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Abstract

Manual traffic monitoring can be a daunting task, as traffic management centers operate a vast
number of cameras installed across networks. Introducing a level of automation can reduce the
workload of human operators performing manual monitoring and facilitate proactive decision-
making. These measures help mitigate the impact of incidents and recurring congestion on roads.
This paper presents a novel approach for automated real-time traffic video surveillance using
convolutional neural networks (CNNs) and an independent graphical user interface. The authors
describe the findings from research conducted during the development of models designed to
function as an integrated framework for an Al-enabled active traffic monitoring system. The
proposed system utilizes several advanced deep learning algorithms to automate various traffic
surveillance tasks. Using a large-scale, annotated surveillance video dataset, deep learning models
are trained to identify queues, track stationary vehicles, and tabulate vehicle counts. A pixel-level
segmentation approach is applied to detect traffic queues and predict their severity. Real-time
object detection algorithms, combined with various tracking systems, are deployed to
automatically identify wandering vehicles and perform vehicle counting. At each stage of
development, significant empirical results are presented to demonstrate the system's effectiveness.
Overall, the results show that the proposed framework performs satisfactorily under diverse
conditions, without being significantly affected by environmental challenges such as camera blur,
low lighting, rain, or snow.
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Steps shown for Adaptive Thresholding

Irutialize: L, M, H
Input: PL—pixel lengths
for each location do
for each [day, hour, minute] in [30 days, 24 h, 60 min] do
% extract first, second, third quartile pixel lengths
Q = percentile[PL,{Q1,Q2,Q3}]

end
L = Q[{Q1,Q2,Q3}]. mean. max + k » Q[{Q1}].std
= Q[{Q1,Q2,Q3}]. mean. max + k * Q[{Q2}].std
H = Q[{Q1,Q2,Q3}]. mean.max + k + Q[{Q3}]. std
end
Output: L, M, H
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different sections of image classification. Overall, 25 test results are shown in a 5 x 5 table that is referred to as a confusion matrix. Here, each
row shows the actual number of predictions and total number of each row implies the number of targets predicted for that class. Likewise, every <
column signifies the true number of targets while the total number of each column represents the actual number of targets for that class.

sh,
Similarly, the F-1 score shown in Equation (4) is used to compare the performance of both Faster R-CNN and YOLO models. The results e

obtained for confusion matrix and F-1 scores are shown in Table 2 and Table 3 n
Fo1= 2 x Precision x Recall ‘4‘ Help
" Precision + Recall o
L))
Cite

Table 2. Confusion Matrix of YOLO and Faster R-CNN.
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Table 3. F-1 Scores of YOLO and Faster R-CNN. !
p Comment
Back to Top

0405 b.g
FA IF-T/-FAT

‘a Very hot weather S (P

@ @ Eitaa Web o Sustainability X ﬁ Artificial Intellic E Behavior Predic |t Full article: Renc B dazyi + v — x
&« C Q 8 nhtips//www.mdpi.com/20 2/21/9177 8 & L 8 =

YOLO

Cyclist Car

Ped 0.0053 0.0008
Cyclist 0.8726 1]
0
0
0

Faster R-CNN

Cyelist

Ped 0.0026
Cyclist 0.8553
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Precision Recall F-1 Score

Ped 0.9216 07367 08188
Cyclist 0.9424 0.8658 0.9025
0.9276 07990 0.8585

0.9508 08571 0.9015

0.9160 0.8400 0.8764

0.9269 07975 08573

Faster R-CNN

08838

0.8514

0.8788

0.8663
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periods, the speed of each vehicle in the frozen video remained 0, as it is the same video-frame scene. Since any vehicle's speed in an
accident is approximately 0, although not exactly zero, the rectangle surrounding it is in a somewhal swaying state. Therefore, all anomalies <
with a speed value of zero were categorized as false detections. To determine the performance of the proposed anomaly detection model, o
standard performance metrics of F1, Root Mean Square Error (RMSE) and S3 values were used. The equation used fo compute the value of
the 53 score is shown in Equation (5). n
. Help
$3=F1 » (1- NRMSE) (5
L1}

As shown in Equation (5), NRMSE is the Normalized Root Mean Square Error. To compute the F-1 score, the value for the true positive is
required. A frue positive is defined as the one in which the detection of an anomaly is under the 10 s time frame from the actual. An anomaly
can only be considered a true positive for a single anomaly. In other words, the same anomaly could not be counted twice. False positive cases
are defined as ones that do not resemble true positives for certain occurrences. Similarly, false negatives are the type of anomalies that are
ftrue anomalies in nature but are missed by the model. Figure 13 shows some of the examples of true positive, false positive and false

negative
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