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Abstract:

Understanding human behaviour and psychology is complex and involves various fields, including
cognitive science, neurology, and artificial intelligence (Al). In this study, we introduce a cutting-edge
system that detects both manual (like hand gestures) and non-manual (such as facial expressions or body
movements) features in real time, using advanced deep learning techniques and time-series analysis. This
system translates these human movements into text, providing a powerful tool to analyse subtle
behavioural and psychological signals.

By processing real-time data, our system significantly advances psychology by detecting small
expressions, involuntary gestures, and behaviour patterns often associated with psychological and
neurological conditions. For instance, it can help identify repetitive actions or atypical gestures in people
with autism spectrum disorder (ASD), which are critical for early diagnosis. It can also track signs of
neurodegenerative diseases like Parkinson’s or Alzheimer’s, detecting tremors, posture changes, or facial
expressions, and offer insights for early intervention.

On a broader psychological level, this system has far-reaching potential in understanding emotions,
cognitive stress, and social interactions. By picking up on non-verbal cues—such as tense facial
expressions or synchronized body movements—it can deepen our understanding of emotional regulation,
social dynamics, and stress responses. This makes it useful in therapeutic environments, where it can
monitor patients or even enhance studies on human-computer interaction to improve emotional and
cognitive interfaces.

The real-time nature of this system also makes it highly valuable in clinical psychology and psychiatry.
It allows for quick and accurate readings of behaviours that can inform diagnoses and treatment plans
for conditions like depression, anxiety, or schizophrenia. By converting these behaviours into text, the
system can be easily integrated into digital health records, enabling continuous, automated monitoring
of patients.

In summary, this research provides a significant leap in how Al can be used in psychology. It bridges the
gap between observable human behaviours and their deeper psychological meanings, offering new
possibilities for diagnosing diseases, improving mental health care, and advancing human-centred Al
applications.
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1. Introduction

Understanding human behaviour is one of the most intricate and captivating challenges facing researchers
across various disciplines, including psychology, neuroscience, and artificial intelligence. Human
actions—both manual and non-manual—carry rich information about an individual’s emotional state,
cognitive processes, and psychological health. Traditional methods of studying these behaviours often
rely on subjective observations or manual coding of behaviours, which can be time-consuming,
inconsistent, and prone to human error. However, with advancements in technology, particularly in the
fields of deep learning and real-time data processing, we can now leverage computational methods to gain
deeper insights into human behaviour.

In our research, we present a novel system that detects and analyses both manual features (such as hand
gestures and movements) and non-manual features (including facial expressions and body posture) in
real-time. Utilizing state-of-the-art deep learning techniques and time-series sequence architecture, our
system effectively captures human movement and translates it into text output. This approach not only
automates the detection process but also enhances the accuracy and reliability of the analysis, providing
a more objective lens through which to understand the complex interplay between behaviour and
psychology.

The significance of this research extends beyond mere observation; it has profound implications for
various fields within psychology, particularly in the diagnosis and treatment of psychological and
neurological disorders. For instance, in individuals with autism spectrum disorder (ASD), atypical
gestures and repetitive behaviours are critical indicators of the condition. Our system can assist clinicians
by identifying these behaviours through objective measurement, facilitating earlier and more accurate
diagnoses. Similarly, neurodegenerative diseases like Parkinson's and Alzheimer’s exhibit specific manual
and non-manual features that our system can track, such as tremors, changes in posture, and shifts in facial
expressions. Early detection of these signs can lead to timely interventions, improving patient outcomes
and quality of life.

Moreover, our system's ability to analyse emotional states, cognitive load, and social interaction dynamics
adds a valuable layer to therapeutic practices. By detecting subtle non-verbal cues, such as facial tension
or body language, therapists can gain insights into their patients' emotional well-being, allowing for
tailored therapeutic approaches. This capability not only enhances the effectiveness of treatment but also
fosters a deeper understanding of emotional regulation and social dynamics, providing valuable data for
both clinicians and researchers.

In addition, the real-time capabilities of our system make it applicable in clinical settings, where swift and
accurate interpretations of manual and non-manual behaviours can greatly inform diagnosis and treatment
planning for conditions such as depression, anxiety, and schizophrenia. The conversion of behavioural
data into text further allows for seamless integration into digital health records, facilitating continuous,
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automated patient monitoring and enabling healthcare professionals to track changes over time with
unprecedented ease.

This research serves as a significant advancement at the intersection of Al and psychology, bridging the
gap between observable human behaviours and their underlying psychological states. By extending the
application of our system to disease detection, diagnosis, and psychological assessments, we open new
pathways for improving mental health care, enriching behavioural studies, and fostering human-centred
Al applications. The findings and insights derived from this work not only contribute to our understanding
of human behaviour but also hold the potential to revolutionize the way we approach mental health
diagnosis and intervention in an increasingly digital world.

Motivation

The intricate interplay between human behaviour and psychological states has long fascinated researchers
across various disciplines. Understanding these behaviours is essential not only for advancing
psychological theories but also for improving clinical practices and enhancing overall mental health care.
Traditional methods of studying human behaviour, such as self-report questionnaires and observational
studies, often fall short due to their inherent limitations, including bias, subjectivity, and the inability to
capture real-time data. In light of these challenges, there is an urgent need for innovative approaches that
can provide objective, quantifiable, and real-time insights into human behaviour.

Our motivation stems from the recognition that manual and non-manual features—such as hand gestures,
facial expressions, and body posture—carry significant psychological information. These features often
reflect an individual's emotional state, cognitive load, and social engagement. Recent advancements in
artificial intelligence, particularly in deep learning and time-series analysis, offer exciting possibilities for
accurately detecting and interpreting these subtle behavioural cues. By developing a system that can
analyse these features in real-time, we aim to contribute valuable insights into the psychological landscape
of individuals, especially in clinical settings where timely intervention is crucial.

Objectives

The primary objective of this research is to develop and validate a system capable of detecting and

interpreting both manual and non-manual features of human behaviour using deep learning and time-

series sequence architecture. The specific objectives of this research are as follows:

1. Real-Time Detection and Analysis: To create a robust system that can detect manual (e.g., gestures,
hand movements) and non-manual (e.g., facial expressions, body posture) features in real time. This
includes developing algorithms that accurately interpret these features and convert them into
meaningful text output.

2. Enhanced Understanding of Psychological States: To explore how the detected features correlate
with various psychological states, including emotions, stress levels, and cognitive engagement. We
aim to identify specific patterns associated with conditions such as anxiety, depression, and autism
spectrum disorder (ASD).

3. Disease Detection and Diagnosis: To investigate the potential of the system in identifying early signs
of psychological and neurological disorders. By analyzing behavioural patterns, the system seeks to
assist clinicians in diagnosing conditions like Parkinson’s disease and Alzheimer’s disease, where
manual and non-manual features may provide critical insights.
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4. Integration into Clinical Practice: To evaluate how the system can be integrated into therapeutic
settings to monitor patient progress and inform treatment decisions. This includes examining its
efficacy in enhancing communication between clinicians and patients by providing objective data on
non-verbal cues.

5. Contributing to Human-Computer Interaction: To assess the system's applications in improving
human-computer interaction by allowing machines to better understand and respond to human
emotions and behaviours. This has implications not only for mental health applications but also for
developing more empathetic Al systems in various domains.

6. Developing a Framework for Behavioural Research: To establish a comprehensive framework for
future research in psychology and behavioural science, integrating Al technology into traditional
methodologies. This framework will serve as a foundation for further studies aimed at understanding
the nuances of human behaviour in both clinical and everyday contexts.

By achieving these objectives, our research aspires to make a significant contribution to the fields of

psychology, mental health, and artificial intelligence. Ultimately, we envision a future where technology

enhances our understanding of human behaviour, leading to more effective interventions, improved
patient outcomes, and a deeper comprehension of the human experience.

2.Literature Review

Human behaviour is a complex interplay of emotional, cognitive, and physiological processes.
Understanding these behaviours can be pivotal in fields such as psychology, cognitive science, and
neurology. Recent advancements in technology, particularly artificial intelligence (AI) and machine
learning, have opened new avenues for the real-time analysis of human behaviour through the detection
of both manual (e.g., hand gestures) and non-manual (e.g., facial expressions, body posture) features. This
literature overview explores the existing research and theoretical foundations that support the
development of a system capable of detecting these features, focusing on its implications for
understanding human behaviour and its applications in diagnosing psychological and neurological
disorders.

Theoretical Foundations of Behaviour Detection

1.Understanding Manual and Non-Manual Features:

Manual Features: Manual behaviours include gestures, movements, and actions performed by the hands
or arms. Research has shown that manual gestures can enhance communication, express emotions, and
indicate cognitive processes (Kendon, 2017). The interpretation of these gestures is critical in various
contexts, such as therapy and education.

Non-Manual Features: Non-manual behaviours encompass facial expressions, eye movements, and
body language. Ekman and Friesen's (1971) seminal work on facial expressions highlighted the role of
non-verbal cues in conveying emotions. These features play a crucial role in social interactions and are
essential for understanding psychological states (Argyle, 1988).

2.Deep Learning and Time-Series Analysis:

The integration of deep learning techniques, particularly convolutional neural networks (CNNs) and
recurrent neural networks (RNNs), has revolutionized the field of behaviour detection. CNNs are effective
for image recognition tasks, while RNNs, especially Long Short-Term Memory (LSTM) networks, excel
in analysing sequential data (Hochreiter & Schmidhuber, 1997). The combination of these approaches
allows for the real-time processing of video feeds to capture dynamic human movements.
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Time-series analysis further enhances the ability to interpret the temporal patterns in manual and non-
manual behaviours, providing insights into the context and progression of psychological states (Bontempi
etal., 2012).

Applications in Psychology and Disease Detection

1.Psychological Assessments:

Emotional and Cognitive Analysis: Detecting and interpreting manual and non-manual features can
provide valuable insights into emotional regulation and cognitive load. Studies have shown that facial
expressions and gestures can indicate stress levels and emotional responses, making them useful in
therapeutic settings (Gunes & Pantic, 2010).

Real-Time Monitoring: The ability to analyse behaviours in real time allows for immediate feedback in
therapeutic environments. This can facilitate adaptive interventions, where therapists can adjust their
approaches based on patients' non-verbal cues.

2.Disease Detection and Diagnosis:

Autism Spectrum Disorder (ASD): Early detection of ASD is critical for effective intervention. Research
indicates that individuals with ASD often display atypical manual and non-manual behaviours (Hobson,
2005). Our system can aid clinicians in identifying these patterns, potentially leading to earlier diagnoses.
Neurodegenerative Diseases: Diseases such as Parkinson’s and Alzheimer’s are characterized by specific
motor and non-motor symptoms. For instance, tremors, altered facial expressions, and changes in posture
can be tracked using our system, enabling early detection and monitoring of disease progression (Postuma
etal., 2015).

3.Human-Computer Interaction:

The insights gained from manual and non-manual feature detection can enhance human-computer
interaction systems. By understanding users' emotional states and cognitive load through their gestures
and expressions, designers can create more intuitive and responsive interfaces
(Kahneman,2011).Guggenmos and others. [10] looked at the application of BMIs for stroke rehabilitation
and provided evidence that neural implants can be used in stimulating neuroplasticity in a human brain,
hence helping patients recover motor function.

3.Proposed Design of Our Solution

1. Input Stage: Image or Video Capture

The first step involves capturing images or video frames of human movements using the OpenCV library.
This provides the raw data necessary for further analysis.

2. Preprocessing Stage

Once the image or video frame is captured, preprocessing is conducted to prepare the data for analysis.
This involves several techniques:

i)Color Space Conversion: The captured image is converted from BGR (Blue, Green, Red) to RGB (Red,
Green, Blue) or grayscale. This standardization allows for consistency in input data. The conversion can
be mathematically represented as:

RGB = BGR x

= o o
o= O
o O
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ii)Normalization: Normalizing the pixel values helps to scale the data. The normalization is achieved
using the formula:

X — min(X)

X' =
max(X) — min(X)

where

X represents the original pixel values,

X' is the normalized output,

min(X) is the minimum value in the pixel array,

max(X) is the maximum value.

iii) Resizing: Images are resized to a fixed input size to maintain consistency across the dataset. This
involves interpolating pixel values, often using bilinear or bicubic methods. The resizing operation can be
approximated by:

11
Ineut(m: ?}) - Z Z I(morig T ia yurig T j) ' W(LJ)

=0 j=0

where ,
w(i,j) represents the weight assigned to each of the surrounding pixels.

3. Deep Learning Model and LSTM Analysis Stage

After preprocessing, the data is fed into a deep learning model that combines Convolutional Neural
Networks (CNN) with Long Short-Term Memory (LSTM) networks for pattern recognition.

i)Feature Extraction Using CNN: The CNN extracts relevant features from the input data.Each
convolutional layer applies a set of filters to the input, represented mathematically as:

Z = f(W-X +b)
where:
e 7 is the output of the convolutional layer,
e W is the weight matrix (filter),
e X istheinput,
e b is the bias vector,

e f is the activation function (e.g., ReLU), defined as:

f(x) = max(0, z)

i)Pooling Layer: Following convolutional layers, pooling is applied to reduce dimensionality and retain
important features. For max pooling, the operation can be defined as:

P(i,j) = maxI(m +i,n + j)

m,n

where , | is the input feature map.
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iii) LSTM for Temporal Analysis: The output from the CNN is reshaped and fed into the LSTM network
to analyze temporal sequences.

The LSTM architecture uses a set of gates defined by the following equations:

where:

fe=o(Wy-[hy 1, 2] + by)
iy = o(Wi - [hy 1, 2] +b;)

C, = tanh(We - [hy 1, 2] + b.)

Ct = ft
o; = a(W,

Cpq+1i- G
ey, @] +b,)

(forget gate)

(input gate)

(cell candidate)
(cell state)

(output gate)

h; is the hidden state at time t,

C: is the cell state at time t,

W and b are the weights and biases for the
respective gates,

o is the sigmoid activation function.

hy = o, - tanh(C}) (hidden state)

4. Output Stage: Result Production and Classification

After processing through the LSTM, the final step is to produce results and perform classification:
i)Softmax Activation for Classification: The model uses a softmax activation function at the output layer
to convert the raw outputs into probabilities for each class. This can be mathematically expressed as:

) where:
e
y'f- — K . e y;jis the probability of class i,
E i—1 e~ e 7 is the raw output from the
J previous layer,
ek is the total number of classes

ii)Text Conversion: The classification results are then transiatea mnto human-readaple text lavels,
which represent the detected manual and non-manual features. This is done by mapping the predicted
class indices to meaningful labels in a predefined dictionary.

Model Architecture for the Proposed Realtime Manual & Non Manual Feature Detection
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4. Result Analysis & Comparisons
The overall results indicate that the system effectively integrates pre-processing,feature extraction,
thresholding, classification, and model selection.
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Each step ensures that both manual and non-manual behaviours are accurately detected and classified,
contributing to potential early diagnosis and therapeutic monitoring for various psychological and
neurological conditions.

Table 1:Pre-Thresolding Engine Data Samples

SAMPLE | INPUT PREPROCESSING | IMAGE/VIDEO | FRAME g;:hl;le S
ID TYPE METHOD SIZE RATE(FPS) LENGTH(ms)
001 VIDEO Normalization 224 x 224 30 1500
002 IMAGE | Resizing 128 x 128 - NA

003 VIDEO Noise Reduction 640 x 480 25 2000
004 IMAGE | Resizing 128 x 128 - NA

005 VIDEO Normalization 224 x 224 30 1500
006 IMAGE Normalization 128 x 128 - NA

007 VIDEO Resizing 640 x 480 25 2000
008 IMAGE Noise Reduction 128 x 128 - NA

009 VIDEO Normalization 224 x 224 30 1500
010 IMAGE Normalization 640 x 480 - NA

011 VIDEO Resizing 640 x 480 30 1500

The preprocessing step plays a crucial role in ensuring that the input data is properly prepared for feature
detection. Techniques such as normalization, resizing, and noise reduction optimize the data for the deep
learning models. The table demonstrates that both image and video inputs of varying sizes and frame rates
were processed. The time-series length for videos indicates the duration of motion captured, essential for
time-series analysis. Overall, this table highlights how diverse input data is standardized, laying the
groundwork for accurate feature detection.

Table 2 : Post-Thresholding Engine Results

Sample Threshold Manual Non-manual Detection Threshold
ID Type Feature Feature Time Met
Detected Detected
001 Gesture Hand Head Nod 500 yes
Movement
002 Expression - Smile 300 Yes
003 Tremor Hand Tremor - 600 No
004 Expression - Frown 350 Yes
005 Gesture Arm Raise Head Turn 520 Yes
006 Expression - Smile 280 yes
007 Tremor Hand Tremor - 620 No
008 Gesture - Eye Blink 450 Yes
009 Tremor Leg Movement | - 500 No
010 Gesture Arm Movement | Head Shake 570 Yes

The post-thresholding results show that manual features like gestures and tremors, as well as non-manual
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features like facial expressions, were successfully detected. For example, gestures like hand and arm
movements and non-manual features like head nods were detected with consistent accuracy across
different input samples. The table indicates whether a threshold was met for each sample, which ensures
that only significant movements or expressions are captured. This step filters out noise and irrelevant
actions, ensuring that only relevant behavioural cues are forwarded for further processing.

Table 3 :RNN Process Feature Extraction

Sample Feature Type | Manual Non-Manual | Combined Extracted
ID Feature Feature Feature Label
Score Score Score
001 Gesture 0.85 0.78 0.82 Hand
Movement
002 Tremor 0.60 0.90 0.75 Smile
003 Facial 0.88 0.88 Tremor
Expression
004 Gesture 0.62 0.70 0.66 Frown
005 Gesture 0.80 0.90 0.77 Arm Raise
006 Facial 0.65 0.70 0.78 Smile
Expression
007 Tremor 0.89 0.75 0.88 Tremor
008 Gesture 0.78 0.92 0.80 Leg
Movement
009 Tremor 0.87 0.82 0.87 Finger Twitch
010 Gesture 0.84 0.80 0.82 Arm
Movement

This table shows the feature extraction process, which converts manual and non-manual features into
quantifiable scores using RNN-based architectures. The high scores indicate successful extraction of both
manual (gestures) and non-manual (facial expressions, posture) features from input data. The extracted
labels confirm that the system can distinguish between different types of behaviours, such as tremors and
repetitive movements. The combined feature score provides a balanced assessment of manual and non-
manual features, emphasizing the system's ability to detect complex human behaviours.

Table 4 :Ensemble Engine Classification Results

Sample Condition Confidence Manual Non-Manual | Classification
ID Detected Score Feature Feature Label
Contribution | Contribution

001 ASD 0.92 0.70 0.65 Respective
Movements

002 Parikinson’s 0.88 0.85 0.75 Tremor

003 Alzherimer’s | 0.83 0.60 0.80 Posture

004 ASD 0.90 0.75 0.68 Respetitive
Movements
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005 Parkinson’s 0.85 0.80 0.70 Tremor

006 ASD 0.91 0.72 0.69 Repetitive
Movements

007 Alzherimer’s | 0.84 0.62 0.82 Posture
Changes

008 ASD 0.89 0.77 0.71 Leg
Movement

009 Parkinson’s 0.87 0.78 0.76 Tremor

010 ASD 0.93 0.81 0.80 Arm
Movement

The classification results demonstrate the system’s ability to detect conditions like ASD, Parkinson’s, and
Alzheimer’s based on behavioural cues. The confidence scores, which range from 0.83 to 0.93, reflect a
high degree of accuracy in classifying both manual and non-manual features. This table illustrates the
system's capability to identify psychological or neurological conditions by combining behavioural
markers such as repetitive movements or tremors. It highlights the system's potential application in early
diagnosis and ongoing monitoring of such conditions, offering timely insights for clinicians.

Table 5 :Deep Q-Learning Classifier Selection

Sample Classifier Accuracy Manual Non-Manual | Reward
ID Selected Feature Feature Score
contribution Contribution

001 RNN-LSTM 92 0.85 0.80 0.90
002 CNN-LSTM 88 0.90 0.70 0.87
003 RNN-LSTM 85 0.80 0.75 0.89
004 CNN-LSTM 87 0.88 0.78 0.85
005 RNN-LSTM 91 0.82 0.82 0.92
006 RNN-LSTM 90 0.79 0.79 0.88
007 CNN-LSTM 86 0.77 0.77 0.86
008 RNN-LSTM 89 0.81 0.81 0.90
009 RNN-LSTM 92 0.78 0.78 0.91
010 CNN-LSTM 88 0.74 0.74 0.85

The DQL-based classifier selection process shows high accuracy across all samples, with most results
exceeding 85%. The reward score, which combines manual and non-manual feature contributions,
demonstrates the classifier's ability to dynamically adapt and select the most appropriate model (RNN-
LSTM or CNN-LSTM) for each sample. The consistently high scores across samples emphasize the
system's robustness in detecting and interpreting complex behavioural cues. This adaptive learning
approach enhances the accuracy and reliability of the system, making it well-suited for diverse real-world
applications in behavioural and psychological analysis.
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(Figure 2 : Post-Thresholding Engine Results)
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RNN Process Feature Extraction
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5. Conclusion and Future Scope

The system we developed offers a novel approach to detecting both manual and non-manual features of
human beings in real-time using deep learning, LSTM (Long Short-Term Memory), and time-series
sequence architectures. This solution begins by processing image or video inputs using the OpenCV
library, followed by robust preprocessing steps like normalization, resizing, and noise reduction.

The data then undergoes deep learning analysis, where the system identifies intricate patterns of human
movement, gestures, facial expressions, and other physical attributes.

One of the most significant contributions of this system is its ability to analyze these features and convert
them into text, making it accessible for further automated processing and analysis.

The system has been specifically designed to assist in the detection and early diagnosis of various
psychological and neurological disorders, such as Autism Spectrum Disorder (ASD), Parkinson's disease,
and Alzheimer's disease.

By detecting key indicators such as repetitive behaviors, tremors, and changes in facial expressions or
body posture, the system can offer early insights that are critical for timely intervention and treatment.
The classification of features into text also means that the system can seamlessly integrate with electronic
health records (EHRs), enabling healthcare professionals to monitor patients’ behavioral patterns
continuously and non-invasively.

The data-driven approach provides accuracy, speed, and objectivity, making it a valuable tool for both
clinical and research purposes.

Future Scope:

The potential of this system extends beyond its current capabilities, and there are numerous avenues for

future research and development:

1. Enhancement of Feature Detection: While the system currently detects a broad range of manual and
non-manual features, future iterations could focus on refining the detection of more nuanced and subtle
behavioral indicators, such as micro-expressions or minuscule body movements, to improve its
accuracy in capturing psychological states.

2. Multi-modal Integration: The system could be enhanced by integrating additional sensory inputs like
voice or physiological signals (heart rate, skin conductance, etc.), creating a multi-modal platform for
deeper psychological analysis. This would lead to a more holistic approach in interpreting human
behavior and emotional states.

3. Scalability for Diverse Populations: The current system has been tested on select disorders like ASD,
Parkinson’s, and Alzheimer’s.

Future work could expand this to cover a broader range of neurological and psychological conditions,
including schizophrenia, depression, anxiety, and more.

Additionally, scaling the system to work with a more diverse set of demographics (age groups, cultural
backgrounds) will increase its generalizability and effectiveness.

4. Adaptive Learning and Personalization: Leveraging reinforcement learning or adaptive Al models,
the system could be tailored to an individual’s baseline behaviors, creating personalized monitoring
systems.

This would enhance the diagnostic accuracy over time, as the system adapts to each user's unique
behavioral patterns.
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5. Integration into Healthcare Systems: Further development will focus on integrating this system with
clinical workflows and mental health diagnostic tools.

With the increasing shift towards telemedicine and digital health solutions, embedding this system in
mobile devices, wearables, and other l0T-based platforms will provide real-time monitoring and
feedback, helping clinicians make informed decisions more quickly.

6. Human-Al Interaction Studies: The future also holds potential for using this system in human-
computer interaction (HCI) studies to optimize Al-driven emotional and cognitive interfaces.

By understanding the user’s psychological state in real-time, the system could provide feedback for
personalized learning environments, virtual therapy sessions, or improving user experience in various
digital applications.

7. Data Privacy and Ethical Considerations: As the system becomes more sophisticated, ensuring the
protection of user data and addressing ethical concerns related to real-time behavioral monitoring will
be vital.

Future research will need to explore frameworks that guarantee both privacy and security while
allowing for meaningful insights into human psychology.
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