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Abstract. Human facial expression classification is an emerging topic in both academic and industrial fields.
Researchers used several methods to strive for higher accuracy, among which statistical methods and neural networks
are the most widely used ones. We implement a statistical method, which is maximum likelihood classification, and a
modern artificial neural network on a static facial expression database called Static Facial Expressions in the Wild
(SFEW) [1], to compare their performances. The result shows both methods perform worse than the support vector
machine method used in SFEW research in terms of accuracy, we conclude that maximum likelihood is not able to find
the pattern on such datasets, and the plain neural network lacks enough data. We extend the neural network to a
convolutional neural network (CNN) using the ResNet [20] basic blocks on the original images of SFEW and the result
is comparable to the original performance. More data and training and the use of a deeper detection-based CNN
classification are potential solutions for future improvements.
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1 Introduction

Identifying what human expressions are in images and videos is an attracting topic in both research study and industry
area. Researchers applied different techniques [3][4] to solve this question, and have shown that using a proper method
to analyze the data is critical to the expected accuracy of the classification.

The Static Facial Expressions in the Wild (SFEW) [1] dataset we used contains 675 lines of 10 static data which is
consisted with 2 high quality image features' top 5 principal component analysis (PCA) components, each along with a
label indicates one of seven emotions. The distribution of the data is as Table 1 shows. These data were collected by
selecting frames from movies which are closer to real world environment expressions than the photos took in the labs
such as JAFFE (The Japanese Female Facial Expression) datasets [18]. With SFEW, we can define a supervised
classification problem for which we would like to use these 10 PCA components as inputs to predict the emotion label
we will get.

Table 1. Distribution of the SFEW dataset.

Emotion Number
Anger 100
Disgust 75

Fear 100
Happy 100

Sad 100
Surprise 100
Neutral 100

PCA is a useful tool for data dimension reduction and feature extraction and is widely used in image-based
detection/classification studies [2, 5]. By finding the basis vectors (principle components) of a rebuilt subspace of a face
space which has better ability to describe the face images, PCA allows us to use these basis vectors which have maximum
variance to the original space as extracted features and minimize the reconstruction error.

To see how methods differ on such a PCA-based dataset, we choose both a conventional statistic method which is
maximum likelihood classification, and simple neural network method for comparison.

Maximum likelihood classification was widely used for pattern recognition in the previous years, especially for image
classification in the field of remote sensing [6, 7, 8]. It is based on multivariate normal distribution theory and able to
identify similarities between individual measurements and predefined standards.

Another approach is to use neural networks. By saying neural networks, we are talking about back-propagation (BP)
neural networks, which are currently the most commonly used neural network [10] and has been widely in regression,
classification, detection problems and etc. [11, 12, 13]. Neural networks are inspired by how human brain works, and they
typically consist nodes (input nodes and neurons), synaptic connections and functional connections [10]. In the learning
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phase, the connection weights are adjusted while in the working phase, new inputs are propagated on the fixed weights
to get result.

A deep convolutional neural network (CNN) is also introduced and tested on the original image data of SFEW as an
extension of the neural network experiment. Since AlexNet [13] won the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC12) on ImageNet dataset [24] in 2012, CNNs have been widely used in image classification [19, 20].
Using convolutional and pooling layers, CNNs succeed in this field with their capability of joint feature and classifier
learning [21]. We are curious to see how deeper neural networks can achieve on this dataset.

We implement all the methods to demonstrate the differences between their performances on the dataset. We also use
the original experimental result provided by the SFEW paper as a baseline for comparison, which applied a support vector
machine method.

2  Methods

2.1 Maximum Likelihood Classification

Maximum likelihood classification was widely used for pattern recognition in the previous years, especially for image
classification in the field of remote sensing [6, 7, 8]. It is based on multivariate normal distribution theory and able to
identify similarities between individual measurements and predefined standards.

Consider one observation x consists p variables (dimensions or channels), then by multivariate normal statistical
theory, assuming equal prior probabilities, the probability of x will occur under it belongs to class k is given by [6]:
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where p, is the observed (training) mean vector of class k, and ), is the observed (training) variance-covariance
matrix of class k. The term (x — u;)"%, *(x — ux) can be considered as the Mahalanobis distance between the vector
and the centroid of a specific class [9]. We can then use expression (1) to calculate the probability of x is each of k
classes. As the log of the probability function is monotonic increasing, we would use the log form of expression (1),
which gives us:
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and we can simply compare the values of this equation for each class to make decisions.

In this study, we will implement the equation (2) with a Python program, the 10 PCA components are considered as
the measurements of observations and the emotion labels are the expected classes. We let the classifier fit with the train
data and predict on the test data.

2.2  Neural Network

2.2.1 Simple BP Neural Network

BP neural networks usually have multiple layers of nodes, including an input layer, one or more hidden neuron layers and
an output layer. The algorithm will run a cycle of forward propagation and backward propagation during the learning
phase [10]. The work flow includes:

Initialize weights.

Feed input X & target output T.

Calculate output Y.

Calculate the cost with proper loss function and its gradients.

Back propagate the gradients using the chain rule from output layer to input layer.

Update weights.

7. Repeat until the end of the training.

For this experiment, we will use Python and PyTorch to construct a simple multi-layer BP neural network with 1 to 2
hidden layers, all with Sigmod activation function and Adam optimizer [14], which is a well-known gradient-based
optimization of stochastic objective functions, instead of classical stochastic gradient descent (SGD) for faster learning
in a relatively less training iterations to avoid overfitting. As this is a classification problem, we choose cross entropy loss
as our loss function [15]. A multi-class cross entropy loss is given by:

A



Comparison of Maximum Likelihood Classification Method
with Artificial Neural Network
on Static Facial Expressions in the Wild Dataset 3

) 50 3)
LO.Y) = = 2Ky log o
3

where k is the class, J is the output and y is the target. Different numbers of neurons were applied to increase the
model’s capacity for higher accuracy.

2.2.2 Convolutional Neural Network

The majority parts of CNNs are layers called convolution layers which filter their layer inputs and find useful features
within those inputs [22]. We customize the parameters of filters which consists neurons and apply the filter kernels to
specific areas of the input data, such process is called convolution, with which we can produce feature maps. There are
also pooling layers which produce summary statistic of the output from the previous convolutional layer and can help
learned representation to be invariant to small translations of input. Optimization techniques such as Dropout [13] and
Batch Normalisation[23] are often used to avoid overfitting or accelerate convergence.

In this experiment, we adopt the technique of ResNet [20], which is a well-known image classification network to
build our CNN. The core of ResNet is to use “residual blocks” (Fig.1) to address the problem of performance decreases
when the network gets deeper (also referred as “degradation”). Assume the deeper output is H (x), it tries to achieve
H(x) = F(x) + x when we want to use map shallow output x to H(x) using mapping F(x), which is based on the
idea that it will be easier to optimize the network to achieve at worst the same performance when the original output is
optimal. ResNet implements such idea by applying “shortcut connections” for which shallow outputs are directly added
to the outputs after one or more layers to perform identity mapping.

weight layer

X
identity

Fig. 1. Residual basic building block

Due to our limited computational resources, we implement a much shallower version of ResNet, which uses 4 basic
building blocks of ResNet, and the structure of our CNN is shown in Fig.2:
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Fig. 2. CNN structure

where the numbers in the convolution filter box represent filter numbers, and “/2” represents downsampling realized
by using layers with a stride of 2. The identity shortcut’s downsampling is done by 1x1 convolutions with a stride of 2.
After each convolution, we perform batch normalization and ReL U activation. The last layer is a fully-connected layer.

We still use a cross-entropy loss and Adam optimizer, but as the inputs and the network structure are different, we
need to adjust part the training process. The original images are resized to 224x224 as inputs, and are fed into the network
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with 40 training epochs and a batch size of 90 as our graphic card is not able to support computations with full batch
training.

2.3 Test Method

As SFEW doesn’t have separate datasets for training and testing, we would like to apply K-fold cross validation method
[16] for our testing phase. It’s a good way to evaluate the model’s performance on unavailable data and to prove the
model is not overfitting. For both classification method, we randomly divide the original dataset into 5 equal-sized
partitions, of which one is used for testing, and others are used for training at a time, the final accuracy is produced by
calculating the mean accuracy of these k-time experiments.

3 Result and Discussion

The k-fold accuracy result of maximum likelihood classifier (MLC) is shown in Fig.3 and Fig.4, and the experiment result
of our simple neural network is shown is Table 2 and 3. To compare with, the original SFEW paper’s SVM classifier got
an accuracy of 43.71% with the first 5 PCA components and 46.28% with the last 5 PCA components on the seven-
expression experiment [1].

Both of these implementations are not able to match the original accuracy, while the reasons could be different. The
result of MLC method shows that although the accuracy of MLC on SFEW is relatively low, it maintains in a relatively
consistent way both for training and testing data. We believe the reason why MLC misperformed in this experiment is
that it depends more on the distribution of the training data, while the SFEW data doesn’t really comply a multivariate
normal distribution which is what MLC theory is based on [6], as SFEW was collected from different scenes of different
movies. It is the characteristic of the method that makes MLC failed to find the pattern inside the data, and thus not
capable to solve this problem.

On the other hand, the unsatisfiable result of the plain neural network has more complex reasons, although it still
achieves a higher accuracythan the MLC. We can notice that throughout the experiment, while the training accuracy
increases as the epochs increases, the test accuracy quickly drops when the model trained for too many epochs. Even
though we add more neurons and layers to the network, the model still quickly demonstrates overfitting. A major issue
of BP algorithms is the local minimum [10], but it is clear that we haven’t reached that point. We argue that this is because
the dataset is not big enough or complete enough for the network to find the correlation between the features and the
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Fig. 3. Training accuracy of MLC
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Fig. 4. Testing accuracy of MLC



Table 2. Average 5-fold loss with different hyper-parameters of plain neural network.
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Settings 2000 epochs 4000 epochs 6000 epochs 8000 epochs 10000 epochs
One hidden layer 1.8628 1.8135 1.7955 1.7675 1.7390
with 10 neurons
One hidden layer 1.8334 1.8030 1.7800 1.7419 1.6964
with 20 neurons
Two hidden layers 1.8473 1.7682 1.6890 1.5623 1.4363
with 10 and 20
neurons
Table 3. Average 5-fold accuracy with different hyper-parameters of plain neural network.
Settings 2000 epochs 4000 epochs 6000 epochs 8000 epochs 10000 epochs
One hidden layer 22.38% 22.54% 25.52% 24.33% 23.28%
with 10 neurons
One hidden layer 23.28% 24.63% 24.93% 25.67% 24.18%
with 20 neurons
Two hidden layers 25.67% 23.54% 24.63% 23.28% 22.54%

with 10 and 20
neurons

expressions, nor to complete generalization. In contrast, it may also be another proof that SVMs have better generalization
ability especially when provided with limited training data [17].

Other than the accuracy, a major difference that can be noticed is the efficiency. MLC can complete 10 iterations of
both training (fitting) phase and predict phase in less than 1s on an Intel® Core™ i7-8750H platform, while our neural
network requires far more than time than that of MLC especially when training for large epochs. This can be explained
by how these methods works. Assuming we have N training examples x of k classes for both methods. Provided that
we are using a simple 2-layer BP neural network with respectively N1 and N2 hidden neurons and k output nodes,
then in one epoch of training, the computer needs to execute the following operations [10]:

1. Calculate Outputs Y (yq, ¥z, ) Yi):

Y “4)
h! =f<ZWijxi>,0 <j<N1
i=0
N1 5)
h =f( ) wihj |, 0<k<N2
j=0
N2 (6)
i = f(ZW,Iglh;g),o <l<k
k=0
2. Calculate cost with loss function.
3. Update weights with back propagated gradients with learning rate 0 <7 < 1:
dL @)
Wt +1) = w (t)+77<——)
ki ki dwe,
dL ®)
wi (t+1) =w; (t)+n<— )
Jk Jk dW]k

While for MLC, it only needs to calculate k means vectors and covariance matrixes in the fitting phase, and do k
times of matrix multiplication (x — u)" Y, " (x — ux) in the predicting phase. The computational cost gap caused the
execution-time difference, which is enlarged by the number difference of training epochs.
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After applying CNN on the image-based dataset, although it’s still not enough to say that the network can make
trustworthy predictions, we can see a noticeable increase in terms of accuracy:
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Fig. 5. Average loss of 5-fold validation process of CNN
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Fig. 6. Average accuracy of 5-fold validation process of CNN

Different with the plain neural network, we can see as the loss decreases, the accuracy of the CNN predictions increases
for a long period of time instead of quickly falls into overfitting. Except for a much bigger network structure, the reason
that CNNs can perform better in such computer vision problems is their capability of joint feature and classifier learning
[21].

4  Conclusion and Future Work

Using SFEW dataset, we have implemented two kinds of methods for facial expression classification. The result
demonstrated that both of the methods are not suitable for perform classification task on this dataset. We analyzed the
result and proposed possible reasons: MLC failed for not being able to extract the statistical features behind the data,
while neural network requires more data to complete a generalized training. Our experiment process also indicates the
characteristics of these two methods, that neural networks can achieve higher accuracy with a significantly longer training
time, and MLC is useful for more statistical connected and time-efficient tasks.

We also extended our experiment on neural networks by implementing a CNN to train and test on the original image-
based dataset of SFEW, in which the CNN performed better in terms of accuracy despite using this relatively small dataset.
It shows the ability of CNNs on pattern recognition, and demonstrated the potential of CNNs on facial expression
classification tasks given enough data and computational resources.

Our experiment also has some limitations. We are not able to try out all possible hyperparameters for neural networks,
and both of our NN structures are relatively simple. Further improvements can be using a larger dataset for training the
neural networks, and design a more complex neural network that can first detect the faces [25] to get bounding boxes and
then perform classifications on the selected areas of images.
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