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Abstract 

Learning analytics can enable the provision of meaningful feedback based on the collected data, help 

educators to make decisions with and about learners, and improve learner performance. Student engagement 

predictions are a key factor in generating feedback for real-time learning analytics applications, such as 

dashboards. However, most previous work has been based on a heavy deep learning model, which results in 

challenges for deployment in real-time applications (a resource efficiency requirement in reliable AI). This paper 

proposes a lightweight deep-learning framework for predicting student engagement in video to address this 

limitation. The proposed method uses customized MobileNetV2 as the backbone, with an input size of 32 by 32 

by 3, to extract features from consecutive video frames. Multi-Scale attention – Residual (MUSER) is used to 

capture global information and contextual representation of the extracted features. Finally, LSTM examines the 

temporal variations in video frames and yields the prediction result. We use the DAISEE dataset, the most popular 

dataset in the learning analytics community, to evaluate the proposed framework. Experimental results 

demonstrate that the proposed method achieves good accuracy while significantly reducing the model size 

compared to other approaches. 

Keywords: Learning analytics, feedback, lightweight deep learning framework, student 

engagement predictions, reliable AI. 

1. Introduction

Comprehensive data are now gathered as students employ digital learning platforms in their 

courses. This greatly enhances options to comprehend how students learn better [1]. The learning 

analytics community analyses this information to ground recommendations and clarifies learning 

processes [2] for enhanced learning environments [3, 4, 5]. One major issue in this work is the 

demand for additional, comprehensive data regarding each student’s learning procedures to create 

timely and valuable feedback for teachers and students [6]. Student engagement is a vital priority 

in this case. Studies consistently indicate a strong correlation between academic success and 

engagement [7].     

Student engagement encloses the learning environment's emotional, cognitive, and behavioural 

states [8]. Behavioural engagement demands in-class activities, perseverance and emphasizing 

effort [9], while cognition implicates education skills such as storage, perception, retrieval, and 

processing [10]. Active participation is controlled by affective conditions [11], whereby negative 

emotions such as frustration and boredom lead to disengagement, while positive emotions such as 

interest and happiness improve engagement and focus [12]. Various approaches have been 

developed to automate determination of engagement in online schooling, classified into computer 

vision-based and sensor-based methods. Computer vision-based techniques have garnered 

significant interest, and they have in turn been categorised into video-based and image-based 

approaches. The image-based methods depend only on spatial data from a single frame or image, 

which is a notable drawback. Since engagement prediction is spatiotemporal behaviour, video-

based strategies have become more widely adopted and efficient for detecting student engagement 

[13]. 



  Video-based approaches generally employ deep learning (DL) and/or machine learning (ML) 

techniques. ML techniques create features and use handcrafted patterns for student engagement 

computation [14], while DL methods understand features from training data, allowing the process 

to distinguish variations [15]. DL techniques outperform ML in tasks demanding affective 

condition prediction.  

  The contributions of this paper are two-fold. Firstly, this study introduces a new lightweight and 

reliable framework for detecting students’ engagement from video by incorporating the strengths 

of Customized MobileNetV2 with Multi-Scale attention – Residual (MUSER) attention and LSTM 

in online learning environments. Secondly, we describe an evaluation of our method using 

comprehensive experiments on bench-marking datasets, including the DAISEE dataset. The 

experiment results indicate significant improvements in the number of model sizes with only 0.66 

M parameters while keeping a good accuracy of 57.49% compared to the state-of-the-art methods. 

 

 2. Related work 

       Student engagement has been a critical subject in academic research. Computer vision (CV) is 

presented as a practical method for automated student engagement prediction [16]. At the moment, 

DL is broadly exploited in CV [21] because of its superior performance compared to other 

techniques [22], [23]. These DL approaches are used for engagement detection, providing video 

data to convolutional neural networks (CNNs) to predict engagement. In [19], Wu et al. presented 

a multi-instance learning method in the EmotiW database for engagement detection. Zhu et al. and 

Huang et al. [17] introduced the Deep Engagement Recognition Network (DERN), which extracts 

features from OpenFace [18] and combines them with temporal convolution to determine student 

engagement on an online education platform, reaching a precision of 60% in classification with 

four-level of engagement. Gupta et al. [24] identified the faces of students with the Max-Margin 

Face prediction method, and students' faces were categorised found on facial expression into four 

classes, namely, High Negative Affect, High Positive Affect, Low Negative Affect, and Low 

Positive Affect, employing an improved version of Inception V-3 Model. Zhu et al [20] introduced 

a Hybrid Attention-based Gated Recurrent Unit (GRU) network to classify features from the 

EmotiW database's video and predict the engagement class. Binh et al. [25] attained 80.8% using 

a training CNN and transfer learning with VGG19 to classify students' engagement based on their 

posture and gestures in the school. Nezami et al. [26] trained a simple CNN to recognize en-

gagement in private image sets. Schulc et al [27] created a CNNLSTM method that detected 

nonattention and attention for commercials. 

        The majority of the databases employed for evaluating student engagement have either not been 

publicly available or are small, makingcomparison with other methods difficult and has restricted 

the expansion of this field. To address these challenges, Gupta et al. [28] presented the Database 

for Affective States in E-Environments (DAiSEE), which was employed for training numerous DL 

methods involving the Convolutional 3D (C3D) [30], InceptionNet [29] and long-term recurrent 

convolutional networks (LRCN) [31], reaching 46.4%, and 57.9% accuracy respectively in four 

classes of engagement prediction. Moreover, student engagement prediction has evolved as one of 

the demands in Emotion Prediction in the Wild (EmotiW) [33, 34] since 2018, promoting this 

field's evolution. Authors in [36] enhanced the Inflated 3D Convolutional Network (I3D) [37] and 

achieved greatest precision in the two-level engagement category, namely not engaged or engaged. 

Authors in [35] developed a new Gaze-AU-Pose (GAP) unit and employed a Gated Recurrent Unit 

(GRU) [32] layer and recurrent neural network (RNN) to predict engagement. Liao et al. [40] 

presented Deep Facial Spatio-Temporal Network (DFSTN) to detect the engagement class during 

online education, employing the SE-ResNet-50 model for spatial features retrieval and the LSTM 

along with global attention for temporal data retrieval. The DFSTN approach achieveda precision 

of 58.84% in four engagement classes on the DAiSEE database. Geng et al. [38] proposed a 

Convolutional 3D (C3D) model with Focal Loss [39] to predict engagement from videos.  

        Although the above methods perform excellently on the DAISEE dataset, none is designed for 

mobile applications because they rely on the heavy deep learning framework. We propose a new 

lightweight deep learning method to address this gap. Lightweight deep learning models demand 

fewer computational resources, providing efficient power consumption, allowing them to operate 

smoothly on mobile devices with limited hardware resources, and advancing reliable AI by 



delivering consistent performance on low hardware resources (resource efficiency).  Furthermore, 

lightweight deep learning models are available across multiple users and devices, ensuring the AI 

system can accommodate many users simultaneously without performance degradation, enhancing 

overall reliability (scalability of reliable AI). 

 

       3. Methodology 

        Figure 1 presents the proposed model's structure. Frames are taken from each video and 

transformed into spatial features by improved MobilNetV2. A unique instance of the improved 

MobilNetV2 model is applied to every frame. Next, MUSER is utilized to learn the extracted 

features' global information and contextual representation. Next, LSTM is used to understand the 

temporal information. After finishing the training process, the proposed method recognizes the 

correlation spatiotemporal features with engagement levels. The details of each component 

framework are discussed in the following subsection.         

 

        3.1. Customized MobileNetV2 

        Along with the fast development of CNN, the model structure is complicated and requires a lot 

of calculations. The need for hardware resources is more and more. The training process cannot be 

developed on resource-constrained systems, so the recent research approach is high-speed and 

lightweight [41]. One approach is compressing the trained network and getting a corresponding 

lightweight network. Another strategy is to create a small network for training, and the MobileNet 

V2 is a suggestive small model. MobileNet V2 compensations accuracy and model size compared 

to MobileNet V1 and MobileNet V3. MobileNetV2 presents the linear bottleneck and residual 

structure in the network. 

        The standard residual architecture lowers the dimension first and then expands it. The residual 

structure in MobilenetV2 uses the contrary order. First, a 1 × 1 convolution layer is employed to 

increase the dimension. Then, a 3 × 3 deep convolution layer is employed to substitute 3 × 3 

convolution, which can significantly improve the effectiveness and decrease the computation of 

the model. Lastly, a 1 × 1 convolution layer is employed to decrease the dimension. In 

MobilenetV2, the ReLU is removed in the final layer and is replaced with the linear activation 

function. This approach can handle the issue of data loss. Moreover, extension coefficients are 

presented to regulate the model size [42]. When the stride is 2, no shortcut is used. In the proposed 

MobileNetV2 network, the shortcut is added with a 1x1 convolution layer and batch normalization 

layer in the bottleneck block with a stride of 2 (see Figure 2). The extra residual branch allows 

further improvement in the network performance. 

        In the original MobileNetV2, the width multiplier α is a hyper-parameter that changes the 

number of filters in depthwise convolutions. This multiplier affects all layers except the final 

convolutional layers. When α = 1.0, the network utilizes the original number of filters. When α is 

less than 1.0, the number of filters in each convolutional layer is scaled down by the factor α. In 

TensorFlow, pre-trained networks weights are available for α = 0.35, α = 0.5 and α = 1.0 [43]. In 

the proposed MobileNetV2 network, the value of α is 0.35.       

 
        3.2. Multi-Scale attention – Residual (MUSER) 

        The self-attention mechanism is extremely efficient in sequence-to-sequence learning and 

significantly enhances many tasks. However, it has its own drawbacks. The attention in deep layers 

is likely to focus in a single instance, yielding to the problem of expressing long sequences. 

        Multi-scale attention (MUSE) interprets parallel multi-scale expressing learning on sequence 

information. The original MUSE has two variants: MUSE-simple and MUSE. MUSE-simple 

includes the essential concept of a parallel multi-scale sequence describing data, and it encrypts 

the sequence in parallel, regarding various scales, supported by pointwise transformation and self-

attention mechanism. MUSE is made from MUSE-simple and interprets a combination of the self-

attention mechanism and convolution for learning sequences describing from various scales.  

 



 
 

Figure 1: The PROPOSED FRAMEWORK. 

 

 
 

Figure 2: The original bottleneck (left) and the proposed bottleneck (right).    

        MUSE concentrates on machine translation and has substantially improved performance over 

Transformer, particularly on long sequences. More significantly, MUSE's success in the 

application needs multi-scale attention and complex considerations to unify semantic space.  

        Under a standard setting, the proposed MUSE model surpasses all earlier methods on three 

principal machine translation tasks. Moreover, MUSE can accelerate inference due to its 

parallelism [44].  

        In this work, we extend the MUSE simple with the layer normalization and residual mechanism 

to create a new attention mechanism, MUSER. The MUSER accepts the output of improved 

MobileNetV2 as input and creates the output data in a fusion form: 

Y = F(X) Attention(X) Pointwise(X)                                                                                      (1) 

Where “Attention” indicates self-attention, “F(X)” indicates the residual network, and “Pointwise” 



indicates a position-wise feed-forward network. The residual network consists of two layers: conv 

1x1 and Layer Normalization. As mentioned in the previous section, conv 1x1 changes the 

channels’ number in the feature map. Layer Normalization, a simple normalization technique to 

enhance the training speed for different neural network models, is used over a mini batch of the 

output from the conv 1x1 layer. Layer Normalization executes the operation as defined in [45,46]:  

              𝑠 =
𝑡−𝐸[𝑡]

√𝑉𝑎𝑟[𝑡]+∈
∗ 𝛾 + 𝛽                                                                                                                    (2)  

        The standard deviation and mean are computed over the final D dimensions, where D is the 

dimension of the normalized shape. For instance, if the standardized form is (3, 5), the standard 

deviation and mean are calculated over the last two dimensions of the input (i.e. input mean ((-2, -

1))). γ and β are learnable affine transform parameters of the standardized form if the elementwise 

affine is True. The typical deviation is computed by the biased estimator.  

 

        3.3. L ong short-term memory (LSTM) 

        LSTM presented as a seminal in [47], is a refined version of the RNN specifically designed to 

address the typical problem of long-term dependency [48]. LSTMs have proven effective in 

maintaining data over expanded sequences, thereby resolving the vanishing gradient issue [49]. 

LSTM processes the result from the prior "time step" along with the current input at a provided 

"time step" and passes it to the next "time step". Normally, the final step of the last hidden layer is 

used for recognition [50]. 

       The LSTM framework contains a hidden state described by h, a memory unit symbolised as c, 

and three different gates: The forget, the input, and the output gate. These gates are essential in 

managing the input's information flow, thereby controlling the write and read operations within 

the LSTM framework. The input gate decides how the internal state is updated depending on the 

current input and the prior internal state. In contrast, the forget gate determines how much of the 

previous internal state is retained [13].  

       Lastly, the output gate modulates the effect of the internal state on the overall system [51]. At 

every time step t, the LSTM obtains an input 𝑥𝑡 along with the prior hidden state ℎ𝑡−1. Later, it 

computes activations for the gates and updates both the hidden state ℎ𝑡and the memory unit 𝑐𝑡.  

       The improved MobileNetV2 creates spatial features from single frames, the MUSER improves 

the learning feature, and the LSTM catches the temporal variations in the sequence of frames and 

creates the detected engagement class. For a provided video sequence, the input to the proposed 

framework is an L × C × H × W tensor, where C, L, W, and H correspond to the number of 

channels, number of frames, frame width, and frame height, respectively. The improved 

MobileNetV2 is the feature extractor from individual frames of the input video. Then, the MUSER 

enhances the extracted feature from the output of the improved MobileNetV2. Next, the enhanced 

feature vectors from the consecutive frames are considered as the multi-dimensional input to the 

consecutive time steps of an LSTM to catch temporal information in the video. The output of the 

final time step of the LSTM is fed to a fully connected layer to predict the engagement class from 

the input video.  

              MUSER improves the performance of engagement prediction for deep learning networks 

compared to other attention mechanisms such as Squeeze-and-Excitation Networks (SENet) [52] 

or Linformer [53]. SENet significantly improves accuracy for existing deep learning networks at 

a small extra computational cost. Nevertheless, it was designed for image classification and 

unsuitable for video prediction tasks. Linformer, on the other hand, is created to manage long 

sequences efficiently, making it appropriate for sequential data like video frames. However, one 

drawback of Linformer is that it processes sequences in nonparallel. In contrast, the MUSER 

attention learns sequences in parallel, so it easily captures the change in student behavior in the 

video data. Also, MUSER uses residual branch, helps mitigate the vanishing gradient problem, and 

improves features learned [54], leading to better performance than the original MUSE. 

 

 

        4. Experiments 



        The DAiSEE database, presented in [28], is employed to measure the proposed method's 

performance compared to the prior approaches. The database has 9,068 videos taken from 112 

students to identify their states of confusion, boredom, frustration, and engagement. We just 

concentrate on engagement, with four engagement stages: stage 0 (very low), 1 (low), 2 (high), 

and 3 (very high). These states were provided by Whitehill et al. [55]. The frame rate, length, and 

resolution of the videos are 30 fps, 10 seconds, and 640 × 480 pixels. Table 1 displays the allocation 

of samples in the training, validation, and testing sets as defined in [28]. Our numerical section 

uses these sets to fairly compare the proposed framework with prior techniques on the DAiSEE 

database. We merged 1429 and 5358 videos in the validation and training sets to train the proposed 

framework model and make predictions on 1784 testing videos [56]. The database is highly 

imbalanced; only 0.63%, 1.61%, and 0.22% per cent of training, validation, and testing sets are in 

level 0. The extracted frames from the video were downsampled to get 3 × 32 × 32 images. The 

Adam is applied for parameter optimization with a batch size and learning rate of 16 and 0.001, 

respectively. The improved MobileNetV2 extracts feature vectors from the continuous frames and 

sends them to the MUSER, then LSTM. We executed the experiments using PyTorch [57] on a PC 

with 32 GB memory and an QUADRO M4000 8GB GPU. 

Table 1. The DAISEE database allocation. 

 

 Level 0 Level 1 Level 2 Level 3 

 Very 

Low 

Low High Very 

High 

Total 61 455 4419 3886 

Train 46 300 2846 2468 

Validate 11 74 712 641 

Test 4 81 861 777 

        The proposed framework's performance and the comparison results with various methods on 

the DAiSEE database are shown in Table 2. Some of the prior methods on the DAiSEE database, 

not evaluated with the four-class engagement, showed accurate metrics [28], [40], [17], [19],[38] 

. In [28], the authors provided five models: frame-level InceptionNet, video-level InceptionNet, 

C3D fine-tuning, C3D feature extraction, and LRCN. The top precision in [28] was 57.9% with 

LRCN, outperforming other competitive networks like ResNet TCN with weighted loss and 

sampling [57]. 

Table 2. The comparison between various methods on the DAiSEE database. 

 

Model Accuracy Parameters 

frame-level InceptionNet [28] 

video-level InceptionNet [28] 

ResNet+TCN with weighted loss [56] 

LRCN (CaffeNet) [28] 

DFSTN [40] 

EfficientNet B7 + Bi-LSTM [16] 

EfficientNet B7 + TCN [16] 

EfficientNet B7 + LSTM [16] 

The proposed method 

(Improved MobileNetV2+MUSER+LSTM) 

47.10% 

46.40% 

53.7% 

57.90% 

58.84% 

66.39% 

64.67% 

67.48% 

57.49% 

6.79M 

6.79M 

11M 

61M 

25.6M 

66M 

66M 

66M 

0.67M 

        The DFSTN [40] reached a precision of 58.84% on the DAiSEE database, which surpassed 

LRCN by 0.94%. Abedi and Khan [56] presented ResNet TCN with weighted loss and sampling, 

which achieved an accuracy of 53.7%. Finally, the highest results attained by using the three 

models: EfficientNet B7 + LSTM [16], EfficientNet B7 + TCN [16], and EfficientNet B7 + 

Bidirectional LSTM [16] network on the DAiSEE database were 67.48%, 64.67%, and 66.39%, 

respectively. As seen in Table 2, the proposed method achievedgood accuracy while significantly 

reducing the model size compared to other approaches. For example, LRCN exceeded the proposed 

method by only 0.5% but increased the model size almost 100 times. 

 



        5. Conclusion 

        In this paper, we have introduced a novel architecture, Improved MobileNetV2+ MUSER 

attention + LSTM, for determining engagement levels in online education. We measured the 

proposed framework's performance and compared it to several state-of-the-art approaches. The 

proposed architecture significantly reduces the parameters while maintaining good accuracy 

compared to state-of-the-art approaches on the DAiSEE database. 

        Student engagement is crucial for tracking the student learning process.The proposed method is 

lightweight and suitable for mobile applications. Future research is required tointegrate the 

proposed method into the real-time learning applications. 
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