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ABSTRACT Every individual’s perception of multimedia content varies based on their interpretation.
Therefore, it is quite challenging to predict likability of any multimedia just based on its content. This
paper presents a novel system for analysis of facial expressions of subject against the multimedia content to
be evaluated. First, we developed a dataset by recording facial expressions of subjects under uncontrolled
environment. These subjects are volunteers recruited to watch the videos of different genre, and provide their
feedback in terms of likability. Subject responses are divided into three categories: Like, Neutral and Dislike.
A novelmultimodal system is developed using the developed dataset. Themodel learns feature representation
from data based on the three provided categories. The proposed system contains ensemble of time distributed
convolutional neural network, 3D convolutional neural network, and long short term memory networks.
All the modalities in proposed architecture are evaluated independently as well as in distinct combinations.
The paper also provides detailed insight into learning behavior of the proposed system.

INDEX TERMS Affective computing, deep neural architecture, facial expression analysis, multimedia
evaluation system, representation learning.

I. INTRODUCTION
Facial expressions are the most powerful non-verbal tools
used by human beings to share various types of informa-
tion amongst themselves. Facial expressions have played
significant role in the evolution of our species [1]. Unless
one is trained or proficient to conceal, generally expressions
(micro or macro) convey true human response to an applied
stimuli [1]. Study of facial expression finds application in
wide range of areas, such as mental health diagnosis [2],
gaming experience [3], customer services [4], automotive
safety [5], and human machine interaction [6]. In the last
decade, facial expression analysis and emotion recognition
have attracted substantial amount of interest from computer
vision research community [7]–[11].

Most common application for study of facial expres-
sion is in human emotion recognition. According to
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Paul Ekman [12], emotions can be divided into six basic
categories: happy, sad, surprise, disgust, fear, and anger.
Although, fewmore categories of emotions has been included
by other researchers; such as, boredom, contempt and engage-
ment etc. [13], [14]. These emotions are used to understand
subject response and infer decisions. But, humans exhibit
very complex behavior and sometimes response of subject
to the provided stimuli can be a hybrid emotion; i.e., com-
bination of multiple emotions. Hence, approaches based on
expression to emotion mapping can fail in complex scenarios.

Earlier emotion recognition and expression analysis meth-
ods used to rely on static images [7], [15], [16]. These
methods use local spatial structures to identify the existing
emotion. In other scenarios, where facial expression changes
with time, these static methods remain inadequate. In such
cases, dynamics (video) based methods are preferred, which
can extract spatial as well as temporal information from video
of face [17], [18]. Sometimes multiple modalities are also
used to understand the true emotion of subject [19], [20].
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Proposed work focuses on the commercial aspect of the
facial expression analysis. In this paper, we present a novel
framework for automatic evaluation of likability of multi-
media content by observing the facial expression of viewer.
The system produces output in three classes: like, neutral and
dislike. The following reasons make this task very intricate in
nature:

1) The expression effectuated on face of subject are stim-
ulated by the content of observed multimedia. Hence,
elicited expressions are natural instead of acted. Since
natural expressions create very insignificant muscle
movement, compared to the acted ones, they are dif-
ficult to recognize correctly.

2) The multimedia can have a wide variety of content
leading to wide range of expressions. For example,
two different videos liked by a subject can have very
different content and cause completely unique set of
expressions. In other words, collected dataset will have
very high intra-class variance.

3) Even in a single observed video, the subject can pro-
duce wide range of expressions depending on the flow
of content.

4) Finally, we propose a novel method that used combina-
tion of three submodules to learn different appearance
features. Model also presents a novel approach to avoid
overfitting to training dataset in limited data scenario.

The system proposed in this paper uses multiple modal-
ities to capture different set of features from subject face.
The ensemble based architecture is designed to learn spatio-
temporal features from input video sequence. The system is
trained from end to end in single training cycle.

Rest of the paper is organized in following sections: state of
the art is discussed in Section II, motivation for the presented
work follows in Section III, data collection and experimental
setup are discussed in Section IV, details of the implemen-
tation of proposed framework are presented in Section V,
section VI discusses the results on proposed architecture, and
their analysis followed by conclusion in Section VIII.

II. RELATED WORK
The present work falls under the ambit of affective comput-
ing, which tries to recognize underlying emotion from differ-
ent formats of data. However, the present work attempts to
infer the user’s response to the applied stimuli instead of rec-
ognizing effect. Response of user to a certain stimuli depends
on underlying complex psychophysical phenomenons. The
approaches for affective computing can be divided into three
major categories based on the input data type: statics (image)
based, dynamics (video) based and multi-modal methods.

A. STATIC IMAGE BASED METHODS
Static image based approaches utilize geometry based or
appearance based techniques to extract the features from
current image input (shown in fig. 1a).

Involvement of different facial muscles makes facial
expression analysis a very complex task [21], [22].

FIGURE 1. Different types of methods used in affective computing (a)
static image based spatial feature methods (b) video based
spatio-temporal feature extraction methods (c) multi-modal feature
extraction methods based on multiple types of signal.

The relative movement of facial muscles can also vary for
each individual. Two different approaches are used to analyze
facial expressions: appearance based methods [23], [24] and
geometry based methods [25], [26]. Appearance based meth-
ods rely on various feature extraction techniques to capture
the variation in facial features. Geometry based methods use
fiducial facial points to model the movement of different
facial muscles.

[7]–[9] use facial landmarks to identify the geometric
structure of the face. Geometric characteristic variation on
face are modelled to link underlying emotion. [27] used
dense SIFT (Scale-Invariant Feature Transform) features to
generate Bag ofWords (BOW) tomodel the appearance based
facial features. [28] extracted facial appearance features using
Local Fisher Discriminant Analysis (LFDA). Appearance
features were extracted by [16] from a set of specific facial
patches to enhance discriminative power of model.

[29] developed a deep Convolutional Neural Network
(CNN) based method for affect recognition in SFEW
dataset [10] containing static images from the movie scenes.
The task requires mapping of emotional state of the main
subject to one of the basic seven categories of emotions.
CNN was pre-trained on FER dataset [11] due to lack of
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training samples in SFEW dataset. Multiple CNN models
were averaged at the end to calculate the final output. [30]
uses static images to develop an automatic pain assessment
system, which used combination of both geometric as well as
appearance features.

These methods have inferior performance due to their
reliance on only current state of subject’s expressions, but
they require very low computational resources.

B. DYNAMICS (VIDEO) BASED METHODS
Dynamic approaches use temporal information in addition to
spatial information for recognizing emotions (refer fig. 1b).
These methods generally perform better than static methods
but require much higher memory and computational power.

[18] developed Bayesian network to extract continual set
of features to capture temporal variation in features. [31]
used Independent Component Analysis (ICA) to extract the
discriminative components from video sequence. [32] pro-
posed LGBP-TOP features (Local Gabor Binary Pattern
from Three Orthogonal Planes) to simultaneously model spa-
tial as well as temporal structures corresponding to certain
emotions. [17] presented STLMBP (SpatioTemporal Local
Monogenic Binary Pattern) features, which are also good at
modeling spatio-temporal features in video sequence.

Fan et al. [33] developed a hybrid network for emo-
tion recognition in videos. Network contained two input
pipelines, first pipeline was 3D convolutional neural network
(3D-CNN) with a capability to extract spatial and temporal
features simultaneously. Second pipeline had CNN paired
RNN. The CNN extracts spatial features of each frame while
RNN learns the temporal relationship between the features of
each frame.

Specialist model approach, where each model learns a
specific modality, was developed by [34]. It generates the
final score by combining the outcome of all the models.
Kaya et al. [35] developed a multi-modal system for emo-
tion recognition in wild. CNN along with conventional fea-
ture extractor (SIFT-FUN, LPQ-TOP, LGBP-TOP) is used
to extract the visual feature from image. Audio feature are
extracted using openSMILE library [36]. Extreme Learning
Machine (ELM) and Partial Least Square (PLS) are trained
independently on these features and later weighted averaging
is used for score fusion.

C. MULTIPLE MODALITY BASED METHODS
Multi-modal approaches use different types of signals; such
as, audio, EEG etc., to produce a better hypothesis (shown
in fig. 1c). Han et al. [37] developed a multi-modal regression
model to predict the arousal and valence levels. They used
Bidirectional Long Short Term Memory (BLSTM) network
to learn the features from image and audio data. Support
Vector Regression (SVR) model was used on top of these
extracted features to produce the arousal and valance activity
of a face.

[38] uses only EEG signals to classify the emotions.
The authors use mutual information based feature selection

procedure along with kernel based classifier to improve the
classification accuracy. Combination of textual information
and video data was used by [39] to correctly classify the emo-
tional sentiments in social media content. Zheng et al. [40]
developed a deep belief network based system to classify
the EEG signal into three emotions: positive, negative, and
neutral. EEG signal for each class was generated by providing
external stimuli to subject through different types of videos.

Turker et al. [41] tried to identify the laughter in a natu-
ral environment using audio and video features. They man-
ually annotated the dataset for laughter audio and other
environmental noises. Head movement and facial features
are extracted from frames of videos, and audio features
are extracted from audio data. These features are fused
together and classified using SVM classifier. Additionally,
time delayed neural network is also deployed to improve the
detection accuracy.

D. MEDIA ANALYSIS WITH AFFECTIVE STATE
Different techniques have been proposed to measure true
subject response against the observed media. [42] used com-
bination of EEG signal, gaze, and pupillary activity to extract
user response against the given video. Micu et al. [43]
recorded electromyography (EMG) data from subjects while
they watch different types of advertisements. They linked the
activity in EMG signal to self reported facts. [44], [45] devel-
oped a system to label content of video based on physiologi-
cal data of viewer and content of the movie scene. [46], [47]
showed that extent of smile feature can be used to identify if
viewer likes the product presented in the advertisement. [48]
developed a system to analyze the level of engagement of
viewer based on head pose and activity of various action
units. [49] used the facial activity and bodymotion of subjects
to develop a system to predict movie ratings.

Most of the discussed multi-modal approaches may not be
practically suitable for proposed application. Proposed task
needs to produce like/dislike sentiment for a video irrespec-
tive of location, device, and environment of viewer. It is not
always possible to get the physiological signals from the
subject. The video data is the most easily accessible and
suitable choice for the proposed system.

III. MOTIVATION
With the advent of internet, online multimedia content has
shown an exponentially increasing trend in the last decade.
Popularity of social media sites like Youtube, Facebook,
Twitter etc. are also one of the root causes of this growth.
Facebook has around 2.23 billion monthly active users [50].
Similarly, Youtube hosts more than 1.5 billion users every
month [51]. Approximately, 30 million users use Youtube on
daily basis out of its total user bank [52]. Over 300, 000 user
are paying Youtube for its services and 50 million users have
uploaded a total of more than 5 billion videos.

This vast outreach of social media platforms has made
them biggest commercial platform of this era. A large number
of people these platforms are their main source of income.
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The corporations use these platforms to promote their prod-
ucts through advertisements. Additionally, online streaming
services like Netflix, Amazon prime and Hulu etc. have also
become mainstream sources of entertainment.

All these platforms are great way to get real-time feedback
from the user and improve the quality of product. But current
feedback systems ask user to manually provide feedback in
the form of comments or through like/dislike button. It has
been observed that even a well performing content gets only
around 4% view to feedback ratio. Whereas, maximum of the
content receives less than 1% feedback. These statistics are
too low and susceptible to deception. The feedback received
by these methods can vary from true response, and is very
small to be of any significance at early stage.

An automated feedback system based on facial expression
of the viewer is a much better and faster strategy to collect the
feedback of your target audience with 100% feedback rate.
As the expression of the user are largely immune to deception,
it is a good technique to collect true response.

IV. DATA ACQUISITION
A. EXPERIMENTAL SETUP
Data collection is very critical step for the development of a
reliable system in any type of application. Any kind of biases
and constraints in collected data can limit the scope of devel-
oped system. Hence, we tried to make the data collection
process as realistic as possible.

FIGURE 2. Some random samples from the videos used to stimulate the
subject response.

Data collection process requires collection of two types of
data. First data is the video samples, which are used to stim-
ulate the natural facial responses of the subjects. We selected
more than 150 videos from a wide variety genres, such as,
movie, music, sports, fights, war, speech, advertisements etc.
Some screenshots of the sample videos are shown in fig. 2,
and number of samples in each genre are presented in Table 1.
Duration of these video clips varies between 2 mins and 5
mins. Second data collection is the response of the viewers.
Length of recorded response is very important in this case.
We observed that response of a subject varies a lot throughout
the recording session. Hence, it is not feasible to identify
the correct viewer sentiment based on a short length clip
(e.g. 5-10 sec).

TABLE 1. Table showing the number of videos belonging to each genre.

FIGURE 3. Samples from the recorded videos of subjects while watching
the multimedia content.

B. SAMPLE RECORDING
All recorded samples have a frame rate of 15 fps and frame
size of 640× 480. In total, 73 volunteers are recruited for the
task of response recording. All the recordings are conducted
in uncontrolled environment. Different locations and lighting
conditions can be observed in all the samples shown in fig 3.

TABLE 2. Details of the volunteer recruited as subjects for data
acquisition.

Subjects are selected to maximize the diversity in gen-
der and facial characteristics (shown in fig. 3). Subjects
have wide range of facial features, such as, beard, mous-
tache, turban, glasses etc. All the subject have age between
17 and 58 years.More details on subjects are given in Table 2.
Each subject is shown a video to stimulate the facial expres-
sions which are recorded using webcam. Only 3 to 6 samples
are recorded from single subject in one sitting to minimize the
effects of physical fatigue. To get a uniform number of sam-
ples for all categories of videos, each subject is encouraged to
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FIGURE 4. Block diagram of video preprocessing pipeline for the
proposed system.

watch videos from different genres. Subjects are asked to rate
the video in three classes: ‘‘Like’’, ‘‘Neutral’’, or ‘‘Dislike’’.

V. METHODOLOGY
A. PREPROCESSING OF DATA
Deep neural networks are prone to overfitting and thus require
large amount of data to achieve a better generalization on
test dataset. Hence, multiple preprocessing methods are used
on original videos to increase sample count for the training
process. Block diagram of the data preprocessing pipeline is
shown in fig. 4.
As mentioned earlier, the original videos of subjects are

recorded at 15 fps. Using high frame rate can be computa-
tionally very expensive and do not hold any substantial advan-
tage. Hence, first step of preprocessing is frame subsampling.
We reduce the frame rate to 1 fps, which is neither too low to
loose significant information nor too high to increase com-
putational requirements of framework. In next step, recorded
videos are split into 1 min segments to increase the sample
count for training data. One minute duration is long enough
to provide adequate arousal activity and correctly identify
the response from subject’s face. This process enables us to
increase sample count from 397 to 1372. The process of frame
rate reduction and video splitting is also shown in fig. 5. Total
number of samples for each category, after the application of
discussed procedure, are shown in Table 3.

Next stage in preprocessing is segmentation of faces and
extraction of facial landmarks in each frame. Dlib library [53]
is used to extract the faces as well as facial landmarks from

FIGURE 5. The frame rate reduction and video splitting procedure (a)
Original video sample (b) Video sample of same duration but with
reduced frame rate (c) Video split into multiple sample of 1 min duration.

TABLE 3. Count of samples belonging to each of the three categories.

FIGURE 6. Results of segment faces and detected facial landmarks in
video sequence (a) Frame from actual recorded video (b) Extracted faces
from one frame of video sequence (c) Extracted facial landmarks from
one frame of video sequence.

the input frames. The faces are extracted with frame size of
(100×100) in RGB color space. Then, all 68 facial landmarks
are extracted from each of the frames (shown in fig 6c).
Each landmark is depicted by x & y coordinates, hence the
output array of landmarks for each frame has (2 × 68) size.
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FIGURE 7. Proposed Deep Composite Neural Architecture (DCNA) with ensemble of three submodules to learn
different modalities from input video sequence. The model is a single cycle end to end trainable system.

Some resulting samples of face segmentation and landmark
detection are shown in fig. 6.

The extracted facial landmarks are used for face alignment.
Affine transformation is used to align faces based on the
location of selected landmarks. Only aligned face videos are
used for model training. Data augmentation is also incorpo-
rated in the data preprocessing pipeline to further increase
the variability in the our dataset. We can not use all of the
commonly used augmentation techniques on facial images
due to special geometry of faces. Three augmentation meth-
ods are used in this work: face flipping, face scaling, and
additive Gaussian noise. For face scaling, a scaling factor of
1.1 is used. Higher and lower scaling factors can eliminate the
important facial information. Additive Gaussian noise, gener-
ated with the help of equation 1, is also added to the frames of
input video to achieve better generalization behavior from the
model.

Ng(z) =
1

σ
√
2π

e−
(z−µ)2

2σ2 (1)

here, Ng(z) represents the probability density function for
Gaussian noise for given pixel value (z). µ and σ are mean
and standard deviation for the noise, and can be adjusted to
change the amount of noise added into input sample.

The last stage of pipeline is data normalization. Data nor-
malization, given in equation 2, is used to limit the range
of data values so that all the videos have similar sample
structure.

Xnorm(i, j) =
x(i, j)− Xmin
Xmax − Xmin

(2)

here, Xnorm is the output pixel value for input pixel value x at
coordinates (i, j). Xmax and Xmin are maximum and minimum
value present in matrix for a given batch, respectively.

B. PROPOSED ARCHITECTURE
We propose a novel Deep Composite Neural Architecture
(DCNA) to learn the facial arousal activity of subjects. DCNA
is an ensemble of three models: TCNN-LSTM, 3D-CNN
and Dual-LSTM. These three models, discussed next, learn
different modalities from the input video sequence (shown
in fig. 7).
The first model (TCNN-LSTM) is a combination of

time distributed CNN (TCNN) and LSTM (represented as
LSTM-1 in fig. 7). The second model, 3D convolutional
neural network (3D-CNN), has three dimensional kernels to
extract spatio-temporal features from the frames of video
sequence. The third model does not take video sequence as
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TABLE 4. Table showing layer wise kernel size and count for TCNN
architecture.

TABLE 5. Table showing layer wise kernel size and count for 3D-CNN
architecture.

input but uses coordinates of all 68 facial landmarks to map
the arousal patterns of different landmarks in the given time
sequence. This model contains two LSTMs (LSTM-2 and
LSTM-3, refer fig. 7) to extract temporal patterns in both
x and y coordinates independently. The architectural details,
like kernel size and kernel count for TCNN and 3D-CNN, are
given in Table 4 and 5, respectively.
One critical drawback of learning representations in neural

networks from the dataset is that it is not possible to control
what kind of feature model learns. Additionally, using a
single style of feature extraction units (e.g. 2D convolutional
kernel or 3D convolutional kernel) limits the feature repre-
sentation power of the network. Hence, we use two different
modules TCNN-LSTM and 3D-CNN to learn the appearance
features from the original facial images. The third module
(Dual-LSTM) is employed to learn the motion of the facial
landmarks. This helps in reducing effect of the noise in the
face images.

The TCNN model is a 6 convolutional layer based CNN
model (Table 4). It fetches one frame at a time and produces
reduced feature vector per frame. Convolutional neural net-
work extracts feature from the each frame and produces a
2304 dimensional feature vector for each image. Features
extracted at each layer can be represented by eq. 3.

Fl(i, j) =
∑
m

∑
n

∑
d

Fl−1(i+ m, j+ n, d)× Kl(m, n, d)

(3)

here, Fl is the output feature map for l th convolutional layer,
and Fl−1 is the output feature map of previous layer. Kl is the
convolutional kernel for current layer with size (m× n), and

d represents the depth (number of kernels in previous layer).
The final output of a time distributed CNN (TCNN) can be
represented by eq 4.

V1i = fβ (wβ , bβ , Ii) ∀ i = (1, 2, 3, · · · , 60) (4)

V1i is output feature vector for input image frame (Ii) of
a video, i varies from 1 to 60 as each video has 60 frames.
fβ is the function representing CNN model with weights wβ
and biases bβ .

Proposed model uses multi level noise induction at dif-
ferent stages of feature learning. This noise propels model
to learn true data distribution and helps to avoid overfitting.
Dropout is used as noise with a random dropout value of 0.2.
Output after multiplying with binary noise vector becomes:

X1i = V1i × Ñdropout (5)

here, Ñdropout represents the random binary vector for dropout
of feature vector with a probability of 0.2. The output feature
sequence (X1i) is passed through LSTM-1 to learn the tem-
poral dependencies between features of different time frames
of input video.

Long Short-Term Memory (LSTM) networks are the most
commonly used neural networks for sequential relationship
modeling. LSTM does not suffer from vanishing gradients,
unlike conventional Recurrent Neural Networks (RNN), and
are easy to train. The LSTM-1 contains 128memory cells and
takes 60 sequential spatial feature vectors of size 2880. The
output of the model is 128 dimensional vector.

Hidden state of any memory cell (Hs) of LSTM can be
defined as a function of previous hidden state (Hs−1) and
input at the current time step (Xs) (refer eq. 6).

Hs = fα(Hs−1,Xs) ∀ Xs ∈ RL×T (6)

here, Xs is a real valued vector of dimensions (L×T ), L repre-
sents the length of a single vector and T represents the number
of time steps in a given sequence. Hs can also be represented
mathematically in term of parameters (wα, uα, bα) and input
data (Xs) as shown in eq. 7.

Hs = Hf (wαXs + uαHs−1 + bα) ∀ s ∈ [1,T ] (7)

and input to LSTM is the output of TCNN, hence:

Xs = X1i (8)

Output feature vector (F1), given in eq 9 and generated by
LSTM-1, represents the probability of occurrence of feature
vector (Xt+1) given the feature vector for previous frames
(Xt ,Xt−1, . . . . . .).

F1 = P(Xt+1|Xt ,Xt−1, . . . . . .X2,X1) (9)

By chain rule of probability, we can decompose eq 9 as:

F1 = P(Xt+1|Xt )× P(Xt |Xt−1)× P(Xt−1|Xt−2) . . . . . .

(10)
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The above equation can also be rewritten as:

F1 =
T∏
t=1

P(Xt+1|Xt ) (11)

Similar to the first model of ensemble, second model
(3D-CNN) also uses convolution based operation to extract
spatial as well as temporal features from input video
sequence. The operation can be mathematically repre-
sented as:

Fl(i, j, k) =
∑
m

∑
n

∑
o

∑
d

Fl−1(i+ m, j+ n, k + o, d)

×Kl(m, n, o, d) (12)

here, Fl represents the output feature map after convolution
with 3 dimensional kernel (Kl) of size (m × n × o). d repre-
senter the depth (number of kernels in previous layer). It can
be observed from eq. 12 and eq. 3 that both, output features
and convolutional kernel, have an extra dimension in case
of 3D-CNN. The final output of the 3D-CNN model can be
represented as:

V2i = fγ (wγ , bγ , Ivideo) (13)

here, V2i is output feature vector for complete input video
sequence (Ivideo). fγ is the function representing 3D-CNN
model with weights wγ and biases bγ . Architectural details
of 3D-CNN model are given in Table 5.
Dropout is also used at the output of 3D-CNN model to

learn the true data distribution for a particular category with
dropout probability of 0.2 (shown in eq. 14).

X2i = V2i × Ñdropout (14)

The noisy output (X2i) is then passed through a fully con-
nected layer to compress the feature vector. Final output (F2)
can be represented as a function of weight (wθ ), biases (bθ )
and input (X2i) of fully connected layer (eq. 15).

F2 = fθ (wθ , bθ ,X2i) (15)

The third model in ensemble is used to model effect of
arousal activity on the facial landmarks. Sequence of x land-
mark coordinates is given to LSTM-2, and sequence of y
coordinates is given to LSTM-3. Output features of LSTM-2
and LSTM-3 are concatenated and passed through a fully
connected layer for feature compression.

Coordinate of all 68 landmarks for 60 frames can be
represented as L (x, y, n, f ), where x and y represent the
coordinate value in x and y direction. n(∈ [1, 68]) represents
the landmark number, and f is the frame number for the
given set of coordinates. LSTM can not model two dimen-
sional temporal sequences, therefore we separately model the
activity in x and y directions for each of the landmark. Each
of these LSTMs (LSTM-2 and LSTM-3) have 128 memory
cells and generates 128 dimensional feature vector which are
concatenated to generate 256 dimensions. LSTM-2 models

the sequence of x coordinates of landmarks (L x
t ) which

can be mathematically represented as (used directly from
previously derived eq. 11):

V3 =
T∏
t=1

P(L x
t+1|L

x
t ) (16)

here, V3 is conditionally dependent feature vector of size 128
for x coordinates.
LSTM-3 models the sequence of y coordinates of land-

marks (L y
t ), which can be mathematically represented as:

V4 =
T∏
t=1

P(L y
t+1|L

y
t ) (17)

here, V4 is conditionally dependent feature vector of size 128
for y coordinates.

Final output, after feature compression through a fully
connected layer, is a function of weights (wδ), biases (bδ),
and inputs (V3 and V4) of fully connected layer (eq. 18).

F3 = fδ(wδ, bδ,V3,V4) (18)

The final outputs of three models are fused and passed
trough a fully connected model to compute the combined
class score. This final output (Mout ) of the composite archi-
tecture is represented by the following equation:

Mout = fη(wη, bη,F1,F2,F3) (19)

C. MODEL OPTIMIZATION
Categorical cross-entropy (shown in eq. 20) is used as loss
function to train the end to end system.

L(y′, y) = −
1
N

N∑
i=0

[
yilog(y′i)+ (1− yi)log(1− y′i)

]
(20)

here, L(y′, y) is the loss value, y′i and yi denote predicted and
target labels, respectively; andN represents single mini-batch
sample count. In proposed work, mini-batch size of 10 is used
to train the model.

We use RMSprop [54] optimizer to update model param-
eter according to the value of loss function. If Lt is the
loss value for a given mini-batch and wt are the model
parameters, then, gradient (gt ) for current mini-batch is given
by eq 21.

gt = (1− γ )
[
L ′t
]2
+ γ gt−1 (21)

here, γ represents the momentum, which can be used to
control the contribution of present and past gradients in
the current updation of parameter. The parameter updation
value (1wt ) is given by following equation:

1wt = −
η

√
gt + ε

× L ′t (22)
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here, η is the learning rate, and ε is a mathematical constant
used to avoid non-integer value for parameter update. The
final value of model parameter is given by eq. 23.

wt+1 = wt +1wt (23)

Out of total 1372 video samples, generated after pre-
processing of data, we use 1200 samples for training and
172 samples for testing, each mini-batch is of 10 samples.
All the models are trained for 150 epochs without mini-
batch learning. Batch normalization, which helps in avoiding
exploding and vanishing gradient problems, is used on output
of all the activation layers for all the models.

TABLE 6. Accuracy achieved by proposed composite neural architecture
on test data.

VI. RESULTS AND DISCUSSION
Each model in the ensemble of deep composite neural archi-
tecture (DCNA) is of paramount importance. Each modal-
ity is tested independently to study its performance for the
proposed problem. Table 6 shows test and training accu-
racies achieved by all of three basic models individually.
Each of these models are trained using same training data
pipeline described in Section V-A. 3D-CNN model is able to
achieve the highest accuracy out of the three with test accu-
racy of 73.83. Both TCNN-LSTM and Dual-LSTM achieve
around 55.23% and 53.23% accuracy on validation set,
respectively. The reason for significantly lower performance
is a combination of multiple factors. In our experiments
we sound that if we increase model capacity (parameters),
models start to overfit to training data. Hence, parameters
can not be increased beyond a certain limit. Furthermore,
presence of only one module pushes these models to focus on
one specific type of features leading to lower performance.
Additionally in case of Dual-LSTM, only facial landmarks
are used for training the model. Hence it can not extract any
other appearance features from the face image which leads to
lowest performance of all.

Both the combinations of vision based models with land-
mark based model are able to significantly improve the per-
formance (shown in Table 7). Combination of TCNN-LSTM
and Dual-LSTMmodels achieves same test accuracy as com-
bination of 3D-CNN and Dual-LSTM models. Although,
combination of TCNN-LSTMandDual-LSTMachieve lower
accuracy on ‘Neutral’ class, and higher accuracy on both
‘Like’ and ‘Dislike’ categories. Both of these models achieve
significantly lower performance on neutral class because lack
of arousal activity on face make it difficult to correctly iden-
tify the class. The 3D-CNN and TCNN-LSTM combination
achieves significantly lower accuracy than other two. This
reduction is due to the fact that we are using similar type
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of models which use same images to learn the class proba-
bilities. Over parameterization and data overfiting can be be
considered as direct cause of the lowered performance.

Full DCNA has significantly higher performance when
the architecture uses multi-level dropout (refer Table 7).
Elimination of dropout noise from model reduces test accu-
racy by 15.12%. The variation in the performance is due
to the overfitting of DCNA when no dropout is applied.
The proposed architecture contains multiple modules and the
dataset is smaller in comparison to datasets in other deep
learning applications. Hence, when no dropout is applied,
the model overfits to the training data and validation perfor-
mance does not match the training performance. The pro-
posed multi-level dropout helps in efficiently reducing the
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FIGURE 8. Confusion matrices for different models shown in Table 7 (a) Confusion matrix for TCNN-LSTM +

Dual-LSTM (b) Confusion matrix for 3D-CNN + Dual-LSTM (c) Confusion matrix for DCNA (without dropout)
(d) Confusion matrix for DCNA (with multi-level dropout).

FIGURE 9. Plot of training and validation accuracy for DCNA with and
without dropout.

overfitting to training data in limited training data scenarios.
Plot of training and test accuracy of DCNA with and without
dropout are shown in fig. 9. Plot reveals that model starts to
overfit training data in the absence of dropout at early stage
of training. It is important to note that data augmentation is
used in both of these models.

Confusion matrices for all the four models (shown in
Table 7) are shown in fig. 8. Although, both model combina-
tions (TCNN + Dual-LSTM and 3D-CNN + Dual-LSTM)
are able to achieve equal test accuracy, confusion matrices
of both of these combinations provide in depth information
about quality of results achieved. TCNN+Dual-LSTM (refer
fig. 8a) has very biased behavior toward ‘Like’ category,
it labels most of the ‘Neutral’ class samples in positive cat-
egory along with actual ones. Whereas, 3D-CNN + LSTM
model has significantly lower recall rate for ‘Neutral’ cate-
gory (refer fig. 8c). Hence, even when test accuracy is same,

3D-CNN based model is able to learn much better feature
representation than TCNN based model.

Similarly, confusion matrices for DCNA model with and
without multi-level dropout are shown in fig. 8d and fig. 8e,
respectively. Without induction of dropout in feature vectors,
model is not able to learn the correct feature representations
for ‘Neutral’ and ‘Dislike’ classes. The higher accuracy on
positive class is because of the fact that model classifies any
arousal activity on face into positive class, and hence recall
rate is very high for ‘Neutral’ and ‘Dislike’ classes. Dropout
at multiple stage of feature extraction process removes some
percentage of compressed feature representation, forcing
model to learn more robust features.

We also test proposed model with different kernel counts
and optimizers (refer Table 8). The DCNA (low capacity),
in Table 8, represents the model with kernel count shown in
Table 4 and Table 5 for model TCNN and 3D-CNN, respec-
tively. The model DCNA (medium capacity) and DCNA
(high capacity) have 8 and 16 higher kernels in each layer
than DCNA (low capacity), respectively. We can observe
that increase in capacity of model actually reduces the test
accuracy of the model. Intuitive explanation for this behav-
ior is that higher dimensionality of parameter space makes
it difficult for gradient descent based optimizers to learn
the correct parameter configuration. The proposed model
is also tested with different optimizers. RMSprop [54],
ADAM [55] and SGD [54] optimizer are able to achieve
test accuracy of 80.81%, 75.58% and 72.67%, respectively
(refer Table 8).

Plot of validation accuracy of different variants of DCNA
without the progress of training is shown in fig. 10. Although
all the models show similar pattern in validation accu-
racy, the empirical selection of different parameters helps
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in improving the model performance. Barchart of the test
accuracies achieved by all the test models is shown in fig. 11.
We also analyzed the internal layers of the proposed

model to understand the learning characteristics of the model.
Activation behavior of different layers of the appearance
modeling network (TCNN) and dynamics modeling archi-
tecture are shown in fig. 12. Outputs of the 4th layer and
6th layer of 3D-CNN and TCNN models can be observed
in the figure. Both the models show higher activation values
in the key facial areas like eyes, nose, and lips. However,
models are not provided with any specific information to
lean the focus on these areas. These results depict that pro-
posed architecture is able to correctly identify the key facial
areas and extract facial dynamics corresponding to each
category.

FIGURE 10. Plot of validation accuracy with progress of training for
different variants of DCNA.

FIGURE 11. Bar chart showing the comparative analysis of test accuracies
achieved by different models.

VII. COMPARISON WITH STATE-OF-THE-ART
We used 10 fold cross validation to compare performance of
the proposed model against recent state-of-the-art methods.
The dataset contains 1395 videos in total. These videos are
divided into 10 sets with 139 samples in each. All the models
presented in table were trained on nine sets and one evalu-
ated left out set. The final performance of the models was
computed by taking the mean over all the sets. The proposed
DCNA model achieves mean average validation accuracy
of 60.54with 95% confidence interval between 57.8 and 63.3.

The first state-of-the-art network used for the comparison
consists of a CNN based feature extractor network and RNN
network [56]. Feature extractor network has three convolu-
tion layers. Max Pooling layer is used after first and second
convolution layer. For the third convolution layer, gradual
pooling is used. This layer is followed by the fully connected
layer and the dropout layer. This network is trained separately
from the RNN network. The output features obtained from
this network are passed as an input to the RNN network to
exploit their temporal dependency and obtain the final output.
Mean obtained after using this model for training for the
validation set is 56.31 which are less as compared to our
proposed model. The 95% confidence interval lies between
53.7 and 58.9.
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FIGURE 12. Analysis of activity of internal layers of TCNN and 3D-CNN models.

TABLE 9. Comparison of performance of the proposed DCNA model
against state-of-the-art in 10-fold cross-validation.

Optimum deep 3D-CNN model is proposed by
Haddad et al. [57] for facial emotion recognition. Deep
3D-CNN architecture is composed of eight consecutive
blocks, where each block consists of a 3D convolution
layer followed by batch normalization, LeakyReLU, and 3D
maxpooling layer. The output feature maps obtained from
the eighth block are fed to fully connected layer followed
by dropout and other fully connected layer. The final out-
put is obtained by applying softmax activation function on
the feature maps of fully connected layer. For this model,
the mean is 56.101 and 95% confidence interval lies between
53.4 to 58.8 for the 10 fold validation set.

Concept of transfer learning is used by Li et al. [58]
for facial expression analysis. Firstly, visual information is
obtained by training a CNN model on source task with
large number of images from the labelled dataset. Then,
the last layer of CNN model is removed and flattened into
single dimension. To obtain the temporal information, these
single-dimension feature maps are given as an input to
LSTM. For validation set, the mean value obtained using this
model is 56.408 and 95% confidence interval lies between
53.9 to 58.9.

3D-ResNet and it’s various extensions are examined by
Hara et al. [59] to simulate advancement in field of computer
vision for videos. We used 3D-ResNet 50 model for evaluat-
ing the results. The mean average validation accuracy for this
model is 56.951 and the 95% confidence interval lies between
54.4 to 59.5.

VIII. CONCLUSION
The paper presents a novel framework to automatically gen-
erate users’ response to the viewed commercial multimedia
based on their facial expressions. For this experiment, volun-
teers are recruited to observe the videos of different genre.
Facial expressions of these observers are recorded (against
different genre of videos) to cover variousmuscular activities.
Subjects are also asked to provide their response, divided
into ‘Like’, ‘Neutral’ and ‘Dislike’ categories, against the
watched multimedia.

A novel deep composite neural architecture is designed to
learn the feature representation from the subject’s face for
this classification task. The proposed model learns differ-
ent modalities from the input data using ensemble of three
different neural architectures. The 3D convolutional neural
network is used to extract spatio-temporal features from the
input video. Similarly, long short term memory network is
used to model the temporal dependencies amongst the fea-
tures of different frames extracted by time distributed con-
volutional neural network. The third model (Dual-LSTM) is
used to learn the sequential arousal activity observed in facial
landmarks against each category.

Different combinations of all three basic models are stud-
ied to understand the learning behavior of each model.
Final deep composite neural architecture is able to achieve
highest accuracy of 80.81% with a multi-level dropout
procedure. We presented the activity of internal layers of
different models to provide an insight into learning behavior
of these models. The proposed model achieves significantly
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better performance against state-of-the-art using 10 fold
cross-validation.
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