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Abstract: The efficiency of distance learning can be assessed by examining specific student behaviors during online
courses and assessments. Detecting abnormal student behavior can guide evaluating the effectiveness of learning.
Detection speed, accuracy, and model efficiency are essential considerations in distance learning environments. This
study proposes a model for detecting abnormal student behavior based on a modified YOLOV5 object detector. Firstly,
to achieve model efficiency, the YOLOV5 feature extraction network is pruned by removing the portion responsible
for extracting high-level feature maps of small objects, which consumes significant computing resources and
parameters. Also, the model's feature fusion part and prediction layers are adjusted accordingly. A convolutional block
attention module (CBAM) is added between the model's neck and prediction head to boost the model's focus on
students' areas and detection accuracy. Five behaviors were tested on a recently created dataset. The results show that
the suggested SPL-YOLOV5 detection method outperforms the SSD-MobileNet, Faster R-CNN, the original YOLOV5
algorithms and state-of-the-art methods regarding performance. The suggested approach increased mAP@0.5 and
MAP@0.5:0.95 by 0.14% and 0.13%, respectively, compared to the original YOLOV5. In addition, the model's

inference time decreased by 2.7%, computational resources (FLOPs) by 40%, and parameters by 47%.
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1. Introduction

Distance learning or online education has,
without a doubt, become increasingly popular over
the years. More than 6 million students in the USA
took at least one online course [1]. Online education,
like massive open online courses (MOOC), enables
educational institutions to operate more cheaply and
to reach more students. These online classes allowed
campus-based students to further their education,
which sparked the localization of online courses and
e-learning settings [2]. Observing various student
behaviors during online courses and examinations
makes it possible to evaluate the effectiveness of
distance learning [3]. Finding unusual student
behavior can help in determining how well students
are learning. Speed of detection, accuracy, and model
effectiveness are crucial factors in distance learning
contexts [4]. The integrity of online assessments, or
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the requirement to administer exams using the proper
resources and procedures ,is one of the educational
system's main issues [5]. Universities have used
various proctoring tools to monitor student behavior
during online courses in response to the fast rise in
online distance learning and the necessity to preserve
academic integrity [6].

Incorporating artificial intelligence into E-
learning and leveraging deep learning techniques to
detect students' behaviors during online exams can
provide valuable insights into their learning progress
and improve teaching effectiveness.

Two primary categories of deep learning
algorithms for object detection exist two-stage and
one-stage methods. Two-stage methods, exemplified
by the faster R-CNN [7] family of algorithms,
involve extracting pre-selected boxes from the image
and classifying the targets based on this training.
While these methods offer high accuracy, they tend
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to have longer image processing times. In contrast,
the one-stage approach, represented by the you only
look once (YOLO) series [8] and single shot multi-
box detector (SSD) [9], directly feeds the entire
image into the neural network and promptly provides
output for both object location and classification. One
of the YOLO algorithm family's most recent and
most advanced iteration is the YOLOvV5. Real-time
applications can be met using the YOLOvV5 model's
strong performance and quick detection speed [10].

Researchers have recently explored different
approaches to tackle behavioural detection in
learning environments using the YOLOV5 model. In
the following, we will examine the relevant start of
the art studies categorized based on the methods
employed.

Z. Wang proposed a novel YOLOvV5s network
structure for identifying and evaluating students'
behavior. The method utilizes the default YOLOV5
backbone convolutional layers to extract features
from input images. To address the issue of
background interference, they applied a squeeze-and-
excitation (SE) attention detection mechanism to
reduce the emphasis on irrelevant information during
recognition. The YOLOV5 default feature pyramid
networks (FPN) and path aggregation network (PAN)
structures were also utilized. However, a limitation of
their approach is its reliance on squeeze-and-excite
networks (SE), which only perform channel
weighting.

Additionally, no modifications were suggested
for the feature extraction and feature fusion networks
to reduce computational power and achieve a lighter
model. Our proposed approach employs the
convolutional block attention module (CBAM),
which incorporates both channel and spatial attention
weighting. This enables it to capture spatial and
channel-wise dependencies, making it beneficial for
tasks requiring local and global contextual
information. Furthermore, we have modified the
feature extraction and feature fusion networks,
improving model performance [11].

W. Niu and X. Sun proposed an enhanced skeletal
recognition system based on YOLOV5 for detecting
classroom behavior. The YOLOvV5 detection
algorithm was improved to address the issue of
missed detection by incorporating the coordinate
attention (CA) module into the network. The CA
module decomposes channel attention into one-
dimensional feature encoding and is added after each
CSP module in the backbone to enhance its impact on
the output accuracy. However, this modification
increased the computational effort of the model. To
mitigate this, they modified the CSP module by
removing one convolutional layer to reduce wasted
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resources and improve detection speed. Human
skeleton information was obtained using the
Alphapose framework, and the skeletal data was then
fed into a two-stream adaptive graph convolution
network (2S-AGCN) to recognize various classroom
behaviors accurately. Extensive testing demonstrated
that the proposed bone recognition-based detection
algorithm improved detection accuracy and reduced
the false detection rate, indicating its effectiveness.
However, a drawback of their method was its reliance
on addressing the partial blockage of numerous
human targets, and the inclusion of the skeletal (2S-
AGCN) module resulted in slower inference and
detection times. In our proposed approach, we aimed
to strike a balance between model speed and accuracy
by modifying all parts of the model [12].

Z. Zheng employed deep learning techniques to
detect and recognize student behavior from multiple
perspectives. They introduced an improved detection
model based on YOLOV5, focusing on optimizing the
CBL module by replacing the default LeakyRelLU
activation function with the GELU activation
function. They also utilized the SloU loss function to
expedite the convergence of the prediction box. The
study retained the YOLOVS5 feature pyramid structure
of FPN + PAN for feature fusion and the same
prediction head. According to the experimental
findings, the proposed approach surpassed YOLOV5
by achieving a favorable balance between accuracy
and identification speed. However, a limitation of
their method was its lack of an attention mechanism
to enhance performance. Instead, using GELU
activation and SloU loss function added
computational complexity. In our proposed approach,
we incorporated the convolutional block attention
module (CBAM), which is advantageous for
capturing local and global contextual information.
Furthermore, we modified the feature extraction and
feature  fusion networks, improving model
performance [13].

S. Yang developed a novel student behavior
detection model based on the fundamentals of
YOLOv5. By integrating multiple convolutional
block attention modules (CBAM) between the
feature extraction network and the feature fusion
network of the original YOLOv5 model structure, the
resulting CBAM-YOLOvV5 model was able to
mitigate the influence of background information and
effectively extract robust features related to student
behaviors. According to the experimental results, the
proposed approach demonstrated efficiency and a
solid ability to extract features. The utilization of
CBAM improved the algorithm's capability to
recognize student behaviors. However, a limitation of
their method was its dependence on the number and
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placement of the inserted CBAM modules. Adding
three modules before the feature fusion network
increased the computational load and could
potentially result in the loss of significant feature
information crucial for the feature fusion process. In
our proposed approach, we adopted a single
convolutional block attention module (CBAM) at the
end of the feature fusion network, connected to a
single prediction layer. This modification led to
improved model accuracy and performance [14].

Z. Zhang and D. Ao presented an enhanced
YOLOv5-based deep learning model for detecting
student behavior. In their study, they introduced the
CloU loss function as a replacement for the loU loss
function, addressing the limitation of loU in
predicting the distance between the actual box and the
predicted box when the two boxes do not intersect.
To overcome the issue of significant neuron loss, they
utilized the MetaAcon activation function instead of
the Sigmoid activation function, which improved
generalization and transfer performance. The
experimental results demonstrated that the improved
YOLOvV5 model was more suitable for capturing the
data characteristics of student behavior. However, a
drawback of their approach was its reliance on
utilizing new activation and loss functions, which
increased computational requirements. In our
proposed approach, we modified the feature
extraction, feature fusion, and prediction layers,
resulting in improved model performance while
achieving a lightweight model [15].

J. Wena proposed a model for recognizing
abnormal behavior in an examination room based on
YOLOV5. They significantly improved the YOLOV5
backbone network to reduce the parameters and
computation required during model training. To
achieve this, they replaced the original YOLOV5
backbone network with MobileNetV3-Large, which
allows for more efficient feature extraction by
reducing the number of parameters. Additionally,
they introduced a cascading attention mechanism that
combines spatial and channel attention mechanisms
to enhance the model's ability to extract features
effectively. The model was optimized using a
classification loss and the CloU loss function. The
experimental results demonstrated that the proposed
model achieved favorable detection results for
abnormal behavior in examinees, with metrics such
as precision (P) at 92.53%, mean average precision
(mAP) at 93.52%, and frames per second (fps) at
0.547. The proposed algorithm exhibited higher
accuracy and faster recognition speed than several
classical abnormal behavior detection algorithms.
However, a limitation of their approach was the
reliance on MobileNetV3-Large as the backbone
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network, which, although requiring fewer parameters,
had lower accuracy in detection. In our proposed
approach, we modified the original YOLOvV5
backbone feature extraction networks, addressing
this limitation [16].

There are few pertinent studies on the detection
of student behavior in distance learning environments.
Students' behavior detection algorithms still have
flaws related to the model’s lightness, detection speed,
accuracy, and performance, which should meet
online learning and assessment requirements.
Therefore, motivated by intelligent education, this
paper proposed a lightweight Single Prediction Layer
YOLOvV5 (SPL-YOLOvV5), a student behavior
detection model based on the improved YOLOV5
algorithm. The experiment results have shown that
the revised model can adapt to the data features of
student behavior more successfully. Compared to the
original YOLOv5 model, it has much higher
precision and performance.

The main objective of this article is to improve
the efficiency of the behavioral detection process and
enhance the speed and performance of the detection
model. This will be achieved by focusing on three key
contributions:

1. The feature extraction layers responsible for
generating the feature map related to small object
detection have been appropriately adjusted in the
default network topology of YOLOvV5. This
adjustment reduces the computational power
requirements and the number of parameters and
significantly improves the model's speed.

2. A new adaptation of the model's feature fusion
network topology and prediction head is
implemented, reducing the computational power
requirements and significantly improving the model's
inference time.

(5 » »
» Neck P, Head
P3

\J
BBoxes

Figure. 1 Illustrates the default inference approach used
in YOLOV5
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Figure. 2 Depicts the default framework of the YOLOv5 model

3. Incorporating the CBAM module, an attention
mechanism, at the end of the feature fusion network
amplifies the prominence of the object region within
a complex background, thereby significantly
enhancing the detector's accuracy.

The structure of the article is as follows. The
background and theories are provided in section Il. A
scientific-technical description of the core modules
and proposed methods can be found in section IlI.
Experimental results and analysis can be found in
section IV. concludes and offers suggestions for
future work in section V.

2. Background and theories

Our approach is based on the YOLOvV5 model,
and convolutional block attention module (CBAM).
Subjects will be briefly covered in this section.

2.1 YOLOV5 overview

The YOLOVS5 is the most recent and state-of-the-
art iteration of the You Only Look Once (YOLO)
algorithm family [17]. With its high performance and
quick detection speed, the YOLOvV5 model is up to
the challenge of real-time applications. YOLOv5 can
be divided into three main components: the backbone,
the neck, and the head [18].

The YOLOV5 algorithm is based on the same
principles as its previous versions. It takes an input
layer as its initial step and proceeds with feature
extraction using the (backbone) [19]. The backbone
generates three feature maps, namely. P;, P,, and Ps,
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which have dimensions of (80 x 80), (40 x 40), and
(20 x 20), respectively, and are utilized for detecting
multi scales objects in the image. These feature maps
are created by combining various-sized features and
fusing them via the feature fusion network (neck)
[20].

The prediction head (head) receives these three
features maps and performs bounding-box regression
and confidence calculations using predetermined
prior anchors on each feature map pixel. This
generates an array with multiple dimensions,
including information about the object's class,
confidence level coordinates in the bounding box,
and width and height [21]. The final detection data is
obtained using a non-maximum suppression (NMS)
[19] technique and setting appropriate thresholds to
eliminate unnecessary data from the array. The
conversion of the input image to a bounding box
(BBoxes) is known as the inference process. Fig. 1
illustrates the default inference methodology utilized
in YOLOVS5 [22].

2.1.1. Model structure

The YOLOvV5 network structure is typically
referred to as the neck and backbone. Fig. 2 illustrates
the default framework of the YOLOvV5 model.

A The backbone

The backbone core structure is composed of
several CBS ( Conv + BatchNorm + SiLU )
modules, C3 (CBS*3 + Bottleneck) modules, and
one SPPF (CBS*2 + MaxPool*3) module. While
the SPPF module increases the backbone's
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Figure. 3 The YOLOVS5 feature fusion path

capabilities for feature expression, CBS module aids
C3 module in feature extraction [23]. Fig. 2 shows the
default framework of the YOLOvV5 model.

As a result, the C3 module is the most significant
layer in the YOLOV5 backbone. Cross-stage partial
networks (CSPNet) is where the basic concept of the
C3 module originated [24].

B. The neck

As shown in Fig. 3, YOLOv5 uses the path
aggregation network (PANet) [25] and feature
pyramid network (FPNet) [26] to build multiple
additional feature maps for distinguishing targets of
various scales from the output feature mapo.

While the FPNet module uses a top-down feature
fusion approach to combine combining high level
semantic data with low level semantic data, the
PANet module uses a bottom-up feature fusion
approach to combine low-level semantic information
with high-level semantic information [27].

2.2 Convolutional block attention module

An attention module in computer vision is a kind
of architecture that combines an attention mechanism
to selectively focus on significant features of an
image for a particular purpose.

Convolutional block attention module (CBAM),
an attention module introduced by S. Woo et al. [28],
highlights essential features along the channel and
spatial axes, just like convolutions operations do.
Every convolutional block in deep neural networks
can use this type of attention, explicitly designed for
feed-forward convolutional neural networks. The
channel attention module (CAM) and the spatial
attention module (SAM) are two successive sub-
modules that makeup CBAM.

As can be seen in Fig. 4, CBAM takes as input an
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intermediate feature map (F) and progressively infers
a 1D channel attention map (Mc) and a 2D spatial
attention map (Ms). Equations (2) and (3) can
summarize the entire attention process.

F'=M.(F) ® F )
F'=M;(F) QF' (3)
Where @  represents element-by-element

(element-wise) multiplication. The attention values
are propagated similarly during multiplication,
channel attention values are propagated along the
spatial dimension, and vice versa. The final refined
output is F" [28].

3. Proposed approach

Third-order headings, as in this paragraph, are
discouraged. However, if you must use them, use 11-

point Times New Roman, boldface, initially
capitalized, flush left.
The YOLOv5  Algorithm  demonstrates

impressive performance in object detection tasks.
However, the detection results may not be optimal in
scenarios with numerous multiscale targets.
Therefore, there is a need for further improvement
and customization to address these challenges
specific to our problem. To tackle these issues and
make the algorithm more suitable for our needs,
several questions were raised:

1. The YOLOV5 set three alternative feature
map output sizes and three predictor heads for
detection scenes of varying scales objects. Multiple
convolutions down sampling procedures are required
to obtain the feature map, and prediction process,
which uses a lot of processing power and parameters.

The question: Are all feature maps output and the
multi-prediction heads for high-level different scale
targets required to handle our problem?

2. To improve the detection performance for
objects of various scales, a mix of a top down path
and a bottom up path was included in the YOLOvV5
feature fusion network. The algorithm addresses the
difficulties presented by objects of different sizes in
the detection process by combining these two paths.

The question: Is it possible to design a new
feature fusion network or reorganize the existing
network structure to achieve a dense output feature
map capable of detecting large-scale objects?

3. Usually, there are several objects in the
actual room, including chairs, walls, windows, and
other background surroundings, while looking at the
area of untargeted regions in a picture.
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Figure. 4 CBAM modules architecture

The question: Can we use an attention
mechanism that helps the model better concentrate on
the data from the region of interest (ROI), the
students?

In order to address the three questions above and
to achieve the paper-suggested model (SPL-
YOLOV5), we will do:

The last convolution down-sampling operation
layer, which creates the high-level feature map Cs for
small-scale objects, was removed from the backbone
section of the algorithm in order to make it lighter.
Instead, we only kept the 3th C; and 4" C, feature
maps. Additionally, we decreased the number of
detection layers in the prediction layer component
(head) from the original three to one, which

minimized the convolution down-sampling processes.

Second, bhased on the modification to the
backbone and head sections, we performed the
appropriate adjustments to the feature fusion
network's route (neck) and layers for significant
object detection based on the top-down path (FPN)
and bottom-up path (PAN) feature fusion techniques.

Finally, to enhance the model's attention toward
the regions of interest (ROI) in the students' images,
we incorporated the Convolutional Block Attention
Module (CBAM) between the neck and prediction
networks. This module aids the model in sharpening
its focus on the data that matters in the students' areas,
enhancing the functionality of the entire system.

3.1 Feature map pruning

By default, YOLOV5 generates feature maps of
different sizes to detect objects of varying scales.
This is achieved through consecutive convolution-
downsampling operations and feature fusion
processes. These feature maps capture information
about large, medium, and small objects in the input
data. The findings of the default original YOLOv5s
network's numerical visualization are shown in Table
1.

According to the information presented in Table
1, in the feature extraction network part (Backbone),
the Cs sample layer is indicated by layers 7 and 8; as
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Figure. 5 Model inference diagram after applying the
pruning procedure

observed, the sampling layer takes up a significant
number of parameters.

In the proposed model, we make the architecture
lighter by removing the original Cs feature map of
YOLOv5s. Additionally, the feature fusion network's
output feature maps (P3, P5) and their associated
prediction head are truncated. Fig. 5 illustrates the
modified inference diagram of the proposed model
after applying these pruning steps.

Accordingly, the neck represents the redesigned
feature fusion network, while the head represents the
single prediction layer.

3.2 Modification for feature fusion path

A modified feature fusion path was created based
on prior alteration and clipping. The previous
elimination of the C5 feature map that was done
during feature map pruning leads to removing any
related node and connection. The feature pyramid and
path aggregation networks continue to utilize a top-
down and bottom-up approach to integrate multiscale
features for prediction. This method takes into
account both the bottom layer location data and top
layer semantic data. Fig. 6 depicts the standard
YOLOVS5 feature fusion approach.
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Table 1. The original YOLOV5s network numerical visualization

Connect
From

['1’ 4]
-1
-1

[-1, 14]
-1
-1

[-1, 10]
-1

[17, 20, 23]

number of
modules Parameter
1 3520
18560
18816
73984
115712
295424
625152
1180672
1182720
656896
131584
0
0
361984
33024
0
0
90880
147712
0
296448
590336
0
1182720
26970

N N N N N o R S R e e e SR R

(=)
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Figure. 6 Default YOLOVS5 feature fusion path

Fig. 7 illustrates the proposed model feature
fusion path after modification and clipping.

If we consider, for example, a node P4 in Fig. 1,

Number of

Module
Name
Conv
Conv

C3
Conv
C3
Conv
C3
Conv
C3
SPPF
Conv
Upsample
Concat
C3
Conv
Upsample
Concat
C3
Conv
Concat
C3
Conv
Concat
C3
Yolo.detect
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Module Arguments
[In, Out, kernel]
[3,32,6,2,2]

[32, 64, 3, 2]

[64, 64, 1]

[64, 128, 3, 2]
[128, 128, 2]
[128, 256, 3, 2]
[256, 256, 3]
[256, 512, 3, 2]
[512, 512, 1]
[512, 512, 5]
[512, 256, 1, 1]
[None, 2, 'nearest]
[1]

[512, 256, 1, False]
[256, 128, 1, 1]
[None, 2, 'nearest’]
[1]

[256, 128, 1, False]
[128, 128, 3, 2]

[1]

[256, 256, 1, False]
[256, 256, 3, 2]

[1]

[512, 512, 1, False]
[5, [[10, 13, 186, 30, 33, 23],
[30, 61, 62, 45, 59, 119],
[116, 90, 156, 198, 373,
326]], [128, 256, 512]]

Figure. 7 Proposed model feature fusion path

the two-feature fusion process formed using Egs. (6)
and (7).
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Table 2. The proposed SPL-YOLOV5 network numerical visualization

Module Connect number of Number of Module Name Module Arguments
location From modules Parameter [In, Out, kernel]
0 -1 1 3520 Conv [3,32,6,2,2]
1 il 1 18560 Conv [32, 64, 3, 2]
o 2 il 1 18816 C3 [64, 64, 1]
é 3 il 1 73984 Conv [64, 128, 3, 2]
e 4 -1 2 115712 C3 [128, 128, 2]
@ 5 il 1 295424 Conv [128, 256, 3, 2]
6 -1 3 625152 C3 [256, 256, 3]
7 -1 1 656896 SPPF [256, 512, 5]
8 -1 1 131584 Conv [512, 256, 1, 1]
9 -1 1 0 Upsample [None, 2, 'nearest']
10 [-1, 6] 1 0 Concat [1]
11 -1 1 361984 C3 [512, 256, 1, False]
12 -1 1 33024 Conv [256, 128, 1, 1]
§ 13 -1 1 0 Upsample [None, 2, 'nearest’]
z 14 [-1, 4] 1 0 Concat [1]
15 -1 1 90880 C3 [256, 128, 1, False]
16 -1 1 147712 Conv [128, 128, 3, 2]
17 [-1, 14] 1 0 Concat [1]
18 -1 1 296448 C3 [256, 256, 1, False]
19 -1 1 590336 CBAM [256, 256, 3, 2]
o] 21 [20] 1 7710 Yolo.detect [5, [[116, 90, 156, 198,
S 373, 326]], [128, 256,
* 512]]
Pfd = Conv (‘3:/11—5)_1‘5) (6)
Backbone .
td ) B ¢
Pfut = Conv (Wl-p4- +’W2.R’e51ze(p3)) (7) “ y
Witwa+e o | e Attention
A p' and pgUt in the formula stand for C4 and AL
P4, respectively, whereas pid a top down
intermediate feature map between C4 and P4. Conv I
stands for the convolution process, resize for up- or
down-sampling, W for Weight, and ¢ is a tiny number | ( | Head

to prevent numerical instability, often set at 0.0001.
3.3 Add the attention module

The primary objective of the attention mechanism
is to focus on the input items' crucial areas to gather
essential information. By selectively emphasizing
specific elements, the attention mechanism can
extract important details from large amounts of data
while disregarding irrelevant information. In this
work, the CBAM attention module was incorporated
at the end of the feature fusion network to facilitate
this enhancement. Fig. 8 can express the proposed
altered network in this section.

The results of the proposed SPL-YOLOvV5

International Journal of Intelligent Engineering and Systems, Vol.16, No.5, 2023

BBoxes

Figure. 8 Altered networks of proposed SPL-YOLOvV5

network's numerical visualization are shown in Table
2.

3.4 The grad-CAM model analysis

Gradient-weighted class activation mapping
(Grad-CAM) [29] is one of the explainable artificial
intelligence (XAI) [30] techniques used in CNNs to
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Figure. 10 An image generated using the grad-CAM technique

produce a class-specific heatmap based on a
particular input picture using a trained CNN model.
The suggested SPL-YOLOv5 model detection
transparency is determined using the Grad-CAM
method. By emphasizing the areas of the input picture
that the model concentrates on during the
classification process, this method suggests that the
feature maps created in the final convolution layer
include the spatial information necessary to capture
the visual pattern effectively. This visual pattern
helps the ability to identify across classes. The layers
and extracted features from the trained model are
used to apply the grad-CAM approach. Fig. 9 depicts
the architectural layout of the grad-CAM method
used in this work.

Fig. 10 displays an example of an image produced
using the Grad-CAM technique. Fig. 10.a displays
the input image, whereas Fig. 10.b displays the input
image with an overlay heatmap. The suggested model
contains an attention mechanism that increases the
focus on the goal and decreases the focus on other
items, enhancing the training impact.
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(b)

4. Experimental results and analysis
4.1 Dataset development

Due to the lack of a publicly accessible dataset of
videos taken during actual online tests, an online
exam student behavior dataset was manually created
for this paper. Twenty-four videos with a frame rate
of 15 frames per second were acquired using a
webcam. Images for the dataset were extracted from
recorded videos at predetermined frame intervals;
there are 18,520 labelled images in total in the dataset.
The dataset contains five classes: mobile using, hand
moving, eye moving, mouth opening, and looking
side. Our dataset can be downloaded from:
https://doi.org/10.7910/DVN/WUWRAB.

4.2 Experimental configurations and training
This article utilized a Windows 10 operating

system for the experimental environment, an Intel(R)
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Table 3. Performance of YOLOv5 and YOLOV5-C4 in experiments

Model Parameter | GFLOPs | Inference Time (ms) MAP@0.5 | mMAP@0.5:0.95
YOLOV5 7,033114 16.0 7.3 0.83 0.80
YOLOvV5-C4 2,110454 12.0 4.8 0.85 0.77
0.8 0.7
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Figure. 11. The training mMAP@0.5 and mAP@0.5:0.95 curves
Table 4. Experimental performance of YOLOv5-C4 and SPL-YOLOv5

Model Parameter | GFLOPs | Inference Time (ms) | mAP@0.5 | mAP@0.5:0.95
YOLOvV5-C4 2,110454 12.0 4.8 0.85 0.77
SPL-YOLO5 2,241624 12.2 5.0 0.97 0.93

Core i7 CPU@2.8HZ for the CPU configuration, and
a GeForce GTX 3030Ti graphics card with a video
memory size of 16 GB for computing. The runtime
environment was established using Pytorch a deep
learning framework, and the Python environment.

Before beginning the training process, the dataset
must be categorized and divided into training and
validation components. We divide the dataset as test
10%, valid 20%, and train 70%. We begin training
with 2750 picture patches of entities from four
different classes, starting learning rate of 0.01,
anchor-multiple thresholds of 5.0, SGD momentum
of 0.936, batch size of 16, and epochs of 50. The
weights of the model are enhanced using the Adam
optimizer.

4.3 Evaluation metrics

To assess the effectiveness of the object detection
algorithm, matrices were employed. Commonly used
metrics for evaluating performance include precision
(P), recall (R), average precision (AP), mean average
precision (MAP), the number of parameters, and
floating-point operations per second (FLOPS).

4.4 Experimental results

The original YOLOvV5 and proposed SPL-
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YOLOVS5 are contrasted in this section based on how
well they performed in experiments. All comparisons
are based on parameter, GFLOP, inference time,
MAP@0.5, and mAP@0.5:0.95 metrics.

YOLOV5-C4 is a new algorithm generated by
pruning the feature extraction layers and
corresponding maodification on the nick and head
layers of the original YOLOvV5 model. Table 3
compares the experimental performance of the
original YOLOv5 and the proposed YOLOv5-C4
models.

As a result of this modification, mAP@0.5 has
gone up by 0.03, while mAP@0.5:0.95 has gone
down by 0.03, the Parameters and GFLOPs have
decreased, and inference time has gone down.
According to the results, removing the high-level
feature map can significantly enhance the model's
performance, even though the detection accuracy
may be slightly impacted. Fig. 11 displays the
MAP@0.5 and mAP@0.5:0.95 curves on the dataset
using the proposed YOLOvV5-C4 model.

The results indicate an improvement in the
MAP@0.5 but a little decrease in mAP@0.5:0.95.

An enhanced version of the YOLOv5-C4
algorithm, known as the SPL-YOLOvV5 algorithm,
was created by adding the CBAM attention module
to the first modification method suggested. This
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Table 5. The outcomes of the proposed SPL-YOLOv5 model
Class Name Precision mAP@0.5 mAP@0.5:0.95
Mobile Use 0.97 0.96 0.93
Hand Move 0.96 0.97 0.94
Eye Movement 0.95 0.98 0.92
Side_Watching 0.98 0.97 0.95
Mouth_Open 0.97 0.98 0.94
Average for all categories 0.96 0.97 0.93

Table 6. Contrasting the addition of various modules before and after

Model Parameter GFLOPs Inference mAP@0.5 mAP@0.5:
Time(ms) 0.95
YOLOv5 7,033,114 16.0 7.3 0.83 0.80
YOLOv5-C4 2,110,454 12.0 4.8 0.85 0.77
SPL-YOLO5 2,241,624 12.2 5.0 0.97 0.93
Improvement 4,791,490 13.3 -2.3 0.14 0.13
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Table 7. Results comparison in different algorithms

Model Parameter GFLOP Inference mMmAP@0.5 MmAP@0.5:0.95
Time(ms)

YOLOv5 7,033114 16.0 7.3 0.83 0.80

Faster R-CNN 41,319661 134.3 16.4 0.75 0.47

SSD-MobileNet 18,950729 35.3 8.5 0.65 0.57

SPL-YOLOv5 2,406232 12.7 5.0 0.97 0.93

(b)
Figure. 14 Some of the visual scenes resulting from the proposed SPL-YOLOV5

approach is slightly more computationally intensive
and has few more parameters than YOLOv5-C4, but
it dramatically increases the detection accuracy by
0.12 and 0.16 in MAP@0.5 and mAP@0.5:0.95,
respectively. Table 4 compares the experimental
performance of the YOLOv5-C4 and SPL-YOLOvV5
models. This modification shows that adding a more
effective attention mechanism to the algorithm would
be possible and improve its performance.

Fig. 12 displays the mAP@0.5 and
MAP@0.5:0.95 curves on the dataset using the
proposed SPL-YOLOv5 model.

The results indicate a noticeable improvement in
the mAP@0.5 and mAP@0.5:0.95. Fig. 13 depicts
the confusion matrix of the testing dataset using the
proposed SPL-YOLOv5 model.

Table 5 displays the final test result of the
proposed SPL-YOLOv5 model.

The original YOLOV5 and the proposed modified
models are contrasted in Table 6 based on how well
they performed in experiments.

Table 6 shows that SPL-YOLOV5 performs better
at detection than YOLOv5s, with an increase of 1.8
inMAP@0.5and 0.9 in mMAP@0.5:0.95. The fact that
SPL-YOLOVS5 reduces the number of parameters (M)
and FLOPs (G) by 60.3% and 14.5%, respectively,
shows that the algorithm uses fewer processing
resources while boosting detection accuracy. The
model can process more pictures and videos because
the inference time (ms) decreases. So, the total
detection accuracy of the method proposed in this
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paper has increased by 5.6% when compared to the
previous YOLOV5 algorithm. The visual test results
are displayed in Fig. 14.

The test findings show that the upgraded
algorithm used in this research can recognize objects
more accurately than the original YOLOvV5 model.
The algorithm can process features more efficiently
and gather high-level semantic data.

This study compares the algorithm described to
other widely used object detection algorithms to
assess it. All the algorithms were trained using the
same parameters and samples to compare fairly.

The experiment results are listed in Table 7 to
objectively evaluate the algorithm's benefits.

Table 7 results demonstrate that the improved
model (SPL-YOLOV5) described in this dissertation
outperforms the other three algorithms in terms of
parameters, GFLOPs, Inference time, and average
accuracy; this is because attention mechanism and
spatial pyramid pooling modules were included,
along with modifications to the feature extraction,
feature pyramid, and prediction layers. The
algorithm's inference time is 5.0 (ms), and the
average accuracy is 0.97% which is faster and more
accurate than the other selected model, including the
original YOLOV5.

Table 8 contrasts the suggested approach and
different  cutting-edge  methods,  explicitly
emphasizing the modified module in backbone,
attention module used, the inference time per second,
and the mean average precision (mAP) attained by

DOI: 10.22266/ijies2023.1031.41



Received: June 29, 2023. Revised: July 23, 2023.

Table 8. Compared the proposed method with other state-
of-the-art methods

Ref. Module/ Attention FPS | mAP
Backbone module
used
[11] DarkNet SE 55 0.88
[12] CSP/DarkNet CA 43 0.72
[13] CBL/DarkNet NO 59 0.93
[14] DarkNet. CBAM 58 0.75
[15] Meta/DarkNet NO 55 0.95
[16] MobileNetV3 NO 47 0.92
Our Proposed CBAM 62 0.97

each technique.

The results emphasize the exceptional
performance of the suggested approach when
compared to alternative methods, primarily due to its
remarkable capability to achieve both rapid inference
time and accurate detection.

5. Conclusions

This study utilizes an improved YOLOvV5
algorithm to detect abnormal students' behavior in the
distance learning environment. The number of
computational resources required by the original
YOLOvV5 model was significantly reduced, and the
model was made lighter by removing the part of the
feature extraction network responsible for high-level
feature maps for small objects. Also, the model's
feature fusion and prediction layers are modified
accordingly. The model's focus on relevant
information in students' regions was enhanced by
incorporating the CBAM attention module, which
improves the detector's accuracy. The experiments'
findings show that, in comparison to the original
YOLOv5 method, the improved algorithm can
precisely detect a variety of student behaviors with
more accuracy and less computation. Also, the
algorithm suggested in the study exhibits better
performance than other state of arts methods and
other algorithms like faster R-CNN and SSD
concerning mean average precision (mAP) and
inference time. In comparison to the original
YOLOV5, the proposed algorithm demonstrates an
enhancement of 0.14% in mMAP@0.5 and 0.13% in
mAP@0.5:0.95. Additionally, it significantly
reduces the number of parameters by 47%,
computational resources (FLOPs) by 40%, and
inference time by 2.7%.
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