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SUMMARY: The changes of students' learning condition in English class are transmitted
through physiological data which are shown in many kinds of forms. Collecting, analyzing and
using these data to identify the emotional changes in the students' learning process can provide
a reference for teachers to reasonably design classroom activities. In this paper, we use Haar
feature face detection method and OpenPose network structure feature recognition method to
extract students' facial expression and behavioral posture feature data in English classroom.
One model which recognizes emotion in learning has been built to complete the integration of
multimodal data through the utilization of the multi-head attention mechanism. After that, it
merges this with the time features that got from the long-short-term memory network to
implement the recognition and classification of the emotions of students. This model, through
continuous experiment, therefore, shows that the precision of its emotion recognition exceeds
85%. Through four times of examinations, the average score achievement of students in the
experiment class, which is taught under the multi-modal teaching thought, rose to above 85

points. In all kinds of classroom activities, “acting English dramas and chanting English songs”

has been proven to be the one with the biggest influence.

KEYWORDS: Haar features; OpenPose network; emotion recognition; multiple attention;
long and short-term memory; English learning

1 Introduction

Along with the progression of modern information technology, multi-modal teaching has
gradually become a key point of study in the education field[1]. Multimodal teaching refers to
the teaching mode that integrates the use of visual, auditory, tactile and other senses and
symbolic resources for meaning construction in the teaching process [2]. In reality, the English
classroom is still dominated by the traditional teaching mode, and there are some significant
problems and limitations, which make the atmosphere of the English classroom dull and make
it difficult to maintain students’ learning interest [3, 4]. Firstly, the teaching process pays too
much attention to the teaching of theoretical knowledge and neglects practical operation and
skill training [5]. Secondly, there is a lack of teacher-student interaction and communication
and discussion between students in the classroom, and students' participation is not high [6].
Meanwhile, the development and utilization of multimodal teaching resources are still
relatively insufficient. Although some schools and teachers have begun to try to apply
multimodal teaching in reading, writing and other aspects, such as using multimedia means to
create a vivid teaching situation and stimulate students' enthusiasm for learning, this exploration
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is still relatively sporadic, and teachers' knowledge and mastery of the concept of multimodal
teaching needs to be strengthened [7-9].

Under the condition that the attention to digital education is continuously increasing, the
Ministry of Education (MOE) has put forward a number of policies whose goal is to promote
the deep application of artificial intelligence and digital technology in the field of education[10].
In recent years, the “Artificial Intelligence Enabled Education Initiative” has been vigorously
advocated, which explicitly calls for the extensive application of smart technologies in the
education system to improve the quality of the supply of teaching resources and personalized
learning experience [11, 12]. At the same time, the "intelligent learning assistant” system that
is brought out by the intelligent education platform, together with the progress and application
of artificial intelligence models, have the contribution to the more wide spreading of intelligent
learning resources[13, 14]. This group of policies shows the urgent need that we must
accelerate the modernization progress of education. The goal is to promote the effect of teaching
and studying through technical and scientific ways, and also to promote individual study and
promote the whole quality of students.

Under the wave of “digital technology + education”, modern digital technology has greatly
promoted the development of multimodal teaching [15].A media network platform, it is
designed to provide a very large number of language studying materials for teachers and
students. These resources include teaching assist tools such as audio, video, cartoon movement,
and pictures, together with multi-medium teaching course materials, so that the combination of
linguistic modality and non-linguistic modality, greatly enriched the way and means of
expression of meaning and communication, the traditional single-modal mode of teaching to
the multimodal mode of teaching has become a major trend of teaching reform [16-18]. At the
same time, emerging platforms such as webcasting, online cloud classroom, short videos, and
self-media, which integrate static and dynamic resources into the teaching process create a good
teaching atmosphere, fully mobilize the participation of learners’ multiple senses, stimulate
multi-level associations, and make the presentation of knowledge richer and more diversified,
which greatly improves the motivation and participation of learners [19-21]. English teaching,
as an important part of higher education, bears the important responsibility of cultivating
internationalized talents and should comply with the national policy [22]. On the opposite side,
the digital environment for English learning has the function of going beyond the traditional
single method of teaching. It builds a deeply immersing teaching environment for learners,
hence it promotes the level of teaching to reach the requirements of talent cultivation in the
current age [23-24].

As digital teaching tools are widely used in English teaching, students' learning styles are
gradually transformed, but the digital literacy differences between different students still exist,
which is an important challenge for the transformation of the English classroom [25, 26].
Furthermore, in the course of using digital teaching tools to promote the transformation of
junior middle school English classrooms, teachers' mastery of digital teaching resources is a
key decisive factor that affects the quality of teaching [27]. In their teaching practice, some
teachers still have problems such as improper selection of tools, lack of familiarity with their
use, and inability to take multiple platforms into account, which leads to incoherent teaching
sessions and decreased classroom teaching efficiency [28, 29]. Although the introduction of
digital teaching tools into junior high school English classrooms can broaden and enrich the
teaching content and the way of teaching presentation, the lack of integrated and systematic
planning will easily lead to the fragmentation of teaching resources [30, [31].

In this paper, in the multimodal data extraction and preprocessing session, the Haar feature
method is used to detect the four types of feature changes in the students' facial expressions,
and the feature pixel sums in specific regions of the face are quickly calculated by the integral
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map algorithm to obtain the facial change data during the students' learning process. Meanwhile,
for the behavioral video images after denoising preprocessing, the OpenPose network structure
is used to identify the behavioral pose images of the students, extract the behavioral feature data
and predict whether the joints belong to the same person. In the multimodal data fusion and
emotion recognition session, the learning emotion recognition model is constructed. The
weights of various types of input modal data features are computed in parallel through the multi-
head attention mechanism to complete the normalization process and feature fusion output.
Combined with the long and short-term memory network to mine the temporal dependency
relationship between each modal data feature, to capture the temporal dynamic characteristics
of emotion change. The final output of emotion classification results.

2 Multimodal data extraction and emotion recognition
modeling

2.1 Multimodal Data Extraction and Preprocessing

2.1.1 Face detection based on Haar features

The detection of faces acts as the beginning step in the procedure of recognizing facial
expressions, and it possesses an important importance inside this whole process. Its core task is
to accurately recognize the location of the face from the captured image and pass the recognized
facial expression image to the image preprocessing stage. Therefore, in this study, Haar features
are used to characterize faces in captured images.

Haar feature is a widely used feature description method in face detection and recognition.
It captures local features such as image edges, texture, etc. by calculating the difference of pixel
values in a specific region of the image.Haar features are classified into four categories: edge
features, linear features, center features and diagonal features. Its feature values react to the
process of image grayscale change, which can be a simple description of the face features
through rectangular features, glasses are darker than the color of the cheeks, the color of the
sides of the nose is darker than the bridge of the nose, and the mouth is darker than the
surrounding color.

In addition, Haar employs an integral map for feature computation. Integral map (I1) is a
data structure used in image processing that quickly calculates the pixel sum of any rectangular
region in an image. It is calculated as follows:

First, a matrix of the same size as the original image is created to store the integral map. For

each pixel point (i, j) in the integral map, its value is equal to the sum of all pixel numbers
inside the meta-image in the matrix region that extends from the top-left corner to (i, j),
denoted:

10, §)=2"" ..} image(x,y) (1)

where image(x,y) is the pixel value of the original image at position (x,y).
The boundaries of the integral map are usually filled to 0.0, i.e:

1(0,j)=1(i,0)=0.0 )
After that, each element of the integral map can be computed by adding the pixel values of
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the corresponding positions of the original image plus the values of the three neighboring
integral map pixels in the upper-left corner, above and to the left.

Once the integral map is constructed, the sum of pixels at any rectangular location can be
quickly computed. For example, to calculate the sum of pixels within a rectangular region

defined by four points (X, ¥;), (X.Y,), (XYs), (X.Y,) in an image. The following
formula can be used:

Sum=1(%,, )+ 1 (% Y1) =1 (%1 ¥2) = 1 (%, ¥5) (3)

In short, an integrogram is a fast algorithm for finding the sum of all pixels in an image by
traversing the image only once, and this algorithm greatly improves the efficiency of the
computation of image eigenvalues. Thanks to the use of integral map, Haar features can quickly
calculate the pixel sum of any matrix region in the image. In addition, Haar features are robust
to illumination changes, i.e., the computation performs well in complex backgrounds.

Therefore, in this study, Haar features are adopted to extract faces from the collected images.
Research using OpenCV Haar features of XML files loaded face recognition model, the image
into a gray image, using load classifier classifier. DetectMultiScale detect faces in images,
scaleFactor parameter is used to specify the image in proportion to the size, minNeighbors is
used to specify the number of neighboring elements that each candidate rectangle should retain,
and minSize is used to specify the minimum size of the detected objects. A threshold judgment
mechanism is added to each face, i.e., the width and height of the face region is checked to see
if it is larger than 150 pixels, and if the face region is large enough, the detected region is
cropped and resized.

2.1.2 Image pre-processing

In order to better satisfy the recognition of students' behavioral gestures in the classroom, the
extracted video frame images need to be pre-processed: 1) to eliminate certain blurred images
and retain some frame images with more distinctive features; and 2) since there is generally
noise in the images, the images need to be de-noised. In practice, there are many types of noise
in images, such as: Gaussian noise, white noise, etc., of which Gaussian noise is the most
common type of noise. Therefore, in order to reduce the impact of noise in the image on the
final recognition result, this chapter uses Gaussian filter to de-noise the image. The expressions
of one-dimensional Gaussian distribution and two-dimensional Gaussian distribution are shown
in the following equations (4) and (5):

2

G(x)= e = @
2no
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2.1.3 Behavioral signal extraction based on OpenPose network structure

Open Pose is suitable not only for single-person identification, but it can also be utilized in
multi-person identification work. The external structure of the OpenPose model is presented in
Figure 1. This model is divided into two stages: at the beginning, the first 12 layers of the
VGG19 feature extraction network are used to extract features from the input image, which
obtains the feature graph F. In the second step, the obtained feature map F isinput into a two-
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branch multi-stage convolutional neural network, in which the upper branch (S(-) part of Fig.

1) is used mainly to predict the body part positions in a set of 2D confidence maps, while the
lower branch (the L(-) part of Fig. 1) is mainly used to predict a set of 2D vector fields of

partial affinities, showing the affinities between joints (PAFS).
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Figure 1: External structure diagram of OpenPose model

The application process of the OpenPose model is depicted in Figure 2. As can be inferred
from Figure 2, the input for the initial phase of the OpenPose network is the feature map F,
The data is processed by a series of Convolutional Neural Networks (CNNs) for generating the
2D confidence graph of the articulations. S' and partial affinity L'. Furthermore, beginning
starting from the second stage, the network's input is constituted of a total of three constituent
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parts., whichare F, S and L'*, as shown in the following equation (6).

S'=p'(F,8' L), t=2

L'=¢'(F, s L), t>2 ©

This flow is completed through many repeated uses of the multi-step convolution nerve
network, until the network gets to convergence. At last, in the prediction stage, the judgment of
whether this joint belongs to the identical individual is completed through evaluating the
affinity (PAF) between the joint pairs d;, and d,,, which is shown in the following equation

(7).

I ™)

Atthis place, p(u) denotes the pixel point which is located between two continuous pixel
points d;, and d,,, justas is shown in the equation (8) that is given below.

p(u)=(1-u)d, +ud,, 8)
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Figure 2: The application process of the OpenPose model

2.2 Multimodal Fusion and Emotion Recognition

Although students' emotional state can be identified through facial expressions and behavioral
gestures. However, we know that human emotional expression is embodied in many ways, and
using only one-sided features is not enough to fully and accurately express emotional
information. Therefore, it is obviously not appropriate to consider only the information
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contained in one side. Therefore, a specific explanation on multimodal fusion is developed by
combining students' EEG signals and electrodermal signals.

2.2.1 Multi-attention mechanism design

At the core of the Multihead Attention Mechanism is the capture and fusion of the unique and
complementary emotional information in each of the two signals, electroencephalographic
(EEG) and galvanic skin response (GSR), whereas the time-domain features and frequency-
domain features in the EEG signals are enriched with electrophysiological variations in brain
activity, and the time-domain features in the GSR signals reflect the emotional fluctuations
associated with the skin's electrical conductivity. These two signals have different importance
in learning emotion recognition tasks, and the multihead attention mechanism is designed to
accurately capture these differences and fuse them effectively.

Figure 3 shows the design flow of the multi-head attention mechanism. The multi-head
attention mechanism designed in this study consists of the following main steps:

Splicing

AAA

L
Attention Mechanism lL}h

A | A | A |
( ( (
o« ( (
Linear Linear Linear
| Exchange Exchange Exchange
\% K Q

Figure 3: Design process of the multi-head attention mechanism

1) Multi-head structure construction. Construct multiple parallel attention heads, each
responsible for a different subset of features, to capture more diverse information.

2) Calculation of Attention Weights. Within each attention head, the attention weights are
computed by introducing a trainable parameter matrix. The parallel is computed using dot
product attention, where the dot product between the query matrix Q and the key matrix K
is first computed. Specifically, for each element in the sequence, its query vector is dot-
producted with all key vectors to obtain an attention score matrix.

3) Weight normalization and feature fusion. To ensure the reasonableness of the weight
assignment, the calculated attention weights were normalized using the SoftMax function.
Subsequently, the extracted features of the EEG and dermatoglyphic signals were weighted and
fused according to these weights, and the output of each head was calculated.In the end, the
results that come from all heads go through a splicing process to produce the final feature
representation.

Specifically, three matrices, Q, K, and V , are first defined, where Q is the matrix

composed of query vectors, K is the matrix composed of key value vectors, and V is the
matrix composed of output value vectors. Then the three matrices Q, K, and V for EEG

signals and dermatoglyphic signals are:
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Q =quxi %)
Ki =W X, (10)
Vi =W, X (11)

where W,;, W, and W, are the weight matrices and i=1,2,3 denote the three features.

After that the attention scores between each pair of signals need to be calculated:

_ QKj
Attention (Q;, K;,V; ) = soft max LV, (12)

NCR

where i, j e{l, 2,3} and i= j; d, isthe dimensionality of the key vectors for the purpose of

stability; and T denotes the transpose matrix.
Finally, the attentional outputs between all signals need to be fused, and these outputs are
cascaded to obtain the final fused output features.

O = Concat ( Attention(Q;, K;,V;)) (13)

where O is the fused output feature matrix.

2.2.2 Learning emotion recognition model design

This study focuses on constructing an efficient and accurate model for learning emotion
recognition, which involves the design of the model structure, the selection of the loss function,
the application of optimization algorithms based on the determination of the model evaluation
method.

Long Short-Term Memory (LSTM) network is one special kind of recurrent neural network
which is made for solving problems that have relation with long-sequence dependencies.The
basic principle of LSTM lies in having a unique cellular structure, where each cell contains
three control gates, namely, the input gate, the forgetting gate, and the output gate, as well as a
memory cell for storing historical information. Therefore, when we construct the LSTM
emotion recognition model, it is necessary that we design the input layer, the hidden layer, and
the output layer. The input layer undertakes the responsibility of receiving the pre-processed
and feature-extracted electroencephalogram (EEG) and electrodermal signals. For enabling the
model to process these features in an effective way, the present research adopts appropriate
feature encoding and normalization methods in the input layer, so that it can map feature values
into the range which the model is able to handle.

The hidden layer is the core part of the LSTM model, and it undertakes the work of
distinguishing the sequential connections between the input features.In this study, multiple
LSTM structures are used to construct the hidden layer to increase the depth and complexity of
the model. Each layer of LSTM contains multiple LSTM units, each of which controls the flow
and update of information through input gates, forgetting gates, and output gates, and this
structure enables the model to capture temporal dynamics in long sequential data and efficiently
handle complex patterns in emotion recognition tasks.

In the output layer, this study employs a fully connected layer and a Softmax activation
function to output the sentiment classification results. The whole connected layer possesses the
function that maps the hidden layer's output to the dimension numbers of the sentiment sort
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categories. At the same time, the Softmax function has the function of transforming the output
into a probability distribution for the realizing of sentiment category evaluation. The design of
the concrete learned mood identification model is displayed in Figure 4.

DEAP Database
|

v v v
EEG Frequency EEG Time GSR Time
Domain Features Domain Features Domain Features
Feature
Extraction
Scaled Dot- Scaled Dot- Scaled Dot-
Product Attention Product Attention Product Attention
| | |
- v
— C
LSTM
Learning OO0 00
Emotion ¢
Recognition O O O

Softmax

Emotion Recognition

Figure 4: Physiological signal learning model for emotion recognition

3 The role of multimodal affective teaching in the digital
English classroom

By extracting and analyzing students' multimodal physiological data while learning, students'
emotional changes are identified in a timely manner. Under the guidance of this multimodal
teaching concept, teachers design and continuously adjust the content and type of digital
English classroom activities according to students' emotional state, making the diverse digital
English classroom activities more in line with students' learning and enhancement needs. Multi-
modal emotion-based teaching holds an important position in digital English classroom
activities. Its influence mainly gets embodiment in a number of aspects. First of all, it promotes
students' enthusiasm and motivation in the aspect of learning. Secondly, it can assist to enhance
students' self-confidence and self-esteem. Thirdly, it can make students have more participation
inside the classroom. At last, it promotes the growth of students' feeling cognition and
emotional intelligence quotient.
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3.1 Increasing students' interest and motivation in learning

Traditional teaching methods often focus on the inculcation of knowledge and ignore the
emotional needs of students.Nevertheless, under the frame of the multimodal emotion teaching
method, teachers pay attention not only to students' grasping of knowledge but also put
emphasis on students’ emotion participation in the study process. Through making active and
attractive teaching activities and using visual teaching methods, teachers are able to hold
students' attention and stimulate their passion for study. This good mood experience lets
students have more willingness to take an active part in classroom activities, therefore it
promotes students’ study motivation.

The carrying out of multi-mode emotion teaching methods is also clearly seen in the
building of the classroom environment. A happy and friendly classroom environment can
effectively reduce students' study pressure and let them be more confident when putting forward
their opinions and questions. Under this kind of environment, students already are not any
longer the passive acceptors of knowledge. On the contrary, they become active participating
persons, and their enthusiasm and motivation for study are without exception strengthened.

3.2 Enhancement of students' self-confidence and self-esteem

Multimodal affective teaching methods can promote students' self-confidence and self-esteem
through actively paying attention to their emotional needs. Under the background of digital
English classroom activities, some students have big probability to produce inferiority feeling,
and encounter the problem of lacking self-confidence and self-respect, this is because their
English basic knowledge is not good. The multimodal affective teaching strategy emphasizes
paying attention to students' emotional needs, including understanding students' interests,
hobbies, difficulties and psychological needs, actively communicating with students and
helping them solve problems, so as to enhance their self-confidence and self-esteem.

3.3 Increase student participation in the classroom

Multimodal affective teaching emphasizes the enhancement of students' learning effect by
increasing their classroom participation. In digital English classroom activities, multimodal
affective teaching strategies can make students actively participate in the classroom according
to their emotional needs by organizing rich and colorful teaching activities, creating a
cooperative learning classroom atmosphere, and so on, so as to improve their participation in
classroom activities. By increasing students' participation in classroom activities, it can
effectively improve students' learning effect and language use ability.

3.4 Developing students' emotional literacy and emotional intelligence

Multimodal affective teaching aims to cultivate students' emotional literacy and emotional
intelligence through classroom teaching activities. In digital English classroom activities,
multimodal affective teaching strategy can introduce vivid and interesting teaching contents in
time according to the students’ emotional changes, organize role-playing, speech contests,
group discussions and other teaching activities, and cultivate the students' sense of morality,
aesthetics, rationality and other advanced emotions. At the same time, the multimodal emotion
teaching strategy can also target the cultivation of students' emotion regulation ability and
emotion communication ability, and improve students' self-knowledge and self-management
ability. By cultivating students' emotional literacy and emotional intelligence, multimodal
affective teaching strategies can promote students' comprehensive development and lifelong
development.
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4 English learning practices based on multimodal emotion
recognition

4.1 Effectiveness test of emotion recognition model

4.1.1 Emotion recognition based on multimodal fusion

For evaluating the recognition effect of the constructed learning emotion recognition model,
the dataset collected by ourselves is utilized to carry out emotion recognition. At the same time,
one similar Arousal model which belongs to this type is selected to act as the reference model.
After that, same emotion identification experiments are carried out on the dataset which is
collected by ourselves. The emotion identification results of the two models which are based
on multimodal fusion are shown in Figure 5. The self-acquisition dataset includes multimodal
data such as facial expression features, behavioral posture features, and EEG signal features of
10 students during English classroom activities. The emotion recognition accuracy of the
learning emotion recognition model in this paper after multimodal data fusion always maintains
above 85%, with a maximum of 91.91% and a minimum of 87.47%, with little fluctuation in
the emotion recognition accuracy for different students. Comparatively, the emotion recognition
accuracy of the Arousal model is lower, mostly below 70%, and fluctuates greatly, with the
highest being 80.74% for Student 2 and the lowest being 44.51% for Student 9. The stability
and accuracy of the recognition performance of the Arousal model are not as good as that of
the learned emotion recognition model in this paper.
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Figure 5: Emotion recognition results of 2 models based on multimodal fusion

4.1.2 Unimodal-based emotion recognition

In order to analyze the reason for such a large difference in recognition accuracy between the 2
models, the 2 models were used to perform unimodal emotion recognition on which face
expression feature data and EEG signal feature data respectively. Figure 6 shows the
comparison of emotion recognition results based on face expression.Figure 7 gives a showing
of the results of emotion identification which depends on EEG signals. Under the situation of
single-modality emotion recognition, the emotion-recognition model which is learned by this
paper reaches a recognition accuracy that is more than 90% for the two sorts of single-modality
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feature data. While the accuracy of emotion recognition of facial expression feature modal data
of Arousal model is between 40% and 57%, the accuracy of recognition of EEG signal feature
modal data is between 52% and 60%.The difference in the recognition correctness between the
two models may come from the circumstance that the learning-based emotion recognition
model put forward in this paper uses a multi-head attention mechanism. This mechanism is
utilized for the extraction and standardization of the combination of various kinds of feature
modal data, hence therefore making the relation among different data types more reasonable.
By comparison, the Arousal model has difficulty in reaching the same accuracy level as the
learning-based emotion recognition model, when we talk about the fusion processing of many
kinds of modal data.
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Figure 6: Result of emotion recognition based on facial expressions
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Figure 7: Result of emotion recognition based on brain electrical signals
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4.2 Empirical Study of English Learning Effectiveness Supported by
Multimodal Teaching Concepts

4.2.1 Comparison of English learning effects between the two classes before the
experiment

After we finished the evaluation of the effect of the Learning Emotion Recognition Model, one
comparative experiment was carried out. The goal of this experiment was to study the influence
of putting into practice the multimodal teaching idea, which is built upon the Learning Emotion
Recognition Model, in digital English classroom teaching activities.Two first-year classes of
advanced translators in the School of Foreign Languages at the University of R were chosen as
the experimental subjects. class A was used as the experimental class to assist in the design of
English classroom activities using the multimodal teaching concept based on the Learning
Emotion Recognition Model, and class B was used as the control class to complete the design
of English classroom activities using the traditional method. There were 35 students in each of
the two classes, and tests were set up before and after the experiment to examine students'
English learning interest and motivation (L1), English learning self-confidence and self-esteem
(L2), English classroom engagement (C1), emotional literacy and emotional intelligence levels
(E1), and to determine the effects of the classroom activity design under different teaching
concepts on the students.

Before the experiment, the descriptive statistics outcomes of the sub-groups inside the
experimental class and the control class are shown in Table 1. Before we start to do the
experiment, the average score values of the four test projects among students in the two classes
were roughly in the range from 35 to 37. In addition, the standard deviation of all these score
values was not larger than 0.3. This points out that there existed not big difference between the
starting English learning study results and the related language ability levels of students in the
experiment class and those in the comparison class. This kind of circumstance is very consistent
with the requirements that are established for this experiment.

Table 1: Descriptive statistics of group divisions before the experiment

Testing items Class N | Mean | Std.Deviation | Std.Error Mean
L1 Experimental Class | 35 | 35.48 0.39 0.26
Control class 35 | 35.29 0.40 0.28
L2 Experimental Class | 35 | 36.37 0.37 0.16
Control class 35 | 36.40 0.37 0.17
c1 Experimental Class | 35 | 35.48 0.35 0.19
Control class 35 | 35.47 0.32 0.19
£1 Experimental Class | 35 | 36.59 0.31 0.25
Control class 35 | 36.56 0.32 0.24

4.2.2 Comparison of English learning effects between the two classes after the
experiment

When the experiment has been completed, the results which are got from descriptive statistics
for the grouping of the experimental class and the control class are shown in Table 2. Table 3
has shown the results of the independent samples test which was done between the experimental
class and the control class after the experiment. In the experiment class, the average marks of
all four test projects after the experiment were 85 or higher. By comparison, the average score
points of the control class have only increased to be lower than 46. The difference in the mean
scores of the four items between the two classes after the experiment is significantly higher than

13



Xie

that before the experiment, while the probability of significance of the two-tailed t-test Sig.(2-
tailed) for both classes on these four scores is 0.01, which indicates that the two classes after
the experiment have a high level of interest and motivation in learning English (L1), self-
confidence and self-esteem in learning English (L2), participation in the English classroom (C1),
and level of affective literacy and affective intelligence ( E1) are significantly different on four
variables. The class which took part in the experiment has obtained more excellent outcomes
when put in comparison with the control group.

Table 2: Descriptive statistics of group divisions after the experiment

Testing items Class N | Mean | Std.Deviation Std.Error Mean
L1 Experimental Class | 35 | 85.38 0.37 0.10
Control class 35 | 45.27 0.62 0.52
L2 Experimental Class | 35 | 86.44 0.31 0.16
Control class 35 | 45.01 0.66 0.79
c1 Experimental Class | 35 | 87.19 0.30 0.15
Control class 35 | 45.26 0.65 0.53
E1 Experimental Class | 35 | 88.35 0.37 0.17
Control class 35 | 45.16 0.61 0.62

Table 3: Independent sample test between 2 classes after the experiment

Le\{ences tes't for T-test for Equality of Means
equality of variances
Sig. 95% Confidence Interval
F Sig. t df (2- _Mean S_td.Error of the Difference
: Difference | Difference
tailed) Lower Upper
Equal variances | g5 40 0.18 -324 |35.00| 001 | -3.28 0.12 -1.03 -0.21
L1 assum_ed
Equal variances -324 |30.29| 0.01 -3.28 0.12 -1.09 -0.20
not assumed
Equal variances | g 5, 0.36 -3.18 |34.27| 001 | -3.01 1.36 -2.46 -1.25
L2 assum_ed
Equal variances -3.18 [30.05| 0.01 -3.01 1.36 -2.46 -1.25
not assumed
Bqual variances | g, ,, 0.54 -327 [31.74| 001 | -3.16 0.74 -3.28 -0.73
c1 assum_ed
Equal variances -3.27 |30.01] 001 | -3.16 0.74 -3.28 -0.73
not assumed
Equal variances | g, 1 0.63 -364 |31.62| 001 | -3.27 0.51 -3.47 -0.18
£1 assumgd
Equal variances -364 [31.62| 001 | -3.27 0.51 -3.47 -0.18
not assumed

4.3 Analysis of the effectiveness of digital English classroom activities

For the purpose of evaluating the effect degree of the design of digital English classroom
activities which are led by the multimodal teaching idea, one investigation has been done by us
among the students that are in the experimental class. The aim of this investigation was to
collect the first 10 classroom activity items which the students of the experimental class
considered to be the most effective.Table 4 shows the data of analyzing the effectiveness of the
10 digital English classroom activities under the guidance of multimodal teaching
concept.Among the 10 digital English classroom activities, students in the experimental class
think the most effective one is A4 (staging English plays and songs), with a mean score of 4.75,
followed by A1 (watching English TV programs and videos), with a mean score of 4.18.These
two types of activities can quickly bring out students' emotional experiences, and therefore
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enable them to maintain a relatively positive emotional state in the English classroom that is
held by school. Therefore, this promotes students' enthusiasm and motivation in English study,
and nurtures their emotional ability and emotional intelligence, in other aspects.

Table 4: Data on the effectiveness of 10 classroom activities(N=35)

. . Minimum Maximum Average Standard
Ranking | Activity -

value value value deviation
1 A4 3.00 5.00 4.75 0.14
2 Al 3.00 5.00 4.18 0.21
3 A6 2.00 5.00 3.65 0.24
4 A3 2.00 4.00 3.46 0.27
5 A7 2.00 4.00 3.39 0.29
6 A9 2.00 4.00 3.27 0.30
7 A2 2.00 3.00 2.55 0.30
8 A10 1.00 3.00 2.30 0.32
9 A5 1.00 2.00 1.45 0.33
10 A8 1.00 2.00 1.24 0.35

5 Conclusion

In this research article, we have established a model which is used to identify the emotions that
relate to learning. This model carries out analysis on the emotion undulations of students
through the integration and processing of their physiological multi-modal data in the course of
learning activities. According to the outcome of the analysis, we next design appropriate digital
English classroom activities.The recognition accuracy of the model is [87.47,91.91] % in
emotion recognition under multimodal fusion. After the idea of model-supported multiform
teaching had been put into practice in the making of digital English class activities and teaching
doing, the average mark of students in the experiment class went up from about 35-37 points to
more than 85 points.In this controlled experiment, the activities of “staging English plays and
songs” (4.75 points) and “watching English TV programs and videos” (4.18 points) were
designed to be the most effective in improving the four qualities of the students. Through the
inspection of the features of students' multi-modal physiology data, we can thus quickly make
the judgment of students' emotional conditions. According to these results, classroom activities
can be designed to adapt to the emotional conditions of students. This method can stimulate
students to participate in the digital English class room, thus promoting their overall quality and
study ability.
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