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Abstract: Forecasts and analysis of human behavior and emotions have received a lot of development in the area of artificial intelligence.
There are some potentials that edge computing in the field of human behavior and emotion forecasting and analysis. In this research,
an autonomous edge computing system utilizing Raspberry Pi for real-time emotion detection, which can detect seven basic emotions,
namely, happiness, anger, sadness, surprise, neutral, fear, and disgust, has been developed. The system extracts several feature sets such
as edges, shapes, and textures, as well as landmarks of the face and upper body. A convolutional neural network classifier is applied
to these feature sets to classify emotions in real time. A classification model has been trained using a manually developed dataset
through the Data Collector class. Real-time testing of the system and evaluation of the system based on several criteria such as F-
measure, accuracy, precision, and sensitivity have been performed. It has been found that the proposed system has up to 98% accuracy

in real-time emotion detection.
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1. Introduction

Recent developments in affective computing have led to
a rising need for real-time emotion recognition systems for
applications in intelligent education, healthcare monitoring,
human-computer interaction, and smart environments [1]. Tra-
ditional emotion recognition system frameworks based on the
cloud usually face challenges related to communication delays,
dependency on network infrastructure, and privacy issues due to
constant sending of facial data to distant servers. However, edge
artificial intelligence (AI) has proven the capability of deep learn-
ing models to be applied directly on limited-resource devices while
maintaining good performance [2]. Integration of technology into
security systems has become vital in the era of digitalization, as
machine learning (ML) is a significant development in improv-
ing surveillance capabilities. Video cameras have revolutionized
research by enabling the acquisition of real-time human faces,
which have become an important part of human communica-
tion. Emotive facial recognition has drawn interest in the fields
of computer science, computer animation, and perceptual sci-
ences. Research focuses on creating robots that can recognize
facial expressions and mood states and their application in inter-
views, surveillance systems, and aggression detection. Methods
and algorithms for Facial Expression Recognition (FER) based
on deep learning techniques are developed within the fields of
computer vision and Al [3]. However, despite significant advances
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in edge intelligence and facial analytics, several challenges still
remain unresolved. Previous research has proved the possibility
of applying deep learning models to resource-limited devices such
as Raspberry Pi and embedded Internet of Things (IoT) devices
for facial analysis and real-time intelligent monitoring [4].

2. Literature Review

A popular technology for face detection and identification
systems, the Raspberry Pi is a low-cost, low-power single-board
computer. With cloud storage providing the best performance
features, research attempts to enhance these capabilities in secu-
rity systems, picture capture, and storage. Real-time tracking and
monitoring in a variety of industries are made possible by face
recognition technologies [5].

Within the sphere of facial emotion recognition, Romero
and Armenta [6] have designed an algorithm for real-time facial
emotion recognition, which was implemented on Raspberry Pi
3B+. It consists of the use of a convolutional neural network
(CNN) for feature extraction and emotion recognition training
based on the FER-2013 dataset. The process includes three main
stages: face detection, facial feature extraction, and emotional
facial expression classification, providing 95% identification
accuracy.

Another study carried out by Al-Dabbas et al. [7] deals with
the investigation of face recognition using ML and DL algo-
rithms. The researchers apply the Viola-Jones technique, Linear
Discriminant Analysis (LDA), Mutual Information (MI), and
Analysis of Variance (ANOVA) and achieve a maximum accuracy
of classification equal to 96.01%. Venkatesan et al. [§] proposed a
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system that combines DeepFace and Al techniques for real-time
emotion recognition. The proposed system relies on face capture,
feature extraction, gesture analysis, and emotion detection. The
system achieved an accuracy of 92.02% on test data for real-time
face recognition and emotion classification.

Rathour et al. [9] provide a fast and reliable method of
facial landmark detection and feature extraction for real-time
capture of facial images, which is one of the essential prerequi-
sites for emotion recognition systems. The proposed methodology
includes three steps: face detection, landmark recognition, and
feature extraction using linear Support Vector Machine (SVM),
HOG mapper, and OpenCV. By using a Raspberry Pi 3, the
proposed system has achieved real-time face detection. Simi-
larly, Jaiswal et al. [10] have proposed a DL model based on
CNN for emotion recognition based on images for the pur-
pose of evaluating the model’s efficiency. For the evaluation, two
benchmark datasets—JAFFE (Japanese Female Facial Expres-
sion) and FERC-2013—were used. The model was assessed using
several performance metrics, including validation accuracy, detec-
tion rate, learning rate, validation loss, computational complexity,
and processing time. Experimental results showed accuracies of
70.14% and 98.65% on the FER-2013 and JAFFE datasets,
respectively.

In addition to emotion recognition, some systems have been
designed to enhance monitoring and security in restricted envi-
ronments by detecting unauthorized activities and generating
real-time alerts. This system enables monitoring for restricted
and classified zones, identifies disruptions, and alerts the respec-
tive team through Python Tkinter. An inventive system for the
detection of facial expressions was proposed by Aly [11], where
he utilized ResNet50, Temporal Convolutional Network (TCN),
and Convolutional Block Attention Module (CBAM). Specifi-
cally, special attention is paid to the accuracy of the ResNet50
system. These accuracies are 91.86% for RAF-DB, 91.71% for
FER2013, 95.85% for CK+, and 97.08% for Karolinska Directed
Emotional Faces (KDEF) databases. In addition, Rathnala et al.
have designed real-time face recognition with the help of Python
and Arduino.

A real-time face recognition using Python and Arduino was
implemented by Rathnala et al. [12] based on three phases.
Detecting faces and collecting images was performed in the first
phase. In the second phase, the recognizer was trained, and inter-
esting elements were separated, and in the third phase, they were
grouped and stored in XML records. Aswin et al. [13] proposed
a system for real-time face and emotion recognition that extracts
the Mel-Frequency Cepstral Coefficient (MFCC) features after
converting the captured images into signals. The SVM then clas-
sifies these features for directed emotion classification. The model
achieved an overall accuracy of 85% and successfully identified
four main emotional states.

Subramanian et al. [14] developed a real-time face and emo-
tion recognition system based on ML and Al. The introduced
model consists of three stages: data acquisition, feature detec-
tion, and emotion classification. The model was trained using
gradient boosting (GB) and achieved an average accuracy of
99%. On the other hand, Gaddam et al. [15] developed a sys-
tem using OpenCV for face detection and recognition to improve
universities’ traditional attendance system. The system manages
attendance notes, automatically estimates present and absentees,
and produces an automated document or spreadsheet. The system
uses the OpenCV library, Haar-Cascade for face detection, and
Local Binary Pattern Histogram (LBPH) for recognition. Individ-
ual student training is conducted, and the system achieves a 97%
accuracy rate.
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3. Novelty and Contribution

The novelty of the proposed system lies not in the introduc-
tion of a new deep learning architecture, but in the development
of a practical and efficient edge-based emotion recognition frame-
work that integrates facial and upper-body behavioral cues for
real-time analysis on resource-constrained hardware. Unlike con-
ventional approaches that rely primarily on facial expressions
extracted from publicly available datasets, the proposed system
utilizes a custom dataset of manually captured images represent-
ing real operating conditions and combines facial landmarks with
upper-body pose information to capture complementary emo-
tional indicators. This design addresses a key limitation of existing
systems, where subtle facial expressions, partial occlusions, or
pose variations may reduce recognition accuracy.

Beyond emotion classification, this framework has the poten-
tial to support a wide range of computer vision tasks. It also
provides additional behavioral indicators, such as attention level
and emotional variability, which can support a broader evalua-
tion of user engagement. The implementation on a Raspberry Pi
platform shows that reliable emotion recognition can be achieved
using low-cost edge hardware. These findings demonstrate that
real-time emotion recognition can be effectively implemented
on low-cost edge devices without relying on computationally
demanding models, making the system suitable for practical
human—computer interaction scenarios.

4. Research Methodology

The proposed framework focuses on detecting facial expres-
sions and body posture patterns in public environments, enabling
improved situational awareness and behavioral analysis. The
Python code relies on a systematic approach to collecting labeled
emotion data. These data are preprocessed to improve the train-
ing process. It is based on a dataset of images representing seven
target emotions: anger, happiness, sadness, neutral, surprise, fear,
and disgust. The system uses OpenCV to extract 68 facial land-
mark points and 14 upper-body landmark points as features,
followed by a CNN for emotion classification. The overall sys-
tem workflow is described in Figure 1. Advanced layers, such
as dropout techniques, batch normalization, and data augmenta-
tion, ensure the model generalizes well to new data. Jupyter, an
open-source web application, is used to create and share files con-
taining live code, conditions, visualizations, and narrative texts
across different domains.

Figure 2 illustrates the complete architecture of the proposed
real-time emotion detection system with body language analysis,
integrating both hardware and software components around a
Raspberry Pi 4 [16], which serves as the central processing unit.
The hardware setup includes a camera module or USB web-
cam connected via USB/CSI to capture live video streams of
facial expressions and body posture, a microSD card for storing
the operating system and application data, and a 5V/3A USB-
C power supply to ensure stable operation [17]. User interaction
is facilitated through a keyboard and mouse connected via USB,
while a monitor connected through HDMI displays real-time
video, detected emotions, and analysis results. An optional alert
system, consisting of an LED or buzzer, is interfaced through
GPIO pins [18] to provide notifications when specific conditions
are met.

The software workflow begins with live video capture, fol-
lowed by preprocessing using OpenCV for frame resizing and
noise reduction. MediaPipe is then used for detecting facial land-
marks and body keypoints, which are subsequently processed
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Figure 1
The system’s workflow

Real-time videos
capturing using
Raspberry Pi Camera

Converts a video into
frames

\ 4

Preprocessing

A 4

Result and Performance |
evaluation

Emotion detection
using a CNN classifier

Facial and upper body
Landmarks Detection

Figure 2
System schematic diagram
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for feature extraction. These features are input into a trained
CNN model for emotion classification. Finally, the system out-
puts the detected emotions and confidence scores on the display
and triggers an alert if abnormal or predefined behaviors are iden-
tified. Overall, the system demonstrates an efficient integration of
sensing, processing, analysis, and feedback modules to enable
accurate and real-time emotion recognition.

4.1. Data collection and preparation

A structured method for collecting labeled emotional data
was developed using the Data Collector class, an object-oriented
programming pattern designed to centralize data collection,
extraction, and validation. This approach facilitated organized
and consistent data acquisition for training the emotion classifica-
tion model. The collected data were preprocessed and augmented
to improve the robustness of the training process. To train the
enhanced model for emotion detection, the dataset was created
through manual image collection. Pictures were captured using a
webcam consisting of 350 RGB images (320 x 240 pixels), with
50 images for each of the seven emotion categories: angry, dis-
gusted, happy, sad, fearful, neutral, and surprised, as shown in

Figure 3. The Data Collector class in the enhanced code facili-
tated this process, saving images into labeled directories for each
emotion.

4.2. Facial and upper-body landmark detection

The goal of the proposed approach is to automatically
detect 68 facial and 14 upper-body landmark points by identi-
fying the precise (X, y) coordinates corresponding to key facial
and upper-body structures using MediaPipe. Figure 4 (a) depicts
the 68 landmark locations for the face, Figure 4 (b) depicts the
indices of the facial landmark points [19], Figure 4 (c) shows
the upper-body landmark points, and Figure 4 (d) depicts the
indices of the upper-body landmark points [20]. The facial land-
mark points are organized into two fundamental categories. The
mouth, eyes, nose, and eyebrows are among the first landmarks
that are directly noticed. These are crucial for determining facial
identities based on low-level picture characteristics. The nose,
non-extremity points, chin, cheek, left-right eyebrow, and lips
are the secondary landmark points; these are crucial for track-
ing faces and recognizing facial expressions, while the upper-body
landmarks are critical for recognizing body language.
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Figure 3
A sample of the dataset for the seven emotions: (a) angry, (b) disgusted, (c) happy, (d) sad, (e) fearful, (f) neutral, and (g) surprised

(a) ) ()

Figure 4
Landmark detection. (a) The 68 facial landmark points, (b) the indices of the facial landmark points, (c) the 14 upper-body landmark
points, and (d) the indices of the upper-body landmark points
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4.3. Emotion detection

The model interacts with the live video feed, detecting faces
and classifying them into angry, happy, sad, neutral, surprised,
fearful, or disgusted. However, Figure 5 depicts a script for the
emotion detection code.

The Python code script describes the emotion detection. Also,
this module evaluates body language by analyzing pose landmarks
such as shoulders and hips to determine postural indicators like

openness or defensiveness. Figure 6 illustrates how body posture

can be analyzed to detect any suspicious body posture.

4.4. Model training and classification method

4.4.1. Model training

The model is trained using a cyclic approach over 50 epochs.
As shown in Figure 7, the loss curves demonstrate the model’s
learning progress, while the accuracy curves compare performance

Figure 5
Emotion detection code

class EmotionBodyDetector:
def detect_emotion(self, face_landmarks):

Analyze facial expression for emotion.
if not face_landmarks:
return "Unknown"

# Get mouth points for smile detection
mouth_left = face_landmarks[61].y
mouth_right = face_landmarks[291].y
mouth_center = face_landmarks[0].y

# Calculate mouth curve
mouth_curve = mouth_left + mouth_right - 2 * mouth_center

# Determine emotion based on mouth curve
if mouth_curve < -0.02:

return "Happy"
elif mouth_curve > 0.02:

return "Angry"

Figure 6
Python script describes the steps of upper-body landmark detection

def detect_body_posture(self, pose_landwarks):

Analyze body posture and potential emotional indicators.”™~
if not pose_landwarks:
return “Unknown”

# Shoulder and hip alignment

left_shoulder - pose_landwarks(mp_holistic.PoselLandwark.LEFT_SHOULDER)
right_shoulder - pose_landwarks(mp_holistic.Poselandwark.RIGHT_SHOULDER]
left_hip = pose_landwarks(mp_holistic.PoselLandwark.LEFT_HIP]

right_hip - pose_landwarks(mp_holistic.PoseLandwark.RIGHT_HIP]

# Check shoulder and hip alignment
shoulder_width - abs(left_shoulder.x - right_shoulder.x)
hip_width = abs(left_hip.x - right_hip.x)

# Check head tilt

left_ear - pose_landwarks[mp_holistic.Poselandwark.LEFT_EAR]
right_ear = pose_landwarks[mp_holistic.PoselLandwark.RIGHT_EAR]
head_tilt - abs(left_ear.y - right_ear.y)

# Assess body Language

if head_tilt > 0.05:
return “Uncertain/Stressed”

elif shoulder_width < 0.15 and hip_width < 0.15:
return “"Closed/Defensive™

elif shoulder_width > 0.2:
return “Open/Confident”

else:
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Figure 7
Learning progress of the proposed model. (a) Training and validation loss for the first training configuration, (b) training and validation
accuracy for the first training configuration, (c) training and validation loss for the second training configuration, (d) training and
validation accuracy for the second training configuration, (e) training and validation loss for the third training configuration, and
(f) training and validation accuracy for the third training configuration
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on the training and validation sets, highlighting its predictive
capability [21]. During each epoch, model parameters are updated
by aggregating loss, accuracy, and sample counts across all
batches. The model assessment criterion for the validation set is
validation accuracy, and loss and accuracy are computed without
gradients. To improve convergence, the learning rate scheduler is
modified, and the optimal model is stored.

4.4.2. Classification method

Classification and pattern recognition are essential activities
in data mining and ML. This paper used a CNN, a supervised
learning method. In a CNN, there is an arbitrary number of bias
nodes, always one in each layer. However, it consists of three layers:
the input layer, the hidden layer, and the output layer. In this work,
the CNN consists of three convolutional blocks, each comprising a
convolution layer, batch normalization, ReLU activation function,
max-pooling operation, and dropout regularization. Feature maps
extracted by the convolutional layers are flattened and passed to
a fully connected layer before the final SoftMax classifier. The
network is trained using the Adam optimizer with a learning rate
of 0.001 and categorical cross-entropy loss. Table 1 presents the
detailed training hyperparameters used during the experiments.
Figure 8 describes the real-time detection of happiness and also
shows the identification of landmark points for the face and upper
body.

5. Results and Performance Evaluation

The proposed system achieved smooth and responsive instant
performance in detecting emotions and body language in real
time, identifying basic emotions and evaluating body posture
according to seven categories: surprised, angry, sad, neutral, fear-
ful, disgusted, and happy. The accuracy for detecting emotions
varied between 85% and 98%, as illustrated in Table 1.

Table 1
Training hyperparameters
Value Parameter
Adam Optimizer
0.001 Learning rate
50 Number of epochs
ReLU Activation function

32 Batch size

Categorical cross-entropy Loss function

5.1. Performance metrics

To evaluate the predictive performance of the model, testing
was done after the verification of basic assumptions concerning
the model. For this purpose, some assessment metrics were uti-
lized to measure the appropriateness of the proposed models. The
confusion matrix is a useful tool that can be used to assess the
efficiency of classification and prediction algorithms [22] by deter-
mining proportions of true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN) for calculating accu-
racy [23]. The efficiency of the proposed approach was evaluated,
as shown in Equations (1)—(4) and Table 2, using F-measure,
accuracy, precision, and sensitivity [24]:

TP + TN

Accuracy = ———————
¥ TP + TN + FP + FN

(M

o TP
Sensitivity = ———— 2)
TP + FN
.. TP
Precision = (3)
TP + FP
2 Precision Sensitivit
F-measure = 4 4)

Precision + Sensitivity

To assess the suitability of the proposed CNN-based facial emo-
tion recognition system for edge Al deployment, a set of runtime
and resource utilization metrics was collected on the Raspberry
Pi 4 platform. As shown in Table 3, the system achieved an
average inference time of 78.4 ms per frame, with an average
processing rate of 12.7 FPS, demonstrating the capability to
perform real-time emotion recognition on resource-constrained
hardware. The average face detection and emotion classifica-
tion times were 23.6 ms and 54.8 ms, respectively, resulting in
an overall end-to-end response time of 95.3 ms. These results
indicate that the proposed architecture can provide timely emo-
tion predictions while maintaining acceptable latency for real-time
applications.

Table 4 presents the resource utilization characteristics of
the proposed system during operation. The average CPU uti-
lization was 53.8%, while memory utilization remained at 27.6%,
corresponding to approximately 1124 MB of RAM usage. Fur-
thermore, the application storage footprint was only 28.4 MB,
confirming the lightweight nature of the developed model and its
suitability for deployment on low-cost edge devices. Overall, the
obtained results demonstrate that the proposed solution achieves
a balance between computational efficiency and recognition per-
formance, making it appropriate for standalone real-time emotion
recognition applications on Raspberry Pi.

6. Discussion

However, the experimental findings show that the suggested
facial expression recognition technique performs efficiently, yet
certain discrepancies occur when considering different types of
emotions. For instance, the accuracy for recognizing the sad emo-
tion amounts to 85%. It is noticeably lower than the accuracy
of detecting the disgusted emotion, which equals 98%. A possi-
ble explanation of this phenomenon could be the fact that faces
displaying sad emotions contain less distinctive features. Small
frowning, eye narrowing, and lip corner lowering may be con-
fused with neutral or tired faces, thus leading to misclassification.
In turn, disgust emotions require more pronounced facial actions,
like wrinkling the nose, raising the upper lip, etc., that provide
better features for classification.

In order to evaluate the efficiency of the suggested technique,
it is possible to perform its comparison with previous research in
this field and present it in the form of Table 5. The suggested tech-
nique demonstrates an accuracy of 98%, which is higher than the
majority of the other methods used. Thus, comparing the pro-
posed model with the SVM algorithm using the MFCC feature set
(accuracy — 85%), LDA/ANOVA/MI-based approach (accuracy
- 96.01%), LBPH with OpenCV (accuracy — 97%), and TCN-
CBAM-ResNet50 (accuracy — 95.85%), it could be concluded that
the suggested model shows better results in terms of classification
accuracy.

Furthermore, it slightly surpasses several deep learning—
based methods, including TCN-CBAM-ResNet50 architectures
(95.85%). The comparison confirms that the proposed method

07



Smart Wearable Technology Vol. 00

Iss. 00 2026

08

Figure 8

Emotion detection and identification of facial and upper-body landmarks
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Table 2
Performance matrices of the suggested model
Class Accuracy Precision Sensitivity F1-score
Happy 0.90 0.88 0.90 0.89
Sad 0.85 0.85 0.85 0.85
Neutral 0.92 0.89 0.92 0.90
Surprised 0.96 0.94 0.96 0.95
Angry 0.94 0.92 0.94 0.93
Fearful 0.94 0.93 0.94 0.93
Disgusted 0.98 0.98 0.98 0.98
Macro (Avg) 0.93 0.91 0.93 0.92
Weighted (Avg) 0.92 0.92 0.92 0.92
Table 3
CNN inference performance on Raspberry Pi 4
Interpretation Max Min Avg Metric
Time required to classify one frame 102.0 61.0 78.4 Inference time (ms)
Real-time processing capability 16.4 9.8 12.7 FPS
Face localization overhead 35.8 18.4 23.6 Face detection time (ms)
CNN prediction time 66.2 42.6 54.8 Emotion classification time (ms)
End-to-end latency 128.4 74.8 95.3 System response time (ms)
Table 4
Raspberry Pi 4 resource utilization
Interpretation Max Min Avg Metric
Processor load during inference 87.4 18.2 53.8 CPU utilization (%)
Percentage of memory used 353 21.5 27.6 RAM utilization (%)
Runtime memory consumption 1432 978 1124 RAM used (MB)
Application footprint 28.4 28.4 28.4 Storage utilization (MB)
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Table 5
Comparison of the proposed model with previous studies

Study/year Methods/model Performance metric Percentage (max)
[71/2024 LDA, ANOVA, MI Accuracy 96.01%
[10}/2020 CNN Accuracy 98.65%,
[11]/2025 TCNs, CBAM, ResNet50 Accuracy 95.85%
[13}/2016 SVM, MFCCs Accuracy 85%
[14]/2022 GB Accuracy 99%
[15}/2022 LBPH, OpenCV Accuracy 97%
Proposed CNN Accuracy 98%

is competitive with, and in many cases superior to, existing
state-of-the-art facial expression recognition techniques. Overall,
the results confirm the effectiveness of the proposed approach
while highlighting areas where further development is needed to
enhance robustness, generalizability, and practical applicability.

7. Conclusion

This work presents the design process of a real-time emo-
tion detection and recognition system based on Raspberry Pi
and CNN. The novelty of this work lies in the idea of building
and operating a unique and distinct system for face recognition,
detecting suspicious people, and tracking them in real time. The
system relies on digital image processing and extracting basic rep-
resentative features of the 68 facial and 14 upper-body landmark
points to detect one of seven basic emotions: surprised, angry,
sad, neutral, fearful, disgusted, and happy. The system is fully
functional and built from readily available components. In addi-
tion to several security and military applications, it is noteworthy
that this system can be utilized in a variety of settings, including
surveillance systems at retail malls and airports. The system was
implemented and tested to detect seven basic emotions, achieving
the highest detection accuracy of 98% for disgust and the lowest
accuracy of 85% for sadness.

Despite the promising results achieved by the proposed sys-
tem, several limitations should be acknowledged. The current
study was evaluated under controlled experimental conditions and
did not comprehensively address several real-world challenges,
including illumination variations, facial occlusions, extreme pose
changes, and crowded multi-face environments. Therefore, fur-
ther investigation is required to assess the generalizability and
robustness of the proposed approach in unconstrained deploy-
ment scenarios. Future research will focus on expanding the
evaluation using diverse benchmark datasets and real-world envi-
ronments while optimizing the system for improved performance
and reliability.

8. Future Work

The results show that it is possible to perform real-time
emotion recognition of facial expression using an efficient and
lightweight approach based on CNNs on a Raspberry Pi.
Although the current approach produces promising results, there
are some ways to develop this study further. First, one can
test different lightweight Vision Transformers and hybrid CNN-
Transformer models to see whether they provide any improvements
in classification accuracy while preserving efficiency.

One can also consider adding audio and physiological
data along with facial expressions in order to have a more

complete emotional state description and make the system more
effective in hard conditions. It is also possible to test adaptive
methods taking into account the differences between users and
environmental changes. Such improvements would expand the
range of the applicability of the proposed approach, making
it useful in healthcare, assistive technology, intelligent learning
environment, human—computer interaction, and social robotics
spheres.
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