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 a b s t r a c t

Current approaches to hyperspectral imaging classification have achieved important results, mostly depending on 
convolution-based preprocessing that adds complexity to the approach. At the same time, these methods often do 
not directly integrate all the data’s spatial, spectral, and volumetric dependencies at once. This article introduces 
Hyperspectral Geometric Algebra Transformer (H-GATr), an approach that addresses these limitations by using 
a Geometric Algebra (GA) architecture to integrate hyperspectral information into multivector representations, 
without additional trainable parameters. Thus, exploiting the intrinsic geometric structure of the data is possible 
to obtain an efficient integration of all hyperspectral sample dependencies. Experiments carried out on various 
benchmark datasets demonstrate that H-GATr is capable of achieving performance comparable to and even 
superior to current models, offering a compact solution for remote sensing applications.

1.  Introduction

Hyperspectral Imaging (HSI) enables the acquisition of full spectral 
information for each pixel of a scene, making it a valuable tool in remote 
sensing and geoscience. HSI has been used to monitor vegetation health 
[1], map mineral deposits [2], detect land cover changes [3], and assess 
environmental hazards [4]. The Hyperspectral Image Classification task 
consists of assigning a class label to each pixel in the image. Typically, 
to classify a pixel, a spatial window centered on that pixel is used in 
order to exploit both spectral and spatial dimensions [5].

Convolutional Neural Networks (CNNs), which have achieved impor-
tant results in the literature [6–8], have explored different ways to si-
multaneously process these two dimensions. A straightforward approach 
involves the use of 3D convolutional filters, as in [9], where such filters 
are first applied along the spatial dimension and then along the spectral 
one, also employing residual connections to improve network depth. In 
contrast, the method proposed in [10] uses two separate blocks that 
extract spectral and spatial information in parallel through learnable 
morphological operations.

Transformers have also demonstrated their validity thanks to their 
attention mechanism. For instance, SAT-Net [11] first reduces the num-
ber of spectral bands through a spectral attention mechanism, and 
then captures both spatial and spectral relationships among patch-
level representations using self-attention. Similarly, the HSI Transformer 
(HiT) [12] first extracts spatial and spectral features using parallel 3D 
convolutions, then applies a convolution-based feature mixing mod-
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ule to encode features along height, width, and spectral dimensions, 
while Transformer layers capture global relationships across patches. 
Thanks to their ability to capture both spatial and spectral dependencies, 
Transformer-based architectures currently achieve state-of-the-art per-
formance in hyperspectral image classification [13,14]. However, these 
models cannot directly process raw hyperspectral data, which require 
preprocessing to generate suitable tokens. A common approach is to em-
ploy convolution based techniques to produce these tokens, enriching 
them with spectral and spatial information. While effective, this strat-
egy increases the network’s complexity and may overlook information 
that is already present in the data [15,16].

For this reason, we chose to explore the use of Geometric Alge-
bra (GA), a mathematical framework that represents geometric en-
tities as multivectors, simultaneously combining scalar, vector, and 
higher-order components. GA has proven highly effective in deep 
learning applications involving geometrically structured data [17]. 
GA-based architectures have already been applied to Hyperspectral 
Image Classification. For instance, the GA-CNN model [18] per-
forms convolutions on multivectors generated from the spectral di-
mension. However, this approach presents two main limitations: 
the multivectors are created only from spectral information, ne-
glecting spatial features, and the convolutions mainly capture spa-
tial relationships, without fully exploiting spectral dependencies. 
Another relevant GA-based model, GASSF-NET [19], integrates Li-
DAR and hyperspectral data, but at the cost of increased network
complexity.
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Fig. 1. Overview of the geometric algebra transformer.

Hyperspectral image classification poses unique challenges due to 
the high dimensionality of the spectral bands and the complex spatial-
spectral relationships. Traditional approaches sometimes fail to fully 
capture interactions across spectral and spatial domains or to exploit 
relational information among local patches. To overcome these limita-
tions, we designed the Hyperspectral Geometric Algebra Transformer 
(H-GATr), which expands the Geometric Algebra Transformer (GATr) 
architecture [20] to hyperspectral data. H-GATr introduces a multivec-
tor format to represent spatial, spectral, and volumetric features, which 
allows to embed hyperspectral patches directly into GA space and per-
form relational reasoning without extra parameters.

2.  Preliminary

2.1.  Geometric algebra

Geometric Algebra (GA), also known as Clifford Algebra, is a mathe-
matical framework that can represent geometric objects and operations 
[21]. Its fundamental elements, called multivectors, encode magnitude, 
direction, and orientation across multiple dimensions. In general a mul-
tivectors can be seen as a sum of different geometric elements with dif-
ferent dimensionality (grade): scalars (grade 0), vectors 𝑒𝑖 (grade 1), 
bivectors 𝑒𝑖𝑒𝑗(grade 2) and pseudoscalar 𝑒1 … 𝑒𝑑 (grade 𝑑).

In order to represent volumes, the GATr model uses the projective 
geometric algebra 𝔾3,0,1, where the number 3 indicates the count of basis 
vectors 𝑒𝑖 satisfying 𝑒2𝑖 = 1, and 1 indicates the number of basis vectors 
𝑒𝑖 satisfying 𝑒2𝑖 = 0. A multivector 𝑥 in this algebra can be written as 
shown in Eq. (1). It has 24 = 16 components, corresponding to all possi-
ble products that can be formed from the four basis vectors 𝑒0, 𝑒1, 𝑒2, 𝑒3:

𝑥 = 𝑥𝑠 + 𝑥0𝑒0 + 𝑥1𝑒1 +⋯ + 𝑥01𝑒0𝑒1 +⋯ + 𝑥0123𝑒0𝑒1𝑒2𝑒3 (1)

The Geometric Product is the multiplication operation between mul-
tivectors in GA. For two vectors 𝑎 and 𝑏, it is defined as in Eq. (2), 
combining the inner and wedge products:

𝑎𝑏 = 𝑎 ⋅ 𝑏 + 𝑎 ∧ 𝑏, (2)

where 𝑎 ⋅ 𝑏 is the standard inner (dot) product, representing the sym-
metric part, and 𝑎 ∧ 𝑏 is the wedge (outer) product, representing the 
antisymmetric part.

This operation combines magnitude alignment (through the inner 
product) and oriented area (through the wedge product) into a single 
algebraic object, allowing multivectors to capture geometric relation-
ships in a unified framework.

2.2.  Geometric algebra transformer

The Geometric Algebra Transformer adopts an encoder-like archi-
tecture and is composed of N stacked blocks, as illustrated in Fig. 1. 
An initial equi-linear layer adjusts the hidden dimension, the number of 
channels expected for each input multivector, similarly to the embed-
ding dimension in conventional Transformer models.

EquiLinear layers The equilinear layers apply the following trasfor-
mation:

𝜙(𝑥) =
𝑑+1
∑

𝑘=0
𝑤𝑘⟨𝑥⟩𝑘 +

𝑑
∑

𝑘=0
𝑣𝑘𝑒0⟨𝑥⟩𝑘 (3)

Fig. 2. Overview of the hyperspectral geometric algebra transformer.

Fig. 3. Window-to-multivector feature transformation: The spectral bands are 
reduced by PCA, the window is split into patches for feature extraction, and the 
results are concatenated into the final multivector representation.

where x is the input multivector, ⟨𝑥⟩𝑘 denotes the blade projection of 
the multivector, which sets all non-grade-k elements to zero. Here 𝑤 ∈
ℝ𝑑+2, 𝑣 ∈ ℝ𝑑+1, with 𝑑 = 3.

Geometric bilinears layer A standard linear layer alone cannot 
build an expressive network. For this reason, the bilinear layer produces 
new feature representations through the geometric product and the join, 
the operation that identifies the smallest subspace containing both mul-
tivectors.

The layer takes as input two hidden states 𝑥 and 𝑦, and a multivector 
𝑧, computed as the mean of the network’s input embeddings By concate-
nating the two operations, the layer produces:
Bilinear(𝑥, 𝑦; 𝑧) = Concatenate(𝑥𝑦,EquiJoin(𝑥, 𝑦; 𝑧)) (4)

with EquiJoin = 𝑧0123(𝑥∗ ∧ 𝑦∗)∗.
Geometric attention layer It extends the mechanism of traditional 

transformers to the multivector domain. Given queries 𝑞, key 𝑘 and value 
𝑣 as multivectors, with 𝑛𝑖 tokens and 𝑛𝑐 channels, the equivariant mul-
tivector attention is defined as

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑞, 𝑘, 𝑣)𝑖′𝑐′ =
∑

𝑖
𝑆𝑜𝑓𝑡𝑚𝑎𝑥𝑖(

∑

𝑐⟨𝑞𝑖′𝑐 , 𝑘𝑖𝑐⟩
√

8𝑛𝑐
) (5)

Here 𝑖, 𝑖′ denote token indices, while 𝑐 and 𝑐′ denote channel indices. 
The operator ⟨⋅, ⋅⟩ represents the inner product.

3.  Method

We propose the Hyperspectral GATr (H-GATr) which consists of 
three main components, as can be seen from the architecture’s overview 
(Fig. 2). The first is the features extraction, which converts the input into 
multivectors. The second is the GATr which processes the multivectors 
and extracts relational features. Finally, the EquiLinear Layer and a Lin-
ear Layer map the output of GATr to the logits corresponding to the 
prediction classes.

3.1.  Multivector features extraction

For each pixel 𝑥 to classify, we consider a window  of size 
𝐻 ×𝑊 ×𝐷, where 𝐷 denotes the number of bands, and 𝐻 and 𝑊  are 
divisible by 4. The window is centered on the pixel at position (𝐻2 ,

𝑊
2 ). 

Our goal is to extract geometric features from this window based on the 
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Fig. 4. Dataset samples of KSC and IP datasets and predictions from GACNN, 
SSFTT, SSRN, and H-GATr models.

Fig. 5. Dataset samples of SA and PU datasets and predictions from GACNN, 
SSFTT, SSRN, and H-GATr models.

arrangement of the data, without relying on trainable weights. Since 
this window represents a three-dimensional data cube, it is crucial to 
preserve the information along these dimensions within the multivector 
representation. Consequently, first two types of features are extracted: 
the spatial features (Spa), which are obtained by independently pro-
cessing each spectral band, and the spectral features (Spe), which are 
derived by independently analyzing the spectrum of each pixel. To com-
plete the representation, we further extracted volumetric (Vol) features 
capable of describing the joint relationships between the spatial and 
spectral dimensions of the hyperspectral cube. To achieve this, we de-
sign the multivector feature extractor (see Fig. 3).

First three distinct representations of the window are generated: 
Spa, Spe, and Vol. The first is obtained reducing the number of 
bands with the principal component analysis (PCA). The other two are 
generated applying PCA, followed by the independent component anal-
ysis (ICA). Using a different number of reduction channels 𝐷Spa, 𝐷Spe, 
and 𝐷Vol, three representations with different values can be obtained. 
ICA is not applied to the spatial features, as it would make the values 
statistically independent, whereas spatial correlations need to be pre-
served.

The three windows Spa, Spe, and Vol are then divided into 4 × 4
patches. From these patches, are extracted three different features:

• Spatial Feature Extractor (Spa-FE): each patch Spa has 𝐷Spa bands 
with a size of 4 × 4. The 16 values of each band are assigned to the 
multivector in a left-to-right, top-to-bottom order. Since a multivec-
tor is generated for each band, this operation produces a total of 𝐷Spa

multivectors.
• Spectral Feature Extractor (Spe-FE): a multivector is created from 
16 pixels located at the same spatial position (𝑖, 𝑗), but belonging 
to different spectral bands. Specifically, for a given position (𝑖, 𝑗), a 

multivector is formed by taking, in order, the pixels at that position 
from the first 16 spectral bands.

If the total number of spectral bands 𝐷Spe is greater than 16, then 
the pixels in the subsequent bands (from the 17th to the 32th, and so 
on) form additional multivectors.

Let 𝐷Spe be divisible by 16; therefore, for each position (𝑖, 𝑗), a 
total of 𝐾 = 𝐷Spe

16  multivectors are generated. Given that the patch 
has a size of 4 × 4, the total number of multivectors created is 𝐾 ⋅ 16 =
𝐷Spe.

• Volumetric Feature Extractor (Vol-FE): for every group of four 
consecutive spectral bands, two 2 × 2 × 2 kernels are applied inde-
pendently over the volumetric patches Vol. One kernel performs 
max pooling, while the other performs min pooling. Since each patch 
has a spatial size of 4 × 4 and is processed over a group of four bands, 
both pooling operators produce 8 scalar values.

These values are then combined through an interleaving opera-
tion, in which max and min pooled responses are alternated to form 
a single multivector. This interleaving preserves the correspondence 
between extreme responses computed at the same spatial locations 
and spectral group, enabling a compact representation of both spa-
tial and spectral information within a single multivector.

Therefore, the total number of multivectors obtained by this op-
eration is 𝐷Vol4 .

Each patch 𝑖𝑗 is finally represented by the concatenation of the three 
different sets of features:
𝑖𝑗 = Concat(𝐹

Spa
𝑖𝑗 , 𝐹 Spe𝑖𝑗 , 𝐹Vol𝑖𝑗 ) (6)

In this way, the total number of multivectors for each patch is 𝐷Spe +
𝐷Spa + 𝐷Vol

4 .

3.2.  Classification head

After creating a set of multivector features 𝑖𝑗 for each patch 𝑖𝑗 , 
these sets are passed through GATr, where the attention mechanism op-
erates across the patches:
 = GATr( ) ∈ ℝ𝑜𝑢𝑡×𝑛×16 (7)

where 𝑜𝑢𝑡 denotes the number of output channels, 𝑛 the number of 
patches, and 16 the dimension of each multivector.

With 𝐶out = 1, the reduction is applied only along the patch dimen-
sion using an EquiLinear layer (Section 2.2), which reduces the number 
of multivectors from 𝑛 to 1. Then, a linear layer maps the multivector 
components to the class logits for cross-entropy loss. The overall output 
of the network is:
𝑦 = Linear(EquiLinear()) ∈ ℝ𝑐 (8)

where 𝑐 denotes the number of classes.

4.  Experiments

4.1.  Datasets

The experiments were conducted on four benchmark hyperspectral 
datasets designed for land cover classification: Indian Pines (IP), Salinas 
Scene (SA), Pavia University (PU), and Kennedy Space Center (KSC).

The IP and SA datasets were collected by the AVIRIS sensor over 
Indiana and Salinas Valley (US), respectively. IP has 145 × 145 pixels and 
224 spectral bands (200 used after water absorption removal), covering 
mainly agricultural areas with 16 classes and 10,249 labeled pixels. SA 
contains 512 × 217 pixels and 224 bands (200 used), including crops, 
bare soil, and vineyards, with 54,129 labeled pixels in 16 classes.

The PU dataset was acquired by the ROSIS-03 sensor over the Uni-
versity of Pavia (IT), with 610 × 610 pixels, 103 spectral bands (430-
860 nm), 42,776 labeled pixels, and 9 classes.
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Table 1 
Hyperparameter configurations for each dataset. The 
Spa/Spe/Vol column refers to the number of channels after 
PCA reduction for each representation, while Hidden dim column 
refers to H-GATr hidden dimension.
 Dataset  Window size  Spa/Spe/Vol  Hidden dim  Heads
 IP 16 × 16  16/16/64  24  8
 KSC 16 × 16  16/16/64  8  8
 SA 16 × 16  16/16/64  16  8
 PU 16 × 16  32/32/64  24  8

Table 2 
Classification result on the KSC dataset. The classes C1, …, C13, correspond 
respectively to classes 1, …, 13 of the KSC dataset (e.g., C1 = Scrub). The colors 
refer to those used in the ground truth of the KSC dataset.

The KSC dataset was collected by the AVIRIS sensor over Florida 
(US), with 512 × 614 pixels, 176 spectral bands (18 m/pixel), and 13 
classes (5,211 labeled pixels).

Each dataset includes one hyperspectral image and its corresponding 
ground-truth map. Since no official split is provided, 10% of labeled 
pixels were used for training on IP and KSC, while 100 pixels per class 
were selected for SA and PU.

4.2.  Experiments configurations

The hyperparameters to be chosen concern both the creation of the 
multivectors and the GATr architecture. The final layers, on the other 
hand, have dimensions that depend solely on the number of classes and 
the number of patches.

For multivector creation, a 16 × 16 window was used for all four 
datasets (Table 1). The window size directly affects the number of ex-
tracted patches, over which the attention mechanism operates, and con-
sequently influences the model’s number of parameters and computa-
tional cost. A 16 × 16 window captures local spatial information while 
limiting the inclusion of distant pixels, providing a good trade-off by 
enabling effective patch-level attention without excessively increasing 
the model complexity.

PCA was applied to reduce the number of bands for the three repre-
sentations of each window, so that the number of multivectors generated 
would be the same across the three different feature types. Accordingly, 
16/16/64 was chosen for the Spatial (Spa), Spectral (Spe), and Volumet-
ric (Vol) representations, respectively. Only for PU the values 32/32/64 
were selected. In the PU dataset, many classes are arranged in narrow re-
gions that extend across the image. For this reason, prediction based on 
similarity with neighboring pixels is less effective than in other datasets, 
where classes are distributed in blocks. Consequently, it was considered 
preferable to use a larger number of features.

Table 3 
Classification result on the SA dataset. The classes C1, …, C16, correspond re-
spectively to classes 1, …, 16 of the SA dataset (e.g., C1 = Brocoli green weeds 
1). The colors refer to those used in the ground truth of the SA dataset.

Table 4 
Classification result on the PU dataset. The classes C1, …, C9, correspond re-
spectively to classes 1, …, 9 of the PU dataset (e.g., C1 = Asphalt). The colors 
refer to those used in the ground truth of the PU dataset.

For the GATr hyperparameters, a different hidden dimension was 
chosen for the different dataset (Table 1). The high value for IP can 
be attributed to the complexity of the dataset, while the low value for 
KSC reflects the small sample size. An high hidden dimension was also 
chosen for the PU dataset due to its elevated number of features.

To improve performance, data augmentation techniques were ap-
plied on the fly during training. These included vertical and horizontal 
flips, as well as random rotations of 90°, 180°, or 270° of the window. 
Dropout was also applied within GATr and in the final EquiLinear layer.

4.3.  Experimental results

The proposed H-GATr was evaluated against several baseline mod-
els, including the GA-CNN [18], the Spectral-Spatial Feature Tokenizer 
Transformer (SSFTT) [16], and the Spectral-Spatial Residual Network 
(SSRN) [22].

The evaluation metrics used were Overall Accuracy (OA), Average 
Accuracy (AA), and Cohen’s Kappa coefficient (𝜅). To ensure that the ob-
tained results do not solely depend on the random data split, ten training 
runs are performed, each time selecting different pixels to compose the 
training and test datasets. Accordingly, the results are presented as mean 
± variance.
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Table 5 
Classification result on the IP dataset. The classes C1, …, C16, correspond re-
spectively to classes 1, …, 16 of the IP dataset (e.g., C1 = Alfalfa). The colors 
refer to those used in the ground truth of the IP dataset.

Table 6 
Number of learnable parameters (in thousands).
 Dataset  GACNN [18]  SSRN [22]  SSFTT [16]  H-GATr
 IP  22.5  750.0  153.2  98.9
 SA  22.5  735.9  153.2  106.0
 PU  16.8  651.2  153.2  18.4
 KSC  132.0  397.2  153.2  50.4

All experiments were conducted on a NVIDIA T4 GPU, using a learn-
ing rate of 0.001 and a batch size of 8.

Tables 2–5 report the OAs, AAs, 𝜅 coefficients, and the classification 
accuracies of all classes for HSI classification, while the Figs. 4–5 show 
the prediction maps of all baseline models. The legends are provided in 
the corresponding Tables 2–5.

Overall, H-GATr achieves the best or comparable performance across 
all evaluated datasets. In particular, it attains the highest OA and 𝜅 on 
the KSC, PU, and SA datasets. H-GATr also achieves the highest AA on 
the KSC, PU, and IP datasets, while on the SA dataset SSRN slightly out-
performs it in terms of AA by 0.02. On the IP dataset, H-GATr achieves 
lower OA (-0.97) and 𝜅 (-1.12) compared to SSRN. The most notable im-
provements of H-GATr are observed in terms of AA on the KSC (+0.52) 
and IP (+0.40) datasets. These gains are mainly reflected in higher clas-
sification accuracies for minority classes, namely class C7 in KSC and 
class C9 in IP. In addition, H-GATr exhibits lower or comparable stan-
dard deviations across most datasets and evaluation metrics, indicating 
stable performance across runs.

Table 7 
Ablation study evaluating the contribution of spatial (Spa), spectral (Spe), and volumetric (Vol) features on the four hyperspectral 
datasets.

 Features  KSC  SA  PU  IP
 Spa  Spe  Vol  OA(%)  AA(%)  k(%)  OA(%)  AA(%)  k(%)  OA(%)  AA(%)  k(%)  OA(%)  AA(%)  k(%)
✓  99.43  98.82  99.36  98.86  99.49  98.73  99.43  99.32  99.24  97.35  97.04  97.02

✓  99.44  98.80  99.37  97.85  99.16  97.60  98.59  98.44  98.12  96.52  96.04  96.03
✓  99.04  98.32  98.93  97.19  98.20  96.87  92.91  92.55  90.58  95.19  94.77  94.52

✓ ✓  99.54  98.95  99.49  98.94  99.56  98.82  99.40  99.34  99.20  97.70  97.34  97.38
✓ ✓  99.53  99.16  99.48  98.77  99.46  98.62  99.15  99.23  98.86  97.48  96.90  97.13

✓ ✓  99.37  98.88  99.30  98.50  99.34  98.33  98.69  98.65  98.25  96.93  96.82  96.51
✓ ✓ ✓  99.85  99.73  99.83  99.31  99.67  99.23  99.56  99.53  99.41  97.63  97.04  97.29

This low standard deviations observed across most datasets indicate 
that H-GATr captures class-specific characteristics consistently across all 
classes and samples.

The model is also able to generalize effectively. For instance, it 
achieves high accuracy on the Grapes class (C8) in the Salinas dataset, 
as shown in Fig. 5, despite the significantly larger number of test sam-
ples compared to training samples. It also performs well on classes with 
very few training samples, such as C1 (42 samples) and C9 (20 samples) 
in the IP dataset.

H-GATr leverages spatial information to assign neighboring samples 
to the same class. When neighboring classes are spectrally distinct or 
have a sufficient number of samples (as in the PU and SA datasets), the 
model accurately distinguishes between them. On the IP dataset, OA 
and 𝜅 are slightly lower than SSRN, which can be explained by the com-
bination of high spectral similarity and low sample counts for several 
classes. In particular, the spatial proximity of similar classes can make 
relational aggregation more challenging, slightly reducing performance 
for minority or closely spaced classes. Nevertheless, H-GATr still attains 
higher average accuracy and relatively low variance, reflecting its abil-
ity to handle minority and challenging classes effectively (Fig. 4).

The effect of H-GATr’s ability to extract multivector features without 
relying on additional trainable weights is evident in Table 6. Although 
H-GATr has slightly more parameters than GACCN, it consistently out-
performs it across all metrics and datasets, showing a more efficient use 
of its weights. H-GATr also reduces the number of parameters by over 
85% compared to SSRN, and by between 30% (on the SA dataset) and 
over 82% (on the PU dataset) compared to SSFTT, offering an advantage 
in memory-limited scenarios while maintaining high accuracy.

4.4.  Ablation study

We performed an ablation study on the features extracted from the 
images, namely spatial (Spa), spectral (Spe), and volumetric (Vol) fea-
tures (Table 7). The goal of this study was twofold: first, to determine 
whether any single feature type is more important than the others, and 
second, to assess whether combining all three features leads to actual 
performance improvements compared to using each feature individually 
or in partial combinations.

The ablation study shows that the spatial feature is the most impact-
ful. When considered individually, it achieves higher performance than 
the other two features. Moreover, the combination spatial and spectral 
features attains results that are very close, in absolute terms, to those 
obtained using all three features. In particular, in terms of OA, the varia-
tion with respect to the full feature combination ranges between -0.37% 
and +0.07%.

The volumetric feature, on the other hand, exhibits the lowest per-
formance when used alone. This behavior is expected, as it provides a 
more compact representation of the input data due to pooling, which 
inherently reduces the amount of available fine-grained information.

Nevertheless, the contribution of the volumetric feature when com-
bined with the others is limited when it is paired with a single feature: it 
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improves the performance of the spatial feature alone only on the KSC 
dataset, and that of the spectral feature alone only on the PU and IP 
datasets. In contrast, when the volumetric feature is jointly combined 
with both spatial and spectral features, it consistently contributes to 
improved performance. Overall, the combination of all three features 
yields the best results in most cases.

The only dataset for which the spatial and spectral combination 
yields better results is IP. This behavior can be attributed to the rela-
tively small size of the IP dataset, which contains a limited number of 
training samples for some classes. In this setting, the additional abstrac-
tion introduced by the volumetric representation may require a larger 
amount of training data to be effectively exploited and generalized by 
the model.

In conclusion, the combination of all three features is retained in the 
study, as it provides the best results on three out of four datasets, thus 
representing the most robust configuration overall.

5.  Conclusion

In this letter, we introduced H-GATr, a GA-based framework for hy-
perspectral image classification that replaces convolutional preprocess-
ing with a direct multivector embedding of spatial, spectral, and vol-
umetric information. By leveraging the expressiveness of GA, H-GATr 
captures relational dependencies among patches without additional 
trainable filters, while maintaining state-of-the-art accuracy across four 
benchmarks. This highlight the potential of GATr for modeling geomet-
ric information beyond classical primitives.

A potential direction for future work is to explore the use of GATr 
for integrating additional data modalities beyond hyperspectral images, 
such as LiDAR, SAR, or multispectral images. This is possible because 
GATr can handle scalar inputs in parallel channels alongside multivector 
features, while the multispectral images and other 3D modalities could 
be encoded as multivectors following an approach similar to that used 
in this work.
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