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Abstract

Accurate ship detection in Synthetic Aperture Radar (SAR) imagery is essential for the maritime sector. However, existing deep
learning models encounter limitations due to the complexity of SAR data and the demands for computational efficiency. In this study,
we propose a novel model that integrates the Spiking Neural Network (SNN) backbone EMS-ResNet with the Bidirectional Feature
Pyramid Network (BiFPN). EMS-ResNet enhances efficiency through spiking neurons, making it well-suited for processing
high-resolution SAR images, while BiFPN improves ship detection performance through multi-scale feature fusion. Experimental results
utilizing the High-Resolution SAR Images Dataset (HRSID) demonstrate that the proposed model achieves superior detection performance
and, notably, significantly reduces the number of parameters, resulting in outstanding energy efficiency compared to existing models.
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Fig. 1. ANN(a) vs SNN(b): This figure compares the structural differences and operational mechanisms between traditional artificial neural networks
(ANN) and spiking neural networks (SNN). While ANN uses continuous activation functions, SNN processes information using discrete and asynchro-

nous spikes
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Fig. 3. Surrogate gradient: This figure shows the learning process of the Surrogate Gradient
in spiking neural networks (SNN). The neuron's membrane potential changes over time as
it integrates input spikes, and when it exceeds a certain threshold, the neuron fires a spike.
During backpropagation, the original gradient is non-differentiable, but the surrogate gradient
approximates it with a continuous function, allowing backpropagation to proceed
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Table 2. This table compares the energy efficiency and performance metrics of ANN/SNN-based object detection models
Methods Type Parameters Precision Recall AP.5:.95 Time Step
YOLOv5+BiFPN®! ANN 52M 0.901 0.812 0.612 /
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Fig. 6. Spiking Neural Networks Ship Detection Results: This figure illustrates the ship detection results using spiking neural
networks. (a) The original image from the HRSID dataset, (b) the ground truth image from the HRSID dataset, (c) the results
from EMS-YOLO, and (d) the results from the proposed method. The proposed method demonstrates superior ship detection
performance compared to existing spiking neural network-based models
7ol QofEUth YOLO®] 3etAo) s AAIZF Al v5 25t
Btk & Time Stepl E% % Precisions 4]
2.1 =2 gz oA 28y ANH A= EMS-ResNet ¥} BiFPN®| &3}% Q1 A ¢}
A ¢tk EMS-BiFPN =9 < Precision®] 0.89% SHIP- o7 ol= AAZE Ayt 7FA] S8olAe] S5 9] tf

YOLO(0.804) 2 EMS-YOLO(0.865) K.t} $-4=3+ A 5< =Ae =og ANz Ayt L7HE 84

)%

A]

Precisions AT =R Edo] 84~
T 4SS B8 AP5L9

SNN Rd¢l EMS-YOLOXETt} SAH 0.4
BiFPN<] J

F o

2HlE HA3E7] WEolth

o o= L

o]= EMS-ResNet M E-0] o112 &&A 0 A5} EMS-BiFPN¢] %2 Time Step<> U% o FHEEE A
TS &t =2 A4S FASHARE oY FAAA, A& QAR H d3S 7HsEH

£-3], EMS-BiFPN< BiFPN 3 =¢] = o2 9la] EMS-BiFPN =42 t}ok

YOLOv5+BiFPN ti®] #eiu|E & o4 2 3 3719 AukS g3 o7 &x3 4= Sl th BiFPNS

% s

At

>

T OMAR
0E 2AY &

o
T2 R AT EFFORN, B &Y 47
=z 3

& 1%, AL Aue TGW I 2719 A FH BA
OE 2AY 54 g0 BA Asel 391 ¥ % 9tk o) SAR AN AU g A5 3
A AT & Uk A FPAAE F2 200E Agag

22 MAIZE ME| 53 4 OE AHY EY 88 2.3 T2t0[E 2 ofLX] AH|o 2[X3}
EMS-BiFPN 29-& Time Step2 12 A4 3sle] EMS- A QFet EMS-BiFPN E9-& 20M 9] #hv|E & A

TS Ao} 324 2 Jug gy



A9% 9 29 oA £EHY 2oboly AR P 54 AHs YESAE ARF AN A4 94 Y o
(Sunok Kim et al.: An Enhanced Object Detection Model Combining Energy-Efficient Spiking Neural Networks and Bidirectional Feature

o] YOLOV5+BiFPN®] 52Mel| vls] dietne 5 34 &
OHA L =& Precisions A3t ol Ede] A5
3ket U] E&A ZHoA] 2 ZAL A28, A A
ofo] Sl MM E EHHOE AHEE F e AA
s}, gt_f;} SNN 7]8Fe] EMS-BiFPN< oMl E 7)1k £
b AMS FHaskste] ouA &HE TS

2k H A sk AA wi %] FF A

o
=

ERik °]

AY 258 Zol= ¥ 29 9L S0, 47|40 A
A

i

o
o
> f

b

r
|
O

(]

l

—

>,
9
0
X,
ool
[o
fil
X
‘é’

esl
<
w2
W
oy
-0
Z
)
>
o
N

oko] Qe FAHNME TA A= 7S
AR G9x ZdYS HoFErh ET3E AP.5:.95 X FoA <]
SAE A= Al Bdlo] B3t Sl S M T TRkt

24 AZ3t ZItE S5t HYN Ys |l
o] A5 Wil A ] A1zkst A3E 53] SNN 7]9ke]
Aot X3 EMS-YOLO 2dl%e] A8 Az o7 u
LAYHIE 6). At BHE B A me} v ovkx]
TE AR @A Ao A= FEYs Sl
733kstdnh whH, EMS-YOLO 29 A& wjx]oll A Q&
g7 o]

A7k ol wasEd, ol $4e 87

] A o
ool whek FiiAl R ¥ B2 QHA7
-

5}

¢
F

AT Aot BY e ofe wjAelN Qg §x

'% ] /\51
& 2on, ol thUd dolE ZHME eHgH L
2 43 7psAo] B4< Uehith olest Aok A4
e otel mule] 4

7oA 9] et gA] S8l slef Al
=

B A7 A= SAR GAOA 9] MEl BxZ2 93

EMS-ResNetZ} BiFPNS 2313 Al 22 SNN 7|4 &1 &

Sl
=g

v
-

KN
=

(o 30 RN

N

©

A

9

e 4 }:Ll w2 e e
0]

)

2
o
A
ml’>

(1]

(2]

(3]

(4]

(3]

(o]

Aee AT Uitk &

o TR 2 D TR g
E) 2
ol
0
kS
N
15

rlo mlm

Pyramid Networks)

2
i)

> 2
>,
t rlo

ng‘lﬁ
N

EMS-BiFPNS A ¢talit). A ekst
o Hla] N HLE JUAE iﬁl

A

LN
¥ L

ol
-

r°"
xS
10 ofN
et o

fr o

Hep 2719] 4oe B34
270}, SAR Gl A9 Aut %x]
Aol Ashe A %w—';— ELL
28 okl T8 HolT 3
2 7bsapl shgom, mwo;
Atk GF AT AUA T2
N5 YA AL F Y P
OF EEERNSSER
28 A7), o
o 4% A5HE US "Il R
u}. e, ANZESE el A
Aol 33 29 233 71
Uw ol oleidt A7E
G5 b $8 ool ] £& 4
FHOE WHT ACE YR

o Y oX o

it
oX,
olr

)
>

FFI

>

off e o
2
o

Lo

o
ox I 19 ox (2 o

i&
n) rlr
Iy ox
l;’p{v
o

R ]
&
oX
o
nj
Ho

=

g

ol

ol

il

3

Z

-

N

1o

ol
o ofy o
o £ .o
NS

EO{N
Mo X fo

O
0¥ o ot oo
2

N

)

P‘L
> &

&2 dE o o X oHE a2

;m%m
<
C/J
o~
&

fd
>
OFO
2

# 1 2 # (References)

Z. Zhao, P. Zheng, S. Xu, X. Wu, “Object Detection with Deep
Learning: A Review,” IEEE Transactions on Neural Networks and
Learning Systems, pp.1-21, January 2019.

doi: https://doi.org/10.1109/TNNLS.2018.2876865

N. Wang, Y. Wang, M J. Er, “Review on deep learning techniques for
marine object recognition: Architectures and algorithms,” Control
Engineering Practice, Vol.118, pp.104458, May 2020.

doi: https://doi.org/10.1016/j.conengprac.2020.104458

A. Felski, K. Zwolak, “The Ocean-Going Autonomous Ship—
Challenges and Threats,” Journal of Marine Science and Engineering,
Vol.8, January 2020.

doi: https://doi.org/10.3390/jmse801004 1

Y. Wang, X. Ning, B. Leng, H. Fu, “Ship Detection Based on Deep
Learning,” IEEE International Conference on Mechatronics and
Automation, pp.275-279, August 2019.

doi: https://doi.org/10.1109/ICMA.2019.8816265

Y. Wang, C. Wang, H. Zhang, “Ship Classification in High-Resolution
SAR Images Using Deep Learning of Small Datasets,” Sensors,
Vol.18, pp.2929, September 2018.

doi: https://doi.org/10.3390/s18092929

J. Li, C. Xu, H. Su, L. Gao, T. Wang, “Deep learning for SAR ship

detection: Past, present and future,” Remote Sensing, Vol. 14, No. 11,



(7]

(8]

9]

[10]

[11]

[12]

[13]

Wske =82 A308 A1E, 202519 1€ (JBE Vol.30, No.1, January 2025)

2712, May 2022.

doi: https://doi.org/10.3390/rs14112712

J. Redmon, S. Divvala, R. Girshick, A. Farhadi, “You only look once:
Unified, real-time object detection,” IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pp.779 - 788, June 2016.
doi: https://doi.org/10.48550/arXiv.1506.02640

C. Yu, Y. Shin, “SAR ship detection based on improved YOLOVS and
BiFPN,” ICT Express, Vol. 10, pp.28-33, March 2024.

doi: https://doi.org/10.1016/j.icte.2023.03.009

K. Roy, A. Jaiswal, P. Panda, “Towards spike-based machine
intelligence with neuromorphic computing,” Nature, Vol.575,
No.7784, pp.607 - 617, November 2019.

doi: https://doi.org/10.1038/s41586-019-1677-2

Q. Su, Y. Chou, Y. Hu, J. Li, S. Mei, Z. Zhang, G. Li, “Deep
Directly-Trained Spiking Neural Networks for Object Detection,”
Proceedings of the IEEE/CVF International Conference on Computer
Vision, pp. 6555 - 6565, October 2023.

doi: https://doi.org/10.48550/arXiv.2307.11411

A. Tavanaei, M. Ghodrati, S. Kheradpisheh, T. Masquelier, A. Maida,
“Deep Learning in Spiking Neural Networks,” Neural Networks,
Vol.111, pp.47-63, March 2019.

doi: https://doi.org/10.1016/j.neunet.2018.12.002

M. Dampthoffer, T. Mesquida, A. Valentian, L. Anghel,
“Backpropagation-Based Learning Techniques for Deep Spiking
Neural Networks: A Survey,” IEEE transactions on neural networks
and learning systems, Vol.35, No.9, pp.11906-11921, April 2023.
doi: https://doi.org/10.1109/TNNLS.2023.3263008

P. U. Diehl, D. Neil, J. Binas, M. Cook, S. C. Liu, M. Pfeiffer,
“Fast-classifying, high-accuracy spiking deep networks through
weight and threshold balancing,” International Joint Conference on
Neural Networks (IJCNN), pp. 1-8, July 2015.

doi: https://doi.org/10.1109/IJCNN.2015.7280696

[14]

[15]

[16]

[17]

(18]

[19]

(20]

[21]

E. O. Neftci, H. Mostafa, F. Zenke, “Surrogate gradient learning in
spiking neural networks: Bringing the power of gradient-based
optimization to spiking neural networks,” IEEE Signal Processing
Magazine, Vol. 36, No. 6, pp. 51-63, November 2019.

doi: https://doi.org/10.1109/MSP.2019.2931595

L. Cordone, B. Miramond, P. Thierion, “Object Detection with Spiking
Neural Networks on Automotive Event Data,” International Joint
Conference on Neural Networks (IJCNN), May 2022.

doi: https://doi.org/10.1109/IJCNN55064.2022.9892618

M. Yuan, C. Zhang, Z Wang, H. Liu, G. Pan, H. Tang, “Trainable
Spiking-YOLO for low-latency and high-performance object
detection,” Neural Networks Vol.172, April 2024.

doi: https://doi.org/10.1016/j.neunet.2023.106092

T. Zhang et al, “SAR Ship Detection Dataset (SSDD): Official Release
and Comprehensive Data Analysis,” Remote Sensing, Vol.13,
pp-3690, September 2021.

doi: https://doi.org/10.3390/rs13183690

S. Wei, X. Zeng, Q. Qu, M. Wang, H. Su, J. Shi, “HRSID: A
high-resolution SAR images dataset for ship detection and instance
segmentation,” IEEE Access, Vol. 8, pp. 120234-120254, July 2020.
doi: https://doi.org/10.1109/ACCESS.2020.3005861

M. Tan, R. Pang, Q. V. Le, “EfficientDet: Scalable and efficient object
detection,” Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 10778-10787, June 2020.

doi: https://doi.org/10.48550/arXiv.1911.09070

L.E. Abbott, “Lapicque’s introduction of the integrate-and-fire model
neuron (1907),” Brain Res Bull, Vol.50, pp.303-304, November 1999.
doi: https://doi.org/10.1016/s0361-9230(99)00161-6

Y. Luo, M. Li, G. Wen, Y. Tan, C. Shi, “SHIP-YOLO: A Lightweight
Synthetic Aperture Radar Ship Detection Model based on YOLOv8n
Algorithm,” IEEE Access, March 2024.

doi: https://doi.org/10.1109/ACCESS.2024.3373893

X XA
AM s
- 20094 ~ 20144 : SN|CHStL &7 |MA}ZStn} StA}
- 2014'A ~ 2019 : HM|CHSt M7 [MARS St AL
- 20194 ~ 20214 : GIMCHStm BiALES TRl

- 20214 ~ 8ixf : S=EIOHED AZEY oS Ta
- ORCID : https://orcid.org/0000-0002-9665-4214

- FUME0L : AFEEY, ASA5, 37 42




A4S 9 29 A BEHQ Asfol AW FUF 5 Fgrs EAAE 2% HdE AR BX B 11
(Sunok Kim et al.: An Enhanced Object Detection Model Combining Energy-Efficient Spiking Neural Networks and Bidirectional Feature

Pyramid Networks)

X XA

- S=ESsty AZE0fete SR

- ORCID : https://orcid.org/0009-0002-9336-8113
- FHUZO0F: AFEEIY, HHER

2
da 4

SITST0 D ATER0f5tT 1A
ORCID : https://orcid.org/0009-0007-9201-6649
- TR0} HFEHIF, HHER




