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ABSTRACT: Traffic congestion prediction focuses on evaluations upcoming road
traffic states by analyzing past and real-time data such as vehicle velocity, traffic
throughput and road occupancy. However, many existing models have limited adaptability
to rapidly changing urban traffic conditions. To address these limitations, the proposed
framework introduces a multimodal traffic prediction mechanism that integrates sensor
time-series data with surveillance video streams. Initially, multi-source data are collected
where traffic sensors provide time-series values (vehicle count, speed, and density) and
roadside cameras provide continuous video frames. The sensors data are pre-processed
using ImputeGAN (IGAN) for missing value imputation, Quantile Transformation for
Normalization (QTN) and Time2Vec encoding (T2VE) to capture rush-hour patterns.
Video frames are enhanced using Deep Unsupervised Blind Image Denoising (DUBID)
to remove noise and Self-supervised Low-Light Enhancement (SSLLE) to improve visual
quality. After preprocessing, both modalities are temporally aligned using a Sliding
Window Synchronization (SWS). Feature-level multi-modal representations are learned
using a Dual-Channel Convolutional Neural Network (DCCNN), where ResNet50
extracts detailed traffic density patterns and MobileNetV4 learns lightweight structural
features. The combined features are fused through a Transformer-Based Fusion (TBF),
to model relationships between numerical trends and vehicle congestion. Finally, the fused
representation is fed into a Diffusion Convolutional Recurrent Neural Network
(DCRNN) to predict the traffic state and the system classifies the road condition into four
levels: low, normal, high, and heavy congestion. By using this methodology achieves the
accuracy of 98.22%, precision of 96.48%, and the recall of 96.53%, demonstrating
improved prediction efficiency, reliability with sparse data and responsiveness to real-
world traffic dynamics.

Traffic congestion prediction has become a research issue of critical concern in the context of urban intelligent transportation.

With information about traffic, critical areas where congestion is likely to occur to identified and controlled in advance thus,

vast economic losses, and road accidents can be avoided [1]. The traffic systems are enormous spatial networks whose structures

are complicated and dynamic. Traditional methods are not enough to process the real-world traffic information properly. The
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predicted results may sometimes deviate from actual traffic conditions. Thus, the identification of credible patterns in large and
complex traffic data is a core problem in the intelligent transportation systems. Furthermore, congestion control is another
fundamental part of traffic management, and it requires the introduction of the appropriate approaches to control based on the

properties of road structures to disperse congested areas within a short time and avoid the worsening of traffic [2].

The classical techniques of predicting traffic mostly use statistical and mathematical forecasting models including historic
averaging, autoregressive models, and Kalman filtering. The methods assume linear depiction and steady traffic flow, which can
hardly be achieved in the real world urban setting where the traffic conditions are constantly changing owing to accidental
instances, peak hours, weather changes, and human driving habits [3]. They do not adequately represent nonlinear space-
temporal correlations and frequently are inaccurate predictors. Although machine learning algorithms such as Support Vector
Machine (SVM), k-Nearest Neighbor (IKNN), and Random Forest (RF) have demonstrated superior performance, they suffer
from limitations such as a heavy reliance on hand-crafted features and an inability to automatically capture complex patterns
using diverse traffic data [4].

Deep learning methods have been widely used to solve these weaknesses in traffic analysis. The recurrent Neural Networks
(RNN), Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), Graph Convolutional Networks (GCN),
Gated Recurrent Units (GRU), can additionally encode road connectivity and long-range time dynamics. However, most of
these methods continue to use one type of data- usually sensor data or video data- therefore decreasing resilience to noise,
missing values, or uncertainty [5]. To avoid this limitation the combination of multimodal traffic data and deep learning models
has been developed an effective approach to predict traffic and congestion. Below is the primary contribution of the suggested

work.

e  Multi-model prediction framework that combines Transformer based fusion and DCRNN to achieve reliable traffic

congestion prediction.

e ImputeGAN, Quantile Transformation and Time2Vec improve sensor data reliability by handling missing values,
normalization and temporal patterns, while DUBID is used for image denoising and SSLLE to improve video quality.

e SWSis used to synchronize the data temporally and ensure consistent multi-model correspondence.

e DCCNN (ResNet50+ and MobileNetV4) extracts complementary spatial features, while Transformer based fusion

adaptively combines heterogeneous traffic representations.

e DCRNN learns dynamic spatio-temporal dependencies and accurately predicts and classifies traffic conditions.

The rest of this paper is organized as follows: Section 2 reviews related work on traffic prediction and congestion analysis;
Section 3 presents the proposed multi-model framework and methodology; Section 4 discusses the simulation results and

evaluating the performance of proposed model; and Section 5 concludes the work with future scope.
2. LITERATURE REVIEW
Several Al based traffic prediction and congestion analysis approaches have been developed, some of which are reviewed below.

shin et al. [6] have described a long short-term memory (LSTM) for Prediction of Traffic Congestion. Before prediction, the
algorithm processes the traffic information by removing outliers with median absolute deviation and altering the temporal-
spatial values. Mean absolute percentage error (MAPE) of the approach was found to be better than that of the comparison
models with a value of about 5%.

Zaki et al. [7] have developed a Hidden Markov Models-contrast model (HMM-C) for Traffic congestion prediction. The model
variability of the traffic patterns in terms of mean speed and contrast. The first method which researchers use to forecast traffic
jams involves using HMM. The error of predicting patterns was 8.8%.

Li et al. [8] have introduced a Machine Learning and Fuzzy Comprehensive Evaluation based Framework (MF-TCPV) for
Traffic Congestion Prediction. MF-T'CPV categorizes congestion based on six levels, through a fuzzy overall assessment which
was grounded by average speed, occupancy rate, and density of traffic-flow. The model achieved a prediction accuracy of
92.36%.
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Gao et al. [9] have described a convolutional neural network (CNN) framework for traffic congestion analysis. The trained
CNN was tested on a 2,400 image dataset after being trained on a 1,400 image dataset. The model had a precision of 98.74%
and F-measure of 98.91% when predicting the level of congestion.

Ramana et al. [10] have described a Vision Transformer (ViT) Approach for Traffic Congestion Prediction in Urban Areas. A
CNN teaches the feature maps to traffic images, and then a ViT operates on the feature maps and uses tokenization and
projection schemes to predict congestion in the city, with the accuracy of 86.27%.

2.1 Research Gap

LSTM methods struggle to capture spatial road interactions and network connectivity [6]. HMM-C models have low adaptability
to dynamic traffic changes [7]. MF-TCPYV has limited ability in capturing difficult complex spatio-temporal traffic relationships
[8]. CNN based image methods ignore numerical sensors data, leading incomplete traffic understanding [9]. CNN-ViT models
are sensitive to noise and missing information [10]. To overcome this challenges, this paper employs DCCNN and DCRNN
frameworks for predicting and classifying the traffic conditions.

3. PROPOSED METHODOLOGY

Intelligent Transportation Systems (ITS) integrate sensing, communication and computational technologies with transportation
infrastructure to supplement traffic safety, mobility and operational efficiency. However, the existing approaches are limited by
lack of sensor data and distorted surveillance images, which undermine the credibility of the models. To overcome these issues,
the suggested model develops a multi-modal intelligent traffic prediction system, which combines heterogeneous data provided

by IoT sensors with video surveillance data.

DCRNN

Figure 1. Architecture for Multi-model traffic prediction.

Figure 1 represents the traffic prediction framework using traffic sensors and surveillance video data. Multi-source data are first
gathered for traffic prediction. These datasets include time-series values of vehicle count, speed and density variables derived
by traffic flow sensors and continuous video frames of roadside cameras which represent congestion. The data sources are
noisy and inconsistent, the pre-processing of both data modalities is performed separately. The sensor data is subjected to
ImputeGAN (IGAN) to support missing-value imputation, and then Quantile Transformation Normalization (QTN) to
standardize the distribution, and lastly, Time2Vec encoding (T2VE) to support time-aware encoding of sensor data to facilitate
the model to learn rush-hour dynamics. At the same time, the frames of the video are pre-processed using Deep Unsupervised
Blind Image Denoising (DUBID) for noise in the environment, as well as Self-Supervised Low-Light Enhancement (SSLLE)
for minimized visibility in the dark. After that, the two modalities are synchronized in time through a sliding window process
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to make sensor readings and video frames reach the same time intervals. Then, the learning of multimodal representation at the
features level is performed using a dual-channel CNN, in which the ResNet50 learns the patterns of spatial traffic density in
images, and MobileNetV4 learns the patterns of lightweight structural features. The generated visual characteristics are
combined with the encoded sensor characteristics and inputted into a TBF module implemented as a transformer that learns
associations between numerical trends in congestion and visual vehicle aggregation. The DCRNN receives the combined
representation which it uses to learn the roads connect throughout space and traffic patterns change over time to produce

traffic predictions. It’s categorizes the road conditions as low, normal, high, and heavy congestions.
7) Time series data pre-processing: ImputeGAN, QTN and Time21 ec

The sensor readings that are missing are reconstructed through the use of an ImputeGAN. Where a generator estimates the
missing traffic values given the sensory information. A discriminator evaluates the validity of the generated values against actual
traffic measurements [11]. This plays an adversarial role that enables the generator to learn realistic temporal patterns instead
of using the simple interpolation. The adversarial task is defined in Eqn. (1).

min G max D V(D,G) = Ey-p,,,, [logD ()] + E,p. . _ [log (1 - (G (z)))] 0

where G is a Generator network (predicts missing traffic value), D is a discriminator network (checks real or fake value), x
denotes a real traffic sensor data, Ppeq; is a distribution of real traffic data, z is a random noise input, Ppgse is a noise

distribution, V(D, G) denotes adversarial loss. The final imputed value is obtained as Eqn. (2).
Xm = G(xpps,m) )

Here m represents the missing value mask, X, denotes the available sensor readings, m is a mask (1=available, 0=missing)
and X, is reconstructed missing value.

Once missing values are imputed using QTN, empirical sensor data distribution is brought to the normal distribution as there
are strong skewness values of quantitative values for traffic flow during peak and off-peak hours [12]. The observations are
ordinally ranked, and hence a cumulative probability is assigned based on the empirical distribution, and then transformed to
fit to a target distribution, the most common being a uniform or Gaussian distribution. This process reduces the heterogeneity

in the variance and hence stabilizes the training of neural-networks. Formal transformation is defined as in Eqn. (3).

— -1
Xscaled = Ftarget (Fdata (x)) (3)
where x is a original traffic value, Fy4:4(x) denotes the empitical cumulative distribution function, Ft_alrget is a inverse target

distribution.

Time2Vec encoding helps the model understand the periodicity of traffic in a day by transforming the individual timestamps
to a vector of linear and periodic elements [13]. The linear term is proposed to represent the time-course, whereas sinusoidal

terms are designed to represent periodicity (rush hours). The encoding is expressed as Eqn. (4).
t2v(t) = [wot + g, sin(wyt + 1), sin(w,t + ¢,), ... ] “

where t timestamp (min/hour), W denotes the learnable frequency weight, ¢ is a phase shift and t2v(t) is an encoded time

feature vector.
7) Time series image pre-processing: Deep universal blind image denoising and Self-supervised low-light image enhancement

Video images often contain environmental noise, e.g. rain, fog, motion blur. A neural reconstruction model is conditioned to
decouple a clean structural representation of an image without the aid of clean reference images [14]. The model attains image
reconstruction by minimising the reconstruction error in Eqn. (5).

L = |ciean — FB(Inoisy)”2 ©)

Where Ioisy is a noisy traffic frame, Igjeqn denotes the reconstructed clean frame, Fy is a neural network with parameters 6

and L reconstruction loss.
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Night-time frames are brightened using illumination estimation. Self-supervised low-light image enhancement, an image
separated into two parts which include reflectance and illumination elements [15]. The process increases illumination levels
while maintaining the integrity of existing structures using Eqn. (6).

Lenhancea = R(x¥).yL(x) ©)
where y is an adaptive brightness factor, L(x) is an illumination and R(x) is a reflectance (object details).
71) Temporal Synchronization: Sliding window synchronization

The system uses a sliding time window method to synchronize both modes which then show identical traffic times. The system
divides continuous data into predetermined time slots and matches sensor data with the closest video footage to maintain
temporal consistency in multimodal learning [16]. The synchronized windows in Eqn. (7).

Xe = {Xe—pr1s o, Xe} ™
Where X, is a input sequence at time t, k denotes the window size and X; is a traffic reading at time ¢.
) Feature level multi-model learning: Dual CNIN (ResNet50 & MobileNetl'4)

The system uses two separate CNN networks to analyze one traffic frame because the two networks will learn different visual
information from the frame [17]. The network uses ResNet50 to detect intricate traffic patterns because it identifies both vehicle
clustering and traffic congestion zones [18]. MobileNetV4 extracts lightweight structural features like lane boundaries and
general road occupancy [19]. The network uses convolution filters which move across the image to identify important patterns.

The convolution operation computes each feature value as Eqn. (8).
Fi,j = U(Zm,n Wm,n -Ii+m,j+n + b) ®

where [ is a input image, W denotes the convolution filter, b is a bias, 0 denotes a activation function and Fj; is a extracted
feature map value. The feature maps that ResNet-50 and MobileNet-V4 generate are then combined and merged with the
sensor features that have been processed in advance, and a single, coherent multimodal representation is obtained and

summarizes both roadway conditions and quantitative traffic.

Input (Image &
data)

Pre-processing

—

I ResNet 50 branch ‘

’ MobileNet V4 branch ‘

Extracted features

I I I
| | |
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| | L |
Global average pooling | Global average pooling |
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’ Fully connected layer ‘
L
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Figure 2. Architecture for Dual CNN (ResNet 50 & MobileNet V4).

Figure 2 shows that Architecture for Dual CNN (ResNet 50 & MobileNet V4). The Dual-Channel CNN employs two parallel
branches ResNet50 and MobileNet V4 to extract deep features and lightweight visual features from the inputs. The extracted
components are combined via feature concatenation and a Fully Connected Layer (FCL) to generate a feature vector for traffic

analysis.

243
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health %

elSSN: 2583-1194

v) Multi-model Fusion: Transformer based fusion

The model uses an attention mechanism to combine different features because it needs to determine which video and sensor
data provides more valuable information during specific accident scenarios and sensor operation periods [20]. The system first
transforms features into three different vectors which include Q is a Query to indicate present information K denotes the Key
for holding reference data and V is a Value to store actual feature information. The similarity between Query and Key determines
the importance of each feature, and Softmax converts it into attention weights. The fused representation is computed as Eqn.

).

) _ QKT
Attention(Q,K,V) = Softmax T |4 ©)

where d is the feature dimension. The weighted values are summed to achieve a single feature vector expressing may both

sensor patterns and visual road conditions numerically.
vi) Classification: DCRNN

The DCRNN uses spatial traffic patterns and temporal traffic trends to forecast upcoming traffic conditions. The road network
is represented as a graph in which each junction serves as a node and the road connections from the adjacency matrix A [21].
Diffusion convolution enables traffic data to spread through interconnected roadways which allows traffic jams at one
intersection to affect nearby intersections. The recurrent unit processes input traffic feature X at every time step to update its

memory together with the previous hidden state H,_; in Eqn. (10).
Hy = o(W, X, + WyHe_1) (10)

where H, is a hidden state at current time step (updated traffic memory), W, is a weight matrix for current input features, Wy
denotes the weight matrix and 0 is an activation function. This also combines temporally evolved features like slow traffic

build-up with the spatial propagation, assuming diffusion across the road graph is given in Eqn. (11).

Xep1 = DTTAX W (11
Here D' A normalizes traffic flow according to the number of connected roads which enables the model to forecast future
traffic patterns across all locations. X;,4 denotes the predicted traffic state for next time step and W is a learnable spatial weight

matrix. DCRNN training requires two objectives because it predicts traffic values before making classifications. The first
prediction loss function between the actual traffic flow and the estimated traffic flow in Eqn. (12).

1 ~
Lpred = ﬁzgzl(yi - yi)z (12)

whete y; and J; is a actual and predicted traffic flow. After the prediction is converted to a category, cross-entropy loss is

applied in Eqn. (13).

Lys =— Zg=1 yelog(¥.) (13)

whete C is a total number of classes (4 congestion levels), ¢ is a class index (1 to C), Y, denotes the true label for class ¢ and P,
is a predicted probability of class ¢ from softmax output. The predicted traffic value is finally converted into congestion

categories: low, normal, high, or heavy.

Table 1. Layer Description for DCRNN approach.

Layer Output size Parameter
Input layer (None, T, 2506) 0
Diffusion convolution layer | (None, T, 256) 32,678
DCGRU layer 1 (None, T, 64) 49,152
DCGRU layer 2 (None, T, 64) 24,576
Fully connected layer (None, 128) 8320
Output (None, 4) 516
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Table 1 describes the neural network using traffic data form 10 time steps across 5 road segments. Diffusion convolution
captutes spatial interdependencies between roads, but the DCGRU models temporal dynamics. T is a time steps of the input
sequence. The decoder estimates the next state of traffic; the next fully-connected layer produces a value of absolute traffic,

and a softmax classifier takes each road one of four congestion classes are low, normal, high or heavy.
4. RESULT AND DISCUSSION

The proposed work presented a multimodal traffic prediction framework that integrates sensor time-series data with surveillance
video information. The system was testing using Python 3.12 on a setup with an Intel Core i5 processor, an NVIDIA GeForce
GTX 1650 GPU, and 16GB of RAM, ensuring smooth and efficient execution. Table 2 depicts the Simulation parameters for
proposed approaches.

Table 2. Simulation parameters for proposed ResNet50, Dual channel CNN and DCRNN.

Methods Parameters Range
Default size 224
Minimum size 197
ResNet50 Stride (2,2)
Target size (224,224)
Axis 0
Batch size 206
Learning rate 0.005
Epochs 250
Dual channel CNN AXI,S - !
Activation Relu
Stride 2
Pool size 2
Factor 0.5
Dimension 1
Number of nodes 5
Input dimensions 1
DCRNN
Output dimensions 1
Hidden dimensions 32
Sequence length 10

Table 2 summarizes the simulation parameters used for the proposed techniques, including batch size, learning rate, dimensions,

input dimensions, output dimensions, sequence length, factor, pool size, axis, epochs and target size.

4.1.Dataset description

The Kaggle Traffic Prediction Dataset (85 kB) contains time-series data which tracks traffic volume together with traffic
congestion indicators [24]. The dataset includes timestamp data and day information and vehicle count numbers and congestion
assessment criteria which support machine learning and deep learning traffic prediction. The Mendeley Traffic Congestion
Dataset (396 MB) contains 500X500 pixel images of traffic scenes labelled as congested or uncongested, designed for computer
vision tasks such as CNN-based congestion detection [25].
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Table 3. Data split for training and testing in Traffic Congestion Prediction.

(o) 11 Total
Dataset Class vera ota Training Testing
samples samples
Traffic 0 596
i 1 596
congestion 2384 1907 477
Dataset 2 596
3 596

Table 3 presents the total number of samples used in this study. The sample of image is 2384 and sample of data is 2384, which
are fused to split the training and testing process. The dataset for traffic congestion prediction is split such that 80% of the

samples are used for training and the remaining 20% are used for testing.

Table 4. Sample data for pre-processed outcome.

Original data

Car Count Bike Count Bus Count Truck Count Total

14 0 0 34 48

17 5 0 23 nan

19 1 1 18 39

15 5 nan 12 33

13 2 1 26 42

nan 3 0 32 50

Data imputation

14 0 0 34 48

17 5 0 23 45

19 1 1 18 39

15 5 1 12 33

13 2 1 26 42

15 3 0 32 50

15 0 1 13 29
Normalized data

-1.269664385 -5.199337583 -5.199337583 1.602210318 -0.908974922
-0.935852086 -0.586473213 -5.199337583 0.637923432 -1.029375402
-0.716838953 -1.442543358 -0.798768904 0.278301688 -1.295362537
-1.135284209 -0.586473213 -0.798768904 -0.129582314 -1.689670077
-1.397836529 -1.15461469 -0.798768904 0.846278503 -1.15461469
-1.135284209 -0.963422907 -5.199337583 1.41129327 -0.837338361
-1.135284209 -5.199337583 -0.798768904 -0.053972647 -2.11966823

The sample data of pre-processed results is given in Table 4. The gaps in the traffic data are used to imputation and then all the
attributes pertaining to vehicles are normalized to scaled values and thus, make the data responsive to further model training.
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Figure 3. Sample and pre-processed images.
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Figure 3 shows the Sample and pre-processed images. The first, second and third columns represent the original, denoised and

enhanced image, respectively.

4.2. Comparison of traffic congestion prediction process

Proposed DCRNN approach is compared with existing algorithms, including the Long Short Term Memory (LSTM), Deep
Brief Network (DBN), Deep Neural Network (DNN), Gated Recurrent Unit (GRU).

True Label

Figure 4. Confusion matrix for proposed approach.

0 1

Predicted Label

-

100

Figure 4 shows the confusion matrix used to evaluate the classification model’s performance. The model correctly predicts 115
class O (heavy), 118 class 1 (high), 110 class 1 (normal) and 117 class 2 (low) cases, while only 17 instances are misclassified.
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Figure 5. ROC cutve for proposed approach.
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Figure 6. Precision-recall curve for proposed approach.
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Figure 7. Calibration cutrve for proposed approach.

Figure 5 presents the ROC curves for all classes, demonstrating the classification performance of the proposed model. The
AUC value is near to 1 (97%), so this proposed DCRNN provide a better traffic congestion classification. Figure 6 displays the
precision-recall curve of the proposed model, demonstrating that it maintains high precision at 1.00 across most recall values,
starting from a recall of 0.0. Figure 7 presents the calibration curve for the proposed model, which closely tracks the diagonal
reference line; the fraction of positives increases from 0.02 to neatly 1.0 as the predicted probability rises from 0.0 to 0.97.

—*— Traming Accuracy
. Testing Accuracy

0 20 40 60 80 100
Epoch

Figure 8. Training and testing accuracy curve.

o B == Training Loss
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1.0 2

0 20 40 o0 80 100
Epoch

Figure 9. Training and testing loss cutve.

Figure 8 displays the training and testing accuracy cutrves. The training accuracy begins at approximately 0.43 during the initial
stages (epochs) and improves to nearly 0.93 by the 100th epoch; this indicates successful learning and a reduction in overfitting.
As shown in Figure 9, the loss continues to decrease as the epoch’s progress; specifically, the training loss drops from 1.18 to
approximately 0.20. This points to the proper optimization of the model and its robust generalization performance.
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Figure 10. Accuracy comparison of DCRNN with other current algorithms.
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Figure 11. Precision comparison of suggested and different models.
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Figure 12. Recall comparison of DCRNN and the current algorithm.
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Figure 13. Comparison of specificity for DCRNN and the current algorithm.

The performance of the proposed model in terms of accuracy, precision, recall, and specificity is compared to the existing
models as depicted in Figures 10-13. The proposed DCRNN has the highest accuracy of 98.22%, whereas the DBN, DNN,
LSTM, and GRU models have lower accuracy values. The DCRNN also attained a precision of 96.48% and a recall of 96.53%
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and specificity of 98.81% thus better than all baseline approaches. Generally, DCRNN is capable of detecting actual traffic
congestion events; furthermore, due to its high specificity, it effectively identifies false scenatios related to normal traffic

conditions.

DURNN DEN DNN 15™ GRU

Figure 14. Evaluation of error for proposed and existing models.
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Figure 15. Comparison of NPV.
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Figure 17. FOR comparison of proposed with Existing models.
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Figures 14-17 show the performance of the proposed DCRNN model as compared to the existing models such as Error rate,
NPV, FNR and FOR. The Error of 1.78% is achieved by the DCRNN model, which is significantly lower than that of the
existing models. The NPV, the DCRNN has a value of 98.81% as compared to other strategies. The FNR is 3.47% which
means that a very small amount of congestive events are missed. Moreover, the DCRNN has the lowest FOR at 1.19%. It’s
especially troublesome in Intelligent Transportation Systems, where a missed congestion event may lead to timely traffic control

responses.
14
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Figure 18. Comparison of FPR.
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Figure 19. Comparison of Fl-score for proposed and existing models.
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Figure 20. Comparison of Threat score.

The comparative analysis of FPR, F1-score, and Threat Score of proposed DCRNN with existing models were presented in
Figures 18, 19 and 20. The DCRNN attains a FPR of 1.19% which shows that the device is prone to placing false alarms of
congestion. An F1-score of 96.50% is achieved simultaneously. Similarly, the Threat Score gets 97.65% confirming the accurate
observation of true congestion events. Together, these measures prove that the DCRNN is better than the DBN, DNN, LSTM,
and GRU networks, which makes it a potential choice in the context of implementing the architecture in the real-time traffic

monitoring system.
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Table 5. Ablation study for the proposed approaches.

Performance metrics (%) Accuracy Precision Recall
IGAN+QTN+T2VE+DCRNN 89 87 88.3
DUBID+SSLLIE+ DCRNN 89.1 89.3 90
SWT+ DCRNN 87.2 88.3 88.4
DCCNN (ResNet50)+ DCRNN 90.7 91.2 90.4
DCCNN (MobileNetV4)+ DCRNN | 91.4 92.7 90.8
DCCNN
(ResNet50+MobileNetV4)+TBF+ 92.8 93.47 94.5
DCRNN
IGAN+QTN+T2VE+DCRNN+
DUBID+SSLLIE+DCCNN

98.22 96.48 96.53
(ResNet50+MobileNetV4)+TBF+
DCRNN

As shown in the table 5 is illustrated the ablation study for the proposed approaches. Complete interconnectedness of all
elements is lead to a best-performance outcome hence prove that the multimodal architecture and learning strategy significantly
increase the reliability of traffic congestion prediction.

Table 6. State-of-art for proposed with existing models.

Performance Proposed Gaussian Mixture fnlilscll(iinn-:asi:aming
metrics (%) [DCRNN] Model (GMM) [22]

approach [23]
Accuracy 98.22 96 93.3
Precision 96.48 92 84.4
Recall 96.53 93 91.1

Table 6 demonstrates a State-of-art for the proposed with existing models. The proposed model performs with significantly
greater reliability and accuracy than the method currently employed in traffic congestion prediction.

5. CONCLUSION

The suggested framework anticipates the state of traffic based on the collective learning of sensor indicators on vehicles and
surveillance videos, thus, obtaining both the quantitative and visual road conditions. The vehicle congestion is captured both
visually by the use of cameras and through vehicle sensors that provide vehicle count, vehicle speed and density. The individual
modalities are pre-processed, sensor data is imputed with ImputeGAN, standardised distribution with Quantile Transformation
Normalization and Time2Vec for temporal awareness. Video denoised using DUBID and low-light enhanced employed SSLLE.
The two modalities are then aligned in time using a SWS. Feature level multi-model learning through DCCNN, (ResNet50
extracts the spatial patterns and MobileNetV4 for lightweight structural features) and combined with a transformer based fusion
module that generates the relationship between visual and numerical traffic dynamics. The merged representation is then fed
through a DCRNN which not only gets the spatial connectivity of the roads but also the temporal evolution of traffic. The
system categorizes the levels of congestion into four levels, namely low, normal, high, and heavy. The proposed approaches
attained an accuracy of 98.22%, a precision of 96.48%, a recall of 96.53%, a threat score of 97.65% and the error rate is of
1.78%. Improving generalizability may require retraining the model for specific urban situations and traffic patterns. The future
directions include cross-model representation learning, modality dropout in order to reduce cases of missing data and model-
compression methods including knowledge distillation and quantisation so that the model can be deployed in real time.
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