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Abstract 
 
Expressions of a Face are usually identified from a certain facial feature that 

reveals true emotions people deliberate to conceal. Although Convolution 

Neural Network (CNN) has been proved for its effectiveness on facial 
verification and classification, there are few obstacles like (i) the requirement 

of large data sets to avoid over-fitting and (ii) variations in person-specific 

characteristics of expressions. We therefore recommend an approach to facial 
expression recognition (FER) from invariant facial images with multi-

channel CNNs that incorporates both the full facial features and local 

patches. The proposed work makes use of two CNNs, one for extracting 

global features in the image and another CNN for processing features from 
the local patches. After learning the high-level features of all the channels 

they are fused in the aggregation layer.The contribution of the aggregation 

layer representing global and local features are fed into two fully 
interconnected layers accompanied by Softmax towards final prediction. 

Finally, we tested the feasibility of our existing design across observations on 

public benchmarking databases such as FER-2013 and Labeled Faces in 
Wild (LFW).Our proposed CNN architecture achieves a maximum accuracy 

of 84.56% with Adam optimizer. 

 
Keywords: Face expression recognition, emotion recognition, facial 

features, convolutional neural network, deep learning. 

 
Journal of Green Engineering, Vol. 10_9, 7047–7063. 
© 2020 Alpha Publishers.All rights reserved 



                                                                                                                  
 

 

 

 

 

 

7048 M.Jagadeesh et.al 

 
1 Introduction 

 
The human face is a window of our soul. It is an important medium that 

conveys others many messages. Changes in the human face provide a lot of 

information about how it exposes a person‟s immediate mood. With the 
recent developments in technology, computers turn out to be better at 

recognizing objects, faces, and actions but not emotions. Already Face 

detection has its impact on our daily life, from unlocking our smartphones to 
sending money and accessing personal data. Hence it becomes necessary to 

track and learn facial expressions. Generally, a FER system follows three 

phases such as Face Detection, Feature Extraction, and classification or 

regression as shown in Figure 1 

 
Figure 1: A Typical FER System 

 

1.1 Face Detection 
 

Face detection is a strategy to monitor the facial features by creating 

bounding boxes around desired regions of interest (ROIs) as shown in 

Figure2.  

 
Figure 2: Bounding Box Showing Detected Face by [1] 

 

After locating ROI, the processes such as illumination tuning, Image 

resizing, Image cropping, Data Augmentation (DA) as shown in the Figure 3, 

noise filtering is performed on the detected faces. 

 
Figure 3: An Example of DA by [1] 
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1.2 Feature Extraction  
 

After face detection, we can be able to extract desired features such as 

Actions Units (AUs), facial landmarks showing changes, their geometric 

distance, etc. A few of the most popular feature extracting techniques are 

Local Binary Pattern (LBP), Optic Flow (OF), Histogram Oriented Gradient 
(HOG), etc. 

 

1.3 Classification/Regression  
 

The features thus obtained from the previous stage are supplied as input 

into the classification process. A classifier is responsible for predicting the 
labeled features of the given input image. Regression analysis predicts the 

numeric data and their relationship instead of labels. Mostly, the Classifier in 

a FER system can be Support Vector Machine (SVMs) or Convolutional 

Neural Networks (CNNs). 
Thus in a classic FER, it detects the face and extracts the features. 

Finally, the classifier segregates these features. In recent years, recognition of 

facial expression by self-regulation methods has been among the most 
important research subjects in computer vision, artificial intelligence (AI), 

and pattern recognition. Computer vision algorithms with the advancement in 

smart technologies such as machine learning, artificial intelligence, and deep 

learning have given better outcomes in both feature extraction and 
classification than that of Handcrafted methods. Most of the previous Facial 

Expression Recognition (FER) studies [2-5] have found that the machine 

learning techniques relying on Convolutional Neural Networks (CNN) with 
its convolution filters or kernels and fully connected layers (FC) had a strong 

influence on the field of expression classification. Generally, in deep 

learning, the whole image is fed into the convolution layers of deep neural 
networks with class labels during training. In our proposed work, we use 

only image patches [6-8], instead of the whole image. Feature extraction was 

done on each of the patches by the multi-channel DNNs. The patch-based 

image processing not only captures fine-grained image details but also 
increases the variety of training samples for performance improvement. Then 

an aggregation layer is used to integrate all the extracted features. Finally, the 

aggregation layer representing the global feature vector is connected to the 
Softmax for expression classification.The proposed work in this paper 

follows the below step wise approach, 

1. Identifies and separate the facial region from the background. 
2. Obtain Eye, Nose, Eyebrow and lip corner patches from the 

input image (shown in Figure 6).  

3. Entire image and the image patches mentioned in Step 2 are fed 

into proposed CNN Classification model. 
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4. Entire image vector is given to CNN1, and images patches to 

CNN2.  

5. All the extracted features from CNN1, and CNN2 are integrated 
into a single aggregation layer before classification. 

6. The aggregation layer representing the global and local feature 

vector is connected to the Softmax for expression classification. 
The major aspects of our article are made as follows. Section 2 

incorporates a systematic review on the topic of facial expression 

recognition. Section 3 lays out our suggested approach.Section 4 discusses 
the experimental setup and verification of our work concerning two data sets. 

Section 5 summarizes the future direction of our research. 

 

2 Literature Survey 
 

Many researchers have employed low-level feature-based algorithms to 
resolve facial expression problems in static images. They used an array of 

different image descriptors such as Local Binary Pattern (LBP), Histogram of 

Oriented Gradient (HOG), and Scale Invariant Feature Transform (SIFT). 

The low-level functional features are also known as hand-crafted 
functionality. These hand-crafted facial characteristics are said to be weak, as 

they cannot accurately distinguish facial expressions. To tackle the above 

problem, CNN has turned out to be the most popular deep learning 
architecture for classifying facial expressions effectively. 

In the paper by Chongsheng Zhang et al. [9], they proposed an Identity-

Inspired based CNN network to mitigate the negative effect of inter-person 

expression variations on face recognition. The proposal was done on multi-
scale global images and local facial patches. The conditions of natural light, 

the posture of facial features, and the selection of right parameters have 

important impacts on the perception of facial expression. Experimentation 
was conducted on the JAFFE and CK+ datasets.  

Sajid Ali Khan et al. [10], In this article, they proposed an algorithm that 

would take into account factors such as noise, lighting effects, image scaling, 
and spatio-temporal image redundant data. At first, the Discrete Wavelet 

Transform (DWT) encoded the source image into four smaller-size sub-band 

images. At about the same stage, each spatial-temporal representation is 

further differentiated into informative and non-informative sections, based on 
entropy analysis. Then Discrete Cosine Transform (DCT) is utilized to 

identify the high variance features in a zigzag fashion. Classifiers are 

qualified and evaluated in the final stage to classify expressions correctly into 
seven generic classes of expression. 

Ke Shan et al. [11], stated that FER precision is largely dependent on the 

extraction of the element. Therefore, to attain automatic recognition, they 
suggested deep learning-based CNN to explore deeper feature maps of the 

facial expression.  
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The Haar-like characteristics and histogram equalization have been used 

to simplify facial recognition.  Then they designed CNN architecture in four 
layers with two convolution layers and two sub-sampling layers. Ultimately, 

for the multi-classification, a Softmax classifier was used. A K-Nearest 

Neighbor algorithm was also adopted to make a distinction with CNN and 

showed that the CNN algorithm seems to be suitable for facial emotion 
recognition.Japanese Female Facial Expression Database (JAFFE) and 

Extended Cohn-Kanade Dataset (CK+) experiments were conducted to test 

and validate recognition performance. 
Zhiding Yu et al. [12], Introduced an object recognition platform based 

on the collaboration of multiple face detectors, such as the Joint Cascade 

Detection and Alignment (JDA) detector, Deep-CNN-based detector 
(DCNN), and EmotiW utilizing Mixtures of Trees (MoT), accompanied by a 

trained classifier with multiple deep convolutional neural networks. From the 

Facial Expression Recognition (FER) 2013, each CNN is randomly 

initialized and preprocessed. On SFEW 2.0, the pre-trained designs are then 
fine-tuned. Ultimately, to integrate several CNN models, they proposed two 

schemes for estimating the network responses. 

Jianfeng Zhao et al. [13], the proposed approach provides a 3D-CNN 
model for studying the static and dynamic characteristics of image frames, 

video frames, and overall net pixel intensities. The research findings have 

shown that to recognize facial expressions, the configured High-resolution 

CNN can learn more discriminative features embedded in the data chunks. 
 

3 Proposed Work 
 

The proposed work identifies the human facial expression into any of the 

following 7 classes:  anger, disgust, fear, happiness, sadness, surprise and 

neutral from a simple static 2D image. Since these seven categories are 
common and universal irrespective of ethnic and culture, we have considered 

these seven emotional features.  

 

3.1 Step-Wise Approach to the Proposed Work 
 

1. Input: Test image  
2. Output: Emotion in Face 

3. Identify the face of given image 

4. Locate the facial foreground and feature points 

5. Separate the facial foreground from the background region using 
Viola-Jones technique 

6. Process the selected facial landmarks into two categories: Full 

facial features and local patches 
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7. Employ CNN1 as a a framework for learning global- based 

features 

8. Segregate the current facial image into four patches  
9. Utilize four CNN2 Framework streams to follow local features  

10. Normalize all the features in the aggregation layer for a clearer 

description of the face  
11. Share updated outcome of the generalization layer into two-fully 

connected layer for dimensionality reduction 

12. Feature vector for categorization of emotional responses is 
incorporated into softmax operation. 

 
Figure 4: Structure of Proposed System. 

 

For this reason, the proposed method as shown in Figure 4 consists of 
two phases, one for extraction of features from the whole picture of the face 

and image pieces using CNNs for more discriminative analysis, and the other 

is for feature integration followed by classification. The emotions expressed 
by individuals will vary a lot, so in the proposed work, the global features of 

the face and the localized features are considered for classifying the 

emotions. CNN1 captures the global features whereas CNN2 captures the 

features of the local patches. Since, 4 local patches of the image are 
considered, 4 separate CNN2 model is used for capturing the localized 

features in parallel.   The extracted features from CNN1 and four CNN2 

model are linearly cascaded in the aggregation layer. The output of 
aggregation layer is fed into softmax layer and finally, emotions are graded 

using softmax function.  
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3.2 Face Localization 
 

We first locate the facial foreground region using the Viola-Jones 

technique [14] of Haar-like features with Adaboost learning. The algorithm 

for face detection is shown in Figure 5. 

 
Figure 5: Face Detection Algorithm 

 

3.3 Facial Patch Generation 

 

 
Figure 6: Representation of facial patches for Expression Recognition 
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After the facial localization, we followed detecting the facial patches 

[15-16], especially the four most important patches seen between the 

eyebrows, at the edges of the mouth, at the tip of the nose, and the eyes for 
each face image. These patches only generate the discriminative features to 

distinguish between angry, fear, disgust, happy, sad, and surprise.    

The reasons for processing such a collection of patches are 
1. To capture the subtle changes of locally isolated and globally 

correlated facial components for common expression. 

2. The generalization ability of the deep neural network can be 
strongly enhanced by increasing the number of training datasets with more 

global and local image patches than with only the entire images.  

3. The person-specific reactions and discrepancies can be learned. 
 

Figure 6 shows Representation of facial patches for Expression Recognition. 

 

3.4 Extracting Global Features and Local Features from Images 
through Multi Channel    
    
3.4.1 CNN 
 

CNN seems to be a feed-forward neural network that could leverage 
features from some kind of 2D image and strengthen the network parameters 

by back propagation. Widely accepted CNN's generally comprises of 

convolutional layers with rectified linear activation units (ReLu), pooling 
layers accompanied by fully connective layers. Every deepening layer 

consists of many two-dimensional planes, called feature maps, and each 

descriptor includes numerous neurons. Since CNN's need to have a fixed 

length of input parameters, we multiply each texture sample with a different 
order of magnitude to several fixed-length patches as CNN inputs. Thus it 

tends to produce appropriate inputs to CNN and also increases the rate of 

supervised learning to a certain extent. In our proposed work two CNN 
models are used, CNN1 for extracting global features in the given image and 

CNN2 for extracting the features of a particular region or local features in the 

image. Both CNN1 and CNN2 have three convolutional layers, one max 
pooling layer. The training data shape to the CNN1 is 96 X 96 X 1 in size. 

The input shape for CNN2 is 64 X 64 X 1. The convolutional operation is 

depicted in Equation (1), 

yj = max(0, ∑(wi,j ∗ xi)+ bj)                                                         (1) 
Where, xi and yj specify the ith input feature map and jth output feature map, 

respectively. bj is the bias of the jth output feature map. wi,j denotes the 

weight filter  between the ith input feature map and the jth output feature 
map. The form of the output feature map is calculated by 

ho = (hi − kernel  size_h +2 × pad_h) / stride_h +1                      (2) 

wo = (wi − kernel size_w +2 × pad_w) / stride_w + 1                      (3) 
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Where in (2) & (3), hi specify the height of the input feature map. wi  
specify the width of the input feature map. ho specify the height of the output 

feature map. wo  specify the width of the output feature map. Kernel size_h, 

kernel size_w denote the shapes of weight filter pad_h, pad_w specify the 

numbers of pixels which are added to every other input feature map. stride_h, 
stride_w denote the duration between filter regions which are applied to the 

input feature map. In the proposed work, the padding size is set 0.  

For CNN1, the input shape for convolutional layer 1 (C1) is 96 X 96 X 1, 
the kernel size is set as 5 X 5, number of filters as 32 and stride is 1. The 

output shape of C1 is 92 X 92 X 32 which is given as input  

to convolutional layer 2 with kernel size as 3 X 3, number of filters is 64 and 
stride 1. The output of C2 is 90 X 90 X 64 and given as input for 

convolutional layer 3 (C3) with kernel size as 3 X 3, number of filters as 128 

and stride 1. The C3 will give output feature with the shape of 88 X 88 X 

128. Then, the output of C3 is fed to max pooling layer for dimensionality 
reduction where the kernel size is 2 X 2 and stride 2. The output of max 

pooling is 44 X 44 X 128. 

In the case of CNN2, the input shape for convolutional layer 1 (C1) is 64 
X 64 X 1, kernel size is 3 X 3, number of filters as 16 and stride is 1. The 

output shape of C1 is 62 X 62 X 16. The output tensor of C1 is fed to C2 

whose kernel size as 3 X 3, number of filters is 32 and stride 1. The output 

shape of C2  is 60 X 60 X 32 and given as input for convolutional layer 3 
(C3) with kernel size as 3 X 3, number of filters as 128 and stride 1. The C3 

will give output feature with the shape of 58 X 58 X 64. Then, the output of 

C3 is fed to max pooling layer for dimensionality reduction where the kernel 
size is 2 X 2 and stride 2. The output of max pooling is 29 X 29 X 128. 

The final features extracted out of CNN1 and CNN2 are fused in 

aggregation layer as a single vector. Then this single vector is connected to 
fully connected layer 1 with 1024 neurons. Then the fully connected layer 1 

is connected with fully connected layer 2 with 512 neurons. The output of 

fully connected layer 2 is given as input to softmax layer.  

 

3.5 Network Management Plan 
 

Training a CNN framework is a method of improving and upgrading 
network parameters. Effective regularization of weights has a major impact 

on the revamping of weights. CNN typically performs a correlation between 

outputs and inputs. CNN has been carrying out supervised learning. 

 

3.6 CNN Training 
 

Training the CNN has two stages: 
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3.6.1 Feed Forward Propagation 
 

At first, sample x is taken from the training kit. For the sample taken, 

then mark the corresponding group as y, where y is a 7D vector, which gives 

the percentage of different groups. X is going to be input to the CNN layer. 
In CNN, the outputs of the higher layers are the inputs of the next layer. The 

contribution to the current phase is calculated by the activation function, 

which is usually transferred from the top level to the bottom level. The result 
y is successfully obtained from the softmax classifier. 

 

3.6.2 Back Propagation 
 

Back propagation helps to minimize the network error through stage by 

stage propagation. Evaluate the discrepancy between the output of Softmax 

layer and target group parameter y of the particular set which is a 7D vector. 
The variable proportional to the same target class y is 1; all other components 

are 0. Then configure the edge weights by optimizing the mean square error 

cost function. 

 

4 Experimental Results 
 

In this section, two datasets FER-2013 and LFW are used to validate the 

performance of our approach. For testing the CNN, we used Keras library in 

Python, and implemented in Jupyter notebook. The CNN models are trained 

and tested in the system with the following configuration: Intel i5 – 7
th

 
generation processor, 8GB RAM, 1TB HDD capacity along with Intel 

HD620 graphics card.   

 

4.1 Datasets 
 
4.1.1 Database on Facial Expression Recognition 2013 (FER-
2013) 
 

FER 2013 dataset is an open-source repository developed by Pierre-Luc 

Carrier and Aaron Courville. FER-2013 has a total of 35887 images. Out of 
these, 28709 are for the training phase and 7178 are for validation phase. 

Each image size is 48 X 48.  The FER-2013 images are classified for being 

one of the following 7 classes: happy, sad, angry, afraid, surprise, disgust, 
and neutral. FER-2013 comes in the form of both un-posed and posed 

pictures.  
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4.1.2 Labeled Faces in the Wild (LFW) Dataset 
 

Labeled Faces in the Wild (LFW) is a repository of facial expression 

photographs widely used to study the problem of unrestricted face detection. 

The LFW data collection contains 13,233 faces of 5,749 individuals were 
identified, and predicted by the Viola Jones face detector, and retrieved from 

the internet. 1,680 of the individuals pictured have two or three distinct 

images in the dataset. Nearly every single face was identified with the help of 
the person in the picture. The region within a fixed bounding box was 

extracted for each LFW image. The interpretation samples of the data source 

were not taken from the laboratory prototype but in the dynamic outer world. 
Table 1 depicts the architecture of our proposed CNN model.  

 
Table 1: Architectures of CNN1 and CNN2 

CNN1                                                              CNN2 

Name Filter size, stride Output size Name Filter size, stride Output size 

Input - 96x96x1 Input - 64x64x1 

conv1 5x5,1 92x92x32 conv1 3x3,1 62x62x16 

conv2 3x3,1 90x90x64 conv2 3x3,1 60x60x32 

conv3 3x3,1 88x88x128 conv3 3x3,1 58x58x64 

max pool 2x2,1 44x44x128 max pool 2x2,2 29x29x128 

fc1 - 1x1024 fc1 - 1x1024 

fc2 - 1x512 fc2 - 1x512 

 

The proposed CNN approach is compared with the two most popular 

CNN models, AlexNet, and ResNet50. The proposed CNN uses fewer layers 
than AlexNet and ResNet50 because its global features of the face are 

combined with local features generated by the image patches. The proposed 

system is capable of achieving much better accuracy than the other two 
models. The CNN models are compared based on performance metrics 

accuracy.  Equation (4) depicts the accuracy, 

Accuracy= (True Positive + True Negative) / (True Positive+False 

Negative+True Negative+False 
                                                                                 Positive)          (4) 

 

4.2 Comparison based on FER Alone 
 

The Training and Testing set ratio is taken as 80:20. We considered 

various learning rates, such as 0.01, 0.001, and 0.0001. Adam and SGD 
optimizers are used to train CNN models. All these CNNs have been trained 

for 25 epochs. The highest validation accuracy of CNN models on FER 

dataset alone is presented in Table 2. Accuracy values for different learning 

rates and different optimizers are shown in Table 2.  
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Figure 7, and Figure 8 provides a comparative map of accuracy with 

CNN models based on SGD optimizer and Adam optimizer. Overall, the 
proposed CNN displays the highest accuracy of 84.56% using Adam 

optimizer, preceded by 82.48% with ResNet50, and 79.36% with AlexNet. 

 
Table 2: Performance Evaluation on FER-2013 Dataset alone 

 

CNN 

SGD Adam 

0.01 0.001 0.0001 0.01 0.001 0.0001 

AlexNet 67.45 65.78 78.56 69.24 70.36 79.36 

ResNet50 70.34 72.57 81.57 73.89 75.28 82.48 

Proposed CNN 69.35 74.21 83.49 75.12 77.52 84.56 

 
Figure 7: Effectiveness of CNN architecture employing SGD optimizer 

 

 
Figure 8: Effectiveness of CNN architecture employing Adam optimizer 
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4.3 Comparison based on FER and LFW 
 

In order to validate the robustness, the CNN models are compared based 
on mixed dataset. Hence the experimentation was done in two steps. 

1. A total of 22,887 images of all seven categories from the FER-

2013 facial expression database are combined with 13,000 screenshots of the 

LFW data set to form a new dataset that includes 35,887 pictures. 
2. The next approach is to take 28,341 photos in the combined 

dataset as training set and 7,546 pictures as test set which is roughly equal to 

80% training set and 20% testing set.Table 3 displays the highest accuracy on 
the combined dataset of various CNN models. 

 
Table 3: Execution Evaluation on FER-2013 Repository alone 

 

CNN 

SGD Adam 

0.01 0.001 0.0001 0.01 0.001 0.0001 

AlexNet 63.21 64.81 67.12 68.35 69.15 77.37 

ResNet50 68.42 71.27 74.35 71.37 71.81 80.45 

Proposed CNN 69.17 72.86 78.57 72.12 74.72 82.10 

 
Figure 9, and Figure 10 provides a comparative map of accuracy with 

CNN models based on SGD optimizer, and Adam optimizer. Overall, the 

proposed CNN shows the highest accuracy of 82.10% using Adam optimizer, 

preceded by 80.45% with ResNet50, and 77.37% with AlexNet.   
 

 
Figure 9: Accuracy rate of CNN model using SGD optimizer 
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Figure 10: Accuracy rate of CNN model using Adam optimizer 

 

For all comparisons, the suggested CNN performs better than AlexNet, 
and ResNet50 by using Adam optimizer at of 0.0001 learning rate.  

 

5 Conclusion 
 

Most of the databases are made on 2D static images; however, some 

repositories store 3D files. The 2D approach based FER system has a 
constraint on controlling different poses, as 2D databases contain only front 

side of facial features. A 3D approach can be done to tackle the problem of 

variation. However, with this varying face in the wild, the FER systems still 

face a major challenge. Although CNN may have an overwhelming 
advantage in the seamless integration with both the extraction and 

classification of features, it is worth mentioning that specific challenges 

demand different CNN models and different tuning methods to prevent 
unnecessary over-fitting or under-fitting issues owing to increase in 

classification accuracy. Therefore, it would be difficult to make a 

comparative assessment between the performances, as many of them 

employed various repositories as well as different training / test sample 
proportions to learn and evaluate their FER systems. 
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