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A B S T R A C T   

Situation awareness (SA) has received much attention in recent years because of its importance for operators of 
dynamic systems. Electroencephalography (EEG) can be used to measure mental states of operators related to SA. 
However, cross-subject EEG-based SA recognition is a critical challenge, as data distributions of different subjects 
vary significantly. Subject variability is considered as a domain shift problem. Several attempts have been made 
to find domain-invariant features among subjects, where subject-specific information is neglected. In this work, 
we propose a simple but efficient subject matching framework by finding a connection between a target (test) 
subject and source (training) subjects. Specifically, the framework includes two stages: (1) we train the model 
with multi-source domain alignment layers to collect source domain statistics. (2) During testing, a distance is 
computed to perform subject matching in the latent representation space. We use a reciprocal exponential 
function as a similarity measure to dynamically select similar source subjects. Experiment results show that our 
framework achieves a state-of-the-art accuracy 74.32% for the Taiwan driving dataset.   

1. Introduction 

Endsley [1] defined Situation Awareness (SA) as “the perception of 
the elements in the environment within a volume of time and space, the 
comprehension of their meaning, and the projection of their status in the 
near future”. In recent years, not only dynamic system design requires 
measurement of SA [2], but also SA is indispensable to evaluating and 
training the operators in dynamic systems [3]. Therefore, SA has 
received increasing attention in recent years. Researchers are concerned 
about how to measure SA efficiently and precisely in practice. Different 
from conventional evaluation methods, such as SAGAT, SPAM, etc. [4], 
electroencephalography (EEG) is one of the most commonly used signals 
to record brain activities [5]. Moreover, EEG has become one of the most 
favored ways to assess SA, due to its non-intrusiveness and objectivity. 
Recently, researchers adopted machine learning algorithms to perform 
recognition based on EEG [6–8] (or based on facial expression [9–12]). 
However, EEG-based SA recognition is restricted by the subject vari
ability problem, which also occurs commonly in the related fields of 
workload [13] and motor imaginary [14] recognition. 

A solution to the subject variability problem is to find subject- 
invariant features. Like previous works [15,16], we also treat this 

problem as a “domain shift” problem which was first proposed in image 
processing [17]: each subject constitutes a domain himself and EEG data 
distribute differently across different domains. The “domain shift” 
problem in EEG can be attributed mainly to four reasons: a) Individual 
differences in human brain functional and anatomical connections [18], 
b) misregistration during data collection from different skull shapes 
across subjects, c) changes of environment and sensor states in different 
experiment sessions and days, and d) variations in subjects’ other mental 
states, emotional conditions, and task-irrelevant brain activity distur
bances [19]. 

Up to now, in EEG processing, state-of-the-art approaches dealing 
with the “domain shift” problem mainly employ unsupervised domain 
adaptation [20], a transfer leaning technique that transfers knowledge 
from the source domain to the target domain. Domain adaptation 
techniques have made great progress in image processing [21–23] and 
have been applied in EEG processing, for example, Transferable 
Component Analysis (TCA) [24] and Maximum Independence Domain 
Adaptation (MIDA) [25]. Domain adaptation exploits the labeled source 
domain data and unlabeled target domain data to perform feature 
alignment. However, target subjects are usually unknown during 
training. Domain generalization (DG), another popular branch of 
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transfer learning, is more suitable when dealing with unknown domains. 
Traditional machine learning assumes that training and testing data are 
identically and independently distributed (i.i.d.). However, this 
assumption may not hold in applications like multi-subject EEG. Domain 
generalization (DG) aims at generalizing from source domains to unseen 
target domains with different data distributions from the source do
mains. In computer vision, various domain generalization frameworks 
are designed to generalize from source domains to target domains 
[26–28]. 

In EEG processing, most of the previous works using transfer learning 
considers training data from different subjects a whole source domain 
and considers the test subject data the target domain. In deep learning, 
batch normalization (BN) layer [29] uses statistics of training data to 
normalize test data. However, if we combine the different subjects’ data 

with different distributions as a whole training set, the obtained statis
tics will not precisely represent any subject. This combination could lead 
to the potential risk of not obtaining desired compatible features. 
Therefore, we consider the problem in an opposite direction: leveraging 
on the subject-specific information. Wei et al. [30] and Wang et al. [31] 
exploited the small part of test subject data with label information to 
select source subjects for training. However, in practice, the test subject 
is totally unknown during training. [32] did not use label information 
and transformed the resting-state of the EEG signals into a frequency 
domain. The power spectral density (PSD) features were computed. The 
authors then computed the similarity by applying the cosine distance on 
the obtained features. However, extracting and selecting proper features 
for various tasks are complicated and time-consuming. In our work, we 
exploit domain-specific batch normalization (DSBN). DSBN uses specific 

Fig. 1. Multi-source EEGNET architecture. (a) and (b) illustrates the replacement of the original BN layer by a multi-source domain alignment (mDA) layer (in the 
dashed boxes). 
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batch normalization statistics for each known domain to independently 
align source and target distributions, which was first introduced in 
image processing [33,34]. Multi-source DSBN has recently been 
exploited in domain adaptation [35] and domain generalization 
[36,37]. In domain generalization, the relationship between BN and 
instance normalization (IN) statistics is exploited. When performing 
domain adaptation between domains with different styles, BN and IN are 
combined into a new normalization parameter or used to map the source 
and target domains in a shared latent space. In our work, we find that BN 
can effectively reduce subject variability. 

We propose a simple but efficient subject matching framework which 
exploits subject-specific statistics and selects the similar subjects’ 
network outputs dynamically and adaptively. Specifically, we replace 
the BN layer with a multi-source domain alignment layer and the 
remaining network shares the weights. During training, the domain- 
specific BN statistics (BNS) of source domains are extracted and 
stored. During testing, same BN statistics of the target domain is 
computed. Then, a reciprocal exponential function is applied to the 
distance between BNS of both domains to obtain the similarity. Finally, 
we use the similarity to weight the output from each source domain to 
obtain the recognition result of the target domain. The contributions of 
our work are summarized as follows:  

• We propose a novel subject matching framework that automatically 
match the test subject to the most similar training subjects.  

• We find that BN statistics is reliable to reduce subject-variability and 
remove incompatible information of different subjects.  

• We use a reciprocal exponential function to select similar training 
subjects during testing. 

2. Materials and methods 

2.1. Problem formulation and notation 

Let X be the input space (e.g., EEG signals) and Y the output space 
(e.g., EEG signal categories) of our learning task. In domain general
ization, we have M source domains: S = {si}

M
i=1 that are identified via 

probability distributions psi
xy = p(y|x,si), defined over X × Y , while the 

target domain is unknown. During training, we are provided with each 
source domain dataset si = {(x

si
1 , y

si
1 ), ..., (x

si
m, ysi

m)} of i.i.d. observations 
from psi

xy. We leverage multiple source domains to learn a mapping (X ,

S )→Y that can generalize to the target domain. 
Our main goal is to align the distributions of the target domain to 

source domains, i.e., correctly classifying the EEG signals in the target 
domain. When testing, the target dataset T = {x t

1, ..., x
t
n} of i.i.d. ob

servations is from the marginal pt
x. We compute similarity between the 

target domain and each source domain. Then based on the conditional 
distribution {psi

xy}
M
i=1 of different branches, we combine the outputs as 

the final output for the target domain. 
We denote F(∙) as the output of a forward pass in the model. For the 

source domain, the classification model is trained using the standard 
supervised loss [22]: 

L cls = E(xs ,ys) (X ,Y )

(

−
∑m

i=1
1[i=ys ]logF(xs)

)

(1)  

2.2. Multi-source domain alignment layer 

BN [29] was originally designed to alleviate the issue of internal 
covariate shifting which is a common problem while training a very 
deep neural network. The function of a BN layer can be described as: For 
activations within a mini-batch of N samples, it first performs whitening 
among activations, and then learns affine parameters γ and β, which 
transform the inherent mean and variance to trainable variables. Denote 

input of a BN layer of each channel as x ∈ RN×H×W, where H × W is the 
size of a 2D feature map. The BN layer is expressed as: 

BN(x; γ, β) = γ∙x̂ + β, (2)  

where 

x̂ =
x − μ
̅̅̅̅̅̅̅̅̅̅̅̅̅
σ2 + ε

√ , (3)  

where ε > 0 is a small constant to avoid numerical issues in case of zero 
variance. We use x[n, h,w] to express the value of a single element of the 
feature map. The mean and variance of activations within a mini-batch, 
μ and σ2, are computed by: 

μ =
1

N × H × W

∑

n

∑

h,w
x[n, h,w] (4)  

σ2 =
1

N × H × W

∑

n

∑

h,w
(x[n, h,w] − μ )

2 (5) 

During training, the BN layer also estimates the mean and variance of 
the entire activations by using an exponentially weighted moving 
average (EWMA) [38]. Formally, in tth step, the moving mean μ̃ and 
moving variance σ̃2 are updated by using an attenuation factor α: 

μ̃t+1
= (1 − α)μ̃t

+ αμt+1 (6)  

(
σ̃t+1)2

= (1 − α)(σ̃t
)

2
+ α
(
σt+1)2 (7) 

Here, some relationship between the attenuation factor and the 
number of update steps is introduced: when α = 0.9, the moving 
average can be approximated to the weighted average of the latest 10 
updates. α = 0.98 corresponds to latest 50 updates, while α = 0.99 
corresponds to latest 100 updates. 

In our work, a multi-source domain alignment layer [35,39] is 
employed, which is to separate the single BN layer to a set of BN 
branches corresponding to different source domains. Fig. 1 shows the 
architecture of our model and illustrates the replacement of the BN 
layers by multi-source domain alignment layers. We adopt EEGNET [40] 
as the backbone network of our framework. Firstly, a 2D convolutional 
layer is fitted with the filter length to be half of the sampling rate, which 
allows for capturing frequency information at 2 Hz and above. Secondly, 
depthwise convolution is used to learn a spatial filter. Then, a separable 
convolution is exploited, which is a combination of depthwise convo
lution and pointwise convolutions. Depthwise convolution learns a 
temporal summary for each feature map individually, followed by a 
pointwise convolution which learns how to optimally mix the feature 
maps together. Separable convolution reduces the number of parameters 
to fit. In our ensemble model, every network shares all the weights 
except the multi-source domain alignment layers. Then, each domain 
has its own specific affine parameters and BN statistics. Formally, we 
reformulated the Eqs. (2)–(7) as: 

BNs(xs; γs, βs) = γs∙x̂s + βs (8) 

where xs is the input activations at each channel of the branch of 
source domain s. 

x̂s =
xs − μs̅̅̅̅̅̅̅̅̅̅̅̅̅

σ2
s + ε

√ (9) 

Domain-specific mean and variance is obtained by: 

μs =
1

N × H × W
∑

n

∑

h,w
xs[n, h,w] (10)  

σ2
s =

1
N × H × W

∑

n

∑

h,w
(xs[n, h,w] − μs )

2 (11) 
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Domain-specific moving mean and moving variance is computed by: 

μ̃t+1
s = (1 − α)μ̃t

s + αμt+1
s (12)  

(
σ̃

t+1
s

)2
= (1 − α)

(
σ̃

t

s

)2
+ α
(
σt+1

s

)2 (13) 

In conclusion, after training using the source domain dataset, for 
each domain-specific branch of the BN layer, we have individual affine 
parameters (γs, βs) and BN statistics (BNS) (μ̃s, σ̃2

s ). Moreover, with the 
replacement of the BN layers by multi-source domain alignment layers, 
the model F(∙) is transformed to {Fs(∙)}s∈S . 

The multi-source domain alignment layer extracts BN statistics of 
each source domain which remove the influence of the incompatible 
information and normalize the target domain using specific statistics of 
each branch. This variant BN layer can make the target domain data 
clearly align to each source domain, avoiding the alignment to the whole 
source domain which may have poor classification performance. 

Therefore, a model with the multi-source domain alignment layer is a 
suitable structure to alleviate the subject variability problem. When 
testing, the target domain data will separately flow through every 
branch and be combined to a final output. However, how the target 
domain is related to multiple source domains and how do we deal with 
possible noisy samples? Based on the BN statistics, we will give a 
detailed introduction in next subsection. 

2.3. Subject matching 

There are a lot of differences in EEG signals, especially across 
different subjects, because of the influence of other mental states, 
emotional condition, and task-irrelevant brain activity disturbance 
mentioned in Section 1. The data distributions of some source subjects 
are more similar to the test subject compared to the other source sub
jects. Then the subjects with poor similarity should be declined. The 
specific process is as follows. 

2.3.1. Computing similarity 
The multi-source domain alignment layer is derived from the original 

BN layer. As opposed to BN, the mDA layer computes the domain spe
cific distribution ps

x→y, separating the BN layer of integral F(∙) to a 
branched BN with {Fs(∙)}s∈S . Although this ensemble model can 
explicitly and concisely embody the distribution of each source domain, 
the generalization ability of each branch or even the entire network to 
an unknow target domain is still a question. During testing, we employ 
the 2-Wasserstein distance to compute the similarity between each 
source domain and the target domain. We select source domains by 
exploiting the reciprocal exponential function. The resulting target 
domain classification probabilities is a weighted mixture of the output of 
more similar source domains branches. 

Let l ∈ B = {1,2, ..., L} represents the different BN layers in the 
network. Then we define a latent representation space H across source 
domains. Specifically, we have H l in lth layer, which map the population 

statistics of target domain (μ̃
l
t , (σ̃

l
t)

2
) to the counterpart of source domain 

(μ̃l
s,(σ̃

l
s)

2
). The BNS of all BN layers in the source domains are combined 

as: 

BNSs =
[(

μ̃
1
s , σ̃

1
s

)
,
(
μ̃ 2

s , σ̃
2
s

)
,⋯,

(
μ̃

L

s , σ̃ L
s

) ]
(14) 

During testing, we first pass the testing data through the network, 
and then extract the population statistics of the target domain from each 
BN layer. Finally, we combine them as: 

BNSt =
[(

μ̃1
t , σ̃

1
t

)
,
(
μ̃2

t , σ̃
2
t

)
,⋯,

(
μ̃L

t , σ̃
L

t

) ]
(15) 

Then we evaluate the similarity between BNSs and BNSt by 
computing the distance between the two points projected from both the 
source domain and the target domain. We assume that the input acti

vations of each BN layer follow the Gaussian distribution: z ∼ N (μ̃l
, σ̃

l
)

and the similarity measure can be specified as the distance between two 
multivariate Gaussian distributions. We compute the 2-Wasserstein 

distance between qs ∼ N
(
μ̃l

s, Σ̃
l
s
)

and qt ∼ N
(
μ̃l

t , Σ̃
l

t
)
, corresponding 

to the activation distributions of the source domain and the target 

domain, respectively, where Σ̃
l

t represents the covariance matrix.  

where Tr(∙) is the trace of the matrix. 

2.3.2. Source subject selection 
Now, we want to select appropriate source subjects and eliminate the 

impact of subjects with large distances to the distribution of the target 
subject. Therefore, we propose to use reciprocal of exponential function 
to transform the distance to similarity. The result of the reciprocal 
exponential function with a large distance approaches zero, which can 
effectively eliminate the negative contribution. Once we obtain the 
distance measure of both domains, the similarities are computed by 
applying the exponential on the distance and we can obtain eds , where 
ds =W2(qs,qt). We define the similarity rs,t between source domain s and 
target domain t as: 

rs,t =
1

eds
∑

s∈S
1

eds

(17) 

The exponential function can effectively detect the subjects with 
large distance. To avoid the exponential calculation of some large dis
tances, we set 50 as the distance threshold. If distances are larger than 
50, we set the result of reciprocal exponential function to zero. If all 
distances are larger than 50, we only use the most similar (1-nearest) 
subject data to compute the final result. After the selection of useful 
subjects, we can obtain the output distribution of the model on the target 
domain by weighted combination of the outputs of all branches. 

pt =
∑

s∈S

rs,tps
xy (18)  

3. Experiments 

3.1. Experiment settings 

3.1.1. Data preparation 
We use an open driving dataset in our experiments, which was 

collected during 2005–2012 and released in 2019 [41]. The dataset 
comprises 62 EEG datasets of 27 subjects (aged between 22 and 28) who 
were students or staff at National Chiao Tung University in Taiwan. The 
EEG signals were recorded in 32 channels (30 valid channels plus 2 
reference channels), with a sampling frequency of 500 Hz. We further 
down-sample the data to 128 Hz. 

W2(qs, qt) = ‖μ̃
l

s − μ̃
l

t‖

2

2 + Tr
(

Σ̃
l

s + Σ
l
t − 2

[(
Σ̃

l

s

)1/2

Σ
l
t

(
Σ̃

l

s

)1/2]1/2)
= ‖μ̃

l

s − μ̃
l

t‖
2

2 + Tr
(
(
Σ̃

l
s

)1/2
−
(

Σ̃
l
t

)1/2
)2 )

(16)   
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In the experiment, lane-departure events were randomly induced to 
make the car drift from the original cruising lane towards the left or right 
sides (deviation onset). Each participant was instructed to quickly 
compensate for this perturbation by steering the wheel (response onset) 
to cause the car to move back to the original cruising lane (response 
offset). A complete trial included events with deviation onset, response 
onset, and response offset. 

In our study, fatigue-related SA is analysed. We follow the fatigue 
labels of the data set because the fatigue and non-fatigue data were 
labelled according to the reaction time on the repeated lane-departure 
event that corresponds to the definition of high and low SA [42,43]. 
Specifically, we extract 3 s EEG data prior to the deviation onset as a 
measure of subject’s SA before the start of the trial. Since the subjects’ 
states cannot be specified before the response onset, that is, the data may 
mix both high and low SA, we did not use the EEG data between devi
ation onset and response onset. We apply the method described in [41] 
to extract SA related data as follows. We set SA labels based on the re
action time (RT), which is the length of the interval between the devi
ation onset and response onset. Additionally, global RT was defined as 
the average of local RTs across all epochs within a 90-second window 
before the deviation onset. The baseline alert-RT was defined as the 5th 
percentile of local RT in the entire session. The label process is as fol
lows. When both the local and global RT are shorter than 1.5 times the 
alert-RT, the corresponding extracted EEG data is labelled as “low SA”, 
and when both the local and global RT are longer than 2.5 times the 
alert-RT, the data is labelled as “high SA”. Transitional states with 
moderate performance are excluded and the neutral state is not 
considered in this work. To ensure sufficient samples of data for training 
the model, we filter the datasets such that the dataset of each subject 
should have at least 50 samples of both states. For the subjects that have 
multiple datasets, we select the most balanced one to perform the filter 
operation. Finally, we obtain a whole balanced SA dataset which in
cludes 11 subjects’ 1674 samples data. The data size of one sample is 30 
(channels) × 384 (sample points). The number of samples for each 
subject is shown in Table 1. 

3.1.2. Implementation details 
We follow [40] to set the parameters of EEGNET. Unlike the most 

previous works [19,44] which inputted the extracted features to the 
network with the purpose of reducing the impact of noise, we use only 
the raw data as the input. The main difference is that extracted features 
limit EEG information, for instance, PSD features limit the EEG infor
mation to only the frequency domain but discard certain temporal in
formation. The input data of the model is in the form 30 (channels) ×
384 (sample points). We randomly choose one subject as the validation 
set, one subject as the test set and all remaining subjects as the training 
set. The batch size is set to 50 EEG samples for each source domain. 
Adam [45] is used to optimize the network parameters with β1 = 0.9, 
β2 = 0.999. The learning rate is set to 0.001. For BN blocks in multi- 
source domain alignment layers, based on the relationship between 
the attenuation factor and the number of update steps introduced in 
Section 2.1, we set momentum = 0.9. 

3.2. Cross-subject SA recognition results 

In the experiment, we evaluate the classification accuracy and other 
performance metrics using leave-one-subject-out cross-validation. First, 
we compare our method with a traditional model, i.e., the support 
vector machine (SVM) [46], as well as state-of-the-art algorithms, 
including EEGNET, Domain Adversarial Neural Network (DANN) [21], 
TCA [24] and MIDA [47]. For SVM, TCA and MIDA, we extract the PSD 
features as inputs. We also include AdaBN [34] in the comparisons. To 
the best of our knowledge, this is the first time to apply AdaBN on EEG- 
based SA recognition. Secondly, we evaluate our approach based on the 
confusion matrix. The overall confusion matrix is obtained by adding the 
confusion matrix of each single validation. Precision, Sensitivity, Spec
ificity and F1 score are further computed. 

Table 1 
Situation awareness dataset content.  

Subject ID Subject Index Number of Samples 

High SA Low SA 

1 0 94 94 
5 1 66 66 
22 2 75 75 
31 3 74 74 
35 4 112 112 
41 5 83 83 
42 6 51 51 
43 7 132 132 
44 8 157 157 
45 9 54 54 
53 10 113 113 
Total 1011 1011  

Table 2 
Leave-one-subject-out cross-validation accuracy. Methods with * use PSD features as inputs, whereas other methods use raw data as inputs (%).  

Subject Index 0 1 2 3 4 5 6 7 8 9 10 Avg. Std. 

EEGNET [40]  57.08  59.16  59.07  56.24  57.57  55.31  58.01  54.16  59.12  73.72  59.51  59.00  5.18 
DANN [21]  67.41  68.79  68.03  69.62  62.00  68.50  66.38  68.36  69.71  74.13  72.29  68.66  2.97 
SVM* [46]  79.26  71.97  66.67  65.54  82.59  74.10  60.78  65.15  88.22  71.30  62.83  71.67  8.31 
TCA* [24]  90.43  53.03  70.67  72.97  79.91  78.31  63.73  68.94  81.85  83.33  61.50  73.15  10.97 
MIDA* [25]  80.32  59.09  80.67  77.03  82.14  76.51  51.96  71.97  87.26  85.19  55.31  73.40  12.35 
AdaBN [34]  73.68  55.56  83.33  90.00  82.29  79.41  66.67  75.47  85.71  54.54  67.39  74.00  11.81 
Subject matching  78.72  68.18  79.33  68.24  85.27  83.73  64.71  57.20  78.03  82.41  71.68  74.32  8.94  

Table 3 
Confusion matrix for 2-way classification using TCA.   

True Class 

High SA Low SA 

Predicted Class High SA 742 256 
Low SA 269 755  

Table 4 
Confusion matrix for 2-way classification using MIDA.   

True Class 

High SA Low SA 

Predicted Class High SA 764 269 
Low SA 247 742  

Table 5 
Confusion matrix for 2-way classification using our subject matching method.   

True Class 

High SA Low SA 

Predicted Class High SA 838 348  
Low SA 173 663  
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The comparison results are presented in Table 2. We apply one-way 
ANOVA [48] to analyse the significance of the differences in the results. 
Significant difference over the accuracy of models is observed: 
F(6,70) = 3.81, p < 0.005. Overall, our method achieves the best 
average accuracy among these methods. From Table 2, we can observe 
that the replacement of BN layers by multi-source domain alignment 
layers significantly improves the performance of the backbone EEGNET 

by approximately 15%. Compared with AdaBN, a domain adaptation 
technique which uses target domain statistics to update the BN statistics, 
our method has a comparable accuracy and no significant difference is 
observed. The comparison results demonstrate that the subject-specific 
normalization and subject matching can indeed be beneficial for 
reducing subject variability. The mixture of all training subjects as 
source domain could mislead the model to learn biased statistics of each 
activation and cannot precisely represent any subject. 

We compare other performance metrics with state-of-the-art 
methods: MIDA and TCA. Tables 3–5 show the confusion matrices of 
TCA, MIDA and subject matching method, respectively. The perfor
mance measures based on the given tables are shown in Table 6. Better 
F1 score (0.7628) demonstrates that the proposed subject matching 
framework achieves the best overall performance among these three 
methods. Superior sensitivity result reveals that our approach can 

Table 6 
Comparison of performance measures with state-of-the-art methods.   

Precision (%) Sensitivity (%) Specificity (%) F1 Score 

TCA [24]  74.35  73.39  74.68  0.7387 
MIDA [25]  73.96  75.57  73.39  0.7476 
Subject matching  70.66  82.89  65.58  0.7628  

Table 7 
Comparison of different similarity measure functions.  

Subject Index 0 1 2 3 4 5 6 7 8 9 10 Avg. 

Arithmetic Mean  71.81  67.42  72.00  72.97  85.26  83.13  64.71  66.67  73.89  77.78  65.93  72.87 
Reciprocal  72.87  75.00  62.67  77.70  71.43  86.14  62.75  70.08  86.31  77.78  69.47  73.83 
Reciprocal Exponential  78.72  68.18  79.33  68.24  85.27  83.73  64.71  57.20  78.03  82.41  71.68  74.32  
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Fig. 2. Arithmetic average results of different number of nearest subjects.  
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Fig. 3. Subject matching results of different number of nearest subjects.  
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effectively capture samples with good performance and is useful for SA 
training. In practice, we prefer to train operators to maintain a high SA 
state. 

3.3. Ablation study 

We compare our similarity measure function with other functions. 
The results are presented in Table 7. For arithmetic mean function, 
similarity rs,t = 1

M, where M is the number of source domains. For 

reciprocal function, similarity rs,t =
1
ds∑
s∈S

1
ds
. Then we can obtain the re

sults of using these functions by applying Eq. (18). The reciprocal 
exponential function is proved to be a more reliable choice. 

According to the ablation experiment results shown in Table 7, the 
arithmetic mean of multi-source EEGNET achieves an accuracy of 
72.87% which is better than the accuracy of EEGNET (59%), which 
demonstrates the effectiveness of the subject-specific batch normaliza
tion. On the other hand, the accuracy of using the arithmetic mean as the 
similarity measure function is 72.87%, while the accuracy of our subject 
matching method can achieve 74.31%. Although simple reciprocal can 
also reduce the impact of the subjects with negative contribution, there 
are still negative contributes from them. The comparisons demonstrate 
the validity of the proposed subject matching method. 

3.4. Effect of different number of the nearest subjects 

We perform a comparison experiment on our framework to analyse 
the effect of different number of nearest subjects. Fig. 2 shows the 
arithmetic average results of different number of nearest subjects. The 
overall results show an increasing trend until using 4-nearest outputs, 
then decreases to 72.87% finally. Although the distances between source 
subjects’ data and target subject data are obtained, it is still a question 
that the proper number of the nearest source subjects that can achieve a 
good performance. For ours, subject matching results of different num
ber of nearest subjects are shown in Fig. 3. We can observe that the 
results show an upward trend. This comparison demonstrates that the 
use of reciprocal exponential function benefits to reserve the useful 
branches output. In addition, our computed similarity can directly show 
the useful number of the nearest source subjects (the number of 
branches with non-zero similarities). 

4. Conclusion 

We have presented a study on the effectiveness of our subject 
matching framework on the driving dataset using leave-one-subject-out 
cross validation. There are two main points that benefits to the perfor
mance: 1) Subject-specific consideration. In previous EEG processing 
works in related fields, researchers usually considered different training 
subjects as a whole source domain, while ignoring the subject-specific 
characteristics. In our work, we tackle this problem by employing a 
multi-source domain alignment layer to exploit the information which 
are usually overlooked. Based on the experiment results, features 
normalized by statistics from similar source subjects can be classified 
more accurately. 2) We find that batch normalization is a reliable way in 
EEG processing to alleviate subject variability effect based on the ob
servations in our experiments. However, limiting the number of source 
domain subjects could restrict the generalization ability of the model 
trained only on the source domain to some extent. 

The proposed subject matching is a convenient and efficient tech
nique to evaluate SA and obtain similarity between target subjects and 
source subjects. Similar subjects’ data is useful and beneficial in EEG- 
based recognition tasks [30–32]. The similarity information can be 
further exploited to find subject-invariant representatives and improve 
the recognition performance. In practice, our approach can be applied 
for operator’s training in dynamic systems. The operator’s SA patterns 
can be analysed efficiently by simply applying the pre-trained model on 

the trained operators. 
In this paper, we present a study of subject matching for cross-subject 

recognition of driver state related to situation awareness. Domain 
generalization technique is applied in our work. Firstly, the BN layers in 
the model are replaced with multi-source domain alignment layers 
which help to generalize the model trained on the source domain to the 
target domain by performing the domain-specific normalization. Sec
ondly, during testing, we compute the similarities between the target 
subject and each source subject by exploiting BN statistics. The source 
subjects similar to the target subject are found by applying a reciprocal 
exponential function. Our proposed framework outperforms the state-of- 
the-art techniques on a popular driving dataset. The framework is 
designed to adaptively select better matched subjects in the source do
mains for the target subject based on statistics, which can be applied in 
any EEG-based cross-subject model with BN layers. In the future, more 
generalized algorithms based on BN statistics can be investigated, which 
would be beneficial to the improvement of cross-subject EEG-based 
mental states recognition. 
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