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Fig. 1  Surrounding environments of the ancient tombs distributed in the Altai region
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Ak S IFTE] SR 4b B 1]
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Table 2 Basic model parameters

sl SR IM FLOPS/G mAP,
YOLO v5n 2.6 7.7 343
YOLO vSm 25.1 64.2 49.0
YOLO v8n 32 8.7 373
YOLO v8m 25.9 78.9 50.2
YOLO v9t 2.0 7.7 383
YOLO v9m 20.1 76.8 514
YOLO v10n 23 6.7 38.5
YOLO v10m 15.4 59.1 51.1
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RT-DETR X 76.0 259.0 54.3
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F3 HEMERERY
Table 3 Model performance

oAy Bl ik (T:V)AP,, (T:V)AP, (T:V)Precision,, (T:V)Recall,,
Mosaic 0.676:0.509 0.289:0.218 0.76:0.76 0.60:0.60
DiffuseMix 0.700:0.621 0.332:0.274 0.80:0.71 0.62:0.58
YOLO v5n
MixUp 0.712:0.650 0.325:0.307 0.72:0.72 0.63:0.60
Ours 0.721:0.646 0.344:0.307 0.72:0.81 0.67:0.54
Mosaic 0.646:0.627 0.302:0.296 0.65:0.65 0.60:0.59
DiffuseMix 0.698:0.710 0.331:0.326 0.72:0.75 0.66:0.66
YOLO v5m
MixUp 0.734:0.678 0.359:0.310 0.77:0.74 0.66:0.60
Ours 0.744:0.699 0.368:0.357 0.75:0.70 0.70:0.63
Mosaic 0.701:0.650 0.340:0.302 0.80:0.76 0.59:0.56
DiffuseMix 0.721:0.686 0.366:0.354 0.79:0.73 0.64:0.63
YOLO v8n
MixUp 0.716:0.675 0.339:0.332 0.64:0.66 0.71:0.65
Ours 0.737:0.693 0.377:0.355 0.75:0.78 0.78:0.58
Mosaic 0.731:0.636 0.343:0.318 0.79:0.66 0.63:0.64
DiffuseMix 0.701:0.634 0.355:0.330 0.76:0.67 0.63:0.59
YOLO v8m
MixUp 0.742:0.698 0.353:0.321 0.79:0.68 0.66:0.61
Ours 0.702:0.676 0.379:0.334 0.74:0.76 0.62:0.55
Mosaic 0.638:0.557 0.302:0.272 0.66:0.68 0.56:0.47
DiffuseMix 0.717:0.692 0.363:0.340 0.74:0.64 0.64:0.66
YOLO vot
MixUp 0.717:0.685 0.369:0.335 0.74:0.66 0.61:0.63
Ours 0.706:0.686 0.361:0.333 0.78:0.72 0.64:0.60
Mosaic 0.662:0.647 0.294:0.276 0.74:0.73 0.58:0.53
DiffuseMix 0.740:0.682 0.357:0.352 0.80:0.69 0.68:0.62
YOLO v9m
MixUp 0.735:0.679 0.362:0.333 0.76:0.76 0.68:0.58
Ours 0.731:0.701 0.376:0.350 0.70:0.70 0.69:0.69
Mosaic 0.655:0.557 0.323:0.272 0.75:0.70 0.56:0.46
DiffuseMix 0.719:0.657 0.367:0.321 0.81:0.73 0.63:0.55
YOLO v10n
MixUp 0.693:0.611 0.323:0.284 0.61:0.64 0.69:0.51
Ours 0.723:0.671 0.372:0.333 0.76:0.76 0.67:0.64
Mosaic 0.708:0.638 0.335:0.302 0.82:0.68 0.57:0.54
DiffuseMix 0.682:0.649 0.358:0.354 0.78:0.82 0.57:0.46
YOLO v10m
MixUp 0.639:0.617 0.329:0.311 0.59:0.65 0.63:0.59
Ours 0.701:0.637 0.355:0.340 0.77:0.73 0.61:0.52
Mosaic 0.695:0.671 0.304:0.296 0.87:0.78 0.58:0.58
DiffuseMix 0.717:0.735 0.307:0.303 0.80:0.80 0.66:0.67
RT-DETR L
MixUp 0.738:0.697 0.328:0.316 0.84:0.72 0.72:0.63
Ours 0.732:0.701 0.318:0.308 0.79:0.77 0.64:0.60
Mosaic 0.573:0.655 0.26:0.282 0.60:0.74 0.60:0.59
DiffuseMix 0.747:0.754 0.315:0.306 0.69:0.70 0.73:0.76
RT-DETR X
MixUp 0.773:0.754 0.345:0.340 0.74:0.74 0.75:0.72
Ours 0.780:0.792 0.342:0.342 0.76:0.72 0.73:0.80
Mosaic 0.678:0.615 0.312:0.283 0.76:0.71 0.59:0.56
- DiffuseMix 0.714:0.682 0.345:0.326 0.77:0.72 0.65:0.62
P EEfE _
MixUp 0.720:0.674 0.343:0.319 0.72:0.70 0.67:0.62
Ours 0.728:0.690 0.359:0.337 0.75:0.75 0.68:0.62
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FA) B o A5 00 3k 4 v S RSP S5 4 68 P ) AP, BT
70728, $IHENTA%, AP, ... BFERBIET]
SN 15.1% ., 15.2%; TfERIESET AP, AP, .

KB A A R4 50 12.2% . 19.1%.
5.7% . 10.7%. ASCHA RN 2 24 B R A 350k
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Table 4 Average performance comparison

B 5k (T: V)AP50 (T:V)AP (T: V)Precisionso (T: V)Recallso
Mosaic 0.678:0.615 0.312:0.283 0.76:0.71 0.59:0.56
MixU 0.720:0.674 0.343:0.319 0.72:0.70 0.67:0.62

1X
P (+6.2%:+9.6%) (+11.3%:+12.7%) (-5.3%:-1.4%) (+13.6%:+10.7%)
0.714:0.682 0.345:0.326 0.77:0.72 0.65:0.62

DiffuseMix

(+5.3%:+10.9%) (+10.6%:+15.2%) (+1.3%:+1.4%) (+10.2%:+10.7%)
0.728:0.690 0.359:0.337 0.75:0.75 0.68:0.62
Ours

(+7.4%:+12.2%)

(+15.1%:+19.1%)

(=1.3%:+5.6%) (+15.3%:+10.7%)

TE: TAORINREE ; VIR . IO 3R R 28 LU AR LA 2R, T RIZ B 25 [RI2E LU BSR RS 2R

LG5 g 4RI Oy AU MR M RE L 4
il HE A AR R TR N R 7 TR o H rh R R SRR
AP, HIBUE, YR AP RBE, b mim%cs
TR AP R, 5 BT RN AP, (1 B A
{H o HI/NHEFR LU A P48 (48 AR APy, o #5770 MK

0.74
0.72
0.70

(0.312, 0.678)
2 0.68 ]

[ ]
Z0.66 (0319, 0.674)

0.64

0.62 (0‘283, 0.615)

0.60
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Fig. 7  Average model performance distribution under four data augmentation algorithm
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R5 Worldview2 IR EFE T &N EREERE
Table 5 Performance of various models on Worldview—2 sub—meter resolution images
IR LT TRTS AP, AP, . Precision,, Recally, Y T vk AP, AP, . Precision,,  Recally,
Mosaic 0.635 0.316 0.75 0.53 Mosaic 0.585 0.304 0.66 0.54
DiffuseMix  0.650  0.330 0.60 0.64 DiffuseMix  0.614  0.295 0.66 0.54
YOLO v5n YOLO v10n
MixUp 0.527  0.246 0.52 0.51 MixUp 0.544  0.262 0.57 0.48
Ours 0.687 0344 0.67 0.64 Ours 0.637  0.330 0.75 0.48
Mosaic 0.615 0.307 0.68 0.56 Mosaic 0.569  0.293 0.72 0.45
DiffuseMix  0.666  0.313 0.64 0.60 DiffuseMix  0.593  0.319 0.84 0.36
YOLO v5m YOLO v10m
MixUp 0.571  0.282 0.60 0.55 MixUp 0.492  0.267 0.53 0.45
Ours 0.695 0.332 0.82 0.60 Ours 0.611 0.312 0.72 0.52
Mosaic 0.668  0.311 0.77 0.54 Mosaic 0.657  0.270 0.64 0.64
DiffuseMix  0.715  0.343 0.77 0.63 DiffuseMix  0.76 0.335 0.77 0.71
YOLO v8n RT-DETR L
MixUp 0.595 0.285 0.70 0.54 MixUp 0.611  0.294 0.70 0.60
Ours 0.778 0.354 0.76 0.74 Ours 0.782 0339 0.80 0.77
Mosaic 0.604  0.268 0.69 0.53 Mosaic 0.573  0.260 0.60 0.60
DiffuseMix  0.678  0.338 0.97 0.4 DiffuseMix  0.784  0.353 0.85 0.76
YOLO v8m RT-DETR X
MixUp 0.572  0.265 0.69 0.48 MixUp 0.706  0.292 0.79 0.64
Ours 0.726  0.334 0.80 0.67 Ours 0.776  0.338 0.78 0.80
Mosaic 0.537  0.231 0.73 0.29 Mosaic 0.602  0.282 0.70 0.52
DiffuseMix  0.713  0.328 0.75 0.64 " DiffuseMix  0.677  0.323 0.75 0.59
YOLO v9t S PERE
MixUp 0.574  0.293 0.67 0.53 MixUp 0.587  0.281 0.63 0.54
Ours 0.702  0.321 0.70 0.69 Ours 0.701  0.332 0.75 0.64
Mosaic 0.576  0.261 0.77 0.49
DiffuseMix  0.592  0.275 0.61 0.60
YOLO v9m
MixUp 0.582  0.307 0.61 0.59
Ours 0.618 0.319 0.70 0.53
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Table 6 Comparison of average AP, performance for

different data augmentation methods

Holhise Mosaic  DiffuseMix MixUp VNSRS
- 0.714 0.720 0.728
4R 0.678

(+5.3%) (+6.2%) (+7.4%)

0.682 0.674 0.690
IS 0.615

(+10.9%) (49.6%)  (+12.2%)

0.677 0.587 0.701
SEEIEE 0.602

(+12.5%)  (-2.49%)  (+16.4%)

T« AHLEOE 8 [R) 2 U Bt LA 2R, 1 Rl 2 B 2 [R) 26 L At
WZER

RT FEHELEFTXH T AP, ERELLE
Table 7 Comparison of average AP, . performance for

different data augmentation methods

Bl e Mosaic  DiffuseMix MixUp ARSCE:
. 0.345 0.343 0.359
AR 0.312

(+10.6%) (+9.9%) (+15.1%)

0.326 0.319 0.337
IS 0.283

(+152%)  (+12.7%)  (+19.1%)

0.323 0.281 0.332
SRR 0.282

(+14.5%)  (=0.03%)  (+17.7%)
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Application of environmental semantic data augmentation methods in
ancient tomb detection
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Abstract: Deep learning-based object detection has become an important tool for large-scale burial site identification in remote sensing
archaeology, with its performance highly dependent on sufficient and diverse annotated datasets. However, in practical archaeological
applications, acquiring large-scale, high-quality samples is both expensive and time-consuming. Moreover, burial sites are often distributed
across highly heterogeneous environments, leading to significant environmental imbalance within datasets. Under few-shot conditions,
models tend to overfit to dominant background features and exhibit limited cross-scene generalization capabilities. This study aims to
develop an environment-semantic data augmentation strategy that expands background diversity while preserving the original spatial
structure and label distribution of burial targets. By simulating multiple environmental contexts through generative modeling, the proposed
method can alleviate sample imbalance to a certain extent, enhance robustness to environmental variations, and improve cross-domain
transferability, thereby providing a practical and scalable solution for few-shot remote sensing archaeological detection.

This study proposes a diffusion-based environment-semantic augmentation framework consisting of three components: environmental
generation, fractal fusion, and random enhancement. A pre-trained InstructPix2Pix diffusion model is guided by predefined environmental
prompts to simulate burial sites under diverse background conditions while preserving structural features. To further enhance robustness,
fractal patterns are fused with images using a Beta-distribution-based weighted multiplication strategy, allowing texture-level enhancement
without occluding targets. Additional random image operations are applied to increase variability. The method was evaluated on a self-
constructed Altai burial dataset using multiple object detection models, with Mosaic, MixUp, and DiffuseMix serving as baselines. A
WorldView-2 dataset was used for cross-domain testing.

The proposed method consistently improved detection performance across various models. Compared with Mosaic, the average
AP, across the model ensemble increased by 7.4% on the test set and 12.2% on the validation set, with APy, achieving a maximum
improvement of 19.1%. In transfer tasks on heterogeneous datasets, AP, improved by 16.4%, outperforming both MixUp and DiffuseMix.
Through environment-semantic augmentation, the method mitigated background variations across diverse natural environments and
enhanced the model’s capability to discern burial targets. Transfer experiments on WorldView-2 imagery further demonstrated that the
approach improves model generalization and prevents excessive focus on background features.

This study presents an environment-semantic augmentation framework that integrates diffusion-based background simulation with
fractal texture fusion for remote sensing archaeological detection. By enriching environmental diversity while preserving target structure, the
proposed approach effectively addresses few-shot learning, environmental imbalance, and overfitting issues that commonly limit
archaeological object detection models. Experimental results across multiple detection architectures and heterogeneous datasets demonstrate
significant improvements in accuracy, recall, robustness, and cross-dataset generalization. The findings confirm that generative models,
when properly guided by environmental semantics, can provide meaningful and controllable data diversity for small-sample scenarios.

Key words: deep learning, ancient tomb detection, data augmentation, diffusion model, remote sensing archaeology, few-shot learning,
environmental semantic enhancement
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