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Abstract Broad learning system (BLS) is a recently proposed single-layer feedforward network (SLFN) with strong gener-

alization ability in different industrial applications. However, the classical BLS assumes that the training and testing data

are drawn from the same distribution, which can be often violated in the real world. This paper proposes a novel dynamic

domain adaptation (DA) framework based on BLS (DDA-BLS). Compared with most existing DA methods, which follow a

static feature learning protocol, the proposed DDA-BLS applies a data-dependent dynamic feature learning procedure for

different target inputs. Although such a dynamic feature learning procedure seems to be a more intelligent DA strategy and

improves DA performance, it has rarely been explored in the DA fields. Comprehensive experiments on several DA tasks,

including image classification and fault diagnosis, demonstrate the effectiveness and efficiency of the proposed DDA-BLS in

DA tasks, further indicating the superiority of the dynamic DA strategy.

Keywords domain adaptation, broad learning system (BLS), image classification, fault diagnosis, neural networks

Citation Yang L, Yang Z L, Li F, et al. Single-layer feedforward neural networks with dynamic width for domain adapta-

tion. Sci China Inf Sci, 2025, 68(8): 182205, https://doi.org/10.1007/s11432-024-4273-8

1 Introduction

Recently, neural networks have been widely studied and applied in various industrial fields [1–3]. Besides
the modern deep learning architectures [4], researchers also have developed different single-layer feed-
forward neural networks (SLFN) to efficiently address classification and regression problems [5], such as
broad learning system (BLS) [6]. As an SLFN, the first-layer weights of BLS are randomly initialized
without tuning, only the weights connecting the hidden and output layers need to be learned through the
pseudo-inverse algorithm, guaranteeing the fast training speed of BLS. Recent studies have also designed
its variants to guarantee the model robustness when facing noisy outliers [7] or limited training sam-
ples [8]. Although with a single hidden layer, BLS can achieve comparable or even better performance
than some deep models in many real-world applications, including network intrusion detection [9], fault
diagnosis [10], and so on [11–13].

Compared with other SLFNs, the BLS can be quickly expanded by adding additional nodes into the
original model with the incremental learning process [6], which makes it flexible to handle tasks with
different complexities without retraining. However, the performance of most BLS methods is based on
the assumption that training and testing data are sampled from the same distribution, which can often
be violated during applications [1, 2]. Therefore, it is necessary to mitigate the knowledge gap between
the abundant labeled training data in the source domains and the unlabeled testing data in the target
domain, which refers to domain adaptation (DA) problems [2].

Domain adaptation aims at learning an accurate classifier for the target domain using sufficient source
domain labeled samples and unlabeled samples from the target domain, which leads to the major issue in
domain adaptation: how to explore feature representations that can effectively mitigate the distribution
gap between the two domains [14]. A direct solution is to explore domain invariant features by matching
the marginal distributions between source and target domains via minimizing certain measurement met-
rics (such as empirical maximum mean discrepancy (MMD) [15]) that represent the distances between
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Figure 1 (Color online) Difference between static and dy-

namic DA processes. (a) The static DA process will trans-

form all target samples in the same way. (b) The dynamic DA

process will use different feature transformations based on the

characteristics of the target samples.

Figure 2 (Color online) Dynamic DA procedure of the pro-

posed DDA-BLS for the samples with different complexities in

the target domain. (a) An easy sample; (b) a hard sample.

source and target domains [16–20]. With the development of deep learning, deep DA methods have also
been developed to mitigate the domain discrepancy. Domain adaptation network (DAN) [21] uses an
MMD-based domain confusion loss and embeds all deep layer features in a reproducing kernel Hilbert
space where the source and target means are matched. A series of deep DA methods also propose and
show promising performance in visual tasks [22–24] and fault diagnosis tasks [25–31]. Although deep
model based DA methods can achieve promising performance in many tasks, these methods usually need
high computational costs for both training and inference, which emphasize the necessity of developing
SLFNs-based DA methods with high performance and efficiency.

To mitigate the knowledge gap between source and target domains, BLS-based DA methods have been
proposed to extract the domain-invariant (DI) features and have been applied in electroencephalography
signal classification [32], fault diagnosis [33], textual emotion classification [34], and the drift compensation
problems [35]. However, most BLS-based DA methods conduct the DI feature extraction with a static
procedure, ignoring the characteristics of each input (shown in Figure 1(a)). For example, all the target
samples will be transformed and projected into the same subspace and then classified by a learned
classifier. However, considering the differences in target inputs, such a static procedure may not be
optimal. A more reasonable way might be to explore the DI features in a fine-grained dynamic way
(shown in Figure 1(b)). The “easy-to-transfer” and “hard-to-transfer” target samples might need to be
processed by different feature extraction procedures during DA.

In this paper, we propose a novel dynamic domain adaptation framework based on BLS (DDA-BLS)
to achieve such a data-dependent feature extraction for DA. From Figure 2, we see that the proposed
DDA-BLS framework contains two main components: a basic BLS feature extraction and a DI feature
extraction, which are used to build a multi-classifier SLFN architecture to conduct the dynamic domain
adaption. During recognizing the target samples, the trained DDA-BLS can adapt its architecture based
on the characteristics of the input. “Easy” target samples showing strong similarity with the source
ones will be mainly classified by the first classifier (Classifier-1 in Figure 2) based on basic BLS and DI
representations; only for these “hard” target inputs, the additional DI enhancement and Classifier-2 will
be activated for target sample recognition. Such a data-dependent dynamic inference procedure enables
a fine-grained DA feature learning process for each target input, leading to higher performance in DA
tasks.

The proposed DDA-BLS is essentially different from the classic BLS [6] from two aspects. First, the
proposed DDA-BLS can effectively mitigate the knowledge gap between source and target domains. More
importantly, the architecture of the DDA-BLS can adapt based on different inputs, while the BLS uses
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the static network once the training finishes. Compared with most existing DA methods, the dynamic
DA procedure enables different knowledge-transferring processes for different target samples, leading to
higher final performance. Such a dynamic feature learning strategy has rarely been explored in the
existing DA methods. The contributions can be summarized as follows.

• We proposed a novel BLS-based dynamic domain adaptation method, named DDA-BLS, which can
effectively and efficiently mitigate the domain gap in domain adaptation tasks.

• We show the effectiveness of the dynamic DA procedure, which enables the DDA-BLS to select
suitable hidden representations for each target input, resulting in a more intelligent feature transformation
procedure. Such a data-dependent DA process has rarely been explored in DA fields.

• Our method can be implemented in either semi-supervised or unsupervised DA settings. Experiments
on visual classification tasks (Office+Caltech-256 [16]) and fault diagnosis tasks (Case Western Reserve
University bearing data, CWRU [36], Intelligent Maintenance Systems bearing data, IMS [37]) further
demonstrate the effectiveness and efficiency of the proposed DDA-BLS.

2 Preliminaries

To make the paper self-contained, this section briefly introduces BLS [6], which is illustrated in Fig-
ure 3(a). Let {X,Y } = {xi,yi}

N
i=1 be a dataset with N samples, where X ∈ R

N×D, Y ∈ R
N×C ,

xi ∈ R
1×D, and yi ∈ R

1×C are the inputs and labels (one-hot), respectively. C is the number of classes
and D is the original dimension of inputs.

2.1 Basic BLS

The BLS firstly applies random weights to project the feature from the original space to a random high-
dimension space, which is realized by mapping the inputs X to n feature mappings. The ith mapped
features Zi can be represented by

Zi = φ(XWzi + 1N · bzi), i = 1, 2, . . . , n, (1)

where Wzi ∈ R
D×p and bzi ∈ R

1×p are randomly generated with the proper dimensions, 1N is the all-one
vectors with N elements, and φ(·) is the nonlinear activation function. Then the n groups of feature nodes
can be collected to obtain Zn ≡ [Z1, . . . ,Zn], which is utilized to generate m groups of enhancement
nodes. The jth enhancement nodes Hj can be represented by

Hj = ξ(ZnWhj
+ 1(np) · bhj

), j = 1, 2, . . . ,m, (2)

where Whj
∈ R

(np)×q and bhj
∈ R

1×q are randomly generated and ξ(·) is the nonlinear activation
function. The collection of enhancement features can be defined as Hm ≡ [H1, . . . ,Hm].

In practice, the number of n and m can be selected depending on the complexity of the modeling tasks.
After feature generation, the BLS features can be represented as

Am
n = [Zn | Hm] ∈ R

N×(np+mq). (3)

BLS aims to learn the best β ∈ R
(np+mq)×C connecting the outputs and hidden layers to represent the

label matrix Y , which minimizes the sum of the squared losses of the prediction errors, which leads to
the following problem:

min
β

JBLS =
λ

2
‖β‖2 +

1

2
‖Y −Aβ‖2, (4)

where the first term in (4) containing λ is the regularization term to prevent the over-fitting. By setting
the gradient of JBLS w.r.t β to 0, the optimal solution can be calculated efficiently by

β∗
BLS = (λI +ATA)−1ATY , (5)

where I is the identical matrix with proper dimension.



Yang L, et al. Sci China Inf Sci August 2025, Vol. 68, Iss. 8, 182205:4

Figure 3 (Color online) Illustrations of BLS and DDA-BLS. The classical BLS only contains (a) the basic BLS and (b) the

incremental learning. DDA-BLS further contains (c) the DI feature injection and (d) the DI feature enhancement.

2.2 Incremental learning

If the learning cannot reach the desired accuracy, BLS can be incrementally updated without retraining
the whole model in three incremental learning manners [6]: increment of enhancement nodes, feature
nodes, and inputs. Here we mainly introduce the increment of enhancement nodes. With a trained BLS
model1) with Am and βm as the BLS features and the optimal solution, then we expand the BLS by
adding l enhancement nodes. The expanded hidden features can be represented by

Am+1 ≡ [Am|ξ(ZnWhm+1
+ 1(np) · bhm+1

)], (6)

where Whm+1
∈ R

(np)×l and bhm+1
∈ R

1×l are the random weights, and the pseudo-inverse of Am+1 can
be updated by

(Am+1)+ =

[

(Am)+ −DBT

BT

]

, (7)

where D = (Am)+ξ(ZnWhm+1
+ 1(np) · bhm+1

),

BT =

{

(E)+, if E 6= 0,

(1+DTD)−1BT(Am)+, if E = 0,
(8)

and E = ξ(ZnWhm+1
+ 1(np) · bhm+1

)−AmD.
Then, the new weights can be incrementally updated by

βm+1 =

[

βm −DBTY

BTY

]

. (9)

The detailed BLS model and learning procedure can be found in [6]. Because the optimization of the
BLS only involves pseudo-inverse calculation, the model can be trained and updated with high efficiency.

3 BLS-based dynamic domain adaptation

3.1 Overall architecture of DDA-BLS

An overall illustration of the proposed DDA-BLS is shown in Figure 3. It contains a basic BLS (Fig-
ure 3(a)) and a DI feature processing sub-network (Figures 3(c) and (d)). Generally, we can view the
proposed DDA-BLS as an SLFN with multiple classifiers. Based on the calculated hidden states, the addi-
tional hidden representations will be successively generated and added to the DDA-BLS. Simultaneously,
a series of classifiers which connect different hidden representations will be learned.

As shown in Figures 3(a) and (b), the DDA-BLS applies the basic BLS [6]. Given the input data X,
the hidden representation A will be calculated using (3). Then the basic classifier β will be learned.

1) Let Am denote Am
n for simplicity, and (Am)+ = limλ→0(λI + ATA)−1AT.
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Figure 4 (Color online) Illustrations of (a) training and (b) dynamic inference procedure of DDA-BLS with K classifiers.

Moreover, the enhancement nodes will be generated using (6), and the BLS classifier β0 can be updated
by (9).

The DI feature processing sub-network is designed to extract the DI features for the DDA-BLS. Due
to the incremental learning mechanism of BLS, these extracted DI features P can be directly injected
into the DDA-BLS, where the new classifiers can be updated by (9). Moreover, the enhancement nodes
can be also generated based on the DI features P , and the additional classifiers can also be updated
incrementally, which is further illustrated in Figures 3(c) and (d).

3.2 Training and inference procedure of DDA-BLS

3.2.1 Training of DDA-BLS

The training procedure of DDA-BLS is shown in Figure 4(a). Given the source samples DS={(xsi , ysi)}
ns

i=1

= {Xs,ys} and target samples DT = {xti}
nt

i=1 = {Xt}, the basic BLS in the DDA-BLS will be first
trained using DS by (5) and (9) to obtain the basic β0, which can be used for generating the pseudo
labels for target samples if necessary. Then, a feature extraction-based domain adaptation algorithm will
be applied to extract the domain invariant features2), which can be defined as P . We can use the basic
BLS to generate the pseudo labels for target samples if necessary during exploring DI features P . Then,
these P will be injected as the additional features, and the weight of Classifier-1, β1, can be learned
incrementally as (9). Subsequently, the enhancement DI features will be generated using the same way
of (6), and the weight of the corresponding classifier β2 can be learned again by (9). Such a procedure is
repeated until we have K classifiers.

3.2.2 Dynamic inference

After training, we will have k different classifiers in DDA-BLS. The dynamic inference procedure is shown
in Figure 4(b). Given the target inputs Xt, the DDA-BLS will first generate the BLS features A and DI
features P 1 and then classify the inputs with β1. After selecting and removing the samples that have
already achieved high confidence (higher than a give exiting threshold, ǫ1) results at Classifier-1, the
DDA-BLS will generate the additional incremental DI features for the rest of the target samples and then
classify them with Classifier-2. Such a procedure is repeated until the prediction confidence is higher than
the threshold or the last Classifier-k is applied. Formally, the prediction results Ŷ k of the kth classifier
can be represented as

Ŷ k = fβk
([A,P 1, . . . ,P k]) = [ŷk

1 ; · · · ; ŷ
k
nt
] ∈ R

nt×C , (10)

2) Here, we mainly focus on the training procedure of the proposed DDA-BLS and omit the learning steps of the DA methods.
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Algorithm 1 Dynamic DA inference of DDA-BLS.

Require: DT = {xti
}
nt
i=1

= {Xt}, the trained DDA-BLS, the thresholds ǫ1, . . . , ǫK−1;

Ensure:

1: Set the input dataset S containing all target samples;

2: Generate the BLS features for Xt;

3: for k = 1, . . . ,K do

4: Generate or enhance the DI features as P k for the samples in S;

5: Use βk to calculate Ŷ k for the samples in S;

6: if k = K then

7: Use βK to calculate Ŷ K for the rest samples in S;

8: else

9: for i = 1, . . . , nt do

10: if max(ŷk
i ) > ǫk then

11: Return ŷk
i as the final prediction for the ith sample;

12: Remove the ith sample from S;

13: end if

14: end for

15: end if

16: end for

17: Collect all results and get the final prediction Ŷt.

where Ŷ k is the output matrix at the kth classifier and ŷk
i is the output row vector for the ith target

sample, where the element, ŷki,c ∈ [0, 1], represents the prediction confidence of the ith target sample
as the cth class index. Normally, a target sample, xi, will be recognized as the class with the largest
prediction value in each ŷk

i ∈ R
1×C .

During inference, the largest prediction value of ŷk
i will be used to estimate the reliability of the

prediction for this sample. The final prediction ŷi of xi will be the prediction of the first classifier whose
largest prediction value is greater than the given threshold, ǫk, which can be represented by

k∗ = min
{

k|max(ŷk
i ) > ǫk

}

, ŷi = ŷk∗
i . (11)

To illustrate such a dynamic inference procedure, we provide an example of a trained DDA-BLS with
K classifiers in Figure 4(b). Given four different target inputs, the proposed DDA-BLS will first generate
the BLS features and DI features, and these inputs will be classified using β1. Then, we can obtain the
prediction confidence of these samples. The 2nd and 3rd samples will exit at Classifier-1 because they
have achieved confidences higher than the given exiting threshold (ǫ1 = 0.7), meaning that the DDA-BLS
has already recognized these target samples. Then, the features of these samples will be removed from
the whole feature matrix. While, for the 1st and 4th target samples in Figure 4(b), their outputs at
Classifier-1 achieve values lower than the threshold ǫ1. Therefore, the DI features of these samples will
be enhanced and expanded, and the subsequent classifiers will be used for inference. This procedure will
be repeated until the prediction result is higher than the threshold ǫk at Classifier-k or the last classifier,
Classifier-K, is used. After the whole procedure, the classification results for the target samples can be
obtained by collecting the existing results of each classifier. We also summarize the dynamic inference
procedure of DDA-BLS in Algorithm 1.

3.3 Implementation of DDA-BLS

The proposed DDA-BLS is a general domain adaptation framework and can be combined with different
subspace learning-based DA algorithms. Here, we provide an implementation example using the DA
method extracting domain invariant and class discriminative (DICD) features [38].

As shown in Figure 5(a), the basic BLS part in DDA-BLS will be first trained by the labeled source
samples, and generate the pseudo labels for target samples. By simultaneously matching the MMD [15]
between source and target domains (marginal distribution) and the MMDs of each class between two
domains (conditional distributions), the DI features will be extracted from the original data (see details
in [38]). Then with the extracted DI features, we can train the DDA-BLS by the aforementioned procedure
and generate new pseudo labels for target samples with dynamic DA inference. Such a procedure can be
repeated until the performance gets stable. Unless stated otherwise, the DDA-BLS is implemented with
DICD in the following experiments.
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Figure 5 (Color online) Implementation of DDA-BLS with DICD [38]. (a) Step-1: pseudo label generation; (b) step-2: DI feature

extraction and DDA-BLS learning.

3.4 Discussion

Although the proposed DDA-BLS is developed based on BLS, and both use the incremental learning
strategy, our method is essentially different from the classical BLS. First, the performance of the classic
BLS can only be guaranteed when the training and test samples are drawn from the same distribution.
While the proposed DDA-BLS can effectively mitigate the domain gap and achieve high performance,
the model is evaluated even on the domain-shifted test dataset. Second, most of the existing BLS models
follow the static inference procedure, which ignores the characteristics of the inputs. For example, the
recently proposed adaptive BLS [33] can effectively update the BLS architecture incrementally, while the
whole model will be fixed for different inputs during inference. Recent studies [39–44] have found that
the multi-classifier-based dynamic inference procedure, which adapts the network architecture during
inference, can improve the overall efficiency of deep learning models in image classification tasks. This
paper proves that this dynamic inference procedure can be even more effectively implemented in BLS
due to its incremental learning strategy.

We further discuss the essential difference between the proposed DDA-BLS and the existing DA meth-
ods. As most existing DA methods apply the same feature learning or feature transformation procedure
for all target inputs ignoring the characteristics of the samples, they can all be viewed as the static
method. Intuitively, different target samples may have different optimal ways to mitigate the domain
variance between the source domain samples, which might lead to sub-optimal DA performance. The
proposed DDA-BLS can deal with different target inputs considering their characteristics and therefore is
a dynamic DA method. We also show the strong potential of the dynamic DA feature learning processing
in improving DA performance through extensive experiments on different DA tasks. The visualization
results further show that such a dynamic DA process meets our intuition. We found these target samples
exiting from the first classifier in DDA-BLS will be strongly similar to the samples from the source do-
main. Therefore, the trained DDA-BLS will consider these target samples easy ones. The samples exiting
from the final classifier normally contain more complex semantic information or the target objects show a
non-typical appearance, and therefore, the enhancement features are necessary for accurate recognition.
The trained DDA-BLS will consider these target samples hard ones. It is worth mentioning that the
complexity of target samples is defined by the DDA-BLS itself rather than pre-defined. Interestingly, the
definition of the complexity by the trained DA model meets our intuition, indicating that the dynamic
DA procedure is indeed more intelligent compared with the static ones.

4 Experiments

Both image classification and fault diagnosis tasks are used in the experiments. All experiments are
conducted on Win 10, MATLAB R2021a, Intel-i5 2.4 GHz CPU, and 8G DDR3 RAM with 3 times to
obtain the average performance.

4.1 Case 1: DA on image classification tasks

4.1.1 Experimental settings

The experiments are conducted on Office+Caltech-256 [45], which contains the images with 10 shared
categories from four different domains: AMAZON (A), CALTECH (C), DSLR (D), and WEBCAM (W),
leading to 12 cross-domain tasks, e.g., “A → C”, “A → D”, . . . , “W → C” and “W → D”.
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Table 1 Average classification accuracy ± standard deviation on Office+Caltech-256 from source to target domain. The best

results are in bold.

Task BLS RTML DTSL ARTL TJM TKL DICD DDA-BLS

A → C 80.32±0.54 86.43±0.00 85.75±0.00 84.42±0.00 80.79±0.05 80.32±0.00 86.02±0.00 87.80±0.09

A → D 80.25±0.64 84.36±0.00 82.17±0.00 87.26±0.00 86.62±0.00 82.80±0.00 83.44±0.00 91.72±0.36

A → W 72.31±0.39 80.26±0.00 73.56±0.00 80.00±0.00 79.66±0.00 81.35±0.00 81.36±0.00 89.15±0.19

C → A 89.63±0.48 90.62±0.00 91.54±0.00 91.86±0.00 89.66±0.00 89.14±0.00 91.02±0.00 93.53±0.11

C → D 80.47±0.97 89.32±0.00 87.90±0.00 85.99±0.00 87.89±0.00 79.62±0.00 93.63±0.00 95.54±0.68

C → W 75.03±0.39 85.38±0.00 76.61±0.00 77.97±0.00 80.67±0.00 76.61±0.00 92.20±0.00 93.56±0.58

D → A 81.04±0.16 91.86±0.00 84.97±0.00 83.09±0.00 89.66±0.00 81.32±0.00 92.17±0.00 93.00±0.06

D → C 75.33±0.71 85.72±0.00 75.24±0.00 78.27±0.00 79.16±0.00 68.92±0.00 86.11±0.00 88.33±0.13

D → W 97.06±0.71 98.98±0.00 99.32±0.00 96.95±0.00 98.30±0.00 87.46±0.00 98.98±0.00 99.66±0.20

W → A 47.59±1.01 91.37±0.00 75.47±0.00 80.79±0.00 86.74±0.00 73.38±0.00 89.67±0.00 93.22±0.24

W → C 46.96±0.72 83.13±0.00 72.75±0.00 81.74±0.00 78.62±0.00 72.48±0.00 83.97±0.00 87.53±0.10

W → D 78.98±0.64 100.00±0.00 100.00±0.00 98.73±0.00 98.72±0.00 93.63±0.00 100.00±0.00 100.00±0.00

AVERAGE 75.41 88.95 83.77 85.59 86.37 80.59 89.88 92.75

In unsupervised DA setting, seven machine learning methods are used during comparison, including
the basic BLS [6], robust transfer metric learning (RTML) [17], discriminative transfer subspace learn-
ing (DTSL) [18], adaptation regularization for transfer learning (ARTL) [20], transfer joint matching
(TJM) [46], transfer kernel learning (TKL) [19], and DICD feature learning [38]. Our experiments follow
most of the settings provided in [38]. The optimal final dimension of the extracted subspace is searched
from the range d = {10, 20, . . . , 100}. Moreover, following [38], the hyper-parameters of the DDA-BLS
are selected using the hyper-parameters with the best performance on the target domain. The number of
classifiers of DDA-BLS is K = 5, with corresponding ǫ = (0.8, 0.5, 0.4, 0.6). Note that the rest samples
will be forced to exit from the last classifier. It does not need a threshold during inference.

In the semi-supervised experiment setting, we randomly select 10% of the target samples, label them,
and then use the rest of the target data to test the performance. We use the basic BLS, ARTL, TKL, and
the BLS-based source domain adaptation (BLS-SDA) [12], which is designed for semi-supervised DA.

4.1.2 Experimental results

The classification accuracy of DA results on the Office+Caltech-256 features with unsupervised and
semi-supervised settings is listed in Tables 1 and 2, respectively. The results show that the proposed
methods can outperform other baseline methods on all cross-domain tasks. The performance of the basic
BLS is significantly lower than that of other DA-based algorithms, meaning that domain adaptation is
essential in tasks when there are knowledge gaps between source and target domains. Moreover, the high
performance of DDA-BLS compared with DICD indicates that the dynamic DA process indeed benefits
the domain adaptation. Compared with the results of DDA-BLS with an unsupervised learning setting,
the DDA-BLS with a small portion of labeled target samples can improve its DA performance, which
meets our intuition. The superiority of the DDA-BLS in both settings demonstrates the effectiveness of
our method.

4.2 Case 2: DA for bearing fault diagnosis under different working conditions

4.2.1 Experimental settings

This experiment uses CWRU [36], which contains the signals measuring the rolling bearing under two
sampling frequencies (48 kHz and 12 kHz) with four loads and speeds: HP0 (horse power 0) (1797
r·min−1), HP1 (1772 r·min−1), HP2 (1750 r·min−1), and HP3 (1730 r·min−1), leading to 12 cross-domain
transfer learning tasks, e.g., “HP0 → HP1”, . . . , “HP3 → HP2”. The faults are realized by machining
pits of different depths on the inner race (IR), outer race (OR), and ball elements (BALL), with depths of
0.18, 0.36, and 0.53, respectively. Two different experiment settings are applied in this paper. The first
one follows the setting in [1], where the data with 12 kHz is used and one location of the pit is considered
one category, resulting in four different classes. In the second setting, the 48 kHz data is divided into
one normal state and nine fault states (a total of 10 classes), all containing roughly equal amounts of
data (approximately 400 samples for each class). Following [11], the extracted wavelet energy features
are used as data pre-processing.
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Table 2 Semi-supervised performance evaluation on Office+Caltech-256 (left panel) and CWRU with 48 kHz data (right panel).

The best results are in bold.

Task ARTL TKL BLS-SDA DDA-BLS Tasks ARTL TKL BLS-SDA DDA-BLS

A → C 86.35±0.00 82.39±0.00 84.54±0.59 89.42±0.36 HP0 → HP1 68.11±0.00 72.00±0.00 64.67±0.18 76.22±0.18

A → D 88.65±0.00 82.97±0.00 92.20±0.00 94.80±0.41 HP0 → HP2 67.89±0.00 73.42±0.00 65.84±0.39 76.79±0.39

A → W 82.64±0.00 83.77±0.00 80.75±0.00 92.33±0.21 HP0 → HP3 65.69±0.00 75.69±0.00 67.55±0.17 78.92±0.17

C → A 92.34±0.00 90.37±0.00 91.22±0.37 93.97±0.20 HP1 → HP0 65.83±0.00 75.03±0.00 70.94±0.03 88.65±0.03

C → D 87.94±0.00 80.85±0.00 86.52±0.71 95.51±0.81 HP1 → HP2 86.83±0.00 87.06±0.00 84.28±0.20 89.27±0.20

C → W 84.91±0.00 77.35±0.00 85.16±0.58 96.10±0.43 HP1 → HP3 80.75±0.00 82.08±0.00 79.60±0.17 85.16±0.17

D → A 91.76±0.00 88.97±0.00 90.52±0.13 93.70±0.13 HP2 → HP0 66.33±0.00 78.61±0.00 73.52±0.44 89.23±0.44

D → C 88.03±0.00 81.40±0.00 87.57±0.15 90.57±0.05 HP2 → HP1 84.64±0.00 85.92±0.00 84.12±0.34 89.48±0.34

D → W 98.11±0.00 87.92±0.00 98.49±0.38 99.37±0.43 HP2 → HP3 82.25±0.00 83.64±0.00 81.42±0.49 85.62±0.49

W → A 91.53±0.00 88.40±0.00 87.70±0.12 93.93±0.07 HP3 → HP0 63.89±0.00 82.00±0.00 78.83±0.81 89.69±0.81

W → C 83.09±0.00 80.51±0.00 83.06±0.06 88.92±0.10 HP3 → HP1 76.19±0.00 79.69±0.00 77.59±0.39 85.10±0.39

W → D 98.58±0.00 92.90±0.00 99.29±0.00 100.00±0.00 HP3 → HP2 80.16±0.00 82.25±0.00 81.60±0.36 87.23±0.36

AVERAGE 89.49 84.82 88.92 94.05 AVERAGE 74.05 79.78 75.83 85.11

Table 3 Average fault diagnosis ± standard deviation on the CWRU dataset (12 kHz) from source to target. The best results

are in bold.

Task BLS ARTL TJM TKL DICD DTLCNN DCSAN DJDAN DDA-BLS

HP0 → HP1 91.17±0.35 95.33±0.00 96.50±0.00 94.75±0.00 94.42±0.00 98.42±0.12 99.07±0.23 98.04±0.35 99.92±0.00

HP0 → HP2 87.75±0.35 91.75±0.00 96.91±0.00 86.33±0.00 93.67±0.00 97.67±0.71 98.14±0.34 98.79±0.76 99.84±0.12

HP0 → HP3 84.09±0.47 91.66±0.00 95.16±0.00 94.25±0.00 93.25±0.00 96.88±0.90 98.86±0.92 98.13±0.06 99.33±0.11

HP1 → HP0 92.71±0.53 95.25±0.00 97.58±0.00 96.33±0.00 96.67±0.00 99.09±0.12 98.21±0.65 97.66±0.83 99.83±0.12

HP1 → HP2 93.13±0.18 93.08±0.00 93.16±0.00 97.83±0.00 95.08±0.00 99.25±0.11 99.17±0.45 99.13±0.29 99.92±0.17

HP1 → HP3 90.88±0.42 92.33±0.00 95.75±0.00 97.58±0.00 90.58±0.00 98.38±0.53 99.33±0.89 98.67±0.35 99.67±0.00

HP2 → HP0 87.13±0.77 93.58±0.00 95.50±0.00 88.66±0.00 96.67±0.00 97.46±0.23 97.50±0.34 97.59±0.12 100.00±0.00

HP2 → HP1 91.50±0.59 94.50±0.00 97.50±0.00 93.83±0.00 96.75±0.00 99.00±0.47 98.93±0.56 98.46±0.88 99.86±0.26

HP2 → HP3 91.29±0.41 94.58±0.00 96.83±0.00 99.16±0.00 96.08±0.00 97.42±0.58 98.48±0.12 98.63±0.17 99.50±0.11

HP3 → HP0 86.13±0.06 91.50±0.00 95.00±0.00 90.00±0.00 91.50±0.00 96.42±0.23 97.79±0.73 95.98±0.39 99.58±0.34

HP3 → HP1 88.87±0.29 91.58±0.00 94.41±0.00 90.75±0.00 93.25±0.00 97.71±0.65 97.26±0.21 98.17±0.83 98.78±0.06

HP3 → HP2 91.84±0.47 92.33±0.00 96.08±0.00 95.67±0.00 94.50±0.00 97.63±0.42 98.43±0.96 97.79±0.65 100.00±0.00

AVERAGE 89.71 93.12 95.87 93.76 94.37 97.94 98.43 98.09 99.64

We compare the proposed methods with 4 classical DA methods, including ARTL [20], TJM [46],
TKL [19], DICD [38], and 3 deep learning-based DA models, including dynamic joint distribution align-
ment network (DJDAN) [47], deep transfer learning convolutional neural network (DTLCNN) [1], and
deep convolution and self-attention fused networks (DCSAN) [48]. The basic BLS [6] is also used as
the baseline model. The optimal final dimension of the extracted subspace is selected by searching
d = {10, 20, . . . , 100}. The number of classifiers of DDA-BLS is K = 3, with corresponding ǫ = (0.3,
0.4). Other hyper-parameters are the same as those in the previous experiments. In the semi-supervised
experiment setting, we randomly select 10% of the target samples with labels and use the rest of the
target data to test the performance.

4.2.2 Experimental results

The fault diagnosis results of the CWRU data with 12 and 48 kHz are listed in Tables 3 and 4, respectively.
Moreover, we show the results with 48 kHz of semi-supervised setting in Table 2. All the results show
the superiority of the proposed DDA-BLS in DA tasks.

From Table 3, it can be seen that all DA methods achieve performance over 90% except the classical
BLS, which shows that domain adaptation is necessary for fault diagnosis of rolling bearings with differ-
ent working conditions. The performance of DDA-BLS is superior to all other compared methods. The
sub-optimal of the deep learning-based method can be due to the limited number of training data in our
experiments. Moreover, the superiority of DDA-BLS compared with DICD indicates that the implemen-
tation of a dynamic DA process can improve the DA performance. The results on the CWRU data with
48 kHz in Table 4 show similar trends as those in Table 3. The proposed DDA-BLS achieves an average
accuracy of 77.02%, which is higher than other compared methods in the experiments. Moreover, it is
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Table 4 Average fault diagnosis ± standard deviation on the CWRU dataset (48 kHz) from source to target. The best results

are in bold.

Task BLS ARTL TJM TKL DICD DTLCNN DCSAN DJDAN DDA-BLS

HP0 → HP1 50.35±0.50 65.63±0.00 57.13±0.00 68.98±0.00 63.95±0.00 69.90±0.80 69.29±0.57 70.31±0.64 72.34±0.12

HP0 → HP2 50.32±0.67 64.55±0.00 56.57±0.00 64.63±0.00 64.48±0.00 69.76±0.75 68.57±0.85 69.72±0.16 72.12±0.16

HP0 → HP3 52.00±0.42 60.15±0.00 55.50±0.00 65.28±0.00 62.98±0.00 68.49±0.11 67.50±0.46 69.03±0.32 69.26±0.01

HP1 → HP0 55.41±0.18 67.70±0.00 60.35±0.00 67.95±0.00 65.08±0.00 75.44±0.61 72.49±0.18 75.85±0.17 70.86±0.02

HP1 → HP2 70.13±0.81 75.20±0.00 62.63±0.00 81.07±0.00 82.17±0.00 86.34±0.72 84.43±0.37 86.13±0.53 86.98±0.14

HP1 → HP3 67.65±0.29 71.13±0.00 60.03±0.00 77.23±0.00 75.00±0.00 78.32±0.40 76.86±0.11 78.14±0.33 79.72±0.11

HP2 → HP0 50.35±0.51 64.90±0.00 57.75±0.00 64.33±0.00 64.22±0.00 74.64±0.56 73.21±0.72 75.20±0.67 73.60±0.02

HP2 → HP1 68.96±0.55 75.08±0.00 60.87±0.00 79.98±0.00 81.73±0.00 85.38±0.16 83.64±0.69 86.53±0.53 87.30±0.07

HP2 → HP3 69.94±0.55 77.40±0.00 64.65±0.00 81.37±0.00 76.20±0.00 81.36±0.24 79.14±0.45 82.83±0.37 82.12±0.23

HP3 → HP0 48.24±0.29 65.18±0.00 57.70±0.00 64.50±0.00 61.78±0.00 67.53±0.45 65.78±0.34 66.80±0.51 68.25±0.18

HP3 → HP1 61.92±0.24 71.55±0.00 57.95±0.00 76.40±0.00 73.05±0.00 77.02±0.32 76.22±0.87 78.12±0.89 79.37±0.27

HP3 → HP2 66.78±0.59 75.35±0.00 61.68±0.00 79.88±0.00 76.72±0.00 80.06±0.12 79.73±0.31 81.05±0.16 82.33±0.04

AVERAGE 59.34 69.49 59.40 72.63 70.61 76.23 74.74 76.64 77.02

Figure 6 (Color online) Performance vs. test time on CWRU. The size of the dot represents the training time, where a natural

logarithm function (ln) is employed for better visualization.

interesting that the performance of DA tasks containing the HP0 domain is, on average, lower than these
tasks without the HP0 domain. As the HP0 means that there is no load on bearings, we indicate that
the cross-domain knowledge can be more easily transferred among the working conditions with loads.
Furthermore, the lower average accuracy of the results in Table 4 indicates that the DA tasks considering
both the fault locations and fault types are much more challenging compared with the DA tasks only
considering the fault locations.

The training and test time consumption of different DA methods on HP1 → HP2 (12 kHz) is provided
in Figure 6. Since the DDA-BLS contains the multi-exit architecture, its training and test time is slightly
longer than DICD, ARTL, and TJM. However, the training procedure of DDA-BLS is still much faster
than the two deep learning-based fault diagnosis DA methods. Moreover, due to the simplicity of SLFN
architecture, DDA-BLS can run with faster inference speed than deep learning-based models. Although
the test time of DDA-BLS can be a little bit slower than TJM, our method significantly outperforms
the TJM in terms of accuracy. Overall, considering the performance, training, and inference time, the
DDA-BLS can be viewed as the most effective and efficient DA method among the compared algorithms.

4.3 Case 3: DA for fault diagnosis with different bearing rigs

4.3.1 Experimental settings

The CWRU and IMS datasets [37] are utilized to assess DA capability for bearing fault diagnosis across
different scenarios. The IMS dataset comprises data from four states sampled from three bearings:
normal operation, IR fault, OR fault, and BALL fault, with a sampling frequency of 20 kHz. 1000
random samples were selected for each of the four operating states, with each sample consisting of 500
data points. Additionally, the CWRU data with 48 kHz (considering four different types: health, IR, OR,
BALL) with 250 samples in each condition, totaling 1000 random samples across four load conditions are
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Table 5 Cross dataset accuracy (%). The best results are in bold.

Method CWRU → IMS IMS → CWRU AVERAGE

BLS 34.87±0.72 26.15±0.12 30.51

ARTL 50.37±0.00 46.30±0.00 48.34

TJM 51.78±0.00 38.70±0.00 45.24

TKL 41.92±0.00 36.93±0.00 39.43

DICD 41.58±0.00 47.43±0.00 44.51

DDA-BLS 78.64±0.10 77.32±0.09 77.98

Figure 7 (Color online) Analytic experiments on Office+Caltech-256 (C → D) and CWRU (HP1 → HP2). In (a) and (b), the

black bars represent the performance of DDA-BLS when all samples are forced to be classified by a certain classifier. The blue bars

mean the ratios of samples exiting from the corresponding classifiers. The red bars are the accuracy of the exiting samples at the

kth classifier. (a) Office+Caltech-256; (b) CWRU; (c) the effects of λ to DDA-BLS.

selected in experiments. By treating the IMS dataset and CWRU dataset as source and target domains,
respectively, two cross-domain DA tasks can be established: “CWRU→ IMS”, and “IMS→ CWRU”. We
compare the proposed methods with 4 classical DA methods including ARTL [20], TJM [46], TKL [19],
and DICD [38]. The number of classifiers of DDA-BLS is K = 3, with corresponding ǫ = (0.5, 0.5).
Other hyper-parameters are the same as those in the previous experiments.

4.3.2 Experimental results

From the results in Table 5, we can indicate that the DA task in Case 3 is much more difficult than the
DA tasks in Case 2, since the test rig, running loads, and the sampling frequency are all different between
the two domains. The proposed DDA-BLS significantly outperforms other evaluated DA methods by a
large margin, which demonstrates the effectiveness of our method. The low detection accuracy of BLS
means that the DA is necessary for many real-world applications, especially when the training and test
samples have large distribution gaps.

4.4 Analytical experiments

4.4.1 Dynamic DA process in DDA-BLS

As we have stated in Subsection 3.1, the essential difference between the proposed DDA-BLS and the exist-
ing DA methods is the dynamic DA procedure, which enables the DDA-BLS to apply the data-dependent
fine-grained feature learning procedure for each target input during domain adaptation, resulting in a
more intelligent feature transformation procedure. Such a data-dependent DA process has rarely been
explored in DA fields. Therefore, we first evaluate whether such a fine-grained dynamic DA procedure
benefits the DA performance.

To verify the effectiveness of dynamic processing, we test the performance of DDA-BLS when all target
samples are forced to exit from a certain classifier. From the results in Figures 7(a) and (b), we see that
the later classifiers indeed achieve better performance than the first one since the enhancement of hidden
nodes improves the generalization ability of DDA-BLS. The performance of dynamic DA inference is
still superior to the final classifier, indicating the correctness of using a data-dependent DA procedure.
Different target samples indeed need different feature learning procedures to achieve better performance
in DA tasks.

We further provide the visualization results in Figure 8(a) to investigate what kind of target samples
need to be enhanced in the dynamic DA process. The backpack and headphone classes in the C → A
DA task are selected in experiments. The samples in the second row are the samples that achieve high
prediction values and exit from Classifier-1 during inference. We found these samples to be strongly
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Figure 8 (Color online) Visualization results of the samples with different complexities and t-SNE visualization (different colors

represent different classes). (a) Images from the Office+Caltech-256 with different complexities; (b) visualization results.

similar to the samples from the source domain. Therefore, the trained DDA-BLS will consider these
target samples “easy” ones. The third row shows the samples that exit from the final classifier. We found
that these target samples normally contain more complex semantic information or the target objects show
a non-typical appearance, and therefore, the enhancement features are necessary for accurate recognition.
The trained DDA-BLS will consider these target samples “hard” ones. It is worth mentioning that the
complexity of target samples is defined by the DDA-BLS itself rather than pre-defined. Interestingly, the
definition of the complexity by the trained DA model meets our intuition, indicating that the dynamic
DA procedure is indeed more intelligent compared with the static ones.

Moreover, the results in Figure 7(a) show that about 70% of target samples exit from the first classifier
in the image classification DA task. Although the samples exiting from Classifier-1 achieve an accuracy of
over 91.44%, the early existing “easy” target samples can still be wrongly classified by the early classifiers
by high prediction values. Moreover, as most target samples (about 70%) will exit from the DDA-BLS
from the first classifier, and only about 2.5% of target samples will recursively use all the classifiers during
inference, the implementation of the multi-classifier architecture is not time-consuming.

4.4.2 Effects of λ to DDA-BLS

The λ is the coefficient of the regularization term in (5) of the classic BLS [6], which controls the ability
of DDA-BLS to avoid the over-fitting problem. A lower value of λ can lead to the over-fitting issue of the
learned classifier in BLS. A large λ can avoid the over-fitting problem while leading to a sub-optimal final
performance. Therefore, selecting an appropriate value of λ is important to build a high-performance
DA method. We use the same λ for all DDA-BLS classifiers to simplify the hyper-parameter selection
procedure. The test results are shown in Figure 7(c), from which we see that the λ in (5) should be
within an appropriate range to prevent the over-fitting problem and guarantee the high performance of
DDA-BLS. From the results, we see that a small λ leads to an unsatisfied DA performance due to the
over-fitting problem, which can be effectively addressed by increasing the value of λ. However, a too-large
λ will affect the DDA-BLS to learn an accurate classifier, which also harms the final DA performance.
Following the hyper-parameters strategy in [38, 49], we select the λ with the best performance on the
target domain during performance evaluation.

4.4.3 2-D visualization of DI features

The t-SNE [50] visualization of the extracted features for task C → A of the proposed DDA-BLS and
DICD are shown in Figure 8(b). From the results, we see that both methods can extract the DI features
with class discriminative information, which can generally guarantee the separability among different
target classes. Although the extracted features of DICD are more compact, there are a series of miss-
classified samples (depicted by the red circle in the figure) that lead to the sub-optimal performance of
DICD. Meanwhile, for DDA-BLS, due to the dynamic DA inference procedure, most of the target samples
can be correctly recognized and gathered together. The high-quality class discriminative features can be
extracted using the proposed method with fewer miss-classified samples, demonstrating the effectiveness
of the proposed DDA-BLS.



Yang L, et al. Sci China Inf Sci August 2025, Vol. 68, Iss. 8, 182205:13

Figure 9 (Color online) Similarity of learned DI features from two domains (darker color means stronger similarity) and the

effects of classifiers K and thresholds ǫ to DDA-BLS. (a) Domain similarity for HP1 → HP2 (12 kHz) of DDA-BLS and DICD

features; (b) DDA-BLS with different classifiers and thresholds.

4.4.4 Similarity of learned DI features

Following [38], we calculate the similarity matrix of learned domain invariant features to evaluate if a
DA method successfully explores high-quality features. The results are shown in Figure 9(a), where each
entry in the matrix measures the similarity of one data pair, where the similarity is calculated by the
inner product of the learned features of two samples. To visualize the similarity matrix more clearly, all
matrix values are binarized with a threshold of 0.5, meaning that we will keep the values larger than 0.5
and set the values to 0 when they are smaller than 0.5.

The CWRU with 12 kHz (HP1 to HP2) is used for similarity analysis. The top-left and bottom-right
sub-matrix present the domain similarity between the source and target. From the top-right sub-matrix,
we see that the DDA-BLS features show a strong correlation among samples from the same class and
a weak correlation among samples from different classes. This indicates that the features extracted by
DDA-BLS can effectively aggregate samples of the same class. Moreover, from the top-left and bottom-
right sub-matrices, we see that the samples from the same classes have a high correlation between the
source and target domain. This demonstrates that the extracted features are domain invariant, which
leads to the high performance of the proposed methods in DA tasks.

4.4.5 Number of classifiers K and thresholds ǫ

We further evaluate how the number of classifiers and thresholds affect the performance of DDA-BLS.
The results on CWRU HP1 to HP2 domain are shown in Figure 9(b). From the results, we see that
a large number of classifiers leads to a decrease in performance, which can be due to the over-fitting
problem caused by too many weight parameters. For CWRU, the optimal number of classifiers is 3. We
further test the existing thresholds for the DDA-BLS with three different classifiers. The results show
that the thresholds should be within an appropriate range to ensure that a portion of target samples can
exit from the previous classifiers. However, in all ranges, the overall performance of DDA-BLS is higher
than 85.5%, better than most evaluated methods in Table 4.

5 Conclusion

This paper proposes a novel broad learning system-based dynamic domain adaptation framework. Un-
like most static DA models, the proposed DDA-BLS dynamically explores the DI features based on the
property of the input samples. Such a data-dependent DA process considers the characteristics of inputs
from the target domain, leading to a higher DA performance. The experiments demonstrate the effective-
ness of our methods in DA tasks. Treating the target samples in a fine-grained data-dependent manner
can benefit the knowledge-transferring process, which might bring a new aspect of view to improve the
domain adaptation performance.
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