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Abstract

Background: In modern workplaces, emotional well-being significantly impacts productivity, interpersonal relationships,
and organizational stability. This study introduced an innovative facial-based emotion recognition system aimed at the
real-time monitoring and management of employee emotional states.

Methods: Utilizing the RetinaFace model for facial detection, the Dlib algorithm for feature extraction, and VGG 6 for
micro-expression classification, the system constructed a |0-dimensional emotion feature vector. Emotional anomalies
were identified using the K-Nearest Neighbors algorithm and assessed with a 3o-based risk evaluation method.
Results: The system achieved high accuracy in emotion classification, as demonstrated by an empirical analysis, where
VGG 6 outperformed MobileNet and ResNet50 in key metrics such as accuracy, precision, and recall. Data augmentation
techniques were employed to enhance the performance of the micro-expression classification model.

Conclusion: These techniques improved the across diverse emotional expressions, resulting in more accurate and
robust emotion recognition. When deployed in a corporate environment, the system successfully monitored employees’
emotional trends, identified potential risks, and provided actionable insights into early intervention. This study contri-
butes to advancing corporate mental health management and lays the foundation for scalable emotion-based support sys-
tems in organizational settings.
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Introduction If emotional problems are not promptly identified and man-
aged, they can trigger a series of chain reactions including
productivity decline, workplace conflict, employee turn-
over, disruptions to business operations, and broader soci-
etal stability.>> Thus, building an effective emotion data
collection and analysis system for the real-time monitoring

In today’s fast-paced and high-pressure social environment,
mental health issues have gradually become a global con-
cern.! Mental health not only affects an individual’s quality
of life but is also directly related to workplace productivity
and societal stability.”> While the mental health of adoles-
cents has been a key focus of research and policy,** that
of adults, particularly middle-aged and young working
populations, has not received sufficient attention. As the |
backbone of society, these individuals bear the dual respon- ~_School of Modern Post, Nanjing University of Posts and

s 1es . . S . Telecommunications, Nanjing, China
sibilities of economic and family obligations, while also 2R h and Devel ¢ Department. Naniing Yunshe intelligent

. . . . .. esearch an evelopmen epartment, INanjing runshe intelligen

facing high-intensity workloads, workplace competition, technology Co., LTD, Nanjing, China
and the challenge of balancing career development with  3School of Information Management, Nanjing University, Nanjing, China
family life.

Under such pressures, emotional fluctuations and mental ~ Serresponding author:
Zicheng Zhang, School of Modern Post, Nanjing University of Posts and

he.alth issues are becoming .lncreasmgl},. prevalent . mn Telecommunications, Nanjing, China; Nanjing Yunshe intelligent technol-
middle-aged and young working populations, affecting g, co., LTD, Nanjing, China.
their job performance and interpersonal relationships. Email: 18551701375@]63.com

@@@@ Creative Commons NonCommercial-NoDerivs CC BY-NC-ND: This article is distributed under the terms of the Creative Commons

Attribution-NoDerivs 4.0 License (https:/creativecommons.org/licenses/by-nc-nd/4.0/) which permits any use, reproduction and
distribution of the work as published without adaptation or alteration, provided the original work is attributed as specified on the SAGE and Open
Access page (https:/us.sagepub.com/en-us/nam/open-access-at-sage).


https://orcid.org/0000-0001-6081-4039
mailto:18551701375@163.com
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://uk.sagepub.com/en-gb/eur/journals-permissions
https://journals.sagepub.com/home/dhj

DIGITAL HEALTH

and management of employees’ emotional states has
become a critical topic in mental health management.®

This study aimed to develop a facial-based emotion data
collection and analysis system to monitor employees’ emo-
tional states in real time and identify potential emotional
anomalies, thereby providing businesses with effective
management and intervention tools. Specifically, this study
employs the RetinaFace model for facial detection, the Dlib
algorithm for facial feature extraction, and deep learning
models for micro-expression classification, ultimately con-
structing a 10-dimensional emotion feature vector.
Additionally, the system utilizes the K-Nearest Neighbors
(KNN) algorithm to identify emotional anomalies and
applies the 3o principle for risk level assessment, helping
companies detect and address employees’ emotional issues
promptly.

To validate the proposed method, we will conduct
empirical research in a corporate environment, analyze
emotional data, and identify anomalous patterns to evaluate
the practical effectiveness of the system. The goal is to pro-
vide businesses with a scientific framework for emotion
monitoring and intervention, enhancing employees’ mental
health and productivity, while mitigating potential risks
arising from emotional issues.

Related studies

Emotion recognition technology has broad applications
across various fields, particularly healthcare,” education,®
transportation,” and marketing.'® In the domain of mental
health, emotion recognition enables real-time monitoring
of individuals’ emotional states, helping professionals iden-
tify and intervene in emotional disorders, thus improving
patients’ psychological well-being.'" In education, teachers
can use emotion recognition technology to evaluate stu-
dents’ emotional responses, adjust their teaching strategies,
and enhance classroom engagement and learning out-
comes.'? In transportation, emotion recognition analyzes
drivers’ emotions to deliver intelligent services and improve
driving experience and safety.'? In marketing, emotion ana-
lysis technology is increasingly adopted, including the tour-
ism sector, where facial expression analysis (FEA) tracks
viewers’ emotional reactions to different segments of adver-
tisements, enabling more precise emotional targeting and
optimized marketing strategies.'* Despite significant pro-
gress in these areas, the real-time monitoring and manage-
ment of employee emotions in corporate environments
remain underdeveloped, underscoring the need for more
effective research and solutions.

Emotion recognition methods currently include text senti-
ment analysis, speech emotion recognition, FEA, and
physiological signal monitoring.'>~'7 Speech emotion recog-
nition relies on acoustic features such as prosody, spectral
features, and voice quality'® and employs machine learning
algorithms, such as support vector machines'>*° and hidden

Markov models,?"** and deep learning algorithms, such as

convolutional neural networks (CNNs),>*° recurrent neural
networks,?**” and capsule networks.?® Facial expression rec-
ognition (FER) often employs deep learning models, such as
CNNs, region-based convolutional neural networks
(R-CNN), and vision transformers.”” These models demon-
strate exceptional performance in handling FER tasks, par-
ticularly CNNs, which are widely used in FER systems
owing to their effective integration of feature extraction
and classification.® FER methods are especially suitable
for corporate environments because of their non-intrusive
nature and the widespread availability of the required
devices, offering high applicability and scalability.
Additionally, physiological signal monitoring, which collects
data such as heart rate and skin conductance to infer emo-
tional changes,®' is challenging to use in corporate settings
owing to equipment requirements and privacy concerns.

Therefore, this study aimed to develop an integrated
emotion recognition system that combines real-time data
collection and deep learning analysis to identify and assess
employees’ emotional states and provide effective interven-
tion strategies. Such a system not only contributes to advan-
cing corporate mental health management and improving
employee job satisfaction but also mitigates potential soci-
etal risks arising from emotional issues, fostering sustain-
able corporate development.

Method

This study established a comprehensive emotion monitor-
ing and evaluation framework to quantify and detect anom-
alies in employees’ emotional states. The framework
consists of four parts: emotion data collection, emotion vec-
tor construction, anomaly detection using the KNN algo-
rithm, and final risk level determination. It employs a
camera-based system for seamless data collection, deep
learning models for facial image analysis and feature extrac-
tion, and emotion vectors to represent individual emotional
states. Anomalies are identified using the KNN, and a risk-
grading mechanism is applied to provide quantitative
assessments and early intervention for employees’ mental
well-being.

Emotion data collection

The camera-based seamless data collection system continu-
ously captures video data from the surrounding environ-
ment and automatically extracts facial images from the
background. This enables the real-time monitoring of
employees’ emotional states while minimizing privacy
concerns.

This study utilized the RetinaFace model,” an efficient
CNN-based facial detection model. RetinaFace achieves
precise facial region localization through multiscale feature
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fusion and a dense feature extraction network, even under 1is as follows:
complex lighting and varying angles. T = Loyignar X (1 + AS) 3)

After detecting a face, the system further utilizes facial
key points (e.g. left and right eyes, nose tip, and mouth cor-
ners) to perform geometric corrections on the image.
Assuming the coordinates of the left and right eye key
points are (x,, y,) and (xp, yp), the tilt angle 6 between the
eyes can be calculated as follows:

6 = arctan (y_ya> (1)

Xp — Xa

Then, the image is rotated by an angle of —@ to align the
face into a consistent orientation, ensuring that the left and
right eyes are positioned on a horizontal line. The geomet-
rically corrected facial image can then provide a consistent
input for subsequent analyses, including emotion recogni-
tion and feature extraction.

Facial feature point detection was performed using the
Dlib library. Dlib is a machine learning library capable of
precisely identifying important facial features (such as eye-
brows, eyes, mouth, and nose). These features were then
transformed into a 128-dimensional feature vector to form
a data foundation for emotion analysis.

During facial identity verification, the system uses
128-dimensional facial feature vectors obtained by Dlib
and compares their similarity using cosine similarity to con-
firm the identity of the captured subject. The formula is as
follows:

A-B
similarity = cos() = ————
1Al - 11BI|
> i1 4i X Bi

)

- \/fo:l (4;)* x \/ZLL (B:)

where 4; and B; represent the components of the
128-dimensional vectors 4 and B for the template and cap-
tured facial data, respectively.

Data augmentation

In this study, image alignment was performed. The main
challenge anticipated in facial micro-expression classification
was varying lighting conditions. To address this, we adopted
a data augmentation method based on saturation adjustment,
which modifies the color saturation of an image to alter its
vividness. When the saturation is low, the image appears
dull, whereas higher saturation makes the image more
vibrant. Saturation adjustment enhances the robustness of
the model to a broader range of colors, thereby improving
its generalization capability.

In the HSV color space, saturation (S) is an indicator of
the purity or vividness of the color. By adjusting the satur-
ation, the colors in the image can become either more
vibrant or muted. The formula for adjusting the saturation

where I, is the adjusted image, I,.ginas is the original
image, and AS is the change in saturation, which controls
the increase or decrease of saturation. If AS > 0, the satur-
ation increases, making the image colors more vivid. If
AS < 0, the saturation decreases, making the image colors
more muted. If AS = 0, the saturation remains unchanged,
and the image colors remain the same.

Emotion vector construction

After emotion data collection and facial feature extraction,
the next step involves constructing emotion vectors that
quantify individual emotional states using micro-expression
classification models and extended emotional dimensions.

Micro-expression  classification and emotional dimension
expansion. In the process of constructing the emotion vec-
tor, micro-expression classification was first performed on
the 128-dimensional facial features extracted using a deep
learning model. This model was trained using the
CASME micro-expression database. The CASME micro-
expression database, developed by the Institute of
Psychology, Chinese Academy of Sciences, contains 195
samples from 19 participants and is labeled with eight emo-
tional categories: amusement, sadness, tension, disgust,
fear, surprise, repression, and contempt.’®> This includes
onset, peak, and offset frame annotations, along with
Action Unit information. However, the annotation quality
for contempt was inconsistent, making the classification
less reliable.** To mitigate the issues of dataset imbalance
and improve classification robustness, this study excluded
the contempt category and refined the categories by mer-
ging similar expressions and removing the underrepre-
sented ones. This resulted in a final set of seven primary
emotions: happy, sad, angry, disgust, fear, surprise, and
neutral, which formed the core of emotion recognition in
our study.

To further enhance classification accuracy and improve
interpretability, this study adopted a hybrid emotion group-
ing strategy inspired by existing research aimed at expand-
ing emotional dimensions. Chen et al>> proposed a
three-dimensional emotional structure consisting of posi-
tive, negative, and neutral emotions, whereas Li et al.*®
introduced a four-category encoding approach: positive,
negative, surprise, and others. Based on these frameworks,
this study classified seven primary emotions into three
higher level emotional dimensions: positive emotions (hap-
piness, surprise), negative emotions (sadness, anger, fear),
and complex emotions (disgust, neutral). This leads to a
10-dimensional emotion feature vector: happy, sad, angry,
disgust, fear, surprise, neutral, positive, negative, and
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complex emotions. Expanding emotional dimensions helps
to capture more complex emotional states, as detailed cat-
egories may struggle with nuanced or mixed emotions,
whereas broader dimensions provide a more effective
framework for classification.

Quantifying individual emotion vectors. In the micro-
expression classification task of deep learning models, the
Softmax layer is a critical component for multiclass classi-
fication. It converts the output of the model into a probabil-
ity distribution across the emotional categories. For
example, emotions such as happiness, sadness, anger, dis-
gust, fear, surprise, and neutrality can be quantified using
a Softmax layer.

The first is the choice of deep learning models.
MobileNet, introduced by Howard et al.,*” is a lightweight
deep neural network tailored for mobile and embedded
vision applications. It employs depth-wise separable convo-
lutions to construct a streamlined structure, significantly
reducing the model size and computational demands, while
maintaining commendable performance.

Another prominent model is ResNet50, introduced by
He et al.,*® which is known for its deep residual learning
framework. The key innovation of ResNet is the use of
residual connections that allow the model to bypass certain
layers, thereby enabling the training of significantly deeper
networks without the vanishing gradient problem.
ResNet50, a variant with 50 layers, achieved state-of-the-art
performance in various computer vision tasks by leveraging
residual blocks. This model has shown exceptional accur-
acy in image classification tasks and is widely used because
of its ability to generalize well even with a large number of
layers.

VGG16 is a classic deep learning model that extracts
high-level features of an image through stacked convolu-
tional layers. VGG16 comprises 13 convolutional layers
and three fully connected layers. Figure 1 illustrates its
structure.

In deep learning models, the final output layer of the net-
work is referred to as the logit, denoted as Z. These logits
are unnormalized scores, which are typically real numbers.
For a 7-class emotion classification task, the model outputs
seven log components as follows:

z= [217 22, 23, Z4, Z5, Z6, Z7]

“)

where z; to z; represent the predicted scores for each
emotional category. Specifically, z; represents happiness,
z, represents sadness, z3 represents anger, z4 represents
disgust, zs represents fear, zg represents surprise, z; repre-
sents neutral.

The Softmax function is employed to convert logits into
probabilities, ensuring that the sum of the probabilities
across all emotional categories equals one. The Softmax

function is expressed as follows:
— eZi
B Z;=1 e
The probabilities obtained from the Softmax layer served

as feature components for each emotion. For the 7-class
emotion classification task, the Softmax output was

Di (%)

(6)

where each p; corresponds to the probability of a specific
emotional category: p; represents probability of happy, p»
represents probability of sad, p; represents probability of,
anger; p4 represents probability of, disgust; ps represents
probability of, fear; ps represents probability of surprise,
p7 represents probability of neutrality.

Based on this, three additional extended emotional com-
ponents were calculated as follows:

__ P11+ ps

p = [p1, P2, p3, pas Ps, Ps» P71

Ds 5 (7
Negative emotion is as follows:
P2 +p3 +ps
py=" ®)
Complex emotion is as follows:
+
pPilo = % ©)

Thus, an enhanced 10-dimensional emotion feature vec-
tor is constructed:

(10)

The purpose of expanding the emotion feature vector to
10 dimensions was to capture individual emotional charac-
teristics more comprehensively, enabling finer quantifica-
tion and analysis of emotional states. Although the
original seven emotional categories represented basic emo-
tional states, real-world emotions are often more complex.
This multidimensional emotion vector not only enhances
emotion recognition accuracy but also provides robust
data support for subsequent personality trait analysis and
mental health interventions. A flowchart of the emotion
data collection and emotion vector construction is shown
in Figure 2.

Denhance = [P1> P25 D3> P4 P5s P6s P75 P8s P9s Pl0]

Anomaly detection using KNN

To construct emotion vectors, further identification of
anomalies in individual emotional fluctuations was per-
formed. For this purpose, this study employs the KNN algo-
rithm for anomaly detection. The primary aim was to
identify anomalies based on the local density of data points
indicating unusual emotional fluctuations. The basic prin-
ciple of the KNN algorithm is as follows: if the density of
a data point is significantly lower than that of its KNN,
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Figure |. VGGI16’s model structure.

the point is likely to be an anomaly. Specifically, the dis-
tance between a data point and its neighboring points was
calculated, and a local outlier factor (LOF) was used to
quantify the anomaly. The anomaly detection steps were
as follows:

1. Distance calculation: The Manhattan distance is used
to compute the distance between each data point and
the other data points and is defined as follows:

n
d(x;, x;) = Z ik — X jxl

k=1

(11)

where x; and x; represent the two samples in the data-
set, n is the number of features, and x;; and x ; are the
kth feature values of the samples.

2. Find the KNN: For each data point, sort the dis-
tances in ascending order and select the K-nearest
data points. The value of K is adjusted based on
the size and characteristics of the dataset. In this
study, K was set to 4.

3. Calculate local reachability density:

Determine the K — distance for each data point p,
representing the distance to its Kth nearest neighbor:

K — distance(p) = d(p, pi) (12)

where py is the Kth nearest neighbor of p.
Define the reachability distance of point p to
point o:
Reachability — distanceg(p, o)
= max(K — distance(0), d(p, 0)) (13)

where d(p, 0) is the actual distance between p and o.

Compute the local reachability density of p:

K
> oeny(p) eachability — distance(p, o)

(14)

Irdg (p) =

where Nk (p) represents the K nearest neighbors of p.
4. Calculate LOF:

The LOF of point p is calculated as follows:

Irdg(0)
ZOENK(p) ll"dK (p)

K

If the LOF value of a point is significantly greater than 1,
the density of the point is noticeably lower than that of its
surrounding points, suggesting that it might be an anomaly.
Conversely, if the LOF value is close to or less than 1, the
point’s density is similar to that of its neighbors, and the
point is likely normal.

An anomaly threshold was set (e.g. 1.5 or 2), and points
with LOF values exceeding this threshold were classified as
anomalies.

In this study, K was set to four, meaning that for every
point, the four nearest emotion vectors were used for the
analysis. Weekly emotion vectors for individuals were con-
sidered (n = 7), and anomalies were detected using the KNN
algorithm, followed by risk level assessments.

LOFx(p) = (15)

Risk level determination

To comprehensively evaluate an individual’s emotional
state, this study expands the seven basic emotional compo-
nents to include 10 dimensions: encompassing positive,
negative, and complex emotions. Each emotional
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Figure 2. Emotion data collection and emotion vector
construction process.

component and combined dimension was evaluated using a
3 o principle for risk detection. Specifically, if a negative
emotional component exceeds the average value plus three
standard deviations, the risk level increases by 1; if a posi-
tive emotional component falls below the average value
minus three standard deviations, the risk level increases
by 1; and if a complex emotional component exceeds the
average value plus three standard deviations, the risk level
increases by 1.

The series of past weekly emotional components for the
ith emotional component is E; = {e;|, ep, ..., ey}, where
n represents the total number of emotional components
over the past week. The calculation methods are as follows:

Mean of weekly emotion component is as follows:

1 n
U =— E €jj
né v

J=1

(16)

Standard deviation of weekly emotion component is as
follows:

(17)

1 n
- Z (ej — i)’
n4

J=1

For different emotion components, the specific risk level
calculation guidelines are as follows.

First, for negative emotion components, if the ith nega-
tive emotion component ¢; satisfies e; > u; + 36;, the risk
level is increased by 1. Second, for positive emotion com-
ponents, if the ith positive emotion component e; satisfies
e; <u; — 36;, the risk level is increased by 1. Third, for
complex emotion components, if the ith complex emotion
component ¢; satisfies e; >u; 4+ 36; , the risk level is
increased by 1.

Thus, for any emotion component ¢; , the risk level R is
expressed as follows:

R+ 1, if e > u; + 36; for negative or complex — contempt
emotion components
R+ 1, if e; <u; — 30; for positive emotion components

(18)

This method identified individuals with significant emo-
tional fluctuations during the week, determined their risk
levels, and provided strategic support for scientific interven-
tions. Figure 3 illustrates the process of emotion data collec-
tion, vector construction, and risk level assessments.

From Figure 3, it is evident that the process of emotion
data collection, vector construction, and risk level determin-
ation follows a structured sequence. It begins by classifying
emotional features from facial images to extract the prob-
ability values for various emotions. These probabilities
were then averaged hourly to capture temporal trends and
forming a seven-day sequence of data. Using this sequence,
feature distances were calculated and the nearest neighbors
were identified to evaluate potential anomalies in emotional
patterns. The detected anomalies were categorized as nor-
mal or abnormal, and emotional states were analyzed to
assess individual risk levels. This systematic workflow
ensures accurate emotional monitoring and timely interven-
tion for managing significant emotional deviations.

R =

Results

Experimental parameter setting

Table 1 lists the hardware and GPU with 24GB of VRAM.
The training code was implemented in Python using the
PyTorch deep learning framework.

The micro-expression classification dataset used in this
study consists of facial images collected from the Internet
and categorized into seven distinct emotions: happy, sad,
anger, disgust, fear, surprise, and neutral. As shown in
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Figure 3. Flowchart of emotion data collection, vector construction, and risk level determination.

Table I. Hardware and software configuration.

CPU Intel(R) Core(TM) i9-10850K CPU @  64.0 GB
3.60GHz 3.60 GHz
GPU NVIDIA GeForce RTX 3090 240 GB

Software Python Torch

Table 2, the dataset included 39,675 training and 4977 test-
ing images for happy, 19,074 training and 2688 testing
images for sad, 11,863 training and 1887 testing images
for anger, 8189 training and 1479 testing images for dis-
gust, 9690 training and 1645 testing images for fear,
14,057 training and 2131 testing images for surprise, and
41,074 training and 5133 testing images for neutral. This
dataset serves as the foundation for training and evaluating
the deep learning model, enabling the precise recognition
and classification of micro-expressions.

Evaluation of micro-expression classification accuracy

A comparative analysis of the training results (Figure 4)
showed that the VGG16 model significantly outperformed
the MobileNet and ResNet5S0 models on the micro-
expression training dataset. VGG16 demonstrated superior
performance in terms of loss convergence speed and final
value across several evaluation metrics. Specifically, after
170 iterations, VGG16’s loss converged to 0.6069, whereas
MobileNet’s final loss was higher at 1.3382, and
ResNet50’s loss was 0.8538, indicating that VGG16 con-
verged faster and more stably.

In terms of the accuracy, precision, and recall, VGG16
exhibited the strongest classification capabilities.
Compared to MobileNet’s accuracy, precision, and recall
of 0.5016, 0.6869, and 0.2923, respectively, and
ResNet50 values of 0.685, 0.7775, and 0.5861, VGG16
achieved accuracy, precision, and recall rates of 0.7791,
0.8329, and 0.7288, respectively. This indicated that
VGG16 was better at correctly classifying micro-expression

Table 2. Data set description.

Happy 39,675 Happy 4977
Sad 19,074 Sad 2688
Anger 11,863 Anger 1887
Disgust 8189 Disgust 1479
Fear 9690 Fear 1645
Surprise 14,057 Surprise 2131
Neutral 41,074 Neutral 5133

samples, reducing misclassifications, and improving recall
rates. Notably, the performances of all three models
improved with the inclusion of data augmentation, high-
lighting the effectiveness of color and brightness enhance-
ment techniques. The accuracies of MobileNet, ResNet50,
and VGG16 were improved by 0.0168, 0.0343, and
0.0056, respectively.

The experimental results for the validation dataset
(Figure 5) demonstrated that VGG16 outperformed
MobileNet and ResNet50 in terms of generalization cap-
ability and accuracy. VGG16 achieved a loss of 0.9871,
which was significantly lower than that of MobileNet
(1.1868) and ResNet50 (1.0028), indicating that VGG16
exhibited faster and more stable loss reduction during
training.

The key performance metrics on the validation dataset
further favored VGG16. Compared with MobileNet’s
accuracy, precision, and recall of 0.5645, 0.7369, and
0.3647, and ResNet50 values of 0.6267, 0.6915, and
0.5441, respectively, VGG16 achieved accuracy, precision,
and recall rates of 0.7023, 0.7459, and 0.6627, respectively.
These results highlight VGG16’s superior ability to reduce
both false negatives and false positives, thereby ensuring
better classification performance.
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Figure 6. Non-intrusive facial data collection.

Furthermore, the generalization capability of VGG16
significantly improved with the application of data augmen-
tation, as evidenced by a notable increase in its accuracy to
0.7876, representing an enhancement of 0.853 compared to
the baseline without data augmentation. In contrast,
MobileNet and ResNet50 showed improvements of 0.136
and 0.418, respectively, suggesting that data augmentation
was particularly effective in optimizing the VGG16 model.

Thus, VGG16 exhibited outstanding optimization cap-
abilities on both the training and validation datasets.
Compared to MobileNet, VGG16 offered higher accuracy
and better generalization for capturing micro-expression
features, making it particularly suitable for high-precision
tasks. Despite the advantages of MobileNet in terms of
computational efficiency, VGG16’s superior performance
makes it the preferred choice for this study.
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Data collection and experimental results

This study implemented a robust facial data collection sys-
tem using the OpenCV, RetinaFace, and Dlib modules. The
system operated stably under various environmental condi-
tions and achieved a capture rate of 24 fps. To optimize the
efficiencys, it skips every 12 frames, ensuring that two facial
images are collected per second. Using RetinaFace for
facial detection, the system accurately identifies and tracks
facial features even under low light or crowded conditions.
Then, the system utilizes Dlib to align images captured by
RetinaFace, effectively correcting angle deviations. After
alignment, shape_predictor_68_face_landmarks  were
applied to extract 68-dimensional facial feature vectors
from the collected images. These feature vectors were
then compared with prestored 68-dimensional facial tem-
plates and processed using shape_predictor_68_face_land-
marks by calculating the cosine similarity between them.
The system identifies the most similar facial template, and
if the similarity score exceeds 0.95, the captured face is con-
firmed, allowing it to proceed to the subsequent micro-
expression and anomaly detection analysis. The 0.95
threshold effectively filters out low-quality or misaligned
images, ensuring that only accurately identified individuals
enter the analysis phase. As shown in Figure 6, over a
1-month deployment in a corporate environment, the sys-
tem maintained a stable capture rate above 70%, meeting
daily attendance and identity recognition needs for a
10-person team, capturing facial data for at least seven indi-
viduals each day. Experimental results demonstrate that the
system remains effective even in challenging scenarios.
To further enhance the practical applicability of the sys-
tem, a real-time risk prediction feature was implemented.
This feature enables hourly monitoring and classification
of emotional states into different risk levels based on

collected facial data. For instance, the system evaluates
individuals’ emotional states in real-time and categorizes
them as “No Risk,” “Low Risk,” or higher risk levels based
on detected anomalies. Over a 1-month deployment, the
system demonstrated its ability to provide timely alerts
and actionable insights, helping organizations proactively
identify potential emotional health issues. Figure 7 illus-
trates the interface that displays the hourly predictions and
corresponding risk classifications.

Building on the system’s ability to provide real-time risk
predictions, further analyses were conducted to evaluate its
performance in recognizing emotional anomalies across vari-
ous scenarios. An analysis of the experimental results in the
four scenarios (Figure 8(a)—(d)) revealed significant differ-
ences in the models’ recognition of normal and abnormal
emotions. The results indicate the high sensitivity and accur-
acy of the model in capturing anomalous emotional features.
For instance, in abnormal emotional states, the probability
distributions for categories such as anger, disgust, fear, and
sad are notably concentrated and significantly higher than
those in normal states. This demonstrates the precise detec-
tion of emotional anomalies by the model.

Individuals with depression exhibit a significantly higher
probability of experiencing negative emotions, particularly
sadness. Figure 9(a) shows elevated probabilities for fear
and sadness in depressed individuals compared with non-
depressed individuals, with sadness showing the most pro-
nounced difference (indicated by stars). Figure 9(b) illustrates
the daily variation in sadness probabilities for individuals with
depression, peaking at approximately 10:00 AM.

These findings highlight pronounced negative emotions,
especially sadness, in individuals with depression, provid-
ing strong evidence for the application of emotion detection
technology to identify depressive states.
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Figure 9. Comparison of emotional states between depressed and non-depressed individuals.

Discussion

This study introduces a novel approach to corporate mental
health management that utilizes facial emotion recognition
technologies. By integrating advanced deep learning mod-
els, including RetinaFace for face detection, Dlib for facial
feature extraction, and VGG16 for micro-expression classi-
fication, we successfully constructed a 10-dimensional
emotion feature vector to enhance emotional analysis. The
results demonstrate that the system effectively captures
employee emotional states and identifies anomalies in
diverse environments, highlighting its suitability for hand-
ling complex emotion recognition tasks in corporate
settings.

To address some of the challenges inherent to emotion
recognition, data augmentation techniques have been

employed to mitigate the impact of lighting variations and
other environmental factors, thereby improving the robust-
ness of the system. However, this approach primarily
improves general tolerance and does not fully address
extreme or directional lighting conditions, which may still
distort key facial features and affect classification accuracy.

This study has some other limitations, particularly
regarding facial angles and cultural differences. Variations
in facial angles and head poses may lead to partial occlusion
or geometric distortion of micro-expressions. Although
basic alignment was performed using Dlib to standardize
face orientation, no further processing, such as 3D face
modeling, was conducted. This may limit the system’s
effectiveness when users are not facing the camera directly,
which is a common occurrence in real-world corporate
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settings. Furthermore, cultural differences in emotional
expression were not explicitly considered. The training
dataset primarily comprises samples from a limited demo-
graphic, which may not capture variations in emotional dis-
play rules, expression intensity, or interpretation across
cultures. As a result, the system’s generalizability in multi-
cultural workplaces may be affected.

Future research should explore targeted solutions to
these issues. These may include incorporating illumination
normalization, multi-angle training data, cross-cultural
emotion datasets, and domain adaptation techniques. In
addition, while the current system relies solely on facial emo-
tion recognition, incorporating multimodal approaches, such
as text-based sentiment analysis and voice-based emotion
recognition, can enhance its robustness and overall perform-
ance. Expanding the dataset and addressing environmental
and cultural variabilities would increase the applicability of
the system across different work environments.

Conclusion

This study offers a promising solution for corporate mental
health management by integrating facial emotion recognition
technologies and leveraging advanced deep learning models,
such as RetinaFace, Dlib, and VGG16. Our experimental
results demonstrate that the proposed system effectively cap-
tures the emotional states of employees. This system also
enables real-time monitoring and early detection of emotional
anomalies, facilitating timely intervention and management in
workplace settings. The use of the KNN algorithm and a
3c-based risk evaluation method further enhances the sys-
tem’s ability to assign risk levels based on emotional data.
Despite its effectiveness, further research is necessary to
improve the robustness of the system by addressing con-
founding factors such as facial angle variations and explor-
ing the integration of multimodal emotion recognition
approaches. Expanding the dataset and refining the system
to handle diverse work environments and cultural differ-
ences will improve its practical applicability. Thus, this
study lays the foundation for future innovations in emotion-
based workplace support systems that contribute to
enhanced employee well-being and productivity.
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