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Abstract

Developing tracking in various applications motivates researchers to explore this
field. In this work, an intelligent system is suggested to automatically detect
moving colored balls in real time and calculate the speed and direction of these balls
based on the deep learning algorithm RCNN. The data is compared with the Alex-
net algorithm because it is a standard method. The proposed algorithm is one of the
machine learning algorithms based on the principle of training and learning, which
relies on the sequential classifier. The proposed system consists of a phone camera,
colored balls, and different environmental lighting (changing from one to eight
lights). There are two luxmeters used to measure the intensity of light. Four
parameters are measured to evaluate the performance of algorithms and system
setup: accuracy, average time, detection ratio, and speed. The best class and training
were selected and approved for detecting the blue and green balls. This proposed
algorithm can be used to detect any moving object. Results showed a high quality of
ball detection and tracking with almost 100% accuracy.

Keywords: Detecting moving objects, RCNN, Alex-net algorithm, artificial
intelligence, colored balls speed.
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1. Introduction

Moving object detection is the process of segmenting targets of interest. Identifying a
moving target is the basic step in the process of classifying and tracking a moving object [1].
The main goal of motion activity object detection and tracking is forward detection of the
moving target(s) either at each video frame or at the start of the moving target in the video [2,
3]. Detecting moving objects is one of the fundamental tasks in digital processing because it
has a prominent role in many aspects of real-world applications [4].

Automate video analysis has three main orders: detection, tracking, and recognition [5]. In
the first step, it is important to identify and segment interesting objects in video [6]. Tracking
object from frame to frame becomes easy, and their trace paths can be analyzed to learn about
the object's behavior [7]. Thus, object detection plays a crucial role in specific applications
[8]. For example, video surveillance is used in places that require sensitive security measures,
such as banks, shopping malls, and highways [9]. Detecting moving objects has always
proven to be a difficult task due to many factors, such as background dynamics, illumination
variations, poor classification of shadow as an object, and blurring and smoothing issues [10].
Much research work has been conducted to deal with the above factors where smart grid and
security monitoring systems are used to develop smart cities [11]. These techniques are used
in observation systems for higher speeds detection in modern countries [12]. This process
depends on image processing algorithms and deep learning [13].

2. Related work

Many previous studies focused on identifying and detecting moving objects and targets. In
2021, Gustafsson and Persson [14], conducted a study to evaluate three different object
detection techniques for detecting small and fast-moving objects in the sport of Padel. The
goal was to identify which technique performs best under various conditions affecting
detection performance. The three techniques employed different approaches, including
background histogram calculation, HSV masking with edge detection, and deep neural
network frameworks with the COCO dataset. Outdoor video footage was used to test the
techniques, revealing that Canny edge detection showed promising high detection accuracy.
YOLO demonstrated a good ability to detect many objects with high confidence, offering
reliable and accurate detection. The study addressed the challenge of introducing detection
techniques for small, fast-moving objects in sports, such as Padel. It concluded that both
Canny and YOLO hold promise for this application.

In 2023 , Jaemin Cho ef al. [15] , used selective attention networks to detect objects in an
industrial environment in real time. They used CCTV cameras to detect workers moving in a
factory while doing their job. The challenge to this approach lied in a person who is covered
by the vehicle or other objects. The recognition distance was 0.6 m, and the maximum speed
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was 2.6 m/s. They recommended improving object detection by creating 3D maps for the
sites to detect any object in case of being covered by one side.

In 2023, Fareeha Mumtaz et al. [16], presented a comprehensive review of R-CNN and
YOLO techniques applied in moving objects detection. The review paper focused on traffic
jams where the vehicles must be recognized while it is moving. The Lucas-Kanade method is
used to calculate motion vectors in each following frame. They show that the presented
technique has advantages in detecting vehicles with low cost and high accuracy, although the
cars are moving very slowly.

In 2023[17], Li et al. [17], proposed an efficient pipeline for detecting moving objects,
focusing on dynamic object detection in video streams from traffic monitoring cameras. In
their pipeline, they utilized image eccentricity analysis as a pre-processing step to quickly
generate segmentation maps of moving objects. These maps were used to mask the original
images, isolating only the moving objects. Sparse images were then inputted into an object
detection model built with a sparse convolution backbone network, significantly reducing
computational costs. Quantitative experiments demonstrated that the proposed pipeline
achieved up to a 50% inference speedup with negligible detection accuracy loss in images
obtained from traffic monitoring cameras.

In 2023, Tchao et al. [18], discussed Phase 1 of the AnxEpiVR pilot study, aimed at
exploring scenarios that provoke epilepsy/seizure-specific interictal anxiety and laying the
groundwork for designing VR exposure therapy (ET) scenarios for people with epilepsy
(PwE). Analysis revealed anxiety-provoking scenes categorized under themes like location,
social setting, situational, activity, physiological, and previous seizure. Public settings, social
situations, and factors like potential danger and specific triggers were identified as common
anxiety triggers. Recommendations were made for creating customizable VR-ET scenarios
incorporating different anxiety-related factors. Subsequent phases will involve creating VR-
ET hierarchies and evaluating their feasibility and effectiveness.

This work presents a proposed system to track a moving black, green, and blue ball using
a smartphone (iPhone 14 pro max) camera. The lightness change affects the detection quality.
Therefore, eight lamps are used to test the lightness effect with RCNN algorithm. The results
parameters like detection, accuracy, average time, and speed are compared with Alex-net
algorithm results.

3. Theoretical Principles

Region convolutional neural network (R-CNN) is a type of deep learning method focused
on object detection in Al applications [19]. It is one of the advanced models used for object
detection by merging convolutional neural networks and region-based approaches [20]. R-
CNN algorithm involves separate testing images into many regions or sub-regions, which
named region proposals [21]. These regions are responsible for generating objects according
to the sub-images. Edge Boxes are used to generate regional proposals in RCNN [22].
Features are extracted by CNN in the time of generating the region proposals, which is
around 2,000 regions approximately [23]. The regions are resized to 16 pixels in the warped
frame. Alex-Net used CNN to fine-tune large datasets like ImageNet for feature
representation. CNN has a high-dimensional features vector for the tested region proposal.
These features are sent to a separate machine-learning classifier to classify objects [24, 25].
Support Vector Machines (SVMs) are used for the classification step and generate a class for
the region proposal if it has an object or not in the training process. There are two types of
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training output: positive and negative samples, which refer to containing an instance of the
class or not[26, 27]. Non-maximum suppression is the final object detection step to ensure
that only the confident and non-overlapping bounding boxes are retained [28]. Disadvantages
of R-CNN are computational complexity, slow inference, and overlapping region proposals
[29].

Alex-Net is a deep learning model that won in a 2012 competition by training on 1.2 million
images from the ILSVRC database with 1,000 classes. Its architecture consists of
approximately 60 million parameters [30]. The model comprises 5 convolutional layers, 2
normalization layers, 3 max-pooling layers, 3 fully connected layers, and one SoftMax layer
for output. Dropout regularization was implemented to mitigate overfitting, and the ReLU
activation function was employed for each convolutional layer [31]. Quality and performance
measures were relied upon in deep learning and data analysis, as the study included several
efficient measures in evaluating the quality of model performance. Four scales were used.
The first measure is accuracy, which was calculated based on four factors [32]. Table 1
shows how to determine these parameters [33, 34].

« true positive (TP) refers to the correct presence of the object.

« true negative (TN) refers to the correct absence of any object.

« false positive (FP) refers to the false presence of the object.

» false negative (FN) refers to the incorrect absence of any object.

Table 1: Determine quality metrics parameters.

Actual classification 1 1 0 0
Predicated classification 0 1
result Fn Tp Tx Fp

Accuracy is a metric for evaluating the performance of classification models. It is the ratio of
correct predictions to the total number of predictions. For binary classification, equation (1)
accuracy can also be calculated in terms of positives and negatives as [35]:

Tp + Ty

Accuracy (Acc) = To ¥ Tyt Fo 1 Fr (D

Detection is determined in each video frame (30 f/s). If the ball is detected, then the ratio is

the ball frame over the total number of frames. The detection rate equation is [36]:
, Tp
detection rate = o+ Fn (2)
Real-time Detection is programmed within MATLAB software to identify and locate objects
of interest in real-time video sequences. The time is extracted as data within the code and
presented accordingly [37].
Speed is determined by calculating the displacement between two reference points on the

moving object's path. The difference was measured as: dX = X;,; — X;and dy = yj,1 — y;

[22]:
dr = /dX? + dy?
3)
d_dr_dr_d 4
spee _E_I_ r %X 30 (4)
30

The speed was calculated in an image using the relationship:

ixel
speed = JdX? + dy? x 30 © : (5)
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The actual speed was calculated based on the scale factor:
speed (%)

_ (6)
l
&5

scale factor =
speed

Therefore, if we need to know the speed in m/s, then we multiply 0.2419 m/pixel by speed
(pixel/s). Figure 1 shows the real red ball with a yellow box from the algorithm and the
estimated path with direction.

- 8 1 P 2 R B 1 B

@) Sm
Figure 1: Ball path behavior in (a) video stream with selecting box in yellow and (b) diagram

of the suggested system

»
>

4. Experimental setup

An iPhone 14 Pro Max mobile camera was used to record ten videos in different lighting
(1-8 lights). Five of these videos were used for training purposes with only five blocks of
lighting because we believe it is the ideal lighting, and three of them were used for testing
with all lighting conditions. Two luxmeters were used to record the intensity of the
environment, as shown in Table 2. These luxmeters are located next to the phone camera and
next to the wall, as shown in Figure 2. In the RCNN algorithm, the layer numbers (iz) were
32, 64, and 128, while the Training times (period) were 5, 10, 20, and 50. In this case, we had
twelve models generated from the five videos to use for object tracking and apply it to the
three test videos with all lighting conditions. For each lighting condition (one lamp, two
lamps, etc.) three videos were recorded and shown in each figure. There is a slight difference
between the data of each video, which leads to a slight error due to lighting conditions. There
are two main algorithms used within this work. The first algorithm is Training Data and
Detection, and the second algorithm is Testing Model and Calculate Metrix.
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Training Data and Detection
Input: number of layers (iz) and the number of training times(epoch), and specify a
specific threshold for accuracy to stop training(acth)
e Load number of layers iz=32, 64,128 and number of training times epoch =5, 10,20,50
and determine loss threshold =0.2, threshold for accuracy to stop training acth=95;
o Store the training file and the model with the same name based on the time in terms of
hours and seconds
e Load positive folder and label file (ball. mat)
e Create three layers each layer contains
e count the number of classes since the target is a ball and the background represents two
classes using fullyConnectedLayer(m)
e Options for training deep learning neural network
e Specifying a condition that the iteration is more than 300 and the accuracy is more than
95, the training stops.
e begin the training process as instructed based on postv, layers, option

[dete, info] = trainRCNNObjectDetector(pstv2, layers, options);
¢ To obtain the model, store it and store information about the model where det represent
model contain loss and accuracy
¢ Finally, it stores the model, layers, options and information
o After make testing images in this model

Testing Model and Calculate Metrix
Start algorithm

e Select Folder and select all images from 1 to ni, read images using code
[bbox, score, label] = detect (dete, I);
o [ fthere is a target, detects it and puts box, score, label on it and its category
o After detection, the target is deducted, or a yellow square is placed on each detected
target. This means that the score is greater than 9 else no detected
e For object detect calculate center x and center y because object moving then calculate
average of score(accuracy)
o Calculate extraction time, detection time and total time then calculate average time in
second
e Draw the path of the moving target where nx , ny= represent object path
e Drawing the score and calculating its average
e Calculate object speed during
Xc= center x
Yc==center y
dx= deff(xc*scf/100) in m/s
dy=deff(yc*scf/100) in m/s
v=sqri(dx’ +dy *)* 30
va= avage (v)

There are four parameters excluded from RCNN compared to the Alex-net method, which
are detection ratio, detection accuracy, average object detection time, and object speed. For
clarity, the number of layers (iz) was set to 32 in the Alex-net method. Figure 3 shows the
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detection percentage of different lights with different epochs, comparing Alex-Net and
RCNN at different levels.

Table 2: The light intensity as distributed in the setup with the number of lights.

Number of lamps 0 1 2 3 4 5 6 7 8
Lux1 (Next to the camera) 2 32 63 101 127 198 203 253 317
Lux2 (Next to the wall) 2 16 41 63 81 127 198 205 227
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Figure 2: The relationship between epoch and object detection using (a) Alexa Net (b)
RCNN iz=32, (c) RCNN iz=64, and (d) RCNN iz=128.

The accuracy was calculated based on Eq. (1), which depends on the number of correct
predictions on the total number of predictions as in Figure 3.
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Figure 3: The relationship between epoch and Accuracy using (a) Alexa Net (b) RCNN
1z=32, (¢) RCNN iz=64, and (d) RCNN iz=128.

The total time rate (average time) was calculated, which represents the sum of the rate of
detection time (t1) and the rate of deduction time(t2), as shown in Figure 4.
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Figure 4: The relationship between epoch and Average Time using (a) Alexa Net (b) RCNN
iz=32, (c) RCNN iz=64, and (d) RCNN iz=128.

The speed of the moving object was calculated based on the scale factor as explained in
the third chapter, as in Figure 5, where the speed results for the moving object are shown.
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Figure 5: the relationship between epoch and speed using (a) Alexa Net (b) RCNN iz=32, (¢)
RCNN iz=64, and (d) RCNN iz=128.

By detecting the black ball, work was reworked on the green ball, relying on layer iz=64
and training epoch =50, because they gave the best results in the black ball. The four
approved standards were calculated by working as in Figure 6 and for the blue ball as in
Figure 7.
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5. Conclusion

In this study, a proposed optical system was presented to detect and measure the speed of
moving colored balls based on their movement path using deep learning techniques in
different lighting conditions. R-CNN method was used for this purpose and compared to the
Alex-net method. Motion vectors and ball trajectories are determined from successive frames
of motion data. The detection rate, accuracy, overall time rate (detection and detection), and
speed of the moving object are determined.
Epoch and iz play important parameters through object detection. The change in lighting
conditions does not affect the detection rate and accuracy. This leads to the conviction that
the proposed algorithm is powerful enough to detect any object under different conditions
with very high accuracy and quickly. The accuracy and detection rate have high values for
this algorithm to detect moving objects in an average time of about 1 second and an object
speed of about 6 m/s. The proposed setup is useful for checking and tracking any moving
object.
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