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Abstract 

Machine learning models built from complex hand-crafted features and classification processes are 
challenging to design and arenotrobustized. Due to this fact, convolutional architecture is 

incorporated to automatically extract and classify class labels with high levels of accuracy. In this 

work we propose a lightweight network FiNet: fusion inherited network for universal facial 
expression recognition. FiNet consist of two fusion bocks for contextual feature extraction from 

salient regions. Block-1 uses a single convolution filter to capture and preserve the domain features. 

Block-2 dispenses unwanted features from the enriched inherited features by employing a single filter. 
The inherited results of block one and two are fused into block 3 which merge all the comprehensive 

region features for classification by discriminating for higher adaptability. The two-stage fusion 

network significantly allows the network to only conserve spatial features which increases the 

discriminative power of FiNet. Space computation complexity is achieved by limiting the number of 
parameters and incorporating smaller database size which proves the reliability of FiNet. FiNet size 

is 3.6MB as compared to VGG16:500.5MB, and ResNet 88.4MB. Comparative analysis on ResNet 

and VGG16 proved that the results of our proposed model outperformed existing futuristic models. 
The recognition accuracy results of our model on JAFFE and CK+ database was 84.37% and 96.62% 

respectively. The proposed model provides higher adaptability to lower computational power and 

storage as compared to traditional systems. FiNet size is 3.6MB compared to VGG16:500.5MB, and 
ResNet 88.4MB. FiNet provides an opportunity to be deployed in smart gadgets. 

Keywords:Facial Expression Recognition, fusion, space computation complexity, Feature 

Classification, FiNet 

1. INTRODUCTION 

Expressions convey the most effective information about the mental process and intentions of the 

speaker during communication [1]. Nowadays with advancement of human computer interaction 

(HCI) it is necessary to monitor all the practical and essential activities about education, 
entertainment, psychiatric treatment, reviewing online shopping experience, and monitoring driver 

fatigue for long distance travels. At present HCI systems provide better and reliable performance 

results but their robustness still needs improvements to enhance efficiency. Currently the principal 

feature expression recognition (FER) approaches are: Action Units (AUs) [2] and appearance-based 
methods. Decoding facial landmarks reveals a composition of AUs; 12 on the upper and 18 on the 

lower face. They record the expansion or contraction of the facial muscles (eye, nose, mouth, 

burrows, lips, eyebrows, and eye corners). The appearance of the primary details however remains 
intact during this task. Appearance based methods largely rely on large image samples to detect 

multiple characteristics (face shape, eye color, mouth closed, mouth opened and skin color). Another 

class of approaches which incorporates hand crafted feature descriptors include Principal Component 
Analysis (PCA) [3], Discrete Cosine Transform (DCT) [4], Gabor features [5], Haar-like features [6] 

and Local Binary Pattern (LBP) [7]. After extraction, the above features are fed into a feature 

classifier in form of feature map or feature vector for classification. Nowadays with providence of 

computing power and cutting-edge technology, convolution neural network (CNN) have become the 
sort after techniques for computer vision tasks. Major applications include; object detection, face 
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recognition, facial expression detection, haze   removal, and anomaly detection among others.  
Implementation of CNN includes adjusting and updating the weights of the inputs in order to learn the 

sufficient class labels. Latest proposed models in literature include; a model similar to VGG16 by [8] 

was achieved through fine tuning the network parameters. A Weighted Mixture Deep Neural Network 

(WMDNN) [9] with two color channels for gray-scale and color images were proposed According to 
[10]an ensemble model for transfer learning using VGG16 and SVM classifier is proposed.  In work 

done by [11], a novel Deep Attentive Multi-path CNN (DAM-CNN) is proposed which yields a 

dynamic image representation for FER. According to [12] a three VGG-net and Long Short-Term 
Memory (LSTM) [13] is proposed. The VGG-net extracts static and motive features whereby three 

types of attention mechanisms are jointly integrated for discriminative visual representation. The 

descriptive micro-expression features are fed into LSTM to extract spatial features for micro-
expressions recognition. According to work by [14]a region-based pattern with an extensive index for 
response to emotions known as (RETRaIN) is developed. 

2. PROPOSED METHOD 

FiNet has been implemented by reducing the block size of the convolution layers and increasing the 
filter size. The blocks consist of down-sampling max pooling with filter size 2x2 to extract macro 

features comprehensively. VGG16-Net has been developed on deep dense networks suitable for 

computer visionapplications. However, deep dense has been unlikely to capture macro level features 
of expression locations due to larger convolution and pooling tasks. Therefore, to reduce space 

computation complexity a shallow lightweight network is proposed to extract adequate spatial 

information from facial expressions. Additionally, an embedded discriminative layer to enhance class 
category capabilities is incorporated.   

Our proposed FiNet architecture has three blocks. The proposed architecture is as follows: the 

initial block has one 5x5 convolution layer and 6 filters over the input image to retrieve fine features 

(brows, burrows, eye lines etc.); the intermediate block of one 5x5 convolution layer and 16 filters 

extracts course feature (eyes, mouth, lips, chin, nose etc.). The resultant inherited features from layer 

one and two are fused together and fed to the final block with one 5x5 convolutionlayer and 32 filters 
to employ discriminative extraction of active feature regions. In each block except the last there exists 

a max pooling layer with filter size 2x2 to capture feature maps of highest pooling value. The two 

output layers consist of 84 neurons and a classification layer with 7 neurons to represent the 7 
expression classes.The proposed model is shown in Table 1 below. Figure 1. Shows the flowchart of 
experimental procedure. 

 
Fig.1.Flow chart of experimental procedure 
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Table 1.The proposed FiNet network 

 

Input image: 128 x128x1 

Conv2d: 5x5x6 + ReLu 

Maxpooling: 2x2 

Conv2d:5x5x16 +ReLu 

Maxpooling:2x2 

Conv2d:5x5x32 +ReLu 

FC:84 + ReLu 

FC: 7 

 

2.1. Pre-processing 

In the pre-processing we normalized the images for saliency and to retain spatial features. 
Original image size 256 x 256 was cropped and scaled to 128 x 128 by elimination of ground 

influences. Further on we detected the eyes which were the salient regions from the cropped image. 

The face was further rotated by the angle between y-axis and x-axis, this was necessary inorder to 
preserve the salient regions as shown in figure.2 below. 

 

Fig .2.Pre-processed JAFFE dataset 

 

2.2. Feature training 

For training we minimized the cost function using batch gradient descent and modified the 

weights using the back-propagation error algorithm [15]. Batch size was set to 255 and the 
momentum of the weights 0.15. Drop out was utilized to prevent overfitting to the fully connected 

layers (except for the last output layer) with probability of 0.25. Experimental results prove the 

learning rate increased to the tens digit after every 5 epochs and remained constant at the 90 th epoch. 

The network was trained with 100 epochs. In the experiment the bias was initialized by zero and all 
weights randomly initialized with normal distribution of mean zero and standard deviation set to as in 
equation Eq. (1) below. 
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2

x
               (1) 

Wherex = weight size on each neuron, c.l (Convolution Layer) and f.c.l (Fully Connected Layer). c.l 

of x = (filter size) x (filter size) x (depth of previous layer), f.c.l of x = number of neurons from 

previous layer in each iteration, 255 images were injected into the network. After each iteration the 
training data was shuffled randomly. Cross-entropy was applied in the following pattern in equation 
Eq. (2) 

 M represents the size of images in the training set 

 E represents the size of emotion labels 

 ynis the one-hot encoding of the true class label of nthimage. 

 ŷ probability distribution of emotion classes of nth image using SoftMax function. 

Cross- entropy equation is given by:  

 

𝑧 =
1

𝑀
∑ ∑ 𝑦𝑛

𝐸

𝑃=1

𝑀

𝑛=1

(𝑝)log(𝑦̂𝑛(𝑝)) 
          

(2) 

 

Where yn(p) ∈(0,1) and p is the true label of nthimage.ŷn (p) ∈ (0,1) represents probability is the true  

label of nth image. 

2.3. Feature testing 

The dataset was grouped into two sets. During training highest accuracy levels were injected into 

the test set for validation. Further, the final validation set accuracy presented the recognition 

intelligence of our system for the emotion classes. The results of the predicted labels are shown in 
figure 2 and figure 3 below.  

Further, we regularized the weights of each layer to limit size of the individual layer by adding a 

value to the hyperparameter. The given neuron result is represented by rectified linear unit y and the 
dropout possibility probability given by y,d in equationsEq. (3) and Eq. (4) below. 

𝑅𝑒𝐿𝑢(𝑦) = max(0, 𝑦) 
                

(2) 

 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (𝑦, 𝑑) = ∑ 𝑦
𝑦,𝑝𝑟𝑜𝑏,𝑑

𝑦,𝑝𝑟𝑜𝑏,1−𝑑
 

                
(3) 

3. RESULTS AND DISCUSSION 

 

Our model results were analyzed with futuristic architecture built on similar database. The 
different techniques used for analysis of results were; LBP [7], LDP [16], and LDN [17], ResNet [18], 

and VGG16[8]. Current CNN models like VGG16 -Net and ResNet have recorded impressive 

classification results. However, in FER tasks these models fail to conserve discriminative features. 
Recent studies [19] confirm that deep neural networks fail to learn sufficient features over smaller 

datasets. Moreover, present FER benchmark datasets have limited sample sizes. Therefore, to 

overcome this challenge we developed a shallow and lightweight model to extract sufficient features 

with smaller parameters. FiNet network has eight million (8M) parameters while VGG-16:138M and 
ResNet 31M. Thus, FiNet has a higher adaptability to handle real world challenging tasks together 

with lower computational power as compared to the latter. FiNet weighs 3.6MB compared to 

VGG16:500.5MB, and ResNet 88.4MB. This provides FiNet a niche higher to be deployed in smart 
gadgets. The performance and accuracy of the proposed work on CK+ dataset was recorded in Table 
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3. The comparison of our model was evaluated with high accuracy benchmark model over the same 
database LBP [7], Local Directional Pattern (LDP) [16] and Local Directional Number (LDN) [17]. 

Our model performed better with high accuracy of 96.62% against the other methods that were 

compared for 7 classes. The evaluation of our results was further performed on JAFFE and CK+. 

Figure 3. and Figure 5 below illustrates the train loss versus validation loss for JAFFE and CK+ 
dataset. Figure. 4. and Figure. 6. below Illustrates the training accuracy and validation accuracy for 

both JAFFE and CK+ database for 7 motions. The performance accuracy of our results was evaluated 

with other benchmarks. Our model attained 84.38% accuracy against other models as illustrated above 
in Table 3. 

 

Fig.3. Training loss vs validation loss for JAFFE dataset 
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Fig.4.Training accuracy vs Validation accuracy for JAFFE dataset 

 

Fig.5. Training loss vs validation loss for CK+ dataset 

 
Fig.6. Training accuracy vs Validation accuracy for CK+ dataset 

Table 2.Facial Expression Rate (%) of our model and other methods on JAFFE and CK+ for 7 classes. 

Method 7 class 

labels 

JAFFE 

7 class 

labels  

CK+ 

 
Accuracy % Accuracy % 

LBP [7] 85.23 89 

LDP [16] 86.19 92.3 

VGG16[8]  85.1 95.2 

ResNet[18] 85.6 91.8 

LDN [17] 81.42 91.68 

FiNet 85.38 96.62 
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3.1. Extended Cohn Kanadedatabase 

 

The CK+ database consists of 1043 facial expression images from 123 subjects of different age 

groups [20].  Figure7. shows samples from CK+ dataset. From these, 981 images were used with 

seven expression states: Anger, Happy, Sad, Neutral, Fear, Contempt and Surprise. The images were 
divided as follows: 80% training sample and 20% testing sample 

 

 
 

Fig. 7.Sample of CK+ Dataset 

 

3.2. JAFFE database 

 

Our performance metrics were conducted using the JAFFE [21]. Inside the database were 213 

peak emotions of the ten subjects in the dataset. In this dataset each subject comprises of six universal 
emotions (Anger, Happy, Sad, Contempt, Neutral, Fear and Surprise). Figure 8. Shows sample images 

from JAFFE dataset. In our model 198 images were used, 80:20 ratio was used for training and testing 

phases.  
 

 

 

 
 

 

 
 

 

 
 

Fig.8. Sample of JAFFE Dataset 

 

4. CONCLUSION 

 

In this work a novel CNN architecture FiNet: fusion inherited network is proposed for macro 

facial expression recognition. We have proposed two blocks and single block of convolution layers 
fused together with filter size 5x5, to retrieve comprehensive and enriched features from salient 

regions. The weights of convolution filters are however 6,16 and 32 respectively for each block. 

FiNetutilizes the third block for enhanced discrimination of preservation of enriched features. The 
effectiveness of FiNet was examined on similar CNN variants for performance. The experimental 

setup was tested on two benchmark datasets Ck+ and JAFFE with profound classification accuracy 

results. We plan to enhance our work by using different transfer architecture to detect features from 

this network and SVM to categorize emotion classes from micro-features of facial expressions 
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