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Abstract: Smart education environments combine technologies such as big data, cloud computing, and arti-
ficial intelligence to optimize and personalize the teaching and learning process, thereby improving the
efficiency and quality of education. This article proposes a dual-stream-coded image sentiment analysis method
based on both facial expressions and background actions to monitor and analyze learners’ behaviors in real time.
By integrating human facial expressions and scene backgrounds, the method can effectively address the occlusion
problem in uncontrolled environments. To enhance the accuracy and efficiency of emotion recognition, a multi-
task convolutional network is employed for face extraction, while 3D convolutional neural networks optimize the
extraction process of facial features. Additionally, the adaptive learning screen adjustment system proposed in
this article dynamically adjusts the presentation of learning content to optimize the learning environment and
enhance learning efficiency by monitoring learners’ expressions and reactions in real time. By analyzing the
experimental results on the Emotic dataset, the emotion recognition model in this article shows high accuracy,
especially in the recognition of specific emotion categories. This research significantly contributes to the field of
smart education environments by providing an effective solution for real-time emotion recognition.
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1 Introduction

With the rapid development of information technology, smart education has become an important part
of contemporary education reform. Smart education environments represent an evolution from traditional
educational technologies, distinguished by their integration of cutting-edge technologies such as big data, cloud
computing, and artificial intelligence to create highly adaptive and personalized learning experiences. Unlike
conventional educational methods that often employ a one-size-fits-all approach, smart education leverages real-
time monitoring and analysis of learner behavior to dynamically adjust teaching content and strategies [1]. In a
smart education environment, through real-time monitoring and analysis of learner behavior, the education
system can dynamically adjust the teaching content and strategies to accommodate the learning needs and pre-
ferences of different students [2]. Furthermore, smart education environments are characterized by their ability to
integrate various technological tools and platforms, providing a seamless and interactive learning experience that
extends beyond the physical classroom [3]. By providing a seamless and interactive learning experience that
extends beyond the physical classroom, smart education environments improve the efficiency and quality of
education and foster a more engaging and effective learning environment for students.

* Corresponding author: Liguo Qiu, Department of Information Technology, Hunan College of Information, Changsha, 410200, China,
e-mail: Liguo_Qiu@163.com

Wei Zhao: Department of Information Technology, Hunan College of Information, Changsha, 410200, China,

e-mail: 3347785789@qqg.com

8 Open Access. © 2025 the author(s), published by De Gruyter. This work is licensed under the Creative Commons Attribution 4.0
International License.


https://doi.org/10.1515/jisys-2024-0082
mailto:3347785789@qq.com
mailto:Liguo_Qiu@163.com

2 = WeiZhao and Liguo Qiu DE GRUYTER

Learning screen images mostly belong to computer-generated or synthetic images, and the steps of
traditional image emotion recognition methods are as follows: first, extract the low-level visual features of
the image such as color and its distribution, texture and lines [4], shape and its spatial layout [5], and then use
the training samples to train an image emotion classifier, and then finally, use the trained classifiers to
recognize the emotion and intensity of the image. Because human emotion perception of images comes
from multiple factors, some of which are implicit and difficult to express and extract, the efficiency and
accuracy of traditional image emotion recognition methods are low [6]. Traditional learner expression recog-
nition algorithms mainly include the processes of image preprocessing [7], face detection [8], feature extrac-
tion [9], feature selection [10], and classifier construction [11], and the visual features of facial expressions need
to be explicitly expressed and extracted. This undoubtedly increases the difficulty of recognition and may loss
the key feature information of the original image. With the continuous deepening of research, the convolu-
tional neural network (CNN) has also been proposed by scholars. Relative to the traditional feature extraction
methods, CNNs omit the complex image preprocessing and feature extraction process in the early stage [12], so
that they no longer rely on manually crafted explicit feature extraction methods, which improves the effi-
ciency and accuracy, but also improves the robustness of the recognition algorithm. However, the CNN ResNet
is weak in perceiving the positional relationship between the parts of an image target [13] and is poor at
recognizing side-view expressions. To address the shortcomings of CNNs, in the literature, proposed Capsule
Network (CapsNet), which can extract facial expression features in more depth and evaluate whether the
positional relationships between facial expression features are consistent with the distribution of the features
on the facial expression image was proposed. The E2-capsule neural network for FER, which combines the
VGG16, the VGG16, and the VGG16 with the VGG16 was also proposed. This network increased the attention of
action unit perception to extract key features of facial expressions such as eyes, mouth, and nose. CapsNet,
which uses a shallow small convolutional kernel network layer to reduce the parameters of CapsNet was also
proposed. Although CapsNet and the related methods mentioned earlier have shown their effectiveness in FER,
their accuracy is hindered by the structure of CapsNet.

Despite advancements in smart education technologies, there remain significant gaps in our ability to
optimize and personalize learning experiences [14]. Traditional emotion recognition methods in educational
settings have struggled with low efficiency and accuracy due to their reliance on explicit feature extraction
and the complex nature of human emotion perception [15]. Furthermore, existing neural network approaches
often fail to fully capture the nuances of emotional expression [16], particularly in side-view expressions. To
achieve adaptive interaction at the affective level of intelligent learning environments and to facilitate lear-
ners to learn easily, engagingly, and effectively, this study proposes an image sentiment analysis method based
on dual-stream coding of facial and background actions. This method utilizes multi-task convolutional net-
works (MTCNN), 3D convolutional neural networks (3D-CNN), and improved algorithms to accurately extract
and analyze both facial features and background action information. Additionally, the study involves
designing an adaptive learning screen adjustment system that dynamically adjusts learning content according
to the learner’s emotional responses and visual-emotional preferences, thereby providing a more persona-
lized and engaging learning experience. By leveraging the proposed dual-stream coding approach, this system
can better accommodate the varied emotional states of learners in real time, ensuring that the content delivery
is always optimal for their current needs. Experimental validation conducted on the Emotic dataset demon-
strates that the proposed method significantly enhances the accuracy and robustness of emotion recognition.

2 Neural networks based on dual-stream coding of facial and
background actions
In this article, the overall construction of the proposed algorithmic model will be elaborated in detail, which is

mainly divided into the following parts: face facial extraction and face coding module, background context-
aware coding, attention mechanism, fusion network, and classification.
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2.1 Facial and background action-based dual stream coding network framework

As shown in Figure 1, since the first part of Caps Net, Convl, is shallowly convolved [11], the extracted features
are not sufficient to effectively provide the required semantic information of expressions for the second part,
the deep extraction layer, Primary Caps [17]. As a result, the capability of the second part is not fully utilized,
which leads to a lower capability of the third part, dynamic routing layer dynamic routing [18], to decide the
effective capsule vectors.

PrimaryCaps
i Dynamic i
Image x — DigitCaps
(Conv2D) (Multi group routing
Conv2D)

Figure 1: Caps Net network structure. Source: Created by the authors.

To solve this problem, this article proposes an image sentiment analysis method based on dual-stream
coding of facial and background actions. The MTCNN model offers superior performance in detecting and
aligning facial features due to its hierarchical structure that processes tasks at different scales [19]. This
capability is crucial for accurately capturing the subtle facial expressions of learners in diverse educational
contexts, where variations in lighting, pose, and background can significantly affect recognition accuracy. The
overall architecture of the model, which is designed as a two-channel structure [20], including two feature
coding streams: facial coding and background coding streams. The facial coding part first performs face
cropping on the input frame-level images, after which the processed face images are fed into the facial coding
module, which is based on the 3D-CNN structure [21], and two 2D convolutions are used instead of the original
3D convolution to improve the computational efficiency and obtain the face module features. The background
coding stream first takes the cropped image as an input to another 3D-CNN, after which an attention coding
module is used to find the attentional region of the contextual information in the background image, enabling
the background coding stream to focus on the background context that is more helpful for emotion recogni-
tion, which allows the network to reduce ambiguity and improve the accuracy and robustness of emotion
recognition. Finally, the two parts of the features are fused and fed into a classifier to predict the emotion
category.

The advantage of the dual-stream coding method over traditional single-stream approaches lies in its com-
prehensive analysis capability. While single-stream methods typically focus solely on facial expressions, they often
overlook the context, which can provide essential cues about the emotional state. For example, the same facial
expression may convey different emotions depending on the context. By integrating both facial and background
information, our dual-stream method provides a more nuanced and accurate emotion recognition, particularly in
complex and dynamic learning environments where contextual cues play a significant role.

2.2 Human facial feature extraction

The input image data has to be segmented into face parts separately to obtain a face image before it can be
analyzed by the face coding network; therefore, the face region in the image is extracted first; in this article,
MTCNN is used to extract the face part of the face. This approach not only improves the efficiency and
accuracy, but also reduces the performance loss of the traditional approach of using sliding windows and
classifiers. MTCNN constructs three different network models, P-Net, R-Net, and O-Net, through the idea of
recursive execution, which makes the face facial detection with higher efficiency and speed. First, the image
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pyramid produced transforms the image input to the input layer at various scales so that it can detect facial
images at different scales. Then, the P-Net network produces a large number of region boxes as candidate
target boxes, and then, the R-Net network carries out the initial fine selection and border reduction of these
candidate region boxes and removes all the negative examples, and then, the O-Net network, which is a more
complex network with higher accuracy, carries out the second discrimination and border reduction of all the
candidate region boxes. The specific construction of the three networks is shown in Figure 2. In this article, we
will utilize the three-layer network of MTCNN for face extraction and cropping and use the face photo as the
input of the subsequent face coding system. This method not only improves the efficiency and accuracy of face
extraction, but also provides a high-quality data base for subsequent sentiment analysis.
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Figure 2: Network architecture of P-Net, R-Net, and O-Net. Source: Created by the authors.

P-Net is an important component in MTCNN, which is a face delineation boundary suggestion network
based on CNN. The network accepts raw image features and processes them through three convolutional
layers, then uses a face classifier to detect and delimit initially conforming face regions through border region
reduction and a face keypoint localizer. This step generates a number of target candidates that may contain
faces, and these candidates are fed into R-Net for subsequent detection.

R-Net is the second layer network in MTCNN face detection, which is used to further process the possible face
regions output from P-Net and filter out the more credible face regions for subsequent O-Net. In the R-Net network,
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the input candidate face regions are selected more carefully, most of the wrong face regions are removed, and the
border reduction and facial keypoint localizer are used again to restore the border and localize the keypoints of the
remaining face candidate regions. Compared with the P-Net network, this layer uses 1 x 1 x 32 features generated by
the full convolutional network and introduces a 128-dimensional fully connected layer after the final convolutional
layer, which is not only more accurate than the P-Net, but also obtains more original image features.

O-Net is the most complex part of MTCNN face detection, which is richer in features, and a 256-dimen-
sional fully connected layer is added at the end of the structure, which also preserves more image features on
the basis of R-Net. O-Net obtains the upper-left and lower-right coordinate values and five feature points of the
face region through the process of detecting the face, restoring the region’s edge, and localizing the key points
of the face: coordinate values and five feature points. Compared with the first layer of P-Net, O-Net not only has
more feature inputs and more complex network structure, but also shows more superior performance.
Therefore, the output of the O-Net network is also used as the output of the MTCNN detection algorithm model.

2.3 3D-CNN convolution

In a normal 2D CNN, the 2D convolution operation takes the local nearest neighbor region on the feature maps
acquired in the previous layer to acquire the feature, subsequently adds an additional bias (bias), and finally
inputs this result to a tanh function[n] (activation function) [22]. The value of the jth feature map of the ith
layer at position (x, y) is shown in the following equation:

P-10-1
+p)(y+
v = tanh|b; + ) ) wif’,?,v((i’ilf%(y v )
m m

where tanh (x) is the activation function, b; is the bias of this feature map, m denotes the set index
of the feature maps of the (i-1)th layer connected to the current feature map, w is the value of the
convolution kernel connected to the kth feature map at the position of (p, q) position, and. are the
height and width of the convolution kernel. In the downsampling layer, the resolution of the feature
maps is reduced by performing pooling operations on the local nearest neighbors of the feature maps in
the previous layer. A CNN is a network structure formed by stacking together such alternations of convolution
and pooling. The parameters of a CNN, e.g., b; and kernel weights Wi}’,?,, are learned in a supervised or
unsupervised manner.

In 2D CNNs, convolution is performed on a flat feature map, and 2D convolution is unable to obtain the
corresponding motion coding information from multiple consecutive frames when higher-dimensional
aspects of the problem need to be solved. In order to deal with this problem, this article adopts 3D convolution
operation, which was motivated by its proficiency in analyzing temporal information, which is vital for
understanding the dynamic nature of emotional expressions over time. The method is to construct a 3D
convolution kernel and convolve it with multiple consecutive frames, so that the feature maps of the con-
volutional layers are connected into multiple consecutive frames on the previous layers, and thus, the motion
information is captured. Finally, the value at position (x, y, z) of the jth feature map in the ith layer [23] is
shown in the following equation:

Pi-1Q;-1R;-1
z _ r  (x+p)y+q)(z+r)
v’ = tanh|bi+ ) )y Y Y W v(,»_lﬁ’m(y a , ()]
m p=0¢=0r=0

where R; is the scale of the 3D convolution kernel in the time dimension, and the value of (p, g, r) connected to
the mth feature map convolution kernel of the previous layer is w. The difference about 2D convolution and 3D
convolution is shown in Figure 3.

Specifically, the face coding network consists of five 3 x 3 x 3 convolutional layers, followed by a BN layer,
a ReLU activation function, and five maximum pooling layers, where the first pooling layer has a pooling
kernel size of 1 x 2 x 2 in order to avoid premature merging of temporal information. The remaining pooling
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Figure 3: Comparison of 2D and 3D convolutions: (a) 2D convolution and (b) 3D convolution. Source: Created by the authors.

layers are maximum pooling layers of size 2 x 2 x 2, and the kernel counts of the five convolutional layers are
32, 64, 128, 256, and 256, respectively, and finally, the output features are spatially averaged by an average
pooling layer to obtain the final output of the face coding network.

2.4 Background context coding

Compared with the face coding network, the background context coding layer includes a context coding
module and an attention inference module. In order to extract contextual information other than facial
expressions, specifically, the face part is first masked to obtain the remaining background image, which is
fed into the coding network, which has the same design of convolutional and pooling layers as the face coding
network, and also employs two convolutions to improve the computation rate to obtain the extracted back-
ground contextual features, which are then fed into an attentional inference module, through which the
context cataloging can be made to focus on different contexts, extracting the part of the background context
that is helpful for sentiment analysis.

The core idea can be expressed by the idea of mathematical level: X = [x, X,..., Xy] is taken as N inputs,
and at the same time, in order to reduce the cost of computing, it is not necessary to perform any processing on
these N inputs by neural network, and only some task-related information from these N inputs need to be
selected for computing. The soft attention mechanism is a method of selecting input information that, unlike
hard attention, instead of selecting only 1 out of N information, is processed by weighted averaging the N
inputs and then feeding them into the residual network for computation. The computation of the attention
value usually consists of two aspects, i.e., computing the attention distribution of the input data and weighted
averaging the input data by the attention distribution obtained from the computation.

Specifically, the background image that has been pooled by 3D convolution is taken as input X, and since
3D convolution has already feature extracted the input in the temporal dimension, the attention weights are
denormalized only in the spatial dimension. In the attention inference module, 128 and 1 feature channels are
generated by two convolutional layers with a convolutional kernel size of 3 x 3 x 3 with a normalization layer,
and the attention A € RF*W s obtained from the input X, where H x W is the spatial resolution of X..
Afterward, in order to make the sum of the attention of each pixel to be 1, the output is passed through a spatial
Softmax normalization layer. The output is shown in the following equation:

. exp(4)

T T ®

where Al denotes the attention to the context at i, j. Afterward, the new background context feature with
attention optimized is obtained by combining the weights of the attention part of the output on the input
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feature X, and finally, the output is obtained through a spatially averaged pooling layer [24] as well, which is
formulated as follows:

XC = A © Xc, (4)

where © denotes the element-by-element multiplication operator.

The algorithm model proposed in this article takes the cross-entropy of the predicted data and the actual
results as the loss function of the model, and optimizes the model parameters by obtaining the minimum value
of the loss function, and at the same time, adopts the method of random deactivation (Dropout) and the L,
regularization operation to avoid the overfitting phenomenon during the training, and the formula of the
cross-entropy loss function is expressed as

Loss = —) py/logy/ + 1) 6%, 6)
i j e
where yij denotes the prediction data generated by the ith sentence; )7l.j denotes the corresponding actual
result; j denotes the specific number of classifications, which is set according to the sentiment category of the
dataset for division; A is the coefficient of the L, regularization term; and ¢ denotes all the parameters to be
learned.

3 Learning screen adaptive adjustment system design

In the smart learning environment, the learning screen is a key medium for transferring information, which
directly affects the emotional state and learning effect of learners. The technical backbone of this system
comprises sophisticated algorithms capable of continuous emotional and engagement monitoring, employing
real-time analysis to facilitate swift adjustments to the learning content. This ensures that the learning
environment is consistently optimized for each learner’s emotional state and learning pace. In this article,
we use artificial intelligence, affective computing, and other technologies to analyze the learners’ emotional
response to the learning screen, and adjust the key visual features of the learning screen by combining the
emotions of the learning screen and the learners’ visual-emotional preferences. This process not only realizes
the continuous improvement of the visual-emotional preference model of the learning screen, but also
enhances the learners’ emotional engagement and learning experience through adaptive interaction. By
monitoring learners’ expressions and reactions in real time, the system is able to dynamically adjust the
presentation of learning content, thus optimizing the learning environment and improving learning efficiency.
The adaptive adjustment model of the learning screen based on learners’ expressions in the smart learning
environment is shown in Figure 4.
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Figure 4: Framework of adaptive adjustment system for learning screens. Source: Created by the authors.
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In this article, we propose a multi-module-integrated system designed to optimize the learning experience
in smart learning environments, consisting of five key components, each focusing on a different function and
analysis process. According to the system business architecture, it can be divided into five layers, as shown in
Figure 5.

t
I
Application E Learning User Learning User
i
Layer | System Interfaces Content Feedback
|
| : )
l ; - ! ir Intelligent Decision System
| | Learner emotion || Learning Image | | | -
! Analysis Analysis i | . Decision
| L Ilntens.lve Trees
[
Data i U carmng Bayesian Adaptive
Processing ! i ! Decision
Layer ! b Data Integration Module ! Layer
I I I
I I I
| i ‘ Time Series Analysis ‘ :
I I I
I I I
[
i b ‘ data fusion H data interface ‘ |
Data Transfer Slgna.l Communication 5G Interface
Layer Processing Protocols .
* , :
Data i L 2 S
Acquisition Video Monitoring Face Recognition | | carming screen
L ! Capture
ayers :

Figure 5: Learning screen adaptive adjustment system architecture diagram. Source: Created by the authors.

Among them, the data acquisition layer is mainly responsible for collecting raw data. The video mon-
itoring module captures the learner’s behavior and provides real-time video streaming for behavior analysis.
The face recognition module implements the monitoring of learners’ facial expressions through advanced
image processing techniques, providing support for sentiment analysis and identity verification. The learning
screen capture module records learners’ screen interactions and captures key information during the learning
process.

The data transmission layer undertakes the important task of ensuring the stability and security of data flow. It
is responsible for efficiently and securely transferring all kinds of information collected by the data collection layer,
optimized by encryption and compression technologies, to the data processing layer for further analysis.

The data processing layer is responsible for processing and analyzing the data incoming through the data
transmission layer. It consists of several sub-modules, including MTCNN for high-precision face detection,
3D-CNN for extracting spatial-temporal features from video data, and two capsule networks, Caps Net and
SCapsNet, for capturing hierarchical features and spatial relationships in images. These techniques work
together to enhance the model’s ability to understand dynamic and complex scenes.

The adaptive decision-making layer utilizes the analysis results provided by the data processing layer to
implement efficient decision making through a series of algorithms and models such as reinforcement
learning, decision trees, and Bayesian methods. The data integration module, on the other hand, is responsible
for integrating multi-dimensional data through time-series analysis, data fusion, and data interface techniques
to enhance the accuracy and reliability of decision making.
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The topmost application layer provides users with direct interactive interfaces and learning resources.
The learning system module manages educational content and learning progress, the user interface module
provides an intuitive and friendly operating environment, the learning content module provides learners
with rich and diverse teaching resources, and the user feedback module collects user feedback and provides
data support for continuous improvement and personalization of the system. The user interface design
incorporates adaptive feedback mechanisms, visual cues, and personalized learning dashboards, all aimed
at enhancing user engagement and learning outcomes. Furthermore, the adoption of this system within smart
education frameworks heralds a significant shift toward highly personalized learning experiences. By auto-
mating the adaptation of content presentation based on individual learner profiles, it not only enhances
learning outcomes but also elevates the overall quality of education.

4 Results and discussion

4.1 Experimental data collection

In this article, experiments were conducted using the Emotic dataset [17], which combines annotations for 26
discrete emotion categories and three continuous emotion dimensions. The image sources for the Emotic dataset
are divided into two main categories: one part originates from two public datasets — COCO and Ade20k; the other
one part is obtained through Google search engine. Moreover, the inclusion of both discrete and continuous
emotion dimensions offers a multifaceted view of emotional expressions, essential for developing a more accurate
and sensitive emotion recognition model tailored to smart education. As shown in Figure 6, the selected images are
characterized by two distinctive features: the wide diversity of backgrounds and the richness of different locations
and environments. These features not only ensure the richness and diversity of the Emotic dataset, but also bring
additional complexity and challenges to the emotion recognition task. The choice of the Emotic dataset was driven
by its comprehensive coverage of diverse emotions and realistic settings, making it highly relevant for the study’s
objectives. The Emotic datasets were connected to a computer system equipped with an Intel Core i7 processor,
NVIDIA GeForce RTX 2080 Ti GPU, 32GB RAM, running on Ubuntu 18.04 LTS. For data processing and simulation, we
utilized PyTorch, a powerful open-source machine learning library, and Python 3.8.

Figure 6: Example of Emotic dataset [17]. (a) Displays an image with multiple people in varying poses, (b) shows an example of an image
with a clear background, and (c) includes an image with significant background clutter.

4.2 Loss functions and evaluation indicators

The loss function is a weighted combination of two individual losses, L = 4L + ALy, L1 and L, are the sum of
26 discrete affective losses and the sum of 3 continuous affective losses, respectively, and 4 and A, are the
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weights of the discrete affective losses and the weights of the continuous affective losses, respectively. The
discrete affective loss L; uses multi-label focal loss (MFL) [25] and the continuous affective loss L, uses Huber
loss [26], defined as

26
MFLg,(y, §459) = - 3 a(1 - 9850y 8og3) + (1 - )gooV( -y )log1 - 9, ©)

i=1

1
EXZ for x| <8

3
Hubers(yo"t, yeont) = le 8|1x| - %a]ptherwise @
X =yc0nt _y"COHt
k k

In equation (5), §95¢ is the predicted value of the ith category, §9¢ is the true label of the ith category, and
a and y are two hyperparameters. In equation (6), y<°™ is the predicted value of the kth consecutive sentiment,
yeont i the true value of the kth consecutive sentiment, and is an empirical parameter. After many experi-
ments, the recognition effect of the model reaches the best when a = 0.5, y = 3, and § = 0.5. The evaluation
metrics are Precision (Precision) and mean absolute error (MAE). Furthermore, this article utilized the Adam
optimization algorithm with a learning rate of 0.001, selected for its adaptive learning rate properties. The
number of epochs was set to 100, to ensure the model adequately learns from the training data without
overfitting, with 32 batch size. The choice of these hyperparameters was based on extensive experimentation
aimed at balancing model performance and training efficiency.

4.3 Tests results

The sentiment accuracy and sentiment recognition qualitative results obtained by the sentiment recognition
model on the Emotic dataset are shown in Figure 7, and the continuous sentiment MAE is shown in Table 1.
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Figure 7: Emotional recognition precision results. Source: Created by the authors.



DE GRUYTER Emotion recognition and interaction based on deep learning networks = 11

Table 1: MAE of emotic dataset

Continuous dimension MAE

Valence 0.0756
Arousal 0.0895
Dominance 0.0879
MAE 0.0843

The analysis of Figure 7 and Table 1 reveals the final average accuracy rate achieved by the sentiment
recognition model on the Emotic dataset to be 32.517%. Notably, the model exhibits exceptional performance in
accurately classifying emotions associated with anticipation, engagement, confidence, excitement, and happi-
ness, with accuracy rates soaring above 70%. This high level of precision underscores the model’s efficacy in
discerning these specific emotional states, which are crucial for understanding learner engagement and
receptivity in smart educational environments.

4.4 Ablation experiment

Ablation experiments with different branch combinations are performed to ensure that the other parameters
of the experiments are consistent. Experiment 1 has character body information, experiment 2 is a combina-
tion of character body information and environment semantic information, and experiment 3 is a combination
of character body information and depth map information. The ablation experiments with different fusion
strategies are carried out to ensure that the other parameters of the experiments are consistent, experiment 1
uses feature-level fusion, experiment 2 uses decision-level fusion, and experiment 3 uses hybrid-level fusion,
and the average precision (AP) and mean absolute error (MAE) obtained are shown in Table 2. The AP and mean
absolute error (MAE) are shown in Table 2. The experimental results highlight a notable improvement in the
performance of the hybrid fusion strategy over its counterparts. Specifically, the hybrid fusion strategy exhibits a
3.1% increase in average accuracy compared to feature-level fusion and a 6.6% increase compared to decision-level
fusion. Furthermore, this strategy demonstrates a significant reduction in the mean absolute error, decreasing by
0.0058 in comparison with feature-level fusion and by 0.035 in comparison with decision-level fusion.

Table 2: Experimental results on different fusion strategies

Experiments AP rate Mean absolute error
Feature-level fusion 30.042 0.0853
Decision-level fusion 26.547 0.1153
Hybrid-level fusion 33.143 0.0795

Figure 8 presents a comparative analysis of the precision rates achieved through different fusion strate-
gies employed in our emotion recognition model. The strategies include feature-level fusion, decision-level
fusion, and hybrid-level fusion. The results indicate that the hybrid-level fusion strategy outperforms the other
two, with an AP rate of 33.143% and an mean absolute error (MAE) of 0.0795. In contrast, feature-level fusion
and decision-level fusion strategies yielded lower precision rates of 30.042 and 26.547%, respectively, with
corresponding increases in MAE. These findings underscore the effectiveness of the hybrid fusion strategy in
enhancing emotion recognition performance, offering a robust approach for integrating various data sources,
and improving model accuracy.

The proposed emotion recognition model is compared with the models proposed by Kolbadi and Sarvar
[21], and the AP and mean absolute error (MAE) obtained are shown in Table 3.
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Figure 8: Comparison of precision of different fusion. Source: Created by the authors.
Table 3: Experimental results on different branch combinations
Emotion type Precision
Kosti Lee FB-DS
Affection 27.85 17.83 29.61
Anger 9.49 4.57 17.12
Annoyance 14.06 5.51 17.84
Anticipation 58.64 52.75 83.53
Aversion 7.48 4.57 15.03
Confidence 78.35 64.96 77.63
Disapproval 14.97 7.24 17.44
Disconnection 21.32 17.7 30.13
Disquietment 16.89 13.97 20.43
Doubt/confusion 29.63 14.07 18.53
Embarrassment 3.18 2.19 9.63
Engagement 87.53 71.05 89.35
Esteem 17.73 12.5 23.61
Excitement 77.16 4236 77.74
Fatigue 9.7 5.47 10.8
Fear 14.14 5.6 9.55
Happiness 58.26 49.7 78.45
Pain 8.94 35 12.71
Peace 21.56 16.19 21.5
Pleasure 45.46 30.11 48.73
Sadness 19.66 10.3 27.59
Sensitivity 9.28 4.9 7.99
Suffering 18.84 4.47 12.63
Surprise 18.81 7.81 25.75
Sympathy 14.7 10.64 27.48
Yearning 8.34 6.26 15.37
AP (%) 27.38 18.7 32.52
MAE 0.057 0.1 0.08

The bold values indicate the highest precision achieved for each emotion type among the three compared models: Kosti, Lee, and FB-DS.
This highlights the superior performance of the FB-DS model in recognizing specific emotions compared to the other two models.
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5 Conclusion

In this article, we address the problem of emotion recognition and interaction in smart education environ-
ments and propose an advanced approach based on deep learning networks to enhance the personalization
and adaptability of the learning experience. A framework for comprehensively analyzing learners’ emotional
states is proposed by integrating dual-stream coding of facial expressions and scene contexts. The face is
accurately extracted using a MTCNN, a deep learning model designed for simultaneous face detection, and the
extraction and analysis of facial expression features is further enhanced by 3D-CNNs, which extend traditional
convolutional networks by adding a temporal dimension to capture dynamic information over time. This
integrated approach demonstrates its unique advantages when dealing with complex emotion data, especially
when dealing with occlusion problems in uncontrolled environments. By combining attentional mechanisms
and background context coding into the emotion recognition process, the study significantly improves the
accuracy and robustness of emotion recognition. This integrated analytical approach allows the model to
better understand and adapt to the learner’s emotional needs, thus providing a more personalized and
adaptive learning experience in smart learning environments. The specific findings are as follows:

This study successfully developed and validated an image sentiment analysis method based on dual
stream coding of facial and background actions. The method combines MTCNN, 3D-CNN structure as well
as CapsNet and its improved E2-CapsNet and SCapsNet, which effectively improves the accuracy and efficiency
of emotion recognition. This method is able to comprehensively analyze human facial expressions and scene
backgrounds, providing a new perspective to understand and analyze human emotions in videos.

By monitoring learners’ expressions and reactions in real time, the proposed adaptive learning screen
adjustment system is able to dynamically adjust the learning content and optimize the intelligent learning
environment. Such a system not only provides a personalized learning experience, but also adapts itself to
learners’ visual-emotional preferences. This finding is of great significance for enhancing learning efficiency
and improving the learning experience, and provides effective technical support for adaptive interaction at
the emotional level in smart education environments.

Experimental results on the Emotic dataset show the excellent performance of this research method. The
model shows high accuracy rate in the recognition of specific emotion categories, especially in the recognition
of emotions such as anticipation, engagement, confidence, excitement, and happiness. In addition, through
ablation experiments, this study also demonstrates the significant effects of different network components and
fusion strategies on model performance, with the hybrid-level fusion strategy performing the most effective in
improving model performance.

Overall, the methodology and findings in this article provide new perspectives in the field of smart
education, especially in utilizing deep learning techniques to achieve affective-level adaptive interaction.
Future research could explore the integration of multimodal data sources, such as auditory signals and
physiological responses, to further enhance the accuracy and sensitivity of emotion recognition systems.
Investigating the synergistic effects of combining these diverse data streams presents a promising avenue
for developing more sophisticated, responsive, and personalized educational technologies. Additionally, future
studies could address limitations related to the diversity of the dataset and the generalizability of the model
across different educational contexts.
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