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Abstract
Classroom concentration is an essential manifestation of learners’ engagement in the classroom, and it is a critical factor in

adjusting learning states and optimizing teaching processes. A thorough exploration of the factors that affect classroom

concentration and their effects is of great significance for enhancing it. This study proposes a classroom concentration

recognition model by integrating the two dimensions of emotional and behavioral concentration using computer vision

technology. The model’s effectiveness in recognizing classroom concentration is verified through a comparative experi-

ment with EEG equipment. Based on this model, this study further investigates the impact of teachers’ pointing gestures on

learners’ classroom concentration. The results of ANOVA show that when teachers use pointing gestures, they can improve

learners’ concentration in class in a short time, but this positive effect has boundary effects. Our research results can help

improve teachers’ teaching behaviors and enhance learners’ learning effects to some extent.
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1 Introduction

In the teaching process, concentration is a prerequisite for

effective learning and an essential guarantee for achieving

good learning results. Classroom concentration refers to an

individual’s ability to selectively process pertinent

information while disregarding external distractions amidst

many stimuli [1]. When fully concentrated, learners tend to

demonstrate a stationary state, directing their attention

toward the learning stimuli and persisting in learning

activities to accomplish the desired learning objectives [2].

There is strong evidence that learners have different

learning performances in various states of concentration. In

particular, when in a high-concentration state, students’

motivation to learn is significantly enhanced, thereby

facilitating efficient processing and retention of informa-

tion [3, 4]. Therefore, accurate assessment and effectively

controlling students’ classroom concentration are critical.

1.1 Assessment of learning concentration

Accurately evaluating learning concentration has remained

a pivotal subject in the field of education for a considerable

duration. There are two traditional methods of concentra-

tion assessment: one is by observing learners’ external

behavior (such as body language, facial expression, etc.) to

judge their concentration [5] and the other is by learners’

self-report of concentration state [6], both of which have

certain subjectivity and lag. With technological advance-

ments in data collection, many scholars have explored
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automatic analysis of concentration based on learner data.

A prevalent approach involves the utilization of cameras to

gather nonintrusive explicit behavior data, followed by

extracting pertinent features and identifying concentration

levels through diverse machine learning methodologies

[7, 8]. For instance, Hu et al. [9] proposed a bimodal model

that integrates features from multiple modalities to evaluate

concentration levels. Although this method allows for real-

time and automatic assessment of learners’ concentration,

its effectiveness requires further evidence. In addition, eye

movement data, such as fixation points, duration and count,

saccade trajectory, and other factors, can also be used to

evaluate learners’ attention span, the difficulty of learning

materials, and attention levels [10, 11]. D’Mello et al. [12],

for example, focused on online reading scenarios and used

global and local features, such as overall fixation rate,

fixation duration and count, saccade length, reading time

for words of varying lengths, skipped word count, and

duration of initial fixation, to assess learners’ concentra-

tion. Additionally, analyzing the frequency spectrum of

electroencephalogram (EEG) signals can provide insights

into learners’ concentration levels [13, 14]. Although

methods based on physiological data, such as eye-tracking

and wearable EEG devices, can accurately assess learners’

concentration levels, they often entail significant invest-

ment costs and may impede students’ learning experiences.

Hence, this study aims to combine computer vision tech-

nology and physiological data synergistically, facilitating

the automated evaluation of learners’ concentration levels

without requiring invasive wearable EEG devices.

Accurate classroom concentration assessment can pro-

vide teachers with high-quality feedback, yet our primary

objective is to optimize students’ classroom concentration

to enhance their learning outcomes. Therefore, it is crucial

to identify the factors that influence classroom concentra-

tion. Many studies have shown that teachers’ nonverbal

behavior can promote learners’ learning. Using gestures is

one of the important features of teachers’ nonverbal

behavior in teaching. It can affect learners’ cognitive pro-

cesses, attention allocation, semantic integration, and

social emotions, thus affecting their learning effect

[15, 16]. Therefore, the impact of teachers’ gestures on

learners has received much attention.

1.2 The influence of gestures on learners

Gestures refer to specific actions that occur when a person

uses their arms. In classroom teaching, teachers often use

three kinds of gestures [17]: (a) pointing gestures, which

indicate objects or locations, typically with an extended

finger or hand; (b) descriptive gestures, which describe

semantic content through the shape or movement trajectory

of hands aspects of the shape to literally or metaphorically

evoke a mental image of the shape in the listener’s mind;

and (c) beat gestures, which are simple, up-and-down

rhythmic movements that do not depict semantic content,

but instead align with the prosody or discourse structure of

speech. Numerous studies have demonstrated the positive

impact of teacher gestures on learners’ learning outcomes

[18]. More specifically, gestures serve as a valuable sup-

plement to language information, enhancing learners’

comprehension and memory abilities. In addition, acting as

visual cues, gestures effectively facilitate learners’ under-

standing of intricate concepts and information, concur-

rently fostering heightened concentration and engagement

levels. For example, Pi et al. [19], employed eye movement

tracking technology to capture subjects’ eye movements

while learning tasks. By comparing eye movements and

learning performance under different gesture teaching

conditions, they discovered that both pointing and

descriptive gestures direct learners’ attention toward the

teacher and the learning materials displayed on the screen,

but pointing gestures are better at encouraging learners to

switch their attention between the teacher and learning

materials, while descriptive gestures are better at promot-

ing learners to allocate their attention within the learning

materials, as mentioned above. Research shows that

teachers can use different types of gestures to adjust stu-

dents’ attention allocation during teaching to promote their

learning. EEG studies focusing on gestures have also

revealed a significant correlation between learners’ con-

centration levels and their observation of distinct types of

gestures [20]. Notably, when students observed their tea-

cher’s beat or descriptive gestures, the amplitudes of a and

b oscillations were higher than when they watched pointing

gestures. a and b waves are linked to visuospatial attention

allocation and activation of the sensorimotor cortex [21],

suggesting that learners require the engagement of the

sensorimotor cortex when processing gestures and per-

forming visual spatial attention allocation cognitive tasks.

Extensive research has consistently demonstrated the pos-

itive impact of teacher gestures on learners’ learning out-

comes, although the underlying mechanisms behind the

favorable effects of various gesture types may exhibit

variation. However, some scholars suggest that there may

be a boundary effect on the positive impact of teacher

gestures on learners, especially when gestures are highly

redundant with speech or do not align with the teaching

theme [22, 23]. In such cases, using gestures may not be

beneficial for learning.

Based on the above research, we can infer a certain

correlation between teachers’ gestures and learners’ levels

of concentration. However, the specific relationship still

needs further validation. In order to break through the

teaching black box and reveal the intrinsic connection

between teaching gestures and classroom concentration,
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thereby assisting teachers in regulating learners’ classroom

concentration to promote learning outcomes, we conducted

in-depth research on the correlation between teachers’

pointing gestures and students’ classroom concentration

using computer vision technology. During the research

process, the challenges faced include: first, how to evaluate

the effect of the classroom concentration identification

model. The current classroom concentration identification

method based on computer vision technology obtains the

learner’s explicit behavior data based on the visual model.

Then, it uses the corresponding evaluation indicators and

calculation methods to arrive at the final classroom con-

centration level. In the above methods, the accuracy of the

visual model does not represent the quality of the class-

room concentration recognition model. Second, in actual

classroom teaching, the nonverbal behaviors of teachers are

complex and diverse, which makes it very difficult to

accurately identify between teachers’ pointing gestures and

non-pointing gestures. Finally, based on the above two

works, we explored the impact of teachers’ pointing ges-

tures on learners’ classroom concentration in actual class-

room teaching. The following is a summary of the

contributions of our work:

1. This study proposes a classroom concentration recog-

nition model. It adopts a new model evaluation method

to evaluate the performance of the classroom concen-

tration recognition model from a physiological level.

2. This study reveals the impact of teachers’ pointing

gestures on learners’ classroom concentration, provid-

ing a reference for teachers to improve their teaching

behaviors.

2 Methodology

This section presents the classroom concentration recog-

nition method proposed in this study and the pointing

gesture recognition method based on the ResNet50 neural

network [24].

2.1 Classroom concentration recognition

According to the three-dimensional representation model

[25], classroom concentration consists of three dimensions:

emotional, cognitive, and behavioral. These three dimen-

sions are organically combined but relatively independent.

Emotional concentration refers to students’ emotional

experiences during the learning process; cognitive con-

centration relates to students’ cognitive strategies and self-

monitoring; behavioral concentration mainly refers to stu-

dents’ active learning and interactive learning behaviors. In

these three dimensions, cognitive concentration refers to

internal processes, while only emotional and behavioral

concentration is reflected in visible clues. Therefore, this

research mainly focuses on emotional concentration and

behavioral concentration. In students’ external behaviors,

facial expressions are the most direct way to reflect their

emotional concentration status, while head posture can

reflect their behavioral concentration status. Therefore, as

shown in Fig. 1, the classroom concentration recognition

model mainly includes four steps: face detection, facial

expression recognition, head posture detection, and class-

room concentration calculation. The student’s video data

first identifies the learner’s face information through the

face detection module and obtains the student’s face image

by cropping. Subsequently, all the obtained face images are

input to the head pose detection and facial expression

recognition modules to get each learner’s facial expression

category and head rotation angle. Then, based on the cor-

responding evaluation indicators, the classroom concen-

tration value is calculated. We will cover these steps in

detail in the following sections.

2.1.1 Face detection

Face detection is crucial for subsequent tasks, such as

expression recognition, head pose detection, etc. However,

face detection has many challenges in practical use. First, a

face can appear in various poses, including rotation, tilt,

and pitch. Accurately locating the critical feature points

under these postural changes is challenging, especially in

the non-frontal perspective. Second, the appearance of a

face varies significantly between different ages and gen-

ders. Face detection systems must adapt to these differ-

ences to perform accurate localization in various situations.

Finally, a face’s expression can vary, from smiling to

frowning. Expression changes may lead to changes in the

location of the key feature points, which poses a challenge

for accurate face localization. In response to the above

problems, this study uses RetinaFace [26] to perform face

detection.

RetinaFace has made improvements to address the

above issues. As shown in Fig. 2, the model consists of

three modules: feature pyramid network, context module,

and cascade multitask loss. The feature pyramid network

uses ResNet as the backbone to extract features from C2 to

C5 layers. It generates P2–P6 layer feature pyramids using

top-down and horizontal connections to handle faces of

different scales. Context modules have been added at each

layer of the feature pyramid to increase receptive fields and

enhance context modeling capabilities. A 191 convolu-

tional layer is used to calculate the multitask loss at each

level of the feature pyramid, including face classification,

face box regression, five 2D facial landmark regression,

and 1k 3D vertex regression. To further improve the
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accuracy of face localization, a cascade regression method

is used, where the face box is predicted based on the nor-

mal anchor points first, and then more accurate face boxes

are predicted based on the regression of anchor points. The

calculation method of the loss function is shown in Eq. (1).

L ¼ Lcls pi; p
�
i

� �
þ k1p

�
iLbox ti; t

�
i

� �

þ k2p
�
i Lpts li; l

�
i

� �
þ k3p

�
i Lpixel

ð1Þ

Among them, Lcls pi; p
�
i

� �
is the face classification loss. pi

is the predicted probability that the i-th anchor is a face; p�i
takes the value 1 when the anchor is positive and 0 when

the anchor is negative. Lbox ti; t
�
i

� �
is the face box regres-

sion loss. ti ¼ tx; ty; tw; th
� �

i
,t�i ¼ t�x ; t

�
y ; t

�
w; t

�
h

n o

i
, ti, and t�i

are the coordinates of the predicted face frame and the

actual face box, respectively. Lpts li; l
�
i

� �
is the loss of facial

key points, li ¼ lx1
; ly1

; . . .; lx5
; ly5

� �
i
,

l�i ¼ l�x1
; l�y1

; . . .; l�x5
; l�y5

n o

i
, li and l�i represent the predicted

coordinates of the five facial key points and the five actual

coordinate points of the positive anchor, respectively. Lpixel

is the loss of dense regression. The loss adjustment

parameters k1, k2, and k3 are set to 0.25, 0.1, and 0.01,

respectively, which means that in the supervision signal,

the importance of bounding boxes and key point posi-

tioning is increased, which also reflects the relatively low

importance of loss in the dense task.

2.1.2 Expression recognition

For facial expression recognition, this study uses the

ResMaskingNet facial expression recognition model [27]

and trains it on the FER2013 public dataset [28]. The

model proposes a new masking method to improve the

accuracy of facial expression recognition tasks. It also uses

a segmentation network to refine feature maps, enabling the

model to focus on relevant details and make correct deci-

sions. In addition, the model combines deep residual net-

works and U-Net [29] structures to generate residual

masking networks.

As shown in Fig. 3, the ResMaskingNet first generates

coarse-grained features from the feature map through the

residual layer. Then, it calculates refined features from the

coarse-grained feature map through the mask block.

Finally, it combines the coarse-grained and fine-grained

features to obtain the final feature map. Specifically, given

an input feature map F 2 RC�W�H , firstly, F will pass

through the residual layer R to generate a coarse feature

map FR ¼ RðFÞ, FR 2 RC0�W 0�H0
. Then, the mask module

calculates an activation map FM with values ranging from 0

to 1. Finally, Eq. (2) outputs the refined residual mask

block feature map.

FN ¼ FR þ FR �M FRð Þ ð2Þ

FR is the coarse-grained feature after transformation

through the residual layer, M refers to using mask blocks

Fig. 1 The overall process of

classroom concentration

recognition model

Fig. 2 RetinaFace model structure diagram
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for calculation, and � means calculating by element-wise

multiplication.

2.1.3 Head posture detection

This study used the HopeNet head pose detection model

[30] for the head pose detection task. There are many

problems in the actual use of head posture detection.

Firstly, the data required for the training set is relatively

large, so it is necessary to fit the input data distribution

during training as much as possible. Secondly, the data

distribution is not uniform. Usually, the most data set is the

face facing the camera, while the amount of data for head

up, side face, and head down is relatively small. This sit-

uation makes the model training easily lead to overfitting,

leading to low recognition accuracy in natural scenes. In

addition, using one loss function to target three different

labels leads to poor model convergence. HopeNet has made

improvements to the above problems. First, HopeNet pro-

poses discretizing the regression space and introducing a

classification layer to learn about data distribution to solve

the problem of complex model convergence. In addition,

HopeNet adjusts the effect of different distribution data on

network models by setting three various losses to improve

head pose detection accuracy.

As shown in Fig. 4, the HopeNet model first extracts

image features using the backbone network and then puts

these features into a fully connected layer to obtain a

feature of 66 dimensions.

In this study, we adopt ResNet50 as the backbone net-

work. Each backbone network can be extended to predict

angles with three fully connected layers that share the

network’s previous convolutional layers. Then, the model

divides the 3D angles according to the preset angle inter-

vals to obtain the label of each angle and calculates the

cross-entropy error during the division process. For

example, if the interval is set to 3 degrees, the pitch, yaw,

and roll angles will be divided into 66 intervals, resulting in

labels for each angle. For three angles (yaw, pitch, roll),

HopeNet employs three separate loss functions, each loss

being a combination of binary pose classification and

regression. The loss function calculates the loss for each

angle, consisting of cross-entropy loss and mean squared

error. The weight coefficient is added before the mean

squared error, and different weights can be chosen for

different network models to adjust the loss function. The

specific loss function is shown in the Eq. (3).

L ¼ Hðy; ŷÞ þ a � MSEðy; ŷÞ ð3Þ

L is the loss function, H is the cross-entropy, and MSE is

the mean square error. Cross entropy H is used to control

the angle base point of the classification regression angle,

and mean square error MSE is used to control the expected

adjustment based on the angle base point. y represents the

training results, and ŷ represents the annotated results.

Among them, a is the loss weight factor in the training

model, which is set to a value of 1 in this study.

2.1.4 Classroom concentration calculation

Classroom concentration includes the concentration of

students’ thinking and emotions in the classroom, as well

as their positive and negative behaviors. Therefore, when

calculating classroom concentration, not only students’

emotional concentration but also their behavioral concen-

tration should be considered. Emotional concentration

refers to students’ emotional experiences during learning,

including positive and negative emotions. To obtain the

students’ classroom emotional concentration state through

expression, this article defines a specific description of

classroom expressions and their corresponding evaluation

scores based on relevant research [31], as shown in

Fig. 3 ResMaskingNet model structure diagram
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Table 1. For the calculation of emotional concentration, the

specific calculation formula is shown below:

fs ¼
�3�p1 � 2�p2 � 1�p3 þ 0�p4 þ 1�p5 þ 2�p6 þ 3�p7

0

�

ð4Þ

where pi (1� i� 7, i 2 Z) represents the probability that a

face is recognized as a different expression. Suppose a face

is detected in the face detection stage. In that case, the

expression probability pi of the face is multiplied by the

corresponding expression evaluation score and then added

to obtain its emotional concentration score. If no face is

detected during the face detection stage, the emotional

concentration score is 0. To further facilitate subsequent

calculations and highlight the intuitive meaning, the con-

centration scores based on facial expressions are normal-

ized within the [0–1] range and then expanded to [0–100],

as illustrated in Eq. (5).

f �s ¼ f 0s � minðfsÞ
maxðfsÞ � minðfsÞ

� 100; f 0s 2 fs ð5Þ

f �s is the emotional concentration score after the original

emotional concentration score fs is normalized and exten-

ded to [0, 100].

Behavioral concentration mainly refers to students’

positive and negative learning behaviors. By observing

students’ head posture, we can promptly and effectively

discover whether students focus on teaching content. To

obtain students’ behavioral concentration state through

head posture, this paper refers to previous research [32] and

defines the correspondence between head posture and

Fig. 4 HopeNet model structure diagram

Table 1 Classroom expression and their corresponding weights

Expression category Student expression state description Score

Disgust Eyebrows lowered, corners of mouth down, pouting -3

Angry Eyes wide open, pupils smaller, eyebrows pressed down, nostrils dilated -2

Sad Facial muscles are tight, eyebrows and eyelids are raised, and pupils first become larger and then smaller -1

Fear Facial muscles are tight, eyebrows and eyelids are raised, and pupils first become larger and then smaller 0

Neutral Facial muscles are relaxed, evenly distributed, without significant changes 1

Happy Extend the lips outward and upward, tilt the corners of the mouth upwards, and lift the cheek muscles upwards 2

Surprise Eyes wide open, pupils dilated, upper eyelids and eyebrows raised, mouth wide open 3

Table 2 Concentration level classification of head deflection angle

Pitch Yaw

0�–20� 20�–40� 40�–60� [ 60�

0�–20� v1 v2 v3 v4

20�–40� v2 v2 v3 v4

40�–60� v3 v3 v3 v4

[ 60� v4 v4 v4 v4
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behavioral concentration state. As shown in Table 2, head

rotation’s pitch and yaw angles are divided into four levels:

very serious v1, serious v2, not serious v3, and very not

serious v4.

Based on each student’s emotional concentration score

and their level of head posture deviation, we can calculate

the average classroom concentration at a specific moment.

The specific calculation formula is as follows:

fr ¼
PN

n¼1 f
�
s � a

N
ð6Þ

here N represents the number of faces detected, f �s repre-

sents the emotional concentration of a student, a represents

the weight of the corresponding head posture, and v1, v2,

v3, and v4 represent weight values corresponding to 1, 0.75,

0.5, and 0.25, respectively.

2.2 Teacher pointing gesture recognition

This section introduces a pointing gesture recognition

method based on ResNet50. The method mainly includes

two steps: teacher recognition and pointing gesture recog-

nition. The specific process is shown in Fig. 5.

2.2.1 Teacher recognition

The premise of recognizing teachers’ pointing gestures in

classroom teaching is to identify the teacher objects in each

frame of the classroom video. Through tracking and pho-

tographing two classes in a middle school in Zhejiang

Province for a semester of math classes, we found that

teachers spent most of their time near the podium when

teaching-learning materials. This activity area is reflected

in the video as a rectangular area surrounded by a podium

and blackboard. Therefore, we assume that teachers are

always located near the podium when using pointing ges-

tures to teach. As shown in Fig. 5, we identify the teacher

in the classroom video by leveraging the significant spatial

boundary between the teacher and the students. Specifi-

cally, consider the color attribute of the electronic white-

board. First, convert an RGB image into a grayscale image,

and then set the threshold value to 150 to convert the

grayscale image into a binary image, where contour

detection is performed. Since the electronic whiteboard has

the largest outline area, we can obtain the outline of the

electronic whiteboard through contour detection. After

determining the outline of the electronic whiteboard, we

can obtain the upper left coordinate (Xlt, Ylt) of the

bounding rectangle of the outline and the width Wrect and

height Hrect of the bounding rectangle. To obtain the

Fig. 5 The process of pointing gesture recognition
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coordinates of the four vertices of the bounding rectangular

area enclosed by the podium and the blackboard, we

appropriately amplify the height of the external rectangle.

The formula for calculating the coordinates of the four

vertices of the rectangle in the teacher activity area is as

follows:

X1 ¼ 0

X2 ¼ Wpic

Y1 ¼ Ylt

Y2 ¼ Y1 þ Hrect � 1:3

ð7Þ

where Wpic is the width of the entire image. Within the

rectangular area defined by the four coordinate points(X1,

X2, Y1, Y2), the teacher object can be extracted through

Yolov5 [33].

2.2.2 Pointing gesture recognition

Since hand posture depends on the position of the teacher’s

joints, we use the Mediapipe algorithm to detect human

joints. Specifically, the sequence of teacher images cap-

tured in the teacher activity area is used as input to

Mediapipe to obtain the connection points Si of the char-

acters in the picture. Mediapipe can detect 33 human body

joints, but we only need the hand joints.

Therefore, 11� i� 16, i 2 Z. For the recognition of

pointing gestures, we used ResNet50. During the training

process, we utilized the pretrained weights of the ResNet50

model on the ImageNet dataset. This approach not only

improved the training speed and stability of the model but

also enabled it to achieve good classification results even

when the dataset is relatively small. And for the gesture

classification task, we fine-tuned the ResNet50 model. As

shown in Fig. 5, we replaced the last layer (fully connected

layer) of the ResNet50 model with a new neural network

layer that contains two fully connected layers, a ReLU

activation function, a dropout layer, and a LogSoftmax

layer to make ResNet50 suitable for binary classification

tasks. The datasets used in the training process all come

from real classroom videos and contain two labels: point-

ing gestures and non-pointing gestures. A total of 2183

RGB teacher images were included, of which 1310 were in

the training set, and 873 were in the test set. After 100

rounds of training, the accuracy of the model on the

training and testing sets was 0.8576 and 0.8394,

respectively.

3 Experiment

In this study, we conducted two experiments. One experi-

ment evaluated the effect of the classroom concentration

recognition model, and the other explored the impact of

pointing gestures on students’ classroom concentration. In

this section, we will detail the procedures and results of

these two experiments.

3.1 Evaluation of the effectiveness
of the classroom concentration recognition
model

To evaluate the effectiveness of our proposed classroom

concentration recognition model and ensure the accuracy

of subsequent research, we conducted a comparative

experiment to analyze the correlation between EEG devi-

ces and classroom concentration recognition modes in

monitoring learners’ classroom concentration fluctuations.

The specific experimental process will be detailed in the

following chapters.

3.1.1 Participants

Graduate students (N ¼ 5) from a university in China

participated in this study. They are between 23 and 24

years old (Mage ¼ 23:8, SDage ¼ 0:4). All participants

have normal vision or are corrected to normal. In addition,

no one has a history of neurological diseases. As the sub-

jects will study advanced mathematics, the recruited sub-

jects are from nonmathematical majors. The participants

participated in the experiment voluntarily. Before the

experiment, all the participants signed an informed consent

form and received experimental remuneration after the

experiment.

3.1.2 Measurements

Experimental equipment, Sony HDRCX680 (recording

video of the participant’s class at a frame rate of 25 fps)

and portable head-mounted EEG device (with built-in

Think Gear AM chip [34]), used to collect EEG data of

participants and measure their concentration. Participants

were asked to wear the EEG device to watch a 20-minute

video of an advanced mathematics lesson. To eliminate the

influence of the invasiveness of the EEG equipment on the

participants as much as possible, we conducted five

experiments on the same group of participants. The

teaching video in each experiment explained the ‘‘limit of

the function,’’ but the content was different.
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3.1.3 Data collection and analysis

During the experiment, the classroom concentration of

each participant per second can be obtained through EEG

devices to calculate the average classroom concentration

per second. After each video recording, we sampled the

recorded classroom video second by second and obtained

1200 classroom pictures. These 1200 classroom pictures

are then input into the classroom concentration recognition

model, and the average classroom concentration per second

is obtained based on model analysis.

After the five experiments, we collected five sets of data,

each set of data containing 1200 classroom concentration

values based on model recognition and 1200 classroom

concentration values based on an EEG device. Then, SPSS

26 was used as the data analysis tool to conduct correlation

analysis on these five sets of data. As shown in Table 3, the

Pearson correlation coefficients of the five experiments

were 0.413, 0.401, 0.574, 0.553, and 0.568, indicating that

the classroom concentration values identified by the model

were positively correlated with the classroom concentra-

tion values measured by EEG, and all of them had sig-

nificant statistical effects (p\0:01).

In addition, there are differences between the correlation

coefficients of classroom concentration obtained by the two

measurement methods in the first two experiments and the

correlation coefficients of the last three experiments. The

possible reason is that the invasive data collection of EEG

devices makes learners’ external behaviors and internal

psychological resource input inconsistent. This leads to the

significant differences between the concentration fluctua-

tions monitored by EEG and those analyzed by the model

in the first two experiments. However, with the increase in

the number of experiments, the perception of the subjects

to the portable EEG devices is gradually weakened; that is,

the impact of the invasive data collection on the subjects is

becoming less and less, and their external behaviors and

internal psychological resource input are gradually

consistent. The final correlation coefficient is stable at

about 0.5.

In conclusion, the experiment results demonstrate that

the classroom concentration recognition method proposed

in this study can effectively monitor learners’ concentra-

tion and provide teachers with high-quality feedback.

However, the ultimate goal of this research is to explore the

underlying factors affecting classroom concentration and

provide guidance for improving teaching practices. We

were inspired by current research on teaching behaviors

and conducted an in-depth exploration of teachers’ point-

ing gestures based on the classroom concentration recog-

nition model.

3.2 The impact of pointing gestures
on classroom concentration

In order to reveal the impact of teachers’ pointing gestures

on students’ classroom concentration, we used the class-

room concentration recognition model and pointing gesture

recognition model proposed in this study to conduct in-

depth research on the effect of pointing gestures on class-

room concentration in real classrooms. Before the experi-

ment, drawing upon previous research on classroom

concentration and teachers’ pointing gestures, we put forth

the following hypotheses:

H1: Using pointing gestures in classroom teaching can

improve students’ concentration.

H2: There is a boundary effect in the use of pointing

gestures in the classroom, i.e., the teacher’s excessive use

of pointing gestures in a short time is not conducive to

improving learners’ concentration.

3.2.1 Data collection and analysis

We recorded five eighth-grade mathematics classes in a

middle school in Zhejiang, each lasting 40 min. Then,

using our proposed classroom concentration and gesture

recognition models, we calculated the average classroom

Table 3 Correlation analysis of

two types of classroom

concentration measurement

results

Experiment number Method M SD p Pearson correlation

1 Model 47.14 24.343 \ 0.01 0.413

EEG device 64.81 24.829

2 Model 47.26 24.649 \ 0.01 0.401

EEG device 65.23 25.071

3 Model 47.01 24.794 \ 0.01 0.574

EEG device 66.91 24.213

4 Model 48.23 24.208 \ 0.01 0.553

EEG device 66.89 24.215

5 Model 46.36 24.227 \ 0.01 0.568

EEG device 66.21 23.850
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concentration per minute and the frequency of the teacher’s

pointing gestures. Finally, we used ANOVA in SPSS 26 to

perform variance analyses with the pointing gesture con-

dition as a factor.

3.2.2 Teachers’ use of pointing gestures in the classroom

Regarding teachers’ use of pointing gestures in the class-

room, the statistical results in Fig. 6 show that teachers

used pointing gestures during most of the teaching process,

with their time proportion exceeding 50%, and there is a

significant difference in the use time between pointing and

non-pointing gestures(MD ¼ 9:38, p\0:001). The above

results demonstrate the importance of pointing gestures in

teaching.

3.2.3 The effect of pointing gestures on classroom
concentration

As shown in Fig. 7, the results of ANOVA show that

learners’ classroom concentration is significantly different

(M ¼ 64:02, SD ¼ 3:92, p\0:001) when teachers use

pointing gestures and when they do not. Specifically,

teachers’ use of pointing gestures can significantly enhance

learners’ classroom concentration compared to the absence

of pointing gestures. Therefore, hypothesis H1 is true.

These findings underscore the importance of integrating

pointing gestures into teaching strategies to improve

learners’ classroom concentration.

3.2.4 The effect of different levels of pointing gestures
on classroom concentration

To further explore the influence of teachers’ pointing

gestures on learners’ classroom concentration, we classi-

fied the frequency of teachers’ pointing gestures within one

minute into three levels: low (PG ¼ 0), normal

(0\PG� 3), and high (PG[ 3). The ANOVA analysis in

Fig. 8 and the post hoc test (LSD) results indicated sig-

nificant differences in classroom concentration among the

three levels (F ¼ 62:836, p\0:001).

Specifically, compared to low-level pointing gestures,

both normal-level (MD ¼ 9:38, p\0:001) and high-level

(MD ¼ 16:29, p\0:001) pointing gestures significantly

enhanced students’ classroom concentration. Nevertheless,

the positive effect of high-level pointing gestures on

learners’ classroom concentration was less pronounced

than normal-level pointing gestures (MD ¼ �6:91,

p\0:001). Therefore, hypothesis H2 is true.

Fig. 6 The use of teacher pointing gestures in five classroom videos

Fig. 7 The effect of pointing gestures on classroom concentration

Fig. 8 The effect of different levels of pointing gestures on classroom

concentration
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4 Discussion

4.1 Automatic assessment of classroom
concentration based on computer vision
technology

This study introduces a novel model for recognizing

classroom concentration by leveraging head pose and facial

expression data, which is further validated for its efficacy

through EEG equipment. The experimental results

demonstrate the successful monitoring of classroom con-

centration fluctuations using our method. The human brain

plays a vital role in attention control, influencing individ-

uals’ responses to the external environment and regulating

their behavior [35, 36]. Distinct patterns of neural activity

in specific brain cortical areas manifest when an individual

enters a state of focused attention [37]. These patterns of

neural activity reflect the brain’s processing of particular

stimuli in the environment, including perception and sen-

sitivity to different types of information. During states of

concentration, there is a significant increase in neural

activity in the prefrontal region of the brain’s cortex, which

is crucial for attentional control and executing complex

tasks. Similarly, variations in patterns of neural activity can

indicate levels of human attention and can be used to

evaluate classroom concentration accordingly. These

changes are also reflected in learners’ behavior, including

their head posture and facial expressions. Attentive learn-

ers, for example, demonstrate active listening, maintaining

eye contact with the teacher or the blackboard, and sitting

upright. Their facial expressions may also exhibit signs of

concentration, such as smiling, frowning, or pursed lips

[38]. These manifestations indicate learners’ level of con-

centration and reflect the quality of the new knowledge

they acquire during the learning process [39].

Our classroom concentration assessment model uses

computer vision technology to identify learners’ head

postures and facial expressions, combined with a large

number of brain science research and machine learning

algorithms, to achieve automatic assessment of learners’

classroom concentration. However, it is essential to note

that head posture and facial expressions are only one of the

manifestations of a learner’s concentration state [40, 41].

The learner’s internal concentration state may vary from

person to person, and head posture and facial expressions

cannot fully reflect the learner’s internal concentration

state. Therefore, adopting a comprehensive approach that

integrates multiple assessment methods, such as EEG and

behavioral tasks, can provide a more comprehensive

assessment of learners’ concentration, enabling a more

accurate evaluation of their performance in the learning

process [42]. In future research, we can enhance the

classroom concentration assessment model by incorporat-

ing additional biological signals and behavioral features,

such as heart rate variability and sound analysis, to

improve the accuracy and reliability of concentration

assessment.

4.2 The influence of pointing gestures
on classroom concentration

The present study meticulously investigated the influence

of pointing gestures on students’ classroom concentration.

The outcomes derived from the one-way ANOVA analysis

revealed a substantial enhancement in learners’ classroom

concentration when teachers employed pointing gestures.

Consequently, H1 is corroborated. However, the results of

one-way ANOVA for different levels of pointing gestures

show that pointing gestures have a boundary effect on

improving classroom attention, which is consistent with

H2. Selective attention theory posits that individuals cannot

simultaneously attend to all presented stimuli. Instead, they

selectively focus on specific stimuli of interest while con-

sciously disregarding others [43] proficiently aids learners

in swiftly identifying and processing pertinent materials

exhibited on the blackboard or electronic whiteboard [44].

Pointing gestures effectively mitigate distractions by

directing students’ visual attention toward the instructional

content. Additionally, the teacher’s deliberate incorpora-

tion of pointing gestures cultivates an interactive and

immersive learning environment, thereby encouraging

learners to actively engage in knowledge construction by

allocating their limited cognitive resources. Consequently,

when students observe pointing gestures during classroom

instruction, they display behavioral attentiveness, aug-

menting their overall concentration [45]. However, the

positive impact of teacher gestures on classroom concen-

tration is limited, especially over a short period [46]. Pre-

vious research has indicated that the simultaneous

presentation of different information through speech and

gestures can encourage learners to integrate information

across modalities actively [47]. However, when the infor-

mation in both modalities becomes highly redundant, the

surplus information may impose a cognitive burden on

learners’ working memory. Therefore, it is important to

strike a balance between the use of teaching gestures and

the cognitive load.

For example, in our study, we investigated two teaching

scenarios. In the first scenario, the teacher presents a

question to the students concerning the sum of the interior

angles of a regular hexagon. Simultaneously, the teacher

points to the regular hexagon displayed on the electronic

whiteboard, which shows only one regular hexagon. In the

second scenario, when the teacher explains the proof

principle of unity of triangles to students, he points to the
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angles and sides involved while explaining. In the first

scenario, the teacher’s pointing gestures are completely

superfluous to his words, because the teacher’s words have

already been expressed very clearly. Even without ges-

tures, the regular hexagon is familiar to middle school

students. In the second scenario, the teacher’s pointing

gesture provides crucial information for the students’

visual exploration. The excessive use of pointing gestures

within a brief timeframe is predominantly similar to sce-

nario one and involves repetitive language. Such pointing

gestures that fail to provide meaningful information and

excessively overlap with speech lack the ability to deliver

sufficient external information to learners and overburden

their cognitive resources, ultimately resulting in a decline

in student concentration during class.

5 Conclusion

In conclusion, regulating students’ classroom concentration

is critical in optimizing the teaching process and improving

learning outcomes. This study validated the effectiveness

of the classroom concentration recognition model in rec-

ognizing classroom concentration and investigated the

impact of pointing gestures on students’ classroom con-

centration. Our findings demonstrate that the classroom

concentration recognition model can effectively monitor

the fluctuation of classroom concentration, and pointing

gestures can enhance students’ concentration but have a

boundary effect. While our study provides important

insights into optimizing classroom concentration and

guiding teachers’ behavior, we acknowledge that teachers’

other nonverbal behaviors, such as language, gaze, and

spatial position, may also affect students’ concentration.

Future research should explore these factors better to

understand their impact on students’ classroom

concentration.
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