CNN model predict office space capacity. When warehouses
automate databases, it may be easier to find new things and
upgrades. If sufficient data is provided, the model may fore-
cast opposite-direction delays.

In [95], the authors took a snapshot of the Seoul Trans-
port and Information Service (TOPIS), a free and publicly
available web-based traffic congestion mapping service
and proposed (1) an efficient and city-wide data acquisition
mechanism and (2) a blended neural network architecture to
retrieve spatio-temporal information from the input image
and predict bottlenecks. The suggested design includes an
LSTM network between the convolutional encoder and
decoder. The convolutional encoder encodes the visual
stream into low-resolution latent states. After learning to
express time series as a sequence of events, a convolutional
decoder converts the LSTM network's latent state, restoring
its accuracy. Weather reports—snow, rain, and fog—should
be considered to improve prediction accuracy. Additionally,
the proposed paradigm must be more effective. Estimates are
more accurate with more data from more sources.
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By filling time and space gaps, the authors in [96]
suggested an LSTM-based traffic congestion prediction
approach. The suggested method pre-processes traffic data
by deleting unnecessary details using the average absolute
deviation and adjusting Spatio-temporal values based on
temporal and geographical trends and patterns before pre-
dicting. The prediction approach trained time-series data
with the LSTM model. This fixed the issue that time-series
data don't learn as effectively. This study collected data
in Gangnam-gu, Seoul, in November 2018. The proposed
method's MAPE was about 5% to evaluate its performance.
The proposed approach should help predict traffic conges-
tion in slow-moving areas and big cities. Also, authors
should create a model to improve users' jobs.

Fuzzy Inference System (FIS) and CNN (F-CNN) were
used by [97] to improve traffic forecasts. To account for
CNN's uncertainty when first entering traffic accident
features, this technique uses a fuzzy representation. The
region was divided into 32 X 32 square blocks, and three
direction sequences were created for each type of incom-
ing and exiting traffic to extract the spatio-temporal data.
Second, a fuzzy inference system inferred traffic accident
data from traffic patterns. The F-CNN model can train with
trend sequence, unconfirmed traffic accidents, and external
data. To learn F-CNN parameters, effective pre-training
and tweaking techniques were created. The Beijing taxi
real route and meteorological datasets were used to verify
that the proposed strategy outperforms current methods.
RMSE, MSE, and MAE assessed the suggested model.
Table 4 shows metric findings. Traffic flow prediction
parameters and better DL models need more investigation.

Short-term traffic forecasting was proposed in [98]. The
GRU and spatial-temporal analyses are also included. The
suggested model used temporal and geographic correlation
tests on traffic flow data to identify the input time frame
and geographical data size for spatiotemporal feature
selection. The raw traffic data is transformed into a two-
dimensional matrix that incorporates traffic spatio-tempo-
ral flow information. The GRU examined the spatial and
temporal properties of the internal traffic flow matrix to
complete the forecasting procedure. The suggested model
was assessed using RMSE, MAE, and MAPE%. Table 5
shows metric findings.

Table 4 Performance of the proposed model in [97] for different met-
rics

Model RMSE MSE MAE
F-CNN (5 quantities FIS) 17.59 309.60 9.79
F-CNN (7 quantities FIS) 17.53 307.56 9.93
F-CNN (9 quantities FIS) 17.14 293.91 9.96
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Table 5 Performance of the proposed model in [98] for different traf-
fic flow periods

Period MAE RMSE MAPE%
5 min 7.05 9.59 17.8

10 min 7.81 10.84 19.52

15 min 9.27 12.57 21.33
20 min 10.03 13.28 21.99

There are issues with this method, such as the fact that just
traffic on a given stretch of road is predicted and other factors
(such as weather) are ignored.

Spatial-Temporal Modeling for Traffic Flow Prediction

In [99], the authors proposed a Spatial-Temporal Complex
Graph Convolution Network (ST-CGCN) based traffic flow
prediction system. Distance, data correlation, and comfort
measurement matrices were created using geographic loca-
tions, historical data, and traffic node interference. These three
matrices were fused into a complex correlation matrix utiliz-
ing self-learning dynamic weights to improve Spatial-Tem-
poral feature and external factor modeling. Next, spatial and
temporal feature extraction modules described dynamic Spa-
tial-Temporal characteristics. A graph convolution opera-
tor, complex correlation matrix, and residual unit make up
the spatial feature extraction module. The temporal feature
extraction module uses 3D convolution and LSTM. This
article used four PeMS datasets and the SZ-taxi dataset from
Luohu District, Shenzhen, China cabs. This study objectively
investigated model prediction effects using RMSE, Root Mean
Squared Percentage Error (RMSPE), MAE, and MAPE. The
suggested model improved prediction accuracy by 2.839%,
2.448%, 2.321%, and 4.932% using RMSE, RMSPE, MAE,
and MAPE.

Traffic flow forecasting is a hot topic in transportation
research. Traffic projections are harder due to the exponential
expansion of traffic data. In [100], the authors developed a
CNN and Bi-LSTM multi-step prediction technique to solve
this problem. Traffic time series features were extracted by
the BI-LSTM model using spatial data attributes. The authors
assessed and verified the model's impact using PeMS's dataset.
The experimental findings showed that the Bi-LSTM model
predicted better than the SVR and GRU models. MAE, MAPE,
and RMSE comparisons showed that the proposed model was
30.4%, 32.2%, and 39.6% more accurate.

In [101], the authors created a Traffic Congestion Index
(TCI) using free-flowing speeds and distances. The author
showed how to group road linkages by sub-graph to pre-train
the DL model and share information. They exhibited Spatial
Graph Convolutional Neural Network (SG-CNN), a traffic
congestion prediction model that blends the best of the CNN
model with traffic data, and how road segment aggregation
can speed up training. MAE, RMSE, and MAPE indices
were used to assess the model's accuracy: 0.01578, 0.02264,
and 0.06148. Weather, pedestrians, road conditions, and
other factors affecting traffic congestion must be considered
to improve the TCI. Given their time requirements, segment
aggregation methods would be interesting to improve.

In [102], the authors proposed the usage of Deep and
Embedded Learning Approach (DELA) to explicitly acquire
precise traffic information, road structure, and meteorologi-
cal conditions. Officially offered by the Knowledge Discov-
ery and Data Mining Tools Competition, the initial highway
traffic data set included the three-month period between July
19, 2016, and October 17, 2016. (KDD CUP 2017). The
prediction accuracy of the chosen DL techniques (CNN and
LSTM) for the proposed DELA model was evaluated by
MAE, MAPE, and RMSE and is illustrated in Table 6.

For the chosen DL models (CNN and LSTM), the sug-
gested model provides weak explanations. Not only that but
its embedded component’s capacity for learning is somewhat
restricted.

Congestion levels were predicted in [103] using refined
GPS trajectory data. To compare GPS path information to
the road system, the Hidden Markov model has been used.
Using GPS trajectory data from adjacent areas, the true
speed of road segments can be determined. Congestion lev-
els were predicted using a mix of three traditional machine
learning models (the ARIMA model, SVR, and ridge
regression) and four DL methods (CNNs, RNNs, LSTM,
and GRU). The performance of the CNN, RNN, LSTM, and
GRU models is illustrated in Table 7.

It was noted that there were certain issues with this study.
To begin, Additional GPS information must be considered.
There's also room for modification in the CNN network's
architecture to maximize model efficacy.

A spatiotemporal model (CPM-ConvLSTM) can estimate
short-term congestion along the entire path, as proposed in
[104]. The suggested model uses a geographical matrix to
account for the spatial link between road segments and con-
gestion distribution. Data on Helsinki traffic was collected.
The scientists fed a time series of previous spatiotemporal

Table 6 Performance of the

. Model 60 min prediction 120 min prediction
proposed model in [102] for
different metrics MAPE MAE RMSE MAPE MAE RMSE
DELA 0.1721 24.37 43.19 0.1707 23.31 43.11
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Table 7 Accuracy of the proposed model in [103]

Metric Model Road network 1 Road network 2
Accuracy (%) CNN 96.32 96.23

RNN 95.59 95.88

LSTM 96.08 96.65

GRU 95.40 95.39

matrices into the widely used ConvLSTM DL model to
predict the future short-range matrix. Adding landmarks,
climate, and geography improves prediction accuracy. The
model was assessed using MSE and MAE. Individual metric
findings are shown in Table 8.

CNN-based direct traffic forecasting uses a time—space
diagram [105]. CNN employs dynamic time—space diagram
data to predict traffic accurately. This approach has three
advantages: (1) A learning mechanism that understands the
time—space diagram's key features for successful forecasting
can be used directly as input without abstraction or aggrega-
tion. Diagram (2) can be utilized directly in foresight. These
variables greatly affect traffic flow and vehicle interactions,
which may affect future traffic conditions; (3) this approach
gave location-specific responses that needed to be re-cal-
ibrated for another location, addressing the transferability
problem of non-parametric models. The CNN model pre-
dicted traffic states in multiple main diagram regions better
than SVR, MLP, and ARIMA nonparametric models. The
proposed model was evaluated by MSE, MAE, and MAPE.
In Table 9, metrics are shown.

Both synthetic and real-world data were used in the train-
ing of the recommended CNN model. However, the impact
of switching lanes on traffic dynamics and prediction accu-
racy was not investigated in this study.

Comparative Analysis of Evaluation Metrics
in the Reviewed Studies

The evaluation of traffic prediction models employs a range
of metrics, each serving to measure specific aspects of model
performance. The following discussion outlines key metrics
and their applications, providing a comprehensive compari-
son based on their usage in recent studies.

Table 8 Performance of the proposed model in [104] for different
metrics

Model Weekday Weekend
MSE MAE MSE MAE
CPM-ConvLSTM  0.270992  0.187260  0.075692  0.110878
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Table 9 Performance of the proposed model in [105] for different
metrics

Criteria MSE MAE MAPE
Flow 16,939.98 91.83 177.62
Density 9.70 230 10.57
Rand R?

The R metric assesses the linear relationship between
observed and predicted values, ranging from —1 to+ 1. It
is widely used to evaluate the strength and direction of lin-
ear relationships. For instance, the study in [78] reported
an R of 0.9995, indicating a near-perfect prediction using
a PSO-Bi-LSTM model. R? metric measures the propor-
tion of variance in the dependent variable explained by the
model. Higher R? values signify better explanatory power.
In [80], the model's R? value was used to show its ability
to capture traffic flow variability. R and R? are crucial for
models where capturing linear dependencies is key. High
values suggest that the model accurately reflects the under-
lying patterns in traffic data.

MSE and RMSE

The MSE metric quantifies the average squared difference
between predicted and actual values, penalizing larger
errors. Although MSE is less interpretable due to its
squared units, it is effective in highlighting models sensi-
tive to outliers. Studies like [100] and [104] used MSE to
compare various traffic prediction models. The RMSE is
the square root of MSE, retaining the original data units
and enhancing interpretability. In [104], the RMSE was
used to assess the CPM-ConvLSTM model, achieving a
value of 0.270992 for weekday congestion predictions.
The RMSE is generally favored for its interpretability,
especially when understanding the magnitude of errors is
crucial in traffic forecasting.

MAE

The MAE metric measures the average magnitude of
errors without considering their direction, making it a
straightforward and interpretable metric. The study in
[100] reported a 30.4% improvement in MAE using a Bi-
LSTM model, indicating its effectiveness in handling traf-
fic data. It is commonly employed due to its simplicity and
unit consistency. It provides a consistent measure of pre-
diction accuracy, especially in datasets with fewer outliers.



SN Computer Science (2025) 6:60

Page150f21 60

MAPE and SMAPE

The MAPE metric calculates the average percentage dif-
ference between predicted and actual values, offering
insight into the model's relative accuracy. For example,
[87] achieved a MAPE of 0.1721 in 60-min traffic predic-
tions, demonstrating low relative error. The SMAPE metric
provides an optimized version of MAPE, accounting for
both positive and negative errors symmetrically. Although
less frequently used, it addresses some of the limitations
of MAPE, especially in scenarios where actual values are
near zero. Both MAPE and SMAPE are valuable for assess-
ing relative errors. However, they can be sensitive to small
actual values, necessitating caution in their application.

Confusion Matrix, Precision, Recall, F1-Score,
and Accuracy

The Confusion Matrix is a fundamental metric for evaluating
classification models, detailing true positives, false positives,
true negatives, and false negatives. The Precision and Recall
metrices measure the accuracy of positive predictions and
the model’s ability to identify all relevant instances, respec-
tively. In traffic congestion prediction studies, such as [81],
these metrics are crucial for understanding the model's
classification performance. The F1-Score metric combines
precision and recall, offering a balanced metric for datasets
with imbalanced classes, such as varying congestion states.
The Accuracy metric quantifies the overall correctness of
the model's predictions, useful for providing a general sense
of model performance. All These metrices are essential for
classification tasks in traffic prediction. Their combined use,
particularly the F1-score, provides a nuanced evaluation of
model performance, especially in handling diverse traffic
states.

ER

The ER metric represents the proportion of incorrect pre-
dictions out of the total number of predictions. It offers a
straightforward way to understand model errors, especially
when accuracy alone may not be sufficient. Although less
detailed than other metrics, ER provides a quick overview of
model performance, helping to identify the need for further
optimization.

To summarize this section, Table 10 compares the pre-
vious metrics in terms of the purpose of each metric, the
studies which utilized it, the key findings, and implications.

This comparison illustrates that selecting appropriate
metrics depends on the model’s goals and data characteris-
tics. RMSE and MAE are common choices for regression-
based models due to their interpretability and straight-
forward application. Meanwhile, MAPE and SMAPE are

preferred for evaluating relative errors but require caution
with small data values. For classification tasks, precision,
recall, Fl-score, and confusion matrix metrics are indis-
pensable for a comprehensive evaluation, particularly when
dealing with imbalanced traffic states.

Results and Discussion

This paper presented a comparative study of the most popu-
lar DL techniques adopted in traffic prediction. It focused
on works that are directly related to using DL methods for
traffic flow prediction. The total number of papers that were
discussed in the literature review of this study was 30 which
spanned years from 2019 to 2023. Figure 2 illustrates the
number of papers discussed each year. In this section, the
reviewed papers were classified by year from the oldest to
the newest. Table 11 compares previous works discussed in
the literature review of this study in terms of the methodol-
ogy proposed in each study, the adopted techniques, the used
datasets, and the findings of each study.

As shown in Table 3, the most widely used DL techniques
in 2019 and 2020 were CNN, LSTM, and their variations. In
2021, multiple DL techniques were used. Whereas, in 2022
and 2023, the most widely used DL techniques were LSTM
and its variations. The previous comparison indicates that
LSTM and its variants (such as Bi-LSTM, GRU, and hybrid
models like PSO-LSTM) consistently deliver high predic-
tion accuracy across diverse datasets and environments.
LSTM’s ability to model long-term dependencies and tem-
poral patterns in sequential traffic data makes it a leading
choice for traffic forecasting. Also, Combining LSTM with
other techniques, such as CNN for spatial data (e.g., ConvL-
STM) or optimization algorithms (e.g., PSO-LSTM), further
enhances predictive performance and robustness. Given the
evidence, LSTM-based models especially when integrated
into hybrid frameworks with CNNs or optimization methods
(e.g., PSO) appear to be the most effective techniques for
accurate and robust traffic prediction.

Limitations and Future Directions

Traffic congestion remains a critical issue, particularly in
densely populated urban areas, making accurate traffic fore-
casting increasingly important. To address this challenge,
effective and reliable methods for predicting future traffic
patterns are essential. This review has identified a gap in
the current literature related to traffic flow forecasting, spe-
cifically highlighting the need for more computationally
efficient methods and algorithms. Additionally, the avail-
ability of high-quality training data remains a concern. Many
network models have been trained on partial or incomplete
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Table 10 Comparison of Evaluation Metrics
Metric Purpose Studies utilizing it Key findings Implications
R Measures the strength of [78, 80] R=0.9995 in [78] suggests Essential for evaluating linear
linear correlation near-perfect prediction relationships
R? Explains the variance in the  [80] High R? indicates strong Indicates the model's fit to data
dependent variable model explanatory power variance
MSE Measures average squared [100, 104] Highlights model sensitivity ~ Useful for models sensitive to
errors, penalizing large to outliers large deviations
errors
RMSE Square root of MSE; retains [87, 100, 104] RMSE=0.270992 in [104] Preferred for its interpretability
original units reflects accurate congestion  in original units
prediction
MAE Measures the average magni- [87, 100, 104] 30.4% improvement in MAE  Simple, unit-consistent, good
tude of errors using Bi-LSTM in [100] for general error assessment
MAPE Measures relative error in [87, 103, 104] MAPE of 0.1721 indicates Useful for relative error; sensi-
percentages low prediction error tive to small actual values
SMAPE Optimized version of MAPE  [87] Provides symmetric evalu- Suitable for cases with near-
for balanced error assess- ation of positive/negative zero actual values
ment errors
Confusion Matrix Provides detailed classifica- [81, 82] Used to understand false Essential for classification tasks
tion accuracy positives/negatives in
models
Precision, Recall, F1-Score Measures positive prediction  [81] Crucial for understanding Necessary for evaluating clas-
accuracy and balance imbalanced traffic states sification performance
Accuracy Measures overall prediction  [81, 103] Commonly used for a general Simple but insufficient for
correctness performance overview imbalanced datasets
ER Quantifies the proportion of ~ [82, 83] Provides a quick assessment ~ Basic metric for quick perfor-
incorrect predictions of prediction failures mance evaluation
Number of Discussed Papers per Year congestion patterns, and high-traffic zones. Furthermore, the
limitations in computational power and distributed storage
2023 present significant challenges for processing large volumes
of real-time traffic data. These factors require further explo-
2022 2019 ration to enhance the accuracy and scalability of traffic fore-
casting models.

The scope of this review is limited to the methods and
algorithms discussed in the analyzed articles. It is possible
that other effective techniques and models were overlooked,

2021 suggesting the need for a more comprehensive investiga-
tion into alternative DL approaches. Future research should
2020

Fig.2 Number of discussed papers per year

datasets due to limitations in matching city-specific traffic
flow data. As a result, the performance and accuracy of deep
learning (DL) models in predicting traffic flow are inherently
constrained.

The scarcity of well-documented spatiotemporal associa-
tions in DL methods presents another gap, particularly in
capturing the complex relationships between road segments,

SN Computer Science
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prioritize the exploration of other popular DL techniques,
particularly those not covered in this study, to further expand
the body of knowledge in traffic forecasting.

The field of traffic forecasting using deep learning has
vast potential, yet it faces numerous challenges and limita-
tions. Overcoming these challenges requires future research
efforts to develop innovative solutions that push the bound-
aries of current forecasting capabilities. Research should
explore innovative methods for gathering data, such as
incorporating data from smart city initiatives, Internet of
Things (IoT) devices, and real-time traffic monitoring sys-
tems. This approach would contribute to the development of
robust models capable of accurate traffic predictions, even in
smaller cities with more variable traffic conditions. Future
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Table 11 Comparison of related works grouped by year

Year References Datasets Techniques Findings
2019 [98] Xiangjiang Middle Road in Changsha City's GRU Road segment traffic was forecast
data Weather was ignored
[97] The Beijing cab real route FIS and CNN Potential traffic factors needed
Effective DL models required
[105] Synthetic and real-world data CNN CNN model outperformed SVR, MLP, and
ARIMA
No prediction accuracy
[104] Traffic data in Helsinki, Finland ConvLSTM Integration of external factors enhanced
accuracy
[103] GPS trajectory data CNNs, RNNs, LSTM, and GRU More GPS information needed
Network's architecture needs optimization
[77] Data from AVI detectors in Xuancheng, KNN, ANN, CNN, and LSTM  High accuracy
China
[76] Traffic data collected by PeMS MIR and LSTM More fine-tuned variables needed
Time frame for model training required
[73] 11 years Caltrans’s traffic data CNN, LSTM, GPU, Big Data, Limited data set
and In-memory computing Low accuracy
[102] KDD CUP 2017 CNN and LSTM Weak models’ explanations
Restricted learning capacity
2020 [96] Data collected in Gangnam-gu, Seoul dur- LSTM MAPE approximately 5%
ing November, 2018 Accurate traffic prediction
[94] TOPIS service data LSTM Low prediction accuracy
Other data sources required
[93] Plan4Safety, OpenReach, NJCMS, NJSLD, CNN and Deep ANN With enough data, the model may forecast
and probe vehicle databases delays in the other direction
[92] FCD collected using Aimsun (2018) HGC-LSTM, LSTM, GRU, In Amara, LSTM and GRU are ideal
RNN, and SRCN Camp Nou scenario HGC-LSTM is best
[91] Beijing's microwave sensor traffic data GRU, LSTM, and BCM Other data needed to improve accuracy
[90] San Francisco Bay Area Highway Network LSTM and Graph-CNN The model was useful for congestion tolling
condensed
[89] Caltrans PeMS SVR and LSTM Network structure needs enhancements
Parameter choices need optimization
2021 [88] DRIVE Net dataset FI-RNN Low Model accuracy
Other factors needed
[87] Belgian Freeway System, Bruxelles Region FCNN, GPS Low model accuracy
Urban Network
[81] Adaptive traffic light data from InSync SMBO, LSTM Public data availability can improve the
model performance
[101] PeMS dataset and Los Angeles’ highway SG-CNN Other factors must be considered
data Poor model accuracy
[85] Aliyun Tianchi platform data BPNN High model ‘s performance
[84] IoV’s data during severe weather DBN and SVR Low prediction error
Long computing time
[83] Road networks data in Shenzhen, China RNN and MDN Small size dataset
[82] Waze Live Map APIs’ data K-Means and ANN Other factors needed
[81] Online dataset DAN, DBN, and LSTM LSTM: 95.2% accuracy
No dataset mentioned
2022 [80] Traffic information in central Kunming PSO-LSTM High prediction accuracy
City, China
[100] Caltrans PeMS CNN and Bi-LSTM High prediction accuracy
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Table 11 (continued)

Year References Datasets Techniques Findings
2023 [79] Electromagnetic loops and cameras LSTM Low error rate
[99] Five datasets: Four from PeMS, and the SZ- ST-CGCN and LSTM High prediction accuracy
taxi dataset in Shenzhen, China
[78] Inner Ring Road, South Extension, Delhi, ~ PSO-Bi-LSTM High accuracy and stability

India

studies should also focus on developing models that can cap-
ture intricate spatiotemporal relationships more effectively
by the integration of advanced graph-based neural networks,
attention mechanisms, Geographic Information Systems
(GIS) data, weather patterns, and real-time events to under-
stand traffic dynamics in various spatial contexts. Research
into optimizing computational efficiency will be crucial
for advancing traffic forecasting models. Future studies
could explore the integration of data from multiple modes
of transportation, such as public transit, biking, and pedes-
trian movement. This multi-modal approach would provide
a more holistic view of urban traffic dynamics, allowing DL
models to make more informed predictions. Finally, there
is a need for the development of real-time adaptive traffic
forecasting systems that can dynamically respond to changes
in traffic patterns. Such adaptive systems could significantly
enhance the effectiveness of traffic management strategies.

Conclusion

This research provides a comprehensive overview of the
most significant DL techniques currently employed in traf-
fic forecasting, along with an exploration of the challenges
inherent to this field. A total of 30 papers were carefully
selected for in-depth evaluation, revealing the critical role
of DL in achieving accurate traffic forecasts. The findings of
this study have profound implications for urban planning and
traffic management, as precise traffic predictions can inform
the design and optimization of road infrastructure, enhance
the efficiency of transportation networks, and support the
development of proactive traffic control measures. Addition-
ally, this research contributes to the growing body of litera-
ture on DL methods for traffic flow forecasting and serves as
a valuable resource for researchers aiming to further advance
the field. By identifying key challenges and opportunities,
this study paves the way for future investigations that can
drive more effective urban planning, reduce congestion, and
promote safer, more sustainable transportation systems.
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