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 Facial recognition is a biometric system used to identify individuals through 

faces. Although this technology has many advantages, it still faces several 

challenges. One of the main challenges is that the level of accuracy has yet to 
reach its maximum potential. This research aims to improve facial recognition 

performance by applying the discrete cosine transform (DCT) and Gaussian 

mixture model (GMM), which are then trained with backward propagation of 

errors (backpropagation) and convolutional neural networks (CNN). The 
research results show low DCT and GMM feature extraction accuracy with 

backpropagation of 4.88%. However, the combination of DCT, GMM, and 

CNN feature extraction produces an accuracy of up to 98.2% and a training 

time of 360 seconds on the Olivetti Research Laboratory (ORL) dataset, an 
accuracy of 98.9% and a training time of 1210 seconds on the Yale dataset, 

and 100% accuracy and training time 1749 seconds on the Japanese female 

facial expression (JAFFE) dataset. This improvement is due to the 

combination of DCT, GMM, and CNN's ability to remove noise and study 

images accurately. This research is expected to significantly contribute to 

overcoming accuracy challenges and increasing the flexibility of facial 

recognition systems in various practical situations, as well as the potential to 

improve security and reliability in security and biometrics. 

Keywords: 

Backpropagation 

Convolutional neural network 

Discrete cosine transform 

Face recognition 

Feature extraction 

Gaussian mixture model 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Ivransa Zuhdi Pane 

Department of Informatics, Faculty of Engineering and Informatics, Universitas Multimedia Nusantara 

Scientia Boulevard Gading St., Tangerang Regency, Banten 15810, Indonesia 

Email: ivransa.zuhdi@lecturer.umn.ac.id 

 

 

1. INTRODUCTION 

Facial recognition is an essential system in the digital world that is used to identify a person from 

digital images [1]. This system is applied as a solution in various fields such as security, biometrics, robotics, 

image search, and image and video indexing [2]–[5]. As technology develops, recognition provides significant 

advantages in various contexts [6]. One of its superior features is its solid security because this technology 

offers a safe and convenient way of authentication [7], reducing dependence on passwords and conventional 

access cards. Facial recognition technology is widely used in security to identify individuals and control access 

to restricted areas. For example, many airports use remote recognition systems to check passengers and ensure 

that they are people registered in the airline's database, which can help improve safety and efficiency. In 

biometrics, facial recognition is used in identification and verification systems, such as using the face to unlock 

a smartphone [8]–[10]. This security relies heavily on the system's ability to recognize faces accurately, thereby 

increasing efficiency and making it easier for users to open their smartphones without entering a password. 

Despite its many advantages, facial recognition technology faces several challenges that must be overcome. 

One of the main challenges is the level of accuracy that has yet to reach its maximum potential [11]. Factors 

such as lighting conditions, facial angles, and varying user demographics can influence the consistency and 
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accuracy of identifying individuals [12], [13]. This raises concerns regarding misidentification and potential 

bias in this technology, so research and development must be conducted to ensure consistent and reliable 

performance across all user groups. Various methods have been proposed to improve face recognition 

accuracy, including feature extraction [14]. The main goal of feature extraction is to extract essential features 

from facial images to reduce noise during classification and increase accuracy [15]. 

To overcome this technological challenge, previous research has proposed several algorithms, 

including discrete cosine transform (DCT) [16], gray level co-occurrence matrix (GLCM) [17], and Gaussian 

mixture model (GMM) [18]. Previous research using GLCM and backward propagation of errors 

(backpropagation) showed 89% accuracy with a distance of 1 pixel [19]. The results of convolutional neural 

networks (CNN) research with the AlexNet architecture provide an accuracy of 98.5% [20]. The research 

results using DCT have an accuracy of 95% [21]. The research results using low-frequency DCT data for face 

and palm recognition produced an accuracy of 95%. These studies show significant levels of facial recognition 

accuracy, but there is still room for improvement, especially in dealing with facial variations involving changes 

in position and orientation. 

A comprehensive literature review was conducted that carefully explores the methodology and 

theoretical foundations related to face recognition, with a particular focus on several vital approaches, including 

DCT [22], GMM [23], backpropagation, and CNN [24]. An in-depth analysis is conducted to understand the 

advantages, weaknesses, and latest developments in each method or theory discussed. Sources of information 

taken include previous scientific journals, academic theses, essential articles, and relevant digital resources. 

Source selection is based on strict criteria to ensure the validity and relevance of the information presented. 

The literature review also covers the latest literature in this field, ensuring that the knowledge presented remains 

relevant and up-to-date. 

This research aims to overcome these obstacles by combining DCT and GMM feature accuracy 

techniques. This research will also evaluate the potential of artificial neural network (ANN) algorithms such 

as backpropagation and CNN, which have been proven effective in object recognition. These algorithms will 

be integrated with feature extraction to increase facial recognition accuracy, especially for facial variations that 

include facial position and orientation changes. This process will involve a careful training stage to ensure the 

integrated algorithms can recognize facial variations accurately, including facial position and orientation 

changes. However, it is essential to note that combining these algorithms can also increase the computational 

complexity of the system, which can affect processing time. 

By combining the DCT and GMM feature extraction methods with the ANN algorithm, this research 

can significantly contribute to the development of facial recognition technology. The results of this research 

are expected to increase the accuracy of facial recognition significantly. Thus, this research opens up new 

opportunities for developing more sophisticated facial recognition technology and can provide more effective 

solutions in various contexts. 

 

 

2. METHOD 

The method used in this research includes stages, as detailed in Figure 1. This research differs from 

previous research [20] in that it does not remove the image background. Selection because it is required at the 

DCT feature extraction stage. DCT inherently focuses on and mitigates high-frequency data, effectively 

minimizing the influence of background components, so explicit background removal is unnecessary. 

This research methodology approach uses feature extraction from images using DCT at low 

frequencies so that it has the potential to have more information that can be used to identify features in images 

[25]. Next, the GMM algorithm obtains facial image texture information, which can be used as an identification 

feature [26]. After feature extraction, facial data is recognized using ANN algorithms, namely backpropagation 

and CNN. Backpropagation algorithms learn quickly by computing synaptic updates using feedback 

connections to send error signals [27]. CNN was chosen as a classification method because of its compatibility 

with image data, where CNN can independently learn and extract features from an image [28]. In addition, the 

features extracted by DCT and GMM are combined to improve the accuracy of face recognition in the face of 

variations, such as changes in facial position and orientation. The results of the trained ANN model will be 

tested, and its accuracy will be calculated. 

 

2.1.  Image preprocessing 

Figure 2 illustrates a sample of some of the datasets used. The facial dataset used in this research is 

the Olivetti Research Laboratory (ORL) dataset [29], which consists of 410 facial images from 41 different 

people, and each person has 10 facial images, an example of which can be seen in Figure 2(a). Each image is 

80×70 pixels in size and is in JPG format. The second data set is the Yale dataset. This data has 165 facial 

images from 15 different people with different facial images; an example can be seen in Figure 2(b); each 

image is 320×243 pixels and is in GIF format. The third dataset is the Japanese female facial expression 
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(JAFFE) dataset, which contains 213 facial images with 10 Japanese female faces, an example of which can 

be seen in Figure 2(c). The size of each image is 256×256 pixels in TIFF format. These three datasets were 

chosen because they have a variety of subjects, so they have sufficient resources to train the model well. Before 

the data is used, it is processed to improve its suitability to the model and feature extraction. The image is 

converted from red, green, blue (RGB) color [29] to grayscale [30]. In this process, the intensity of the gray 

color is maintained so that the image still contains essential information. 

 

 

 
 

Figure 1. Research method 

 

 

 
(a) 

 
(b) 

  

 
(c) 

 

Figure 2. Sample of (a) ORL dataset, (b) Yale dataset, and (c) JAFFE dataset 
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Method development requires that the data be processed first by converting RGB colors to grayscale 

[30], [31]. The brightness level represents the pixel intensity value in a grayscale image, measured on a 

grayscale from 0 (black) to 255 (white). The goal of this stage is to simplify the analysis as it reduces the 

complexity of the data from three color channels to one color channel and retains essential information about 

the brightness levels required for facial recognition. 

 

2.2.  Feature extraction 

2.2.1. Low-frequency discrete cosine transform feature extraction 

Low-frequency DCT [31] is a technique used in feature extraction, usually applied in signal 

processing tasks such as image and audio analysis; a visualization of the DCT coefficient matrix can be seen 

in Figure 3. It involves converting data into a new representation that combines cosine functions with varying 

frequencies. In this context, “low frequency” captures slow and significant data variations while eliminating 

fast fluctuations [32]. This is especially useful in tasks that emphasize basic structures or fundamental 

characteristics. To use low-frequency DCT for feature extraction, data, such as an image, is divided into blocks, 

and DCT is applied to each block. The resulting coefficients, which emphasize low-frequency information, are 

selected and combined into a feature vector. This compact representation preserves important features while 

reducing dimensions, making it useful for tasks such as image compression, pattern recognition, and data 

analysis. At this stage, the previously processed dataset is extracted using DCT to produce coefficients with 

three types of frequencies. The frequency that will be used is low because it is at this frequency that facial 

features are stored. Low coefficients, only 8×8 pixels in size, are selected again at the top left of the DCT 

matrix coefficient image [33]. 

 

 

 
 

Figure 3. DCT coeficient matrix [34] 

 

 

Besides, low frequencies are selected based on research [35]. This research tested various 

combinations of DCT low-frequency percentages on the detector features accuracy level. 
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2
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] (1) 

 

Where 𝐹(𝑢, 𝑣) is the DCT value in frequency coordinates (𝑢, 𝑣), f(𝑖, 𝑗) is the pixel value in spatial coordinates 
(𝑖, 𝑗), N is the DCT block size, and 𝐶(𝑢) is a cosine function related to frequency (𝑢). 

 

2.2.2. Gaussian matrix model features 

GMM [36] is a probabilistic model that analyzes data with overlapping Gaussian components [37]. 

This model can be used for data clustering and can also be used to identify the underlying distribution of the 

data [38]. The basic formula for GMM is as (2) [39]. 

 

𝑃(X|Θ) =  ∑ 𝜋𝑘
𝐾
𝑘=1  ∙ 𝑁(X|µ𝑘 , ∑ 𝑘) (2) 

 

Where P(X|Θ) is probability of data X given parameter Θ in GMM, K is number of Gaussian components in 

GMM, 𝜋𝑘 is the weight for each Gaussian component, which indicates the proportion or probability of 

occurrence of that component, and N(X|µ𝑘, ∑ 𝑘) is the Gaussian density function for component k with mean 

µ𝑘 and covariance matrix ∑ 𝑘. 

The main objective of GMM is to find the optimal Θ parameters that give the highest probability for 

the provided data. To determine the model parameters, GMM uses the expectation maximization (EM) 

algorithm, where in the expectation (E) stage, the expected value of each Gaussian component in the mixture 
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is calculated, and in the maximization (M) stage, the model parameters are recalculated using that predicted 

value [40]. The iteration process continues until convergence occurs when the GMM parameters are stable, or 

the difference between successive iterations becomes minimal. The EM process in GMM involves two stages 

[41]: i) E stage is estimates the posterior probability of each Gaussian component (group) for each data point. 

The formula for calculating the posterior probability (responsibility) for each Gaussian component and  

ii) M stage is uses the posterior probabilities estimated in the E stage to update the GMM parameters, including 

the weights, mean, and covariance matrix. 

 

2.3.  Training data 

2.3.1. Data splitting 

After extraction, the data is divided into training, validation, and testing. Training data is used to train 

facial recognition algorithms so that they can understand the data for classification purposes. Validation data 

is used to evaluate model performance during the training process but is not used to train the model itself. Data 

testing is the final stage to test model performance on data that has never been seen before. Data distribution 

with a proportion of 60% training data, 20% validation data, and 20% testing data. The division is a strategic 

approach in machine learning and data science aimed at optimizing the model development process. This 

specific distribution reflects a balanced approach, ensuring sufficient data for training while allocating ample 

resources for both model tuning and unbiased evaluation [42], [43]. 

 

2.3.2. Data processing methods with discrete cosine transform and gaussian matrix model 

The method combines the DCT transformation with the GMM model to produce a representation of 

data features with a focus on low frequencies using DCT and then applying the GMM model for further analysis 

and data classification. The process begins by changing the data into a one-dimensional (1D) form through a 

reshaping process, allowing further processing using the DCT transformation. Here is the pseudocode for the 

combination: 
 

// Function to extract low-frequency components of DCT 
Function performDCTLowFrequency(inputSignal, lowFrequencyThreshold): 

// Apply DCT to the input signal 
transformedSignal=DCTAlgorithm(inputSignal) 

// Extract low-frequency components based on the specified threshold 
lowFrequencyComponents=extractLowFrequency (transformedSignal, lowFrequencyThreshold) 

return lowFrequencyComponents 

// Function to initialize and train a Gaussian Mixture Model (GMM) 
function trainGMM(data, numberOfComponents): 

// Initialize a GMM with the specified number of components 
gmm=InitializeGMM(numberOfComponents) 

// Train the GMM on the provided data 
gmm.fit(data) 

return gmm 

// Main processing function to combine DCT (low frequency) and GMM 
function processSignal(inputSignal): 

// Step 1: Apply DCT to the input signal and extract low-frequency components 

// Define a threshold to identify low-frequency components 
lowFrequencyThreshold=defineThreshold() 

lowFrequencyDCTOutput=performDCTLowFrequency (inputSignal, lowFrequencyThreshold) 

// Optional: Further feature extraction or selection from the low-frequency DCT output 
features=extractFeatures(lowFrequencyDCTOutput) 

// Step 2: Train a GMM on the low-frequency DCT  

// Select the number of GMM components based on application-specific criteria 
numberOfGMMComponents= 

selectNumberOfComponents() 

gmmModel=trainGMM (features, numberOfGMMComponents) 

return gmmModel 
 

After processing the data through a combination of DCT and GMM, the data is input to the ANN. 
 

2.4.  Facial recognition accuracy 

2.4.1. Backpropagation 

Backpropagation [44], a vital training technique in the context of ANN used in various applications, 

including facial recognition. Backpropagation was chosen in this research because of its critical ability to train 

ANN, especially for complex tasks such as face recognition. Backpropagation allows the network to update 

weights and biases based on prediction errors, enabling error correction and performance improvements over 
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time. Backpropagation has 3 types of layers, namely i) input layer is a part consisting of units where the units 

start from 1 to n; ii) a hidden layer is a layer that consists of at least one layer, where each layer consists of 

several units; and iii) the output layer is each neuron unit in the input layer connected to all units in the hidden 

layer below it. Vice versa, every unit in the hidden layer is connected to all units in the output layer. 

In Figure 4, the backpropagation architecture is presented, illustrating the structure and relationships 

among the three types of layers. These layers consist of the input layer, the hidden layer, and the output layer. 

Each layer plays a specific role in the backpropagation process by adjusting the weights based on the calculated 

error, enabling the model to learn more accurately. 

 

 

 
 

Figure 4. Architecture of backpropagation [45] 

 

 

Backpropagation algorithms are key in improving network performance for complex tasks [46]. This 

algorithm works because a neural network can improve by understanding and correcting prediction errors 

during training. The training begins with initializing the weights and biases for each neuron in the network. 

Next, training data in the form of facial images or facial examples is presented to the network. This data flows 

through the network in a series of steps called feedforward, where each neuron performs calculations based on 

the weights and input signals it receives. At the end of the feedforward process, the network produces 

predictions of features or characteristics of the extracted faces. Next, a comparison is made between the 

predicted results and the correct labels, representing the person's identity in the image. The prediction error is 

measured as an error; the next step is returning (backpropagating) this error through the network. This involves 

calculating the error gradient against the weights and biases in each neuron. 

The weights and bias are updated by subtracting the error gradient from the current weights and bias, 

and this process is repeated repeatedly for each training example in the dataset. The backpropagation algorithm 

tries to find a set of weights that optimizes the network's ability to recognize faces with high accuracy. This 

can take time and many factors, such as the learning rate, the number of neurons in the hidden layer, and the 

number of iterations required. This iterative process gradually improves the neural network's ability to 

recognize patterns and features on faces until it finally reaches a sufficient level of accuracy. Therefore, 

backpropagation is a critical foundation in developing sophisticated and efficient ANN in various applications, 

including facial recognition. With a deep understanding of these algorithms, developers and researchers can 

achieve optimal results in complex facial recognition tasks. 

 

2.4.2. Convolutional neural network model 

The CNN model is a deep learning architecture designed to tackle image and image processing tasks 

[47]. CNN was chosen in this research because of its excellent ability to handle image processing tasks, 

including face recognition. CNNs are specifically designed to extract hierarchical features from image data, 

enabling a deeper understanding of visual structures and patterns. CNN consists of several layers, including 

convolutional layers that hierarchically extract essential features from images, rectified linear unit (ReLU) 

activation layers to introduce non-linearity, pooling layers that reduce data dimensions, and fully connected 

layers that play a role in decision making. CNN is trained using machine learning algorithms like 

backpropagation to optimize performance in tasks such as image classification. With its ability to automatically 

extract features from image data, CNN has dominated many image processing applications. It is a cornerstone 

in developing technologies like object recognition, autonomous vehicles, and medical image analysis. 

The LeNet model, also known as LeNet-5, was employed in this research. It represents one of the 

early milestones in developing CNNs [48], [49]. Designed by LeCun et al. [50] in 1998, LeNet was initially 

created for handwritten character recognition tasks. This model consists of convolutional layers that utilize 

filters to extract features from input images, followed by pooling layers that reduce data dimensions. 

Subsequently, two fully connected layers process these features and generate predictions. LeNet introduced the 
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concept of convolutional layers, which has now become the core of modern CNN architectures. Although there 

are now more extensive and complex CNN architectures, LeNet remains a significant landmark in deep 

learning and image processing history, paving the way for further innovations in this field. In Figure 5, you 

can observe the visual representation of the 'model CNN LeNet'. This diagram illustrates the architecture of 

LeNet, showcasing the arrangement of convolutional layers, pooling layers, and fully connected layers. 
 

 

 
 

Figure 5. Model CNN LeNet [51] 
 

 

2.4.3. Testing and evaluation 

Testing and evaluating this facial recognition model uses several key metrics to measure model 

performance [52]. First, the accuracy and loss during training and testing will be calculated. Accuracy shows 

how far the model recognizes faces correctly [53], while loss measures how well the model minimizes errors 

[54]. Additionally, evaluations were performed using classification reports and confusion matrices to assess 

the model's face recognition performance [55], including accuracy, loss, recall, precision, and F1 score. Next, 

to measure the level of determination of the model, the correlation coefficient is used, which measures the 

closeness of the relationship between the independent variable (feature extraction data) and the dependent 

variable (face recognition accuracy level) to provide an understanding of the extent to which the model can 

differentiate between different and similar faces in the dataset [56]. 
 

 

3. RESULTS AND DISCUSSION 

In this section, experimental analysis is carried out using the ORL dataset consisting of 410 images 

from 41 people. So, each face has ten images with different facial expressions and angles. All images were 

grayscaled before the DCT transformation. Extracting low-frequency data from DCT is carried out by taking 

the 8×8 image at the top left. After extracting the low-frequency DCT data, GMM is applied to each data, 

producing a GMM matrix for each data. 

 

3.1.  Implementation of feature extraction and backpropagation 

At this stage, the backpropagation method is applied to train a facial recognition model using data 

extracted through DCT and GMM. This method plays a critical role in adjusting the model's weights to 

minimize error and improve performance over time. As shown in Table 1, the results indicate that the training 

accuracy achieved with backpropagation and DCT-GMM feature extraction remains relatively low, suggesting 

that further optimization or alternative approaches may be required. 

 

 

Table 1. Result of data training trial with DCT and GMM feature extraction 
Learning rate Hidden node Accuracy (%) Epoch Training time (s) 

 50 4.88 402 1.79  

0.01 150 1.22 320 3.89  

 350 3.66 290 8.29  

 50 3.66 1643 16.7  

0.001 150 2.44 1270 12.56  

 350 1.22 1096 13.73  

 50 4.88 616 8.73  

0.005 150 1.22 473 8.8  

 350 2.44 424 7.95  

 50 4.88 134 2.11  

0.2 150 0.00 126 1.65  

 350 3.66 123 1.26  

 50 4.88 124 1.25  
0.8 150 1.22 121 2.02  

 350 4.88 120 3.02  
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From the results in Table 1, the highest accuracy value is found in the learning rate parameter,  

namely 0.8, and hidden nodes, namely 50, with an accuracy value of 4.88%. In this experiment, GMM 

extraction uses three n-component parameters and a random state 1. Based on these results, the smaller the 

learning rate parameter value, the faster the training data training time because, based on the trials carried out, 

the learning rate value of 0.001 has the longest training time was 16.7 seconds on 50 hidden nodes and with 

the same number of hidden nodes with a learning rate value of 0.8 the fastest training time was 1.25 seconds. 
 

3.2.  Implementation of feature extraction and convolutional neural network 

Several studies have shown that a learning rate of 0.0001 yielded the best performance, and testing 

was conducted once the dataset was prepared. The testing process was carried out to evaluate the model’s 

accuracy and robustness across different datasets. The results are presented in Table 2 for models using only 

CNN, and in Table 3 for models utilizing feature extraction methods with DCT, GMM, and CNN. 
 

 

Table 2. Test results using CNN without feature 

extraction 
Dataset Accuracy (%) Training time (s) 

ORL 97.2 372.59 

Yale 97.9 1330.48 

JAFFE 99.2 2017.49 
 

Table 3. Test results using DCT, GMM, and 

CNN 
Dataset Accuracy (%) Training time (s) 

ORL 98.2 360.59 

Yale 98.9 1210.8 

JAFFE 100 1749.49 
 

 

 

From the results of the experiments that have been carried out, it can be seen in Table 3 that the addition 

of the DCT and GMM methods with a learning rate of 0.0001 and GMM parameters (n_component 10, 

random_state 300) produces the best accuracy compared to just using classification from CNN as shown in 

Table 2. This experiment produces an accuracy of 98.2% with a training time of 360 seconds on the ORL 

dataset, 98.9% accuracy with a training time of 1210 seconds on the Yale dataset, and 100% accuracy with a 

training time of 1749 seconds on the JAFFE dataset. Before looking for the coefficient of determination value, 

look for the correlation coefficient value or r with a result of 0.989 in the model created. Then, the value of the 

coefficient of determination is calculated by increasing the correlation coefficient to the power of two or r2, 

which is then multiplied by 100% to obtain the percentage. The coefficient of determination value obtained was 

97.9%, which means the model created has a strong correlation and can show that the efficiency of the method 

used influences the facial recognition value by 97.9%, and the remainder is influenced by other factors by 2.3%. 

This research's increase in accuracy and testing time was caused by adding feature extraction methods, 

namely DCT and different classifiers (CNN). Applying low-frequency DCT helps eliminate noise at medium 

and high frequencies such as background, skin, and hair. Because this research focuses on low-frequency 

features such as the nose, mouth, and eyes. The role of CNN as a classification method also contributes to 

increasing accuracy because the convolution method used by CNN helps the model learn images so that the 

resulting model can classify images much more accurately. This research shows significant success compared 

to previous research with ORL data using the GLCM and backpropagation methods, which obtained accuracy 

results of 89%. This research combines three methods, namely DCT, GMM, and CNN, which achieved an 

accuracy level of 98.2% with a significant increase in accuracy due to the combination of feature extraction, 

especially DCT, which uses low frequencies. In terms of training time, this research reached 360.59 seconds, 

lower than previous research, which took 3.53 seconds. 

 

3.3.  Discussion 

This research shows significant improvements compared to previous research [49], which used a 

combined GLCM and neural networks method with an accuracy of 89%, training time of 3.53 seconds, 

precision value of 0.85, recall value of 0.86, and f1 score of 85%. This research aims to fill the gaps in previous 

research by applying various feature extraction techniques, such as DCT and GMM, and utilizing CNN to 

improve facial recognition accuracy. The results of this study show variations in accuracy depending on 

parameters such as learning rate and number of hidden nodes. The highest accuracy value, although relatively 

low, is 4.88%, achieved with a combination of a learning rate of 0.8 and 50 hidden nodes using the 

backpropagation method. Despite the low accuracy, the relatively fast training time is a trade-off. Then, the 

implementation of DCT and GMM feature extraction, which was processed using a CNN, showed significant 

accuracy results, namely an accuracy of 98.2% and a training time of 360 seconds on the ORL dataset, an 

accuracy of 98.9% and a training time of 1210 seconds on the dataset. Yale, 100% accuracy and 1749 seconds 

training time on the JAFFE dataset. The training time is longer than the backpropagation method, especially 

on the JAFFE dataset, but the results show that the combination of DCT, GMM, and CNN provides superior 

performance. The training time for the backpropagation method is relatively fast, even though the accuracy is 

low. At the same time, the combination of DCT, GMM, and CNN requires longer training time, especially on 
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the JAFFE dataset, but produces high accuracy. So, the results obtained from the combination of DCT, GMM, 

and CNN show that the benefits received from this method are higher than the increase in training time. 

In conclusion, this research overcame the limitations of previous research by applying various feature 

extraction techniques and classifiers. Although training time can be a limiting factor, the results obtained from 

the combination of DCT, GMM, and CNN show a significant increase in accuracy. With a coefficient of 

determination of 97.9%, this research significantly contributes to understanding the factors influencing facial 

recognition results. It is hoped that this research can become a reference in the development of facial 

recognition technology in the future and can overcome several obstacles faced in previous research. 

 

 

4. CONCLUSION 

This research explores DCT and GMM feature extraction to improve facial recognition accuracy, 

combined with backpropagation and CNN training methods. The test results show that the backpropagation 

method with DCT and GMM feature extraction provides a limited accuracy of 4.88% but with the advantage 

of a relatively fast training time of 1.25 seconds. On the other hand, combining DCT, GMM, and CNN 

significantly improves the accuracy rate, reaching 98.2, 98.9, and 100% for the ORL, Yale, and JAFFE datasets, 

respectively. Although it requires more extended training, this combination provides superior results and shows 

excellent potential for developing facial recognition technology. Analysis of the coefficient of determination 

of 97.9% confirms that the efficiency of the method used greatly influences the facial recognition results, with 

other factors contributing around 2.3%. This conclusion highlights the strength of the developed model in 

handling variations in facial position and orientation and improves overall accuracy. Comparison with previous 

research shows a positive evolution in this technology, and the development of new methods, especially the 

combination of DCT, GMM, and CNN, opens the door to further advances in facial recognition. Therefore, 

this research makes a valuable contribution to the development of facial recognition technology, with wide 

application potential in various sectors, especially in improving the security and reliability of individual 

identification. Thus, this innovative combination opens up a new direction in improving facial recognition 

accuracy and positively impacts personal identification technology's security development. 
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