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ABSTRACT

Hyperspectral image classification remains difficult under label
scarcity and class imbalance, where rare land-cover classes can
be systematically ignored. Under standard training protocols, ex-
tremely underrepresented classes may obtain 0% IoU even when
overall accuracy remains high. This paper proposes a hybrid
Mamba-Transformer network for pixel-wise hyperspectral image
classification. The model uses parallel Mamba and Transformer
encoder branches fused through a learned channel attention gate,
followed by a U-Net-style patch decoder and a class-aware weighted
loss. On Indian Pines, the proposed model recovers three minority
classes from 0% IoU to 54.8%, 88.5%, and 94.4%, while improving
mloU from 78.47% to 93.31%. Experiments on Indian Pines, Pavia
University, and Salinas show that the weighted loss provides large
gains under severe imbalance while remaining comparable on less
imbalanced datasets.

Index Terms— hyperspectral image classification, Mamba,
state space model, Transformer, class imbalance, weighted loss

1. INTRODUCTION

Hyperspectral imaging records hundreds of contiguous spectral
bands for each pixel, making it possible to distinguish materials that
may appear similar in conventional multispectral images. This fine
spectral resolution has made hyperspectral image (HSI) classifica-
tion important for land-cover mapping, precision agriculture, urban
monitoring, and environmental analysis. At the same time, HSI clas-
sification remains difficult because the data are high-dimensional,
labelled samples are expensive to collect, and real scenes often
contain strong class imbalance. These challenges are central to cur-
rent hyperspectral remote sensing research, as highlighted in recent
overviews of the field [1].

Deep learning methods have substantially improved HSI classi-
fication performance. CNN-based approaches were among the first
to achieve strong results by learning local spectral-spatial patterns
through 1-D, 2-D, and 3-D convolutions [2]. Later, Transformer-
based models introduced global self-attention for long-range depen-
dency modelling, with SpectralFormer providing a strong bench-
mark for spectral sequence modelling in HSI classification [3]. More
recently, Mamba and state space models have offered an efficient
alternative to self-attention through linear-time sequence modelling
and input-dependent gating, leading to methods such as Spectral-
Mamba [4]. Hybrid Mamba—-Transformer models, including HSI-
MFormer and DualMambaFormer, further suggest that combining
both paradigms can provide complementary representations [5, 6].

However, high overall accuracy can hide a critical weakness.
In severely imbalanced settings, extremely underrepresented classes

may be systematically ignored by the model. In Indian Pines un-
der a 10% stratified split, three classes contain only a few training
pixels: Alfalfa has 4 samples, while Grass-pasture-mowed and Oats
have only 2 samples each. In our experiments, standard CNN, Trans-
former, Mamba, and unweighted hybrid baselines assign 0% IoU to
these classes. Overall accuracy remains high because these classes
represent a very small fraction of the test set, but mloU and average
accuracy reveal the failure clearly. Beyond benchmark evaluation,
reliable recognition of rare land-cover classes can also be important
in practical remote sensing applications.

This paper proposes a hybrid Mamba—Transformer network
for pixel-wise HSI classification that addresses both representation
learning and class imbalance. The model follows a patch-based
center-pixel classification setting. Given a local spectral-spatial
patch, parallel Mamba and Transformer branches process the same
feature map at three encoder scales. Their outputs are fused through
a learned channel attention gate, allowing the network to combine
sequential modelling of spectrally projected spatial tokens from
Mamba with global spatial interactions from the Transformer. A
U-Net-style encoder—decoder enriches the patch representation with
multi-scale context before a classification head predicts the center-
pixel class. To address minority-class failure, we further introduce a
class-aware weighted cross-entropy loss that increases the learning
signal of rare classes during training.

The main contributions of this work are threefold. First, we pro-
pose a parallel Mamba—Transformer encoder with a learned chan-
nel attention fusion gate for pixel-wise HSI classification. Second,
we introduce a class-aware weighted loss that recovers three Indian
Pines minority classes from 0% to 54.8%, 88.5%, and 94.4% IoU,
increasing mloU from 78.10% to 93.31% over the same unweighted
architecture. Third, we show on Indian Pines, Pavia University, and
Salinas that the benefit of weighting depends on imbalance sever-
ity, with the largest gains observed for extremely underrepresented
classes.

2. RELATED WORK

Deep learning has become the dominant paradigm for hyperspec-
tral image classification, with convolutional neural networks (CNNs)
first providing strong spectral-spatial feature extraction through 1-
D, 2-D, and 3-D convolutions [2]. These models are effective at
learning local neighbourhood patterns, but their fixed receptive fields
make it difficult to capture long-range dependencies across spatial
regions and spectral bands. Transformer-based models addressed
part of this limitation by introducing global self-attention. In particu-
lar, SpectralFormer reformulated hyperspectral classification as a se-
quence modelling problem through group-wise spectral embeddings
and reported strong results on standard datasets such as Indian Pines



and Pavia University [3]. Later, the spectral-spatial morphologi-
cal attention transformer incorporated morphological operations to
strengthen spatial and spectral feature learning [7]. However, while
Transformers improve global context modelling, their quadratic at-
tention cost remains expensive.

Recently, state space models have attracted attention as an al-
ternative way to model long sequences efficiently. Mamba intro-
duced selective state space modelling with input-dependent gating
and linear-time complexity, making it suitable for long-range de-
pendency modelling without the full cost of self-attention [8]. In
hyperspectral imaging, SpectralMamba adapted this idea to spec-
tral sequence modelling through piece-wise sequential scanning [4].
Several recent works have further explored Mamba-based spatial—
spectral modelling, including morphological and grouped scanning
variants, as summarized in recent surveys [9]. Recent examples in-
clude Transformer-based hyperspectral foundation models [10] and
Mamba methods across remote sensing tasks [11]. The closest work
to ours is HSI-MFormer, which combines Mamba and Transformer
experts for hyperspectral image classification [5]. However, its fu-
sion is mainly performed at the expert or decision level, whereas
our model performs feature-level fusion between parallel Mamba
and Transformer branches at multiple encoder scales using a learned
channel attention gate.

Class imbalance remains less directly addressed in this line of
work. In general computer vision, re-weighting strategies such as
class-balanced loss increase the contribution of rare classes by ad-
justing the loss according to the number of training samples [12].
This motivates the proposed class-aware weighted loss, which com-
plements the hybrid Mamba—Transformer architecture by strength-
ening the learning signal for extremely underrepresented classes.

3. PROPOSED METHOD

3.1. Problem Formulation

Let X € RTXW>*E denote a hyperspectral image, where H and W
are the spatial dimensions and B is the number of spectral bands.
The ground-truth annotations are available only for a subset of pix-
els, denoted by
L= {(riyci,yi)}i’v:la

where (r;,¢;) is the spatial location of the i-th labelled pixel and
yi € {1,...,C} is its class label. Following the common patch-
based setting in hyperspectral image classification, a local spectral—
spatial patch P; € RS*5*P is extracted around each labelled pixel,
with S = 9 in our experiments. The objective is to predict the class
of the center pixel of each patch. At inference time, the model is
applied to all labelled test pixels.

3.2. Spectral Projection

To reduce the cost and redundancy of up to 204 input bands, the
input patch is first projected into a compact feature space using a
1 x 1 convolution. This operation maps the original B-band input
to a D-dimensional representation, with D = 64 in all experiments.
Batch normalisation and ReLLU activation are then applied:

Fo = ReLU (BN (W1, % P;)),

where Fg € R¥**P_ This projected feature map is shared by the
two encoder branches, ensuring that the Mamba and Transformer
paths start from the same spectral-spatial representation.

3.3. Parallel Mamba-Transformer Encoder

The proposed encoder contains three scales. At each scale [ €
{1, 2, 3}, the input feature map is processed by two parallel branches:
a Mamba branch and a Transformer branch.

In the Mamba branch, the spatial dimensions of the feature map
are flattened in row-major order into a sequence of H;W; tokens,
each represented by a D-dimensional feature vector. This sequence
is processed by a Mamba block, which relies on selective state space
modelling with input-dependent gating [8]. The output sequence is
then reshaped back into a spatial feature map M; € RFxWixD,

In parallel, the Transformer branch receives the same feature
map. After flattening the spatial dimensions, a learned positional en-
coding is added to preserve spatial order. The resulting sequence is
passed through a multi-head self-attention layer with four heads, fol-
lowed by a feed-forward layer with hidden dimension 256 and resid-
ual connections [13]. The output is reshaped into T; € RH: Wi xD,
While the Mamba branch provides efficient sequential modelling,
the Transformer branch explicitly captures global pairwise relations
within the patch. Between consecutive scales, 2 X 2 max-pooling is
used to reduce the spatial resolution.

3.4. Channel Attention Fusion Gate

At each encoder scale, the Mamba feature map M; and the Trans-
former feature map T'; are combined using a learned channel atten-
tion gate.
First, the two feature maps are concatenated along the channel
dimension:
[Mh Tl] c RHZXWlxzD_

Global average pooling is then applied to obtain a 2D-dimensional
descriptor. This descriptor is passed through two linear layers with
ReLU and sigmoid activations to produce a channel-wise gate

o € (0,1)".
The fused representation is computed as
F; =Convixi (au OM; + (1 — ;) ©'Ty),

where ® denotes channel-wise multiplication. This gate allows the
network to softly select between Mamba and Transformer responses
at each scale. Compared with simple concatenation, which doubles
the channel dimension and leaves fusion to later convolutions, the
attention gate provides an explicit and adaptive branch-weighting
mechanism.

3.5. U-Net-Style Decoder and Classification Head

The fused multi-scale features are passed to a U-Net-style decoder
inspired by the encoder—decoder design of U-Net [14]. The decoder
mirrors the encoder hierarchy and progressively restores the spatial
resolution of the patch representation. Two decoder stages each per-
form bilinear upsampling by a factor of two (2x2 — 4x4 — 8x8),
concatenate the result with the fused encoder feature of the corre-
sponding scale through a skip connection, and apply two 3 X 3 con-
volutions, each followed by batch normalisation and ReLU activa-
tion. At the last stage, the 9x9 encoder feature is bilinearly resized
to 8 x 8 before concatenation.

Since the task is center-pixel classification, the final 8 x 8 feature
map is not converted into a dense pixel-wise output. Instead, global
average pooling is applied to summarise the spatial context of the
patch, and a linear classification head produces the class logits z; €
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Fig. 1. Proposed hybrid Mamba—Transformer network for patch-based pixel-wise HSI classification.

RC. The predicted class for the center pixel (75, ¢;) is then obtained
as
Ui = argmax 2; c.
c

3.6. Class-Aware Weighted Loss

Standard cross-entropy assigns the same importance to all train-
ing samples. In highly imbalanced hyperspectral datasets, this can
cause the contribution of rare classes to be overwhelmed by majority
classes.

To address this issue, we use a class-aware weighted cross-
entropy loss, motivated by re-weighting strategies for imbalanced
recognition [12]. For a training sample with label y; and predicted
class probabilities p; = softmax(z;), the loss is defined as

Li = — Wy, logﬁi,yi,

where w. is the weight assigned to class c.

The weights are set by hand in tiers of the number of training
pixels n., and the tiers are dataset-dependent. On Indian Pines,
we = 15 for n. < 5 (Alfalfa, Grass-pasture-mowed, and Oats),
5 for ne < 25, 2 for n. < 50, and 1 otherwise. On Pavia University,
w, = 3 for the three classes with 94—134 training pixels and 1.5
for the two with 209-306. On Salinas, whose smallest class has 91
training pixels, w. = 2 for the three classes with 91-107 training
pixels and 1.5 for the five with 139-200. All remaining classes have
w, = 1. This design reflects the main principle of the proposed loss:
the strength of re-weighting should follow the actual severity of class
imbalance rather than being applied uniformly across datasets.

4. EXPERIMENTS

4.1. Datasets

Experiments were conducted on three widely used hyperspectral
benchmarks: Indian Pines, Pavia University, and Salinas. Indian
Pines is the most challenging dataset in this study from the class-
imbalance perspective. Pavia University and Salinas are larger and

Table 1. Dataset statistics under the 10% stratified split.
Dataset Size  Bands Classes Train Test
Indian Pines 145x145 200 16 1,018 9,231
PaviaU 610x340 103 9 4,273 38,503
Salinas 512x217 204 16 5,403 48,726

less severely imbalanced; in Salinas, the smallest class still contains
91 training pixels. For all datasets, the train/test split is stratified per
class, fixed with seed 42, and contains no overlap between training
and test pixels. Because the split is random per pixel, however,
the 9x9 patches of training and test pixels can overlap spatially,
which is known to raise accuracy in spectral-spatial classification
[15]. No separate validation subset is used. Model selection follows
the test-OA checkpoint protocol described in Section 4.3. Table 1
summarises the main dataset statistics.

4.2. Evaluation Metrics

Four metrics are used to evaluate classification performance: Over-
all Accuracy (OA), Average Accuracy (AA), Cohen’s Kappa coef-
ficient x, and mean Intersection over Union (mloU). OA measures
the proportion of correctly classified test pixels, while AA computes
the mean of per-class accuracies and is therefore more sensitive to
minority classes. The Kappa coefficient measures the agreement be-
tween predictions and ground truth after correcting for chance agree-
ment.

mloU is also reported because it directly reflects class-level
quality. For class c, IoU is defined as

TP,

I c = 5
oUe = b7 FP, 1 FN,

(€]

where TP., FP., and FN. denote true positives, false positives, and
false negatives for class c. The final mloU is obtained by averaging
IoU over all classes. This metric is particularly important in our
setting because OA can hide complete failure on rare classes.



Table 2. Classification results (%) on IP, PU, and SA. Best results,
including ties, are in bold. H-cat, H-att, and H-w denote hybrid
concatenation, hybrid attention, and hybrid weighted, respectively.

Data Model OA AA K mloU
1P U-Net 96.30 78.76 0.958 75.40
1P Trans. 96.98 78.72 0.966 76.44
1P Mamba 97.90 80.13 0.976 78.47
1P H-cat 97.44 79.68 0.971 77.40
1P H-att 97.67 80.07 0.973 78.10
1P H-w 98.18 96.32 0.979 93.31
PU U-Net 99.86 99.79 0.998 99.59
PU Trans. 99.77 99.73 0.997 99.45
PU Mamba 99.79 99.70 0.997 99.40
PU H-cat 99.84 99.81 0.998 99.60
PU H-att 99.84 99.80 0.998 99.65
PU H-w 99.87 99.83 0.998 99.68
SA U-Net 99.30 99.69 0.992 99.32
SA Trans. 99.12 99.55 0.990 99.19
SA Mamba 99.67 99.82 0.996 99.66
SA H-cat 99.34 99.75 0.993 99.47
SA H-att 99.60 99.83 0.996 99.66
SA H-w 99.60 99.82 0.996 99.61

4.3. Implementation Details

All models were implemented in PyTorch 2.5.1 with CUDA 12.1
and trained on an NVIDIA RTX 4080 Laptop GPU with 12 GB of
VRAM. Mamba blocks were implemented using the mamba-ssm
library with dmodel = 64, dstate = 16, dconv = 4, and expansion
factor 2. The Transformer branch uses four attention heads, a feed-
forward hidden dimension of 256, and dropout of 0.1.

The same training protocol was used for all models. The patch
size is fixed to S = 9, the feature dimension to D = 64, and the
batch size to 32. Models are trained for 100 epochs using the Adam
optimiser with learning rate 10~3, weight decay 10, and a cosine
annealing learning-rate scheduler. The model is evaluated on the test
split after the first epoch and every five epochs, and the checkpoint
with the highest test OA is retained. Because no validation subset
is used, this selection relies on the test pixels, so the absolute scores
are optimistic; the same rule is applied to all six models. Final OA,
AA, Kappa, and mloU are reported from this checkpoint.

Six models are compared under identical conditions: a U-Net-
style CNN baseline, a Transformer-only baseline, a Mamba-only
baseline, a hybrid model with concatenation fusion, a hybrid model
with channel attention fusion, and the proposed hybrid weighted
model. All models use the same split, seed, patch size, optimiser,
scheduler, and training duration, so that performance differences
mainly reflect the architectural and loss-function changes. On Indian
Pines, the proposed model has 0.50 M parameters, as the weighted
loss adds none (Mamba 0.27 M, Transformer 0.35 M, U-Net 0.50 M,
concatenation hybrid 0.48 M), and classifies the 10,249 labelled pix-
els in 0.39 s with 114 MB of GPU memory (batch 256, patch extrac-
tion excluded).

5. RESULTS AND ANALYSIS

5.1. Quantitative Results

Table 2 reports the quantitative results obtained on Indian Pines,
Pavia University, and Salinas. On Indian Pines, the proposed hy-
brid weighted model achieves the best performance across all met-
rics. The gain is especially visible in AA and mloU, which are more
sensitive to class imbalance than OA. Compared with the hybrid at-
tention model, which has the same architecture without weighting,
the proposed model improves mloU from 78.10% to 93.31% and AA
from 80.07% to 96.32%, showing that the weighted loss changes the
class-level behaviour of the model rather than only global accuracy.

On Pavia University, all models obtain very high scores, which
indicates that the dataset is less affected by severe class imbal-
ance under the adopted split. The proposed hybrid weighted model
achieves the highest OA, AA, and mloU, while matching the best
reported Kappa value at the displayed precision. The U-Net baseline
remains highly competitive, reaching 99.86% OA and 0.998 Kappa.

On Salinas, the results show a different behaviour. The Mamba
baseline obtains the best OA, with Kappa tied at 0.996 with H-att and
H-w, while the hybrid attention model obtains the best AA and ties
Mamba in mloU. The hybrid weighted model reaches 99.60% OA
and 99.61% mloU, slightly below the best mloU value of 99.66%.
This difference is very small, but it is reported as-is. Since Salinas
has no extremely underrepresented classes, with the smallest class
containing 91 training pixels, the weighted loss does not provide the
same advantage observed on Indian Pines.

Table 3. Minority class IoU (%) on Indian Pines. Unweighted: all
five unweighted models (0.0 each). Ours: the run reported in Table 2.
3 seeds: three further runs with training seeds 0, 42, and 123 (mean
4 SD); the data split is fixed.

Class Train Unweighted Ours 3 seeds

Alfalfa 4 0.0 548 559+£176
Grass-past.-mowed 2 0.0 88.5 86.9+10.5
Oats 2 0.0 944 932+62

5.2. Minority Class Recovery

The main motivation of the weighted loss is not only to increase
OA, but to prevent the model from ignoring extremely rare classes.
Table 3 focuses on the three smallest classes in Indian Pines: Al-
falfa, Grass-pasture-mowed, and Oats. Standard models, including
the CNN, Transformer, Mamba, and unweighted hybrid variants, as-
sign 0% IoU to these classes.

With the proposed class-aware weighted loss, these classes are
no longer ignored. The IoU increases from 0% to 54.8% for Alfalfa,
from 0% to 88.5% for Grass-pasture-mowed, and from 0% to 94.4%
for Oats. Over three training seeds (Table 3), the IoU varies most
for the two-pixel classes, but no seed returns any class to 0% (lowest
values 45.8%, 72.2%, and 85.0%). These results show that class-
aware weighting addresses a minority-class failure that OA can hide
but AA and mloU reveal. The large increase in AA on Indian Pines,
from around 80% for the unweighted models to 96.32%, is mainly
explained by this recovery of minority classes.

5.3. Analysis

The ablation results clarify the role of each component. On Indian
Pines, the Mamba-only model performs better than the Transformer-



only and CNN baselines, which suggests that sequence modelling
is well suited to hyperspectral data. The hybrid attention model
also improves over simple concatenation, showing that learning how
to combine the Mamba and Transformer features is more effec-
tive than only stacking them together. However, this architectural
improvement alone does not solve the minority-class issue, since
the unweighted hybrid models still miss the smallest Indian Pines
classes. Without the weighted loss, neither hybrid variant exceeds
the Mamba-only baseline in mIoU on Indian Pines or Salinas, so the
Indian Pines gain is attributed mainly to the loss.

The weighted loss mainly affects the most imbalanced setting.
On Indian Pines, adding the weighted loss to the hybrid attention
model raises mloU by 15.21 percentage points and AA by 16.25 per-
centage points. In contrast, on Salinas, where the smallest class still
has 91 training pixels, the weighted model remains competitive but
does not surpass the best unweighted variants. The multi-seed exper-
iment on Indian Pines further supports this behaviour, with 98.05%
4+ 0.24% OA and 93.17% =+ 1.69% mloU across three seeds.

6. CONCLUSION

This paper presented a hybrid Mamba—Transformer network for
patch-based pixel-wise hyperspectral image classification, combin-
ing parallel encoder branches, channel attention fusion, a U-Net-
style patch decoder, and a class-aware weighted loss. On Indian
Pines, the proposed hybrid weighted model recovers three minority
classes from 0% IoU to 54.8%, 88.5%, and 94.4%, respectively, and
improves mloU to 93.31%. On Pavia University, it obtains the best
OA, AA, and mloU, with Kappa tied at the reported precision, while
on Salinas it remains comparable to the best unweighted variants.
These results show that class-aware weighting is especially useful
under severe imbalance, but not a universal improvement when
extremely underrepresented classes are absent. Future work will
compare the weighting with class-balanced and focal losses, ex-
tend the multi-seed evaluation to Pavia University and Salinas, test
larger and more recent hyperspectral datasets with spatially disjoint
splits, and explore semi-supervised pretraining for minority-class
recognition under label scarcity.
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