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Abstract: With the advancement of technology, the application of physiological parameters 
in lie detection technology has gradually become a hot research topic. This paper explores 
the latest developments in this field from two aspects: On the one hand, neurophysiological 
signals (such as EEG, fMRI, fNIRS) reveal the changes in brain activity during the lie 
detection process, helping us better understand the neural mechanisms behind lies. On the 
other hand, behavioral physiological signals (such as heart rate, respiration rate, eye 
movements, micro-expressions) capture subtle changes in emotions and stress through 
monitoring external physiological responses. Especially in the area of multimodal signal 
fusion, combining data from different physiological signals can significantly improve the 
accuracy and reliability of lie detection. The paper also looks forward to the future prospects 
of the technology, emphasizing the immense potential of artificial intelligence in the field of 
lie detection, and anticipates paving the way for the intelligentization and precision of lie 
detection technology. 
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1. Introduction 

Lie detection is in high demand in fields such as judicial interrogation, national security, and 
psychological assessment. However, traditional lie detection technologies (such as polygraphs) rely 
on single physiological signals such as heart rate and respiration rate, which are susceptible to 
individual differences, environmental interference, and countermeasure strategies, limiting their 
accuracy. In recent years, the rapid development of neuroscience and artificial intelligence has driven 
the innovation of lie detection technology: Neurophysiological signals (such as EEG, fMRI, fNIRS) 
provide in-depth analysis of the mechanisms behind lying by revealing brain cognitive conflicts (such 
as the P300 wave), prefrontal cortex activation (BOLD signals), and hemodynamic changes. 
Behavioral physiological signals (such as heart rate, respiration rate, eye movement patterns, and 
micro-expressions) compensate for the lack of scene adaptability in neuro-technologies by 
quantifying autonomic nervous system stress responses, emotional fluctuations, and cognitive load. 
Multimodal fusion technology integrates the high temporal resolution of neuro-signals with the 
dynamic representation of behavioral physiological signals (such as EEG + eye movement, fNIRS + 
heart rate), and utilizes deep learning algorithms (such as LSTM and cross-modal attention 
mechanisms), significantly improving detection accuracy and robustness. However, challenges still 
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exist in this field, such as the high cost of neuro-technologies, environmental interference affecting 
behavioral physiological signals, and the heterogeneity of multimodal data. To address these 
challenges, this paper provides a systematic review of the progress in lie detection research based on 
neurophysiological and behavioral physiological signals (Figure 1), with a focus on analyzing 
technological breakthroughs in multimodal fusion and artificial intelligence-driven approaches, 
aiming to provide theoretical support and technical pathways for the development of high-precision, 
practical lie detection systems. 

 
Figure 1: Lie detection technology based on neurophysiological and behavioral physiological signals. 

2. Lie Detection Technology Based on Neurophysiological Signal Decoding 

Neurophysiology, as the science studying the functions of the nervous system and its relationship 
with behavior, directly focuses on the activity patterns of the brain and nervous system. These signals, 
including electroencephalography (EEG), functional magnetic resonance imaging (fMRI), functional 
near-infrared spectroscopy (fNIRS), and electrocardiography (ECG), each provide unique 
perspectives to help scientists gain a deeper understanding of the complex psychological mechanisms 
behind lies. This section aims to review the current applications, technical principles, and research 
advancements of neurophysiology in the field of lie detection. 

2.1. EEG 

The application of EEG technology in lie detection began in the 1970s when Lykken [1] 
experimentally recorded participants’ EEG signals during truthful and false statements, initially 
verifying the potential of brain waves in lie detection. In the 1990s, Emanuel Donchin and Lawrence 
A. Farwell discovered that the P300 component in event-related potentials (ERP) was related to 
concealed information detection and proposed the concept of “brain fingerprinting” [2]. In the early 
2000s, V. Abootalebi [3] and others validated the application of the P300 wave in lie detection, 
particularly in multi-channel EEG systems, studying the differences in brain waves during truthful 
and false statements. In the 2010s, Navjot Saini et al. (2018) [4] introduced machine learning methods 
into EEG signal processing, improving the classification accuracy of lie detection. In the 2020s, R. 
Hefron et al. proposed a model based on Long Short-Term Memory (LSTM) networks, enhancing 
the accuracy of time-series analysis of EEG signals [5]. R. J. Deligan et al. (2022) combined EEG 
with fNIRS signals, advancing the application of multimodal fusion technology in complex scenarios 
[6]. Through the continuous progress of these studies, EEG technology in lie detection has gradually 
matured. From the initial P300 waveform analysis to the current integration of deep learning and 
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multimodal fusion technologies, the application of EEG in lie detection has made significant progress, 
providing a solid foundation for real-time and accurate lie detection systems. 

2.2. FMRI 

Functional magnetic resonance imaging (fMRI), which reflects brain activity through blood-oxygen-
level-dependent (BOLD) signals, has been widely applied in lie detection research. Its application 
can be traced back to the 1990s, and with the development of technology, fMRI has gradually made 
significant progress in the field of lie detection. In the 1990s, fMRI technology began to be applied 
in neuroscience research, and in 2002, it was first used in a lie detection experiment. At that time, 
Langleben [7] and others studied brain activity during lying using fMRI, finding that the activity of 
the prefrontal cortex and cingulate gyrus was significantly enhanced when lying, thus verifying the 
potential of fMRI in lie detection [7]. Subsequently, in 2005, Ganis [8] and others further proved that 
brain activity during lying has unique characteristics by comparing the brain activity patterns of lying 
and truthful responses, further promoting the application of fMRI in the field of lie detection [8]. 
However, the low temporal resolution of fMRI limits its use in real-time lie detection. In the 2010s, 
researchers began attempting to combine fMRI with other physiological signals (such as heart rate, 
skin conductance, etc.), forming multimodal lie detection systems. This method significantly 
improved the accuracy of lie detection, overcoming the limitations of using a single technique. In 
recent years, researchers have also begun to focus on the impact of experimental design, task 
complexity, and emotional factors on fMRI signals, providing new perspectives for optimizing lie 
detection systems. Nevertheless, fMRI still faces challenges in the field of lie detection, such as high 
costs, poor portability, and complex data processing. 

2.3. FNIRS 

Functional near-infrared spectroscopy (fNIRS) is a technique that evaluates neural activity by 
monitoring changes in cortical blood oxygen levels. It is portable and non-invasive, making it more 
suitable for application in different environments compared to fMRI. The application of fNIRS in lie 
detection began in the 1970s and gradually developed over the following decades. In the 1970s, Jobsis, 
F. F., and others first applied fNIRS to measure brain blood oxygen levels, providing a technological 
foundation for subsequent research [9]. By the 1990s, with advancements in technology, fNIRS was 
considered to have potential for use in lie detection. In the early 2000s, Fenghua Tian and others 
applied fNIRS in lie detection experiments, finding that the oxygenated hemoglobin (HbO) level in 
the prefrontal cortex significantly increased during lying, thereby verifying the effectiveness of fNIRS 
as a lie detection tool [10]. In the 2010s, researchers began combining fNIRS with other physiological 
signals to improve the accuracy of lie detection. Gonzalez and others, by combining fNIRS with EEG, 
found significant signal correlations between the two, improving the accuracy of lie detection [6]. As 
technology continued to develop, the flexibility and adaptability of fNIRS in various lie detection 
scenarios were further explored. Although fNIRS is portable and non-invasive, its lower spatial 
resolution and sensitivity to scalp and skull thickness may affect signal stability. The multimodal 
combination approach improved accuracy but also increased the complexity of data analysis. Thus, 
fNIRS still faces technical challenges in the field of lie detection. 

3. Lie Detection Technology Based on Behavioral Information Decoding 

Heart rate, respiration rate, eye movements, and micro-expressions have also undergone extensive 
research and practice in the field of lie detection. Each of these reflects cognitive and emotional 
changes related to lying based on different physiological indicators, gradually becoming an important 
part of lie detection technology. 
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3.1. Heart Rate 

In the 1960s, Thackray, R.I.’s research found that deceptive behavior could trigger significant heart 
rate acceleration. This marked the first time heart rate was listed alongside skin conductance and 
respiration as a core parameter in lie detection [11]. In the 1980s, Raskin, D.C. developed the first 
rule-based computer algorithm (PolyScore prototype) to analyze heart rate patterns [12]. In the 1990s, 
with the development of computing technology, research gradually shifted towards real-time 
processing and algorithm breakthroughs, such as using artificial neural networks (ANN) to analyze 
deceptive patterns in heart rate time series. Over the past 20 years, with the rapid development of 
machine learning and multimodal fusion technologies, Pavlidis and others proposed an integrated lie 
detection approach combining multiple physiological signals (including heart rate and skin 
conductance), improving the reliability of lie detection [13]. In the 2010s, Verkruysse, W. and other 
scholars introduced machine learning algorithms for heart rate data analysis, while also proposing 
remote lie detection technology based on heart rate data [14]. In recent years, the popularity of 
wearable devices has made real-time collection and analysis of heart rate data more convenient, 
driving the civilian application of lie detection technology and providing more possibilities for its use 
[15]. 

3.2. Respiration Rate 

Research from the 1960s already indicated that people’s breathing becomes more rapid and shallow 
when they are emotionally tense or lying, laying the foundation for the application of respiration rate 
in lie detection. By the 1980s, with the development of multi-parameter physiological signal analysis 
methods, Raskin, D. C. and others proposed that combining respiration rate, heart rate, and skin 
conductance could more accurately identify deceptive behavior [16]. In the 1990s, scientists like 
Kircher, J. C. introduced computer technology, making the automatic analysis of respiration rate 
signals possible, improving the efficiency and accuracy of lie detection [17]. In the early 2000s, 
machine learning algorithms (such as support vector machines and neural networks) were introduced 
into the lie detection field, and respiration rate features were used to build more complex classification 
models. Over the past 20 years, with the continuous progress of sensor technology and data analysis 
methods, the relationship between respiration rate changes and emotions or psychological stress has 
become clearer, making it an indispensable part of modern lie detection technology. 

3.3. Eye Movements 

Eye movement tracking technology was first introduced into the field of lie detection in the 1970s. 
Hess, E. H. and others explored the relationship between pupil size and visual stimulus interest, 
providing the theoretical basis for the subsequent application of eye movement detection in lie 
detection [18]. In the 1990s, eye movement detection technology gradually matured and began to be 
widely applied in lie detection experiments. Bradley, M. M. discovered the relationship between pupil 
size, emotional arousal, and autonomic nervous system activation [19], further supporting the 
application of eye movement detection in lie detection. From the 2000s to the present, with the 
development of artificial intelligence and big data technologies, eye movement detection in lie 
detection has become more intelligent and precise. Researchers have developed various eye 
movement-based lie detection models using machine learning, such as Alnæs, D. and others exploring 
the relationship between pupil size and mental effort, predicting brain activity and providing a new 
perspective for eye movement detection in lie detection [20]. Nowadays, eye movement, as a 
physiological signal, has become an indispensable part of modern lie detection technology, especially 
in the context of multimodal physiological signal analysis, where its role is becoming more prominent. 
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3.4. Micro-Expressions 

Micro-expressions, a concept introduced by Ekman and Friesen in 1969, are usually unconscious and 
last for a very short duration [21]. In the 1980s, Ekman, P. and other researchers began exploring the 
application of micro-expressions in lie detection, believing that micro-expressions could serve as an 
auxiliary tool for detecting lies. In the 1990s, with the development of computer vision technology, 
researchers began to experiment with automating the detection of micro-expressions [22]. In the 21st 
century, researchers established the first micro-expression database, and the introduction of deep 
learning technology significantly improved the accuracy and efficiency of micro-expression detection 
[23]. In recent years, micro-expression detection technology has been applied to real-time lie 
detection and emotion analysis, especially in security, psychological assessment, and other fields [24]. 
The multimodal lie detection systems combining facial expression recognition technology with 
physiological signals have further elevated the application of micro-expressions. As a covert and 
powerful physiological cue, micro-expressions have become an important component of modern lie 
detection technology that cannot be ignored. 

4. Conclusion 

In the past 20 years, significant progress has been made in the field of lie detection through 
multimodal physiological parameter fusion technology. By combining various types of physiological 
signals (such as EEG, fMRI, heart rate, and skin electrical activity), researchers have improved the 
accuracy of lie detection, especially with the assistance of deep learning and data analysis methods, 
achieving more precise detection results. For example, Radhika Kuttala and Ramanathan 
Subramanian [25] proposed a multimodal hierarchical CNN feature fusion method, which performed 
excellently in stress detection; Xiaowei Zhang [26] and others introduced a multimodal physiological 
signal emotion recognition method based on regularized deep kernel machine fusion, significantly 
improving the accuracy of emotion recognition. These innovative fusion methods continue to drive 
technological development. In the future, with breakthroughs in artificial intelligence and real-time 
data processing technologies, multimodal fusion is expected to play an increasingly important role in 
the field of lie detection, supporting more accurate and reliable lie detection methods. 

The development of lie detection technology has shown a trend from contact-based to non-contact-
based methods, and from single physiological signals to multimodal fusion. Heart rate, respiratory 
rate, eye movements, and micro-expressions each provide unique physiological cues. The rise of non-
contact technologies has made monitoring more flexible and natural, but its accuracy in complex 
environments still needs improvement. In the future, lie detection technology will increasingly rely 
on multimodal fusion, which, by integrating multiple physiological signals, can more 
comprehensively capture the physiological and emotional changes of individuals. Artificial 
intelligence and machine learning will play a key role in this field, advancing lie detection technology 
towards higher precision and greater robustness, ultimately achieving a more reliable lie detection 
system. 
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