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Abstract. Online learning has gained significant popularity, but maintaining
learner focus remains a challenge, especially in financial enterprise training sys-
tems. The need for training has increased with banking and finance digitalization
trends, yet high learning curves and prolonged sessions often lead to distrac-
tions. This research introduces an online learning tool that monitors and quan-
tifies learner attention in real-time. Using the MobileNet Convolutional Neu-
ral Network, we detect seven core emotions, which, combined with attention
scores, form aConcentration Index (CI). Learners are then categorized as “Highly-
engaged,” “Normally Engaged,” or “Disengaged.” With 70% accuracy on train-
ing and 65% on testing, our engagement metrics provide actionable insights for
educators and administrators, enhancing virtual learning and aiding in analytical
problem-solving strategies.

Keywords: Online Learning · Learner Focus · Real-Time Attention
Quantification · Convolutional Neural Network (CNN) ·MobileNet · Emotion
Detection · Concentration Index (CI)

1 Introduction

Enterprises are continuously evolving, adopting advanced technologies to improve cus-
tomer experience. As a result, there’s an imperative to ensure the workforce is updated
with the latest knowledge to adeptly handle these innovations. Many financial institu-
tions have adopted in-house LearningManagement Systems (LMS) to foster knowledge
transfer, enhance student engagement, and utilize results for career progression. Current

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024
Published by Springer Nature Switzerland AG 2024. All Rights Reserved
P. Cong Vinh and H. Mahfooz Ul Haque (Eds.): ICTCC 2023, LNICST 586, pp. 3–18, 2024.
https://doi.org/10.1007/978-3-031-59462-5_1

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-59462-5_1&domain=pdf
http://orcid.org/0000-0002-7457-0060
https://doi.org/10.1007/978-3-031-59462-5_1


4 N. T. Son et al.

forecasts anticipate the global LMSmarket to grow at a rate of 23% by 2024, reaching an
estimated revenue of roughly 12.48 billion [1]. However, these enterprise LMS systems
are often standalone systems in the enterprise system architecture or only providing very
high-level results on learning performance of the attendants.

E-learning holds the promise of personalizing learning experiences, delivering real-
time feedback to educators on student performance [2]. Its initial adoption at the uni-
versity level showcased its merits, where traditional full-time onsite learning was often
perceived as time-consuming, whereas online methods were lauded for their flexibility
and cost-efficiency [3]. Yet, e-learning poses challenges in areas like peer and educator-
student interactions, prompt educator support, and sustaining attention [4]. As its pop-
ularity soars, these issues become more evident, driving our aim to innovate in emotion
detection and ongoing student engagement assessment.

Various studies underscore the individual’s ability to grasp cognitive processes [5,
6]. Some emphasize the creation of learning systems that discern learners’ emotional
states [7–9]. Other research explores integrating motivational skills in smart learning
systems [10]. With evidence supporting emotion detection via facial expressions, it’s
been found that six unique emotions can predictably be identified with 89% accuracy
[11].While one study [12] presented in-depth results on facial expression-based emotion
recognition, understanding emotions like boredom and fatigue remains under-explored.
A segment of research champions the identification of confidence, frustration, and bore-
dom in e-learning to deliver tailored feedback [13]. The value of embedding emotions
in e-learning was asserted in [14]. Notwithstanding extensive studies on eye movement
[15, 16] and yawn detection [17], tracking drowsiness and unusual head movement has
been less addressed in e-learning contexts. Though past work has touched upon emotion
recognition in e-learning, a comprehensive solution with a proof of concept has been
absent.

Our study endeavors to create a comprehensive online learning platform incorporat-
ing emotion recognition. This solution encompasses an Android app fostering educator-
student engagement, a desktop web interface, and robust computing units and databases
for machine learning, feature storage, and data management. The aim is not only to
improve in-class learning performance, but also to provide management with novel
quantifiable metrics in assessing employee performance such as ability to concentrate
over a long period of time, ability to learn new skills.

– Step 1: Face Recognition - The product starts by integrating theMTCNN (Multi-Task
Cascaded Convolutional Neural Network) model for face recognition. This founda-
tional step paves the way for tracking learners’ facial expressions in subsequent
stages.

– Step 2: Focus Classification - After successful face detection, the system utilizes
the MobileNet model to determine if learners are focused. MobileNet, known for its
efficient image classification prowess, is employed for this purpose.

– Step 3: Emotion Classification - The system then uses MobileNet to classify learn-
ers’ emotions based on facial expressions, identifying states like happiness, sadness,
surprise, among others.

– Step 4: Concentration Index Calculation - As elaborated in Sect. 2.4 of this research,
a concentration index is computed to quantify engagement levels. It integrates results
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from both emotion and focus evaluations to provide a holistic measure of learners’
attention during e-learning.

– Step 5: Results Presentation for Educators - Lastly, the system offers a visual sum-
mary of learners’ emotions, focus, and concentration indices to teachers or adminis-
trators. These real-time insights empower educators to adapt their instruction based
on learners’ engagement.

The product’s efficiency depends on its precision in emotion recognition, focus clas-
sification, and concentration index computation. Preliminary results show a 70% success
rate on the training set and 65% on the test set in detecting emotions, underscoring its
potential for practical use.

2 Methodology

Toaccomplish the specifiedobjective, the authors utilized theFER2013dataset in tandem
with theMulti-TaskCascadedConvolutionalNeuralNetwork (MTCNN)andMobileNet.
These models’ outputs were then integrated to compute the Concentration Index.

2.1 FER2013 Dataset

For retraining theMobileNetmodel, the FER2013 dataset [18] was selected. This dataset
is apt for emotion recognition tasks executed via algorithms akin to MobileNet. It con-
sists of grayscale facial images with pre-assigned labels. For this study, the dataset was
partitioned into 28,709 training observations and 3,589 test observations (Fig. 1).

Fig. 1. A 5 × 5 collage showcasing diverse facial expressions from the FER-2013 dataset.
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To address issues of limited sample size and class imbalance, the authors applied
data augmentation and transfer learning techniques. Theoretically, leveraging these tech-
niques on this dataset should bolster the overall accuracy and robustness of real-time
emotion detection. Recent studies have shown that facial emotion detection tasks yield
the highest accuracy when deep learning algorithms are employed. Some research even
indicates enhanced accuracy with a combined dataset approach [19].

2.2 MultiTask Cascaded Convolutional Neural Network (MTCNN)

The MultiTask Cascaded Convolutional Neural Network (MTCNN) [20] is a state-of-
the-art face detection technique integral to this research. MTCNN distinguishes itself by
implementing a three-stage cascaded structure to optimize face detection. It commences
by resizing the image across multiple scales, ensuring the detection of faces irrespective
of their size.

– Proposal Network (P-network): This is the first phase, designed to roughly identify
possible face regions. To achieve a comprehensive scan, the P-network uses a lower
threshold which might lead to some false positives.

– Refine Network (R-network): This subsequent stage sharpens the earlier detections
by refining face regions and reducing false positives. It further utilizes non-maximum
suppression (NMS) to eliminate overlapping detections.

– Output Network (O-network): As the final layer, the O-network perfects the bounding
box predictions, ensuring the accuracy of face detections.

One of the standout features ofMTCNN is its capability to identify facial landmarks,
which is invaluable for precise tasks like face alignment, further underscoring its adapt-
ability and precision in face-related tasks. MTCNN serves as the first critical step in the
pipeline of real-time emotional reaction detection. Its robustness and accuracy in face
detection set the stage for subsequent models, like MobileNet, to interpret the nuanced
changes in facial expressions and categorize emotional states effectively.

2.3 MobileNet

Google’s MobileNet, designed with the Depthwise Separable Convolution (DSC) tech-
nique, revolutionized the field of efficient deep learning. Particularly recognized for
its compactness and computational efficiency, MobileNet [21] stands out as an opti-
mal neural network architecture for resource-limited platforms like mobile devices. The
unique implementation of depth-wise separable convolutions divides the convolution
process into depth-wise and point-wise layers, ensuring reduced computational overhead
and fewer parameters. When applied to tasks like real-time emotion recognition using
the FER-2013 dataset, MobileNet’s efficiency and lightweight design make it an ideal
choice, enabling fast and accurate analysis without the need for extensive computational
resources.

MobileNet is specially designed to ensure efficient feature extraction while conserv-
ing computational resources. This makes it ideal for real-time applications, notably in
the realm of face recognition and emotion analysis. Given the challenges of detecting
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student engagement in online learning scenarios, the MobileNet architecture offers a
compelling balance of performance and computational efficiency for mobile devices.

The Depthwise Separable Convolution divides the convolution process into two
distinct layers [22]:

Depthwise Convolution: This applies a unique filter to each individual input channel,
distinguishing it from the standard convolution where filters are incorporated across all
input channels. The mathematical representation for this is:

Depthwise (F,K) = F × K × K

where:
F is the feature map size.
K is the kernel size.
Point-wise Convolution: Utilizes a 1 × 1 convolution to modify the dimensionality

of the combined channels.

Pointwise (F,M ,N ) = F × F ×M × N

where:
F is the feature map size.
M is the number of input channels.
N is the number of output channels.
When analyzing the computational efficiency, the total cost for Depthwise separable

convolutions is given by:

TotalCost = (DF × DF × M × DK × DK ) + (DF × DF × M × N )

where:
DF is the feature map size.
M is the number of input channels.
N is the number of output channels.
DK is the kernel size.
Compared to the computational expense of a standard convolution, the reduction

achieved through Depthwise Separable Convolution can be expressed as:
Standard Convolution Cost – Depthwise Separable Convolution Cost
Standard Convolution Cost
Within the MobileNet architecture, while there are up to 30 layers present, the core

processes involve the following pivotal layers:

– Convolution Layer
– Depthwise Layer
– Pointwise Layer
– Softmax Layer: Primarily for classification.

Batch Normalization (BN) and ReLU: Upon contrasting the performance of a
30-layer network employing traditional convolution against a similar 30-layer net-
work utilizing Depthwise Separable Convolution (MobileNet) on the ImageNet dataset,
the insights reveal: MobileNet exhibits a marginal 1% drop in accuracy. However,
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there’s a noteworthy reduction, approximately 90%, in the Mult-Adds and parameters,
underscoring its efficiency.

In the context of our task – detecting emotional reactions in the FER-2013 dataset –
this efficiency means the model can quickly process and interpret facial expressions,
making it a fitting choice for real-time student engagement detection.

2.4 Concentration Index Calculation

The concentration index [23] serves as a metric to gauge students’ engagement during
e-class learning sessions. Derived from both emotional recognition outcomes and atten-
tion scores, this real-time calculation offers insights into a student’s immediate focus
and attentiveness. Building the concentration index involves two key components: the
emotional recognition model and the attention score. The former leverages a pre-trained
convolutional neural network [24] to discern a range of emotions, such as anger, hap-
piness, and sadness. Concurrently, eye-tracking technology maps the student’s retinal
focus and gaze patterns, providing data for the attention score.

By integrating emotional and attentional metrics, the concentration index offers a
nuanced view of student engagement. Educators can then categorize this engagement
into three levels: high, normal, and disengaged. This comprehensive approach ensures
a more accurate representation of a student’s involvement in the learning process.

2.5 Proposed Model Architecture

Fig. 2. Proposed Model Architecture

The proposed model architecture (Fig. 2) presents a systematic approach for real-
time engagement detection in online learning settings. It adeptly merges several com-
ponents—face recognition, emotion analysis, attention tracking, and the concentration
index calculation—to offer a thorough insight into students’ engagement dynamics.
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For optimal performance and real-time responsiveness, certain tasks should be
offloaded to servers with robust computational capabilities, while others should be pro-
cessed at themobile edge. Face recognition and emotion analysis, given their complexity
and reliance on neural networks likeMTCNNandMobileNet, would benefit from server-
side processing. This would ensure high accuracy without straining the mobile device.
Conversely, attention tracking, using tools like SeeSoSDK [25], and basic preprocess-
ing tasks could be executed at the mobile edge. This division of tasks would minimize
latency, particularly for operations that require immediate feedback, such as monitoring
a student’s gaze in real-time.

3 Results

3.1 Experiment 1: Data Augmentation Techniques

The initial experiment delves into the influence of data augmentation techniques on
dataset expansion and the corresponding impact on model performance. By employ-
ing augmentation methods like horizontal flips, rotations, translations, and zoom on
the training dataset [26], this experiment seeks to elucidate their role in enlarging the
dataset and fortifying the model’s generalization potential. Our findings shed light on
how augmentation impacts the model’s accuracy and its capacity to avert overfitting.
While horizontal data flipping stands out as an efficient technique for data augmentation
in CNNs [27], it’s crucial to be mindful that for diminutive images, this method can
significantly alter the image structure, potentially compromising performance (Table 1).

Table 1. ImageDataGenerator settings summary

Settings Effect

width_shift_range = 0.15
height_shift_range = 0.15

These dictate horizontal and vertical image shifts. Considering the
images are cropped to a 48x48 size centered on the face, excessive
shifts might inadvertently introduce noise, potentially obscuring
crucial facial features. An optimal threshold of 0.15 is established

zca_whitening This has been disabled, given that grayscale images don’t
significantly benefit from this form of whitening

zoom_range = 0.15 Administers random image zooms. Any zoom constants beyond
0.15 risk distorting image proportions, possibly losing
emotion-specific details

horizontal_flip = True Activated to handle the predominance of upright faces in the
dataset, this setting amplifies training diversity through mirrored
image generation

shear_range = 0.15 Modifies the image by adjusting its contour angle. Maintaining a
shear angle of 15 degrees ensures image proportions remain intact
and complements the data augmentation strategy
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In summation, the chosen augmentation settings are calibrated to balance between
retaining image fidelity and emotional nuances while simultaneously enhancing train-
ing variety. Techniques like horizontal flips, rotations, translations, and zooming are
tactically deployed to enrich the dataset. For example, horizontal flipping introduces
mirrored image variations, mitigating any inherent orientation bias. Meanwhile, con-
trolled manipulations through rotations, translations, and zooming bolster the model’s
resilience against spatial alterations. It’s essential to recognize that while augmentation
fosters diversification, it can also be a source of noise. Consequently, striking a bal-
ance becomes especially important and difficult. The overarching goal of Experiment 1
is to utilize these augmentation strategies to elevate MobileNet’s efficacy in real-time
engagement detection within online learning environments.

3.2 Experiment 2: Class Weights for Balancing Classes

Class weighting is a technique used to address class imbalances by attributing distinct
weights to each class according to the number of training samples present. As delineated
in the Sklearn documentation, the class weights for every class can be calculated using
the formula:

CW = n_samples

n_classes.np.bincount(y)

where:
n_samples: the total number of rows in a dataset.
n_classes: the total distinct classes within the dataset.
np.bincount(y): the count of each specific class in the dataset.
The second experiment focuses on understanding the influence of class weighting

on the precision of engagement detection. It encompasses the assignment of greater
weights to less represented classes in line with their sample proportions. The objective
is to amplify the model’s responsiveness to minority classes, thus highlighting enhanced
efficacy, particularlywhen identifying rarer emotions or engagement tiers. In challenging
the predisposition towards predominant classes, the research aims for a more precise and
holistic evaluation of engagement, shedding light on student dynamics during online
education.

3.3 Experiment 3: Fine-Tuning MobileNet

The third experiment delves into fine-tuning the MobileNet architecture, emphasiz-
ing transfer learning for emotion recognition within online learning contexts. Utilizing
the MobileNet structure pre-trained on the ImageNet dataset, a specific approach was
employed for fine-tuning. In convolutional neural networks (CNNs), the latter layers dis-
cern high-level features, making them prime candidates for transfer learning [28]. Given
the diminutive image size, utilizing the full extent of the MobileNet can be excessive;
hence, the architecture is truncated at the 12th block. The terminal layer of the pre-trained
model was discarded, paving the way for the integration of a global max-pooling layer
followed by a dense prediction segment within the CNN:
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– The GlobalAveragePooling2D layer amasses the distinct features of each image into
a consolidated 1280-element vector.

– A dense layer is incorporated to channel these features into individual predictions for
each image. A softmax activation function is paired with this dense layer, producing
seven outputs to correspond with the seven identifiable emotions.

– Optimization was carried out using the categorical cross-entropy loss function paired
with the Adam optimizer.

For fine-tuning, the foundational layers of the neural network were set immutable,
allowing exclusive training of the terminal layer, yielding a more accurate model
rendition. The applied callback functions included:

– EarlyStopping: Ceases model training if a stipulated improvement threshold isn’t met
over a defined epoch span.

– ReduceLROnPlateau: Curtails the learning rate when the model ceases to learn.

Training of this adapted model was conducted over the FER-2013 dataset across five
epochs, as depicted in Fig. 3.

Fig. 3. Model summation’s simple fine-tuning after five epochs

Fine-tuning of the entire custom model with a learning rate: 0.0001 (Fig. 4).

Fig. 4. Module summarization for secondary experiments

With 44 epochs, the authors get accuracy for seven emotion categories (Fig. 5).
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Fig. 5. Training history

3.4 Experiment 4: Analyzing Engagement Detection

The concluding experiment emphasizes the evaluation of engagement detection perfor-
mance. To assess the model’s precision in emotion recognition, performance metrics are
calculated across each emotion category. Various visual representations, such as confu-
sion matrices, emotion prediction visualizations, and juxtapositions of predicted versus
actual labels, encapsulate the results. These graphical insights spotlight the model’s
proficiency and pinpoint potential areas for refinement concerning engagement level
detection. Figure 6 delineates the performance metrics for the classification model. The
performance is categorized for seven emotions, as follows: 0: ‘Angry’, 1: ‘Disgust’, 2:
‘Fear’, 3: ‘Happy’, 4: ‘Sad’, 5: ‘Surprise’, 6: ‘Neutral’.

Fig. 6. Measuring the performance of a classification model

Comparatively, our custom model showcased positive accuracy when compared
against earlier models trained on the FER2013 dataset, as illustrated in Fig. 6. With
a compact footprint of approximately 25 MB, the trained model is highly suitable for
mobile application integrations (Fig. 7 and Table 2).

Analyzing Incorrect Predictions: The confusion matrix accentuates the model’s
exceptional prowess in discerning happiness, while also highlighting indicators for
enhancement in other emotion categories. A confluence of factors, such as a lim-
ited dataset for certain categories and potential inconsistencies in data quality, play
a part in the overall accuracy. More often than not, misclassified images bear a stronger
resemblance to the predicted class than to their designated categories.
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Table 2. Mislabeled cases breakdown

Category Missed labels Observations

Angry 238 467

Disgust 0 56

Fear 164 496

Happy 163 895

Sad 269 653

Surprise 78 415

Fig. 7. Test and Predicted
labels distribution comparison

3.5 System Implementation and Deployment

Designed Online Learning System Overview

Fig. 8. Test Screen for engagement evaluation on the mobile app

This section looks into the architecture and features of the online learning system,
focusing on its capability to consistently monitor student engagement and provide real-
time feedback to educators. The system’s core objective is to enhance the digital educa-
tional experience by fostering increased interaction and commitment between learners
and educators. Our experiments target a two-part proof-of-concept system: a student-
centric mobile application and an educator-centric web application, both streamlining
virtual interactions.

The mobile application includes a test screen that depicts underlying operations.
Over time, images of students are collected (See Fig. 8) and subsequently examined to
extractmetadata encompassing emotional states and engagementmetrics. Thismetadata,
once it meets specified criteria, is stored in a distant database. Post-session, educators
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can access this data via the web application, where visual representations, such as charts
(see Fig. 9), provide insights into the session’s effectiveness and students’ emotional
trajectories using radar charts.

Crafting a neural network from the ground up can be both resource-intensive and
time-consuming, especially when constrained by a limited dataset. Such processes often
stumble upon hurdles resulting in compromised accuracy. These challenges encompass
issues like data size constraints and imbalances in label distribution, which curtail the
model’s proficiency in feature extraction from images. Good models may underperform
when paired with too datasets, underscoring the crucial nature of model fine-tuning and
optimal learning rate determination. As a remedy, transfer learning emerges, offering
the advantage of capitalizing on pre-existing models and consistently delivering supe-
rior performance, even with data restrictions. Essentially, transfer learning repurposes
insights gleaned from pre-trained models to address the task at hand. Convolutional
Neural Network (CNN) layers serve as detail extractors, processing multiple granular-
ity levels. Transfer learning harnesses these insights for enhanced performance. The
architecture of transfer learning divides into:

Fig. 9. Engagement metrics available after classroom session ends

– Part 1: The foundational network responsible for feature extraction via 2D con-
volutional layers. The topmost fully connected layers are omitted, assimilating this
foundational network from a pre-trained model segment.

– Part 2: Here, fully connected layers work on data dimension reduction and compute
the probability distribution for output. The primary output’s unit tally mirrors the
categories inherent to the classification challenge.

Comparison with Leading Approaches
The Depthwise Separable Convolution, a key feature of MobileNet, yields performance
metrics on par with leading methodologies, albeit with a more compact network frame-
work. This characteristic of MobileNet, reiterated in Tables 3, 4, & 5, demonstrates its
ability in providing a lightweight model tailored for mobile device deployment [21].
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Table 3. Comparing 1.0 MobileNet-224 with GoogleNet and VGG 16 on the ImageNet

Model ImageNet
Accuracy

Million
Mult-Adds

Million
Parameters

1.0 mobileNet-224 70.6% 569 4.2

GoogleNet 69.8% 1550 6.8

VGG 16 71.5% 15300 138

Table 4. Comparing MobileNet with Squeezenet and AlexNet

Model ImageNet
Accuracy

Million
Mult-Adds

Million
Parameters

0.50 mobileNet-160 60.2% 76 1.32

Squeezenet 57.5% 1700 1.25

AlexNet 57.2% 720 60

Table 5. MobileNet distilled from FaceNet

Model 1e-4
Accuracy

Million
Mult-Adds

Million
Parameters

FaceNet 83% 1600 7.5

1.0 MobileNet-160 79.4% 286 4.9

1.0 MobileNet-128 78.3% 185 5.5

0.75 MobileNet-128 75.2% 166 3.4

0.75 MobileNet-128 72.5% 108 3.8

3.6 Potentials for Integration with Enterprise Information System

Enterprises are continually striving to surpass their competitors, and to do so, they must
harness cutting-edge technologies like machine learning, AI solutions, including NLP
and sentiment extraction. Such technological advancements necessitate a modern work-
force equipped with lifelong learning abilities. While these skills often lie dormant and
emerge only in specific scenarios, they are challenging tomeasure.Despite the increasing
budgets for education and training, there’s a critical need for optimizing these alloca-
tions. Companies that can effectively allocate these resources gain a distinct advantage.
The solution presented in this paper offers a dual advantage. First, it optimizes in-class
performance by highlighting instances where learners’ attention wanes, necessitating
immediate intervention. Second, it allows for a continuous assessment of an individual’s
ability to focus and acquire new skills. This data can be incorporated into other analytic
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functions, facilitating the categorization of employees based on their attention span and
learning capacities.

4 Conclusion

Online education has presented numerous opportunities, yet sustaining learner engage-
ment, especially in the financial enterprise training systems, remains an imperative chal-
lenge to address. Our research introduces a pioneering online learning tool designed
for real-time attention monitoring, intertwined with emotion recognition. Using the
MobileNet Convolutional Neural Network, we have successfully detected seven key
emotions, translating these findings into a novel Concentration Index (CI). This CI sys-
tem classifies learners into distinct engagement categories, namely “Highly engaged,”
“Normally Engaged,” and “Disengaged.”

Our model’s accuracy, reflecting 70% during training and 65% during testing,
affirms its robustness and efficiency. By offering these quantifiable metrics, educa-
tors are empowered with real-time feedback, enabling them to customize their teaching
methods accordingly. Further, the graphical outputs serve as an insightful resource for
administrators, presenting an illustrative overview of learner engagement trajectories.

In essence, this study lays down a foundational framework, propelling the enhance-
ment of interactive and immersive virtual learning environments. As we look to the
horizon, we envision harnessing broader datasets for improved emotion detection, refin-
ing the CI’s accuracy, and integrating innovative technologies like chatbots. A commit-
ment to constant evolution and embracing collaborative efforts is paramount to remain
attuned to the ever-shifting landscape of online education, ensuring we continually hone
engagement metrics and intervention strategies.
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