%31 W R ¢ Vol. 54 No.3
2026 4E3 H ACTA ELECTRONICA SINICA Mar. 2026

e YR EE L B Ay ivalll P RS - BIebSY
KRR A B TR B2 T 245 T 20 -5 Tk e AR o e

EAPGR R OFLR =L mERL e A
(L BB Tl K25 SRR AR =B, JUBT 10012452, M2 [ 4% 25 1] 22 42 e, RIS 450002
3. PR SR AE R G AT R I 5, LT 10012454, AEITTL RETH AL RE AL 100124)

B OE: IR, BFMZ M (Convolutional Neural Network , CNN) | #i%& Transformer DA K K AR 1 5 A5 7Y
(Large Language Model, LLM ) % 7% 2% S A5 4 SRR 2% ) 545507 Ak 07 T U 35 0 Jj8 . AR, B B S R0 15
THAAE R B TR, FCHE PR AE IR S AR TF B RR e 88 T . AR SRl , 125 73 FR A8 B IR 5 B AL AR T 35 (Synthetic
Aperture Radar, SAR) KR BAT MR IR A0 HE s R 44 HARZ R LRI HAR o5 H R S8 o BRI, HARK A
RN B4 ORI ZRAE RE 7 LA X 52 2915 575 RUBE AR Ak, I8 b 200006 2 2 30 L33 M i Gl 46 55 2 BT 5 X 521 5
TRTIFERY AR R XA KGR T 5 SRR " Z R P JE H 48 o AR SO 96 AR 8 1B 1 IR 18 190 4% R 45 55 7
AN KRR W MBS T TR BT R b 5 MR A S vk IF it — B0 T KB 1 451
TS HEFRLAL R, R A & K R4 (Mixture of Experts, MoE ) E#{H (Key Value, KV) Z AL SR GBI, H
UK, 5 T S ARG TR 1) T TR AR TN R BRI B AR SOR T A T o A B -SSR R R 1) 22 4T
AFEUE T3 O AS [6) FE 46 SR A 8 7 s P 3G vk 5 R BRPE . 5 I SRR U i — Rk F LR alUR R W 4%
AR A SN TR AR 7 5 AR A W A T A2 B AT U 5T K 6% < S 00 ) B F 7 B cE A L o B A i
b R SR AR FAR 5515 At 52 2% B2 5 AR R AL ASEAL A ) DX e A7 5 R MU L Al B AR S5 R TT AR U
55 NI 7 T (4 28 5, 3 0 43 A FE 48 SR s e A [l (A S A58 e g A AL S5 ORI T o PR, BE TP X — XA HE AR
AR SO AL Ty 1 1A O AR ST R A TR L, S 5 ) 4 RO 0 DG HE IR R TR T A T Y AR A S R
B, DU R A SR B L B 2% . n , 456 B B e R I N R S G L e H AR SO B IS
N4 2 B2 UIMR] A7 280 OO -5 BRE A B R0 A 5507 1w, D 1 % AR A A B 7 10 G 5 TR R TP R v
BUTE MR HE R SR BIS KRR S TR 5

KB EEIEUR s BRI 5 004 He i s AR ; it

EEWB: il A AR ER S (No.1247025)

hE SRS TP751.1 XEkFRIRED: A XEHS: 0372-2112(2026)03-1348-16
FE F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20251009

Efficient Object Detection in Remote Sensing Images: Advances in
Deep Network Compression and Acceleration from
Algorithmic and Model-Scale Perspectives

WANG Liugian'?, ZHANG Jing"”, ZHAO Yi', XIE Xiaoyang’, ZHUO Li"’
(1. School of Information Science and Technology, Beijing University of Technology, Beijing 100124, China;
2. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou, Henan 450002, China;
3. Beyjing Key Laboratory of Computational Intelligence and Intelligent System, Beijing University of Technology, Betjing 100124, China;
4. College of Computer Science, Beijing University of Technology, Beijing 100124, China)

Abstract: In recent years, deep learning models such as convolutional neural networks (CNNs), vision transformers,
and large language models (LLMs) have made remarkable breakthroughs in representation learning and task generalization.
However, this progress has been accompanied by rapid increase in parameter scale and computational complexity, leading
to rising inference latency and storage overhead. In remote sensing applications, high-resolution remote sensing images and
synthetic aperture radar (SAR) images are characterized by large coverage, high resolution, complex scenes, and multi-scale

variations with a high proportion of small objects. Object detection models must therefore possess strong representational
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capability to handle complex backgrounds and scale variations, while also meeting stringent real-time and low-power con-
straints on resource-limited platforms such as satellite-borne, airborne, and edge devices. As a result, the tension between
“improving accuracy” and “efficient deployment” has become increasingly pronounced. This study systematically reviews
the development of deep network compression and acceleration techniques, covering traditional manual optimizations as
well as classical methods such as pruning, quantization, and knowledge distillation. It further discusses conditional computa-
tion and inference optimization in the era of large models, including mixture-of-experts (MoE) architectures, key-value (KV)
cache optimization, and hybrid quantization. By integrating mainstream datasets and evaluation metrics in the field of re-
mote sensing object detection, this paper establishes a multi-dimensional evaluation benchmark oriented toward the “accura-
cy-efficiency-resource” trade-offs, aimed at characterizing the applicability and limitations of different compression ap-
proaches in remote sensing scenarios. Unlike existing surveys that often follow a single algorithmic thread or focus solely
on lightweight networks, this review organizes the research landscape from two complementary perspectives: the algorith-
mic perspective and the model-scale perspective. The former emphasizes reducing computational and storage complexity
through pruning, quantization, distillation, and sparsification on a given model. The latter distinguishes between lightweight
models and large-scale foundation in terms of structural redundancy, sensitive modules, and memory bottlenecks, analyzing
how compression strategies operate and where further optimization is possible across models of different sizes. Based on
this dual-perspective framework, the paper compares and analyzes the core ideas and implementation details of representa-
tive methods, summarizes key factors influencing compression performance, and extracts reusable engineering practices to
inform model selection and deployment configurations. Finally, considering the application demands of remote sensing in-
telligent interpretation and the trend toward green and low-carbon computing, this paper looks ahead to promising directions
such as adaptive compression, multimodal collaborative-compression, parameter-efficient fine-tuning, and hardware-soft-
ware co-optimization. The aim is to provide systematic reference and theoretical support for the efficient deployment of re-
mote sensing object detection models on edge devices and in engineering systems.
Keywords: remote sensing images; object detection; network compression; model-scale; acceleration
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Figure 2 The evolution of network compression and acceleration
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Figure 5 A two-stage knowledge distillation framework for remote sensing object detection
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S*ANet™+CF-ORNet ResNet-50-FPN 82.83 76.09
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Figure 6  Sparsity-optimized network architecture for small object detection in remote sensing images
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Table 3 Performance comparison of small object detection methods on remote sensing images
BHisE VEDAI | DOTA~2.0| $SDD | HRSID e

W R bR mAP/% WIS H/M | GFLOPS/G | FPS
S*ANet™ 72.14 52.44 89.57 79.44 36.2 197 27.0
Oriented R-CNN* 76.47 52.94 89.45 71.38 60.1 122 15.8
CF-ORNet™ 77.34 57.71 89.85 74.40 523 93 13.7
LSKNet-S*” 81.44 54.18 90.01 80.15 31.0 174 20.5
RTMDet-M“*! 80.44 57.71 89.50 79.85 24.7 100 20.2
JJF % PG-DRFNet“! 84.06 59.01 90.06 80.59 26.6 236 27.0
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Figure 7 Sensitivity analysis of different thresholds A
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