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Abstract 

 

In recent days, autonomous driving systems (ADS) effectively utilize facial emotion recognition (FER) results for safe driving. In 

FER, the system provides the user emotions such as happy, sad, anger, surprise, disgust, fear, or neutral. These emotions provide 

helpful information for safe driving and reduce the chances of road accidents. The conventional FER approaches use 2D images as 

their inputs and classify the user emotions. However, the 2D face images in the conventional FER approaches have limited 

features for model training. In addition, the features from the 2D face images themselves are not sufficient for accurate emotion 

classification. To reduce the feature extraction issues in the conventional FER approaches, we propose a 3D face image-based 

FER approach that uses the 3D face reconstruction technique for converting the 2D face images into 3D face images. The deep 

convolutional neural networks (DCNNs) used in the proposed FER approach efficiently use the 3D face images as inputs and 

classify the user emotions with minimum errors. The experiment results show that the proposed 3D face image-based FER 

approach achieves 99% classification accuracy which is better than the conventional 2D face image-based FER approach. 

 

 

Ⅰ. Introduction 

In autonomous driving systems (ADS) [1], the driver’s 

emotions provide crucial information for safe driving [2]. 

The facial emotion recognition systems (FER) in the ADS 

recognizes the mental status of the driver and these results 

reduce the occurrence of road accidents. In FER, the system 

classifies the driver’s emotions into happy, sad, anger, 

surprise, disgust, fear, or neutral [3]. These classification 

results give useful information in the ADS for maintaining 

the vehicle’s safety. The FER system captures the driver’s 

emotions in the form of images and classifies the emotions 

based on the characteristics of the input datasets. In the 

existing FER approaches, the system uses the 2D faces as 

input images and the deep learning models used in the FER 

system classify these emotions based on its training data 

[4]. However, when a deep learning model [5] uses 2D face 

images as its inputs, the system needs a huge dataset for 

model training. As a result, it shows poor performance when 

a small dataset is used. To address this problem, in this 

paper, we propose a FER approach that uses 3D face images 

as the model input and the system shows better 

classification results with 3D face images than that of 2D 

images. The classification results from our experiments 

show that the proposed FER approach reached better 

classification results than the conventional 2D image-based 

FER approach. 

 

In this paper, we proposed a 3D face-based FER approach. 

The proposed system uses the 2D images as inputs and 

converts them into 3D images using a 3D face construction 

technique [6][7]. The deep learning model utilizes these 3D 

face images as its inputs to train the model. The proposed 

system uses deep convolutional neural networks (DCNNs) 

as the deep learning model and the 3D face images provide 

accurate facial features to the DCNNs. To validate our FER 

approach, we compared the proposed  FER approach with 

the conventional FER approach. The conventional FER 

system uses 2D face images as its inputs and uses the same 

DCNNs configuration as the deep learning model. We 

compared the model accuracy, precision, recall, F1 score 

and confusion matrices from the proposed and conventional 

FER approaches in the experiment results and analysis 

section. The results from our proposed FER approach 

validate the significance of our approach for emotion 

classification. 

 

 

 



 

The remainder of this paper is structured as follows. 

Section II presents our proposed FER system using 3D face 

reconstruction. Section III discusses the performance of the 

proposed FER approach with experiment results and 

analysis. Finally, section IV concludes this paper with future 

FER research directions.   

 

Ⅱ. Proposed FER System Using 3D Face Reconstruction 

The proposed FER approach effectively utilizes the features 

from 3D face images. The system converts the 2D face 

images into 3D face images and the deep learning model 

uses these 3D face images for its training. The proposed 

FER system consists of a 2D to 3D converter, facial image 

threshing (FIT) machine [8], DCNNs as the deep learning 

model which classifies the emotions. Fig. 1 shows the 

proposed FER system using 3D face reconstruction. 

The proposed FER system uses the 2D Face images as 

input and converts them to a 3D dataset using the online 3D 

face reconstruction tool. The system then pre-processes 

the 3D face images by the FIT machine and removes the 

unnecessary features from the dataset. The output of the 

FIT machine is a resized 3D face image with 48 × 48 

resolution. Next, the system converts the color 3D face 

images into grayscale. Finally, the system splits the 

grayscale 3D face image dataset into training, testing and 

validation in the ratio of 60:20:20 and trains the model using 

the training and validation data. The trained DCNNs model 

classifies emotions into one of the seven categories: happy, 

sad, anger, surprise, disgust, fear, and neutral. 

 

Ⅲ. Experiment and Result Analysis 

To validate our proposed FER approach using 3D face 

reconstruction, we did our experiment with a user. First, we 

simulated the FER environment and collected the data with 

seven emotions. The dataset consists of happiness, sadness, 

angry, surprise, disgust, fear, and neutrality. Next, we 

converted this dataset into 3D face images and used them 

for the DCNNs training. Fig. 2 shows the performance of the 

proposed and conventional FER approaches. 

 

 From Fig. 2, the proposed 3D face-based FER approach 

shows better classification results than the conventional 2D 

face-based FER approach. The proposed 3D face image-

based approach improves the recognition rate and the 

DCNNs model has a 23.16% accuracy improvement 

compared to the conventional approach. The results from 

the confusion matrices validate our proposed FER approach 

and this approach is an effective method for FER 

applications. The performance of the proposed and 

conventional approaches is summarized in Table 1. 

 

 

 

Table 1: Performance comparison of proposed and 

conventional FER approaches. 

 

FER 

Approach 

Accuracy 

(%) 
Precision Recall F1 Score 

Proposed 

FER 
99.8% 99.80 99.80 99.80 

Convnetion

al FER 
76.82% 85.35 76.82 78.33 

 

From Table 1, the proposed FER approach achieved a 

better accuracy, precision, recall and F1 score than the 

conventional FER approach. These results demonstrate the 

impact of the 3D face image-based FER approach and our 

method is a suitable FER approach in ADS. The 3D face 

images provide better facial features for model training as 

compared to 2D face images. The DCNNs model trained with 

a 3D face dataset has more precise classification results 

than the conventional FER approaches.   

 

Fig. 1 Proposed FER system using 3D face reconstruction. 



 

 

Fig. 2 Performance of the FER approaches. (a) Proposed FER approach. (b) Conventional FER approach.

IV. Conclusion  

In this paper, we proposed a FER system using 3D face 

reconstruction. The proposed FER system takes the 2D face 

images as the input and converts them into 3D face images. 

The DCNNs used in the proposed FER utilizes the features 

of 3D images and provide real user emotions. The 

experiment results show that the proposed 3D face image-

based FER approach achieves more accurate emotion 

classification results than the conventional 2D face image-

based FER approach. In future works, we can extract the 

face landmarks from the 3D images and improve the 

performance of the proposed FER approach.             
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