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Abstract
Hyperspectral image (HSI) classification is challenging because each pixel has hun-

dreds of spectral bands while only a small number of labelled samples are available.
This paper presents QuantFormer, a hybrid quantum–classical transformer that embeds
a small variational quantum circuit as a spectral token encoder inside a vision trans-
former backbone for pixel-wise land-cover mapping. A unified patch-based pipeline with
band-wise normalisation, principal component analysis, and quantum token encoding
is evaluated on four benchmarks: Indian Pines, Pavia University, a 7-class Houston
2013 subset, and EuroSAT_MS. With roughly 35k trainable parameters, QuantFormer
attains overall accuracy above 99% on the three airborne hyperspectral datasets and
about 89.8% on EuroSAT_MS, competitive with deep 3D CNNs while using substan-
tially fewer weights. Beyond full-data experiments, we also study limited-label regimes
and provide practical guidance on when quantum token encoders are a viable alternative
to classical projections, without claiming quantum advantage over the strongest classical
baselines.
Keywords: Hyperspectral image classification, quantum neural network, transformer,
variational quantum circuit, quantum token encoder, remote sensing.
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1. Introduction

Hyperspectral imaging records reflected energy in dozens to hundreds of narrow and
contiguous spectral bands, forming a three dimensional cube in which each spatial pixel is
associated with a high-dimensional spectrum [1]. Hyperspectral image (HSI) classification
assigns a land cover label to each pixel and supports applications in agriculture, environ-
mental monitoring, urban mapping, and mineral exploration [2]. In practice, only a small
number of labeled pixels are available because field surveys and manual annotation are ex-
pensive, so models must cope with the Hughes phenomenon: overfitting caused by high
spectral dimensionality and limited training data [3].

Deep spectral–spatial networks have become the dominant approach to HSI classifica-
tion. Early work relied on support vector machines and hand crafted spectral features [4].
Subsequent models introduced three dimensional convolutional neural networks, spectral–
spatial residual networks, and hybrid 3D–2D CNNs such as HybridSN to better capture
joint spectral and spatial structure [5–7]. More recently, transformer-based architectures
and state-space models have been proposed to model long-range dependencies in the spec-
tral and spatial dimensions [8–13]. These methods achieve excellent accuracy but remain
purely classical, require tens or hundreds of thousands of trainable parameters, and do not
explore quantum feature maps or strict spectral information bottlenecks.

In parallel, quantum machine learning (QML) has introduced parameterised quantum
circuits as trainable feature maps acting on quantum states [14–16]. Quantum classifiers
and hybrid quantum classical convolutional networks have been demonstrated on small
image datasets and on multispectral remote sensing benchmarks such as EuroSAT, often
achieving competitive accuracy with fewer trainable parameters [17–26]. However, most
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existing QML work treats quantum circuits as stand alone classifiers on low dimensional
inputs, rather than as token encoders embedded in modern transformer style hyperspectral
architectures.

This work examines the feasibility of replacing classical token projections with a compact
quantum encoder in transformer-based HSI classifiers without sacrificing accuracy or effi-
ciency under practical training conditions. To this end, we introduce QuantFormer, a hybrid
quantum classical transformer that inserts a small variational quantum circuit as a spectral
token encoder inside a vision transformer style pipeline for pixel wise HSI classification.
QuantFormer is evaluated on four benchmark datasets i.e., Indian Pines, Pavia University,
a 7-class Houston 2013 subset, and EuroSAT_MS under a unified training protocol, with
careful comparisons between quantum token encoders and similar sized classical projections.

This work contributes to propose a transformer-based hyperspectral image (HSI) clas-
sification by introducing and rigorously evaluating a quantum token encoding mechanism
based on variational quantum circuits. It demonstrates that a compact quantum encoder
can be integrated as a stable tokenization module within an end-to-end trained transformer
architecture on standard HSI benchmarks. The analysis quantitatively characterizes the ef-
fects of qubit count and circuit depth on classification accuracy and computational runtime,
explicitly identifying saturation points beyond which additional quantum expressivity yields
negligible gains. The proposed approach is further assessed under constrained learning con-
ditions, including limited labeled data and fixed parameter budgets, establishing conditions
under which quantum token encoding matches or surpasses classical projection layers of
comparable complexity. Moreover, the study delineates the practical constraints associated
with deploying the QuantFormer architecture on near term quantum hardware, with a de-
tailed examination of shot noise, gradient estimation overhead, and hardware connectivity
limitations that directly impact scalability and performance.

The remainder of the paper is organized into various sections. Section 2 reviews related
work on classical HSI classification, transformer-based and the state space models, and
quantum machine learning for imagery and remote sensing. Section 3 details the Quant-
Former architecture, including preprocessing, quantum token encoding, and the transformer
backbone. Section 4 summarizes the datasets, problem formulation, and evaluation met-
rics. Section 5 presents ablation studies. Section 6 discusses implications and hardware
considerations, and Section 7 concludes the presented work with possible future direction.

2. Related Work

Early HSI methods treated each pixel independently and applied shallow classifiers such
as support vector machines with spectral features or indices [4]. Deep models then in-
troduced 3D CNNs, spectral–spatial residual networks, and hybrid 3D–2D CNNs such as
HybridSN to jointly exploit spectral and spatial context and achieve near-saturated accu-
racy on benchmarks including Indian Pines and Pavia University [5–7]. These convolutional
architectures, however, remain fully classical, require many parameters as patch size and
channel dimensionality grow, and do not enforce an explicit bottleneck on spectral informa-
tion.
Transformers and Sequence Models for HSI: Inspired by the success of transformers
in language and RGB vision [8], recent work has adapted self-attention and state-space
models to hyperspectral data. SpectralFormer and SSFTT use attention to model long-
range spectral and spatial dependencies, while Mamba-style architectures treat spectral
signatures as continuous-time sequences with efficient long-range interactions [9–13]. These
methods provide strong classical baselines but rely on learned projections in Euclidean space
and have not been combined with quantum feature maps for HSI.
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Quantum Machine Learning for Imagery and Remote Sensing. QML leverages
parameterised quantum circuits as expressive, potentially parameter-efficient feature maps
[14–16]. Several works attach small quantum circuits to classical convolutional front-ends
for digits and simple images, showing that quantum-enhanced classifiers can match CNN
accuracy with fewer trainable parameters [17–20]. For remote sensing applications, hybrid
quantum CNNs, quantum kernels, and quantum SVMs have been studied mainly on Eu-
roSAT and related multispectral datasets with relatively shallow backbones [21–27]. Overall,
these studies rarely consider hyperspectral cubes, patch-based pipelines, or integration with
transformer-style architectures.
Hybrid Quantum Transformers. Beyond convolutional hybrids, quantum transformer
architectures introduce quantum feature maps or attention mechanisms into transformer
blocks. The Molecular Quantum Transformer, for example, embeds quantum circuits within
attention to model electronic-structure information in molecular graphs [28]. These models
target compact, structured inputs rather than large spectral cubes, and there is very limited
prior work on using quantum circuits as token encoders within transformers for hyperspectral
imagery.

QuantFormer lies at the intersection of these research lines. It adopts a transformer-style
backbone similar in spirit to SpectralFormer and SSFTT but replaces the classical token
projection with a small variational quantum circuit. Unlike many existing QML approaches
that act as stand-alone classifiers on global image features, QuantFormer integrates the
quantum module into a standard spectral–spatial pipeline with PCA, patch extraction,
and transformer encoding, enabling a controlled comparison between quantum and classical
token encoders under a unified protocol for patch-based HSI classification.

3. Methodology

This section describes the complete QuantFormer pipeline, from preprocessing and to-
kenisation to the quantum encoder, transformer backbone, and training procedure.
Preprocessing and Tokenization: Let, X ∈ RH×W×C denote an HSI cube with height
H, width W , and C spectral bands. The cube is first converted to floating-point values and
normalised on a per-band basis using min–max scaling. Let Xmin,Xmax ∈ R1×1×C denote
the per-band minima and maxima computed over the training portion of the cube. The
normalised data are

Xnorm =
X−Xmin

Xmax −Xmin + ε
, (3.1)

with ε = 10−6 to avoid division by zero. This mapping keeps each band in [0, 1] and prevents
very large or small values from generating unstable quantum rotation angles.

To reduce spectral dimensionality and mitigate the Hughes phenomenon, the pipeline
applies PCA along the spectral dimension [3]. Let Σ ∈ RC×C be the covariance matrix of
the normalised spectra, and let {λi,ui}Ci=1 be its eigenvalue–eigenvector pairs ordered such
that λ1 ≥ λ2 ≥ · · · ≥ λC ≥ 0. The number of retained components k is chosen to satisfy∑k

i=1 λi∑C
i=1 λi

≥ 0.99, (3.2)

so that at least 99% of the spectral variance is kept. The projection matrix is

Wk = [u1,u2, . . . ,uk] ∈ RC×k, (3.3)

and the PCA-compressed cube is

XPCA = XnormWk. (3.4)

For the datasets considered, this reduces the number of channels to roughly k ∈ [15, 30]
while preserving most discriminative information.
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Figure 1. EuroSAT_MS preprocessing pipeline. For each class, one example chip is
shown at four stages: per-band min–max normalisation, PCA-compressed cube, 15× 15

centre patch, and token-wise ℓ2-norm heatmap over the patch.

For each labelled pixel at spatial coordinates (i, j), a square patch of size p×p is extracted
from XPCA:

Pi,j ∈ Rp×p×k. (3.5)
Zero-padding is applied at the borders so that all labelled pixels have a valid patch. If the
label map uses a background index 0, only pixels with yi,j ̸= 0 are considered.

Each patch is then reshaped into a sequence of spectral tokens. Let p be the patch size
and N = p2 the number of spatial positions in a patch. A patch Pi,j is permuted to shape
(k, p, p) and flattened across spatial dimensions:

Ti,j = [t1, t2, . . . , tN ]
⊤ ∈ RN×k, (3.6)

where each token tn ∈ Rk is the PCA-compressed spectrum at one location in the patch.
In practice, p = 15, so each patch yields N = 225 tokens.

Figure 1 illustrates the preprocessing stages on EuroSAT_MS, from per-band normali-
sation and PCA compression to patch extraction and token-wise ℓ2-norm maps.
Quantum Token Encoder: The quantum token encoder maps each PCA-compressed
token tn ∈ Rk into a quantum-enhanced feature vector using a parameterised quantum
circuit. The encoder has three steps: computing rotation angles, applying angle embedding
and entangling layers, and measuring Pauli-Z expectations. Figure 2 illustrates this encoder
for EuroSAT_MS.

First, a classical linear layer maps each token to nq rotation angles:

θn = π · tanh(Wangletn + bangle) , (3.7)

where Wangle ∈ Rnq×k and bangle ∈ Rnq are trainable parameters. The tanh function keeps
angles in [−π, π].

The quantum circuit operates on nq qubits initialised in the ground state |0⟩⊗nq . Angle
embedding applies single-qubit rotations around the Y -axis:

Ry(θ) =

[
cos(θ/2) − sin(θ/2)
sin(θ/2) cos(θ/2)

]
, (3.8)

so that after embedding

|ψemb(θn)⟩ =
nq⊗
q=1

Ry(θn,q)|0⟩. (3.9)
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Figure 2. Illustration of the quantum token encoder on EuroSAT_MS. PCA-compressed
spectral tokens are processed by the variational circuit, and the resulting embeddings
are projected back to a spatial map to visualise class structure.

Several strongly entangling layers follow, composed of parameterised single-qubit rotations
and controlled-NOT gates in the pattern used by the StronglyEntanglingLayers template
in PennyLane [29]. If ϕ denotes all circuit parameters, the final state is

|ψenc(θn,ϕ)⟩ = Uent(ϕ)|ψemb(θn)⟩. (3.10)

The circuit output is obtained by measuring the expectation value of the Pauli-Z operator
on each qubit:

zn,q = ⟨ψenc(θn,ϕ)|Zq|ψenc(θn,ϕ)⟩, (3.11)
where Zq acts as Pauli-Z on qubit q. The resulting vector of quantum features is

zn =
[
zn,1, zn,2, . . . , zn,nq

]⊤ ∈ Rnq . (3.12)

Athough mapping k spectral components to nq = 4 qubits compresses the input, the train-
able parameters ϕ and the entanglement pattern in Uent allow the circuit to implement a
non-linear kernel that emphasises class-discriminative spectral manifolds before measure-
ment. A final classical linear layer maps zn to the transformer model dimension dmodel:

hn = Wprojzn + bproj, (3.13)

with Wproj ∈ Rdmodel×nq and bproj ∈ Rdmodel . In this work, nq = 4 and dmodel = 64.
This design can be interpreted as implementing a trainable quantum feature map followed

by a classical linear projection [15]. The ablation studies in Section 5 show that reducing the
encoder to a single qubit significantly harms accuracy, while a four-qubit encoder remains
competitive with purely classical projections of similar size.
Transformer Backbone and Classifier: The sequence of quantum-enhanced token em-
beddings is processed by a shallow transformer encoder. Let H0 ∈ RN×dmodel denote the
matrix whose rows are the token embeddings hn. Fixed sinusoidal positional encodings
are added to inject spatial information [8]. For position index pos ∈ {0, . . . , N − 1} and
dimension index i,

PE(pos,2i) = sin
( pos
100002i/dmodel

)
, (3.14)

PE(pos,2i+1) = cos
( pos
100002i/dmodel

)
, (3.15)

and the final input to the transformer encoder is

HPE
0 = H0 +PE, (3.16)

where PE ∈ RN×dmodel stacks all positional vectors.
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QuantFormer uses a single encoder layer with model dimension dmodel = 64, 4 attention
heads, and feed-forward dimension dff = 128 [8]. Let H(0) = HPE

0 . For layer index ℓ,

H̃(ℓ) = H(ℓ−1) + MHSA
(
LN

(
H(ℓ−1)

))
, (3.17)

H(ℓ) = H̃(ℓ) + FFN
(
LN

(
H̃(ℓ)

))
, (3.18)

where LN denotes layer normalisation, MHSA is multi-head self-attention, and FFN is a
position-wise feed-forward network. The attention mechanism is

Attention(Q,K,V) = softmax
(
QK⊤
√
dk

)
V, (3.19)

with dk the head dimension. The feed-forward network has the form

FFN(x) = ReLU(xW1 + b1)W2 + b2. (3.20)

Empirically, a single layer is sufficient to reach near-saturated accuracy on the considered
datasets once the quantum encoder has enriched the token representations.

After the transformer, token features are aggregated via global average pooling. Let
H(L) ∈ RN×dmodel be the output of the final layer. The pooled feature is

hpool =
1

N

N∑
n=1

H(L)
n,: , (3.21)

and the classifier maps hpool to logits

o = Wclshpool + bcls, (3.22)

where Wcls ∈ RCcls×dmodel and bcls ∈ RCcls . The predicted probability for class c is

ŷc =
exp(oc)∑Ccls
j=1 exp(oj)

. (3.23)

Loss Function and Training: Let, Pn be a patch and yn its ground-truth class. The
model predicts ŷn = fθ(Pn), where θ collects all classical and quantum parameters. The
main loss term is cross-entropy between ŷn and a one-hot encoding of yn, summed over all
samples. Cross-entropy is standard in HSI classification and produces smooth gradients and
calibrated probabilities [4–7]. An ℓ2 regularisation term (weight decay) is applied to the
classical weights in the angle-projection, transformer, and classifier layers [2]. The quantum
circuit is regularised implicitly by its shallow depth and small qubit count.

The classical parts of the network are implemented in PyTorch, and the quantum circuit
is implemented with PennyLane as a differentiable state-vector simulator [29]. Training uses
the Adam optimiser with learning rate 2×10−3 and weight decay 10−4, together with global
gradient clipping to prevent gradient explosions. Mini-batches of patches and labels are
sampled, passed through the entire pipeline, and the loss is minimised via backpropagation
through both classical and quantum components using analytic gradients [30]. Batch sizes
of 32 for training and 64 for evaluation and 50 training epochs per dataset give a good
trade-off between stability and runtime on CPU-based simulators. All experiments were
executed on an Apple MacBook Pro with an Apple Silicon M4 chip (CPU-only simulation;
no external GPU).

Table 1 summarises the main hyperparameters used for all experiments.
Figure 3 summarizes the overall data flow, from the original HSI cube to the final class

probabilities.
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Table 1. Hyperparameter settings for QuantFormer.

Hyperparameter Value

Optimizer Adam
Learning rate 2× 10−3

Weight decay 10−4

Batch size (train / eval) 32/64

Epochs per dataset 50

Patch size p 15
PCA variance threshold 99%

Qubits nq 4

Model dimension dmodel 64
Feed-forward dimension dff 128

Attention heads 4

Figure 3. QuantFormer Architecture: PCA compresses the spectral dimension of the HSI
cube, local patches are tokenised, tokens are mapped into a quantum Hilbert space by
a variational quantum circuit (VQC), and the resulting quantum-enhanced embeddings
are processed by a transformer encoder before global pooling and classification.

4. Dataset Description

This section summarizes the details of the datasets. Benchmark datasets such as In-
dian Pines, Pavia University, and Houston 2013 are airborne hyperspectral datasets with
hundreds or tens of spectral bands, while EuroSAT_MS is a multispectral satellite dataset
derived from Sentinel-2 imagery and adapted here to match the patch based HSI protocol.
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Indian Pines is an agricultural scene captured by the AVIRIS sensor over north western
Indiana [31]. After removing noisy and water absorption bands, the cube has size 145 ×
145× 200 with 16 land cover classes such as corn, soybeans, and woodland.

Pavia University is an urban scene acquired by the ROSIS sensor over the University
of Pavia, Italy [32]. The cube has spatial dimensions 610 × 340 with C = 103 spectral
bands and 9 land cover classes including asphalt, meadows, trees, and several man-made
structures.

Houston 2013 is an airborne hyperspectral dataset from the 2013 IEEE GRSS data fusion
contest [33]. The subset used here has size 954× 210 with C = 48 spectral channels and 7
aggregated urban and vegetation classes.

EuroSAT_MS is a satellite dataset derived from ESA Sentinel-2 multispectral imagery
for land-use and land-cover classification [34]. Each sample is a 64 × 64 chip with C = 13
spectral bands and 10 classes. A 15 × 15 centre patch is used as the model input for each
chip to align the input geometry with the HSI patch protocol; the reported EuroSAT_MS
results are therefore not directly comparable to full-chip EuroSAT benchmarks.

Let, Y ∈ {0, 1, . . . , Ccls−1}H×W be the label map for each cube, where Ccls is the number
of land cover classes and label 0 denotes background when present. The model learns a
function that maps a patch centered at a labeled pixel to a distribution over classes.

fθ : Rp×p×C → ∆Ccls−1, (4.1)

Where, ∆Ccls−1 is the probability simplex. Given a dataset,

D = {(Pn, yn)}Nn=1 , (4.2)

with patches Pn and labels yn ∈ {0, . . . , Ccls − 1}, the empirical loss

min
θ

1

N

N∑
n=1

L(fθ(Pn), yn) (4.3)

is minimized, where L is the total loss defined in Section 3.
Performance is reported using overall accuracy (OA), average accuracy (AA), and Cohen’s

κ coefficient. OA measures the proportion of correctly classified pixels, AA averages per-
class accuracies to reduce the effect of class imbalance, and κ measures agreement beyond
chance based on the confusion matrix. Training and inference times, together with the
number of trainable parameters, are also reported to characterise model efficiency.

5. Ablation Studies

To better understand the contribution of each component as specified in Section 3, several
ablation variants are evaluated: (i) removal of the quantum encoder in favor of a classical
linear projection (w/o QNN), (ii) removal of positional encodings (w/o PosEnc), and (iii)
reduction of the quantum encoder to a single qubit (1 Qubit). All variants share the same
preprocessing, transformer configuration, optimizer, and dataset protocol.

All experiments use PyTorch for the classical components and PennyLane for the quan-
tum simulator [29]. The quantum device is a noiseless state-vector simulator with nq = 4
wires and analytic gradients. All runtimes are measured on the same Apple MacBook Pro
with Apple Silicon M4 (CPU-only execution; no external GPU); absolute values depend on
hardware, but relative trends across configurations are informative.

Table 2 reports the ablation results on Indian Pines. Removing the quantum encoder
slightly improves OA in this near-saturated setting, while dropping positional encodings or
using a single qubit clearly hurts accuracy, showing that spatial information and several
qubits are still important.
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Table 2. Ablation study on Indian Pines.

Config. OA(%) AA(%) κ Params(k) Train(s) Infer(ms)

Full 99.08 98.86 0.990 35.2 826 0.43

w/o QNN 99.60 98.12 0.995 36.4 377 0.13

w/o PosEnc 98.31 96.50 0.981 35.2 837 0.43
1 Qubit 97.28 94.58 0.969 34.9 410 0.16

Table 3. Ablation study on Pavia University.

Config. OA(%) AA(%) κ Params(k) Train(s) Infer(ms)

Full 99.94 99.92 0.999 34.7 7278 0.90

w/o QNN 99.94 99.94 0.999 34.6 2330 0.25

w/o PosEnc 99.24 98.68 0.990 34.7 7238 0.78
1 Qubit 97.84 96.37 0.971 34.5 2913 0.34

Table 4. Ablation study on Houston 2013.

Config. OA(%) AA(%) κ Params(k) Train(s) Infer(ms)

Full 99.92 99.93 0.999 34.5 202 0.43

w/o QNN 99.92 99.93 0.999 34.4 91 0.12

w/o PosEnc 99.88 99.87 0.999 34.5 203 0.42
1 Qubit 95.38 95.48 0.946 34.3 100 0.16

Table 5. Overall performance of QuantFormer (single seed per dataset).

Dataset OA(%) AA(%) κ Params(k) Train(s) Infer(ms)

Indian Pines 99.08 98.86 0.990 35.2 826 0.43

Pavia Univ. 99.94 99.92 0.999 34.7 7278 0.90

Houston 2013 99.92 99.93 0.999 34.5 202 0.43
EuroSAT_MS 89.83 89.62 0.887 34.8 2233 0.98

Table 3 shows that, on Pavia University, all high-capacity variants reach very high accu-
racy. The quantum encoder matches the classical projection with a slightly smaller param-
eter count, whereas the single-qubit encoder degrades performance.

z
Table 4 shows that Houston 2013 is almost linearly separable after PCA, with all high-

capacity variants saturating near-perfect accuracy. In this regime the quantum encoder
mainly affects runtime, while the single-qubit variant still reduces accuracy; the confusion
matrix for the full model, corresponding to the “Full” row, is shown in the third panel of
Figure 4.

Table 5 summarizes overall performance and efficiency. QuantFormer achieves OA above
99% on the three airborne hyperspectral datasets with about 35k trainable parameters
and sub-millisecond per-sample inference on the simulator. On EuroSAT_MS, the model
reaches OA of about 89.8%, which is lower than the airborne benchmarks because only a
15×15 centre patch from each 64×64 chip is used and the dataset provides coarser spectral
resolution with 13 bands, reducing available spatial and spectral context. Overall, these
results indicate that the combination of PCA, patch-based tokenization, quantum token
encoding, and a shallow transformer encoder can match the accuracy of strong classical
models at a modest parameter cost. Figure 4 shows the confusion matrices for the full
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Figure 4. Confusion matrices for the full QuantFormer configuration on (from left to
right) Indian Pines, Pavia University, Houston 2013, and EuroSAT_MS.

Table 6. Classification results on Indian Pines (IP) and Pavia University (PU). Baseline
values are taken from the original papers. A dash indicates that a result was not reported
for that dataset.

IP PU

Method OA(%) AA(%) κ OA(%) AA(%) κ

SVM [4] 85.30 79.03 0.831 94.34 92.98 0.925

3D-CNN [5] 91.10 91.58 0.900 — — —
SSRN [6] 99.19 98.93 0.991 99.90 99.91 0.999
HybridSN [7] 99.75 99.63 0.997 99.98 99.97 0.999

SpectralFormer [9] 93.45 91.28 0.926 96.46 95.77 0.953

SSFTT [10] 98.72 97.86 0.986 99.52 99.23 0.994
MorphMamba [11] 99.48 98.76 0.994 — — —
SS-Mamba [13] — — — 99.94 99.89 0.999

QuantFormer 99.08 98.86 0.990 99.94 99.92 0.999

QuantFormer configuration on all four datasets, with Houston 2013 corresponding to the
third panel.

6. Discussion

The experimental results show that QuantFormer is capable of reaching very high accu-
racy on three airborne hyperspectral benchmarks and competitive accuracy on EuroSAT_MS
while using 35k trainable parameters. A unified preprocessing pipeline combined with patch-
based tokenization allows the method to generalize across different HSI cubes without requir-
ing substantial dataset-specific customization. Table 6 places these results in the context of
existing methods on Indian Pines and Pavia University. Baselines include SVMs, 3D CNNs,
spectral-spatial residual networks, HybridSN, transformer-based models, and recent state-
space architectures [4–7, 9–13]. Unless stated otherwise, the baseline numbers are taken
from the original publications and may use slightly different training protocols.

On Indian Pines and Pavia University, QuantFormer reaches the same accuracy regime
as the strongest convolutional and transformer-based baselines while using a much smaller
transformer backbone. It clearly improves over shallow methods such as SVMs and early
3D CNNs, indicating that replacing the classical token projection with a compact quantum
encoder preserves competitive accuracy at modest parameter cost.

All quantum circuits are run on a noiseless state-vector simulator with analytic gradients,
so the reported numbers do not capture noise, decoherence, or limited qubit connectivity on
current hardware. Several baselines in Table 6 are taken from the literature review and may
use slightly different training protocols or data augmentations, so QuantFormer should be
viewed as a compact and competitive hybrid design rather than a claimed state-of-the-art
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model. The four-qubit circuit fits within many near-term devices, but deploying Quant-
Former on real hardware will require estimating gradients with finite shots and compiling
the entangling pattern to hardware-native two-qubit gates, which may increase depth and
training cost [30].

Overall, the results indicate that hybrid quantum classical transformers with compact
token encoders are a promising direction for hyperspectral image classification when model
size and label budgets are constrained, and they provide a foundation for more hardware
focused and semi-supervised work in future studies.

7. Conclusion

This paper has presented QuantFormer, a hybrid quantum classical transformer that
combines simple preprocessing, PCA-based spectral compression, patch-based tokenization,
a compact variational quantum circuit for token encoding, and a shallow transformer en-
coder for hyperspectral image classification. Experiments on Indian Pines, Pavia University,
Houston 2013, and EuroSAT_MS show that QuantFormer attains OA above 99% on three
airborne hyperspectral datasets and around 89.8% on EuroSAT_MS with about 35k pa-
rameters, yielding a compact spectral representation that matches strong classical baselines
while enforcing a strict information bottleneck on the spectral features.

Future work includes executing QuantFormer on cloud-based quantum hardware to com-
pare simulator and hardware performance, exploring deeper or dataset-adaptive quantum
encoders and quantum attention mechanisms, and investigating semi-supervised training on
large unlabeled HSI archives and higher-resolution UAV and satellite datasets.
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