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ABSTRACT  

Facial expression recognition (FER) is crucial in expressing a human's emotional state. 

Emotions and expressions on the human face are information that computers and deep 
learning can recognize. FER is a current research topic due to the recent advancement and 
use of human-computer interaction systems. The recognition of facial expressions is 
challenging for current deep learning models due to the variable brightness, background, 
pose, etc. of the face images. This work presents an improved learning method based on a 
feature fusion convolutional neural network (CNN) to recognize seven facial expressions. 
First, we trained three different base model structures and then fused the features of the pre-
trained base models 1 and 2 from the final fully connected layers to obtain a fusion network. 
Second, the fusion network was trained and used with the third pre-trained base model for 
performance evaluation. We applied the max-score fusion and mean-score fusion techniques 
between the fusion network and the third pre-trained base model to predict the output class. 
Our results indicated that the proposed method outperforms the base models in all metrics 
and achieves a classification accuracy of 69.03% on the facial expression dataset. 
 

Keywords: Fusion network, Deep learning, Convolutional neural network, Feature fusion, 
Facial expression recognition. 

 

1. INTRODUCTION  
 

In daily interactions and communication with others, facial expressions play a significant 
role. According to research conducted by psychologists (Cavallo et al., 2018), the 
components of voice and language represent only 38% and 7%, respectively, of the complete 
emotional data shared by individuals in verbal communication. On the other hand, up to 55% 
of all information is due to facial expressions in social communication. Recently, facial 
recognition has become vital because it is used in many applications, such as robotics, 
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healthcare, interactive games, and driver fatigue monitoring (Revina and Emmanuel, 
2021). FER is the main key to expressing the emotional experiences and feelings of humans 
(Alkababji and Abd, 2021; Ge et al., 2022; Lan et al., 2025; Tang et al., 2025; Aly, 2025; 
Salloum et al., 2025).   
FER analyzes a specific facial expression through a static image or video and uses the results 
of the analysis to classify a person's feelings (Wang et al., 2020). Facial emotions can be 
categorized into seven different classes. Each of these emotions is characterized by specific 
facial muscle movements and configurations that express a particular emotional state 
(Sharma et al., 2018). At the same time, recognizing facial expressions accurately remains 
a difficult process due to the effect of irrelevant facial information on the FER. For example, 
different poses, partial obstruction (e.g., hair, glasses), and background interference are the 
main causes of irrelevant information (Niu et al., 2021). 
The FER model consists of feature extraction and expression recognition. Features are 
extracted from the convolutional layers. The low-level features of the face (e.g., lines, shapes, 
edges, corners, etc.) are extracted from the first layers, and the advanced-level face 
recognition features are obtained from the last layers (Ahmed et al., 2019). A CNN classifier 
is trained on input samples for facial expression recognition. 
There are two categories of feature extraction methods for FER, i.e., features based on 
geometric attributes and others based on visual appearance (Xu et al., 2018). The 
appearance feature-based approach involves discriminative features that are extracted by 
the Gabor filter (Liu et al., 2012), local binary patterns (LBP) descriptor (Shan et al., 2009), 
and a pyramid of histogram of gradients (PHOG) (Dhall et al., 2011). The appearance 
feature-based approach is robust to noise. It reserves detailed information on facial 
expressions. The features based on geometric attributes depend on the measurement of 
geometric attributes of the face to identify facial expressions. The geometric feature-based 
approach is convenient, but it is sensitive to noise and hard to describe some subtle changes 
in the face (Sun et al., 2019). 
CNNs have made great successes in the fields of computer vision applications and machine 
learning tasks (Russakovsky et al., 2015; Krizhevsky et al., 2017; Szegedy et al., 2015). 
CNNs extract learned features that transition from low-level visual attributes to high-level 
features. A deep neural network was used to generate a collection of facial features to 
increase classification accuracy on several facial recognition datasets (Mollahosseini et al., 
2016). A learning method was presented using a fusion convolutional neural network to 
classify human facial expressions. We train three models with different structures and then 
concatenate the features of the pre-trained models 1 and 2 from the final fully connected 
layers to build a fusion CNN. The fusion CNN is trained and used with the third base model 
for performance evaluation. We apply the max-score fusion and mean-score fusion 
techniques between the fusion network and the third base model as a final prediction to 
classify different expressions.  
FER using CNNs that combine multiple models has been an important area of research 
focused on improving the accuracy of emotion detection. Several studies have proposed 
innovative techniques to enhance the recognition rates of these systems (Chouhayebi et al., 
2024). Zhu and Wen introduced a multi-channel convolutional neural network model that 
uses attention-based fusion, achieving a recognition accuracy of 93.56% on the FER2013 
dataset (Zhu and Wei, 2024). Cao et al. developed a method based on a multi-level, multi-
model fusion convolutional neural network, reaching 71.78% accuracy on the challenging 
FER2013 dataset (Cao et al., 2023). Avanija et al. emphasized the value of facial expression 
recognition systems in detecting emotions like anger, happiness, and surprise, which can aid 
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in human behavior analysis (Avanija et al., 2022). (Ni et al., 2022) proposed a cross-
modality attention-based convolutional neural network for recognizing expressions with 
subtle intensities, demonstrating high accuracy across various databases. These studies 
collectively demonstrate the effectiveness of fusion-based convolutional neural network 
models in improving the accuracy of facial expression recognition across different datasets 
and challenges. 
(Yan et al., 2018) presented three different models for video sequences called the 
differential geometric fusion network (DGFN), deep-facial-sequential network (DFSN), and 
DFSN-1. DGFN depends on the geometric features of psychological and physiological rules 
and uses a conventional deep learning network. DFSN is constructed based on CNN. Then, 
DFSN-1 combines DGFN and DFSN to increase the facial expression recognition accuracy 
(Tang et al., 2018). (Ning et al., 2019) proposed a multi-channel deep spatial-temporal 
feature fusion neural network (MDSTFN) for recognizing static image facial expressions. The 
model of MDSTFN is based on extracting information from the variations between the 
emotional face image and the neutral face image. To improve the performance, they 
investigated three feature-based fusion schemes: score average, SVM, and neural network 
(Sun et al., 2019). A face expression recognition function fusion network (FFN-FER) was 
proposed by (Yanli et al., 2019) based on a cross-domain learning algorithm for FER. The 
network consists of a common feature, an intra-category (IC) channel, and a distinction 
feature inter-category (ID) channel. The common features are learned by the IC channel, 
while the characteristic features are learned by the ID channel. Finally, a fusion network 
combines the learning features of the two channels for FER (Ji et al., 2019). 
(Jie and Yongsheng, 2019) proposed three different CNN models for FER. The first model 
is called the shallow network to deal with the complicated topology and overfitting. The 
second model, a dual-branch CNN, utilizes two separate branches to extract both traditional 
LBP features and deep learning features. The third model, a pre-trained CNN, is designed to 
handle scenarios with a limited number of training images. They extracted three different 
features from a shallow network, a dual-branch CNN, and a CNN, and then they fused these 
features for classification (Shao and Qian, 2019). A method to learn temporal dynamics and 
spatial features for FER was proposed in (Liang et al., 2020). A deep network is utilized to 
extract spatial features from each frame, and a convolutional network, which accepts two 
consecutive frames as input, is used to model the temporal dynamics. The system gathers 
information from combined features by a BiLSTM network. (Xie and Hu, 2018) presented a 
method for solving the FER problem known as deep comprehensive multipatches 
aggregating convolutional neural networks (CNNs). They used a deep-based structure that 
includes two CNN branches. The relevant features are derived from individual image patches 
by the first branch, while the holistic features are captured from the whole expressive image 
in the second branch. A multi-task global-local Network was suggested for facial expression 
recognition (Yu et al., 2020). They used different modules to extract features of various 
expressions. Finally, they fused the two modules to capture variations of different 
expressions. 
We propose an improved learning method by fusing the features of the pre-trained models 
1 and 2 to generate a fusion network, which is used with the third pre-trained model to 
improve the accuracy for FER. The contributions of this study are outlined as follows: 
1. We introduce an improved approach to classify human facial expressions using a fusion 

CNN. 
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2. We train three different model structures and fuse the features of the pre-trained models 
1 and 2 to produce a fusion CNN. The fusion CNN is then trained and utilized with the 
third pre-trained model for classification. 

 
2. PROPOSED METHOD 

 

We present our method to classify human facial expressions. The proposed method's 
framework with two steps is depicted in Fig. 1. First, we train three different base model 
structures and then concatenate the features of the pre-trained base models 1 and 2 to build 
a fusion network.   
Second, the fusion network is trained and used with the third pre-trained base model for 
evaluation. Since the accuracies of the first and second base CNNs are less than the accuracy 
of the third model, they have been selected to be fused to build a fusion network. The max-
score fusion and mean-score fusion techniques between the fusion network and the third 
pre-trained base model are applied as a final prediction to classify facial expressions into 
different categories. 
Fig. 1 shows that the first base model has 5 convolutional layers and 4 fully connected layers 
(fcs), while the second base model consists of 4 convolutional layers and 3 fc layers. Batch 
normalization (BN), rectified linear unit (ReLU), max-pooling, and dropout layers follow 
each convolutional layer. Similarly, the three fc layers for base model 1 and the two fc layers 
for base model 2 are followed by BN, ReLU, and dropout layers. The third base model 
includes 6 convolutional layers and 2 fc layers. The first and the fifth convolutional layers 
are followed by BN and ReLU layers, while the other convolutional layers are followed by 
BN, ReLU, max-pooling, and dropout layers. The first fc layer of the third base model is 
followed by ReLU. Finally, a softmax layer is applied to the last fc layer in each model, 
generating the predicted class label. 

2.1 Fusion CNN 
 

The objective of this task is to fuse the pre-trained base models 1 and 2. The architecture of 
pre-trained base model 1 differs from that of pre-trained base model 2. It has 5 convolutional 
layers and 4 fc layers, while the structure of base model 2 has 4 convolutional layers and 3 
fc layers. The fusion network is trained on the input training samples and is used with base 
model 3 for performance evaluation, as shown in Fig. 2.  
 

 
Figure 1. Framework of the proposed method with two stages 
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 Figure 2. Prediction by fusion convolutional neural network and the third model 

Assume the concatenated feature vector for base models 1 and 2 is represented as 
 𝑥𝑐𝑎𝑡 = 𝑥1 || 𝑥2  
where || denotes the concatenation operator. The score function of 𝑥𝑐𝑎𝑡 is then computed 
as in Eq. (1) 
𝑆𝑐𝑎𝑡 = 𝑓(𝑥𝑐𝑎𝑡, 𝑊, 𝑏) = 𝑊𝑥𝑐𝑎𝑡 + 𝑏                                                    (1) 

Adam optimizer is employed to update the weights 𝑊 and bias 𝑏 as shown in Eqs. (2) to (7) 

𝑊𝑡+1 = 𝑊𝑡 − 𝜂 ⋅
𝑚̂𝑡

√𝑣̂𝑡+𝜀
                                                               (2) 
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𝑏𝑡+1 = 𝑏𝑡 − 𝜂 ⋅
𝑚̂𝑡

√𝑣̂𝑡+𝜀
                                                                (3) 

𝑚̂𝑡 =
𝑚𝑡

1−𝛽1
𝑡                                                                                       (4) 

𝑣𝑡 =
𝑣𝑡

1−𝛽2
𝑡                                                                                           (5) 

𝑚𝑡 =  𝛽1𝑚𝑡−1 + (1 − 𝛽1)𝑔𝑡                                                        (6) 
 

𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)𝑔𝑡
2                                                      (7) 

 

where 𝜂 is the learning rate, 𝑚𝑡 and 𝑣𝑡  are the first and second moment estimates, 𝑡 is the 
time step, 𝛽1 and 𝛽2 are the exponential decay rates, 𝜀 is a small constant for numerical 
stability, and 𝑔𝑡 = ∇𝑊𝐿𝑡 is the gradient of the loss function with respect to the model 
parameters. To assign a probability to each class, we use the softmax function for the fusion 
network at the final layer, as shown in Eq. (8) 

𝑃𝑓𝑢𝑠𝑖𝑜𝑛_𝑁𝑒𝑡𝑤𝑜𝑟𝑘(𝑌 = 𝑙|𝑋 = 𝑥𝑐𝑎𝑡) =
𝑒𝑆𝑐𝑎𝑡,𝑙

∑ 𝑒𝑆𝑐𝑎𝑡,𝑟
𝑟

                                  (8) 

Here, 𝑃𝑓𝑢𝑠𝑖𝑜𝑛_𝑁𝑒𝑡𝑤𝑜𝑟𝑘(𝑌 = 𝑙|𝑋 = 𝑥𝑐𝑎𝑡) represents the probability of the fusion network for 

the class 𝑙 given the input 𝑥𝑐𝑎𝑡. 𝑆𝑐𝑎𝑡,𝑙 represents the score of class 𝑙. ∑ 𝑒𝑆𝑐𝑎𝑡,𝑟
𝑟  represents the 

sum of the scores of all classes. The loss function of the fusion network can be calculated in 
Eq. (9) 

𝐿𝑓𝑢𝑠𝑖𝑜𝑛_𝑛𝑒𝑡𝑤𝑜𝑟𝑘 = − 𝑙𝑜𝑔 𝑃(𝑌 = 𝑙|𝑋 = 𝑥𝑐𝑎𝑡) = − 𝑙𝑜𝑔 (
𝑒𝑆𝑐𝑎𝑡,𝑙

∑ 𝑒𝑆𝑐𝑎𝑡,𝑟
𝑟

)                             (9) 

After training the fusion network, we apply the max-score fusion and mean-score fusion 
techniques between the probabilities of the fusion network and the third base model to 
predict the output label, as shown in Eqs. (10) and (11) 

 Let 𝑃𝑓𝑢𝑠𝑖𝑜𝑛_𝑁𝑒𝑡𝑤𝑜𝑟𝑘 = [𝑃𝑓1, 𝑃𝑓2, 𝑃𝑓3, … , 𝑃𝑓𝑛]  

and 

 𝑃𝑡ℎ𝑖𝑟𝑑_𝑚𝑜𝑑𝑒𝑙 = [𝑃𝑡𝑚1, 𝑃𝑡𝑚2, 𝑃𝑡𝑚3, … , 𝑃𝑡𝑚𝑛] 
 Then, 

𝑃𝑚𝑎𝑥= max(𝑃𝑓𝑢𝑠𝑖𝑜𝑛_𝑁𝑒𝑡𝑤𝑜𝑟𝑘 , 𝑃𝑡ℎ𝑖𝑟𝑑_𝑚𝑜𝑑𝑒𝑙)                                                                   (10) 

 

𝑃𝑚𝑒𝑎𝑛 = 
𝑃𝑓𝑢𝑠𝑖𝑜𝑛_𝑁𝑒𝑡𝑤𝑜𝑟𝑘+ 𝑃𝑡ℎ𝑖𝑟𝑑_𝑚𝑜𝑑𝑒𝑙

2
                                                   (11) 

The final predicted class is obtained using: 
𝑦̂𝑚𝑎𝑥=argmax(𝑃𝑚𝑎𝑥)                     (12) 
 

𝑦̂𝑚𝑒𝑎𝑛=argmax(𝑃𝑚𝑒𝑎𝑛)                                   (13) 

 
where, 𝑃𝑚𝑎𝑥  and 𝑃𝑚𝑒𝑎𝑛 represent the probability vectors obtained using the max-score fusion 
and mean-score fusion techniques, respectively. 𝑃𝑓 and 𝑃𝑡𝑚 represent the probabilities 

predicted by the fusion network and the third model, respectively. The number of classes is 
denoted by n.  

2.2 Prediction by Fusion CNN and Third Base Model 
 

The features of the first and second pre-trained base models are concatenated to build a 
fusion network. This network is trained and used with the third base model for final 
prediction. In this work, we used two techniques to predict the output label, called max-score 
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fusion and mean-score fusion techniques. The max-score fusion technique is an ensemble 
learning technique that combines the predictions from the fusion network and the third base 
model for final label prediction. For each test sample, the max-score fusion technique is 
applied between the predictions of the fusion CNN and the third base model by selecting the 
highest probability. 
The mean-score fusion technique, which is known as averaging, is an ensemble learning 
method that combines the predictions from the fusion network and the third base model to 
determine the final prediction. For each test image, the average is applied between the scores 
or the probabilities of the fusion CNN and the third base model. Then, the final predicted 
label is obtained by applying the argmax function to the averaged probability scores. 
Algorithm 1 summarizes the proposed method to build a fusion CNN and utilize it with the 
third CNN to predict the output. 

Algorithm 1: Prediction by fusion CNN and CNN3. 
Input: Training dataset D, CNN1, CNN2, and CNN3. 
Output: Learned models 
1: Initialize: i ← 1, Epoch ← N, Batch size, and learning rate 
2: repeat 
3: Train CNN1, CNN2, and CNN3 on D 
4: Create a fusion CNN by concatenating pre-trained CNN1 and CNN2 
5: Train Fusion CNN on D 
6: Use a fusion CNN to predict the output 
7: Use the max-score fusion technique between the fusion CNN and CNN3 to predict the output 
8: Use the mean-score fusion technique between the fusion CNN and CNN3 to predict the 
output 
9: i ← i + 1 
10: until i < Epoch 

 

3. EXPERIMENTAL WORK 
 

This section describes the dataset description and the FER results of our proposed approach 
over seven different categories. We employ a facial expression dataset (Pierre and Aaron, 
2013), including seven classes (Angry, Disgust, Fear, Happy, Neutral, Sad, and Surprise) to 
evaluate our approach. The training set contains 28,709 images, while the test set includes 
7,178 images. Each image has a resolution of 48 × 48 pixels. The provided training and 
testing sets included with the dataset were directly used in this study. The distribution of 
training and testing samples for each class is presented in Table 1. A visual representation 
of the seven classes is shown in Fig. 3. 
 

Table 1. The training and test sets of the facial expression dataset. 
 
 

Label Training Set Test Set 
Angry 3995 958 

Disgust 436 111 
Fear 4097 1024 

Happy 7215 1774 
Neutral 4965 1233 

Sad 4830 1247 
Surprise 3171 831 
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Figure 3. Samples of the facial expression dataset. 

4. RESULTS AND DISCUSSION 
 

This section evaluates the efficacy of our method on the facial expression dataset. The 
proposed method was compared to three different base model architectures. These models 
are trained separately using the Adam optimizer with a learning rate of 0.001, a batch size 
of 256, and a maximum epoch of 40. Different metrics, such as Accuracy (ACC), Precision (P), 
Recall (R), and F1 score (F1), have been used to evaluate our method. These metrics can be 
computed in Eqs. (14 to 17) 

ACC= 
𝑀1+𝑀2

𝑀1+𝑀2+𝑁1+𝑁2
                                                             (14) 

P= 
𝑀1

𝑀1+𝑁1
                                                                                             (15) 

R= 
𝑀1

𝑀1+𝑁2
                                                                                          (16) 

F1= 
2⋅𝑃⋅𝑅

𝑃+𝑅
                                                                       (17) 

Where M1, M2, N1, and N2 are the true positive, true negative, false positive, and false 
negative, respectively. Table 2 demonstrates the effectiveness of the proposed method 
compared with baseline CNNs, standard deep learning architectures, and previous FER 
studies. The proposed method using the mean-score fusion technique outperformed the 
base CNN1, base CNN2, base CNN3, ResNet-50, GoogleNet, and EfficientNet-B0 by 3.6%, 
4.11%, 2.63%, 7.27%, 7.17%, 8.23%, respectively. Furthermore, the proposed method 
achieved higher accuracy compared with the methods of Zahara et al. (2020) and Díaz et al. 
(2024), which reported accuracies of 65.97% and 63.0%, respectively, on the FER-2013 
dataset. The confusion matrices for three base CNNs, fusion CNN, max-score fusion, and 
mean-score fusion are shown in Fig. 4. 
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Table 2. Performance comparison on the facial expression dataset. 

Method Accuracy [%] 
Base CNN1 66.63 
Base CNN2 66.30 
Base CNN3 67.26 

ResNet-50 (He et al., 2016) 64.35 
GoogleNet (Szegedy et al., 2015) 64.41 

EfficientNet-B0 (Tan and Le, 2019) 63.78 
(Zahara et al., 2020) 65.97 

(Díaz et al., 2024) 63.0 
Our Fusion CNN 67.53 

Our Max-Score Fusion 68.57 
Our Mean-Score Fusion 69.03 

 

In Fig. 5, the P, R, and F1 metrics are computed for each class to show the efficacy of our 
method compared to the base CNNs. Table 3 illustrates that our improved FER method 
outperforms the base CNNs in the metrics of average P, R, and F1. 

    

(a)                                                                            (b) 

    

       (c)                                                                               (d) 
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(e)                                                                           (f) 

Figure 4. Confusion matrices. (a) Base model 1. (b) Base model 2. (c) Base model 3. (d) Fusion 
network. (e) Max-score fusion. (f) Mean-score fusion. 

 
In this work, we use the support vector machine (SVM) and k-nearest neighbor (KNN) 
classifiers with a number of neighbors k =5 to compare with our method. For each pre-
trained base model, we use the last fc layer to extract features, then the SVM and KNN 
classifiers are used to recognize facial expressions. Table 4 shows the high accuracy 
obtained by our method compared to different classifiers. 
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(c) 

Figure 5. The values of metrics P (a), R (b), and F1 (c) in the facial expression dataset. 
   

Table 3. The values of average P, R, and F1 on the facial expression dataset. 

Method Average P Average R Average F1 

Base CNN1 66.54 63.94 64.77 

Base CNN2 67.50 64.18 65.36 

Base CNN3 67.31 64.12 65.28 

Our Fusion CNN 69.90 64.23 65.98 

Our Max-Score Fusion 70.27 65.78 67.27 

Our Mean-Score Fusion 70.97 66.12 67.72 
 

Table 4. Performance comparison on the facial expression dataset with SVM and KNN classifiers. 

Method Accuracy [%] 
Base CNN1 + SVM  66.69 
Base CNN2 + SVM  65.83 
Base CNN3 + SVM  66.29 

Our Fusion Network + SVM  66.72 
Base CNN1 + KNN  65.91 
Base CNN2 + KNN  65.62 
Base CNN3 + KNN  66.29 

Our Fusion Network + KNN  66.12 
Our Max-Score Fusion  68.57 

Our Mean-Score Fusion  69.03 
 

5. CONCLUSIONS 
 

We present an improved learning method that leverages three convolutional neural 
networks with different architectures to enhance classification accuracy. By combining the 
feature maps from the two pre-trained CNNs, a fusion convolutional neural network is 
constructed, which is used with the third base CNN for the final prediction. Our proposed 
method achieves favorable performance by employing the mean-score fusion technique to 
combine the probabilities of the fusion CNN and the third base CNN, followed by selecting 
the class with the highest averaged probability to predict the output label. Experimental 
results indicate that our method achieved a classification accuracy of 69.03% on the facial 
expression dataset compared to the base models. 
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 نهج دمج الشبكات العصبية التلافيفية المتعددة لتحسين التعرف على تعبيرات الوجه 
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   الخلاصة

يعد التعرف على تعبيرات الوجه أمراً بالغ الأهمية في التعبير عن الحالة العاطفية للإنسان. إن العواطف والتعبيرات التي تظهر  
على وجه الانسان هي معلومات يمكن لأجهزة الكمبيوتر والتعلم العميق التعرف عليها. يعتبر التعرف على تعبيرات الوجه موضوع 

لحاصل واستخدام أنظمة التفاعل بين الإنسان والحاسوب. ان التعرف على تعبيرات الوجه يمثل تحدياً  بحث حالي بسبب التقدم ا
للنماذج الحالية للتعلم العميق بسبب التغييرات في السطوع والخلفية والوضع وما إلى ذلك لصور الوجه. يقدم هذا البحث طريقة 

لافيفية للتعرف على سبعة تعبيرات للوجه. أولًا، يتم تدريب ثلاث شبكات  تعلم محسنة تعتمد على دمج ميزات الشبكة العصبية الت
اساسية مختلفة ثم يتم دمج الميزات او السمات للشبكة الاولى والثانية المدربتين مسبقًا من الطبقات النهائية الكاملة الاتصال  

خدامها مع الشبكة الاساسية الثالثة المُدربة مسبقًا لتقييم  للحصول على الشبكة الاندماجية. ثانيًا، يتم تدريب الشبكة الاندماجية واست
الأداء. يتم تطبيق تقنيات الدرجة القصوى والمتوسط بين الشبكة الاندماجية والشبكة الأساسية الثالثة المدربة مسبقًا للتنبؤ بفئة 

الأساسية في ج النماذج  تتفوق على  المقترحة  الطريقة  أن  إلى  النتائج  تبلغ الإخراج. تشير  دقة تصنيف  المقاييس وتحقق  ميع 
 ٪ في مجموعة بيانات تعبيرات الوجه.69.03

 .دمج الشبكات، التعلم العميق، الشبكات العصبية التلافيفية، دمج الميزات، التعرف على تعابير الوجه :الكلمات المفتاحية
 


