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PAM-YOLO for object detection in remote sensing images

Liang Yuman Chen Pengyu Li Fei Wang Lie He Guangbin

(School of Computer and Electronic Information, Guangxi University, Nanning 530004, China)

Abstract: To address the characteristics of complex backgrounds and multi-scale objects in remote sensing images, a
remote sensing image object detection algorithm based on YOLOv8n, named PAM-YOLO, is proposed. First, in the
backbone network, a triple pool hybrid attention ( TPHA) mechanism is constructed and embedded. By fusing
information from global maximum, average, and median pooling, it effectively suppresses the interference of
background noise on channel features and enhances the feature representation of key regions. Second, a spatial context
aware module (SCAM) is introduced in the neck structure. By mining global contextual information and building long-
range dependencies between channel semantics and spatial structure, it improves the model s ability to distinguish
between targets and backgrounds. Finally, a parallel branch feature extraction (PBFE) module is designed and
introduced. Through the deep decoupling and interactive fusion of three parallel branches for local details, global
semantics and multi-scale context. it achieves a refined representation for objects of different scales. On the DIOR
dataset, PAM-YOLO's mAP50 increased by 1. 8%, mAP50-95 by 2. 4%, P-value by 0.3% . and R-value by 1. 8% ;
its metrics on the DOTA dataset are also superior to other algorithms. The experimental results indicate that PAM-
YOLO shows higher detection accuracy and robustness in the task of remote sensing image object detection.

Keywords: remote sensing image;object detection; YOLOv8n;attention mechanism; multi-scale feature fusion
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Table 1 TPHA module ablation experiment results
%
Y mAP50 mAP50-95 p R
Modell 72.0 49.9 82.2 65. 3
Model2 76.6 54. 4 85.5 68. 6

¥ : Modell F7R 78 TPHA th R 8] A 4 R {4 w4k,
Model2 #/R1E TPHA 5] AT &R E ik,

M3 1 A A, 5l A4 R P A Wik 9 TPHA B
(Model2) 7EFT A Rl 8 b5 B KIEHR A, HRIIALE
R AL Y Modell #H Eb » Model2 A mAP50 F1 mAP50-95
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J X X X 76. 5 54.1 85.7 68.7
N J X X 76. 6 54. 4 85.5 68. 6
N J J X 77.1 54. 4 85.9 69. 6
N J X J 77.5 55.7 85.5 70. 2
N X J J 78.2 56. 2 85.3 70. 5
NG NG N N 78.3(+1.8) 56.5(+2.4) 86.0(+0.3) 70.5(+1.8)
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170 LA R AU I 2 KRB FRAE, SR AP T B — R HFRAT
PRI R . BeAh LI ML T SCAM 5 PBFE ##i)
H4 R TPHA) . H mAP50 355 T 78. 2% , 3k ik — 46
ET A5 B SCIEN 5 22 RO FRAT A 8 7 B2 2% 18 B 5t
T ER .

23 AN e ] iF S B, mAP50 fe &3k F] 78.3%,
HARZEE RAH R T “SCAM+PBFE” 44 mAP % ¥4
WL HERE P R ERAT 0.7% . X .78 PBFE M
SCAM 2 HUE & R IE R 26l |, TPHA #F — 2P i 1 5%

MERE RO T IR, R, = H U T AR, AR
P AR R K mAP £ 548 BB T P4,
3.4 Ptk

ik — BB PAM-YOLO &3 i A #5015 56 3k e
ASCHE DIOR B4E4E L5304 09 30 B br kil 5503k 9 17
TXFH SRR 3 iR . SEIR IR AN LR TR 36 T
2l (5 YOLOvSs, YOLOv8n #| &% # 9 YOLOv10n,
YOLOv11n, FB#EAF T CM-YOLOvSs., i #F [ Faster-
RCNN.CSYOLOv7 854t % 1 8% U5 5 o5 647 45 8 LAk 19
e k.

#3 DIORHEFEELZEEZWNELELER

Table 3 Comparative experimental results of various algorithms on the DIOR dataset

(RS mAP50/ % mAP50-95/ % P/% R/% ZHHE/M GFLOPs
YOLOv5n 76.0 53.0 84.8 67.8 2.19 5.8
YOLOv6n 74. 8 53.7 86. 2 66.3 4.16 11.5
YOLOv8n 76.5 54. 1 85.7 68.7 2.68 6.8
YOLOv9t 77.5 56. 2 86. 6 69. 6 1.73 6.5
YOLOv10n 77.0 54.9 86.7 68. 1 2.70 8.3
YOLOvlln 77.9 55. 7 86. 6 69. 7 2.59 6.3

CM-YOLOv8s™" 70.9 41. 8 75. 4 67.6 — —
CSYOLOv7H 74.0 — 83.1 68.3 7. 40 19. 1

e #f Fasterr RCNNM 69. 8 49.3 76.6 65. 3 — —
PAM-YOLO 78.3 56.5 86.0 70.5 4.55 10. 3

T 1] %) b A BRI FE AR AT 0, PAM-YOLO 15 45 1 G 4 1
RefEAr B T BERT. B F . PAM-YOLO ¥
mAP50 353 T 78. 3% ,mAP50-95 35 % 56. 5% , H [ R ik
2 70. 5%, MR TS 55 L H AL E % . ZEAETE Ui,
FRE T I ER A PAM-YOLO 78 R X 38 8% K 14 52 2 15
s RE HbR 7 B T AR 0 25 A R BE 7

3.5 zHh=mw

A PAM-YOLO H: 3z bge J1 , A XHE DOTA
BAEE LT T ERAnRT b, SRR 4 FiR . SCER IR T
£23% RSD-YOLO, FEW-YOLOv8, DT-YOLOv8 } YOLOvS8-
LGA 7ER I Z R IET YOLOVS ik ity [F) 28 i v B k4
X5

R4 DOTABBRERHENILIRER

Table 4 Comparative experimental results of various algorithms on the DOTA dataset
RS mAP50/ % mAP50-95/ % P/% R/% ZHE/M GFLOPs

YOLOv5n 76. 2 52. 8 80. 3 71. 6 2.19 5.8
YOLOv6n 73.0 49. 6 80. 6 67.9 4.16 11.5
YOLOv8n 77.9 54.7 81.9 72.8 2. 68 6.8
RSD-YOLO™" 73.0 50. 4 76. 6 68.7 8. 27 42.7

it RT-DETR A5 72.3 48.5 77.6 69. 6 17. 30 —
FEW-YOLOv8™" 69. 3 — 73.5 66. 4 11.19 29.5
etk YOLOvIT A8t 72.5 47.9 81.7 70.5 5. 80 11. 8

DT-YOLOv8"™ 73.5 49. 4 78.6 70. 3 5. 40 —

YOLOv8-LGAM 73.6 — 81. 6 68. 8 — —
PAM-YOLO 80.5 57.7 83.7 74. 1 4.55 10.3

ol LLE H, PAM-YOLO 7 DOTA ¥ 45 K 5% {3
T B AL A9 4G RS B, H mAP50. mAP50-95.P 1 R $§
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Fig.5 Detection performance on the DIOR dataset
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