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Deep Multi-Modal Network Based Automated
Depression Severity Estimation

Md Azher Uddin, Joolekha Bibi Joolee, and Kyung-Ah Sohn

Abstract—Depression is a severe mental illness that impairs a person’s capacity to function normally in personal and professional life.
The assessment of depression usually requires a comprehensive examination by an expert professional. Recently, machine
learning-based automatic depression assessment has received considerable attention for a reliable and efficient depression diagnosis.
Various techniques for automated depression detection were developed; however, certain concerns still need to be investigated. In this
work, we propose a novel deep multi-modal framework that effectively utilizes facial and verbal cues for an automated depression
assessment. Specifically, we first partition the audio and video data into fixed-length segments. Then, these segments are fed into the
Spatio-Temporal Networks as input, which captures both spatial and temporal features as well as assigns higher weights to the
features that contribute most. In addition, Volume Local Directional Structural Pattern (VLDSP) based dynamic feature descriptor is
introduced to extract the facial dynamics by encoding the structural aspects. Afterwards, we employ the Temporal Attentive Pooling
(TAP) approach to summarize the segment-level features for audio and video data. Finally, the multi-modal factorized bilinear pooling
(MFB) strategy is applied to fuse the multi-modal features effectively. An extensive experimental study reveals that the proposed
method outperforms state-of-the-art approaches.

Index Terms—Depression, spatio-temporal networks, volume local directional structural pattern, temporal attentive pooling,
multi-modal factorized bilinear pooling.

✦

1 INTRODUCTION

D EPRESSION is a psychiatric disease, also known as
major depressive disorder (MDD), that makes people

often exhibit low mood in numerous circumstances. Further-
more, it can have a severe impact on a person’s thoughts,
behaviors, work-life, and eating habits [1]. Usually, the de-
pressed person may feel sadness, anxiety, hopeless, worried,
irritated, or restless, and worst case could even lead to sui-
cide [2]. In 2020, depression placed fourth among the most
severe mental health problems [3]. According to the World
Health Organization (WHO), there are approximately 350
million people in the world who have a major depressive
disorder [4]. By 2030, depression could become the second
leading reason for death [3] [4]. The cases of depression are
even more significant in the COVID-19 period due to long-
term quarantine rules [5].

Fortunately, this major depressive disorder is curable
by proper psychological counseling, cognitive-behavioral
psychotherapy and medicines. However, it is notably impor-
tant to identify depression at an initial stage [6]. Currently,
the clinical diagnosis of depression is performed by an
experienced professional. However, this procedure is labor-
intensive, lacks real-time measurements, and depends on
subjective perception. Furthermore, the current COVID-19
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situation also limits the clinician interview considering the
situation of becoming infectious. Therefore, these afore-
mentioned issues increase the demand for an automated
depression assessment.

Physiological investigations have reported that there
are significant variations in facial and vocal activities
between healthy persons and depressive individuals [7]
[8]. Therefore, recently automated depression assessment
(ADA) based on machine learning techniques has gained
increased attention. The efficacy of using the verbal cues for
ADA has been confirmed in [9] [10]. Furthermore, recent
studies presented that facial expressions-based approaches
are also highly effective for ADA [11] [12] [13]. Besides,
Functional Near-Infrared Spectroscopy (fNIRS) based de-
pression analysis has been introduced in [14]. However, data
collection and processing are a bit complex in the fNIRS-
based approach compared to facial and vocal activity-based
approaches.

TABLE 1
Beck Depression Inventory-II (BDI-II) Score and corresponding

depression stages.

BDI-II Score Depression stages
0-13 None
14-19 Mild
20-28 Moderate
29-63 Severe

The aim of this paper is to predict the depression level,
more specifically, estimating the values of the Beck De-
pression Inventory-II (BDI-II) score [15], using both facial
expression dynamics and verbal cues. The BDI-II score is an
evaluation method of MDD stages (see Table 1). Presently,
there are many solutions available to capture the audio and
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video features, which can represent the depression intima-
tion. For instance, [9] and [10] employed the Convolutional
Neural Network (CNN) to obtain the spatial information
from the speech amplitude spectrum. However, local fea-
tures and temporal dynamics are not considered. In contrast,
[11] applied the two-stream networks for capturing the
facial appearance and dynamics, whereas 3D CNNs were
employed in [12] and [16] for depression level estimation.
An optical flow map was produced in [11] to represent the
temporal dynamics; however, the optical flow provides a
poor representation of the facial dynamic textures [17]. On
the other hand, 3D CNNs based approaches exhibit weak
performance at capturing facial dynamics due to fixed and
small kernel support. Recently, Multiscale Spatiotemporal
Network (MSN) based on 3D CNNs is proposed in [18] to
overcome the issues of [12] and [16]. However, their higher
performance is achieved at the cost of high computational
complexity. Furthermore, their approach also required large
amounts of training data.

In this work, we address the aforementioned issues
by presenting a novel deep multi-modal network for an
automated depression assessment. At first, we partition the
audio and video data into fixed-length segments, and these
segments are fed into the Spatio-Temporal Networks as in-
put. We introduce a novel Spatio-Temporal Network, which
captures the local spatial features and temporal dynamics
from the segments of raw audio signals through utilizing the
1D residual network and long short-term memory (LSTM)
based encoder-decoder network, respectively. Both these
networks assign importance to the features based on their
contributions through employing attention mechanisms. Af-
terward, joint tuning layers are applied that combine spatial
and temporal features effectively. Secondly, we propose
another Spatio-Temporal Network, which captures the ap-
pearance and facial dynamics from video segments through
applying the Inception-ResNet-V2 model [19] and Volume
Local Directional Structural Pattern (VLDSP) based dynamic
feature descriptor, respectively. Temporal feature maps pro-
duced by the proposed VLDSP are fed into the 2D residual
network to capture more discriminative information. Subse-
quently, another joint tuning layers are implemented to in-
tegrate the facial appearance and dynamics. Later on, LSTM
based encoder-decoder network along with fully connected
layers are utilized to learn the captured sequential features.
Thirdly, we employ the Temporal Attentive Pooling (TAP)
approach to aggregate and summarize the segment-level
features for both the audio and video data. Afterward,
Multimodal Factorized Bilinear pooling (MFB) [20] method
is applied to combine audio and video features effectively.
Finally, extensive experimental analyses on the two bench-
mark datasets, i.e., AVEC2013 [21] and AVEC2014 [22] have
been conducted. The results demonstrate the effectiveness of
the proposed framework over state-of-the-art approaches.

• We propose a novel deep multi-modal framework
that utilizes facial and verbal cues effectively for
automated depression level prediction.

• We introduce Spatio-Temporal Networks for both au-
dio and video data, which not only capture the spa-
tial and temporal features, but also assign weights to
the features according to their contributions through

utilizing attention mechanisms.
• We present a Volume Local Directional Structural

Pattern (VLDSP) based dynamic feature descriptor to
extract the facial dynamics by encoding the structural
aspects of the local dynamic texture.

• We employ the Temporal Attentive Pooling (TAP)
approach to summarize the changes of the segment-
level features for both audio and video data. To
the best of our knowledge, this is the first time to
apply the TAP approach in the area of automated
depression assessment.

The rest of the paper is composed as follows. Section
2 reviews the previous works on automated depression
assessment using audio, video, and multimodal data. In
Section 3, our proposed framework is presented in detail.
Subsequently, experiments are performed on two datasets,
and their respective results are demonstrated in Section 4.
Finally, the conclusion is drawn in Section 5.

2 RELATED WORKS

This section discusses the approaches and frameworks that
are employed for automated depression assessment using
audio, video, and multi-modal data.

2.1 Audio Based Approaches
Low-level descriptors (LLDs) (e.g., loudness, entropy,
variance, skewness, Mel Frequency Cepstral Coefficients
(MFCCs), etc.), and spectrogram images are generally cap-
tured from raw audio data for depression level prediction
[9] [10]. In [9], LLDs and spectrogram images are utilized as
input to the convolutional neural networks for automated
depression analysis. Their network consists of two convolu-
tion layers, two max-pooling layers, and a fully connected
layer. Later on, a hybrid network composed of convolution
neural network (CNN) and long short term memory (LSTM)
along with lp-norm pooling approach has been proposed in
[25] for automated depression level prediction from MFCCs.
In contrast, a two-stage rank regression framework is pre-
sented in [26] that adopted conditional ranking functions to
capture the variations in speech features. Zhao et al. [27]
applied the CNN and self-attention networks for depres-
sion analysis from LLDs and spectrogram images. Recently,
Dong et al. [10] obtained the deep speaker recognition and
speech emotion recognition features utilizing the ResNet-
50 network and aggregated these features for an automated
depression assessment. The GRU and Transformer model
is employed in [28] and [29], respectively, to the features
extracted through the dense-net and VGG-net from spectro-
gram images of audio data. Makiuchi et al. [30] proposed a
9-layers 1D CNN model as well as a 10-gated CNN with an
LSTM for depression prediction from audio data. However,
these existing audio-based methods did not consider the
local spatial features and their temporal relationship fully.

2.2 Video Based Approaches
In recent times, increasing attention has been given to
automatic depression assessment from facial clues. For in-
stance, Wen et al. [31] introduced Local Phase Quantiza-
tion from Three Orthogonal Planes (LPQ-TOP) and sparse
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coding for capturing and organizing the dynamic facial
features, respectively. A two-stage schema comprising a
coarse classifier and a fine regressor was presented in
[32] for depression level prediction from dynamic facial
clues. Later on, for automated depression assessment, two-
stream deep learned networks were proposed in [11], which
captures the facial appearance and temporal dynamics. In
their work, optical flow maps were utilized to represent
the facial motions; however, optical flow map produces
a poor representation of the facial dynamic textures [17].
Jazaery et al. [12] employed 3D convolutional networks
(C3D) along with a recurrent neural network (RNN) for
depression analysis. However, their approach exhibits lower
performance at obtaining facial dynamics due to fixed and
small kernel support. In [33], Median Robust Local Binary
Patterns from Three Orthogonal Planes (MRLBP-TOP) and
Dirichlet process-based fisher encoding were proposed for
the automatic depression assessment. Zhou et al. [34] pre-
sented a CNN along with a global average pooling (GAP)
layer for depression level analysis. But, their work does not
consider the facial dynamics. To overcome the issues of [11],
Volume Local Directional Number (VLDN) based feature
maps along with CNN and Bidirectional Long Short-Term
Memory (Bi-LSTM) networks were proposed in [35]. How-
ever, VLDN based feature maps do not consider structural
aspects of the local dynamic textures. Melo et al. [37] pre-
sented a two-stream framework along with a temporal pool-
ing approach for depression prediction. Later on, to resolve
the limitations of 3D CNN [12], a Multiscale Spatiotemporal
Network (MSN) based on 3D CNN was proposed in [18].
Although, their approach shows better performance, it re-
quires high computational complexity including the risk of
overfitting increases. He et al. [38] employed a CNN with
attention mechanism, which brings discriminative features
for an automatic depression prediction. Still, their approach
does not obtain facial motions. Recently, Maximization and
Differentiation Network (MDN) is introduced in [39] to
investigate facial dynamics at various temporal scales. Du
et al. [40] employed low-level visual information, i.e., Facial
Action Units (FAUs), facial landmarks, head poses and
gazes for depression prediction. Similarly, facial action units
were analyzed by using 1-D CNN and ANN for depres-
sion prediction in [41]. Appearance and dynamic features
obtained from videos were combined by applying the se-
quential fusion method in [42]. Pampouchidou et al. [43]
presented a review on depression prediction based on visual
information.

2.3 Multi-Modal Based Approaches
In literature, several multi-modal based methods have been
proposed for automatic depression analysis. For instance,
in [21], Local Phase Quantization (LPQ) and low-level de-
scriptors (LLDs) were applied to the facial and verbal in-
formation, respectively. Meng et al. [44] utilized the Motion
History Histogram (MHH) to obtain the variations in facial
and vocal expression. Later on, Local Gabor Binary Patterns
from The Orthogonal Planes (LGBP-TOP) and LLD features
were extracted from the video and audio data for depression
level prediction [22]. Jain et al. [45] demonstrated that Local
Binary Patterns-Three Orthogonal Planes (LBP-TOP) fea-
tures from video data significantly outperformed the dense

trajectory features from video and LLD features from audio
data. In [46], LGBP-TOP and LPQ features were captured
from video data, whereas acoustic features were obtained
from the audio data. Finally, canonical correlation analysis
(CCA) was applied for regression. Later on, Jan et al. [47]
proposed a multi-modal framework for automatic depres-
sion prediction, where both deep-learned and hand-crafted
features were extracted from video data using VGG-Face
[48], local binary pattern (LBP), LPQ, and edge orientation
histogram (EOH) based approaches. Additionally, Feature
Dynamic History Histogram is presented to capture the
temporal changes. In their work, LLD and MFCC features
were also obtained from the short audio segments. Recently,
spatio-temporal attention (STA) networks were introduced
in [16]. Moreover, they also presented the Eigen evolution
pooling (EEP) and multimodal attention feature fusion ap-
proach for representing the variations on the segment-level
features and fusing the audio-video features, respectively.
However, their approach suffers from similar types of issues
that 3D CNN undergoes. Furthermore, in audio data, local
temporal dynamics were not considered. For depression
severity assessment and participants undergoing depres-
sion treatment, an automatic and multimodal approach is
presented in [49]. Later on, to select the most distinctive
features for the depression severity detection task, an ex-
tensive analysis of feature selection techniques is performed
in [50]. In [51], deep and shallow models are combined for
depression recognition. Multi-level attention based network
is presented in [52] for depression prediction that integrates
features from text, audio, and visual data. In their work,
they used the pose, gaze, and facial action units infor-
mation as the visual information. Alghowinem et al. [53]
performed multimodal depression recognition by analyzing
the eye gaze, head pose, and speech. Multitask learning was
introduced in [54] for depression assessment from audio,
video, and text data. A comparison of various multi-modal
framework is presented for depression recognition in [55].
Safa et al. [56] performed multimodal analysis to predict
depressive symptoms from tweets. Recently, Bidirectional
LSTM and Time Distributed CNN were introduced for
depression severity estimation in [57].

3 PROPOSED MULTI-MODAL FRAMEWORK

This paper presents a novel deep multi-modal framework
to predict the depression level, more specifically, predict the
values of the Beck Depression Inventory-II (BDI-II) score.
The multi-modal network uses facial expressions and vocal
cues as input. Initially, we split the audio and video data
into fixed-length segments. Afterward, two Spatio-Temporal
Networks are applied to capture the spatial features and
temporal dynamics from audio and video segments, re-
spectively. Subsequently, we operate the Temporal Attentive
Pooling (TAP) method to aggregate and summarize the
segment-level features for both the audio and video data.
Finally, Multimodal Factorized Bilinear pooling (MFB) [20]
strategy along with a fully connected layer and regression
layer are applied to combine audio-video features effectively
and predict the BDI-II score. Fig. 1 demonstrates our pro-
posed multi-modal network for an automatic depression
assessment.
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Fig. 1. Proposed multi-modal framework for automatic depression assessment. Due to the privacy issue, the images are masked with rectangles.

3.1 Audio Based Spatio-Temporal Network

In this section, we describe the process of capturing local
spatial features and temporal dynamic features from the
raw audio segment using the proposed audio-based Spatio-
Temporal Network. The audio-based Spatio-Temporal Net-
work comprises of 1D residual network and encoder-
decoder based network, respectively. The 1D residual net-
work is responsible for capturing the local features, whereas
the encoder-decoder based network learns the temporal rep-
resentation. Finally, joint tuning layers are utilized to com-
bine local spatial and temporal features effectively. More
precisely, we construct two fully connected (FC) layers by
varying the number of hidden units (e.g., 1024 and 512,
respectively), which aggregates the features. Fig. 2 illustrates
the proposed audio-based spatio-temporal network.

3.1.1 1D Residual Network
Convolutional Neural Networks (CNNs) are often stud-
ied to extract features from images and videos. More-
over, CNN’s are now widely used for 1D signal analysis,
and recognition [58] [59]. In this study, we design a new
attention-aware 1D residual network to capture the local
spatial information from each audio segment. The architec-
ture of the 1D residual network is presented in the upper
part of Fig. 2.

The proposed model is comprised of five 1D residual
blocks, one attention layer, and one fully connected layer.
Each 1D residual block includes two convolution operations
with the kernel size of 1×3. As a result of the 1D convolution
process, local information is extracted, whereas the residual
connection learns residual functions [60] concerning the
layer inputs. Moreover, Batch Normalization (BN) [61] and
Rectified Linear Unit (ReLU) are employed to enhance the
performance of the 1D residual block, as depicted in Fig.
2. The first residual block uses 64 kernels, the second and
third residual blocks employ 128 kernels, the fourth and

final residual blocks apply 256 and 512 kernels, respectively.
Following that, an attention layer is adopted to assign
varying weights to the produced feature maps based on
their contributions. More specifically, the attention layer
generates the feature vector fr as follows.

fr =
P∑
i=1

αi
txi (1)

αi
t =

exp(eit)∑P
j=1 exp(e

j
t )

(2)

ejt = Ur tanh(WrX
T + b) (3)

where αi
t denotes the attention weight and the input xi

represents the i-th feature vector in the whole features X =
[x1, x2, ...xN ], which is produced by the last residual block.
Ur , Wr and b are parameters to be learned. Finally, the 1D
residual network ends with a fully connected layer having
512 nodes.

3.1.2 Encoder-Decoder Network
Statistical approaches, such as Autoregressive integrated
moving average (ARIMA), can deal with time-series data;
however, their performance falls short of deep learning-
based methods in terms of accuracy. This is because they
do not take long-term temporal dependence into consid-
eration. On the other hand, the recurrent neural network
(RNN) is capable of effectively processing time-series data
through the use of hidden states. Despite that, RNN-based
approaches may encounter undesired problems such as
gradient vanishing and gradient explosion when the input
sequences are long. In order to address this problem, the
Long-Short Term Memory (LSTM) was proposed in [62],
which allows the learning of long sequences through the
use of input gate it, forget gate ft, and output gate ot as
follows.
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Fig. 2. Overview of the proposed audio based spatio-temporal network.

it = σ(Wi[ht−1, zt] + bi) (4)

ft = σ(Wf [ht−1, zt] + bf ) (5)

ot = σ(Wo[ht−1, zt] + bo) (6)

ct = tanh(Wc[ht−1, zt] + bc) (7)

ct = (ft ⊙ ct−1 + it ⊙ ct) (8)

ht = ot ⊙ tanh(ct) (9)

where zt is the input at t moment, ht and ct denote the
hidden state and cell state respectively. The hyperbolic tan-
gent function is represented by tanh and while the logistic
function is symbolized by σ. Wi, Wf , WO and bi, bf , bO
are the weight matrices and bias terms for the input, forget,
and output states respectively. One major issue with LSTM
is that it can only learn from the previous context of time-
series data, and cannot learn the forward context of the same
sequence data. By learning sequential data in both forward
and backward directions using two independent hidden
layers, the bi-directional long short-term memory (Bi-LSTM)
model addresses this concern, where the hidden layers are
linked to the same output layer. The forward and backward
layers’ hidden states are calculated by hf = of ⊙ tanh(cf )
and hb = ob ⊙ tanh(cb), respectively. To end, the final
hidden state is denoted by, H = (hf , hb). However, LSTM
and their variants may have accuracy issues and may not
always give the best results [63]. Therefore, the LSTM based
encoder-decoder network was presented in [64] to boost the
performance of LSTM model.

In this work, we utilize an encoder-decoder network
to extract temporal features from the raw audio data, as
presented in the lower part of Fig. 2. The encoder, which
comprises of the input layer and three Bi-LSTM modules,

acts as a feature extractor for the input sequence. In contrast,
the decoder, which comprises of the temporal attention
layer, three LSTM modules, and a fully connected layer,
is utilized to estimate the depression level and exploit the
sequential dependency. The first Bi-LSTM encoder receives
the raw audio signal as input and produces 2048 features.
The subsequent Bi-LSTM encoders take the features from
the prior encoder layers and decrease them to 1024, and 512,
respectively. On the other hand, the number of nodes grad-
ually increased in LSTM decoders. Additionally, a temporal
attention layer is used to identify relevant encoder hidden
states across all time steps in order to improve prediction ac-
curacy. The temporal attention feature vector ft is produced
by attaching an attention weight vector vi = (v1i , v

2
i , ..., v

n
i )

to the obtained features f = [H1, H2, ...,Hn], which is
defined as,

ft =
n∑

q=1

vqiHq (10)

vqi =
exp(eqi )∑n
j=1 exp(e

j
i )

(11)

eqi = Zv tanh(Wv[si−1, Hq] + be) (12)

where Zv , Wv and be are parameters to be learned, si−1

and Hq represent the hidden state of the decoder layer and
hidden state of the encoder layer, respectively. Lastly, the
proposed encoder-decoder network concludes with a fully
connected layer, which has 512 hidden nodes. To the best of
our knowledge, this is the first time to employ the attention-
aware encoder-decoder network for capturing the temporal
features in the automated depression assessment task.

3.2 Video Based Spatio-Temporal Network

This section explains the procedure of extracting the facial
appearance and motion features from the video segment
using the proposed video-based Spatio-Temporal Network.
At first, we extract the facial region with size 299 × 299
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Fig. 3. Overview of the proposed video based spatio-temporal network. Due to the privacy issue, the images are masked with rectangles.

from each frame adopting the approach in [65]. In [65], face
detection, pose estimation, and landmark localization were
achieved, whereas in our work we only employ the face
detection approach from [65]. Afterward, state-of-the-art
pre-trained Inception-ResNet-V2 network [19] is applied to
capture the facial appearance information from each frame.
The Inception-ResNet-V2 model includes both the Inception
model and residual connections, thus it achieves better
performance. In contrast, Volume Local Directional Struc-
tural Pattern (VLDSP) based dynamic feature descriptor and
2D Residual Network are employed to extract the facial
dynamics. The VLDSP produces two 2D temporal feature
maps from three consecutive frames, which are fed into the
2D residual network to capture more discriminative facial
motion features. The structure of the 2D residual network
is similar to the 1D residual network, that is applied to
the audio segments. However, in the 2D residual network,
the size of the kernels applied to the convolution layers are
3 × 3 instead of 1 × 3. Subsequently, joint tuning layers are
used to integrate the facial appearance and motion features.
More specifically, we form two FC layers with the number
of hidden nodes (e.g., 2048 and 1024, respectively). Thus,
we obtain the appearance and dynamic features from each
video segment. In the end, the encoder-decoder network is
utilized to learn the captured spatiotemporal features. The
architecture of this encoder-decoder network is the same
as the encoder-decoder network that is used in the audio-
based Spatio-Temporal Network. Following the encoder-
decoder network, one FC layer (i.e., 512 hidden units) along
with the regression layer are employed to predict the BDI-II
score. The architecture of the proposed video-based Spatio-
Temporal Network is demonstrated in Fig. 3.

3.2.1 Volume Local Directional Structural Pattern

To capture facial dynamics, existing two-stream based deep
learning approaches employ optical flow maps [11]. How-
ever, a poor representation of facial motion is produced by
the optical flow-based method. To overcome this limitation,
volume local directional number (VLDN) based dynamic

texture feature descriptor was introduced in [35]; but, VLDN
fails to consider the structural details of the local texture.

Fig. 4. An illustration of producing temporal feature maps by applying
the proposed VLDSP based descriptor.

This paper introduces a novel dynamic texture descrip-
tor, namely Volume Local Directional Structural Pattern
(VLDSP), that extracts not only the facial motions but also
takes the structural details of the local texture into account.
The proposed VLDSP is an extended variant of the local
directional structural pattern (LDSP) [36]. For the time frame
t, the input to the VLDSP is three consecutive frames
(i.e., (t-1)-th, t-th and (t+1)-th frame), and the output is
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two temporal feature maps. Fig. 4 shows an illustration of
producing temporal feature maps by applying the proposed
VLDSP based descriptor. At first, VLDSP obtains the edge
responses by convoluting the Kirsch masks KM i [66] with
the previous frame Ft−1, current frame Ft and posterior
frame Ft+1. Afterwards, we return the position of top-
two maximum positive and top-two minimum negative
edge responses from previous, current, and posterior edge
responses (i.e., ERt−1, ERt and ERt+1) to investigate the
positional relationship and capture the structural details.
Finally, maximum positive and minimum negative based
temporal feature maps are produced by VLDSP using the
positional and structural information. More specifically, we
compute the VLDSP based temporal feature maps by apply-
ing the following equations.

ER(t−1),i = F(t−1),i(x, y)⊛KMi, 0 ≤ i ≤ 7 (13)

ER(t),i = Ft,i(x, y)⊛KMi, 0 ≤ i ≤ 7 (14)

ER(t+1),i = F(t+1),i(x, y)⊛KMi, 0 ≤ i ≤ 7 (15)

MP Pn = argmaxi


ERt−1,i(x, y) | 0 ≤ i ≤ 7
ERt,i(x, y) | 0 ≤ i ≤ 7

ERt+1,i(x, y) | 0 ≤ i ≤ 7
(16)

MN Pn = argminj


ERt−1,j(x, y) | 0 ≤ j ≤ 7
ERt,j(x, y) | 0 ≤ j ≤ 7

ERt+1,j(x, y) | 0 ≤ j ≤ 7
(17)

S =


0, if P2 ⟳ P1 and |P1 − P2| = 1
1, if P2 ⟲ P1 and |P1 − P2| = 1
2, if P2 ⟳ P1 and |P1 − P2| = 2
3, if P2 ⟲ P1 and |P1 − P2| = 2
4, if |P1 − P2| > 2

(18)

V LDSP =

{
6× P1 + 3× P2 + S, if S < 4

Default, otherwise
(19)

where MP Pn and MN Pn represent the n-th top
responses for maximum positive and minimum negative
edge responses, respectively. In this study, we utilize the
top-two (i.e., P1 and P2) positional edge responses for both
maximum positive and minimum negative edge responses.
The necessary texture primitives (e.g., edge and corner)
are represented by these two positional edge responses.
The P2 appears next to the P1 in the edge pattern, with
a positional distance of 1. On the other hand, P2 appears
perpendicular to P1 in the corner pattern, and the distance
is 2. P2 may appear to P1 in either a clockwise (⟳) or anti-
clockwise (⟲) direction. Afterward, structural pattern S is
computed from these positional information. The absolute
difference between P1 and P2 is between 1 and 2 for the
corner and edge patterns. Therefore, we set S equal to 4 for
the absolute difference between P1 and P2 over 2, which
represent the noisy patterns. And, the VLDSP code is not
calculated for these pixels. Instead, we assign the default
code, which is 62. The final VLDSP code ranges from 0

to 61, and it is 6 bits long. The proposed VLDSP captures
both spatial and dynamic textures, whereas the existing
LDSP only obtains spatial features. Furthermore, VLDSP
takes both maximum positive and minimum negative edge
responses into account.

3.3 Temporal Attentive Pooling
It is essential to anticipate an individual BDI-II score
through investigating the long-term performance in the
entire video and audio. Therefore, we need to combine
the segment-level features, which are captured through the
Spatio-Temporal Networks. LSTM based models can learn
the temporal representation from segment-level features;
however, their outputs may be biased and include a lot
of redundant data. This is because segment level features
also include some crucial temporal features, and this could
significantly affect the depression level prediction perfor-
mance.

Fig. 5. The overview of the Temporal Attentive Pooling.

In order to overcome the aforementioned limitation, [35]
and [16] experimented with several feature summariza-
tion approaches, i.e., temporal max pooling (TMxP) [35],
temporal median pooling (TMeP) [35], temporal average
pooling (TAvP) [35], Fisher Vector Encoding (FVE) [16] and
Eigen Evolution Pooling (EEP) [16]. TMxP, TMeP and TAvP
are applied to segment-level features and from different
segment features they compute the maximum, median and
average values, respectively. On the other hand, FVE [16]
constructs a dictionary where each sample is considered
independently. EEP [16] computes the eigenvectors from
the segment level feature matrix. However, most of these
approaches overlook the sequence’s temporal order.

In this work, to summarize the changes of the segment-
level features for both audio and video data, we employ
the proposed Temporal Attentive Pooling (TAP) approach.
Formally, for both audio and video data, given the ma-
trix, M = [F1, F2, ..., FS ] ∈ RN×S , where N denotes the
segment-level feature dimension and S represents the num-
ber of segments. Thus, the TAP method produces the sum-
marized feature vector V to describe the periodic dynamic
features for both audio and video data. More specifically, the
TAP approach maps the input set to a sequence-level repre-
sentation to achieve the most discriminative representation
for the depression level prediction by paying attention to
the respective features. The summarized feature vector V is
computed as follows.

V = Q(F1, F2, ..., FS) (20)
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Q(·) =
S∑

s=1

ws · Fs (21)

where Q(·) is a summary function, and wt predicts the
attention weight at segment s. Hence, we obtain the final
attention vector W = {w1, w2, ..., wS}. As presented in Fig.
5, the proposed TAP is comprised of one convolution layer,
two FC layers and a Softmax function. Furthermore, we
apply a residual connection to support non-linearity and fit
the complex correlations among segment-level features. The
convolution operation describes the global distribution of
each segment-level output feature, while the final attention
weight vector is generated by the FC layers and Softmax
function.

Fig. 6. Audio and video feature fusion using the multimodal factorized
bilinear pooling (MFB).

3.4 Multimodal Factorized Bilinear Pooling Based Fea-
ture Fusion

In this work, to combine the obtained multi-modal features,
i.e., audio feature vector a ∈ Rm and video feature vector
v ∈ Rn, we employ the Multimodal Factorized Bilinear
pooling (MFB) [20] method, which is defined as follows.

z = SumPooling(U
T
a ◦ V T

v, k) (22)

where U
T
a and V

T
v are received by supplying the

feature vector a and v to the FC layers. To conduct sum
pooling over x, the function SumPooling(x, k) uses sum
pooling with a non-overlapped window of size k. In our
study, we set k = 2, which is selected experimentally.
Furthermore, a dropout layer is also included to minimize
over-fitting, while L2 normalization is applied to prevent
the output magnitude changing dramatically because of the
element-wise multiplication operation. To our knowledge,
this is the first time the MFB approach has been utilized
in automated depression assessment tasks. Fig. 6 shows
the audio and video feature fusion using the multi-modal
factorized bilinear pooling (MFB) method.

4 EXPERIMENTS AND RESULT ANALYSIS

In this section, we estimate the performance of the proposed
multi-modal framework on two benchmark datasets, i.e.,

the AVEC2013 [21] and AVEC2014 [22] depression datasets.
To the best of our knowledge, the raw audio data and
raw facial video data for depression severity estimation are
presented only in the AVEC2013 and AVEC2014 datasets.
These datasets were introduced in Audio/ Visual Emo-
tion Challenge 2013 and 2014, respectively. Additionally,
to understand whether language differences affect the au-
dio analysis, we also performed experiments with the raw
audio data from the Extended Distress Analysis Interview
Corpus (E-DAIC) dataset [23] employing the audio-based
spatio-temporal network. Here at first, we briefly explain
the datasets, experimental settings, and evaluation metrics.
Afterwards, we present a systematic ablation study for our
framework modules. Finally, we compare state-of-the-art
methods with the proposed deep multi-modal network.

4.1 Dataset
To estimate the performance of the proposed multi-modal
framework for predicting the depression levels (i.e., BDI-II
score), we utilized the AVEC2013 [21] and the AVEC2014
depression datasets [22]. Later on, the E-DAIC dataset [23]
is used to further investigate the performance of the audio-
based spatio-temporal network.

The AVEC2013 depression dataset includes 150 videos
from 82 participants. The AVEC2013 dataset is a sub-
set of the audio-visual depressive language corpus (AVid-
Corpus), which covers 340 videos from 292 individuals. 5
participants appear in 4 sessions, 93 in 3, 66 in 2, and 128
in only one recording. The participants were monitored and
recorded one to four times, with an interval of two weeks
between each assessment. The videos in the AVEC2013
dataset are about 20 to 50 minutes long, where participants
were doing different Human-Computer Interaction tasks
(e.g., counting from 1 to 10, sustained vowel phonation,
speaking out loud while doing a task, etc.). There is only
one participant in each video, and they are recorded using
a microphone and webcam. The age of the participants
ranged from 18 − 63 years, and the mean age is 31.5 years.
The subjects are all native German speakers. The dataset is
partitioned into training, development and test sets. Each
set has 50 videos, respectively, and each video is assigned a
label based on its BDI-II score.

Fig. 7. The distribution of the BDI-II scores in AVEC2013 and AVEC2014
dataset.

The AVEC2014 depression dataset contains 300 videos
from 84 participants, which is also a subset of AViD-Corpus.
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In this dataset, the participants perform two tasks; one
is Freeform, where the individuals answer the question
like discuss a sad childhood memory, and another one is
Northwind, where the participants read audibly an excerpt
from a fable. Thus, there are 150 videos for the Freeform
task and 150 videos for the Northwind task. For each
task (Freeform and Northwind), 18 participants appear in
3 sessions, 31 in 2, and 34 in only one recording. All the
participants are German speakers. In both the tasks, subjects
are recorded utilizing a microphone and webcam. Similar
to the AVEC2013 depression dataset, this dataset is also
partitioned into training, development and test sets. Each
partition includes 100 videos, and each video has its respec-
tive BDI-II score as a label. These videos are approximately 2
minutes long on average. For both datasets, the training set
is used to train the proposed multi-modal network, while
the development set is used to validate the effectiveness of
each module of the proposed model. Finally, the test set
is applied to measure the performance and compare our
framework with the state-of-the-art. The distribution of the
BDI-II scores in both the AVEC2013 and AVEC2014 dataset
are presented in Fig. 7. BDI-II scores are balanced in terms
of the depression stages categories.

Fig. 8. The distribution of the PHQ-8 scores in E-DAIC dataset.

The E-DAIC [23] dataset is an extension of the DAIC-
Wizard-of-Oz dataset (DAIC-WOZ) dataset. This dataset
includes raw audio data, text data, and low-level visual
features (Pose, Gaze, Facial Action Units, and Bag-of-Visual
Words). E-DAIC incorporates clinical interviews for psy-
chological distress disorders, e.g., depression, and post-
traumatic stress disorders. The dataset contains 275 subjects
out of which 163 subjects are used for training, 56 used
for development, and 56 used for testing. All subjects were
English speakers and the interviews normally took 5 to 20
minutes. Each interview comprises interview IDs, and PHQ-
8 scores (a measure for depression level) [24], which range
from 0 to 24. The distribution of the PHQ-8 scores in the
E-DAIC dataset are presented in Fig. 8.

4.2 Experimental settings
At first, we sample the raw audio waveforms at 2kHz and
the video from 30 fps to 7 fps. Following the state-of-the-art
research [12] [34] [35] [39], the total number of frames for
each video is reduced by subsampling due to the existence
of high temporal redundancy in videos. We empirically set

the frame sampling to 7 fps. The frame rates used during
this empirical observation are (2, 3, 5, 6, 7, 8, 10, 15, 20,
25, 30) fps. Afterwards, we segment the audio and video
data. More specifically, we partition the audio data into 50
segments, while 60 frames are used to create a video seg-
ment. Afterward, each audio segment is transformed into
mono by taking the mean of the right and left channels. On
average, each audio segment is approximately 17.2 seconds
and 1.1 seconds for AVEC2013 and AVEC2014 datasets, re-
spectively. These segments are fed into the Spatio-Temporal
Networks as input. The proposed multi-modal framework
is implemented using the Keras framework in Python.

In audio-based spatio-temporal networks, the Sigmoid
function is used as the activation function in the final FC
layer. The ADAM optimization algorithm is employed with
batch size of 32, a momentum of 0.9 and a learning rate
of 0.0001 to train the model. In contrast, we employed
pre-trained Inception-ResNet-v2 in the video-based spatio-
temporal network. Similar to audio-based spatio-temporal
networks, we employed the Sigmoid function as the activa-
tion function in the final FC layer, and the Adam optimiza-
tion algorithm is used with batch size of 24, momentum of
0.9 and a learning rate of 0.0002 to train the model. During
training, data augmentation is performed on the Inception-
ResNet-V2 model in the video based spatio-temporal net-
work module, where each frame is horizontally flipped with
50% probability and randomly rotated to 30 degrees. For
the audio-video feature summarization and feature fusion,
we apply the Adam optimization algorithm with batch size
set to 32 and 64 respectively, while learning rate is 0.0001
for both operations. All of the parameters listed above are
determined empirically. For all the modules, the RMSE is
used as the loss function.

4.3 Evaluation Metrics
Similar to the existing approaches, the overall performance
is assessed applying the Mean Absolute Error (MAE) and
Root Mean Square Error (RMSE), which are represented as,

MAE =
1

T

T∑
j=1

|yj − yj | (23)

RMSE =

√√√√ 1

T

T∑
j=1

(yj − yj)
2 (24)

where yj represents the ground truth of the j-th sample,
yj denotes the predicted BDI-II score and T is the total
samples.

4.4 Ablation Study
This section investigates the different components of the
proposed multi-modal framework with a systematic abla-
tion study. First, we estimate the effectiveness of different
components in the audio-based Spatio-Temporal Network.
Thus, we evaluate the MAE and RMSE on AVEC2013 and
AVEC2014 dataset using the 1D CNN with and without
residual connection, 1D residual network with and with-
out attention layer, Encoder-Decoder network with and
without attention layer, proposed Spatio-Temporal Network
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TABLE 2
The effectiveness of different components in audio based spatio-temporal network.

Modules AVEC2013 AVEC2014
MAE RMSE MAE RMSE

1D CNN without residual connection 7.76 9.51 8.65 10.48
1D Residual Network without attention layer 7.68 9.42 8.49 10.28
Proposed 1D Residual Network 7.26 8.81 7.94 9.74
Encoder-Decoder Network without attention layer 7.34 8.86 8.02 9.73
Proposed Encoder-Decoder Network 7.18 8.65 7.72 9.34
Spatio-Temporal Network with concatenation operation for feature aggregation 6.96 8.37 7.34 9.02
Spatio-Temporal Network with 1 FC layer for feature aggregation 6.76 8.29 7.13 8.68
Proposed Audio based Spatio-Temporal Network 6.70 8.16 6.95 8.46

TABLE 3
The effectiveness of different components in video based spatio-temporal network.

Modules AVEC2013 AVEC2014
MAE RMSE MAE RMSE

Inception-ResNet-V2 based spatial stream 7.52 9.29 7.27 9.31
2D Residual Network without residual connection 7.16 9.18 7.13 8.61
2D Residual Network without attention layer 7.06 9.08 7.04 8.57
Proposed 2D Residual Network 6.92 8.54 6.75 8.45
Spatio-Temporal Network with concatenation operation for feature aggregation 6.50 7.92 6.51 8.17
Spatio-Temporal Network with 1 FC layer for feature aggregation 6.28 7.78 6.01 7.42
Encoder-Decoder Network without attention layer 6.22 7.57 6.08 7.61
Proposed Video based Spatio-Temporal Network 5.90 7.32 5.75 6.98

TABLE 4
Comparison between different feature maps generation methods on AVEC2013 and AVEC2014 datasets.

Methods AVEC2013 AVEC2014
MAE RMSE MAE RMSE

MHH based feature maps [35] 9.02 10.98 9.12 11.07
Optical Flow based feature maps [35] 7.75 9.89 7.35 9.67
VLDN based feature maps [35] 7.31 9.08 6.99 8.95
MP VLDSP based feature maps 7.15 8.61 6.86 8.38
MN VLDSP based feature maps 7.33 9.11 7.04 8.57
VLDSP based feature maps 6.92 8.54 6.75 8.45

with simple feature concatenation, one-FC layer-based joint
tuning and two-FC layers based joint tuning. The evalua-
tion is presented in Table 2. This experiment shows that
residual connection and attention layers improve the pre-
diction performance of the proposed audio-based Spatio-
Temporal Network. Furthermore, joint-tuning with two FC
layers beats the other settings, demonstrating that merely
concatenating local spatial and temporal features may not
provide the optimal results.

Secondly, the MAE and RMSE for different modules in
the video-based Spatio-Temporal Network are measured as
shown in Table 3. From this experiment, we can observe that
the temporal features employing the VLDSP based feature
maps along with the 2D residual network significantly
outperformed the Inception-ResNet-V2 based appearance
features. Furthermore, similar to the audio-based Spatio-
Temporal Network, residual connection and attention lay-
ers enhance the prediction performance in this network.
Besides, the Encoder-Decoder network with the attention
layer effectively learned the spatiotemporal representation.

Afterwards, we have compared the performance of our
proposed VLDSP based feature maps with MHH based
feature maps [35], Optical Flow-based feature maps [35] and

VLDN based feature maps [35] as demonstrated in Table
4. VLDSP based temporal representation beats the Optical
Flow-based feature maps by reducing the MAE by 0.83 and
RMSE by 1.35 on the AVEC2013 dataset. This experiment
verifies that our proposed VLDSP based feature representa-
tion shows superior performance over state-of-the-arts. This
is because optical flow provides a poor representation of
the dynamic facial textures, while VLDN based approach
failed to encode the structural details of the local textures.
In contrast, due to being unable to capture the temporal
information completely, MHH [37] based method shows the
lowest performance among all.

Fig. 9 presents the depression prediction performance
comparison using different summarization methods on the
AVEC2013 and AVEC2014 datasets for audio and video fea-
tures. As demonstrated, Temporal Attentive Pooling (TAP)
outperformed the other approaches. This is because tem-
poral max pooling (TMxP) [35], temporal median pooling
(TMeP) [35] and temporal average pooling (TAvP) [35]
methods only compute the maximum, median and aver-
age values from the segment-level features and ignore the
sequence’s temporal order. On the other hand, the Fisher
Vector Encoding (FVE) [16] based approach produces the
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Fig. 9. Depression prediction performance using different summarization methods on the AVEC2013 and AVEC2014 datasets for audio and video
features. (a) Audio features summarization on AVEC2013 dataset. (b) Video features summarization on AVEC2013 dataset. (c) Audio features
summarization on AVEC2014 dataset. and (d) Video features summarization on AVEC2014 dataset.

dictionary by treating each sample independently. There-
fore, the temporal relationship is not considered. Among
the existing approaches, Eigen Evolution Pooling (EEP) [16]
shows promising results because it is able to maintain
dynamic information most. Whereas the proposed TAP
approach maps the input segment-level features by giving
attention to the features that contribute most by keeping the
temporal order intake.

Depression level prediction performance employing dif-
ferent audio and video segment sizes on the AVEC2013 and
AVEC2014 datasets is depicted in Fig. 10. Note that the
proposed audio and video based Spatio-temporal networks
perform best when the audio data is partitioned into 50 seg-
ments, and each video segment includes 60 frames, respec-
tively. The proposed networks fail to extract spatiotemporal
information adequately when the number of segments is
over 50 for audio data and the number of frames on each
segment is over 60 for video data.

Finally, we also investigated the different multi-modal
feature fusion strategies for combining audio and video fea-
tures, as presented in Table 5. This experiment proves that
the multi-modal factorized bilinear pooling (MFB) based
feature fusion method outperformed the simple feature
concatenation of audio and video features and the two FC
layer based joint tuning approach.

TABLE 5
Comparison between different feature fusion approaches on

AVEC2013 and AVEC2014 datasets.

Methods AVEC2013 AVEC2014
MAE RMSE MAE RMSE

Feature Concat 5.76 7.18 5.61 6.65
Two FC Layers 5.61 7.02 5.19 6.48
MFB 5.38 6.83 5.03 6.16

4.5 Comparison with state-of-the-art approaches

This section presents the comparison between the proposed
multi-modal framework and state-of-the-art approaches on
the AVEC2013 and AVEC2014 datasets, as demonstrated in
Table 6.

For the audio modality, on the AVEC2013 dataset, the
proposed audio-based Spatio-temporal network along with
the temporal attentive pooling (TAP) approach outperforms
the He et al. [9], Niu et al. [25], and Niu et al. [16] methods
by dropping the (MAE, RMSE) by (1.5, 1.85), (0.44, 1.34)
and (0.78, 1.6), respectively. Similarly, on the AVEC2014
dataset for audio modality, our approach exhibits superior
performance over the existing methods. This is because, for
the audio modality, most of the existing methods employed
the spectrogram images on the deep network, which are
captured from the audio signal. As a result, their approaches
failed to completely extract the critical local features and
their temporal relationships from the audio signal. This
experiment proves that employing raw audio data demon-
strate better result rather than the spectrogram images.

In contrast, for the video modality, on the AVEC2013
dataset, the proposed video-based Spatio-temporal network
and the temporal attentive pooling (TAP) approach de-
feats state-of-the-art approaches by some margin due to
the following three reasons. First, the proposed system
effectively represents the facial dynamics by applying the
VLDSP based feature descriptor. Secondly, the proposed
Spatio-temporal network not only extracts appearance and
dynamic information effectively but also assigns higher
weights to both temporal and concatenated video segment
features that contribute most through utilizing attention
mechanisms. Thirdly, the TAP method summarizes the tem-
poral changes of the segment-level features in an effective
manner. At the same time, the existing approaches suffer
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Fig. 10. Depression prediction performance using different audio and video segment size on the AVEC2013 and AVEC2014 datasets. (a) and (b)
Performance for different number of audio segments on AVEC2013 and AVEC2014 dataset. (c) and (d) Performance for using different number of
video frames on AVEC2013 and AVEC2014 dataset.

TABLE 6
Depression prediction result comparison between state-of-the-art approaches and the proposed multi-modal framework on AVEC2013 and

AVEC2014 datasets.

Modalities Methods AVEC2013 AVEC2014
MAE RMSE MAE RMSE

Audio Jan et al. [47] - - 8.42 7.96
Audio He et al. [9] 8.20 10.01 8.19 9.99
Audio Niu et al. [25] 7.14 9.50 8.02 9.66
Audio Cummins et al. [26] - 9.64 - -
Audio Zhao et al. [27] 7.38 9.65 7.94 9.57
Audio Niu et al. [16] 7.48 9.79 7.86 9.25
Audio Ours 6.70 8.16 6.95 8.46
Video Meng et al. [44] 9.14 11.19 - -
Video Jan et al. [47] - - 6.68 8.01
Video Yu Zhu et al. [11] 7.58 9.82 7.47 9.55
Video Al Jazaery et al. [12] 7.37 9.28 7.22 9.20
Video Zhou et al. [34] 6.20 8.28 6.21 8.39
Video He et al. [33] 7.55 9.20 7.21 9.01
Video Uddin et al. [35] 7.04 8.93 6.86 8.81
Video Niu et al. [16] 7.32 8.97 6.72 8.81
Video Melo et al. [18] 5.98 7.90 5.82 7.61
Video He et al. [38] 6.59 8.39 6.51 8.30
Video Melo et al. [39] 6.24 7.55 6.06 7.65
Video Ours 5.90 7.32 5.75 6.98
Audio + Video Meng et al. [44] 8.72 10.96 - -
Audio + Video Jan et al. [47] - - 6.14 7.43
Audio + Video Kaya et al. [46] 7.68 9.44 7.69 9.61
Audio + Video Niu et al. [16] 6.14 8.16 5.21 7.03
Audio + Video Ours 5.38 6.83 5.03 6.16

from several issues; for instance, Yu Zhu et al. [11] repre-
sented the facial dynamics poorly. In addition, Al Jazaery et
al. [12] and Niu et al. [16] suffer from similar types of issues
that the C3D network undergoes. Uddin et al. [35] failed to
represent the structural details of the local textures, whereas,
He et al. [38] gave attention only to the appearance informa-
tion and ignored the facial dynamics. Moreover, Melo et al.

[18] and Melo et al. [39] extended the 3D CNN network
to effectively capture facial dynamics; however, [16] proved
that the performance of the LSTM is higher than the 3D
CNN based network. While our approach gives attention to
the features of the BiLSTM based encoder-decoder network.
Similarly, on the AVEC2014 dataset for video modality, our
method outperforms the Yu Zhu et al. [11], Al Jazaery et al.
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[12], Niu et al. [16], Melo et al. [18], He et al. [38] and Melo
et al. [39] approaches by decreasing the (MAE, RMSE) by
(1.72, 2.57), (1.47, 2.22), (0.97, 1.83), (0.07, 0.63), (0.76, 1.32)
and (0.31, 0.67), respectively.

Fig. 11. Nemenyi post-hoc test results on AVEC2013 dataset.

To test the statistically significant differences in the
performance of among different methods the Friedman
test [67] is performed. The test results were significant at
p = 8.34 × 10−12 and p = 3.38 × 10−10 for AVEC2013
and AVEC2014 dataset, respectively. Afterward, we carry
on with the Nemenyi posthoc test [67] since significant dif-
ferences existed between the approaches. In Fig. 11 and Fig.
12, the outcomes of the Nemenyi posthoc test are presented
for both AVEC2013 and AVEC2014 datasets. The analysis
demonstrates that our approach is statistically significant
over He et al. [9], Niu et al. [25], Yu Zhu et al. [11], Al
Jazaery et al. [12], Zhou et al. [34], He et al. [33], Uddin
et al. [35], He et al. [38], and Kaya et al. [46]. However, Melo
et al. [18], Melo et al. [39] and Niu et al. [16] results were
not significantly different from our proposed method for
AVEC2013 and AVEC2014 datasets.

Lastly, we further investigated the performance of the
audio-based spatio-temporal network by employing the
raw audio data from E-DAIC dataset [23] to understand
whether language differences affect the audio analysis.
Table 7 presents the comparison between state-of-the-art
approaches and the proposed audio-based spatio-temporal
network on the E-DAIC dataset. The result demonstrates
that our proposed audio-based spatio-temporal network
outperforms the state-of-the-art methods due to effectively
extracting discriminative features.

4.6 Discussion

Our proposed framework obtains the best prediction per-
formance for multi-modal feature fusion and defeats the
existing methods by quite a large margin. This is because
our approach effectively brings out the complementary fea-
tures from audio and video modalities through employing
a multimodal factorized bilinear pooling strategy.

Fig. 12. Nemenyi post-hoc test results on AVEC2014 dataset.

TABLE 7
Depression prediction result comparison between state-of-the-art

approaches and the proposed audio-based spatio-temporal network on
E-DAIC dataset.

Method RMSE
Deep spectrogram DNet + GRU model [28] 8.09
Deep spectrogram VGG + GRU model [28] 8.0
Deep Spectrogram DNet + Transformer model [29] 8.67
Deep Spectrogram VGG + Transformer model [29] 8.72
CNN [30] 7.02
GCNN-LSTM [30] 6.71
Proposed 1D Residual Network 6.84
Proposed Audio Encoder-Decoder Network 6.93
Proposed Audio-based Spatio-Temporal Network 5.78

In addition, the audio-based spatio-temporal network
assigned higher weights to both local spatial information
and temporal features; whereas the video-based spatio-
temporal network assigned higher weights to both temporal
and concatenated video segment features that contribute
most through utilizing attention mechanisms.

In the experiment, it is proved that the VLDSP based
feature maps capture more discriminative information com-
pared to the MHH [35], Optical Flow [35], and VLDN [35]
based feature maps. This is because VLDSP captures the
dynamic facial movements effectively by encoding the struc-
tural details of the local textures. On the other hand, due
to fixed and small kernel support, C3D based approaches
demonstrate lower performance at capturing facial dynam-
ics.

Finally, the proposed Temporal Attentive Pooling (TAP)
approach summarizes the audio and video features effec-
tively while keeping the temporal order intake and by
giving attention to the features that contribute most. In
contrast, most of the existing approaches do not consider
the temporal relationship during features summarization.

In Fig. 13, we also present the depression level predic-
tions for the AVEC2013 and AVEC2014 datasets. We pro-
vide the correlation between estimation and ground truth
value by using the Pearson Correlation Coefficient (PCC)
[68]. From this figure, we observe that the proposed multi-
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Fig. 13. Estimations of the proposed multi-modal network on AVEC2013
and AVEC2014 datasets.

modal framework obtains PCC values of 0.848 and 0.905
on AVEC2013 and AVEC2014 datasets, respectively. We also
computed the intraclass correlation coefficient (ICC) [69]
with two-way ANOVA and the type of relationship is agree-
ment. The ICC values are 0.812 and 0.857 for AVEC2013 and
AVEC2014, respectively. Thus, this experiment verifies that
the proposed model offers a good level of prediction perfor-
mance with a low probability of serious misclassification.

Facial and audio data are equally important sources for
the prediction of depression severity. However, during a
face-to-face interview the clinician can monitor the patient’s
body posture or record electrophysiological signals, thus
resulting in a better diagnosis.

5 CONCLUSION

This work automatically predicted the depression level by
jointly learning the facial and verbal cues. A novel deep
multi-modal framework is proposed that can understand
the emotional states expressed by human subjects. Vol-
ume Local Directional Structural Pattern based dynamic
feature descriptor is presented to effectively capture the
facial motions by encoding the structural aspects of the
local dynamic textures. Experimental results indicated that
visual features performed significantly better than vocal
features; whereas multi-modal networks demonstrated the
state-of-the-art prediction performance due to efficaciously
obtaining the complementary features. In the future, we will
try to investigate whether prediction performance improves
if we fuse the audio and video features at the segment level
rather than combining them at the end. Besides, we will
employ this framework in other tasks to predict different
diseases.
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