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Abstract: Classroom engagement analysis plays an important role in understanding students’ learning behaviors in a 

non-intrusive manner. However, many existing computer vision-based approaches rely on complex deep learning 

architectures and time-consuming dataset construction, which limit their applicability in practical classroom settings. 

This study proposes a skeletal keypoint-based pipeline for classroom engagement analysis that combines person 

detection and single-person pose estimation. The extracted keypoints are represented in a low-dimensional form and 

used as input features for lightweight engagement classification models. Two classifiers, namely Ridge Classifier and 

Gradient Boosting, are evaluated to assess the effectiveness of the proposed pipeline. Experimental results on a test 

set of 432 samples show that the Ridge Classifier achieves an accuracy of 0.90 with a macro-average recall of 0.94. 

In contrast, Gradient Boosting achieves an accuracy of 0.96 and a macro-average precision of 0.98. In addition, the 

proposed pipeline significantly improves data collection efficiency, achieving approximately a sixteen-fold reduction 

in pose data acquisition time compared to conventional approaches. These results demonstrate that the proposed 



2 

TARIGAN, NUGROHO, PARDAMEAN 

pipeline provides a practical solution for individual-level classroom engagement analysis under controlled classroom. 

Keywords: classroom engagement analysis; skeletal keypoints; pose-based classification; computer vision. 
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1. INTRODUCTION 

Artificial Intelligence (AI) has increasingly permeated various aspects of daily life, with 

education among the most significantly impacted fields. AI now plays a central role in developing 

innovative methods that support and enhance learning processes. Education itself is widely 

regarded as a crucial indicator of global progress and societal development, with strong 

implications for individuals, institutions, and communities [1, 2]. In higher education, institutional 

performance indicators such as rankings, revenue, and reputation are closely linked to student 

retention, making the monitoring and evaluation of student engagement an important concern. 

Consequently, the application of machine learning techniques in education is not only beneficial 

but increasingly necessary [3, 4]. 

To ensure that learners effectively grasp instructional material, the interaction between 

teachers and students must be carefully observed and managed. Such observations enable informed 

educational decisions, allowing instructors to sustain effective learning practices or intervene when 

disengagement is detected. Non-verbal cues captured from classroom video data offer a practical 

and non-intrusive means of assessing student participation without disrupting the teaching–

learning process [5]. However, a significant challenge is the scarcity of datasets that accurately 

reflect engagement levels in traditional, on-site classroom environments, which hampers the 

development and deployment of vision-based engagement analysis systems. 

Existing research has explored a wide range of non-intrusive approaches for detecting student 

engagement using computer vision. Many studies focus on pose-based representations, in which 

human posture serves as an indicator of attention and participation [6, 7]. For example, prior work 

has employed person detection, skeleton-based pose estimation, and deep neural networks to 

classify student behaviors, demonstrating improvements over earlier skeleton-based methods [8]. 

Other approaches have combined OpenPose detection with manual annotation and rule-based 
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classification derived from joint angles to recognize both individual and collective classroom 

behaviors [2]. These studies highlight the effectiveness of pose-based representations in capturing 

meaningful engagement-related cues. 

More recent advancements have extended pose-based methods to multi-object and 

spatiotemporal settings. Some studies incorporate temporal semantics across video frames to 

improve body-part localization, often relying on object detectors such as YOLOv3 in conjunction 

with lightweight pose estimation networks [9]. Similar object-detection-driven approaches have 

been applied in smart campus environments to recognize student activities using deep neural 

network architectures [10]. To address challenges arising from low-resolution classroom imagery, 

researchers have also proposed enhanced detection models, such as upgraded Faster R-CNN 

architectures with locality-preserving loss functions [11] and multi-scale feature fusion strategies 

designed to handle object size variation and class imbalance [12]. 

In addition to pose-centric approaches, transfer learning and convolutional neural network 

(CNN)-based methods have been widely explored. For instance, VGG-based architectures have 

been used to classify engagement and disengagement from high-density classroom recordings [13]. 

At the same time, spatiotemporal representation learning has been shown to outperform benchmark 

three-dimensional CNN models for recognizing anomalous classroom behaviors [14]. Other 

studies have investigated covert analysis techniques that integrate non-verbal cues, including body 

posture and gestures, achieving moderate classification performance [15, 16]. Attention-enhanced 

YOLO-based models, such as YOLOv5s combined with Squeeze-and-Excitation mechanisms, 

have further demonstrated robustness in complex classroom backgrounds. Hybrid CNN 

architectures have also been proposed to infer both individual emotional states and overall 

classroom affective conditions [17]. 

Despite these advances, several practical limitations remain. Many existing approaches rely 

on computationally intensive models, require large volumes of manually annotated data, or focus 

primarily on maximizing classification accuracy rather than addressing end-to-end deployment 

considerations. In particular, primary data collection for classroom engagement analysis is often 
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time-consuming and labor-intensive, reducing the adaptability of these methods to new learning 

environments. Moreover, some approaches continue to depend on earlier-generation object 

detection architectures, such as YOLOv3 or VGG-based models, which have since been surpassed 

in efficiency and performance by more recent alternatives [8–11, 18, 19].  

Motivated by these challenges, this study focuses on the design and analysis of a skeletal 

keypoint-based pipeline for classroom engagement analysis. Rather than proposing a new pose 

estimation or detection algorithm, this work emphasizes the construction of a practical, modular 

pipeline that integrates object detection with skeletal keypoint extraction to support engagement 

analysis in classroom settings. The pipeline combines MediaPipe [20] for skeletal keypoint 

extraction with a YOLOv9-based [19] person detection stage, allowing individual-level pose 

analysis in classroom scenes containing multiple students. Engagement inference is performed 

using lightweight classification models, namely Ridge Classifier [21, 22] and Gradient Boosting 

[23–25], allowing an empirical comparison of their effectiveness when applied to low-dimensional 

skeletal representations. 

Among the key contributions, this study provides an empirical evaluation of lightweight 

classification models applied to skeletal pose features, demonstrating their potential for practical 

engagement inference. It also offers insights into data collection strategies and pipeline design 

considerations, emphasizing the importance of scalable, efficient systems for deploying 

educational analytics in real classroom environments. These insights aim to bridge the gap between 

research and real-world application, addressing concerns about computational efficiency and 

deployment feasibility. 

2. RESEARCH METHODOLOGY 

Figure 1 presents an overview of the skeletal keypoint-based pipeline adopted for classroom 

engagement analysis in this study. The pipeline comprises three main stages: data collection and 

preprocessing, model training, and evaluation. Classroom video inputs are first processed to 

localize individual students in classroom scenes, after which skeletal keypoints are extracted using 

MediaPipe and represented as low-dimensional feature vectors. These features are subsequently 
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used to classify engagement with lightweight machine learning models, and the overall pipeline is 

assessed using classification metrics, including accuracy, macro-average precision, and macro-

average recall. 

 

2.1. Data Collection and Dataset Construction. The data collection process captured human pose 

information in video format using a laptop webcam. Video recordings were obtained in a controlled 

classroom-like setting and processed at 480p resolution. Data acquisition was conducted across 

five recording sessions, with each session capturing approximately 500 video frames. 

 During the recording process, a volunteer performed a set of three predefined classroom-

related poses, including raise_hand, bored, and engaged. For poses involving hand movement, 

namely raise_hand and bored, both right- and left-hand variations were recorded to capture natural 

variations in posture and movement. 

 The recorded video data were subsequently processed to construct a skeletal pose dataset. 

Each video frame was converted into a numerical representation based on extracted skeletal 

information, enabling further analysis and classification. The resulting dataset contains 8,100 

instances, evenly distributed across three engagement-related classes: 2,700 for raise_hand, 2,700 

for bored, and 2,700 for engaged. This balanced class distribution was intentionally maintained to 

support fair training and evaluation of the classification models. 

2.2. Skeletal Keypoint Representation. Skeletal keypoint representation was obtained using 

 

FIGURE 1. Proposed pipeline for classroom engagement analysis based on skeletal keypoints. 
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MediaPipe, which was employed to extract body keypoint coordinates from each video frame. 

MediaPipe provides a set of anatomical landmarks corresponding to major body joints, which can 

be used to describe human posture in a compact, structured manner. Since MediaPipe is designed 

to operate on a single detected person, an object detection stage was applied prior to keypoint 

extraction to enable processing of multi-person classroom scenarios. 

 Following keypoint extraction, a filtering process was applied to retain only the keypoints that 

contribute most significantly to engagement-related pose recognition. This filtering step focuses 

on upper-body joints that are commonly associated with classroom engagement behaviors. The 

selected keypoints include the nose, shoulders, elbow, and wrist, providing a concise representation 

of posture while reducing feature dimensionality. 

 Each pose instance is represented by 14 numerical features, corresponding to the x- and y-

coordinates of seven selected skeletal keypoints. An example of this coordinate-based 

representation is presented in Table 1. Figure 2 provides illustrative examples of classroom 

postures with overlaid skeletal keypoints extracted using the proposed pipeline. The visualizations 

highlight how key anatomical points are captured to represent different engagement-related 

postures in a non-intrusive manner. The use of a low-dimensional skeletal representation enables 

efficient utilization of pose information as input features for subsequent engagement classification. 

 

 

TABLE 1. Example of low-dimensional skeletal keypoint features extracted from classroom pose data. 

class 𝒙𝟎 𝒚𝟎 … 𝒚𝟏𝟔 

raise_hand 0.5035 0.3465 … 0.2615 

raise_hand 0.5039 0.3490 … 0.2603 

… … … … … 

engaged 0.4727 0.3565 … 0.9087 
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2.3. Data Preprocessing. Prior to model training, data preprocessing was performed to prepare 

the dataset for classification. The dataset was first shuffled to reduce potential ordering effects and 

to improve the statistical robustness of the learning process [26]. Following shuffling, the dataset 

was partitioned into training and test subsets. An 80:20 split was adopted, with 80% of the data 

used for training and 20% for test. This partitioning strategy supports reliable model evaluation 

and generalization performance assessment, particularly for datasets of moderate size [27]. 

2.4. Engagement Classification Models. Two classification models were selected to infer 

engagement-related states from the extracted skeletal keypoint features, namely the Ridge 

Classifier and Gradient Boosting. Both models were trained and evaluated using the same dataset 

to allow a consistent comparison of their performance within the proposed pipeline. 

2.4.1. Ridge Classifier. The Ridge Classifier was selected for its suitability for supervised 

  

(a) (b) 

 

(c) 

FIGURE 2. Representative examples of classroom engagement postures with overlaid skeletal keypoints:  

(a) raise-hand, (b) bored, and (c) engaged. 
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classification tasks with low- to moderate-dimensional feature representations. By incorporating 

L2 regularization, ridge-based models can mitigate overfitting and provide stable solutions when 

working with limited or imbalanced datasets. In addition, ridge classifiers offer a closed-form 

solution, making them computationally efficient for training and evaluation. Formally, given a 

feature vector 𝑥 ∈ ℝ𝑑, the Ridge Classifier predicts the class label using a linear decision function, 

as defined in Equations (1): 

𝑦̂ = 𝑤⊺𝑥 + 𝑏 (1) 

Where 𝑤 denotes the weight vector and 𝑏 represents the bias term. The model parameters are 

obtained by minimizing least-squares objective, as defined in Equations (2): 

𝐿(𝑤) =∑(𝑦𝑖 − 𝑤⊺𝑥𝑖)
2 + 𝜆 ∥ 𝑤 ∥2

2

𝑁

𝑖=1

(2) 

Where 𝜆 controls the strength of the L2 regularization. Previous studies have demonstrated the 

effectiveness of ridge-based classifiers in handling high-dimensional and imbalanced data 

scenarios [21, 22]. 

2.4.2. Gradient Boosting. Gradient Boosting was employed as an alternative classification 

approach to model non-linear relationships within the skeletal keypoint features. Ensemble-based 

gradient boosting methods are known for their ability to handle complex decision boundaries and 

to perform effectively in datasets with class imbalance. While performance may vary across 

implementations, gradient boosting techniques have been widely adopted for classification tasks 

due to their flexibility and robustness [24, 25]. In Gradient Boosting, the final prediction model is 

constructed as an additive ensemble of weak learners, as defined in Equation (3): 

𝐹(𝑥) = ∑ 𝛼𝑚𝑓𝑚(𝑥)

𝑀

𝑚=1

(3) 

where 𝑓𝑚(𝑥) denotes the 𝑚-th weak learner and 𝛼𝑚 is its corresponding weighting factor. Each 

weak learner is trained sequentially to minimize the loss function by fitting the residuals of the 

previous ensemble, as defined in Equation (4): 



9 

SKELETAL KEYPOINT-BASED PIPELINE 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛼𝑚𝑓𝑚(𝑥) (4) 

This iterative optimization process enables Gradient Boosting to capture non-linear patterns in the 

skeletal keypoint features and to adapt effectively to imbalanced data distributions. 

2.5. Model Evaluation Metrics and Inference. Inference in the proposed pipeline follows a two-

stage process. First, YOLOv9m is used to detect students in classroom video frames and generate 

bounding boxes for each individual. Skeletal poses are then inferred for each detected student using 

MediaPipe, and the resulting keypoint representations are used for engagement classification. 

Evaluation was conducted on a test set comprising 432 data instances, all captured under consistent 

classroom conditions and recorded at 480p resolution. Model performance was assessed using 

accuracy, macro-average precision, and macro-average recall, as defined in Equations (5)–(7): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑁
∑𝕀(𝑦̂

𝑖
= 𝑦

𝑖
)

𝑁

𝑖=1

(5) 

𝑀𝑎𝑐𝑟𝑜 − 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
1

𝐾
∑𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘

𝐾

𝑘=1

(6) 

𝑀𝑎𝑐𝑟𝑜 − 𝑅𝑒𝑐𝑎𝑙𝑙 =
1

𝐾
∑𝑅𝑒𝑐𝑎𝑙𝑙𝑘

𝐾

𝑘=1

(7) 

In addition, confusion matrices were employed to analyze class-wise classification behavior and 

misclassification patterns. 

3. RESULTS AND DISCUSSION 

The experimental results reflect the classification performance of the proposed skeletal 

keypoint-based pipeline under controlled classroom conditions. One notable observation is the 

reduced time required for data collection and pose extraction. Each recording session lasted 

approximately 2 minutes and 30 seconds, resulting in a total data acquisition time of around 12 

minutes for the complete dataset. This reduced collection time indicates the practicality of the 

proposed pipeline for constructing skeletal pose datasets in classroom-like environments, where 
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minimizing manual intervention is an important consideration. 

Figure 3 shows the classification outcomes obtained using the Ridge Classifier across the 

engagement-related classes. The model achieved perfect classification for the bored class, 

correctly identifying all 191 instances. In the engaged class, 121 of 163 instances were correctly 

classified, resulting in 42 misclassifications. The raise_hand class was also classified with high 

accuracy, with 77 correct predictions and a single misclassification out of 78 instances. These 

results suggest that the Ridge Classifier performs consistently for posture patterns associated with 

boredom and hand-raising behaviors, while engagement-related poses exhibit greater variability. 

 

 
FIGURE 3. Prediction outcomes of the Ridge Classifier across engagement classes, showing correct 

and incorrect predictions.  

 

FIGURE 4. Prediction outcomes of the Gradient Boosting across engagement classes, showing correct 

and incorrect predictions. 
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Figure 4 presents the classification results obtained using the Gradient Boosting model. The 

classifier achieved perfect prediction for both engaged and raise_hand classes, correctly 

identifying all evaluated instances in these categories. However, its performance on the bored class 

was slightly lower, with 234 correct classifications out of 252 instances and 18 misclassifications. 

This behavior indicates that ensemble-based models are effective at capturing non-linear patterns 

associated with active engagement while remaining sensitive to posture variations related to 

boredom.  

A quantitative summary of classification performance is provided in Table 2, which reports 

the evaluation metrics computed on the 432 test instances. Both classifiers achieved high overall 

performance. Gradient Boosting achieved a higher accuracy (0.96) than the Ridge Classifier (0.90). 

In contrast, the Ridge Classifier achieved a higher macro-average recall (0.94) than Gradient 

Boosting (0.92), indicating a more balanced sensitivity across engagement classes. These results 

highlight a trade-off between maximizing overall classification accuracy and maintaining class-

wise sensitivity, depending on the chosen model. 

 

Further insight into class-wise behavior is illustrated in Figure 5, which highlights distinct 

misclassification patterns between the two classifiers. The Ridge Classifier shows strong 

performance in identifying bored and raise_hand classes, with most misclassifications occurring 

between bored and engaged. This suggests that engagement-related postures may be more 

challenging to model using linear decision boundaries. In contrast, the Gradient Boosting classifier 

exhibits more consistent predictions for engaged and raise_hand classes, while showing a limited 

TABLE 2. Classification performance of the Ridge Classifier and Gradient Boosting evaluated on the test 

dataset. 

 Ridge Classifier Gradient Boosting 

Accuracy 0.90 0.96 

Macro-average Precision 0.91 0.98 

Macro-average Recall 0.94 0.92 
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number of misclassifications in the bored category. These patterns reinforce the ability of 

ensemble-based models to capture non-linear variations in skeletal posture features, while linear 

models exhibit more stable behavior across certain posture categories. 

 

Overall, the results indicate that lightweight classification models can effectively utilize 

skeletal keypoint representations for classroom engagement analysis. While Gradient Boosting 

provides higher overall accuracy, the Ridge Classifier offers competitive performance with more 

balanced recall across classes. These findings suggest that classifier selection may be guided by 

application-specific priorities, such as prioritizing overall accuracy or sensitivity to particular 

engagement behaviors. The results also demonstrate the feasibility of the proposed pipeline under 

controlled classroom conditions, while acknowledging that further evaluation across a broader 

range of subjects and environments is necessary to assess generalizability. 

4. CONCLUSION 

This study investigated a skeletal keypoint-based pipeline for classroom engagement analysis, 

integrating MediaPipe for pose estimation with YOLOv9m for person detection. Experimental 

  

(a) (b) 

FIGURE 5. Confusion matrices of classroom engagement classification using (a) the Ridge Classifier and (b) the 

Gradient Boosting classifier. 
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results on a test set of 432 samples show that the proposed pipeline effectively supports 

engagement classification using lightweight models. The Ridge Classifier achieved an accuracy of 

0.90 with balanced class-wise sensitivity (macro-average recall of 0.94), while Gradient Boosting 

achieved higher overall performance with an accuracy of 0.96 and a macro-average precision of 

0.98, highlighting a trade-off between overall accuracy and recall balance [28–32]. 

Beyond classification performance, the proposed pipeline significantly improves data 

acquisition efficiency by reducing the time required for pose extraction and dataset construction 

in controlled classroom settings. This efficiency supports practical deployment scenarios where 

minimizing manual effort and computational complexity is essential. From an applied perspective, 

the results indicate that low-dimensional skeletal keypoint representations, combined with 

lightweight classifiers, provide a feasible foundation for classroom engagement analysis without 

relying on complex deep learning architectures. 

Several directions for future work can be identified. Improving robustness under challenging 

visual conditions, such as motion blur and occlusion, remains an important area for further 

investigation. Extending the pipeline to support a broader range of engagement-related poses and 

multi-pose detection may further enhance its applicability. In addition, exploring hybrid 

classification strategies that combine the strengths of different learning models could provide a 

more balanced solution for engagement analysis in diverse classroom environments.  
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