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Abstract. Normal college students practice their teaching skills to prepare for
their teacher career. However, due to the complexity of teaching skills and the
overburdening of instructors, their needs for instructional feedback are often not
met. To server automatic feedbacks to normal college students, this paper proposes
a deep learningmodel, called Pose+Contex, to recognize three types of non-verbal
teaching behaviors (NVTB). The model includes three parts: (1) context detection,
(2) pose estimation, and (3) behavior recognition. Our model is featured by the
context detection component, and experiments show that it performs better than
a similar model without this component.
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1 Introduction

Teacher training system in China has produced a large number of teachers to K12-
education, and the training of teacher’s teaching skills is highly valued by the education
department. Before teaching career, normal college student (also called normal students)
practice their teaching skills mainly in campus. Among various training activities for
teaching skills, post-class reflection is a critical part for the self-improvement of normal
students, which relies on feedbacks from the instructors. Due to the complexity of teach-
ing skills and the overburdening of instructors, the needs for instructional feedback are
often not met, and instruction in non-verbal teaching behavior is particularly lacking.

Compared with verbal expressions, teachers’ nonverbal behavior is a kind of “silent
language”, including the position in classroom, gesture, gaze and facial expressions, etc.
[1]. Many researchers believe that teachers’ nonverbal behaviors in the classroom have
a non-negligible impact on student learning [1–6], such as the improvement of teacher-
student relations, the enhancement of classroom teaching effects and student learning
efficiency [1].However, normal students’ nonverbal behavior problems are often exposed
during the teaching practice, due to the lack of practical experience, relevant training
and self-confidence of normal students, as well as overburdening of instructors.
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Although the related research on teacher reflection by video analysis has been stud-
ied for a few decades [7], the analysis of non-verbal behavior still needs to be further
expanded in the field of classroom teaching analysis. With the new development of big
data and artificial intelligence, Computer Vision (CV) has reached an unprecedented
state. In the field of CV, human pose estimation is one of the major breakthroughs have
been made. It is promising to develop video analysis systems based on this technology
to diagnosis non-verbal behavior problems for normal students just in time. Therefore,
this article explores the extension and application and of pose estimation technology in
helping normal college students’ training.

2 Related Work

2.1 Category of Teachers’ Non-verbal Behaviors

The classification of NVTB is the prerequisite for detecting and analyzing normal col-
lege students’ teaching behavior pattern. Prof. Shen classified NVTB into seven cate-
gories based on the level of teachers’ support for students, including enthusiasm-support,
acceptance-help, elaboration-guidance, intermediate, avoid-falter, neglect, and disagree
[14]. Cui and Wang divide NVTB into two categories, including body language and
scene according to the relationship between the communicator and the context [15].
Tang classified NVTB into static behaviors, such as people’s spatial position and body
posture, and dynamic behaviors, such as sign language and head Sentimental language,
gaze and facial expressions [16]. Liu’s extend Tang’s theory to add interpersonal com-
munication as a new type of NVTB, such as interpersonal distance, body orientation,
etc. [17].

2.2 Human Pose Estimation and OpenPose

In computer vision research, pose estimation refers to the process of recovering human
joint points from a given image or a video, which is a very challenging research problem
[19]. The key points of human skeleton are of great significance for describing human
posture and predicting human behavior, such as behavior recognition, task tracking,
and gait recognition [18]. Human pose estimation algorithms can be divided into two
methods, based on traditional methods and methods based on deep learning. The tra-
ditional pose estimation algorithm is mainly based on the image structure model [20,
21], which is not robust caused by data factors such as shape, angle, and occlusion. The
pose estimation algorithm based on deep learning has been developed rapidly in recent
years [21]. So far, the methods of using deep learning for multi-person pose estimation
are roughly divided into two types: top-down method and bottom-up method. Top-down
(top-down), that is, the human body is detected first, and then the posture of a single
person is estimated [22, 25–27]. Bottom-up (Bottom-up) is to first detect the human body
joint points, and then connect the human body skeleton according to the detected joint
points [23, 24, 29]. Generally speaking, the top-down pose estimationmethod has higher
accuracy, but its processing speed is lower; the bottom-up method has a slightly lower
accuracy than the former, but it runs faster than the former and can achieve real-time
Detection [29].
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OpenPose is currently a commonly used gesture recognition model. Using a bottom-
up method, it can quickly and accurately obtain the skeleton key point coordinates of the
characters in the image, which is suitable for single and multi-person recognition [28].
OpenPose can realize the recognition and estimation of the key points of the skeleton of
multiple people’s bodies, faces and hands. It has good robustness, so it can be used for
application research related to gesture recognition [28–30].

To summarize the related works of this paper, we argue that the current research on
non-verbal behavior analysis and its application in normal college students’ training is
still in the preliminary stage. There are particularly few studies aiming at recognizing
normal college students’ attention-related non-verbal behavior, like focusing on the
audience, podium and the classroom screen. These behaviors may have influenced their
teaching performance [14], and statistics analysis of this data would be inspiring for
moderating allocation during normal college students’ teaching practice.

3 The Pose+Context Model

The aimof thiswork is to recognize normal college students’ attention-related non-verbal
behavior, including:

• Ca: a normal student focus on the audience in classroom.
• Cp: a normal student focus on the podium (teacher’s desk).
• Cs: a normal student focus on the classroom screen.

The proposedmodel is called the Pose+Context model as shown in Fig. 1. It has three
components: (1) Context detection: locate the area of the podium through the object
detection algorithm in each image. (2) Pose estimation: extract the skeleton key points
of normal college students, and drop the unreliable key points according to confidence
scores. (3) Behavior recognition: Based on the results of previous steps, posture recog-
nition is performed to recognize normal college students’ attention-related non-verbal
behavior.

The context detection and pose estimation components provide input vectors for
the multi-class classifier which predicts the type of behavior. The context detection
components can be implemented by the architecture of object detection which trained to
detect podiums and applied to provide context data. we use YOLOv5 [31] to implement
this component in our experiments. As for pose estimation, a pre-trained Openpose
model [28] is used to extract pose data in our experiments. The results of the first
two components’ 2D tensors are flatten and joint into a vector as the input of behavior
recognition. For behavior recognition, a multi-class classifier is typically a deep learning
model. In the following experiments, we build the model with a nine-layers perceptron
with 32 to 128 nodes in each hidden layer. Batch normalization and ReLU activation are
also set up after each hidden layer.
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Fig. 1. The Pose+Context Model.

4 Experiment

4.1 Dataset Construction

This experiment was completed in micro-teaching classrooms in a normal college. In
each micro-teaching classroom, there is a podium and a screen on wall in the frontal
area, and audience desks and chairs in the rest area. Videos are captured by two cameras
to produce views of teacher and the whole classroom (Table 1).

Table 1. Examples of normal college students’ attention-related non-verbal behavior

 

   
Ca 1 0 0 
Cp 0 1 0 
Cs 0 0 1 

In the experiment, videos of teaching practice were collected by a teaching-assisted
system. A total of 23 normal students participated in this experiment, each of them com-
pleted 6 teaching practices. After data preprocessing, we constructed a labeled dataset
of 1638 images. Labels of a sample include behavior type and a box marking the podium
in it. Then we divided the dataset in cross-subject manner into training, validation and
test subset by the ratio of 6:1:3 approximately.

4.2 Evaluation Metric

Our experiment compares the two cases: with context (Pose+Context) and without con-
text (Pose only) as input for the behavior recognition model. Our hypothesis is that
the Pose+Context model would enhance the recognition by the effect of context. We
repeated the entire evaluation process (training, verification, and testing) for the two
methods 40 times in order to avoid interference factors caused by data. For each time
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of the process, we set 300 epochs for training and use the same train-test division of the
dataset. The evaluation metric is micro-averaged F1 score shown as Eqs. (1–3).

Micro_F1 = 2 × Micro_P × Micro_R

Micro_P + Micro_R
(1)

Micro_P =
∑

i TPi
∑

i TPi + ∑
i FPi

(2)

Micro_R =
∑

i TPi
∑

i TPi + ∑
i FNi

(3)

where TPi is the total number of true positive predictions of i-th class, FPi is the total
number of false positive predictions of i-th class,FNi is the total number of false negative
predictions of i-th class, and i ∈ (Ca,Cp,Cs).

4.3 Experiment Results

Theexperimental processingwasperformedonahigh-performance computerwith 32GB
memory, Intel i7 2.9GHz CPU, and NVIDIA GeForce GTX 3090 graphics. The results
are shown in the Table 2.

Table 2. Micro-averaged F-1 score of the Pose+Context model and the Pose only model.

N mean std max

Pose+Context 40 0.84 0.05 0.90

Pose only 40 0.81 0.05 0.87

We performed independent samples T-test for the two groups of results, and the
outcome p = 0.008< 0.05 indicates that the two sets of means have very significant
differences. The Pose+Context model has a higher mean of F-1 scores than the Pose
only model. One of the recognition instances of each class by the Pose+Context model
is shown in Table 3.

Table 3. Metrics of the Pose+Context model

precision recall f1-score support

Ca 0.81 0.69 0.75 101

Cp 0.93 0.93 0.93 168

Cs 0.91 0.98 0.94 220

The recall value of Ca is relatively low. We look into the error samples to explore
the difficulties in the recognition process of our model. Two typical false cases shown



262 Y. Zhang et al.

in Fig. 2 where context and pose marks are shown. From our observation, the model
may have overused the distance between teacher and podium or the direction between
them for inference. Hence, the context input component of the model has side effects in
certain degree leading to the low recall score for Ca.

Case 1: Truth=Ca, Predition=Cp Case 2: Truth=Ca, Predition= Cs

Fig. 2. Error recognition instances of the Pose+Context model

5 Application

To demonstrate applications of the proposed model, we related the NVTB predations of
themodel and instructors’ scores for teaching practices. Each teaching practice ismarked
with a score which is ranged from 1 to 5, and higher scores means better teaching
performance. Ratios of predicted labels are also counted for each teaching practice.
Figure 3 shows the ratio of Ca (focus of audience) increases and the one of Cp (focus of
podium) decreases when scores go higher. This application shows the NVTB prediction
by our model can be play as indices for normal students’ teaching performance, and it
is promising to server as diagnosis feedback for them to improve their teaching skill.
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Fig. 3. An application to show NVTB labels distributions among difference scores of teaching.
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6 Conclusions and Future Work

The goal of the non-verbal behavior analysis of normal college students’ teaching prac-
tice is to provide feedbacks in time for teaching skill improvement. The Pose+Context
model proposed in this paper has been proven to be effective to recognize three types of
attention-related non-verbal behaviors with overall F1-score 0.84.

The experimental process and results of this research are constrained by a variety of
factors, and further research has the following ideas: First, identify more context factors
in the teaching process, and perform correlation analysis with teacher students’ postures
to improve the accuracy of teacher students’ non-verbal behavior recognition; Second,
combine speech behavior analysis methods to achieve multi-modal behavior analysis,
and comprehensively describe the quantitative characteristics of the teaching process;
third, improve the hardware environment, collect high-resolution eye image data, and
promote eye tracking technologies to improve the outcomes.
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