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ABSTRACT KEYWORDS

Student evaluations of teacher performance are often derived from end-of-semester assessments, significantly
impacting the authenticity of teaching evaluations but failing to provide real-time feedback. In addition,
teachers' emotional states affect student performance, including in terms of learning motivation and
classroom participation, which reflect the students' emotional state. This teacher-student emotional contagion
mechanism focuses on the interaction of teacher-student emotions and can be used to observe the quality of
instructional performance. Therefore, automatically detecting teacher-student emotional interaction and then
providing real-time class satisfaction feedback can provide teachers with a more effective basis for adjusting
classroom content. This research proposes an end-to-end classroom real-time teaching evaluation system
based on automatic facial-emotion recognition, which can accurately detect and directly analyze the emotions
of students and teachers in streaming frames. The system consists of two parts: First, a YOLO model based on
deep learning approaches is used to automatically detect the emotional states of teachers and students during
the teaching process; Then, combining the emotional contagion mechanism with the teaching evaluation scale,
teaching satisfaction can be predicted using a Long Short-Term Memory (LSTM) model to output a classroom
satisfaction score within a fixed period. Further analysis of the testing dataset confirms that the model has a
high reliability in predicting teaching satisfaction. Research results show the proposed system can achieve
an emotional recognition accuracy rate of 98.1% for teachers and 99.5% for students based on the emotion
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datasets. Further development could potentially provide teachers with strategies to improve classroom teaching
effectiveness, better understand students' emotions and learning motivation, and improve learning outcomes.
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I. INTRODUCTION

RADITIONAL teaching models and classroom education have

evolved into a simultaneous Online Distance Learning (ODL)
model. Teachers' instructional behavior is crucial to students'
emotional experience and impacts classroom participation. Like in-
person classroom instruction, distance teaching can trigger strong
emotional responses [1]. In synchronous distance teaching, teachers'
emotions can transmit through the students’ audio/visual experience,
prompting positive learning emotions among students and thus
positively impacting learning performance and class management.

In the teaching process, the transmission of knowledge is impacted
by the teacher’s emotional state [2]. As the objects of classroom

interaction, students will invariably be influenced by the emotional
state of their teachers. Such emotions can be directly transmitted
from teachers to students through an emotional contagion in which
humans automatically imitate and synchronize with other people’s
facial expressions, vocalizations, postures and actions in social
environments to achieve emotional convergence [3]. Second, teacher
emotion affects student performance. Students who have a positive
relationship with their teachers will have improved well-being and
learning outcomes [4]. Finally, according to Fredrickson’s Broadening
and Building Theory [5], teachers with positive emotional states are
prone to employing a broader array of teaching strategies, are better at
adapting to different teaching situations, and exhibit greater flexibility
and creativity, thereby benefiting students’ learning outcomes.
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On the other hand, students’ emotions can also harm teachers.
Nurmi and Kiuru discussed the arousal effect of students on teachers,
especially in terms of teachers’ emotions [6]. Frenzel et al. introduced
the mutual causal inference model, showing that teachers who
provide high-quality teaching can also derive positive emotional
feedback [7], while unengaging instructional experiences will sap
teachers’ positive emotions.

Previous classroom emotional research largely relied on self-
reporting scales, as emotions are highly subjective [8]. However,
the self-reporting assessment scale involves questions that result in
subjects’ engaging in self-deception under social expectations, such
as teachers’ beliefs that it is inappropriate to express anger or fear in
the classroom [9].

It is challenging for researchers to objectively identify people’s
inner emotions [10]. Facial emotion-based emotion calculation
can collect data without interrupting subjects’ learning status and
performance. The facial action coding system proposed by Ekman &
Friesen includes a wide range of action units, and the combination of
facial action units can generate the possible range of various facial
expressions [11]. There is long-standing theoretical and convincing
empirical support for analyzing facial expressions to identify discrete
emotions. In learning environments with computers, it is especially
suitable for capturing learners’ emotions [12], so we can install video
cameras to capture facial expressions of teachers and students in
the classroom. These emotional expressions can then be modeled
to explore the influence of teachers’ emotional expression and the
complex emotional communication relationship formed by dynamic
feedback in the classroom.

Affective computing has become one of the most active research
topics in education [13], [14]. Even without face-to-face interaction,
teachers’ emotions will produce emotional contagion to affect
students’ emotions. Students and teachers should establish a
reciprocal relationship so that both parties can effectively understand
and communicate to prevent the production and transmission of
negative emotions (e.g., sadness and disgust) [15], [16]. This study uses
a facial emotion recognition method based on affective computing
to automatically detect emotional state and to directly measure the
emotional sentiment of teachers and students, thus allowing for the
identification of subsequent emotional contagion between teachers
and students.

Based on this emotional contagion, a real-time teaching evaluation
system is constructed, replacing the traditional teaching evaluation
questionnaire. The end-to-end system can anticipate students’ learning
status and give real-time feedback. This research uses the lightweight
YOLOvV5 model [17] to instantly identify the emotional content of
teachers’ and students’ facial expressions in the classroom. In addition,
this research uses the long short-term memory (LSTM) model to learn
static emotion recognition results with time series characteristics, and
finally builds a dynamic emotional contagion mechanism to predict
student satisfaction with classroom teaching. The feedback data can
be used as the basis for teachers to improve teaching strategies and
content and to accelerate knowledge transfer between lecturers and
students, thereby enhancing the learning effectiveness of learners.

II. LITERATURE REVIEW

A. Emotional Contagion

Darwin proposed that people capture changes in the emotions and
mental states of others with whom they interact. This unconscious
transmission of mental states during social interaction is called
emotional contagion or emotional crossover [18]. Finally, people tend
to display emotions similar to others (emotional convergence), also

known as primitive emotional contagion. Emotional contagion is so
widespread it has been noted by researchers in diverse fields such as
social psychology, neuroscience, communication studies, and industrial-
organizational psychology. In this process, the emotions expressed by
one person are perceived by another, mainly through facial expressions,
and then transferred through natural imitation and feedback.

In schools, teachers are the primary caregivers of students [19],
[20] and are an essential component in the development of attachment
relationships. Based on emotional spread, crossover theory should
be able to better explain the relationship between teachers’ teaching
emotions and students’ learning emotions in terms of positive and
negative emotional states. Frenzel et al. showed that in a mathematics
class, the teachers’ positive teaching emotions could predict the
happiness of students’ learning emotions [21]. Bakker also found
that music teachers who experience “flow” (a state of total immersion
and intense joy) are more likely to have students experience learning
engagement, indicating that emotional transmission between teachers
and students can explain the importance of teachers’ emotions [22].

Although these studies bring emotional contagion into the
classroom and provide teachers with practical teaching advice, they
also bring limitations. First, the emotions of both students and teachers
are self-reported, which is prone to standard method variation [23].
Even using teacher and student sources [24], it still relies on self-
reports. Although this method is a simple, effective and non-invasive
way to assess teacher emotions, participant responses are based on the
retrospective judgment of personal criteria influenced by subjective
emotional experience [25]. In contrast, this study uses affective
computing to automatically detect emotional states and directly
measure the emotions of teachers and students.

B. Teacher Emotion and Student Emotion

A teacher’s emotional competence refers to one’s recognizing and
managing one’s emotions and those of others. It involves regulating
one’s feelings and uplifting those nearby [26]. Teachers who
maintain more positive emotions in the classroom will generate more
innovative ideas and strategies, while negative emotions will reduce
motivation [27]. Appropriate training and interventions have been
found to improve human emotional ability [28]. Teachers with higher
emotional regulation skills tend to manage emotions better and have
higher job satisfaction and well-being [29] and better teaching quality
[30]. To sum it up, teacher emotion is empirically and conceptually
essential to understanding the true nature of the trajectory of
knowledge accumulation.

In an educational environment, teachers’ words and actions
significantly impact students, and knowledge is acquired through
transfer from the teacher to the students. The teacher-student
relationship also features emotional convergence. In contrast, the
emotional contagion of peers is passed on equally. Furthermore,
dynamic rendering is also closely related to social intimacy. Dobransky
and Frymier argue that the teacher-student relationship should include
control, trust, and intimacy [31]. The quality of the teacher-student
relationship is related to the degree to which the teacher invests in the
relationship. Continuous contact and interaction are needed to enhance
mutual friendship, and emotional contagion is more likely to occur.

Primitive emotional contagion occurs directly in the classroom, and
students can unconsciously imitate the teacher’s behavior, an instinct
conveyed by brain structures [32]. Laird & Bresler also pointed out
that the feedback of facial muscles will have a significant impact on the
subject’s own emotions. Students imitating the facial expressions of
their teachers and send feedback to themselves [33]. In addition, Ekman
believed that both affective and automatic nervous system activities
were affected by facial expression feedback [34], finding that subjects
asked to act out one of the six basic emotions (anger, happiness, fear,
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disgust, sadness and surprise) would lead to the corresponding emotion
[35]. Ekman also noted that each emotion has specific characteristics
and can express emotions differently. Each emotion is only regarded
as a discrete category, and there are no multiple emotional states [36].
Therefore, we choose “discrete” emotions to distinguish individual
facial expressions. In addition, the present research aims to analyze
the contagion of positive and negative emotions for the relationship
between teachers’ and students’ emotions. The present research also
combines the primary emotion classification of students and teachers
into positive and negative emotions for discussion.

C. Classroom Assessment Scoring System (CLASS)

In 1995, Rosalind Picard of the MIT Multimedia Laboratory proposed
the concept of Affective Computing [37]. Affective computing mainly
focuses on how machines can be used to perceive human intentions
and emotions and on establishing an appropriate emotion recognition
model to meet the needs of different users. At present, the more
common methods include facial recognition and detection of users’
physiological state to identify their emotional state [38]. While
collecting physiological state information through sensors is more
objective and has higher accuracy than facial recognition, it requires
subjects to wear sensors, and is thus not appropriate for use in actual
classrooms. Therefore, this study uses facial expression recognition to
analyze the emotional changes of students. This approach produces
dynamic data that can be divided into three recognition mechanisms:
Visual, Audio, and Audiovisual. In this study, images are used as the
method for emotional calculation.

Some authors [16] found a positive correlation between classroom
affective interaction, teaching methods, learning quality, and students’
performance and engagement based on facial affective computing.
The present research proposes a prototype for an emotional arousal
scoring system based on facial and speech emotion, along with and
head posture to obtain quantitative indicators for the teaching quality
evaluation of teachers delivering online instruction. The experimental
setup includes three pairs of online learning videos (6 videos in total),
each of which is 10 minutes long. All courses are taught in one-to-
one form in Chinese language, and the content focuses on high
school mathematics, specifically elliptic problems in conic curves and
equations [16]. In addition to evaluating students’ learning processes,
the system also considers the interaction between teachers and
students. The output indicators include students’ Affective Frequency
Index, Affective Correlation Index, and Affective Arousal Level, and
we verify the correlation between the Granger causality test of the
teacher-student emotional sequence and the sequence.

III. THE PRESENT STUDY

Given the lack of behavioral measures and justification methods
for teacher and student sentiment, the present study aims to identify
teachers’ and students’ emotions through affective computing. The
current research uses affective computing to perceive the emotions
of teachers and students, monitor their emotional states during the
teaching process, and examine the correlation between teacher and
student emotions and teaching satisfaction. The facial detection
emotion method can anticipate students’ learning status, allowing
for real-time feedback, and thus obviating the need for self-reporting.
This could potentially provide teachers with real-time information
about students with sub-optimal learning status, allowing them to
dynamically correct or adjust their teaching methods or focus, thereby
improving learning outcomes. The observed facial emotions can
also be used to assess learner engagement and satisfaction, thereby
providing an effective feedback mechanism for improving teaching
quality and teacher-student interaction.

This research aims to:

1. Build an end-to-end real-time classroom assessment scoring
system.

a) Use YOLO to build a teacher and student facial emotion
recognition model.

b) Establish a teaching satisfaction model through deep
learning and emotional contagion of teachers and students.

2. Use the teaching evaluation scale scores to verify the effectiveness
of the instant teaching evaluation system.

IV. METHOD

A. Participants

5 teachers (2 males and 3 females) conducted the teaching for 25
graduate students (13 males and 12 females) in fields related to deep
learning.

The experimental environment is long-distance synchronous
teaching. The resulting database is called the “Emotion and Teaching
Satisfaction Database”. The teaching content of the course is divided
into sub-units. Teacher-student interaction was recorded on video,
with students asked to complete a teaching evaluation (using a five-
point Likert assessment scale) after each unit as the basis for teaching
satisfaction scores. Fig. 1 shows the experimental process.

Synchronized distance
online teaching

Camera recording emotions
(Teachers and Students)

Unit teaching

« Likert scale calculation score
« Score range: points
Complete the assessment « The formula is as follows:

form at the end of the unit Nt
1
— Zsu if (n#3)
=

Get Teaching
Satisfaction Score

The third question (n = 3) is to test
whether it is a lie.

Fig. 1. Experimental design.

The Emotion and Teaching Satisfaction Database classifies emotions
as joy, neutrality, anger, disgust, fear, sadness, and surprise [11]. The
emotional data derived from teachers in the experiments are 3770 still
images of the teachers’ facial expressions produced while speaking,
while an additional 1230 images were taken of students. Neutral
emotions account for the largest proportion of images, followed by joy,
sadness, anger, fear, disgust and surprise. Fig. 2 shows that teachers
and students showed similar distributions of various emotional
patterns. We can assume that the transmission of knowledge during
the teaching process will be accompanied by student perception of the
teachers’ emotional state [2].

B. Experimental Procedure

The system construction process is divided into four steps and is
explained in sequence as follows:

Step 1. This research recorded videos of multiple teachers and
students engaged in remote synchronous teaching. Following each
course unit, students were asked to complete an online assessment
of the teaching content and performance. Students are asked to rate
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Fig. 2. Distribution of emotional states in the classroom.

the teacher’s teaching content to obtain course satisfaction scores and
establish an “emotion and teaching satisfaction database”.

Step 2. A model trained in WIDER FACE [39] was used to assist in
automatic labeling, obtain the facial coordinate values and reference
emotion categories of teachers’ and students’ classroom emotions,
and then re-label the emotion states through the basic emotion
operation definition to establish classroom sample labels. In this
study, the classroom emotion data set is used as training data to
establish real-time emotion recognition models suitable for multiple
teachers and students.

Step 3. We then discuss the emotional rendering of teachers and
students in the course and the impact of classroom emotions on
teaching satisfaction. First, we align the synchronized teacher and
student videos, and respectively input the streams into the teacher
and student classroom emotion recognition models. At this stage,
the prediction results of the basic emotions are output, the teacher
and student emotion recognition categories are arranged in sequence
according to the continuity of the images, and the two output results
are combined.

Step 4. Finally, the results of the image sequence are used as
training data to establish a satisfaction score prediction model. In the
verification stage, the analysis model and the actual evaluation scale
score demonstrate the model’s validity. This research aims to combine
the above frameworks to construct an end-to-end real-time teaching
evaluation system based on teacher-student emotional rendering. The
research process of Steps 3 and 4 is shown in Fig. 3.

Teachers’ real-time emotion
recognition model

i
Teacher

emotion sequence

Students’ real-time emotion
recognition model

4

Student
emotion sequence

Aligned Teacher Videos Aligned Student Videos

The emotional
sequence of
teachers and
students in

classroom

v

‘ Classroom Teaching Satisfaction System ‘

' 4

Fig. 3. Proposed system framework.

C. Instruments

1. End-to-end System Overview

YOLO’s image capture function can receive the URL of a specific
IP camera. The primary implementation method uses Real Time
Streaming Protocol (RTSP) for still and video images transmitted over
the network. The system can use an IP camera over wireless Internet to
monitor remote teachers and students. The IP camera converts image
signals into packets for wireless real-time transmission under the RSTP

protocol. Next, multiple threads are used to simultaneously execute
the YOLO real-time emotion recognition model in the classroom
for teachers and students, while detecting the classroom images of
teachers and students in real-time (1fps), and exporting the YOLO
model’s discrete emotion sequence output into the trained LSTM for
a fixed period. The model then predicts a teaching effectiveness score,
as shown in Fig. 4.

camera - Teacher

i

rtsp server

Run YOLO
« teacher emotion detection (1s)
« student emotion detection (1s)
-> generate Istm input

“~__ Push RTST

=

Push RTST

Run predict

« input: teacher & student emotions
« model: LSTM

« output: 1~5 score

camera - Student

i

rtsp server

Fig. 4. End-to-end system data transfer.

2. Deep Learning Technology: YOLO Model

Taking the YOLO series as the representative of the classic
one-stage detectors, the entire network structure consists only of
convolutional layers and input images. The target category and
position are directly returned after the convolution operation. This
method has fast inference speed but low accuracy. It applies an end-
to-end neural network to divide the image into grid regions while
predicting the boxes in each region of the grid, treating the object
detection problem as a regression problem. The model only needs to
perform one operation. Each grid is only responsible for objects whose
centers are within the grid and predicts the coordinates of the boxes
and their scores. Each resulting rectangular box corresponds to a five-
dimensional output, coordinates and confidence. The model uses the
YOLOv5s architecture to establish emotion recognition models for
teachers and students. The teacher and student classroom emotion
datasets are divided into training, validation and testing sets with a
ratio of 8:1:1, and the COCO pre-training weights are loaded into the
PyTorch framework for transfer learning.

3. Deep Learning Technology: LSTM Model

This study’s teaching satisfaction prediction model is constructed
based on a many-to-one LSTM. We align a segment of the teacher
images and multiple student images for each unit chronologically.
Since the video is recorded at 30fps, the maximum speed of the
emotion recognition model to predict an emotional state once is 0.03
seconds. In this study, an image is predicted at 1-second intervals,
and two streaming images of teachers and students are respectively
input to the teacher’s and the student’s emotion recognition models
for emotion recognition (basic emotion) based on the corresponding
teacher input. Two segments of the same time sequence are obtained.
If there is no detection at the beginning of the video segment, the facial
emotion is used to replace the facial emotion with neutral emotion,
and if it is in the segment, it is replaced with the value of the previous
emotion sequence. The classroom videos for each unit are mostly
about 5 minutes long after alignment, thus we can obtain teacher and
student emotional sequences with a length of 300 seconds. We then
send the discrete emotions with the time series relationship into the
LSTM model to achieve the prediction of satisfaction scores as shown
in Fig. 5.

D. Data Analysis

1. Evaluation of Emotion Recognition

Below we provide a brief description of the indicator definitions
used to assess the YOLO model’s performance:
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Input of Data

1. Multiple CSV files

2.Each CSV file is a sequence of video alignments of a
student and a teacher in a unit, corresponding to a
satisfaction score.

3.Generate sample data according to fixed-length
emotional sequences and cuts.

T
T

Fig. 5. LSTM input data processing method.

Box loss measures the difference between the predicted bounding
box and the ground-truth bounding box.

Obj loss measures the difference between the predicted objectness
and the true objectness. Objectness is defined as whether there is
an object in the image.

Cls loss measures the error between the predicted class of a
detected object and its actual class.

mAP_0.5 is the mean precision defined by the VOC dataset.
mAP_0.5:0.95 is the mean precision defined by the COCO dataset.

In the study, objective evaluation metrics such as Precision, Recall,
mAP (mean average precision), and F1 score were used to evaluate
the performance of the trained classroom emotion recognition model,
calculated using Eqs. (1) to (4):

Precision = —"

recision = ——— (1)
_ TP

Recall = TP + FN (2)
_1yN

mAP = CZK:i P(K)AR(k) 3)

F1= T 2 T
Precision T Recall (4)

Among them, TP represents the number of correctly identified
target emotions; FP represents the number of backgrounds incorrectly
identified as emotions; FN represents the number of unrecognized
emotions; C represents the number of target emotion categories;
N represents the number of thresholds, K is the threshold, P(k) is
precision, and R(k) is recall.

2. Evaluation of Satisfaction Score

Root mean squared error (RMSE) is a statistical indicator commonly
used for testing neural network models, and is used here to analyze
the degree of agreement between the predicted value and the actual
value. The smaller the RMSE value, the higher the consistency between
predicted and actual values. The smaller the deviation between the
predicted and actual values, the more accurate and reliable the model's
prediction result is. Therefore, RMSE can accurately reflect model
performance, and is calculated using Eq. (5):

ZiNzl( Predicted j— Actual {)?
N

RMSE J )

To further verify the feasibility of the satisfaction score model, this
study divides the satisfaction score into five levels including A, B, C, D,
and E. Class interval = total interval/number of groups. The number of
groups is 5. The sentiment sequence is input into the LSTM model to
predict the score. Based on the group distance, the satisfaction prediction
results and the actual value of the evaluation scale were divided into
different intervals to analyze the mean and standard deviation. In

addition, statistical satisfaction scores and prediction consistency
(number of errors < 0.55) are used to judge the model's quality.

In addition to the above methods, the verification phase is
considered. The Pearson correlation coefficient is also used to assess
how well the model relates to the ground truth. The Pearson correlation
coefficient is used to reflect statistics of linear correlation between two
variables [40], with a value between -1 and 1, calculated using Eq. (6):

_ S (iD=
rxy - n )2 n )2
JEraein 5,009

(6)

where x and y represent the two variables, x, is the value of the
actual score; y, is the value predicted by the model; n is the total
number of samples. The higher the absolute value of r,, the higher
the correlation between the actual score and the model prediction.
A coefficient value of 0.7 or greater is considered to indicate a high
degree of correlation, 0.3-0.69 is a moderate correlation, and below 0.3
is a low correlation.

V. RESULTS

A. Students' Classroom Emotion Recognition

The classroom teaching situation observed 25 students for seven
emotional states, producing a total of 1230 student classroom emotion
data items which were divided into training, verification and testing
sets at a ratio of 8:1:1. The student emotion recognition model is
applied to the test set validation (123 images). Table I shows that
the average precision of the seven emotions is between 0.939 and 1.
The average recall is between 0.984 and 1, while mAP@0.5 is 0.995,
and mAP@.5:.95 falls between 0.99 and 0.995. The recall of neutral
emotions is slightly lower than that of the other categories which were
classified into other emotional categories.

TABLE 1. EXPERIMENTAL RESULTS OF STUDENT EMOTION RECOGNITION MODEL

Class Labels Precision Recall mAP@0.5 mAP@.5:95
all 123 0.984 0.998 0.995 0.994
neutral 60 1 0.984 0.995 0.994
happy 26 1 1 0.995 0.991
sad 20 0.976 1 0.995 0.99
angry 6 0.998 1 0.995 0.995
fear 3 0.972 1 0.995 0.995
disgust 1 0.939 1 0.995 0.995
surprised 7 1 1 0.995 0.995

B. Teachers' Classroom Emotion Recognition

The teachers’ classroom emotional data set included a total of 3,770
samples, approximately three times that of the students' classroom
emotions. In classroom teaching, the teacher's speech expression
involves the movement of facial muscles which affect mouth shape,
thereby increasing the complexity of emotion recognition. Therefore,
we use richer facial expressions to train the teachers' classroom
emotion recognition model. We observed five teachers for seven
emotional states, with the resulting samples divided into training,
validation and test subsets at a ratio of 8:1:1.

The teacher emotion recognition model, is applied to validate the
test set with a total of 377 images. Table II shows that the average
detection precision for the seven emotional states is between 0.939 and
0.993, with an average recall between 0.933 and 1. mAP falls between
0.942 and 0.995, and mAP@.5:.95 falls between 0.817 and 0.965. The
lowest mAP@0.5 is for angry, mainly because other emotion categories
were misclassified as angry.
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TABLE II. EXPERIMENTAL RESULTS OF TEACHER EMOTION RECOGNITION MODEL

Class Labels Precision Recall mAP@0.5 mAP@.5:.95
all 377 0.981 0.98 0.981 0.875
neutral 144 0.991 1 0.994 0.965
happy 84 0.988 0.964 0.986 0.952
sad 40 0.975 0.974 0.979 0.881
angry 31 0.939 0.985 0.942 0.834
fear 29 0.993 1 0.995 0.827
disgust 20 0.991 1 0.995 0.817
surprised 30 0.989 0.933 0.975 0.848

C. Satisfaction Prediction Model

RMSE was used to evaluate the model's prediction performance,
and the average deviation of the predicted value from the actual
value was calculated to reflect the model's prediction quality, with a
smaller value indicating better prediction results. Table III shows the
loss functions for predicting teaching satisfaction scores for different
emotion sequences models (i.e., length sequence, step size, emotion
category). The basic emotions include anger, disgust, fear, happiness,
sadness, surprise, and neutral. Binary emotions include positive
and negative emotions. Table III shows that the best model for the
experimental data is the basic emotion, with an emotion sequence of
160, a step size of 30, and an RMSE value of 0.1721. The RMSE after
normalization of the satisfaction score is 0.1741, and the RMSE of both
models is less than 0.2.

TABLE III. RMSE DAaTtA COMPARISON

Length + Basic BasTc Binary Blna.ry
. emotion . emotion
Step emotion . emotion .
(minmax) (minmax)
80 + 30 0.2817 0.2487 0.3391 0.3307
160 + 30 0.1721 0.1741 0.2506 0.2434
160 + 60 0.2170 0.2322 0.3066 0.2192

Table IV shows the correlation between the model prediction
results of different emotion sequences (length sequence, step size,
emotion category) and the actual teaching satisfaction scores. The
best model for the experimental data is the basic emotion, with an
emotion sequence of 160 and a step size of 30. The Pearson correlation
coefficients before and after the normalization of the satisfaction
scores are 0.9796 and 0.9781, respectively.

TABLE IV. PEARSON CORRELATION COEFFICIENT DATA COMPARISON

Length + Basic Bas¥c Binary Blna.ry
. emotion . emotion
Step emotion . emotion .
(minmax) (minmax)
80 + 30 0.9407 0.9515 0.9141 0.9138
160 + 30 0.9796 0.9781 0.9594 0.9616
160 + 60 0.9642 0.9578 0.9277 0.9643

Tables III and IV show the error and correlation between the
predicted value of each model and the actual value. The basic
emotional model and the positive and negative emotional models are
compared using the same training data. The basic emotional model
with a sequence length of 80 or 160 and a step size of 30 outperforms
the positive and negative emotional models. When observing the
changes in the emotional sequence, since the positive and negative
sequences have only binary values, few features can be expressed
through emotional contagion. Relative to the correspondence between

basic emotions, the seven discrete emotions are more refined and
suitable for observing the rendering phenomenon in the classroom
and applying it to assessment of teaching satisfaction.

Next, we use a finer degree of granularity to observe the basic
sentiment model predictions with RMSE below 0.2. When the emotion
sequence is set to 160 and the step size is set to 30, the RMSE is 0.1721
and 0.1741. However, it is impossible to know whether the predicted
situation conforms to the actual situation, that is, whether the model
can distinguish the satisfaction score. First, the actual teaching
satisfaction scores are divided into five groups from low to high,
where the total distance is 2.75, and the group distance is 0.55. The
total number of samples assigned to A~E is respectively 67, 54, 60, 60,
and 36.
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Basic Emotion + Minmax
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Fig. 6. Standard deviation and mean of emotion sequence 160 + step 30 model.

From the left to the right of Fig. 6, E is most prone to overestimation
in all intervals. As shown in Table V, the average value of basic
sentiment plus Minmax model overestimation error is 0.2357, and
almost all predicted values are for overestimation, with an average
overestimation error of the basic sentiment model of 0.1161. The
average overestimation error of the Minmax model in the D area is
0.0964, while the average underestimation error is 0.1703. The average
error of overestimation is smaller than that of underestimation, while
the basic sentiment model is overestimated. The average error is
0.1427, and the average underestimation error is 0.0828. The average
overestimation error is more significant than that of underestimation,
which is opposite to the situation of the Minmax model where
underestimation in the C area is severe, and the standard deviation
of its distribution is the highest of all standard deviations, while the
underestimation is the highest among all standard deviations. The
MinMax model’s underestimation in area C is particularly severe.
The standard deviation of its distribution is the largest of all, and the
underestimation error is the worst among all interval predictions, with
an average value of 0.1811. However, without applying MinMax, the
average values of overestimation and underestimation errors for the
basic sentiment in area B do not exceed 0.15. Additionally, the averages
for both models are slightly higher than the actual average values,
indicating a tendency to overestimate. In contrast, area A shows the
best performance among the five intervals. For both overestimation
and underestimation in area A, the average error for the two models is
less than 0.1. However, the basic sentiment model performed slightly
worse in the low partition (E). Therefore, the MinMax model was
selected as the best-performing model.

This study also explores potential over- and underestimation of
the predicted value. The results predicted by the test set are divided
into five-level groups, where class interval = total distance/number
of groups. Given five sets, the set distance is 0.55. Therefore, 0.55 is
set as the threshold value, and the statistical prediction value is the
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TABLE V. THE RaT1O oF HiGH AND Low ERROR > THRESHOLD VALUE

Interval A B C D E
Basic emotion
Overestimated mean error 0.0521 0.1321 0.0891 0.1427 0.2357
Underestimated mean error 0.0554 0.0665 0.1711 0.0828 0.0205
Basic emotion + Minmax
Overestimated mean error 0.0658 0.1322 0.0686 0.0964 0.1161
Underestimated mean error 0.067 0.0839 0.1811 0.1703 0.0469
TABLE VI. THE Rat10 oF HIGH AND LOW ERROR = THRESHOLD V
Length + Step Basic emotion Baéif;ﬁg::)o n Binary emotion Bin(?;i’n(:::;t)ion
Proportion Overestimate ~ Underestimate ~ Overestimate ~ Underestimate =~ Overestimate ~ Underestimate ~ Overestimate ~ Underestimate
80 + 30 1.4% 4.82% 1.4% 3.42% 1.4% 7.04% 2.21% 6.43%
160 + 30 0.36% 0.72% 0.36% 1.08% 0% 2.88% 1.44% 0.72%
160 + 60 0.59% 1.19% 1.78% 2.38% 2.38% 2.38% 1.78% 0.59%

proportion of the number of high and low estimates of the actual score
> 0.55. As shown in Table VI, when the basic emotion and emotion
sequence is 160, and the step size is 30, the number of overestimation
greater than or equal to the threshold is only 0.36%, and the number of
underestimation greater than or equal to the threshold is 0.72%; after
the satisfaction score is normalized, the number of overestimation
greater than or equal to the threshold is 0.36%, and the number of
underestimation greater than or equal to the threshold is 1.08%.

VI. D1scUSSION

Questionnaires are generally used to solicit student assessments
of teaching quality [15]. However, traditional questionnaire surveys
suffer from two limitations in this context. First, since the survey
time points fall before the midterm exam and before the final exam,
teachers can only obtain teaching feedback at fixed time points. In
addition, students may be motivated to not respond truthfully for fear
of affecting their final course grade. At the same time, if the evaluation
is a consideration for teacher career development and advancement,
teachers will tend to seek to please students rather than improve the
quality of teaching, and thus defeating the purpose of the evaluation.
However, providing teachers with immediate and objective feedback
on teaching satisfaction would effectively help teachers improve their
teaching methods [41].

Teachers' emotions have a crucial impact on students' emotions
in the classroom. Previous studies on classroom emotions mainly
used self-reporting scales to assess emotions [42], [43], but responses
to such surveys will be affected by personal subjective emotional
experience or memory bias. A more objective alternative is to use
facial emotion recognition [34], [36], paired with real-time automatic
emotion detection from streaming images of teachers' and students'
faces, thus overcoming problems raised by complex facial image
preprocessing [12].

However, the quantitative scores output by the traditional
“Classroom Assessment Scoring System (CLASS)” [16], [44], [45], [46],
[47] are relatively subjective scores customized by researchers, and
there is no standard for comparison. Due to the scarcity of teaching
materials, it is impossible to more objectively adjust and verify the
thresholds and score conversion formulas set in the scoring process.
This research focuses on the emotional contagion of teachers and
students in the teaching evaluation system. The proposed approach
thus presents improved application value and practicability.

This research analyzes the facial expressions of students and
teachers in classroom videos, creating models for the identification
and prediction of emotional changes of students and teachers
during class. Compared with existing teaching evaluation methods,
the proposed approach offers two advantages. First, the evaluation
scores based on detected facial expressions are more objective and
reliable than questionnaire responses. Second, the proposed system
evaluates teaching performance in real-time allowing for timely
adjustment. The system consists of two parts: First, the YOLO
model is used to automatically detect the emotions of teachers and
students during the teaching process; Then, combining the emotional
contagion mechanism with the teaching evaluation scale, the teaching
satisfaction prediction model constructed by LSTM will quickly output
the classroom satisfaction score. This allows teachers to dynamically
adjust their teaching methods or mode of interaction with students to
effectively improve learning outcomes.

VII. CONCLUSIONS

This research proposes an end-to-end classroom assessment system
constructed by deep learning technology, with two specific research
contributions.

First, we establish a YOLO model for real-time teacher and student
classroom emotion recognition. After training using image-based
emotion data of five classroom teachers, the accuracy rate of emotion
model recognition reaches 98.1%, while accuracy for the students’
model reaches 99.5%.

Second, we conduct correlation analysis between the time series
LSTM model based on the emotional contagion of teachers and
students and the classroom satisfaction scale. The RMSE of this
study’s best regression satisfaction prediction model is 0.1741, with a
mean and standard deviation of 3.73 (+/-0.83). The mean and standard
deviation of the accurate five-point scale was 3.75 (+/- 0.81). The
Pearson correlation coefficient between the prediction results of the
best model and the actual scale scores is 0.9781, which verifies that
the model has a certain degree of reliability in predicting teaching
satisfaction.

With the application of artificial intelligence technology, the
system score can more directly reflect the learning situation than the
traditional student evaluations of teacher performance. The proposed
system directly provides real-time reference information for those
involved in classroom teaching activities, allowing both teachers and
students to dynamically adjust to improve learning efficiency. The
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proposed end-to-end system is both real-time and objective. With
appropriate environmental conditions and equipment, facial emotion
recognition does not require additional classroom observations during
the teaching process. Remote online synchronous learning is emerging
as a mainstream means of instruction, and the proposed system can
provide important real-time feedback to better monitor learning status
in remote classrooms, allowing teachers to monitor their teaching
impact and make adjustments on the fly.

Future work can expand on the proposed approach and address

certain research limitations.

Support multi-person detection in traditional classrooms:

While the present research focuses on application to remote
classrooms, the techniques explored can also be applied to in-
person instruction, capturing student faces by webcam. Additional
improvements can help the system accurately identify emotional
state even if the subject is wearing a surgical mask.

Add facial emotion recognition for speakers:

This research uses the YOLO method to directly detect emotions.
It is worth adding a facial emotion recognition model for speakers,
thereby improving the accuracy for identifying the teacher’s
emotional state.

Promote teaching evaluation in various fields:

Different student characteristics, subjects, and other factors that
may affect teaching effectiveness should be considered, and
satisfaction evaluation data sets in other fields should be collected
to expand the richness of the data so that the model can be more
consistent with reality.

Address emergencies in the classroom:

In the future, the real-time teaching evaluation system can be
used to simulating a variety of emergency events that may occur
in the teaching process, such as the impact of a teacher’s anger
on emotional communication in class can be analyzed post hoc to
facilitate subsequent adjustments and improvements.
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