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Abstract With the rapid development of biosensing technology, the field of ideological and political education has 
also ushered in a new era of intelligent education. This paper proposes a method for evaluating the effectiveness 
of ideological and political education by combining facial expression and behavior recognition of college students. 
First, a student facial expression recognition model based on a deep attention network is proposed. This model 
learns the facial expression features of students, fuses multiple facial expression features, and classifies them. A 
student behavior recognition algorithm based on multi-task learning is proposed, using an object detector to extract 
data from videos as algorithm input. Through a multi-task heatmap network module, intermediate heatmaps are 
extracted and encoded into private heatmaps to obtain student joint position information. Subsequently, behavior 
vectors and metric vectors are introduced to model student classroom behavior separately. The obtained behavior 
states are combined with expression categories, and the two types of data are jointly input into the model for training, 
enabling dynamic evaluation of the effectiveness of ideological and political education for students. Experiments 
show that the evaluation model integrating expressions and behaviors achieves an accuracy rate of 85.44%, 
effectively overcoming evaluation biases caused by single-dimensional features. In practical applications, the model 
achieves an overall evaluation accuracy rate of 94%, comparable to manual detection levels, providing efficient and 
intelligent technical support for ideological and political classroom teaching. 
 
Index Terms deep attention network, expression recognition, behavior recognition, multi-task heatmap network, 
ideological and political education effectiveness evaluation 

I. Introduction 
University ideological and political education is a crucial component of the higher education system, aimed at 
cultivating college students' ideological and moral qualities, innovative thinking, and sense of social responsibility, 
enabling them to adapt to the demands of societal development and contribute to societal progress [1]-[4]. The 
significance of evaluating the effectiveness of ideological and political education lies in identifying issues, addressing 
challenges, enhancing teaching quality, and improving educational standards to provide students with superior 
ideological and political education [5], [6]. 

Currently, evaluations of the effectiveness of ideological and political education often rely on traditional methods 
such as questionnaire surveys and statistical analysis of student grades. These methods have certain limitations 
when it comes to assessing students' ideological and political literacy and moral emotions [7]-[9]. In response to 
this issue, an evaluation method based on biosensing technology has emerged [10], [11]. Biological sensing 
technology is a high-tech field that has emerged through the integration of multiple disciplines such as biology, 
chemistry, physics, medicine, and electronics. It holds significant application value in fields such as biomedicine, 
environmental monitoring, food, pharmaceuticals, and military medicine [12]-[15]. The 21st century is the era of life 
sciences. With the completion of the “Human Genome Project,” the emergence of nanobiotechnology, and 
nanoscale electronic processing technology, both in terms of principles and processing techniques, these 
advancements will bring significant transformations to biosensing technology [16]-[19]. In the evaluation of the 
effectiveness of ideological and political education in universities, by constructing an evaluation model and analyzing 
students' professional abilities and ideological and political literacy, it is possible to more accurately grasp students' 
learning status and the improvement of their ideological and political literacy, providing teachers with more scientific 
teaching guidance and evaluation criteria for students, and offering strong support for educational and teaching 
work [20]-[23]. 
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Literature [24] elaborates on the significance of ideological and political education effectiveness evaluation, 
conducts data collection and analysis based on questionnaire surveys, and uses independent t-tests, multiple 
regression, and chiseling methods to verify hypotheses. Finally, it discusses the content of students' ideological and 
political education learning, commonly used evaluation methods, and students' ideological and political literacy 
levels. Literature [25] uses the analytic hierarchy process to construct multiple evaluation indicators and a recursive 
hierarchical structure model for evaluating the effectiveness of ideological and political education on university 
WeChat official accounts. It uses a two-level evaluation method to determine the weight values of each indicator. 
The research results not only facilitate improvements to university new media education platforms but also provide 
references for enhancing teaching quality. Literature [26] analyzed evaluation methods for university ideological and 
political education and proposed an innovative framework combining outcome-based education with context, input, 
process, and product models, offering new insights and references for evaluating university ideological and political 
education. Literature [27] studied speech recognition and university ideological and political education quality 
assessment based on mobile biosensor networks, demonstrating consistency with previous research and revealing 
the positive role of cellular networks in strengthening ideological and political education for college students. 
Literature [28] discusses the application of biosensor technology in ideological and political education assessment 
and emphasizes the important role of mental health education for students. Based on this, it proposes a student 
evaluation model generated from biosensor data, facial emotion recognition, and electroencephalogram (EEG) 
signals, revealing the effectiveness of biosensor technology in ideological and political education assessment. 
Literature [29] explores the effectiveness of biosensor technology in enhancing the dissemination of health 
information within ideological and political education and employs an improved Runge-Kutta optimizer and deep 
belief network classifier to predict student engagement, revealing the effectiveness of biosensor technology. Student 
physiological responses, particularly heart rate variability and skin conductance, are closely correlated with student 
engagement. Literature [30] aims to establish a bio-sensor-based emotional monitoring and feedback system for 
ideological and political education, proposing a novel “battle royale” fine-tuned deep bidirectional long short-term 
memory to detect students' cognitive and emotional engagement, revealing the system's potential to enhance 
participation in ideological and political education through adaptive feedback mechanisms based on sensor data. 
Literature [31] explores the application of biomechanics-based biosensing technology in psychological analysis to 
enhance the efficiency of ideological and political education. By utilizing multi-core support vector machines to 
assess students' physical strain levels during activities, the study validated the effectiveness of this method, 
demonstrating superior accuracy and precision compared to traditional approaches. Literature [32] aims to provide 
biofeedback on emotions to assess the effectiveness of ideological and political education and ideological 
dissemination. By proposing a new adaptive deep belief network model driven by random fractal search, it predicts 
and evaluates students' emotional and attentional characteristics, revealing that this method outperforms traditional 
methods. 

To overcome the limitations of current ideological and political education effectiveness assessment, which heavily 
relies on one-dimensional data and struggles to objectively quantify student learning outcomes, this paper proposes 
a dual-modal student education effectiveness assessment framework based on biosensing technology. The facial 
expression feature learning module based on a deep attention convolutional neural network extracts students' facial 
expression features, while the attention feature weight allocation module assigns different weights. A softmax 
classifier is used to classify the learned facial expressions. The student behavior recognition algorithm uses 
ideological and political classroom teaching videos as data sources to obtain individual student data. Subsequently, 
a multi-task heatmap network is used to generate shared heatmaps. Then, through DCT and DNN modules, student 
behavior is identified. Both types of data are input into the network, and the hierarchical analysis method is used to 
determine the weights of each type of data. Finally, the feasibility of the ideological and political education 
effectiveness assessment model proposed in this paper is validated through examples. 

II. Assessment of the effectiveness of ideological and political education combining 
facial expressions and behavioral recognition 

II. A. Student facial expression recognition model based on deep attention networks 
II. A. 1) Model Framework 
Given that students' facial expressions are often obscured in ideological and political education classroom settings, 
the loss of facial expression information from obscured areas inevitably affects the learning of facial expression 
features. Additionally, using a single convolutional neural network to learn student facial expression features cannot 
automatically focus on the effective regions of facial expressions, resulting in the inability to obtain effective facial 
expression information. Therefore, this paper proposes a student facial expression recognition model based on a 
deep attention network, with the model structure shown in Figure 1. This facial expression recognition model is 
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primarily divided into four parts: facial expression feature learning, attention feature weight allocation, facial 
expression feature fusion, and facial expression classification. 

First, the point facial images in the classroom teaching video frames are cropped and occluded, and the cropped 
and occluded facial images are divided into five streams along with the original facial images. The facial expression 
features are extracted by the respective branch networks of the student facial expression feature learning module 
based on a deep attention convolutional neural network. Then, through the attention feature weight allocation 
module, different weights are assigned to the features learned by the sub-network based on the self-attention 
mechanism, resulting in new attention weights for each sub-network feature set. Constraint loss functions are added 
to the new attention weights to prevent the occluded path from becoming the sub-network with the highest weight. 
Finally, all branch expression features are integrated through the expression feature fusion module, which combines 
the features and weights from each branch into a global feature representation of the facial expression. The global 
feature representation is the sum of the weighted attention features from each branch, i.e., the final global 
representation of the facial expression. At the end of the network, a softmax classifier [33] is used to classify the 
student's facial expression, thereby completing the construction of the entire model. 
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Figure 1: the student expression recognition model 

II. A. 2) Learning student facial expression features based on deep attention networks 
Due to the high probability of facial obstruction in ideological and political education classrooms, leading to the loss 
of facial expression information, this paper constructs a deep convolutional neural network based on the self-
attention mechanism for learning student facial expression features. To further integrate local facial expression 
features, obstructed facial expression features, and overall facial expression features, this paper constructs five 
branches to extract local features, obstructed features, and overall features, respectively. Each branch network 
consists of five identical convolutional neural networks, with a fully connected layer and activation function at the 
end of the branch network to capture the weights of each branch network. Additionally, a constraint loss function is 
introduced during the optimization of the weights of each branch to further adjust the weights of each branch, 
achieving the fusion of local and overall features and obtaining effective facial expression feature maps. 

First, input a face image into the network, copy it to obtain 
oX , then crop and occlude 

oX  to obtain ~i iX X  is 

obtained. Each image is then input into the same branch convolutional neural network to extract branch-specific 
facial expression features, where 

0 1 4[ , , , ]X F F F   represents the set of facial expression features obtained from 

each branch. The facial expression feature set is input into the feature weight allocation layer, where each image 
feature 

iF  is encoded as a global feature 
iz . Two fully connected layers are used to learn the attention weights 
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for different student facial expression features. The formula for calculating the attention weights for student facial 
expression features is as follows: 

 
2 1( * ( * ))i iq S W R W z  (1) 

where, 
iq   is the weight of each branch's facial expression feature, 

1W   and 
2W   are the weights of the fully 

connected layer, R   is the ReLU activation function, and S   is the Sigmoid activation function. The calculated 
attention weights are multiplied by the features learned through the convolutional neural networks of each branch 
to obtain the optimized global facial expression features. The formula for calculating the global facial expression 
features output by the self-attention mechanism layer is as follows: 

 
0
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1
*

c

m i ic
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F q F
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

 


 (2) 

Among these: 
mF  represents the global facial expression features adjusted via the self-attention mechanism, 

iF  denotes the student facial expression features learned by each branch convolutional neural network, and c  

represents the number of branches. 
The resulting 

mF   is a global facial expression feature that combines local and global information. Facial 

expression features are optimized by a deep attention network to assign different weights to different regions of the 
face, filtering out redundant information and overcoming the impact of face occlusion on facial expression 
recognition. 

 
II. A. 3) Constrained Loss and Label Loss Functions 
In order to further constrain the proportion of occluded images in each branch, this paper improves the max-margin 
function [34] so that the weight of the occluded branch is always less than the maximum weight in each branch. 
The improved constraint loss function formula is as follows: 

 
max1 max(0, )lL margin q q    (3) 

Among these: 
maxq   is the maximum weight of each branch, 

tq   is the weight of the occluded branch, and 

margin  is the threshold. 

During training, the weight distribution mechanism of self-attention for each branch can initially learn the 
importance of each branch in the global features. However, artificial occlusion of facial images inevitably causes the 
image to lose a certain amount of information. Therefore, constraints on the occluded branch are particularly 
important. By further limiting the minimum weight of the occluded branch, the loss of expression information caused 
by artificial occlusion can be compensated for. At the same time, combining classification loss with constraint loss 
optimizes the learned expression features. The classification loss function is as follows: 

 2 ( log (1 ) log(1 ))L y y y y      (4) 

where, y  represents the expected true emotion label, and y  represents the expected predicted emotion label. 

The final constraint loss function is combined with the classification loss function to optimize the emotion 
classification model. The total loss function is optimized as follows: 

 1 2L L L   (5) 

The improved constrained loss function enhances the effectiveness of the self-attention mechanism. Through this 
constrained function, the weights of each branch are further optimized, thereby further optimizing the global facial 
expression feature representation. 

 
II. A. 4) Facial expression recognition of students in classroom teaching videos 
This paper proposes a student facial expression recognition model for classroom videos based on a deep attention 
network. The network architecture combines a deep convolutional neural network with an attention mechanism to 
overcome the impact of occlusion on expression information loss in real-world scenarios, thereby enabling the 
extraction of facial expression features for each student. Compared to conventional deep convolutional neural 
networks, the performance of the entire student classroom expression recognition model has been improved. 
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During network construction, the model first learns student facial expression features through the deep attention 
network; then, by reasonably allocating weights to different regions of student facial expressions, it learns more rich 
and effective facial expression feature representations; finally, a softmax classifier is used at the end of the network 
to classify facial expressions, thereby completing the entire model construction. 

When performing student classroom facial expression recognition, we first extract key frames from classroom 
video data with people present, and then perform operations such as grayscaling and image enhancement on the 
extracted key frames. Next, we perform student face detection and select the face with the largest region of interest. 
Finally, we extract facial expression features from the student's face for prediction, obtain the probabilities of various 
expressions, and select the expression category with the highest probability as the output. 

 
II. B. Student behavior recognition algorithm based on multi-task learning 
II. B. 1) Student Behavior Recognition Algorithm 
The Multi-Task Classroom Behavior Recognition Network (MCBRN) is a classroom behavior detection method 
based on multi-task learning, which combines object detection and pose estimation tasks. 

First, key frames from classroom teaching videos are used as initial input and fed into a body detector (YOLOv3-
SPP) [35] to obtain individual student regions. Next, the Multi-Task Heatmap Network (MTHN) module generates a 
shared heatmap Y  . Each task has a different mapping relationship with the heatmap Y  . 

pBlock   maps Y   to 

keypoints 
1P  and offsets 

1O , 
dBlock  maps Y  to the target center point 

2P , offset 
2O , and width 

hW ; Finally, 

the behavior vector 
pE  and object vector 

oE  are processed through the Det and DNN modules to identify student 

behavior.  
 

II. B. 2) MTHN Module 
The MHTN module maps the input image X  to a shared heat map Y : 

 ( )Y MHTN X  (6) 

Among them, 3H WX R    is the input of the module, where ,H W  represent the height and width of the input, 

respectively, 3 3[0,1]
H W

C
Y

 
  is the output of the module, and C  represents the number of heat map channels. S  

denotes the relative downsampling scale of the heatmap relative to the input. 
This module is based on a feature pyramid network. By progressively downsampling to expand the receptive field, 

high-level semantic features are obtained. MHTN names the feature downsampling layers as 
iConv . The feature 

transformation is shown in Formula (7): 

 ( )i iF Conv X  (7) 

Among them, 27 27 i
H W

C

iF R
 

  represents the feature output of the i th downsampling layer, and 
iC  is the number 

of feature channels in the i th layer. 
After obtaining the transformed features from each sampling layer, the low-resolution high-level semantic features 

are upsampled to high-resolution features using a 1×1 convolution layer 
1 1( )conv 

  and an upsampling 

transformation (2 )Up . During the upsampling process from high-level low-resolution feature maps to high-level 

high-resolution feature maps, lower-level features are continuously fused to enhance information exchange 
between multi-scale features at different scales. First, 

1 1conv 
 is used to compress the number of channels in 

jF , 

[3,5]j  to the same channel depth as 
iF , [2,4]i , then expands the feature resolution using the 2 Up  method, 

and finally adds 
iF  and the transformed 

jF  to form a new feature map. That is: 

 
, 1 12 ( ( ))i j i jF F Up conv F    (8) 

 
55 5F F  (9) 

Before feature fusion, 
,i jF   is sampled to the same scale as the heat map. The features 

3,4 4,5 55, ,F F F   are 

upsampled to 2, 4, and 8 times the size of 
2,3F , respectively. To reduce feature loss during the upsampling process, 

the features after each doubling of the upsampling are combined with the features from the previous layer. Taking 



Construction of a model for evaluating the effectiveness of university ideological and political education based on biosensor technology 

1877 

45F   as an example, first perform 2x upsampling on 
45F  , then add it to 

3,4F  , and finally perform another 2x 

upsampling to obtain a feature map of the same scale as Y . 

 

23 2,3

34 3,4

45 3,4 4,5

55 4,5 5 4,5

23 34 45 55

2 ( )

2 ( 2 ( ))

2 (2 ( 2 ( )) 2 ( ))

( , , , )

U F

U Up F

U Up F Up F

U Up Up F Up F Up F

Y concat U U U U



 

   

      



 (10) 

MHTN overlays the upsampled feature maps of 
,i jF  and outputs a heatmap [0,1]

H W
C

S SY
 

 , where C  is the 

number of channels in the heatmap and S  is the downsampling factor of the output. 
 

II. B. 3) Multi-task heat map processing 
Pose estimation: The purpose of human pose estimation algorithms is to detect the positions of N human keypoints 
in an image, including the nose, ears, shoulders, elbows, wrists, hips, and legs. Using a 

pBlock  composed of 3×3 

convolution, ReLU, and 1×1 convolution, the heatmap Y  is mapped to the keypoint heatmap 
1P  and offset 

1O : 

 
1 1( , ) ( )pP O Block Y  (11) 

Among them, 1

1 [0,1]
H W

C
S SP
 

   and 
1 17C    represent the number of key points on the human body. 

2

1 [0,1]
H W

C
S SO
 

 2 2C   respectively represent the offset values for the width and height of the keypoints. 4S   

denotes the downsampling scale of the heatmap relative to the input. 
Assume that the input X   is composed of pixel points ( , )x y  , and the true labels of the pose keypoints are 

1( , ), [1, ]p px y p C . During the inference stage, the argmax function is used to convert 
1P  into the predicted keypoint 

coordinates ˆ ˆ( , )p px y   with 
1[1, ]p C   converts 

lO   to the predicted keypoint width and height offset distances 

( , )p pw h : 

 
1ˆ ˆ( , ) arg max( )p px y P  (12) 

 
1( , ) arg max( )p pw h O  (13) 

Object detection: For object detection, anchor-free detection algorithms such as CenterNet can directly use 
heatmaps generated from feature maps without discretizing the data using default bounding boxes. The center point 
of an object is directly converted into a two-dimensional Gaussian distribution, and its maximum point is the center 
point of the object. The network maps the heatmap Y   through 

dBlock   to different branches, where 
2P  

represents the center point heatmap, 
2O   represents the bias, and 

hW   represents the width and height of the 

object bounding box: 

 
2 2( , , ) ( )h dP O W Block Y  (14) 

where 3 2

2 2[0,1] [0,1] [0,1, ],
H W H W H W

C C
S S S S S S

hP O W
     

   , where 
3C  denotes the number of target detection categories. 

Assume that the true label of the target center is ( , )d dx y   and the width and height of the target box are 

max min max min( , )d dZ x x y y   , where 
3[1, ]d C , and 

min min max max{ , ), ( , )}x y x y  denotes the true object bounding box 

coordinates. In the inference stage, the argmax function is used to convert 
2P  to the target center coordinates 

ˆ ˆ( , )d dx y  with 
3[1, ]d C converts 

2O  to the center point width and height offset distances ( , )d dw h  and converts 

hW  to the predicted box width and height ˆ ( , )d w hZ E E . 

 
2

2

ˆ ˆ( , ) arg max( )

( , ) arg max( )

( , ) arg max( )

d d

d d

w h h

x y P

w h O

E E W







 (15) 
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Multi-task loss function: During training, the multi-task network simultaneously performs human pose estimation 
and object detection tasks. This paper references the CenterNet network design for the loss function. The loss 
function of the pose network consists of keypoint loss and bias loss, while the object detection network consists of 
object loss, bias loss, and width-height loss 

sizeL . As shown in Equation (16), Gaussian kernels are used to generate 

heatmap labels 
pP  and 

dP  for keypoints and object center points, respectively. 

 

2 2

2

2 2

2

( ) ( )
exp( )

2

( ) ( )
exp( )

2

p p
p

d d
d

x x y y
P

x x y y
P





  
 

  
 

 (16) 

The keypoint loss function is shown in Equation (17), where 
pN  denotes the number of human keypoints. 

 2
1

0

1
( )

pN

pp p
np

L P P
N 

   (17) 

To compensate for the bias caused by data dispersion when calculating the predicted key points, the network 
introduces a bias loss during key point estimation to compensate for this error. Ideally, we want 0opL  . During 

training, given 
( , ) ( , )p p p px y x y

S S

 
  
 

, the model strives to make the predicted bias equal to this value. During the 

testing phase, the predicted keypoint coordinates ˆ ˆ( , )p px y  and the keypoint width and height offsets ( , )p pw h  can 

be obtained, allowing the true keypoint coordinates to be calculated after error correction. 

 
( , ) ( , )1

( , ) ( )p p p p
op p p

p

x y x y
L w h

N s s

 
    

 
  (18) 

The loss function for object detection consists of three parts: heatmap loss 
pdL , offset loss 

odL , and width-height 

loss 
sizeL  . Similar to keypoint detection, during the inference stage, the center point coordinates of the object 

ˆ ˆ( , )d dx y  are obtained, where 
3[1, ]d C  center point width and height offsets ( , )d dw h  , and target box prediction 

width and height ( , )w hE E  . Here, 
dN  represents the object detection category. 

 

2
2

0

1
( )

( , ) ( , )1
( , ) ( )

1 ˆ| |

dN

pd d
n md

d d d d
op d d

d

size d d
d

L P P
N

x y x y
L w h

N s s

L Z Z
N



 

      

 







 (19) 

The total loss L  of the multi-task network is the sum of the pose estimation loss and the object detection loss.  

where   and 1   represent the weights of the two losses, respectively. In the experiment, 0.2   is set. 

 ( ) (1 )( )pp op od size pdL L L L L L        (20) 

II. B. 4) Student Behavior Recognition 
The MCBRN network incorporates six high-engagement actions of students in the classroom into the behavior 
recognition network, including raising hands, listening to lectures, reading books, standing up, leaning on desks, 
and playing with mobile phones. In classroom scenarios, some actions are difficult to distinguish from others based 
solely on posture. For example, listening and reading are hard to differentiate using only keypoint information, but 
if visual information corresponding to books and pens is available, they can be easily separated. This paper employs 
a behavior recognition method combining pose vectors and metric vectors. 

In pose-based recognition, since desks often obstruct students' knees and feet, this paper restricts the keypoints 
used to represent behavior to the trunk, head, and arm regions, totaling 15 valid keypoints, with invalid keypoints 
set to zero. Ultimately, each student is represented by a 30-dimensional behavioral feature vector 

pE . 
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 1 1 2 2 15 15{ , , , ,..., , }

ˆ ˆ( , ) ( , ), [1,15]

p

n n n n n n

E X Y X Y X Y

X Y x w y h n



   
 (21) 

The detected target M   objects detected on the input image X  , represented by the vector { }o mE  , where 

{ , }x yE E  are the center points of the objects, and { , }w hE E  are the width and height of the objects. 

 
{ } { , , , } , [1, ]

ˆ ˆ{ , } { , }

o M x y w h m

x y m d d d d m

E E E E E m M

E E x w y h

 

  
 (22) 

This paper models the distance relationship between key points and objects, calculating the distance vector 
{ }d mE  for each target center point to the key point, where [1,15], [1, ]n m M  . 

 
2 2

{ } { }

( ) ( )

n
d m o m

n
o n x n y

E d

d X E Y E



   
 (23) 

The behavioral feature vector and the metric feature vector are combined to obtain the fusion feature vector 
{ , }pd p d mE E E . The classification module FCS maps the vectors 

pE  and 
pdE  to behavior scores, which are then 

converted into probability distributions using the Softmax function. FCS is a classifier composed of three fully 
connected layers with 128 dimensions and 7 dimensions. The network defines the predicted probability distributions 
of the behavior vector and the combined feature vector as 

pS  and 
pdS , respectively, and defines the product of 

the two as the behavior recognition network score 
finallyS . 

 
finally p pdS S S   (24) 

II. C. Determination of evaluation indicator weights 
This paper collects adult education classroom videos as experimental data, with each video lasting approximately 
10 minutes, in MP4 format, with a resolution of 856×480, a frame rate of 30 frames per second, and 500 classroom 
images obtained. Additionally, the attention evaluation sets 

1 2 3, ,V V V  are each assigned score thresholds 
1 2 3, ,S S S  

of 100, 75, and 60, respectively. First, the weights of the first-level and second-level factors are determined using 
the analytic hierarchy process. Then, the algorithm proposed in this paper is used to identify students' expressions 
and behaviors in college ideological and political education classroom videos. Finally, the students' attention levels 
are calculated and analyzed based on the identification results and the determined weights. 

This paper employs the Analytic Hierarchy Process (AHP) to determine the weights of each factor. This method 
is a research approach that bridges the gap between subjective and objective evaluation, primarily used for 
decision-making involving multiple factors. It clarifies fuzzy concepts to determine the weight coefficients of all 
factors, following these basic steps: 

1) Construct a pairwise comparison judgment matrix: 
The judgment matrix is constructed to quantify the relative importance of indicators at each level in the hierarchical 

structure, typically using a 1-9 scale. The relative importance between each pair of indicators is compared to obtain 
the judgment matrix. 

2) Calculate the initial weight coefficients 
iw : 

 
1

, , 1,2, ,
n

i ij
j

M u i j n


    (25) 

 , 1,2, ,n
i iw M i n    (26) 

Normalize the judgment matrix and calculate the eigenvectors and maximum eigenvalues using the square root 
method: 
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 (27) 
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3) Perform consistency testing on the matrix, calculate the consistency index CI  and the test coefficient CR : 

 max( ) / ( 1)

/

CI n n

CR CI RI

  
 

 (30) 

In this context, n   denotes the order of the judgment matrix, and RI   represents the average random 
consistency index. If 0.1CR   , the judgment matrix is deemed to have satisfactory consistency; otherwise, 

adjustments are made until 0.1CR   is satisfied. 

III. Examples of evaluating the effectiveness of ideological and political education in 
universities 

III. A. Student Behavior Recognition Experiment and Results 
III. A. 1) Experimental Data Set 
Experimental environment: CPU Intel Xeon(R) E5-2640, 8G memory, GPU NVIDIA RTX2070Super, Pytorch deep 
learning framework, and OpenPose open source library. The experimental data sets for model training and 
verification include object detection data sets and behavior recognition data sets, specifically: 

(1) Object detection dataset: To train and test the student location detection model, the occlusion detection dataset 
CityPersons is used. The training set and test set contain 3,000 and 600 images, respectively, each with a resolution 
of 2048×1024, featuring diverse occlusion forms, and providing full-body bounding boxes and visible-part bounding 
boxes for human targets. 

(2) Student Classroom State Dataset: Before practical application, the student state recognition model needs to 
be trained and tested. Since there are currently no standard public datasets available domestically or internationally, 
this paper selected 500 volunteers from X University as the data source. Each student was filmed performing six 
classroom state actions: raising hands, listening to lectures, reading books, standing, leaning on desks, and playing 
with mobile phones. The dataset NEPU was constructed through data annotation. The dataset includes a total of 
5,000 images with a resolution of 1920×1080, divided into a training set and a test set at a ratio of 7:3. 

 
III. A. 2) Experimental Analysis Results 
To ensure the validity of the experimental comparison, five independent random experiments were conducted under 
the same experimental conditions, and the experimental results represent the average recognition accuracy rate of 
multiple experiments. Based on the experimental environment, the epoch was set to 150, and the mini-batch was 
set to 20. Precision and recall are commonly used evaluation metrics in machine learning classification problems. 
Precision refers to the ratio of correctly predicted samples among all samples predicted as 1, while recall refers to 
the ratio of correctly predicted samples among all true samples. The comparison results for precision and recall of 
SVM and the model in this paper are shown in Table 1. 

Table 1: Student behavior recognition statistics indicator 

 
SVM This model 

Recall rate R Precision P Recall rate R Precision P 

Hand up 0.863 0.819 0.941 0.889 

lecture 0.789 0.817 0.881 0.914 

Read a book 0.778 0.817 0.858 0.902 

standing 0.888 0.839 0.955 0.905 

Party table 0.888 0.816 0.924 0.897 

Play phone 0.743 0.839 0.854 0.923 

 
Figures 2 and 3 show the confusion matrices for the recognition of six classroom states using SVM and the model 

proposed in this paper, respectively. It can be clearly seen that for the three behaviors with relatively distinct skeleton 
joint features—“raising hand,” “standing,” and “leaning on the desk”—the recognition accuracy is high, with the 
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highest accuracy achieved for “leaning on the desk,” reaching 91% for SVM and 95% for the model proposed in this 
paper. For the three behaviors—“listening to the lesson,” “reading a book,” and “playing with a phone”—where the 
joint feature distinctions are relatively low, the accuracy is slightly lower. Additionally, the model proposed in this 
paper demonstrates a significant improvement in recognition accuracy for all six states compared to the classic 
machine learning SVM model. 

 

Figure 2: SVM is the confusion matrix of six class status recognition 

 

Figure 3: This paper models the confusion matrix of six class status recognition 

III. B. Student facial expression recognition experiment and analysis of results 
III. B. 1) Introduction to the dataset 
The Fer2013 dataset contains 35,886 facial expression images, each consisting of a grayscale image with a fixed 
size of 48x48. The dataset has seven expression categories: surprise, happiness, disgust, anger, fear, sadness, 
and neutral. This dataset will be used in this paper. 
 
III. B. 2) Analysis of experimental results 
To validate the effectiveness of the model proposed in this paper, experiments were conducted on the same dataset 
and compared with the mini_Xception network, DNNRL, and Tc Net. The experimental results are shown in Table 
2. The results show that the model proposed in this paper achieved the highest experimental accuracy of 74.56%, 
which is the highest among the four models. 

Table 2: Comparison of experimental results accuracy 

Model Accuracy rate/% 

This model 74.56 

mini _Xception 63.51 

DNNRL 71.23 

TcNet 68.46 
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This paper compares the proposed network with other networks on the same dataset, performing training and 
testing separately. After the same number of training iterations, the convergence of the loss for emotion recognition 
is shown in Figure 4. It is evident that the model proposed in this paper converges the fastest, reaching convergence 
after 15 epochs. 

 

Figure 4: The loss convergence of expression recognition 

Figure 5 shows the confusion matrix for the recognition of seven emotions using the model described in this paper. 
It can be clearly seen that the recognition accuracy for the three emotions of “surprise,” “neutral,” and “sadness” is 
relatively high, with ‘sadness’ having the highest recognition accuracy at 75.8%, while the recognition accuracy for 
“fear” is slightly lower at 63%. 

 

Figure 5: This paper models the confusion matrix of seven expression recognition 

III. C. Assessment of the effectiveness of ideological and political education integrating students' 
expressions and behaviors 

III. C. 1) Comparison of assessment accuracy under different weightings 
A method for evaluating the effectiveness of ideological and political education that integrates students' facial 
expressions and behavior involves combining students' facial expressions and behavior to derive a comprehensive 
evaluation value. Therefore, it is necessary to calculate the probability values of positive behavior and positive facial 
expressions, then assign corresponding weights, and finally calculate the comprehensive evaluation value. The 
higher the comprehensive evaluation value, the more obvious the positive feedback in the classroom, and the better 
the overall classroom state; the lower the comprehensive evaluation value, the more obvious the negative feedback 
in the classroom, and the worse the overall classroom state. Since this method requires assigning a set of 
reasonable weight values to students' facial expressions and behaviors for integration, it is necessary to test the 
evaluation performance under multiple different weight combinations. Considering that students' facial expressions 
more intuitively and accurately reflect their emotions compared to their behavioral states, facial expressions should 
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have a stronger dominant role in comprehensive evaluations, resulting in more accurate final evaluation outcomes. 
Therefore, when integrating both for comprehensive assessment, to highlight the dominant role of facial expression 
recognition results in the final assessment outcome, the weighting value for facial expressions should be greater 
than that for behavioral states. During testing, student facial expressions were categorized into seven types, and 
student behaviors into six types. A total of 40 classroom videos were selected as test data, and assessment tests 
were conducted under four different weighting value combinations. Weighting combination 1 assigned a weight of 
0.8 to facial expression recognition and 0.2 to behavioral recognition. Combination 2 assigned equal weights of 0.5 
to both. Combination 3 assigned a weight of 0.6 to facial expression recognition and 0.4 to behavioral recognition. 
Combination 4 assigned weights of 0.55 and 0.45 to facial expression recognition and behavioral recognition, 
respectively. The results of the first 20 test groups are shown in Table 3. 

It can be seen that when a weight of 0.6 is assigned to facial expression recognition results and a weight of 0.4 
is assigned to behavioral recognition results, the recognition accuracy of the method for assessing the effectiveness 
of ideological and political education by integrating students' facial expressions and behaviors is relatively high, 
reaching 85%, which is significantly higher than the facial expression recognition accuracy of the other three weight 
combinations. Therefore, this is determined as the final weight allocation strategy. 

Table 3: The evaluation of the thought of political education under different weights 

Video 
number 

The number of 
people identified 

The evaluation grade of 
the education effect 

Classroom evaluation results under different weights 

Exp.weight: 0.8 
Beh.weight: 0.2 

Exp.weight: 0.5 
Beh.weight: 0.5 

Exp.weight: 0.6 
Beh.weight: 0.4 

Exp.weight: 
0.55 

Beh.weight: 
0.45 

1 8 A A B A A 

2 4 B A B B B 

3 6 C C C B B 

4 9 A B A A A 

5 7 B C A B A 

6 8 B A B A B 

7 9 B B A B C 

8 7 B B B B B 

9 10 B+ C- B B+ B 

10 12 A+ A+ A+ A+ A 

11 11 A+ A+ A+ A+ A+ 

12 9 C C C C C 

13 10 C B C C B 

14 13 A B B A A 

15 15 A B B A A 

16 11 B+ A+ B+ B+ C+ 

17 8 C B C C C 

18 9 A+ A+ A+ A+ A+ 

19 10 B B A C B 

20 11 B B C B C 

Acc/% / / 50% 60% 85% 60% 

 
III. C. 2) Comparative evaluation experiments under different evaluation methods 
Based on the weighting strategy for allocating values in the intelligent assessment algorithm that integrates student 
facial expressions and behavior, as determined by the above experiments, 100 classroom videos were selected as 
test data. These 100 test videos were divided into 10 groups, with 10 test videos in each group. Experiments were 
conducted to compare the three assessment methods: student facial expressions, student behavior, and the 
integration of student facial expressions and behavior, on the 10 groups of classroom video data. When conducting 
assessments based on students' classroom facial expressions and classroom behaviors, the number of students 
exhibiting positive expressions and positive behaviors was obtained, and the ratio of this value to the total number 
of identified students was calculated. Finally, this ratio was compared with the threshold for grade determination in 
the intelligent assessment algorithm that integrates students' facial expressions and behaviors to complete the 
assessment state mapping, ensuring consistency in the grading criteria. The experimental results are shown in 
Table 4. It can be seen that the accuracy rate of classroom assessment based solely on expressions was 60.09%, 
the average accuracy rate of classroom assessment based on behavior was 57.63%, and the average accuracy 
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rate of the intelligent assessment method combining students' expressions and behavior reached 85.44%, 
significantly higher than the other two methods. 

Table 4: Comparison of evaluation accuracy under different evaluation methods 

Video number 
Based on expression evaluation 

accuracy/% 
Behavior based evaluation 

accuracy/% 
The evaluation accuracy of the student's 

expression and behavior/% 

1 58.9 58.4 85.6 

2 59.4 56.6 89.7 

3 61.5 59.9 86.4 

4 62.6 65.4 86.9 

5 68.4 56.8 87.8 

6 54.3 52.6 88.9 

7 55.6 53.4 79.8 

8 54.9 51.8 82.3 

9 61.5 66.1 85.4 

10 63.8 55.3 81.6 

Average 
accuracy/% 

60.09 57.63 85.44 

 

IV. Analysis of the effectiveness of the application of the ideological and political 
education effectiveness assessment model 

IV. A. Experimental Design 
To further validate the accuracy and practicality of attention evaluation teaching methods in actual classroom 
teaching processes, and to explore the potential shortcomings of traditional attention evaluation teaching methods, 
this study employs an accurate experimental method to conduct classroom teaching experiments. This paper 
selects a university social studies course as the research object, as university education serves as a crucial 
foundational stage in students' academic careers, and the university stage is a period when attention spans are 
most unstable. Therefore, studying students' attention levels during this stage holds significant practical value. 

The primary research subject of this study is a university-level social science course. By incorporating attention 
evaluation methods into teaching, teachers can obtain more emotional information about students, thereby gaining 
insight into their attention levels and learning states. Through analyzing students' learning states, teachers can 
understand their current learning conditions and promote their healthy development. 

Before the experiment, the testing equipment must be checked to ensure the model is functioning normally. During 
the experiment, teachers should not interfere with students' normal learning habits to ensure their learning states 
remain stable. After completing the experiment, the reliability of the attention evaluation model should be analyzed 
to study its effectiveness. 

 
IV. B. Analysis of experimental results 
This research method comprehensively evaluates the quality of students' learning in ideological and political 
education classrooms by combining behavioral posture and facial expression recognition to analyze the overall 
teaching quality, calculating the students' attention level, participation level, and confusion level during ideological 
and political education classroom learning. To enable teachers to intuitively understand the teaching situation in 
ideological and political education classrooms, the model visually represents the results in graphical form. If the 
model indicates that students' attention levels, participation levels, and confusion levels are relatively low during the 
learning process in ideological and political education classrooms, this suggests that current learning efficiency is 
suboptimal, necessitating adjustments to teaching strategies, improvements to teaching content, and 
enhancements to teaching quality. 

To validate the accuracy of the model for assessing the effectiveness of ideological and political education for 
students, structured observation methods were used to statistically analyze students' attention levels during each 
time segment by reviewing classroom learning videos. The analysis determined students' attention levels, 
participation levels, and confusion levels at each time point. The actual statistical results were compared with the 
model's detection results to verify the accuracy of the model's evaluations. This study selected students' learning 
situations within a 20-minute period for comparison, recording their learning situations every minute, and finally 
compared and analyzed the differences between the attention evaluation detection model and the actual teaching 
effectiveness. Through experimental analysis, it was found that students' attention was primarily focused on the 
initial stage of the course, and as time progressed, their learning state exhibited a trend of first increasing and then 
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gradually decreasing. Therefore, teachers need to continuously adjust strategies to enhance student interest and 
improve teaching quality. Figures 6, 7, and 8 show the comparison results of student attention levels, student 
participation levels, and student confusion levels, respectively. 

After class, in-depth discussions were conducted with instructors and students through interviews to 
comprehensively analyze the accuracy of the student ideological and political education effectiveness assessment 
model. Through interviews with instructors, it was found that instructors compared the results of the student 
ideological and political education effectiveness assessment with students' ideological and political stage exam 
scores. The analysis revealed that the student ideological and political education effectiveness assessment model 
has good predictive value for students' academic performance, with high accuracy in identification results and 
significant practical application value. Through interviews with students, it was found that students who watched 
video replays after class believed that the evaluation results of the model align with their learning state at the time 
and have high accuracy. Finally, both teachers and students agreed that the model is simple to operate, convenient 
to use, and has high accuracy, playing a positive role in promoting classroom teaching. 

The experimental results showed that the method used in this study was consistent with manual statistical results. 
After comprehensive calculation, the accuracy rate of the student ideological and political education effectiveness 
assessment model was 94%. This demonstrates that the student ideological and political education effectiveness 
assessment method can effectively monitor students' classroom learning behavior, serving as an excellent formative 
assessment method. It enables teachers to fully grasp classroom teaching content and student learning status, 
thereby enhancing teaching quality while achieving significant application value for classroom instruction. 

 

Figure 6: The degree of attention of the students was compared 

 

Figure 7: The results of the participation of the students 
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Figure 8: The students were puzzled by the degree of doubt 

V. Conclusion 
This paper employs biosensing technology to identify data from both the facial expressions and behaviors of college 
students, thereby evaluating the effectiveness of ideological and political education for college students. 

The average accuracy rate of the intelligent teaching effectiveness evaluation method proposed in this paper, 
which integrates the facial expressions and behaviors of college students in ideological and political education 
classrooms, reached 85.44%, which is higher than that of evaluation methods that only input a single type of student 
data. Compared to methods that assess the effectiveness of ideological and political education classes based solely 
on facial expressions or behavior, the accuracy rate of this method has improved by more than 20%. This method 
can more comprehensively and objectively assess the effectiveness of students' ideological and political learning 
based on their facial expressions and behavioral states, avoiding the shortcomings of incomplete assessment 
results caused by inputting data from a single feature dimension. It is more meaningful for teachers to assess the 
effectiveness of ideological and political education classes. 

The university ideological and political education effectiveness assessment model constructed in this paper, which 
integrates behavior recognition and facial expression recognition, was used to detect students' attention levels, 
participation levels, and confusion levels in ideological and political education classrooms. Through specific 
applications, it was found that the ideological and political education effectiveness assessment model designed in 
this paper can effectively monitor students' learning outcomes in ideological and political education classrooms. 
Over time, students' learning states exhibit a trend of first increasing and then decreasing, which aligns with actual 
student learning states. The accuracy of the evaluation of educational outcomes using the method proposed in this 
paper reached 94%, which is nearly identical to the accuracy rate of manual detection. This indicates that the student 
ideological and political education effectiveness evaluation method proposed in this paper can promptly provide 
teachers with comprehensive information about classroom teaching, enabling teachers to adjust their teaching 
strategies in a timely manner and thereby helping students achieve better learning outcomes. 
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