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Remote sensing image rotation box algorithm leveraging reparameterized
generalized pyramid and dilated residual
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Abstract: Due to the dense presence of multiple targets and complex background information in remote sensing images, existing
detection algorithms often struggle to achieve satisfactory precision in small target detection. To address this issue, we propose a small
target rotation box detection algorithm for remote sensing images called DRS-YOLO, based on reparameterized generalized pyramids and
dilated residuals. First, to overcome the shortcomings of the backbone network in feature extraction, we enhance semantic information by
incorporating a dilated residual module into the neck of the network, building upon the YOLOv8OBB framework. Second, to improve the
network’s performance in detecting multi-scale targets and facilitate the flow of low-level feature information to high-level features, we
replace the neck structure with a reparameterized generalized feature pyramid network for more efficient multi-scale feature fusion, which
aids in capturing high-level semantics and low-level spatial details. Finally, to further enhance the network ‘s performance in detecting
small targets, we propose the SPPFI module to expand the receptive field, thereby improving detection accuracy for remote sensing
targets. Experimental results demonstrate that the improved algorithm achieves an increase in detection precision of 1. 5% and 9. 8% on
the public DIOR and HRSC2016 datasets, respectively, compared to the original YOLOv8sOBB baseline network, indicating a
significant enhancement in small target detection performance for remote sensing images.
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Table 1 The environment used in this experiment
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BERS Ubuntu 18. 04
CPU Intel (R) Xeon(R) CPUE5-2678 v3 @ 2.50 GHz
GPU NVIDIA GeForce RTX3090
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CUDA 11.1
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Table 2 Effects of different modules

mAP50 mAP50
Baseline DWR  RepGFPN SPPI
(DIOR) (HRSC2016)
vV 71. 8% 65. 8%
Vv Vv 72. 4% 75. 4%
Vv Vv Vv 73.0% 68.7%
VvV Vv VvV Vv 73.3% 75. 6%
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DIOR L& T 20 72850, 435K Airplane
Airport , Baseball field , Basketball court, Bridge , Chimney |
Dam ,Expressway service area, Expressway toll station , Golf
field , Ground track field , Harbor , Overpass ., Ship | Stadium ,
Storage tank | Tennis court , Train station , Vehicle , Windmill,
T EE R X L Bl SR A B K R S 2T R-
CNN ,Faster R-CNN ,SSD ,PANet . RICAOD . RICNN ¢4 L
BLIETE DIOR KUdi 46 1 BEAT LU AL, DRS-YOLO H14% T4
b WA L AE DIOR $dis % 1 ¥ BRI 3, mixy T
Airport . Dam PSS HIRE A Br T y X 2 A R 3k S 2 )
ROFR H AR KRR L, Bk —A BRIl
ZABbr, HITEICEL SRR SR  , 4n3% 3 s,



%121 BT ESHA LETI S5 KR MR IR EUR R AE Rk 59 .
X F e YOLOv8OBB, DRS-YOLO 7£ Airport , Baseball — ELXJE/R B IEVERE , 20 BI7E 2 45 HARKLIN & 275 55 B

field , Bridge , Expressway , Service area ., Golf field , Stadium TR E AR R L B ARSI /N R H BRI 45

Train station , Windmill 5§ 8 5 ks BEHETF T 2. 5% ~ ARG SRAFEHIT IR, E 6 frw, i
4% , HAZE 3 4 AN R R FI’J%E}I’ 1111%%4}5)?/1‘ KT AR TR ML, Eﬁ#ﬁ%f&%EﬁV‘{WTTUﬁA

g
ZES
P
S
(a) B R AR (b) MREB R (c) RYBELL B A7 (d) ﬁ%‘ﬁﬁﬁﬁ‘
(a) Dense object (b) Small scale object (c) Large aspect ratio object (d) Complex background object
Pl 6 i B0 0 2% 15 2k [0 45 1) LU A
Fig. 6 Comparison between the proposed network and the baseline network
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Table 3 Category and number of the DIOR dataset
Cl 2 C3 c4 C5 C6 c7 C8 C9 C10
Airplane Airport Baseball field Basketball court Bridge Chimney Dam Expressway service ares Expressway Toll station Golf field
Cl1 C12 C13 Cl4 C15 Cl6 Cl17 C18 C19 C20
Ground track field Harbor ~ Overpass Ship Stadium ~ Storage tank  Tennis court Train station Vehicle Wind mill
%4 DIOR &ZANFERB PR
Table 4 Accuracy of each category in the DIOR dataset within the model
Gl €2 €3 €4 C5 €6 C7 €8 (€9 CI10 CIl CI12 CI13 Cl4 CI15 Cl6 Cl17 C18 C19 C20 MAP
R-CNN!*] 35.6 43.0 53.8 62.3 15.6 53.7 33.7 50.2 33.5 50.1 49.3 39.5 30.9 9.1 60.8 18.0 54.0 36.1 9.1 16.437.7
RICNN!'®] 39.1 61.0 60.1 66.3 25.3 63.3 41.1 51.7 36.6 55.9 58.9 43.5 39.0 9.1 61.1 19.1 63.5 46.1 11.4 31.544.2
RICAOD'") 42,2 69.7 62.0 79.0 27.7 68.9 50.1 60.5 49.3 64.4 65.3 42.3 46.8 11.7 53.5 24.5 70.3 53.3 20.4 56.2 50.9
RIFD-CNN''®! 56.6 53.2 79.9 69.0 29.0 71.5 63.1 69.0 56.0 68.9 62.4 51.2 51.1 31.7 73.6 41.5 79.5 40.1 28.5 46.9 56. 1
Faster R-CNN''®) 53,6 49.3 78.8 66.2 28.0 70.9 62.3 69.0 55.2 68.0 56.9 50.2 50.1 27.7 73.0 39.8 75.2 38.6 23.6 45.4 54.1
sspl 2] 59.5 72.7 72.4 75.7 29.7 65.8 56.6 63.5 53.1 65.3 68.6 49.4 48.1 59.2 61.0 46.6 76.3 55.1 27.4 65.7 58.6
Faster R-CNN
54.1 71.4 63.3 81.0 42.6 72.5 57.5 68.7 62.1 73.1 76.5 42.8 56.0 71.8 57.0 53.5 81.2 53.0 43.1 80.9 63.1
FPN-ResNet-50
FasterR-CNN
54.0 74.5 63.3 80.7 44.8 72.5 60.0 75.6 62.3 76.0 76.8 46.4 57.2 71.8 68.3 53.8 81.1 59.5 43.1 81.265.1
FPN-ResNet-101
Mask-R-CNN'2!!
53.8 72.3 63.2 81.0 38.7 72.6 55.9 71.6 67.0 73.0 75.8 44.2 56.5 71.9 58.6 53.6 81.1 54.0 43.1 81.163.5
FPN-ResNet-50
Mask-R-CNN
53.9 76.6 63.2 80.9 40.2 72.5 60.4 76.3 62.5 76.0 75.9 46.5 57.4 71.8 68.3 53.7 81.0 62.3 43.0 81.065.2
FPN-ResNet-101
RetinaNet! !
53.7 77.0 69.0 81.3 44.1 72.3 62.5 76.2 66.0 77.7 74.2 50.7 59.6 71.2 69.3 44.8 81.3 54.2 45.1 83.4 65.7
ResNet-50
RetinaNet
53.3 77.0 69.3 85.0 44.1 73.2 62.4 78.6 62.8 78.6 76.6 49.9 59.6 71.1 68.4 45.8 81.3 55.2 44.4 85.5 66.1
ResNet-101
PANet?*!
61.9 70.4 71.0 80.4 38.9 72.5 56.6 68.4 60.0 69.0 74.6 41.6 55.8 71.7 72.9 62.3 81.2 54.6 48.2 86.7 63.8
ResNet-50
PANet
60.2 72.0 70.6 80.5 43.6 72.3 61.4 72.1 66.7 72.0 73.4 45.3 56.9 71.7 70.4 62.0 80.9 57.0 49.2 84.5 661
ResNet-101
CornerNet' ) 58.8 84.2 72.0 80.8 46.4 75.3 64.3 81.6 76.3 79.5 79.5 26.1 60.5 37.6 70.7 45.2 84.0 57.1 43.0 75.9 64.9
YOLOv8OBB  88.1 56.7 80.4 90.9 46.7 81.8 39.6 68.4 63.9 81.0 69.7 60.4 62.1 92.7 71.7 81.6 90.9 68.4 58.6 82.4 71.8
DRS-YOLO  89.5 59.8 82.9 91.9 49.2 83.7 41.1 71.6 65.5 83.5 70.4 60.1 64.0 92.4 74.0 81.4 91.0 70.9 59.1 84.973.3
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