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Abstract—The compilation of high-quality traffic data is cru-
cial for real-time traffic video surveillance, significantly impact-
ing the accuracy and reliability of Intelligent Transportation
Systems (ITS). This paper addresses the challenges posed by
environmental factors such as dirt, dust, and obstructions on
camera lenses, which degrade image quality and subsequently
affect machine learning model performance. We propose a robust
view segmentation and data collection method that ensures only
high-quality segments of camera views are utilized for analysis,
thereby improving the accuracy and efficiency of ITS. Our
scheme dynamically divides road frames into sectors and merges
adjacent sectors based on their similarity. The effectiveness of the
proposed method in maintaining high data integrity and ensuring
reliable traffic analysis is demonstrated by showing how the
algorithm divides the video view into appropriate sectors under
various conditions, considering different algorithm parameter
values. The proposed approach significantly enhances the overall
performance of computer vision systems in ITS.

Index Terms—Traffic Data Mining, Computer Vision, Intelli-
gent Transportation, Image Segmentation, Pattern Recognition

I. INTRODUCTION AND MOTIVATION

The data-driven system has increasingly become the cor-
nerstone of how our world operates [1] and how we interact
with it. In today’s digital age, advances in machine learning
and artificial intelligence are creating new possibilities for
uncovering insights, solving complex problems, transforming
industries [2], driving innovation [3], and opening up unprece-
dented opportunities [4]. High-quality data is essential for the
accuracy and reliability of machine learning models. Such data
ensures that analyses are meaningful, predictions are accurate,
and decisions based on this data are sound. Without clean data,
even the most sophisticated algorithms can produce misleading
results [5], leading to poor decision-making.

Among different kinds of data, video data poses significant
challenges, particularly in outdoor surveillance systems. The
performance of computer vision systems heavily relies on
high-resolution, clean images, which are often compromised
by environmental factors. Cameras installed in outdoor en-
vironments are subject to dirt, dust, and other obstructions,
degrading image quality and subsequently affecting the accu-
racy of machine learning models. Issues such as dust particles
on the lens, dirty lenses due to environmental changes, and
obstructed views caused by wind or other factors such as
poly bag or paper stuck or object obstructed lead to bad data
capture. Such views are shown in Figure 1. This variability
in image quality negatively impacts machine learning perfor-
mance [6]. Therefore, addressing environmental factors that

979-8-3315-2096-0/25/$31.00 ©2025 IEEE

J

(a) Clear

(d) Obstructed

k -

(b) Poly Bag

(c) Paper

Fig. 1: Clear and Compromised Views

degrade image quality is crucial for computer vision in outdoor
surveillance systems [7].

The collection of high-quality traffic data is fundamental
for real-time traffic video surveillance. Traffic congestion and
other traffic-related issues can be mitigated by enhancing
the efficiency of the current transportation system through
advanced vehicular traffic data collection techniques for In-
telligent Transportation Systems (ITS). The development of
ITS [8] requires high-quality traffic data in real-time [9],
where minimal preprocessing is required to minimize system
response time. Traditional applications rely on manual moni-
toring or on-road sensors (e.g., inductive loops), which are of-
ten expensive and labor-intensive [10]. Advances in computer
vision have provided opportunities to design automated traffic
data collection systems that can improve the development of
existing intelligent transport systems [11]. The efficiency of
traffic data collection depends on selecting the optimum region
where data is clear and noise-free.

We propose a robust image segmentation and data collection
method that enhances data quality before further preprocessing
steps are applied, thereby improving overall accuracy and
efficiency. Our automatic method dynamically divides road
frames into sectors and utilizes data similarity between sectors
to optimize sector merging for effective traffic data collection.
The proposed algorithm effectively addresses issues caused by
environmental disturbances such as dust particles, obstructions
like paper or polybags stuck on the camera, and sensor noise.

Our specific contributions are summarized as follows:

e Dynamic Sectorization: An algorithm to dynamically
divide road frames into minimum sector lengths from the
far to the near end of the view based on vehicle length
and lane width.

o Merge Sectors: An algorithm to optimize data collection
by merging similar adjacent sectors.
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o Computation of Minimum Initial Sector Length: Mini-
mum starting sector length found to be approximately
1.5 times the average car width.

The remainder of this paper is organized as follows: In
Section II, we review related work on traffic data collection
and image segmentation techniques. Section III details our
proposed algorithms. Section IV demonstrates the effective-
ness of our approach under various environmental conditions.
Section V concludes the paper with future research directions.

II. RELATED WORK

Recent advancements in image processing techniques have
shown significant promise in addressing issues related to
suboptimal image capture conditions. Techniques such as
deep learning-based image restoration and enhancement can
substantially improve the quality of images captured under
adverse conditions [12, 13]. Additionally, adaptive data col-
lection strategies can selectively capture high-quality segments
of images, thereby enhancing the overall performance of
computer vision systems [14, 15].

Existing methods in traffic data collection include color
image-based adaptive background subtraction preprocessing
for accurate vehicle detection, blob detection for measuring
vehicle speed under high traffic conditions, and video stabi-
lization techniques for tracking vehicles from aerial videos.
A notable method for real-time vehicle detection and clas-
sification using adaptive techniques was proposed in [16].
This method relies on real-time data streaming, dynamically
adjusting parameters to match changing traffic conditions and
environmental factors, thereby ensuring high accuracy and
reliability in vehicle statistics [17].

Furthermore, a comparative review of video-based vehic-
ular traffic data collection methods from previous studies
to the present highlights the evolution and improvement of
these methods over the years. The review [18] discusses
how advancements in artificial intelligence, machine learning
methods, and sensor fusion techniques have led to increased
precision and scope in traffic data collection. Recent efforts to
address data quality challenges in ITS have proposed robust
image segmentation and data collection methods aimed at
improving detection accuracy and efficiency by utilizing high-
quality segments of the image [19-21].

Our proposed approach differentiates itself from existing
methods by facilitating data collection from the cleanest and
most appropriate segments of the camera views, thereby en-
hancing data quality before further preprocessing steps. Unlike
traditional methods, our algorithm dynamically divides road
frames into optimal sector lengths based on vehicle size and
lane width. This ensures high-resolution data collection even
in variable conditions of camera positions. The data collection
process is further optimized by dividing the views into sub-
views of varying quality by grouping adjacent sectors with
similar traffic characteristics.

Algorithm 1: Dynamic Sectorization

Input : frame, start_point, end_point, Road_Attr
Output: Sectors created within the frame
1 Procedure CreateSector (frame, start_point,
end_point)

2 Standard_lane_width =
Read_Lane_Width(Road_Attr);
3 Car_width = Standard_Card_Width;
4 length + |end_point — start_point|;
5 lane_scale s Standar;ie_’fgaiﬁe_Width%
6 car_width_scale + 2 t“"(lig;z:gzgl—;’”dth;
7 while height of sector < end of frame coordinate
do
8 height_of _sector <
start_point + 1.5 X car_width_scale;
9 Draw sector;
10 CREATESECTOR(frame, start_point_of_sector,
end_point_of_sector);

Algorithm 2: Merge Sectors

Input : car_count, vertices
Output: Merged arrays of car count and vertices
1 Procedure MergeSectors (car_count, vertices)

2 Initialize merged_arr < [];

3 Initialize merged_vertices < [];

4 1+ 0;

5 while ¢ < len(car_count) do

6 if Similarity(Adjacent_Sectors) >

Threshold then

7 merged_arr.append((car_count[i] +
car_count[i + 1])/2);

8 merged_vertices.append([vertices|[¢][0],

9 vertices[i][1], vertices[i + 1][2], vertices[i +
11[31 ]) i « i + 2 > Skip the next element
if already merged;

10 else

11 merged_arr.append(car_count[]);

12 merged_vertices.append(vertices|[]);

13 i1+ 1

III. ADAPTIVE SEGMENTATION ALGORITHM

This section presents two algorithms: Dynamic Sectoriza-
tion (Algorithm 1) which aims to divide the road frame into
smaller, manageable sectors based on the size of detected vehi-
cles, and Merge Sectors (Algorithm 2), which merges adjacent
sectors with similar traffic characteristics. These algorithms
facilitate the utilization of high-quality segments of the image
for ITS, optimizing data collection, reducing computational
overhead, and maintaining high data integrity under varying
conditions.
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(a) Dynamic Sector Division

Fig. 2: Various stages of dynamic sectorization and merging.

A. Dynamic Sectorization

The Algorithm 1 takes the following parameters as input:
the original video frame containing the road and vehicles, the
starting point of the lane in the frame, the ending point of the
lane in the frame, and attributes of the road, such as lane width.
The road frame is split into sections, enabling division based
on traffic flow and spatial layout. Lane detection algorithm is
run to detect the lanes. It then read the standard lane width
from the static data of the road. The working of the algorithm
can be described in several steps.

First, the algorithm reads the standard lane width from the
given road attributes and a standard car width based on typical
vehicle dimensions. Next, the length of the lane between the
start and end points is calculated. Using this length, the lane
scale is computed by dividing a fixed lane width by the
calculated length. The car width scale is then determined by
dividing a fixed car width by the lane scale (line ) .

The algorithm creates sectors within the frame (lines 7 - 10).
The height of each sector is determined by adding 1.5 times
the car width scale to the starting point. The explanation on 1.5
times width of car is explained in the result section. Sectors
are drawn within the frame, and the process is recursively
repeated for each new sector created. By dynamically adjusting
the sector sizes based on the detected vehicle dimensions
and merging similar adjacent sectors, the algorithm ensures
efficient and high-quality traffic data collection.

B. Merge Sectors

The consistency of traffic patterns is evaluated by comparing
the number of vehicles in adjacent sectors. Using traffic
volume, the areas and traffic patterns are combined to create
bigger, more coherent sectors for evaluation. The figure of
merit for merging sector is chosen to be count of cars as a
volume indicator since we want to observe as many vehicles
as possible on the road.

The Algorithm 2 takes two primary inputs: an array of car
counts in each sector and the vertices of these sectors. The
output is a set of merged arrays for car counts and vertices,
which represent the combined regions.

(b) Count of vehicles in each sector

(c) Merging of sectors

The algorithm starts by initializing two empty lists for
storing the merged car counts and storing the merged sector
vertices (lines 2-3). The algorithm runs until all sectors are
processed. Inside the loop, it checks if the car counts in
adjacent sectors are similar (i.e., their similarity exceeds a
predefined threshold, see line 6). If the similarity condition
is met, the algorithm calculates the average car count of the
two adjacent sectors and appends this value to merged sector.
It also merges the vertices of the two sectors and appends the
new vertices to merged vertices (lines 7-9). If the car counts
in adjacent sectors are not similar, the algorithm appends the
car count and vertices of the current sector to their respective
merged lists without any changes. The result is a set of merged
sectors where each region has a more uniform car count,
facilitating more efficient traffic data collection and analysis.

IV. DEMONSTRATION AND RESULT
A. Parameter Setup and Implementation Environment

The object detection algorithm identifies vehicles in each
frame of a video stream, leveraging the revolutionary You
Only Look Once (YOLO) framework, which is renowned
for its rapid object recognition capabilities. YOLO enhances
efficiency by dividing an image into a grid and directly
predicting bounding boxes and object classes from the network
output. Our method employs YOLO for vehicle detection and
uses OpenCV for reading video frames, image processing, and
visualization. Geometrical computations and scale factors are
applied to calculate the road width and standard car sizes,
with the average lane width in the US being 12 feet and
mid-size car width being 7 feet. This approach allows for dy-
namic responses to fluctuating road conditions. Additionally,
a similarity threshold of 70% is used to determine when to
merge adjacent sectors based on traffic data similarity, ensuring
optimal data collection and analysis. The algorithm is ran for
5 minutes to ensure algorithm stabilizes and produces accurate
result. However, the the duration depends on the traffic density.

B. Demonstration of Algorithm

Dynamic sectorization breaks down the traffic scene into
several sectors, simplifying the process of collecting a large
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Fig. 5: Sector Division: Human Observation vs Algorithm
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amount of data. This is achieved by adjusting the borders of the
sectors according to the patterns of traffic flow, ensuring accu-
rate tracking of vehicle movements. Dynamic sectorization is
particularly flexible in situations where traffic densities are not
uniform. To ensure comprehensive coverage, sectors automat-
ically adjust to accommodate increased traffic demand during
peak hours. Figure 2 demonstrates the algorithm in action.
Figure 2(a) illustrates the operation of Algorithm 1, where the
road is divided into sectors based on the standard lane width
and vehicle width. Figure 2(b) shows the intermediate stage
of sector merging. Finally, Figure 2(c) depicts the merging of
all sectors into one, as there is no noise obstruction and all
sectors are similar in terms of the number of cars.

1) Paper/Polybag Stuck on Camera: This scenario simu-
lates the situation when a paper or polybag is stuck to the
camera lens, causing portions of the view to be blurry and
unsuitable for data collection. This scenario is presented in
Figure 3. Figure 3(a) shows the initial feed where dynamic
sectorization is performed. The proposed method accurately
separates the blurry sections from the non-blurry sections, as
shown in Figure 3(b). This mechanism helps ITS prioritize
sectors with clear views for data collection. Sectors with clear
views and unaffected by blurring can be used to collect vehicle
states, allowing for the development of a reliable system.

2) Environmental Obstruction: The case where there are
partial obstructions or blockages in the view is shown in
Figure 4. As shown in Figure 4(b), the obstructed view is
clearly separated as segments that are similar to the segments
which are part of the obstruction are combined to cover
the obstructed area, separating the good area to collect the
data from. In this case, the ITS can utilize the algorithm to
prioritize the sector with the highest vehicle count, assuming it
represents the region with the most significant traffic activity.

C. Evaluation of Pixel Accuracy

In evaluating the effectiveness of dynamic sectorization,
pixel accuracy serves as a pivotal metric. For our research,
we assessed the pixel accuracy between human-generated
and model-generated sectorizations across a real-world traffic
video dataset. Figure 5 illustrates the comparison between
human observation-based sector division (Figure 5(a)) and
algorithm-based sector division (Figure 5(b)). We asked stu-
dents in our lab to observe the video and manually divide
the image into several sectors. Subsequently, we performed
the same task using the proposed algorithm and computed the
pixel accuracy based on these sectors.

Our findings provided the following pixel accuracy results
for the five sectors identified in the video: Sector 1: 87.17%,
Sector 2: 82.48%, Sector 3: 85.67%, Sector 4: 61.49%, and
Sector 5: 64.43%. Figure 6 shows the graph depicting the
relationship between performance metrics and segment width,
where segment width is proportional to the car width scale.
Segment width is represented as a multiple of the car width
scale. We observed that the performance metric peaks at 85%
when the segment width is approximately 1.5 times the car
width scale. This peak indicates the optimal segment width
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for maximum performance. Our observations suggest that
performance is most similar to human assessment when the
minimum sector width is 1.5 times the car length.

V. CONCLUSION

A robust method for enhancing traffic video data collection
is presented by addressing the challenges posed by envi-
ronmental factors such as polybag, paper stuck and other
obstructions on camera lenses. The proposed dynamic view
segmentation and data collection method enables ITS to utilze
high-quality segments of camera views for analysis, thereby
improving the accuracy and efficiency of the systems. By
dynamically dividing road frames into sectors and merging
adjacent sectors based on similarity, our approach maintains
high data integrity and ensures reliable traffic analysis. The ef-
fectiveness of the method is demonstrated through its ability to
accurately segment video views under various conditions and
parameter settings, showcasing its adaptability and robustness.
The proposed approach helps address the impact of environ-
mental disturbances and optimizes the overall performance of
computer vision systems in ITS.

Future work will focus on further refining the segmentation
algorithm and exploring its application in other domains of
computer vision and intelligent transportation. Additionally,
integrating machine learning techniques and real-time data
processing capabilities will be investigated for scalability and
responsiveness. The performance of the algorithm on more
complex situation of camera obstruction is in the works.
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