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Abstract: - Video Surveillance for Vehicle Detection (VD) and Tracking has many challenges like low
brightness, low contrast, noise, occlusions, and identity consistency. This paper presents an adaptive occlusion-
aware multi vehicle tracking model that improves robustness under varying illumination, congestion, and
occlusion conditions while maintaining efficient performance. The video frame is enhanced using LAB-
CLAHE and Contrast Enhancement. The proposed work incorporates an Occlusion Detection and Adaptive
Handling module that analyzes motion characteristics and spatial overlap before VD. Occlusion status is
recorded for each affected vehicle to support subsequent tracking and performance evaluation. This adaptive
mechanism enhances the robustness of the VD by maintaining reliable vehicle localization and improving
detection continuity in crowded traffic scenes with frequent object overlap. The proposed model provide the
highest metric values of mMAP@50 as 98.1%, mAP@50-95 as 71.5%, Precision as 92.1%, Recall as 94%, F1
score as 90% for VD, and MOTA as 85.2%, IDF1 score as 92.6% for vehicle tracking.
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1 Introduction

Advanced Intelligent Transportation (ATS) consists
of VD as a very important part. These systems need
accurate, real-time information to improve traffic
flow, safety, and support self-driving car
technologies [1], [2], [3]. The number of cars on the
road is growing day by day, so it's important to have
strong VD systems that can work in different
situations, like when the weather changes, the
lighting changes, or the types of vehicles change [4].
VD and tracking play a very important role in
computer vision tasks that detect, classify, and
monitor vehicles. There is a need for the creation of
excellent, reliable, and efficient services using deep
learning for traffic surveillance, counting, and
congestion  management.  Image  processing
techniques are a powerful way to do these things
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because they can look at pictures and videos taken
by cameras. Accurate VD is needed for self-driving
cars, ITS systems, and traffic monitoring to work [5],
[6]. VD, managing traffic jams, and making roads
safer all depend on being able to accurately detect,
track, and re-identify wvehicles. Real-world traffic
situations present many problems, such as changing
object sizes, obstructions, bad lighting, and
computational limitations on edge devices that
cannot be fully handled by existing models. The goal
of VD and tracking is to automatically find and
follow the movement of vehicles in real-time video
sequences for security purposes. The paper talks
about a video surveillance system that can find and
track vehicles even when they are blocked by other
objects.
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2 Related Works

The traditional vision-based VD methods are not
accurate for small and occluded targets. An
XGBoost classifier is used to break up the image and
find foreground objects in all verified vehicles were
then subjected to VGG feature extraction [7], which
assigns a unique identifier to each vehicle to enable
multi-object tracking across the image frames.
Vehicles are counted and categorized into stationary
and moving cars by detecting motion in each vehicle
using the optical flow algorithm. After that, tracking
is done using the simple online and real-time tracker.
In CODAN [8], vehicle counting is done by multi-
scale-density maps. It is capable of capturing the
spatial features of vehicles. In [9], an optimal MSR
algorithm is applied to improve the original
nighttime images to address weak light and uneven
brightness at night, leading to a higher accident rate
than during the day. After that, the improved images
were given to the pretrained YOLO v3 network,
which detects cars in the nighttime pictures. In [10],
the COCO dataset was used, having an average
precision of 56.8%. [11] proposed a vehicle flow
detection and tracking method that integrates an
improved YOLOv8n model with the ByteTrack
algorithm, achieving a mean Average Precision
(mAP) of 62.8%. [12] applied tracking models in
traffic monitoring systems and achieved an mAP50
of 80.6% and mAP50-95 of 50.1%. In [13], tracking
is performed on images taken from more than one
traffic surveillance system on the same road or route
the mean Average Precision (MmAP) value was
observed as 89.20% for the Faster R- CNN
algorithm. The mask-based tracking is done in [14]
to improve recognition consistency and maintain
resilience against occlusions, especially in congested
conditions with a mAP of 79.5%.

3 Proposed Approach

The proposed model for handling environmental
variability and tracking occluded vehicles for video
surveillance is shown in Figure 1. The goal of the
proposed model is to record when the detection
occurred, what the vehicle class is, where it was
detected (BB), how confident the model is, and
under what environmental conditions (occluded or
non-occluded). The proposed model performs VD on
video sequences by integrating environmental
preprocessing, motion analysis, and adaptive deep
learning-based  detection. The  environmental
preprocessing is done using the color space
transformation, where each frame is converted from
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RGB to LAB color space. The LAB color space is
selected due to its perceptual uniformity and explicit
separation  of luminance  from  chromatic
components, enabling illumination-invariant contrast
enhancement and improving the robustness of
motion analysis and VD under challenging
environmental ~ conditions.  Contrast  Limited
Adaptive Histogram Equalization (CLAHE) is an
image contrast enhancement technique which
improves visibility without amplifying noise,
especially under uneven illumination.

02— Deen Vebicle

Apperance
Detector
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DFL, DR DR Association

Metris

Fig. 1: Proposed Model for Handling Environmental
Variability and Tracking Occluded Vehicles for

Video Surveillance
Source: Created by the authors

Each input frame is first enhanced using
CLAHE-based luminance correction and Gaussian
smoothing to reduce illumination variations and
noise. CLAHE increases contrast locally (small
regions instead of the whole image) and prevents
over-amplification using a contrast limit. It works
very well for dark, shadowed, foggy, or nighttime
scenes. Then, a background subtraction model is
used to make a foreground motion mask, which is
then used to get motion blobs. Occlusion is
estimated using two criteria: the motion density ratio
and the Intersection over Union (loU) between
motion blobs. Based on the occlusion state, the
detection is passed to an object detector and only
vehicle classes are retained. The detected vehicles
are annotated on the frame, and their spatial and
confidence information, along with occlusion status,
is recorded in a structured log. This adaptive
pipeline improves detection robustness under
varying environmental conditions and traffic
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densities while maintaining real-time performance.
The model's tracking framework performs multi-
object tracking. Given an input video sequence V =
{F; ,F, , ..., F; }and a corresponding set of frame-
wise detections D = {D, , D, , ..., D, } obtained
from a detector, the system initializes a tracker with
predefined motion and appearance thresholds. For
each frame F; , the detections Z;, are retrieved from
the CSV source and provided to the tracker. The
tracker first predicts the states of existing tracks
using a Kalman filter and then associates the current
detections with predicted tracks using a joint cost
function based on loU, motion similarity and
appearance-based cosine distance. The optimal
assignment is solved using Hungarian optimization,
after which confirmed tracks are updated and
assigned persistent identities. For each confirmed
track, the BB, class label, and occlusion state are
recorded, and the corresponding annotation is
rendered on the output frame. The above process is
continued for all the frames, which produces an
annotated video and a structured track record set
containing frame index, track identity, class, BB
coordinates, and occlusion status. The resulting
record set is stored in a CSV file for further analysis.

Input Video is defined as:
V ={F|t=12,.,T}

where F, e REXW*3 s the RGB frame at time, ¢
FtLAB = Ppeporap(Ft ) (1)

After transforming the frame F;, into LAB color
space, the resulting representation is decomposed
into luminance and chromatic components, i.e.,
FHP = (Ly, aq, by) 2
where L, denotes the luminance channel.

Ls is the Iluminance channel obtained by
decomposing the LAB-transformed frame FL45.

This removes all ambiguity.

LAB separates brightness from color, where:

L* — Lightness which ranges from 0 (black) to 100
(white)

a* = Green < Red axis Negative values are green
and positive values are red.

b* — Blue < Yellow axis Negative values are
blue and positive values are yellow.

So the color is represented as:
Color = (L*,a*,b") 3
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LAB is used in the proposed system as
illumination changes (shadows, sunlight, night)
mainly affect L* and the object color (vehicle body)
is mostly preserved in a* and b*. So instead of using
an RGB image, which distorts color, enhance only L*
using CLAHE, keep a* and b* unchanged, convert
back to RGB. This gives better contrast, less color
distortion, and more stable detection under lighting
variation. For contrast enhancement in CLAHE,
Adaptive Histogram Equalization is applied as:

Ly = H(Ly) (4)
where H(.) is the CLAHE operator.

The enhanced frame is reconstructed as:
F = ‘pRGBeLAB(Lt:At'Bt ) (5)

Gaussian smoothing is applied to reduce noise as
follows:

F.=F G, (6)
where G, is a Gaussian kernel with standard
deviation o

1 2+ 2
Go(,y) = —— exp (-22) )
where (x, y) are the spatial coordinates.

Motion detection is achieved by modeling each

pixel’s temporal appearance using a Gaussian
Mixture Model and classifying deviations from the
dominant background distribution as foreground.
Median filtering is applied to suppress noise and
enforce spatial coherence in the resulting motion
mask.  Motion  Detection via  Background
Subtraction, where the foreground mask generation
can be done as follows:
M; = |F't — B | (8)
where B, is the adaptive background model of
Mixture of Gaussians, which is a probabilistic
background modeling technique in which each
pixel’s intensity is represented by a weighted sum of
Gaussian distributions to distinguish foreground
motion  from  background variations.  After
background subtraction, the raw foreground mask
M, may contain noise. A median filter is applied to
suppress impulse noise while preserving object
boundaries.

M, = Median filter(M,)
For a pixel location (x, y):

M(x,y) = median{M, (i,)) | (i) e N(x,)} (9)
where N(x, y) is a local neighborhood window.
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The output preserves motion regions while
removing salt-and-pepper noise.

For Motion BLOB extraction, the connected
component analysis is applied to the filtered binary
motion mask M, to identify contiguous moving
regions. Each connected component corresponds to a
distinct motion blob. Components with an area
below a predefined threshold A4,,;, are discarded to
suppress noise. For each remaining component, a
tight axis-aligned BB, b; = (xi,yi,xk,v8)is
extracted and used for subsequent occlusion and
overlap analysis. Let the connected components in
M, be C; = {cy,c5,...., ¢, } Where BB are extracted

asB, = {bi = (xi,yl,x5,v0))
subject to Area(c;) > Amin

The occlusion detection role is to automatically
decide whether the current video frame contains
occluded vehicles (e.g., vehicles partially blocking
each other, dense traffic, or heavy motion clutter).
This decision is later used to adapt the model's
confidence threshold.

Occlusion is detected using two complementary

cues:

1. Motion density in the frame

2. Overlap between motion BB
If either cue indicates congestion, the frame is
considered occluded.

Motion density ratio at the time instant t is
defined as the proportion of foreground (moving)
pixels to the total number of pixels in the frame, and
is calculated as:

Zxy 1|Me(x,y)#0
pe = —= ,[,Xw ! (10)
where p, is Motion density ratio at frame ¢,
M,(x,y) is the Binary foreground mask obtained
after background subtraction and filtering at pixel
location (x,y), H and W are height and width of the
video frame, respectively.

For two BBs, the Intersection over Union (loU)
is defined as the ratio between the area of their
intersection and the area of their union.

_ Area(b;n bj)
loU(b; ,b;) = Wiubj) ¢y

where b; N b; denotes the overlapping region
between the two BBs and b; U bj denotes the total
region covered by both BBs.

If p,> T, where T, is the maximum tolerable
density before assuming occlusion.
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There is a high probability of occlusion due to
traffic congestion and multiple moving vehicles,
which increases the probability of partial or full
occlusion, so the frame is marked as occluded.

=(0,)) : 1oU(b;, bj) > Tioy (12)
where Tj,, is the loU threshold used to decide
occlusion.

There exists at least one pair of BBs whose
overlap exceeds the predefined loU threshold. IF it is
true then the occlusion is detected.

Pt < Ty A V(0,)), IoU(by, bj) < Tigy (13)

The frame is not occluded because motion is low
and no detected objects overlap significantly, as
vehicles are well separated, No vehicle is blocking
another, Detection conditions are favorable so the
frame is classified as non-occluded. The occlusion
state is set to 1 if the motion density exceeds a
predefined threshold or if any pair of motion BB has
an loU greater than T;,,, .

The proposed occlusion detection module
combines global motion density and local BB
overlap to robustly identify occluded frames. Motion
density captures scene-level congestion, while loU-
based overlap captures object-level occlusion. This
hybrid strategy enables adaptive confidence
thresholding thus improving recall and mAP under
dense traffic conditions without introducing
additional learned parameters. Adaptive Confidence
Thresholding T; dynamically adjusts the minimum
detection confidence required by the object detector
based on scene conditions, specifically occlusion.
Instead of using a fixed confidence threshold for all
frames, the system adapts the threshold according to
whether occlusion is present or not. The adaptive
confidence threshold T; at frame ¢t is 1 if occlusion is
detected and 0O if no occlusion is detected.

The proposed model formulates object detection
as a single-stage regression and classification
problem, where object localization and recognition
are performed simultaneously in one forward pass of
the network.

Model produces detections as:

Dy = {(bx,ck,sK)}
where by is BB, ¢ is the predicted class, s,€[0,1]
confidence scores.

The detection condition is:
S =T Nege €
Each valid detection is stored as:

R = {t' Ck'bkiskiot}
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where tis frame_id, ¢, is class, byis the BB, s
represents the model’s confidence in the detection
and o; is the occlusion detector.

The computational performance metrics are:
Total Processing time (T, ) is calculated as:

Ttotar = tena — Ustart (14)
where tgqre 1S the time instant at which video
processing begins, t.,,4 is the time instant at which
video processing terminates.

Average time per frame T,,4 quantifies the
expected computational cost of processing a single
frame. It is a critical metric for evaluating frame-
level efficiency, especially for video-based detection
systems.

Tavg — Ttotal (15)

N processed

where Tiopq is total processing time, Nprocessea 1S
the number of video frames actually processed.

Each detection at frame t is defined as:
df = (b},st,c})

where bf = (xf,yf,w, ht)is a BB,
sfe [0,1] is the detection confidence,
ctis the vehicle class

The detection setis: z, = {af,d,....,d},}

The COCO Dataset is used to facilitate precise
VD. It groups 80 object categories into 12 super
categories. Annotation Types in COCO dataset are
Bounding Boxes, Segmentation Polygons, Object
Class Labels, Crowd Annotations, Image-level
Metadata (image ID, dimensions, license info, etc.).

Algorithm 1 for adaptive VD and environmental
processing deals with occlusion by adjusting the
thresholds for detection confidence.
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Algorithm 1: Adaptive VD with Environment Preprocessing

Video sequence V ={F; ,F, ,....F; },
Pretrained object detection model M,

Base confidence threshold (1,

Occluded confidence threshold (1,

loU threshold [1;,,, ,

Motion area threshold [1,,,, Vehicle class set C

Annotated video 7
Detection record set R

Input:

Output:

1: Initialize background subtractor B
2: Initialize CLAHE operator H

3: Initialize empty record set R « ¢
4: frame_id < 0

5: for each frame F.e V' do

6

frame_id < frame_id + 1

7. F, < Preprocess(

F, ,H)8: M, <B(F, ) 9 M, < Median filter(M,)10:
B; « ExtractBoundingBoxes(M,;)11: 0; «
DetectOcclusion(M; , By , o » [m)12: if o, = TRUE
then13: 0« [, 14: elsel5: [1 « [p 16:end ifl7:
D, « M(F, ,confidence = [1)18:for each detection d € D,
do19: if Class(d) € C then20: Store (frame _id,
class, BB, score, o;) in R21: Draw BB and label on
E, 22 end if23:end for24: Append F, to output video
V25:end for26:Save R to CSV file27:Return 7, R

Volume 23, 2027



WSEAS TRANSACTIONS on SIGNAL PROCESSING
DOI: 10.37394/232014.2027.23.1

In multi-object tracking, each object trajectory
T, is modeled as a dynamic system whose motion
evolves over time. To capture both the current object
location and its temporal dynamics, each track is
represented using an 8-dimensional state vector.

Kalman Filter Prediction: Each track T, maintains a
motion state vector:

t _—_ t t t t -t -t -t -t
Xk _[xk Yk Qk hy X'} Y a’g hk]

where x. ,yEt are Center coordinates of the BB

= 2% (16)
hy

where hf the Height of the BB, wf is width of BB,

x't, yt are Velocities of the BB center, a’l is

Rate of change of aspect ratio, h'% is the rate of

change of height.

Aspect ratio of the BB a,

This allows the tracker to model both position
and scale changes over time, which is crucial when
vehicles move toward or away from the camera.

The Kalman filter prediction step estimates the state
at frame t using the previous state:

Xt=Fxt™? (17)
where F is a constant-velocity transition matrix.

Each vehicle track is modeled using a constant-
velocity state vector, enabling robust prediction of
object position and scale during temporary
occlusions through Kalman filter—based motion
propagation.

The motion similarity via loU between the predicted
track T and detection d; is:
|By N B
|By U B

IOU(Tk, di) = (18)

The loU based distance is:
diou(k, i) = 1 =IoUcr,,, ap) (19)
where d;,; > T;o, are discarded during association.

This loU-based motion similarity ensures
temporal continuity of object motion, reduces false
associations caused by spatial inconsistency, and
acts as the first gating stage before appearance-based
matching. Algorithm 2 for occlusion-aware vehicle
tracking makes occlusion more robust by explicitly
modeling track survival with a maximum age limit,
which ensures that identities are preserved across
occluded frames.
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Algorithm 2: Occlusion-Aware Vehicle Tracking

Video sequence V ={F; ,F, ,....,F; }
CSV-based detectionsetD={D, ,D, ,...,Dr }
Maximum track age A4, 10U threshold [J;,,,,
Appearance distance threshold [y,

Input:

Output: Annotated video V, Track record set R

Initialize tracker with parameters (Amax: Uiou

1:
uapp)
2: Initialize empty record set R « ¢
3: frame_id < 0
4: for each frame F,e V do
5. frame_id < frame_id + 1
6:  if D, exists then
7: Zp « {(bf,sf, ct)} for all detections in D,
8: else
9: Zi < ¢
10:  endif

11:  Predict track states using Kalman filter

. Compute association cost using loU-based motion
12 . = 2
similarity, Appearance-based cosine distance

13: Assign detections to tracks via Hungarian
" optimization

14: Update confirmed tracks and maintain identities

15:  for each confirmed track T} do

16: Extract BB b,

17: Determine occlusion state of from CSV
18: Store (frame_id, IDy, ci, b, of ) in R

19: Draw BB and label on F;

20: end for

21:  Append annotated frame F, to output video V
22: end for

23: Save track record set R to CSV file

24: Return V, R

To enhance data association robustness under
occlusion and appearance ambiguity, each detected
object is represented using a deep appearance feature
extracted by a convolutional neural network (CNN).
Each detection is encoded using a CNN appearance
model as:
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ffeRr?
where f denotes the d dimensional appearance

embedding of the detected object, d is the feature
dimensionality of the CNN embedding space.

Each active track T, maintains an appearance
descriptor f;, computed as the running average of
previously associated detection embeddings.

The cosine distance is defined as:

N 1 Sk Si
app (K, 1) = 1 =12 A (20)
where f, .f; is the dot product between feature
vectors, || . || denotes the euclidean distance.

A detection-to-track association is considered
valid if the appearance distance satisfies the
following condition:

Aapp (K, 1) < Tapp

where Tg,, is a predefined appearance similarity
threshold. So the associations exceeding this
threshold are rejected, thereby preventing identity
switches caused by visually dissimilar objects.

To associate detections with existing tracks at
the frame t, a joint cost function is defined that
combines motion consistency and appearance
similarity. For track T, and detection d;, the
combined association cost is defined as:

Coi= A dioy(k,)) + (1= 2) - dgpp(k,i)  (21)
where d;,y;(k, i) is the loU-based motion distance,
dapp(k, 1) is the appearance-based cosine distance,

A€[0,1] is a weighting parameter controlling the
relative importance of motion and appearance cues;
optimal matching is solved using the Hungarian
algorithm. When A — 1 it prioritizes motion
consistency, if A — 0 it prioritizes appearance
similarity.

The occlusion state of the track Tj, at frame t is
defined as Of = 1 indicates that the object
corresponding to the track T}, is occluded at t frame,
OL = 0 indicates normal visibility. The occlusion
flag is obtained directly from the CSV-based
detection annotations corresponding to the frame ¢t.
At each frame t tracker detects several objects. Each
object is assigned a unique ID, a class label, a BB, an
occlusion state. This information forms a record 7.
All records from a frame form R;. Combining
records from all frames produces the final set R. This
final set R is what gets stored in the output CSV file.

For each confirmed track T, at frame t, a
tracking record is stored as:
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t _ t .t Lt b At
T = (tlIDklCk!xliyl'xZ’yZ'Ok)

where t is the frame index, IDyis the unique identity
assigned to track k, ciis the class label of the tracked
vehicle, (xf,y!) top left corner of BB, (x%,y%)
bottom-right corner of BB, of occlusion state of
track k at frame t.

At each frame t multiple tracks may exist. The set
of all track records at the frame t is:

Ro= U, (22)
where N, is number of confirmed tracks at the frame
t.

The final tracking record over the entire video is:
Re= VUl Ut o (23)
where T is the total number of frames, N; is the

number of tracks at the frame t, 7 is the record of
the track k at frame t.

The proposed model enables robust VD, even
under partial occlusion, illumination changes, and
dense traffic scenes.

4 Results and Discussion
The various metrics are evaluated as follows:

P (Precision) = TPT+PFP (24)

where TP = True Positives, FP = False Positives

TP

R (Recall) = —— (25)
where FN = False Negatives
F1 (F1score) = z;if (26)

Tracking time is measured using total processing
duration and average frame time, while tracking
accuracy is evaluated using standard MOT metrics
such as Multiple Object Tracking Accuracy (MOTA)
and Multiple Object Tracking Precision (MOTP).

MOTA = 1 — FN+F(P;;1DSW (27)
where IDSW is ID switches, GT is the total number
of true object instances
MoTP = Zirdit (28)

Et Ct
where d;, is a localization error between the
predicted and ground truth box for the object i at
frame t, c; is number of correct matches at the frame

t.
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IDF1 (ID F1 SCOTe) = 2 x IDTPZ-:= ;ﬁ:lg + IDFN (29)

where IDTP is a correct identity match, IDFP is
False identity matches, IDFN is Missed identity
matches, IDF1 measures how well object identities
are preserved.

IDP measures how many predicted identities are
correct. IDR measures how many true identities are

correctly tracked.
IDTP

IDP (ID PT’eCiSiOTl) = 1DTP + IDFP (30)
IDR (ID Recall) = — 20 (31)

The results of the proposed model are shown in
Figure 2. During training, the loss components that
were used are BB loss and classification loss. The
BB loss measures localization accuracy. The box
loss measures the difference between predicted and
actual BB positions, helping the model learn
accurate object localization. Thus, it measures how
accurately the model predicts the location and size of
the BB around an object. It compares predicted BB
coordinates and Ground truth BB coordinates. The
classification loss evaluates object class prediction.
The total training loss is the combination of these
components, enabling the model to learn both object
localization and classification effectively. The
classification loss evaluates how correctly the model
predicts the object class and the class of the detected
object. It compares the predicted class probability
and the ground truth class label.

Table 1 shows the results of existing YOLO
models, YOLOv5s, YOLOv8s, and YOLOvV10s,
with the proposed model after 20 epochs. In Figure 3
the graph for the same is shown in terms of P, R,
MAP@50, mAP@50-95. The tracking metrics of the
proposed model, compared with the existing YOLO
modelsYOLOvV5s, YOLOvS8s, and YOLOv10s, are
shown in Figure 4.

The proposed model has the highest metric
values of mMAP@50 as 98.1% and mAP@50-90 as
71.5%, where the P is 92.1%, R is 94% and F1-score
is 90%. The tracker achieved a MOTA of 85.2% and
an IDF1 score of 92.6% indicating strong identity
preservation and stable multi vehicle tracking
performance.
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2(d)
Fig. 2: Proposed model (a) train_batch0O, (b)

val_batchO_labels, (c) val_batchO_pred, (d) loss
Source: Created by the authors

Table 1. Results of Proposed model with recent

approaches for VD
F1

P R mAP@50 mAP@50-
Model score

%) (0) “qpy  (0)  95(%)
YOLOvV5s 83 85.8 85.9 96.6 64.6
YOLOvV8s 83.6 88.3 88.1 97.5 67.6
YOLOv10s  86.6 93.9 88.9 97.6 69.3
Proposed
Model 921 94 90 98.1 715

Source: Created by the authors
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Fig. 3: Proposed model compared with the existing
YOLO models YOLOv5s, YOLOvV8s, YOLOv10s
after 20 epochs in terms of (a)Precision, (b)Recall,
(c)mAP@50, (d)mAP@50-95

Source: Created by the authors

YOLOv10s [l Proposed Model
92.6 92.6 92.6

B YOLOv5Ss [ YOLOvSs

Percentage

MOTA MOTP IDF1 IDP IDR
Fig. 4: Comparative analysis of Proposed model
with existing YOLO models YOLOv5s, YOLOvSs,
YOLOvV10s
Source: Created by the authors

5 Conclusion

This paper presents a framework for occlusion-
aware VD and tracking that integrates environmental
preprocessing, adaptive deep learning-based
detection, occlusion handling and multi-object
tracking. In the proposed model the video frames are
enhanced using contrast normalization and noise
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reduction, followed by background subtraction to
identify motion regions and estimate occlusion.
Based on the occlusion state, the detection
confidence threshold is dynamically adjusted to
improve the detection of partially visible vehicles
using our model. The resulting detections are then
processed by a tracker, which associates objects
across frames using Kalman filter based motion
prediction and appearance similarity, with
assignment solved via the Hungarian algorithm.
Occlusion is handled explicitly by maintaining
tracks for a specified duration and recording
occlusion states. The model outputs annotated video
and structured detection and tracking logs which
enables robust performance under varying
illumination, congestion and occlusion conditions
while maintaining efficient processing.
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