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In recent years, there has been an increasing interest in using machine learning methods to improve deep
learning-based classroom abnormal behaviour detection tasks, and the theory of fractional order calculus is
beginning to be used to enhance the model’s ability to describe the features of the data. In this paper, we propose
a classroom abnormal behaviour detection method based on fractional order calculus for YOLOv5 to monitor
and analyse students’ classroom behaviour immediately. A fractional order coordinate attention mechanism is
designed in the YOLOv5 feature learning stage to capture the long-range relationship of features in combination
with position information, while a hybrid convolutional layer is introduced to achieve computational lightness,
and finally an improved loss function is used for training to improve the detection accuracy robustness. In this
paper, we use the improved YOLOv5 model based on fractional order differentiation for classroom abnormal
behaviour detection. It is experimentally shown that the method proposed in this paper achieves significant
performance improvement in classroom behaviour detection, with 5.4 Spf improvement in detection speed and
4.1% improvement in classroom abnormal behaviour accuracy, which is highly observable and provides more
targeted intervention and management tools for the education industry.
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1. Introduction

In the current education field, the use of computer vi-
sion and deep learning techniques to detect abnormal be-
haviours in the classroom is gradually becoming a popular
research direction [1–3]. In this study, an efficient and ac-
curate classroom abnormal behaviour detection model is
designed and implemented, which can monitor and anal-
yse various behaviours of students in the classroom im-
mediately, including but not limited to inattention, mobile
phone use, dozing, and so on [4, 5]. The accurate detection
and identification of these abnormal behaviours is of great
importance for teachers to carry out effective classroom
management and promote students’ learning effectiveness
[6, 7].

Classroom abnormal behaviour detection belongs to the
target detection sub-task, in past work literature [8] is based

on face recognition and assesses the teaching and learning
situation through expression information, this method has
low accuracy in complex scenarios. Recent deep learning
based behaviour detection models use the feature learn-
ing advantage of convolutional networks to learn target
semantic information to help improve the observability of
the model [9].Secondly, a hybrid convolutional layer is in-
troduced to achieve computational lightness and reduce
arithmetic complexity, the latest research selects the kernel
dwell or feature dwell process by considering the amount
of data, reduces the memory access required for storing
and loading the partial summation reduces arithmetic com-
plexity, improves the model detection speed, followed by
model training using an improved loss function, and finally
completes the detection frame optimisation to enhance the
observability of the results [10, 11].
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2. Methods

YOLOv5 Classroom Abnormal Behavior Detection [12–14].
YOLOv5 is a single-stage target detection algorithm that
achieves real-time detection by constructing the detection
problem as a regression problem [15]. The model uses
feature maps of different sizes to predict objects of different
sizes, thus enabling multi-scale detection [16]. Its network
structure mainly consists of a series of convolutional layers,
a batch normalisation layer and a Leaky ReLU activation
function [17]. The classroom abnormal behaviour detection
model based on YOLOv5 contains three main parts: feature
learning module, behaviour recognition and visual display.
Among them, the core components in the feature learning
module contain the backbone network, the neck network
layer and the head output layer.

The schematic structure is shown in Fig. 1. The dotted
line on the left is the backbone network, whose role is to
extract features from the input image and generate feature
maps. Cnov(Convolution) in Backbone is the standard
convolution, C3(Cross Stage Partial Network) is the con-
volution module, and SPPF is the spatial pyramid pooling
operation [18, 19]. The dotted part in the middle is the Neck
network, which serves to fuse and reorganise the features
of the image using the combined bottom-up and top-down
feature fusion to improve the detection. UpSample in the
Neck network is the upsampling and Concat is the splicing
operation. The function of the final Head as the output
layer is to predict and classify the bounding box of the
input image, and deal with the redundant bounding box
by Non-Maximum Suppression (NMS) [20, 21], and finally
output the predicted category with the highest confidence
level and return the corresponding bounding box coordi-
nates. This process ensures the accuracy of the model in
localising and classifying the target objects.

2.1. Coordinate Attention Mechanisms Based on Frac-
tional Order Differentials

Fractional Order Differential Based Detection of Abnor-
mal Behaviour in YOLOv5 Classroom. This subsection
improves the model network structure and training by
designing a fractional order based coordinate attention
mechanism, optimising the loss function, and introducing
a lightweight convolution, as well as optimising the de-
tection frame to improve the detection performance of the
model.

2.1.1. Coordinate Attention Mechanism

In order to make the model more focused on learning to
effective feature regions, ensure the utilisation of comput-
ing resources, and improve the detection accuracy of the

model in complex scenes, an efficient Coordinate Attention
(CA) mechanism [22] has been proposed and has been ap-
plied to the backbone network of some models in recent
work, to enhance the target by improving the effectiveness
of the feature learning detection model performance.The
CA attention mechanism embeds location information on
top of the channel attention and is able to capture long-
range dependencies to further enhance the detection ef-
fectiveness. By introducing location information, the CA
attention mechanism can help the model better understand
the relationship between features at different locations and
focus attention on important regions. This mechanism is
particularly important for dealing with the task of target
detection in complex scenes, where a large amount of in-
terfering information may exist and the model needs to be
able to accurately locate and identify the target.

2.1.2. Fractional Order Coordinate Attention Mechanism

The structure of the FCA attention mechanism is shown
in Fig. 2. The input feature maps of size H × W × C are
globally average pooled in spatial dimension by coordinate
information embedding operation and coordinate genera-
tion operation.

The pooling kernel size used in the horizontal direction
is H× 1, and the pooling kernel size in the vertical direction
is 1 × W. The feature maps X and Y in the horizontal and
vertical directions are obtained as H × 1 × C, respectively,
where C is the number of channels, H is the width, and W is
the height, and C/r × 1 × (W + H) denotes the weighting
formulae Output features are computed in the manner
shown in Eqs. (1) and (2).

Zh
c (h) =

1
W

W

∑
i=0

xc(h, i) (1)

Zw
c (w) =

1
H

H

∑
j=0

xc(j, w) (2)

where Zh
c (h) and Zw

c (w) are the results of global average
pooling in horizontal and vertical directions, respectively,
and xc is the input feature vector.

After generating the two feature maps X and Y a splicing
operation is performed, which is downscaled by a 1 ×
1 convolution kernel, immediately followed by a batch
normalisation layer to obtain the feature map f , computed
as shown in Eq. (3).

f = σ
(

F1

([
zh, zw

]))
(3)

where the feature map f is of size C/r × 1 × (W + H).
where F 1 is the batch normalisation result. gh and gw are
the attention weights in the spatial dimension, respectively.
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Fig. 1. YOLOv5 Structure.

Fig. 2. FCA attention.

The feature graph decomposition of f in the spatial dimen-
sion is performed to decompose two feature graphs, fh and
fw. Next, the similarity is converted into attention weights
using the node function that plays a role between similarity
computation and weighted combination. softmax function
helps to ensure that the attention weights are normalised to
correctly represent the importance of the different input el-
ements so that the associations between the input elements

are captured efficiently and appropriate attention weights
are generated. Where the horizontal attention weight gh

and vertical attention weight gw are the attention weights
generated via the coordinate attention module.

The node function Softmax is processed within the im-
proved CA attention network using fractional order differ-
entiation, where softmax = p( f ), which is obtained by first
order derivation of p( f ) :

p′( f ) = p( f )(1 − p( f )) (4)

A 0.5 order derivative of p( f ) is obtained:

D0.3 p (YS) =
1

Γ(0.3)

∫ YS

0

p(1)(t)dt

(YS − t)0.3 (5)

D0.3 p (YS) =
1

Γ(0.3)

∫ YS

0

p(1)(t)dt

(YS − t)0.3 (6)

D0.5 p (YS) =
1

Γ(0.5)

∫ YS

0

p(1)(t)dt

(YS − t)0.5

=
1

Γ(0.5)

∫ YS

0
p (YS) (1 − p (YS)) (YS − t)−0.5 dt

(7)

Similarly, the 1.5 th order derivatives of p( f ) are ob-
tained, respectively:

D0.3 p (YS) =
1

Γ(0.3)

∫ YS

0

p(1)(t)dt

(YS − t)0.3 (8)
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D0.8 p (YS) =
1

Γ(0.8)

∫ YS

0

p(1)(t)dt

(YS − t)0.8 (9)

The Softmax first order differential image of the nodal
function and its 1.5 order differential image are shown in
Fig. 3.

After replacing the integer-order differentiation with
the fractional-order differentiation, the convergence of the
curve tends to become flat, which is caused by the char-
acteristic of the fractional-order differentiation, which no
longer considers the current value singly in the process
of convergence, but builds on the historical information
of the signal computation, describing some nonlinear and
complex features that the function does not have under
the integer-order differentiation, and thus can consider the
complex pixel from multiple perspectives and in a more
stable way. feature probabilities, thus realising the require-
ment of flexible extraction.

Thus the attentional weights for the spatial dimension
can be obtained:

gh = σ
(

Fh

(
f h
))

(10)

gw = σ (Fw ( f w)) (11)

where Fh and Fw are transformation functions that trans-
form the feature map fh and feature map fw into the same
dimension.

Zw
c (w) =

1
H

H

∑
j=0

xc(j, w) (12)

2.2. Improvement of the loss function

YOLOv5 adopts YOLOv5 adopts CIoU [23] as the localisa-
tion loss function. CIoU is based on the distance intersec-
tion and merger ratio based on the addition of the aspect
ratio, the specific formula is shown in Eqs. (13) and (14),
where b and bgt are the centroid of the prediction frame and
the real frame, ρ is the Euclidean distance of the centroid,
α is the weight value, V is the aspect ratio of the detection
frame, wgt and hgt are the width and height, hgt and hgt

are the width and height of the prediction frame. With
the introduction of the weight value and aspect ratio, it is
possible to take into account the differences in the shape of
the target and the importance of different sizes of targets,
thus improving the performance and accuracy of the target
detection algorithm.

LCIoU = LDIoU + αV = 1 − IoU +
ρ2 (b, bgt)

c2 + αV (13)

V =
4

π2 ·
(

arctan
wgt

hgt
− arctan

w
h

)2
(14)

Since CIoU only reflects differences in aspect ratios, it
does not accurately reflect the true difference between the
respective widths of the bounding box lengths and their
confidence levels. This means that in some cases, CIoU
may lead to a certain degree of ambiguity. In this paper,
we use EIoU ( Efficient IoU loss) [24], which is based on
CIoU, and measures the positional matching of the target
detection frames by introducing centroid offset and aspect
ratio offset to accurately measure the degree of positional
matching between the target detection frames and the real
bounding box, to speed up the regression of prediction
frames and to make the regression process pay more atten-
tion to high-quality anchor frames, so as to improve the
regression accuracy of the prediction frame. The EIoU loss
function is calculated as shown in Eq. (15).

LEIoU = 1 − IoU +
ρ2 (b, bgt)

c2 +
ρ2 (w, wgt)

c2
w

+
ρ2 (h, hgt)

c2
h

(15)
where cw and ch are the width and height of the smallest
outer rectangle of the prediction and real boxes.

2.3. Hybrid Convolutional Lightweight Improvement

Due to the network training characteristics, this paper in-
troduces hybrid convolution to achieve model lightweight-
ing and reduce the parameters of the network structure
while maintaining the relatively excellent performance of
the network. The traditional convolution operation intro-
duces a large number of parameters and computational
overheads when dealing with high-dimensional input data,
and each convolution kernel needs to learn a set of weight
parameters for the convolution operation with a channel,
so this channel-by-channel convolution leads to an increase
in the number of parameters, and when the number of
channels of the input data is large, the number of param-
eters grows linearly, which increases the complexity of
the model and the computational overheads. For the tra-
ditional convolution operation, it also introduces a large
number of parameters and computational overheads when
dealing with high-dimensional input data. To solve this
problem, this paper introduces Depthwise Separable Con-
volution(DeepthSepConv), which decomposes the convolu-
tion operation into Depthwise Convolution and Pointwise
Convolution to achieve hybrid Convolution [25, 26].

In order to balance accuracy and speed, GSCnov is in-
troduced [21]. GSConv consists of a hybrid convolution
of a standard convolution, a depth-separated convolution,
and a shuffle operation.
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Fig. 3. Function Image.

Fig. 4. Neck network after joining GSConv.

Fig. 5. Detection image.

GSCnov first downsamples the input and uses deep con-
volution to learn the feature relationships between different
input channels, while point-by-point convolution.Then the
features within each channel are learnt. Finally, the infor-
mation generated by the standard convolution is infiltrated
into the information generated by the depth-separable con-
volution through the Shuffle operation, which interpene-
trates the information to provide a more comprehensive
and enriched feature representation.

However, if all the standard convolutions of the model
are replaced with GSCnov lightweight convolutions, it will
make the network layers deeper, which will increase the
resistance to data flow and may lead to an increase in infer-
ence time. However, by the time the feature map reaches
the Neck stage, the channel dimension is maximal and
the width dimension is minimal, eliminating the need for
further transformations, thus reducing the computational
burden and increasing the inference efficiency of the model.

Meanwhile the feature map has the largest channel dimen-
sion at the Neck stage, and GSConv can better utilise the
relationship between these channels to obtain richer and
more useful features. As shown in Fig. 4, the structure of
the Neck network Neck with the addition of GSCnov is
shown.

2.4. Detection frame optimisation

Due to the specificity of the classroom behaviour detection
application scenario, the density and similarity of the tar-
gets to be detected are high, and the interference is strong,
so the observability of the multi-target detection frame
needs to be improved. Therefore, in the model of the pre-
diction head network to change the detection frame RGB
value, the detection frame detection flexibility on the opti-
misation. According to the nature of this paper, the student
behaviour is divided into three sets, respectively, the posi-
tive set, writing (write), listening (listen); neutral set, drink-
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ing (drink); negative set, distraction (trance), sleep (sleep),
play mobile phone (phone). Different coloured detection
boxes were assigned to the three sets. A green detection
box was assigned to the positive set to represent that the
student was actively participating in the class. The neu-
tral set was given a blue detection box, representing that
the student’s situation was unknown. The negative col-
lection was given a red detection box, which is a warning
that the student is disengaging from the class. Examples
of the detection boxes are shown in Fig. 5, which allows
for quick differentiation of student behaviours in the class-
room based on the colour of the detection box, significantly
improving observability.

3. Results and discussion

Analysis of experimental results. The experiments in this
paper were conducted on a Windows 11 operating sys-
tem with an AMD Ryzen 7 5800H CPU (3.20 GHz) and 16
GB of RAM. The graphics processing unit is an NVIDIA
GeForce RTX 3060 Laptop GPU with 6 GB of video mem-
ory. The compilation language was Python 3.9, combined
with the PyTorch 1.1 deep learning framework for model
construction and training. CUDA version 11.6 was used to
accelerate the deep learning algorithms.

3.1. Data set

The dataset used in this paper is the camera live capture
data, the dataset contains 299 sequences, the target object
abnormal behaviour contains drink (drink), listen to the
class (listen), play mobile phone (phone), sleep (sleep), dis-
traction (trance) and writing (write) six categories. As the
behaviour of trance and listening is extremely similar, in
the data on the monitoring of a posture for a long time an
expression of the students defined as trance, in a certain
period of time the student has the action behaviour is de-
termined as listening, so the network model in addition
to behavioural recognition and expression and demeanor
recognition. In the pre-processing stage, the training set,
validation set and test set are divided in the ratio of 8:1:1.
The labelling is carried out by labelimg software.

3.2. Assessment of indicators

In this paper, the model performance is evaluated using
Mean Average Precision Recall, Precision and mean Av-
erage Precision (mAP) and Frames Per Second (FPS). The
calculation formulas are shown in Eqs. (16) and (17).

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

The P-R curve is a curve drawn with Precision of a
category as the vertical axis and Recall as the horizontal
axis. The area enclosed by the curve and the axis represents
the average precision AP of the defects in the category.
By calculating the AP of the defects in all categories and
averaging them, we can get the average precision mean
value mAP.The calculation formula is shown in Eqs. (18)
and (19). Where P denotes Precision, R denotes Recall,
N denotes the total number of categories, and APi is the
corresponding defect category.

AP =
∫ 1

0
P(R)dR (18)

mAP =
∑N

i=1 APi
N

(19)

3.3. Ablation experiment

In order to verify the effectiveness of the algorithm five sets
of controlled experiments were designed for analysis and
testing. The results of the experiments are shown in Table 1,
Experiment 1 takes no measures for the original YOLOv5,
Experiment 2 adds the FCA attention mechanism, Experi-
ment 3 adds the EIoU, Experiment 4 adds both of the above
two improvements, and Experiment 5 adds the GSCnov
lightweight convolution on the basis of Experiment 4.

From Table 1, it can be seen that the improved algorithm
in this paper has obvious advantages, in terms of average
accuracy Map is improved by 2.9% over the original model,
which is a substantial improvement. In the amount of
computation is reduced by 1.9%, the number of parameters
is reduced by 4.3%, so that the model is more lightweight,
and the detection speed FPS is improved by 4.5.

As shown in Fig. 6, it is a comparison chart of the detec-
tion effect of the intercepted test set, Fig. 6(a) the group of
images is the original YOLOv5, and Fig. 6(b) the group of
images is the improved algorithm of this paper.

It can be seen that the improved model has an obvious
advantage in confidence level. For Fig. 6(a4) the original
network shows misdetection, Fig. 6(b4) the improved net-
work results are improved. In Fig. 6(b6), the improved
network recognises both phone and write, which is con-
sistent with the actual situation. The observability of the
detection frames is also improved, with the negative be-
haviours represented by red, i.e. classroom anomalies, the
neutral behaviours represented by blue, and the positive
behaviours represented by green being more visible and
clearer.

3.4. Comparison experiment

In order to explore the performance of the model continued
to do six sets of comparison experiments, from Table 2 can
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Table 1. Comparative experiments.

Model
AP/%

Drink Listen Phone Sleep Trance Write
YOLOv5s 90.1 68.7 57.3 97.5 84.5 83.2

YOLOv5s+FCA 89.4 78.6 79.3 98.2 69.5 81.8
YOLOv5s+E 86.3 82.8 57.9 98.5 92.0 79.2

YOLOv5s+FCA+E 89.6 79.4 70.2 99.1 72.3 90.5

YOLOv5s+FCA+E+G
90.6 70.7 74.6 98.8 71.1 92.9

↑ 0.5% ↑ 2% ↑ 17.3% ↑ 1.3% ↓ 13.4% ↑ 9.7%

Model
mAP/% Quantity of Computational Detection speed

participants/M volume/GFLOPs / FPS
YOLOv5s 80.2 7.0 15.8 59.8

YOLOv5s+FCA 82.9 7.2 16.0 52.2
YOLOv5s+E 82.8 7.0 15.8 60.2

YOLOv5s+FCA+E 83.5 7.2 16.0 52.1

YOLOv5s+FCA+E+G
83.1 6.7 15.5 65.3

↑ 2.9% ↓ 0.3% ↓ 0.3% ↓ 5.5%

Fig. 6. Comparison of detection images.

Table 2. Performance comparison of mainstream models.

Model
AP/%

mAP FPSDrink Listen Phone Sleep Trance Write
FasterR-CNN 88.9 66.2 71.8 93.1 80.3 90.0 81.7 22.7

SSD 88.7 72.2 60.7 95.3 74.4 82.6 79.0 67.1
YOLOv3 78.5 60.7 55.2 91.4 54.8 81.9 70.4 47.0
YOLOv4 88.8 63.2 52.0 92.5 76.3 86.7 76.6 52.2
YOLOv5s 90.1 68.7 57.3 97.5 84.5 83.2 80.2 59.9

Ours
90.6 70.7 74.6 98.8 71.1 92.9 83.1 65.3

↑ 0.5% ↑ 2% ↑ 17.3% ↑ 1.3% ↓ 13.4% ↑ 9.7% ↑ 2.9% ↑ 5.4%

be seen that the algorithm improved in this paper and the
current mainstream algorithms compared to the more ad-
vantageous in terms of comprehensive performance. Com-
pared to the two-stage algorithm FasterR-CNN [27, 28], the
accuracy is 1.4% ahead, and the detection speed is 42.6%
ahead. compared to the previous generation of YOLOv4
and YOLOv3 [29], the detection speed and accuracy are far
ahead. Compared to another one-stage algorithm SSD [30],
although slightly lower in detection speed, the accuracy is

4.1% ahead, which is more advantageous.

4. Conclusion

In this paper, an improved classroom abnormal behaviour
recognition algorithm based on YOLOv5 is proposed,
firstly, a coordinate attention mechanism based on frac-
tional order is introduced in the backbone network Back-
bone, so that the model pays more attention to the region
of interest and improves the detection accuracy; secondly,
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the EIoU loss function used is put into use for training
optimization, which improves the regression accuracy of
the detection frame, and further improves the detection
accuracy; at the same time, a GSCnov lightweight convolu-
tion replaces the standard convolution in the neck network
to reduce the amount of computation and the number of
parameters, and improve the detection speed; finally, for
the complexity of the application scenarios and the prob-
lem of high similarity and interference of the target to be
detected in the classroom abnormal behaviour detection,
we classify the student’s behaviours into three sets by the
nature of the behaviours, which are the positive set, the
neutral set, and the negative set, respectively, and realise
the observability of the abnormal behaviour detection in
the classroom. Optimisation of classroom abnormal be-
haviour detection. Experiments show that the improved
algorithm in this paper has significant improvement in both
accuracy and speed. In future work, we can continue to ex-
plore the lightweight convolution with more advantageous
performance, try to improve the detection speed without
losing the accuracy, and perhaps change the idea to explore
more suitable data enhancement methods to improve the
detection performance of the model without changing the
premise of the model.
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