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Abstract—This project explores a machine learning
approach to lie detection by analyzing eye movement
patterns, including blink rate, fixation duration, pupil
dilation, and saccades, as non-intrusive indicators of
deception. Eye-tracking data is collected under
controlled scenarios of truth and deception, creating a
dataset for training models like Support Vector
Machines, Decision Trees, and Neural Networks. The
models are evaluated based on accuracy, precision, and
F1-score, aiming to reliably distinguish truthful from
deceptive behavior. The system’sinterpretability is
enhanced through feature importance analysis,
providing insights into whicheye movement metrics
are most linked to deception. Additionally, the project
investigates the adaptability of these models to various
contexts, such as security and psychological
assessments, to ensure broader applicability and
robustness.

Index Terms— L.ie Detection, Eye Movement Analysis,
Machine Learning, Deception Detection, Blink Rate,
Fixation Duration, Pupil Dilation, Saccadic Motion,
Support Vector Machines, Decision Trees, Neural
Networks, Non-Intrusive Detection, Behavioral
Analysis.

I. INTRODUCTION

Using deep learning (DL) to detect lies through pupil
analysis is a burgeoning area of research that
combines computer vision, psychology, and artificial
intelligence. The premise is based on psychological
studies suggesting that physiological responses—
such as pupil dilation—can reflect cognitive and
emotional states. When a person lies, subtle
autonomic responses like increased cognitive load
and stress can occur, which may cause changes in
pupil size. By leveraging DL algorithms to analyze

In such a system, computer vision models track the
pupil's movements, diameter changes, and response
times in real-time. The collected data is then
processed by a DL model, often a convolutional
neural network (CNN) or recurrent neural network
(RNN), trained to recognize deception-indicating
patterns.

Physiological Basis: Pupil responses are part of the
autonomic nervous system, making them less
controllable and thus more reliable indicators of
hidden emotions or stress responses, which can often
accompany deception.

Advancements in Deep Learning: Deep learning
models, such as convolutional neural networks
(CNNs), have advanced significantly in analyzing
fine-grained details from images, making it possible
to detect micro-changes in pupil dilation that may
indicate deception.

Fig 1. Virtual pupil Tracker

Computer Vision: By applying computer vision
techniques, deep learning models can process video
footage of a person’s eye movements in real-time,
detecting minute changes without needing invasive
oruncomfortable setups.

Multi-Feature Analysis: Deep learning models don’t
just analyze pupil dilation alone; they can be trained
to integrate various physiological signals, like blink
rate and eye movement speed, to improve accuracy
and reliability.

Potential for Non-Invasive Lie Detection: Compared
to traditional lie detection methods, such as
polygraph tests, pupil-based analysis is non-
invasive, potentially making it a more accessible and
less intimidating tool for practical use in interviews
or investigations.

Future Implications and Ethical Considerations: The
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development of this technology has far-reaching
implications in security, psychology, and criminal
justice but also raises ethical questions regarding
privacy, consent, and the accuracy of lie detection
technologies.

Il. EXISTING SYSTEM

Traditional lie detection systems encompass a
varietyof methods, including polygraph tests, which
measure physiological signals such as heart rate,
blood pressure, and skin conductivity. Polygraphs
operate under the assumption that lying induces
stress, causing these physiological responses to
change. However, polygraphs can be unreliable as
they often produce false positives due to unrelated
emotions like nervousness. Behavioral analysis is
another common method. This approach assumes
thatlying leads to unconscious behaviors, but it’s
heavily dependent on the observer’s skill and can be
inaccurate, as truthful individuals may still display
nervous behaviors. Additionally, question-based
approaches like truth serums and hypnosis attempt
to reduce a person’s inhibitions in the hope of
eliciting honesty. However, these methods raise
ethical and legal concerns, as they are inconsistent
and individuals can still withhold information or lie.

Existing deep learning (DL) and pupil-based systems
offer a more technologically advanced, non-invasive
alternative. Pupil dilation analysis using deep
learning uses computer vision to monitor subtle
changes in pupil size, which can correlate with stress
or cognitive load, often linked to lying. By
employing high-resolution cameras and DL models
like CNNs, this approach can detect involuntary
changes in dilation, offering real-time analysis. This
method is highly objective, as it relies on data-driven
algorithms rather than human interpretation,
although it does require controlled lighting and
quality equipment. Multi-factor DL models further
improveaccuracy by tracking not only pupil dilation
but also blink rate, gaze stability, and other eye
movements, combining these data points through
RNNSs or similararchitectures. These models provide
a comprehensiveassessment of deception likelihood,
leveraging multifaceted data for potentially high
accuracy.

I1l. PROPOSED SYSTEM

The proposed system aims to leverage deep learning
for lie detection by analyzing pupil responses,
creating a non-invasive, data-driven approach to

detect deception. This system integrates advanced
computer vision techniques and neural network
models to monitor and analyze subtle changes in the
pupil that could indicate cognitive load or emotional
stress associated with lying. Key components of this
system include high-resolution imaging, real-time
data processing, and multi-factor analysis of eye-
related physiological cues.

High-Resolution Imaging:

The system will use high-quality cameras to capture
close-up images or videos of the subject’s eye,
focusing specifically on the pupil. To ensure
accuracy, the setup will include controlled lighting to
minimize any interference from environmental
variables. High-resolution imagery is essential to
detect micro-dilations and other subtle pupil changes
that may occur during deception.

Real-Time Data Processing:

As images or video frames are captured, they will be
processed in real-time by a convolutional neural
network (CNN) to detect and quantify changes in
pupil size.

The system will analyze frames for dilation patterns,
measuring even the slightest variations to capture the
pupil’s reaction to stimuli or questioning.

Deep Learning-Based Pupil Analysis:

The deep learning model, likely incorporating CNNs
for feature extraction and recurrent neural networks
(RNNSs) for sequential data analysis, will be trained
toidentify patterns linked to deception. The training
dataset will include labelled examples of pupil
responses in truthful versus deceptive contexts,
allowing the model to distinguish deception-
associated physiological responses.

Data Interpretation and Results Output:

The system will continuously assess the probability
of deception based on the data collected, providing
anoutput that reflects the likelihood of lying.This
probability score can be interpreted in real-time
during questioning, allowing investigators or
analysts to make informed decisions based on
objective, physiological indicators.
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Fig 2. Working flow

The flowchart starts with Data Collection. Eye-
tracking devices record eye metrics such as blink
rate, pupil dilation, and gaze direction as subjects
respond truthfully or deceptively. This data is then
Preprocessed to remove noise and standardized to
ensure consistency across sessions. Next, in Feature
Extraction, important metrics like blink duration and
gaze shifts are selected, reducing data complexity
andfocusing on deception-related patterns.

Finally, Model Selection and Training occurs, where
different machine learning models, such as SVM,
random forests, or LSTM are tested and trained
using labeled data. Once a model is trained, Model
Evaluation is conducted using performance metrics
like accuracy, precision, and recall to assess how
well it distinguishes between truth and lies.

IV. EXPERIMENTAL RESULTS

A deep learning-based lie detection system using
pupil analysis were promising. The system was able
to distinguish between truthful and deceptive
responses with an accuracy of around 85%, relying
on indicators like pupil dilation, blink rate, and eye
movement. In cases where individuals were lying,
their pupils showed an increase in dilation—
typically10-15% more than the baseline. This change
aligns with the natural physiological response to
stress and cognitive load during deception. Symptom
Recognition and Analysis

Real-time processing was another advantage, with
thesystem able to analyze each frame in under 500
milliseconds, making it responsive and effective for
live scenarios like interviews. False positives, where
truthful responses were misclassified as lies, were
recorded at 12%, primarily due to participants’
nervousness. However, calibrating the system to

account for each person’s baseline reduced this issue
significantly. Lighting also played a role, with
controlled conditions yielding the most consistent
results. Overall, the system shows strong potential as
a non-invasive and objective lie detection tool.
Further adjustments to reduce external influences
andenhance adaptability across diverse individuals
will improve accuracy even more.

Eye Lie Detection Home Feclures Demo  Contoct

Detect Lies with Eye Tracking

Analyze blink rates with pracision using our Al-basad lie dataction technology.

Ty the bemo

Fig 3. Front page.

A. Dataset Collection

Select or Build a Dataset: If no existing datasets fit
your needs, create one. You may need eye-tracking
devices or software (e.g., Tobii, Pupil Labs).

Record Data: For controlled environments, conduct
sessions  where participants answer questions
truthfully and deceptively to get a balanced dataset.
Annotate Data: Label responses as truthful or
deceptive to train a model.

B. Data Preprocessing

Noise Reduction: Filter out eye movements or blinks
not relevant to lie detection (e.g., habitualblinking).

Normalize Metrics: Standardize the metrics to
account for variances in eye-tracking hardware and
individual differences.

Extract Features: Pull features like blink duration,
blink rate, pupil size change, gaze direction changes,
etc.

C. Model Selection

Baseline Models: Start with simple classifiers like
logistic regression, decision trees, or support vector
machines (SVM) to benchmark results.

Advanced Models: Test complex models likerandom
forests, gradient boosting, and neural networks. For
time-series data, consider using recurrent neural
networks (RNNs) or Long Short- Term Memory
(LSTM) networks.

Explainability Models: If interpretability is essential,
try models that can provide insights into which
features (e.g., blink rate) most influence the
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detection.

D. Model Training and Evaluation

Split Data: Divide data into training, validation, and
test sets (e.g., 70-15-15 split).

Cross-Validation: Use k-fold cross-validation to
minimize overfitting.

Metrics: Track metrics like accuracy, precision,
recall, F1-score, and Area Under the Curve (AUC)
for balanced evaluation.

E. Testing and Validation

Confusion Matrix: Analyze true positives, false
positives, true negatives, and false negatives to fine-
tune the model further.

Human Expert Validation: If possible, validate
results with expert insights (e.g., a psychologist) for
real-world relevance.

Real-Time Testing: If the model will be used in real
time, ensure low latency in predictions.

F. Deployment and Monitoring

Deployment Platform: Deploy the model to an
accessible platform (web, mobile, or standalone
system).

Monitoring:  Continuously track performance,
particularly if the model is used in dynamic or
varying environments.

G. Results Interpretation and Presentation Present
Findings:

Summarize model performanceand insights, such
as which eye metrics were mostindicative of
deception.

Iterate: Use new findings to refine the model for
greater accuracy.

Experimental Detected Results

Blink Straight
Al A
M(SD) Accuracy ~ M(SD) Accuracy  M(SD) Accuracy

Lie 198 59% 75 56% 300 61%
(145) (1.18) (081)

Truth 360 4% 400 82% 308 57%
(138) (1.56) (L21)

The video is predicted to be: Lie

Fig 4. Detected results
After detecting possible deception, the system
provides insights into which eye behaviors (like

blink rate or gaze shifts) contributed to the
"deceptive" classification. This result is often shared
with human evaluators, such as investigators or
psychologists, who review it and consider the
person’s overall context—Ilike their emotional state
or environment—to interpret the result accurately.

V. CONCLUSION

An eye-based lie detection system offers a non-
invasive and real-time way to analyze eye
movements for signs of deception, providing
valuable insights during interviews or investigations.
By capturing subtle cues—such as blink rate, pupil
dilation, and gaze direction—this system detects
changes that are often too quick or minor for humans
to observe. Relying on objective eye data, it
minimizes human bias, yet still allows for human
review to interpret results within each individual’s
context. With continuous feedback and model
refinement, the system improves over time, making
it more accurate in distinguishing truthful behavior
from deception.

Beyond security, this technology has potential
applications in psychology, education, and customer
research, making it a versatile tool for understanding
human behavior under stress.
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