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a b s t r a c t
Emotion plays a vital role in human daily life, and EEG signals are widely used in emotion recognition.
Due to individual variability, training a generic emotion recognition model across different subjects is
diﬃcult. The conventional method involves the collection of a large amount of calibration data to build
subject-speciﬁc models. Recently, developing an effective brain-computer interface with a short calibration time has become a challenge. To solve this problem, we propose a domain adaptation SPD matrix
network (daSPDnet) that can successfully capture an intrinsic emotional representation shared between
different subjects. Our method jointly exploits feature adaptation with distribution confusion and sample
adaptation with centroid alignment. We compute the SPD matrix based on the covariance as a feature
and make a novel attempt to combine prototype learning with the Riemannian metric. Extensive experiments are conducted on the DREAMER and DEAP datasets, and the results show the superiority of our
proposed method.
© 2020 Elsevier Ltd. All rights reserved.

1. Introduction
With the continuous increase in human and machine communication requirements, emotion recognition has attracted more and
more interest. Emotion recognition [1] is intended to detect and
model human emotions during human-computer interfacing. Many
signals can be used to indicate emotional states, including facial
expressions [2], vocal expressions [3] and some physiological signals [4]. Among these signals, electroencephalogram (EEG) signals
are an effective tool for reﬂecting emotional states with high temporal resolution [5].
Recently, emotion recognition based on EEG signals has been
a topic of great research. The conventional method for EEGbased emotion recognition is to collect a substantial amount of
calibration data from a new subject and then train a subjectspeciﬁc model [6,7]. However, calibration data collection is a timeconsuming task that seriously hinders the application of braincomputer interfaces (BCIs) in practice [8]. Developing an effective
BCI after a short calibration has become an important trend.
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Some researchers have attempted to explore the data from
other existing subjects to reduce the requirement for calibration
data from a new subject. Since EEG signals have individual differences, the distributions of data from different subjects greatly vary.
Therefore, directly using the data from a certain subject to expand
the training set of a new subject leads to poor performance for this
new subject. To address the above problem, one promising method
is domain adaptation (DA) [9], which can minimize the distribution
discrepancy between the source domain (source subject) and the
target domain (target subject) and thus improve the performance
for the target subject. In this study, we design a novel DA method,
which is aimed at reducing the time cost for calibration data
collection and performing well on subsequent unlabelled target
data.
In previous studies, many traditional DA methods were applied
in the BCI ﬁeld. Zheng [10] used four algorithms, transductive component analysis (TCA) [11], kernel principal component analysis
(KPCA) [12], transductive support vector machine (TSVM) [13], and
transductive parameter transfer (TPT) [14], on the EEG-based emotional SEED dataset [15] to construct a general model for a new
target subject. Additionally, Chai [16] proposed adaptive subspace
feature matching (ASFM), in which a linear transformation function was developed that matched the marginal distributions of the
source and target subspaces. These methods are relatively shallow,
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and few studies have taken advantage of deep networks to solve
the DA problem in the BCI ﬁeld.
Recently, a series of methods based on Riemannian geometry
has been dedicated to solving transfer learning problems [17–20].
In these works, the symmetric and positive deﬁnite (SPD) matrix
was computed as a feature, and the geometric properties of the
SPD matrix on the Riemannian manifold was used to solve the
DA problems. The minimum distance to mean (MDM) Riemannian classiﬁer combined with the SPD matrix has already achieved
considerable improvements in the BCI ﬁeld [21]. Recently, Zanini
[18] applied a congruence invariance transformation to recentre
all the data points on the identity matrices. Yair [19] proposed a
parallel transport on the SPD manifold, which was a mathematical
recasting of the aﬃne transformation proposed in [18]. Rodrigues
[20] not only recentred matrices but also equalized the dispersions
on each domain and rotated them around the geometric mean. The
Riemannian metric for the SPD matrix has proven to be a valid
measurement for measuring distances between samples in the BCI
ﬁeld [17].
Inspired by these Riemannian-based methods, we propose a domain adaptation SPD matrix network (daSPDnet). Our daSPDnet
can extract an intrinsic emotional representation shared between
different subjects while maintaining the SPD structure. We combine prototype learning with the Riemannian metric and design a
new prototype loss, which aims to calculate the geometric mean
of the SPD matrix set in the low-dimensional representation layer.
The geometric means can be regarded as prototypes, which can be
used not only to classify different emotional states but also to align
the semantic information from different subjects at the same time.
We attempt to imitate the geometry-aware DA algorithms in our
deep learning framework and consider the knowledge transfer at
both the feature level and sample level. At the feature level, our
method can reduce the marginal distribution divergence between
two domains in the high-layer representation space, which can be
seen as a more effective operation to replace aﬃne transformation.
At the sample level, we match the conditional distribution for each
category with the help of prototypes to achieve recentring operations similar to geometry-aware algorithms. All these components
are trained jointly and in an end-to-end manner. In summary, this
paper mainly contributes three innovations:
•

•

•

Our work is the ﬁrst attempt to use the SPD matrix as a feature
in EEG emotion recognition. Compared with Riemannian-based
methods, our model takes full advantage of deep learning to
solve the DA problem of the SPD matrix.
Our work novelly combines prototype learning with the Riemannian metric. Using the prototype loss we propose, it is easy
to calculate the geometric mean in the low-dimensional layer
of the neural network.
Our work transfers knowledge from two levels to match two
probability distributions. At the feature level, we confuse the
marginal distributions from the source and target domains. At
the sample level, we adapt the conditional distributions with
alignment of prototypes in each category.

The performance of our model is validated on two EEG-based
emotion recognition datasets: DREAMER [22] and DEAP [23]. The
results show that our method can effectively reduce the calibration
time and provide a signiﬁcant improvement in the EEG emotion DA
problem.
2. Preliminaries
To clarify the problem we will solve, we ﬁrst illustrate the notations in this section. We also provide relevant knowledge about
Riemannian geometry for SPD matrices and introduce the concepts
of some metrics and the geometric mean.

2.1. Problem formulation
There are two domains, the source (S) and the target (T ), which
can be expressed as follows:

S = {(CSi , ySi )|i ∈ {1, . . . , nS }},
T = {(CTi , yTi )|i ∈ {1, . . . , nT }}
CSi , CTi

(1)

RN×N

where
∈
are EEG samples with covariance matrices
regarded as features, and N indicates the number of electrodes.
ySi , yTi ∈ {1, . . . , K } are their labels, and K is the number of emotional state classes. nS and nT are the numbers of divided sessions
for the source and target subjects, respectively.
In our paper, S is a set of recordings acquired from a single
subject, and T is a set from another subject. Tl is composed of
labelled target samples from some calibration sessions, and Tu is
a set of unlabelled target samples to be classiﬁed in the following
sessions, where T = Tl ∪ Tu and Tl ∩ Tu = .
We assume that the label information of all of S and a part
of T (i.e., Tl ) are known. Our goal is to train a classiﬁer that uses
the given knowledge of S and Tl and to obtain good performance
on the samples from Tu . This problem is a good application of the
supervised transfer learning paradigm in the EEG emotion DA literature.
2.2. The SPD manifold and its metric
The set of SPD matrices is deﬁned as

P (n ) = {P ∈ Rn×n |PT = P, xT Px > 0, ∀x ∈ Rn }

(2)

and n × n symmetric matrices form a differentiable Riemannian
manifold. In this case, we deﬁne some foundational geometric concepts, such as geodesics and the geometric mean.
The distance between two points P1 , P2 ∈ P (n ) cannot be accurately measured by the Euclidean distance since it does not consider the inner curvature of the manifold. Here, we introduce the
geodesic distances [24] to describe the length of the unique shortest path between two points on the manifold. Two popular metrics are widely used for the geodesic distances of the SPD matrices: the aﬃne-invariant Riemannian metric (AIRM) [25] and the
log-Euclidean metric (LEM) [26,27]. The AIRM is deﬁned as
−1

−1

da (P1 , P2 ) = log(P1 2 P2 P1 2 )F

(3)

This metric is often used in some geometry-aware algorithms
to solve the DA problem [18–20,28]. However, the inverse operation in the AIRM will lead to a high computational expense; therefore, we have chosen the more convenient LEM as the metric in
our paper.
The LEM is simply deﬁned as the Frobenius distance of the logarithms

dl (P1 , P2 ) = log(P1 ) − log(P2 )F

(4)

The LEM can reduce the manifold to a vectorial space, in which
the classical Euclidean distance can be directly applied. In our paper, we take advantage of this metric to construct the deep learning framework for the SPD matrix and use it to calculate the geometric mean.
2.3. The geometric mean (the centre of mass)
We give the concept of the geometric mean [24] used to solve
the classiﬁcation problem. Let {P1 , P2 , . . . , PN } be a set of SPD matrices,

G ({P}Ni=1 ) = arg min
P∈P (n )

N

i=1

δ 2 ( Pi , P )

(5)
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Fig. 1. Architecture of daSPDnet. During forward propagation, source data Cs and target data Ct are fed into the weight-shared feature extractor G to obtain the lowdimensional representation, from which the source prototypes Ps and the target prototypes Pt are calculated as classiﬁers. Both source and target representations are used
to reduce the marginal distribution discrepancy via adversarial training implemented by the gradient reverse and domain discriminator D. In addition, the conditional
distributions from different domains are matched via prototype alignment.

where δ 2 (Pi , P) is the Riemannian distance between Pi and P.
G ( {P}N
) can appropriately describe the central tendency (exi=1
pected value) for the variance [29]. One useful classiﬁer for the
SPD matrix based on this property is MDM [30]. The training process of this classiﬁer involves calculating the geometric means 
P (k )
for each class k = {1, . . . , K } in the training set. Then, a new testing
sample Pi belongs to the class with the closest geometric mean,
i.e.,


k = arg min δ 2 (Pi , 
P(k ))
k∈{1,...,K }

(6)

Many studies have attempted to ﬁnd solutions to the value of
the geometric mean [31,32]. In our paper, we novelly combine prototype learning [33–35] with Riemannian geometry and try to use
mini-batch stochastic gradient descent (SGD) to solve the geometric mean in the deep learning network.
3. Methods
In this section, we ﬁrst describe the process of calculating the
covariance matrix as the input of our proposed network, and then,
we use the SPD matrix network as our feature extractor. We also
introduce three losses: prototype loss for classiﬁcation, adversarial loss and centroid alignment loss for DA. The structure of our
method is shown in Fig. 1.
3.1. Covariance matrix
Raw EEG signals are captured by a BCI headset with multiple
electrodes and recorded as a multivariate time series. After preprocessing, data segments R ∈ RN×T are acquired via the interception
of these signals through a sliding window, where N indicates the
number of electrodes and T indicates the number of points in the
time window. Then, we calculate the spatial covariance matrices
C ∈ RN×N as features, which are deﬁned as

C=

1
RRT
T −1

(7)

These types of features can simply be extracted from the preprocessed signals, which highlight the connectivity information of

EEG signals between different channels. Since these matrices are
computed from data by averaging over time, they are also robust
to noise [19].
3.2. SPD Matrix network (SPDnet)
The SPD matrix network (SPDnet) [36] is analogous to the
widely used convolutional network (ConvNet), which can retain
the intrinsic geometry information of the SPD matrix. The network consists of three types of layers. The bilinear mapping
(BiMap) layer is designed to transform the input SPD matrix into
a new SPD matrix with a bilinear mapping. It is a fully connected
convolution-like layer. The eigenvalue rectiﬁcation (ReEig) layer
is a rectiﬁed linear unit (ReLU)-like layer. Similar to the ReLU layer
in a traditional neural network, the ReEig layer can rectify the resulting SPD matrix through a non-linear function. As described in
the previous section, the log eigenvalue (LogEig) layer endows elements in Riemannian manifolds with a Lie group structure so that
the matrix can be ﬂattened [25]. Let Xk−1 be the input SPD matrix
and Xk be the output. The k-th BiMap layer fbk , the k-th ReEig layer
frk , and the LogEig layer flk can be deﬁned, respectively, as follows:

Xk = fbk (Xk−1 ; Wk ) = Wk Xk−1 WTk

(8)

Xk = frk (Xk−1 ) = Uk−1 max( I, k−1 )UTk−1

(9)

Xk = flk (Xk−1 ) = log(Xk−1 ) = Uk−1 log(k−1 )UTk−1

(10)

where Uk−1 and k−1 are provided by eigenvalue decomposition
(EIG) and  is a rectiﬁcation threshold. The max operation is performed element-wise. Moreover, log(k−1 ) is the diagonal matrix
of eigenvalue logarithms.
3.3. Prototype loss
The prototype learning network [33] learns a low-dimensional
representation through an embedding function fϕ ( · ) with learnable parameters ϕ . The prototypes can be regarded as the geomet-
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ric means of each class in the embedding space. We use the Riemannian distance δ 2 ( · , · ) to measure the similarity between the
samples and the prototypes. From the perspective of probability, a
sample (C, y) that is close to the prototype 
P(k ) is represented as

Algorithm 1 Learning algorithm for our daSPDnet.

p( C ∈ 
P(k )|C ) ∝ −δ 2 ( fϕ (C ), 
P(k ))

target domain label set DT = {1}
Ensure: model parameters ϕ ,
source prototypes 
PS , target prototypes 
PT
Initialization: 
PS = 0, 
PT = 0
model parameters ϕ , learning rate α
Use mini-batch N update ϕ by the Adam optimizer
repeat
Update the parameters of SPDnet:
∂ L (T )
Lce (S )
ϕSPD ← ϕSPD − α ( ∂∂ϕ
+ ∂ϕce l );

(11)

Based on softmax, the probability of p(C ∈ 
P(k )|C ) can be further deﬁned as

e
p( C ∈ 
P ( k ) | C ) = K

−γ δ 2 ( fϕ (C ),
P(k ))

i=1


2
e−γ δ ( fϕ (C ),P(i ))

(12)

where we choose the LEM (seen in (4)) to compute δ 2 ( · , · ), and γ
is a hyper-parameter that controls the hardness of the probability
assignment. Here, we set γ = 1. In addition, the cross entropy loss
under our setting is



M
target dataset Tl = (CTi , yTi )
,
i=1
source domain label set DS = {0},

SPD

3.4. DA Loss
In this paper, we resort to both adversarial loss and alignment
loss based on prototype learning to achieve DA.
Adversarial loss has been widely used in DA [37], which is usually based on a generative adversarial network (GAN) [38]. The
concrete operation is to add one discriminator to the embedding
space to determine whether the sample comes from the source or
target domain, while the feature extractor is learned to fool the
discriminator. The formal expression is

Ladv (S, Tl ) = EC∼DS [log(1 − D ◦ G(C ))]
+ EC∼DT [log(D ◦ G(C ))]
l

(14)

where D is the domain classiﬁer, and G is the feature extractor.
When the features from the feature extractor become domain invariant, this process reaches an equilibrium.
Centroid alignment loss is an intuitive idea of semantic information transfer. We directly close the distance between prototypes
of the same category from different domains [39]. This loss can
match the conditional distribution for each category. We still measure the distance by the Riemannian metric.

Lca (S, Tl ) = kK=1 δ 2 (
PS ( k ), 
PTl (k ))

i=1

,

SPD

∂ PS

∂ PS

∂ PT

∂ PT

∂ L (T )
∂ L (S,T )

PT ← 
PT − α ( ce l + ca l );

(13)

From Eqs. (11)–(13), we can see that minimizing the loss function means reducing the distance between the samples with the
prototypes. We can also see that learning the prototypes of each
class is equivalent to learning the geometric means of the classes,
as deﬁned in Eq. (5).

N

Update the prototypes of the source and target domains:
∂ L (S,T )

PS ← 
PS − α ( ∂ Lce(S ) + ca l ),



e−δ ( fϕ (C ),P(k ))
Lce ((C, y ); ϕ ) = −log( K
)
−δ 2 ( fϕ (C ),
P(i ))
i=1 e
2



Require: source dataset S = (CSi , ySi )

Update the parameters of the domain classiﬁer:
ϕdomain ← ϕdomain + α ∂ L∂ϕadv (S,Tl ) ;
domain

If the model has been trained for m iterations, then α ← 0.1 ×
α.
until convergence

prototype learning loss while maximizing the domain discriminator loss. To show the optimization details, Algorithm 1 outlines the
entire learning algorithm of daSPDnet.


k = arg min gk (C )
k∈{1,...,K }

gk (C ) = min

j∈{1,2}

δ 2 ( f ϕ ( C ), 
P j (k ))

(17)

Inference Given a test sample C, we obtain the lower representation on a new SPD manifold fϕ (C). Then, we compute the distance
between the new representation and the learned prototype 
P, and
the prediction procedures can be deﬁned as follows:


k = arg min δ 2 ( fϕ (C ), 
P(k )),
k∈{1,...,K }

(18)

where 
k is the predicted category. When using the basic model
for simple classiﬁcation, we can directly obtain the results according to Eq. (18). Regarding the DA problem, we combine prototypes learned from the source domain and the target domain, i.e.,


P j (k ) = 
PS 
PTl , where j ∈ {1, 2} represents the domain index. The
formula is improved as follows:


k = arg min gk (C )

(15)

k∈{1,...,K }

where K is the number of emotion state classes, 
PS (k ) and 
PT l ( k )
are prototypes for class k in feature space.

gk (C ) = min

3.5. Optimization

3.6. Source selection strategy

Training procedure In our framework, the source (S) set and the
target (T ) set share the basic feature extractor; they are used to
learn the prototypes for each domain. Combined with the above
loss functions, the ﬁnal objective function is deﬁned as

The distributions of different domains greatly vary, and the
sources that are more related to the target may lead to a better performance. In EEG emotion recognition ﬁelds, the number of
sources is relatively large, and the diversity among subjects is also
large. Selecting more appropriate sources before transfer is necessary.
To clearly clarify our strategy, we ﬁrst simplify our method for
subject-dependent emotion recognition, which is called prototypebased SPDnet (pSPDnet), as shown in Fig. 2. Let the training set be
{(Ci , yi )}Ni=1 , and the objective function is as follows:

min L = Lce (S ∪ Tl )

ϕ ,
PS ,
PTl

+ λ1 Ladv (S, Tl ) + λ2 Lac (S, Tl )

(16)

where λ1 and λ2 are the hyper-parameters that aim to balance
these loss function terms. Note that the parameters of the feature
extractor (i.e., ϕ in fϕ ( · )) will take the reverse direction of the gradients during back-propagation so that our model minimizes the

j∈{1,2}

δ 2 ( f ϕ ( C ), 
P j (k ))

min L = Lce ((Ci , yi ))
ϕ ,
P

(19)

(20)
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Fig. 2. Architecture of our basic prototype SPDnet (pSPDnet). pSPD is a subject-dependent method, and the samples C that come from one subject are fed into the network
to learn the prototypes P as the classiﬁer.

The ﬁrst step of our source selection strategy takes advantage
of the existing multi-source to train N basic pSPD models. When
there comes a new subject as the target domain, we collect a small
amount of labelled calibration data. We enumerate the N classiﬁers
to classify the labelled target samples and rank these sources in
the order of accuracy from high to low. Then, we locate the top K
classiﬁers and regard these K training datasets as the appropriate
sources. The selected source samples and the labelled target samples co-train K daSPD models, and the results of these K daSPD
models are integrated to obtain the ﬁnal prediction of the following test samples.
4. Experiments and results
4.1. Categorization of emotion
Because of the subjectivity and uncertainty of emotion, labelling
the categories of emotion in emotion recognition is a special problem. The most common model used in the categorization of emotion is the circumplex model of affect, which maps emotions into
the valence and arousal dimensions [40]. A third dimension, dominance [41], is usually used in combination with these two dimensions to form the valence arousal and dominance (VAD) emotional
model. Valence goes from very positive feelings to very negative;
arousal goes from states such as sleepy to excited; and ﬁnally,
dominance corresponds to the strength of the emotion. These three
assessments are independent and separately used to evaluate emotions in our paper.
4.2. Datasets
Here, we brieﬂy introduce the experimental settings, data
preprocessing and feature extraction for two benchmark emotion recognition datasets, the DREAMER dataset1 and the DEAP
dataset.2
DREAMER dataset [22]: Eighteen ﬁlm clips were chosen to
evoke emotions, and the length of the ﬁlm clips ranged from
65 to 393 s. Twenty-three volunteers were asked to watch these
ﬁlms. EEG data were recorded by an Emotiv EPOC at a sampling
rate of 128 Hz with 14 channels. After watching a ﬁlm clip, selfassessment manikins (SAMs) were used to obtain each subject’s
assessments of arousal, valence and dominance. The evaluations of
each index had a scale from 1 to 5.
The EEG data were recorded at a sampling rate of 128 Hz, without down-sampling. Then, the data were common average referenced. A band-pass frequency ﬁlter from 4 to 30 Hz was applied
to remove most ocular artefacts and muscle movement-produced
artefacts.
We regarded a score of 1–2 as ‘low’ and a score of 4–5 as
‘high’. According to this criterion, there were three kinds of dif-

ferent binary classiﬁcations: low/high arousal, low/high valence
and low/high dominance. To ensure that the target emotions were
evoked, only data during the last 60 s of each trial were used for
further analysis. The 60-s EEG signals were segmented by a sliding
window of 2 s with an overlap of 1 s. Thus, we obtained 59 samples in one session. For each sample, the covariance matrix was
calculated as a feature, the size of which was 14∗ 14.
DEAP dataset [23]: The stimuli were 120 one-minute music
videos. Thirty-two subjects were asked to watch 40 of these music
videos. The EEG data were recorded at a sampling rate of 512 Hz
using 32 electrodes. After each trial, valence, arousal and dominance were rated directly on a continuous 9-point scale by each
subject.
The EEG data were common average referenced and downsampled to 128 Hz. The electrooculography (EOG) signal was
recorded in the experiment and later used to identify blink artefacts in the EEG data. To further ﬁlter the noise and remove the
artefacts, the signals were then processed with a band-pass ﬁlter
between 4 Hz and 45 Hz.
We regarded a score of 1–4 as ‘low’ and a score of 6–9 as ‘high’.
According to this criterion, we considered three kinds of different binary classiﬁcations: low/high arousal, low/high valence and
low/high dominance. The data were segmented into 60-s trials, and
a 3-s pretrial baseline was removed. We used a sliding window of
2 s with an overlap of 1 s. We obtained 59 samples in one session,
and the feature of each sample was a 32∗ 32 SPD matrix.
4.3. Source selection
To locate the number of sources we selected, we conducted
large-scale experiments on the two datasets, as shown in Fig. 3.
We used all the sessions from source subjects and 4 sessions from
the target subjects (two high and two low) to train multiple models. The remaining sessions of the target subject were predicted
based on the voting by these models.
As the source number grew from 1 to 7, the results ﬂuctuated
sharply for the three assessments on each dataset. When the number of sources continued to increase, the resulting curve gradually
ﬂattened. To balance the computational burden and the classiﬁcation performance, we used 7 sources in the following experiments.
In addition, we also applied our source selection strategy to the
compared methods based on other common classiﬁers.
4.4. Compared methods and parameter settings
SVM is the most common method implemented for EEG emotion recognition, and three traditional methods based on the SVM
classiﬁer were selected as baseline methods for comparison experiments. Here, we used a linear SVM and let C = 1.0.
•

1
2

Data are available at https://zenodo.org/record/546113#.X1GXWHkzaUk.
Data are available at http://www.eecs.qmul.ac.uk/mmv/datasets/deap/.

TCA [11]: learns some transfer components across domains using the maximum mean discrepancy; here, we set the transfer
component dimension equal to 50.
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Table 1
Mean accuracy in DA emotion recognition on the DREAMER dataset.
Method

Feature

Accuracy(%)
Valence

TCA [11]
KPCA [12]
TSVM [13]
TCA [11]
KPCA [12]
TSVM [13]
RCT [18]
PRL [19]
RPA [20]
pSPDnet (calibration)
pSPDnet (source)
Ours-daSPDnet

PSD
PSD
PSD
SPD
SPD
SPD
SPD
SPD
SPD
SPD
SPD
SPD

vector
vector
vector
matrix
matrix
matrix
matrix
matrix
matrix

59.31
62.52
60.98
56.53
61.10
57.63
62.98
60.65
61.31
50.47
64.16
67.99

±
±
±
±
±
±
±
±
±
±
±
±

Arousal
8.77
7.79
9.90
10.23
6.89
10.56
6.89
7.02
11.10
6.72∗∗∗
9.06∗∗
6.34

66.54
72.39
67.85
58.35
69.31
65.61
72.64
59.83
69.90
57.18
71.64
76.57

±
±
±
±
±
±
±
±
±
±
±
±

Dominance
10.79†
12.22
15.06
12.60
10.47
23.49
12.22
18.99
13.14
14.05∗∗∗
16.22∗∗
14.04

62.51
72.05
69.51
59.49
65.20
72.12
71.50
60.26
67.29
59.52
76.86
81.77

±
±
±
±
±
±
±
±
±
±
±
±

8.67
12.48
17.54
9.85
9.37
23.07
11.57
23.82
10.01
16.20∗∗∗
15.56∗∗∗
14.24

∗

There are signiﬁcant differences between our method and other non-transfer methods. (∗ ∗ ∗ : p < 0.001,
: p < 0.01, ∗ : p < 0.05). † There are signiﬁcant differences between the SPD vector feature and the
PSD feature in SVM-based methods. (†: p < 0.05)

∗∗

Table 2
Mean accuracy in DA emotion recognition on the DEAP dataset.
Method

Feature

Accuracy(%)
Valence

TCA [11]
KPCA [12]
TSVM [13]
TCA [11]
KPCA [12]
TSVM [13]
RCT [18]
PRL [19]
RPA [20]
pSPDnet (calibration)
pSPDnet (source)
Ours-daSPDnet

PSD
PSD
PSD
SPD
SPD
SPD
SPD
SPD
SPD
SPD
SPD
SPD

vector
vector
vector
matrix
matrix
matrix
matrix
matrix
matrix

55.32
54.89
60.98
53.15
54.11
62.53
58.88
38.57
59.30
54.52
62.53
66.47

±
±
±
±
±
±
±
±
±
±
±
±

Arousal
5.16
7.85
9.90†
9.85
10.03
14.67
5.77
15.08
6.24
11.86∗∗∗
9.05∗∗
8.75

55.05
60.18
56.59
53.49
56.68
55.38
55.82
44.61
56.53
53.11
67.19
69.79

±
±
±
±
±
±
±
±
±
±
±
±

Dominance
9.60
10.34
11.98
8.32
11.19
24.91
5.13
23.99
4.65
13.52∗∗∗
13.35∗
11.93

55.01
57.81
56.81
53.77
55.67
58.42
59.98
51.73
57.93
53.66
63.30
71.12

±
±
±
±
±
±
±
±
±
±
±
±

10.01
8.00
12.51
9.29
11.05
21.05
9.67
26.48
6.09
20.13∗∗∗
9.80∗
14.68

∗

There are signiﬁcant differences between our method and other non-transfer methods. (∗ ∗ ∗ : p < 0.001,
: p < 0.01, ∗ : p < 0.05) † There are signiﬁcant differences between the SPD vector feature and the PSD
feature in SVM-based methods. (†: p < 0.05)
∗∗

•

•

KPCA [12]: projects the original high dimensional feature space
into a low dimensional feature space using kernel methods;
here, we used a linear kernel, and the dimension was equal to
50.
TSVM [13]: learns the decision boundary in a semi-supervised
manner and weights all the training instances equally. Here,
we used the radial basis function kernel, with C = 1e−4 and
gamma = 0.5.

Three geometry-aware methods based on the MDM classiﬁer
were also implemented for comparison experiments.
•

•

•

RCT [18]: only considers the samples of each domain recentred
about one reference identity matrix.
PRL [19]: is analogous to RCT, but the reference point is
halfway along the geodesic path linking the geometric means
of each dataset.
RPA [20]: is an improvement of RCT, which not only recentres
the geometric means but also performs other geometric transformations.

For our basic pSPD-based model, we designed two comparison
methods, pSPD (calibration) and pSPD (source).
•

•

pSPD (calibration): directly uses the calibration sample training models without the help of the source domain.
pSPD (source): uses the data from the selected source domains
to classify the unlabelled samples on the target domain.

The feature extractor consists of two BiMap layers, two ReEig
layers and one LogEig layer. For DREAMER, we set the BiMap ma-

trices to 14∗ 10 and 10∗ 5. The DEAP values were 32∗ 20 and 20∗ 10.
For the daSPD model, we added a two-layer domain discriminator, and the numbers of nodes were 20 and 2. The epochs were
set to 15 and 30, and the mini-batch size was 59 for each dataset.
We used two hyper-parameters, λ1 and λ2 . λ1 is an adaptive parameter, which decreases as the iteration step increases. We conducted cross-validation on the training set to determine the hyperparameters. We selected λ2 from 10[−3:−1] . We used L2 regularization and selected the parameter in the range of 10[−3:−1] with a
step of one. The Adam optimizer with a learning rate of 0.1 was
utilized to train all of the models. We applied exponential decay
to the learning rate, which decayed every 180 steps with a base of
0.1.
4.5. Comparison of common methods
We ﬁrst compared the result with some existing methods that
have been used in EEG-based DA problems. For all the methods,
source selection was ﬁrst applied, and the training set included
all sessions from the source subjects and four sessions from the
target subjects (two high valence/arousal/dominance and two low
valence/arousal/dominance). The remaining sessions of the target
subjects were regarded as testing sets. We randomly selected three
times from all of the target sessions to obtain the mean accuracy. The results are summarized in Tables 1 and 2. The best results are emphasized in boldface, We repeated these SVM-based
methods using one widely used feature in EEG emotion recognition, the power spectral density (PSD). To apply the SPD matrix to
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Fig. 3. Mean accuracy achieved with different source numbers on (a) the DREAMER
dataset and (b) the DEAP dataset. We chose 7 as the number of sources, which is
marked by the grey dashed line.

SVM-based transfer methods directly, we extracted the upper triangular matrix of SPD and reshaped it into a vector as a feature
for TCA, KPCA and TSVM, which is named the ‘SPD vector’. On the
two benchmark datasets, there were few signiﬁcant differences between the PSD feature and SPD vector, only ‘arousal, TCA’ on the
DREAMER dataset and ‘valence, TSVM’ on the DEAP dataset, with
p < 0.05. This demonstrates that our SPD vector can achieve a similar performance on emotion recognition as the PSD feature.
On the DREAMER dataset, our method achieved a high accuracy
of 67.99% for ‘valence’, 76.57% for ‘arousal’ and 81.77% for ‘dominance’, signiﬁcantly outperforming the traditional transfer learning methods using the PSD or SPD vector (all: p < 0.05) and the
geometry-aware methods using the SPD matrix (all: p < 0.01). On
the DEAP dataset, our method also achieved the best classiﬁcation
performance, with accuracies of 66.47%, 69.79%, and 71.12%. Similarly, on the DEAP dataset, our method achieved a signiﬁcant improvement compared with these two kinds of methods on emotion
classiﬁcation (all traditional methods: p < 0.05, all geometry-aware
methods: p < 0.001).
Moreover, we compared our daSPDnet with its basic network
pSPDnet using two non-transfer methods. For the pSPDnet (calibration) method, our daSPDnet achieved signiﬁcantly higher values on the DREAMER dataset, with increases of 17.52%, 19.39%
and 22.25% (all: p < 0.001). On the DEAP dataset, our daSPDnet
achieved signiﬁcantly higher classiﬁcation accuracies, with increases of 11.95%, 16.68% and 17.46% (all: p < 0.001). For pSPDnet
(source), our daSPDnet achieved 3.83% (p < 0.01), 4.93% (p < 0.01)
and 4.91% (p < 0.001) higher values than the simple integration of
pSPDnet for the three assessments on the DREAMER dataset. On
the DEAP dataset, our daSPDnet also achieved 3.94% (p < 0.01),

Fig. 4. Performance comparison for different calibration data quantities on (a) the
DREAMER dataset and (b) the DEAP dataset. Here, we calculated the t-test between
2.0 and other conditions. We carried out the signiﬁcance test between 2.0 and other
sessions. (∗ :‘valence’; †: ‘arousal’; §: ‘dominance’).

2.60% (p < 0.05) and 7.82% (p < 0.05) higher values. The results
show that our method can effectively outperform the simple integration from selected sources and the subject-dependent model
using a small number of calibration sessions.
4.6. Comparison of calibration data quantities
To investigate the effect of the calibration data (labelled target
samples) quantity, different numbers of calibration samples were
selected to train our model. For the DREAMER dataset, the number
of test sessions was 3, and for the DEAP dataset, it was 12. Here,
0.5, 1.0, 1.5, 2.0, 2.5, and 3.0 sessions for each category were selected as the target domain, and 0.5 indicates that the ﬁrst half of
the sessions were used for training.
Fig. 4 shows that the accuracy becomes high with increasing
number of calibration sessions. A one-way analysis of variance
(ANOVA) shows that the number of calibration sessions has a signiﬁcant inﬂuence on the classiﬁcation performance of daSPDnet on
the DREAMER dataset (for ‘valence’, χ 2 (5 ) = 15.462, p < 0.01; for
‘arousal’, χ 2 (5 ) = 24.563, p < 0.001; and for ‘dominance’, χ 2 (5 ) =
13.875, p < 0.05) and the DEAP dataset (for ‘valence’, χ 2 (5 ) =
12.047, p < 0.05; for ‘arousal’, χ 2 (5 ) = 30.385, p < 0.001; and for
‘dominance’, χ 2 (5 ) = 29.108, p < 0.001).
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Table 3
Mean accuracy for the ablation study on the DREAMER dataset.
Method

Only adversarial loss
Only centroid alignment loss
Ours-daSPDnet
∗

Accuracy(%)
Valence

Arousal

Dominance

65.16 ± 5.01∗∗∗
65.25 ± 4.93∗∗∗
67.99 ± 6.34

74.12 ± 14.96∗∗∗
74.83 ± 14.87∗∗∗
76.57 ± 14.04

78.93 ± 14.70∗∗∗
79.02 ± 15.98∗∗∗
81.77 ± 14.24

There are signiﬁcant differences between our method and ablated methods. (∗ ∗ ∗ : p < 0.001,
: p < 0.01, ∗ : p < 0.05)

∗∗

Table 4
Mean accuracy for the ablation study on the DEAP dataset.
Method

Only adversarial loss
Only centroid alignment loss
Ours-daSPDnet

Accuracy(%)
Valence

Arousal

Dominance

65.84 ± 8.43
64.80 ± 7.88∗∗
66.47 ± 8.75

69.60 ± 12.13
68.62 ± 11.92∗∗
69.79 ± 11.93

70.93 ± 15.22
70.81 ± 15.27
71.11 ± 14.68

∗
There are signiﬁcant differences between our method and ablated methods. (∗ ∗ ∗ :
p < 0.001, ∗ ∗ : p < 0.01, ∗ : p < 0.05)

On the DREAMER dataset, from 0.5 to 2.0 sessions for each category, the results gradually increased (p < 0.05) and stabilized (not
signiﬁcant) from 2.0 for ‘valence’. The t-test analysis showed the
signiﬁcance of these classiﬁcation results for ‘valence’: 2.0 vs. 0.5,
p < 0.05; 2.0 vs. 1.0, p < 0.05; and 2.0 vs. 1.5, p < 0.05. On DEAP
for the three assessments, the classiﬁcation results of 2.0 sessions
for each category were signiﬁcantly higher than those with fewer
sessions. (For all: 2.0 vs. 0.5, p < 0.01; 2.0 vs. 1.0, p < 0.01; and
2.0 vs. 1.5, p < 0.05.) In addition, no signiﬁcant difference was observed between using 2.0 sessions and more sessions. To balance
the calibration time and the average accuracy, we chose 4 sessions
(2.0 sessions for each category) as the calibration sessions.

4.8. Comparison of EEG features
The SPD matrix based on the covariance was calculated as a
feature for our proposed method. The correlation and coherence
are also in the form of SPD matrices, which were also used in our
model. The correlation is similar to the covariance, which is normalized to the range of (0,1). The coherence has generally been
assessed based on the similarity of the frequency content across
EEG sensors.
First, the SPD matrix based on the covariance shows better performance than any other SPD features on these two datasets, as
shown in Tables 5 and 6. The best results are emphasized in boldface. Our covariance feature achieved signiﬁcantly higher classiﬁcation than the coherence of certain bands on the DREAMER dataset
for ‘arousal’ (θ : p < 0.05, α : p < 0.01, β : p < 0.01) and ‘dominance’ (θ : p < 0.01, α : p < 0.01, β : p < 0.01). On the DEAP dataset,
our covariance showed signiﬁcant superiority over the coherence
of certain bands on the DEAP dataset for ‘valence’ (θ : p < 0.001,
α : p < 0.001), ‘arousal’ (θ : p < 0.01, α : p < 0.01, β : p < 0.01)
and ‘dominance’ (θ : p < 0.01, α : p < 0.01, β : p < 0.05). Our
covariance feature also exceeded the coherence of all the bands
on the DREAMER dataset for ‘arousal’ (p < 0.05) and ‘dominance’
(p < 0.05) and on the DEAP dataset for the three assessments (all:
p < 0.05). Compared to the correlation, the covariance showed
signiﬁcant improvements on the DREAMER dataset for ‘arousal’
(p < 0.01) and ‘dominance’ (p < 0.05) and on the DEAP dataset
for ‘valence’ (p < 0.05). We conclude that the SPD matrix based
on the covariance feature can capture some important information
about EEG DA emotion recognition.

4.7. Ablation study
We conducted ablation studies to evaluate the effects of our
two main components in our framework on the classiﬁcation performance. For each experiment, we only maintain one loss to solve
the DA problem.
Tables 3 and 4 show the results on the two datasets. The best
results are emphasized in boldface. The adversarial loss can signiﬁcantly improve the classiﬁcation performance for the three assessments on the DREAMER dataset. (all: p < 0.001) On the DEAP
dataset, this loss also showed signiﬁcant improvement for ‘valence’
(p < 0.01) and ‘arousal’ (p < 0.01). The centroid alignment loss
had a signiﬁcant impact on the classiﬁcation performance on the
DREAMER dataset for the three assessments (all: p < 0.001), and
the loss only increased the accuracy, but not signiﬁcantly, for all
three assessments on the DEAP dataset. Above all, our method
combining the two DA constraints obtained the best accuracy on
both datasets.

Table 5
Mean accuracy for different SPD features on the DREAMER dataset.
Method

Accuracy(%)
Valence

Coherence on θ (4–8 Hz)
Coherence on α (8–13 Hz)
Coherence on β (13–30 Hz)
Coherence on all
Correlation
Ours-Covariance
∗

66.97
67.75
67.40
67.35
67.42
67.99

±
±
±
±
±
±

Arousal
5.31
6.81
6.03
6.28
5.37
6.34

73.56
74.38
73.96
73.39
74.96
76.57

±
±
±
±
±
±

Dominance
16.88∗
16.82∗
16.37∗∗
17.79∗
15.65∗∗
14.04

78.97
79.34
78.74
79.02
80.80
81.77

±
±
±
±
±
±

17.02∗∗
16.57∗∗
17.29∗∗
16.05∗
15.03∗
14.24

There are signiﬁcant differences between our covariance features and other SPD features.
(∗ ∗ ∗ : p < 0.001, ∗ ∗ : p < 0.01, ∗ : p < 0.05)
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Table 6
Mean accuracy for different SPD features on the DEAP dataset.
Method

Accuracy(%)
Valence

Coherence on θ (4–8 Hz)
Coherence on α (8–13 Hz)
Coherence on β (13–30 Hz)
Coherence on all
Correlation
Ours-Covariance

61.09
61.69
65.04
63.46
65.57
66.47

±
±
±
±
±
±

Arousal
9.10∗∗∗
9.82∗∗∗
9.09
8.95∗∗
8.67∗
8.75

66.70
67.26
67.40
66.72
69.17
69.79

±
±
±
±
±
±

Dominance
13.96∗∗
12.70∗∗
13.30∗∗
11.47∗
11.22
11.93

67.02
67.49
68.76
67.93
70.68
71.11

±
±
±
±
±
±

17.08∗∗
17.44∗∗
15.75∗
15.43∗
15.40
14.68

∗
There are signiﬁcant differences between our covariance features and other SPD features.
(∗ ∗ ∗ : p < 0.001, ∗ ∗ : p < 0.01, ∗ : p < 0.05)

Fig. 5. Example of our model’s hierarchical visualization for the (a) SPD space, (b) output of the ﬁrst ReEig layer (c) output of the second ReEig layer and (d) feature space.
The dots and crosses represent labelled source samples and unlabelled target samples, respectively. The blue and red represent high and low emotion states. (Please see the
electronic version for a better look.) (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

4.9. Visualization
T-distributed stochastic neighbour embedding (t-SNE) is a technique for dimensionality reduction, which is particularly suited for
the visualization of high-dimensional datasets. In this paper, we
used t-SNE as the dimensionality reduction approach. For simplicity, we randomly chose one target subject and its one source in
the DREAMER dataset for visualization. Here, we only show its
“arousal” results in Fig. 5.

We ﬁrst drew the raw SPD matrices in the original input space
(Fig. 5(a)); the source samples and target samples were far from
each other, and the high and low arousal states were not easy
to separate. After a BiMap computation followed by a ReEig layer
(Fig. 5(b)), the separation between samples from the source and
target domains was no longer as evident. However, all the samples
were combined, and it was still diﬃcult to distinguish the categories. Then, the features went through another BiMap layer and
ReEig layer (Fig. 5(c)); the distributions of the source and target
domains were closer to each other, and the representations be-
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longing to different categories were more linearly separable. We
also visualized the ﬁnal feature space after the LogEig operation,
as shown in Fig. 5(d), and we observed that the source and target
distributions became much more similar and that the unlabelled
target domain (represented by crosses) could be linearly separated.
From the point of view of classiﬁcation, our method obtained an
accuracy of 82.67% for this subject.
In summary, beneﬁting from the extractor, the target and
source distributions were confused using our constraint, which implies that the source samples will provide good assistance for inferring labels of the target samples via our daSPDnet.

5. Discussion
In this paper, we develop a domain adaptation SPD matrix network to reduce the calibration time by using data from different
subjects. The experimental results offer some inspiration for further research.
(1) Our model is appropriate for features in the form of SPD
matrices, and the covariance matrix is calculated as features. Our model outperforms a series of SVM-based transfer learning methods using the PSD feature, which is one
of the most commonly used features in EEG-based emotion recognition. One reason may be that the covariance
matrix not only includes information from a single channel
but also highlights the relationship information from each
channel pair. Our feature can also be successfully applied to
some EEG-based DA studies. It can be demonstrated that our
model using covariance matrices can identify a more effective emotional representation across subjects. We can also
infer that the connectivity of EEG signals between different channels has underlying inter-subject consistency for the
same emotional state.
(2) The number of the source domain is an important factor in
the EEG DA problem. Using data from all subjects as sources
may not improve the accuracy and also bring computational
burden. Hence, we exploited a source selection strategy to
determine 7 sources rather than using data from all subjects
as sources for knowledge transfer on the present datasets.
Based on our source selection strategy, when we add a
new source subject on the present two datasets, if the new
source data is selected into the ﬁrst 7 sources, it demonstrates that the data distribution of the new subject is closer
to that of the target subject. Thus, adding the new subject
will improve the performance. Contrarily, if the data distribution of the new source subject is not closer to the target
subject, it will not be selected into the ﬁrst 7 sources. This
case will not affect the performance. Therefore, our source
selection strategy can avoid performance degradation when
the number of subjects increases.
(3) We used the source selection strategy to determine 7
sources for subsequent experiments. Here, we adjusted the
quantity of labelled data for the target subjects using 2
sessions (one low valence/arousal/dominance and one high
valence/arousal/dominance) to further discuss multi-source
DA. With increasing number of source subjects, as shown in
Fig. 6, for the three kinds of assessments on the DREAMER
dataset and the ‘valence’ and ‘dominance’ assessments on
the DEAP dataset, the accuracies showed a stable trend after
the rising ﬂuctuations. However, for the ‘arousal’ assessment
on the DEAP dataset, there was a small decrease after the
20th subject. This phenomenon may be due to the negative
transfer of subsequent subjects. It also reﬂects the necessity
of our source selection strategy.

Fig. 6. Mean accuracy achieved with different source numbers on (a) the DREAMER
dataset and (b) the DEAP dataset. Here, we chose 2 sessions (one low, one high)
from the target subject.

(4) To determine how much the data were reduced, we exploited different numbers of sessions to train subjectdependent SVM classiﬁers, as shown in Fig. 7. On the
DREAMER dataset, our method signiﬁcantly (p < 0.05) outperformed the SVM using 3 calibration sessions in each category, achieving a 4.43% higher value for ‘valence’, 3.52%
higher for ‘arousal’, and 5.65% higher for ‘dominance’. On the
DEAP dataset, our method showed a signiﬁcant (p < 0.05)
advantage over 20 calibration session trained SVMs. The accuracies were higher by 3.01%, 5.29%, and 4.43%. According
to these results, when using 2 calibration sessions for each
category and approximately 14 test sessions, our methods
performed as well as the conventional method, which used
8 calibration sessions and approximately 10 test sessions on
the DREAMER dataset. On the DEAP dataset, we used 2 calibration sessions for each category and approximately 36 test
sessions, which led to a better performance than the SVM
using 20 calibration sessions and approximately 20 test sessions. Our model saves at least 4 calibration sessions on
the DREAMER dataset and at least 16 sessions on the DEAP
dataset.
(5) We compared our method with a common subjectindependent method, “leave-one-subject-out” (LOSO), based
on our basic network pSPDnet. On the DREAMER dataset,
our method achieved signiﬁcantly higher accuracies than
LOSO by 11.35%, 16.23% and 13.45% for the three assessments (all: p < 0.001). On the DEAP dataset, our method
also achieved signiﬁcantly higher classiﬁcation performances
than LOSO by 10.73%, 11.49% and 14.56% for the three assessments (all p < 0.001). This indicates that our daSPDnet can
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