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Abstract— The detection and behavior analysis of vehicles in lowlight conditions is a prominent challenge in modern intelligent transportation
systems (ITS) due to the poor illumination, motion blur and high noise levels present within night- time surveillance footage. Precise indication
of vehicles in this kind of surroundings is crucial for controlling traffic, preventing accidents and managing urban mobility. In this paper, we
propose the intelligent low-light vehicle detection and behavior analysis system using YOLOV8 deep learning framework. It includes an enhanced
low-light image enhancement module which is coupled with the YOLOV8 object detection model designed to improve visibility and feature
extraction, for nighttime scenes. First, the input video frames are processed with adaptive illumination correction algorithm to achieve enhanced
contrast and suppression of noise free background while useful structural information is preserved. These enhanced frames are sent to the
YOLOV8 detection network, which detects vehicles like cars, buses, trucks, and motorcycles with high accuracy. Besides detection, it also has
the ability to analyze behaviors by observing vehicle trajectories and looking for abnormal behavior (lane change, over-speeding and erratic
movement). Publicly accessible night-time traffic datasets were used for experimental evaluation. The results of our proposed method showed a
96.4 % detection accuracy, precision 95.2%, recall 94.6% and F1-score of the model : 94.9% which is significantly superior to YOLOV5 & Faster
R-CNN (Existing Detection Models) at low light conditions.” Case Study 1: Vehicle Detection and Inter-vehicle Behavior Assessment for Night-
time Traffic Data Collection As a case study, we integrated the low-light enhancement block with YOLOVS to assess the reliability of vehicle
detection in nighttime traffic monitoring applications by evaluating its behavior in low-light conditions.
Keywords— Low-Light Vehicle Detection; YOLOVS; Intelligent Transportation System; Night-Time Surveillance;Vehicle Behavior Analysis;
Deep Learning
Introduction
In recent years, the rise of intelligent transportation systems (ITS) has made modern smart cities more efficient at monitoring traffic and
preventing accidents while enhancing road safety. The detection and behavior analysis of vehicles is a key task in traffic surveillance systems,
enabling various applications including automatic traffic management, violation detection, autonomous driving technologies. Common
surveillance systems are mainly designed to work in day-light condition; however, monitoring traffic at night time or on low-light conditions is
still a problem. Night-time or low-light videos capture poor-quality images or Videos with very low illumination, noise, shadow cast and motion
blur [1]. Conventional computer vision algorithms perform poorly in low-light environments. Most night vision cameras yield lower contrast,
higher noise and poor feature information images, which significantly complicate the process of accurately detecting vehicles. Such challenges
can result in misidentification of vehicles, missed detections, and unreliable traffic analysis statistics. Thus, establishing excellent vehicle
detection systems that could function optimally using their potential illuminating sources in areas with low-light conditions became a significant
research topic of interest in the fields of transportation and computer vision [2]. The recent breakthroughs in deep learning have made a remarkable
impact on the performance of object detection systems in challenging scenarios. Since automatically learning hierarchical features from data,
Convolutional Neural Networks (CNNs) have been successful in detecting objects from images and videos. Single-stage object detection models,
most notably in the YOLO (You Only Look Once) family of networks [3], have received considerable attention among these techniques due to
their high accuracy and real-time detection capabilities. These machines enable high-speed processing of surveillance video stream which is key
for traffic monitoring applications.YOLOVS is the newest architecture that provides improved feature extraction, higher detection accuracy and
better generalization across multiple object classes. YOLOV8 improves upon advanced backbone networks, loss functions and anchor-free
detection mechanism so that it can more accurately detect objects in challenging environments [4]. Low-light scenes continue to challenge vehicle
detection, as visual features like edges, textures and shapes are hard to discern in the dark [5].To mitigate these constraints, a number of image
enhancment and preprocessing techniques have been used to make the image clearer before applying object detection. Algorithms for low-light
image enhancement can enhance contrast, brightness and structural information, helping deep learning models to learn better features of night-
time images [6]. Employing modern object detection networks along with the techniques of enhancement has been one of the promising
approaches to increase object detection accuracy even in challenging illumination conditions.
Apart from the mere detection of vehicles, understanding vehicle behavior is also crucial for traffic analysis and recognizing abnormal driving
occurrences. For the most part, behaviour analysis techniques that are applied use vehicle tracking, trajectory analysis; and motion pattern
recognition. By using these techniques, an algorithm can identify dangerous driving behavior like abrupt lane transitions, over-speed, and
irregular movement that could causes the traffic accidents [7]. Real-time intelligent decisions can be made by traffic management systems using
behavior analysis along with object detection.Other research directions aim to combine deep learning models with multi-frame tracking
algorithms, enhancing vehicle behaviour modelling. Such systems analyze temporal information from sequential frames to continuously monitor
vehicle movements and detect potential safety risks more accurately [8]. This concept improves the ability of surveillance systems to detect
traffic anomalies and issue early alerts.However, the problem remains unsolved as deep learning-based traffic monitoring has made great strides
over the years low-light vehicle detection and behavioral analysis still presents a challenge. Many existing approaches suffer degradation of
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performance under illumination variations and insufficient feature representation in dark conditions [9]. This calls for the need to create a well-
structured detection system that integrates low-light enhancement and advanced deep learning models for accurate traffic monitoring during
darkness hours.So, in this context, the current paper presents an Intelligent Low-Light Vehicle Detection and Behavior Analysis System using
YOLOVS. This framework is composed of a low-light image enhancement module and the YOLOV8 object detection network, which significantly
enhances detection performance in nighttime traffic scenarios. There are also vehicle tracking and trajectory analysis to see vehicle behaviour
and spot odd driving activities. The proposed method focuses on finding malicious and suspicious activities in parallel, which improves the
accuracy of detection while also increasing traffic monitoring reliability by providing efficient computing for security-related services that infer
intelligent transport system sensors [10].

literature survey

Conventional image processing and machine learning approaches have been widely investigated for detecting vehicles in traffic surveillance. The
vehicle recognition techniques mostly used manual features in the early stages of this field, they include systems based on Histogram of Oriented
Gradients (HOG), Haar-like features, background subtraction and SVMs. While these methods had acceptable performance in constrained daytime
environments, they were very sensitive to illumination variations, weather interferences and occlusions which prevent their use in practical night-
time-based traffic monitoring systems [11].Due to the advances in deep learning, Convolutional Neural networks(CNNs) quickly became a potent
alternative for vehicle detection tasks. Detectors based on convolutional neural networks (CNNs) learn discriminative visual features automatically
from large amounts of dataset and thus alleviate manual feature engineering process. Region-based CNN models (i.e R-CNN, Fast R-CNN, Faster
R-CNN) significantly contributed towards improving object localization and classification accuracy. But such two-stage detection frameworks
typically faced high computational complexity and slow inference speed, which made them unsuitable for real-time intelligent transportation
applications [12].

While two-stage detectors were limited by latency, the SSD and YOLO offered models for fast and accurate detection. Indeed, the YOLO family
became particularly popular due to its formulation of the detection as a single regression problem, allowing it to process video frames and images
in real-time. We also found that YOLOv3 and YOLOvV4 performed well for traffic surveillance as it was able to detect multiple categories of
vehicles even in normal lighting conditions. However, their performance still dropped in low-light regions due to visibility failure and poor features
representation [13].

Researchers have thus investigated low-light image enhancement methods for degrading the quality of captured imagery at night-time prior to
object detection. Histographic equalization, gamma correction, Retinex-based image enhancement and adaptive contrast stretching have been used
widely to increase the brightness of images and bring out hidden structural details. Such preprocessing methods made vehicles more distinguishable
in dark images [14], but may introduce artifacts or too much noise and over-enhance certain parts (may lead to drop detection accuracy) for dark
scenes.Other, more recent studies combined low-light enhancement with deep neural networks to propose end-to-end frameworks for night-time
object recognition. Approaches to enable deep enhancement networks, using both autoencoder- and generative transfer-based methods, were
proposed to restore clearer images from dark inputs while maintaining object boundaries. These methods achieved favourable visual restoration
compared to conventional enhancement algorithms, delivering enhanced input quality for later vehicle detection jobs. Yet, the overall performance
of these systems relied heavily on adjusting brightness and preserving image details [15].

For traffic surveillance, some works have directly targeted on vehicle detection at nighttime based on deep learning. Some researchers improved
Faster R-CNN and SSD architectures with denoising filters and illumination normalization to detect vehicles in urban roads with infrared lights.
While others used altered YOLO variants with attention mechanisms to effectively detect salient features in difficult lighting conditions. These
studies reported measurable task performance gains, however many models still performed poorly on small vehicles, glare present from headlights
and motion blur in fast changing night environments [16].As an extension of object detection, vehicle behavior analysis has hitherto received
substantial attention within the research community. In addition to finding vehicles, intelligent surveillance systems are required to have an
understanding of the pattern of motion in order to recognize risky or unusual behavior. Sequential video frames have been used to estimate vehicle
trajectories via tracking-by-detection methods with Kalman filtering, optical flow and deep association networks. This allowed them to analyze
behaviors critical for road safety and automated traffic control systems [17], like lane deviation, illegal turns, sudden stopping, and overspeeding.

In recent years, behaviors in traffic videos have been understood by using object detection paired with multi-object tracking algorithms as Deep
SORT, ByteTrack and centroid-based tracking. These methods associate detected vehicles across frames, and produce temporal trajectories that
can be used for motion analysis. Joint detection and tracking has been demonstrated to lead to improved accuracy in detecting abnormal events,
especially when there is dense traffic. An important drawback of these approaches is the stability of tracking and behavior analysis modules,
especially in challenging low-light environments [18].With the recent evolution of YOLO versions (most notably, versions YOLOv7 and
YOLOVS), robust traffic monitoring has become a possibility. Compared to the previous ones, YOLOVS provides superior feature extraction,
anchorless detection, enhanced convergence characteristics as well as improved inference efficiency. According to recent literature, YOLOVS
performs well in complex urban environments with partial occlusions and varying object scales and provides high accuracy of detection. Yet its
performance in applications like tracking night-time vehicle behavior still heavily relies on the input imagery baseline quality and tracking
framework efficiency [19].This is not surprising, given the literaturexx large strides have been achieved in vehicle detection, low-light enhancement
and behaviour analysis. Nevertheless, there is a distinct research void in constructing an integrated system that tackles low-light image degradation,
simultaneous real-time vehicle detection and dependable behavior analysis within a single framework. Indeed, there have been few works that can
provide an integrated solution for accurate detection and intelligent behavioral interpretation in night-time-only conditions although a majority
only target visual enhancement or detection alone. This serves as the premise for designing the proposed YOLOvVS8-based intelligent low-light
vehicle detection and behavior analysis system [20].

design and methodology of proposed work

The presented studied system is based on YOLOvV8 and can accurately detect vehicles using low-light video input. The proposed system consists
of three main modules including low-light image enhancement, the vehicle detection using the YOLOVS algorithm and vehicle behavior analysis
based on trajectory tracking. The complete structure enhances image visibility, vehicle detection at high rate and also tracks the mobility patterns
to recognize unacceptable driving habits.

The videal workflow for the proposed system is composed of video acquisition, preprocessing, enhancement, object detection, tracking and
finally behavior analysis. In the night-time conditions, the modules work together to provide reliable traffic monitoring.

A. System Architecture Overview

The proposed architecture starts by taking the traffic surveillance video from road cameras. After that, a low-light enhancement algorithm is used
to enhance light and contrast of the input frames. The modified frames are feed to the YOLOv8 detection network for the vehicle Object
recognition. These detected vehicles are then tracked on frames using a trajectory estimation algorithm. Eventually, the way vehicles move is
analysed to find abnormalities like abrupt lane shifting, overspeeding and abnormal driving patterns..
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Figure 1. Proposed Architecture of Intelligent Low-Light Vehicle Detection and Behavior Analysis System
The architecture is made of the following functional modules:

. Video acquisition from surveillance cameras

. Low-light image enhancement

. Vehicle detection using YOLOv8

. Multi-object vehicle tracking

. Behaviors Analysis & Anomaly Detection From Vehicles

B. Low-Light Image Enhancement Module

Finally, low-light conditions severely worsen the quality of images due to low illumination and high noise. This work proposes an adaptive
illumination correction that enhances brightness and contrast without affecting edge information in the images.
The enhancement process is defined by the following luminance transform model:

Ie(x'y) =« I(X,y) +ﬁ

Where:

° I(x, y)= original input pixel intensity
. I, (x, )= enhanced pixel intensity

° a= contrast enhancement factor

° B= brightness adjustment parameter

This transformation increases image clarity and improves feature extraction performance for deep learning models.

Low-light image TDD 2PCNet
Figure 2. Low-Light Image Enhancement Process

These enhanced visuals include clearer boundaries of the vehicles as well as the buildings around them, thus allowing for more accurate detection
from the YOLOVS model..

C. Vehicle Detection using YOLOvS

The improved frames are then passed to the real-time vehicle detection network in this case the YOLOv8. YOLOVS adopts a deep convolutional
design where backbone, neck and detection head work in parallel to derive hierarchical features and forecast bounding boxes.

The bounding box regression is defined as:

NUDN(Ours)

B = (x¢, Yo, w, h)

Where:

. X¢, Y= center coordinates of bounding box
U w= width of bounding box

o h= height of bounding box

The detection confidence score is computed as:
S = P(object) X loU

Where:
. P(object)= probability of object presence
. IoU= Intersection over Union between predicted and ground truth boxes.
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Figure 3. YOLOVS Vehicle Detection Network Architecture
Due to its capability of quick detection in a more accurate way, YOLOvV8 can be employed for real-time traffic monitoring systems..
D. Multi-Object Vehicle Tracking
After vehicle detection, we apply a multi-object tracking mechanism that associates detected vehicles among consecutive frames to estimate their
motion trajectories. The tracking algorithm leverages minimizing the distance between centroids to successfully link vehicle tracks temporally..
The centroid position of each detected vehicle is calculated as:
_(xatx; y1tys
c= (7205

Where:
° X1, y1= top-left coordinates of bounding box
° X5, Y= bottom-right coordinates of bounding box
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Figure 4. Multi-Object Vehicle Tracking and Trajectory Estimation

However, tracking enables the system to keep track of vehicle movement behaviors through different frames.

E. Vehicle Behavior Analysis

The last phase in the proposed structure investigates vehicle paths for unusual driving behaviors. Vehicle tracked positions are used to determine
speed estimation and movement patterns.

Vehicle speed is estimated using:

D
V=7
Where:
° V= vehicle speed
. D= displacement between frames
. T= time interval between frames

Abnormal behavior is considered when the monitored speed exceeds some predefined thresholds or sudden deviations in sensor trajectories
happen.
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Figure 5. Vehicle Behavior Analysis and Abnormal Driving Detection
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Behavior Analysis and its module helps classify the traffic violations, reckless driving, and accident hazards.
experimental results and analysis
To evaluate the efficacy of the proposed Intelligent Low-Light Vehicle Detection and Behavior Analysis System using YOLOVS, extensive
experiments were conducted on night-time traffic surveillance datasets. It was done to measure the capability of the system to accurately detect
vehicles in low-light environments and analyse their movement behaviour. Faster R-CNN, SSD, YOLOvVS, and YOLOvV7: The performance of
the proposed model was compared with some current deep learning—based detection approaches.
Experiments Discussed in this paper were implemented on Python with PyTorch framework and executed on a workstation with NVIDIA
Graphics Processing unit, Intel i7 Processor and 16 GB RAM. The YOLOvVS model was trained on several annotated traffic images with multiple
classes for vehicles (ceilings like car, bus, truck, motorcycle) taken at night conditions.
This dataset was split into 70% training data, 15% validation data and 15% test data. Note the model learned vehicle features from improved
low-light images during training and was tested on unseen night-time traffic scenes to measure its place in the wild..
A. Performance Evaluation Metrics
To evaluate the proposed system’s performance, several standard metrics were applied:
Accuracy, Precision, Recall, F1-Score,
Mean Average Precision (mAP)
We define our evaluation metrics as follows:

TP +TN

A =
CUraY = TP Y TN + FP + FN

Precision:
. TP

Precision = TP+ FP

Recall:
TP
Recall = TP+—FN

F1-Score:

_ Precision X Recall

F1=2x Precision + Recall

Where:
° TP = True Positives
° TN = True Negatives
° FP = False Positives
. FN = False Negatives

These measurements address weapons to measure the performance of the proposed system in detecting vehicles and eliminating false detections
in low light traffic scenarios.

B. Vehicle Detection Results

The YOLOVS8 based detection model was capable of detecting several types of vehicles in traffic scenes with low-light illumination. The inclusion
of the image enhancement module greatly enhanced object visibility, enabling model detection on vehicles in poorly lit road scenarios.

e ‘\77
Figure 6. Vehicle Detection Results in Low-Light Traffic Scenes
The results show that the proposed system detects vehicles with high quality bounding boxes, and class labels in low illumination conditions.
C. Vehicle Behavior Analysis Results
Module for vehicle tracking and trajectory analysis: This module tracks the vehicles based on their movement behaviour over consecutive frames.
System detects cornering and speeding violations through motion path data analysis.

Cam6
o

Cam 9
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ot
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Figure 7. Vehicle Trajectory Tracking and Behavior Analysis
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This trajectory-based monitoring mechanism allows the larger transport system to detect unsafe driving schedules which may result in other
vehicles becoming road hazards.

D. Comparative Performance Analysis

Experiments were conducted to compare the performance of the proposed system with existing deep learning-based object detection models. The
resulting comparison is provided in Table 1.

Table 1. Performance Comparison of Vehicle Detection Models

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Faster R-CNN 89.3 88.5 87.2 87.8
SSD 90.6 89.4 88.7 89.0
YOLOvS 92.8 91.7 91.1 91.4
YOLOv7 94.1 93.5 92.8 93.1
Proposed YOLOvVS System | 96.4 95.2 94.6 94.9

This unprecedented result proves that the proposed performance of detection models is superior to conventional ones regarding accuracy and
robustness in low-light conditions.
E. Detection Accuracy Comparison Graph

The comparison of detection accuracy among different models is illustrated in the following graph.
loss Comparison
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Figure 8. Detection Accuracy Comparison of Different Models
The graph shows that the proposed YOLOvS8-based system achieves the highest detection accuracy among the evaluated models.
F. Precision and Recall Performance
Precision and recall metrics further confirm the robustness of the proposed detection framework in handling noisy low-light traffic images.
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Figure 9. Precision and Recall Performance Comparison
Results Analysis — Robustness (Training and Data Bias)The vehicle detection results from our image-based vehicle count system, illustrated in
[23], validate both the precision and recall performance of our proposed architecture to be greater than other CAs as mentioned in previous
sections.It needs fast processing speeds to monitor real-time traffic. Inference Time Comparison: The inference time of the proposed YOLOv8-
based system was measured and compared with other models.
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Figure 10. Processing Time Comparison
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Real-time processing speed of around 42 FPS and efficient computational inference time (7.85 ms) can recommend this YOLOv8-based model
for an implementation into real-time intelligent traffic monitoring systems.

Experimental results show that the proposed system:

Detects 96.4% in low-light environments

Image enhancement to improve visibility of the vehicle

Allows for reliable vehicle behavior monitoring and anomaly detection

Real time processing with significant efficiency

The obtained results are consistent with our expectations and confirm the functionality of the proposed system that offers an effective solution
for night-time traffic surveillance and intelligent transportation management.

conclusion

In this work, we proposed a Hybrid Attention-Driven Recurrent Neural Network (HADRNN) for the purpose of sentiment classification of social
media texts. To do so, it combines CNN-based local feature extraction, Bi-GRU sequential modelling and a multi-level attention mechanism to
model for phrase-level cues, long range dependencies and sentiment critical tokens jointly. With soothing these complementing weapons, the
frame handles the difficulties associated with weathered terminology, situational ambiguity and noisy information that are present in social media
streams efficiently. The proposed HADRNN outperformed the baseline CNN-, LSTM- and Transformer-based methods on benchmarks like
Twitter Sentiment140 and IMDB reviews, demonstrated through experiments. On Twitter Sentiment140 the model gave 92.1% accuracy and
91.3 Fl-score while it achieved 94.6% accuracy and 94.1% F1-score on IMDB which indicates that the trained model generalizes well with
respect to both short, context-rich posts, as well as long review-style documents. This not only provided better classification performance but
also introduced interpretability since it identified sentiment-rich expressions. (i) The design of a hybrid deep learning framework for sentiment
classification that integrates convolutional, recurrent, and attention mechanism, (ii) Empirical results showing consistent performance
improvements in various types of heterogeneous datasets for the same task and (iii) A new method to provide interpretability about model
decisions. Despite these advances, limitations remain. It is a highly computationally intensive process to train the model, making real-time
processing at scale of millions of posts per seconds infeasible. While attention would improve the interpretability, it is not always sufficient to
fully explain how decisions are being made by Deep Neural Nets. Future work will focus on lightweight variants of the HADRNN to be deployed
on edge devices, integration with pre-trained transformer embeddings for deeper semantic enrichment and adapting it for multimodal sentiment
analysis across text, images and audio. These guidelines are intended to broaden the utility of the framework to a wider range of applications in
real-world analytics contexts like doing things such as automating customer service, detecting and monitoring political sentiment, misinformation
detection and so on.
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