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ABSTRACT

Hyperspectral imaging (HSI) sensors aboard airborne and
spaceborne platforms generate high-dimensional data, moti-
vating the development of classifiers with low computational
and memory demands. Spiking neural networks (SNNs) re-
place dense multiply-and-accumulate operations with sparse
binary events; yet, many spiking attention mechanisms retain
quadratic token interactions. We present SpikeSST, a com-
pact 0.11M parameter SNN built around linear spike-driven
attention. A convolutional encoder transforms PCA-reduced
patches into temporal spike trains, while binary masking and
summation efficiently aggregate global context. Temporal
mixing and a binary channel gate further refine the resulting
spike representations. Except for the input encoder and a sin-
gle channel-gate projection, all weighted operations consume
binary spikes, enabling conditional accumulation throughout
most of the network. We evaluate SpikeSST on spatially
disjoint splits of Pavia University (PU), WHU-Hi-HanChuan
(HC), and QUH-Tangdaowan (QUHT) using identical split
manifests across five paired runs. Compared with two SNN
baselines, SpikeSST requires substantially fewer parameters
and lower estimated arithmetic energy, with no consistent di-
rectional difference in classification accuracy. Under identical
GPU conditions, it reduces training time by up to 6.9× and
inference time by approximately 16×. Layerwise analysis
accounts for real-valued pooling operations in the energy es-
timate, further supporting the favorable accuracy–efficiency
trade-off of SpikeSST. The code is available at https:
//github.com/MHassaanButt/SpikeSST.

Index Terms— Hyperspectral image classification (HSIC),
spiking neural network (SNN), spike-driven attention, energy-
efficient deep learning, neuromorphic computing.

1. INTRODUCTION

The growing use of compact airborne hyperspectral platforms
has increased the demand for classifiers with similarly modest
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computational and memory requirements. UAV-borne sen-
sors can acquire centimeter-scale imagery across hundreds of
spectral bands, producing high-dimensional data cubes that
remain challenging to process under restricted computing re-
sources [1]. Accurate HSIC requires modeling both subtle
spectral variations and the spatial structure of neighboring
pixels. 3D CNNs jointly learn spectral-spatial features [2],
whereas hybrid (2D/3D) architectures organize this learning
more efficiently across successive stages [3, 4]. Transform-
ers extend the receptive field by tokenizing adjacent spectral
bands [5] or applying self-attention to convolutionally gener-
ated tokens [6, 7]. Although these models provide strong rep-
resentations, they rely largely on dense multiply-accumulate
(MAC) operations, and standard self-attention additionally re-
quires quadratic token interactions [8]. These costs can ob-
struct their use in resource-constrained HSI processing.

SNNs approach computational efficiency differently by
representing activations as binary events over a small number
of time steps. When event-driven execution is supported, a
synaptic event can be processed through accumulation rather
than a dense MAC, offering a lower arithmetic cost under
the commonly used 45nm energy model [9]. Surrogate-
gradient methods have made deep SNNs trainable directly
[10], and frameworks such as SpikingJelly provide standard-
ized multi-step leaky integrate-and-fire implementations [11].
For HSIC, however, spike encoding must retain informative
spectral amplitudes while learning from relatively few labeled
samples. Attention introduces a further efficiency challenge.
Spikformer removes softmax from spiking self-attention but
retains the O(N2d) token score map [12]. The Spike-driven
Transformer avoids this quadratic map by using elementwise
interactions and accumulations that scale linearly with the
number of tokens [13]. Such linear interaction is well-suited
to HSI patches, where global spectral-spatial context is use-
ful, but quadratic attention can be unnecessarily expensive.

Prior SNN-based HSIC differ mainly in how their spik-
ing representations are obtained. Conversion-based methods
map a trained CNN to a corresponding SNN; for example,
HYPER-SNN quantizes the converted network and supplies
analog pixel values directly to its input layer [14]. Other
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Fig. 1. An overview of the architecture of SpikeSST. A convolutional stem converts PCA-reduced HSI patches into temporal
spike maps, which are processed by two residual SpikeSST blocks and decoded by a linear head with averaging across time
steps and spatial tokens. The lower panel details SDSA, which forms linear global interactions from binary projections of the
query, key, and value.

methods train spiking CNNs directly using surrogate gradi-
ents and direct coding [15, 16, 17], while recent work has
investigated deeper residual and multi-branch spiking back-
bones [18]. These approaches are primarily based on convo-
lutional mixing or ANN-to-SNN conversion. Linear spike-
driven global interaction has received considerably less atten-
tion in HSIC. The evaluation protocol is equally important.
Random pixel sampling can cause training and test patches to
overlap, reducing their spatial independence and potentially
producing overly optimistic results [19, 20, 21]. We there-
fore use fixed, non-overlapping spatial partitions and apply
the same coordinate manifests across all reproduced methods.

In this work, we introduce SpikeSST, a compact SNN
that combines linear spike-driven attention, temporal mix-
ing, and binary channel gating. A convolutional encoder
maps PCA-reduced HSI patches to temporal spike trains,
after which linear spike-driven attention aggregates global
context without constructing a quadratic token score map.
Most weighted layers, including the classifier, operate on
binary spike tensors and can therefore use conditional ac-
cumulations. The input convolution and the first squeeze
projection of the channel gate operate on real-valued tensors
and are explicitly counted as MAC operations. The complete
four-timestep network contains approximately 0.11M param-
eters. We compare SpikeSST with Brain-inspired SNN [15]
and FRM-SNN [18] using identical non-overlapping spatial
partitions. For each scene, we conduct five paired runs with
matched random seeds, enabling controlled comparisons of
classification accuracy, computational cost, and runtime. We
further perform a layerwise arithmetic-energy analysis that

distinguishes dense MACs from spike-driven accumulations
based on the input type and measured firing rate of each
weighted layer, together with operation-count and runtime
comparisons under identical hardware conditions.

2. PROPOSED METHOD

Given an HSI cube X ∈ RH×W×B , we first reduce its spec-
tral dimension to K principal components, with PCA fitted
exclusively on the training pixels. A w × w patch centered at
each labeled pixel is then extracted, yielding x ∈ RK×w×w.
As illustrated in Fig. 1, SpikeSST processes each patch over
T discrete time steps. Under direct encoding, the real-valued
patch is presented to the first stem convolution at every time
step. The subsequent batch normalization, followed by a
leaky integrate-and-fire (LIF) neuron (BN-LIF) unit, gen-
erates binary spikes that are consumed by the second stem
convolution and most subsequent weighted layers, enabling
their evaluation via conditional accumulation. Within each
spiking channel enhancement (SCE) module, however, the
first squeeze projection operates on real-valued pooled fir-
ing rates. Accordingly, the input convolution and the SCE
squeeze projections are counted as MAC operations, whereas
the remaining weighted layers are counted as spike-driven ac-
cumulations using their measured firing rates. The resulting
spike maps pass through two SpikeSST blocks, each compris-
ing spike-driven spatial attention (SDSA), spiking temporal
aggregation (STA), SCE, and Spike-FFN modules with resid-
ual connections. Finally, a BN-LIF unit and a linear classifier
produce class logits, which are averaged across time steps



and spatial tokens.

2.1. Spiking Neuron Model and Direct Encoding

We use the leaky integrate-and-fire (LIF) neuron in the
discrete-time formulation of SpikingJelly [11]. At timestep
t, with membrane state H[t − 1], input current X[t], time
constant τ , and threshold Vth:

U [t] = H[t− 1] +X[t]− 1
τ

(
H[t− 1]− Vreset

)
, (1)

S[t] = Θ
(
U [t]− Vth

)
, (2)

H[t] = U [t] (1− S[t]) + Vreset S[t], (3)

where Θ(·) is the Heaviside step, approximated in the back-
ward pass by the arc-tangent surrogate gradient [10]. We
denote a BN-LIF pair by SN (·). The analog patch is broad-
cast to all T time steps and encoded by the first convolu-
tion (direct encoding [12]): the stem computes s(1)[t] =
SN

(
Conv3×3(x)

)
, followed by a second spike consuming

convolution. Because the stem input is identical across time
steps, the encoding result can be cached; the LIF membranes
nevertheless integrate across t and produce temporally struc-
tured spike trains. This retains spectral amplitude information
that direct binarization of the input would discard.

2.2. Spike-Driven Spatial Attention (SDSA)

Tokens X[t] ∈ RN×D (N = w2) are first spiked, s =
SN (X), then projected to spiking queries, keys, and values:

q = SN (sWQ), k = SN (sWK), v = SN (sWV ),
(4)

with q,k,v ∈ {0, 1}N×D split into h heads. Instead of the
quadratic qk⊤ map, each head aggregates a global spiking
context through an element-wise product and sum and gates
the queries with it:

g = SN
(∑N

j=1 kj ⊙ vj

)
, SDSA(X) =

(
q⊙ g

)
WO.

(5)
For binary operands, kj ⊙ vj is a logical AND, and the sum
is an accumulation. The token interaction in Eq. (5) has com-
plexity O(ND) rather than O(N2D) [13]. Including the four
linear projections, the block has complexity O(ND2 +ND)
and remains linear in the number of tokens. The gate g aggre-
gates the joint key and value activity before modulating each
query.

2.3. Spiking Temporal Aggregation (STA)

Because LIF membranes integrate over time steps, the T spike
maps carry complementary information. STA mixes them
with a learnable matrix M ∈ RT×T applied to spiked fea-
tures,

s̃[t] = BN
(∑T

t′=1 Mt,t′ SN (X)[t′]
)
, (6)

adding only T 2 parameters (16 at T=4) while letting the net-
work weight early (transient) against late (steady-state) firing
patterns.

2.4. Spiking Channel Enhancement (SCE)

A squeeze and excitation gate is adapted to spikes by replac-
ing the sigmoid with a binary spiking gate. Using firing rates
pooled over tokens, p[t] = 1

N

∑
n SN (X)[t, n],

gc[t] = SN
(
W2 SN (W1p[t])

)
∈ {0, 1}D, (7)

and the block output is BN
(
SN (X) ⊙ gc

)
. The first projec-

tion receives real-valued firing rates, whereas the second re-
ceives spikes. The output operation is a binary channel mask
rather than a floating-point multiplication. Each spiking block
applies SDSA, STA, SCE, and a two-layer spiking MLP (ex-
pansion ratio 2), all with residual connections. The classifier
consumes the final spike tensor and applies rate decoding over
timesteps and tokens: ŷ = 1

TN

∑
t,n Wcls s

(L)[t, n].

2.5. Estimated Arithmetic Energy

Following [12, 13], we estimate the arithmetic cost of one
patch inference in 45 nm CMOS [9] with EMAC = 4.6 pJ and
EAC = 0.9 pJ. One dense operation denotes one multiply-
and-accumulate. For a spike consuming layer ℓ with dense
cost Opsℓ and measured input firing rate fℓ, the synaptic op-
erations are SOPsℓ = fℓTOpsℓ, and

ESpikeSST = EMAC

∑
ℓ∈A

Opsℓ + EAC

∑
ℓ∈S

SOPsℓ, (8)

where S is the spike-consuming layers and A the real-valued
ones: the direct coding stem convolution and the first SCE
squeeze projection of each block. These are charged at the
full EMAC rate. Membership of A is not assumed from the
layer’s name: every layer is classified at run time by whether
the tensor it consumes is verifiably binary. The dense refer-
ence is EMAC

∑
ℓ Opsℓ for the identical one-step architec-

ture, counted at dispatch level so that functional operations
are included. Firing rates are measured over the entire test
set of each scene, and the joint activity of the key and value
AND in Eq. (5) is measured directly rather than approximated
by the product of its marginals.

The model excludes memory access, neuron state updates,
control logic, interconnect, PCA, and patch extraction, and is
not a measurement of device energy. The estimate charges
the analog stem convolution once because its input is identi-
cal at every timestep and its output can be cached. The current
PyTorch implementation recomputes this convolution, so the
estimate represents a cache-optimized arithmetic implemen-
tation rather than the literal GPU instruction stream. Per-layer
firing rates and operation counts are retained with each result
for independent verification.



Table 1. Accuracy on non-overlapping spatial splits (w=13, K=20). Values are mean±standard deviation (%) over 5 runs.
Method PU HC QUHT

OA AA κ OA AA κ OA AA κ

Brain-inspired SNN‡ 91.99±4.18 91.06±3.01 89.31±5.56 87.62±2.46 75.79±1.69 85.45±2.78 91.59±0.97 86.78±2.69 90.41±1.11
FRM-SNN‡ 94.33±2.45 91.12±4.72 92.32±3.43 88.65±1.33 77.75±3.36 86.65±1.49 91.99±1.76 87.95±3.19 90.87±2.02
SpikeSST (ours) 91.41±4.33 90.75±4.67 88.54±5.83 88.99±0.44 79.31±2.32 87.05±0.50 92.58±0.93 88.58±1.07 91.54±1.08

3. EXPERIMENTS

3.1. Datasets and Protocol

We evaluate on three benchmarks: PU (ROSIS, 610 × 340,
103 bands, 9 classes), HC (1217×303, 274 bands, 16 classes)
[22], and the UAV-borne QUHT (1740 × 860, 176 bands,
18 classes) [23]. 5% of the labeled pixels from each class
are used for training and 5% for validation. Samples are se-
lected from 16 × 16 spatial blocks. For patch radius m = 6,
a test center is retained only if its Chebyshev distance from
every training or validation center exceeds 2m = 12. Thus,
no 13 × 13 test patch shares a pixel with a training or val-
idation patch. PCA is fitted on the training spectra and re-
tains K = 20 components. SpikeSST uses D = 64, eight
heads, two blocks, four timesteps, and a dropout of 0.2. We
train with AdamW, a learning rate of 10−3, a weight decay
of 10−4, a batch size of 64, label smoothing of 0.1, and co-
sine decay. Brain-inspired SNN [15] and FRM-SNN [18] are
executed from their official repositories, with compatibility
adapters used only to align data loading and evaluation. For
a fair comparison, both baselines and SpikeSST use identi-
cal spatial partitions and the same five fixed random seeds on
each dataset. We report mean and standard deviation across
these five paired runs to account for stochastic variation.

3.2. Results Analysis

Table 1 shows comparable OA, AA, and κ across the three
models. SpikeSST has the largest mean on HC and QUHT,
whereas FRM-SNN has the largest mean on PU, exceeding
SpikeSST by 2.92% in OA, 0.37% in AA, and 3.78% in
κ. Relative to FRM-SNN, the strongest baseline on these
datasets, SpikeSST improves OA, AA, and κ by 0.34, 1.56,
and 0.40 points on HC, and by 0.59, 0.63, and 0.67 points
on QUHT, respectively. Five of the six seed pairs had 95% t
intervals for the OA difference spanning zero, including the
largest mean difference, −2.92 points against FRM-SNN on
PU ([−6.22, 0.38]). Thus, these runs do not establish formal
equivalence or a general directional advantage. The only
interval that excludes zero is against Brain-inspired SNN on
QUHT (0.99, [0.35, 1.63]). Table 2 lists all six intervals.
Fig. 2 shows classification maps for every scene and method
at a common seed. The maps are consistent with the paired
intervals: the three models produce visually comparable clas-
sifications, with the residual errors of the disjoint protocol

Ground truth Brain-inspired SNN FRM-SNN SpikeSST (ours)

PU
H

C
Q

U
H

T

Fig. 2. Classification maps for the PU, HC, and QUH-
Tangdaowan datasets.
concentrated at class boundaries.
Table 2. Seed paired OA difference (ours − baseline) on
identical splits, with 95% t intervals.

Dataset Baseline ∆OA 95% CI

PU Brain-inspired SNN‡ -0.58 [-2.38, +1.22]
FRM-SNN‡ -2.92 [-6.22, +0.38]

HC Brain-inspired SNN‡ +1.37 [-1.52, +4.26]
FRM-SNN‡ +0.33 [-1.07, +1.74]

QUHT Brain-inspired SNN‡ +0.99 [+0.35, +1.63]
FRM-SNN‡ +0.58 [-0.69, +1.85]

3.3. Arithmetic Cost and Runtime

Table 3 compares operation counts, estimated arithmetic
energy, and measured runtime. FLOPs denote the dense op-
eration count of an equivalent one-step artificial network,
whereas SOPs represent the spike-triggered synaptic oper-
ations accumulated over T time steps using the measured
layer-wise firing rates. The primary estimate charges a layer



Table 3. Model cost and measured runtime on every scene.
Scene Method Params (M) FLOPs (M) SOPs (M) Energy (µJ) Train (s) Infer (s)

Primary Optimistic

PU Brain-inspired SNN‡ 0.86 1 572.0 178.8 541.9 235.4 359 7.2
FRM-SNN‡ 1.12 1 876.8 262.5 3 217.0 819.4 549 14.5
SpikeSST (ours) 0.11 15.4 10.5 14.0 10.4 103 0.9

HC Brain-inspired SNN‡ 0.88 1 572.4 203.3 566.2 258.0 1 908 29.8
FRM-SNN‡ 1.13 1 877.4 245.2 3 204.3 804.4 3 803 46.8
SpikeSST (ours) 0.11 15.4 9.8 13.4 9.7 548 4.5

QUHT Brain-inspired SNN‡ 0.88 1 572.6 239.5 599.4 290.6 3 428 48.0
FRM-SNN‡ 1.14 1 877.6 463.3 3 401.5 1 000.9 7 842 104.9
SpikeSST (ours) 0.11 15.4 10.5 14.0 10.3 1 208 10.0

at MAC cost whenever its observed input is real-valued. The
optimistic estimate charges those operations at accumulation
cost and serves as a lower bound favorable to the baselines.
Both estimates exclude memory traffic, neuron state, control,
interconnect, and preprocessing. Pooling between the spiking
blocks of the baselines produces multilevel activations. Con-
sequently, real-valued layers contribute approximately 64%
of the primary energy estimate for the Brain-inspired SNN
and 88% for FRM-SNN on QUHT. For SpikeSST, the analog
stem and pooled SCE projections account for about 9% of
the charged operations and one-third of the primary estimate.
Even when the primary estimate for SpikeSST is compared
with the optimistic baseline estimates, it is 20.8× lower than
Brain-inspired SNN and 71.5× lower than FRM-SNN on
QUHT. All timings were obtained on one RTX PRO 6000
GPU using the same node and data splits. SpikeSST reduces
total training time by 2.8–6.9× and full test set inference time
by 4.8–16.1×.

4. CONCLUSION

We introduced SpikeSST, a compact SNN that brings linear
spike-driven attention to spectral-spatial HSIC while pre-
serving binary computation across most weighted operations.
Across spatially disjoint splits of three datasets, evaluated
over five paired runs per dataset, the comparisons reveal no
consistent directional difference in accuracy relative to the
two reproduced SNN baselines, although the confidence in-
tervals remain too broad to establish formal equivalence. The
clearest advantage of SpikeSST lies in efficiency: the 0.11M
parameter model requires lower estimated arithmetic energy
and, under identical inference conditions, is 4.8×–16.1×
faster. End-to-end training is 2.8×–6.9× shorter. Layerwise
analysis further shows that pooling can produce real-valued
inputs to downstream projections in nominally spiking mod-
els, underscoring the importance of determining arithmetic
cost from the tensors actually consumed by each operation.
These findings remain subject to several limitations: the en-
ergy analysis uses a 45 nm arithmetic model and excludes

memory traffic, neuron-state updates, control flow, inter-
connect, and preprocessing; it therefore does not represent
measured system power. Direct evaluation on neuromorphic
hardware is needed to determine whether the estimated arith-
metic savings translate into hardware-level energy reductions.
Moreover, the tensor-aware accounting adopted here provides
a practical basis for designing spiking backbones that remain
accumulation-dominated throughout the network.
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