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In this paper, we propose a novel end-to-end architecture termed Spatio-Temporal Convolutional features
with Nested LSTM (STC-NLSTM), which learns the muti-level appearance features and temporal dynamics
of facial expressions in a joint fashion. More precisely, 3DCNN is used to extract spatio-temporal con-
volutional features from the image sequences that represent facial expressions, and the dynamics of ex-
pressions are modeled by Nested LSTM, which is actually coupled by two sub-LSTMs, saying T-LSTM and
C-LSTM. Namely, T-LSTM is used to model the temporal dynamics of the spatio-temporal features in each
convolutional layer, and C-LSTM is adopted to integrate the outputs of all T-LSTMs together so as to en-
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Fa?:/ial expression recognition code the multi-level features encoded in the intermediate layers of the network. We conduct experiments
LSTM on four benchmark databases, CK+, Oulu-CASIA, MMI and BP4D, and the results show that the proposed
3DCNN method achieves a performance superior to the state-of-the-art methods.

Multi-level features
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1. Introduction

Facial Expression Recognition (FER) [1], in general, is to auto-
matically group various kinds of facial muscle motions into simi-
lar emotion categories purely based on the visual information in
images or videos. Due to its potentials in a broad range of appli-
cations such as face recognition [2-5], face alignment [6-14] and
human-computer interface [15], FER has received extensive atten-
tions in the literatures, e.g., [16-18]. Essentially, facial expression is
a dynamic process consisting of multiple stages, mainly including
neutral, onset, apex and offset [19], so how to learn the dynamics
of facial expressions is a key issue in FER [20].

Early FER methods [21,22] are often built upon some pre-
defined features such as the Gabor filters, haar-like features and
Local Binary Patterns (LBP). These methods may work well only on
limited occasions, as the pre-defined features are incapable of fit-
ting well with the data from a wide range of applications. To over-
come this issue, it would be natural to consider the deep learning
methods such as Convolutional Neural Network (CNN) [23], which
can seamlessly integrate feature extraction and expression classi-
fication into a unified procedure. Extensive experiments demon-
strate that CNN achieves substantial improvement in recognition
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accuracy over conventional methods [16,24-26], but most of CNN-
based methods consider a video as a collection of multiple static
images, and thus they may not handle well the dynamic nature of
facial expressions.

In order to make better use of the features that capture the mo-
tion of facial muscles, sequence-based methods [25,27-29], which
represent an expression by a sequence of images with known time
stamp, have emerged as a preferable choice. To analyze sequen-
tial data, the deep learning community has also established several
tools, e.g., Recurrent Neural Network (RNN) [30], Long Short-Term
Memory (LSTM) [31-34] and 3D Convolutional Neural Network
(3DCNN) [35]. Especially, the CNN-RNN (or CNN-LSTM) framework
attracts much attention [25,27,28], in which RNN (or LSTM) takes
the appearance features extracted by CNN over individual frames
as inputs and encodes the temporal dynamics for later use, be-
cause it can combine the advantages of CNN and RNN to model
both the appearance features and temporal dynamics simultane-
ously. Recently, researchers have investigated the framework of
3DCNN-RNN (or 3DCNN-LSTM) [36,37]. Unlike CNN, which only
deals with 2D inputs, 3DCNN takes image sequences as inputs and
can therefore extract directly the spatio-temporal features underly-
ing the image sequences. Despite of the considerable improvement
attained with the help of deep learning in recent few years, exist-
ing methods often use only the outputs of the last fully-connected
layer as features for classification, discarding much useful informa-
tion encoded in the intermediate layers of the network. As can be
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Fig. 1. Visualization of the convolutional features extracted from different layers of
3DCNN. The blue and red points correspond to the low and high response values,
respectively. The emotion label for the input image sequence is surprise.
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Fig. 2. Architecture of the proposed STC-NLSTM, which consists of 3DCNN and
Nested LSTM, and which is coupled by temporal-LSTM (T-LSTM) and convolutional-
LSTM (C-LSTM). In the figure above, the term “ST-Convs” standards for the spatio-
temporal convolutional features.

seen from Fig. 1, early convolutional layers extract fine-grained de-
tails (e.g., local boundaries or illuminations) of faces, while later
layers capture more detailed information, e.g., the appearance pat-
terns of mouths and eyes. It can be seen that the features from
all layers of 3DCNN indeed provide FER with a hierarchical repre-
sentation of multi-level features from fine to coarse. Such a hierar-
chical representation, intuitively, would be more effective than the
features contained in the last layer only.

In this work, we propose an end-to-end FER method that
can involve various visual clues, including the multi-level appear-
ance features and the temporal dynamics of facial expressions. To
this end, we propose a novel architecture termed Spatio-Temporal
Convolutional features with Nested LSTM (STC-NLSTM), which is
illustrated in Fig. 2. In general, our STC-NLSTM contains three ma-
jor components: (1) a 3DCNN module consisting of multiple con-
volutional layers, (2) multiple temporal-LSTM (T-LSTM) modules
each of which corresponds to one layer of the 3DCNN, and (3)
a convolutional-LSTM (C-LSTM) module that takes the outputs of

T-LSTMs as inputs!. Given a sequence of images that represent
an emotion class, first, the 3DCNN module extracts the spatio-
temporal convolutional features of the expression for later use.
Second, T-LSMT takes the spatio-temporal features as inputs and
produces compact features that encode the appearance features as
well as the temporal dynamics. Third, C-LSTM plays the role of
integrating the outputs of all T-LSTMs together and encoding the
multi-level features contained in each convolutional layer. Finally,
the softmax classifier is used to categorize the given sequence into
one of the six basic emotion classes. In contrast to the existing
sequence-based methods [25,28], our STC-NLSTM can utilize not
only the appearance features as well as the temporal dynamics of
facial expressions, but also the multi-level semantics encoded in
the individual layers of the network, so as to attain more reliable
classification results. Experiments on CK+ [38], Oulu-CASIA [39],
MMI [19] and BP4D [40] show that the proposed STC-NLSTM is
superior to the state-of-the-art methods.

The rest of this paper is organized as follows. Section 2 pro-
vides a brief survey for FER. Section 3 introduces the proposed
STC-NLSTM method. Section 4 shows some empirical results and
Section 5 concludes this paper.

2. Related work

Deep learning methods have exhibited superior performance
for FER, showing dramatic improvement in accuracy and robust-
ness over the conventional methods based on pre-defined fea-
tures [16,24-26,28,40-43]. According to how an expression is rep-
resented, existing methods can be roughly divided into two cate-
gories: image-based and sequence-based methods.

In general, FER is a special pattern recognition problem, and
thus the techniques for generic classification can be naturally ap-
plied to FER. Yu et al. [44] proposed a FER method that combines
together an ensemble of multiple CNNs by minimizing a mixture of
the log likelihood loss and the hinge loss. Kim et al. [45] devised
a recognition framework by combining multiple CNNs to form
a hierarchical network, and they won the first place of EmotiW
2015, an international competition of FER. Bargal et al. [41] es-
tablished a hybrid network that combines VGG16 [46] with Resid-
ual Network [47] to learn the appearance features of expressions,
and they used SVM to produce the final classification results. Yao
et al. [48] proposed a deeper and wider network consisting of
three inception modules, and Zhao et al. [26] built a novel peak-
piloted feature transformation network to capture the intrinsic cor-
relations between the peak and weak expressions.

Different from the image-based methods, the sequence-based
methods attempted to well capture the temporal variations of the
appearance features, which are better for FER. Liu et al. [49] pro-
posed a FER method termed 3DCNN-DAP (DAP standards for de-
formable action part), in which 3DCNN is used to extract the
spatio-temporal features and the strong spatial structural con-
straints among the dynamic action parts as well. Jung et al
[16] studied an integrated network with joint fine-tuning to in-
fer the appearance features and temporal dynamics of facial ex-
pressions. Jaiswal et al [25] utilized CNN in combination with
Bi-directional LSTM (BiLSTM) for FER, achieving a performance bet-
ter than the winner of FERA 2015 [40]. Fan et al. [28] estab-
lished a novel hybrid network that combines 3DCNN and RNN in
a late-fusion fashion and won the first place in EmotoW2016 [42].
The proposed STC-NLSTM method belongs to the sequence-based

! In addition to the three major components shown in Fig. 2, STC-NLSTM actu-
ally contains another component called Multi-dimensional Spatial Pyramid Pooling
normalization (MSPP-norm), which is in charge of normalizing the convolutional
features of different dimensions into the same size. We shall clarify this detail in
Section 3.2.1.
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Fig. 3. Architecture of the adopted 3DCNN.

methods. Comparing to the previous works, our STC-NLSTM pro-
vides a fine grained approach for modeling multi-level features en-
coded in the intermediate layers of the network so as to achieve
more accurate FER.

3. Spatio-Temporal convolutional features with nested LSTM

This section details the proposed STC-NLSTM. As shown in
Fig. 2, our STC-NLSTM has three main components: (1) a 3DCNN
module is used to extracted the spatio-temporal convolutional fea-
tures (ST-Convs) of facial expressions, (2) multiple T-LSTM modules
are adopted to capture the temporal dynamics of facial muscle mo-
tions, and (3) a C-LSTM module aims to seize the multi-level fea-
tures encoded in the individual layers of the 3DCNN.

3.1. Spatio-temporal convolutional features

Since facial expression is essentially a dynamic process, we at-
tempt to extract directly the spatio-temporal features of facial ex-
pressions by a more straightforward approach, that is, the well
recognized 3DCNN, which has been widely used in the fields of ac-
tivity recognition, lip reading recognition, gesture recognition, and
so on [35]. Different from the traditional CNN that can only deal
with 2D inputs, 3DCNN takes directly the image sequences as in-
puts and can therefore capture literally the spatio-temporal fea-
tures of image sequences.

Fig. 3 illustrated the architecture of the 3DCNN. Given a se-
quence of images with known time stamp that represent a facial
emotion class, 3DCNN processes the sequence by multiple convolu-
tional and pooling layers, producing a collection of spatio-temporal
features that characterize the expression.

3.2. Nested LSTM

To capture the multi-level features encoded in the intermedi-
ate layers of the network, we propose the so-called Nested LSTM
shown in Fig. 4, which is composed of MSPP-norm, T-LSTM and
C-LSTM. MSSP-norm aims to normalize the spatio-temporal fea-
tures of different sizes to the same dimension, while T-LSTM and
C-LSTM can capture the temporal dynamics and seize the multi-
level features encoded in the individual convolutional layers of the
network respectively.

3.2.1. MSPP-norm

Because the spatio-temporal features extracted by different lay-
ers of 3DCNN have different dimensions, it is impossible to input
them directly to the LSTM units, which generally require the in-
puts to have the same dimension. To fill this gap, we design the
Multi-dimensional Spatial Pyramid Pooling normalization (MSPP-
norm) operation, which is inspired by the Spatial Pyramid Pool-
ing network (SPP-net) proposed by He et al. [50]. The purpose of
the MSSP-norm is to normalize the spatio-temporal features of dif-
ferent sizes to the same dimension. Given a 3D feature map of
size N x a x a, we partition it into Nxn xn (with n = 2,4, 8) sub-
regions and summarize the responses within each sub-region via
max pooling, resulting in a feature vector with a fixed dimension
determined by the parameter n.

3.2.2. T-LSTM and C-LSTM

After the process of MSPP-norm, the spatio-temporal features
in each layer of 3DCNN are transferred to feature vectors of the
same dimension. Thus, it is suitable to further analyze the spatio-
temporal features by LSTM, which is an advanced RNN architecture
for sequential data analysis including in FER [27,51]. The commonly
used LSTM can model the temporal information by transforming
a sequence of inputs to a sequence of outputs; this, in general,
can partially capture the correlations among the spatio-temporal
features extracted by 3DCNN. However, few conventional methods
based on LSTM make full use of the information encoded in all
the convolutional layers, because it is hard to involve all of the ap-
pearance features, temporal dynamics and multi-level features by
simply combining 3DCNN with LSTM.

To deal with the above issues, we adopt two LSTM modules,
saying T-LSTM and C-LSTM to cope with the spatio-temporal fea-
tures extracted by 3DCNN. For each feature vector corresponding
to a certain convolution layer, a T-LSTM is constructed by stacked
LSTM units, which models the temporal dynamics of facial expres-
sions. After that, a C-LSTM is constructed to take the outputs of
T-LSTMs as inputs, so the desired multi-level features can be mod-
eled in a seamless way.

Suppose that there are in total | convolutional layers in 3DCNN.
Then the procedure of our STC-NLSTM method can be summarized
as follows:

fi=3DCNN(x),j=1,....1,
f;“spp = MSPP-norm(fj), j=1,....1,
hj = T—LSTMJ»(f;“Spp),jz 1,...,1,
h={hy,..., b},
0= C—LSTM(h),

where x denotes an image sequence, f; is the 3D feature map pro-
duced by the jth convolutional layer of 3DCNN, h; is the feature
vector from the jth T-LSTM module, and o denotes the final fea-
ture vector used for classification.

4. Experiments and results
4.1. Experimental data

To verify the effectiveness of the proposed STC-NLSTM, we ex-
periment with four benchmark datasets, CK+ [38], Oulu-CASIA [39],
MMI [19] and BP4D [40]. CK+: This dataset has six basic emotion
classes, including anger(An), disgust(Di), fear(Fe), happiness(Ha),
sadness(Sa) and surprise(Su). In addition, there is another special
expression called “contempt”. The dataset contains in total 593 im-
age sequences from 123 subjects, but only 309 sequences are an-
notated with the six basic expression labels. We divide these 309
sequences into 10 groups, of which 9 groups are used for training
and the rest for testing. In this way, we can run various FER meth-
ods multiple times and obtain an averaged accuracy for evaluation.

Oulu-CASIA: We also consider for experiments the Oulu-CASIA
dataset, which is a little bit more challenging than CK+. The dataset
contains 480 image sequences of six basic emotion classes (includ-
ing An, Di, Fe, Ha, Sa and Su) under normal illumination condi-
tions. Each sequence begins with a neutral expression and ends
with the peak expression. The same as in CK+, a 10-fold cross val-
idation is performed to evaluate various FER methods.

MMI: The third dataset used for experiments, MMI, is consist
of 205 image sequences of the six basic emotion classes. Unlike
CK+ and Oulu-CASIA, in which each sequence ends at the peak ex-
pression, the peak expressions in MMI are located in the middle of
the sequences. The location of the peak frame is not provided as a
prior information, which is usually the case for real-world videos.
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Fig. 4. Architecture of the proposed Nested LSTM.

Fig. 5. Examples of the images used in our experiments. Top: CK+; Middle: Oulu-
CASIA; Bottom: MML

Table 1

The number of image sequences in each of the six basic
emotion classes: anger(An),disgust(Di), fear(Fe), happi-
ness(Ha), sadness(Sa) and surprise(Su).

An  Di Fe Ha Sa Su Al
CK+ 45 59 25 69 28 83 309
Oulu 8 8 8 8 80 80 480
MMI 32 31 28 42 32 40 205

To obtain unbiased evaluation results, we perform a 10-fold cross
validation in the same way as in CK+ and Oulu-CASIA.

BP4D: The last dataset used for experiments, BP4D, is divided
into a fixed set of training, development and test data. In total, the
training partition contains 75,586 images, the development con-
tains 71,261 images and the test contains 75,726 images. Each of
these images in BP4D are annotated with 11 Action Units. Unlike
above datasets, BP4D contains large number of annotated images
which benefits deep learning algorithms and provides a good plat-
form for a fair evaluation due to a fixed training and test set.

Fig. 5 shows some examples sampled from the above four
datasets, and Table 1 summarizes the number of sequences in each
of the six emotion classes. To better perform FER, we need to use

Fig. 6. Some examples of the face detection results in CK+ (top), Oulu-CASIA (mid-
dle) and MMI (bottom).

several pre-processing techniques, mainly including video normal-
ization, face detection and data augmentation.

Video normalization: Since the length of the image sequences
is variable, but the dimension of the inputs for a neural network
is usually fixed, the normalization along the time axis is required
as input for neural networks. For the sequences in CK+ and Oulu-
CASIA , which have respectively averaged lengths of 18 and 22,
we make each sequence into the average length via either uniform
sampling (for the sequences longer than the average) or replicating
the last frame (for the sequences shorter than the average). Re-
garding the MMI dataset, which is based on video, we convert the
videos into the image sequences by uniformly selecting 10 frames
per second, and normalize the sequences into a fixed length of 22
in the same way as in CK+ and Oulu-CASIA.

Face detection: We utilize the Multi-Task Cascaded Convolu-
tional Network (MTCCN) [52] to obtain the coordinates of two eyes
at first, then determine the final rectangular face by keeping the
distances between two eyes invariable. Finally, we turn a rectan-
gle into a square through zero padding and resize the square to
64 x 64 (see Fig. 6).
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Data augmentation: Facial expression datasets, e.g., CK+, Oulu-
CASIA and MM], often contain only hundreds of image sequences.
However, a typical deep neural network has many parameters, and
this will make a deep network prone to overfitting. To handle this
issue, we first flip each image sequence horizontally so as to dou-
ble the number of sequences. Then we rotate each image by an an-
gle in {-7.5°, —5°, —2.5°, 2.5°, 5°, 7.5°}, resulting in a new dataset
which is 14 times as big as the original one. Such a data augmen-
tation process can not only make the learnt model robust against
the slight rotational changes of the input images, but also broaden
the number of training samples so as to avoid overfitting.

4.2. Experimental data

To evaluate the performance of the proposed STC-NLSTM, we
compare it with 12 prevalent FER methods, including 3DCNN-
DAP [49], 3DSIFT [53], ARDfee [54]|, CSPL [20], DTAGN [16],
FN2EN [55], IDT+FV [56], LOmo [43], PPDN [26], DCPN [57], STM-
ExpLet [17] and ST-RBM [58].

In addition, to further investigate the effectiveness of the pro-
posed Nested LSTM, we design four baselines by amending the ar-
chitecture of STC-NLSTM:

- STC (i.e., 3DCNN): This baseline is created by simply removing
the T-LSTM and C-LSTM modules from the architecture of
STC-NLSTM, and the outputs of the last convolutional layer
of 3DCNN are taken as inputs to the softmax classifier so as
to obtain the final classification results.

- STC-LSTM: This baseline is constructed by replacing the T-
LSTM and C-LSTM modules with a traditional LSTM. Namely,
the outputs of the last convolutional layer are taken as in-
puts to LSTM, which produces the final feature vectors for
classification.

- STC-SLSTM: This baseline is similar to STC-LSTM. The only
difference is that the outputs of all convolutional layer are
taken as inputs to LSTM by sum fusion, which computes the
sum of two feature maps at the same spatial locations and
channels.

- DenseNet: This baseline [59] is a simpler and more efficient
network compared to Inception networks, which also uti-
lizes the middle latent representation. We compared the
DenseNet to the other FER methods under the standard set-
ting [26], which uses the strong expressions in each se-
quence(e.g., the last one to three frames) for training and
testing. Because the DenseNet method is only based on the
static image, we train this baseline following to [57].

For the 12 previously proposed baselines, their results are di-
rectly quoted from the original reports. For STC, STC-LSTM and
STC-SLSTM, we obtain their classification results using the same
parametric configuration as STC-NLSTM.

As usual, we denote a deep network by a sequence of let-
ters and numbers, e.g., 1(64,64,22)-C(3,64)-BN-P2-FC18-S6, where
1(64,64,22) means the 64 x 64 x 22 input image sequences, C(3,64)
is a convolutional layer with 64 filters of 3 x 3, BN standards for
the operation of batch normalization, P2 is a 2 x2 max pool-
ing layer, FC refers to a fully connected layer, and S6 denotes a
softmax layer with six outputs. For simplicity, the architecture of
the 3DCNN used in our STC-NLSTM is configured as 1(64,64,18)-
C(3,64)-BN-P2-C(3,64)-BN-P2-(C(3,64)-C(3,64)-P2-C(3,64)-FC18, and
a two-level LSTM architecture is used to construct the T-LSTM and
C-LSTM modules. The stride of each layer is 1 with the exception
of the pooling layer, which has a stride value of 2. Table 2 details
the configurations of the network architecture.

Our model is implemented based on the TensorFlow li-
brary [60] and trained on four GeForce Titan X (pascal) GPU with
12GB memory. The weights of the network are initialized randomly

Table 2
Detailed configurations of the network for CK+.

Type Patch size/stride Input size

convl 3x3x3[1x1x1
mspp1 [8,4,2]
pooll Tx2x2[1x2x2
conv2 3x3x3/1x1x1
mspp2 [8,4,2]
pool2 1x2x2[1x2x2

18x64x64x3
18 x 5376
18 x32x32x64
18 x 32 x32 x 64
18 x 5376
18 x 16 x 16 x 64

conv3 3x3x3/1x1x1 18 x 16 x 16 x 64
mspp3 [8,4,2] 18 x 5376

conv4 3x3x3[1Tx1x1 18 x 16 x 16 x 64
mspp4  [8,4,2] 18 x 5376

pool4 1x2x2[1x2x2 18 x8x 8 x 64
conv5 3x3x3/1x1x1 18 x 8 x 8 x 64
mspp5 [8,4,2] 18 x 5376

Table 3

Classification accuracies on CK+. The
numbers for STC, STC-LSTM, STC-SLSTM
and STC-NLSTM are averaged from 40
trails.

Method Average accuracy

3DCNN-DAP [49] 924
STM-ExpLet [17] 94.2

LOmo [43] 95.1
IDT+FV [56] 95.8
FN2EN [55] 96.9
DTAGN [16] 97.3
ARDfee [54] 98.7
PPDN [26] 99.3
DCPN [57] 99.6
STC 98.9
STC-LSTM 99.3
STC-SLSTM 99.4
DenseNet 97.6
STC-NLSTM 99.8(+0.2)

Table 4

Confusion matrix of STC-NLSTM for CK+. The labels in the
leftmost and topmost columns denote the ground truth and
prediction results, respectively.

An Di Fe Ha Sa Su
An 100 O 0 0 0 0
Di 015 9968 0 0 0.17 0
Fe 0 0 99.71 0 0.29 0
Ha 0 0 0.11 9989 0 0
Sa 0 0.29 0.57 0 9914 0
Su 0 0 0 0 0 100

using the “xaiver” procedure [61]. We first set the learning rate as
0.0025 and train the network until 300 iterations, and then fine-
tune the network by setting the learning rate to 0.000025 and run-
ning 200 iterations. In all the experiments, the weight decay pa-
rameter is consistently set as 0.0015.

4.3. Experimental results

4.3.1. Results on CK+

For fair comparison, we follow [20] to use 10-fold cross-
validation and repeat the procedure 4 times, resulting in 40 tri-
als in total. Table 3 shows the comparison results of various FER
methods. Since the expressions in this dataset are easy to classify,
several methods obtain superior classification results. In particular,
as we can see from Table 4, our STC-NLSTM can achieve an ac-
curacy near 100%. It performs well in anger and surprise, but for
sadness , it is easy to be confused with disgust and fear. Fig. 7
compares STC-NLSTM with STC, STC-LSTM and STC-SLSTM on each
of the six basic emotion classes. It can be seen that STC-NLSTM
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six emotion classes in CK+.

Table 5

Classification accuracies on Oulu-CASIA.
The numbers for STC, STC-LSTM, STC-
SLSTM and STC-NLSTM are obtained by
averaging the accuracies from 40 trails.

Method Average accuracy
STM-ExpLet [17]  74.59

DTAGN [16] 81.64

LOmo [43] 82.10

PPDN [26] 84.59

DCPN [57] 86.23

FN2EN [55] 87.71

ARDfee [54] 89.60

STC 84.72
STC-LSTM 88.98
STC-SLSTM 90.12
DenseNet 87.28
STC-NLSTM 93.45( £ 0.43)

Table 6

Confusion matrix of STC-NLSTM for Oulu-CASIA. The labels in
the leftmost and topmost columns denote the ground truth
and prediction results, respectively.

An Di Fe Ha Sa Su
An 8982 620 0.75 0 3.23 0
Di 1.38 9520 030 0.95 217 0
Fe 0 0 96.14  0.50 0.65 2.71
Ha 0O 0.90 3.83 94.78 049 0
Sa 4.4 2.38 0.56 0 9266 0
Su 0 0 3.95 0 0 96.05

performs consistently better than STC, STC-LSTM and STC-SLSTM,
which confirms the effectiveness of our Nested LSTM.

4.3.2. Results on Oulu-CASIA

Table 5 shows the comparison results, and Table 6 gives the
confusion matrix produced by our STC-NLSTM method on the
Oulu-CASIA dataset. This dataset is more difficult to classify than
CK+. In the cases of disgust, fear, happiness and surprise, the per-
formance is good, but the performance for anger and sadness is
slightly poor. As we can see, STC-NLSTM achieves an averaged ac-
curacy of 93.45%, which is 4.2% higher than the 89.6% accuracy
produced by the most close baseline, ARDfee. This illustrates the
superiorities of STC-NLSTM over the state-of-the-art FER methods.
Fig. 8 shows that STC-NLSTM is distinctly better than STC, STC-
LSTM and STC-SLSTM on all expression classes except the class
“happy”. It is shown that that FER can benefit a lot from the mod-
eling of the multi-level features encoded in each convolutional
layer.
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Fig. 8. Comparing STC-NLSTM with STC, STC-LSTM and STC-SLSTM on each of the
six emotion classes in Oulu-CASIA.

Table 7

Classification accuracies on MMI. The numbers for
STC, STC-LSTM, STC-SLSTM and STC-NLSTM are av-
eraged from 40 trails.

Method Average accuracy

3DCNN-DAP [49] 63.4

3DSIFT [53] 64.39

DTAGN [16] 70.24

CSPL [20] 73.53

STM-ExpLet [17] 75.12

ST-RBM [58] 81.63

STC 74.84

STC-LSTM 80.39

STC-SLSTM 81.92

DenseNet 77.68

STC-NLSTM 84.53(+0.67)
Table 8

Confusion matrix of STC-NLSTM for MMI. The labels in the
leftmost and topmost columns denote the ground truth and
prediction results, respectively.

An Di Fe Ha Sa Su
An 83.24 9.04 0 5.36 124 112
Di 6.72 88.21 0 2.74 233 0
Fe 434 0 81.24 1.23 1.56 11.63
Ha 3.62 0 3.16 93.22 0 0
Sa 155 112 9.18 118 85.77 1.20
Su 2.64 0 8.66 3.41 0 85.29
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Fig. 9. Comparing STC-NLSTM with STC, STC-LSTM and STC-SLSTM on each of the
six emotion classes in MMI.

4.3.3. Results on MMI

As shown in Table 7, the STC-NLSTM method can distinctly
outperform previous state-of-the-art methods on the MMI dataset.
Table 8 shows the confusion matrix produced by STC-NLSTM. Ac-
tually, the averaged accuracy by STC-NLSTM reaches 84.53% (see
Table 7), which is 2.9% better than ST-RBM, and which archives the
best performance among the previous reports. Fig. 9 shows that
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Table 9
Performance (F1 scores) comparison on
BP4D Test set.

Method F1 Scores
LGBP [40] 0.44
GDNN [25] 0.48
DLE [62] 0.51
CNN+BLSTM [25] 0.52
STC-NLSTM 0.58
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Fig. 10. Plotting the classification accuracy as a function of the number of convolu-
tional layers in STC-NLSTM.

STC-NLSTM is distinctly better than STC-SLSTM on all the emotion
classes, which is same as the results on the other three datasets.

4.3.4. Results on BP4D

Since the BP4D dataset has the training set and testing set,
we do not need to use 10-fold cross-validation. Different from the
above three datasets, the BP4D dataset is bigger than them. Table 9
shows the experimental results. It can be seen that the STC-
NLSTM obviously outperforms previous the state-of-the-art meth-
ods. This result supports the conclusion that our STC-NLSTM can
also achieve the good performance on a large scale datasets.

4.3.5. Influences of the number of layers

The above results illustrate that Nested LSTM plays a crucial
role in our proposed method. To be more clear, we shall investigate
the influences of the number of the convolutional layers contained
in the architecture of STC-NLSTM. Fig. 10 shows the results. It can
be seen that the classification accuracy gradually increases as the
enlargement of the layer number, reaching the maximum at 5 con-
volutional layers. Since the datasets are not large, the performance
drops while the number of layers exceeds 5. Regarding why the
CK+ dataset is not so sensitive to the number of layers, the reason
is that the dataset is easy to classify (see Table 3).

5. Conclusion

In this paper, we proposed a novel method termed STC-NLSTM
for FER. Unlike most of the existing deep learning based meth-
ods, which obtain the classification results based on the outputs
of the last fully-connected layer, STC-NLSTM aims to taken into
account the multi-level features encoded in the intermediate lay-
ers of the network. To achieve this, the architecture of STC-NLSTM
is designed to involve three major components: 3DCNN, T-LSTMs
and C-LSTM. Each component is devised carefully to own a specific
ability. The 3DCNN module plays the role of extracting the spatio-
temporal convolutional features of facial expressions. The T-LSTM
modules take charge of capturing the temporal dynamics that de-
pict the facial appearance variations in temporal domain, and the
C-LSTM is responsible for seizing the multi-level features encoded

in the individual convolutional layers of the network. All the three
components are integrated into an end-to-end network so as to
cooperate seamlessly with each other. Experiments on four public
datasets demonstrated that STC-NLSTM is superior to the state-of-
the-art methods.
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