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Abstract

The difference between remote sensing image and natural image leads to poor target detection
effect in remote sensing image. Therefore, this paper applies the attention mechanism to the fea-
ture extraction process to improve the feature extraction ability. And make the self-attention me-
chanism to fuse the extracted feature information of each level, and do the follow-up target detec-
tion based on the integrated features to improve the performance on the target multi-scale prob-
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lem. This paper verifies the feasibility of the network model on the DIOR data set, and compares
and verifies it with the current common target detection model, and achieves an average accuracy
of 67.1% for all classes. Experiments show that compared with other common target detection
models, the detection performance of this model on remote sensing images has been significantly
improved.
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Figure 1. Network structure
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Figure 2. Network structure
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Table 1. Comparison of the detection accuracy of each target detection model in each category of the DIOR data set

F* 1. SEFRENREIZE DIOR HiEEE S 25 MR NI E Xt L

SSD YOLOv3 Faster RCNN with FPN RetinaNet Ours

Airplane 59.5 72.2 54.0 53.3 80.0
Airport 72.7 29.2 745 77.0 75.1
Baseball field 724 74.0 63.3 69.3 78.1
Basketball court 75.7 78.6 80.7 85.0 85.8
Bridge 29.7 31.2 44.8 44.1 37.1
Chimney 65.8 69.7 725 73.2 78.7
Dam 56.6 26.9 60.0 62.4 57.0
Expressway service area 63.5 48.6 75.6 78.6 71.8
Expressway toll station 53.1 54.4 62.3 62.8 52.9
Golf course 65.3 311 76.0 78.6 73.4
Ground track field 68.6 61.1 76.8 76.6 78.5
Harbor 49.4 44.9 46.4 49.9 48.1
Overpass 48.1 49.7 57.2 59.6 57.0
Ship 59.2 87.4 71.8 71.1 70.8
Stadium 61.0 70.6 68.3 68.4 74.8
Storage tank 46.6 68.7 53.8 45.8 61.6
Tennis court 76.3 87.3 81.1 81.3 86.5
Train station 55.1 294 59.5 55.2 54.1
Vehicle 27.4 48.3 43.1 444 41.7
Wind mill 65.7 78.7 81.2 85.5 79.2
mAP 58.6 57.1 65.1 66.1 67.1
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Figure 3. Example of target detection of this model in the DIOR dataset
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Figure 4. Use Grad-CAM to visualize the features extracted from the model. (a) is the feature
extracted by the model in this paper, (b) is the feature extracted by ResNet-101

& 4. {#F Grad-CAM AJ#l{LiER iR ERAYEHE. () AASCHERFFIZENAU4HIE, (b)A
ResNet-101 Fri2BXAY4HE

DOI: 10.12677/csa.2021.1110257 2544 TR 5 R H


https://doi.org/10.12677/csa.2021.1110257

XA %

LR LPrik, 7 DIOR KALRE EEEE LA Sei R I BATAOB R Bt vy 138 R IER 0 H ALK 2, JF
HAE 8 NRAH LBUS 7 HIFIERIL. HRARDS B NEA AR, KEu A LB RCR A, 3K
AR A S SR AT BEAEIX EE I I H AR BB, KOE L BB, B & 12K
RAE. RS LI Bl b AR gt STt 8RR O HEHELL A -S4, BB T BLs
TSGR RO H ARSI TV 2 B IE R G BRI AR .

5. 45

FERREE 25 LRI R 2 %5, S BRI SR B R (R AR . A SOt —ME T
SERRI R0 BRI IR, SR URE RS AR, (A A BRI 0 G 0 T B bR X
ST R SRR, AT 8 P M3 LR O GEA o S PR LR A 4505 25 2 R
FEAEPRMEAT LS, EATMOAR YRR IR o i A 2 R W, AR T SO 36 00 0 F AR R,
7€ DIOR KCfiidls R AT BRI HETt

E&WE

ARG HEAE 5 R BE AT 5F B 4 T H (2020A1515011409): AR A S BV RIS RS S L=
(2020B1212060069); K R X ) 7R & 4 K &R 1 6 5 B H 7R 6 (83-Y40G33-9001-18/20) ;s “ ARk X Hit
B SR SBR[ A (2019KJ147) .

&E 3k

[1] Jiao, L., et al. (2019) A Survey of Deep Learning-Based Object Detection. IEEE Access, 7, 128837-128868.
https://doi.org/10.1109/ACCESS.2019.2939201

[2] Ren, S, He, K., Girshick, R. and Sun, J. (2017) Faster R-CNN: Towards Real-Time Object Detection with Region
Proposal Networks. IEEE Transactions on Pattern Analysis and Machine Intelligence, 39, 1137-1149.
https://doi.org/10.1109/TPAMI.2016.2577031

[3] Redmon, J. and Farhadi, A. (2018) YOLOV3: An Incremental Improvement. arXiv:1804.02767 [cs.CV]

[4] Liu, W., Anguelov, D., Erhan, D, et al. (2016) SSD: Single Shot MultiBox Detector. arXiv:1512.02325 [cs.CV]
https://doi.org/10.1007/978-3-319-46448-0_2

[5] Fatima, S.A., Kumar, A., Pratap, A., et al. (2020) Object Recognition and Detection in Remote Sensing Images: A
Comparative Study. 2020 International Conference on Artificial Intelligence and Signal Processing (AISP), Amaravati,
10-12 January 2020, 1-5. https://doi.org/10.1109/AISP48273.2020.9073614

[6] Simonyan, K. and Zisserman, A. (2014) Very Deep Convolutional Networks for Large-Scale Image Recognition.
arXiv:1409.1556 [cs.CV]

[71 He, K., Zhang, X., Ren, S., et al. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

[8] Woo, S., Park, J., Lee, J.Y., et al. (2018) CBAM: Convolutional Block Attention Module. European Conference on
Computer Vision, Munich, 8-14 September 2018, 3-19. https://doi.org/10.1007/978-3-030-01234-2_1

[9] Jie, H., Li, S, Gang, S., et al. (2017) Squeeze-and-Excitation Networks. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 42, 2011-2023. https://doi.org/10.1109/TPAMI.2019.2913372

[10] Lin, T.Y., Dollar, P., Girshick, R., et al. (2017) Feature Pyramid Networks for Object Detection. 2017 IEEE Confe-
rence on Computer Vision and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017, 2117-2125.
https://doi.org/10.1109/CVPR.2017.106

[11] Oksuz, K., Cam, B.C., Kalkan, S., et al. (2020) Imbalance Problems in Object Detection: A Review. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 43, 3388-3415. https://doi.org/10.1109/TPAMI.2020.2981890

[12] Wang, X., Girshick, R., Gupta, A., et al. (2017) Non-Local Neural Networks. arXiv:1711.07971 [cs.CV]
https://doi.org/10.1109/CVPR.2018.00813

[13] Li, K, Wan, G., Cheng, G., et al. (2019) Object Detection in Optical Remote Sensing Images: A Survey and A New
Benchmark. arXiv:1909.00133 [cs.CV] https://doi.org/10.1016/j.isprsjprs.2019.11.023

DOI: 10.12677/csa.2021.1110257 2545 LR 5 5


https://doi.org/10.12677/csa.2021.1110257
https://doi.org/10.1109/ACCESS.2019.2939201
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1109/AISP48273.2020.9073614
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1109/TPAMI.2019.2913372
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1109/TPAMI.2020.2981890
https://doi.org/10.1109/CVPR.2018.00813
https://doi.org/10.1016/j.isprsjprs.2019.11.023

	一种用于遥感图像目标检测的特征融合检测模型
	摘  要
	关键词
	A Feature Fusion Detection Model for Object Detection in Remote Sensing Images
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	3. 本文方法
	3.1. 基于注意力机制改进的特征提取
	3.2. 基于特征融合改进的特征金字塔

	4. 实验与分析
	4.1. 数据集
	4.2. 评估标准
	4.3. 实验结果

	5. 结语
	基金项目
	参考文献

