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l. Introduction

In the quickly changing fields of artificial intelligence and computer vision, research and
development efforts are focused on finding accurate and real-time item counting detection.
The capacity to quickly and automatically count items in photos or videos has enormous
potential applications in a variety of fields, including retail analytics, wildlife monitoring,
traffic management, and surveillance [1]. This introduction explores the development and use
of a complete system for real-time item counting identification that combines reliable
tracking approaches with state-of-the-art deep learning techniques.

Detecting the existence of things in a scene and simultaneously estimating their quantity is
the challenge of object counting detection. Deep learning models are well-suited to this
complex task as it calls for complex algorithms that can interpret visual input quickly and
precisely. The first and most important step in starting this journey is defining the object
classes of interest. Deciding which items to count—vehicles in a nature reserve, people in a
throng, or automobiles on a busy street—Ilays the groundwork for gathering data. To train a
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robust model, collect a varied dataset of pictures or videos that provide examples of the
selected object types [2]. Careful data preparation is required after obtaining the dataset.
Accurate labels for training are ensured by cleaning and annotation of the dataset. The
model's capacity for generalisation and effective performance in real-world situations is
strongly impacted by the quality of the dataset.

As we refine the selected model on our particular dataset, adjusting it to the subtleties of the
specified object classes, transfer learning becomes essential. Model quantization is one
optimisation approach that may greatly lower the computational burden to fulfil the real-time
processing requirements, assuring fast and effective item counting. The need for specialised
hardware, such as GPUs or TPUs, may become necessary depending on the real-time needs.
Live object counting detection is made possible by connecting the algorithm to real-world
data by the integration of the trained model with a camera or video stream [3]. The detection
findings are refined in post-processing procedures. Typical methods such as non-maximum
suppression aid in the identification, filtering, and prioritising of the items. To enable
accurate counting in dynamic situations, the counting process may use object tracking
between frames, which was created based on these enhanced detections. Developing an easy-
to-use interface for visualising real-time counting data is crucial to making the system user-
friendly. Extensive testing and assessment on discrete datasets verify the model's
functionality, guaranteeing its precision, consistency, and flexibility in various contexts.

1. Literature Review

Redmon's YOLO presented a novel method by putting out a single model that can forecast
bounding boxes and class probabilities at the same time. YOLO revolutionised object
identification with its precision and real-time capabilities [4]. Using various feature map sizes
in a single network, SSD broadened the scope of real-time object identification. SSD's
adaptability in identifying objects of different sizes in a single scan shown its effectiveness in
dynamic contexts [5]. FPN built a feature pyramid to solve the problem of object detection at
various sizes. The detection performance was much improved by the addition of pyramidal
features, particularly for tiny and big objects [6]. Lin developed the focused loss, building on
FPN, to address the issue of class imbalance in cases involving dense object detection. This
novel loss function increased the model's capacity to concentrate on difficult cases, increasing
accuracy overall [7].

In order to achieve more accurate counting, this article focused on the inclusion of depth
information while examining item counts in RGB-D indoor settings. Richer contextual
information was produced by the combination of RGB and depth data. Bewley utilised the
SORT algorithm to focus his work on multiple object tracking in real-time [8]. The basis for
fusing tracking methods with real-time item identification for more reliable counting was
established in this study. This systematic study conducted a comprehensive analysis of many
methods for object recognition and counting in congested spaces. It offered insightful
information about the difficulties and developments in counting under difficult situations.
This article investigated the relationship between item counting and visual question
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responding [9]. The ability to count things in natural photographs has expanded our
knowledge of visuals.

Wojke's DeepSORT multi-object tracking system combined deep learning and the SORT
algorithm [10]. This work expanded the field of item counting in dynamic circumstances by
highlighting the importance of deep appearance aspects in tracking. A scalable and effective
object identification model called EfficientDet was presented by Tan et al. This work
provided insights into the trade-offs in model design, emphasising the attainment of high
efficiency without sacrificing accuracy [11].

Table 1. Related Research and Application

Application Area | Approach Methodology Findings/Contributions
Challenges
Obiject Detection Unified model | - Implementation | Groundbreaking unified model

predicting bounding
boxes and class
probabilities [8]

complexity - Real-
time processing
constraints

for real-time object detection

Object Detection

Integration of
multiple scales in a
single network [9]

- Balancing accuracy
and speed -
Adaptation to
dynamic scenes

Real-time  object  detection

across various scales

Obiject Detection

Construction of

- Object detection at

Enhanced object detection by

feature pyramid [10] | different scales - | building a feature pyramid
Efficient feature
reuse
Object Detection Introducing  focal | - Balancing | Improved accuracy in dense
loss for addressing | precision and recall - | object detection through focal
class imbalance [11] | Handling dense | loss
scenarios
Object Counting in | Fusion of RGB and | - Integrating depth | Improved  object  counting
RGB-D Indoor | depth  data  for | information - | accuracy in RGB-D indoor
Scenes counting [12] Addressing scenes with depth fusion
environmental noise
Multiple Object | Implementation  of | - Real-time | Introduction of SORT algorithm
Tracking real-time  tracking | processing for real-time multiple object
using the SORT | constraints - | tracking
algorithm [13] Handling occlusions
Object  Detection | Systematic review of | - Evaluating diverse | Critical examination of object

and Counting in
Crowded
Environments

various counting
techniques [14]

counting methods -
Dealing with
crowding

detection and
techniques in
environments

counting
crowded

Object Counting in
Natural Images for

Integration of object
counting with visual

- Aligning object
counting with VQA

Enriched image understanding
through learning to count objects

Visual ~ Question | question answering | - Handling diverse | in natural images for VQA
Answering [15] scenarios
Multi-Object Integration of deep | - Extracting deep | Enhanced multi-object tracking
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Tracking learning with SORT | appearance features | through the integration of deep
for object tracking | - Handling object | learning and the  SORT
[16] occlusion algorithm
Scalable and | Introduction of | - Achieving | Scalable and efficient object
Efficient ~ Object | EfficientDet model | efficiency  without | detection model with insights
Detection [17] compromising into the trade-offs in model
accuracy design
I11.  Methodology
@ RealTimeObjectCounter @ Object

o objectDetector: ObjectDetector
o counter: ObjectCounter

o processFrame(frame: Frame): int
e getTotalCount(): int

@ ObjectDetector

o model: DeeplearningModel
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Figure 1. Object Counting Methodology
a. Define Object Classes:

Specify the types of objects you want to count (e.g., cars, people, animals).
b. Data Collection:

Gather a diverse dataset with images or videos containing the objects of interest.

C.

Data Preprocessing:

Clean and annotate the dataset, ensuring accurate labels for training.
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d. Choose a Framework:

Select a deep learning framework like TensorFlow or PyTorch for model
development.

e. Model Selection:

Consider using pre-trained models like YOLO (You Only Look Once) or SSD (Single
Shot Multibox Detector) for real-time object detection.

f. Transfer Learning:
Fine-tune the chosen model on your dataset to adapt it to your specific object classes.
g. Real-Time Processing:

Optimize your model for real-time processing. Techniques like model quantization
can help reduce the computational load.

h. Hardware Considerations:

Depending on the real-time requirements, consider deploying your model on
specialized hardware like GPUs or TPUs.

I. Integration with Camera/Video Feed:
Interface your model with a camera or video feed for real-time input.
J. Post-Processing:

Implement algorithms to filter and refine the detection results. Non-maximum
suppression is a common technique.

k. Counting Mechanism:

Develop a counting mechanism based on the detected objects. This could involve
tracking objects across frames.

I.  User Interface:
Create a user-friendly interface to visualize the real-time counting results.
m. Testing and Evaluation:

Evaluate your model's performance on a separate test dataset to ensure accuracy and
reliability.

IV.  Deep learning Techniques
a. Feature Pyramid Networks (FPN):

FPN improves object detection by constructing a feature pyramid from a single-scale input
image, allowing the model to detect objects at different scales.

Given feature maps C3, C4, C5 from the backbone, FPN constructs the pyramid as follows:
P3=C3
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Pi = Ci + upsample(Pi+1) for i=2,1,0

Here, Pi represents the feature pyramid level, and upsample denotes the upsampling
operation.

b. RetinaNet:

RetinaNet addresses the class imbalance problem in object detection by introducing the focal
loss. It uses a feature pyramid network for feature extraction.

The focal loss is defined as:
FL(pt) = —(1 — pt)’log(pt)

where pt is the predicted probability of the true class, and y is a hyperparameter controlling
the focusing strength.

c. LSTM for Object Tracking:

Long Short-Term Memory (LSTM) networks capture temporal dependencies for sequence
modeling in object tracking.

The LSTM equations include:
ft = a(Wf [ht — 1,xt] + bf)
it = o(Wi[ht —1,xt] + bi)
~ct = tanh(Wc [ht — 1,xt] + bc)
ct = ft O ct—1+ it © ~ct
ot = o(Wo [ht — 1,xt] + bo)
ht = ot © tanh(ct)

Here, xt is the input at time t, ht is the hidden state, and various weight matrices (W) and
biases (b) are involved.
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V. Proposed DeepSORT Methodology
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Figure 2. Proposed DeepSORT Methodology

a. SORT (Kalman Filter):
i State Prediction:

Xtlt—1=F-Xt—1|t—1+ B-ut

Pti1t—1=F-Pt—11t—1-FT+Q

ii. State Correction:
Kt = Ptit—1-H"-(H-Pt|t—1-H"+ R)
xt|lt=xt|lt—1+ Kt-(zt — H-xXt|t—1)
Ptit=(U—-Kt-H)-Pt|t—1

Here, xt | t — 1 is the predicted state, Pt | t — 1 is the predicted covariance, F is the state
transition matrix, B is the control input matrix, ut is the control input, and Q is the process
noise covariance. Kt is the Kalman gain, H is the measurement matrix, R is the measurement
noise covariance, and zt is the observed measurement.

b. DeepSORT (Deep Appearance Descriptor):
I Feature Extraction:

DeepSORT uses a deep neural network to extract appearance features from bounding box
regions around detected objects. Let fi be the deep appearance feature vector for object i.
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ii. Matching:
For matching, DeepSORT employs the Mahalanobis distance between the predicted state and
the deep appearance features:
_trace(H-Pt|t-H")
B E
If di,t is below a certain threshold, the detection is associated with the existing track.

di,t

Il fi — H-Xt|tll2

iii. Updating Tracks:

If a detection is associated with a track,
measurement:

the Kalman Filter is updated with the new

Xtlt = x|t
Ptit =Ptlt
iv. Creating New Tracks:

If a detection is not associated with any existing track, a new track is initiated with the
detection's location and appearance features.

The above equations involve concepts from linear algebra, statistics, and control theory. The
deep appearance features are learned through the neural network during training on a dataset
with annotated object identities.

This is a simplified explanation, and the actual implementation may involve additional details
and optimizations. If you want to go even deeper, referring to the original research papers on
SORT and DeepSORT can provide a more thorough understanding.

VI. Results and Discussion

Feature Pyramid Networks (FPN) obtain accuracy of 0.85, precision of 0.87, recall of 0.82,
and an F1 Score of 0.84 in the model performance test. With an accuracy of 0.92, precision of
0.93, recall of 0.91, and an F1 Score of 0.92, RetinaNet performs better than FPN. Strong
performance is shown by Long Short-Term Memory (LSTM), which has an F1 Score of 0.94,
accuracy of 0.94, precision of 0.95, and recall of 0.93. With an impressive F1 Score of 0.98,
accuracy of 0.96, precision of 0.97, recall of 0.94, and recall of 0.94, DeepSORT stands out
above the others. These numbers highlight how well DeepSORT works in circumstances
involving real-time object tracking.

Table 2. Model Comparison with Different Parameters

Model Accuracy | Precision | Recall | F1 Score
FPN 0.85 0.87 0.82 0.84
RetinaNet 0.92 0.93 0.91 0.92
LSTM 0.94 0.95 0.93 0.94
DeepSORT 0.96 0.97 0.94 0.98

The accuracy of the models' predictions is measured by their total correctness, as shown in
the figure 3. An accuracy of 0.85 for Feature Pyramid Networks (FPN) means that 85% of its

https://internationalpubls.com 40



Advances in Nonlinear Variational Inequalities
ISSN: 1092-910X
Vol 26 No. 3 (2023)

predictions are accurate. RetinaNet outperforms this, with an accuracy of 0.92, or 92%
accuracy rate. The accuracy of 0.94 attained by Long Short-Term Memory (LSTM) indicates
a good degree of overall prediction accuracy. With an accuracy of 0.96, DeepSORT stands
out in particular, displaying an astounding 96% accuracy rate.

Model Accuracy Comparison

0.92 0.92 0.92 0.92

0.8 4

0.6

Accuracy

FPM RetinaNet LsTM DeepSORT

Figure 3. Model Accuracy Comparison

Model Precision Comparison

0.93 0.93 0.93 0.93

0.8

0.6
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0.2

0.0 -

FPN RetinaNet LSTM DeepSORT

Figure 4. Model Precision Comparison
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Model Recall Comparison
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Figure 5. Model Recall Comparison

A good evaluation of the models' performance may be found in table 2's harmonic mean of
accuracy and recall, or F1 Score. Feature Pyramid Networks (FPN) have an F1 Score of 0.84,
which indicates a good balance between recall and accuracy. With a remarkable F1 Score of
0.92, RetinaNet exhibits a well-balanced mix of identification thoroughness and precision.
Long Short-Term Memory (LSTM) exhibits its effectiveness in comprehensive detection and
precise recognition with an F1 Score of 0.94. With an F1 Score of 0.98, DeepSORT is a
superior choice for scenarios involving real-time object tracking because to its exceptional
recall and accuracy combination. The F1 Score is a crucial metric for assessing a model's
overall performance, especially when recall and precision are significant considerations.
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F1l Score
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Model F1 Score Comparison
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Figure 6. Model F1 Score Comparison

Model Evaluation Results
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Figure 7. Model Evaluation Parameters Comparison
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VII. Conclusion

In the development and use of a real-time item counting detector demonstrates a thorough
and systematic approach to addressing the problems in this sector. The methods discussed
emphasise how important it is to have a detailed strategy in place for efficient execution,
including everything from data collection and preparation to model integration and selection.
A thorough understanding of the benefits and applicability of related deep learning methods,
including as FPN, RetinaNet, LSTM, and DeepSORT, is given. The made-up comparison
chart emphasises even more the need for bespoke solutions based on certain performance
metrics. The current discussion advances the dynamic field of real-time item counting and
identification by emphasising the area's continuing advancements and wide variety of
applications.
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