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Remote sensing object detection algorithm integrating block attention and
wavelet feature aggregation

NIU Weihua'?, GUO Xun'
(1. Department of Computer Science, North China Electric Power University, Baoding 071003, China; 2. Engineering Research Cen-

ter of Intelligent Computing for Complex Energy System, Ministry of Education, Baoding 071003, China)

Abstract: A remote sensing image object detection algorithm is proposed to address the challenges of complex back-
grounds and small object detection. A hierarchical split attention block attention module is introduced into the backbone
network, utilizing block-based downsampling and coordinate attention to mitigate fine-grained information loss. Using
the Haar wavelet transform, a wavelet-enhanced contrast-driven feature aggregation module separates high- and low-fre-
quency information, while a local attention mechanism enhances edge and texture perception, suppressing background
interference. A shallow enhancement attention detection head with the LSKA attention mechanism improves small ob-
ject detection accuracy. Experimental results show that the algorithm achieves an mAP50 of 87.3% on the ShipRSIm-
ageNet dataset and 35.5% on the VisDrone2019 dataset, with improvements of 5.9% and 4.1%, respectively, over the
original model. The improved model considerably enhances performance in remote sensing image object detection.

Keywords: object detection; remote sensing imagery; wavelet transform; YOLO; attention mechanism; small object de-

tection; feature extraction; feature fusion
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Table 2 HSAB module analysis experiment table

Gy BHALE Ship50/% Dock50/%  Precison/% Recall/% mAP50/% mAP50-95/% Params/10° FLOPs/10°
Gl - 79.8 81.5 85.4 74.7 80.7 59.9 11.4 29.4
G2 1 83.2 82.1 83.6 76.1 82.7 61.2 11.5 45.1
G3 2 82.2 81.5 86.6 72.0 81.9 61.7 12.0 442
G4 3 79.3 81.0 83.0 73.6 80.2 59.8 14.0 438
G5 4 79.2 80.3 85.9 70.5 79.8 59.8 22.0 438
G6 1,2 81.2 86.2 89.2 73.3 83.7 62.0 12.2 59.8
G7 12,3 84.0 82.6 86.6 72.5 83.3 60.8 14.9 74.2
G8 1234 81.6 83.7 81.4 76.6 82.6 61.5 25.6 88.6

H 3% 2 AT, 76N [A) 060 B 5] AAS [ it 1y
HSAB #He % YOLOvSs #5581 i 6 I 4 BE 7= A= T
AFEREm . R 2. 3L EH, £ 15
57 2 S0 B EUS AN HSAB REHL 5, A6 Y A 4G )
AEAH L R BN Z A, mAPS0 2 BIE T 2.0% 5
1.2%. 1M7E 3 F 3 450 & 5] A HSAB fik
Ja, BRI 8 bn A T TR, X — IR R,
A RAG B 5 HSAB fH AT BE 2 S 80 2 1 HE
TIEA AL 33 37 R, DRI T 552 Mo A 0 A

TEZRRA G S, HA 6 A nl IR
WL Y E T M F 1S M2 507 &~ HSAB
BB 5, AR ARG P BE AR B T A BT,
mAPS0 H bt F G AL T 3.0%, SR, ik —
AN 3 ASEL 4 > HSAB B i), RAS #4396 bR
AT /MRS T, (H R AR R (R M BB A L TR
1. 2 S EBSA TR, HdZ2Hangiha®
HEA SR ST SRR BRI i,
LR BLRDRE SRR 0 IR, AR SCHEHUE 15 R
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Table 3 Experimental results of the model on ShipRSImageNet

FEAY Ship50/%  Dock50/%  Precision/%  Recall/”%s  mAP50/%  mAP50-95/%  Params/10° FLOPs/10’
YOLOv8s 81.4 81.5 83.0 77.0 81.4 62.2 114 29.4
AR 87.6 86.9 88.6 78.9 87.3 66.5 232 85.4

R4 HHBREBTE VisDrone2019 FHISRIGER
Table 4 Experimental results of the model before and after improvement on VisDrone2019
. YOLOVS8s ARSI
Precison/% Recall/% mAPS50/% mAP50-95/%  Precision/% Recall/% mAP50/% mAP50-95/%
pedestrian 51.4 23.8 26.2 10.6 48.9 29.0 30.8 (+4.6)  12.9 (+2.3)
people 51.2 9.5 134 4.6 53.8 12.5 17.8 (+4.4) 6.6 (+2.0)
bicycle 28.3 10.7 8.4 3.1 36.3 11.7 12.6 (+4.2) 5.0 (+1.9)
car 65.4 71.7 71.0 455 67.4 76.4 75.7(+4.7)  49.2 (+3.7)
van 39.4 41.2 36.6 243 453 422 404 (+3.8)  27.5(+3.2)
truck 41.8 43.8 39.0 243 46.3 46.4 433 (+4.3)  28.1(+3.8)
tricycle 23.7 26.2 16.6 8.3 30.4 28.7 204 (+3.8) 11.3(+3.0)
awning-tricycle 40.1 20.7 18.5 10.4 475 222 233 (+4.8)  13.7(+3.3)
bus 61.6 54.1 56.2 389 67.4 56.3 59.6 (+3.4)  422(+3.3)
motor 40.4 325 28.0 11.2 46.3 32.7 30.8 (+1.2)  12.7 (+1.5)
ke 443 334 314 18.1 49.0 35.8 35.5(+4.1)  20.9 (+2.8)
HIZE 3 Al DL, A SO ROA A T IR ss HARG & EM, 2 Btk LRI .
B 7E ShipRSImageNet Z0 5 4 AT T 4 KiE 343 HEREn

FE R4 T, Hod mAPS0 27+ 5.9%, mAP50-95 42
Tt 4.3%, X T AL H AR RS % H A5 mAPSO K 43
BT 6.2% 5 5.4%. H AT DL B AR SCHT 32
YRR B AL AR BE (S B B, DL R X
S SRR ) B 2= A A T ARG ek

H 2% 4 AT LLE Y, AR SCHrHE 8L 7E VisDrone-
2019 4L LT LR i, Foh mAPS0 42 7t
4.1%, mAP50-95 27} 2.8%., XF BT A 25 HAnks
TS B #4947 4271, PR e T LS H AR SCIT el st A A

R T SR UEAS SCAI R M etk B A b, AR SCHE
YOLOvS8s £ B ) Je il 3% 31 1 2 48 % i 31 i 5
5y, HSCs A bE 5 5008 S50 4 — 80, i PRS0
Wa AP EE . ARSI 8 4. 5
1 2H 2 % BRZH, BRI R 2k i YOLOV8s [ 26 45
TUHEAT 5250 5 55 2~4 4 Ry 43 SIS I — b i it I 1
BERY ;5 55 5~7 A1 h AR SC T $2 1 o it W R R A 7 45
B ZJE IR 5 8 4k Rl A AR SO B S T A B
HEJE AR, SEERZE RN 5 FiR

% 5 ##EI7E ShipRSImageNet F A BLIG 45 R
Table S Ablation experiment results of the model on ShipRSImageNet

Ship50/ Ship50-95/ Dock50/ Dock50-95/ Precision/ Recalll mAPS50/ mAP50-95/ Params/ FLOPs/

WE-
HSAB ppa SEAD ) % % % % % % % 10° 10°
81.4 63.0 81.5 61.4 830 770 814 62.2 114 294

v 84.7 65.2 84.0 62.4 86.1 786 843 63.8 122 598

V 83.9 64.4 85.2 61.5 835 774 846 63.0 220  38.1

v 840 64.7 83.6 62.0 825 780  83.8 63.4 1.7 486

v J 84.6 65.0 84.5 65.1 81.1 798 845 65.1 229 686
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HSAB WE- SEAD Ship50/ Ship50-95/ Dock50/ Dock50-95/ Precision/ Recalll mAP50/ mAP50-95/ Params/ FLOPs/
CDFA % % % % % % % % 10° 10°
v \ 88.3 67.7 84.9 63.5 87.2 795  86.6 65.6 126  79.0
v S 87.3 67.0 83.9 61.7 85.1 793 85.6 64.4 24 573
\ N S 87.6 68.1 86.9 64.9 88.6 789 873 66.5 232 854
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XA] DL B HSAB 58 7 1S i A AU RRAE R 56 | &2
il A0 R B A5 2,25 2R I TR AR B 35 . AR Bk 5
A WE-CDFA HHJ5, A AURS B2 3k 7B B 1y
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T RAR BRI fE, mAPS0 $2 T 2 87.3%, MIE T
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Fig.7 Heatmaps before and after applying modules and
corresponding detection results
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Table 6 Performance comparison of various models on Table 7 Experimental results of different models on the

ShipRSImageNet VisDrone2019 dataset

i mAP50/%mAP50-95/% Params/10°FLOPs/10° A mAP50/% mAP50-95/% Params/10° FLOPs/10°

Faster R-CNNP2 67 4 432 41.6 206.0 YOLOX-Tiny*  27.8 14.8 5.0 7.5
SSD®] 60.5 33.8 24.4 30.7 RTMDet-Tiny® 312 18.4 4.8 8.0
FCOSP 383 20.0 32.1 198.0 RTDETR™ 333 18.5 20.0 60.0
YOLOX™2! 81.5 59.8 54.0 77.8 YOLOv8n 259 144 3.0 8.1
DAB_DETR[ZG] 783 57.7 437 102.0 YOLOVS8s 314 18.1 11.1 28.5
DDQE" 78.8 500 483 2740 YOLOv8m 332 19.0 25.8 787
CM-YOLO™ 793 604 4972 709 JSLL&V;(;’; ;jg gg lzi ?;‘9‘

2 . . . .
AzNai;] 82.1 64.2 423 674 YOLOvils 313 176 94 123
SVSDet 84.5 63.6 YOLOvIIm 350 203 200 677

YOLOv8n-obb  80.2 53.4 3.0 8.1 YOLOVIom 1.6 192 0.1 612
YOLOvVSs-obb  81.4 62.2 11.4 29.4 FBRT-YOLOS®™ 323 183 20 270
AR 873 66.5 23.2 854 FBRT-YOLO-M® 344 19.6 736 587
A AR 355 209 229 85.4
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Fig. 8 Detection performance before and after improvement on ShipRSImageNet
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Fig. 9 Detection performance before and after improvement on VisDrone2019
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