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ABSTRACT
Physiological studies have shown that differences in facial
activities between depressed patients and normal individuals
are manifested in different local facial regions and the dura-
tions of these activities are not the same. But most previous
works extract features from the entire facial region at a fixed
time scale to predict the individual depression level. Thus,
they are inadequate in capturing dynamic facial changes. For
these reasons, we propose a multi-scale and multi-region fa-
cial dynamic representation method to improve the predic-
tion performance. In particular, we firstly use multiple time
scales to divide the original long-term video into segments
containing different facial regions. Secondly, the segment-
level feature is extracted by 3D convolution neural network
to characterize the facial activities with different durations
in different facial regions. Thirdly, this paper adopts eigen
evolution pooling and gradient boosting decision tree to ag-
gregate these segment-level features and select discriminative
elements to generate the video-level feature. Finally, the de-
pression level is predicted using support vector regression.
Experiments are conducted on AVEC2013 and AVEC2014.
The results demonstrate that our method achieves better per-
formance than the previous works.

Index Terms— Depression level prediction, multi-scale
and multi-region, segment-level feature, video-level feature

1. INTRODUCTION

Depression is a psychiatric disorder that deprives people of
passion for life and puts them in a situation of low energy.
Even worse, this disease can lead to self-mutilation and sui-
cide [1]. According to the World Health Organization in 2017
[2], depression affects the health of about 350 million peo-
ple worldwide and will become the second leading cause of
death by 2030. In order to get rid of the suffering, early di-
agnosis and intervention are particularly important. However,
the diagnosis process requires a lot of energy from the experi-
enced doctors, which leads to many patients unable to receive
timely treatment [3]. Therefore, it is necessary to develop an
automatic depression prediction method to assist doctors for
improving the clinical decision efficiency.

Facial nonverbal behavior is crucial for measuring the
severity of depression [4, 5], so some researchers [6, 7, 8, 9]
attempt to apply machine learning techniques to explore the
relationship between facial activities and Beck Depression
Inventory-II (BDI-II) scores [10], which is a scale and in-
volves score ranging from 0 to 63 (0-13 normal, 14-19 mild,
20-28 moderate and 29-63 severe). However, there are some
limitations in previous works. Firstly, physiological studies
[11, 12] have shown that differences in facial activities be-
tween depressed and normal individuals occur in multiple
local facial regions and the durations of these activities are
not the same. Thus, it is inadequate to examine the entire
facial region at a single time scale like in [7, 8]. Secondly,
some of them [6, 9] use hand-crafted features to predict the
depression level. But the design of these features relies on the
experience of researchers, some useful information is lose.
Thirdly, the feature pooling or aggregation methods used to
characterize a long-term dynamic process in [9, 13] are insen-
sitive to temporal changes due to the calculation of statistical
parameters and histogram.

To alleviate the above issues, this paper proposes a multi-
scale and multi-region method to capture the facial dynamic
differences between depressed patients and normal individ-
uals to improve the prediction accuracy. In particular, we
firstly use multiple time-scale windows to divide the long-
term video into segments containing different facial regions.
Then, 3D convolutional neural network (3D CNN) is adopted
to extract segment-level features to characterize dynamic
changes with different durations in different facial regions.
Thirdly, this paper uses eigen evolution pooling (EEP) [14]
and gradient boosting decision tree (GBDT) [15] to aggregate
these segment-level features and select the discriminative el-
ements to generate the video-level feature. Finally, support
vector regression (SVR) is employed to predict the depres-
sion level. We conduct experiments on Audio/Video Emotion
Challenge (AVEC) 2013 [16] and AVEC2014 [17]. The
results illustrate the superiority of our proposed method.

The rest of this paper is organized as follows. In section
2, we review the related works. In section 3, we provide a
detailed description of the method in this paper. Our experi-
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Fig. 1. Illustration of the proposed framework for automatic depression level prediction. SLF i means the segment-level feature
corresponding to the i-th segment. F1, F2 and F3 represent the concatenation of features of different facial regions at three time
scales, respectively. VLF means the video-level feature.

mental results and discussion are presented in section 4, and
section 5 concludes the paper.

2. RELATED WORKS

Recently, the analysis of individual depression levels through
the facial activity has attracted the attention of researchers.
Thus, we briefly review the existing works in this section.

Valstar et al. [16, 17] used local phase quantisation from
three orthogonal plane (LPQ-TOP) and local gabor binary
pattern from TOP (LGBP-TOP) to predict the individual de-
pression level on AVEC2013 and AVEC2014, respectively.
But these hand-crafted features loss some useful detailed
changes related to depression. In addition, the TOP dynamic
description method is essentially a statistical histogram, so it
is insensitive to temporal changes [18]. The same problems
occur in the work of Wen et al. [6]. In [7], the authors used
facial images and optical flow to encode the appearance and
dynamics. However, this method is not enough for capturing
long-term changes, which is important for depression level
prediction [19]. He et al. [9] adopted median robust binary
pattern from TOP (MRLBP-TOP) to capture short-term facial
changes and generated the long-term facial dynamic repre-
sentation through statistical aggregation, which would cause
different sequences to have the same result. Besides, this
work used a single time scale to divide the video, so facial
activities with different durations cannot be fully captured.
Although 3D CNN was used in [8] to automatically extract
the facial information related to depression, the authors didn’t
consider the effect of different facial regions on predicting
the depression level. In the work of [13], facial feature was
extracted by VGG-Face. Nevertheless, this well-trained net-
work model pays more attention to individual identity, so the
extracted feature contains some irrelevant content to affect
the prediction performance.

Different from the above works, this paper uses the 3D
CNN to automatically extract the high-level representation
of different facial regions at multiple time scales. Further-
more, we introduce the EEP and GBDT to generate the dis-
criminative video-level feature. The experimental results on

AVEC2013 and AVEC2014 show the effectiveness of our pro-
posed method.

3. PROPOSED METHOD

In order to fully examine the facial changes of individuals
with the different depression levels, this paper firstly divide
the long-term video into segments with three time scales. Sec-
ondly, we adopt 3D CNN to capture the dynamic differences
with different durations in local facial regions and treat their
concatenation as the segment-level feature. Thirdly, EEP and
GBDT are used to aggregate these segment-level features and
select discriminative elements to generate the video-level fea-
ture. Finally, depression level prediction is accomplished by
SVR. Fig. 1 shows the whole flow of the proposed method.

3.1. Multi-scale and Multi-region Division for Segment-
level Feature Extraction Through 3D CNN
As the physiological studies [11], facial activities that differ
between depressed and normal individuals occur in different
facial regions. In addition, these activities tend to have differ-
ent durations [12]. Thus, in order to fully capture the dynamic
changes associated with depression, we firstly use K = 3
time-scale windows to divide the video into segments con-
taining different facial regions. In this paper, (ek1 , ek2 , · · · ,
ekNk

), (uk1 , uk2 , · · · , ukNk
) and (lk1 , lk2 , · · · , lkNk

) are recorded
as Nk segments from the entire facial region (EFR), the up-
per facial region (UFR) and the lower facial region (LFR) at
the k-th scale, respectively. Then, eki , uki and lki are input 3D
CNN and record the outputs of the last fully connected layer
as oeki , ouk

i and olki , respectively. Finally, the segment-level
feature from the i-th segment at the k-th scale is expressed in
vector form i.e. [oeki , ou

k
i , ol

k
i ], where i = 1, . . . , Nk and

k = 1, . . . ,K.
It can be seen from the above process that these obtained

segment-level features are complementary. On the one hand,
they characterize the dynamic changes of different local facial
regions. On the other hand, the facial activities with different
durations are also captured. Therefore, these features com-
prehensively extract the facial differences among individuals
with different levels of depression.
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3.2. Discriminative Video-level Feature Generation Using
EEP and GBDT

It is important to aggregate the segment-level features into
the video-level feature for obtaining the information related
to depression in the whole process of interaction. To this
end, we employ EEP to reconstruct the temporal changes of
each dimension element to summarize these segment-level
features. Specifically, let Sk = [sk1 , s

k
2 , · · · , skNk

] ∈ RD×Nk

be the matrix composed of segment-level features at the k-
th time scale, where D is the dimension of the segment-level
feature and Nk is the number of segments divided from the
corresponding video at the k-th scale. If we denote rkj is
the j-th row of Sk, then Sk = [rk1 ; r

k
2 ; · · · ; rkD]. In this

way, we use Eq. (1) to reconstruct the rkj through an or-
thogonal base matrix G∗ = [g∗

1, · · · ,g∗
M ] ∈ RNk×M , where

g∗
m ∈ RNk×1 (m = 1, · · · ,M) are a set of standard orthogo-

nal bases. To solve the G∗, we equivalently convert Eq. (1) to
Eq. (2). From this equation, it is easy to derive that G∗ con-
sists of the eigenvectors corresponding to the first M eigen-
values of SkTSk. In this paper, we regard the concatenation
of the projections of Sk in these M directions as the aggrega-
tion result of Sk.

G∗ = argmin
GTG=IM

D∑
d=1

‖GGTrkd
T − rkd

T‖2. (1)

G∗ = argmax
GTG=IM

M∑
m=1

gT
m(SkTSk)gm. (2)

As can be seen from the above process, this aggregation
result not only maintains the temporal changes of segment-
level features in each dimension, but also suppresses the irrel-
evant content through the projection of Sk in M main direc-
tions like principal component analysis. In this way, the long-
term dynamic changes in different facial regions observed
through multiple time-scale windows are captured.

In order to further select the discriminative elements,
GBDT is adopted in this paper. GBDT is an ensemble learn-
ing algorithm using the decision tree as the base learner and it
can select the feature elements that are helpful for depression
level prediction based on the reduction of the loss function
[15]. As thus, the video-level feature is generated and input
into the SVR to predict the individual depression level.

4. EXPERIMENTS

In this section, we firstly describe the databases used in the ex-
periments briefly, and then the experimental setups are given.
Finally, the results and discussion are presented.

4.1. Databases and Evaluation Metrics
To verify the proposed method, experiments are performed
on two publicly available datasets i.e., AVEC2013 and
AVEC2014. For AVEC2013 corpus, the responses of 82
individuals to 14 different human-computer interaction tasks

are recorded in 150 videos. And these recordings are divided
into three parts: training, development and test set, each has
50 samples. For AVEC2014 corpus, two tasks are involved
i.e., “Northwind” and “Freeform”. In each task, 150 videos
are recorded and divided equally into training, development
and test sets. For fairness of comparison, we combine the
training, development and test set of these two tasks as the
new data in the experiments. Namely, there are 100 samples
in the training, development and test sets, respectively. In
these two databases, each subject is asked to fill in a Beck
scale and the corresponding score (named BDI-II score) as
the ground truth.

At present, root mean square error (RMSE) and mean ab-
solute error (MAE) are widely used metrics for evaluation.
The formulas for RMSE and MAE are given by Eq. (3) and
Eq. (4), where N denotes the number of subjects. yi and ŷi
are ground truth and predicted BDI-II score of the i-th sub-
ject, respectively.

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2. (3)

MAE =
1

N

N∑
i=1

|yi − ŷi|. (4)

4.2. Experimental Setup
In the preprocessing stage, we adjust the frame rate to 6fps
like in [7]. Three time scale windows are 6, 18 and 30 frames
and the overlap rate is 50% between the adjacent two seg-
ments. Note that the labels of those segments are the same as
the corresponding video. In the stage of extracting segment-
level feature, the 3D CNN has two convolution layers with
the same settings: 32 kernels with a size of 3 × 3 × 6, the
stride size of (2× 2× 2). Two fully connected layers with 64
neurons are followed. The objective function is RMSE. In the
stage of generating video-level feature, the number of orthog-
onal bases (M ) is 10 without displaying related experiments
results due to the space limitation. And GBDT selects 478
dimensions from 5760.

4.3. Results and Discussion
In this subsection, we firstly show the impact of different fa-
cial regions and time scales on depression level prediction.
Then, the comparison between our method and the current
works is presented. Finally, we give the discussion for these
results.

4.3.1. Prediction Performance for Different Facial Regions
at Multiple Time Scales

Based on above parameters settings, we examine the pre-
diction performance using different facial regions at multi-
ple time scales on the development sets of AVEC2013 and
AVEC2014. The experimental results are shown in Table 1.
It can be seen from this table that the prediction accuracy
obtained when the time scale is 3s is better than the other
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Table 1. Experimental performance of different facial regions at multiple time scales on the development sets of AVEC2013
and AVEC2014.

Databases Metrics 1s 3s 5s 1 s + 3s + 5 s
UFR LFR EFR UFR LFR EFR UFR LFR EFR UFR+LFR+EFR

AVEC2013 RMSE 8.72 8.86 8.52 8.45 8.50 8.21 8.52 8.63 8.34 7.53
MAE 6.88 7.06 6.53 6.23 6.42 6.08 6.57 6.38 6.19 5.67

AVEC2014 RMSE 8.59 8.71 8.42 8.22 8.31 8.06 8.57 8.81 8.41 7.89
MAE 6.62 6.47 6.33 6.34 6.48 6.02 6.45 6.88 6.23 6.00

Table 2. Depression level prediction performance compari-
sion with the previous works in the test set of AVEC2013.

Methos RMSE MAE

Wen et al. [6] 10.27 8.22
Zhu et al. [7] 9.82 7.58

Mohamad et al. [8] 9.28 7.37
He et al. [9] 9.20 7.55

Our method without GBDT 8.27 6.43
Our method with GBDT 8.02 6.19

two. The explanation for this result is that this way of seg-
mentation involves more integrated facial activities related
to depression [8]. The time scale of 1s and 5s capture a
relatively small number of short-term and long-term facial
changes. However, it can be seen from the experimental re-
sults that these dynamic changes are helpful to improve the
prediction accuracy.

In addition, we can observe that different facial regions
have different effects on depression level prediction. Over-
all, the experimental results using the EFR are better than the
counterparts using only part of the facial region. And com-
pared with the LFR, the UFR contains more clues associated
with depression. This is because the dynamic changes in the
region around the eye are helpful for distinguishing between
depressed patients and normal individuals [8]. As exhibition
in the table, our multi-scale and multi-region facial represen-
tation achieves the best experimental performance. The rea-
son for this result is that the representation not only extracts
dynamic changes related to depression in different facial re-
gions, but also captures the facial changes with different du-
rations, so it comprehensively characterizes the facial differ-
ences among individuals with different depression levels.

4.3.2. Comparison with Previous Works
We compare our proposed method with the previous works
on the test sets of AVEC2013 and AVEC2014. The results are
presented in Table 2 and Table 3. As shown, our method with
GBDT achieves the better performance than without GBDT.
This is because that the most helpful feature elements related
to depression are selected.

The hand-crafted features (LPQ, MRLBP and LBP) used
in [6, 9, 20] rely mainly on the experience of researchers, so
some useful facial details are lost. In this paper, 3D CNN is

Table 3. Depression level prediction performance compari-
sion with the previous works in the test set of AVEC2014.

Methos RMSE MAE

Dhall et al. [20] 8.91 7.98
Zhu et al. [7] 9.55 7.47

Mohamad et al. [8] 9.20 7.22
He et al. [9] 9.01 7.21

Our method without GBDT 8.25 6.37
Our method with GBDT 7.98 6.14

used to capture dynamic changes through multiple 3D con-
volutions and automatically extract the high-level feature re-
lated to depression. Although neural networks are adopted in
the works of [7, 8], they only examine the effects of dynamic
changes in the EFR on the prediction performance at a sin-
gle time scale. Unlike them, our proposed method captures
the facial changes with different durations in multiple facial
regions to comprehensively extract the content related to de-
pression. In the feature aggregation phase, the EEP is more
suitable than Fisher Vectoring encoding used in [9, 20] for
characterizing the temporal changes of those segment-level
features [14].

5. CONCLUSIONS

Based on the fact that there are some differences between the
depressed and normal subjects in facial activities. We use 3D
CNN to automatically extract the dynamic changes of differ-
ent facial regions at multiple time scales to fully capture the
differences. Then, we reconstruct the temporal changes of
the segment-level features through EEP and use GBDT to se-
lect the discriminative elements to generate the video-level
feature. Experimental results on AVEC2013 and AVEC2014
demonstrate the superiority of our method. In the future, we
will consider integrating other modal information to further
improve the accuracy of depression prediction.
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