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Abstract: Artificial Intelligence has been blending into daily 

life by means of many useful applications from voice 

command to facial recognition. One therapeutic application to 

be supported by AI solutions is treatment of people with 

Autism Spectrum Disorder. A closed loop feedback system is 

planned in conjunction with a novel reward system that will 

encourage the user to express emotions and be rewarded for it 

in a virtual environment. In this work five popular neural 

network architectures of VGG16, ResNet50, GoogleNet, 

ShuffleNet and EfficientNetb0 are studied and compared, with 

the aim of finding a relation between accuracy and developed 

features based on the architecture, for the application in Facial 

Emotion Recognition (FER). Three datasets were used, the

OULU-CASIA for training and validation, alongside FACES 

and JAFFE for robustness analysis. The images were first pre-

processed to eliminate background noise. The performance of 

the model was based on the true positive predictions with 

Grad-CAM prediction visualizations to visualize the focus of 

the networks in making decisions for classification. Results 

showed that deep network architectures with high parameter 

space performed best, with architecture design showing more 

influence on the region of focus than on classification results.

This is attributed to the different layer combinations as well as

parameters used for feature extraction. Shallow depth 

networks with high parameter space performed better than 

deep networks with low parameter space for FER application.

Keywords: Autism Spectrum Disorder (ASD), Deep 

Learning, Facial Emotion Recognition (FER), Therapeutic 

Application.

1 Introduction

Deep learning has become a popular topic over the recent 

years. The use of deep learning has been adapted into daily life 

through many useful applications i.e., voice command 

recognition and transcription. The popularity of intelligent 

systems coupled with the willingness of people to adopt this 

technology, has paved the way for researchers to implement

deep learning algorithms for different applications and 

industries i.e., financial institutions, security applications and 

medical domain. 

One such application of deep learning in the medical 

field is for the recognition of human emotions [1]. Emotion 

recognition is currently being studied as a method to help treat 

patients with Autism Spectrum Disorder (ASD), a 

developmental brain disorder that affects the social 

interactions and communications of individuals [2]. A closed-

loop feedback system is being developed which immerses the 

subject in a virtual reality environment i.e., a game, in which 

the subject is presented with different scenarios ranging from 

social skills building to emotional reaction inducing stimuli. 

To encourage the subject to interact more and express 

emotions, a novel reward system is in development. The 

system is designed such that the user will receive incentives as 

rewards inside the virtual environment whenever they are able 

to express an emotion to the stimuli in the game [3].

The concept of using emotion recognition to help people 

with ASD has been studied in different works with promising 

results. A clinical trial performed in [4] showed that the use of 

such a treatment method resulted in better social skills in 

children with ASD. In [5] a pilot study was performed, and the 

virtual reality treatment system administered yielded 

encouraging results. The implementation of a facial emotion 

recognition (FER) system studied in [6] provided a positive 

outlook into the improvement of ASD children’s interactions 

and behavioural monitoring. These studies show that such 

treatment interventions assist the physicians work in helping

alleviate the effects of ASD.

As a main component of the system, expressed emotions

must be efficiently recognised. The use of facial expressions 

for emotion recognition is being studied for this application. 

______
*Corresponding author: Herag Arabian: Institute of Technical 
Medicine (ITeM), Hochschule Furtwangen University, Jakob 
Kienzle Str. 17, VS-Schwenningen 78054, Germany, E-Mail: 
H.Arabian@hs-furtwangen.de
Verena Wagner-Hartl: Departement of Industrial Technologies, 
Campus Tuttlingen Furtwangen University, 78532 Tuttlingen, 
Germany
Knut Moeller: Institute of Technical Medicine (ITeM), Hochschule 
Furtwangen University, VS-Schwenningen 78054, Germany

cdbme_2022_8_2.pdf   524 8/29/2022   5:46:21 PM

524

DE GRUYTER Current Directions in Biomedical Engineering 2022;8(2): 524-527



The facial expressions were selected as 55% of a person’s 

feelings and attitudes are conveyed by facial gestures [7]. To 

translate images of facial expressions into an emotion class, a 

Convolution Neural Network (CNN) was adopted. Different 

CNN architectures were trained on one and tested against two 

other databases to further evaluate the robustness of the chosen 

models.  

In this study three databases of OULU-CASIA [8], 

FACES [9], and Japanese Female Facial Expressions (JAFFE) 

[10] were selected for model analysis. The images from the 

datasets were first pre-processed to remove background noise 

and highlight the face of the subject in the image as per 

previous work [11]. After which each model is trained and 

validated on the OULU-CASIA [8] database and tested against 

the FACES [9] and JAFFE [10] datasets. The performance of 

the model is based on prediction accuracy along with a 

quantitative analysis of the regions of focus of the model for 

classification, extracted by the Gradient-Weighted Class 

Activation Mapping (Grad-CAM) technique [12]. 

The aim of this study is to evaluate and compare the 

performance of different network architectures for FER. 

2 Methods 

Images from the three datasets of OULU-CASIA [8], FACES 

[9], and JAFFE [10] were first pre-processed by a 

segmentation algorithm developed in previous work [11] to 

remove the background noise and focus on the face of the 

subject. After which five different CNN model architectures 

were selected, the VGG16 [13], GoogleNet [14], ResNet50 

[15], ShuffleNet [16], and EfficientNetb0 [17]. Transfer 

learning was used as the initial weights for the FER training. 

The pre-trained weights of the different models are the results 

of training the given CNN architecture with ImageNet 

datasets. The models were then re-trained and validated on the 

OULU-CASIA [8] database. 

2.1 Model Selection & Training Options 

When it comes to deep learning the idea of going ‘deeper’ for 

a better performance has stood out [14]. However, some 

studies have argued that with deeper models the possibility of 

overfitting increases and at the same time a drawback of 

computational inefficiency rises. The deeper the network the 

more computational time and demand [14]. To this end 

different architectures of varying depth and parameter 

calculations were studied. 

Different CNN model architectures were reviewed and 

five were selected based on factors such as depth, number of 

parameters, same input dimension, as well as computational 

concept. The chosen architectures were VGG16 [13], 

GoogleNet [14], ResNet50 [15], ShuffleNet [16], and 

EfficientNetb0 [17]. Table 1 describes the differences between 

model architectures. The models were trained according to the 

training options of Stochastic Gradient Descent with 

Momentum (SGDM) as solver, with 100 Epochs and batch 

size of 50, shuffling at every Epoch, at a constant learning rate 

of 1e-4 and 0.9 as momentum. 

Table 1: Architecture design comparison. 

Architecture Depth Parameters Layers 

VGG16 16 138 M 41 

GoogleNet 22 7 M 144 

ShuffleNet 50 1.4 M 172 

ResNet50 50 25.6 M 177 

EfficientNetb0 82 5.3 M 290 

 

The concept of the GoogleNet [14] is a stacked inception-

based approach, this method balances the increase in depth 

with lower computational complexity. The ResNet50 [15] is 

designed as a bottleneck to enhance the performance of the 

training by using residual mapping to tackle the saturation 

degradation problem. ShuffleNet [16] is designed with needs 

of computational limited resources in mind. The architecture 

promotes grouped convolution and involves more feature map 

channels which encode more information, crucial for small 

network performance. The VGG16 [13] is modelled based on 

the notion that depth is critical to performance accuracy and 

visual representations. In EfficientNets [17] the concept of 

scaling up a network architecture by means of a compound 

scaling method was addressed. The architecture shows that 

carefully balancing network width, depth, and resolution is 

important for improved accuracy and efficiency.  

2.2 Database Description 

The Oulu-CASIA database is a collection of image 

sequences captured from 80 different subjects expressing six 

basic emotions of Anger, Disgust, Fear, Happiness, Sadness 

and Surprise. The database was built with three different 

lighting situations and two image capturing techniques [8]. 

Images of original RGB, visible light with strong illumination 

lighting were selected with a total of 10,379 images.  

The Japanese Female Facial Expressions (JAFFE) 

database is composed of 10 different Japanese female students 

expressing seven emotions (six basic plus Neutral) totalling 

213 facial portrait images portrayed in grey scale [10]. The 

FACES dataset is made of images from varying subject ages. 
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It has a total of 2,052 images expressing six emotion classes 

of Anger, Disgust, Fear, Happiness, Neutral and Sadness [9].

2.3 Performance Criteria

To analyse and compare between the different models, 

performance criteria were set. The OULU-CASIA [8] was first 

partitioned into 90% training and 10% validation set, with a 

randomised selection. The same images were used for each of 

the five models to have a fair comparison. The FACES [9] and 

JAFFE [10] datasets were used for the model robustness

performance analysis to unseen data from different sources.

The model performances were based on true positive 

prediction accuracies of the validation set, while robustness on

the testing datasets. The visualization technique of Grad-CAM

[12] was used as a performance metric to observe if the models 

were focusing on regions relative to emotion classification.

The visualizations were calculated between the ‘SoftMax’

probability layer and the final layer before either the Global 

Average Pooling (GAP) or Fully Connected (FC) layer of each 

of the different models. The visualization feature maps were 

computed for each image; after which they were averaged 

across the class. The class feature maps were then compared 

with a class agnostic mask, generated in [11], that highlighted 

the regions of importance for emotion classification. The Dice

[18] similarity coefficient was used as a metric for region of 

focus analysis.

Table 2: Distribution of images into the respective classes of each 
of the datasets of OULU-CASIA, FACES and JAFFE before and 
after image pre-processing.

OULU-CASIA FACES JAFFE

Class Orig. Proces Orig. Proces Orig. Proces

Anger 1790 1538 342 292 30 30

Disgust 1633 1425 342 292 29 29

Fear 1796 1734 342 292 32 32

Happy 1791 1725 342 292 31 31

Sad 1668 1445 342 292 31 31

Surprise 1701 1432 0 0 30 27

Total 10379 9299 1710 1542 183 180

3 Results & Discussion

The image pre-processing phase is analysed and results shown

in Table 2, along with the distribution of the images for each 

of the three datasets into their respective classes. The image 

pre-processing algorithm excluded 10.41%, 8.77% and 1.41% 

of the images of OULU-CASIA, FACES and JAFFE 

respectively, from further processing due to the failure of the 

method to segment the prescribed regions. The Neutral class 

was removed from the analysis. The class distribution was 

near equivalent presenting no bias towards a specific class. 

3.1 Model Performance

The performance of the different models on the validation and 

testing sets are represented in table 3. As can be seen from the 

results the VGG16 architecture achieved the best performance 

on the validation set and this complemented the robustness 

performance achieving 52.46% for the FACES and 38.89% for 

the JAFFE dataset. The EfficientNet architecture achieved the 

lowest performance in the validation set with ResNet50 having 

the worst robustness accuracy among all models. To get a 

clearer perspective a look at the Grad-CAM prediction 

visualizations and similarity coefficient was taken. 

Table 3: Performance results of the true positive predictions of the
five different models on the validation and testing sets.

% OULU-CASIA FACES JAFFE

VGG16 99.46 52.46 38.89
ResNet50 94.73 17.25 17.22

GoogleNet 96.88 43.64 35.00

EfficientNetb0 91.71 22.76 18.89

ShuffleNet 96.99 36.77 29.44

Figure 1 represents the Dice similarity coefficient results 

for the validation and testing sets for each of the five trained

models. A variable performance was noticed between the 

different datasets, with ResNet50 having highest values in the 

testing sets at 57.11% and 63.55% for the FACES and JAFFE 

respectively. This comes as a contrast to what was observed in 

the accuracy results (Table 3), where the Resnet50 showed the 

worst performance. This anomaly is difficult to interpret with 

Figure 1: Dice similarity coefficient results for each of the datasets 
and model architectures. Average and Standard Deviation
over the five trained models are shown.
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the given measures. A visual inspection of the Grad-CAMs 

showed the differences in informative features focus area; 

however, a quantifiable measure was not performed and was 

left for development in future work. The design of the 

architecture was considered as the main influence factor for 

such observations.  

The results obtained helped in disregarding, at this stage, 

some network architectures from further consideration. 

However, a definitive optimal architecture could not be 

achieved. The main performance metric for any architecture is 

considered to be the true positive accuracy performance, 

however, the visualization measures tell a different story.       

4 Conclusion 

In this study the influence of CNN architectures on FER was 

analysed. The results showed that the VGG16 model 

performed best in terms of a quantitative true positive measure. 

However, this contrasted with the similarity metric analysed 

which showed best performance, in terms of region of focus, 

for the ResNet50 model. Therefore, it was deduced that the 

design of the architecture has more influence on model region 

of focus for decision making, which is important for 

classification. The results shown are preliminary; further 

research is required.  Testing on a closed loop system is being 

planned with a general user interface already established, 

further tests and analyses will be carried out in real time. 
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