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Abstract—Hyperspectral image (HSI) classification is faced
with significant challenges due to the nonuniform spatial self-
similarity, spectral instability, and high dimensionality of the
data. Existing methods typically focus on adjusting model archi-
tectures to uncover deep dependencies within HSI. However,
these approaches often struggle with the inconsistencies in spatial
dependencies, particularly in the context of long-range depen-
dencies across heterogeneous regions. In this article, we propose
a novel discrete cosine transform (DCT)-Transformer-Mamba
(DTM) architecture, which introduces a new perspective by
transforming irregular, unbalanced spatial data into a more
ordered and consistent form to enhance long-range dependencies.
Our main innovation lies in using autocorrelation function
(ACF) analysis to identify spatial dependence patterns that
hinder effective modeling. To address this, we introduce a
DCT-augmented processing module (DCTConv), powered by har-
monic neural networks (HNNs), which extends spatial correlation
range by 13.57% and improves spatial consistency, thereby
stabilizing long-range dependencies. This process enhances the
ability of Mamba to capture complex spatial dependencies
across different regions. In addition, to mitigate the inherent
1-D sequence modeling bias of Mamba, we incorporate DCT-
Scanning Mamba blocks with hierarchical skip connections.
The DTM architecture thus better captures directional-sensitive
features, leading to a 56.7% improvement in performance for
these classes on the Indian Pines dataset. The DTM frame-
work integrates DCT-based frequency-domain regularization,
Mamba, and Transformer modules, resulting in a 99% reduction
in parameters compared to HSI Transformer baselines and
50% faster training times compared to Mamba-based models.
Extensive experiments on benchmark datasets demonstrate the
effectiveness of DTM, achieving a state of the art 98.76%
overall accuracy (OA) on the Kennedy Space Center dataset,
with a 6.69% improvement in low-sample regimes over Mamba
baselines. The code for this work will be made publicly available
at https://github.com/xiachangxue/DeepHyperX
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I. INTRODUCTION

YPERSPECTRAL image (HSI) is a vital remote sensing

technique, providing detailed spectral information across
numerous bands for applications in environmental monitoring,
agriculture, and military surveillance [1]. However, HSI data
pose significant challenges for accurate classification due to
their high dimensionality, inherent redundancy, and noise,
which complicate the extraction of meaningful features [2],
[3], [4]. In particular, HSI data exhibit.

1) Nonuniform Spatial Self-Similarity: While HSI exhibits
strong spatial autocorrelation patterns, these are often
disrupted by sensor artifacts and illumination variations,
creating heterogeneous decay rates in spatial depen-
dencies (see Fig. 1) [5], [6]. As explicitly shown in
Fig. 1, the raw data variance is significant, whereas our
proposed processing significantly narrows this distribu-
tion, achieving spatial dependency homogenization that
is critical for robust modeling.

Spectral Instability: Subtle atmospheric effects and noise
disproportionately distort spectral signatures while main-
taining spatial structures [7].

High-Dimensional Entanglement: High-dimensional
data redundancy, leading to computational inefficiencies
and difficulties in effective modeling [8], [9].

2)

3)

Traditional convolutional neural networks (CNNs) have
demonstrated effectiveness in capturing local spatial features
[10], yet their fixed receptive fields limit their ability to extract
global spectral context [11]. Transformer models, employ-
ing self-attention mechanisms, excel at modeling long-range
dependencies across spectral bands, but they require large-
scale labeled datasets and involve substantial computational
overhead [12], [13]. While CNNs and Transformers excel
in spectral and local spatial feature extraction, they are not
well-suited for handling complex spatial dependencies and
large-scale long-range interactions in high-dimensional HSI
data [11], [14].

In contrast, Mamba models, based on state-space model
(SSM), have shown potential in capturing both local and
long-range dependencies in sequence data. SSMs mitigate
this by using linear differential equations to update hidden
states, thus avoiding the nonlinear instability common in
recurrent neural networks (RNNs). This ensures stable gradient
propagation, making SSMs well-suited for handling long-
range dependencies in complex data. In addition, Mamba
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Fig. 1. Distribution of spatial autocorrelation decay constants (7) on the IPs
dataset. The density plots compare the statistical spread of decay constants
for the original HSI data (purple) and the processed features (yellow). The
original distribution is broad and left-skewed, indicating inconsistent spatial
dependencies. The processed distribution shifts rightward and becomes sig-
nificantly narrower, demonstrating that DCT-augmented processing effectively
homogenizes spatial coherence and enhances structural stability. When both
of the first two have values in the same range, this part appears as a mixture
of the two colors (brown).

and other SSM-based models like S4 incorporate Fourier
transforms to smooth gradient flows, further reducing gradient-
related issues and enhancing the modeling of long-range
dependencies in both temporal and spatial sequences [15].
However, these models encounter issues with unstable or
uncertain sequences, leading to problems such as gradient
vanishing or explosion, particularly in long sequences [16].
Mamba, originally designed for 1-D data, faces limitations
when applied to high-dimensional data like HSI. It struggles
when processing 2-D images due to the anisotropic nature
of spatial dependencies, and its 1-D scanning bias creates
directional preference artifacts when applied to 2-D data [17].
Simply adjusting the scanning direction does not fully capture
the complex spatial and spectral interactions inherent in HSI
data, which affects Mamba’s performance in these scenarios.
To address these issues, modifications such as HyperMamba
have been proposed, which adaptively scan spatial and spectral
information, improving the interaction between spatial and
spectral features during processing. These models enhance
HSI classification performance while maintaining the compu-
tational efficiency of the original Mamba model [18].

Our key insight stems from a systematic analysis of
the autocorrelation function (ACF) to investigate the spa-
tial structure of HSIs. We observe that raw HSI data
exhibit heterogeneous ACF decay rates across different land
cover types (see Fig. 1), which hinder Mamba’s ability to
model consistent long-range dependencies. To address this,
we apply harmonic neural networks (HNNs) (DCTConv)
with discrete cosine transform (DCT) preprocessing to achieve
ACF decay homogenization, aligning spatial autocorrelation
patterns with Mamba’s strengths in sequential modeling. It
enhances spatial coherence while resulting in more stable
spatial dependencies. Based on these insights, we propose the
DCT-Transformer—Mamba (DTM) architecture, which inte-
grates three complementary components: 1) a DCT front-end
that performs spectral—spatial harmonic filtering to standard-
ize ACF properties; 2) DCT-Mamba blocks that process
the enhanced spatial stream through DCT-Mamba Scan
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mechanisms; and 3) a decorrelation Transformer branch dedi-
cated to spectral feature refinement. This architecture dynam-
ically fuses spectral and spatial information through learnable
DCT-attention gates and addresses spectral redundancy,
thereby optimizing both spatial and spectral dependency mod-
eling in HSI classification.

The main contributions of this article are summarized as
follows.

1) ACF-Guided Spatial Consistency Enhancement: We sys-
tematically analyze the ACF to reveal inconsistencies
in hyperspectral spatial dependencies, which hinder
Mamba’s ability to model long-range interactions effec-
tively. We propose a DCT-augmented processing module
(DCTConv) that extends the spatial correlation range
by 13.57%. It improves spatial consistency, facilitating
robust sequential modeling by stabilizing long-range
dependencies in hyperspectral images.

Multidirectional Spatial Modeling With DCT-Scanning
Mamba: We introduce DCT-Mamba blocks with hier-
archical skip connections to overcome Mamba’s inherent
1-D sequence bias, leading to a 56.7% improvement in
direction-sensitive classes. This multidirectional spatial
modeling captures complex spatial dependencies across
heterogeneous regions.

Efficient  Hybrid  Architecture  for  Balanced
Spectral-Spatial Modeling: The DTM framework
integrates DCT-augmented processing (DCTConv),
Mamba, and Transformer modules, leading to a 99%
reduction in parameters compared to Transformer
baselines and 50% faster training than Mamba-based
models. DTM achieves state-of-the-art performance
with 95.72% accuracy on the Indian Pines (IPs) dataset,
even with limited labeled data.

2)

3)

This article is structured as follows. Section II reviews
related work. Section III introduces the proposed DTM archi-
tecture and its components. Section IV presents experimental
results and analysis. Section V concludes this article and
discusses future research directions.

II. RELATED WORK

This section reviews existing research on HSI classification,
with a focus on the application of HNNs for frequency-domain
analysis, the use of Transformer-based and Mamba-based
models for capturing both global and local dependencies, and
the role of the ACF as a diagnostic tool for evaluating spatial
dependencies.

A. HNNs in Image Classification

HNNs have shown promise in various image classification
tasks by utilizing DCT basis functions for frequency-domain
analysis [19], [20]. While earlier work focused primarily on
RGB images, HNN-based techniques have proven to reduce
pixel-level correlations and separate low- and high-frequency
components. This processing improves robustness under vary-
ing illumination conditions and enhances the representation
of structural details while suppressing noise. The success of
HNN in RGB image analysis provides a strong foundation for
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its application to more complex spectral data, such as hyper-
spectral images, where spectral and spatial features interact
more intricately.

B. Transformer-Based and Mamba-Based Models

Transformer models have gained significant attention for
their ability to model long-range dependencies through self-
attention mechanisms. These models are particularly useful
in capturing global spectral correlations in hyperspectral data
[21], [22]. However, they are computationally expensive and
rely heavily on large labeled datasets, which can be a limita-
tion in many practical applications [12]. On the other hand,
Mamba models, based on SSM, handle long-sequence data
more efficiently by using linear differential equations to update
hidden states, avoiding the nonlinear instability seen in RNNs
[23]. Mamba-based models, such as MiM, SpectralMamba,
SSMamba, S2Mamba, MambaHSI, and others, have shown
strong performance in handling long-range dependencies and
integrating spectral-spatial features [14], [24], [25], [26].
Despite their strengths, Mamba models still face challenges
related to spectral variability and computational efficiency,
which highlight the need for further optimization.

To this end, this article proposes a novel DTM archi-
tecture, which introduces a frequency-guided enhancement
mechanism at the front end of the network. In particular, the
DCT-augmented processing stream (DCTConv) projects raw
spatial information into the frequency domain, extracts domi-
nant orthogonal components, and enhances spatial coherence
through learnable parameters. This stabilized representation
reduces spatial-spectral redundancy and facilitates long-range
dependency modeling in the subsequent Transformer and
Mamba modules. Compared with HyperMamba and Spectral-
Mamba, which focus primarily on architectural adaptations
for sequence modeling, DTM provides a unique integration of
frequency-domain guidance and SSM, achieving both higher
accuracy and lower computational cost, especially in HSI
scenarios with limited training samples or complex interband
variability.

ITI. PRELIMINARY: ANALYZING SPATIAL DEPENDENCIES
WITH THE ACF

A. ACF and Spatial Dependency Analysis

The ACF measures the correlation between values of a
stationary process at different spatial lags, quantifying how
similar data at one location is to data at another, separated
by a specific distance. A process exhibits long memory,
or long-range dependence, when its autocovariances decay
slowly, often following a power law, leading to a divergent
sum of autocovariances [27]. It indicates persistent spatial
dependencies over long distances, which is closely related to
self-similarity. In remote sensing, understanding these long-
range dependencies using the ACF helps capture and model
spatial consistency in hyperspectral image (HSI) data.

1) I-D ACF: In the 1-D case, the ACF at lag k, denoted
as R(k), is defined as

E[(Xi = 1) (Xivi — )]

R®K) = > (1)
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where u is the mean, and o? is the variance. The ACF
measures how similar adjacent spatial values are, and how
this similarity extends over space. In remote sensing, a slowly
decaying ACF indicates strong spatial dependencies, which
can improve classification accuracy by incorporating informa-
tion from distant regions.

2) 2-D ACF: The ACF concept can be extended to two
dimensions for image data. For an image F(x,y), the 2-D ACF
at spatial lag (Ax, Ay) is defined as

E[(F (x,y) — ) (F (x + Ax,y + Ay) — )|
_ @

R (Ax,Ay) =
o
where u and o represent the mean and variance of the
image. This 2-D ACF is essential for understanding spatial
relationships across images and can provide insights into
spatial consistency over larger scales. Previous work in remote
sensing and texture analysis has shown that 2-D ACF can
effectively characterize spatial consistency and improve clas-
sification by capturing long-range spatial patterns [28].

3) ACF Decay in Spatial Dimensions: In both 1-D and 2-D
ACFs, the decay constant 7 is a crucial parameter, indicating
the extent of spatial dependencies. In one dimension, the decay
can be modeled as

R(k) ~ T 3)

where larger 7 values suggest stronger long-range dependen-
cies in the spatial data. Inconsistent spatial dependencies,
quantified by a high variance in the ACF decay constant 7
across an image, degrade the performance of sequential models
like Mamba. This observation forms the core motivation for
our proposed spatial homogenization strategy.

B. Autocorrelation in Remote Sensing: From Feature
Extraction to Spatial Homogenization

ACF-based approaches have been widely applied to hyper-
spectral image classification and remote sensing, where
capturing spatial consistency plays a significant role in
feature extraction. Faugeras and Pratt [28] demonstrated the
utility of 2-D ACF in capturing spatial texture feature extrac-
tion. Moreover, Small [29] explored the complexities of
spatial and spectral variability by ACF in remote sensing
through high spatial resolution spectral mixture analysis of
urban reflectance. It emphasized the use of spectral mix-
ture models to quantify spatial heterogeneity across different
urban areas, focusing on the physical characteristics of urban
reflectance.

However, unlike these traditional approaches that use ACF
primarily for texture feature extraction, we employ ACF anal-
ysis as a diagnostic tool to uncover the structural limitations
of raw HSI data. As demonstrated in our analysis (see Fig. 1),
raw HSI data exhibits heterogeneous ACF decay rates, which
hinder the effectiveness of long-range dependency modeling.
This insight drives the design of our DCT-augmented process-
ing stream (DCTConv), which is explicitly designed not for
general-purpose frequency filtering, but for spatial dependency
homogenization. By reducing the variance of 7, we aim to
transform irregular 2-D spatial patterns into a more coherent
form suitable for sequential modeling.
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IV. DTM ARCHITECTURE

In this section, we present the proposed DTM architecture
as shown in Fig. 2, which comprises three core modules:
1) a DCT-augmented processing stream; 2) a hybrid feature
extraction module; and 3) a feature enhancement module.
This design introduces a novel frequency-domain processing
strategy to address spatial dependency inconsistencies in HSISs.

A. DCT-Augmented Processing Stream: Frequency-Guided
Spatial Enhancement

The DCT-augmented processing stream (DCTConv) is
designed to mitigate spatial dependency inconsistencies by
projecting spatial information into the frequency domain.
Using DCT basis functions, DCTConv converts the spa-
tial distribution into spectral patterns, extracts the dominant
components in the orthogonal domain, and applies learn-
able parameters to enhance spatial coherence. In this way,
spatial redundancy is transformed into a structured and inter-
pretable spatial frequency energy representation, providing
a stable and effective path for spatial coherence model-
ing. Existing models typically adjust network architectures
to adaptively capture long-range dependencies within irreg-
ular spatial patterns. In contrast, our approach focuses on
transforming the input data itself into a more ordered and con-
sistent representation, thus facilitating long-range dependency
modeling.

Given an HSI tensor X € R¥*WxCn where H and W denote
spatial dimensions and Cj, is the number of spectral channels,
we employ DCT basis functions to parameterize frequency-
domain filtering.

First, the convolution kernel between input channel / and
output channel i is constructed via a DCT basis expansion

H-1W-1

Ki,l (x, y) = Z Z Wiluy ¢7u,v (x, y)

u=0 v=0

“4)

where w;;,, are learnable coefficients, ¢, ,(x,y) are DCT basis
functions, and (x,y) and represent spatial coordinates, and
(u,v) are frequency indices along height and width.

The output feature map Y; is then computed as

Cin—1

Y= Z (Kiy = X))

=0

&)

where * denotes 2-D convolution, and X; is the /th input feature
map.
The DCT basis functions ¢, ,(x,y) are defined as

7r(2x+1)u) (n(2y+l)v)
cos

buy (x,y) = BB cos (

2H 2w
(6)
where

/1
N N, k=0
= 5 (7

—, k=1,2,... N-1.

N
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B. ACF-Based Theoretical Derivation of Long-Range
Dependency Improvement

To theoretically demonstrate that the DCT-augmented pro-
cessing stream enhances long-range spatial dependencies, we
analyze its effect on the ACF of a spatial sequence. In this
derivation, each variable is defined explicitly.

Assume that the original spatial sequence X(i), where i
indexes spatial location, has an ACF that decays exponentially
with spatial lag k, which represents the distance (in pixels)
between two points in the spatial domain. The raw ACF is

modeled as
|k
Traw

where Ry is the ACF value at zero lag (i.e., at k = 0, typically
Ro = 1 after normalization), and 7., is the decay constant of
the raw data, indicating the characteristic spatial correlation
length; a larger 7, implies that spatial dependencies persist
over a longer distance.

The DCT-augmented processing stream (DCTConv) applies
a harmonic convolution to X(7) using a filter A(7) derived from
DCT basis functions. This operation is equivalent to a linear
filtering that smooths the data. The output signal Z(i) is given
by

Riaw (k) = Rg €Xp (_ ®

Z(i)=(h*X)(i)=Zh(j)X(i—j) ©))
J

where h(j) is the impulse response of the filter at position j,
h(j) is derived from the DCT basis functions and represents
the weight applied at offset j, and it is normalized so that
¥ h() = 1.

Let R, (k) be the ACF of the filter A(i), which measures the
similarity of the filter to a shifted version of itself. We assume
that Ry(k) decays exponentially

k
Ry, (k) = exp (—%)

where 7, is the decay constant of the filter, reflecting
the effective spatial smoothing length introduced by the
DCT-based processing, and |k| denotes the absolute lag.

The ACF of the processed signal Z(i) is

Rz (k)= Ry (5) Reaw (k = 5)

(10)

(1)

where the summation variable s runs over the support of the

filter. This equation implies that Ry(k) is a processed version

of the raw ACF, weighted by the self-similarity of the filter.
When two exponential decays are convolved, the result is

approximately an exponential decay with an effective decay

constant given by

12)

Tproc ~ Traw + Th

where 7,0 is the effective decay constant of the processed sig-
nal Z(i), indicating that the harmonic convolution implemented
via DCT basis functions effectively increases the spatial corre-
lation length. In other words, spatial correlations persist over
larger distances after processing, thereby enhancing long-range
dependencies.

In summary, by performing harmonic convolution with
DCT basis functions, the DCT-augmented processing stream
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increases the effective ACF decay constant from Ty, to
Tproc ¥ Traw+75. This extension of the spatial correlation length
provides a more stable foundation for subsequent modules
in the DTM architecture, ultimately contributing to improved
performance in hyperspectral image classification while pro-
viding a theoretically interpretable mechanism for spatial
dependency enhancement, which supports trustworthy model
behavior.

C. Hybrid Feature Extraction Module: Spatial-Spectral
Interaction

This module combines two complementary models: Mamba
for spatial dependency extraction and Transformer for global
spectral analysis, as illustrated in Fig. 3.

1) Mamba Branches: The Mamba component employs
structured SSM to capture spatial dependencies. The formula-
tion is defined as follows:

Xhorm = LayerNorm (Xjy,) (13)
Xscan = SILUDCT-Mamba (DCTConv (X,0rm))) (14)
Xy = DCTConv (Xsean) © SiLU (Xj0rm) + Xin (15)

where Xj, denotes the input features. The addition opera-
tion in (15) represents a residual connection enhanced by
the activation function. The symbol © denotes elementwise
multiplication. All feature maps are projected to the same
channel dimension to enable residual addition.

To overcome the inherent directionality bias of traditional
1-D scanning, the DCT-Mamba module employs a multi-
directional DCT-Mamba Scan mechanism. Unlike standard
methods that process sequences in a single order, our mecha-
nism aggregates contextual information along three distinct
trajectories—horizontal, vertical, and diagonal—directly on
the frequency-domain features extracted by DCTConv. This
multipath strategy is essential for addressing the spatial het-
erogeneity inherent in hyperspectral imagery. It effectively
preserves the continuous spatial structure of terrestrial objects,
mitigating the loss of long-range geographic dependencies and
significantly improving the consistency of spatial modeling in
the spectral domain.

2) Transformer Branches: The Transformer component
processes spectral patterns through self-attention

X7 = DCTConv (DCT-Transformer (DCTConv (X,orm))) -
(16)

D. Feature Enhancement Module: Multiscale Fusion

After extracting global and local features through the
DCT-Transformer and DCT-Mamba streams, the feature
enhancement module refines these features in the spatio-
frequency domain. It ensures that both spatial and spectral
dependencies are fully utilized before classification. The fea-
ture enhancement module aggregates the outputs from the
hybrid module and raw embeddings

Xout = Proj (DCTConv (Concat (X7, Xi1))) + Xnorm- (17

5608015

V. EXPERIMENTS AND RESULTS

We evaluate DTM on three benchmark hyperspectral
datasets, which cover diverse land cover types. DTM is tested
under different training sample ratios and compared against
state-of-the-art models, including CNN-based, Transformer-
based, and Mamba-based approaches. Following the common
practice in hyperspectral image classification, we employed
random sampling to allow fair and direct comparison with a
wide range of prior works.

A. Datasets and Preprocessing

We evaluate the DTM architecture on three benchmark HSI
datasets.

1) IPs [30]: Comprising 145 x 145 pixels and 200 spectral
bands, this dataset includes 16 land cover classes.

2) Kennedy Space Center [31] (KSC): A 512 x 614 pixel
dataset with 176 spectral bands and 13 land cover classes
in wetland ecosystems.

3) Houston [32] (HU): This dataset consists of 349 x 1905
pixels, 144 spectral bands, and 15 land cover classes.

We will specify the exact preprocessing steps applied to
each dataset (IPs, KSC, and Houston). This will include as
follows.

1) Spectral Normalization: Each spectral band was nor-
malized to a zero mean and unit variance: X norm =
X -wlo.

2) Pixel Sampling: Following common practice in HSI
classification, a fixed number of labeled pixels per
class were randomly selected to form the training and
testing sets. The specific training sample ratio (e.g.,
10%) will be stated explicitly for the main comparative
experiments.

3) Patch Extraction: For each sample pixel, a 3-D
spatial-spectral patch of size P x P x C was extracted,
where P is the spatial patch size and C is the number
of spectral bands. The central pixel’s label was assigned
to the entire patch.

B. Implementation Details
We create a dedicated section that details.

1) Hardware and Software: Training platform (Intel Core
i7, NVIDIA RTX 3090 Ti), deep learning framework
(PyTorch/TensorFlow), and version.

2) Model Hyperparameters: DCTConv parameters (number
of filters 256, kernel size 3 x 3), Mamba parameters
(state dimension 32, number of layers 3), Transformer
parameters (number of heads 8, hidden dimension 128).

3) Training Strategy: Detail the optimizer used (e.g.,
AdamW optimizer), learning rate schedule (0.001, with
a cosine annealing schedule), batch size (100), number
of epochs (100), loss function (cross-entropy loss), and
regularization [weight decay (specify value, e.g., 0.01)].
The input spatial-spectral patch size P is set to 15 x 15
for all datasets in our experiments, and any data aug-
mentation techniques are applied during training.
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Fig. 2. Overview of the DTM architecture. The input HSI patch undergoes frequency-domain homogenization via the DCT-augmented processing stream
(DCTConv). The stabilized features are then processed in parallel: the DCT-Mamba branch captures long-range spatial dependencies via multidirectional
SSM, while the DCT-Transformer branch models global spectral correlations via self-attention. Finally, the feature enhancement module fuses the spatial and
spectral features for classification. Solid lines indicate the main feature flow; dashed lines represent skip connections.
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Fig. 3. Schematic of the DTM module integrating a DCT-augmented processing stream with DCT-Transformer and DCT-Mamba components. The figure
illustrates the data flow from the spatial feature maps through the multidirectional scanning mechanisms (horizontal, vertical, and diagonal) and the fusion

hub.

4) Evaluation Protocol: We explicitly state that all exper- 3) Kappa Coefficient: A measure of interrater agreement

C. Evaluation Metrics

iments were repeated ten times with different random that adjusts for chance agreement.
seeds for training/testing splits, and the mean + standard

deviation of performance metrics is reported to ensure  p_ ACF Analysis

statistical robustness.

In this section, we present an in-depth analysis of the impact
of HNNs processing on the ACF of hyperspectral images. The
analysis is conducted from two complementary perspectives:
1) mean radial analysis to quantify long-range dependencies

We evaluate the performance of our model using the fol-  gyer distance, and 2) 2-D spatial coherence validation to

lowing metrics.

visualize directional textures and structural consistency.

1) Overall Accuracy (OA): The ratio of correctly classified 1) Mean Radial ACF Analysis (Distance Decay): Instead of
pixels to the total number of pixels.
2) Average Accuracy (AA): The mean of class-wise accu- we computed the mean radial ACF from 2-D patches. This
racies, which accounts for class imbalance.

treating spatial dimensions as simple 1-D scanning sequences,

method averages the correlation at each radial distance from
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Fig. 4. Mean radial ACF profiles. The plot compares the spatial correlation
decay over distance (lag). In the initial lags, the processed curve (yellow)
exhibits a significantly slower decay compared to the original curve (purple),
demonstrating the enhancement of long-range spatial dependencies. The
negative correlations at larger lags reveal the inherent spatial periodicity
(texture) revealed after denoising.

TABLE I

ACF DECAY CONSTANTS (7) FOR THE ORIGINAL AND DCT-AUGMENTED
PROCESSED DATA ON THE IPS DATASET

Metric Original (7) | Processed (1) | Change (%)
Mean 2.80 3.18 +13.57%
Variance 0.4832 0.4722 —2.28%

the center, effectively capturing isotropic spatial dependencies
regardless of direction.

We calculate the spatial distribution correlation of all pixels
within a fixed band to evaluate the long-range dependencies.
The 7 values are estimated using the exponential decay model
R(k) ~ e™*/7. Fig. 4 illustrates the mean radial ACF profiles.
The original curve (purple) drops precipitously near-zero lag,
reflecting the interference of high-frequency noise. Conversely,
the processed curve (yellow) exhibits a much gentler slope,
maintaining higher correlation values over longer distances.
This visually confirms that the processing suppresses noise
artifacts while preserving long-range spatial dependencies.

Further quantitative analysis, as shown in Fig. 1, confirms
these observations: the mean 7 increased by 13.57% (from
2.80 to 3.18), indicating an extended correlation range. Fur-
thermore, the variance of 7 was reduced by 2.28% (from
0.4832 to 0.4722), providing statistical evidence that the spa-
tial dependencies have become more consistent. The variance
reduction is calculated as

Varoriginal - Varprocessed

Variance Reduction = x 100%. (18)

Varori ginal

The results are summarized in Table I.

2) 2-D Spatial Coherence Validation (Directional Struc-
ture): While the mean radial ACF summarizes the global
decay trend, it averages out directional information. To further
validate the improvement in spatial structure, we conducted a
2-D ACF analysis.

Fig. 5 presents the 2-D autocorrelation maps. The difference
map quantifies improvements, where blue regions indicate
noise suppression and red areas show enhanced consistency.
The original data exhibits irregular decay patterns with
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localized discontinuities due to noise. After DCT-augmented
processing, the spatial coherence becomes more homogeneous
and smoother, as shown by the 2-D ACF map. This comparison
highlights that our method not only extends the correlation
distance (as shown in Fig. 4) but also restores the directional
texture patterns and spatial anisotropy that are critical for
identifying complex land covers.

E. Comparative Analysis

We compare the DTM framework against state-of-the-art
methods in HSI classification, including CNN-based methods
[33] (2D-CNN [34], 3D-CNN [35], and HybridSN [36]),
Transformer-based methods (ViT [21], HiT [37], MorphF [38],
SSFTT [39]), MambaHSI [24], and Mamba-based methods
(MiM [17]). We evaluate classification accuracy and Kappa
coefficient for each method across the IPs, KSC, and Houston
datasets, as shown in Tables II-IV. However, we visualized
the three data separately, as shown in the Figs. 6-8.

The DTM framework demonstrates superior performance
across all three datasets, achieving overall accuracies of
95.72% on IP, 98.76% on KSC, and 98.50% on HU. In
challenging categories such as ‘“Stone—Steel-Towers” on IP
and “Scrub” on KSC, DTM outperforms other models, includ-
ing Mamba and Transformer-based methods, by significant
margins. DTM’s ability to handle spectral variability and high
spectral similarity is particularly evident in classes with fine-
grained differences, such as “Soybean-mintill” and “Healthy
Grass,” as shown in Tables II and IV.

DTM achieves superior performance across all datasets,
handling spectral variability, high spectral similarity, and het-
erogeneous backgrounds with remarkable accuracy. Notably,
DTM achieves overall accuracies of 95.72% on IP, 98.76 %
on KSC, and 98.50% on HU, with corresponding Kappa
coeflicients of 95.11%, 98.62%, and 98.37%. The model
exhibits rapid convergence, reaching near-zero loss by the Sth
epoch, significantly faster than its competitors.

In challenging categories, such as “Stone—Steel-Towers”
on IP, “Scrub” on KSC, and ‘“Residential” on HU, DTM
outperforms the Mamba model by up to 56.69% and Trans-
former models by up to 36.91%. In classes with high spectral
similarity, such as “Soybean-mintill” on IP, “Cabbage Palm
Hammock” on KSC, and “Healthy Grass” on HU, DTM
consistently surpasses Transformer models by margins of up
to 79.47% and Mamba models by up to 5.69%.

Moreover, DTM excels in both natural and controlled envi-
ronments, achieving better accuracies in consistent spectral
classes like “Salt Marsh” on KSC and “Soil” on HU, and
excellent performance in controlled environments such as
“Tennis Court” on HU. Even in small sample classes like
“Alfalfa” on IP, DTM achieves 92.99% accuracy, demonstrat-
ing strong generalization capabilities.

F. T-SNE Visualization and Patch Size Analysis

To further evaluate DTM’s performance, we use
t-distributed stochastic neighbor embedding (t-SNE) for
visualization, as depicted in Fig. 9. The results indicate that
DTM achieves more compact and well-separated clusters

Authorized licensed use limited to: Universidade de Macau. Downloaded on February 26,2026 at 04:46:05 UTC from IEEE Xplore. Restrictions apply.



5608015

Original Band 50

DCT Processed

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

0.20

ACF Difference

015

~0.05

12 -0.10

-0.15

-0.20

Fig. 5. Comparison of 2-D ACF before and after DCT-augmented processing. (a) Original band 50. (b) DCT processed data showing enhanced spatial
coherence. (c) ACF difference map highlighting the improvements in spatial consistency.

Fig. 6. Classification results on the IPs dataset using various methods with 10% training samples. (a) Ground truth. (b) 2D-CNN. (c) 3D-CNN.

(e) ViT. (f) HiT. (g) MorphF. (h) SSFTT. (i) MiM. (j) Ours.

(d) HybridSN.

TABLE II
COMPARISON WITH THE STATE-OF-THE-ART TRANSFORMERS AND MAMBA ON IPS DATASET (10% TRAINING SAMPLES)

[ Class [ 2D-CNN [ 3D-CNN [ HybridSN | ViT I HiT | MorphFormer | SSFTT I MiM [ MambaHSI | DTM |
Alfalfa 92.82 + 4.80 70.82 + 18.73 | 34.67 +31.07 76.55 + 8.83 88.77 £ 3.59 79.58 + 15.39 89.95 + 8.31 76.20 + 8.43 71.71 £ 17.49 92,99 + 2.10
Corn-notill 93.81 + 1.97 89.33 + 1.03 88.50 + 4.59 94.10 £ 0.36 94.45 + 0.61 93.08 + 1.67 92.40 + 2.46 92.49 + 0.78 9245 +3.44 95.23 + 0.56
Corn-mintill 92.19 + 1.77 87.44 £2.55 81.40 + 10.60 93.56 + 0.82 94.11 + 0.66 90.15 + 2.60 88.62 + 4.68 89.03 £ 2.22 92.90 + 3.03 92.68 + 0.43
Corn 97.94 + 1.50 94.78 + 1.36 83.47 + 10.37 99.58 + 0.31 99.73 £ 0.21 92.96 + 3.49 96.23 + 2.09 93.06 + 1.83 85.07 + 3.62 99.77 + 0.18
Grass-pasture 93.09 + 3.32 92.88 + 0.97 84.74 £ 7.30 91.34 £ 0.93 92.75 + 0.65 95.13 + 1.39 93.71 + 2.60 93.20 + 1.69 9347 + 1.37 94.78 + 0.41
Grass-trees 95.65 +2.97 94.41 = 1.15 8242 + 12.40 89.85 + 1.38 93.12 £ 0.92 95.80 + 0.93 94.43 + 1.89 96.01 + 0.56 95.25 £ 2.26 97.28 + 0.48
Grass-pasture-mowed 7.94 + 18.29 0.00 + 0.00 1.21 + 3.64 0.00 = 0.00 0.00 = 0.00 66.25 + 28.01 56.16 + 35.15 | 32.43 £ 15.11 | 81.60 £ 22.57 | 34.50 + 17.16
Hay-windrowed 99.69 * 0.55 99.09 + 0.61 92.37 + 8.37 99.83 £ 0.16 99.59 + 0.20 99.81 + 0.35 99.23 + 1.11 99.92 + 0.11 98.56 + 0.77 99.97 £ 0.05
Oats 73.30 + 29.09 0.00 + 0.00 0.00 + 0.00 0.00 + 0.00 0.00 + 0.00 9.19 + 27.57 38.88 + 3247 | 53.87 £20.58 | 45.56 + 12.86 | 38.69 + 34.02
Soybean-notill 87.78 + 1.60 83.76 £ 1.43 82.54 £ 5.97 89.52 + 0.72 89.44 £ 0.27 89.35 £ 241 87.84 £ 1.93 86.27 + 1.69 94.74 + 1.04 88.83 + 0.26
Soybean-mintill 96.26 + 1.24 94.33 + 0.63 93.02 £ 1.91 96.58 + 0.17 96.65 + 0.12 96.71 + 0.59 96.08 + 1.03 96.27 + 0.53 96.90 + 1.08 97.25 + 0.17
Soybean-clean 91.80 +2.21 89.17 £ 2.54 81.26 + 5.65 91.69 + 1.24 93.36 + 0.37 88.93 +4.23 87.39 £ 6.02 84.99 + 3.09 88.20 + 3.45 94.71 + 0.21
‘Wheat 98.12 + 1.32 86.12 £ 11.32 | 47.40 + 41.31 97.28 £ 1.21 97.59 £ 0.71 92,52 £7.20 93.27 £ 4.93 91.09 + 4.65 90.70 + 6.48 98.58 + 0.78
‘Woods 98.28 +2.42 97.96 + 0.67 97.28 + 0.86 98.20 + 0.25 98.43 + 0.22 98.87 + 0.90 98.88 + 0.60 98.04 + 0.63 98.00 + 1.37 99.19 + 0.13
Buildings-Grass-Trees-Drives 97.82 + 1.46 92.51 + 1.86 74.80 * 20.55 98.05 + 0.69 98.46 + 0.70 95.08 + 1.59 94.88 + 4.08 92.95 + 1.68 89.80 + 3.54 98.88 + 0.22
Stone-Steel-Towers 52.74 £21.39 | 51.18 £ 10.42 1574 £23.97 | 3479 £20.21 | 67.40 +2.92 55.80 + 32.60 34.81 £32.68 | 15.01 £21.53 85.71 £ 2.71 71.70 + 2.20
Accuracy (%) 94.48 + 1.41 91.65 + 0.62 86.81 + 5.68 94.18 £ 0.29 9491 £ 0.18 94.14 £ 0.72 93.36 + 1.43 92.81 + 0.65 94.16 + 1.59 95.72 + 0.16
Kappa (%) 93.69 + 1.61 90.45 + 0.71 84.87 £ 6.53 93.35 £ 0.33 94.19 £ 0.21 93.30 + 0.83 92.42 +1.63 91.78 + 0.74 93.34 + 1.81 95.11 + 0.18

compared to other methods, highlighting its ability to reduce
misclassification and enhance feature cohesion.

In addition, we examine the impact of patch size on classifi-
cation accuracy. Smaller patch sizes (e.g., 9 x 9) yield the best
performance, with accuracy rates of 99.13%, 99.65%, and
99.39% on the IPs, as shown in Table V, KSC, and Houston
datasets, respectively. Larger patch sizes lead to a decline in
accuracy, but DTM still outperforms other methods even with
larger patch sizes.

1) Impact of Training Sample Ratios on Classification
Accuracy: Table VI shows the performance of DTM and
baseline Mamba model (base-Mamba) across different training
sample ratios on the Houston2013, IPs, and KSC datasets. The
results indicate that DTM maintains high accuracy even when
trained with a smaller proportion of samples. For instance, on
the Houston2013 dataset, the model achieves 98.50% accuracy
using only 10% of the data for training, and this perfor-
mance remains stable as the training sample ratio increases.
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Fig. 7. Classification results on the KSC dataset using various methods with 10% training samples. (a) Ground truth. (b) 2D-CNN. (c) 3D-CNN. (d) HybridSN.

(e) ViT. (f) HiT. (g) MorphF. (h) SSFTT. (i) MiM. (j) Ours.

G

Q)

Fig. 8. Classification results on the Houston2013 scene dataset using various methods with 10% training samples. (a) Ground truth. (b) 2D-CNN. (c) 3D-CNN.

(d) HybridSN. (e) ViT. (f) HiT. (g) MorphF. (h) SSFTT. (i) MiM. (j) Ours.

Similarly, the model performs consistently well on the KSC
dataset, with only minor variations as the training sample
ratio increases. These results suggest that DTM has strong
generalization capability and can perform effectively even with
limited labeled data.

G. Ablation Study of Key Modules

To comprehensively evaluate the contributions of the core
components within the DTM architecture, we conducted an
ablation study based on its three primary modules: 1) the
DCT-augmented processing stream (DCTConv) for spatial
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TABLE III
COMPARISON WITH THE STATE-OF-THE-ART TRANSFORMERS AND MAMBA ON KSC DATASET (10% TRAINING SAMPLES)

[Class [ 2D-CNN | 3D-CNN | HybridSN | ViT \ HT [ MorphFormer | SSFIT | MiM [ MambaHSI | DTM
Scrub 97.38 + 1.15 95.96 + 1.60 95.89 + 1.24 91.62 + 1.37 86.13 £+ 0.08 80.24 4+ 13.43 92.20 + 10.12 98.32 + 1.10 9542 + 1.17 98.88 + 0.58
Willow swamp 95.16 +3.99 | 8720 +3.13 | 87.77 +331 | 7405+ 253 | 9869+ 1.02 | 57.59 £ 2829 | 88.83 +7.55 | 9330 +3.92 | 5521 +£21.04 | 9867 + 1.47
Cabbage palm hammock 97.78 227 | 91.63 +£3.69 | 9418 +320 | 8503+ 624 | 99.17+ 070 | 20.20 + 3330 | 49.84 + 3852 | 9398 + 442 | 79.57 + 926 | 99.67 + 0.75
Cabbage palm/oak hammock 92.82 + 4.59 83.38 £ 4.82 89.29 + 3.94 93.50 + 4.18 98.36 + 1.43 52.04 £+ 21.72 82.66 £+ 16.70 74.07 £+ 4.05 71.10 £ 18.25 94.67 + 434
Slash pine 89.94 + 6.01 | 78.78 £9.74 | 78.63 + 1038 | 94.89 +3.09 | 9883 1.29 | 70.67 £ 1255 | 95.07 +5.10 | 21.99 £ 28.44 | 83.79 £ 12.94 | 98.84 + 1.71
Oak/broadleaf hammock 9468 + 2.11 | 9327 +£3.55 | 90.85 + 337 | 9321 +243 | 9974 + 0.33 | 41.96 £ 39.57 | 90.31 + 1647 | 9372+ 508 | 8325+ 2274 | 9837 +2.13
Hardwood swamp 98.79 + 2.30 99.32 + 1.10 99.05 + 0.94 99.50 + 1.50 99.02 £ 1.51 25.76 + 40.30 66.07 & 43.75 91.61 & 6.94 81.81 + 28.56 99.38 + 1.88
Graminoid marsh 94.66 + 12.39 97.62 + 1.44 96.55 + 1.85 89.51 £+ 2.20 96.78 + 0.16 67.25 + 15.14 85.22 +9.82 99.62 + 0.85 88.17 + 8.81 99.59 + 1.00
Spartina marsh 97.49 4+ 6.66 | 99.70 + 039 | 99.40 + 095 | 9599 + 124 | 99.99 & 0.03 | 73.41 £ 3031 | 81.59 + 3205 | 99.89 + 024 | 91.79 + 481 | 99.99 + 0.03
Cattail marsh 97.17 4+ 149 | 9737 £225 | 9836+ 1.84 | 9775+ 130 | 99.03 & 0.53 | 89.24 £ 21.11 | 100.00 + 0.00 | 100.00 + 0.00 | 96.76 + 4.19 | 94.63 + 2.83
Salt marsh 99.65 + 0.61 99.98 + 0.07 98.06 + 3.88 100.00 £ 0.00 | 100.00 + 0.00 97.67 + 2.44 98.28 £+ 5.16 100.00 £ 0.00 98.54 + 1.37 100.00 + 0.00
Mud flats 9828 4+ 1.01 | 97.85+ 1.77 | 99.08 +0.74 | 99.65+030 | 99.17+£0.16 | 9503 +6.03 | 100.00 + 0.00 | 100.00 + 0.00 | 99.98 £ 0.07 | 98.26 + 2.27
Water 100.00 £ 0.00 | 100.00 & 0.00 | 100.00 + 0.00 | 100.00 + 0.00 | 99.86 + 0.08 | 100.00 + 0.00 | 100.00 + 0.00 | 100.00 + 0.00 | 100.00 + 0.00 | 100.00 + 0.00
Accuracy (%) 9731 4 1.54 | 9599 + 1.08 | 96.28 +0.69 | 9477 £0.76 | 9551+ 0.17 | 8036 & 1022 | 91.99 +7.72 | 9580 +0.77 | 91.07 +4.03 | 98.76 + 0.35
Kappa (%) 97.01 + 1.72 | 9554 + 1.21 | 9586 +0.77 | 9416 £ 085 | 9503 +£0.19 | 77.82+ 11.72 | 91.02 +870 | 9532+ 086 | 90.02 + 453 | 98.62 + 0.39

TABLE IV

COMPARISON WITH THE STATE-OF-THE-ART TRANSFORMERS AND MAMBA ON HOUSTON2013 DATASET (10% TRAINING SAMPLES)

[ Class [ 2D-CNN | 3D-CNN | HybridSN | ViT \ HiT [ MorphFormer | SSFIT | MiM | MambaHSI | DIM
unclassified 9545 +1.95 93.10 + 1.01 92.46 + 2.00 93.45 +0.87 94.63 + 0.58 93.78 + 2.03 90.18 + 6.29 93.36 + 1.08 96.77 + 1.94 96.98 = 0.92
Healthy Grass 96.45 + 1.80 90.56 + 2.94 88.22 + 6.06 87.16 + 2.54 90.15 + 2.28 94.20 + 2.57 92.70 + 4.37 95.09 + 1.62 96.38 + 1.92 97.94 + 0.78
Stressed grass 99.32 + 0.50 97.35 £ 2.62 97.84 + 1.81 97.29 + 0.96 98.93 + 0.24 99.18 £ 0.41 99.52 + 0.41 99.03 + 0.31 98.79 + 0.45 99.38 + 0.13
Synthetic Grass 92.42 + 1.58 89.78 + 1.98 81.79 + 5.17 85.45 £ 2.05 87.57 £ 1.55 97.76 + 1.03 93.53 + 1.76 91.13 + 2.44 95.23 +£2.03 96.69 + 0.98
Soil 99.57 £ 0.17 97.53 £ 2.08 97.47 £2.99 99.56 = 0.12 99.66 + 0.16 99.74 + 0.20 99.33 £ 0.52 99.90 + 0.08 99.94 £ 0.11 99.94 + 0.07
Water 95.02 + 3.99 86.73 +2.30 93.09 + 2.89 90.34 + 2.07 88.05 + 1.85 94.86 + 1.36 93.44 + 2.33 91.60 + 2.97 90.31 + 3.44 93.20 + 2.13
Residential 93.96 = 1.75 86.51 £ 2.67 86.07 + 8.24 89.16 £ 1.17 90.17 £ 1.22 97.10 = 1.80 95.40 £ 245 90.88 + 3.91 98.31 £ 1.02 98.25 + 0.63
Commercial 96.59 + 2.21 89.12 + 1.31 92.09 + 6.29 96.86 + 0.72 96.95 + 0.97 98.21 + 1.26 96.59 + 1.37 99.39 + 0.46 98.51 + 0.85 99.25 + 0.47
Road 94.59 + 1.57 84.52 £ 2.49 76.40 + 15.88 90.09 + 1.34 89.77 £ 1.25 96.95 + 2.16 95.06 + 1.45 9398 +2.27 98.19 + 0.89 96.96 = 0.91
Highway 97.30 £ 2.79 9423 +2.12 94.67 + 5.05 99.17 £ 0.26 97.88 + 0.53 99.20 + 0.44 99.22 + 1.19 99.73 = 0.32 99.92 + 0.24 99.60 + 0.36
Railway 99.41 + 0.47 87.33 £2.33 82.52 + 18.39 98.29 + 1.76 99.50 + 0.76 99.85 + 0.20 99.56 + 0.66 98.10 + 2.15 99.89 + 0.24 99.84 + 0.28
Parking Lot 1 97.78 £ 2.78 95.51 + 1.66 96.37 £ 2.01 98.04 = 0.53 98.54 £ 0.52 99.45 + 0.37 98.21 + 1.04 99.24 + 0.42 98.93 + 0.60 99.85 + 0.24
Parking Lot 2 96.27 + 1.40 88.31 + 3.55 87.86 + 9.65 94.16 = 1.52 94.78 + 1.91 97.38 + 1.57 97.69 + 1.07 96.77 + 1.47 97.42 + 2.08 97.81 + 1.17
Tennis Court 99.92 + 0.21 98.84 + 1.18 96.61 + 4.72 99.85 + 0.28 99.95 + 0.09 99.87 + 0.24 99.51 + 0.62 99.78 +£ 0.13 100.00 = 0.00 100.00 = 0.00
Running Track 98.92 + 0.61 95.49 + 3.84 94.23 + 8.46 96.77 + 1.00 98.75 +£ 0.35 98.96 + 0.36 99.15 + 0.49 98.81 + 0.47 100.00 = 0.00 99.00 + 0.25
Accuracy (%) 96.66 + 0.86 91.36 £ 1.13 90.09 + 4.70 94.09 + 0.62 94.87 + 0.48 97.75 £ 0.72 96.37 + 1.17 96.32 + 0.85 97.86 + 0.34 98.50 + 0.37
Kappa (%) ‘ 96.39 + 0.93 ‘ 90.65 + 1.22 ‘ 89.29 + 5.07 ‘ 93.61 + 0.68 ‘ 94.45 + 0.52 ‘ 97.57 £ 0.78 ‘ 96.08 + 1.26 ‘ 96.02 + 0.92 ‘ 98.01 + 0.37 98.37 = 0.40
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Fig. 9. T-SNE visualizations for different algorithms on the IPs dataset. (a) 2D-CNN. (b) ViT. (c¢) HiT. (d) HybridSN. (e) MiM. (f) Ours.

and 3) the feature enhancement module for improving repre-
sentational quality. The results, presented in Table VII, provide

consistency enhancement; 2) the hybrid feature extraction
module for spectral-spatial feature modeling (two branches);
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TABLE V
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CLASSIFICATION ACCURACY WITH DIFFERENT PATCH SIZES ACROSS MULTIPLE DATASETS

Dataset Patch Size
9x9 11x11 13x13 15x15
Indian Pines | 99.13 4+ 0.15 | 98.17 & 0.06 | 97.03 £ 0.11 | 95.72 £ 0.16
KSC 99.65 £ 0.19 | 99.53 &£ 0.25 | 99.13 + 044 | 98.76 + 0.35
Houston 99.39 £ 0.22 | 99.22 £ 0.11 | 98.64 4+ 0.39 | 98.50 + 0.37
TABLE VI

PERFORMANCE COMPARISON WITH DIFFERENT TRAINING SAMPLE RATIOS ON IPS DATASET

Training Samples 0.1 0.3 0.5 0.7
Houston-base 95.70 + 0.37 | 98.19 £ 0.26 | 98.39 + 0.33 | 98.74 £ 0.46
Indian Pines-base | 92.50 £ 0.16 | 94.03 &+ 0.11 | 95.39 £ 0.34 | 95.25 4+ 0.38
KSC-base 91.80 + 0.35 | 99.24 £ 0.21 | 98.96 + 0.27 | 99.12 £ 0.22
Houston-our 98.50 + 0.37 | 98.74 £ 0.20 | 98.75 £ 0.29 | 98.85 £ 0.24
Indian Pines-our | 95.72 4+ 0.16 | 95.58 £ 0.11 | 95.58 &+ 0.15 | 95.65 £ 0.12
KSC-our 98.76 + 0.35 | 98.77 £ 0.36 | 98.80 + 0.24 | 98.92 £ 0.29

TABLE VII

5608015

ABLATION STUDY OF KEY MODULES (ACCURACY IMPROVEMENTS IN %)

Method Indian Pines KSC Houston
Baseline (only mamba branches without DCTConv) 92.50 91.80 95.70
+ DCTConv +2.98 +4.95 +2.26
+ Transformer branches without DCT-Transformer +1.80 -1.46 -0.80
+ Transformer branches with DCT-Transformer +2.44 +5.98 -0.44
+ Feature Enhancement Module +2.09 +6.82 +1.92
DTM block without Mamba -0.39 +2.80 -0.48
DTM block without DCT-Mamba Scan +0.46 +3.06 -0.44
DTM block without DCT +0.70 +3.78 -0.57
Complete DTM block +3.22 +6.96 +2.80

insights into how each module contributes to overall model
performance.

1) DCT-Augmented Processing Stream: Enhancing Spatial
Consistency: One of the fundamental challenges in hyper-
spectral image (HSI) classification is the presence of spatial
dependency inconsistencies, often observed as rapid autocor-
relation decay in heterogeneous regions. Through the ACF
analysis, we observed that raw HSI data exhibit irregular long-
range dependencies, complicating spatial feature modeling.

To address this, we employed a DCT-augmented processing
stream that utilizes DCT and HNNs to decompose spatial
patterns into frequency components. This frequency-domain
processing suppresses high-frequency noise and enhances the
spatial consistency of the data. Notably, ACF analysis was not
used to guide the DCT processing but served as a diagnostic
tool to evaluate the spatial dependency structure before and
after processing.

The experimental results demonstrated that after apply-
ing the DCT-augmented processing stream, the ACF decay
constant (1) increased by 13.57%, indicating improved long-
range dependency modeling. These improvements led to
classification accuracy gains of 2.98% on the IPs dataset,
495% on the KSC dataset, and 2.26% on the Houston
dataset.

2) Hybrid Feature Extraction Module: Bridging Spatial
and Spectral Patterns: The hybrid feature extraction module
combines the strengths of Mamba and Transformer architec-
tures to bridge spatial and spectral feature extraction. Mamba
excels at capturing long-range dependencies but struggles with

anisotropic spatial structures when applied independently. As
shown in Table VII, introducing the Mamba component (with
Mamba) improved performance by 1.80% in the IPs dataset
but caused a decrease of 1.46% in KSC and 0.80% in Houston
due to unresolved spatial irregularities.

Integrating the Transformer module into this hybrid fea-
ture extraction design (rmamba-T) mitigated these issues by
providing global spatial context, resulting in a performance
increase of 2.44% in IPs and 5.98% in KSC. The module’s
effectiveness is attributed to the Transformer’s capacity to
capture spatial patterns across varying distances, while Mamba
focuses on sequence-level interactions.

3) Feature Enhancement Module: Refining Discriminative
Power: The feature enhancement module is designed to refine
both spatial and spectral features by integrating outputs from
the DCT-augmented processing stream and the hybrid feature
extraction module. It applies a multiscale aggregation strategy
to enhance class separability, particularly for spectrally similar
classes.

As depicted in Table VII, the addition of this module
(mamba-Stem) led to performance improvements of 2.09% on
IPs, 6.82% on KSC, and 1.92% on Houston. This suggests
that the feature enhancement module plays a critical role in
ensuring that the frequency-augmented features are properly
aligned and discriminative in the classification process.

4) Performance of the Complete DTM Model: The final
configuration, referred to as the DTM framework, integrates
all three modules into a unified pipeline. As shown in
Table VII, the complete DTM architecture achieved the highest
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Fig. 10. Class activation map visualization for Stone-Steel-Towers class. (a) DTM attention map, (b) 2D-CNN attention map, (c) HiT attention map, and
(d) MambaHSI attention map. DTM demonstrates a focused and accurate attention on the target class, while other models show dispersed or incorrect attention

patterns.

performance across all datasets, with gains of 3.22%,
6.96%, and 2.80% for IPs, KSC, and Houston, respec-
tively. These results confirm that the combined effect of
spatial consistency enhancement, hybrid feature extraction,
and multiscale feature enhancement contributes significantly
to improved hyperspectral image classification.

This ablation study demonstrates that the DCT-augmented
processing stream effectively increases ACF variance and
enhances spatial consistency, while the hybrid feature extrac-
tion module supports robust long-range dependency modeling.
The physically grounded frequency-domain modeling strat-
egy improves structural consistency of spatial representations,
which contributes to more stable and reliable learning behavior
in hyperspectral image analysis. The feature enhancement
module further refines these representations, leading to a
high-performance DTM model that consistently outperforms
existing methods in hyperspectral image classification tasks.

In addition, we performed ablation experiments by
1) removing the SSM module (DTM block without Mamba),
and 2) substituting the DCT-Mamba scan with a one-way
scan. The results clearly highlight the essential contributions of
both Mamba and DCT-Mamba scanning to the effectiveness
of DTM.

5) Class Activation Map Visualization: The qualitative
diagnosis in Fig. 10 offers a compelling visual explanation
for the quantitative performance gaps. For the challenging
Stone—Steel-Towers class, baseline models exhibit flawed
attention mechanisms: 2D-CNN’s attention is local but
unfocused; HiT’s is global but imprecise; MambaHSI’s is
inconsistent due to raw spatial noise. These flawed attentions
directly translate to incorrect or overconfident predictions.
Conversely, DTM, benefiting from the spatially homogenized
input, generates a sharply focused activation map that pin-
points the discriminative target. This demonstrates that our
proposed DCTConv module not only improves a metric (ACF
variance) but fundamentally refines the model’s interpre-
tive focus, leading to more reliable and accurate pixel-level
decisions.

6) Feature Flow Visualization: To elucidate the spatial
decision logic of each model, we apply Grad-CAM to a
challenging sample (see Fig. 11). The resulting attribution
maps reveal distinct patterns: a localized, grid-bound focus
for 2D-CNN; a fragmented, blockwise pattern for HiT; and
a broad, diffuse activation for MambaHSI, reflecting its long-
range but potentially noisy scanning.

In contrast, DTM exhibits a sharply concentrated, radi-
ally symmetric activation. We argue this focused pattern
is the direct visual evidence of our core innovation—the
DCT-augmented processing stream (DCTConv). By homog-
enizing spatial inconsistencies in the frequency domain,
DCTConv acts as an adaptive filter, suppressing high-
frequency noise and irrelevant contextual distractions. This
produces a denoised and spatially regularized feature repre-
sentation where discriminative local structures are significantly
enhanced.

Thus, the subsequent Mamba and Transformer branches
operate on a high signal-to-noise input. The Mamba branch
can precisely attend to these salient local cues without
being diverted by spurious long-range correlations (as seen
in MambaHSI’s diffuse map), while the Transformer branch
complements this with global spectral context. This efficient
division of labor—spatial regularization by DCTConv fol-
lowed by precise feature extraction—explains DTM’s robust
performance. The interpretable, focused attribution aligns with
and provides a visual rationale for DTM’s superior accuracy
on complex classes (e.g., Stone—Steel-Towers), demonstrating
its ability to base decisions on clear, discriminative evidence.

VI. DISCUSSION
A. Methodological Insights

The DTM architecture introduced a novel approach to
hyperspectral image (HSI) classification by addressing spatial
dependency inconsistencies through ACF analysis. Unlike
traditional methods that primarily adjust model architectures
to infer hidden dependencies from irregular spatial patterns,
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Fig. 11. Feature flow visualization with different methods, including DTM, 2D-CNN, HiT, and MambaHSI.

we proposed a new perspective: transforming unbalanced
spatial data into a more ordered form to enhance long-range
dependency modeling. The core innovation of DTM lies in
the application of DCT-augmented processing combined with
HNNSs. This approach homogenized spatial autocorrelation by
extending the spatial correlation range by 13.57%, thereby
improving the spatial consistency necessary for robust sequen-
tial modeling.

By enhancing spatial consistency, DTM improved Mamba’s
ability to model long-range dependencies, overcoming its
inherent 1-D sequence modeling bias. The integration of bidi-
rectional scanning mechanisms further contributed to capturing
complex spatial structures across heterogeneous regions, while
the hybrid architecture—consisting of DCT, Transformer,
and Mamba components—achieved effective spectral-spatial
disentanglement.

B. Performance Analysis

The improved spatial consistency and long-range depen-
dency modeling directly translated into better classification
performance across various datasets. The experimental results
showed that DTM achieved a state-of-the-art accuracy of
98.76% on the KSC dataset. Notably, the model exhibited
substantial improvements in challenging regions where spatial
irregularities previously degraded classification performance.
For instance, in the anisotropic “Stone—Steel-Towers” class,

DTM improved classification accuracy by 56.7% compared to
the Mamba baseline (MiM). Similarly, for spectral-sensitive
classes like “Water” and “Trees,” DTM achieved a 7.2%
accuracy gain. These results highlight the importance of
homogenizing spatial dependencies through frequency-domain
regularization, which enhances the model’s robustness to spa-
tial variability and spectral similarity.

C. Complexity Analysis

While DTM’s design incorporates multiple components to
achieve high classification accuracy, it maintains competitive
computational efficiency. The model required only 0.10G
FLOPS and 0.13M parameters, significantly outperforming
baseline models such as HiT, which uses 20.94M parameters
and 11.93 FLOPS. Despite the added computational steps
introduced by the DCT and HNN modules, DTM achieved a
50% reduction in training time compared to the latest Mamba-
based method (MiM), demonstrating that frequency-domain
processing enhances spatial modeling efficiency without exces-
sive computational overhead.

Table VIII reveals an important distinction between model
size and computational latency. Although DTM achieves a
99% parameter reduction compared to Transformer baselines
like HiT, its inference time is longer than that of a classic
2D-CNN. This phenomenon arises from the fundamental dif-
ference in architectural operations. The 2D-CNN leverages
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TABLE VIII
COMPLEXITY ANALYSIS ON IPS DATASET

Method FLOPS | Parameters (M) | Training Time (s) | Testing Time (s)
2D-CNN 0.20 0.32 200.21 1.30
3D-CNN 0.50 0.50 300.45 1.90
HybridSN 53 4.32 933.94 3.19

ViT 0.68 13.2 707.79 2.82
HiT 11.93 20.94 2005.29 8.77
MorphF 0.17 0.24 781.36 3.33
SSFTT 0.24 0.93 676.08 2.34
MiM 0.50 0.18 5344.58 20.94
MambaHSI 0.01 043 361.75 7.70
Ours 0.10 0.13 2679.64 11.17

highly optimized, purely local, and parallelizable convolu-
tions. DTM, in its pursuit of effective long-range dependency
modeling, necessarily incorporates components with higher
sequential complexity: the selective SSM in Mamba blocks
involves recurrent-like computations that limit parallelization,
and the self-attention mechanism, despite our efficient design,
introduces quadratic interactions. The DCTConv modules also
add fixed per-forward-pass transformation costs. Therefore,
DTM trades the parameter inefficiency of large CNNs or
Transformers for higher operational complexity per parameter,
resulting in a lightweight model that accurately captures global
contexts but requires more sequential computation than a
shallow local operator. This tradeoff is favorable in appli-
cations where model footprint is constrained (e.g., onboard
deployment), and the significant accuracy gains justify the
increased compute time per sample.

D. Limitations and Future Work

Despite its strong performance, DTM still has certain limi-
tations. The current variance analysis focuses solely on spatial
dimensions, which may limit performance in applications
requiring temporal consistency. Future work will extend the
use of ACF analysis to spectral-temporal dimensions, partic-
ularly for multitemporal datasets where the decay constant T
can vary across acquisition dates. In addition, we plan to inves-
tigate dynamic frequency-band selection to further optimize
computational efficiency, as well as explore hardware-aware
architecture designs to facilitate real-time, onboard remote
sensing applications. Beyond current benchmarks, future eval-
uations will also incorporate modern datasets such as WHU-Hi
to validate the scalability of DTM under higher-resolution and
more diverse acquisition conditions.

VII. CONCLUSION

This article presented the DTM architecture, a novel
approach to hyperspectral image (HSI) classification that
leverages frequency-domain-guided feature learning to address
critical spatial and spectral modeling challenges. We proposed
a strategy to transform irregular and spatially inconsistent
inputs into a more ordered and structurally coherent represen-
tation, thereby facilitating long-range dependency modeling.
Our key contribution stems from the analysis of spatial
dependency inconsistencies using the ACF, which motivated
the integration of DCT-augmented processing with HNNs to
enhance spatial coherence and achieve a 13.57% increase

in the effective decay constant 7. To overcome the limita-
tions of 1-D sequence modeling, multidirectional scanning
mechanisms were introduced to better capture 2-D spa-
tial dependencies. The hybrid DTM architecture enabled
spectral-spatial disentanglement while significantly reducing
model complexity, decreasing parameter count by 99%, from
20.94M in HiT to 0.13M. Extensive experiments demonstrated
that DTM consistently achieves superior performance, reach-
ing a state-of-the-art accuracy of 98.76% on the KSC dataset
and showing a 5.69% improvement over Mamba under low-
sample conditions. In addition, DTM reduced training time by
50% and operated efficiently with only 0.1G FLOPs, making
it well-suited for real-time and onboard remote sensing appli-
cations. Beyond performance gains, DTM hyperspectral image
analysis by integrating physically motivated frequency-domain
representations with theoretically supported mechanisms that
jointly stabilize spatial and spectral dependency modeling.
Future work will explore dynamic frequency-band selection
and hardware-aware design to further extend DTM’s applica-
bility in real-time remote sensing scenarios.
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