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ABSTRACT
In this paper, we present the methods used for Bahcesehir
University team’s submissions to the 2015 Emotion Recognition
in the Wild Challenge. The challenge consists of categorical
emotion recognition in short video clips extracted from movies
based on emotional keywords in the subtitles. The video clips
mostly contain expressive faces (single or multiple) and also
audio which contains the speech of the person in the clip as well
as other human voices or background sounds/music. We use an
audio-visual method based on video summarization by key frame
selection. The key frame selection uses a minimum sparse
reconstruction approach with the goal of representing the original
video in the best possible way. We extract the LPQ features of the
key frames and average them to determine a single feature vector
that will represent the video component of the clip. In order to
represent the temporal variations of the facial expression, we also
use the LBP-TOP features extracted from the whole video. The
audio features are extracted using OpenSMILE or RASTA-PLP
methods. Video and audio features are classified using SVM
classifiers and fused at the score level. We tested eight different
combinations of audio and visual features on the AFEW 5.0
(Acted Facial Expressions in the Wild) database provided by the
challenge organizers. The best visual and audio-visual accuracies
obtained on the test set are 45.1% and 49.9% respectively,
whereas the video-based baseline for the challenge is given as
39.3%.
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1. INTRODUCTION
In daily human-to-human interactions, our facial expressions
convey non-verbal messages about our emotions and mental states
that complement our verbal messages. In the future, humancomputer interaction scenarios are also expected to have the
ability to recognize emotions to provide more natural manmachine interaction and ubiquitous computing applications such
as health care [13], education, psychology [20] and security [18].
In order to test and benchmark automatic affect recognition
algorithms, affective databases are needed. Early databases used
were mostly acted and recorded in laboratory conditions under
controlled head pose and illumination variations. Recently, more
spontaneous and close-to-real world databases have been
collected [1], [4], [7], [8], [26], several of which have been used
in challenges, such as FERA 2015 [22], AVEC 2014 [23], and
EmotiW 2015 [5].
The third Emotion Recognition in the Wild (EmotiW 2015)
challenge consists of categorical audio-video based emotion
recognition based on the Acted Facial Expression in Wild
database (AFEW 5.0). The AFEW database contains short audiovisual clips collected from movies and labeled using a semiautomatic approach described in [4]. This challenge is a
continuation of the EmotiW 2013 and 2014 challenges and the
task is to assign a single emotion label to the video clip from the
seven emotions (Anger, Disgust, Fear, Happiness, Neutral, Sad
and Surprise). The AFEW database is quite challenging since the
video clips contain variability in illumination and head pose, as
well as severe occlusion and complex background.
The audio-visual emotion recognition methods in the literature
have shown the advantages of fusing audio and video modalities
[1], [3], [12], [14], [24], [28]. In this paper, we also present a
multimodal affect recognition method using facial expressions
and the speech signal. Given a video with an emotional
expression, the frames in the video generally reflect the emotion
with different intensities. Moreover, some parts of the video might
have little motion, which makes subsequent frames to be very
similar to each other. Therefore, we aim to select key frames,
which will summarize the content of the video effectively. We
adopt a recent video summarization method [15] for the problem
of selecting key frames from affective videos. Then, static
appearance-based facial features are extracted from the selected

key frames and averaged to describe the visual content of the
whole video. We also intend to capture the temporal variations of
facial expressions using LBP-TOP features. We use the audio
features extracted by several approaches (OpenSMILE [8], [10],
RASTA-PLP [11] etc.) and fuse with the video-based features at
the score level. The experimental results on the AFEW 5.0 test
database gave an accuracy of 45.1% using visual features and
49.9% using audio-visual features whereas the video based
baseline was given as 39.3% [5] .

Given a video with
frames, each frame is a candidate to be a
key frame. Let = , , … ,
∈ × , where ∈ R denotes
the feature vector corresponding to frame i. The goal of key frame
selection is to select an optimal subset
=
, ,…,
∈
×
such that , , … ,
∈ 1,2, … , . There are two goals
when the subset is formed: i) The original video is reconstructed
accurately and ii) the number of key frames is as small as
possible. That is, the following minimum sparse reconstruction
(MSR) expression is minimized:

The organization of the paper is as follows. In Section 2, we give
the details of the proposed multimodal emotion recognition
system focusing on the key frame selection method using
minimum sparse reconstruction. In Section 3, experimental results
using various fusion cases are presented. Finally, in Section 4,
conclusions are given.

min# ‖ −

2. EMOTION RECOGNITION SYSTEM
In this section, we first present the methods used for feature
extraction from video and speech. Then, we present the
classification and fusion methods utilized.

2.1 Feature Extraction from Video
An audio-visual video with an emotional expression consists of
many frames, where each frame represents the emotion with a
different intensity. Therefore, one way of recognizing the emotion
in the video is to select and classify the facial expression on the
“key frames” selected from the video. The key frames are selected
so that they summarize the content of the video in the best way.
This is based on the assumption that there is a single emotion in
the sequence, which is true for most databases in the literature
including the AFEW 5.0 database.
As a preprocessing step, the face regions in all frames of a video
are detected and aligned. We use the aligned and cropped face
provided by the challenge organizers. Face detection is achieved
using the mixture of parts framework of Zhu and Ramanan [29],
which is followed by face tracking using IntraFace method [21].
The face regions are aligned and cropped using the tracked feature
points.
Below, in Section 2.1.1 we give the details of the key frame
selection method used in this paper. Once the key frames are
selected, the LPQ features (explained in Section 2.1.2) are
computed and averaged over them to represent the visual
component of the whole video. Another feature set that we tested
is the LBP-TOP feature, which captures the temporal variation of
the facial feature expression as well, which is explained in Section
2.1.3.

2.1.1 Key Frame Selection using Minimum Sparse
Reconstruction
The assumption behind the utilized key frame selection method is
that set of key frames are the most representative frames in the
sequence among others and also the conceptual information of the
sequence is mostly covered by key frames [15]. Therefore, we
view the key frame selection as a similar problem to video
summarization. In [15], video summarization is formulated as a
problem of selecting the minimum number of frames to
reconstruct the entire video as accurately as possible. Video
summarization is actually a ranking process of the frames
considering how well they represent the video. We adopted this
video summarization method to emotional videos to select the key
frames from a video with an emotional expression.

s.t.

&

= #

' = +, ,

& '‖

+ )‖#‖*

(1)

&-

where # is a diagonal selection matrix that models the selection of
keyframes from the original video:
./0 = 1

0,
0 or 1,

3≠5
3=5
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and ‖#‖* is the 8* norm of the selection matrix, which is the
number of nonzero elements indicating the number of key frames
selected. Therefore, sparsity is ensured by the 8* norm. In (1), '
represents the reconstruction coefficients of by the matrix
which are computed using the reconstruction function +,. , . -,
‖. ‖ represents the 8 norm, and ) is a weighting coefficient.
The first term in (1) tries to minimize the least-square
reconstruction error (LSRE), while the second term minimizes the
number of key frames selected.
Assuming that : keyframes have been selected, the next
keyframe chosen should maximally decrease LSRE. Therefore,
the frame which gives the maximum LSRE at the current iteration
should be selected as the next key frame:
= arg max
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where C0 represents the reconstruction coefficient for the 5DE
frame and ⁄ & represents the set of all non-keyframes. This is
equivalent to selecting the worst reconstructed frame, after
normalization by the vector magnitude:
= arg min ? ∈
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In order to determine the reconstruction coefficients, the
orthogonal subspace projection (OSP) method is used [15] by
projecting all frames to the space spanned by & , which gives:
C0 = ,
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The algorithm continues to select new key frames as long as the
percentage of reconstruction error (POR) of any frame is below a
predetermined threshold, i.e.:
IJ
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The overall algorithm that we use for key frame selection can be
summarized as follows:
Algorithm 1. Minimum sparse reconstruction based key frame
selection algorithm.
Input: The expressive video ∈ × with n frames, where each
frame is represented by the LPQ features extracted from the face
region.
Output: The key frame set

&

∈

×

.

1.
2.
3.
4.
5.
6.

Initialize the key frame set using the first frame of the
sequence as & = NOP and set : = 1.
Calculate the POR for all frames in set ⁄ & using (6).
Repeat steps 4-6 while POR of any frame is smaller
than LM .
Select the next key frame using (4).
Increase m by one.
Calculate the POR for all frames in set ⁄ & using (6).

After the iterations terminate, we discard the first frame selected
at the initialization step. Two examples for the key frame
selection results are shown in Figure 1 and Figure 2. We can
observe that the minimum number of frames that represent the
whole video have been selected.

Some samples from all 34 Frames

Summarized using 2 key frames

Figure 1: An example of video summarization from the
AFEW 5.0 database for a sequence labeled with “sad”.

2.1.3 LBP-TOP
Local Binary Pattern (LBP) operator considers pixels in a
neighborhood and labels them by thresholding to encode local
primitives such as uniform regions, edges, corners and spots etc.
[16]. It has also been used for facial expression recognition [19].
LBP static descriptor was extended to describe dynamic textures
and has been demonstrated to be successful for facial expression
recognition [27]. LBP-TOP utilizes three orthogonal spatiotemporal planes around a pixel and computes the LBP features on
the planes to obtain XY-LBP, XT-LBP and YT-LBP features,
which are then concatenated to obtain a single feature vector.

2.2 Feature Extraction from Audio
In order to extract audio features for emotion recognition, we used
Mel-Frequency Cepstral Coefficients (MFCC) and relative
spectral features (RASTA) based on perceptual linear prediction
(PLP) [11]. Before extraction of audio features, first we detected
the endpoints of speech signals to estimate the starting and ending
points of the speech in a given audio file. Then, we calculated the
MFCC and RASTA-PLP features using filters with an order of 12
and 20, respectively, using a window of length 25msec and 50%
overlap ratio. Then, we appended the 12 MFCC and 13 RASTAPLP coefficients with their first and second time derivatives. The
final audio-based feature vector was extracted by applying nine
statistical functions (max, min, maximum position, minimum
position, mean, variance, range, kurtosis and skewness) to the 75
elements of the MFCC and RASTA-PLP vector.
We also tested the audio features extracted using the OpenSMILE
toolbox [9], [10], which were provided by the challenge
organizers [5].

Some samples from all 104 Frames

2.3 Classification and Fusion
Summarized using 4 key frames

Figure 2: An example of video summarization from the test set
of AFEW 5.0 database.

2.1.2 LPQ
Local Phase Quantization (LPQ) features have been originally
used for blur-insensitive texture classification [17], which has also
been used for facial expression recognition with success [6], [25].
LPQ features are based on computing the 2D short–term DFT of
the image in a window around each pixel. Then the DFT is
sampled at four frequencies, which are then decorrelated and
quantized. The quantized local phase vectors are represented as
integer values between 0-255. Finally, 256 bin histograms of these
numbers in sub-blocks of the face region are concatenated and
used as a feature vector (see Figure 3).

We used a Support Vector Machine (SVM) classifier using chisquare and exponential chi-square kernels with one-vs-all strategy
to classify the video and audio features [2], [29].
We used a score level fusion technique, where we combine the
probabilities for each class, which are estimated using each
modality separately. We tested several approaches for combining
the probabilities [1] estimated using the SVM classifiers and the
best results were obtained using the product rule [24], in which
the probabilities obtained from the classification of each modality
is multiplied for a given test vector and we predict the final label
as the one which gives the maximum product:
2

P (ω k | x ) = ∏ P (ω% k | x , λi ) , k = 1,..., 6

(7)

i =1

ω * = max{P (ωk | x )}, k = 1,...,6
k

(8)

where x represents the audio-visual feature vector of the test
video, ω and ω% represent the predicted output labels after and
before fusion, P (ω% k | x , λi ) is the probability of class k for each
Cropped
face

16 x 16
Concatenated LPQ vector
Sub-blocks
on face image
Figure 3: Sub-regions used for extraction of LPQ feature
vectors.

*

individual classifier λi and ω is the final estimated class of the
test video. In order to fuse the LPQ and LBP-TOP based features
for the video modality, we utilized a similar approach as well (see
Figure 4 and Figure 5).

processing pipeline. Some examples of incorrectly detected and
tracked face images are illustrated in Figure 6.
SVM classifier with
LBP-TOP features

Score Level Fusion
(Product Rule)

SVM classifier with key
frame LPQ features

Figure 4: Fusion of LBP-TOP and LPQ video features
Figure 6: Noisy face detection and tracking results of two
different sequences from train and validation sets of AFEW
5.0 dataset.

SVM classifier with
LBP-TOP features
SVM classifier with key
frame LPQ features

3.2 Experimental Setup

Score Level Fusion
(Product Rule)

SVM classifier with
OpenSMILE Features

Figure 5: Fusion of LBP-TOP, LPQ based video and
OpenSMILE audio features

3. EXPERIMENTAL RESULTS
3.1 EmotiW 2015 Challenge
The challenge is based on the AFEW 5.0 (Acted Facial
Expressions in the Wild) database, which is divided into three
parts for training, validation and testing. The numbers of samples
for each emotion in each set are shown in Table 1. The labels of
the test set are not given to the participants of the challenge.
The organizers of the EmotiW 2015 challenge provide the LBPTOP feature set on the AFEW 5.0 database. After the preprocessing step for aligning and cropping the face region, LBPTOP features are extracted from non-overlapping spatial 4x4
blocks. The LBP-TOP features from each block are concatenated
to create one feature vector of size 1 × 2832 for each frame of a
video.
Table 1: The numbers of samples for each emotion in AFEW
5.0 database for the EmotiW 2015 Challenge.
Anger

Disg.

Fear

Happy

Neut.

Sad

Surp

Train

118

72

77

145

131

107

73

Valid.

64

40

46

63

63

61

46

Test

79

29

66

108

159

71

27

The video only baseline classification accuracy provided by the
challenge organizers using an SVM classifier with Chi square
kernel on the validation set is 36.08%. Similarly, baseline
classification accuracy on the test set is 39.33% (see Table 2).
We would like to note that while the database comes with Zhu’s
[29] face tracking results, the difficult and close-to-real-world
conditions cause problems even in the early stages of the

In our tests, we used the aligned faces provided by the challenge
organizers. The size of a face region is 128×128 pixels. We divide
the aligned faces into non-overlapping sub-blocks of size 16×16
and obtain 64 sub-blocks for feature extraction as shown in Figure
3. In the created sub-regions, we extract the 256 bin histogram of
LPQ features of each region. The LPQ features of the 64 subblocks are concatenated into a single feature vector of length
1×16384.
During the key frame extraction phase, LPQ features are used as
the feature vector for each frame. The threshold for percentage of
reconstruction (POR), i.e. the LM parameter has been selected as
0.80. After key frames are selected by the method explained in
section 2.1.1, average LPQ features of the selected key frames are
calculated and used to represent the whole video feature of the
sequence.
The audio features include the first 12 MFCC features. As a
common practice, delta and double-delta MFCCs (sometimes
referred to as first and second derivatives, respectively) are
calculated to capture local dynamics, forming a 1×36 dimensional
feature vector. Then, nine statistical functions and their first and
second time derivatives are applied to the first 12 MFCCs in order
to get a vector of length 1×324 representing MFCC features. We
also calculated 13 RASTA-PLP coefficients by using a filter of
order 20 and augmented by their delta and double delta features.
The same statistical parameters as in MFCCs are used for the
RASTA-PLPs, giving a 1×351 dimensional feature vector. The
MFCC and RASTA-PLP feature vectors are then concatenated to
get an audio feature vector of length 1×675 for the a video clip.

3.3 Test Cases
We evaluated the performance of video features (LBP-TOP and
LPQ`s from key frames) and audio features (OpenSMILE and
MFCC & RASTA-PLP features) on the validation and test sets.
The emotion recognition results of eight combinations on
validation and test sets are illustrated in Table 2. The
configuration used for each test case is explained below.
Case 1: Video based experiment, where key frames of all video
sequences are selected using LM as 0.80. For each video sequence,
average LPQ feature vector of all key frames is used to represent
the whole video. An SVM with a chi-square kernel is trained.

Case 2: Video based experiment combining case 1 and a second
chi-square kernel SVM, which is trained using LBP-TOP features.
Then score level fusion is applied using the product rule.
Case 3: Video based experiment, which is same as case 2 but the
parameter LM has been selected as 0.85.
Case 4: Same as case 3 with the SVM classifier trained using both
the training and the validation sets of AFEW 5.0 dataset.
Case 5: Audio based experiment using feature level fusion of
MFCC and RASTA-PLP features. An SVM classifier with an
exponential chi-square kernel is used.
Case 6: Audio based experiment using the OpenSMILE feature
set. An SVM classifier with an exponential chi-square kernel is
used.
Case 7: Audio-visual experiment using score level fusion of Case
2 and Case 5.
Case 8: Audio-visual experiment using score level fusion of Case
2 and Case 6.
Table 2: Overall accuracies of the 8 test cases on validation
and test sets. Numbers are given in percentages.

Table 4: Confusion matrix of Case 8 (audio-visual) on test set.
Numbers are given in percentages.
Ang
Disg
Fear
Hap
Neut
Sad
Surp

Ang
73.42
13.79
31.82
5.56
5.03
12.68
22.22

Disg
1.27
0.00
3.03
0.93
2.52
4.23
0.00

Fear
3.80
0.00
18.18
0.93
0.63
2.82
7.41

Hap
6.33
37.93
7.58
73.15
15.72
21.13
14.81

Neut
12.66
17.24
10.61
8.33
55.35
14.08
29.63

Sad
2.53
20.69
16.67
9.26
18.87
42.25
18.52

Surp
0.00
10.34
12.12
1.85
1.89
2.82
7.41

Table 5: Confusion matrix of Case 2 (visual) on test set.
Numbers are given in percentages.
Ang
Disg
Fear
Hap
Neut
Sad
Surp

Ang
73.42
10.34
27.27
9.26
10.69
12.68
37.04

Disg
2.53
17.24
3.03
2.78
3.14
7.04
0.00

Fear
5.06
3.45
15.15
0.93
3.14
5.63
7.41

Hap
6.33
17.24
6.06
68.52
15.72
22.54
14.81

Neut
6.33
13.79
15.15
4.63
43.40
11.27
18.52

Sad
6.33
24.14
18.18
12.04
18.87
33.80
11.11

Sur
0.00
13.79
15.15
1.85
5.03
7.04
11.11

Accuracy
Case

Methods
Val.

Test

36.08

39.33

LPQ (LM = 0.80)

40.70

41.37

LBP-TOP + LPQ (LM = 0.80)

43.40

45.08

LBP-TOP + LPQ (LM = 0.85)

44.47

44.71

LBP-TOP + LPQ (trained by
train + val. set) (LM = 0.80)

-

43.23

Video Based Baseline
1
2
3

Video
Based

4
5
6
7
8

Audio
Based

MFCC & RASTA-PLP

24.02

33.40

OpenSMILE

31.85

33.21

Video
+
Audio
Based

LBP-TOP + LPQ + MFCC &
RASTA-PLP
LBP-TOP + LPQ +
OpenSMILE

41.24

47.68

40.70

49.91

The best classification accuracy on the test set is achieved for
Case 8, using score level fusion of LBP-TOP, key frame LPQ’s
and OpenSMILE audio features, which is 49.91%. The confusion
matrices of this case for the validation and test sets are shown in
Table 3 and Table 4, respectively.
Table 3: Confusion matrix of Case 8 (audio-visual) on
validation set. Numbers are given in percentages.
Ang
Disg
Fear
Hap
Neut
Sad
Surp

Ang
67.8
20.5
34.0
4.7
4.92
11.8
28.2

Disg
0.00
7.69
0.00
1.59
0.00
3.39
2.17

Fear
0.00
0.00
11.3
0.00
4.92
8.47
10.8

Hap
13.5
23.08
15.91
79.37
26.23
18.64
13.04

Neut
6.78
25.64
20.45
9.52
55.74
32.20
30.43

Sad
8.47
17.95
9.09
4.76
8.20
25.42
6.52

Surp
3.39
5.13
9.09
0.00
0.00
0.00
8.70

Table 6: Confusion matrix of Case 6 (audio) on test set.
Numbers are given in percentages.
Ang
Disg
Fear
Hap
Neut
Sad
Surp

Ang
55.70
13.79
25.76
14.81
6.29
15.49
11.11

Disg
0.00
0.00
1.52
0.93
0.63
0.00
3.70

Fear
11.39
3.45
18.18
0.00
5.66
5.63
3.70

Hap
20.25
31.03
21.21
43.52
33.33
25.35
18.52

Neut
7.59
34.48
21.21
25.93
36.48
26.76
33.33

Sad
3.80
17.24
10.61
12.04
16.35
23.94
25.93

Surp
1.27
0.00
1.52
2.78
1.26
2.82
3.70

We can see that happiness and anger have the highest accuracies.
In Table 5 and Table 6, we give the confusion matrices of Case 2
(video only) and Case 6 (audio only), as well.

4. CONCLUSIONS
We presented a multimodal categorical emotion recognition
method based on key frame selection from video. The key frames
are selected so that they represent the content of the whole video
clip in the best possible way. The video and audio features are
fused at the score level using multiplication rule. We tested eight
different combinations of audio and visual features on the AFEW
5.0 (Acted Facial Expressions in the Wild) database provided by
the challenge organizers. The best visual and audio-visual
accuracies obtained on the test set are 45.1% and 49.9%
respectively, which are above the baseline accuracy of 39.3%.
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