YRS X Ak X F R (8 AR HF KR Vol.47,No.4
2026 4 A Journal of Northeastern University ( Natural Science ) Apr. 2026

doi: 10. 12068/j. issn. 1005 — 3026. 2026. 20240240

— MR SR EERE KBGO SR &

X FEU G EM, BREME, X EE?
(1. ZRAbRZE HEHBISES TR%E, 07 W 110169; 2. TH(EEBRGE TEAAE, JL5 100081)

i B ot e SR R A B I P S 9] G R B S 1) ) B, i 5 SOLOv2-50 1B M 3Bk, Ky
PEFHE A HE L E FPS, 48 L (1] MobileNetV2 1E A5 T P4 B S 5341 575 M—SOLOvV2 FIR FHBLAY £ 45
T G /N B g BAGHEE : L-SOLOV2, 31-7E L-SOLOv2 5l il & IC 2 1 25 Sy WL SimAM , 3 FHE 76 435
K5, 155 SL-SOLOV2 B | S48 S . fr SSDD AR AR b, A T S i | ik 43 1k L-SOLOV2 714
TINF-350 B A RTAR  , FEER E RR R T, 9 FLAAS T M—SOLOV2 el 14> #1 P BE Fl i 2K ; i SL-SOLOv2 &
AR L T REAERORL S-S I (mAP) R T T 11, 3%, 3531 60. 3%, HEIH -t 2 ke

X B O WA RIS IG5 v T LE  SSDD £l 4R

FESES: TP 391.41 XHERARERD: A XEHS: 1005-3026(2026)04-0024-09

A Remote Sensing Image Instance Segmentation Algorithm
for Improving Inference Speed

LIU Jun', SHEN Zh(m—peng1 , LU Guo—jial, LIU Xiang—jun2

(1. School of Computer Science & Engineering, Northeastern University, Shenyang 110169, China; 2. CS&S
Information System Engineering Co., Ltd., Beijing 100081, China. Corresponding author: LIU Jun, E-mail:
liujun@cse.neu.edu.cn)

Abstract: To address the challenge of slow inference speeds in instance segmentation algorithms
during remote sensing image processing, SOLOv2-50 was selected as the baseline algorithm. To
enhance the inference speed of this algorithm, an instance segmentation algorithm called M-
SOLOvV2 was proposed, utilizing MobileNetV2 as the backbone network. Additionally, an
improved algorithm called L-SOLOv2 was introduced, which incorporated model compression
and image size adjustment. Furthermore, the parameter-free attention mechanism, namely
SimAM, was integrated into L-SOLOV2 to enhance the model’ s average precision (AP) in
segmentation accuracy, resulting in the SL-SOLOv2 model. Experimental results show that on
the SSDD dataset, the improved algorithm L-SOLOvV2 significantly increases the FPS while
enhancing AP compared to the baseline model. Moreover, compared to M-SOLOv2, it also
takes into account both segmentation performance and speed. SL-SOLOV2 achieves an
improvement of 11.3% in mean average precision (mAP) compared to the baseline model,
reaching 60. 3%, while also significantly accelerating inference speed.

Key words: deep learning; remote sensing image; instance segmentation; attention mechanism;
SSDD dataset
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Table 2 Performance results of SL-SOLOv2 and various instance segmentation algorithms
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Table 3 Verification results of different real-time improvement schemes

VESD VEY] mAP/% AP, /% AP, /% APJ% AP,,/% AP /%  HEREEE /(s
49.0 77.1 58.8 46.9 56.2 — 26.5
N 38.8 68.9 44.1 35.0 51.8 — 33.5
N 53.3 85.1 65.6 51.5 60. 0 — 51.4
F4 SIMAM ARG EMIGIELE R
Table 4 Verification results of SimAM at different positions
Fmg— Fmg mAP/% AP, /% AP, /% APJ% AP,,/% AP /%  HEFREEEE/(Wi-s™)
53.3 85.1 65.6 51.5 60.0 — 51.4
N 54.9 86. 0 67.1 53.4 60. 5 — 44.9
N N 60.3 92.9 75.1 58.8 66. 2 — 44.7
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