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A Synthetic Data Generation and Learning Framework
Using Top-down View Transformation for Situation
Awareness Enhancement in Unmanned Battlefield Systems
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Yerin Kim', Jaeuk Baek?, Sungwoo Jun?, Chang-Eun Lee®

Abstract: Military robots and unmanned systems require training data with diverse viewpoints for
robust object detection and situational awareness. Top-down view images are difficult to acquire,
resulting in limited viewpoint diversity. In this paper, we propose a pipeline that transforms ground
view images into top-down view images while preserving structural consistency. The framework
employs FLUX.2 with Low-Rank Adaptation (LoRA) for parameter-efficient viewpoint adaptation.
Instead of updating the entire network, we apply LoRA only to the Cross-Attention layers, which are
critical for viewpoint conditioning, while freezing the pretrained network. We demonstrate that this
approach effectively performs viewpoint transformation in data-limited military domains using only
a small-scale training dataset. In addition, we employ conditional generation with ground view inputs,
prompts, and target images. Our approach adapts a large pretrained model using only small datasets
to generate structurally consistent top-down synthetic images. Structural consistency analysis based
on LightGlue correspondences and CLIPPER-based geometric filtering yields a maximum inlier
ratio of 52.7%. Finally, training with the synthetic data improves the mean Average Precision (mAP)
by 6.5 percentage points over the original-data-only baseline.
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2.1 2D Image-to-Image Translation and View
Transformation-based Synthesis
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2.3 Parameter-Efficient Fine-Tuning
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2.4 Rationale for Using FLUX.2 in Limited-Data
Environments
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3.1 Overview of the Proposed Framework
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3.2 Fine-tuning

3.2.1 Top-down View Synthesis Architecture
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Step1. Fine-tuning
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Step2. Inference
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3.2.3 Cross-Attention-based View Conditioning
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FLUX.2 with Whew
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3.3 Inference

3.3.1 Cross-Attention-based View Conditioning
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3.3.2 Synthetic Data Generation
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3.4 Application to Multi-Robot Collaborative Situation
Awareness
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[Fig. 3] Overall experimental pipeline: from LoRA fine-tuning to object detection evaluation

Al
=

4.

(3|
=

4.1 Overall Experimental Pipeline
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4.2 Fine-tuning
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[Table 1] LoRA Fine-tuning Hyperparameters

Parameter Value
Rank 2
Alpha 2
Learning rate le-4
Image resolution 256x256
Optimizer 8-bit Adam
Batch size 2
Gradient accumulation steps 64
Max train steps 500
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4.3 Inference
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4.4 Filtering: Consistency Analysis
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5.1 Qualitative Comparison
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[Table 2] Qualitative Comparison of Top-down View Generation for Target Samples

Input Ground Truth Flux.1 Flux.2 Flux.2 + LoRA
(Ground View) (Top-down View) (Pretrained) (Base) (Proposed)
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St dlofE A o2 88 Vs e BolEtt Synthetic | 30 0.494 6531 0.710
(D20) 5.0 0.519 71.22 0.721
5.2 Filtering: Consistency Analysis 70 0.520 69.94 0.729
B A15]0] 4 AQtsH 7] 9] LoRA S5 HlojE] 37 2 = - e e B
SIE 74 HIsio] T2 Top-down W8 AHE 1]k} Synthetic 3.0 0.507 68.94 0.692
(D50) 5.0 0.508 76.36 0.710
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7} ol 2|24 QAL =01 B thg 23(Avg Matches) (D100) 5.0 0512 92.18 0.716
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5.3 Quantitative Results
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[Table 4] YOLOX-s Performance According to the Original-to-
Synthetic Training Data Ratio

Training Data Precision Recall
(Original : Synthetic) | @0.5:0.95
100:0 0.795 0.781 0.828
80:20 0.780 0.766 0.815
50:50 0.817 0.804 0.845
20:80 0.838 0.823 0.866
0:100 0.860 0.847 0.887
0.9
n 0.8 —— e
E 01| et
o
< 0.6
£ Original:Synthetic
15 100:0
& 03 e 80:20
= —a— 50:50
> 0.4/ —e— 20:80
—=- 0:100
035 50 100 150 200 250 300

Epoch

[Fig. 4] YOLOX-s Validation mAP Curves by Original-to-
Synthetic Training Data Ratio
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5.4 Discussion
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