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Abstract: Objectives: Object detection in remote sensing images is widely used, but the cost of training set
labeling 1s high and the image acquisition is limited by weather conditions and policies. However, synthetic
data generated by computer rendering is fast and low—cost. Therefore, this paper proposes an object detec-
tion method in remote sensing images by utilizing synthetic data. Methods: First, a synthetic data collec-
tion system is developed based on Grand Theft Auto V (GTAS) to automatically obtain images and their an-
notations. And we construct a large—scale synthetic dataset named GTA5-Vehicle, which includes 29 657
instances of vehicles for object detection in remote sensing images. Then, the synthetic image style istrans-
ferred to real image style by constructing a cycle—consistent adversarial network while preserving their con-
tent. Finally, the effectiveness of the proposed method is evaluated on real datasets, including UCAS-
AOD and NWPU VHR-10. To validate the generalization capability of the proposed method, both faster
region-based convolutional neural network (Faster R-CNN) and YOLOv8 models are utilized in the object
detection experiments. Results: The results demonstrate that style transfer can reduce the domain dis-
crepancy between synthetic and real data, and yield an enhancement in detection accuracy by utilizing the
transferred synthetic dataset for pre—training. Specifically, in the absence of real annotated data, the applica-
tion of style transfer to the Faster R-CNN model yields an average precision improvement of 8.7% across
both real datasets. By training the YOLOvV8 model on transferred synthetic dataset, it also produces re-

markable average precision scores, reaching 80.9% and 66.5% on the respective datasets with intersection

EEWE : E P H A EE 4 (42230108)
E—EER B rEy, WL, TSR R R H AR A I A T TR A Y o luoshiqi@whu.edu.cn
BAEIEE XA P BIAFSE 5L . liujunand@whu.edu.cn



2570 R UK AR (R D

202512 A

over union set to 0.5. Moreover, when a limited amount of real annotated data is available, utilizing the

transferred simulated sample set for pre—training can enhance the detection accuracy, resulting in the

highest average precision improvements of 27.9% and 18.5% for Faster R-CNN and YOLOVS, respective-

ly. Conclusions: The proposed method not only reduces the cost associated with constructing the training

set for object detection in remote sensing images, but also offers a valuable solution for settings with limited
real annotated data. The synthetic data and code are available at:https://1sq210.github.io/GTAVDataCol-

lection/.
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Fig.1 Synthetic Remote Sensing Images in

Different Scenes
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Table 1 Comparison of Vehicle Detection Datasets in Remote Sensing Images
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Fig. 6 Results of Synthetic Images Transferred

to Real Images
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Table 2 Experiment Results Without Real Data Annotations/ %
. N Faster R-CNN YOLOv8
HIRENS VRS — e
AP AP AR AP AP AR
GTAS5-Vehicle 17.8 49.0 25.9 29.2 76.0 69.2
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NWPU VHR-10
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RS 8.7 17.0 9.8 2.5 3.6 3.8
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Table 3 Experiment Results of UCAS-AOD and NWPU VHR-10 Test Datasets with Real Data Annotations/ %
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MK 4R HIhRVE R R A TR = =
AP AP AR AP AP AR
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Fig. 7 Object Detection Results on
UCAS-AOD Test Dataset

(a) DL T RELECHE 1%

(c) Yyt =
K8 A SOOI TR AN D bk B SR T IR Y F A G ) 45 2R
Fig. 8 Object Detection Results on Synthetic Data and
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