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Abstract

Human expression recognition has important applica-
tions in mental analysis, behavior analysis etc. for human-
ization of artificial intelligence systems. It is challenging for
a machine to detect and understand facial emotions. Previ-
ous semantic facial feature analysis techniques mostly suf-
fer from high computation time and currently deep learn-
ing techniques using CNN improve a lot. State-of-the-art
methods explore mainly human expression in static images
recently and have average test accuracy around 60% in sev-
eral images datasets. The more challenging goal is detect-
ing facial emotions in videos. In this case, we found the test
accuracy in many video datasets are less than 40%. For
this purpose, we propose an emotion recognition system by
using existing CNN models as features. We explore human
recognition system to identify 7 types of emotions by us-
ing FER2013 dataset. Furthermore, we utilize recently pro-
posed state-of-the-art preprocessing techniques(a modified
VGG model) on facial images for manually crafting features
and then use them as a CNN pretrained model features. In
addition to the importance of feature extraction, we choose
Long Short-Term Memory(LSTM) networks and using two
datasets(JAFFE and AFEW) to train it. Finally, we use this
model to test on image datasets and video datasets to com-
pare the performance and get relative high accuracy with
CNN pretrained model features.

1. Introduction

Humanization of artificial intelligence system is the im-
portant goal of artificial intelligence. Understanding the hu-
man mental states by facial emotion is an important task for
completing this. Through the facial emotions, we can make
artificial intelligence system better to tackle more complex
tasks, such as mental analysis and user behavior analysis
from their facial emotions. One specific application in med-
ical scenes is that the medical robots can better interact with
patients by understanding theirs facial expression to make
predictions on the illness and mental states of patients, and
recommend the corresponding activities and thus greatly re-
duce the work of doctors.

Most of conventional methods [9] focused on facial fea-
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ture extractions of different expressions. For example, they
try to get different deformation in wrinkles or deforma-
tions in eye, mouth, nose etc to identify features of emo-
tions. Then they apply some common classifier like SVM
and Nearest neighbor to classify the emotions. Recently,
with the advent of deep learning, facial expression has been
explored in deep learning techniques. Gudi [S]] uses deep
learning to recognize automatically the facial features like
emotions, age and gender etc. Recently, publicly available
models such as VGG_S [2] for emotional recognition and
RNN models [3l 4] are applied. Also, Justus [10] advanced
pre-processing algorithm for facial images and a transfer
learning mechanism for Human-Computer Interaction ap-
plication. Extensive work have already been done in the
static images in which they basically use the recurrent neu-
ral network to train and test the static images. For exam-
ple, the previous facial emotion competition on Kaggle have
already gained lots of attentions and publications of some
works. In this paper, we want to focus on the task of on the
task of facial emotion recognition in images and videos us-
ing a existing pretrained model on CNN and the use LSTM
to test how it behaves well on images and look at the testing
result.

We propose to use transferring learning technique and
then use Long short term memory (LSTM) to train on im-
ages to identify emotions, and then test the effect on im-
ages and videos. There are 7 common facial emotions:
happy, angry, neutral, surprised, sad, fearful, disgusted. We
utilized the preprocessing techniques [10] and then apply
the model on modified Gudi/VGG_S as input to a LSTM
network.an We will look at the CNN model effect after
Gudi/VGG_S network and then examine the effect after us-
ing the LSTM model. We then apply the result of LSTM to
identify emotions in a video scene.

2. Related Work

Recently, a various of neural network architectures have
been utilized to tackle facial emotion recognition problem.
Such as CNN, Deep Belief Networks, Very Deep Convolu-
tional neural network and LSTM models.

Facial Action Coding System(FACS) is used to be a
foundation of conventional and commercial facial analyz-
ing. FACS’s architecture is based on Active Appearance



Model which is using PCA directly on pre-processed pix-
els.Furthermore, it is encoded as the deviation of a face from
the average face, The model is often used to classify emo-
tions by using a single layered neural network.

A significant improvement was made by Le et al[l12]
Their results showed that the detector can be sensitive to
other non-target high-level categories. In their study, the
importance of pooling, rectification and contrast normaliza-
tion was mentioned. Furthermore, Hinton and Srivastava[7|
demonstrate further improvements in training by adding
dropout layers. In 2013, Sermanet et al[11]. demonstrated
a better solution to detection, localization and classification
by using Deep Convolutional Neural Network. Baccouche
et al[l]]. offered the use of 3-D CNN in combination with
Recurrent Neural Network for human-action classification
in videos which is using spatial as well as temporal infor-
mation to generate state-of-the-art results.

The accuracy of emotion recognition has highly in-
creased by taking advantage of DNN. Han et al. built DNN
model by feeding hand-crafted features and used it to de-
tect speech emotions. Lim and Trigeorgis[14] chose a sim-
ilar way to extract high-level features by using CNN. In
order to capture the temporal structure, they used LSTM
network to capture the contextual information in the data.
Some researchers try to combine audio and visual modali-
ties to detect emotion changes. Zhang et al[6]. used multi-
modal CNN for classifying emotions. That model is trained
in two phases. First, two CNNs are pre-trained on large
image datasets and fine-tuned to perform emotion recogni-
tion. The second phase a DNN was built that comprised of
a number of fully-connected layers and the input is the ex-
tracted features of CNN. Panagiotis et al[[15]]. used a similar
way to deal with this problem. They utilize CNN to ex-
tract features from a speech, while for the visual modality a
deep residual network of 50 layers. Then, they used LSTM
which is able to model the context and ensure the significant
of feature extraction. The system is trained in an end-to-end
fashion by taking advantage of the correlations of the each
of streams. In our paper, we want to use LSTM network to
train on existing CNN model to observe the effects.

CNN have recently enjoyed a great success in large-
scale image and video recognition, more attempts have been
made to improve the original architecture in recent years.
In 2014, Sermanet et al. utilized smaller receptive win-
dow size and smaller stride of the first convolutional layer.
In Howard’s paper, he addressed another great opinion to
change the depth in CNN architecture design. Based on
this, Karen and Andrew[13]] came up with a new idea to
use Very Deep Convolutional Networks to improve the ac-
curacy. They increase the depth through evaluation of net-
works and change the size of convolutional filters smaller
to 3*3. This model performs well on several datasets and
achieve state-of-the-art results. In our paper, we utilize the
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advantage of existing pretrained model as a feature extrac-
tor to train a LSTM network.

3. Problem Statement

Our problem includes two parts, one is identify emotion
in images. The second part is to apply them on real time
video scenes. The facial emotion recognition in images are
trying to identify one of the 7 facial emotions: happy, angry,
neutral, surprised, sad, fearful, disgusted. For images part,
given a lots of facial images with different test data, how
to train a neural network to effectively identify the features
representing the facial emotions. Then we apply them to
a series of unseen test images. For recognition in video,
we try to utilize the existing result of facial detection in a
video/movie, then try to identify the sequence of images
with frame to identify the emotion with a several frames.

4. Methodology

Considering the success of CNN modeling on images
tasks like images classification, segmentation, localization
etc. We consider using a CNN network based on the work
of Gudi[5] VGG-s[2]]. The purpose of our project is rec-
ognizing 7 emotions, so this architecture is a great starting
point and a good pre-trained model. Furthermore, we want
to get a good result on videos’ dataset, we choose to send
the output of CNN network to a LSTM model which was
proposed by Samira[3].

First of all, we use state-of-art preprocessing technique
[LO] the input images, the formal of input images of JAFFE
is about 128*128 gray scale pixels arranged in a 2D matrix.
For each image, we use face detection algorithm to normal-
ize the face location and make sure the distance between
two eyes are constant. In addition, we subtract the local
mean pf pixel values from images and subtract the global
mean of pixels at that location.

The original layer of this network contains an input layer
of only 48 * 48 input image data. This layer is followed by a
convolutional layer with a kernel size of 5*5 having a stride
of 1 both dimensions. After a local contrast layer and a
max-pooling layer, two more convolutional layers are built
to handle the data. The size of convolutional layers is 5*5
and 4*4. This model is finished with one fully connected
layer with dropout function and one soft-max output layer.
RELU was applied after all layers in this network.

Currently, the loss function we want to add one more
max pooling layer to reduce the number of parameters. For
normalization, we want to try batch normalization that we
learned in the class.

Our purpose is trying to get a good accuracy about detect
facial emotion in videos, so, we are trying to use LSTM to
train videos’ dataset.

For example, We will use several frames images span-



ning in 0.5 or 1 second in the video to analyze facial emo-
tion. RNN can detect the event such as the presence of a
particular expression, irrespective of the time, at which it
occurs in a sequence. The input data of RNN is the output
of CNN model we used before. RNN is a type of neural net-
work which can transform a sequence inputs to a sequence
of outputs. In our project, the architecture of CNN pre-
trained model and later LSTM trained model is shown in
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Figure 1: Architecture Design

In this paper, we build our model based on the architec-
tures mentioned before in related work. Our model contains
two parts: 1. feature extraction model to detect. 2.LSTM to
classify For the first part of model, we used AFER datasets
to train it to set the parameters. We use this pre-trained
model to extract facile feature to improve the accuracy.
Since we want to capture contextual information in video
data, we choose to design LSTM to classify emotions. The
results with and without pre-trained model will be shown
in the result section. The input to our Convolotional Neu-
ral Networks(pre-trained) is modified for inputing 256256
gray images. We preprocessed the original data by subtract-
ing the mean value from each pixel. After preprocessing,
the images are passed through a number of convolutional
layers. Inspired by VGG model, we choose to use smaller
filters with a small receptive field as 3*3 and the convolution
stride is 1 pixel. We also tried 1*1 and 2*2 filters, but the re-
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sult is not improved. 3*3 may be the smallest size to capture
the notion of all directions. Although we use *x2’ or ’x3’ to
represent the round, number of filters is totally different in
three parts. In the first round, we set 32, 64 and 128 layers
in three rounds. In order to make the layers non-linear, we
add RELU function after all hidden layers. Max-pooling is
performed over a 2*2 pixel window with stride 2. We don’t
add normalization function in this model since the perfor-
mance does not improve when adding it, but the time of
memory consumption and computation time increase. For
LSTM layers, we use two datasets(JAFFE and CK+2) to
pre-train it. The input of LSTM is the output of feature
extraction model. We design two LSTM layers here to im-
prove the performance. Input shape is (1*1%512), after the
first LSTM layer, the output is (1*1%128). Dropout func-
tion is added after every LSTM layer,. When this output go
through the second LSTM layer, it becomes (1*1%64), not
only dropout function, but also flatten function is added to
control the dimension. Finally, the output is sent to the final
Fully Connected layer to get a 1*7 outputs which means 7
different labels of emotions.

5. Experimental evaluations
5.1. Dataset

In this paper, we use the following datasets to evaluation
JAFFE: JAFFE [] contains 219 images of 10 Japanese fe-
males with relative large dimensions. However, it has a lim-
ited number of samples, subjects and has been created in a
lab controlled environment trained dataset. We use them for
train to get a pretrained model with CNN.

CK+2: CK+ [8]] is the current second version of the
Cohn-Kanade AU-Coded Facial Expression Database for
research in automatic facial image analysis and synthesis
and for perceptual studies. It is publicly available and has
large labeled facial emotions of images than JAFFE, and
provides protocols and baseline results for facial feature
tracking and action unit and emotion recognition. We use
them for train and test. The expected result on images can
achieve competitive model than the baseline method.

Video dataset Wild (AFEW) 5.0 dataset also has video
data labeled: It contains short video clips extracted from
Hollywood movies. The video clips present emotions with
a high degree of variation, e.g. actor identity, age, pose
and lighting conditions. The dataset contains 723 videos
for training, 383 for validation and 539 test clips. Existing
work have train accuracy about 80%, test accuracy 40%.
We expect to get competitive result on this dataset. If time
is allowed, we will use this dataset to train on our model.
Currently plan is to use the video for only testing purpose.

Figure [2a] denotes the dataset distributions of JAFFE
dataset. It has small data size-231 labeled images but very
well balanced distributions of 7 emotions.



Figure [2b] shows the dataset distribution of the CK+
dataset. This dataset has only very large dataset, we ex-
tracted the well-labeled 2746 images. The dataset is not
very balanced, with large portion being “neutral”, “happy”
and “surprise” emotions.
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Figure 2: Data sub-class distribution

Figure 3] shows the data samples in the JAFFE and CK+
datasets. Figure [3(a), 3(b) are two JAFFE image data and
their corresponding emotions. Figure[3|c), 3(d) are two CK
image data and their corresponding emotions.
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(c) Surprise in CK+ (d) Sad in CK+

Figure 3: Dataset samples

5.2. Set up

In this paper, we use precision, recall, fl1-score, and ac-
curacy to show the test result. We measure the JAFFE and
CK+ images respectively. The training and validation data
are 80% of the whole data of each database. Among them,
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validation is used to The test data is randomly kept from
20% of the whole dataset of each database.

We compared these results between LSTM model with
and without the pretrained CNN model feature extractor.
“without the pretrained CNN model” means the input are
raw images for LSTM without the CNN features. ”with the
pretrained CNN model” means the input images first use
CNN pretrained models as features and then train on the
LSTM, which is our model architecture.

5.3. Qualitative results and comparisons

5.3.1 Results on JAFFE dataset

Figure fa] shows the training and validation accuracy on
JAFFE dataset without the CNN features. The performance
is as low as 40%. While using the CNN features, it has
improved a lot with 70% validation accuracy.
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Figure 4: Train/validation accuracy on JAFFE

Figure [5a] shows confusion matrix on the test data on
JAFFE dataset. Without the CNN features, it classify few
emotions like “disgust” and “happy” etc. With the pre-
trained model as the feature, the performance is signifi-
cantly improved with each emotions, the test accuracy could
achieve 80%.

Angry Disgust Fear Happy Sad Surpriseheutral Aangry Disgust Fear Happy Sad Supriseleutral

5
n
isgus 4
r
3
2
urpr 1
et
0

Predicted

True
True

Predicted

(a) W/o CNN feature (b) W/ CNN feature

Figure 5: Confusion matrix on JAFFE

Table |I| shows the precision, recall and fl-score on test



data on JAFFE without pretrained CNN features. It has sim-
ilar performance as the accuracy for confusion matrix. Ta-
ble [2 shows the precision, recall and f1-score on test data
on JAFFE with pretrained CNN features. It has better result
compared with the model not using CNN feature, similar
performance as the accuracy for confusion matrix.

Table 1: Measures w/o CNN on JAFFE dataset

Emotion/Measures precision recall fl-score
Angry 0.00 0.00  0.00
Disgust 0.33 0.75 046
Fear 0.14 0.14 0.14
Happy 0.50 033 040
Sad 0.00 0.00  0.00
Surprise 0.33 020 0.25
Neutral 0.25 0.14  0.18
Overall 0.21 021 0.19

Table 2: Measures w/ CNN on JAFFE dataset

Emotion/Measures precision recall fl-score
Angry 0.83 0.83  0.83
Disgust 0.57 0.80  0.67
Fear 0.50 040 044
Happy 0.67 0.50  0.57
Sad 0.71 0.83 0.77
Surprise 1.00 0.50 0.67
Neutral 0.25 0.50 0.33
Total 0.93 0.88  0.89

AS the results show in two tables, we get much bet-
ter performance when we add pre-train feature extraction
model. The test precision is 93% on test data.

5.3.2 Results on CK+ dataset

Figure [6a] shows the training and validation accuracy on
CK+ dataset without CNN feature. Figure [6b] shows the
training and validation accuracy on CK+ dataset with CNN
feature. It has greatly improved the performance with CNN
feature. The training and validation accuracy could also
close to 100% accuracy when using the CNN feature.

Figure |7a| shows the confusion matrix on test data on
CK+ dataset.

Table E] shows the precision, recall and fl-score on test
data on JAFFE

Table [Z_f] shows the precision, recall and fl-score on test
data on CK+. For CK+ dataset, since the size is much big-
ger than JAFFE, we get a much lower accuracy. Before we
add feature extraction model, we get only 16% accuracy.
When we use feature extraction model to capture face, the
accuracy increase to 43% which is not bad.
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Figure 6: Train/validation accuracy on CK+
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Figure 7: Confusion matrix on CK+

Table 3: Measures without CNN on CK+ dataset

Emotion/Measures precision recall fl-score
Angry 0.00 0.00  0.00
Disgust 0.26 0.13  0.18
Fear 0.00 0.00  0.00
Happy 0.00 0.00  0.00
Sad 0.00 0.00  0.00
Surprise 0.22 029  0.25
Neutral 0.29 0.68 041
Total 0.16 027  0.19

Table 4: Measures with CNN on CK+ dataset

Emotion/Measures precision recall fl-score
Angry 0.32 021 0.25
Disgust 0.10 0.37 0.16
Fear 0.00 0.00  0.00
Happy 0.36 0.82  0.50
Sad 0.00 0.00  0.00
Surprise 0.30 0.12  0.17
Neutral 0.43 0.22  0.29
Overall 0.43 022 022




Table 5: Overall accuracy statistics

Accuracy Validation Test
JAFFE 0.71 0.83
CK+ 0.95 0.39
total 0.91 0.44

5.4. Overall performances

. We test our overall performances on the combined two
datasets, that is combining the JAFFE and CK+ dataset to-
gether as one dataset. We use the similar testing strategy
for testing. The data is also divided into 70% training data,
10% validation data, 20% test data.

Figure ?? shows the training and validation accuracy on
combined dataset without CNN feature. Figure [8b] shows
the training and validation accuracy on combined dataset
with CNN feature. It has similar performance as before
without combining and also has very good accuracy per-
formance. The training and validation accuracy could also
close to 100% accuracy when using the CNN feature.
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Table[5]shows the overall performance on the JAFFE and
CK+ dataset with validation and accuracy test. For JAFFE
dataset, the model has a better test accuracy than valida-
tion accuracy. It is maybe because of the test data set is
small. For CK+ large dataset with larger high-resolution,
the model has a very high validation accuracy but general-
ize very bad, with an average accuracy only around 39%.

5.4.1 Results on video dataset

Finally, we want to test this model on videos to recog-
nize dynamic emotions. We use camera on laptop to cap-
ture emotions in a video. This facial detect application will
catch the face in video every 0.3 second, and we use our
model to classify the emotion to see the accurate.

Figure 8 shows the result on the video. It shows the 6
sample and the detected emotions. For video data, the com-
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mon emotions, “happy”, “sad”, “angry” are easy to detect.
Basically if the emotions are more exaggerated, they are
easy to be recognized as well. But for “disgust” emotion, it
is identified as “angry”, or “sad”

PreviewScreen = O X

(b) Angry

PreviewScreen - O X

(e) Sad

(f) Disgust

Figure 9: Test model on video dataset

6. Conclusion

In this paper, we proposed a combined model to detect
and classify emotions from visual data. To consider the con-
textual information in the data LSTM network was used.
To improve the accuracy to capture face, feature extraction
model was added. Our experiments on the datasets show
that our model is good at recognizing emotions on image,
but not good enough on videos. From image datasets, we
conclude that the more exaggerated emotion is, the easier
for machine to recognize. Especially happy and angry can



be captured with high success rate. For video data, exagger-
ated expressions are easier to recognize as well. In general,
facial emotion is pretty challenging for machine to recog-
nize.

6.1. Possible Improvements

In our project, we use image data to train the model and
use it to test video data which is not good enough. If we
get a proper dataset, we can use sequential image data from
videos to feed our model. For instance, if we have a num-
ber of frames for the same emotion but the results change.
The result for first frame is happy, for second one is sur-
prise and for third one is happy again.We can notice this
fault and improve the model. For emotion classification, we
can feed audio data to another designed audio CNN archi-
tecture. Combine this output with the visual information
and feed to LSTM to get the results. The better idea to in-
crease the accuracy in detecting video data, we can build a
model to capture the key frames in the video. Key frame
means the obvious frame to represent the emotion. By us-
ing this way, we can improve the performance of catching
the correct emotion.
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