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Remote Sensing Images Detection Based on Dense Connection and
Feature Enhancement

WANG Daolei, DU Wenbin, LIU Yiteng, ZHANG Tianyu, SUN Jiajun, LI Mingshan
(College of Energy and Mechanical Engineering , ShanghaisUniversity of Electric Power, Shanghai 200090, China)

[ Abstract] With the rapid development of remote sensing technology, remote sensing image detection is being widely
used in military, agriculture, transportation, urban planning, and other fields. With the continuous improvements of the
remote sensing resolution and data volume, a manual datadprocessing method has been unable to meet the real-time
requirements. Therefore, the realization of an efficient and accurate automatic data processing approach has become a
research hotspot in this field. Aiming at the ‘¢characteristics of a high resolution, complex background, and small target
scale of a remote sensing image, this papetiproposes an improved YOLOvV3 algorithm to improve the detection effect of
such an image.Based on the original YOLOvV3 algorithm, the improved dense connection network replaces the original
DarkNet53 as the basic network, thetebytimproving the scale diversity of network input and prediction results.This study
reduces the input loss through the'valve stem module, and adds a feature enhancement module to the shallow feature
map, thereby enriching thenteceptive field of the feature map and strengthening the extraction of the shallow feature
information of the network ; while ensuring the overall detection performance, this study improves the detection accuracy
and robustness of the network for medium and small targets in remote sensing images.This study also carried out several
groups of comparative experiments on remote sensing image datasets. The results show that, compared with the original
YOLOV3 algorithm, the average accuracy of the algorithm is improved by 9.45 percentage points, and the detection
accuracy of small-scale targets is increased even more significantly, reaching 11.03 percentage points.In addition, the
number of model parameters is effectively reduced.
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Table 1 Results of comparative experiment

Bk FT W4 HWAKNEE mAP/% mAP"/% mAP™edHm /0 mAPR /% SRR 10°
YOLOV3 DarkNet53 416x416 65.11 81.42 57.49 64.69 235.0
SSD VGG16 300%300 55.99 83.36 45.01 56.25 95.8
EfficientDet EfficientNet-B0O 512x512 70.19 81.94 62.34 66.09 16.0
CenterNet ResNet50 512x512 69.15 87.13 46043 73.89 125.0
YOLOV4 CSPDarkNet53 416x416 71.39 87.62 58.60 67.95 245.0
Faster R-CNN ResNet50 600x600 66.37 75.37 56126 67.48 108.0
AR M i DenseNet121 448x448 74.56 8693 61.10 75.72 229.0

8 FIT 7 Sy 2 Fh B3k ARG T 285 SR X6 EE L 28 147 R R

5 YOLOV3 53 ARG I &5 51 L 58 2 47 A SOk 1 4G
MEER . 515 208 ol S5 0, R LAY
IS o, W T LUE H JR AR YOLOV3 59k 78 X
Fh A 22 SR A FAAETRS IS, 564 B batn

ARHE

8 2FMERHE MR

s HIB B AN E B S R, R F RS A R A
/b, J50E Y OLOv3 B3 To vk A 200K Y F AR 42400, i AR 3¢
STRAE = T AR RN R ATE A B ORISR 5 5
550 E57T 51 R AR AR IR S R, AT AR A 2
WAy F bn BE B BT I, J5L G YOLOV3 5%k 2 th B I 16
(CEIRERIE i

Fig.8 Comparison of detection effects of two algorithms
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Table 2 Experimental results of backbone

network ablation %

T mAP mAP™ mAPpTedin mAP™!
YOLOv3 65.11 81.42 57.49 64.69
X HL AR AR 1 65.58 72.18 50.63 74.90
XA 2 71.87 83.27 59.70 75.68
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Table 3 Experimental results of feature enhancement

module and feature pyramid ablation

Al FEAIE 3 O AR mAP/%
YOLOV3 65.11
Xt H AR 1 N 69.47
Xt HE AR 2 N 67.14
X AR 3 N N 70.12
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