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SPIKEYOLO-BOOST: A SPIKING NEURAL NETWORK
FOR REMOTE SENSING OBJECT DETECTION BASED
ON AN ATTENTION MECHANISM

Abstract. Traditional convolutional neural networks suffer from excessive energy consumption, which restricts their
edge deployment for object detection in remote sensing images. Brain-inspired spiking neural networks (SNNs) offer
biological plausibility and low-power advantages. At present, the performance of SNNs on object detection tasks still
trails behind mainstream models, particularly in complex remote sensing scenes characterized by large-scale variations,
cluttered backgrounds, and dense small objects. In this paper, we aim to improve the performance of SNNs for object
detection in remote sensing images. We propose the SpikeYOLO-Boost framework. First, we design the SpikeBoT3 spiking
hybrid backbone module, which establishes a dual-path global modeling mechanism in the spike domain. Then, we design
the SpikeSEAttention spiking channel attention mechanism, which leverages temporal average pooling to achieve channel-wise
enhancement in the spike domain, thereby improving feature fusion and robustness.
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SPIKEYOLO-BOOST: UMITYJIbCHASI HEUPOHHASI CETH 1151 OGHAPYKEHHUSI OFbEKTOB
HA U30BPAXKEHUSAX JTUCTAHIUOHHOI'O 30HIUPOBAHUS 3EMJIN
HA OCHOBE MEXAHU3MA BHUMAHUS

AHHoTauus. TpaTuMOHHBIE CBEPTOUHBIC HEHPOHHBIE CETH OTINYAIOTCSA YPE3MEPHBIM SHEPronoTpedIeHneM, 4To orpa-
HUYHMBAET WX pa3BepPTHIBAHHE HAa MepH(epUHHBIX YCTPOHCTBAX JJIs 0OHAPYKEeHHSI 00BEKTOB Ha N300paKEHUAX AUCTAHIIU-
OHHOTro 30HAUpoBaHus 3emiu. Heiipomopdusie nmnyiascuble Heliponnsie cetn (MHC) obnanaror GHosoruueckoi mpaso-
M000HOCTBIO ¥ HU3KUM HEPronoTpedieHneM, BMECTE C TEM UX IPOU3BOJUTENHHOCTD B 3a7a4aX 0OHAPyKEHHs 00BEKTOB
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BCE €Ille YCTYNaeT OCHOBHBIM MOJIEIISIM, 0COOEHHO B CIIOKHBIX CIIEHAX AMCTAaHIIMOHHOTO 30H/INPOBaHHUSI, XapaKTePU3y IOIIX-
cst GOJBIINM pa3HOOOpa3ueM MacIITaboB, 3alIyMICHHBIM (GOHOM U IJIOTHO PACIOI0KEHHBIMH MeJIKMMHU oO0bekTamu. [Ipen-
JararoTcs moaxoasl moBeimeHus 3gpdextusaoct UHC nns o6HapykeHUsI 00BEKTOB HAa N300PaKEHUAX TUCTAHIIHOHHOTO
30HANPOBAHUS, a Takke HoBas Moxens SpikeYOLO-Boost. Bo-niepBrix, pa3pabotan rHOpuIHBIN UMITYIbCHBIH MOIYJb
SpikeBoT3, popmupyromuii 1By XIyTeBOM MEXaHU3M TTI00aIBEHOTO MOJICIIMPOBAHUS B UMITYJILCHOU 00acTH. BO-BTOPBIX,
IPEJIOKeH UMITYJIbCHBIN MeXaHN3M KaHasibHOro BHUMaHMs SpikeSEAttention, HCroab3yIOMKN BpEeMEHHOE yCPEIHEHHE
JUISl yCUIICHUSI KaHATBHBIX MPHU3HAKOB B UMITYJIbCHOH 001aCTH, YTO TOBBIIIAET KAU€CTBO CIMSHUS MPU3HAKOB U podacT-
HOCTH MOJICIIH.

KuroueBble c10Ba: UMITYJIbCHBIC HEHPOHHBIE ceTH, OOHApy)keHHe 00BEeKTOB Ha CHUMKax J[33, MexaHW3M BHUMaHUS,
CIIMSIHUE MTPU3HAKOB

Jus uutupoBanus. SpikeYOLO-Boost: nMmynbcHast HeHpOHHAs CETh I 0OHApY)KEHHUS 00BbEKTOB Ha M300pakeHU-
X TUCTAaHIIMOHHOTO 30HIMPOBAHMS 3€MJIM Ha OCHOBE MexaHm3Mma BHEMaHus / Xianyi Wu, Guoyan Wang, C. B. AGnameii-
ko, BingYan Liu / Jloknanel HanmonaneHO# akanemun Hayk bemapycu. — 2026. — T. 70, Ne 4. — C. 286-295. https://doi.
org/10.29235/1561-8323-2026-70-4-286-295

1. Introduction. With the rapid growth in the number of remote sensing satellites, remote sensing
technology has become a core component of infrastructure in fields including urban planning, military
reconnaissance, environmental monitoring, and disaster early warning [1]. Deep learning, with its capa-
bilities in automatic feature extraction and complex pattern recognition, has become the mainstream
technology in the remote sensing field [2]. However, deep learning relies on energy-intensive continuous
numerical computation. In the face of massive remote sensing data, the constrained computing and storage
resources of on-orbit satellites and airborne platforms [3] pose a severe challenge to real-time processing [4].
Currently, remote sensing object detection mainly depends on powerful ground-based processors.
Yet, the limited bandwidth of satellite-to-ground data links means that the time from satellite imaging
to completing object detection (e. g., for aircraft) is excessively long and fails to meet practical application
demands [3].

Spiking neural networks (SNNs) transmit information via discrete, event-driven spikes, combining
low power consumption with high parallelism — traits well-matched to remote sensing edge tasks. Their
built-in temporal dynamics capture long-range dependencies, while sparse firing suppresses background
clutter and amplifies weak signals from small objects. Yet real-world remote sensing imagery spans wide
swaths, varying viewpoints, and large scale disparities. Current SNN detectors still lag on such imagery.
They fail to model long-range dependencies among scattered targets, leaving global context underused;
their multi-scale fusion lacks channel-level enhancement, so small-object features drown in background
noise across deep layers.

These problems severely restrict the further development and engineering application of SNNs
in remote sensing. To address these limitations, this paper proposes the SpikeYOLO-Boost enhanced
spiking object detection framework.

2. SpikeYOLO-Boost. In 2025, SpikeYOLO [5] replaced conventional binary spikes with an integer-
output training strategy, suppressing membrane potential quantization errors and spike degradation.
By streamlining YOLO modules and incorporating Meta-SNN blocks, it mitigated gradient instability
in deeper networks and enabled end-to-end training. Empirically, its mAP and training accuracy
outperformed directly trained SNNs such as EMS-YOLO, while the virtual time-step design reduced
inference latency and energy consumption. However, the model still struggled to model long-range
dependencies among spatially dispersed targets in complex remote sensing scenes [6], and the absence
of a channel attention mechanism during feature fusion weakened its discrimination of multi-scale and
small objects.

We build SpikeYOLO-Boost (Fig. 1) on top of SpikeYOLO by inserting SpikeBoT3 at the backbone
tail to capture long-range dependencies, and SpikeSEAttention after the neck to reweight channels
during multi-scale fusion. This hybrid attention design keeps SNN sparsity and low power, yet pushes
accuracy closer to advanced ANNs and extends spiking models to complex remote sensing scenes.

2.1. SpikeMHSA. Multi-Head Self-Attention (MHSA) [7] underpins Transformer-based long-range
dependency modeling. We port this mechanism into the spike domain as SpikeMHSA; its architecture
is detailed in Fig. 2.
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First, the input is projected through three independent SpikeConv (1 x 1 convolution) branches
to generate the Query (Q), Key (K), and Value (V), with the LIF spiking activation function applied
to ensure they retain the event-driven nature:

0O = SpikeConv¥ (¥)
K = SpikeConv iy (x) € RZCH

¥ = SpikeConv  (¥)

Subsequently, to enable parallel computation, O, K, and V' are reshaped into a multi-head format
[T x B, heads, C/heads, N] (with flattened spatial size N = H x W), where T, B, C, and heads denote
the number of time steps, the batch size, the number of channels, and the number of attention heads, respectively.

The similarity matrix 4 = QKT is computed in the spike domain. It is then scaled by 4 «— A4/ \/d— ,
where \/E is the dimension of the key vectors, to prevent excessively large values that may lead
to vanishing gradients. The scaled similarity is normalized via the softmax function and used to weight
the spiking V:

T
Attention(Q, K, V') = Softmax [ oK JV.

N

All head outputs are concatenated along channels and reshaped to the input spatiotemporal size.
A final LIF neuron restores the spike representation while preserving the original dimensions. The design
thus embeds multi-head attention in SNNs without breaking spike sparsity or temporal dynamics.

2.2. SpikeBottleneckTransformer swaps continuous operations for spike-driven ones — SpikeConv
handles convolution, SpikeMHSA replaces standard self-attention, and LIF neurons sit at key junctions
(Fig. 3).

A 1 x 1 SpikeConv first squeezes the channel count to form the bottleneck. Features then enter a con-
figurable branch: SpikeMHSA runs global attention when active, otherwise a 3 x 3 SpikeConv covers
local receptive fields. The branch output is added back to the residual stream as raw spike sequences,
keeping temporal dynamics intact in [T, B, C, H, W] format from input to output.
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Fig. 3. Structure of SpikeBottleneckTransformer
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2.3. SpikeBoT3 adapts the BoI'3 module [8] to the spike domain. Whereas BoT3 couples Transfor-
mer-style global context with convolutional local detail, SpikeBoT3 replaces every operation with
spiking equivalents — SpikeConv, SpikeBottleneckTransformer, and LIF neurons — cutting energy cost
while keeping the multi-scale fusion intact (Fig. 4).

Its dual-branch layout runs in parallel. The main branch stacks SpikeConv, cascaded
SpikeBottleneckTransformer blocks, and LIF neurons to build deep, globally aware features. The short-
cut branch feeds the raw input through a shallow SpikeConv and LIF to preserve low-level detail. The
two streams are concatenated channel-wise, fused by a final SpikeConv and LIF, and output as a spike
train that carries both fine-grained and semantic information for the detection head.

2.4. SpikeSEAttention reworks SEAttention [9] for the spike domain. The original mechanism
depends on floating-point GAP, fully-connected layers, and ReLU — operations ill-suited to binary,
event-driven SNNs. We instead apply temporal average pooling to obtain channel-wise firing rates, keep
the sigmoid for weight generation, and route the result through an LIF neuron to restore spike output.
The pipeline thus stays fully sparse and end-to-end spiking (Fig. 5).

Specifically, SpikeSEAttention first receives a 5D spike sequence input:

X = <{x(z‘)}tT=1 c {0, 1}T><B><C><H><W,
- lr BxCxHXW
Ix :thzlx(t) €R .

This feature map encodes the temporal information of the spike train as continuous values. Subse-
quently, Global Average Pooling (GAP) is applied per channel to compress the spatial information:

1 —_— _ 9
Ze =WZ§ZI 7 Xeli. j)=z=GAP¥) € R*C.

Yielding the channel descriptor z. Channel weights are then produced by a bottleneck fully-connected
network without ReLU:

s =o(Wy(Wz)) e (0,1)2C,

where W,, W, are learnable weights, and o(*) is the sigmoid function. The computed static channel weights
are broadcast across all time steps and multiplied element-wise with the original input:

0 =305, vi=1,..T,

where ® denotes element-wise multiplication and s denotes the weights shared across time. Finally,
an LIF spiking neuron generates the output spike train:

y O =LIF(z®), vr.

The LIF activation ensures the output remains a discrete spike sequence [7, B, C, H, W], allowing
seamless connection to subsequent SNN layers.

SpikeSEAttention drops ReLU in favor of an LIF output, keeping the entire pipeline spike-compatible
for neuromorphic deployment. Shared temporal weights reduce redundant operations, while the SE gate
amplifies salient channels and dampens noise, yielding cleaner feature maps.

3. Experiments and Results Analysis.

3.1. Datasets. The RSOD dataset [10; 11], a specialized remote sensing object detection dataset relea-
sed by Wuhan University in 2015, includes: 446 images containing 4,993 aircraft; 189 images containing
191 playgrounds; 176 images containing 180 overpasses; and 165 images containing 1,586 oil drums.

3.2. Experimental Setup and Evaluation Metrics. All experiments in this study were conducted
under a uniform hardware and software environment to ensure the reliability of the results. The detailed
configuration parameters are listed in Table 1. The number of training epochs was set to 300. Parameters
not mentioned in this paper use the default values of the baseline SpikeYOLO model (Table 1).
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Table 1. Experimental Configuration

Environment Parameter
Operating System Ubuntu22.04 Learning Rate 0.01
GPU RTX 4090(24GB) * 1 Iterations 300
Memory 120GB Batch size 16
Python Python 3.10 (Ubuntu22.04) Workers 0
Framework PyTorch 2.1.0 Image Input Size 640 x 640
Environment CUDA 12.1 optimizer auto

To comprehensively evaluate the performance of the proposed model, we employed Precision, Recall,
Average Precision (AP), and mean Average Precision (mAP) as the primary evaluation metrics (Table 2).

Table 2. Evaluation Metrics

Symbol Evaluation Indicators
AP Average precision
P Precision
R Recall
IoU Intersection over Union
mAPS50 Average average precision (IoU = 0.5)
mAP 50-95 Average average precision (IoU = 0.5-0.95)

We evaluated the proposed method on the remote sensing datasets RSOD and NWPU VHR-10.
For each model, we report the mean average precision at loU = 0.5 (mAP@50), the average mAP over
IoUs from 0.5 to 0.95 (mAP@50:95), and the energy consumption. Specifically, the power consumption
formulas for ANN and SNN are as follows:

Epan = 0> x Cy x o % K2 X Eygacs
ESNN - (T X D)fr x 02 x Cin x C'out X Kz X EACa

where O is the feature output size, C;, and C_,, denotes the number of inputchannel and output channel,
K is the kernel size, f, denotes the average spikefiring rate, 7 is the timestep, D is the upper limit
of integer activation during training. We follow the most commonly used energy consumption evaluation
method in the SNN field [12]. All operations assume a 32-bit floating-point implementation on 45 nm
technology, where EMAC = 4.6 pJ and EAC = 0.9 pJ [13].

3.3. Cross-Model Comparative Experiments. Under the same experimental conditions, we com-
pared the proposed model with mainstream ANN detectors (YOLOv5n, YOLOv8n, YOLOvV8m)

and representative SNN detectors (EMS-YOLO, SpikeYOLO). The results are shown in Table 3.

Table 3. Comparison Results

Model P (%) R (%) mAP50 (%) | mAP50-95 (%)
YOLOv5n 95.4 83.2 91.5 64.4
YOLOv8n 97.5 89.4 95.4 64.6
YOLOv8m 96.5 87.5 93.8 67.9
EMS-YOLO 89.8 88.2 91.8 59.4
SpikeYOLO 89.6 84.6 90.1 62.5
Ours 98.7 90.1 95.6 63.2

Against other SNNs, our model leads on every metric —up 8.9/1.9/3.8/3.8 points over EMS-YOLO and
9.1/5.5/5.5/0.7 over SpikeYOLO in P, R, mAP50 and mAP50-95. All prior SNNs fall below 90.0 % preci-
sion; out model achieves 98.7 % while holding 90.1 % recall, improving the balance between false
alarms and missed targets.
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Versus ANNs, we surpass YOLOv8n by 1.2/0.7/0.2 points and YOLOv8m by 2.2/2.6/1.8 in P, R
and mAP50. On mAP50-95 our 63.2 % trails YOLOv8n (64.6 %) and YOLOv8m (67.9 %) — the stricter
IoU threshold exposes the regression limits of discrete spike encoding — but we still lead SpikeYOLO
by 0.7 points. Factoring in the event-driven power savings, the accuracy-efficiency balance favors
our design.

Overall, we establish state-of-the-art performance among SNN detectors and outperform comparable
ANNSs on P, R and mAP50. Closing the high-IoU localization gap remains a direction for future work.

3.4. Quantitative Analysis of the Improved SpikeYOLO. The core advantage of SNNs lies
in their low power consumption. To evaluate energy efficiency, we compared the proposed model with
YOLOv8m and SpikeYOLO in terms of parameters, computational cost (GFLOPs), and per-inference
energy consumption, as shown in Table 4. For SNN models, a time-step configuration of 7 x D=4 x 4
is adopted, while the ANN model is treated as having 7 x D = 1.

Table 4. Energy consumption comparison

Model Parameters (M) GFLOPs TxD Power
YOLOv8m 25.8 78.7 1 181.01 mJ
SpikeYOLO 13.2 78.1 4 x4 11.63 mJ
Ours 13.7 78.4 4 x4 11.64 mJ

The three models have comparable computational costs (78.1-78.7 GFLOPs). However, the proposed
model consumes only 11.64 ml, which is about 1/15.6 of YOLOv8m (181.01 mlJ), corresponding
to a 93.6 % reduction in energy. The parameter count also drops from 25.8 to 13.7 M, a decrease
of 46.9 %. This indicates that the energy efficiency gain does not come from reduced computation, but
rather from SNNs replacing the floating-point multiply-accumulate (MAC) operations in ANNs with
sparse spike-based accumulate (AC) operations. This event-driven property makes SNNs particularly
suitable for edge devices and neuromorphic hardware.

3.5. Ablation Experiments. To analyze the actual effects of each module, we conducted ablation
experiments on the RSOD dataset using SpikeYOLO as the baseline, with results presented in Table 5.

Table 5. Ablation experiments

SpikeYOLO SpikeSEAttention SpikeBoT3 P R mAP50 mAP50-95
\ 89.6 84.6 90.1 62.5
\ \ 93 90 943 65.3
\ \ 95.2 88.2 927 63.7
\ \ \ 98.7 90.1 95.6 63.2

Adding SpikeBoT3 alone lifted recall from 84.6 to 90.0 % and mAP50-95 from 62.5 to 65.3 %. The
gain comes from long-range dependency modeling: the model now defects difficult targets by leveraging
surrounding context, and the self-attention branch handles scale variations better. SpikeSEAttention
alone increased precision from 89.6 to 95.2 % and mAP50 from 90.1 to 92.7 %, with mAP50-95 reaching
63.7 %. Channel reweighting sharpens spike-feature discrimination, reducing false positives while rea-
ching salient channels across scales. Using both modules together, precision peaked at 98.7 % and mAP50
reached 95.6 %. The two mechanisms complement each other: SpikeSEAttention filters out spurious
detections while SpikeBoT3 keeps recall high, yielding the best overall trade-off.

4. Conclusion. This research focuses on the central challenge in remote sensing object detection,
namely, the difficulty of balancing high accuracy and low energy consumption. To address the issues
of traditional convolutional neural networks (CNNGs), including high energy consumption and challehging
deployment on edge remote sensing platforms, this paper proposes an approach based on spiking neural
networks (SNNs). Targeting the bottlenecks of SNNs in complex remote sensing scenarios — insufficient
adaptability to multi-scale targets, dense small targets and omplex backgrounds, as well as weak
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capability for modeling long-range dependencies — a SpikeYOLO-Boost algorithm framework dedicated
to remote sensing detection tasks is proposed. The framework is augmented with two novel components:
the SpikeBoT3 hybrid spiking backbone for enhanced global context modeling, and the SpikeSEAttention
spiking channel attention mechanism for robust multi-scale feature fusion. Evaluations on the RSOD dataset
show that SpikeYOLO-Boost achieves significant improvements over the baseline. Ablation experiments
confirm the synergistic efficacy of both modules in improving precision, recall, and feature represen-
tation. In summary, SpikeYOLO-Boost bridges the performance gap between SNN-based and mainstream
ANN detectors. It provides a novel efficient solution for SNNs to perform complex object detection
tasks on resource-constrained edge remote sensing platforms, such as on-orbit satellites and unmanned
aerial vehicles (UAVs), and extends the application scope of spiking neural networks (SNNs) in the field
of high-performance robust visual perception. Future work will focus on implementing of neuromo-
rphic hardware and exploring its application in multimodal remote sensing analysis.
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