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1. Introduction

This paper investigates the potential of neural 
networks in traffic modelling applications. The 
current studies on the application of FNN, RNN, 
and CNN architectures in this field are examined 
and conventional traffic modelling techniques 
and their drawbacks are evaluated. The proposed 
hybrid model combines the advantages of RNNs 
for identifying temporal dependencies in traffic 
data and CNNs for recognizing spatial patterns. 
This methodology covers data collection, network 
architecture design, training, hyperparameter 
tuning, and performance evaluation, and it is 
explained in detail in this paper. The implications 
of the findings of this paper for urban planning 
and intelligent transportation systems (ITS) are 
discussed and compared with those obtained by 
using conventional approaches.

Neural networks, a branch of machine learning, 
have shown promise in handling large datasets 
and capturing non-linear relationships (Murphy, 
2012; LeCun, Bengio & Hinton, 2015). The goal 
is to build traffic models that are more precise 
and flexible, and that improve traffic management 
and prediction in urban transportation systems 
(McCrea & Moutari, 2010; Helbing et al., 2002).

When trying to understand and supervise urban 
transportation systems, traffic modelling is 
essential. It offers insights on travel times, traffic 
patterns, areas prone to congestion and the 
effects of different interventions like building 
new roads or improving public transportation. In 
order to maximize the infrastructure investments, 

implement the intelligent traffic control strategies 
in effect, and improve the overall mobility within 
cities, accurate models are important.

Conventional traffic modelling techniques use 
simulation methods, statistical methods, or a mix 
of the two.

Because of their simplicity, statistical models such 
as Autoregressive Integrated Moving Average 
(ARIMA) (Nelson, 1998) have found widespread 
use, but they often fall short in reflecting the 
nonlinearities found in real-world traffic data. 
Simulation models like MACROSCOPE require 
a high level of processing power even though 
they are physically based and may not capture 
the intricate interactions between road users 
adequately (Karpathy et al., 2015).

Statistical models often use time series analysis 
techniques to identify trends and relationships 
in historical traffic data to forecast future  
traffic patterns.

Restrictions include the inability to capture 
complex non-linear dynamics, the static nature of 
the model, and the limited spatial representation. 
Simulation models consider variables such as 
road capacity, driver behaviour, and incident 
occurrences to model the movement of vehicles 
on a network (Karpathy et al., 2015).

Traffic is treated as a continuous fluid flow in a 
continuum simulation, controlled by macroscopic 
conservation laws such as LWR. It lacks 
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individual vehicle representation but is suitable 
for studying the behaviour of large networks 
(Karpathy et al., 2015).

In agent-based traffic simulation each vehicle acts 
as an agent that makes its own decisions based on 
a set of rules. This kind of simulation shows what 
happens when vehicles interact with each other 
at the level of individual vehicles, but it can be 
computationally expensive. Hybrid traffic models 
try to combine different characteristics of different 
types of models so one can better understand 
how traffic really works and calculations can still 
be done quickly (Cantarella & De Luca, 2005; 
Epelbaum et al., 2017).

Neural networks excel in modelling traffic 
systems because of their ability to learn patterns 
from large datasets. They find relationships and 
causations that are more complex than linear 
ones, and they are frequently used for regression 
tasks. They can be used to predict traffic flow 
based on historical data. However, feedforward 
neural networks (FNNs) have limitations. One 
of their biggest shortcomings is their inability to 
capture temporal dynamics. They have difficulty 
with dependency relationships. While FNNs 
are a useful type of neural networks, modelling 
traffic flow is a project for more powerful neural 
networks (Epelbaum et al., 2017).

Recurrent Neural Networks (RNNs) are designed 
to work with sequences of inputs. This gives them 
the ability to capture what happens over time. 
Therefore, they are able to learn traffic patterns 
and recognize a recurring behaviour. Some RNNs 
can carry memory over from previous time 
periods, which is useful when analysing traffic. 
RNNs include Long Short-Term Memory (LSTM) 
(Hochreiter & Schmidhuber, 1997) and Gated 
Recurrent Unit (GRU) neural networks. These 
networks are especially good at seeing how things 
are connected over periods of time.

Convolutional Neural Networks are usually used 
for identifying patterns in pictures (Yamashita et 
al., 2018). They can also be used to understand 
traffic by representing the road network as a map. 
Convolutional Neural Networks are good at finding 
patterns in various areas of the map. The problem 
with using Convolutional Neural Networks for 
traffic is that they might not be able to see how 
things are connected if they are apart, on the map.

Feedforward Neural Networks (FNNs) are basic 
neural network architectures used for regression 

tasks, predicting the future traffic flow based on 
historical patterns. This type of networks features 
the following limitation: the inability to capture 
temporal dependencies effectively (Epelbaum et 
al., 2017).

Recurrent Neural Networks (RNNs) were created 
to work with sequential data such as time series, 
allowing them to learn long-term dependencies 
in traffic patterns (Sewall, Wilkie & Lin, 2011). 
The most relevant RNNs for this paper are LSTMs 
(Long Short-Term Memory) and GRUs (Gated 
Recurrent Units), which are particularly effective 
for capturing long-range temporal correlations 
(Epelbaum et al., 2017).

Convolutional Neural Networks (CNNs) are well 
known for their cost-effectiveness and precision 
in image processing. CNNs can be applied to 
traffic modelling by representing road networks 
as spatial grids or maps. They excel at identifying 
patterns and relationships within localized areas 
of the network. This type of approach features the 
following limitation: it may struggle to capture 
long-range dependencies across large distances on 
a map (Epelbaum et al., 2017).

The contribution of this paper in this field lies 
in the development and validation of a highly 
optimized hybrid CNN-LSTM framework. This 
framework explicitly balances spatial feature 
extraction with temporal dynamic modelling to 
address the limitations of systems based on a 
single architecture. The framework is validated on 
multi-city datasets, including cities like London, 
Paris and San Francisco, which reduces the 
risk of overfitting to a specific urban topology. 
Hyperparameters were selected by Grid Search 
Cross-Validation, and the model is more accurate 
than traditional baselines such as ARIMA while 
remaining efficient enough for real-time use in 
Intelligent Transportation Systems (ITS).

The remainder of this paper is organized as follows. 
Section 2 details the methodology, encompassing 
data collection and the proposed architecture. 
Section 3 presents the experimental results obtained. 
Further on, Section 4 provides a discussion of the 
findings. Finally, Section 5 concludes this paper.

2. Methodology

Traffic flow refers to the volume of vehicles on 
the road, their speed, and spatial distribution. This 
data is obtained from sensors (loops, cameras) and 
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GPS devices. Additionally, road network topology 
significantly influences traffic dynamics. This 
includes lane count, intersection configurations, 
and traffic lights. Weather conditions, such as 
temperature, rainfall, and visibility also play a role. 
External factors, like special events, accidents, and 
construction works, further affect traffic.

For this study, traffic data included flow, speed, 
occupancy, and turning movement counts 
(TMCs). This data was collected from connected 
vehicle testbeds. Specifically, the Urban Challenge 
datasets from 2015 and 2018 were used (Sewall, 
Wilkie & Lin, 2011; Lieberthal et al., 2024). These 
open-source datasets, made public by diverse 
city administrations that are open to suggestions 
regarding the traffic in their city, provide diverse 
urban traffic scenarios. Data from three major 
cities, namely London, Paris, and San Francisco 
was integrated. Using several cities supports the 
robustness and broad applicability of the results. 
The raw data from these municipal databases 
varied with regard to its formatting and structure. 
Therefore, extensive preprocessing was required 
to harmonize the inputs for the neural network.

Data preprocessing involved handling missing 
values and scaling features. This stabilises neural 
network training. Normalization used Min-Max 
scaling. It mapped all continuous variables, such 
as speed and flow volume, into a [0, 1] range. The 
harmonized dataset was then partitioned. 80% 
of it was used for training, 15% for validation, 
and 5% for testing. This partitioning is meant for 
evaluating the model’s generalization capabilities.

The model combines a CNN, which extracts 
features such as congestion patterns at 
intersections, with an LSTM, which models how 
traffic changes over time. The approach relies 
on the ability of CNNs to analyse traffic patterns 
and on the ability of LSTMs to retain those 
patterns over an extended period. It is suitable 
for predicting traffic flow at given time intervals. 
The prediction uses flow, speed, occupancy and 
turning movement count data. The CNN analyses 
traffic flow maps to identify areas with high 
congestion or dense traffic. The recurrent (LSTM) 
layers then process the extracted features step by 
step and learn how traffic patterns change from 
one moment to the next. The output layer predicts 
traffic conditions at specific places and times 
based on what the model has learned.

The proposed model was trained using traffic data, 
and its predictions were compared with the actual 

outcomes to assess its performance. The model 
applies machine learning by being presented with 
past traffic data alongside the correct outcomes for 
training. The optimizer adjusts the learning rate 
to the problem, which helps in training networks. 
Data preprocessing involved normalization using 
Min-Max scaling and splitting the data into 
training (80%), validation (15%), and testing 
(5%) sets, as it was previously mentioned. The 
model was trained using the Adam optimizer 
with a learning rate of 0.001 (see Table 1). This 
optimizer was selected because it performs well 
for problems of this type (Lieberthal et al., 2024).

The performance of the proposed hybrid model 
was evaluated by using the standard measures 
commonly applied to assess the accuracy of time 
series forecasts. Mean Absolute Percentage Error 
(MAPE) was used for assessing the accuracy of 
the model. Also, the Mean Absolute Error (MAE) 
was employed, which measures the difference 
between the predictions made by the hybrid 
model and the actual outcomes, indicating how 
accurate the hybrid model is overall. Further on, 
the Root Mean Squared Error, which represents 
the square root of the average squared differences 
between the predictions of the hybrid model and 
the actual outcomes, helps one understand how 
far the model’s estimates are from the true values. 
To that, R-squared measures how much of the 
variation in the data one is trying to predict is 
explained by the hybrid model. It indicates how 
well this model fits the data.

The approach presented in this study involves 
using a combination of CNNs for spatial feature 
extraction. LSTM is used for temporal dynamics 
modelling, while the congestion patterns are 
analysed across the intersections. This hybrid 
architecture uses CNNs’ ability to capture local 
spatial dependencies and LSTMs’ capacity 
to retain long-term memory, which makes it 
suitable for traffic flow prediction with variable 
time intervals. This model follows the minimal 
architecture represented in Figure 1.

Figure 1. Basic methodological steps and  
data flow diagram
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The proposed CNN-LSTM architecture consists 
of two convolutional layers, a LSTM layer, and a 
fully connected output layer.

The first convolutional layer applied a filter 
f1 of size k1 × k1 (8 × 8, see Table 1) with stride 
s1 producing feature maps F1 as described in 
(Epelbaum et al., 2017):

1 1 1 1Re ( ( , , )F LU Conv X f s b= +                 (1)

The input X denotes the traffic data entering the 
layer, the bias term b1 is an additional parameter 
that shifts the activation function ReLU (Nair 
& Hinton, 2010), used for introducing non-
linearity. The second convolutional layer applied 
a filter f2 of size k2 × k2 (8 × 8, see Table 1) with 
stride s2, producing feature maps F2 (Epelbaum 
et al., 2017):

2 2 2 2Re ( ( , , )F LU Conv X f s b= +               (2)

The output from the convolutional layer was then 
input into the Long Short-Term Memory layer, 
described by the following equations:

( 1) 2( )t i t i ii W h U F bσ −= ⋅ + ⋅ +                       (3)

( 1) 2( )t f t f ff W h U F bσ −= ⋅ + ⋅ +                   (4)

( 1) 2( )t o t o oo W h U F bσ −= ⋅ + ⋅ +                    (5)

( 1) 2( )t C t C CC W h U F bτ −= ⋅ + ⋅ +                   (6)

( 1)t t t t tC f C i τ−= +                                (7)

( )( 1)tanht t th o C −= 

                                 
(8)

Here, the parameters it, ft, ot denote the input gate, 
the forget gate and the output gate. The cell  state 
Ct at the given time stamp t represents the memory 
of the LSTM unit at that moment. The σ function 
is the sigmoid function. The Hadamard product ⊙ 
is a method of multiplying elements in matrices 
by multiplying the corresponding entries directly. 
The hidden states denoted by ht pass through a 
layer that applies the weights denoted by Wout 
and the bias bout to produce the output. This layer 
is fully connected, meaning that every input is 
linked to every output, which helps to produce 
the intended result.

max( )out t outy Soft W h b= ⋅ +                        (9)

In the proposed CNN–LSTM hybrid model for 
predicting traffic flow, the Softmax function is 
used in the output layer to classify traffic into 

categories like free flow, moderate congestion, 
or heavy congestion. This function takes the 
model’s output and converts it into a probability 
distribution in which context a value of 1 
means certainty. This is a key function for the 
prediction model as it allows the model to not 
only predict a category the flow of traffic would 
fall into, but it also shows how confident the 
model is in predicting the respective category 
(see also Abdar et al., 2021, on uncertainty 
quantification in deep learning). This matters 
for Intelligent Transportation Systems (ITS): 
the prediction model’s outputs can be integrated 
into advanced traffic management systems, 
which use the predicted flows and probability 
estimates as inputs to evaluate risks more 
accurately and to issue alerts (Bishop, 2006; 
Bridle, 1990).

The model was constructed using TensorFlow 
2.9. This allowed the computations to be 
run efficiently on the GPU and TPU. These 
processors, known as parallel processors, can 
handle a large task load, which also means a large 
amount of data sent to be analysed. This shortens 
training and testing considerably.

To obtain certain results based on this model, 
many different settings were chosen. A method 
called Grid Search Cross-Validation (GSCV) 
was used for finding a combination of settings. 
When this model was tested on certain sample 
data, it managed to predict traffic flow with a 
high accuracy. The error was around 8 percent, 
which is acceptable given that the traffic data 
came from different periods, so the proposed 
model predicts traffic flow well. Similar model 
configurations are also described in (Zhang, 
2018; Ma et al., 2015).

The hyperparameters were tuned using GSCV. 
The experiments carried out involved different 
numbers of filters (k), of kernel sizes (s) in the 
CNN layers, and of LSTM units (u). Table 1 
below includes the selected parameters, the known 
values of these parameters in the search space and 
the optimal values:

On the validation set, this model achieved a 
MAE of about 8%. That shows it predicts traffic 
flow data with variable time intervals accurately. 
The computer used for this project has an eight 
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core/sixteen threads AMD Ryzen 7 CPU, with 
64 GB RAM and a Nvidia RTX 4060 GPU with 
8 GB VRAM.

The Adam optimizer was selected for its 
efficiency in handling high-dimensional 
parameter spaces and its ability to adjust the 
learning rate dynamically based on the first and 
second moments of the gradients. Training was 
performed with a weight decay regulator to 
mitigate overfitting (see also Zaremba, Sutskever 
& Vinyals, 2014, on the regularization of recurrent 
networks), which helps the model generalize 
across the different urban centers.

3. Results

This CNN-LSTM architecture outperformed 
the traditional statistical models like ARIMA 
(MAPE: ~12%) and demonstrated a comparable 
performance in relation to other neural network-
based approaches, such as those of Epelbaum et al. 
(2017), Sewall, Wilkie & Lin (2011) and Halbouni 
et al. (2022), as shown in Figure 2.

Figure 2. Direct comparative performance visualization

The traditional methods struggle to adapt in real 
time due to either their oversimplified assumptions 
or the high computational demands they require. 
The proposed model provides accurate predictions 
while maintaining an efficiency suitable for real-
time use. Its loss (RMSE) was 0.0104 and its 
MAE 0.0805, as shown in Figure 3, while its 
MAPE was 00001%.

Figure 3. CNN-LSTM model loss and error

Other machine learning models, namely the CNN 
or the LSTM, have obtained the following results, 
as shown in Figure 4 and Figure 5.

Figure 4. CNN spatial feature extraction performance

Figure 5. LSTM temporal memory metrics

4. Discussion

This study presents a hybrid CNN-LSTM 
architecture for short-term traffic flow prediction. 
The proposed model improves the accuracy of 
predictions compared with traditional prediction 
methods (e.g., statistical models or simulation-
based models). By leveraging the strengths 

Table 1. Hyperparameters: search space values and optimal values

Parameter Search Space Values Optimal Value
Number of CNN Filters 16, 32, 64 32
Kernel Size 4, 8, 16 8
Number of LSTM Units 32, 64, 128, 256 64
Batch Size 16, 32, 64 32
Learning Rate 0.01, 0.001, 0.0001 0.001
Dropout Rate 0.1, 0.2, 0.3 0.2
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of CNNs for recognizing spatial patterns and 
LSTMs for capturing temporal dependencies (i.e. 
time-related characteristics), the limitations of 
traditional traffic modelling methods have been 
addressed. The most notable findings of this study 
are as follows:

	- The hybrid CNN with LSTM model obtained 
a Mean Absolute Percentage Error (MAPE) 
of approximately 8%, compared with 
traditional methods such as ARIMA that 
featured a MAPE value of around 12%. This 
indicates that the proposed neural network-
based modelling approach has a greater 
accuracy and reliability than traditional 
methods when predicting traffic flow.

	- This architecture can maintain real-time 
adaptability, which benefits urban traffic 
management: accurate traffic forecasts 
with low latency can improve intelligent 
transportation systems (ITS) and support 
effective urban planning strategies.

	- This model improves the prediction of traffic 
flow and can give urban planners and traffic 
management authorities useful information. 
With more accurate forecasts they can 
optimize route planning, reduce congestion 
and improve roadway safety, and they can 
identify critical intersections that need traffic 
management interventions so that proactive 
measures can be taken.

5. Conclusion

This paper presented the CNN-LSTM architecture 
for short-term traffic flow prediction with 
promising results on the available data sets. 
The model is more accurate than the traditional 
methods and remains suitable for real-time use 
in urban traffic management. The convolutional 
layers handle spatial inputs such as locations 

(intersections, road segments), weather conditions 
and the type of day (workday, weekend, holiday), 
while the LSTM nodes handle time series of 
locations and timestamps.

However, while this CNN-LSTM model shows 
promising results, there are still several ways for 
improving traffic prediction:

1.	 Future work will investigate architectures 
like transformer-based models and other 
advanced neural network architectures, such 
as graph neural networks (Wu et al., 2020), 
including cluster graph wavelet networks 
for city-scale traffic prediction (Wang et 
al., 2022) and multi-graph convolution 
networks for demand forecasting (Geng et 
al., 2019). These models might work better 
by understanding complex traffic patterns 
more effectively.

2.	 Adding external factors, such as weather 
conditions or special events, should make 
the model more accurate and robust. A larger 
dataset would let the model capture how 
weather and special events relate to traffic 
congestion and incidents.

3.	 “Game Theory” can be used in tandem with 
traffic prediction to find routes that minimize 
time or fuel consumption. The efficiency of 
such approaches is shown by Bîlbîie, Dimon 
& Popescu (2024) and Bîlbîie, Dimon & 
Popescu (2025).

4.	 This model should be further tested in other 
cities. Implementing the model in real-world 
traffic systems and checking its performance 
in traffic will represent important steps.

5.	 The way how popular navigation applications, 
such as Google Maps, affect traffic should 
be studied. Then, a way to adjust the model 
could be found, so that it won’t be too reliable 
on these applications.
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