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Abstract: Previous studies in multimodal sentiment analysis have utilized limited datasets, partic-
ularly for the analysis of classroom atmosphere in teaching scenarios. In this paper, we present a
multimodal dataset for the analysis of classroom atmosphere, based on the behavior and voice of
teachers in teaching scenarios. The dataset includes refined video clips divided into five categories
according to the classroom atmosphere: boring, slightly boring, normal, slightly attractive, and at-
tractive in both visual and audio modalities, and text modality can be added through further anno-
tation. In this paper, we propose four visual models, three audio models, and one visual-audio dual-
modality model to be tested on our dataset. These models include ResNet-LSTM, CLIP-LSTM,
2DCNN-LSTM and 3DCNN as visual unimodals, Mel-Spectrogram-LSTM, Opensmile-LSTM and
Wav2vec-LSTM as audio unimodals, 3SDCNN-Mel-Spectrogram-LSTM as the dual-modality model.
The results of our tests show that the visual models and dual-modality model have high accuracy
on the CH-CC dataset, while the performance of the audio models is relatively low. The results
indicate that the CH-CC dataset is feasible and reliable, and that the visual modality plays a major
role in the analysis of this dataset.
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1. Introduction

Multimodal atmosphere analysis aims to extract, analyze and interpret the senti-
mental state of the environment through text, video and audio information. With ad-
vances sensor technologies, new forms of intelligent education have become possible [1],
and using deep learning to analyze classroom atmosphere through different modalities
has become essential for intelligent educational technologies to help students improve
their learning efficiency. However, there are few open-source datasets for studying class-
room atmosphere, and there has been little focus on the multimodal tasks related to the
impact of teachers on classroom atmosphere. Therefore, we propose a Chinese dataset for
analyzing classroom atmosphere based on teachers' behavior and voice and have con-
ducted evaluations of its performance.

Early sentiment analysis tasks mainly used datasets that only had one type of data,
such as text from Yelp and SST [2] datasets, images from IASP and GAPED [3] datasets,
and audio from RECOLA [4] and SWEA datasets. These datasets couldn't mimic real-
world scenarios that often involve multiple types of information. With the advancement
of multimodal, there are now more datasets like UR-FUNNY [5] and CMU-MOSEI [6] that
provide video/image, audio, and text data all at once. These multimodal datasets are more
realistic and allow models to perform more accurate sentiment analysis.

Due to the fact that most current research primarily uses everyday natural interac-
tions between people as the data basis for sentiment analysis, and class data is difficult to
obtain permission for, there are very few datasets in the field of multimodal sentiment
analysis that focus on classroom atmosphere. Additionally, these datasets have not yet
been standardized.
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Based on this, we collected classroom videos from different teachers teaching multi-
ple subjects at a Chinese middle school. After simplifying the processing, the videos were
divided into 667 segments that lasted 10 seconds each, and 20 volunteers were invited to
score the video segments based on classroom atmosphere, with a minimum score of 1 and
a maximum score of 10. According to the average score of each video, all the videos were
divided into 5 categories: 1-2 Boring, 3-4 Slightly Boring, 5-6 Normal, 7-8 Slightly attrac-
tive, 9-10 Attractive.

After this, we tested multiple visual and audio models, as well as a visual and audio
multimodal model on this dataset and obtained good accuracy, proving the dataset's
availability.

This paper introduces a multimodal Chinese classroom atmosphere dataset based on
teacher behavior and speech for the first time, which guarantees the students' information
security while providing effective data support for intelligent education in the field of
classroom atmosphere analysis and also provides necessary pre-exploration for future re-
search on using intelligent education systems to help improve teaching quality.

2. Related Work

In this section, we briefly review previous research on multimodal datasets and mod-
els, and contrast it with our own work.

2.1. Related Datasets

With the development of sentiment analysis and intelligent education, researchers
built up multiple datasets for the atmosphere or classroom behaviors, such as BNU-
LCSAD [7], Emotic [8], TAD-08 [9], etc. Their specific information is shown in table 1:

Table 1. Information of BNU-LCSAD, Emotic and TAD-08 datasets.

Dataset Content Size Modality Categories
9 categories of stu-
BNU-LCSAD Students’ behavior 1538 videos ~ Visual dents’ classroom be-
havior
Facial expression and 26 categories of emo-
Emotic environmental atmos- 23266 pictures Visual tions and three cate-
phere gories of atmosphere

8 categories of teach-
TAD-08 Teachers’ behavior 2048 videos Visual ers’ classroom be-
havior

In these datasets, BNU-LCSAD and TAD-08 are visual single-modality datasets for
classroom behavior, using classroom videos as samples, respectively labeling student or
teacher behavior. Emotic is a visual single-modality dataset for facial expressions and en-
vironmental atmosphere, which labels the atmosphere into three categories. Researchers
can use these datasets to conduct visual modality classification research on teacher or stu-
dent behavior in the classroom, or to study factors that affect visual modality analysis of
atmosphere.

2.2. Dataset used in this experiment

Compared to the three datasets mentioned earlier, the CH-CC dataset also provides
data in the audio modality, and focuses on classifying the classroom atmosphere. Re-
searchers can use this dataset to perform audio, visual single-modality, and audio-visual
multimodal atmosphere analysis. In future research, researchers can also add text
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annotations to the video, enabling tri-modal atmosphere analysis. The information of CH-
CC dataset is shown in table 2:

Table 2. Information of CH-CC dataset.

Dataset Content Size Modality Categories
t ies of teach-
Teachers’ teaching . Visual 5 categories o teac'
CH-CC . 667 videos . ing atmospheres in
videos Audio

the classroom

2.3. Related Models
2.3.1 Video processing models

Currently, for video classification tasks in visual modality, the following model
schemes are available:

1) Recognition method combining CNN and LSTM. This method generally uses CNN
or other 2D feature extraction networks to extract image features from the raw data, then
inputting the features into LSTM to obtain the temporal relationship between features,
and finally outputting from classifier to recognize and classify videos. This method is used
in models such as Motion-Aware ConvLSTM [10] and STS-ALSTM [11].

2) Method using C3D networks. This method generally uses 3DCNN or other 3D
feature extraction networks to directly extract image and temporal features from videos
and output from classifier to recognize and classify videos. This method is used in models
such as C3D[12], T3D[13] and R-M3D[14].

3) Two-Stream method. This method generally uses two CNNs or their derivatives
to extract image features and temporal features respectively from raw data, then fusing
them and outputting from the classifier to recognize and classify videos. This method is
used in models such as TSN[15] and TRN[16].

2.3.2. Audio processing models

A spectrogram can visually represent the changes in sound signals over time. It can
be obtained by dividing the input signal into frames, applying windowing, and perform-
ing a discrete Fourier transform. After processing, the spectrogram is further input into a
Mel filter for dimensionality reduction to enable efficient training of the network. The Mel
filter applies non-linear processing to linear frequency bands, increasing the weight of low
frequencies and decreasing the weight of high frequencies to emphasize relevant fre-
quency ranges. This processed spectrogram is called a Mel-Spectrogram, which effectively
helps the network learn audio features.

Besides spectrograms, other standard parameter sets or pre-trained models can also
be used to extract audio features. Due to the focus on certain audio features, such as the
time and frequency domains, in audio-based emotion recognition, there may be thou-
sands of low-level parameters involved. Using standard parameter sets or pre-trained
models can efficiently extract these audio features that meet the requirements of sentiment
analysis.

2.4. Models used in this experiment

The model used in this experiment begins with a simpler network structure in order
to reduce complexity and improve training efficiency. On this foundation, it attempts to
explore network structures that are more complex but generally have better performance
on the dataset.

This experiment, based on the method of combining CNN and LSTM mentioned in
section 2.2.1, selected three models: 2DCNN-LSTM, ResNet-LSTM, and CLIP-LSTM.
Based on the method of using C3D network, one model, 3DCNN, was also selected. A
total of four models were used as test models for visual modality.
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This experiment used Mel-Spectrogram extracted by the LibROSA toolkit [17], audio
features extracted by the GeMAPS standard parameter set provided by the Opensmile
[18] and Wav2vec [19] pre-trained model as inputs. These three models were used for
audio modality testing, which processed the sequences through LSTM and finally per-
formed classification.

The models in the experiment included a relatively basic network in relevant fields
to reduce network complexity and improve training efficiency; based on it, it had a try of
some network structures with generally better performance to explore the performance in
this dataset. After testing with single modality models, this experiment combines the vis-
ually and audibly best single modality models, 3DCNN and Mel-Spectrogram-LSTM, into
a dual modality model using the Two-Stream method mentioned in section 2.2.1, and tests
its performance on the dataset.

3. CH-CC Dataset

We present a multi-modal Chinese classroom atmosphere dataset CH-CC based on
teacher behavior and speech, which includes 667 refined video segments, each segment
classified into five levels of classroom atmosphere from low to high. Categories and their
sizes are shown in table 3:

Table 3. Categories and their sizes (Number of videos) in CH-CC dataset.

Total Boring  Slightly Boring Normal Slightly Attractive  Attractive
667 35 41 203 356 32

3.1 Data Collection and Processing

We collected multiple classroom videos of different teachers during multiple teach-
ing sessions by placing cameras behind the classroom, the main subject of the video is the
teacher, and the teachers and students in the video are from the same middle school in
Chongging, China. We used Adobe After Effect software to remove the parts of the video
where the teacher was not teaching and divided the video into 667 segments of 10 seconds
each with a size of 1280*720, and these segments were labeled and classified according to
the scores given by volunteers.

3.2. Annotation

We invited 20 volunteers to score the video segments based on the classroom atmos-
phere, the lowest score being 1 and the highest being 10, and each video segment was
scored by at least 5 people. The final score for each video was obtained by removing the
abnormal scores and taking the average score. We labeled all the videos into five catego-
ries based on the final score: 1-2 boring, 3-4 slightly boring, 5-6 normal, 7-8 slightly attrac-
tive, 9-10 attractive.

4. Experiments
4.1 visual models

The convolutional neural network is one of the most classic networks for processing
visual mode classification tasks with simple structure and high training efficiency. Gau-
tam et al. successfully implemented the efficient recognition of classroom teaching videos
using 2DCNN-LSTM and 3DCNN [20]; Due to its simple structure and excellent perfor-
mance in similar tasks, our experiment chose 2DCNN-LSTM and 3DCNN models to test
on the CH-CC dataset.

ResNet [21] is a residual network designed based on convolutional neural networks.
It can avoid the performance degradation caused by overly complex network structures,
while the structure is similar to traditional 2DCNN. CLIP [22] is a currently very popular
multi-modal processing model that can output both image and text features with excellent
performance. Through it, we can explore the performance of currently efficient multi-
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modal models on this dataset. Therefore, this paper also uses ResNet-LSTM and CLIP-
LSTM as visual single-modal models on the CH-CC dataset.
In summary, this paper uses 2DCNN-LSTM, ResNet-LSTM, CLIP-LSTM, and

3DCNN as visual modal test models. The structure of the model is shown in figure 1:
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Figure 1. Structure of visual model. In the picture, the Visual Network represents four models: Res-
Net, CLIP, and 2/3DCNN. When the Visual Network is the 3DCNN model, the LSTM is not needed
as 3DCNN has its own time processing.

The specific parameters of the model are shown in Table 4.

Table 4. Parameters of visual models.

Model  Hidden Layers LSTM FcLayers Optimizer Learning Rate
ResNet-152 3 Layers;
ResNet- . . Fc1=256
LSTM Default hidden 256 hidden Fe=5 Adam le-3
layers nodes
CLIP 3 Layers;
CLIP- . . Fc1=256
LSTM Default hidden 256 hidden Feo=5 Adam le-3
layers nodes
3 Layers;
2DCNN- . Fc1=256
LSTM 32,64,128,256 256 hidden Feo=s Adam le-4
nodes
Fc1=256
3DCNN 32,48 No LSTM Fc2=256 Adam le-4
Fc3=5

4.2. Audio models

This paper uses Mel-Spectrogram extracted by LibROSA, features extracted by
Opensmile standard parameter set GeMAPS and Wav2vec as audio features input to
LSTM, and finally output from the classifier as audio modal test models, the structure of
the model is shown in Figure 2: Where Audio Network represents LibROSA, Opensmile,
and Wav2vec three feature extractors. The specific parameters of the model are shown in
Table 5.


https://doi.org/10.20944/preprints202301.0551.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 January 2023 doi:10.20944/preprints202301.0551.v1

Video Input

Slightly
Boring

Slightly

Attractive Alfractive

Normal

tw
= !
@

Atmospheres Classification

Figure 2. Structure of audio model. In the picture, Audio Network represents LibROSA, Opensmile,
and Wav2vec three feature extractors.

The specific parameters of the model are shown in Table 5.

Table 5. Parameters of audio models.

Model  Feature extracted LSTM Fc Layers Optimizer Learning Rate
?r/loe l-rs}zzc- Mel-spectrogram 3 Layers; Fel=256 Adam le-3
ga P gra 256 hidden nodesFc2=5 2
LSTM
25-dimensional fea-
Opensmiletures extracted from 3 Layers; Fc1=256
st e GeMAPSstand- o5 4 den nodesFea=s Adem 13
ard parameter li-
brary
Wav2vec- ,[768 dlmfnstor(;afl fea—3 Layers; Fcl1=256 Ad le-3
LSTM o Sasee M )56 hidden nodesFc2=5 amee
the Wav2vec model

4.3. Visual and audio dual-modality model

This experiment combines the visually and audibly single modality models with best
performance, 3DCNN and Mel-Spectrogram-LSTM, into a dual modality model, and its

structure is shown in Figure 3:
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Figure 3. Structure of visual and audio dual-modality model.

Where the learning rate is uniform at le-3, the optimizer is Adam, and specific model

parameters are shown in the Figure 4:
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Figure 4. Specific parameters of visual and audio dual-modality model.

5. Results and discussion
5.1 Results and discussion for visual modality model

The results for visual modality models are shown in Figure 5:
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Figure 5. The confusion matrix shows the recognition rate of each visual model for each category.
The vertical axis represents the category in which the recognized segments are labeled, and the hor-
izontal axis represents the category in which the model classifies the recognized segments. 1 to 5
represent boring, slightly boring, normal, slightly attractive, and attractive, respectively.

From the confusion matrix results, it can be seen that the 4 models all have high ac-
curacy on this test set, among which 3DCNN has the highest performance in the four
models. This may be because 3DCNN can extract the feature representation of a video
from 30 images at once, while the remaining three models can only extract the feature
representation of a video from 13 images due to the large computation. This means that
3DCNN can analyze videos from a wider scale. At the same time, for the analysis of ac-
tions with shorter duration, LSTM's excellence is not enough to make up for the possible
feature loss, while 3DCNN, because of its structure-built short-term time series analysis,
performs better than the other three models in this task.

5.2. Results and discussion for audio modality model

The results for visual modality models are shown in Figure 6:
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Figure 6. The confusion matrix shows the recognition rate of each visual model for each category.

In the process of testing the audio model, this paper uses the models proposed in the
papers Lezhenin, E. [23]; Eyben, F. [18], Meng, L [24]. which have good test results, that
is, using Mel-Spectrogram extracted by LibROSA, features extracted by Opensmile with
standard parameters, and features extracted by Wav2vec as the audio feature input, and
connecting the classifier as the audio modality test model. However, these methods have
not achieved ideal results on this dataset. This may be because the similarity between this
task and the tasks for which these models were used before is not high, and the audio
noise of this dataset is relatively large. After adding the LSTM part in this experiment, the
test results were effectively improved. This is because the structural characteristics of
LSTM allow the audio features that are mutually related to be retained, and after consid-
ering the sequence, the model's classification of audio becomes more accurate.

5.3. Results for dual-modality model and overall discussion

The results for all models are shown in Table 6, the performance gap between the
best and worst models for each single modality and between the bimodal and best single
modality models results are shown in Table 7, and the confusion matrix results are shown
in Figure 6:

Table 6. Testing results of all models.

Unweighted Weighted Unweighted Weighted

Model Accuracy Accuracy F1 F1

CLIP-LSTM 73.13% 64.46% 62.34% 72.02%
ResNet-LSTM 65.67% 66.67% 57.39% 65.71%
2DCNN-LSTM 70.15% 76.67% 72.90% 69.57%
3DCNN 72.16% 72.33% 75.10% 72.15%
Mel-spectrogram-LSTM 52.74% 32.32% 30.57% 51.86%
Opensmile-LSTM 59.70% 28.15% 25.66% 52.33%
Wav2vec-LSTM 49.25% 23.15% 22.18% 47.19%

Mel-spectrogram-3DCNN  77.15% 75.72% 76.36% 77.90%
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Table 7. Results of performance gap between the best and worst models for each single modality
and between the bimodal and best single modality models.

Unweighted Weighted Unweighted Weighted

Model Accuracy T Accuracy T F11 F1 1
ASDCNN 6.49% 5.66% 17.71% 6.44%
(Compared with ResNet-LSTM)

AMel-spectrogram-LSTM 3.49% 9.17% 8.39% 4.67%
(Compared with Wav2vec-LSTM)

AMel-spectrogram-3DCNN 4 gg0, 3.39% 1.26% 5.75%
(Compared with 3DCNN)

AMel-spectrogram-3DCNN 24.41% 43.40% 45.79% 26.04%

(Compared with Mel-spectrogram-LSTM)

As shown in Table 6 and 7, in the visual single modality, the 3DCNN model has a
higher F1 score than other models, with the highest improvement reaching 17.71%; in the
audio single modality, the Mel-spectrogram-LSTM model has a higher F1 score than other
models, with the highest improvement reaching 8.39%. This represents that these two sin-
gle modality models have a higher recall rate and precision rate in similar atmosphere
classification tasks. CLIP, Resnet, Opensmile, and Wav2vec are feature extraction models
that use pre-trained parameters, and their performance is relatively low. This may be due
to the fact that the task of this dataset is not very similar to most mainstream tasks, and it
is not suitable to use pre-trained model weights for mainstream tasks when extracting
features. Therefore, they need to be trained separately. The four indicators of the dual-
modality model are the highest, and the performance of the audio single-modality model
has been greatly improved, which indicates that inputting the audio and visual modalities
at the same time is more beneficial for completing similar atmosphere classification tasks.
Such classification tasks should be dominated by visual modalities and supported by au-
dio modalities.
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Figure 7. The confusion matrix of the best image model, best audio model, and best dual-mode
model.

As can be seen from the results of the confusion matrix (Figure 7) and performance
comparison table (table 6,7), the dual-mode model has a higher accuracy on this dataset,
and is significantly better than the two single-mode models. This is because the dual-mode
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model uses the two-stream method, using one model to extract image features that con-
tain time and using another model to extract audio features that contain time, and then
fusing the two features together for classification. Compared to the single-mode model,
the dual-mode model can consider more features for fine-grained classification of the at-
mosphere. The data in Figure 6 also proves the feasibility of using this dataset to train a
dual-mode model.

The optimal results of the unimodal and bimodal models tested on the data set are
shown in Table 8:

Table 8. Results of the unimodal and bimodal models tested on the dataset.

Unweighted Weighted Unweighted Weighted
Task
Accuracy Accuracy F1 F1
A 59.70% 32.32% 30.57% 52.33%
\Y 73.13% 76.67% 75.10% 72.15%
M 77.15% 75.72% 76.36% 77.90%

As shown in the Table 8, the visual mode and audio-visual dual-mode model results
are more accurate, and the accuracy of the model that only uses the audio single-mode is
lower.

5. Conclusions

In tests on this dataset, models with 3DCNN or derivative structures performed bet-
ter for image feature analysis. For audio feature analysis, using LSTM structures for time
series analysis on Mel spectrograms significantly improved accuracy. Compared to using
feature extraction models with pre-trained weights, this dataset's classification task re-
quires more weight training for the feature extraction part of the model from scratch. Re-
sults from the comparison experiments showed that this dataset is feasible and effective
for emotional calculation of classroom atmosphere for both single-mode and dual-mode
models.

In the future, we will further explore tri-modality models” performance on CH-CC
dataset through additional text annotation. Additionally, this dataset will be adding more
samples and label content to meet the further research requirements of intelligent educa-
tion in the field of guiding teachers to adjust classroom atmosphere and improve students'
attention in class.
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