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ABSTRACT

Student behavior and activity play a crucial role in shaping the classroom atmo-
sphere and influencing the quality of a learning session. Recently, vision-based
student activity recognition has gained significant attention. However, recog-
nizing student activities from classroom videos presents unique challenges due
to the nature of the classroom environment, such as the presence of multiple
students and severe occlusions. As a result, research in this area has often over-
looked these challenges. This study provides a detailed and comprehensive re-
view of student activity recognition from classroom videos. First, we formalize
the problem of student activity recognition from videos and categorize existing
methods into three distinct approaches: frame-level, clip-level, and continuous
recognition. We then provide a detailed analysis of representative methods for
each approach. In addition, we present a comprehensive overview of publicly
available datasets for student activity recognition and discuss key open chal-
lenges, together with potential future research directions. Our analysis reveals
that: (1) Most existing studies focus on frame-level recognition, while clip-based
and continuous activity recognition remain relatively underexplored; (2) there is
still a lack of large-scale, standardized benchmark datasets for vision-based stu-
dent activity recognition; and (3) existing research primarily emphasizes recog-
nition accuracy, whereas real-time performance and computational efficiency are
rarely addressed.
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1. INTRODUCTION
Activity recognition involves monitoring and analyzing human behavior and the surrounding envi-

ronment to identify or infer ongoing activities [1]. The main objective of activity recognition is to provide
insights into users’ activities, states, and behaviors, enabling proactive computational systems to offer per-
sonalized assistance and support. This process often relies on data collected from sensors such as cameras,
wearable devices, and other information sources. In recent years, activity recognition has gained significant at-
tention from the research community thanks to its broad applications in human-computer interaction, abnormal
activity detection for smart cities, and gesture assessment in physical therapy for patients, etc.

In the educational domain, student behavior and activity play a crucial role in shaping the classroom
atmosphere and determining the quality of a learning session. Conventional methodology based on teacher
observations, though commonly practiced, is often subjective and faces challenges in monitoring all students,
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particularly in large classrooms or when visual obstructions occur. To address these challenges, analyzing vi-
sual [2], auditory [3], or physical signals [4] presents promising solutions for automatic classroom assessment.
Among these modalities, the visual modality is the most widely used, as cameras are often readily available in
classrooms and can provide rich contextual information for more accurate student activity recognition.

Student activity recognition from classroom videos an be considered as a sub topic of human activity
recognition (HAR) howwever it presents specific challenges. The first challenge is severe occlusion. Students
may be obscured by other students or by classroom furniture such as chairs and desks, complicating accurate
detection and tracking of individuals. The second challenge is the high number of subjects (i.e., students) in
the scene. Most activity recognition methods assume the presence of only one or two subjects. However, in
a classroom context, the number of students is usually high, with different students potentially engaging in
various activities at different times.

While numerous surveys have been conducted on HAR in general [5]-[8], and within specific domains
such as sports [9], [10], there is a lack of surveys focusing specifically on student activity recognition [11]. This
study focuses on student activity recognition from classroom videos. Specifically, we present a detailed and
comprehensive review of existing methods, including those that rely solely on spatial information and those
incorporating both spatial and temporal features. Additionally, we provide a detailed overview of datasets col-
lected for student activity recognition. Furthermore, we discuss various open challenges and propose potential
future research directions. The key contributions of this paper are as follows: (1) We define the problem of
student activity recognition and categorize it into three distinct approaches; (2) We present a state-of-the-art
review of methods and datasets used for student activity recognition in classroom settings; (3) We identify open
challenges and suggest possible directions for future research.

2. STUDENT ACTIVITY RECOGNITION FORMULATION
Student activity recognition can be formally defined as follows: Given an untrimmed video with

T consecutive frames, student activity recognition aims to detect a set of P of M tubelets Pi, each corre-
sponding to an instance of an activity performed by a student. The set of tubelets is represented as: P =
{P1, P2, Pi, . . . , PM}, where each tubelet Pi is defined as,

Pi =
({

P t
i | t = x, x+ 1, . . . , x+NPi

}
, ci

)
(1)

with: P t
i : is the bounding box at frame t of tubelet ith that represents the spatial localization of the

activity instance at frame t; x: is the starting frame where the activity instance occurs; NPi
is the duration of

the activity (number of frames in the tubelet); ci: is the activity class label associated with the tubelet.
Figure 1 illustrates a recognized tubelet Pi of class ci is raising hand. The starting frame of the tubelet

is 0672 x = #0672 whereas the length of tubelet is 133 (NPi = 133).

Figure 1. An example of a tubelet output for student activity recognition

Student activity recognition can be formally defined as a mapping from video frames to a set of
tubelets. Given an untrimmed video with T consecutive frames, we define a function,

f : {I1, I2, . . . , IT } → P (2)
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Where: {It}Tt=1 represents the sequence of video frames; f is a function that extracts and recognizes
student activities; P = {P1, P2, . . . , PM} is the set of tubelets corresponding to detected student activities
defined by (1). Thus, the function f maps a sequence of frames to a structured set of tubelets, capturing student
activities in the classroom.

In recent years, several works have been dedicated to classroom activity recognition and encouraging
results have been achieved. Some approaches rely solely on spatial information, while others integrate both
spatial and temporal data. Based on the type of information used, existing methods for student activity recog-
nition can be categorized into three approaches: Frame-level, clip-level, and continuous activity recognition.
Frame-level methods aim to detect instances of activities of interest within individual image frames. The ma-
jority of methods for student activity recognition fall into the frame-level category thanks to the emergence
and advancements in object detection techniques [12]-[21]. Methods of the clip-level approach classify pre-
segmented video clips into specific classes. It is worth noting that the term clips in student activity recognition
refers to a sequence of regions (i.e., bounding boxes) of the activity in the original frames. In the activity recog-
nition field, a clip may refer to a sequence of entire frames, assuming that each frame contains only one person.
However, this is not the case for student activity recognition. Although some methods belonging the clip-level
approach have been proposed [22], [23], these methods have drawback because in a classroom setting, where
many students may be performing different activities at different times, determining the appropriate clips is not
a straightforward task. Continuous student activity recognition, which aims to determine the location of the
activity instance and track its changes over time, is the most suitable approach. However, due to the challenges
of student activity recognition, very few works have been successfully developed for this approach [24].

It is worth noting that in the (1), the frame-level methods can only determine the individual bounding
boxes P t

i for each type of activity. However, they do not provide information on whether the detected bounding
boxes across frames belong to the same activity instance. The clip-level approach can determine only the class
ci for a given tubelet Pi, which is predefined. In contrast, continuous activity recognition methods enable the
determination of both the tubelet Pi and its corresponding class ci. In the following sections, the methods for
student activity recognition in each category will be analyzed.

3. METHODS
This section outlines the procedure used to collect, screen, and categorize the article for a comprehen-

sive survey of student activity recognition methods in classroom videos. The overall methodology is adapted
from the systematic review framework presented in the study [25], and refined to align with the three method-
ological categories of this study: frame-level, clip-level, and continuous recognition. The workflow consists of
four major stages-Identification, Screening, Eligibility, and Included-corresponding to the process illustrated
in Figure 2. The entire workflow is designed to accurately reflect the progression of research in the period
2013–2025 and to ensure consistency between the collected sources and the analytical structure presented in
the subsequent sections.

Figure 2. Four-stage article selection workflow: Identification, screening, eligibility, and included

3.1. Step 1: Identification
Based on the scope of this survey, we conducted a systematic search across several reputable academic

databases, including IEEE Xplore, ACM Digital Library, Elsevier ScienceDirect, SpringerLink, Scopus, and
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Google Scholar. The search targeted studies directly related to student activity recognition from classroom
videos, using two main groups of keywords,

- Keywords related to the target domain “student activity recognition”, “classroom activity recognition”,
“student behavior analysis”, “classroom video”, “hand-raising detection”.

- Keywords related to technical approaches “object detection”, “pose estimation”, “spatio-temporal action
detection”, “skeleton-based action recognition”, “clip-level activity recognition”, “tracking”, “Simple
online and real-time tracking (SORT)”, “tubelet detection”.

3.2. Step 2: Screening
The screening stage was carried out in two sequential filtering steps to remove studies that were clearly

irrelevant before conducting full-text assessment.
- Title Screening: The titles of all retrieved publications were examined to quickly eliminate studies that

did not align with the research scope. Titles indicating a focus on generic HAR, human motion analysis
without educational relevance, or applications unrelated to classroom environments were excluded.

- Abstract Review: The goal was to determine whether each study explicitly addressed student-centered
behaviors observable in classroom video recordings. Studies were excluded if the abstract did not clearly
identify student activities as the primary target, if the behavioral categories were ambiguous, or if the
methodological focus did not involve recognition or analysis of student actions.

Only studies that satisfied both criteria-relevance in title and clarity in abstract-were retained for the
eligibility stage.

3.3. Step 3: Eligibility
The eligibility criteria were established to ensure that only studies with direct and meaningful contri-

butions to the problem of student activity recognition in classroom settings were included in this survey.
- Inclusion criteria:

• Published within the period 2013–2025.
• Appeared in peer-reviewed journals, international conferences, or book chapters.
• Focused on student activity recognition in classroom environments, at one of the three levels:

frame-level, clip-level, or continuous-level.
• Provided a complete description of the methodology, model architecture, processing pipeline, and

experimental protocol.
• Reported quantitative evaluation metrics enabling performance comparison (e.g., accuracy, mAP,

F1-score).
- Exclusion criteria:

• Studies addressing general HAR without a classroom context.
• System-description papers that lack model evaluation.
• Works for which the full text is not available.
• Non-academic materials such as editorials, keynote talks, opinion pieces, or slide presentations.
• Studies that do not report or clearly define bounding boxes, tubelets, clips, or action labels, making

analysis and comparison infeasible.

3.4. Step 4: Included (Final set of studies)
In the initial search phase, a total of 80 publications were retrieved from the selected databases.

Through a multi-stage screening process, studies that did not fall within the scope of student activity recogni-
tion, did not clearly describe classroom behaviors, or did not address activities such as hand-raising, sleeping,
standing, or phone usage were excluded. Additional studies were removed due to insufficient methodological
detail, lack of quantitative results, or misalignment with the three target methodological categories (frame-level,
clip-level, and continuous recognition). Ultimately, 50 studies met all eligibility criteria and were retained for
in-depth analysis. These studies were then categorized into the three main methodological groups defined in
this survey: frame-level, clip-level, and continuous recognition.
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4. RESULTS AND DISCUSSIONS
4.1. Frame-level approach for student activity recognition

Frame-based methods focus on recognizing target activities within single image frames. This approach
is closely related to object detection in still images, a research area that has attracted significant attention in
computer vision and machine learning. As shown in Figure 3, these activity recognition methods take individual
frames as input and generate corresponding outputs. Specifically, for each frame, the models produce bounding
boxes that locate the relevant activities. While some approaches are designed to identify only one type of
activity, others are capable of detecting multiple activities at the same time. Owing to the rapid progress in
object detection techniques, a wide range of frame-based methods for student activity recognition has been
developed.

Figure 3. Frame-level approach for student activity recognition

Among student activities, hand-raising has attracted the most attention from the research community
as the number of hand-raising can be used to infer the quality of teaching session. However, detecting hand-
raising from images is challenging due to the occluded body parts and low-resolution hands areas. In [12], the
authors proposed to apply Lienhart-Maydt method for hand-raising detection. Then, the authors proposed to
combine the face detection results with those of hand detection within the same frame to enhance the detection
accuracy. When both face and hand are detected, the relative positions between them are calculated to determine
if the person is actually raising their hand. The work in [13] proposed a model to detect the gesture of raising
a hand using static images as input. Initially, the model selects regions of interest likely to contain the gesture
of raising a hand, then uses HSV and YCbCr color space models to detect skin color in the images. The edges
are detected using a stable Gaussian filter, and finally, the activity is classified as raising a hand or not.

With the arrival of deep-learning based object models, recent works mainly rely on these detection
models to detect hand raising from classroom images. Deep learning models for object detection are generally
divided into two main types: two-stage object detectors (e.g. Region-based fully convolutional network (R-
FCN) [26], Faster region-based convolutional neural network (RCNN) [27]) and one-stage object detectors
(e.g. You only look once (YOLO) and its variants [28]).

The authors in [29] proposed an R-FCN-based method for detecting hand-raising gestures in images
captured within a real-world classroom setting. To enhance the detection of hand-raising gestures, even in
low-resolution images, they integrated pyramid features into the original R-FCN architecture. Specifically, the
R-FCN network was improved by incorporating pyramid features into its design.

Relying solely on object detection for hand-raising recognition may lead to false alarms and missed
detections. To address this issue, additional cues such as hand pose information have been incorporated. In
[15], the authors proposed a three-step framework consisting of hand-raising detection, pose estimation, and
matching steps. In the first step, an improved R-FCN algorithm was applied for hand detection. In the second
step, a novel part affinity fields-based (PAF) pose estimation method was introduced to detect human body
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keypoints. Finally, a heuristic matching strategy based on the spatial relationship between detected hands and
body keypoints was employed to identify students who were raising their hands. Similarly, [18] presented an
approach for recognizing hand-raising gestures consisting of two stages. The first stage uses multi-stage pose
estimation to determine candidate hand regions for each student. Then, the second stage applies a binary clas-
sification network to determine the specific gesture type. Both studies relied on the pose estimation technique.
However, this technique only worked well in simple scenes without much occlusion or clutter.

An extended non-local module combined with the Libra-RCNN detection model was proposed in
study [30], enhancing image information extraction by incorporating local context and spatial correlation be-
tween pixels. The model addressed two main limitations: the lack of locality-awareness and the disregard for
spatial relationships between pixels.

Recently, [31] proposed a novel machine learning approach that is robust to viewpoint variations and
occlusions. The method leverages long short-term memory (LSTM) networks to detect hand-raising activ-
ity from pose estimation’s information. Similarly, the authors in [32] proposed a morphology-based analysis
method. The proposed method in this work utilized YOLOx for object detection and HrNet for skeleton es-
timation. Students’ skeleton key point data is converted into several one-dimensional time series, allowing
for a detailed analysis of hand-raising behaviors. These models help in accurately capturing and analyzing
hand-raising actions.

Following a similar approach to improving R-FCN, the study [17] detected sleep persons in classrooms
by leveraging pyramid feature representation. They employed a modified R-FCN model integrated a feature
pyramid and deformable convolution to solve the challenges in sleep gesture detection, such as occlusion and
diversity of gestures. By integrating both together, the system linked feature layers at various scales. This
made the proposed method more effective in detecting small sleep gestures. Additionally, the study proposed
using deformable convolution networks combined with local multiscale testing, enabling the system to learn
the specific characteristics of small-size sleep gestures, such as various postures and changes in the bounding
box sizes.

Some works tried to recognize more activities. In [33], the authors proposed a method based on
CNNs combined with transfer learning. Pre-trained architectures, such as VGG16 and VGG19, were utilized
to extract deep features from images. In [19], the authors developed an intelligent system capable of automat-
ically recognizing student behaviors in recorded classrooms including raising hands, standing up, and dozing
off. These behaviors are challenging to detect due to scale variations, low resolution, and imbalanced sample
distributions. They enhanced Faster R-CNN by introducing a new scale-aware detection head to handle scale
variations, a feature fusion strategy for detecting low-resolution behaviors with minimal extra computation,
and Online hard example mining (OHEM) to mitigate severe class imbalances. Additionally, they proposed a
technique that combines feature vectors from different layers to create the feature map for detection, improving
the accuracy of detecting small objects, such as sleeping and hand-raising gestures.

The study [20] introduced a new detection model called GestureDet. This model allows for the de-
tection of typical student gestures, including raising hands, standing up to speak, and sleeping. The authors
enhanced the MobileNetV2 object detection model by integrating spatial attention, channel attention, and batch
attention mechanisms to learn features more robustly from data. Additionally, GestureDet’s lightweight nature
allows to deploy it on embedded devices such as the NVidia Jetson TX2.

The study [34] focuses on the task of recognizing seven common types of student activities in the
classroom by leveraging the power of pre-trained CNN models. The authors apply transfer learning techniques
to fine-tune well-known network architectures such as VGG-16, ResNet-50, Inception V3, and Xception on a
self-constructed classroom dataset consisting of more than 4,000 images.

The study on ET-YOLOv5s [35] addressed the challenges posed by low-resolution classroom environ-
ments and small-scale objects by incorporating an enhanced super-resolution generative adversarial network
(ESRGAN). The ESRGAN module was employed to enhance image details prior to inputting the images into
the detection network.

In 2024, Jia and He [36] proposed the SBD model, a hybrid framework that integrates YOLOv5 with
the coordinate attention (CA) mechanism to generate high-quality feature maps, replacing the traditional VGG-
19 backbone in the OpenPose framework. The proposed model not only performs object detection but also
facilitates detailed analysis of human keypoints, thereby improving behavior recognition performance under
conditions of partial student occlusion.

The authors in [21] developed a student behavior recognition system based on skeleton pose estimation
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and person detection to assess students’ learning attitude. Four main student activities are considered including
looking, asking, boring and bowing. Based on the analysis results, this system can evaluate student attitudes
towards the lesson, providing useful information for teachers and education managers. In [2], the authors
evaluated the performance of three object detection models including Faster R-CNN, YOLOv5, and detection
transformer (DETR) for student activity recognition on the StudentAct dataset.

Table 1 summarizes the methods that follow the frame-level approach. Although these methods have
achieved promising results, they often suffer from missed detections and false alarms due to their inability to
capture the temporal aspect of activities.

Table 1. Summary of frame-level methods for student activity recognition
Method Description Activities Result Level

Nazaré and Ponti (2013) [12] Identify hand-raising posture by
analyzing the positional relation-
ship between the face and hands

Raising hand Achieved over 60% accuracy on
most of the their test data

Frame

Jesna et al. (2016) [13] Use HSV and YCbCr color space
for skin color detection and Gaus-
sian filters for edge detection

Raising hand Achieved 91% accuracy on their
hand dataset

Frame

Zhou et al. (2018) [15] Use Pose estimation to identify
key body points and combine po-
sitional information

Raising hand Achieved 83% accuracy on their
dataset (30 schools)

Frame

Si et al. (2019) [29] Enhance R-FCN by integrating the
Feature Pyramid to detect hand-
raising gestures

Raising hand Achieved 90% mAP on self-
constructed dataset

Frame

Liao et al. (2019) [18] Utilize multi-stage pose estima-
tion to identify the hand-based re-
gion

Raising hand Achieved accuracy of 94.76% Frame

Buhler et al. (2023) [31] Use LSTM to detect hand-raising
actions from pose estimation re-
sults

Raising hand F1-score of 76% Frame

Chen et al. (2024) [32] Use YOLOx and HrNet for skele-
ton estimation, transformed into
time series

Raising hand Analysis of activity’s speed and
amplitude

Frame

Li et al. (2019) [17] Modified R-FCN with feature
pyramid and deformable convolu-
tion

Sleeping Achieved 0.74 AP@0.5 Frame

Hoang et al. (2019) [33] CNNs (VGG16, VGG19) com-
bined with transfer learning

8 activities (writing,
reading, etc)

VGG19 achieved 80.8% accuracy Frame

Zheng et al. (2020b) [19] Faster R-CNN with Scale-aware
Detection Head and OHEM

Hand-raising, standing,
sleeping

Achieved 57.6% mAP Frame

Zheng et al. (2020a) [20] GestureDet: Improved Mo-
bileNetV2 with spatial and
channel attention

Hand-raising, standing,
sleeping

Achieved 74.5% mAP Frame

Lin et al. (2021) [21] Skeleton pose estimation and hu-
man detection

Asking, boring, bow-
ing, looking classes

Precision 89%, Recall 91% Frame

Nguyen et al. (2022) [2] Evaluate Faster R-CNN, YOLOv5
and DETR

Standing, sitting,
phone, sleeping, hand

YOLOv5 achieved best mAP (up
to 94.3%)

Frame

Lina et al. (2022) [35] Integrate ESRGAN to restore im-
age details

11 activities (bowing,
drinking, etc)

Achieved a mAP of 96.8% Frame

Deshpande and Deshpand (2023) [34] Transfer learning with VGG-16,
ResNet-50, Xception

7 activities (discussion,
writing, etc)

Xception achieved 92% accuracy Frame

Jia and He (2024) [36] YOLOv5 with Coordinate Atten-
tion replacing VGG-19 in Open-
Pose

Raising hand, standing,
writing, etc

Obtained an mAP of 82.1% Frame

Among the studied activities, hand-raising has received the most attention from the research commu-
nity. However, its detection performance varies significantly across different methods, ranging from 39.4% AP
in [2] to 94.76% accuracy in [18]. A direct comparison of these methods is infeasible, as they are evaluated
on private datasets collected by the respective authors. Additionally, other important activities, such as using
a phone, have not been fully explored. Future research should focus on improving detection performance and
extending recognition to a broader range of activities.

Besides using appearance features, some methods have attempted to integrate human skeleton infor-
mation to reduce false alarms. However, previous studies were conducted in classroom environments with
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minimal occlusion and clutter, where human joints could be accurately estimated. In real classroom conditions,
joint estimation performance may be less reliable, posing additional challenges for activity recognition.

Finally, from a practical point of view in classroom management, it is crucial to recognize complete
activity instances from beginning to the end rather than analyzing individual frames as recognizing full in-
stances enables appropriate interventions. For example, detecting complete instances of negative activities,
such as using a phone or sleeping, allows measurement of their duration and frequency. This information can
help inform decisions to adjust classroom content to better engage the students.

4.2. Clip-level approach for student activity recognition
This approach focuses on classifying a predefined tubelet (i.e., clip) into an action class as illustrated

in Figure 4. Once the tubelet is defined, the problem becomes similar to action recognition and classification.
Therefore, methods developed for action recognition can be applied to clip-level student activity recognition
[8], [37].

Figure 4. Clip-level activity recognition approaches

In [38], the authors proposed to employ a combination of traditional features, including local log-
euclidean multivariate gaussian (L2EMG) and scale-invariant feature transform (SIFT) for student activity
recognition. These features were used to capture shape and texture variations of students in video clips for the
classification of five basic actions, namely raising hands, standing, sitting, writing, and reading.

In the study [39], the authors fine-tuned the two-stream I3D-ResNet-50 model [40] - an advanced 3D
video classification architecture that uses a 3D convolution network to directly learn and extract spatiotemporal
information from video data to evaluate the performance of the EduNet dataset, which consists of action data
from classroom environments.

Based on the joint estimation algorithm, study [23] proposed a model for recognizing student activ-
ities. The model in the study combines the Alphapose joint estimator and the DD-Net activity recognition
network, creating a compact deep learning model that still delivers high recognition accuracy. First, Alphapose
extracts joint coordinates from classroom videos, dividing them into sequences from the start frame to the end
frame of each activity for each student, and labels them accordingly. The input to DD-Net is the sequences of
joint coordinates of a person performing a single activity.

Another clip-level study introduced in [22], based on the SlowFast network, incorporates the multi-
scale spatial-temporal attention (MSTA) module into the Slow path, which includes extracting multi-scale
spatial features, channel attention, and temporal attention to effectively utilize channel, temporal, and spatial
information at different scales. Subsequently, the efficient temporal attention (ETA) module is introduced
into the Fast path to enhance the model’s detection performance and help the model better capture action
information. Based on experimental results, the method with the addition of MSTA and ETA improved the
mAP by 5.63% compared to the original SlowFast. The study [3] proposed a ConvNet model consisting of a
spatial stream ConvNet using Inception V3 to extract spatial features and a temporal stream ConvNet built with

Indonesian J Elec Eng & Comp Sci, Vol. 42, No. 1, April 2026: 149–163



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 ❒ 157

a CNN comprising five convolutional layers with 3×3 kernels, a stride of 1, and the ReLU activation function
to extract temporal features. The extracted features were then concatenated to form a feature vector for the final
prediction.

In [41], the authors proposed a novel methodology based on a Histogram of Actions combined with
gaze information. A 3D-CNN was employed to extract spatiotemporal features from 2-minute video segments.
The model achieved an F1-score of up to 90% on a dataset containing 1,414 clips across 13 action categories,
demonstrating the effectiveness of integrating action frequency with students’ attention direction to assess
learning quality. In [42], the authors adopted the X3D architecture and introduced a fusion mechanism that
combines RGB features with human skeleton data. This design enhances recognition performance under chal-
lenging conditions such as student occlusion and limited computational resources. Experiments conducted on a
large-scale classroom behavior dataset showed that the proposed model achieved a Top-1 accuracy of 88.36%,
while significantly reducing the number of parameters and computational cost compared to conventional 3D
CNN models.

Some clip-level methods have been proposed for student activity recognition. However, these ap-
proaches typically rely on the assumption that the clips have be defined a prior. The main drawback of
sequence-level methods is that in a classroom setting, where many students may be performing different activ-
ities at different times, determining the appropriate clips for analysis is not a straightforward task.

4.3. Continuous activity recognition approach
Methods in the continuous activity recognition category aim to detect complete instances of each

activity in untrimmed classroom videos. This involves identifying the spatial location of each activity instance
within the video frame, typically defined by a bounding box, as well as determining its start and end times.
Figure 5 shows the input and output of continuous student activity recognition.

Figure 5. Continuous-level activity recognition approaches

This approach is similar to spatio-temporal action detection in action recognition [43]-[45], however
due to the challenges of student activity recognition, very few works have been proposed for continuous recog-
nition from untrimmed videos[24].

In the study [24], the author proposed a method for continuous hand-raising recognition from untrimmed
video. The proposed approach combines hand-raising detection and tracking to follow the hand-raising activity
over time. The detection model is an improved version of the Libra-RCNN deep learning object detection
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network, incorporating an enhanced non-local block and leveraging correlation features based on distance and
position between elements on the feature map. The tracking component utilizes the SORT object tracking
module [46]. Table 2 lists all methods belonging to clip and continuous categories.

Table 2. Summary of methods belonging to clip-level and continuous approach for student activity recognition
Method Description Activities Result Recognition Level

Lei et al. (2019) [38] Combine traditional features
L2EMG (Local Log-Euclidean
Multivariate Gaussian) and SIFT
(Scale-Invariant Feature Transform)

Raising hand, stand-
ing, sitting, writing,
reading

Achieved an average accuracy of
82.05%

Frame-level

Sharma et al. (2021) [39] Use two-stream I3D-ResNet-50
model (RGB and Optical Flow) for
video classification

20 activities (argu-
ing, clapping, eating,
hand raise, hitting,
etc)

Accuracy of 72.3% on EduNet
dataset

Clip-level

Nguyen et al. (2023) [23] Combine Alphapose joint estima-
tion with the DD-Net activity recog-
nition network for skeleton-based
activity recognition

Raising hand, sleep-
ing, standing, sitting,
using phone

Accuracy, precision, recall and
F1-score were 74.58%, 78.71%,
74.58%, and 72.15% on Studen-
tAct Skel

Clip-level

Zhang et al. (2023) [22] Combine the Multi-scale Spatial-
Temporal Attention (MSTA) and the
Efficient Temporal Attention (ETA)
to focus on salient features over time

7 activities mAP of 91.1% on SCSB dataset Clip-level

Liu et al. (2023) [3] Propose a ConvNet model to extract
spatial and temporal features con-
sisting of a Spatial Stream ConvNet
and a Temporal Stream ConvNet

7 activities Overall accuracy of 83.01% on Ed-
uAction dataset

Clip-level

Ahmed et al. (2023) [41] Introduce a method based on a His-
togram of Actions combined with
gaze data

13 activities (raising
hand, yawn, writing,
etc)

Achieved F1-score of up to 90% Clip-level

Zou et al. (2025) [42] Integrate a fusion mechanism be-
tween RGB features and human
skeleton data to enhance recognition
performance

6 activities (raising
hand, standing up,
listening, etc)

Achieved an Top-1 Accuracy of
88.36%

Clip-level

Le et al. (2023) [24] Combine the improved Libra-
RCNN model with the SORT
tracking module to recognize and
track hand-raising gestures

Raising hand Frame-wise accuracy, Temporal
IoU, F1-score, and Levenshtein
score were 90%, 84.4%, 83.2%

and 84.3%

Continuous

Nguyen et al. (2025) [47] Propose a two-step method
(STrack4Re) for continuous student
activity recognition

5 activities YOLOv5 and OC-SORT were se-
lected for the object detection and
tracking steps

Continuous

Bui et al. (2025) [48] Enhanced the STrack4Re method
by incorporating bounding boxes
from virtual trajectories and inte-
grating appearance features to in-
crease tracking robustness.

5 activities Achieved the highest F1-scores in
activity recognition, outperforming
the baseline by up to 10.9%.

Continuous

4.4. Classroom activity recognition image and video datasets
To train the recognition models and to evaluate their performance, several datasets have been collected

and annotated. In the study by [29], the authors built a large-scale hand-raising dataset by recording videos from
two static cameras in a real classroom with more than 30 students. After the annotation process, the dataset
included a total of 40,000 hand-raising samples, with 28,000 samples used for training and 12,000 for testing.
This dataset also presented challenges for the hand-raising detection task, such as occlusions, low resolution,
and variations in hand-raising gestures. In [49], a dataset for hand-raising recognition at the frame level was
introduced, comprising a total of 22,000 images with 76,000 bounding box annotations. All images had a
resolution of 1920 × 1080 pixels. The training set was collected from four classes in an elementary school,
while the testing set consisted of a video featuring 23 students in a meeting room. The significant differences
between the postures of children and adults introduced certain challenges for hand-raising detection. Another
similar dataset for hand-raising activity, named Class HRP was also introduced in [24], consisting of 6,733
images recorded over multiple sessions in a 50-student classroom of the university. A total of 53,798 hand-
raising samples have been annotated, with 4,928 images containing 34,511 samples used for the training set
and 1,805 images with 19,287 samples allocated for the test set.
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In [20], the authors constructed a large-scale classroom student behavior dataset collected from more
than 30 primary and secondary schools. The dataset includes 70,000 hand-raising instances, 20,000 standing
instances, and 3,000 sleeping instances, all annotated with bounding boxes. It has been regarded as one of the
most challenging benchmarks due to substantial scale variations, severe class imbalance, and relatively low-
quality annotations. The scale variation is evident in the significant difference between hand-raising samples
(approximately 40× 40 pixels) and standing samples (approximately 200× 200 pixels). Moreover, about 70%
of the objects occupy less than 0.5% of the total image area. These factors collectively make the dataset par-
ticularly challenging for frame-level student activity recognition. A dataset named StudentAct was introduced
in [2]. The recording system utilized five cameras installed at different locations. The videos was collected
in a 100 m² classroom with a ceiling height of 3.5 m and a capacity of 60 students, focusing on five primary
activities, including standing (talking to the teacher), sitting, using phone, sleeping, and raising hand. Stu-
dentAct dataset comprises 596,371 bounding boxes annotated from 31,046 images. The dataset poses several
challenges, including significant variations in bounding box sizes, severe occlusions due to high student den-
sity (20–30 per class), and class imbalance, where sitting has the highest number of samples (34,102), while
standing has the least (3,259). These factors contribute to the complexity of student action recognition, making
StudentAct a valuable benchmark for future research.

Several datasets have also been developed to support sequence-level student activity recognition. One
such dataset, Beijing Normal University Large-scale classroom student action database (BNU-LCSAD), was
introduced to facilitate the recognition, detection, and captioning of student behaviors in classroom settings
[50]. The videos were collected from real classroom sessions at Beijing Normal University. In total, 4.5K
video clips from different disciplines and different educational stages have been selected. EduNet, introduced
in [39], comprises 7,851 manually annotated clips extracted from YouTube videos and recorded in an actual
classroom environment, covering 20 action classes. Another dataset was introduced in [51]. This dataset
contains 4,917 images covering 10 learner states: raising hand, standing up, clapping, taking photos, looking
up, holding cheek, taking notes, playing with a mobile phone, stretching, and lying on the desk. In [3], the
authors introduced a new dataset named EduAction, which focuses on college students’ actions. The dataset
includes seven action categories and 718 action clips collected in real classroom environments. More recently,
[22] presented the SCSB dataset, which targets seven common student behaviors, including looking at the
board, looking down, turning the head or body, talking, standing up, raising hands, and lying on the table.
Approximately 250 minutes of classroom video were collected. They are then segmented into 10-second clips.
Over 600 clips were annotated, each containing from 7 to 20 students, resulting in a total of 51,387 annotations
across the dataset.

Recently, in a newest research [52], authors has presented a video dataset of student actions. The
dataset includes 4,324 3-second clips depicting realistic and diverse actions during classes in various subjects
at different educational levels, from kindergarten and elementary to middle school, with resolutions of 720p
and 1080p. The dataset is categorized into 5 types of actions with 15 different labels. However, some labels
are highly similar, posing significant challenges for recognition models. The authors in [53] have constructed
a new multimodal dataset focusing on activity recognition in classroom surveillance images called activity
recognition in classrooms (ARIC). The ARIC dataset has the advantages of having multiple perspectives, 32
activity types, three modalities, and real classroom scenarios. Table 3 summarizes the datasets available for
student activity recognition.

Although several datasets have been collected to evaluate student activity recognition methods, they
are all designed for frame-level or sequence-level recognition. To the best of our knowledge, no publicly
available dataset supports continuous activity recognition. Furthermore, most existing datasets are private,
which limits the ability to fairly compare different methods on a shared benchmark.

4.5. Open issues and future directions
Despite significant advancements in student activity recognition from videos, several open challenges

remain. The first challenge is data scarcity and diversity, as existing datasets often lack sufficient variations in
classroom settings, cultural contexts, and student behaviors. Additionally, data annotation is a time-consuming
and labor-intensive process. As a result, despite the vast amount of video data collected over the years, the avail-
ability of annotated datasets remains limited. Future research should prioritize the collection and annotation
of large-scale, diverse datasets to enhance model generalization. Moreover, establishing benchmark datasets is
crucial to facilitate the comparison of recognition methods. In the broader field of activity recognition, datasets
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such as NTU 60 and NTU 120 are widely used. However, in the domain of student activity recognition, there
is still a lack of a large-scale, standardized benchmark dataset, which hinders the development and evaluation
of more effective recognition models.

Secondly, the majority of current research focuses on frame-level detection, driven by advancements
in object detection models. However, few studies have explored clip-based or continuous activity recognition.
Frame-level predictions alone are often insufficient for meaningful classroom assessment, as they lack temporal
coherence and context. Therefore, future efforts should prioritize continuous recognition approaches that can
effectively capture and analyze student activities over extended time periods, enabling more accurate monitor-
ing and evaluation.

Table 3. Summary of methods belonging to clip-level and continuous approach for student activity recognition
Dataset #Activities Statistical Information Recognition Level Availability

Si et al. (2019) [29] 1 (hand-raising) 40,000 samples (28,000
training, 12,000 testing)

Frame-level Private

Liu et al. (2020) [49] 1 (hand-raising) 22,000 images with
76,000 bounding boxes,
elementary school and
university meeting room

Frame-level Private

Class HRP (2023) [24] 1 (hand-raising) 6,733 images, 53,798
bounding boxes (34,511
training and 19,287 test-
ing), university class-
room

Frame-level Private

Zheng Rui et al. (2020) [20] 3 activities (hand-raising,
standing, sleeping)

70,000 hand-raising,
20,000 standing, 3000
sleeping boxes, primary
and secondary schools

Frame-level Private

StudentAct (2022) [2] 5 activities (standing,
sitting, using phone,
sleeping, and raising
hand)

596,371 bounding boxes
from 31,046 images,
university classroom

Frame-level Available upon request

Che et al. (2022) [51] 10 activities (e.g., raising
hand, standing up, taking
notes, etc.)

4,917 images, three an-
gles and in day, night,
fluorescent lamp lighting
condition

Frame-level Private

BNU-LCSAD (2021) [50] 11 activities (e.g., eating
or drinking, listening,
taking notes, using
mobile phones, yawning,
etc)

128 videos of 45min,
real classroom scenes

Sequence-level Private

EduNet (2021) [39] 20 activities (e.g., hand
raiseing, hitting, etc.)

7,851 annotated clips
collected from YouTube
and actual classroom

Sequence-level Available on request

EduAction (2023) [3] 7 activities (e.g., sleeping,
listening to lectures)

718 action clips in col-
lege classroom environ-
ment

Sequence-level Private

SCSB (2023) [22] 7 activities (e.g., looking
at board, looking down)

600 labeled clips from
250 mins of videos with
51,387 annotations

Sequence-level Private

Real-time recognition and efficiency remain significant challenges, particularly in resource-constrained
environments where computational power is limited. Developing lightweight and efficient deep learning mod-
els is essential to enable real-time processing without compromising accuracy. Furthermore, most existing stud-
ies focus on activity recognition within a single classroom, limiting their scalability. Deploying a large-scale
monitoring system across an entire school or university requires additional considerations, such as efficient
allocation of computing resources, distributed processing, and network infrastructure optimization. Future re-
search should explore scalable architectures and resource management methods to ensure the feasibility of
large-scale deployment in educational settings.

Besides visual information, additional data sources such as audio, gaze tracking, and physiological
signals can be collected from the classroom to provide a more cues for student activities understanding. A
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promising future direction is multi-modal fusion, where integrating these complementary modalities alongside
video can significantly enhance recognition accuracy.

Furthermore, context-awareness is crucial, as current models often fail to understand the broader class-
room dynamics, such as interactions between students and teachers. Future work should explore graph-based
or attention-driven models to incorporate contextual relationships.

Lastly, ensuring privacy and ethical considerations in student video analysis is essential, requiring
privacy-preserving techniques such as federated learning. Addressing these challenges will contribute to more
robust, scalable, and ethically responsible student activity recognition systems. .

5. CONCLUSIONS AND FUTURE WORKS
Student activity recognition from videos has obtained significant attention thanks to its potential appli-

cations in smart classrooms, adaptive learning, and educational analytics. This survey reviewed state-of-the-art
approaches, categorizing them into frame-level, clip-level, and continuous recognition methods. Additionally,
we provided an overview of available datasets for student activity recognition. The survey has highlighted
that while promising progress has been made, several challenges remain, including data scarcity, real-time ef-
ficiency, multi-modal fusion, large-scale deployment and privacy. Finally, we have proposed suggestions for
future research, aiming to advance the development of more robust and scalable student activity recognition
systems.
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