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Abstract A multiscale object detection algorithm for satellite remote-sensing images is proposed to solve the problems of
background confusion, low precision of small object detection, and high miss rate in multiscale object detection. The
channel and spatial attention module is used in the backbone network, and the feature fusion network is redesigned to
realize the multiple fusion of up-down-up sampling. The channel weight parameter is added to enable the network to pay
more attention to critical channels, fully utilize different feature information levels, and enhance the detailed feature
information. In a DIOR dataset, not only the detection effect of small objects but also the detection accuracy of objects in
complex scenes is improved. Compared with that using YOLOv5m, the detection effect of some small or complex objects
is improved significantly, the accuracy is improved by more than 4.5 percentage points, and the overall accuracy is
improved by 3. 1 percentage points.
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Fig. 10 Airplane and wind mill object detection. (a) (b) YOLOv5m airplane; (¢) (d) YOLOv5m wind mill; (e) (f) YOLOv5m-WMFPN
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Fig. 11 Vehicle and ship object detection. (a) (b) YOLOv5m vehicle; (¢) (d) YOLOv5m ship; (e) (f) YOLOv5m-WMFPN vehicle;
(g) (h) YOLOv5m-WMFPN ship
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MFPN 25 ¥4 22 1 3 il 18 A J5 , 76 R AE fl A B ] L
B0 G VB T B 20 G R AR, mAP 3R AR B4R T .
Y (1 P B8 I AN Bl 2 A5 B ) 15 2R R T TR iR

e HE YOLOvVSm By 35 1 W 4% 14 AIF Bl 2 10 4% 10 oo 72
rp AR AR (1) G I RE gt Bl 2 1 A R T
3.4 YOLOvV5-WMFPN 5 &k Maexttl

R T 0 B E T R A B RO e S A =
WA PEREUEAT LB, 45 R ANFE 4 TR .

AT LR B3 e REXT L AT LLE Y - SSD By N
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Table 3 Ablation experiment results

Experiment MFPN WMFPN CBAM mAP /% Detection speed /(frame-s ')
1 70.5 113.6
2 N 71.2 109. 4
3 N/ 71.5 107.3
4 NG NG 73.3 106. 1
5 NG NG NG 73.6 102.0

F4 KHEBEVERE L

Table 4 Performance comparison of each algorithm

Algorithm Backbone Neck mAP /%
Faster RCNN VGG16 57.6
Faster RCNN-FPN ResNet50 FPN 67.4
SSD VGG16 54.3
Yolov3 Darknet53 FPN 64.2
Yolov3-SPP Darknet53 FPN 67.5
Efficientdet-d2 Efficientnet BiFPN 55..95
Efficientdet-d4 Efficientnet BiFPN 63.9
YOLOv5s C3CSsp FPN+PAN  67.2
YOLOv5m C3CSsp FPN+PAN  70.5

YOLOvom-WMFPN C3CSP-CBAM ~ WMEFPN 73.6

RCNN AHE T IH R PERE 42 F+ 9. 8 43 o5, 15 25 T 4F
Ik & P R S5 A SE a0 22 RUBE B bk T ol 2 A Az 0 2k 2
PEFR K YOLOV3AE Il i AT 12 1) YOLO & 4]
B R AR TR — M, HE SPP W2 S T K Tk
Z W, YOLOV3 [y £ 0 3% SR A T 5 K3
Efficientdet 5 1% 2 308 H AR 347 9 53, L d4 A
b d2 3 T 22 f RS B AR R 4 R L RS T
U B RO (H R R R R BEAR s YOLOVS B ik 7
YOLOv3 i 3 filh I ff H 7 K5 fii 19 backbone, f# H
FPN+PAN M RFE fil -G 9 45 2548, I 26 DI R %t &
PEAT Mosaic B 38 5, A5 8K /N R YOLOvV3 U4 2
— % YOLOV5s 5t AE ik 25 YOLOv3-SPP A 5] 19 46 il
A5CHR 5 T I 4% TR R R ARE B B A L R Y OLOv5s g i
2 YOLOvSm 2 4 #2& TH AR B 2 5 T $2 YOLOv5-
WMFPN 595 %0 B 78 45 5 b 09 Bk op e, O /N E
B 4G v 45 T B R mAP IR E] T 73. 6%,

T T

Ry i e T AL G SRR EIR Y B AR A I b AR i/ el
BRSO TR AN Y IR, 2 YOLOVS-
WMFPN & % , 7£ backbone H i F 18 18 v & /) 5 25 [H]
TR IR CBAM, #2551 X REAE 45 By & 0k o 42
HUIY feature map 83 [ SR AE - SR AE - SR AR S5 40 (Y FF
(150 S N 7 S RS 1 P SN s 2 O SR
feature map & 7 {00 B {5 &, Tl 38 38 gl A AR, (38
TH Tl A B L X £ G T BN R A A, SE A R 2 IR

FRIEAR B 38 40 AR L A6 R o it 55 & 0% [R) B A
BE KR 2 5 o SER a5 R B Bk ] DU s8R T X
TR R A R 22 RO R ORG24/ B bR A
2% H bR Kz 5 R4 T B, 5 YOLOvVSm # He , 75
DIOR##g %  mAPRTF 3. 14 H 45,18 73.6% -

Z % x M
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