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a b s t r a c t

Physiological studies have illustrated that speech can be used as a biomarker to analyze the severity of
depression and different frequency bands of the speech spectrum contribute unequally for depression
detection. To this end, we propose a Time-Frequency Attention (TFA) component and combine it with
the Squeeze-and-Excitation (SE) component to form our Time-Frequency Channel Attention (TFCA) block
for emphasizing those discriminative timestamps, frequency bands and channels. In addition, considering
the time-frequency attributes of the data, a Time-Frequency Channel Vectorization (TFCV) block is pro-
posed to vectorize the tensor. Furthermore, we merge the proposed blocks (i.e., TFCA and TFCV blocks)
and the two blocks (i.e., Dense block and Transition Layer) of the DenseNet into a unified architecture
to form our Time-Frequency Channel Attention and Vectorization (TFCAV) network. In this way, to pre-
dict the depression level of an individual, we firstly introduce the sphere embedding normalization
method to preprocess the long-term logarithmic amplitude spectrum for maintaining the time-
frequency attributes and divide it into segments. Then, these segments are input into the TFCAV network
to obtain the depression scores. Finally, the average of scores is taken as the result corresponding to the
long-term spectrum. Our method is validated on two challenging databases, i.e., AVEC2013 and
AVEC2014 depression databases. The experimental performance illustrates the superiority of the pro-
posed network over some previous methods.

� 2021 Elsevier B.V. All rights reserved.
1. Introduction

Depression is a kind of psychological disease, which deprives
people of the enjoyment of life and makes people fall into a nega-
tive mood for a long time. In addition, depression patients may
even be prone to self-harm or suicide [1], which places a severe
burden on families and society. According to a World Health Orga-
nization report released in 2017 [2], about 350 million people
worldwide suffer from depression and depression is the second
leading cause of death among people aged 15–29. In order to avoid
unfortunate occurrence, early diagnosis and treatment is an effec-
tive way to adjust one’s self cognition as early as possible. At pre-
sent, there is no exact method for the diagnosis of depression. That
is to say, physicians often make a diagnosis based on their clinical
experience. Moreover, in the process of diagnosis, physicians need
to concentrate on observing the external performance of patients.
Thus, it is exhausting to diagnose the severity of depression. Cou-
pled with the serious imbalance between doctors and patients,
many patients are unable to receive timely treatment. Noteworthy,
physiological studies [3–5] have reported that the differences
between depression patients and healthy individuals are reflected
in speech, facial expression, body posture, etc. Among these modal-
ities, speech is one of the most convenient forms of communica-
tion. At the same time, it not only involves semantic information,
but also conveys the emotional state of the speaker [6]. Therefore,
for improving the current medical conditions and efficiency, it is
helpful to use machine learning technology to capture the cues
associated with depression in speech to achieve automatic depres-
sion detection.

Physiologically, the Beck Depression Inventory-II (BDI-II) score
(0–13 no depression, 14–19 mild depression, 20–28 moderate
depression and 29–63 severe depression) [7] can be used to reflect
an individual’s level of depression. Thus, some researchers [8–11]
propose different methods to extract the relevant information from
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the speech to predict the BDI-II score for automatic depression
detection. Although the effectiveness of these methods has been
confirmed, there are still some aspects for improvement. Firstly,
many methods [6,12–14] use unsupervised hand-crafted features
to predict individual depression levels. While, the design of these
hand-crafted features depends on the domain knowledge of the
researchers, so some information related to depression may not
be extracted. Secondly, some works [11,15–18] adopt deep neural
networks to automatically extract the high-level features for
depression detection. However, they are based on the assumption
that different timestamps and frequency bands contribute equally.
Therefore, these methods are limited in capturing detailed and dis-
criminative information, because some studies [19,20] have shown
that different timestamps and frequency bands of speech are not
exactly the same in analyzing individual depression severity.

Recently, the Squeeze-and-Excitation (SE) component proposed
in [21] illustrates that it is helpful for improving the representation
ability of network through recalibrating the feature channels.
Inspired by this research achievement, in order to alleviate the
above issues in the field of automatic depression detection, we pro-
pose a novel framework named Time-Frequency Channel Attention
and Vectorization (TFCAV) network for improving the accuracy of
detection. In our approach, we propose a Time-Frequency Atten-
tion (TFA) component and combine it with the SE component to
form the Time-Frequency Channel Attention (TFCA) block for
emphasizing the timestamps, frequency bands and channels asso-
ciated with depression detection. Moreover, the commonly used
Global Average Pooling (GAP) treats the time and frequency
dimensions equally in the vectorization process. In other words,
the GAP does not consider the time-frequency attributes of the
data, which affects the accuracy of depression detection. Thus, a
Time-Frequency Channel Vectorization (TFCV) block is proposed
to vectorize the tensor with time-frequency attributes. Further-
more, we merge the proposed blocks (i.e., TFCA and TFCV blocks)
and the two blocks (i.e., Dense block and Transition Layer) of the
DenseNet into a unified architecture. In this way, there are three
steps to predict an individual’s depression level: (1) We obtain
the logarithm amplitude spectrum of the long-term speech and
use the proposed Sphere Embedding Normalization (SEN) method
to preprocess it. And the normalized long-term logarithm ampli-
tude spectrum is divided into segments with fixed length. (2)
These segments are input into the TFCAV network to predict the
BDI-II score of each segment. (3) We take the average of the
predicted results of all segments as the corresponding individual
BDI-II score. For the sake of validating the effectiveness of our pro-
posed method, we conduct experiments on the two challenging
benchmark databases, i.e., Audio/Visual Emotion Challenge (AVEC)
2013 [22] and AVEC2014 [23] depression databases. The
related experimental results not only indicate the effectiveness
of our method in capturing the timestamps and frequency bands
that are conducive to depression detection, but also illustrate the
superiority of our proposed method against some previous
algorithms.

The main innovations of our proposed method can be summa-
rized as:

1) In this paper, we propose a TFA component to highlight the
timestamps and frequency bands that contribute to depression
detection. Furthermore, to emphasize the useful feature chan-
nels, the TFA and SE components are combined herein to form
the TFCA block.
2) In order to alleviate the limitation that the GAP does not take
into account the time-frequency properties of the data in the
vectorization process, this paper proposes a TFCV block. This
block uses 1-Dimensional convolution (Conv1D) to summarize
the effective information from the three dimensions of time,
209
frequency and channel for generating the vectorized represen-
tation of the tensor.
3) We conduct many experiments on two publicly available
datasets. The experimental results demonstrate the effective-
ness and superiority of the proposed method over comparative
works. In addition, these experimental results also suggest that
the accuracy of automatic depression detection can be
improved by examining the time-frequency attributes of speech
spectrum.

The organizational structure of the rest of this paper is as fol-
lows. In Section 2, we briefly review the previous works about
automatic depression detection using the speech modality. In Sec-
tion 3, we present the details of our approach in this paper. Our
experimental performance and discussion are exhibited in Sec-
tion 4, and Section 5 gives the conclusion.
2. Related works

The related physiological and psychological studies have shown
that there are differences in speech between depressed patients
and healthy subjects. Therefore, many researchers have made
efforts to capture the representation of these differences for auto-
matic depression detection. In this section, we briefly review some
previous works.
2.1. Depression detection approaches based on hand-crafted features

Physiological studies [4,5,24] have found that depression can
cause organic lesions of the vocal organs, which affect the prosody
characteristics of speech and the glottal signals. Therefore, some
researchers try to extract the corresponding acoustic parameters
to analyze individual depression level. Valstar et al. [22,23] pub-
lished two databases containing audio and video information to
detect individual depression level in the Audio/Visual Emotion
Challenge held in 2013 and 2014, respectively. At the same time,
the baseline they gave was a 2268 dimensional feature (spectral
Low-Level Descriptors (LLDs) and Mel-frequency Cepstral Coeffi-
cients (MFCCs) 11–16) to characterize the depression cues in
speech. Moore et al. [25] took the prosodics, the vocal tract and
parameters from the glottal waveform as the corresponding fea-
ture and input it to SVR for predicting the individual depression
level. The above two methods extract the information from differ-
ent aspects, but they might lose other useful patterns related to
depression detection in the speech signals [15]. In [26], Meng
et al. believed that there were some differences in the changes of
speech features among individuals with different depression
levels. Based on this consideration, they used the Motion History
Histogram (MHH) proposed in the field of action recognition [27]
to capture the dynamic changes of LLDs over time and used partial
least squares to find the mapping relationship between the
extracted vocal feature and BDI-II scores. However, these LLDs
have no the same rich texture information as images or video
frames, so the template adopted may not be suitable and affect
the accuracy of depression detection. In the work of [28], the
authors examined the effect of three types of features on depres-
sion detection, namely ComParE16 feature [29] extracted using
TUMs open-source openSMILE system [30], Mel Frequency Ceptral
Coefficient (MFCC) and Voice Quality features (VQual) extracted
using VoiceSauce software [31]. But as mentioned above, hand-
crafted features are not good enough for mining the content
related to depression. In addition, the successful application of
VQual in speaker recognition [32,33] shows that such features
may be more sensitive to individual identity, so it is limited in
extracting common depression cues among different individuals.
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Simantiraki et al. [19] considered that the vocal characteristics
associated with depression was affected by the glottal source sig-
nal. Therefore, they took Discrete Cosine Transform (DCT) coeffi-
cients of Phase Distortion Deviation for every frequency band as
the corresponding speech feature to predict the level of depression.
Although this method obtains the depression representation from
different timestamps and frequency bands, it is not enough to only
extract features from the glottal source signal.
2.2. Depression detection approaches based on deep neural networks

In recent years, due to the good performance of deep neural net-
work in the field of image [34–36] and speech processing [37–39],
some researchers began to adopt the model based deep neural net-
work to estimate the depression severity from speech modality. He
et al. [15] proposed a four stream Convolution Neural Network
(CNN) model. In their method, the original waveform, the corre-
sponding spectrogram, LLD and the Median Robust Extended Local
Binary Pattern (MRELBP) feature extracted from the spectrogram
were input into the CNN to estimate the BDI-II score. At the same
time, they augmented the data to train the neural network model
by rotating the spectrograms with six different angles, but this
operation destroyed the physical meaning of the spectrograms
itself. Thus, this method has some adverse effects on the training
process for the model. In the work of [11], the authors considered
the fact that MFCC is a discriminative biomarker [20] and proposed
an automatic depression detection method based on the hybrid
network and ‘p-norm pooling. They employed CNN, Long-Short
Term Memory (LSTM) and Deep Neural Network (DNN) to obtain
the feature related to depression in MFCC segments from the per-
spectives of spatial structure, temporal change and discriminative
representation. Moreover, these segment-level features were
aggregated into the sentence-level feature through optimizing
the proposed objective function. However, this method does not
consider the influence of different frequency bands and times-
tamps on depression detection, which might affect the experimen-
tal accuracy. In [18], Rejaibi et al. pointed out that MFCC could
capture the phonetically important characteristics of speech and
called the spectrum of frequencies of an audio signal as voiceprint
to extract the ”visual pattern” of speech. Thus, in order to jointly
explore the cues related to depression in MFCC and spectrogram,
they proposed the EmoAudioNet, which used 1-Dimensional Con-
volution (Conv1D) to extract the time-frequency representation
of the audio signal and 2-Dimensional Convolution (Conv2D) to
capture ‘‘visual pattern” of the corresponding spectrogram.
Whereas the network structure is not enough for capturing the
detailed information, because they treat all frequency bands
equally.

Different from the above mentioned approaches, in this paper,
we introduce the SEN method to preprocess the logarithmic ampli-
tude spectrum for maintaining the time-frequency attributes and
propose a TFCAV network to examine the influence of different
timestamps and frequency bands on depression detection. The
experiments are conducted on AVEC2013 and AVEC2014 depres-
sion detection databases. The results demonstrate the effectiveness
and superiority of our proposed method.
3. Time-frequency channel attention and vectorization network
framework for depression detection

The fact that there are some differences in speech modality
between the depression patients and healthy individuals has been
confirmed by many physiological and psychological studies [3–5].
Moreover, recent researches [19,20] have shown that different fre-
quency bands are not exactly the same for analyzing the severity of
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depression. Based on these facts, we propose a TFCAV network. For
the model, we input the spectrum segments divided from the nor-
malized logarithmic amplitude spectrum by the SEN method and
use Root Mean Square Error (RMSE) shown in Eq. (12) as the loss
function to train the network. In this model, we propose a TFCA
block to examine the influence of different timestamps, frequency
bands and feature channels on depression detection to capture the
detailed and discriminative information. Moreover, we also pro-
pose a TFCV block to vectorize the tensor with time-frequency
attributes. Furthermore, we merge the proposed blocks and the
two blocks (i.e., Dense block and Transition Layer) of the DenseNet
into a unified network to estimate the BDI-II score. Fig. 1 presents
the framework of our proposed algorithm for automatic depression
detection.

3.1. Spherical embedding normalization method for maintaining the
time-frequency attributes

As described above, our goal is to improve the accuracy of
automatic depression detection by examining different times-
tamps and frequency bands. Currently, in the most works, the
researchers often use mean-standard variance (mean-std) or
maximum-minimum (max-min) normalization methods for pre-
processing like in [11]. The main purpose of these two normaliza-
tion methods is to place the all dimensions of spectrum to the
same range to eliminate the influence of different orders of mag-
nitude on the algorithm. However, those two normalized meth-
ods are not suitable for our goal. This is because that the
consistent numerical range affects the distribution of energy in
different frequency bands after mean-std or max-min
normalization.

To this end, we introduce the SENmethod to preprocess the log-
arithmic amplitude spectrum for maintaining the time-frequency
attributes. Specifically, we firstly perform logarithmic operation
on the Fourier amplitude spectrum, and then embed each frame
on the unit sphere. Eq. (1) gives the corresponding calculation
process.

nor spec ¼ NðlogðabsðFðxÞÞÞÞ; ð1Þ
where FðxÞ represents the Fast Fourier Transform (FFT) of the orig-
inal speech signal x. absð�Þ and logð�Þ are the operation of calculating
absolute value and logarithm, respectively. Nð�Þ normalizes each
frame of the logarithmic amplitude spectrum on the unit sphere
as shown in Eq. (2). ‘‘nor spec” is denoted as the result of
normalization.

N Sð Þ ¼ s1
s1k k2

;
s2
s2k k2

; . . . ;
sM
sMk k2

� �
; ð2Þ

where S is the logarithmic amplitude spectrum of speech,
si ði ¼ 1;2; . . . ;MÞ is the i-th frame of S. �k k2 is an operator for calcu-
lating the ‘2-norm of a vector.

From the above process, we can see that the SEN method has
two advantages: firstly, it retains the time-frequency attributes
of the spectrum, which is beneficial to investigate the effect of dif-
ferent timestamps and frequency bands on depression detection;
secondly, it can still avoid the influence on the algorithm due to
the different order of magnitude of each dimension. For the sake
of further illustrating the effectiveness of this normalization
method, we select two women with similar age (one with moder-
ate depression and the other with none depression) and use the
mean-std and SEN methods to process their logarithmic amplitude
spectrum. Fig. 2 shows the results. It should be noted that the
drawing of these figures uses the Imagesc function in the
MATLAB. From the Fig. 2, we can observe that the energy of healthy
individuals ((b) and (d)) at high frequency is greater than that of



Fig. 1. The illustration of the proposed Time-Frequency Channel Attention and Vectorization (TFCAV) network for automatic depression level detection. The whole process
contains three stages presented in (a), (b) and (c). (a) the normalized long-term logarithmic amplitude spectrum using SEN method is divided into fixed-length segments. (b)
the BDI-II score corresponding to each segment is obtained with our proposed TFCAV network. (c) the average of scores is regard as the BDI-II score corresponding to the long-
term logarithmic amplitude spectrum. ‘‘�N” means that the enclosed part is performed N times. In the TFCAV network, the loss function is RMSE as shown in Eq. (12).

Fig. 2. Different normalization methods are used to preprocess the logarithmic amplitude spectrum of the depression patient and healthy individual. (a) and (b) are the
results of the subjects No. 236-1 and 203-1 with mean-std normalization method, respectively. (c) and (d) are the results using the SENmethod. Note that the BDI-II scores for
the subjects No. 236-1 and 203-1 are 23 (Moderate depression) and 3 (None depression), respectively.
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depressed patients ((a) and (c)). In addition, from the comparison
of (a, b) and (c, d), one can find that the results obtained by the
SEN method have more significant differences than counterparts
obtained by the mean-std normalization method.

3.2. Time-frequency channel attention block

In this section, we introduce in detail the proposed TFCA block,
which includes a TFA component and an SE component. The pur-
pose of TFA component is to highlight the timestamps and fre-
quency bands related to depression detection in each channel of
the tensor. The SE component is to recalibrate channels of the ten-
sor to make the model emphasize the informative channels and
suppress the less useful ones. In this paper, we denote the input
to the TFCA block as X 2 RF�T�C, where F; T and C is the number
of rows (i.e., frequency bands), columns (i.e., frames or times-
tamps) and channels, respectively.

3.2.1. Time-frequency attention component
As mentioned above, the segment divided from the normalized

long-term logarithmic amplitude spectrum has time-frequency
attributes. Thus, each channel of X still has time-frequency attri-
butes. This is because the local neighborhood of the logarithmic
211
amplitude spectrum is able to be weighted sum. In other words,
the convolution operation does not change the property of the
data. In this way, we can input each channel of X into the TFA com-
ponent to capture the information related to depression along time
and frequency dimensions.

Specifically, for each channel (denoted as xi 2 RF�T ; i ¼ 1; � � � ;C)
of X, we use Eq. (3) and Eq. (4) to obtain the attention weight vec-
tors of the time and frequency dimensions, respectively. Then, Eq.
(5) is adopted to jointly highlight the timestamps and frequency
bands associated with depression detection.

ATðxiÞ ¼ r dðPTðxiÞÞ �W1
T �W2

T

� �
2 R1�T ; ð3Þ

AFðxiÞ ¼ r W2
F � dðW1

F �PFðxiÞÞ
� �

2 RF�1; ð4Þ

where PTðxiÞ 2 R1�T and PFðxiÞ 2 RF�1 are two Conv1D operations

along time and frequency axis, respectively. W1
T 2 R

T� T
rT and

W2
T 2 R

T
rT
�T are two linear transformations, where rT is reduction

ratio for time dimension. W1
F 2 R

F
rF
�F and W2

F 2 R
F� F

rF are two linear
transformations, where rT is reduction ratio for frequency dimen-
sion. dð�Þ and rð�Þ refer to ‘‘ReLU” and ‘‘Softmax” activation func-
tions, respectively.
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xTFA
i ¼ mTFA

i � xi; i ¼ 1;2; � � � ;C; ð5Þ
where ‘‘�” is element-wise multiplication and mTFA

i is obtained
using Eq. (6).

mTFA
i ¼ rðAF xið Þ �AT xið ÞÞ; i ¼ 1;2; � � � ;C ð6Þ

where ‘‘�” is the operation of matrix multiplication andmTFA
i 2 RF�T

is the attention matrix corresponding to the channel xi 2 RF�T . rð�Þ
is the ‘‘Softmax” function.

According to the above description, we can process each chan-
nel of X 2 RF�T�C and record the result as XTFA 2 RF�T�C . Fig. 3 pre-
sents the scheme of the TFA component. Through this figure, our
goal is to make the TFA component can pay more attention to those
timestamps and frequency bands that are discriminative for
depression detection task.

3.2.2. Channel attention using the squeeze-and-excitation component
The SE component is a lightweight and efficient network unit

that is able to plug into any existing architectures based on CNN
(such as ResNet [40], ShuffleNet [41], MobileNet [42]) for improv-
ing the quality of representations. It explicitly models the interde-
pendencies among feature channels and adaptively recalibrate
channel-wise feature responses through a ‘‘Sigmoid” activation,
so the channels related to target task are emphasized. The basic
structure of the SE component is illustrated in Fig. 4. Mathemati-
cally, the result of the SE component can be expressed in the form
of Eq. (7), where Concatmeans that the matrices are concatenated
by the channel axis and wSE ¼ wSE

1 ; � � � ;wSE
C

� � 2 R1�C is obtained
using the Eq. (8).

YSE ¼ R wSE;Y
� 	 ¼ Concat wSE

1 y1; . . . ;wSE
C yC� 	

; ð7Þ
where, Y 2 RF�T�C is the input tensor of the SE component and
YSE 2 RF�T�C is the corresponding output tensor.
yc 2 RF�Tðc ¼ 1; � � � ; CÞ refers to the i-th channel of Y.

wSE ¼ AC PC Yð Þð Þ; ð8Þ
where, PC Yð Þ 2 R1�Cand ACðxÞ and can be expressed as the Eq. (9)
and Eq. (10), respectively.

PC Yð Þ ¼ 1
FT

XF

i¼1

XT

j¼1

y1
ij; � � � ;

XF

i¼1

XT

j¼1

yC
ij

" #
; ð9Þ
Fig. 3. The proposed Time-Frequency Attention Component. F; T and C are the number of
multiplication. ‘‘�” is the operation of element-wise multiplication of two matrices. ‘‘½AT

correspond to the linear transformations in Eq. (3) and Eq. (4). ‘‘Conv1D” refers to the 1
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where, yc
ij is the element in i-th row, j-th column of channel c.

ACðxÞ ¼ rððdðx �W1
CÞÞ �W2

CÞÞ; ð10Þ

where x 2 R1�C is the input. W1
C 2 R

C� C
rC and W2

C 2 R
C
rC
�C are two lin-

ear transformations. Here, rC is the reduction rate in the SE compo-
nent. dð�Þ and rð�Þ refer to ‘‘ReLU” and ‘‘Sigmoid” activation.

In this paper, we hope that the feature channels with more dis-
criminative information are emphasized. Therefore, an SE compo-
nent is adopted and inserted after the TFA component to form
the TFCA block. In this way, the timestamps, frequency bands
and channels related to depression are excited and the less useful
ones are suppressed.

3.3. Combination of TFCA block with dense block and transition layer

Dense block and Transition layer are two basic units in the Des-
neNet [43], which is a network structure with good representation
performance. On the one hand, the Dense block is used to concate-
nate channel responses from different layers to enhance feature
propagation and realize feature reuse. On the other hand, the Tran-
sition layer is design to compress the number of channels and per-
form the pooling operation to obtain the parts with salient
convolution response. In addition, the merits of Dense block are
able to help the model alleviate the problem of gradient vanishing
and make the training process more effective.

Considering the above advantages, we combine the TFCA block
with Dense block and Transition layer to capture the information
related to depression from the logarithmic amplitude spectrum.
The specific network structure is presented in the Fig. 5. From
the 3.2 section, it is not difficult to observe that the TFCA block
does not change the size of tensor. Therefore, this combination
can obtain deep structure like the DenseNet. In fact, we have done
this combination twice in this paper.

3.4. Time-frequency channel vectorization block

At present, there are two kinds of vectorization methods com-
monly used in the variant of CNN: one is the Fatten layer, the other
is the Global Average Pooling (GAP) layer. However, in this paper,
these two methods are not suitable for vectorizing the tensor with
time-frequency attributes. First of all, due to the limitation of data
size, we do not construct a very deep network structure. That is to
frequency bands, timestamps (frames) and channels, respectively. ‘‘�” is the matrix
ðxiÞ�0” refers to transpose AT xið Þ. ‘‘FC” is the abbreviation of full connection layer and
-Dimension convolution layer. ‘‘Permute” is the operation of matrix transpose.



Fig. 4. The architecture of the SE component for the channel attention. The functions in this figure are given by Eqs. (7) and (10).

Fig. 5. The schema of combining the Time-Frequency Channel Attention (TFCA) block with the Dense block and Transition layer. Conv2D and AP are abbreviations of 2D
Convolution Layer and Average Pooling, respectively. ‘‘�” is the operation of element-wise addition.
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say, the Transition layer does not sample data enough times, so the
result will produce the vector with a high dimension after passing
through the Fatten layer. Next, the GAP layer calculates the global
average of each channel, so it is not enough to capture the detailed
information related to depression in the feature response maps,
because all frequency bands and timestamps are treated equally.

VM ¼

v1

v2

..

.

vC0

2
66664

3
77775 2 RC0� F0þT0ð Þ ð11Þ

In order to fit the depression detection task, this paper proposes a
TFCV block. In this block, Conv1D is adopted to obtain feature vec-
tors from time and frequency two dimensions of each channel

x0
c 2 RF0�T0 ðc ¼ 1;2; � � � ;C0Þ of X0 2 RF0�T0�C0 , where F 0; T 0 and C0 are

the number of frequency bands, timestamps and channels, respec-

tively. In this paper, we record these two features as vc
F0 2 R1�F0

and vc
T0 2 R1�T 0 . Then, we concatenate these two features to form

the vectorization representation of each channel, that is,

vc ¼ vc
F0 ;v

c
T0

� � 2 R1�ðF0þT 0 Þ. In order to fuse the information of differ-
ent channels, the vector representations of all channel are arranged
into a matrix according to the Eq. (11). Again, we still use Conv1D to

produce the required vectorization representation v 2 R1�C0 . Then,
the v is fed into a fully connected layer to obtain the predicted
score. The structure of the proposed TFCV block is illustrated in
Fig. 6.

From this figure, it is not difficult to find that we not only exam-
ine the effects of different timestamps and frequency bands on
depression detection, but also effectively integrated the informa-
tion of multiple channels. In addition, the proposed TFCV block
does not generate the high-dimensional data and considers the
time-frequency attributes of the data in the process of vectoriza-
tion. Therefore, this block is more helpful to extract the details
related to depression from time-frequency data than Flatten and
GAP layers.

In this way, the unified network architecture (i.e., TFCAV net-
work) is formed as shown in Fig. 1 and the amplitude spectrum
segments are used to train this network with the loss function of
RMSE. Moreover, we take the average of prediction results of the
amplitude spectrum segments as the BDI-II score corresponding
to the long-term amplitude spectrum.
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4. Experiments

In this section, in order to illustrate the effectiveness of our pro-
posed method, we conduct experiments on two challenging bench-
mark datasets, i.e. AVEC2013 and AVEC2014 depression databases.
Firstly, we describe the two benchmark datasets and implementa-
tion details. Then, some results of ablation studies are presented to
illustrate the impact of each block on depression detection. Finally,
we compare our work with some state-of-the-art methods and
analyze the results.

4.1. Databases and evaluation metrics

In this paper, the experiments are performed on two challeng-
ing public databases including AVEC2013 and AVEC2014 depres-
sion databases, which are often used to evaluate the performance
of automatic depression detection algorithms. In these two data-
bases, the average age of the subjects is 31.5 years old with a range
of 18–63. In addition, those subjects all use microphone to record
the speech information of individuals in the face of some human-
computer interaction tasks. And the BDI-II score of the subject is
used as the corresponding label.

For the AVEC2013 depression corpus, there are 150 speech files
from 82 individuals and these recordings have been partitioned
into three sets including training, development and test set by
the publisher. Each set has 50 samples. Moreover, this database
involves 14 different human-computer tasks e.g., sustained vowel
phonation, counting from 1 to 10, speeking out loud while solving
a task, etc. The duration of these recordings ranges from 20 to
50 min.

For the AVEC2014 depression corpus, only two human-
computer interaction tasks named ‘‘Northwind” and ‘‘Freeform”
are included. In each task, there are 150 speech files from 84 sub-
jects, which are split equally into training, development and test
set. The duration ranges from 6 s to 4 min. It is necessary to point
out that we combine the training, development and test sets of
these two tasks as the new data in the following experiments. That
is to say, there are 100 speech files in the training, development
and test set, respectively.

In the current studies, Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) are two widely used indicators to eval-
uate the performance of the automatic depression level prediction
algorithms. Eq. (12) and Eq. (13) present the calculation formulas



Fig. 6. The structure of the Time-Frequency Channel Vectorization (TFCA) block. ‘‘Permute” is the operation of matrix transpose. ‘‘Concat” is the operation of feature
concatenation.
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for the RMSE and MAE. N denotes the number of subjects. yi and ŷi
are the ground truth and estimated BDI-II score for the i-th subject,
respectively.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

yi � ŷið Þ2
vuut ð12Þ

MAE ¼ 1
N

XN
i¼1

yi � ŷij j ð13Þ
4.2. Implementation details

As mentioned above, we process the logarithmic amplitude
spectrum to obtain the information related to depression from
the speech. Therefore, we firstly sample the waveforms at 8kHZ
and then generate the 129 dimensional amplitude spectrum using
a Short-Time Fourier Transform (STFT) with 32 ms length Ham-
ming window and 16 ms frame shift. Finally, the normalized loga-
rithmic amplitude spectrum is obtained using Eq. (1). Furthermore,
in this paper, we use 199 frames (equivalent to 3.2 s) as the win-
dow length and 100 frames as frame shift to divide the normalized
logarithmic amplitude spectrum into the segments with the same
size of 129� 199. It is necessary to note that the above procedures
are applied to the two data sets of AVEC2013 and AVEC2014
depression databases. And labels of these segments are the same
as the corresponding long-term logarithmic amplitude spectrum.

In this paper, the proposed TFCAV network mainly includes four
basic units: Dense block, Transition layer, TFCA block and TFCV
block. As shown in Fig. 1, before the Dense block, there is a convo-
lution layer, which has 64 kernels with the size of 3� 3 and stride
size of 1 in the experiments. Besides, it should be noted that in the
following experiments, we set the parameter N in Fig. 1 as 2. That is
to say, Dense block, Transition layer and TFCA block need to be car-
ried out twice. For the Dense block, the convolution layer has 32
kernels with the size of 3� 3 and the stride size of 2. The grow rate
is 4. For the Transition layer, we use 64 1� 1 convolution kernels
and 2� 2 average pooling with stride size of 1. For the TFCA block,
the basic structure is shown in Fig. 3, where the setting of Conv1D
is 1 kernel with size of 1 and the stride size of 1. For the TFCV block
as shown in Fig. 6, all Conv1D are the same setting: 1 kernel with
stride of 1. Note that in our model, all activation functions adopt
the ‘‘ReLU”. The RMSE is used as the objective function in the
experiments. The optimizer is Adam and learning rate is 0.0002.

4.3. Reduction rate

In our proposed model, there are three reduction ratio hyperpa-
rameters i.e., rT; rF and rC in Eq. (3), Eq. (4) and Eq. (10). To investi-
gate the effect of these three parameters on depression detection
performance, we conduct experiments using different parameter
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settings in the development sets of AVEC2013 and AVEC2014
depression databases. In the process of parameter tuning, we fix
ðrF; rTÞ; ðrF; rCÞ and ðrT; rCÞ in turn to adjust rC; rT and rF. The compar-
ison results are shown in Table 1. From these results, we can see
that the proposed method achieves better prediction accuracy in
most cases when ðrF; rT; rCÞ ¼ ð2;2;4Þ.

4.4. The comparison of different proprocessing methods

As mentioned before, the effect of different timestamps and fre-
quency bands of the logarithmic magnitude spectrum on depres-
sion detection is not exactly the same [19,20]. Therefore, in order
to extract effective information from timestamps and frequency
bands, we employ the SEN method to preprocess the logarithmic
magnitude spectrum. For the sake of illustrating the effectiveness
of this proprocessing process, we present the experimental results
of different normalization methods for predicting the individual
depression level in the Table 2. Note that in these experiments
we set the parameter to rF ¼ 2; rT ¼ 2; rC ¼ 4. These experimental
results not only show that maintaining the time-frequency attri-
butes of the data is helpful for improving the accuracy of depres-
sion detection, but also illustrate the ability of our proposed
network for capturing the information related to depression con-
tained in the time-frequency data. While, the max-min and
mean-std normalization methods would not be conducive to
explore the influence of different frequency bands on depression
detection. This is because all frequency bands are normalized to
the same range, which destroys the relative magnitude of the val-
ues in the original spectrum.

4.5. Ablation analysis

In this section, we carry out some ablation experiments to
investigate the contribution of several key blocks in the proposed
TFCAV network on the AVEC2013 and AVEC2014 development
sets. As mentioned before, our network architecture includes four
main computing units: Dense block, Transition layer, TFCA block
and TFCV block. Therefore, in this section, we explore the influence
of these blocks on the experimental performance. It should be
noted that the removal of Dense block and Transition layer will
destroy the basic architecture of the proposed network so that
the model cannot be trained effectively. Therefore, in the following
experiments, we only consider the effect of removing TFCA and
TFCV blocks on depression detection.

4.5.1. The role of the time-frequency channel attention block
In this paper, our goal is to extract the detailed information to

characterize the depression level from the time and frequency
two dimensions of the logarithmic amplitude spectrum. To this
end, we propose a TFCA block, which includes a TFA and an SE
component. Moreover, we combine the TFCA block with Dense
block and Transition layer to form the unified structure. Therefore,



Table 1
Performance of depression prediction on AVEC2013 and AVEC2014 development sets
at different hyperparameter settings.

(rF ; rT; rC) AVEC2013 AVEC2014

RMSE MAE RMSE MAE

(2,2,2) 8.31 6.28 9.17 7.03
(2,2,4) 8.15 6.01 8.96 7.00
(2,2,8) 8.48 6.36 9.21 7.17
(2,4,4) 8.61 6.64 9.32 7.23
(2,8,4) 8.78 6.61 9.47 7.29
(4,2,4) 8.69 6.70 9.58 7.52
(8,2,4) 8.82 6.81 9.69 7.78

Table 2
Performance of depression prediction on AVEC2013 and AVEC2014 development sets
using different normalization methods.

Proprocessing Methods AVEC2013 AVEC2014

RMSE MAE RMSE MAE

max-min 8.64 6.71 9.23 7.40
mean-std 8.76 6.55 9.26 7.32

SEN 8.15 6.01 8.96 7.00

Table 3
Performance of depression prediction on AVEC2013 and AVEC2014 development sets
using four different network structures. ‘‘DB” and ‘‘TL” are abbreviations for Dense
block and Transition Layer, respectively.

Network structures AVEC2013 AVEC2014

RMSE MAE RMSE MAE

DB + TL 9.23 7.17 9.59 7.31
DB + TL + TFA 8.52 6.37 9.36 7.28
DB + TL + SE 8.31 6.21 9.17 7.09

DB + TL + TFCA 8.15 6.01 8.96 7.00
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we use the four different network structures shown in Fig. 7 to
investigate the influence of different components on the accuracy
of depression prediction. The hyperparameters involved in these
structures are set to rF ¼ 2; rT ¼ 2; rC ¼ 4 based on the experi-
ments in the previous section. Note that the TFCV block is used
for vectorization in these experiments.

We conduct the experiments using four network structures on
the development sets of AVEC2013 and AVEC2014. The results
are reported in Table 3. From these tables, one can clearly see that
‘‘DB + TL + TFA” outperforms ‘‘DB + TL” in terms of prediction per-
formance. The main reason for this result is that our TFA compo-
nent generates two attention weights from both time and
frequency dimensions, and is able to jointly captures the discrim-
inative parts related to depression from the logarithmic amplitude
spectrum through Eq. (5). The comparison of ‘‘DB + TL” and ‘‘DB +
TL + SE” shows that the contribution of different feature channels is
Fig. 7. Four different network structures are used to investigate the role of the propo
abbreviations of Time-Frequency Attention and Squeeze-and-Excitation components. TFC
of network structures, ‘‘�2” is that the part circled by dotted line is carried out twice
spectrum, and the output is its corresponding BDI-II score. The loss function is RMSE.
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not exactly the same for depression detection. Therefore, it is nec-
essary to adopt the SE component to recalibrate the channel-wise
feature response maps to emphasize the informative channels and
suppress the less useful ones. Moreover, ‘‘DB + TL + SE” has
achieved better experimental performance than ‘‘DB + TL + TFA”.
This result demonstrates that channel recalibration may be more
effective than time-frequency information extraction for depres-
sion detection. The structure of ‘‘DB + TL + TFCA” gains the best
experimental performance. On the one hand, we use the TFA com-
ponent to process each channel with time-frequency attributes to
highlight timestamps and frequency bands that are beneficial for
predicting the depression level. On the other hand, the usage of
SE component makes the model emphasize those channels with
more information related to depression so as to improve the qual-
ity of the representation.

To further elaborate the effectiveness of TFCA block, we use our
proposed method to process the normalized logarithm amplitude
spectrum of four individuals with different depression levels. The
result are shown in Fig. 8. These figures are drawn using the Ima-

gesc function in the MATLAB. (a-d) are the normalized logarithmic
amplitude spectrum segments from four individuals with different
levels of depression. (e-h) are the attention results of the 8th chan-
nel of the TFCA block corresponding to (a-d). (i-l) are the attention
results of the 16th channel of the TFCA block corresponding to (a-
d). The weights of the 8th and 16th channels are 0.73 and 0.23,
respectively. Therefore, it is not difficult to find that the TFCA block
highlights the timestamps and frequency bands related to depres-
sion (i.e., the yellow parts in (e-h)). Meanwhile, the informative
channels also are emphasized.
sed TFCA block for automatic depression detection. TFA and SE components are
V block refers to the Time-Frequency Channel Vectorization block. In all four kinds
. Moreover, the input is a segment from the preprocessed logarithmic amplitude



Fig. 8. The TFCA block is used to emphasize the timestamps, frequency and channels associated with depression. (a–d) are the normalized logarithmic amplitude spectrum
segments from four individuals of No. 205-1, 222-1, 236-2 and 238-3. The BDI-II scores of four individuals are 6 (None), 16 (Mild), 25 (Moderate) and 39 (Severe). (e–h) are
the attention results of the 8th channel of the TFCA block corresponding to (a–d). (i–l) are the attention results of the 16th channel of the TFCA block corresponding to (a–d).
After the SE block processing, the weights of the 8th and 16th channels are 0.73 and 0.23, respectively.

Table 5
Comparison of depression detection with some state-of-the-art methods on
AVEC2013 test sets. TFCAV is the our proposed Time-Frequency Attention and
Vectorization network. ‘/’ indicates that the result is not provided.

Methods RMSE MAE

Valstar et al. [22] 14.12 10.35
Meng et al. [26] 11.19 9.14

Quatieri et al. [44] 8.50 6.52
Cummins et al. [8] 8.16 /

He et al. [15] 10.00 8.20
Niu et. al. [11] 9.79 7.48
TFCAV (Ours) 8.32 6.26
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4.5.2. The role of the time-frequency channel vectorization block
In order to obtain the vectorization representation of the tensor

with time-frequency attributes, we propose a TFCV block. To verify
the effectiveness of this block, we compare the experimental per-
formance of the TFCV and GAP on depression detection in this sec-
tion. The experiment results are presented in the Table 4. It should
be noted that we have not done experiments to compare TFCV with
the Flatten layer. This is mainly because the tensor size of the input
TFCV block is 126� 197� 64, so the Flatten layer will generate a
very high-dimensional vector, which makes it impossible to get a
reasonable network model.

From the Table 4, we can see that there is a significant differ-
ence between the experimental results of the GAP and TFCV block.
The main reason is that GAP treats every element in the feature
map equally, so that it can not extract the detailed information
and impairs the accuracy of depression detection. On the contrary,
our proposed TFCV block can not only make the model summarize
those timestamps and frequency bands that are conducive to
depression detection, but also integrate the contents of different
channels. Therefore, the discriminative details are captured and
the accuracy of depression prediction is improved.
Table 4
Performance of depression prediction on AVEC2013 and AVEC2014 development sets
using different vectorization methods. ‘‘GAP” is the Global Average Pooling.

Vectorization methods AVEC2013 AVEC2014

RMSE MAE RMSE MAE

GAP 8.82 7.12 9.42 7.29
TFCV 8.15 6.01 8.96 7.00
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4.6. Comparisons with the state-of-the-art methods

In this section, we compare the proposed method with the pre-
vious works and the results are present in Table 5 and Table 6. On
the AVEC2013 database, the works of [22,26,44,8] all use hand-
crafted features. Other methods are based on deep neural network.
Table 6
Comparison of depression detection with some state-of-the-art methods on
AVEC2014 test sets. TFCAV is the our proposed Time-Frequency Attention and
Vectorization network.

Methods RMSE MAE

Valstar et al. [23] 12.56 10.03
Jain et al. [45] 11.51 9.74
Jan et al. [46] 10.28 8.07
He et al. [15] 9.99 8.19
Niu et. al. [11] 9.66 8.02
TFCAV (Ours) 9.25 7.49
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However, one can find that the good performance is obtained in
[44,8]. The method in [44] captures the hidden parameters in the
auto/cross-correlations of the speech signals. For the [8], the
depression score is considered ordinal, so the score is partitioned
and the relationship between features and these partitions is
explored. On the AVEC2014 database, we can observe that the
methods of using deep neural networks [15,11] are better than
those using hand-crafted features [23,45,46].

From the two tables, it is not difficult to find that our method
achieves competitive detection performance in most cases. In par-
ticular, our proposed TFCAV network obtains the best experimental
accuracy compared with other models using neural networks
[15,11]. The reason is that the proposed TFCA block can not only
highlight the timestamps and frequency bands related to depres-
sion, but also emphasize those informative channels. Furthermore,
considering the time-frequency attributes of the data, we use the
proposed TFCV block to vectorize the tensor. While, the CNN used
in [15,11] is not sufficient for extracting the time-frequency infor-
mation related to depression.

5. Conclusion and future works

Studies have shown that different timestamps and frequency
bands are not exactly the same for predicting individual depression
levels. Therefore, we propose a TFCAV network to improve the
accuracy of automatic depression detection by examining the
timestamps and frequency bands of normalized logarithm ampli-
tude spectrum. In our model, we construct the TFCA and TFCV
blocks. For the TFCA block, it includes a TFA component and an
SE component, so our model not only focus on those discriminative
timestamps and frequency bands, but also emphasizes the infor-
mative channels and supresses the less useful ones. For the TFCV
block, it vectorizes the tensor with time-frequency attributes for
improving the prediction accuracy. In the experimental phase,
we investigate the effectiveness of our network via ablation exper-
iments on AVEC2013 and AVEC2014 depression databases. On
these two datasets, our proposed method gains the competitive
performance compared with the previous works. In the future,
we will consider using self-attention mechanism to better investi-
gate the subtle temporal changes in the logarithm amplitude spec-
trum and fusing the video modality to enhance the accuracy of
depression detection.
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