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Abstract— This paper studies the facial expression 

recognition using YOLO algorithm. The model is trained on 

CK+ facial expression dataset. It is trained to recognize 3 

facial expressions, happiness, surprise, and neutral 

expression. The model recognizes these expressions with an 

accuracy of 50 %. This low accuracy is due to the small size 

of the dataset. This paper serves as proof of concept of real 

time fast facial expression detection.    
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I. INTRODUCTION 

Facial expressions are a result of motions or positions of the 

muscles under the skin of the face. These expressions are 

indicative of the person’s feelings when not actively 

concealed. In humans, Facial recognition is often an 

emotional experience for the brain and the amygdala is highly 

involved in the recognition process. In computers, however, 

this process is not as straight forward. Computers have a hard 

time recognizing similarities and detecting patterns. This 

paper focuses on recognizing facial expressions through 

images. This is useful to identify the general emotions of a 

crowd or perceptibility of an advertisement or a piece of 

video. This can be done by videotaping the recipient of the 

video or piece and identifying their emotion. Using these 

emotions, an approximate conclusion can be drawn on the 

perceptibility of the piece. 

This paper focuses on facial expression detection 

using Yolo algorithm and deep neural networks. 

II. EXISTING SYSTEM 

A. Convolutional Neural Networks 

CNNs are made of convolutional layers, pooling layers and 

fully connected layers. Convolutional layers are a set of filters 

whose values the network learns through successive iterations 

of training over the whole input image and produces feature 

maps. The convolution layers have 3 advantages. They 

provide local connectivity by learning correlations among 

surrounding pixels. They allow for weight sharing, which 

decreases the filter values to be learned. They are resistant to 

shift and minute change so can learn for images that are not 

same but similar. The pooling layers follow the convolutional 

layers and are used to reduce the number of parameters. Max 

pooling and average pooling are the 2 most commonly used 

pooling methods used for translation in-variance. The fully 

connected layers usually come at the end of the network to 

connect all neurons are connected activations from the layer 

before and they also enable change in feature map 

dimensionality from 2 to 1 for further representation and 

classification. 

B. Deep Belief Network 

Deep belief networks are generative networks that learn to 

show a deep level by level representation of input data. 

Usually DBNs are built using a pile of RBMs (Restricted 

boltzman machines), which are 2 layer generative models 

comprised of 1 visible and 1 hidden layer. The above 2 layers 

form a bipartite graph with no lateral connections. The top 2 

layers contain un-directed connections. The below layers are 

trained as follows: The upper layers learn conditional 

dependencies in the adjacent lower layers. The training is 

conducted in 2 parts, pre-training and fine adjustment. First, 

a layer-wise greedy learning strategy is used to start the deep 

network in an unsupervised manner, which prevents bad local 

optima problems upto an extent without requiring a large 

amount of labeled training data. 

C. Deep Auto Encoders 

Deep auto encoders also are a generative network. They work 

with same input data and labels. The hidden layer values are 

what is desirable from this network, which forms a sort of 

compressed data. Face recognition in videos are an essential 

tool required in modern technology. The classification of 

faces in lesser duration is a hard problem. The classical 

methods are insufficient. Fuzzy logic is considered an 

efficient method to solve the classification problem. This 

paper used a fuzzy method to detect faces in videos using 

multi-agent modeling. This is a long method involving 

several steps. The multi agent allows minimal complexity 

during processing and attains results in lesser duration. There 

are 2 main steps to detection and classification. The first step 

involves detection with texture colour and facial geometry. 

The second step involves multi agent system and fuzzy 

approach to find degree of member-ship. The results are 

defuzzified for accurate classification. The results 

demonstrate good system robustness in the variations of 

illumination and speed. 

D. Recurrent Neural Network 

RNN is a model based on connections that manages to use 

temporal information and is well suited for data prediction 

when test data has random lengths such as surveillance 

footage. Along with training the deep net in a single feed 

forward pass, RNNs contain recurrent edges that connect 

adjacent time steps but share same features across all steps. 

The classic BPTT (Backpropagation through time) is used to 

train RNN. LSTM (Long short term memory), is a kind of 

traditional RNN which overcomes the problems of vanishing 

and exploding gradients which occur often when training 

RNNs. The state of cell is manipulated using 3 gates: an input 

gate that enables or disables alteration of the cell by input 

data, an output gate that allows or blocks the neuron to affect 

others, and a forget gate that regulates the cell’s self-recurrent 

connection to aggregate or delete its previous value. By 

combining these gates, LSTM can show long term 

dependencies in a contiguous state and has been widely used 

for recognition tasks with video input. 



Facial Expression Detection using YOLO 

 (IJSRD/Vol. 7/Issue 02/2019/449) 

 

 All rights reserved by www.ijsrd.com 1638 

III. ALGORITHM 

In this paper, the Yolo algorithm is used. Yolo stands for you 

only look once. Other detection systems use classifiers to 

perform detection. The model is applied to an image at 

different locations and scales. Regions that score high 

positive confidence values on the image are considered 

detections. YOLO takes only a single pass at the full image. 

The network divides the images into a grid. Each part of the 

grid predicts bounding boxes and confidence values for its 

region. The grid squares are then weighted and the 

probabilities are estimated. 

This method comes with multiple benefits. It passes 

through the full image during testing so its evaluation are 

informed on the entire context of the image. It also makes 

evaluations using single network prediction. This is vastly 

different from R-CNNs which need thousands of evaluations 

for a single image. This makes them extremely fast. 

 
Fig. 1: 

IV. IMPLEMENTATION 

A. Architecture 

A Yolo network is used to detect facial expressions in this 

paper. The network consists of 22 convolutional and 5 max 

pool layers. 

 
Fig. 2: 

 
Fig. 3: 

B. Dataset 

The training data is from the CK+ dataset [1]. The dataset 

contains images that transition from neutral into an 

expression. The dataset contains images for 7 facial 

expressions. The facial expressions depicted in this dataset 

are anger, fear, happiness, sadness, contempt, surprise and 

disgust. The number of images for each expression is 

expressed in table [1]. All the images are labeled for each 

expression and neutral images contain no label. 

 
Fig. 4: 

C. Preparation 

Images that show happiness (69), surprise (83) and neu-

tral(108) are chosen as they have significantly more images 

than other expressions. These images are then annotated with 

LabelImg tool. The annotations and images are passed to a 

Yolo network which draws bounding boxes around the face 

and labels the expression. A total of 210 (80.77% of dataset) 

images were used to train the model. The rest 50 images 

(19.23% of dataset) are used for cross-validation. 

D. Training 

Training was conducted over 210 training examples, for 200 

epochs with a batch size of 16. Training was conducted on 

Nvidia GTX 1050ti with 4GB memory. The training 

parameters included 3 classes (neutral, happy and surprise). 

 
Fig. 5: 

V. RESULTS AND ANALYSIS 

The testing was conducted over 50 examples. 25 of the 

images were recognized as facial expressions. 13/23 neutral 

expressions, 7/14 happy expressions, and 5/13 surprise 

expressions were detected. Out of the detected expressions, 

all are accurate and there are no false positives or wrong 

detections. 

 

VI. CONCLUSION AND FUTURE WORK 

A. Conclusion 

The low accuracy is due to the small dataset available for 

training. Given larger dataset the model can be significantly 

improved. The dataset also lacks colored images and 
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expressions are sometimes inaccurate. These fallacies could 

be improved for better recognition. Yolo is very good for 

expression recognition as it can be trained to decent 

accuracies even with such small training data. Yolo is also 

very fast and hence works very well for real-time expression 

detection. 

B. Future Work 

For future work, we suggest increasing the training data and 

collecting a large dataset. The model can also be trained for 

longer and a larger version of the model can be used. The 

model can also be trained to recognize facial expressions in 

real-time which has a lot of applications. 
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