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Multiscale Discriminative Feature Adaptive Learning
Network for Hyperspectral Image Classification

Linfeng Liu®, Shuanggen Jin

Abstract—Deep learning has advanced hyperspectral image
(HSI) classification by efficiently extracting spectral and spatial
features. However, its performance is often limited when labeled
data are scarce and class distributions are imbalanced. Moreover,
current methods frequently fail to effectively capture multiscale
discriminative representations that bridge local spatial details with
global contextual information. To address these challenges, in this
work, we present a multiscale discriminative feature adaptive
learning (MDFAL) network for HSI classification. MDFAL em-
ploys a cascaded architecture that integrates shallow, intermediate,
and deep sub-networks, jointly optimized through multiscale fea-
ture outputs and adaptive weighting of multitask losses. To capture
discriminative representations more effectively, the framework
incorporates three complementary modules: 1) a spectral-spatial
attention module that strengthens cross-dimensional interactions
while suppresses redundancy; 2) a convLSTM-based contextual
learning module that models both short- and long-range spectral
dependencies together with spatial context; and 3) a dilated con-
volution block that expands the receptive field, thereby enhanc-
ing multiscale representation across network layers. Experimental
results demonstrate that the proposed MDFAL model surpasses
existing methods by effectively capturing multiscale discriminative
features with yielding strong intraclass compactness and interclass
separability. Under identical conditions, MDFAL improves overall
accuracy by 2.31%, 3.12%, and 3.10% on the Indian Pines, Pavia
University, and Tea datasets, respectively. These improvements
arise from the synergistic interaction between its cascaded shal-
low, intermediate, deep architecture, and adaptive multiscale loss
weighting. The findings confirm MDFAL as a robust framework
for advancing HSI classification network design.
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|. INTRODUCTION

AND-USE classification using remote sensing imagery

has become a key priority in Earth observation, driven by
advances in aerospace imaging, the integration of multisource
datasets, and continuous improvements in imaging methodol o-
gies[1],[2],[3]. Hyperspectral image (HSI) captures surfacere-
flectance across hundreds of narrow bands spanning the visible,
near-infrared, shortwave infrared, and thermal infrared regions.
Each spectral range provides unique diagnostic information but
also faces inherent limitations. Visible and near-infrared bands
are effectivefor vegetation and land-cover classification, though
they are hindered by atmospheric scattering and water vapor
absorption. Shortwave infrared bands are highly sensitive to
mineral and soil properties yet require stringent atmospheric
correction. Thermal infrared bands uniquely enable energy and
temperature-related analyses, but their spectral resolution is
comparatively lower. Harnessing the complementary strengths
of these spectral domains is central to achieving fine-grained
material discrimination in Earth observation. Each image cap-
turesspatial variationintwo dimensionsand spectral variationin
thethird, encoding distinctive radiometric signaturesfor various
land-cover types. As aresult, HSI has seen rapidly adopted di-
verseapplications, for instance, urban land-use mapping [4], [5],
mineral and marine exploration [1], crop yield and pest analysis
[6], disaster assessment [7], and environmental protection [8].
Thiswidespread adoption islargely due to the unique strengths
of HSI data, including high information content, fine spatial and
spectral resolution, and strong i nteroperability with cartographic
frameworks.

To assess HS| analysis, researchers have developed a wide
range of classical classification a gorithmstailored to the unique
properties of HSI data [9], [10], [11]. These efforts highlight
the central role that HSI classification across numerous appli-
cations. Previous studies have engrossedly focused on machine
learning methods such as support vector machines (SVM) [12],
k-nearest neighbor (KNN), naive Bayes, radial basis function
networks, decision trees [13], and extreme learning machine
[14]. These approaches primarily relied on spectral features and
often failed to capture the complex spatial structures present
in HSI data, resulting in spatial inconsistencies often referred
to as the “pretzel” effect. Among these methods, SVM in-
troduced kernel-based transformations to create discriminative
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hyperplanes, while KNN applied a simple Euclidean metric
to evaluate sample similarity. Recognizing the importance of
spatial information, subsequent research introduced numerous
techniques that combine spatial and spectral domains, in turn,
improving classification performance [15]. These include joint
sparse representation models [16], superpixel-based segmenta-
tion[17], and morphol ogy-driven approaches[18]. Nonethel ess,
challenges remain due to their strong nonlinearities in HS
data, spectral redundancy [19], interband variation, and limited
labeled samples [20], all of which constrain. The effectiveness
of traditional machine learning methods.

In response, a variety of deep learning approaches have
emerged for hyperspectral feature extraction [21], including
autoencoders, deep belief networks [22], and recurrent neu-
ral networks (RNNs) [23]. The rise of deep learning in com-
puter vision has motivated its application in HSI classification.
Deep networks are increasingly employed for their capabil-
ity to automatically extract abstract and robust features from
raw data, minimizing the need for manual feature engineer-
ing [24]. Among them, convolutional neural networks (CNNs)
have achieved notable accomplishments by leveraging local
connectivity, weight sharing, and parameter efficiency [25].
Both two-dimensional (2-D) CNNs[26] and three-dimensional
(3-D) CNNs [27] have proven effective in extracting spatial
and spectral features, respectively [28]. Deeper architectures
such as VGG and GoogLeNet have also been adapted for HS
classification; however, their performance often suffers from
gradient vanishing issues as depth increases. Residual networks
(ResNets) [29] mitigate this limitation by introducing identity
shortcut connections that stabilize training and enhance accu-
racy. Based on CNN and ResNet backbones, numerous HSI
classification models (e.g., SSRN [27], DFRN [30], RSSAN
[31]) have been devel oped for multiscal e spatial—spectral feature
extraction [32], achieving superior performance compared to
traditional methods [33].

RNNshave beenwidely usedin HSI classification dueto their
ability to extract sequential and semantic features from spectral
data[34]. To overcome vanishing and exploding issues common
in conventional RNNSs, long short-term memory (LSTM) net-
works were introduced. LSTMs effectively capture long-range
dependencies in continuous data, offering improved stability
and performance over conventional RNNs [35]. However, a
key limitation of LSTMs is the need to flatten input data into
one-dimensional sequences, which disrupts the inherent spatial
structure of HSI data. To overcome thisdrawback, Shi et al. [36]
proposed the convolutional LSTM (ConvL STM), which incor-
porates convolutional operations within the LSTM framework.
Thereby, preserving spatial dimensions during the temporal
modeling processimprovesthe ability to capture spatiotemporal
dependencies [37]. Building on this concept, severa advanced
architectures have been developed for HSI classification, in-
cluding Spectrum—Space LSTM [38], Bi-ConvLSTM [39], and
ConvLSTM 3-D [40]. Notably, models such as ASCLNN [41],
RS-AMCNN [42], and ASSMN [43] have demonstrated state-
of-the-art classification performance with higher accuracy.

Attention mechanisms, inspired by human visual perception,
have also been integrated into deep learning models to focus

28481

selectively on salient information while filtering out irrelevant
information [44], [45]. These mechanisms have significantly
enhanced model performance across various fields [46], [47],
including classification [48], [49]. In remote sensing, attention
modul es enabl e adaptive weighting of spatial and channel-wise
features, leading to improved feature representation and classi-
fication accuracy. In the context of HSI classification, numer-
ous attention-based deep learning models have been devel oped
[50], [51]. For example, Li et al. [41] introduced A3CLNN, a
dual-channel ConvLSTM classifier that incorporates attention
for enhanced spatial and spectral modeling. Similarly, Jie et al.
[42] proposed RSSAMCNN, an attention-guided multibranch
framework incorporating adaptive region selectionto boost clas-
sification performance in complex HSI environments.

With continued innovation, advanced architectures such as
transformers [10], diffusion models[52], and Mamba networks
[53], [54] have been increasingly applied to HSI classification.
Transformer-based models emphasize the extraction of global
contextual information, diffusion models progressively cap-
ture the spatial—spectral distribution of high-dimensional data
through iterative diffusion processes, while Mamba networks
leverage global receptive fields and dynamic weighting mecha-
nismsto overcome modeling constraints, showing strong perfor-
mancein long-sequencetasks. Given the scarcity of labeled HS
samples, various data-efficient strategies have been introduced,
including semi-supervised learning [55], active learning [56],
few-shot learning [57], and generative adversaria networks[20].
More recently, multiscale feature learning that integrates local
representations from CNNs with global context captured by
transformers has also gained growing attention [10], [52].

To extract multiscale discriminative features for HSI clas-
sification, we propose an adaptive learning framework that
integrates a deep ConvLSTM module with a spectral—spatial
attention mechanism. The network consists of three parallel
submodules, each including a spectral—spatial attention mod-
ule (SSAM), a convLSTM-based contextual learning module
(CCLM), aresidual connection, and adilated convolutional unit.
The CCLM is designed to capture both short- and long-term
spectral dependencies while preserving spatial context embed-
ded in HSI data. Simultaneously, the SSAM dynamically learns
spectral and spatial features by attending to location-specific
patterns within the HSI cube. To capture spatial features at
multiple scales, we employ dilated convolutions, while resid-
ual connections facilitate gradient flow and efficient parameter
propagation. Multiscale discriminative features extracted from
the shallow, intermediate, and deep layers are further refined
through a coregulation network with multiple loss branches.
To enhance layer-wise feature optimization, we incorporate an
adaptive weight learning strategy, enabling more accurate and
robust classification. The aims of this study are summarized as
follows.

1) To capture multiscale and highly discriminative spectral—
spatial features, this study proposes an adaptive deep
learning framework for HSI classification. The frame-
work, termed multiscale discriminative feature adaptive
learning (MDFAL), employs a hierarchical architecture
with shallow, intermediate, and deep layers to jointly
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2)

represent spectral—spatial information acrossscales. It fur-
ther incorporates a multitask adaptive weighting strategy
grounded in the principle of homoscedastic uncertainty to
balance multiscale losses, while jointly optimizing cross-
entropy and center losses for more robust training.

To effectively capture global similarity features and both
short- and long-range dependencies among hyperspectral
pixels, we developed an integrated multitype feature ex-
traction module. The framework incorporates an SSAM
to selectively emphasize class-relevant regions, a CCLM
to model cross-band spectral dependencies and spectral—
spatial context relationships, and a dilated convolution
module to expand the receptive field. Collectively, these
components enabl e shallow, intermediate, and deep layers
to learn complementary features across multiple receptive
field scales.
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3) To enhance model convergence and mitigate overfitting,
MDFAL integrates residua connections, batch normal-
ization (BN), and dropout as regularization techniques.
Extensive experiments conducted on three public bench-
mark hyperspectral datasetsdemonstrate that the proposed
cascaded MDFAL network not only effectively extracts
multiscale discriminative features with strong intraclass
compactness and interclass separability, but also exhibits
superior generalization ability and stability.

The rest of this article is structured as follows. Section |1
introduces the neural networks, with emphasis on the convo-
Iutional operations embedded in the proposed MDFAL model.
Section 111 details the MDFAL architecture and parameter set-
tings. Section 1V reports results, evaluation, and comparisons
with state-of-the-art classification methods. Finally, Section V
concludes this article with the main findings and discussions on
future potential directions.

II. MULTISCALE DISCRIMINATIVE FEATURE ADAPTIVE
LEARNING

A. Architecture Diagram

Fig. 1 presents the architecture proposed for HSI classifica-
tion, which integrates attention mechanisms, residual connec-
tions, and ConvLSTM into a hierarchical learning framework.
This design enables continuous extraction of both spectral and
spatial features across multiple levels of abstraction. The net-
work is structured into three levels: shallow, intermediate, and
deep. Each level is designed to capture increasingly complex
semantic representations. Features from each level undergo
independent representation learning and are then fused via a
cross-scale integration module that aggregates complementary
information across layers. Within each tier, spatial, and spectral
feature learning modules produce discriminative outputs that
strengthen the model’ s ability to identify class-specific patterns.
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To optimize training, the model jointly employs cross-entropy
and center loss functions [58], reducing prediction error while
enhancing intraclass compactness and interclass separability.
This optimization is embedded within a multitask learning
framework that adaptively tunes the contribution of each loss
component during training. Through this mechanism, the net-
work effectively consolidates multiscal e discriminativefeatures,
thereby advancing classification accuracy under complex HS
conditions.

Each processing block begins by dividing the input, which
may be the original hyperspectral data cube or the output from
the preceding layer, into multiple spectral segments across a
temporal sequencereferred to as T-period slices. A global atten-
tion mechanism isthen applied to each spectral subcube to most
irrelevant featuresfor classification while reducing theinfluence
of redundant or inappropriate components. This process effec-
tively minimizes spectral redundancy and captures the spatial
distribution of ground objects across temporally partitioned
data. The refined features are then passed through two stacked
ConvLSTM layers, which jointly model local spatial structures
and long-range spectral dependencies across the T-period se-
guence. To further increase the receptive field while maintaining
spatial resolution, 2-D dilated convolutions are used, enabling
multiscale spatial feature extraction. Each stage includes BN
and ReL U activationto stabilizetraining, facilitate gradient flow,
and accel erate convergence. Residual connectionsareintegrated
throughout the network to support efficient feature propaga-
tion and mitigate the risk of vanishing or exploding gradients,
which enhances the robustness and learning efficiency of the
model.

B. Spectral-Spatial Attention Module

Recent advances in HSI classification have facilitated the
development of a variety of attention mechanisms, including
triplet attention modules and transformer-based architectures
[38],[39]. Theseapproachesenhance classification performance
by selectively enriching informative features. Early approaches,
such as SENet, focused primarily on single-dimensiona at-
tention, whereas later methods, including coordinate attention,
incorporated both channel and spatial information. Hybrid archi-
tectures such as CBAM and BAM further extended this concept
by integrating channel and spatial attention either sequentially
or in parallel. Despite these improvements, most existing meth-
ods still struggle to capture the joint dependencies across the
spectral, spatial, and channel dimensions. To overcome this
limitation, we extended previousresearch [59], [60] and propose
anovel attention mechanism that explicitly models multidimen-
sional interactions. This design enhances classification accuracy
by alleviating the suppression of salient features and improving
the global representation of spectral and spatial relationshipsin
HSI data.

Givenaninput featuremap of size ; = RH W€ |et £ and
E5 denote the outputs of the channel and spatial attention mech-
anisms, respectively, and F, denote the final output obtained
through residual attention
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Fig. 3. Structural diagram of individual components.
E. = Ac(Ei) ® Ej
Es = As(Ec) ® Ec
Eo = ES + Ei (1)

where A; and As correspond to the channel and spatial atten-
tion components, respectively, while ® means elemental-wise
multiplication.

Fig. 2illustratesthefunction of the channel-focus submodule,
which uses amultilayer perceptron to compress the feature map
along the spatial dimension. This process captures the global
distribution responses across channel s, enhancing the network’s
capacity to aggregate information over the entire receptive field
and to model complex nonlinear interactionsbetween spatial and
channel dimensions. Similarly, the spatial attention submodule
utilizes two successive 2-D convolutional layers to extract and
integrate spatially salient features, while preserving information
by avoiding pooling operations.

C. Configuration Specifics for a Sngle Module

To effectively capture multiscale discriminative features and
complex local spatia contextual dependencies critical for HSI
classification, the proposed network incorporatesafeaturelearn-
ing module with residual connections. This module includes an
SSAM and a CCLM to enhance spectral—spatial feature rep-
resentation. In addition, the network supports adaptive weight
optimization across multiple modules, tasks, and loss functions.
Fig. 3 presents adetailed illustration of theinternal structure of
arepresentative component.

In this context, the original HSI data cube is denoted as
X = RMWxD ‘with its height, width, and number of spectral
bands represented as H,WW, and D, respectively. To extract
informative spatial context from neighboring pixels, a key pre-
processing step was implemented. A neighborhood block of
size s x s x dwas defined, centered on a target pixel x, and
all surrounding pixels within this block, hereafter referred to as
X© ¢ R®*s*D wereincluded to construct thelocal spatial con-
text. Theresulting three-dimensional representation, denoted as
X©, was subsequently decomposed into its constituent compo-
nentsand reshaped into a1-D sequence of length 7", as described
in (4). This transformation enabled seamless integration into
the ConvL STM module, facilitating the modeling of long-range
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dependencies in the spectral domain. In summary, this prepro-
cessing pipeline systematically prepares the HS| data for the
proposed MDFAL model by extracting localized spatial context
and structuring the data to support temporal modeling across
spectral bands.

The target pixel served as the central reference point. Subse-
quently, the preprocessed data were prepared for input into the
proposed MDFAL model. Notably, al pixelsin the surrounding
region were encompassed within a neighborhood block, here-
after referred to as X© € RS*S*P. Theresulting 3-D represen-
tation, denoted as X ©, wasthen decomposed into its constituent
components and reshaped into a 1-D sequence of length 7', as
described in (4). This transformation enabled subsequent inte-
grationinto the ConvL STM module, facilitating the modeling of
|ong-term dependencieswithin the spectral domain. In summary,
the processing of HSI data involves a systematic sequence of
steps to extract local spatial context and to restructure the data
for effective spectral-temporal modeling within the MDFAL
framework

X® ={Xg Xx5,... . X2,.... X%} 2

where X denotes the tth 3-D sequence of size s x s x d,
d=D/T,andt € {1,2,...,T}. Thevariable T representsthe
number of divisions applied to the spectral axiswithin the Con-
VLSTM layer. To effectively capture spectral—geographical de-
pendencies within each time series, denoted as ¢, the segmented
sequenceis passed through an attention mechanism. The SSAM
comprises two successive 2-D convolutional layers, followed
by a BN layer, anonlinear activation function, a channel atten-
tion submodule, a spectral attention submodule, and a residua
connection. The convolution is performed with a kernel size of
3 x 3, adtride of 1, and zero-padding to maintain consistent
spatial dimensions. BN stabilizes feature distributions, while
therectified linear unit (ReL U) activation promotes sparsity and
reduces overfitting. The corresponding formulation is given in
the following equation:

BtG = frelu (fbn (fcv2D3 (XtG)))
CtG = fbn (fcv2D3 (BtG)) . (3)

The spectral features are initially compressed using a 2-D
convolution with akernel sizeof 1 x 1, astride of 1, and zero-
padding to preserve spatial dimensions. This operation yields a
compression ratio, denoted as v, resulting in a reduced spectral
dimension of s x s x (d/~). During online learning, spatial
structures are preserved while redundant spectral informationis
effectively suppressed. Following compression, the spectral fea-
tures are upsampled using the same convolutional configuration
to restore their original spectral resolution. This reconstruction
enhances spectral representation learning, which is critical for
accurate classification. Notably, the output dimensionality of the
spectral attention submodule (s x s x d) remains identical to
itsinput. Thisrelationship is formally defined by the following
eguation:

Zext = fozne (fre!u (fcszf” <CtG)))
Ber= Zer © X8, (4)
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The sequence characteristics generated by the spectral atten-
tionmechanismaredenotedas{Fc 1, Fc2,..., Fct,. .. Ec 1}
Here, £ representstheoutput of thet attentionunit, f.,,54 and
fcszz s~ denotes 2-D convolutional operations with d and d/~
filters, respectively, and 1 x 1 indicatesthe convolutional kernel
size. The nonlinear activation function is represented by frgu,
while ® denotes the dot product operation. The variable Z
is element-wise multiplied with the input to yield X&, which
serves as the spectrally enhanced feature representation. All
symbols maintain the same definitions as previously introduced.

The spectral attention output is subsequently input to the spa-
tial attention submodule. Within this module, two convol utional
kernelsof size7 x 7 and d/~ filtersare employed, together with
a convolutional layer utilizing zero-padding to preserve spatial
dimensions. The resulting feature map is then passed through
a nonlinear activation function followed by BN, mirroring the
operations performed in the spectral attention submodule. This
consistency in parameter sharing facilitates seamless feature
transfer and accelerates model convergence. The corresponding
operation isformally expressed as follows:

Es + = sigmoid
(fon (forzos (fres (fon (Fazpir (Be0))))) ©)
Zst = freu (fbn (fCVZD;i/’Y (Ect)))

Ys,¢ = Sigmoid( fon(fovzpd (Zs,t)
Est=Yst© Egr. (6)

Thefeaturesequence produced by thespatial attentionmodule
is denoted as Es = {Fs1, Fs2,... Est,... Es1}. The inter-
mediate feature vectors are represented by Zs « and Ys tlet Fs ¢
signify the output of the ¢th spatial attention unit. The operations
fovepd fchD;l /~ correspond to 2-D convolutional functionswith

d and d/~ filters, respectively, and 7 x 7 denote the convolu-
tional kernel size. The symbol fi, refersto BN. To generate a
spatially enhanced feature representation, the spatial attention
submodule output is element-wise multiplied with the nonlinear
input, yielding RR as the normalized informative feature map.

Following processing by the attention module, a sequence
of length 7" and feature dimension s x s x d is systematically
derived from each feature map cube. These sequences are seam-
lessly integrated to conform to the input dimensionality required
by the ConvL STM module, which subsequently processes them
through two consecutive ConvLSTM blocks. Each block com-
prises a CorwvLSTM unit with a hidden state size of 3 x 3,
followed by a BN layer and a nonlinear activation function.
These ConvLSTM modules are specifically designed to model
the global temporal dynamics of the spectral sequence, thereby
capturing long-range spectral dependencies and producing a
normalized attention map. The element-wise multiplication of
the input feature map with this attention map yields a more
robust and informative spectral representation. For clarity, the
mathematical expressions of each processing module are given
asfollows:

Uoim = fau (fon (foums (s) ) )
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TABLE
EXPERIMENT DATASET INFORMATION COMPARISON

Dataset  Sensor size

bands  Spatial r Spectral r
IN AVIRIS  145*145 200 20 m 10 nm 16
PU ROSIS  610%340 103 13 m 4nm 9
Tea PHI 512*348 80 225 m 8nm 10

Class g
0.4-2.5 um
0.43-0.86 um
0.42-0.86 um

fjcvlm =Unim © Es~ (7)

For each ConvL STM module, the output is denoted as Usvim.

Tothisend, adilated convolution strategy isemployed, which,
unlike conventional pooling techniques, preserves informative
features while expanding the receptive field. This design en-
ables the extraction of multiscale contextual representations
without compromising spatial resolution. Each of the T'feature
sequences, derived from the final output of the ConvLSTM
module, is processed by two parallel 2-D dilated convolutional
unitswith akernel sizeof 3 x 3, adilation rate of 2, and astride
of 1. Specifically, the filter number in the initial convolutional
layer is set to d and remains constant until it increasesto 2d in
the subsequent dilated convolution layer, and so forth.

D. Adaptive Optimization With Multiple Losses

The motivation for adopting an adaptive multitask loss
weighting strategy arises from the need to dynamically bal-
ance heterogeneous learning objectives. In multitask learning,
manually assigning fixed loss weights often leads to suboptimal
convergencebecauseindividual tasksdiffer inlearning complex-
ity, gradient magnitude, and convergence behavior. To address
this imbalance, the proposed MDFAL method incorporates a
self-adaptive weighting mechanism that automatically adjusts
task contributionsaccording to task-specific uncertainty and loss
magnitude.

Theoretically, this approach is grounded in the principle of
homoscedastic uncertainty weighting [61], which formulates
eachtask lossasaprobabilisticlikelihood function. By assigning
weights inversely proportional to task uncertainty, the model
emphasi zestaskswith morereliable gradientswhile suppressing
those with higher variance, thereby ensuring a more stable and
balanced optimization process.

Within the proposed MDFAL framework, this adaptive mech-
anism facilitatesjoint optimization across shallow, intermediate,
and deep discriminative feature learning branches, preventing
any single branch from dominating the training. As a result,
the model achievesimproved convergence stability and stronger
complementarity among multiscale spectral—spatial repre-
sentations, ultimately enhancing classification accuracy and
robustness

1 1 1 1
LOSSiota = —5L0sS® + —Loss™ + — Lossyy + — Lossy!
+ L Lose+ L Losg™ + = Losg® + |
= 0ssj = 0SS} = 0! 0g o1
5 6 7

+log oy, + log oz + log o4 + log o5 + log og

+ log o7 8
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Algorithm 1: Training Steps for the Proposed MDFAL.

1. Input: HSI Datawith ground truth is divided into
training and test samples, labels, and time step, batch
size, quantity of filters, and epochs F.

2. Initialize the network weights and biases. The training
samples are fed into the MDFAL network.

3. for E epochs

4. for each batch size training sample

5. SGD updates network parameters, including the loss

weight coefficient, to minimise total 10ss L 0SSy -
The test samples were transferred to the intermediate
model, and the most accurate model was stored.

6. endfor

7. end for

8. According to the trained MDFAL model, the whole HS|
image was predicted.

9. END

where s, m, and d represent the shallow, medium, and deep
losses, respectively. a symbolizes the average loss over al three
layers; cre and cen denotes the cross-entropy loss and center
loss, accordingly. Lossy IS the total loss, and o reflects the
appropriate weighting factor i € (1,2,...7).

I11. RESULTS AND ANALYSIS

Thissectionintroducesthreebenchmark HSI datasetsadopted
in this study. It further investigates critical factors affecting the
performance of the proposed MDFAL model and presents an
ablationanalysisto quantify the contribution of each component.
A comprehensive comparativeanalysisof experimental resultsis
then presented. Finally, the proposed framework isbenchmarked
against advanced HSI classification approachesemploying mod-
ern machine learning techniques under consistent experimental
settings.

A. Dataset and Experiment

This study selected three publicly available hyperspectral
datasets to evaluate the classification accuracy, robustness, and
generalization capability of the proposed MDFAL model. These
datasets were intentionally chosen due to their variations in
image dimensions, spatial and spectral resolutions, ground ob-
ject categories, and sample sizes, facilitating a comprehensive
assessment of the model’s adaptability. Table | provides an
overview of the datasets utilized in this study.

1) IndianPines(IN): Acquiredin 1992 by the AVIRIS sensor

over northwestern Indiana, it contains 224 spectral bands
at 20 m spatia resolution and an image size of 145 x
145 pixels. To minimize atmospheric interference, 20
bands degraded by water vapor absorption and 4 bands
containing only zero values were discarded, resulting in
200 valid bands retained for analysis. It includes 16 land-
cover classes spanning various agricultural and natural
vegetation types.

2) Pavia University (PU): Collected in 2001 by the ROSIS

sensor over Pavia, Italy, it comprises 115 spectral bands
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with a spatia resolution of 1.3 m, totaling 610 x 340
pixels. After removing 12 bands affected by noise and
water vapor absorption, 103 bands were retained for clas-
sification analysis. It comprises nine land-cover classes
covering avariety of urban and natural surface types.

3) Tea: Hyperspectral imagery was collected via an aerial
survey over a tea plantation in the Changzhou region
of Jiangsu Province, including Fanglu Village within
Changzhou City. The dataset offers 2.25 m spatia res-
olution and an image dimension of 348 x 512 pixels. It
includes 80 spectral bands, covering wavel engths ranging
from 417 to 855 nm, as referenced in [62].

All HSI datasets were standardized to unit variance, and
|abeled sampleswere divided into training and validation setsto
mitigate biasesfromintrinsic datavariability. Model parameters
were optimized through iterative training, with hyperparameter
adjustments informed by interim performance on the test set,
particularly classification accuracy andloss. Themodel yielding
the highest test accuracy, along with its associated weights, was
retained for further analysis. The training process employed
stochastic gradient descent (SGD) with alearning rate of 0.001,
amomentum factor of 0.95, and abatch size of 32. Performance
evaluation was based on overall accuracy (OA), average accu-
racy (AA), and the kappa coefficient (). To ensure statistical
robustness, each experiment was independently conducted ten
times, and the mean along with the standard deviation of each
metric was reported.

All experiments were conducted on aworkstation configured
with 2.80 GHz Intel(R) Core i7-7700HQ CPUs, 8 GB RAM,
and an NVIDIA GeForce GTX 1050 Ti GPU, running Windows
10 (64-bit). Most models were developed in Python 3.8 using
TensorFlow 2.4.1, except for ASSMN and RSSAN, which were
developed with PyTorch 1.11.

The effect of key hyperparameters on the classification per-
formance of the proposed MDFAL model is systematically
explored, including the time step T, the number of convolu-
tional kernels, spatial input dimensions, and the ratio of training
samples. To ensure evaluation robustness, the model achieving
the highest validation performance was selected as a reference
for comparative analysis across different configurations. For
training efficiency, the dataset was divided into 32 mini-batches,
and each configuration was trained for 300 epochs.

1) Network architecture: Tablell presentsthe network topol-
ogy of the proposed MDFAL model, providing adetailed
breakdown of layer-wise parameters within the modular
structure. This includes specifications such as the reduc-
tion ratio and expansion rate used in the spectral attention
module. Importantly, these architectural parameters are
held constant across al three experimental datasetsto en-
sure consistency and enable precise comparative analysis.

2) Timestep (T): Thetime step playsacritical rolein captur-
ing spectral continuity in HSI, as it governs sequential
relationships along the spectral dimension. This study
investigates the effect of varying time steps on model
performance, as summarized in Table I1(d). Distinct time
step settings were explored across the three datasets: for
IN, values of 2, 4, 5, 8, 10, 20, and 40 were used; for PU,
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TABLE I
PARAMETERIZATION OF THE MDFAL MODEL'S NETWORK LAYER

MDFAL (d=8)
3*3 conv, 8
Spectral attention, 1*1, 2, r =4, relu
1*1, 8, sigmoid

conv

Block 1 SSAM Spatial attention, 7*7, 2, r =4, relu
7*7, 8, sigmoid
ConvLSTM 3*3, 8, drop = 0.25
Reset block 3%3,
Dila conv 3*3,16,d r=2
conv 3*3 conv, 16
Spectral attention, 1*1, 4, r =4, relu
SSAM ' 1*‘1, 16, sigmoid
Block 2 Spatial attention, 7*7, 4, rate = 4, relu
7*7, 16, sigmoid
ConvLSTM 3*3, 16, drop=0.25
Reset block 3*3
Dila conv 3*%3,32,d r=2
conv 3*3 conv, 32
Spectral attention, 1*1, 8, r =4, relu
Attention block . l*l’. 32, sigmoid
Block 3 Spatial attention, 7*7, 8, r =4, relu

7*7, 32, sigmoid

ConvLSTM 3*3, 32, drop=0.25
Reset block 3*3,
Dila conv 3*3,64,d r=2
TABLE I

INFLUENCE OF FILTER COUNT ON MODEL PERFORMANCE

Filter num OA AA Kappa
(4,8,16,32) 98.86 98.07 98.27
IN  (8,16,32,64) 99.04 98.66 9891
(16,32,64,128)  99.54 9932 99.33
(4,8,16,32) 97.99 9642 9734
PU (8,16,32,64) 98.67 97.51 98.24
(16,32,64,128) 98.51 97.21 98.03
(4,8,16,32) 98.43 96.34 97.68
Tea (8,16,32,64) 98.72  96.83 98.10
(16,32,64,128)  99.16 | 97.44 9779

2, 4,5, 10, and 20; and for Tea, 2, 4, 5, 8, 16, and 20.
The experimental results indicate that variations in tem-
poral step sizesignificantly affect the overall classification
performance.

Fig. 4 demonstrates that classification accuracy across the
three experimental datasets is variably affected by the choice
of time step. The IN dataset shows lower sensitivity to changes
in T compared with PU and Tea. Moreover, empirical trends
indicate that the optimal T tendsto increase with longer training
durations. Specifically, the optimal time steps are 8 for IN, and
5for both PU and Tea, underscoring the importance of temporal
resolution in determining classification performance.

1 Number of filters: The capacity of the model to extract
representative features and maintain computational effi-
ciency is strongly influenced by the number of convolu-
tional filters. To determine the optimal configuration, we
evaluated filter settings of d = 4, 8, and 16. Asillustrated
in Table I11, the IN and Tea datasets exhibited consistent
gainsin accuracy with increasing filter numbers, followed
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Fig. 4. Effect of time step on amodel’s performance. (a) IN. (b) PU. (c) Tea
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Fig.5. Variationin OA across the three datasets with varying sample sizes. (a) IN. (b) PU. (c) Tea.

by a saturation point. In contrast, the PU dataset showed a
slight decline in performance beyond a certain threshold,
although a modest overall improvement was still observed.
The initial d was set to 8 for all subsequent comparative
experiments across the three datasets.

2 Training sample proportion: Model performance is pos-
itively correlated with the proportion of labeled training
samples. To examine this relationship, we systematically
evaluated the classification performance of the proposed
MDFAL model across varying training ratios using three
HSI datasets. Training subsets were selected using fixed
random seeds, with proportions of 5%, 10%, 15%, and 20%
for theIN dataset, and 1%, 2%, 5%, and 8% for the PU and
Teadatasets. AsshowninFig. 5, OA consistently improved
with increasing training sample size across al datasets.
Under identical sampling conditions, the MDFAL model
outperformed seven state-of -the-art methods, achieving the
highest OA in every case. In the subsequent comparative
experiments, the training sample proportions were fixed
at 10%, 2%, and 2% for the IN, PU, and Tea datasets,
respectively.

B. Comparison Wth the Sate-of-the-Art

In this study, we evaluate the classification performance
of the proposed MDFAL model against seven state-of-the-art

deep learning approachesfor HS| classification under consistent
experimental conditions. The comparative models include the
HybridSN [63], MSDN [32], SSRN [27], DFRN [30], RSSAN
[31], Fast 3D CNN [64], and ASSMN [43]. MSDN extracts
multiscale features using 3-D convolutions applied at varying
depths, whereas HybridSN integrates 2-D and 3-D convolutions
to extract spectral and spatial representations. Both DFRN and
SSRN employ 3-D convolutions in conjunction with residual
connections to enrich feature encoding. ASSMN further in-
corporates a ConvLSTM architecture to model spectral and
spatial dependencies across multiple scales. For all experiments
conducted on the IN, PU, and Tea datasets, the neighborhood
window sizesweresetto 9, 7, and 7, respectively, while all other
parameters remained consistent with those described earlier.
Fig. 6(a)—(h) illustrates the classification outcomes on the IN
dataset produced by several advanced comparison methods. Pan-
els (b), (d), (f), and (g) revea varying degrees of classification
noise, with panel (b) exhibiting the most severe artifacts and
the lowest accuracy. Both MSDN and DFRN based on 3-D
CNN architectures exploit multiscale hierarchical features for
classification, however, their outcomesdiffer markedly. Notably,
DFRN, which incorporates residual learning, achieves superior
noise suppression compared to MSDN, asseenin panel (b). Fur-
thermore, combining residual learning with SSRN and RSSAN
produces classification maps with smoother boundaries and
reduced noise levels, outperforming the remaining approaches.
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Fig. 6.
MDFAL.

These results highlight the effectiveness of residual connections
in enhancing spatial consistency and improving overall classifi-
cation accuracy.

Table 1V presents acomparative evaluation of the IN dataset.
Among existing baseline models, ASSMN featuring a Con-
VL STM backbone that demonstrates competitive performance,
achieving an OA of 97.74%, AA of 96.46%, and a x of 97.42%.
Although panels (€) and (g) yield the highest AA individualy,
RSSAN exhibits substantially lower OA and Kappa values
compared to ASSMN, highlighting the advantage of temporal
modeling via ConvLSTM in capturing spectral dependencies
inherent in hyperspectral data. By comparison, the proposed
MDFAL model, while showing weaker performance in a few
classes such as Stone-Steel-Towers, outperforms all benchmark
methods across three quantitative metrics. It achieves an OA of
99.08%, an AA of 98.69%, and a Kappa coefficient of 98.97%,
representing gains of 1.34, 2.23, and 1.54 percentage points,
respectively, over the strongest baseline, ASSMN. Moreover,
MDFAL exhibits the lowest variance among competing algo-
rithms, underscoring its robustness and stability. These gains
underscore the efficacy of MDFAL’s architectural innovations,
which integrate shallow, intermediate, and deep multiscale re-
ceptive fields while concurrently optimizing global attention
mechanisms and adaptivelossweighting across diverse modules
and tasks.

Fig. 7(a)—(h) shows the classification outcomes on the PU
dataset using a suite of representative state-of-the-art models.
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IN dataset classification via different strategies. (a)—(h) Outcomes from the HybridSN, MSDN, SSRN, DFRN, RSSAN, Fast 3-D CNN, ASSMN, and

Compared to panels (a), (b), and (€), the classification maps
in panels (c), (d), (f), and (g) demonstrate strongly improved
delineation with reduced background noise. The Bare Soil cat-
egory is most effectively segmented by SSRN, ASSMN, and
MDFAL, attributable to their enhanced spatial coherence and
superior suppression of irrelevant features. Among all models,
the proposed MDFAL framework deliversthe most accurate de-
lineation of the Bricks class, producing sharply defined and spa-
tially consistent boundaries. Particularly, the interface between
Trees and Bare Soil is resolved with the highest classification
accuracy, highlighting MDFAL's efficacy in capturing nuanced
spectral and spatial transitions. The spatial continuity observed
in smooth-surface regions closely resembles that in Fig. 8(a),
further validating the robustness of the proposed approach.
Table V summarizes the comparative results on the PU
dataset. The proposed MDFAL model achieves notable gains
over competing methods, improving OA by 2.25%, AA by
2.49%, and the x by 2.66%. The MDFAL model achieves su-
perior classification accuracy across most categories, including
Gravel, Trees, and Bitumen. Although it performs slightly infe-
rior the best methods for the Metal Sheets and Bricks classes, its
overall performance consistently exceedsthat of the majority of
benchmark approaches. Furthermore, MDFAL exhibitsthe low-
est variance among all compared agorithms, underscoring its
robustness and stability. These results, combined with superior
visual fidelity, underscore MDFAL’s effectivenessin estimating
fine-scale spatial structures and delineating complex boundary
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TABLE IV
PERFORMANCE COMPARISON OF DIFFERENT CLASSIFIERS ON THE IN DATASET

Class HybridSN MSDN SSRN DFRN RSSAN E?\?;ED ASSMN MDFAL
1 34.15 65.85 4545 97.56 100.00 82.93 86.11 95.12
2 95.25 90.58 85.56 9292 8342 96.11 98.94 98.29
3 91.42 88.06 9949 8648 96.92 90.35 97.86 100
4 100 68.07 66.67 81.69 96.71 80.75 95.19 96.24
5 92.40 93.54 92.59 9447  96.55 95.85 98.16 100
6 99.09 99.39 99.42 99.54  99.85 100 99.48 99.70
7 92.00 92.00 7.41 80.00  92.00 92.00 81.82 100
8 100 99.77 100 100 100 100 100 100
9 94.12 82.35 0 100 100 64.71 100 100
10 93.36 98.39 87.32 91.88  90.51 95.77 98.04 99.08
11 95.88 91.67 97.90 9547  99.55 95.29 95.72 98.96
12 82.18 75.80 90.94 7242 9551 87.43 97.01 97.94
13 99.46 100 100 100 100 100 99.38 100
14 99.47 97.89 99.67 100 96.22 99.30 99.60 99.82
15 86.46 88.18 97.28 98.56 100 92.51 96.05 98.27
16 97.59 59.04 96.59 97.59 100 98.80 100 95.18
OA 94.64 91.80 93.68 93.61 95.43 95.23 97.74 99.08

+0.81 +0.79  £0.75 0.64 £0.59 +0.41 +0.38 +0.24
AA 90.80 86.91 79.14  93.04 96.30 91.99 96.46 98.69

+1.02 +0.96  +£0.67 +0.59 +0.65 +0.55 +0.45 +0.25
K 93.88 90.64 92.78 92.69 94.79 94.57 97.42 98.97

+0.78 +0.81 +0.82 +0.77 +0.64 +0.57 +0.49 +0.37

TABLEV
PERFORMANCE COMPARISON OF DIFFERENT CLASSIFIERS ON THE PU DATASET
. Fast 3-D

Class HybridSN MSDN SSRN DFRN RSSAN CNN ASSMN MDFAL
1 95.41 95.38 9541 9451 9595 96.68 98.89 98.45
2 98.01 99.27 99.11 9945 98.38 99.35 98.16 99.98
3 78.61 72.29 69.68 8551 73.05 90.23 92.32 95.33
4 91.51 98.17 90.38 9590 93.66 93.04 87.80 98.47
5 100 99.85 100 97.12  99.77 100 100 99.92
6 90.48 94.32 99.72 9235 94.68 98.78 99.54 99.72
7 76.36 81.04 46.63 73.60 84.01 91.17 86.22 91.25
8 89.63 90.99 98.78 90.60  90.74 91.05 88.24 95.15
9 94.83 99.68 99.88 9526 96.98 98.89 99.89 99.35
OA 93.90 95.43 9492 9518 94.90 95.42 96.28 98.67

+1.01 +0.93 +0.88 +0.79  +0.82 +0.76 +0.64 +0.36
AA 90.54 92.33 88.84 91.59 9191 93.02 94.56 97.51

+0.94 +0.87  +0.75 +0.65 =+0.77 +0.65 +0.55 +0.35
K 91.89 93.93 93.24 93.60 93.22 93.68 95.07 98.24

+0.97 +0.82 +0.77 +0.57 +0.69 +0.57 +0.46 +0.24

transitions. This performance is predominantly attributed to its
integration of hierarchical features across shallow, intermediate,
and deeplevels, enabled by expanded receptivefieldsand refined
attention mechanisms.

Fig. 8 compares classification outcomes on the Tea dataset,
where SSRN, ASSMN, and MDFAL achieve smoother, less
noi sy, and more coherent mapsthan other methods, possibly due

to their multiscal e feature learning modules. Notably, ASSMN
and MDFAL deliver the highest connectivity and completeness
in the Building and Weed categories, while models such as
HybridSN, MSDN, DFRN, and Fast 3-D CNN exhibit greater
fragmentation.

Table VI summarizes the quantitative comparison, where the
proposed MDFAL model surpasses al baselines by 1.34%,
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Fig. 7.
MDFAL.

2.67%, and 1.92% in OA, AA, and , respectively. While MD-
FAL performs dightly below the top method in the Building
category, it achieves leading accuracy in classes with sparse
annotations, such as Reed and Weed. These results demonstrate
the model’s robustness in low-resource scenarios and its ability
to generalize acrossheterogeneous spatial features. Collectively,
MDFAL strikesan effective balance between statistical accuracy
and visual fidelity, underscoring its suitability for real-world
hyperspectral classification tasks.

Across all experimental comparisons, the MDFAL model
consistently produced cleaner classification maps, character-
ized by reduced speckle noise and sharper, smoother bound-
aries. Quantitative evaluations using OA, AA, and the « further
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PU dataset classification via different strategies. (a)—(h) Outcomes from the HybridSN, MSDN, SSRN, DFRN, RSSAN, Fast 3-D CNN, ASSMN, and

confirmed its effectiveness. Although MDFAL achieved slightly
lower accuracy than certain algorithmsin afew specific classes,
it outperformed all compared methods on all three-evaluation
metrics across the three datasets. Moreover, its variance was
the lowest, indicating that MDFAL offers not only superior
classification performance but also greater stability.

V. DISCUSSION

To further assess the effectiveness of the proposed MDFAL
model, this section presents a series of experiments, including
convergence analysis, ablation studies, runtime comparison, and
feature visualization on benchmark datasets. Unless otherwise
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Fig. 8. Teadataset classification via different strategies. (a)—(h) Outcomes from the HybridSN, MSDN, SSRN, DFRN, RSSAN, Fast 3-D CNN, ASSMN, and

MDFAL.

specified, al experimental settings are consistent with those
described in Section I11.

A. Convergence Analysis

Fig. 9 illustratesthetraining tragjectories of accuracy and loss
across the three datasets. Despite noticeable fluctuations over
the course of training, aconsistent improvement in classification
accuracy is observed. The IN and Tea datasets exhibit greater
variability in validation loss than the PU dataset. Neverthe-
less, all models converge reliably, with performance stabilizing
within the first 75 epochs.

B. Runtime Comparison

Table VII summarizes the training and testing times of the
compared models on the IN, PU, and Tea benchmark datasets,
each trained for 300 iterations. DFRN and MDFAL record the
longest training times, as both compute losses from multilayer

feature outputs, which increases computational overhead. For
MDFAL, the ConvLSTM module further extends runtime by
segmenting HSI dataa ong the spectral dimension for sequential
feature learning. By contrast, other models use simpler archi-
tectures that compute loss only from the final output, thereby
reducing complexity and computational cost.

C. Ablation Analysis

Ablation analysis was performed to quantitatively assess the
individual contribution of each component within the MDFAL
framework to overall classification performance. In the baseline
configuration, each of the three modules consists solely of an
inflated convolutional layer that was independently connected
to the final fully connected layer for evaluation.

As presented in Table VIII, the baseline MDFAL model
achieves overall accuracies of 91.17%, 91.10%, and 88.72%
on the IN, PU, and Tea datasets, respectively. These results
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TABLE VI
PERFORMANCE COMPARISON OF DIFFERENT CLASSIFIERS ON THE TEA DATASET

Class HybridSN MSDN SSRN DFRN RSSAN E?\?;E-D ASSMN MDFAL
1 98.05 9594 9995 98.19 98.61 98.82 98.51 98.49
2 74.24 73.67  46.65 6574 79.96 81.68 96.13 93.22
3 98.10 98.47  99.79 9828  98.20 98.01 98.96 99.42
4 99.04 85.65 0 77.14 100 96.04 39.05 99.52
5 99.36 99.63 100 99.19  99.37 99.43 100 99.70
6 79.50 92.63 9588 95.13 92.87 90.25 99.63 93.88
7 80.71 81.67  88.12 63.57 97.86 91.67 98.57 95.24
8 79.05 71.31 81.25 76.04 73.07 83.87 58.55 94.19
9 99.83 99.93 100 99.40  99.92 99.95 100 99.42
10 92.04 98.99  99.44 86.67 99.33 98.21 99.78 94.51
OA 96.24 96.24 9637 9574 96.87 96.15 97.37 98.71
+0.69 +0.64  +0.57 +0.74 +0.56 +0.51 +0.47 +0.31
AA 89.99 89.79  81.11 8594 93.92 92.09 88.92 96.83
+0.54 +0.57  +0.45 +0.58 +0.65 +0.45 +0.55 +0.35
K 94.43 94.42 9455 93.66 9538 94.78 96.16 98.10
+0.58 +0.67  +0.50 +0.63  +0.58 +0.47 +0.57 +0.34

Fig. 9. Accuracy and loss curves while the system runs. (&) IN. (b) PU. (c) Tea

TABLE VII
DURATION OF VARIOUS MODELS OPERATION

Fast3-D  ASSMN
RSSAN
CNN

MDFAL

HybridSN MSDN  SSRN  DFRN

Train. (m)  89.13 246.25 11052 753.55 65.67 91.68 85.32 699.01

Test. (s) 122.75 82.97 81.53 248.78 45.98 44.33 42.16 95.29

Train. (m)  115.39 642.10  277.58 1082.82 55.94 98.15 118.00 939.49

PU

Test. (s) 106.73 53880 207.61 119.56 97.50 155.83 186.99 858.01

Train. (m)  103.62 288.51  146.28 998.08  60.03 93.95 98.63 982.04

Test. (s) 94.72 168.46  326.23 385.07 56.39 86.95 89.67 63.37

underscore the model’ s strong foundational performance, which
can be attributed to its ability to integrate multiscale features
acrossshallow, intermediate, and deep layers, thereby enhancing
loss computation and gradient optimization. On the IN dataset,
the addition of the CCLM improves the OA, AA, and ~ by
2.83%, 0.95%, and 3.24%, respectively, Line b demonstrating
itseffectivenessin boosting classification performance. Compa-
rable improvements on the PU and Tea datasets further confirm

the CCLM'’s ability to capture both spectral continuity and
sequential context.

Asindicated in Table VIII, row (c), augmenting the baseline
model with the SSAM markedly improves classification per-
formance, particularly for the Tea dataset. This gain is likely
attributable to SSAM'’s capacity to enhance feature discrimina-
tion by emphasizing informative spectral—spatial cues. Further-
more, row (d) shows that combining SSAM with the contextual
learning module (CCLM) leads to additional performance gains
across all three datasets. These findings suggest that CCLM
synergistically complements SSAM by further refining salient
features and adaptively adjusting their contributions during
training.

D. Visualization of Discriminative Features

Table VIII(e) summarizes the classification outcomes of the
MDFAL model following parameter tuning and hierarchical
training across shallow, intermediate, and deep layers, along
with the corresponding Center loss values for each module.
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Fig. 10. Feature distance visuaization of test samplesin the IN dataset. The characteristics of test samples from the first, second, and third module layers are
shown in sections (8)—(c) of Table VI11(d), while the corresponding integrated features from the complete model are presented in section (d)—(f) of Table VIII(f).

Fig.11. Featuredistance visualization of test samplesin PU dataset. The characteristics of test samplesfrom thefirst, second, and third module layers are detailed
in sections (a)—(c) of Table VI11(d), while the corresponding integrated features within the model are shown in section (d)—(f) of Table VI1I(f).
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Fig. 12.
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Feature distance visualization of test samples in the Tea dataset. The characteristics of test samples from the first, second, and third module layers are

detailed in sections (a)—(c) of Table V111(d), while the corresponding integrated features within the model are presented in sections (d)—(f) of Table V11I(f).

TABLE VIII
PRECISION WITH DIFFERENT SETTINGS IN MDFAL

method convlstm attention Center loss  Adaptive weight OA AA Kappa

(a) baseline — — - — 91.17 8797 8991

(b) baseline+convlstm v - - - 94.00 8892 93.15

IN (c) baselinetattention - v - - 9578 9241  95.18
(d) baseline+convlstm+ attention v v - 9585 9144 9526

() MDFAL w/o adaptive weight v v v — 98.66  97.05 98.48

(f) MDFAL v v v v 99.08  98.69  98.97

(a) baseline - - - - 91.10 8737 88.13

(b) baseline+convlstm v - - - 9480 91.57 93.11

PU (c) baselinetattention - v - - 9471 9146  92.98
(d) baseline+convlstm+ attention v v - - 9720 95.18  96.28

(e) MDFAL w/o adaptive weight v v v - 98.15 97.07 98.08

(f) MDFAL v v v v 98.67 97.51 98.24

(a) baseline - - - - 88.72 46.16 82.73

(b) baseline+convlstm v - - - 96.80 91.75  95.28

Tea (c) baselinetattention - v - - 9737 9175 9528
(d) baseline+convlstm+ attention v v - - 97.54 9435  96.37

(e) MDFAL w/o adaptive weight v v v - 98.05 96.12 9733

(f) MDFAL v v v v 98.72  96.83  98.10

On the IN dataset, substantial improvements were recorded,
with OA rising from 95.85% to 98.66%, AA from 91.44% to
97.05%, and the Kappa coefficient from 95.26% to 98.48%.
Comparable gains were observed on the PU dataset, with re-
spective increases of 0.95%, 1.89%, and 1.80% in OA, AA, and
k. The Teadataset demonstrated consi stent improvementsacross
al three metrics. These results suggest that coordinated multi-
task loss optimization enhances classification performance by
simultaneously minimizing loss at each layer and refining the

extraction of discriminative features. Table VI11(f) presents the
outcomes of an adaptive weight adjustment strategy incorpo-
rated into the multitask loss framework. Across al datasets,
this approach consistently yielded further accuracy gains, un-
derscoring its usefulness in dynamically balancing learning
contributions across network components.

To evaluatetherepresentational capacity of the proposed MD-
FAL model, t-distributed stochastic neighbor embedding was
used to visualize the high-dimensional discriminative features
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of test samplesinto atwo-dimensional space. Theresulting visu-
alizations, corresponding to the configurationsin Table V111(d)
and (f), areshownin Figs. 10-12, with each classassigned adis-
tinct color. Inthe baseline setting [see Table V111(d)], the feature
distributions show weak intraclass compactness and substantial
overlap between classes, reflecting limited di scriminative power.
By contrast, theMDFAL model [see Table V1I1(f)] yieldsfeature
embeddings with clearly delineated interclass boundaries and
dense intraclass clusters. These findings further confirm the
effectiveness of the proposed MDFAL model in extracting and
encoding abstract spectral—spatial representations. It not only
captures discriminative features inherent in hyperspectral data
but also significantly enhances class separability and overall
classification performance.

These results demonstrate that the proposed MDFAL model
not only exhibits consi stent and rapid convergence across bench-
mark datasets but also delivers significant performance im-
provements through its integrated architecture. The ablation
experiments reveal that each feature extraction component, to-
gether with the shallow, intermediate, and deep hierarchical
discriminative outputs and the adaptive multitask lossweighting
strategy, contributes meaningfully to enhancing model perfor-
mance. Moreover, the visualization of discriminative features
further corroborates the effectiveness of the adaptive optimiza-
tion mechanism in improving the network’s representational
capability.

Nevertheless, the MDFAL network also has certain limita-
tions, such as a relatively long computational runtime, which
highlights the need for further optimization and lightweight
architectural design in future work. As shown in Fig. 5,
when trained with 5%, 1%, and 1% of the available samples
from the IN, PU, and Tea datasets, respectively, the MD-
FAL model achieves overall classification accuracy improve-
ments of 9.12%, 4.17%, and 1.05%. These findings indicate
that the proposed MDFAL model offers substantial advantages
over other state-of-the-art approaches, particularly under con-
ditions of limited and imbalanced training data, and demon-
strates superior performance on datasets with complex feature
characteristics.

V. CONCLUSION

This study proposes a multiscale discriminative feature
adaptive learning framework (MDFAL) for HSI classification,
featuring two core innovations. First, MDFAL employs a cas-
caded architecture of shallow, intermediate, and deep layersthat
jointly leverage multiscale features under a multiloss training
strategy. Second, it integrates the SSAM, CCLM, and dilated
convol ution modul es, combined with adynamic multitask adap-
tive weighting mechanism. Extensive experiments on the IN,
PU, and Tea datasets demonstrate that, although MDFAL per-
forms dightly worse in a few classes compared with certain
methods, it effectively learns multiscale discriminative features
with stronger intraclass compactness and interclass separability,
while exhibiting superior generalization and stability. However,
the method remains computationally demanding, primarily due
to the co-output training strategy of the multilayer architecture,
the sequential nature of ConvLSTM operations, and the high
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spatial redundancy inherent in pixel-block representations. Fu-
ture research will explore more efficient network architectures
and emerging techniques such as fully convolutional networks,
Mamba, few-shot learning, semisupervised learning, and multi-
modal data integration, to further improve both computational
efficiency and classification accuracy.
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