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Abstract: Current paper presents development of system intended to classify human facial and body emotions. It is based on two deep 

learning neural networks (DNN): - first one used for facial emotion recognition (FER) and second one for body gesture emotion recognition 

(BER). Combination of the results obtained by the two modalities (facial expression data and body gestures language data) provides more 

accurate results instead of these obtained using only one modality. After brief analysis of the available pre-trained DNN and datasets for 

facial and body emotions recognition, based on previous authors’ developments, the selection of two DNN models has been done. They are 

used in the development and verification of present system. 
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1. Introduction 

The emotions are one of the main non-verbal ways used by people 

to present their attitude to other people, subjects, products, services, 

computers, robots virtual reality, etc. Main modalities of emotions 

are human voice, facial expressions, body gestures and postures. 

Other physical sources (modalities) of emotions are body 

temperature, blood pressure and heart rate, brain activities, etc. For 

facial and body gestures emotion recognition, systems based on 

deep learning convolutional neural networks (DNN) are used. It is 

proved [1] that unimodal systems have less accuracy of recognized 

emotions than bimodal or multimodal systems. In this study, we 

present a bimodal system based on facial emotion recognition and 

body gestures recognition, based on our papers [2,3]  

1.1 Facial Emotions 

People show specific emotions and their nuances using various 

facial expressions involving the eyes, eyelids, eyebrows, lips, nose, 

chin, etc. The basic emotions are happy, surprise, sadness, anger 

and fear, disgust, as well as neutral. Ekman and Friesen [4, 5] 

proposed in 1978 and 2002 a system for coding facial emotions. 

They named it Facial Action Coding System (FACS). The system 

classifies the facial expressions on the base of elementary 

components called Action Units (AUs). Each AU has a number 

(from AU1 to AU35) related to one or group of the facial muscles. 

For instance, the emotion Anger given on Fig. 1 is presented with 

(AU4) brow lowerer, (AU5) Upper lid raiser, (AU7) lid tightener 

and (AU23) lip tightener. 

 

 
Fig. 1 Emotion Anger combines AU4, 5, 7 and AU23  

 

1.2 Body Emotions 

After the facial emotions, the body gestures, also known as 

body language, are one of the strongest non-verbal sources of 

emotions. The body language is related to the position of the head, 

positions of the arms, hands and fingers, and positions of the legs, 

as well as the position of the torso. For example, the body gestures 

corresponding to the emotion surprise [6] given on Fig. 2. are 

related to one of following combinations:  right/left or both hands 

moving toward the head; moving the right/left hand up; two hands 

touching the head, face or mouth; both hands over the head; 

right/left hand touching the face/mouth; self-touch/two hands 

covering the cheeks; self-touch/two hands covering the mouth; head 

shake; body shift/backing. 

 

 
Fig. 2 Body emotion Surprise 

 

1.3. Analysis of emotions 

Through the analysis of facial and body emotions, the behavior 

of people can be predicted and recommendations or suggestions for 

the use of services and products can be generated. The analysis of 

the emotions can be used in human-machine and machine-human 

interfaces, as well in medicine, police, market of different products 

or services, etc. For example, in medicine to detect depressive states 

which increased during the Covid pandemic or to detect different 

illnesses; In police practice whether a suspect is lying or not; In 

autonomous cars to propose appropriate routes, avoiding heavy 

traffic in case the driver is nervous; In market products - what is the 

consumer's attitude to a product; In computer game industry - to 

adapt the level of music in some scenes in order to create more 

adequate virtual reality; In universities to personalize the lecture 

material on the base of students’ emotion during their online 

training. 

 

2. Recognition of facial and body emotions 

2.1. Facial emotions recognition 

Facial emotions recognition (FER) is a part of the process of 

facial image recognition. Convolutional neural networks known as 

Deep neural networks (DNN) are applied for FER. Initially, these 

networks trained with large number of photos of human faces 

(datasets) in order to recognize (classify) faces. For example some 

datasets include several thousand pictures of the faces of different 

persons, other datasets include several millions pictures. Pictures in 

the datasets are labeled with information about the presented 

face/person. Usually, one dataset contains training, testing and 

validation subsets of pictures. After training phase, the DNN are 

checked with testing subset of images in order to estimate their 

accuracy to recognize cer. Next, the trained DNN can be applied for 

verification/prediction of emotions of not labeled pictures. In order 

to recognize facial emotions DNN additionally are trained with 

specific FER datasets as FER-2013, CK+ RaFD, KAD, MUG, etc., 

commented in [2]. The whole FER process or pipeline includes 
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following steps: face detection and cropping, preprocessing of 

cropped image, deep feature learning and deep classification [7-10], 

explained in details in [2].  

 

 
Fig. 3 Typical architecture of CNN for FER 

 

Usually, every DNN for FER “Fig. 3.” contains groups of 

convolution, activation and pooling layers (CONV, RELU and 

POOL) used for feature learning and at the end of network there is 

one or more fully connected layers (FC) intended to seven basic 

emotions classification.  

 

2.2. Body gestures emotion recognition 

The process of body gestures emotion recognition (BER) is 

similar to facial emotion recognition and uses similar DNNs. First 

step of the process is person or human detection in the picture and 

extraction of potential region of interest (ROI). Second step is body 

pose detection. There are two main types’ models of pose detection: 

- parts based models and kinematic models. In parts based models 

the body presents itself as flexible configuration of different parts 

(Fig. 4 left) part. In this case, each part of the body can be detected 

and examined independently of the others [11]. In kinematic 

models, the human body is represented by defining a collection of 

interconnected joints that it simulates a simplified human skeleton. 

Next step is body features extraction. For this purpose, the DNN 

trained with EMOTIC, FADO, ImageNet or other datasets and after 

that used for classifications. The body gestures emotion recognition 

DNNs contain similar convolutional groups as DNN for FER. At 

the end of BER DNN the fully connected layer is responsible for the 

body emotion classification. Some of the body gestures emotion 

recognition systems are using two DNN models: - one for body 

emotion classification and second for image scene or image 

background classification. The output of first DNN provides 26 

discrete emotions and the output the second DNN is related to 3 

continuous emotion dimensions VAD model (Valence, Arousal and 

Dominance) [15] proposed by Russel in 2003. The valence 

categorizes emotions as positive or negative. The arousal 

categorizes them as neutral, passive and active and the dominance 

as neutral, low dominance, and high dominance. On “Fig. 4 – right 

part” the known emotions are presented in 3D VAD model.  

              
Fig. 4. Part based model                    and  3D VAD model 

 

The usage of second model improves the accuracy of emotions 

prediction because many authors and scientists state that there is 

strong correlation between facial and body emotions and 

surrounding scene. Body emotions recognized by the BER DNN 

vary from well-known basic 6 and 7 (with neutral) emotions to up 

to 26 (affection, anger,  annoyance, anticipation, aversion, 

confidence, disapproval, disconnection, disquietment, 

doubt/confusion, embarrassment, engagement, esteem, excitemen, 

fatigue, fear, happiness, pain, peace, pleasure, sadness, sensitivity, 

suffering, surprise, sympathy, yearning).  

 

2.3. FER and BER Datasets 

There are many FER and BER datasets with various number of 

facial emotion and body gestures images or sequences of images 

taken in different positions, with different size and scene 

background. Only few of them used to train the DNNs in our 

system are presented below.  

Dataset FER-2013 contains 35887 BW images with 7 labeled 

emotions. Images with size 48x48 are split in 3 subsets for training, 

testing and validation.   

Extended Cohn-Kanade dataset (CK+) includes 327 video 

sequences with BW 640x490 pixels images of 118 people with 7 

labeled emotions based of FACS.  

The EMOTIC dataset [16] contains 23571 labeled images of 

people with different emotions in diverse environments in various 

places. Emotions classified in 26 categories according to the 3D 

VAD model.  

The Bimodal Face and Body Gesture Database (FABO) 

database [16] contains around 1900 gesture video sequences split in 

10 emotion categories All emotions are labeled according FACS 

and VAD.  

 

3. Selection of DNN for FER and BER 

The selection of DNN models for facial emotion recognition has 

been done in paper [2] presented on ICAI 2020 conference. In this 

paper after the detailed analysis of pre-trained deep learning 

networks for FER two models described below are selected. 

Analyzed DNNs included models as VGG16, VGG19, VGG-Face, 

Google FaceNet, OpenFace, Facebook DeepFace DeepID and some 

authors’ developments. The selection of second DNN model for 

body gestures recognition was discussed in the paper [3] and is 

presented on ICAI 2021 conference. It is described below, as well. 

The analyzed in second paper models [15-17] were based on 

ResNet18, ResNet50 and similar to them DNN architectures which 

differ from each other by different numbers of the convolutional 

groups, different type of POOL layers based on max or average 

pooling.  

First pre-trained DNN model for FER that we selected is 

architecturally based on VGG. It has 5 groups of convolutional 

layers with batch normalization layers between internal 

convolutional layers. Each group ends with max-pooling and 

dropout layer. The number of convolutional layers in first group is 

2, in second group is 3 and in the last three groups is 4. Input layer 

provides BW images with size 48x48 pixels and last two layers are 

fully connected and their output is 7 basic emotions. The number of 

weights of this model is more than 13 million. Second model was 

DeepFace framework [7] based on ensemble of 5 pre-trained 

models (VGG-Face, Facenet, OpenFace, DeepFace, DeepIdI From 

the source code of this model we succeed to extract the pre-trained 

CNN model and features intended only for FER. The architecture of 

this model has 3 convolutional groups with 5 convolutional layers. 

First group is simple only one convolutional layer followed by max-

pooling layer. Next two groups have 2 convolutional layers 

followed by one average-pooling layers. Input layer provides BW 

images with size 48x48 pixels. Output layers are 4 fully connected 

layers with 2 dropout layers in between. Last output layer returns as 

result 7 emotions. This model is simpler than first one and the 

number of its weight parameters is 1.485000. Both models are 

trained and verified using the FER-2013 dataset. The accuracy of 

first model is almost 70% and for the second model is 57% An 

additional verification of the considered models was made with CK 

+ dataset. The accuracy of both models is 56%. We selected first 

model to be used in our bimodal system because it has great 

accuracy then the second.  

Selected pre-trained DNN model for body gesture emotion 

recognition is based on adapted version of ResNet18 [17], 

predecessor of ResNet 50. It contains one input layer providing 

112x112 pixel RGB images, 21 convolutional groups composed of 

2D CONV layer with Batch normalization and ReLU layers. Last 

layer is Adaptive Average Pooling. Only the first convolutional 

group includes at the end additional Max pooling layer. The output 

of the FC layer are 26 emotions and 3 continuous VAD dimensions. 

The model weight parameters are 11363757. It trained with 

EMOTIC dataset and produces similar accuracy results as the other 

model discussed above (trained with the same EMOTIC dataset).  
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Combining DNN for body emotion recognition with our DNN 

model for facial emotion recognition, we construct current hybrid 

system for emotions recognition (Fig. 5). The results from both 

models are compared in a decision module and when they are 

similar or equal with more confidence we can state they are truth. 

Our FER model provides as result 7 emotions, but selected BER 

model produces 26 emotion, as well VAD values. The decision 

module searches for similar emotion for example to happy (from 7 

FER emotions) correspond happiness, pleasure and peace or to 

disgust correspond annoyance, disapproval, etc.  

 

 
Fig. 5. Architecture of the current system 

 

4. Verification of the system 

The verification of models is done with our dataset with more 

than 1000 photos (Fig. 5.), during scientific forums at the university 

(UCTM) in the last two years with the participation of students and 

PhD students. Initially, the dataset included collection of 500 photos 

only of their faces. Now we extended it with 500 photos of the 

entire body.  

 

 
Fig. 6 Examples of face and body pictures from our dataset 

 

Next  figures (Fig. 7. to 14.) show the results in recognizing 

different emotions provided by the system during of the tests. The 

figures are grouped in two for each of the emotions. The left part of 

the first figure is the full-length photo of the particular person. On 

the right are the recognized parts of his body, and below the figure 

are the recognized emotions (different number for each person), as 

well as the VAD values. The second figure shows the results of the 

recognition of facial emotions, with the face given on the right and 

the recognized emotions in percentages on the left.  

 
Confidence, Happiness, Pleasure, Sadness 

VAD: 5.4376/ 4.9538/ 5.6304 
Fig. 7. BER results (4 emotions and VAD values) 

 
Fig. 8. FER result (Happy) for the same picture 

 

There is coincidence between BER and FER results and end 

result is again the emotion Happiness.  

 

 
Ager, Annoyance, Disquietment, Doubt/Confusion, Fatigue, Fear, 

Pain, Sadness, Suffering, Surprise 

VAD: 4.4233/ 4.6540/ 5.4249 
Fig. 9. BER results (11 emotions and VAD values) 

 

 
Fig.10. FER results (5 emotions) for the same picture 

 

There is coincidence between BER and FER results and the end 

result is the emotion Surprise.  

 
Anger, Annoyance, Aversion, Disapproval, Disconnection, Fatigue, 

Fear, Pain, Sadness, Suffering S 

VAD: 3.7680/ 4.7523/ 4.3812 
Fig. 11. BER results (10 emotions and VAD values) 

 

 
Fig. 12. FER results (1 emotion) for the same picture 

 

In this picture, there is again a match of the recognized facial 

and body emotions and the end result is the emotion Fear.  

 

 
Anger, Annoyance, Aversion, Disapproval, Disconnection, Pain 

Sadness, Suffering, Surprise 

VAD: 5.6271/ 4.549/ 6.3979 

Fig. 12. BER results (9 emotions and VAD values) 
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Fig. 13. FER results (Happy) for the same picture 

 

In this case there is no correspondence between the result 

produced of both models. This can be seen from the position of 

arms in the other figures (Fig. 7 and Fig. 9). In this case we accept 

the result of FER classificationj (Happy) as a final.  

 

5. Conclusions 

In this study, a brief introduction of human emotions has been done, 

and especially how the recognized facial and body emotions can be 

used in different areas. The processes of automated facial and body 

emotion recognition based on deep learning DNN models for FER 

and BER are presented. The study is oriented towards the selection 

of suitable pre-trained DNN models, which can be used to build 

current bimodal system. Combining the FER and BER DNN 

models, we have created a hybrid bimodal system that can be used 

for a variety of purposes, one of which is to improve students' 

personalized learning based on recognizing their positive, neutral, 

or negative facial and body emotions. Therefore, our future work 

will be focused on revealing neutral and negative emotions in order 

to adapt the teaching material and increase the performance of 

students, as well to assist teachers in the presentation of teaching 

material by changing the pace of teaching.  
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