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Abstract

Object detection from real-time video streaming is a challenging task, and this paper presents an
innovative approach for a real-time object detection and counting system with YOLOVS. For the
multi-object tracking from the detected objects of YOLOvVS, ByteTrack is used. The designed
system is used for long-duration video streams of about two hours of continuous video segments
extracted from the static surveillance feeds. The multithreaded architecture utilized here is to read
the frame with maximized throughput, with mitigated frame loss. Meanwhile, the object counting
is performed with the user-defined virtual line with reduced jitter using the bounding box
smoothing. The duplication of object counting is avoided with the inclusion of an intelligent ID
system. The object bounding boxes, live count overlay, and center points are added to the disk in
the real-time processing for the robust video writing approaches. To avoid resolution problems,
the custom re-encoded pipeline is used. This can be used in real-time applications including
industrial automation, retail analytics, and traffic monitoring.
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1. Introduction:

Computer vision is used by item identification and counting devices to recognize and tally
elements in images or video sources. Usually, object detection, which finds items in the image, is
accompanied by monitoring and counting to figure out how many of those objects there are.
Because roads enable accessibility to economic development and transportation between locations,
roads are essential to everyday life. But in order to be used to their full potential over time,
highways need to be regularly maintained and repaired. From the state of the road structure to the
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nature of the surroundings, a number of factors must be taken into account when deciding how
servicing and repairs are carried out. To determine which road segments require service and
repairs, an ADT might be utilized.

Applications for this sort of device can be found in a number of industries, such as production,
sales, traffic control, and transportation [1]. It locates and identifies features in an image using
techniques such as CNNs or YOLO (You Only Look Once). Bounding boxes are frequently
created by these techniques surrounding every object they identify. In a video platform,
surveillance makes certain that every object that is recognized is tracked between images. This
gives a more precise estimation and allows for multiple counting, particularly when working with
moving components. The applications are manufacturing, retail, traffic management, logistics,
and security [2]. Conveyor belt object counting can be automated to increase productivity
and lower error rates in manufacturing. On-site client surveillance and counting can yield useful
information for improving inventory control, personnel, and shop designs. Traffic circulation can
be tracked, congestion can be found, and roadway signals can be optimized via object identification
and counting.

Transportation and handling inventory can be made more efficient by counting boxes and parcels
in storage. Object identification and counting in monitoring film can improve safety procedures
and identify irregularities [3]. By automating laborious counting activities, object identification
and counting systems may save staff resources. It can provide immediate information by analyzing
information precisely and swiftly. Devices can be expanded to accommodate complicated
situations and high data quantities. It saves energy and time by replacing laborious counting,
beneficial for traffic flow analytics and tracking, with restructuring, effective in various fields, and
high precision using contemporary deep learning methods [4]. A substantial amount of memory
and processing power may be needed for the operation and execution of such networks. Dim
lighting, object overlap, and occlusions can all have an impact on efficiency. To develop deep
learning algorithms, massive collections of labeled images are needed, which might take a lot of
effort to gather and interpret.

The rest of the work is organized as follows: the literature review is added in section 2, and the
proposed methodology is elaborated in section 3. The results and discussion section is added in
section 4. Finally, the work is concluded in section 5.

2. Literature survey:

Road segment maintenance and repair depend on the average daily traffic survey (ADT). This
technique often employs a semi-manual technique and utilizes CCTV to count automobiles.
Bihanda et al. [5] presented a Real-Time Detection Transformer (RT-DETR) structure for vehicle
recognition and ByteTrack for monitoring and calculating in an ADT. A multi-vehicle voting
mechanism was suggested to prevent an identical automobile from being mistakenly identified
during the monitoring procedure before the vehicle determination. To assess the efficiency and
reliability CCTV camera footage from various scenes was analyzed. The suggested technique was
faster, high precision in crowded scenes, and complete, anchor-free identification. However, the
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efficiency could suffer in bad conditions.

Due to their exceptional performance in several computer vision applications, Wang et al. [6]
described the YOLOVS series systems have emerged in numerous domains to improve their
identification capabilities for small objects with the Symmetric Positive Definite Convolution
(SPD-Conv) component. To attain higher accuracy, the sensor was integrated with the ByteTrack
tracking approach, and the loss function and the loU were improved. It was effective in real-time
application and helps to handle missing identifications. Hence, it was not the best option for dense
scenarios.

Automated transport administration relies heavily on the use of CCTV cameras for vehicle
recognition, authentication, and automatic counting. Akoushideh et al. [7] developed deep
convolutional neural networks (CNNs) for video monitoring for vehicle recognition,
categorization, and counting were examined. The suggested system makes use of the ByteTrack
method for following vehicles between frames. The YOLO framework for identifying objects and
recognizes the Multiple-Zone-Line technique to tackle monitoring issues. The suggested approach
presented a viable approach for reliable and precise vehicle recognition, categorization, and
counting. The suggested method was able to distinguish between different car sorts and
dimensions. However, it is simple to misclassify vehicles that have equivalent looks, which might
result in inaccurate group counts.

The need for effective traffic detection and monitoring systems has increased in tandem with the
swift rise in transportation-related stress. Liu et al. [8] established YOLOv8n to minimize the
estimation of redundant parameters to minimize the estimation of redundant parameters implement
SCC_Detect using SCConv to identify components. The Focaler-EloU loss function increased the
precision and consistent monitoring and identification. It was simple to adjust for varying video
quality. Hence, not the best option for lightweight devices, such as edge systems that lack
compression or reduction capabilities.

Video-based traffic surveillance devices and CCTV camera image processing have advanced
significantly due to the quick development of deep learning and computing power. Mutlukaya et
al. [9] developed an automated traffic monitoring technique that uses strong deep-learning
algorithms to provide an adequate structure for effective traffic detection. The system presented
several significant features, such as a combined technique for complete traffic rule violation
identification and an original technique for lane identity (LanelD) assessment. To successfully
determine lane breaches, the investigation uses a variety of cutting-edge techniques, including
DeepSORT, YOLOVS, and HybridNets. The method was excellent for implementation in low-
latency real-world traffic networks and makes use of flexible, effective designs that strike a balance
between effectiveness and precision [13]-[25]. Security concerns are brought up by real-time
monitoring, particularly when combined with individual identification or registration number
detection [26]-[34].

3. Proposed Methodology
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The proposed methodology is to detect the cement bags using YOLOVS. For this, the feeds from
the camera are captured frame by frame using the Frame Grabber Thread (FGT) with the
predefined sampling rate. The objects from the captured frames are detected using YOLOVS, and
the final decision for the detection is performed using ByteTrack, which uses multi-object tracking.
The number of objects that are detected using the Counting Logic Thread (CLT) is displayed in
the  display  thread. The  full  pipeline is depicted in  Figure 1.

FRAME OBJECT DETECTION
READING (YOLOVS)

OBJECT TRACKING
(BYTETRACK)

OBJECT
COUNTING

‘ FRAME ANNOTATION

|

VIDEO WRITING
AND ENCODING

Fig 1: Pipeline of the proposed YOLOvVS based cement bag detection.
3.1. FGT for capturing the frames

FGT is the real-time video sampling mechanism and is used to capture the frame-to-frame from
the feed that is live captured using the camera. This might have been performed using a predefined
sampling rate [10]. The decoupling of video captured using the detection and the pipeline tracking
for maintaining constant, smooth, real-time processing. This follows

multithreading. Let us consider, at time t, the video frame is VF(?) with the frame rate of V/z .

Vit 1

The period between the consecutive frames is ~ which is equal to vy . The buffer of the frame

queue is implied as B,/ and the grabbing time of the frame is T6, . Based on the frame grabber,

the sampling of the video feed can be formulated as,

VE,=VF(to +mNVt), meM )
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The mth captured frame is described as VF, with the initial time stamp of %. The pushing of
each frame to the queue can be formulatede as,

vi<—VFm lf TGr<Vt (2)
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€)

The grabbing thread is executed asynchronously for the processing of real-time values and the
frames are buffered using the following eqn,

Throughputg, > Throughput,

The bottlenecks are averted with the decoupling of the frame obtained during the object
detection. To avoid the frame lags and to maintain the real-time consistency,

T, +1, <Vt 4)

T

Here, the time taken to grab the frame is defined as fcrwith the processing time of T,

Meanwhile, lagging frame can be implied as,
T, +T, >Vt = lagging of frames (5)

The decoupling of grabbing can be performed with the consideration of Thread, and Thread, for

the grabbing, handling, and detection tracking. The queue occurs during the communication is Be,

. The FIFO models for thread safety is presented as,

Bce,, (1) = {VFm,VFmH,....,VFmH }, | <max size of Queue (6)

3.2 YOLOvS8-based detection thread

The detection of objects from each frame is effected with the proposed YOLOvVS from the frames

of B¢ . The main aim of the YOLOVS is to identify the bounding boxes for the objects from the

frames and transmit the outcomes to the next stage, which is used for tracking the objects [11].
The input frame is considered as,

VF c thmx3 (7)

m

The height of the frame is h and the width is ® and the color spacing is RGB. The set of

detected output obtains for the frame VF, can be formulated as,

ODm:{(y/. ,zj,W_/.,Hj,Cj,Pj)|j=l,2,...,MD} (8)
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The center of the bounding boxes are (7,52 with the height and width of (H,., ;) The class

F

D is (C))with the confidence score of ©. The number of objects detected per frame * ». For

estimating the inference time constraints, assume the detection time per frame is 7, with the

deadline interval of Lpeadine = VI . While considering real-time processing, it should be, T, <Vt ,

otherwise, it lags behind the frame grabber. The placing of outcomes in the detection queue can
be performed using the following equation,

BD<—(VFm,dm) 9)

This queue is transmitted to the tracking thread.

ByteTrack-based thread tracking

In this section, the output obtained from the YOLOVS OD,, can be used for multi-object tracking.
This might have maintained the identities of frames. Assume that the previously tracked objects at

time 1 be considered as,

-l 1 2 ! (10)

The state for each track ' can be identified as,

«=(nzW,Hu ,u.,ID) (1)

The ID and the velocity of each object is determined as, D gng (,54.) The updation of tracks

is done with the association of detection output OD, |

area(K_ ND )

IoU(x,D )= j i
Y areilcj UD,.} (12)

This enhances the high-confidence detection first, with the ignorance of low-confidence
detections. For low confidence, the re-matching can be obtained with the Kalman filter predictions
[12]. The status of the tracks is updated with the Kalman filter as shown below,

)7:71 :E’\);/n—l +va+ Wm (13)

x,=OBY, +u, (14)
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Here, the transition matrix is E with the F control matrix. The observation matrix OB can be

processed, and the noises obtained are W, and Y. The tracking outputs are defined as,

T ={(vs.z.7, H,,D,)} (15)
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The output is forwarded to the counter/display thread as follows,

Be, < (VF,.T,) (16)

3.4 Counting Logic thread

Spatial rules are applied to track the counting of objects as they pass through predefined areas. For
this, the counting logic thread is used and identification is performed using the unique Track ID
provided throughout the frames. The input obtained from the tracking thread can be defined as,

TnF{(yjaZjaWjaHf’[Dj )j:172’~--7M} 17)
The estimation of the centroid can be performed using the following equation,
rw Hj)

C_=(y_,Z_)=|y_+_’z.+_|
J ] J Kj 2 J 2) (18)

The trajectory dictionary is maintained using,

Trajec[ID]=[c""",c"] (19)

While the counting line crossing condition is applied to track the objects crossing the top to
bottom or from bottom to top. Based on that, the counting is incremented to,

Count = Count

up / down up / down +1 (20)
To avoid the counting of objects several times, keep the Set <ID > for the counted object.

Count the objects if that are 1D, & Counted _IDs anq added to the count. The count output is
displayed.

4. Results and Discussion:

This section explains the evaluation of proposed work using various evaluation measures and its
results. Required the annotated video sequence tracking and detection with the suitable dataset to
compute the proposed system performance. Figure 2 shows the sample dataset images based on
cement bag.
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Figure 2: Sample dataset images

Figure 3 displays the performance validation curve along with the F1, precision and recall
confidence levels are outlined in Figure 1 (i) to (iii). To assess the model performance, few critical
measured are utilized namely F1, precision and recall confidence levels in object tracking and
detection tasks. For real time object determination, the proposed object model with confidence
levels increased from 0 to 1.0 respectively. Both comment bag and all classes result are above 95%
when compared to the F1, precision and recall confidence levels.
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3 F1-Confidence Curve
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Figure 3: The performance evaluation outputs for, (i) F1-confidence level, (ii) precision level
and (iii) recall level

Figure 4 delineates the confusion matrix results. The classification model performance for object
detection measured using the key analysis tool is called confusion matrix. Each detection included
object localizing and classification based on the bounding box although the detection not purely

classification. An incorrect detection avoided as well as how better model differentiates among the
object classes are assessed using confusion matrix.
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Figure 4: Confusion matrix results

The performance based on the labels curve is plotted in Figure 5. The bounding box and class ID
coordinated with the label is video or image frame for each object in object detection tasks. Based
on the image dimensions, the normalized with the x-centre, y-centre, height and width of four
values defines the bounding box. The bounding box coordinates denoted using x and y centre. The
image height and width divides the object corner bottom right and top left among the mid points
are calculated. The object bounding box edges called x and y coordinates computed and the
bounding box size represents the height and width.
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Figure 5: Performance based on the labels

Figure 6 outlines the mask performance for various measures like F-1, precision and recall curves
are plotted in Figure 6 (i) to (iii). Across various models, the segmentation mask reliability and
accuracy were evaluated with the proposed mask performance. To create an accurate segmentation
mask, learned the mask model is learned steadily, increasing because of the imbalance between
false negatives and false positives. Above 80% results were accomplished by both the cement bag
and all classes for each measure. An optimal model performance is indicated as the peak in F1,
precision, and recall results.
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Figure 6: Proposed mask performance for (i) F1 curve, (ii) precision confidence and (iii)
Recall curve

5. Conclusion

The implemented YOLOv8 and ByteTrack-based object counting system demonstrates an
effective solution for real-time monitoring and video archival of long-duration footage. With
intelligent tracking, accurate object counting logic, and robust handling of system resources
through multithreading and queuing, the system maintains high accuracy even during frame bursts
or processing lags. The integration of user-interactive ROI (region of interest) selection and
temporal ID-based logic enhances flexibility and robustness across various surveillance scenarios.
The output re-encoding mechanism ensures manageable file sizes without sacrificing detection
quality, making this system deployable for long-term, large-scale surveillance needs.
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Future enhancements could include adaptive line placement using scene context, cloud-based
storage integration, and incorporation of deep learning-based re-identification for cross-camera
tracking.
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