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Fig. 1 The flow chart of the proposed object detection method

for remote sensing images
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Fig. 3 The flow chart of the attention mechanism
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KL 0.813 0.782 0.772 0.759
Wl 0.600 0.795 0.820 0.840
EER 0.792 0.750 0.764 0.797
ki 0.894 0.891 0.887 0.902
Pt 0.413 0.407 0.418 0.414
S 14 0.741 0.777 0.776 0.798
Pl 0.421 0.475 0.515 0.563
ik 55 IX. 0.697 0.750 0.769 0.788
Wi B v 0.732 0.689 0.689 0.704
FRRERY) 0.651 0.757 0.791 0.805
M2 0.692 0.763 0.768 0.771
A 0.365 0.397 0.392 0.409
SLEHF 0.485 0.548 0.555 0.548
Afn 0.756 0.733 0.735 0.736
wEY 0.715 0.724 0.754 0.797
it 0.729 0.637 0.638 0.653
I 1k 17 0.909 0.895 0.889 0.891
KA 0.440 0.519 0.521 0.553
KR 0.568 0.478 0.487 0.505
R4 0.852 0.782 0.820 0.830
mAP 0.663 0.677 0.688 0.703

AR TR P A
R 3 R[EIREE AR o A 5 A A

Table 3 Comparison of detection speed under different

improvements
K 7 vk
ZHL
CN-H CN-R CN-RL  CN-RLA
EFERT /s 1477 410 457 471
AR KAER/ms 125.8 34.9 38.9 40.1
(R Uz g 7.95 28.63 25.68 24.92
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Fig. 6 The detection results of the proposed method on partial images
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Table 4 Comparison of detection accuracy under

different methods

[RIUIRES FPN

KL 0.607 0.661 0.611 0.669 0.759

RetinaNet FCOS  FoveaBox CN-RLA

[k} 0.770  0.784 0.826  0.796 0.840
Fepkls 0.749 0.744 0.766 0.767 0.797

ek 0.879 0.878 0.876 0.876 0.902

Wi 0.464 0.372 0.428 0.427 0.414
S0 21 0.802 0.802 0.806 0.798 0.798
Kin 0.600 0.631 0.641 0.606 0.563

iz 551X 0.767 0.767 0.791 0.811 0.788
W Bl 0.706 0.588 0.672 0.664 0.704
FURRERY 0773 0799  0.820  0.745 0.805
M2 0832 0764  0.796  0.803 0.771
| 0460 0366 0464  0.500 0.409

S HF 0.600  0.566 0.578 0.576 0.548
AR 0.751 0.687 0.721 0.731 0.736
E 0.674  0.690  0.648  0.715 0.797
fitt e 0.611 0.431 0.634  0.600 0.653
Bk 7 0.873 0.857 0.852 0.869 0.891

P& 0.588 0.584 0.628 0.545 0.553

KR 0.450 0.407 0.438 0.427 0.505
L 0.879 0.851 0.875 0.883 0.830
mAP 0.692 0.661 0.694 0.690 0.703
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Table 5 Comparison of detection speed under

different methods
R 7k
FPN RetinaNet FCOS FoveaBox CN-RLA
FLHERT /s 685 658 604 714 471
X4 AER/ms 584 56.1 51.5 60.8 40.1
BEMERWIEC 1714 17.84 1943 16.44 24.92
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Abstract: Nowadays, object detection methods based on deep learning are widely used in the interpretation of remote sensing images. The
anchor-based methods usually need to design the anchor boxes first, which requires more detection steps and time cost. This study proposed
an object detection method of remote sensing images based on the improved CenterNet. The method can simplify the object detection
process and improve efficiency.

The CenterNet uses a fully convolutional network to directly predict the heat map of the center points, widths, and heights of the
corresponding objects, and the position offsets of the center points. The heat maps are used to generate the rough positions of the objects,
and the offsets can fine-tune the positions to make them more accurate. The widths and heights further constitute the shape of the object
boxes. The different heat maps decide the object categories. On the basis of CenterNet, the proposed method first adopts the ResNet with
transposed convolution as the backbone network. The transposed convolution can expand the output feature maps, and ResNet can reduce
the number of parameters in the backbone network compared with the Hourglass network. Second, the proposed method defines the length
of Gaussian kernel under three limit conditions between the predicted and real boxes in CenterNet. The Gaussian kernel is applied to
generate the heat map label, which is used for network training. Finally, the multi-head attention mechanism is introduced into the backbone
network to learn the importance of each element in the feature maps. The weights assigned to the elements reflect their effectiveness, which
makes the effective features concentrate in the regions of the object key points as much as possible.

The experiments use mean Average Precision (mAP) to evaluate the object detection results on the multiple categories. All the
experiments are conducted at the DIOR dataset. The results show that the CenterNet using the ResNet with transposed convolution is 1.4%
higher than that using the Hourglass. The proposed calculation of the length of the Gaussian kernel can increase the mAP by 1.1%. The
addition of attention mechanism can further improve the mAP by 1.5%. At the same time, the proposed method reduces the time cost by
31.9% compared with the conventional method. The experimental results show that the proposed method can improve detection accuracy
without sacrificing the detection speed. The ablation experiments of different parts also show that the ResNet with transposed convolution,
the designed calculation method of the length of the Gaussian kernel, and the attention mechanism can effectively improve the mAP. The
comparison with other methods also proves that the proposed method is practical.

Key words: remote sensing image, object detection, deep learning, CenterNet, attention mechanism
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