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Abstract
Facial expression recognition plays an important role in the field involving human-computer interactions. Given the wide
use of convolutional neural networks or other neural network models in automatic image classification systems, high-
level features can be automatically learned by hierarchical neural networks. However, the training of CNNs requires large
amounts of training data to permit adequate generalization. The traditional scale-invariant feature transform (SIFT) does
not need large learning samples to obtain features. In this paper, we proposed a feature extraction method for use in the
facial expressions recognition from a single image frame. The hybrid features use a combination of SIFT and deep learning
features of different levels extracted from a CNN model. The combined features are adopted to classify expressions using
support vector machines. The performance of proposed method is tested using the publicly available extended Cohn-Kanade
(CK+) database. To evaluate the generalization ability of our method, several experiments are designed and carried out in
a cross-database environment. Compared with the 76.57% accuracy obtained using SIFT-bag of features (BoF) features
and the 92.87% accuracy obtained using CNN features, we achieve a FER accuracy of 94.82% using the proposed hybrid
SIFT-CNN features. The results of additional cross-database experiments also demonstrate the considerable potential of
combining shallow features with deep learning features, and these results are more promising than state-of-the-art models.
Combining shallow and deep learning features is effective when the training data are not sufficient to obtain a deep model
with considerable generalization ability.

Keywords Facial expression recognition · Convolutional neural networks · Scale-invariant feature transform ·
Deep learning features · Support vector machines

Introduction

Recently, human facial expression recognition (FER) has
attracted significant attention. Automated FER is presently
used in many applications in the field of human-computer
interaction. Researchers have proposed some methods to
describe facial behaviors, in which the facial action coding
system (FACS) [1] is the most popular one. FACS remains a
standard method of systematically categorizing the physical
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expression of emotions. Some of the recent works have
already gain good performances [2, 3]. However, facial
expressions recognition in the wild is still a challenging
problem [4–6].

Algorithms for FER usually involve feature extraction
and classification. Feature extraction is a very important
step in most FER systems, and this step aims to represent
facial images as feature vectors [7]. The extraction
of features from input data significantly influences the
final classification accuracy. For face representation, most
algorithms and methods adopt different hand-crafted
features, such as Gabor wavelet coefficients [8], histograms
of LBPs [9], HOGs [10], SIFT descriptors [11], or a
combination of these features [12].

Despite the success of traditional shallow features
and generic image descriptors, recent developments in
convolutional neural networks (CNNs) has demonstrated
significant success using automatically learned features.
The CNN technique has recently yielded impressive
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performance across a wide variety of competitive tasks and
challenges [13, 14]. Unlike traditional approaches, neural
networks in deep learning methods are used to extract high-
level features from training data [15]. CNNs can be used as a
classifier and also represent an effective method of learning
deep features automatically from image data.

CNNs have the ability to learn high-level features of
images, other than traditional hand-designed features used
in image classification. However, CNNs training requires
many labeled training samples. This usually prevents the
wild adoption of CNNs in FER because of the limitations of
available databases [16, 17]. Therefore, overfitting becomes
a serious problem because of the limited training size.
While, SIFT and other hand-crafted methods do not require
extensive databases for generalization. Meanwhile, such
hand-designed methods are limited in that their modeling
capacities.

In this paper, we proposed novel hybrid features
extraction framework called CNN-SIFT that take advantage
of the synergy between these two superior groups of
features. First, deep learning features are extracted using
a CNN and SIFT bag of features (BoF), respectively.
Support vector machines are then trained and used to
classify expressions using the proposed hybrid features. The
method is evaluated using the well-known extended Cohn-
Kanade facial expression database [18]. Moreover, we
also perform experiments with cross-database configuration
(i.e., training is performed with CK+, and testing is
performed using JAFFE [19] and MMI [20]) to test the
generalization of our proposed method; generalization is
crucial in real-world applications. The experiment results
show that the proposed method demonstrates considerable
skill in capturing informative features from images showing
different facial expressions.

RelatedWork

Many algorithm have been adopted to recognize facial
expressions, and significant progress has recently been
made. Before the appearance of deep learning method, most
traditional feature extraction method extracted hand-crafted
features locally from facial images. Shan [9] evaluated
facial features based on local statistical features called
LBPs. Experiments have shown that LBP features can
perform better over a range of facial images and can yield
good performance. Dahmane et al. [10] used dynamic grid-
based HOGs for emotion recognition. The results show
that these features perform better than the static uniform
LBP implementation. Donato et al. [21] explored different
methods of representing facial images for use in facial
action recognition; these techniques included principal
component analysis, LBPs and local schemes. Lowe [11]

proposed SIFT, a local feature descriptor and is robust to
substantial affine distortion. The SIFT features are wildly
used in many image processing applications and research
works. For image classification, researchers introduced the
BOW (bag of words) method used in the field of character
recognition into image representation, yielding the BoF
approach [22]. Combining the BoF extracted from SIFT
and SVM classifiers has been successfully implemented in
various classification tasks, including classifying emotions
using facial images [23].

Due to increases in available computational power
and training data, neural network-based machine learning
techniques have recently seen a resurgence in popularity.
In particular, CNNs have recently become the most popular
method for FER tasks [13, 15]. Lopes [13] proposed
a solution for FER combining CNNs and image pre-
processing method, and the proposed method achieved a
high accuracy rate when applied to the CK+ database.
Mollahosseini [15] proposed a deep learning model to
address the problem of FER across seven public datasets.
Their research work is the first to adopt the inception layer
architecture in neural network for FER.

Convolutional network proposed by Krizhevsky et al.
[14] achieved competition champion status when applied
to the ImageNet dataset, which consists of more than one
million labeled high-resolution images. Features extracted
directly from AlexNet can be used as a powerful deep
descriptor in a variety of recognition tasks [24, 25]. Chen et
al. [24] used CNNs to learn image representations automat-
ically through fully connected layers. Their experimental
results show that deep learning-based methods outperform
traditional methods based on hand-crafted features in clas-
sifying images according to emotions. Zhang [25] extracted
a CK+ image feature vector from the pre-trained AlexNet
and combined it with a simple SVM-based classifier. The
results show that CNNs can extract the essential features of
images that other methods cannot surpass. These examples
show that CNNs can be used as a tool in extracting deep
learning features.

In the classification step, many algorithms have been
employed in static FER systems, such as SVM [26],
KNN [27], and ANN-based approaches [28]. SVM is
a discriminative algorithm proposed according to the
principle of minimizing the Vapnik structural risk [29].

ProposedMethod

Scale-Invariant Feature Transform

In this paper, we adopt SIFT descriptors as shallow
feature representations of images. We chose SIFT features
as the shallow features for combination instead of Hog
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Fig. 1 Framework of an image
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or LBP. When we use some feature extraction method
to extract features from facial image, two points are
usually considered: One point is that the algorithm can
automatically identify potential points of interest; the other
is that these points of interests must be unique, that is, the
points of interest cannot change with the scale and rotation
of the face or the illumination of the image. SIFT algorithm
recognizes the points of interests of an image in the same-
scale space through Gaussian differential function, and
assigns descriptions of multiple directions to each points of
interests based on the local gradient direction of the image.
By considering the former characteristics, the above two
points are well satisfied, so that the SIFT is chosen instead
of HOG or LBP.

The area around the key points is divided into 4 × 4
subregions with 8 orientation bins each. Therefore, SIFT is
defined as a 4 × 4 × 8 = 128-dimension vector.

SIFT features have high dimensionality, and for image
classification, the dimensionality of the feature space needs
to be reduced. BoF is a visual descriptor that is frequently
used in classifying visual data. There are four main steps in
building a BoF with SIFT features in image classification
[30].

– The image features are detected and described using
SIFT.

– The descriptor is grouped to the set of clusters
(vocabulary) using the K-means vector quantization
algorithm. The K centers define the K ”visual words.”

– A BoF is constructed that represents the amount of
features for each group or cluster.

– Classification is performed by training adopting the
BoF as feature vectors, and each image is categorized.

The final representation of the BoF is a frequency
histogram that represents the counts of the occurrences of
each visual word in the image. Figure 1 is an example. The
input image is represented as a vector of K. The size of the
vocabulary K is specified as 300, 400, 500, and 600. The
best value of K is selected by cross-validating the average
recognition accuracy.

Deep Learning Features by CNNModel

CNNs were first introduced by Lecun et al. [31]. The main
advantage of CNN-based models is that they employ raw
images, rather than hand-crafted features, as inputs. CNNs
could learn the deep features that best represents the desired
classification [32].

CNN Architecture

The layer structure of the CNN adopted in this paper
is shown in Fig. 2. The weights of the CNN are
locally connected and shared spatially. Therefore, the CNN
includes relatively few connections and parameters and is
comparatively easy to train. The network receives a 64 ×
64 grayscale image as input and outputs the confidence of
each expression.

We use 5×5 filters with stride 1 in the first convolutional
layer, and 3 × 3 filters are used in the second and third
convolutional layers. Furthermore, 8, 16, and 32 filters
are adopted for the first, second, and third convolutional
layers, respectively. ReLu activation function is used for
each convolutional layer to prevent the vanishing gradient
problem. For pooling layers, we use max pooling and make
the filter size and stride to 2 × 2 and 1, respectively.

Input image
64×64×3

Conv1
Kernel:4
Size:5×5

Pool: 2:1

Conv2
Kernel:8
Size:3×3

Pool: 2:1

Conv3
Kernel:16
Size:3×3

Pool: 2:1

Fully con 1:
500

Fully con 2:
500

Output
So�max:7

Fig. 2 CNN structure design
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Fig. 3 Classification process based on deep learning feature extracted from the CNN model

The pooling layer adopts a down-sampling operation. This
operation reduces the input image size by half, resulting in
data with smaller dimensions. The CNN includes two fully
connected layers, which have 500 nodes each. The number
of nodes is determined empirically. Furthermore, these two
layers are regularized using dropout to avoid overfitting.

Deep Learning Features

CNNs can be trained to learn higher-level features by using
neural networks [15]. To achieve this goal, we extract the
outputs from CNN’s fully connected layer as a new feature
vector. We then use them as training inputs for a simple
classifier, such as an SVM-based classifier. Figure 3 shows
the structure of our FER system based on the features
extracted from the CNN. The output of every layer is
accessible. We exam the effectiveness of using the first
and the second fully connected layers respectively, which
are referred to as layer 7 and layer 8, respectively. The
dimensions of both layers are 500. We also assess how
the performance compares to the classification accuracy
of the original CNN. In Fig. 4, by visualizing the output
of Conv1/Conv2/Conv3, it can be found that the output
becomes more abstract as the number of convolution layers
increases. However, it can also be found that the highlighted
positions (the focus area) in the output of convolution were
concentrated in the area of eyes and nose. This is consistent
with the way humans judge expressions. Therefore, CNN
has the ability to extract high-level semantics of images for
facial expression recognition.

Hybrid CNN-SIFT Feature

Hybrid CNN-SIFT features are proposed to fully combine
the advantages of SIFT and CNN, which can extract

superficial invariant features of face images and high-
level semantic features. In contrast to hand-crafted shallow
features, CNN is fully data based end to end method.
However, the CNN does not consider (at least as far as we
have been able to determine) manually extracted features,
such as the local feature descriptor SIFT, even though
these points of interest may contribute substantially to the
classification of emotions.

Although many experiments show that deep learning
representations perform better in FER tasks, there is still
considerable room for improvement. Much research has
been carried out to find more powerful feature descriptions
to improve the classification performance. Therefore, we
speculate that the use of shallow features can augment
the deep learning features in image representation in our
FER task. For each image, we extract its BoF descriptor

Fig. 4 Visualization of the different convolutional features extracted
by our CNN model
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based on SIFT and its deep learning features based on
the CNN model, respectively. We then present a novel
integrated feature called CNN-SIFT, which connects the
SIFT-BoF features with deep learning features to produce
new features. The size of the extracted CNN feature is
500. The dimension of the SIFT-BoF feature is the size
of the bag vocabulary K. Therefore, the hybrid CNN-
SIFT feature vector has the dimension of 500 plus K.
Finally, we normalize the feature vector to (0,1) prior to the
classification phase.

Classification

After obtaining the representation, the next step involves
classifying the features extracted from the facial images. In
our experiment, the SVM model is chosen because it can
successfully address problems of spurious regression and
pattern recognition [33]. SVMs [26] with different kernel
functions can transfer a nonlinearly separable problem into
a linearly separable problem. In our work, we use a RBF
kernel in the following:

RBF
(
xi, xj

) = exp
(
−γ

∥∥xi − xj

∥∥2
)

, γ > 0 (1)

SVMs were firstly proposed to solve two-class problems.
Later, two extensions to this method, the one-against-all
and one-against-one approaches, were sugggested to solve
multiclass problems. We use LIBSVM [34] package in our
experiments.

Experiment and Results

To test the effectiveness and performance of the proposed
hybrid CNN-SIFT features extraction method, we conduct
experiments by adopting public facial expression datasets,

such as the CK+ database. Furthermore, to test the
generalization performance of our method, we also perform
a cross-database experiment on the Japanese Female Facial
Expressions (JAFFE) and MMI databases. We use the
features discussed previously to classify images from the
databases according to the seven basic emotions.

Databases

The CK+ database includes 593 sequences acted out by
123 participants [18]. The subjects include 15% African
Americans and 3% Asians and Latinos. Of the 593
sequences, only 327 have corresponding emotion labels,
whereas the remainder are unlabeled. The labels correspond
to seven expressions: happiness, anger, sadness, contempt,
disgust, fear, and surprise. We select final frame of each
sequence with peak expression, and this procedure results
in 503 images. All of the images are set to 640 × 480 pixel
arrays. We also convert all of the images to grayscale. Some
sample images from CK+ database are shown in Fig. 5.

In cross-database experiment, the proposed model is
trained and validated on CK+, and the accuracy of the
evaluation is calculated using the JAFFE and MMI. The
JAFFE dataset [19] consists of 213 images of different facial
expressions. For every subject, we select one example of
each of the seven expressions in our test set. All the images
are set to 256 × 256 pixels, and the grayscale values have
8-bit precision. Figure 5 shows some sample images from
JAFFE.

MMI database [20] contains more than 20 subjects of
both genders range in age from 19 to 62. Some examples
fromMMI are shown in Fig. 5. The original images in MMI
are color images, which were converted into 8-bit grayscale
images in our experiments. We select 50 image sequences
from total dataset fromMMI. The neutral face and one peak

Fig. 5 a Examples of seven
basic emotions in CK+. b
Examples of seven basic
emotions in JAFFE. c Examples
of six prototypic emotions in
MMI

(c)

(b)

(a)
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frame in each sequence (100 images in total) are used in the
test set.

Image Preprocessing

The pre-processing of facial images has been shown to be
a key step in obtaining high recognition performance. The
images in the databases vary in rotation and size. These
variations are not corresponding to the facial expressions.
Lopes [35] reported that combining multiple pre-processing
step could increase the performance.

To address this problem, pre-processing methods that
include image cropping, facial spatial normalization, and
facial intensity normalization are adopted in our experiment.
As shown in Fig. 6, the original images contain substantial
background information that is irrelevant to expression
recognition. We detect and crop the faces from the original
images based on Haar-like features and the AdaBoost
classifier and resize the faces image to 70 × 70. We then
use the OpenCV library to carry out face alignment. All the
face images are adjusted to a horizontal direction according
to the eye location. To remove the effects of variations in
brightness and contrast, intensity normalization is applied
[36].

Data Augmentation

Deep learning with CNNs always needs a large number
of training set to obtain good classification results. Given
that our database is relatively small, overfitting becomes a
serious problem. The method that is most commonly used to
reduce overfitting is enlarging the database using artificial
label-preserving transformations. Therefore, before training
the CNN model, we augment the database with various
transformations to generate various small changes in
appearance and orientation.

Simple data augmentation methods are used to make the
network more robust to the various situations. For each
70 × 70 training image, we extract five 64 × 64 patches
from the four corners and one from resizing an original
70×70 image. We also generate their horizontal reflections,
which increases the size of the training examples by a factor
of 10. In every experiment, the validation and test sets are

Fig. 6 Original (left) and pre-processing image (right)

Table 1 Results obtained using different values of the vocabulary size
K in SIFT

Bag of words Accuracy (%)

K = 300 72.28

K = 400 70.63

K = 500 76.57

K = 600 74.96

not augmented. During the test phase, we identify the test
images directly.

Results

Experiments Using the CK+ Database

To perform evaluations in CK+ dataset, CK+ database is
split into eight groups that do not include the same subjects.
Each group includes 12 subjects. Six groups are used for the
training set, one group is used for cross-validation, and one
group is used for testing. One group is selected for use as
the test set each time, and our experiment is repeated eight
times. Finally, the average recognition rate for the eight
repetitions is taken as the final recognition performance.

We use Keras library to implement CNN model, and the
SVM package LIBSVM is used in our experiments. SIFT-
BoF feature extraction is carried out using OpenCV library
[37].

The number of vocabularies used to build the clustering
model has a substantial impact on the classification
accuracy. We want to investigate how many clusters will fit
on the grayscale images using SIFT. The number of clusters
is set to 300, 400, 500, and 600. We use training and cross-
validation data to obtain the set of BoFs, which is then used
to create the BoF descriptor for all images. We train SVM
on training data and validation data to identify the good
matches (c, g). The results are summarized in Table 1.

As shown in Table 1, the best accuracy is obtained
when the vocabulary size K is set to 500. The experiments
show that average accuracy is 76.57%. Therefore, we select
the SIFT-BoF features with K = 500 as our final shallow
features. The confusion matrices of recognition performed
using the RBF kernel and K = 500 are shown in Table 2,
where the correct labels are arranged along the vertical axis
and the predicted labels are arranged along the horizontal
axis. The emotions with labels of happy, neutral, and
surprise can be recognized with high accuracy, while the
recognition performance for sadness and fear is lower.

We randomly choose eight groups to train our neural
networks and one group for validation each time. We adopts
the learning rate of c = 0.01 and decrease it by ten.
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Table 2 Facial expression recognition by SIFT-BoF (K = 500) features

Anger Disgust Fear Happy Neutral Sadness Surprise

Anger 51.7% 23.3% 0 0 4.6% 20.4% 0

Disgust 9.7% 82.6% 0 0 7.7% 0 0

Fear 8.3% 0 80.6% 6.9% 0 0 4.2%

Happy 0 0 12.5% 87.5% 0 0 0

Neutral 16.0% 0 0 0 78.9% 5.1% 0

Sadness 16.7% 6.3% 5.7% 0 10.8% 60.5% 0

Sadness 0 0 4.4% 0 0 9.1% 86.5%

Fig. 7 Average recognition
accuracy for the different
categories present in the dataset.
The plot compares the
performance of the features
extracted from the first and
second fully connected layers

Table 3 Confusion matrix for the CNN using the features from layer 8

Anger Disgust Fear Happy Neutral Sadness Surprise

Anger 83.7% 4% 0 0 0 10.7% 1.6%

Disgust 4.0% 87.0% 0 0 6.9% 2.1% 0

Fear 2.8% 0 89.3% 2.1% 0 5.8% 0

Happy 0 0 3% 95.8% 1.2% 0 0

Neutral 5.3% 0 0 0 92.2% 2.5% 0

Sadness 7.9% 0 0 0 5.4% 84.0% 2.7%

Surprise 0 1.3% 0 0 1.2% 0 97.5%
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Table 4 Comparison of several facial expression recognition models

Method Recognition accuracy (%)

SIFT-BoF + SVM 76.57

CNN 89.32

Deep learning feature + SVM 91.58

CNN-SIFT + SVM 94.13

In each epoch of training, the layer parameters of the
networks are updated based on the loss. The CNN method
obtains an average classification rate of 89.32% when
applied to the test set. We also compare the results of an
experiment involving the training set without augmentation.
The average accuracy for all expression labels is 86.8%. An
increase is noted in the average accuracy of about 3% when
the proposed data augmentation method is used.

As mentioned previously, CNN is adopted as a feature
extractor. We extract deep learning features from whole
images using the trained CNN model. We then train a SVM
using the training data and the cross-validation data and
predict the classification of the testing data. The results
show that combining the CNN features with the SVM is
highly competitive with or even superior to the original
CNN model for our FER tasks. However, performance is
strongly affected by the layer from which the features are
output, as shown in Fig. 7. We compare the performance
of the two different extracted features on each category.
The features extracted from layer 7 achieve an accuracy
of about 90.02%, while the layer 8 features achieve an
accuracy of 91.58%. Using the features from the eighth
layer outperforms those from the seventh layer at about
1.5% overall. Table 3 shows the confusion matrix of our
final deep learning feature representation method. The
performance is 91.58% for an SVM trained with an RBF
kernel and features taken from layer 8.

After these basic steps, we select the best shallow and
deep learning features described above. The dimension
of the SIFT-BoF feature is the size of the optimal bag
vocabulary (K = 500). The dimension of the CNN feature is
the number of the last connected layer node 500. We then

Table 6 Average facial expression accuracy in cross-database
experiments

Method Test: JAFFE (%) Test: MMI (%)

SIFT-BoF + SVM 38.27 39.13

CNN 44.86 47.50

Deep learning features + SVM 46.73 52.22

CNN-SIFT + SVM 48.90 53.81

merge these features tomake a representation for each image.
The dimension of the hybrid feature is 1000. For solving the
final classification problem, we also apply the SVM for the
training set and validation set with a RBF kernel.

The average recognition results obtained by three
different facial expression features and a 7-class SVM
classifier are shown in Table 4. Compared with other
methods, the average accuracy of these new hybrid
representation methods outperforms the deep learning
features based on a CNN by at least 4.8%. Our experimental
data show that the power of these feature descriptors, which
represent our SIFT-BoF features, can help the CNN features
to achieve improved accuracy in the FER task.

Using the novel hybrid features we propose above,
the performances are shown in Table 5. The recognition
performance of emotions with label disgust, happy, and
surprise, which human beings can easily recognize, achieves
an accuracy rate that exceeds 95%. On the other hand, the
anger and sadness expressions are associated with lower
recognition rates. The anger expression is confused with
sadness a majority of the time. This result shows that the
extracted features of two expressions extracted by the model
are not well separated.

Cross-Database Experiments

Despite the high FER accuracy obtained for the individual
databases, cross-database FER remains challenging. The
cross-database generalization ability is usually poor. Shan
et al. [10] trained selected LBP features using SVMs
on CK+ dataset and tested it on the JAFFE database or

Table 5 Facial expression recognition using our proposed CNN-SIFT feature

Anger Disgust Fear Happy Neutral Sadness Surprise

Anger 85.1% 2.2% 0 0 4.1% 8.6% 0

Disgust 1.1% 95.3% 0 0 0.9% 2.7% 0

Fear 0 0 90.3% 3.5% 0 6.2% 0

Happy 0 0 2.1% 96.4% 0 0 1.5%

Neutral 1.2% 0 0 0 95.5% 3.3% 0

Sadness 4.1% 0.8% 0 0 6.1% 89.0% 0

Sadness 0 0 0.5% 0 0.7% 0 98.8%
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Table 7 Facial expression recognition obtained by using CNN-SIFT features on JAFFE in cross-dataset experiment

Anger Disgust Fear Happy Neutral Sadness Surprise

Anger 31.9% 6.3% 0 8.1% 17.2% 25.7% 10.8%

Disgust 13.5% 45.1% 6.7% 0 15.2% 19.5% 0

Fear 10.9% 2.5% 27.4% 7.8% 0 18.3% 33.1%

Happy 6.2% 0 14.2% 61.3% 5.3% 13.0% 0

Neutral 11.9% 0 0 12.7% 47.3% 19.3% 8.8%

Sadness 17.1% 9.3% 3.5% 0 15.3% 54.8% 0

Sadness 2.7% 0 6.3% 0 4.2% 9.6% 77.2%

the MMI database. The experiments show that the across
datasets performance is much poor, around 40% on JAFFE
database and 50% on MMI database. These results reflect
the difficulty of generalizing a facial expression recognition
system trained with limited training set [38].

To construct a cross-dataset experiment, seven groups
from CK+ database are adopted to train the proposed
method, and one group is adopted as a cross-validation set.
JAFFE and MMI databases are used to test the cross-dataset
performance. In the cross-dataset experiments, no images
from the JAFFE and MMI databases are used during the
training of the network.

First, the number of vocabularies we choose to imple-
ment is 500. We use all of the CK+ data to obtain the set of
BoFs, and we then use these BoFs to create the BoF descrip-
tor for all of the images in the training and testing sets. We
then train an SVM on CK+ database and test the classifier
on the JAFFE database. Second, we choose seven groups of
images to train the CNN and use the one remaining group
for validation each time. The CNN architecture and training
procedure are similar to those used in the experiment involv-
ing CK+ database. We save the model that yields the best
performance on the validation set from the cross-validation.
We implement the model to predict an expression in the
JAFFE and MMI databases. We then adopt the trained CNN
model to extract features from the second fully connected
layers of the training and testing sets. Similarly, we train

the SVM on CK+ database and make predictions using the
JAFFE and MMI databases. Finally, we connect the SIFT-
BoF features and deep learning features of the training and
testing images. Using the novel hybrid feature, we also train
the SVM on CK+ database and test it using the JAFFE and
MMI databases. Table 6 presents the average cross-database
accuracy when classifying the seven expressions.

Table 6 shows that the average recognition accuracy in
the cross-database experiment using the CNN-SIFT features
is much lower compared with the results obtained within
the CK+ database experiment. Specifically, accuracies of
approximately 48% and 53% are obtained for the JAFFE
and MMI databases, respectively. The low accuracies
reported in Table 6 can be explained in terms of the
cultural differences. While the MMI database includes some
subjects with the same ethnicity as those in the CK+
database, the same statement does not apply to the JAFFE
database. Compared to the SIFT-BoF features and the deep
learning features, our method yields a slight improvement
in the cross-database experiment. The confusion matrix
obtained through the use of our proposed novel hybrid
features in the above experiments involving the JAFFE and
MMI databases can be seen in Tables 7 and 8, respectively.
The cross-database experiments convincingly prove the
utility of the hybrid features, which would be effective when
the training data are not sufficient to obtain a deep model
with considerable generalization ability.

Table 8 Facial expression recognition obtained by using CNN-SIFT features on MMI database in cross-database experiment

Anger Disgust Fear Happy Neutral Sadness Surprise

Anger 39.8% 16.3% 0 3.8 20.7% 8.2% 11.2%

Disgust 9.5% 46.5% 6.7% 0 18.5% 11.0% 7.8%

Fear 0 16.7% 37.1% 3.3% 10.3% 9.0% 23.6%

Happy 0 4.7 1.2% 69.0% 10.2% 0 14.9%

Neutral 14.0% 0 5.1% 7.9% 62.8% 10.2% 0

Sadness 12.5% 6.0% 8.7% 0 8.6% 44.6% 19.6%

Sadness 1.9% 0 0 5.8% 11.8% 0 80.5%
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Table 9 Comparisons of expression recognition performance

Method Lope et al. Mollahosseini et al. Hasani et al. BDBN AUDN LBP + SVM Proposed

[35] [15] [39] [2] [40] [9]

CK+ 95.79 93.2 93.04 96.7 93.7 91.4 94.13

JAFFE 37.36 — — 68.0 — 41.3 48.90

MMI — 55.6 — — 72.2 51.1 53.81

Experimental Analysis

Furthermore, the performance of proposed method are
compared with some state-of-the-art methods. Table 9
shows the results of applying other approaches on CK+
dataset and cross-database experiments in the JAFFE and
MMI databases. Note that the methods shown in Table 9 do
not use the same experimental method as we proposed (i.e.,
they use different k-fold cross-validation techniques and
different criteria for selecting the datasets). Table 9 shows
that the proposed method obtains better performance and
show high results when applied to CK+ dataset. The bilinear
deep belief network (BDBN) method, which features the
highest accuracy of the methods shown in this table, is
not comparable to our method because it identifies six
expressions. Other experiments are performed using seven
expressions, which is more challenging than the problem
with six categories.

Some studies in the literature also include cross-
database experiments using the JAFFE and MMI database.
Note that these two databases do not represent realistic
scenarios regarding the acquisition of samples. However,
such databases are publicly available and have been used
by many researchers for evaluation and benchmarking.The
accuracy is computed using a binary classifier approach
in [2], whereas the other methods employ the n-class
classifier approach. In [15], the networks for the cross-
database cases are tested on one of the CK+; Multiple Pose,
Illumination and Expression (Multi-PIE); MMI; Facial
Expression Recognition and Analysis; Denver Intensity
of Spontaneous Facial Action; Static Facial Expressions
In The Wild; and FER2013 databases after training on
the rest. Compared with the method based on shallow
features [9] and other methods based on deep learning, our
experimental results show a convincing demonstration of
the generalization ability of the proposed method.

Conclusion

The advantage of CNNs is that they can learn high-level rep-
resentations of images. Thus, CNNs perform well in flexible
learing tasks, than hand-designed features. However, learn-
ing CNNs requires abundant training samples. Although

we apply some transformations to images to augment the
databases, the augmented databases still cannot satisfy the
data requirements of CNNs. On the other hand, hand-crafted
shallow features do not require extensive databases to gen-
eralize. Thus, we use SIFT features to increase the whole
performance on small datasets. Combining shallow and
deep learning features would be effective when the train-
ing data are not sufficient to obtain a deep model with
considerable generalization ability.

In this paper, a hybrid feature representation is proposed
for the recognition of facial expressions that adopts a
combination of SIFT-BoF features and deep learning
features extracted from a CNN model, and we then train
features and classify expressions using SVMs. The hybrid
CNN-SIFT approach has the strengths of both methods.
Several experiments have been performed using CK+
database to validate the usefulness of the proposed method.
Compared with the accuracy of 76.57% obtained using the
SIFT-BoF features and the accuracy of 92.87% obtained
based on the CNN features, we achieve a FER accuracy of
94.82% using the hybrid SIFT-CNN features. The results
indicate the considerable potential of combining shallow
features with the deep learning features, and this technique
displays greater promise than the state-of-the-art CNN
method.
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