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ABSTRACT. Efficient classroom behavior analysis is the key to optimize teaching strate-
gies and improve teaching quality. Traditional manual observation methods have low
efficiency and strong subjectivity. This paper proposes a fusion YOLOvS5 target detec-
tion with OpenPose attitude estimation of double model framework, realize the automatic
recognition and classification of students classroom attitude. The system first uses Open-
Pose to extract key points of human bones from classroom images, and then YOLOv5
accurately locates students in the classroom in real time. Finally, feature vectors are
constructed based on the Angle and distance of key points, and a classifier is trained to
recognize four typical classroom postures: “gaze ahead”, “bow”, “lie down”, and “turn
around”. In the self-built real classroom scene data sets of experiments show that the
system average recognition accuracy reaches 92.7%. Focus evaluation, the method of
classroom teaching interaction analysis provides the objective and efficient technical sup-
port, has significant education application value.

Keywords: Student posture recognition; Classroom behavior analysis; YOLOv5; Open-
Pose; Computer vision.

1. Introduction. Under the background of digital transformation of education, using intelligent means
to understand classroom dynamics and evaluate teaching effects has become a research hotspot. The
attitude of students in the classroom is an important explicit indicator of their participation, concentration
and learning status. The traditional method relying on teachers’ observation records has narrow coverage,
strong subjectivity and low efficiency. The development of computer vision technology, especially the
breakthrough in deep learning, has made it possible to automate and non-intrusive classroom behavior
analysis [1, 2].

As a leading human pose estimation algorithm, OpenPose can efficiently locate key points on multiple
parts of the human body. However, it faces challenges such as multi-person occlusion, complex back-
ground, and high computational overhead in panoramic classroom scenes. YOLO series object detection
algorithms are famous for their excellent real-time performance and accuracy. In this paper, YOLOV5 is
combined with OpenPose innovatively to build a collaborative recognition framework: OpenPose high-
precision pose analysis, and YOLOv5 quickly lock the student target area. The division of labor system in
complex significantly increased robustness and processing efficiency of the classroom environment. This
study aims to develop an accurate, real-time, and practical student classroom posture recognition sys-
tem, which can provide data support for fine teaching management and personalized learning intervention
3, 4].

Early research on classroom behavior recognition was mostly based on wearable sensors, but it can
easily interfere with normal teaching activities. Computer vision based methods have gradually become
mainstream, evolving from simple motion analysis and background subtraction to deep learning based
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behavior recognition. The YOLO series of object detection is widely used due to its “single-stage”
detection and extremely fast speed. YOLOv5 achieves a good balance between accuracy and speed,
making it suitable for real-time classroom monitoring scenarios. OpenPose adopts Part Affinity Fields
(PAFs) technology for pose estimation, which can effectively handle multi person pose estimation and
output the coordinates of 18 key points of the human body, providing a foundation for high-level pose
understanding. The existing limitations are that single OpenPose processing of panoramic classroom
images requires a large amount of computation and is sensitive to occlusion and small targets, while
relying solely on object detection lacks fine-grained pose information. Further exploration is needed to
integrate the advantages of both in the application of classroom scenes [5, 6].

2. Key Technologies.

2.1. OpenPose algorithm. OpenPose is an open-source human pose estimation system based on deep
learning developed by Carnegie Mellon University. It can detect and estimate the key point positions of
the human body, face, and hands in real-time from images or videos, and construct skeleton models. Its
core technical principle is to use dual stream convolutional neural networks combined with Part Affinity
Fields (PAFs) technology to achieve multi person pose estimation. The workflow is divided into three
stages:

(1) Feature extraction: using pre trained convolutional neural networks (such as VGG19) to extract
multi-level features of the image;

(2) Key Point and Association Field Prediction: Generate Part Confidence Maps (PCM) to
locate key points in body parts, and describe the connection relationships between key points
through Part Association Fields (PAFs);

(3) Multi stage optimization: Improve the accuracy of keypoint detection and connection through
iterative optimization [7].

The network structure is shown in Figure 1.
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FiGURE 1. OpenPose network structure diagram

OpenPose support is unique in many scenes gesture detection, without prior segmentation individuals,
able to identify each person’s bone structure in the image, suitable for complex scenarios in the human
body posture estimation tasks. The OpenPose system can detect 18 key points of the human body,
including the position of the head, shoulder, elbow, knee, and foot. In addition, it can recognize 21 key
points of the hand and 70 key points of the face [8].

OpenPose advantage is that it can achieve real-time processing in complex attitude estimation task,
the wide range of applications, including motion capture, human behavior analysis, gesture recognition,
health monitoring, virtual reality (VR) and augmented reality (AR) and human-computer interaction,
etc.

Classroom scenarios and overlapping phenomenon more serious, there are contain Numbers for Open-
pose algorithm for estimating people pose effect is better, so in this article, the method is chosen as the
classroom students attitude skeleton extraction of data. The coordinates of human body are obtained by
this method the key information are shown in Table 1 below, a total of 18 key point, use a scale of 0-17
number respectively [9]. The positions of key points in the human skeleton are shown in Figure 2.
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TABLE 1. OpenPose human skeleton keypoint list

S. Xiangui, V. Y. Mariano

0: Nose 6: Left elbow 12: Left knee
1: Neck 7: Left wrist 13: Left ankle
2: Right shoulder | 8: Right crotch | 14: Right eye
3: Right elbow 9: Right knee 15: Left eye
4: Right wrist 10: Right ankle | 16: Right ear
5: Left shoulder | 11: Left crotch | 17: Left ear
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F1GURE 2. OpenPose human keypoint location map

2.2. YOLO algorithm. YOLO (You Only Look Once) is an advanced deep learning-based real-time
object detection algorithm first proposed by Joseph Redmon et al. in 2015. YOLO is mainly used in the
field of object detection and the subfield of machine vision. It can complete the recognition and location
of objects in the image by a single view. It has the advantages of fast speed, high accuracy, strong
interpretability and wide applicability, and is one of the most important representatives in the field of
object detection [10]. Its core feature is to predict the location and class of multiple objects in the image
simultaneously through a single forward propagation, regard object detection as a single regression task,
and directly output the bounding box coordinates (x, y, w, h) and class probabilities in the convolutional
neural network [11].

2.2.1. The core design idea of YOLO. The core design ideas of YOLO are mainly reflected in the following
aspects, This has led to breakthroughs in real-time performance and accuracy in the field of object
detection.
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(1) One-Stage detection:: YOLO abandons the traditional multi-stage detection process, such as
the R-CNN series, and reconstructs object detection as an end-to-end regression problem. It directly
predicts the bounding box coordinates (position and size) and their category probabilities of objects
in a single neural network, and directly outputs the bounding box coordinates (x, y, w, h) and
category probabilities of the target through a single forward propagation, achieving end-to-end
object detection and significantly improving detection speed.

(2) Meshing and multi-scale prediction:: Grid prediction refers to dividing the input image into
S x S grids (such as 7 x 7), where each grid is responsible for predicting the target whose center
point falls within its region, and directly regressing the bounding box coordinates. Multi scale
fusion refers to the introduction of feature pyramids (FPN/BiFPN) for prediction on feature maps
of different scales, balancing the detection accuracy of small and large targets.

(3) Global context modeling:: YOLO difference from the traditional local area analysis method
(such as Faster R-CNN), it will be the whole image input network, the reasoning with full informa-
tion, each prediction unit (grids), boundary box when it is output will be integrated whole figure
rather than the local characteristics, such treatment can effectively reduce the background, and
improve the understanding of context [12].

2.2.2. YOLOwv5. YOLOVS consists of three parts: Backbone, Neck, and Head, which support multi-scale
object detection [13]. The overall network architecture of YOLOv5 algorithm is shown in Figure 3. The
core architecture of YOLOvV5 includes:

e (1) Backbone: A backbone network improved based on CSPNet, using efficient convolutional
neural networks as feature extractors, typically based on Cross Stage Partial Network (CSP),
i.e. CSP structure design, such as CSPDarknet53, CSPDarknet53x or CSPDarknet53s, reduces
computation and parameter count while maintaining strong feature extraction capabilities.

e (2) Neck: Usually, Spatial Pyramid Pooling (SPP) module or Path Aggregation Network (PANet)
structure is used to further enhance the spatial information of feature maps.

e (3) Head: Use prediction heads to output bounding boxes, object confidence, and category prob-
abilities.
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F1GURE 3. Overall structure diagram of YOLOv5 network model

3. Classroom posture recognition method based on OpenPose-YOLO.

3.1. System process design.

(1) Input: install high-definition cameras in the classroom, collect teaching video data during class,
and extract and process these video frames to generate classroom teaching images.

(2) Student skeleton data generation: the cropped classroom teaching images are input into the
OpenPose model, and the pixel coordinates of the key points of the student body in the classroom
environment are extracted.

(3) Feature extraction: calculate the pose features based on the coordinates of key points.
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(4) Student pose classification detection: The pre-trained YOLOv5s model is used to detect all
students in the image and output the Bounding Box. The extracted feature vectors are input into
the pre-trained classifier to output the pose category labels (look, down, lie, turn) [14, 15].

The processing flow of this system is shown in Figure 4 below.
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FI1GURE 4. Flow chart of the system experiment

3.2. Model selection and implementation.

(1) OpenPose: uses the OpenPose model based on COCO dataset for training weights, and applies
it to the classroom teaching images to extract the key point data of students’ human bones in the
classroom environment.

(2) YOLOvV5: The lightweight YOLOv5s version was selected to achieve a balance between accuracy
and speed. The weights pre-trained on the COCO dataset were used, and the classroom scene data
were used for fine-tuning to optimize the detection performance of student targets.

3.3. Dataset construction.

(1) Data source: Axis series high-definition cameras were used to collect classroom teaching videos
of different periods in real classrooms. The video frames are extracted at a certain frame rate, and
the sorted high-resolution pictures are used as the basic image data set of this paper. The filtered
data set has the advantages of rich data categories, clear data, and obvious student postures.

(2) Data labeling: Labellmg tool was used to manually label the pose categories of students, and the
key point coordinates output by OpenPose were recorded for feature calculation.

(3) Scale and the division: the video according to the frame rate and in time to catch the segmen-
tation, a total of 6300 classroom teaching image segmented, manual pictures after screening, finally
determined the 2880 images containing a higher proportion of students attitude information as the
research of the original data set.

4. Experimental results and analysis.

4.1. Training and testing data. Since there is not a public dataset of student classroom posture, this
study uses a high-definition camera installed in the classroom to capture classroom teaching videos and
extract video frames from them. The dataset includes classroom teaching images in different classes and
under different lighting conditions, which is beneficial to enhance the robustness of the network.

The preparation work of the dataset mainly includes three parts: data collection and screening, image
preprocessing, and annotation. Data collection mainly involves collecting classroom teaching image data,
using cameras installed in the classroom to capture and obtain video data, and then extracting video
frames at a certain frame rate to obtain a large number of classroom teaching images. Afterwards, the
selected images are filtered to remove unqualified images such as excessive blur and occlusion. Image
preprocessing mainly involves filtering, adjusting, enhancing, and annotating raw images to meet the
input requirements of the network. In order to better extract image features and prevent overfitting of
the model, data augmentation was performed on the collected image samples to expand the scope of the
dataset and enhance the model’s generalization ability. The main methods used for data augmentation
include horizontal mirroring, vertical flipping, vertical mirroring, and other transformation methods. In
addition, the division of the training set, testing set, and validation set should strive to maintain the
consistency of the data distribution as much as possible, in order to avoid introducing additional biases
during the data division process that may affect the final results [16, 17].

OpenPose is used to extract the features of students’ human bones from classroom teaching images,
and the postures of students’ bones are mainly divided into four categories: look, down, lie, and turn.
The classification table of students’ classroom postures is shown in Table 2 below. After the above data
processing, 2880 data pictures were collected and organized, and Labellmg open source data labeling tool
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was used to label the student’s human posture. The four types of posture images are shown in Figure 5
below.

TABLE 2. Categories of student classroom postures

Posture | State name Criteria for determination

look Look ahead The key points of the head should be basically
aligned with the central axis of the torso, facing for-
ward

down Head down The head key point is significantly lower than the

central axis of the torso, and the head is oriented
toward the table top

lie Lie on your stomach | Chest, shoulders, and head keypoints are almost par-
allel to the desktop

turn Turn around The key point of the head or the central axis of the
torso is significantly offset from the direction of the
blackboard

(a)lock (b)down (c)lie (d)turn

F1GURE 5. Images of four classes of classroom postures

Divide the dataset into three parts: training set, testing set, and validation set, and divide them into
training set, validation set, and testing set in a 6:2:2 ratio. Ensure that the distribution of samples in
different posture categories is relatively balanced. Using the ‘leave out method’, the dataset D is directly
divided into three mutually exclusive sets, one of which serves as the training set S, one as the testing
set T, and the other as the validation set V,ie. D =SUT UV, SNTNV = (. Train the network
parameters through the training set, and then pass the model error detection to the validation set to
further determine the parameters. Repeat the training until the error on the validation set reaches the
minimum [18].

4.2. Evaluation index. Recall: The recall rate refers to the proportion of positive samples correctly
predicted by the classifier to all positive samples, and its calculation formula is as follows:

TP
Recall = TP—i-—F]V (1)

Among them, TP is the number of positive samples correctly identified, and F'N is the number of positive
samples incorrectly identified as negative samples.
Precision: the ratio of TP in the recognized picture is calculated as follows:

TP
Precision = TP+ FP (2)
Where F'P (false positives) is the number of negative samples that are incorrectly identified as positive
samples.
The relationship between precision and recall in this experiment is shown in Table 3 below.
The Loss functions used by YOLOv5s mainly include Bounding Box Regression Loss, Objectness Loss,
Classification Loss, and so on. These loss functions work together to optimize the performance of the
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TABLE 3. Evaluation metrics for this experiment

Attitude category | Precision | Recall
Sit and listen 0.94 0.96
Bow your head 0.91 0.88
Lie on your stomach 0.89 0.92
Turn around 0.92 0.91

model in detection tasks. Bounding box regression loss further considers the distance and shape difference
between bounding boxes based on CIoU [19]. It is calculated as follows:

2 t
p~ (b, b9

CloU =1-IoU +
Among them, IoU is the intersection to union ratio, b and b9* represent the central points of the predicted
box and the ground truth box respectively, p is the Euclidean distance, c is the diagonal length of the
smallest enclosing box, and « - v is the aspect ratio penalty term. The binary cross entropy loss is used
to calculate the target confidence loss, and its calculation formula is as follows:

BCE(p,p'") = —[p?" - log(p) + (1 — p*") - log(1 — p)] (4)

Among them, p is the predicted probability (confidence level) and p9t is the ground truth label (1 means
there is a target, 0 means there is no target). The calculation formula for binary cross entropy loss is the
same as the formula for target confidence loss mentioned above.

4.3. Model training and detection results. The model training hardware environment was NVIDIA
Geforce RTX 4090 GPU, Intel(R) Xeon(R) Gold 6132 CPU, 128GB RAM. The development language is
Python, and PyTorch is used as the deep learning framework. After about 400 rounds of training, the
loss function of YOLOv5s network model tends to be stable [20].

On the test set, the average accuracy of YOLOv5s model after fine-tuning reaches 94.8%, which is
significantly better than that of directly using the pre-trained model (89.5%), proving the importance of
scene adaptation. On the independent validation set, the average accuracy of pose classification is 92.7%.

The bounding box regression Loss, Objectness Loss and Classification Loss used in the training process
converge gradually with the progress of training, which indicates that the model is gradually optimized
and learns better feature representations. The decreasing trend of these losses also reflects the continuous
improvement of the prediction accuracy of the model, and there is no obvious overfitting phenomenon,
indicating that the setting of hyperparameters and the early stopping mechanism have played a good
effect. The detection effect is shown in Figure 6 below.

5. Conclusion. This paper successfully constructed and verified a student classroom posture recognition
system based on YOLOvH and OpenPose collaborative framework. The system accurately extracts the
key points of the human body through OpenPose, and then efficiently locates the student target area by
YOLOV5. Finally, the posture features are classified. On the real classroom dataset, the system achieves
an average posture recognition accuracy of 92.7%, which proves its effectiveness, real-time performance
and practicability in complex classroom environments.

This study provides a reliable technical solution for objective and automatic analysis of classroom
student behavior, which has important educational application value. Future work will focus on improving
the robustness of the model under extreme occlusion and perspective, exploring more refined posture
definition and high-level behavior understanding, and deepening its practical application in scenarios
such as smart classroom and personalized teaching.
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