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Near-Infrared Spectroscopy (NIRS) has become one of the most widely used non-destructive techniques for rapid
coal quality assessment due to its efficiency, low cost, and suitability for on-site industrial deployment. However,
NIRS data collected under different measurement conditions often exhibit significant spectral distribution shifts,
which substantially weaken the cross-domain generalization ability of conventional prediction models. To
address this challenge, this paper proposes a multi-source spectral learning method tailored for NIRS-based coal
analysis. The method integrates a unified multi-source domain adaptation framework, a dual-regression-head
architecture, and a performance-driven dynamic weighting strategy, enabling effective cross-domain learning
without requiring target-domain data. Experiments conducted on real coal NIRS datasets demonstrate that
the proposed approach consistently outperforms existing baselines across multiple measurement scenarios,
highlighting its strong potential for accurate and robust rapid coal quality detection.
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1. Introduction

As the primary source of primary energy and electricity
production in China, the quality parameters of coal di-
rectly affect combustion efficiency, energy utilization, and
environmental emissions [1]. Conducting rapid and ac-
curate coal quality testing helps improve coal utilization
efficiency, optimize production processes, and reduce pol-
lutant emissions such as carbon dioxide. Although tradi-
tional laboratory chemical analysis offers high precision, its
complex procedures, high labor and time costs make it un-
suitable for industrial sites requiring online, near real-time,
and non-destructive testing. In recent years, technologies
such as Laser-Induced Breakdown Spectroscopy (LIBS) [1],
Near-Infrared Spectroscopy (NIRS) [2], and X-Ray Fluores-
cence Spectroscopy (XRF) [3] have shown great promise in
rapid coal quality testing. With advantages such as high

efficiency, speed, and being non-destructive or minimally
destructive, these techniques have been widely used for
the quantitative analysis of key indicators like moisture,
volatile matter, and sulfur content [4]. Combined with deep
learning methods, they further facilitate efficient modeling
and accurate prediction of related indicators [5].

However, real-world industrial applications commonly
face the challenge of domain shift, where a model’s cross-
domain generalization performance significantly declines
when testing conditions deviate from the modeling con-
ditions. A typical scenario involves spectral distribution
variations caused by changes in the distance between the
sampling device and the coal sample surface (e.g., 5, 10,
15, 20 mm). Alterations in the ranging geometry affect fac-
tors such as spot size and the ratio of diffuse to specular
reflection, leading to systematic spectral shifts in the same
sample at different distances. This consequently causes
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a notable drop in cross-domain prediction accuracy [6].
Therefore, achieving effective model transfer and robust
generalization under varying measurement conditions has
become a critical issue that urgently needs to be addressed
for the industrial deployment of coal quality spectral anal-
ysis.

To address distribution shifts, researchers have pro-
posed various transfer and calibration methods. In the
field of chemometrics, techniques like Direct Standardiza-
tion (DS) and Piecewise Direct Standardization (PDS) uti-
lize "co-measured samples” from the source and target do-
mains to establish global or local linear mappings, enabling
model transfer across instruments or conditions [7]. In ma-
chine learning and deep learning, statistical moment match-
ing methods (e.g., Maximum Mean Discrepancy, MMD
[8]; CORrelation ALignment, CORAL [9]) and adversarial
domain adaptation approaches (e.g., Domain-Adversarial
Neural Network, DANN [10]) enhance cross-domain gener-
alization by aligning the feature distributions of the source
and target domains.

Most of the above methods are limited to single-
source domain scenarios, making it difficult to fully uti-
lize multi-condition data (e.g., multi-range geometries)
commonly encountered in industrial settings. In this con-
text, Multi-Source Domain Adaptation (MSDA) has grad-
ually emerged as a research hotspot [11]. By integrating
knowledge from multiple source domains and collabora-
tively transferring it to the target domain, this approach
has demonstrated promising performance in fields such
as computer vision and medical imaging. Representative
methods include M3SDA based on moment matching [12],
MDAN based on adversarial confusion [13], and robust
transfer methods based on source domain selection [14].
Meanwhile, recent advancements in multimodal and multi-
view learning have also provided significant inspiration:
for instance, graph-guided information bottleneck multi-
view representation [15], progressive partial view align-
ment clustering [16], consistency-aware incomplete multi-
modal alignment methods [17], and complementary mod-
eling in cross-modal generation [18]. These approaches
demonstrate that by fully leveraging the complementary
information from multiple modalities or views, robust mod-
eling can be achieved without relying on labeled data or
annotations from the target domain, offering new insights
for multi-source domain extension in coal spectral scenar-
ios. Building on this, this paper attempts to extend single-
source transfer to a multi-source transfer framework and
explores achieving stable and reliable cross-domain predic-
tions under conditions where target domain data is entirely
unavailable.

Based on the above background, the main contributions
and innovations of this paper are as follows:

* Multi-source domain adaptation modeling for multi-
geometry ranging. To address spectral distribution
variations caused by ranging changes (5, 10, 15, 20
mm), a unified multi-source domain modeling frame-
work is constructed to achieve robust generalization
under cross-domain conditions, filling the research
gap in multi-source cross-domain modeling of coal
spectra;

¢ The collaborative mechanism between the source-
domain-specific regression head and the domain-
invariant regression head. The source-domain-specific
regression head is designed to retain task-specific in-
formation from the source domain, while the domain-
invariant regression head learns transferable shared
features. The two complement each other, effectively
balancing task identifiability and cross-domain robust-
ness;

* Domain-adaptive weight allocation based on perfor-
mance discrepancy. A strategy is proposed to dynami-
cally adjust training weights based on the predictive
performance of the source domain, compelling the
model to focus more on difficult-to-learn domains and
avoid overfitting to easy-to-learn domains.

Systematic experimental results on actual collected
coal spectral data demonstrate that the proposed method
achieves stable and reliable cross-domain predictions un-
der multiple ranging geometries, significantly outperform-
ing other compared machine learning and deep learning
approaches, validating its effectiveness and application
potential in rapid coal quality detection scenarios.

2. Related works

2.1. Domain Adaptation Regression

As a crucial branch of transfer learning, DAR aims to ad-
dress the prediction of continuous variables when there is
a distribution discrepancy between the source and target
domains. Compared to classification tasks, DAR is more
challenging because it requires ensuring the accuracy of
regression mapping while aligning distributions [19]. Early
research primarily focused on distribution discrepancy met-
rics and theoretical analysis. For instance, proposed the
discrepancy distance based on the Reproducing Kernel
Hilbert Space, providing a theoretical foundation for er-
ror bounds and algorithm design in DAR. Subsequently,
methods like CORAL and MMD improved generalization
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by minimizing the statistical distribution differences be-
tween the source and target domains [8, 9]. In unsuper-
vised scenarios, DARE-GRAM leverages the inverse Gram
matrix to preserve the structural properties of linear re-
gression solutions [20], while the COD method introduces
conditional operator discrepancy based on kernel embed-
dings to achieve conditional distribution alignment [21].
In recent years, DAR applications in multi-source and dy-
namic environments have gained increasing attention. For
example, Wu et al. [22] proposed a similarity-weighted
multi-source integration approach, and Zhang et al. [23]
combined continual learning to introduce dynamic DAR,
addressing prediction challenges in complex industrial op-
erating conditions.

2.2. Multi-Source Domain Adaptation

MSDA aims to enhance the learning performance of the tar-
get domain by leveraging knowledge from multiple source
domains. Compared to single-source domain adaptation,
MSDA better aligns with real-world application needs but
also faces challenges such as distribution discrepancies
among source domains and negative transfer [24]. Existing
research can be broadly categorized into three approaches:
The first involves distribution alignment methods, with rep-
resentative examples including moment matching-based
M3SDA [12] and category transfer-based DCTN [25]. The
second category comprises adversarial approaches, such
as MDAN [13] and maximum classifier discrepancy (MCD)
[26], which learn domain-invariant representations through
multi-discriminator adversarial training. The third cate-
gory includes weighting and ensemble methods, which
mitigate negative transfer by adaptively balancing source
domain contributions via weighting mechanisms or atten-
tion [27]. Compared to single-source methods, MSDA can
more effectively utilize complementary information from
multiple source domains, demonstrating stronger practical
value in complex application scenarios such as coal mine
spectral analysis.

2.3. Domain-Adversarial Learning

DAL is a key approach to addressing cross-domain distri-
bution discrepancies, with its core idea rooted in adversar-
ial training mechanisms. By introducing a game-theoretic
process between the feature extractor and domain discrim-
inator, it compels the model to learn domain-invariant
features, thereby enhancing generalization capabilities in
the target domain. The initially proposed DANN frame-
work systematically established the domain-adversarial
concept and achieved end-to-end optimization through a
gradient reversal layer [28]. Building on this, CDAN [29]

further incorporated conditional distribution constraints
to enhance feature discriminability, MADA [30] achieved
fine-grained modeling of category-domain relationships
via multi-domain discriminators, while AEN [31] lever-
aged feature norm regularization to improve cross-domain
robustness. These methods effectively mitigate the limita-
tions of traditional global adversarial approaches in mod-
eling complex cross-domain relationships. In recent years,
domain-adversarial learning has gradually expanded to
multi-source domain adaptation [13] and unsupervised
scenarios [26], better meeting the demands of diverse real-
world applications.

3. Proposed method

3.1. Problem Definition

In the multi-source domain adaptation problem, we
assume the existence of K source domains D; =
{DS(1>, Dgz), ey DS(K)} and one target domain D;. Each do-
main D) consists of an input space X' and an output
space V(). The source domain data is {(xgi),ygi)) K,
where xgi) € /'\,’S(i), and ygi) € ys(i) , the target domain data
is {x;} where x; € A}, and the target domain labels are
unknown.

In near-infrared spectroscopy analysis, different mea-
surement conditions can lead to distribution shifts in spec-
tral data. Let X() represent the spectral data of the i-th
domain and Y the corresponding target values. The do-
main adaptation problem can then be formulated as:

K , .
min )~ Loagk (fo (X)), YD) + A Lagup (X1, ., X))
i=1

Among them, Ly, is the task loss, L4, is the domain
adaptation loss, and A is the balance parameter.

3.2. Feature Representation Preprocessing
To enhance the expressive power of spectral features, this
paper designs a three-channel feature representation that
transforms the original spectral data into a multichannel
representation encompassing different information dimen-
sions.As shown in Fig. 1 is the corresponding three-channel
feature processing.

Channel 1 is the original spectrum, which retains all the
information of the spectral data.

Xraw = X (2)

Channel 2 employs Savitzky-Golay filtering, where the
processed data not only accentuate spectral peak variations
but also effectively suppress noise. In this step, a window
size of 11 and a polynomial order of 2 are used.

Xderiv = SG(X) 3)
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Channel 3 is the standard normal variation (SNV) trans-
formation, which can eliminate spectral amplitude differ-
ences caused by scattering, uneven particle size, or varia-
tions in measurement conditions.

X —px
ox

Xsno = (4)
Among them, yx and o are the mean and standard devia-
tion of the sample, respectively.

The final feature is constructed by stacking the three
channels, each with the same dimensionality, into a unified
three-channel representation.

Xaen = Stack([Xraw, Xgerips Xsno]) € RN*3*D 5)

3.3. Loss Function

This section will provide a detailed introduction to the task
loss and the domain adaptation loss proposed in this paper.
The overall loss function in this paper is the following.

Liotal = Lsource + Lsnared + A3 L domain + A4£align (6)

Among them, Lsource and Ly, are task losses, while
Ljomain and Ly)j¢, are domain adaptation losses. Az and
A4 are hyperparameters.
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Fig. 1. Architecture of the multi-source domain adaptation
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model. Three-channel features are processed by an MLP,
followed by dual regression heads for source fitting and
target generalization. Domain-invariant features are then
used for alignment and adversarial adaptation, with
dynamic weight adjustment applied to the invariant
regression head and adaptation loss

3.3.1. Task Loss

The task loss in this paper utilizes a dual-head regression ar-
chitecture, which includes a source-domain-specific regres-
sion head and a domain-invariant regression head, each

responsible for different learning objectives. The source-
domain-specific regression head is solely used for calculat-
ing the loss and the final prediction result is entirely output
by the domain-invariant regression head.

The source-domain-specific regression head makes pre-
dictions based on features learned by the network from
processed raw data, ensuring the model’s fitting capability
on the source domain, with its loss defined as:

K Ni . .
Lsource :% & %1 ;:21 {/\1 - MSE (fsource (gfm(xgl’]))),yﬁ"]))

+ Ay - MAE <fsource (gfeat (x§il/) ))r ]/gi/j) ) :|

@)

Among them, fsource is the head of the domain-specific
regression of the source, g .y is the feature extractor, MSE

is the mean squared error, MAE is the mean absolute error.
The domain-invariant regression head learns domain-

invariant features from data for prediction, enhancing cross-

domain generalization capability, with its loss defined as:

N;

1 & 1 y u
Lshmud :E sz . ﬁ Z [/\l - MSE (fshamd(ginv(gﬂ’nt(x§ l/))))ryg /))
i=1 = ®)

+ Az - MAE (fsh/zred (ginv (gfgm (Xgi/l) ))), ny,/) ):|

Among them, fg4/e4 is the head of domain-invariant re-
gression, gjy, is the domain-invariant feature learning mod-
ule, w; is the dynamic weight of the i-th source domain.

The dynamic weight adjustment mechanism adaptively
adjusts weights based on the actual performance of each
source domain during training. It monitors the R? val-
ues at fixed epoch intervals and dynamically adjusts train-
ing weights according to cumulative performance gaps.
This mechanism can automatically balance learning across
source domains, significantly improving training effective-
ness.

The performance of each source domain is as follows,
measuring the predictive performance of the domain-
invariant regression head.

Rgi) =R’ (fshared (&inv (gfeat (Xs<l) ) Ys@) 9)

Calculate the average performance of the last T epochs
for each source domain. The averaging window T for per-
formance calculation needs to balance weight adjustment
stability and source-domain performance sensitivity. If T
is too large, it causes a lag in weight adjustment and re-
duces responsiveness to challenging source domains. If
T is too small, the calculation becomes highly sensitive to
single-epoch noise, which may lead to weight oscillations.

1 to+T—1

RO =2y R (10)
t=tg

When the cumulative performance gap between the
best-performing source domain and the worst-performing
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source domain exceeds the threshold 7, weight adjustment
is triggered, and the weight update rule is as follows.

Wi = {mln(wmﬂ/ wi +'B+ ( overall — R(l))) if R(l) < Rovemll
i = o= _
Roverant))  if RO > Roveratl
an
K Z1 1R + B+s B~/ Wyin and
Wmax are hyperparameters. Such settings effectively pre-

max (Wyiy, w; — p— - (R —
Among them, Roverall =

vent training bias and maintain balanced contributions
among multiple source domains.

Finally, weight normalization is performed to ensure
training stability.

W= —— K (12)
Y= @j

The source domain-specific head ensures the fitting ca-
pability of the source domain and stabilizes the perfor-
mance of regression tasks, without being compromised by
domain adversarial training. The domain-invariant head
learns domain-agnostic features, ensuring generalization
capability in the target domain. The two regression heads
complement each other, simultaneously minimizing both
the overall generalization error and the per-domain regres-
sion error, making the model more flexible and robust than
single-head models, thereby enhancing the overall perfor-
mance of the model.

3.3.2. Domain Adaptation Loss

The domain adaptation loss in this paper consists of feature
alignment loss and domain adversarial loss. The purpose
of feature alignment loss is to reduce the feature distribu-
tion differences between different source domains, while
domain adversarial loss learns domain-invariant features
by introducing an adversarial game mechanism.

The feature alignment loss is formed by a weighted sum
of three sub-losses, which measure and narrow the feature
distribution between source domain i and source domain
j from different perspectives, promoting the alignment of
feature distributions across source domains. The w; in the
following equation refers to the dynamic weight adjust-
ment mechanism mentioned above.

Lotign = — 1 Zl ; w; - alzgn (13)
1 J7t
£l = + L) ol (14)
align ’”3‘”‘ mmd

Among it, «, B and 1 all are hyperparameters.

The mean alignment loss aligns the first-order statis-
tics of features from two domains, namely their "mean" or
"center", ensuring that features from different domains are
generally located in the same place.

L), = MSE (i, ;) (15)

BTN Qi (8 fear (8.

The standard deviation alignment loss aims to align

where y; =

the second-order statistics of features from two domains,
namely their variance or standard deviation. It not only
requires the feature centers of the two domains to coincide
but also demands that their distribution shapes be similar.

£ — MSE(a, ;) (16)

Among it, 0; = \/%‘ ZkN;1 (ginv (gfeut(xghk))) - Vi)Z'

The alignment combining first-order and second-order
statistics essentially constrains the two distributions to
share identical means and variances, a method commonly
referred to as CORrelation ALignment (CORAL).

MMD is a more powerful and versatile non-parametric
metric used to determine whether the feature distributions
of two source domains are identical. It achieves this by
calculating the distance between the embeddings of two
distributions in a reproducing kernel Hilbert space.

L) = MMD (i (8 feat (X)), Gino (8 peat (X)) (17)

mmd

MMD loss calculation is

1 n n m
MMD(X,Y) =— Y3 k(xi, X)) + — Y3 k(yi, ;)
i=1j=1 i=1j=1
2 33 kxiy)
- — k(x;,y
nm i3 i3 v

(18)
Among them, the kernel function k(x, y) is used to calcu-
late the similarity between samples x and y in the high-
dimensional feature space. If the two distributions are con-
sistent, the mean of the within-domain similarity should
be equal to the mean of the between-domain similarity, so
the MMD value will be close to 0.

Zexp( *y” ) (19)

Among them, 07 = 0y - 2! where 0y is the adaptive band-
width parameter. Using multi-scale Gaussian kernels (i.e.,
employing multiple bandwidths) can capture distribution
features at different scales. Large bandwidths capture
the macroscopic overall distribution structure, while small
bandwidths capture microscopic local detail distributions.

The feature alignment loss progressively narrows the
representation gap between source domains by aligning
first-order, second-order, and higher-order kernel statistics,
mitigating distribution shifts. Subsequently, the domain
adversarial loss maximizes domain confusion from the dis-
criminator’s perspective while minimizing domain separa-
bility from the representation’s viewpoint, approximating
domain-invariant representations.
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Domain adversarial loss achieves domain-invariant fea-
ture learning through a gradient reversal layer.

—_

K
‘Cdumain = R wi+
i=1

1

N; iy
7 L CrossEntropy (D(GRL(gino (eat (xi))), ), d;)
ij=1

-

(20)
Among them, D is the domain classifier; GRL is the gra-
dient reversal layer; « is the gradient reversal intensity
parameter, which controls the intensity of adversarial train-
ing by adopting a sigmoid schedule; d; is the label of the
i-th domain, d; € {1,2,3}.
First, forward propagation is performed through the
gradient reversal layer, which is GRL(x, &) = x, then mul-
tiplied by the negative coefficient «, and backpropagation

. . - 3GRL(x.x)
1S Carrled out usmg ox

= —un- % When optimiz-
ing the domain classifier D, gradients propagate normally,
allowing the parameters of the domain classifier D to be up-
dated for better classification. However, when optimizing
the feature extractor, the GRL reverses the gradient sign,
meaning the feature extractor updates its parameters in the
direction that increases the domain classification loss, effec-
tively striving to make the features harder for the domain

classifier to distinguish.

4. Experiments

4.1. Experimental Details

The experiments in this paper were conducted on a Linux
operating system, with hardware environment being a
CUDA-enabled GPU and development environment be-
ing Python 3.10. The main software libraries relied on for
the experiments include PyTorch for building and train-
ing deep learning models, as well as NumPy and Pandas
for data preprocessing and management. During training,
the Adam optimizer is used with a fixed learning rate of
1 x 1073, without using a scheduler, and set weight decay
to1x 1073,

This training consists of a total of 1,000 epochs, with the
following hyperparameter settings: in the dual regression
head loss, the MSE weight A4 is set to 0.7, the MAE weight
Ay is set to 0.3, the domain adversarial loss weight A3 is
0.5 x progress, and the feature alignment loss weight A4 is
0.2 x progress. Here, progress is the current training epoch
divided by the total number of epochs, representing the
training progress. This means the domain adversarial loss
weight increases from 0 to 0.5 as training progresses, and
the feature alignment loss weight increases from 0 to 0.2.
The weights of the three source domains are initialized to
1, with a weight update threshold 7 of 0.1. The gradient

reversal intensity parameter & adopts a sigmoid schedule.

2
TIT exp(—10- progress)

(1)

The dataset used in this study was collected using the
MicroNIR Pro handheld near-infrared spectrometer. The
instrument operates over a spectral range of 908.1-1676.2
nm with a sampling interval of 6.24 nm, yielding 125 wave-
length points (corresponding to 125 spectral bands). Spec-
tral measurements of each coal sample were acquired at
four sampling distances of 5, 10, 15, and 20 mm. After
preprocessing and quality screening, we obtained spec-
tral feature data for 781 samples, each paired with its cor-
responding air-dried moisture (Mad) content label. The
experiment involves training models on multiple source
domain datasets and then transferring them to the target
domain for testing and evaluation, thereby validating the
effectiveness of the proposed multi-source domain transfer
method.

4.2. Comparison Model Introduction

To comprehensively evaluate the effectiveness of the pro-
posed method, this paper compares it with various typical
domain adaptation approaches, covering different strate-
gies such as adversarial learning and distribution align-
ment. The following is a brief introduction to the basic
ideas of each method.

e DANN [13] reduces the differences in distribution
between domains by introducing a gradient reversal
layer and a domain classifier, allowing the feature ex-
tractor to learn domain-invariant features.

e MMD [8] achieves domain alignment by minimizing
the distribution discrepancy between the source and
target domains in the feature space.

* CORAL [9] achieves distribution calibration by match-
ing second-order statistics (covariance matrix) of the
characteristics of the source and target domains.

e CDAN [29] introduces DANN-based conditional dis-
tribution adversarial learning, using the joint distribu-
tion of features and predicted labels for discrimination,
thereby enhancing the discriminative ability of trans-
fer between domains.

e MDD [32] method measures the discrepancy between
the source and target domains by constructing a loss
of inconsistency based on margins and minimizes this
gap during optimization.
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Table 1. Comparative experimental results of dual-source domain adaptation (10mm+20mm->15mm)

Methods DANN CDAN ADDA MMD CORAL MDD SHOT DIRT-T ours

R? 02439 03181 0.2634 03022 02905 0.2558 0.2593  0.2651  0.6457
RMSE 27971  2.6563 2.7607 2.6870 27095 2.7749 27685 27576  1.9145
MAE 19864 1.8667 2.0311 19519 19042 2.0266 19609 19021 1.2976

Table 2. Comparative experimental results of dual-source domain adaptation (5mm+10mm->15mm)

Methods DANN CDAN ADDA MMD CORAL MDD SHOT DIRT-T ours

R? -0.0876  -0.0539 -0.2469 -0.3072 -0.0735 -0.2729 -0.0091 -0.1626 0.5193
RMSE 3.3546  3.3022 35919  3.6777 3.3328 3.6291  3.2313 34683  2.1987
MAE 22451 21802 25882 24581 2.2085 26732 23408 22737 1.6153

e SHOT [33] does not require access to source domain
data, but instead performs adaptive optimization on
the target domain based on pretrained model parame-
ters from the source domain and a pseudo-label gener-
ation mechanism.

¢ ADDA [34] employs adversarial learning to achieve
the alignment of the feature space by learning a dis-
criminator between the source and target domains.

e DIRT-T [35] enhances the effect of self-training by iter-
atively refining the decision boundaries in the target
domain, thus improving the discriminative capacity
of the model in the target domain.

4.3. Evaluation Metrics
In the experiment, coefficient of determination (R?), root
mean square error (RMSE), and mean absolute error(MAE)
were used to evaluate model performance.

The coefficient of determination (R2) reflects the extent
to which the model explains the variance of the dependent
variable, with values closer to 1 indicating a better fit.

Y (yi — 9:)?
Y (yi—9)?

Among them, y; represents the true value, j; represents the

RZ=1- (22)

predicted value, 7 is the mean of the true values, n is the
number of samples.

Root Mean Square Error (RMSE) measures the devi-
ation between predicted and actual values, with smaller
values indicating higher prediction accuracy.

(yi — 9:i)? (23)

Sy
M=

Il
—_

RMSE =

1

Mean Absolute Error (M AE) represents the average ab-
solute deviation between predicted results and actual val-

ues, providing an intuitive reflection of the error magni-
tude.

1 & R
MAE = - Y lyi — il (24)
i

4.4. Comparative Experiment

To further validate the effectiveness of the proposed
method, this paper conducts experiments under two dif-
ferent settings (dual-source domain and triple-source do-
main) and compares with multiple baseline approaches. It
is worth noting that all baseline models included in the
comparison were implemented using the same network
architecture and training configurations to ensure a fair
and consistent evaluation. By comparing the predictive
performance of different methods on the same task, it intu-
itively demonstrates the advantages of the proposed model
in cross-domain regression tasks.

4.4.1. Dual-source Domain Adaptation

In this section, two out of the three available source do-
mains (5 mm, 10 mm, and 20 mm) are selected for training
in each experiment, while the remaining domain (15 mm)
serves as the target domain for testing. These distance val-
ues represent the sampling distances between the probe
and the sample. Tables 1 to 3 summarize the performance
of different methods under various source-domain settings
in terms of R2, RMSE, and MAE. The bold results indicate
the best performance, and the underlined ones denote the
second-best results.

Table 1 presents the results obtained when using the 10
mm and 20 mm domains as sources and the 15 mm domain
as the target. Since the selected source domains are close to
the target domain and jointly provide complementary in-
formation from both near and far sampling distances, they
effectively cover the target domain’s feature distribution.
Consequently, the learned domain-invariant representa-
tions are more comprehensive and transferable. Under this
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Table 3. Comparative experimental results of dual-source domain adaptation (5mm+20mm->15mm)

Methods DANN CDAN ADDA MMD CORAL MDD SHOT DIRT-T ours
R? 0.1508  0.1198  0.2286 0.2195 0.2202 02619 0.1562 0.0775  0.6062
RMSE 29643  3.0178 2.8252 2.8418 2.8406 2.7636 2.9548 3.0895  2.0185
MAE 1.9864  1.8667 2.0311 19519 19042 2.0266 19609 19021 1.3475
Table 4. Comparative experimental results of triple-source domain adaptation
Methods DANN CDAN ADDA MMD CORAL MDD SHOT DIRT-T ours
R? 0.3371 02473  0.3992 0.3569 0.3749 0.3942 0.3573 0.2920 0.7336
RMSE 26191 27906 24932 25795 25431 25036 25787 27066  1.6601
MAE 1.8109  2.0455 1.6888 1.8116  1.7601 1.7116  1.8020 1.9420  1.0987

dual-source configuration, the proposed model achieves
the best overall performance (R2 =0.6457, RMSE = 1.9145,
MAE =1.2976), outperforming all baseline methods.

In contrast, Table 2 shows the results for the 5 mm and
10 mm source-domain setting. Because both source do-
mains have smaller probe-sample distances than the tar-
get domain (15 mm), their spectral distributions are rela-
tively similar and lack information from farther distances.
As a result, the learned domain-invariant features exhibit
weaker generalization capability, leading to slightly lower
performance (R2 =0.5193, RMSE =2.1987, MAE = 1.6153).
Nevertheless, the proposed framework still significantly
surpasses all baseline approaches, demonstrating that it
can capture stable and task-relevant representations even
under limited domain diversity.

For the Table 3 setting with 5 mm and 20 mm as source
domains, the domain discrepancy is the largest, represent-
ing an extreme condition of distance shift. Although this
setup covers a broader measurement range, the substantial
spectral differences between the 5 mm and 20 mm datasets
increase the difficulty of domain alignment. Consequently,
compared with the (10 mm + 20 mm) setting, the model
achieves robust but slightly inferior performance (R? =
0.6062, RMSE =2.0185, MAE = 1.3475). This observation
suggests that excessive domain discrepancy may hinder
effective domain-invariant feature learning, although the
proposed dynamic weighting mechanism still manages to
balance the contributions of multiple source domains effec-
tively.

4.4.2. Triple-source Domain Adaptation

Table 4 presents the performance of different methods in
terms of R2, RMSE, and MAE. When extended to the
three-source scenario, the proposed model achieves the
best overall performance, with R? increasing to 0.7336 and
RMSE and MAE decreasing to 1.6601 and 1.0987, respec-
tively. Integrating all three source domains enables the

model to fully exploit complementary spectral informa-
tion, expand the coverage of domain characteristics, and
enhance its generalization capability to the target domain.

4.4.3. Results and Visual Analysis

The performance advantages can be attributed to three
main aspects: (1) The multi-head regression architecture
effectively enhances the generalization capability in the
target domain while ensuring source domain fitting. (2)
The combination of domain adversarial training and fea-
ture alignment strategies, through gradient reversal, dis-
tribution statistical matching, and multi-scale MMD, sig-
nificantly reduces inter-domain discrepancies. (3) The dy-
namic weight adjustment mechanism enables flexible allo-
cation of learning resources when multi-source distribution
differences are substantial, further improving adaptability.
In summary, both dual-source and triple-source experi-
ments validate the superior performance and robustness of
the proposed method in cross-domain regression tasks.

A comprehensive analysis of the dual-source and triple-
source domain experimental results suggests that the con-
tribution differences among source domains are primar-
ily determined by their domain shift degree relative to
the target domain and their respective data distribution
characteristics. The source domain closest to the target do-
main in sampling distance and showing the highest spec-
tral distribution overlap exhibits the weakest domain shift
effect. This domain provides the model with fundamen-
tal transferable features and ensures baseline accuracy in
cross-domain predictions. In contrast, source domains with
larger domain shifts cover a wider range of measurement
scenarios and supplement the model with additional spec-
tral characteristics from both near and far measurement
distances. This complementary information effectively en-
hances the model’s adaptability to variations in domain
shift.

Fig. 2 illustrates the low-dimensional distribution of
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Fig. 2. t-SNE feature visualization. From left to right are the original features, MLP features, and domain-invariant features

three feature representations during model training. As
shown in Fig. 2a, the original spectral features from dif-
ferent sampling distances are clearly separated, exhibit-
ing distinct domain-specific clusters. This reflects substan-
tial inter-domain discrepancies, making direct modeling
prone to poor target-domain generalization. After nonlin-
ear feature extraction (Fig. 2b), the boundaries between
domains become less pronounced, with partial overlap
emerging in the feature space, indicating improved cross-
domain consistency. However, notable domain differences
remain and full alignment is not yet achieved. In con-
trast, Fig. 2c shows that the final domain-invariant features
form a highly mixed distribution with substantial overlap
across domains, demonstrating that the proposed adver-
sarial training and alignment strategy effectively reduces
inter-domain discrepancies and enables the model to learn
robust domain-invariant representations.

200 (L igeal Fit (y=x) |10
s . -
et
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Fig. 3. The scatter plot of predicted versus true Mad values

Fig. 3 illustrates the relationship between the predicted
and true Mad values in the target domain. Overall, most
data points are densely distributed along the ideal fit line
(y = x), indicating a strong linear consistency and cor-
relation between the predicted and actual values, which
reflects the model’s excellent regression performance. In

general, the model exhibits high predictive accuracy in the
target domain, with the majority of samples showing errors
within a reasonable range. However, it can be observed
that prediction errors tend to increase as the Mad value be-
comes larger. This phenomenon may result from enhanced
spectral nonlinearity and reduced signal-to-noise ratio un-
der high-moisture conditions, which increase the model’s
prediction uncertainty in that range.

Figs. 4 and 5 provide an intuitive assessment of the
model’s predictive performance and error distribution in
the target domain. As shown in Fig. 4, the predicted val-
ues closely follow the ground truth across a wide range
of moisture levels, reflecting strong fitting capability and
generally small deviations. Noticeable fluctuations appear
only in the high-moisture region, indicating reduced model
stability under elevated humidity conditions, likely due to
increased spectral nonlinearity and a diminished signal-to-
noise ratio. Fig. 5 further illustrates that most samples fall
within the +tMAE interval (green-shaded region), demon-
strating low and uniformly distributed errors overall. Only
a small number of samples exceed twice the MAE, primar-
ily concentrated in the high-moisture range, which further
confirms the presence of systematic deviations under such
conditions. Overall, the model exhibits strong predictive
stability and generalization in low and medium moisture
ranges, while performance under high-moisture conditions
remains an area for potential improvement.

4.5. Ablation Study

To validate the effectiveness of each module in the model,
ablation experiments were conducted under the three-
source-domain condition. By sequentially removing key
modules from the model—including the source-specific
regression head Lsoyrce, domain-invariant regression head
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Table 5. Ablation experiment results

Lsource  Lsnared  Ldomain Eulign w R? RMSE  MAE
v v v v’ 0.6831 1.8108 1.2350
v v v v’ 0.6723 1.8413 1.2820
v v v v’ 06687 1.8515 1.2743
v v v v’ 0.6589 1.8787 1.2464
v v v v 0.6718 1.8428 1.2644
v v v v v’ 07336 1.6601 1.0987
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Fig. 5. Variation of prediction error relative to the average error across the sample sequence (sorted by true labels)

Lspared, domain adversarial training £ jo,,4i,, feature align-
ment L, and dynamic weight adjustment strategy W.
The performance variations under different module omis-
sions were compared. Table 5 presents the ablation exper-
iment results, where v" indicates the use of the module, a
blank space indicates its absence and bold indicates the
optimal result.

As can be seen from Table 5, the removal of any mod-
ule leads to a decline in model performance, indicating
that each module plays a positive role in improving over-
all performance. Among them, the removal of the feature
alignment loss results in the most significant performance
drop, demonstrating that distribution alignment is crucial
for reducing inter-domain differences and enhancing gen-

eralization capabilities in cross-domain tasks. Meanwhile,

other modules also contribute significantly to improving
model stability and prediction accuracy. In summary, only
when all modules work together can the model achieve
optimal performance, which fully validates the rationality
and necessity of the proposed overall architecture design.

5. Conclusions

This paper proposes a cross-domain modeling framework
for multi-source domain regression tasks, with its core con-
tributions reflected in the following aspects. Firstly, a multi-
head regression structure is introduced, combining source-
domain-specific regression heads with domain-invariant
regression heads to achieve an effective balance between
source-domain fitting and target-domain generalization.
Domain adversarial training in domain adaptation progres-
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sively reduces distribution discrepancies between different
domains, enhancing the domain invariance of features. Si-
multaneously, feature alignment strategies, through mean-
variance alignment and multi-scale MMD loss, further nar-
row the differences between source domains at both statis-
tical and distributional levels, ensuring consistency in the
feature space. The proposed dynamic weight adjustment
mechanism adaptively allocates training weights based on
the performance of each source domain, thereby prevent-
ing any single source domain from dominating the model
training and enhancing overall robustness.

In the comparison experiments between dual-source
and triple-source scenarios, the proposed method signif-
icantly outperformed various typical domain adaptation
approaches across all metrics, and ablation studies further
validated the effectiveness of each module’s design. Fu-
ture work could explore more efficient alignment methods
and lightweight model architectures based on this foun-
dation to promote the application of multi-source domain
adaptation in more complex scenarios.
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