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Table 1 Comparison of average accuracy of different

models and methods on the fine—grained object detection

competition dataset
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Table 2 Comparison of average accuracy of different
models and methods on the FAIR1M dataset
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Table 3 The influence of filtering threshold o on the

accuracy of the model on the fine—grained object

detection competition dataset

it U 5 FERUAE 1 mAP(50)/%
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Table 4 The influence of margin threshold A on the

accuracy of the model on the fine—grained object

detection competition dataset

HHBEIEA BRLREE mAP(50)/%
0.11 73.6
0.12 747
0.13 74.4
0.15 73.8
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Table 5 The influence of Margin threshold A on the
accuracy of the model on the FAIR1IM dataset

P A FEEDRS B mAP(50)/%
0.09 41.1
0.10 413
0.11 411
0.12 40.7
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Table6 Experimental results of different methods on the fine—grained object detection competition dataset

BTy ML BRRGHEE S mAP(50)/%  HEBEEEE(FPS)
HELL AR A LSKNet-t 1024 58.4 36.3
FELR AR+ W5k LSKNet-t 1024 72.4 36.3
BB+ XU+ bR A 1 0 LSKNet—t 1024 73.7 36.3
FELRATI + X532 Sk +HEIRARZE 1 U8+ Margin 38 SR 5 2% LSKNet—t 1024 74.7 36.3
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AR SCOTVEAE 8 BB A b il ARG I &5
np 6 i, Pl RS Fr) AN [ 20 (AR AN [ 79286
o AT ILASSCHR I T ik RE AR E I B T BURG JE

TE5E PR IR R R, X FE I A S
T AR . oI R BN AL AL 2 A
A AR, AR S5 vR A RE S B B R o

K6 ASOrETERs i B ARSI e SR 8ca 4 _b AT DA A I 45

Fig.6 Sample object detection results of our method on the fine—grained object detection competition dataset
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Table 7 Experimental results of different methods on the FAIR1M dataset

AL (e KR R g% mAP(50)/% B E (FPS)
S?Anet(Han %,2021b) ResNet50 1024 29.8 21.1
R*Det(Yang 45,2019) ResNet50 1024 16.2 23.6

ROI Transformer(Ding % ,2018) ResNet50 1024 332 23.6
Gliding Vertex (Xu%,2021) ResNet50 1024 30.4 26.7
ReDet(Han %% ,2021a) Re—ResNet50 1024 34.8 8.8
Oriented RCNN(Xie %%,2021) ResNet50 1024 36.1 25.8
STD(Yu%,2024) LSKNet-s 800 417 22
LSKNet(Li %5,2023) LSKNet-s 1024 40.6 29.1
AKIT5 LSKNet-s 1024 41.3 29.1
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Fig. 7 Detection results of this method on the competition dataset
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A fine—grained obect detection method for remote sensing images based on
dual classification head
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Abstract: With the availability of remote sensing images improved, fine-grained object detection in remote sensing images has become an
important research topic in the field of remote sensing and computer vision, and a large number of remote sensing image object detection
datasets have been published. However, the current fine-grained object detection method cannot effectively use these publicized datasets,
although they have similar image scenes and similar categories with the fine-grained object detection datasets, which will greatly affect the
accuracy of the detectors. To solve the problem of insufficient utilization of similar data, incorrect labels affecting model accuracy, and
difficulty in distinguishing similar categories, a fine-grained object detection method based on a dual classification head is proposed in this
paper. Firstly, to solve the problem of similar data not being able to be used effectively in fine-grained object detection in remote sensing
images, a dual classified detection head is proposed in this paper. This head uses different classified branches to train different datasets and
allow similar data with varying definitions of category to participate in the training, which can effectively use similar data and significantly
improve the accuracy of the model. Secondly, to solve the problem of noise labels in training data in fine-grained object detection, an error
label filtering module based on prediction is proposed to reduce the impact of error labels. The category and confidence score of the object
were obtained by an additional SoftMax operation in training. If the predicted category is different from the ground truth label and the
confidence score is higher than a certain threshold, the label is considered to be incorrect. Finally, to solve the problem of large intra-class
distance and small inter-class distance in fine-grained object detection in high-resolution remote sensing images, a margin cross-entropy loss
function is designed to increase the classification boundary. The detection accuracy was improved by increasing the classification boundary
of different categories. The Margin cross-entropy loss function calculates the loss by artificially subtracting the constant term from the
network-predicted value of the positive sample and the detection accuracy was improved by increasing the classification boundary of
different categories. Experiments on remote sensing fine-grained object detection datasets and FAIRIM datasets show that the proposed
method improves the accuracy and robustness of fine-grained object detectors significantly in remote sensing images. The code is open
source athttps://github.com/zf020114/DCH.

Key words: remote sensing, deep learning, fine-grained object detection, rotated object detection, dual classification heads, error label
filtering module, Margin cross-entropy loss

Supported by National Natural Science Foundation of China (No. 62207030); Hunan Provincial Department of Education Key Scientific

Research Project (No. 22A0640)



