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Abstract: Objective The continuous evolution of computer simulation technology has made synthetic data an effective
solution for data-scarce domains. However, in military target detection—where battlefield samples are exceptionally sparse
—the cross-domain generalization of models trained on synthetic data remains empirically unverified. This research aims to
explore the mechanisms underlying the cross-domain generalization of synthetic data, with a particular emphasis on tank
target detection from unmanned aerial vehicle (UAV) perspectives. A key contribution of this study is the development of
the synthetic tank (ST) 1.0 dataset, which comprises three distinct subsets (ST1, ST2, and ST3), each containing 1 600
images. These subsets are differentiated by their data sources and exhibit varying levels of simulation precision and sce-
nario realism. This tiered design enables the deconstruction of the “domain gap” to quantify the effect of different types of
synthetic data on model generalization. Ultimately, this research seeks to provide quantitative and qualitative insights into
how synthetic data can be leveraged to train object detectors for practical deployment in modern weapon systems. Method

To rigorously evaluate the cross-domain generalization of models trained on synthetic data, this study proposes a multilay-
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ered validation framework and a structured experimental design. The three-level validation framework systematically
assesses performance across domains: 1) synthetic domain: models are tested on reserved synthetic subsets (e. g. , models
trained on ST1 are evaluated on the ST1 test set) , establishing a performance benchmark in a controlled “ideal” setting to
quantify basic synthetic-domain capabilities. 2) Real domain: performance is evaluated using public real-world military
tank datasets comprising 41 images, with 11 sourced from ImageNet and 30 from Open Images V7. This step quantifies the
initial synthetic-to-real domain discrepancy, elucidating the challenges in transitioning from controlled synthetic environ-
ments to real-world scenarios. 3) Combat domain: models are evaluated on a proprietary dataset consisting of UAV-
acquired imagery collected from combat areas. This dataset contains 1 000 images depicting complex combat scenarios and
is designed to serve as a rigorous benchmark for assessing model generalization and battlefield adaptability. To mitigate
architecture-specific biases, we evaluate three representative heterogeneous object detectors: cascade R-CNN is a two-
stage anchor-based model that enhances proposal accuracy through cascaded regression and classification. YOLOv10 is a
single-stage detector optimized for latency-sensitive applications while maintaining competitive precision. RT-DETR is a
real-time Transformer-based architecture that leverages global self-attention to model long-range dependencies. Further-
more, we incorporate a contemporary state-of-the-art detector, YOLOv12, as an additional performance benchmark. The
experimental design is structured around three research inquiries: 1) synthetic domain discrepancy: this inquiry analyzes
how model performance varies when trained on ST1, ST2, or ST3 and evaluated using the three-level validation framework,
directly assessing the influence of different synthetic domains on generalization. 2) Mixed synthetic strategies: this aspect
investigates the effects of training on mixed datasets, aiming to determine whether combining samples from multiple syn-
thetic domains can enhance model robustness and generalization capabilities. 3) Data augmentation efficacy: this inquiry
examines the effectiveness of using data from one synthetic domain to augment training on another. This approach systemati-
cally assesses whether cross-domain data augmentation can further improve generalization and mitigate domain-specific
biases. Result Experimental investigations provided insights into the intricate relationship between synthetic data and real-
world model performance. First, across all evaluated architectures, model performance—as measured by average preci-
sion —declined significantly when moving from controlled synthetic environments to real-world scenarios and further to the
highly unpredictable combat domain. This trend clearly highlights the pronounced effect of the domain gap. Second,
among the three detectors, RT-DETR consistently exhibited greater cross-domain robustness, with performance degrading
more gradually in real-world and combat domains in comparison with the other detectors. Third, the generalization capabil-
ity of models can be substantially enhanced through the incorporation of high-quality synthetic data. Such data are charac-
terized by three critical attributes: photorealistic fidelity, adaptability to target-domain attributes, and close alignment with
the feature distribution of real-world data. These qualities collectively ensure that synthetic data not only visually resemble
real data but also effectively capture the underlying characteristics and variability of the target domain, thereby facilitating
improved model robustness and transferability across diverse operational scenarios. Fourth, model performance can be fur-
ther improved by incorporating high-quality synthetic data through data mixing or augmentation strategies. These methods
effectively reduce overfitting on dataset-specific characteristics by introducing data distributions that closely mirror those of
the target domain. Conclusion Research has demonstrated that synthetic data can partially alleviate the scarcity of real-
world data in the military domain, providing critical support for the practical deployment of weapon systems. However, syn-
thetic data continue to exhibit inherent limitations in cross-domain generalization. Future research should prioritize the col-
laborative construction of multisource heterogeneous datasets and the deep integration of domain generalization techniques
while broadening the research scope to encompass a wider array of military target categories and model architectures. Fur-
thermore, investigating the security boundaries of intelligent data fusion in decision-making processes is essential to estab-
lish more scientific and reliable methodologies for constructing military object detection datasets.
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tion; operational application
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Table 4 AP test results for experiment 2
1%

%ﬁﬁ Ebﬁﬁ\i}"\l“%i% APSPIf APPLM APRU4I APKLlOOU
Cascade R-CNN 62.40 17.40 5.00 5.70
YOLOvIO  69.50 19.80 12.20 11.30

Mix (ST1 + ST2)
RT-DETR  68.40 40.40 34.10 25.60
YOLOvI2  74.00 21.00 14.70 23.60
Cascade R-CNN 72.10 43.20 24.30 19.00
YOLOvIO  78.90 40.70 32.40 21.70

Mix (ST1 + ST3)
RT-DETR  54.90 50.80 37.50 32.40
YOLOvI2  81.60 53.20 32.80 26.20
Cascade R-CNN 68.00 38.90 32.50 25.40
YOLOvIO  71.10 45.60 32.50 26.70

Mix (ST2+ ST3)
RT-DETR  73.60 51.10 43.50 39.00
YOLOvI2  60.90 54.90 40.90 29.30
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Table 6 AP test results for experiment 3

/%

M ER TS LR APS ApPTU AR APRUI000
Cascade R-CNN 66.70 19.80 8.00 7.70
YOLOv10 72.70 19.50 15.60 14.90
Aug (ST1 + ST2)
RT-DETR 61.60 43.30 39.70 28.50
YOLOv12 76.90 22.20 36.20 28.50
Cascade R-CNN 69.50 42.00 22.20 18.50
YOLOvIO 77.30 43.00 28.70 18.60
Aug (ST1 + ST3)
RT-DETR 76.00 54.50 44.90 37.60
YOLOvI2 80.40 55.80 34.30 26.40
Cascade R-CNN 67.80 38.20 25.30 19.60
YOLOv10 72.10 46.60 30.50 28.90
Aug (ST2 + ST3)
RT-DETR 71.90 53.90 49.40 39.00
YOLOvI2 76.90 57.20 31.70 33.00
Cascade R-CNN 67.20 37.70 19.90 17.00
YOLOvIO 74.20 48.10 39.50 29.30
Aug(ST1 + ST2 + ST3)
RT-DETR 71.60 53.30 50.50 42.30
YOLOv12 78.40 53.50 36.30 34.30
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Table 7 Comparison of augmented data results
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Table 8 Basic attributes of different datasets

IR S SIS SEINRNIEES FARFE RS R 3R SN ALIE i PR 2 S
ST1 1280 x 1024 55 % 40 11394 7.12
ST2 1436 %1077 84 x 73 3 664 2.29
ST3 1432 x 836 212 % 131 2951 1.84
PU41 898 x 648 401 x 252 74 1.80
RU41 1210 % 787 262 x 251 53 1.29
RU1000 1263 x 781 225 x 187 1367 1.37
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Fig. 12 Feature dimensionality reduction visualization of simulation domain and target domain

((a) visualization of PCA dimensionality reduction; (b) visualization of t-SNE dimensionality reduction )
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