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Abstract 

Nowadays machine learning algorithms allow us to solve various difficult problems and optimize things a lot. 

One of such problems is detection of facial expressions. Detection of facial expressions can be used for market 

analysis, self-driving cars and in the entertainment industry. However, many challenges arise when trying to build 

a classifier for custom emotion, such as covariate shift and imbalanced number of instances per class. In this paper 

we present a new image dataset OAHEGA, that consists of six emotions, and conduct experiments on it. We also 

provide a comprehensive study of building a successful application on top of a model trained using the highlighted 

dataset. 
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1. Introduction 

 Recently, a type of machine learning algorithms called neural networks experienced a rapid increase in 

demand. Since the ImageNet competition and AlexNet [1] which was a winning architecture back in 2012, the 

computer vision field developed rapidly. Such a fast development is due to two main reasons: availability of big 

image datasets and construction of better algorithms. These improvements gave a possibility to solve a huge 

number of vision related tasks. One of such problems is understanding and detection of facial expressions. This 

task is crucial for many applications including market research, making self-driving cars safer, analysis of 

interviews and so on. The described task is not a new one, thus many solutions exist along with datasets, including 

FER [2] and AffectNet [3]. However, the task becomes more challenging if we consider detecting a new class of 

images because of challenges of data collection and covariate shift. In our work we describe the procedure of 

collecting a new dataset, containing six emotions: neutral, happy, angry, surprise, sad and ahegao, and show the 

experimental results on it. Big part of work is devoted to automation of data collection and processing using state-

of-the-art object detection model YoloV3[4]. Building a real time emotion recognition system, embedded in 

mobile applications, raises new challenges of seeking for balance between models' accuracy and speed. Thus, we 

describe an overall pipeline consisting of face and body detection/localization model and an emotion recognition 

one. We make a choice of an architecture based on embedded devices limitations and experiment with possible 

optimizations using a knowledge distillation [5] technique along with post-training quantization [6,7]. Finally, a 

procedure of building a mobile application on top of a constructed pipeline and trained models is described. 

 

2. Prior work 

 Paul Ekman is best known for his work with facial expressions. He theorized that not all expressions are 

the result of culture. Instead, they express universal emotions and are therefore biological. They include surprise, 

sadness, happiness, disgust, anger, and fear. One of the most famous emotion recognition datasets, FER, includes 

six universal emotions. Many researchers used this dataset as a main benchmark for facial expressions recognition.  

Pramerdorfer et al. [8] make an overview of six CNN based approaches to FER dataset and consider state-of-the-

art CNN architectures like Inception[9], Res-Net[10] and VGG[11] with small changes. In their work it’s shown 



that using an ensemble of recent deep CNN models, one can achieve a state-of-the-art performance on FER dataset 

without any need for additional image data and comprehensive data augmentation. Siqueira et al. [12] show that 

their ESR (Ensemble with Shared Representation) model copes with a problem of unbalanced label distribution 

and outperforms state-of-the-art deep neural networks on AffectNet and FER+ [13] datasets. One of the main 

problems of training every machine learning algorithm is the quality of the input data. As it's a very difficult job 

to annotate an emotion recognition dataset due to the uncertainties caused by ambiguous facial expressions and 

low-quality facial images, the quality of corresponding labels decreases. Wang et al. [14] propose Self Cure 

Network (SCN), that suppresses uncertainties efficiently and prevents deep networks from overfitting uncertain 

facial images. It’s achieved by using three main building blocks: self-attention importance weighting, ranking 

regularization and relabeling.  While their approach shows competitive results on CK+ [15], FER+ and AffectNet 

datasets, the results on the newly introduced WebEmotion dataset show that the highlighted approach is even 

capable of handling both synthetic and real-world uncertainties effectively. In the most recent work by Shi et al. 

[16], the researchers argue that the feature map is eroded after multi-layer convolution, which reduces the 

performance. As the solution to this problem, they introduce a novel architecture named Amend Representation 

Module (ARM). In order to cope with imbalanced data, a minimal random resampling (MRR) scheme is 

employed. Using both techniques together, researchers achieve current state-of-the-art performance on RAF-DB 

[17], FER2013 and AffectNet.  

Though many new discoveries and developments were made in terms of model architectures to exceed the state-

of-the-art performance on known benchmarks, the highlighted approaches were solely focused on the increase of 

accuracy. In our approach we are more focused on finding a balance between accuracy and speed, as needed for 

real-time performance on embedded devices. Similarly, to Hewitt et al. [18], we considered Mobile Net as a main 

model for emotion recognition, because of its highly optimized structure and competitive accuracy. As it was 

already exposed in the paper, one of the main problems in machine learning projects is the quality of the data. 

Thus we collect a new dataset with a custom emotion. Approaches of handling overfitting and imbalanced data 

along with model training and construction of the application are considered further in the paper. 

 

3.Data gathering 

 The overall data gathering process was based on the constructed pipeline and functionality that was 

included in the final application. Recognition of emotions implies understanding of the face position, which can 

be challenging considering the end-to-end system. One of the workarounds is to add complementary information 

to the model as coordinates of face position or/and key points of the face. Another possible solution is to use a 

face detection system to first crop the face from the image and then use it as an input data to the emotion 

recognition system. As the main approach, the second one was chosen. Additionally, to face detection, it was 

decided to make people’s detection. Based on these choices, the data gathering process was divided into two parts: 
1) Gathering of the data for face and body detection. 

2) Gathering an emotion detection dataset. 

For face and people detection it was decided to use a neural network-based approach. Nevertheless, many 

pretrained models along with datasets for face detection (WIDER FACE [19], YouTube Faces [20], etc.)  exist, 

the need for people detection made us make our own dataset with further model training. In order not to waste 

much time on the annotation process, the automotive labeling approach was used. Having a model trained to detect 

faces and the one trained for people detection, the data was labeled automatically. For both tasks, YoloV3 models 

were used, first one - trained on WIDER FACE and second one - trained on COCO (excluding all the classes, 

except “person”). Despite, there are other models which are built solely for solving the task of face detection and 
localization, such as MT-CNN introduced by Zhang et al[21], which uses multiple CNNs for the task of face 

detection (one for face detection, other one for bounding box regression and the last one for facial landmarks 

localization), it was decided to stick to the family of models we were familiar with. Logically, the data that contains 

facial information - also contains information about people's bodies. Thus, in terms of data, the WIDER FACE 

dataset was chosen (fig. 1). 



 
Figure 1 - The process of automotive data labeling for faces and people detection 

 
Annotations were saved to TFRecord format for further training simplicity. 

 As it was already discussed in a paper, one of our main contributions is a new dataset [22] for emotion 

recognition. Two aspects made us collect a new dataset: 

1) A problem of covariate shifts due to images with “ahegao” emotion. 
2) An uncertainty in emotion labels and low quality of images. 

In terms of data sources YouTube videos, photographs from Instagram and Facebook were used along with 

some images from AffectNet and IMDB datasets. During data collection each image was processed in the way 

that face was cropped from it using YoloV3 trained on WIDER FACE data. In result we have got a dataset with 

six emotions of high quality: neutral, happy, angry, surprise, sad and ahegao (fig. 2). 

 

 
Figure 2 - The overview of OAHEGA dataset 

 

It is important to note, that disgust and fear emotions weren’t included in the dataset, as of the fact, that the number 
of qualitative samples related to them was too low. The addition of other emotions both to the dataset and to the 

model is the matter of further work. One can also argue that as samples of a new emotion are very difficult to 



collect and introduce the problem of covariate shift, possibly it would be better not to include it all . The thing is 

that this particular emotion is considered to be an “easter egg” and secret in the built application and is mandatory 
for the full entertainment of the end user.  

The dataset can be thought of as the one that mixes two concepts, as rather than being biologically based, 

the ahegao emotion is inspired by internet fashion. Ahegao emotion itself denotes the state of great happiness and 

excitement and is a common expression in Japanese online communication.  One of the ways used to visualize 

the data was using the extracted features from MobileNetV1[23] trained on ImageNet dataset and TensorFlow 

Embeddings Projector. OAHEGA dataset consists of 15744 images. The lowest number of samples is related to 

the “ahegao” emotion, as it was extremely difficult to find qualitative images of it (fig. 3). 

 

 
Figure 3 - Distribution of samples in each class 

 
Though the presented dataset is of small size, it was enough to build a pretty accurate emotion classifier 

that satisfied the needs of application. 

 

4. Models’ trainings 

 As our pipeline consisted of two different steps: detection of faces and people and emotion recognition, 

a separate model was trained for each step. For training of both models, the TensorFlow [24] package was used. 

 

4.1 People and faces detection 

 Main requirements to the model for detection of faces and people was a high speed and accuracy, as it 

would be used on mobile devices and the performance of emotion recognition model depended much on it. 

Originally, the idea was to use the YoloV3 model, because of its brilliant performance. Unfortunately, it wasn’t 
optimized for speed, thus it would be too exhaustive in terms of resources to use it on embedded platforms. 

Another choice could be a Yolo Tiny, but as it was too difficult to port it to mobile devices, we didn’t choose it. 
What was really needed, is an algorithm that can provide a flexibility to impact speed-accuracy balance. One of 

such algorithms is SSD (Single Shot Detector) [25]. A main advantage of SSD is that it has a so-called backbone 

model, which is a sort of feature extractor. As a backbone model any good model trained for high quality image 

classification is used. After the features from the image are extracted, other layers are used to make multiscale 

detections. The possibility to choose a backbone model allows to tune the balance between accuracy and speed.  

 



As a backbone model a MobileNetV1 was used. The overall MobileNetV1-SSD was trained on the 

collected dataset using TensorFlow detection model zoo.  

 

4.2 Emotions recognition 

 As the emotion recognition step was a key one in our application, the corresponding model had to be as 

accurate as possible. Other requirements were a small size of model weights and a high speed of a prediction 

phase. According to the outlined needs, MobileNetV1 was used. MobileNet offers a possibility to control the 

number of parameters in a model through changing the alpha parameter. Alpha parameter is a width multiplier, 

which accepts values between 0 and 1. In our work, the alpha was set to 1. In order to speed up the training 

procedure, transfer learning [26] technique was used.  

Transfer learning gives a possibility to transfer knowledge of the model from one domain to another one, by 

freezing part of weights and retraining upper layers of the network.  As ImageNet didn’t contain many useful 
features regarding facial expressions, only a part of lower layers was frozen, due to the fact that those layers were 

corresponding to the low-level features such as edges and shapes of objects. Number of layers to finetune was set 

as a hyper-parameter and was tuned. In order to increase the performance of the network, additional fully 

connected layers were added on top of the model and their number was defined as another hyper-parameter.  

Training on the imbalanced classes can lead to the problem of overfitting, as the algorithm tends to pay too much 

attention to oversampled classes. Some of the possible solutions to the problem is oversampling of classes with 

small amounts of samples or downsampling of those which contain a bigger number of samples w.r.t other classes. 

On the one hand it was too difficult and cumbersome to continue data gathering, on the other hand we didn’t want 
to miss important patterns and information by downsampling. Thus, in order to mitigate the problem, an 

imbalanced weight was utilized. Specifically, the imbalanced weights were calculated by formula 1. 

  𝑤 =  ∑  𝐶
𝑖=0

𝑁𝑖𝑁𝑚𝑒𝑎𝑛 ,  
𝑤𝑖 =  { 1𝑤𝑖∗𝜇  𝑖𝑓 𝑤𝑖 < 1𝑒𝑙𝑠𝑒 1  ,                                                              (1) 

 
where 𝐶- unique classes, 𝑁 - vector with number of samples for each class, 𝑤 - vector of imbalances weights for 

each class, 𝜇- a tunable parameter. 

 
Overfitting can also happen due to the big complexity of the model. Dropout technique introduced by 

Srivastava et.al [27] is an efficient way of preventing overfitting in neural networks. During training of the 

algorithm, dropout randomly chooses a portion of neurons which is temporarily removed from the network and 

not updated. This procedure results in training a shallow network each time, making the overall network more 

generalizable. The dropout technique was utilized along with L2 weight decay.  

 Another powerful method of tackling the problem of overfitting and adding more variety to the data is 

image augmentation [28]. Image augmentation works by creating new samples by corruption, distortion and 

transformation of the existing ones. Nevertheless, there are many sophisticated approaches to image augmentation 

such as transferring the style of the other image on the original one using GANs [29] or learning the augmentation 

[30] we sticked to the classical approach of affine transformation. Portion of samples was zoomed out and 

horizontally flipped (fig. 4).  



 
Figure 4 - Example of used augmentation 

 
Such augmentation was chosen upon the fact that such distortions could happen in a real-world 

application. 

 Sometimes the optimization algorithm can be stuck in local minima, by converging to a suboptimal 

solution. This often happens because of a large learning rate. In order to fix the problem, the learning rate reduction 

technique is used. In our work, the learning rate was reduced with a factor of 0.5, when results on a validation set 

weren’t improving for more than 10 epochs. 
 Training a machine learning algorithm implies choosing the right hyperparameters. Neural networks are 

often very sensible towards its setup, and changing such hyperparameters as learning rate, dropout rate or number 

of neurons can lead to varying results. Tuning a big amount of hyperparameters is a very tedious and time-

consuming procedure. Thus, in order to find the best hyperparameters, a Bayesian hyperparameter tuning approach 

[31] was used.  Specifically, the following hyperparameters were tuned: class weights parameter, number of 

epochs, batch size, dropout rate, initial learning rate, l2 regularization power, number of layers to finetune and 

number of dense layers. The hyperparameters tuning included 10 experiments and the bayesian algorithm was 

used for optimization w.r.t minimization of validation loss. As the optimizer for training the neural network, an 

Adam [32] was used. For each experiment, the following metrics were considered: accuracy, precision and recall. 

However, the precision was picked as the main metric (figure 5).  

 
Figure 5 - Validation precision 



  
As it can be seen from figure 5, the best result is achieved by experiment 549. The exact architecture of 

the model is presented on figure 6.  

 
Figure 6 - best model architecture 

 
From figure 6, the actual architecture of the model can seem to be strange because of a fully-connected 

layer right after the convolutional one. However, in that case, the result was a product of the weight matrix and 

slice of each tensor w.r.t last axis. To better understand the performance of each trained model, the precision per 

class was plotted (table 1). 

 
Table 1 - precision per each class for 5 best experiments 

 

From table 1, it’s obvious that the hardest expressions to classify in all the experiments were Neutral and 
Sad. Probably, these two classes were misclassified between each other, as the emotions they express look pretty 

similar. It’s also obvious why Ahegao and Happy gained the highest scores among all the models. Basically, these 
two emotions are the most visually distinct in the dataset. Nevertheless, the model trained during experiment 549 

achieved best or similar precision for each class among other experiments. Thus, this model was picked for a 

production application.  

 

5. Model’s optimization 

Deploying a machine learning model on cutting edge devices such as video cameras or mobile phones is 

a challenging task due to the limit of resources. Thus, many additional post-training procedures were created to 

shrink the size of the model and improve its inference time while losing from little to zero performance. Pruning 

[33] is a technique that works by removing neurons which have low sensitivity.  It results in a sparse graph of 

computations and reduces the size of a model, while preserving its generalization ability. One minus of the 

highlighted approach is that, sometimes the model will have to be finetuned after pruning to restore the initial 

accuracy. Another approach is known as quantization. During quantization, the weights are compressed by 

lowering their precision. Quantization can be applied both during training and afterwards. The approach known 

is knowledge distillation presented by Hinton et al. is yet another technique for accelerating and compressing the 

model.  

Unlike already discussed techniques, knowledge distillation is the process of transferring knowledge 

from a bigger model (called a teacher) to a smaller one (called a student). The student model is trained on the 

same dataset, the teacher one was trained, by minimizing the initial loss and the difference between outputs of its 

and teacher’s logits. Minimizing the difference between outputs of logits, forces the student model to think as the 

teacher one, thus transferring the generalization ability of a bigger model. In our work, we focused on post-training 

quantization and knowledge distillation. While post-training quantization was applied both to object detection and 



classification model, we experimented with knowledge distillation only w.r.t emotion classification one. For post-

training quantization, a tflite package was used. Along with quantization, both models were transferred to tflite 

format, which is essentially a FlatBuffer, optimized for the inference on mobile devices. This optimization reduced 

the size of the object detection model from 21.7 MB to 4.51 MB, whereas for classification one - from 69 MB to 

5.5 MB. For knowledge distillation, the original model was used as a teacher one and a smaller variant of 

MobileNet (with an alpha parameter equal to 0.25) as a student one. We firstly experimented with training a 

smaller model from scratch and using knowledge distillation. Each model was trained for 12 epochs and during 

distillation, the temperature for softmax was set to 2 (figure 7, 8). 

 

 
Figure 7 - comparison of accuracy of a model with and without distillation 

 

 
Figure 8 - comparison of loss of a model with and without distillation 

 



As it can be seen, the distillation improved the accuracy of the student model compared to training from 

scratch. We then applied the same transformations as were made for the teacher model in order to prepare the 

distilled one for the production test. This procedure reduced the size of a distilled model from ~4 MB to 1.3 MB. 

Second experiment was related to the classification speed on two devices: Samsung S10e and Xiaomi Mi 9T 

(figure 9). 

  
Figure 9 - performance comparison on two devices w.r.t teacher model and distilled model 

 

Nevertheless, the distilled model has shown great results in terms of speed and size, the performance on 

real world data was lower than we hoped. The cause of it could be in the fact that the specificity of training a 

teacher model, mainly augmentation, helped it to deal with production data, whereas distillation procedure wasn’t 
powerful enough to fully transfer its generalization ability to a student one.  However, many new approaches of 

distilling knowledge in neural networks were proposed, the discussion of them is out of scope of our paper. 

 

6. Actual pipeline 

Having trained the models and picked best for production application, the development of 

complementary logic was started. As the main language for application development, Java was chosen. The 

application was integrated with the TensorFlow-lite module for efficient usage of trained models. On top of it, 

additional logic was added. It was found that making emotion predictions on one frame wasn’t efficient nor 
accurate enough. Thus, the logic for averaged predictions by frames was added (figure 10). 



Figure 10 - scheme of application workflow 

 

As it can be seen from figure 10, the application is working with a video stream from the main or frontal 

camera. Each frame goes through the object-detection model to locate face and body on the image. If the face is 

detected, it is cropped from the frame and used as the input to emotion detection model. If the averaging is enabled, 

the prediction is made for N frames and results are averaged by probabilities. The last piece of logic is related to 

showing a prediction only if its probability satisfies the minimal threshold. The design of the application allows 

configuring such parameters as number of frames to average and minimal probability threshold in the settings 

screen (figure 11). 

 



  

Figure 11 - example of application design 

 

The application was released in Google Play  [34]. 

 

Conclusion 

 In this work, the process of developing a machine learning application for expression detection was 

described. The discussion touched on data gathering, models’ training and optimization and final application 
assembling. We presented a new unique medium-size dataset which can be used to solve the problem of emotion 

classification, described the process of automated data labeling and showed model training w.r.t gathered data. 

Nevertheless, the application was made only for entertainment and educational goals, the theme of emotion 

detection has a big potential. For instance, integration with embedded analytics due to emotions can grant a 

personalized and useful experience to the end user. Other possible improvements of application are related to new 

algorithms. Efficient Net presented by Tan et al [35] is a nice candidate to substitute the MobileNetV1, as it is 

superior both in terms of accuracy and speed to the last one. More research due to distillation can help to even 

more reduce model size and optimize it for inference. For example, the distillation process based on adversarial 

distillation or multimodal one can be tried. Finally, retraining models based on user data can allow models to 

become more generalizable and possibly nullify the problem of data drift.  
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