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ABSTRACT

Human emotion is a temporally dynamic event which can
be inferred from both audio and video feature sequences. In
this paper we investigate the long short term memory
recurrent neural network (LSTM-RNN) based encoding
method for category emotion recognition in the video.
LSTM-RNN is able to incorporate knowledge about how
emotion evolves over long range successive frames and
emotion clues from isolated frame. After encoding, each
video clip can be represented by a vector for each input
feature sequence. The vectors contain both frame level and
sequence level emotion information. These vectors are then
concatenated and fed into support vector machine (SVM) to
get the final prediction result. Extensive evaluations on
Emotion Challenge in the Wild (EmotiW2015) dataset
show the efficiency of the proposed encoding method and
competitive results are obtained. The final recognition
accuracy achieves 46.38% for audio-video emotion
recognition sub-challenge, where the challenge baseline is
39.33%.

Index  Terms—Emotion  Recognition,  Facial
Expression, Multimodal, Long Short Term Memory
Recurrent Neutral Network

1. INTRODUCTION

Emotion recognition plays an important role in human
machine interaction. It has gained increasingly attention
[1]. Early researches mainly focus on utterance level
speech emotion recognition or static image level facial
expression recognition. However, emotion is a temporally
dynamic event which can be better inferred from both
audio and video feature sequences. This point of view is
proved by cognitive researchers, where they argue that the
dynamics of human behaviors are crucial for their
interpretation [4]. Moreover, a number of recent studies [5-
7] in affective computing demonstrate this point of view.
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Previous works on video based category emotion
recognition for temporal modeling can be broadly
categorized into two groups. One is extracting spatial
temporal features. These spatial temporal features include
Local Binary Patterns from three Orthogonal Panels (LBP-
TOP) features [5], Local Phase Quantization from Three
Orthogonal Planes (LPQ-TOP) [28] and so on. This kind of
modeling is more suitable to short range modeling, often
several successive frames. Also, the temporal length of the
spatial temporal features is fixed. After dynamic feature
extraction, sequence modeling, often chosen to be the
pooling based methods, is still needed. The other one is
encoding features extracted from each image in an image
sequence to a fixed length feature representation. Among
these encoding methods, pooling among all the frames is
one of the widely utilized methods. However, the pooling
based encoding methods lose information from successive
frames inevitably [29]. Besides, Riemannian manifolds are
introduced into video based emotion recognition by Liu et
al. [7]. They utilize Riemannian manifolds to represent the
similarity distance measurement for the image based
features from video. Although discriminative emotion clues
among frames are utilized, the single frame’s emotion clues
are not fully considered.

In this paper, we investigate the sequence encoding
method for emotion recognition with LSTM-RNN.
Emotion clues from single frames and successive frames
can be encoded into the hidden representation of LSTM-
RNN layer together through its gate mechanism. After
LSRN-RNN encoding, the variable-length feature sequence
is mapped to a fixed length vector for further emotion
classification.

2. AUDIO VIDEO ENCODING METHODS

Two kinds of encoding methods are introduced. The first
one is LSTM-RNN based method. The other one is
temporal pooling [21], which is utilized as one of the
baselines.
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Fig.1. Architecture of the memory block utilized in LSTM.

2.1 LSTM-RNN based encoding methods
LSTM-RNN is a kind of recurrent neural network which
has the ability to learn long-term dynamic while avoiding
the vanishing and exploding gradients problems. In a
standard recurrent neural network, given the input sequence
m= (Mmy, ..., my), the hidden vectors h = (hy, ..., hy) and
output vectors y = (¥4, ..., yr) are computed as:

he = fact Winme + Wyphe_q + bp) (1)

Ve = fout(Whyht + by) ()

where f,; is the activation function of hidden layer, often
chosen to be the tanh function. f,,, represents the
activation function of the output layer.

In LSTM-RNN, f,.¢in equation (1) is replaced by the
specially designed memory block. Each block contains one
or more recurrently connected memory cells and three
multiplicative units, the input, output, and forget gates,
which control the information flow inside the memory
block. The surrounding network can only interact with the
memory cells via the gates. As research going on, several
kinds of memory blocks are put forward. We use the
memory block as described in [18] (Fig.1).

Two kinds of LSTM-RNN based encoding methods
are investigated in this paper. One is the

fencoar(Ry, ., hr) = hr (3)
For each sequence, the last hidden vector is chosen as the
final representation for post processing. We call this
encoding way as LSTM-last encoding. This is an N to one
mapping way. Only the hidden vector of the last time step
is fed into the output layer.

The other one is represented as

T
fencodz (hy, ., hy) = Z h; 4)
i=1

All the hidden vectors from different time steps are
averaged for the output layer. We call this encoding way as
LSTM-mean encoding. Fig.2. depicts the training and
evaluation diagram of this encoding method.

2.2 Temporal pooling encoding

Temporal pooling is investigated to compare with LSTM-
RNN based encoding methods. It is put forward by [21],
which is used for music classification. It has been
introduced into dimensional emotion recognition for
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Fig.2. Training and evaluation diagram of the LSTM-
mean encoding method.

temporal modeling [6]. Different from traditional pooling
encoding methods, it is utilized as a pooling layer in the
neural network after one or several hidden layers. Through
the end-to-end training way, better features can be pooled.
In this context, feature sequence from one video is fed into
the neural network, and after several hidden layers, the
temporal pooling layer pools all the hidden representations
to one single vector. This vector is the encoding vector for
emotion representation.

2.3 Audio video fusion

Both feature level fusion and decision level fusion are
investigated. The decision level fusion is implemented by
averaging the predicted probabilities from each feature set.
Feature level fusion is achieved by concatenating the
encoded feature vectors, which are corresponding to
different feature sets, and feeding the concatenated vector
to the final classifier.

3. DATASET AND FEATURE SET

The EmotiW2015 [27] provides the common benchmarks
for emotion recognition researchers, which mimics real-
world conditions. There are two sub-challenges: audio-
video based emotion recognition challenge based on the
Acted Facial Expression in the Wild (AFEW) database [8]
and image based static facial expression recognition
challenge based on SFEW database [9]. The emotion
recognition challenge contains audio-video short clips
labeled using a semi-automatic approach defined in [8].
The task is to assign a single emotion label to the video clip
from the six universal emotions (Anger, Disgust, Fear,
Happiness, Sadness and Surprise) and Neutral. The
databases (AFEW and SFEW) are divided into three sets
for the challenge: training, validation and testing. The
training and validation sets are utilized to train the emotion
recognizer. Prediction results on testing set are utilized to
rank participants.

3.1 Face shape feature

For video features, we mainly focus on the face part. As the
face shape provides import clues for facial expression [11],
we use the landmarks’ location of the face as face shape



feature. After feature normalization for each clip, these
features can also reflect the head movement and head pose.

3.2 Face appearance feature

For face appearance feature, we utilize the features
extracted from a convolutional neural network (CNN)
model. Previous work [12] shows that CNN model trained
via ImageNet dataset [20] can be generalized well in many
other tasks. Liu et al. [7] utilize the CNN model trained via
face recognition dataset to extract face representation. And
this representation can be generalized to facial expression
recognition problem. We employ the same strategy from [7]
to train a CNN model from Celebrity Faces in the Wild
(CFW) [13] and Facescurb [14] dataset, which are designed
for face recognition tasks. Over 110,000 face images from
1032 people are used for training and the labels are their
identities. The architecture is the same with [15]. There are
three fully connected layers and five convolutional layers.
Compared to the three fully connected layers, convolutional
layers have better generation performance [12]. The
neurons of different convolutional layers have different
mapped ranges in the original image, the higher the larger.
The higher layers extract more abstract features [16].
Recently, study [17] also shows that the features extract
from lower layers can also be useful. Thus, we extract the
feature from the 5th pooling layer, the 4th convolutional
layer and the 3rd convolutional layers as three different
face appearance feature sets, which are represented as
pool5, conv4d and conv3 respectively. With features
extracted from lower layers, more detailed description from
part of face region can be extracted for fine-grained facial
expression classification.

3.3 Audio feature

We utilize the YAAFE toolbox [10] to extract audio
features. All the waves are resampled to 16 kHz and 27
features are extracted. More details of these features can be
found in [10]. There are also four feature transforms used
on MFCC [30] features. The feature transforms include the
first and second derivate, cepstrum and auto correlation
peaks integrator. All the features are extracted in the default
parameters. Finally, 939 dimensions features are extracted
for each frame and the frame length is 1024. The audio
features are then PCA whitened [26], with the final 50
dimensions are kept.

4. EXPERIMENTS

4.1 Experiment setup
We follow the challenge criterion of EmotiWw2015 to utilize
training set, validation set and testing set. We utilize the
landmarks provided by the organizers for the shape feature.
Caffe [24] implementation of CNN is utilized to extract
face appearance features, where the face image is provided
by the organizers.

The dimension of face appearance features is high. The
dimension numbers of pool5, conv4, and conv3 are 9216,
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43264 and 69984 respectively. Meanwhile, the training
data is relatively small. Thus we employ random forest
algorithm implemented by scikit-learn [25] for feature
selection and 2048 features are kept for each feature set.
The random forest classifier is trained via the SFEW
database, where one of the seven emotion labels is assigned
to a single static face image.

For LSTM-RNN encoding and temporal pooling
encoding, we use the implementation from Theano [22]
[23]. The architectures of the networks keep the same
except the number of nodes in the input layer, with one
hidden layer, one LSTM layer or temporal pooling layer
and softmax regression layer. There are 64 memory cells
are utilized in the LSTM layer and 64 nodes in the first
hidden layer. The maximum training epoch is 100 with
dropout regularization technique utilized in all layers
except the LSTM layer. The drop rate is 0.5. Weight decay
in the softmax regression layer with the parameter 0.0005 is
applied to prevent over fitting. The best results are chosen
by the prediction accuracy in the validation set.

As this dataset is collected in the wild environment and
video signal is the mainly collection modality, the
background of audio signal is very noisy and many subjects
in the video speak nothing. It is difficult for LSTM-RNN to
learn the dynamic evolving of successive frames from
audio. Thus we use temporal max-pooling instead. The
architecture is one hidden layer, one temporal max-pooling
layer and softmax regression layer. There are 128 nodes in
the hidden layer and the temporal pooled hidden
representation is the encoded vector for further processing.

SVM is the classifier utilized for feature level fusion. It
classifies the concatenated vectors obtained from each
feature set. LibLinear [19] implementation of SVM is
utilized. We employ linear kernel and one verse the rest
strategy in all experiments. The penalty parameter C is
chosen by grid search method.

Table 1 Experiment results on validation set with the pool5
feature set.

Encoding method Network topology | Accuracy

LSTM-mean 2048/64/64/7 0.4420
LSTM-last 2048/64/64/7 0.3909
temporal mean pooling 2048/64/7 0.4394
temporal max-pooling 2048/64/7 0.4474
temporal max-pooling 2048/256/7 0.4528
max-pooling 2048/64/7 0.4339
mean pooling 2048/64/7 0.4367

4.2 Encoding methods comparison

We compare the encoding methods based on the pool5
feature set. Comparison results are shown in table 1. The
results show that LSTM-mean encoding performs much
better than LSTM-last encoding. This can be explained that
every frame of the feature sequence has contribution to
final classification and the hidden representation of last
timestep has limitation to fully contain the total sequence’s



emotion clues. When compare LSTM-mean encoding with
temporal mean pooling encoding, both of this two methods
contain pooling operation. The difference is the pooled
features. One contains dynamic changes among successive
frames, while the other is single frame based. The
improved performance demonstrates that LSTM layer has
the ability to contain emotion clues form dynamic changes
among successive frames, which is ignored by pooling
based encoding method. The experiments results also show
that temporal max-pooling performs better than LSTM-
mean and temporal mean pooling. Increasing the number of
nodes in hidden layer improves the performance further.
The results of traditional mean pooling and max-pooling
method are also compared. Both temporal pooling method
and LSTM-mean show superior performance. Thus, we
utilize the LSTM-mean encoding and temporal max-
pooling method for video feature sets to submit result on
testing set.

Table 2 Experiment results on validation set and testing set
for Audio-Video Emotion Recognition sub-challenge

Method Accuracy
Val Test

Audio-temporal max-pooling 0.3864
Landmarks-LSTM-mean 0.4286
Pool5-LSTM-mean 0.4420
Conv4-LSTM-mean 0.4420
Conv3-LSTM-mean 0.4420

Decision level fusion (LSTM-mean) | 0.4933 | 0.4434

Feature level fusion (LSTM-mean) | 0.4852 | 0.4638

Decision level fusion (temporal max-pooling) | (0.4798 | 0.3915
Feature level fusion (temporal max-pooling) | ().4367

Challenge Baseline [27] 0.3608 | 0.3933

4.2 Final results and analysis

Experiments results on both validation set and testing set
for audio-video emotion sub-challenge are shown in Table
2. Among the five feature sets, face appearance feature sets
get the best performance. The three appearance based
feature sets get the same accuracy on the validation set. The
face shape based feature set performs better than the audio
modality.

Combining the five feature sets, the results improve
significantly. Decision level fusion, which averages the
prediction results of the LSTM-mean method (video feature
sets) and temporal max-pooling method (audio feature set)
shows the best performance on validation set and over fits
on the testing set. The best result is obtained by feature
level fusion with LSTM-mean encoding method applied for
video feature sets. The results prove that the emotion
representations  from  different feature sets are
discriminative for emotion classification, although these
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emotion representations only have 64 dimensions for each
video feature sequence. This implies the effectiveness of
the proposed LSTM-RNN encoding method. More details
of the best submitted result are shown in Fig.3. The
confusion matrix shows that “Angry”, “Happy” and
“Neutral” are easier to classify. The “Disgust” and “Fear”
are easy to be misclassified to “Angry”. “Surprise” is easy
to confuse with “Sad”. The reason may lie in the data set
distribution is not balance. And fine grained classification
among “Angry”, “Disgust” and “Fear” needs more effort.

The results of purely temporal max-pooling based
encoding method do not show comparative performance as
LSTM-mean encoding method with both decision level
fusion and feature level fusion. Although the decision level
fusion result is closer to LSTM-mean encoding method on
validation set, it over fits on testing set.

Angry Disgust ~ Fear Happy Neutral Sad Surprise
Angry 59.49%  0.0% 2.53%  3.80% 12.66%  12.66%  8.86%
Disgust  24.14%  10.34%  0.0% 17.24%  17.24%  20.69%  10.34%
Fear 33.33%  0.0% 6.06%  3.03% 13.64%  12.12%  31.82%
Happy 9.26% 0.0% 0.93%  65.74%  4.63% 16.67%  2.78%
Neutral 10.06% 1.26% 1.89%  7.55% 52.83%  16.98%  9.43%
Sad 1127%  0.0% 0.0% 19.72%  11.27%  45.07%  12.68%
Surprise  14.81%  3.70% 3.70%  3.70% 3.70% 37.04%  33.33%

Fig.3. Confusion matrix of the testing set result from feature level
fusion (audio: temporal max-pooling, video: LSTM-mean).

5. CONCLUSIONS

In this paper, LSTM-RNN based encoding method for
audio video emotion recognition is proposed. Each emotion
video sequence can be encoded into a single low
dimensional  vector. This vector combines the
discriminative power from single image and temporal
context from image sequence together, which is highly
discriminative for emotion classification. Comparison
results with the widely utilized pooling method and
temporal pooling results show the proposed method has
better modeling capacity.

Although emotion clues from successive frames are
encoded and better performances are achieved, the
proposed method still needs a pooling operation for the
hidden representations of LSTM-RNN. In the future, we
will try to utilize pyramid LSTM-RNN architecture to
reduce the influence of pooling operation.
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