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Abstract

To address the problems of complex image background, small number of object pixels and large
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variation of object scale in remote sensing image object detection, we propose a remote sensing
image object detection method based on multi-scale feature enhancement. First, the HRNet network
with high-resolution output is used to replace ResNet to strengthen the backbone network to obtain
the location of remote sensing objects; second, the attention mechanism is introduced into HRNet
to suppress the interference of complex background noise; finally, the multi-scale feature-enhanced
pyramid network is designed to further enhance the multi-scale information representation of the
pyramid network. The results of the experiment show that compared with the Cascade R-CNN ob-
ject detection method, the mean accuracy of the proposed method is improved by 5.32%, and the
proposed method also shows better detection performance in comparison with the classical object
detection method.
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Figure 1. Overall network structure
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Figure 2. Add CBAM to the bottleneck block
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Figure 3. Multi-scale feature-enhanced pyramid network (MSFE-FPN)
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Figure 4. Feature information enhancement structure
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Table 1. Experimental data set

1. LEBIEE

Object Training Validation Test
airplane 344 169 168
ship 390 191 191
storage tank 649 326 327
chimney 202 102 102
windmill 404 201 202
Total 1989 989 990

{55 P Y2 K 5 (Average Precision, AP)FII{EF-Y2HE 5 (mean Average Precision, mAP){E NiFAT FEAR
AP JEFEIAZ - 74812 (Precision-Recall) Hi £ N M HIAR, mAP 524 H AR HIF- B R ME . BN
B0 o4 5 W DAL A [m] 2088 K [ I CREFF BRI RS % . AP Al mAP (A 20 LR .

AP = [ P(R)dR 3)
map - 2= AP (4)
N

3.2. xtEEscng

VARSI 5 1 2 B H BRI 5 253 AT LU SR , BT LU 48 3 H ARSI 77V 4 4% YOLOVS,
Faster R-CNN [13]. RetinaNet [14]. 1 PANet [9]. f#1F AP 1 mAP Fab5xt & H Fnaill 4 2% (1) H A ar il 4
REREATVRAL, RRINSE Ransk 2 fom. WRAFFTLEH, A7k BA RIFH) mAP, I HAE L. fEHEA
HHE =205 B IR KL #H; 5 RetinaNet. Faster R-CNN £l PANet #HEL, mAP 23425 7 18.96%-
18.16%F1 13.82%.

Table 2. Comparative experimental results

2. JHEESDIEEER

AP/%
Method mAP/%
airplane ship storage tank chimney windmill

YOLOVS5 72.2 87.4 68.7 69.7 78.7 75.34
Faster R-CNN 54.1 71.8 53.8 72.5 81.2 66.68
RetinaNet 53.7 71.2 45.8 73.2 85.5 65.88
PANet 61.9 71.7 62.3 72.5 86.7 71.02
Proposed 91.1 80.5 83.8 89.7 79.1 84.84
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Figure 5. Comparison of object detection results in remote sensing images. (a) Use YOLOVS5; (b) Use our method

& 5. EREGERFEMZERIIL. (a) A YOLOVS; (b) AR
3.3. jHRASELE

AT R E OGNS 4y NN CBAM ) HRNet /E 83 F M %% ; {§ /] MSFE-FPN W
KL R . N TUEWEX A A R, AT I RS IR it 18 . 6 L2 R Dy f AT HRNet /109
T L&) Cascade R-CNN %%, i AP FIl mAP 1ENPFINHEIR, B3 seie st R 3 fios.

Table 3. Ablation experiment results
# 3. ERSRER

AP/%
Model mAP/%
airplane ship storage tank chimney windmill
Cascade R-CNN 90.1 79.5 80.6 85.7 75.2 82.22
HRNet + CBAM 91.1 79.8 82.9 89.8 79.0 84.52
HRNet + MSFE-FPN 91.9 80.7 83.7 89.7 77.0 84.60
Proposed 91.1 80.5 83.8 89.7 79.1 84.84

M3 TR H, 51N CBAM J&, #2058 H s 5K A 37, mAP 2 T 2.30 M
4 i fHF MSFE-FPN J&, BRRIRHB&EHIA BT FRESL, HARBHIFIIRE A IRTE, mAP H327+
T 238 NE . N TIEWIEEAREE A M, % CBAM 55 MSFE-FPN [A]H 5] N\ 3 /4 28 o gE AT 5256
TEPRAN SR L R R, AR o SCOe A RS FE A BT N B r R R % 283138 T 3.9 AN E 43 2L, mAP
e 1 2.62 NMES A HIEET L, CBAM —@f2AE ErlLLiR%N MSFE-FPN AN E, XA EHE &
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J7VEFEBA R B B AR X3, 1A S VETE B AR X IR IE R R AE R 8 o

Figure 6. Comparison of feature heat maps. (a) Input images; (b) Feature heat maps of the Cascade R-CNN; (c) Feature heat
maps of our method
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ZERWE 7(FR. ERBREE 7o)X Rl DA W, A SO DL A O o 2R N B bR, IF
HEBAEEHAE 80%LA L.
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Figure 7. Remote sensing small object (<30 x 30 Px) detection results. (a) Image to be tested; (b) Original labeling images;
(¢) Our method detection results
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