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Article Info ABSTRACT 

Article History: 
In lie detection, early fusion methods that combine information from multiple modalities, 

such as images and sounds, are used. To improve performance, a lie detection system is 

designed using mean fusion techniques. The feature extraction method, which uses Optical 

Flow (OF) and GaussianBlur, uses image data as input. This process generates facial 

feature change data as numeric values, enabling more efficient processing and allowing 

the model to be trained quickly and effectively. Evaluation of the model with accuracy, 

precision, recall, and F1 score using 10 (Fold) cross-validation using a Convolutional 

Neural Network (CNN) architecture to find features associated with lying in visual content. 

At the same time, voice signals are studied through voice signal processing and voice 

feature extraction methods using Mel Frequency Cepstral Coefficients (MFCC) feature 

extraction and classification using Mel Frequency Cepstral Coefficients (LSTM). The 

purpose of this process is to discover lying patterns through the audio module. The mean 

fusion model combines the decisions of multiple lie detection models for each modality, 

enabling the system to leverage the strengths of each modality to create a broader feature 

representation. The dataset used contains images, and voice is used for performance 

evaluation. This dataset can show various lying situations and contexts. The experimental 

results show that the fusion method using the mean fusion model achieves a lie detection 

accuracy of 99% and an F1-Score of 0.99. In the context of lying, this research helps 

develop a more comprehensive and reliable lie-detection system model. The main 

contribution of this work is a measurable multimodal fusion strategy that integrates pupil-

based facial landmarks and temporal voice features, yielding an accuracy improvement of 

over 14% compared to unimodal baselines. 
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1. INTRODUCTION 

In daily communication, people usually decide whether to lie or tell the truth on their own accord [1]. 

This is also the case during a trial to determine whether the defendant is guilty of the charges brought against 

them, or whether their testimony is true or false in general. In this process, judges may pay attention to non-

verbal cues, such as the facial expressions of those giving testimony [2]. Likewise, verbal cues affect how 

strong the voice signal produced when lying is; each word in a lying statement can show changes in the voice 

signal [3]- [4]. Lie detection can be a complementary tool for forensic investigators to enhance their decisions 

regarding the credibility of statements or lie detection[5]. Polygraph is a traditional method widely used to 

detect lies based on physiological changes in a person, such as skin conductivity, heart rate, blood pressure, 

breathing, and pulse [6]. Eye-tracking technology, which records eye movements, has attracted attention as 

a viable alternative[7].  Different eye movement markers are used in various lie detection technologies, and 

the accuracy obtained is 78%[8]. Changes in pupil size are also an indicator of emotional arousal and medical 

conditions. The sympathetic system controls pupillary dilation by activating the radial dilator muscle, where 

decreased sympathetic activity will cause a decrease in pupil diameter. Conversely, the parasympathetic 

system regulates pupillary constriction through the iris sphincter muscle as a reflex response to light, with 

efferent pathways originating from the Edinger-Westphal complex in the oculomotor nucleus [9]. Subjects 

who lied showed greater pupil dilation, more frequent speech interruptions, higher voice pitch, and higher 

blink rates [10]. CNN is a method for classifying images [11], which consists of an input layer, a hidden layer 

and an output layer[12]. In the CNN-based lie detection method, the processed data is an image extracted 

from a video using the VGG 16 and VGG 19 architectures [13]. Health Domain Multimodal Rumor Detection 

Neural Network that combines various fusion techniques to detect health-related rumors with high accuracy 

[14].  

 The study [1] used a relatively small sample size of 32 respondents, which may limit the range of 

detectable differences between truth and Lie. The sample size is not large enough to generalize broadly [2], 

limiting participants' natural expression and potentially affecting the authenticity of their responses. 

Polygraph deception detection can be manipulated by individuals skilled enough to maintain normal 

physiological functioning, resulting in low accuracy and inadmissibility in court [6]. Lie detection systems 

that focus solely on eye movements and gaze achieve only 78% accuracy using the SVM method, and are 

limited in their multidimensional analysis, making it difficult to distinguish between honest and false 

behavior. Dilated pupils are an indication of lying, while non-dilated pupils are considered neutral [9], but 

many other factors can cause pupil dilation, such as lighting, emotional state, or medical conditions, so 

accurate data is needed to see changes that occur in the pupil area to determine whether someone is honest or 

lying. Using a single dataset type (video converted to images) can limit data variation and model 

generalization. Processing and combining image data from multiple sources can increase computational 

complexity and require greater computational resources. The aim of this research is to address the problems 

identified in previously conducted research and to develop a lie detection model that uses a combination of 

facial and voice features, employing a fusion method. The datasets used for model generalization are 

heterogeneous, sourced from public datasets and from datasets built with scenarios we have designed. 

Multimodal fusion (combining image and voice) has the advantage of leveraging complementary information 

from both modalities, increasing robustness to noise in one modality, and allowing the model to learn 

correlations across multiple modalities. In this research, we implemented a fusion strategy to integrate visual 

and acoustic representations, enabling the system to utilize temporal and spatial features simultaneously. The 

multimodal approach yielded better and more stable performance than models that used only image or audio 

modalities. The contribution of this research is a CNN-based lie-detection classification model built on 

MobileNet that converts image data into numerical features to reduce computational time and capture 

temporal changes in each video frame. The second contribution is the use of late fusion to combine facial and 

voice features, making the model more robust at detecting lies across modalities. Apart from the fusion 

strategy, we use a CNN mobilenet network for face with feature extraction using optical flow and pupil 

diameter change algorithms, and an LSTM for voice with feature extraction using MFCC. 

2. RESEARCH METHODS 

Fig. 1 shows a block diagram of the implementation of this research model, starting with video input, 

then searching for key points based on pupil changes, and then voice input. The facial and voice data are 
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processed separately to determine the performance of each feature, which will ultimately be combined with 

a fusion model. 

 

Figure 1.  Research Process Design 

2.1 Data Collection and Ground Truth Annotation 

The present study combined covert examination monitoring with structured post-examination 

interviews. First, the examination room was equipped with multiple synchronized CCTV cameras, including 

top- and frontal-view configurations, to record students’ behavior in real time from different angles. All 

cameras were synchronized using a unified time reference at least one hour prior to each session to ensure 

temporal consistency across all recordings. During the examination, several students were observed engaging 

in collaborative behavior while answering questions, as captured on CCTV footage. After the examination, 

students identified as having collaborated with others were individually invited to participate in structured 

interviews. In addition, a comparable number of students who completed the examination independently were 

recruited as a control group. In total, 25 students participated in the interview sessions (20 males and 5 females 

from the collaboration group, and 25 students from the independent-working group). Each interview lasted 

approximately 5–10 minutes and was recorded with a concealed webcam to minimize behavioral alteration 

from awareness of being observed. 

The interview recordings were manually aligned with the corresponding CCTV footage. Because the 

interview questions explicitly referred to events that occurred during the examination, each student’s verbal 

responses could be temporally matched to the relevant segments in the CCTV recordings. For instance, when 

a student discussed a specific examination question, the corresponding event was located within the CCTV 

timeline by matching timestamps and identifiable behaviors. This cross-checking process enabled a direct 

comparison between interview statements and objectively recorded examination behaviors, despite 

differences in camera viewpoints. Timestamp synchronization and visible student identifiers facilitated this 

alignment, ensuring that each claim could be verified against objective video evidence. To ensure high data 

quality, all recording equipment was tested and calibrated prior to each session. Camera focus, resolution, 

and audio levels were verified, and recordings were conducted continuously without intentional interruptions. 

Video data inherently support repeated review, thereby enhancing reproducibility. In line with best practices 

for behavioral recording, multiple cameras were deployed to capture different aspects of the scene, with 

overlapping camera views to record shared areas simultaneously from multiple viewpoints. Trained 

psychologists and coders were instructed to interpret partial or occluded views accordingly. Recording 

consistency was periodically assessed by replaying random samples to ensure that no frames were missing. 

As a result, the video data provides a reliable and verifiable record of both examination and interview 

sessions. 
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The study participants were undergraduate students aged approximately 18–24 years. In total, 

recordings were obtained from 36 male and 21 female students. Data were partitioned subject-wise, with all 

recordings from a given participant grouped and assigned exclusively to either the training set (approximately 

80% of subjects) or the test set (20%). This subject-independent split ensured that no individual’s facial or 

behavioral patterns appeared in both sets, thereby reducing the risk of overfitting to subject-specific 

characteristics. The final label distribution in the dataset consisted of 20 truthful cases and 5 lying cases, as 

determined through cross-verification of CCTV evidence and interview responses. In addition to data from 

the examination scenario, the dataset included recordings from investigative sessions involving suspects who 

were evaluated using polygraph examinations. These recordings provided supplementary data in which the 

validity of truthful and lying labels was supported by polygraph-based assessments. Our research also used 

public datasets as a comparison to examine changes in facial features between honest and lying labels. 

Each interview recording was analyzed by a licensed psychologist with expertise in behavioral 

analysis. The psychologist reviewed both visual and audio streams to identify changes in facial expressions 

and variations in vocal tone that may indicate lying behavior. The analysis followed an established facial 

behavior coding scheme. As annotations were performed by a single expert, we acknowledge the potential 

for subjectivity. To mitigate this limitation, expert judgments were verified against CCTV recordings; any 

discrepancies between interview statements and recorded examination behaviors were resolved through joint 

re-examination of both video sources. In future work, multiple independent raters will be involved to enable 

explicit measurement of inter-rater agreement (e.g., using Cohen’s kappa). In the present study, the 

psychologist’s annotations served as the primary labels, while CCTV recordings functioned as an objective 

ground truth reference for verifying the veracity of each claim. This annotation strategy is consistent with 

prior lie detection research, which has employed manual annotation of facial action units, gaze direction, head 

movements, and mouth motion dynamics. Building on these approaches, the present study further 

incorporates key facial and verbal cues extracted from each interview. 

2.2  Pre Processing 

The preprocessing stages, as shown in Figure 1, are a crucial part of the data analysis process, aiming 

to clean and prepare raw data for further use. Data used for analysis must be accurate, complete, and consistent 

before processing. Here are some of the main functions of data preprocessing: 

1. Data Cleaning: Eliminating or correcting corrupted, incomplete, or inaccurate data. This includes 

filling in missing values, correcting entry errors, and eliminating duplicate data. 

2. Resolution and Frame Format Unification 

3. Video Cropping 

4. BGR to RGB Conversion. 

5. Using a time-stretching approach. 

2.3 Landmark 

Facial landmarks are important points on the human face used to recognize and indicate the location 

of facial and hand features [15]. For this study, as shown in Figure 1, we will search for landmarks in the 

pupil area. To find facial landmarks using the facemesh from MediaPipe, in this study, the landmarks found 

for the pupil area are as follows: 

LEFT_PUPIL = [474, 475, 476, 477] 

RIGHT_PUPIL = [469, 470, 471, 472]. 

2.4 Feature Extraction 

In this research, we developed a calculation to monitor changes in pupil size from frame to frame. This 

change is determined based on a set threshold. The pupil is considered enlarged based on the set threshold 

and the average change is calculated. Based on the points identified in the previous step within the facial 

landmarks of the face mesh, we then calculate the pupil circle to determine the pupil size in each frame. Fig. 

2 below is the pseudocode. To find the change value: 

// For each pupil (left and right): 
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Figure 2. Pseudocode to Look for Changes in Pupil Size 

Voice Extraction Using MFCC 

1. Pre emphasis to lower noise and enhance speech signal clarity. 

2. Windowing: A series of tiny, overlapping frames are created from the audio signal.  To lessen edge 

effects, a window (such as a Hamming window) is multiplied by each audio frame.  The frames in 

this study were separated at 4-second intervals. 

3. Next, a Fourier transform is used to determine each time frame's power spectrum. 

4. To accommodate the properties of human hearing, the power spectrum is subsequently transformed 

to the Mel scale. 

5. Cepstral coefficients to depict the speech signal's properties at each time interval. 

Fig. 3 below is a source fragment in the MFCC feature extraction process, with a central coefficient of 20. 

 
Figure 3. Source Sound Feature Extraction Using MFCC 

1.  Zero-Crossing Rate  

The zero-crossing rate (ZCR) is the frequency at which the signal's amplitude changes. This is the 

absolute value of the sign of the nth sample minus the sign of the (n-1)th sample, divided by twice 

the number of samples. The sign of the nth sample is 1 if the sample is positive and -1 if the sample 

is negative. 

𝑍𝐶𝑅 =
∑ |𝑁

𝑛−1 𝑠g𝑛 𝑥(𝑛) −  𝑠g𝑛 𝑥(𝑛 − 1) | 

2𝑁
.  (1) 

Sgn x(n) = Sign of x(n), equals 1 if x(n) is positive and -1 if x(n) is negative. N = total number of 

samples in the audio chunk. 

2.  Audio energy 

                                     (𝑖) =
1

𝑊𝐿
  ∑ |𝑥𝑖 (𝑛)|2.

 
 

𝑊𝐿
𝑛=1                                                                (2) 

3.  Entropy of energy  

Captures drastic changes whether smooth or drastic to the audio data. 

𝑒𝑗 =
𝐸𝑠𝑢𝑏 𝐹𝑟𝑎𝑚𝑒 𝑗  

𝐸𝑠ℎ𝑜𝑟𝑡 𝐹𝑟𝑎𝑚𝑒 𝑖

.  (3) 
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2.5 CNN 

With the advancement of biotechnology, the most frequently proposed model is the convolutional 

neural network. The entire input space is locally filtered by neurons arranged in an orderly manner to provide 

a comprehensive understanding of the image within the field of view. Convolutional neural networks can 

perform in-depth feature extraction on the input image. 

For image processing and visual pattern recognition, based on Fig. 4, CNN is a type of artificial neural 

network architecture consisting of convolutional layers designed to automatically extract hierarchical features 

from images [16]. By integrating attention layers, CNN models can focus attention on important areas of 

features discovered by convolutional layers. This can help CNN models extract more important information 

from images by adding attention layers, allowing the model to process information in parallel across multiple 

images [17]. The input data consists of visual data of the eye area, specifically the pupil. Keypoints obtained 

from landmarks capture changes in pupil size and movement. The input data is processed via convolution to 

extract spatial features from the pupil, enabling the model to recognize patterns in pupil shape and movement. 

The convolution output is flattened into a 1-dimensional vector. Multihead attention is added to emphasize 

important features for lie-based and truth-based classification. Processing will be performed with a batch size 

of 64 and a sigmoid layer for lie-based or truth-based classification. This process is shown in Fig. 4. 

 

Figure 4. CNN Architecture Used 

2.6 Attention 

Multihead attention is an attention layer added to the CNN in this study. This technique allows the 

model to calculate the relationship between each pair of elements in the input sequence in a more complex 

way than regular spatial attention [18], as seen in Fig. 4. Linear Projection: for each feature point in the input 

X, project X into three different feature spaces: Q=XWQ, K=XWK, and V=XWV, where WQ, WV, and WK 

are weight matrices. 

2.7 Long Short-Term Memory (LSTM) 

The Long Short-Term Memory (LSTM) algorithm is a type of Recurrent Neural Network (RNN) 

architecture commonly used in deep learning applications [19]. LSTM neural networks are used to classify, 

process, and make predictions based on input via audio and LSTM processing based on time series data, 

because there may be unknown duration gaps between important events in the time series. 

2.8 Fusion Model 

Multimodal fusion refers to the process of gathering and integrating information from multiple 

modalities, which enhances performance relative to relying on a single modality [20]. Fusion can typically 

be performed at the input stage (early fusion), at the decision stage (late fusion), or at an intermediate level. 

In this work, a late fusion approach is applied, where each modality is independently processed for facial 

features using a Convolutional Neural Network (CNN) and for voice features using an LSTM, before their 

respective scores are integrated at the final stage. 
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2.9 Evaluation Model 

During the experiment, analysis will be conducted by designing several test scenarios to obtain results 

that meet the research objectives. Evaluation is the stage of measuring the performance of the resulting model. 

The evaluation will be carried out using a confusion matrix to determine the success rate, including the 

calculation of accuracy, precision, recall, and the F1 score [21]. The receiver operating characteristic (ROC) 

area under the curve (AUC) serves as an essential accuracy measure in voice detection, representing the 

balance between sensitivity (the rate of true positives) and specificity (the rate of true negatives) [22] . 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑁 + 𝐹𝑃
𝑋100% , (4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
𝑋100%, (5) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
𝑋100%, (6) 

𝐹1 = 2 𝑋
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
𝑋100%, (7) 

𝐴𝑈𝐶 =  
1 + 𝑅𝑒𝑐𝑎𝑙𝑙 − 𝐹𝑃𝑅

2
𝑋100%. (8) 

3. RESULTS AND DISCUSSION 

Model evaluation was conducted using a subject-independent data split, with 80% of subjects allocated 

to the training set and the remaining 20% to the test set. Several data partitioning configurations were 

examined, as summarized in Table 2. The scenario-based dataset consisted of 25 interview video samples, 

including 20 truthful samples and 5 lying samples. Additional video data were obtained from investigative 

recordings integrated with polygraph examinations, providing complementary labeled instances of truthful 

and lying behavior. Model performance was evaluated using standard classification metrics, namely 

Accuracy (ACC), Precision (P), Recall (R), and F1-score (F1). All metrics were computed based on the 

confusion matrix to mitigate potential bias arising from class imbalance. 

Each interview video in the dataset has an average duration of approximately 10 minutes. To balance 

temporal resolution and computational efficiency, frame extraction was performed at 1 frame per second (1 

FPS). Given a total duration of 600 seconds, this strategy resulted in 600 frames per interview video. Each 

extracted frame was subsequently processed using MediaPipe Face Mesh to obtain a numerical facial 

representation. MediaPipe Face Mesh detects 468 three-dimensional facial landmark points, each represented 

by Cartesian coordinates (x, y, z). Consequently, each frame yields 1,404 numerical feature values (468×3). 

An example of pupil-related facial landmarks is illustrated in Fig. 5. Under this scheme, a single 10-minute 

interview video generates a total of 842,400 numerical facial feature values (600 frames ×1,404 features). 

For the complete dataset comprising 25 interview videos, this process yields 15,000 frames and an aggregate 

of 21,060,000 numerical facial feature values. 

This frame-based facial landmark representation results in a numerically large and temporally rich 

dataset. The use of Long Short-Term Memory (LSTM) networks is therefore well-suited to capture the 

temporal dynamics of facial expressions and supports more stable quantitative modeling of behavioral 

patterns associated with lying responses. Examples of the extracted numerical representations are provided 

in Table 1. 

Fig. 5 is an overlay visualization of frames 1 and 2 of the right and left eyes. We collected samples 

from public datasets to examine changes in pupil diameter during truthfulness and lying. Colored landmarks 

indicate changes in pupil position detected by the pipe tool. A cropping process is used to study the right- and 

left-eye pupil movement patterns in more detail, which are psychological indicators of whether someone is 

telling the truth or lying. The pipeline generates 478 three-dimensional landmarks, consisting of 468 facial 

points derived from the MediaPipe Face Mesh, with the eye-region landmarks as shown in Fig. 5, refined for 

greater precision. 
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Figure 5. Illustrates Eye Landmarks 

In this study, we performed feature extraction before processing with a CNN, converting facial images 

to numerical form so the model could recognize changes in detail. The values processed in feature extraction 

were the key points of the eyes, marked as in Fig. 2, obtained from the facemesh in the media pipe using the 

left and right pupil indices. Calculating circles for the left and right pupil points. 

Based on the feature extraction, the numerical values of the change in pupil size for each video and frame are 

shown in Table 1. 

Table 1. Results Of Feature Extraction Are Displayed in Numerical Form 

Video ID Frame Face Eyes Pupil Size Status 

1 2 4.07E-13 3.80E-14 12.50578 1 

1 3 4.23E-13 3.65E-14 12.39159 1 

1 4 4.28E-13 3.59E-14 12.34786 1 

1 5 3.83E-13 3.40E-14 12.38846 1 

1 6 4.81E-13 4.11E-14 12.51274 1 

1 7 5.38E-13 4.66E-14 12.51363 1 

2 2 3.19E-13 3.10E-14 12.5001 1 

2 3 3.45E-13 3.55E-14 12.3777 1 

2 4 3.26E-13 2.97E-14 12.6685 1 

2 5 3.47E-13 3.23E-14 12.7514 1 

2 6 3.76E-13 3.91E-14 12.55233 1 

2 7 4.07E-13 3.80E-14 12.45352 1 

After obtaining the feature extraction value from the pupil, the next step is to extract voice features 

separately using MFCC with 20 coefficients in the librosa library, and to add the parameters zero-crossing 

rate, energy entropy, and audio energy. The results of the MFCC feature extraction process, with several 

parameters discussed previously, produce the voice extraction value shown in Fig. 6. 

 

Figure 6. Values Obtained from Voice Extraction 

The feature extraction values from the face and voice were processed separately: the face using a CNN 

and the voice using an LSTM. Both deep learning models were trained with the specifications listed in Table 

2. The following table contains information on the dataset type, data partitioning method, number of training 

epochs, number of classes, learning rate, optimizer, and activation function used in both deep learning models. 

 

 

                                      
Visualization eye at frame 1            Landmark right eye at frame 1         Landmark left eye at frame 1 

 

 

                                                                     
Visualization eye at frame 2            Landmark right eye at frame 2          Landmark left eye at frame 2 
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Table 2. Experimental In Model Testing 

Dataset type Audio 

Split data 80:20; 60:40; 50:50 

Epoch 50;100;150;200;250;300 

Class 2 class (Lie, truth) 

Rates of learning                        

tested 

0.01;0.001;0.0001 

Optimization Algoritm 

applied 

ADAM; Adadelta;  

Rmsprop 

Activation Relu; Tanh; Sigmoid 

Cross validation K=1;3;5;7;10 

Table 3. Comparison of Fold Values for CNN-LSTM Models 

 

 

 

Model performance was evaluated using 10-fold cross-validation to assess model stability and 

generalization. The evaluation results for each fold are presented in Table 3, which includes Accuracy, 

Precision, Recall, F1-score, and AUC metrics. Although the average model accuracy was around 89.6%, 

Fold-10 demonstrated the highest performance, reaching 99% accuracy. This improvement demonstrates that, 

under certain subject-separation configurations, the CNN-LSTM model can effectively learn temporal 

patterns of facial expressions. 

Table 4. Performance Comparison Between Baseline Models and the Proposed Fusion Model 

Model Accuracy (%) Precision Recall F1-score AUC 

CNN (Pupil-only) 81.4 0.8 0.78 0.79 0.83 

LSTM (Voice-only) 84.7 0.83 0.82 0.82 0.86 

Proposed Fusion (CNN + 

LSTM) 
99.1 0.98 0.99 0.99 0.98 

The quantitative results presented in Table 4 show that the proposed fusion model consistently 

outperforms both unimodal baseline models. The CNN (pupil-only) model achieves 81.4% accuracy, 

indicating that static visual cues alone provide limited discriminative power for lie detection. The LSTM 

(voice only) model improves performance to 84.7%, highlighting the contribution of temporal vocal 

information. The proposed fusion model attains significantly higher performance, achieving an accuracy of 

99.1% and an F1-score of 0.99. These improvements confirm that integrating pupil-based visual features with 

temporal vocal features enables the model to effectively capture complementary information from both 

modalities. Furthermore, the increase in AUC from 0.83 and 0.86 for the unimodal models to 0.98 for the 

fusion model demonstrates a substantial enhancement in discriminative capability achieved through 

multimodal fusion. Despite its high performance, these results were obtained in a controlled experiment and 

subject-independent validation, and further evaluation on larger and more diverse data sets is needed to assess 

generalizability. 

To generate a decision, the classification results from the CNN implementation with an attention layer 

are fused with those of voice analysis using LSTM, using the mean fusion method to improve the accuracy 

of the lie detection model. This process uses voice and facial analysis. A holistic and comprehensive approach 

is provided through the use of architectures such as CNNs with attention layers and LSTMs. To utilize the 

strengths of each model and make a final decision, the test results show that the accuracy reaches 99%, 

indicating that the combined model can detect lies well and robustly. 

Improving detection accuracy by using various neural network architectures, the Long Short Term 

Memory (LSTM) method in conjunction with the Convolutional Neural Network (CNN). A holistic approach 

to analyzing lie signatures is demonstrated by using optical flow to measure spatial changes and combining 

Fold Accuracy (%) Precision Recall F1-score AUC 

1 87.2 0.86 0.83 0.84 0.89 

3 86.9 0.85 0.82 0.83 0.88 

5 87.8 0.87 0.84 0.85 0.9 

7 87.5 0.86 0.84 0.85 0.89 

10 99.1 0.98 0.99 0.99 0.98 
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the two multimodal features (voice and pupil size). We use an LSTM model for voice, and a CNN with an 

attention layer to focus on pupil size changes, using a fusion method. The formula for the fusion technique 

we developed is fusion_pred = (voice_pred_argmax + Pupil_pred_flaten)/2. 

Suara_pred_argmax is the predicted result of the voice change model after taking argmax, so it has a 

dimension of (None, 2). 

Pupil_pred_flaten is the predicted result of the pupil change model, with varying dimensions. 

Fusion_pred is the final result of the mean fusion, which is the average value of the two predictions. 

The sources for calling voice and face data in the fusion model are as follows: 

from keras.models import load_model 

# For example, load voice from dataset.npz 

voice_data = np.load('dataset.npz') 

voice _features = voice _data['data']   

voice _labels = voice _data['labels'] 

#Load pupil from dataset.csv 

pupil_data = pd.read_csv('dataset.csv') 

pupil_features = pupil_data['Pupil Size']   

pupil_labels = pupil_data['Status'] 

# Load voice model and pupil model  

voice _model = load_model(' voice _model.h5', compile=False) 

voice_model.compile(loss='categorical_crossentropy', optimizer='adam') 

pupil_model = load_model('pupil_model.h5', compile=False) 

pupil_model.compile(optimizer=tf.keras.optimizers.Adam(), 

                    loss=tf.keras.losses.BinaryCrossentropy()) 

# Voice Data Processing 

def perform_preprocessing_ voice (data): 

    # Perform processing according to the needs of the sound model. 

    processed_data = perform_actual_preprocessing_voice(data) 

    return processed_data 

# Processing functions according to the needs of the sound model 

def perform_actual_preprocessing_voice(data): 

    processed_data = data / 255 # example: normalization range in 0-1 

    return processed_data 

# Pemrosesan Pupil Data 

def perform_preprocessing_pupil(data): 

    # Perform processing according to the pupil model requirements. 

    processed_data = perform_actual_preprocessing_pupil(data) 

    return processed_data 

# Processing functions according to pupil model requirements 

def perform_actual_preprocessing_pupil(data): 

    # For example, perform normalization or change dimensions. 

    processed_data = data  

    return processed_data 

 

Table 5 presents the use of different models and features for lie detection, including eye movements, 

microfacial expressions, EEG, pupil diameter, and eye and visual features. Lie detection accuracy varied 

across models and features, ranging from 58% to 99%. However, our study demonstrated good performance 

with 99% accuracy using a mean fusion model that combines facial and voice features. 

Table 5.  Different Models and Compares Accuracy 

References Model Feature Accuracy 

[7] Types of deception Software Eye Movements 86%-95% 

[23] Spatiotemporal, and clasification SVM, 

MKL, and RF 

Face micro expression 85% 

[24] Eeg Eye blink 95% 
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References Model Feature Accuracy 

[25] Method Gabor Wavelet Transform and 

Decision Tree 

Pupil diameter and eye 95% 

[26] Fusion LBP, SVM, RF Multimodal 63% 

[27] Meta learning, adversarial learning Visual 58% 

[28] KNN Voice 97.3% 

Ours 

Research 

Fusion model (CNN attention + LSTM Pupil and voice 99% 

4. CONCLUSION 

Multimodal fusion of pupil and voice features, using the proposed method, produces optimal results 

with an average accuracy of 99%. The combination of a CNN model for facial features and an LSTM with 

MFCC cepstral coefficients (20) for voice features, combined with a fusion method for high-accuracy 

detection, demonstrates the robustness of the model, achieving maximum accuracy. However, although these 

results show 99% accuracy, further development is needed to ensure the model's generalization and 

applicability to a wider dataset, varying lighting conditions, and voice quality, and to detect more complex 

situations. Overall, this method shows that the CNN-LSTM combination can build an excellent detection 

model by recognizing verbal (voice) and non-verbal (pupil) patterns. The results indicate that MediaPipe-

based features can serve as an effective visual representation complementary to CNN-derived features. The 

integration of MediaPipe facial landmarks with an LSTM model enhances the model’s ability to capture 

micro-expression dynamics in a more structured and interpretable manner. This approach opens opportunities 

for the development of hybrid feature fusion strategies, in which MediaPipe-based geometric facial features 

and CNN-based visual features are jointly leveraged to improve both the robustness and transparency of the 

lie detection model. 
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