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Figure 3.2 Algorithm Architecture Diagram
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Table 4.1 Preset Environmental Prompts

$7i (Prompt) R HA
River PR B 15 BRI
Built Area B R X . S X B B BRI
Clouds BT 25 R R AT R i
Crops BRI R 5 R i
Desert BV X B (R BRI
Flooded Vegetation BRI X R R BRI
Forest HELRR PR X B (R 1 R i
Grassland HLIDL B8 X SR (R R i
Rangeland B X B (R BRI
Snowy/lce UK X B R4 1 BRI
Water BB X B (R BRI
Autumn BB R FRHLRIA

TEARSZES H, A 3 BB A AR il — PP IR 42 LA R o B 21485k, YA w41 TR .
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(a) $/RT:River (b) $&/R17:Built Area (¢) $/Ri:Clouds (d> $&7rid]:Crops

(a) Prompt:River (b) Prompt:Built Area (¢) Prompt:Clouds (d) Prompt:Crops

(e) $&7/~1l:Desert (f) #7R1:Flooded Vegetation (g) $&7Rid:Forest (h) $&7R~1i:Grassland
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316 Figure 4.1 Slices of Augmented Image Dataset
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Table 4.2 Basic Model Parameters
Biny SRR (MD FLOPS (G) mAPs(.05
YOLO v5n 2.6 7.7 343
YOLO v5m 25.1 64.2 49.0
YOLO v&n 32 8.7 37.3
YOLO v8m 259 78.9 50.2
YOLO vt 2.0 7.7 38.3
YOLO v9m 20.1 76.8 514
YOLO v10n 23 6.7 38.5
YOLO v10m 15.4 59.1 51.1
RT-DETR L 42 136 53.1
RT-DETR X 76 259 543

N TIPS, BATHEA A B SEAR AT . AH [ Y
HEREHRE T, MR TS . 1R
ASE T, AT R A TN 2R . o —

B

l

SEEEBHUN T RIS PESGD, WG IREE
4001, ZhE¥E 40.9, Batch K/ E NS, EARREL
BEE N300, FAF KRB E TS, BE KR E (5 R
H0.5, ToURIME }0.6, (EAMBssr, BATX AT
A R R EMosaic (Bochkovskiy A %5, 2004) ¥4
WS SEN, %R [ YOLO v4R[E A T YOLO R4
MBS 3T %, HAZOTE T RN RE A I I L
B, R R R ARSI DA R T i,
ERFILETE DL T S AR AR EIIE R o

4.3 ZILE

AT BAEAR SR A R, Sk R T
2777 Mosaic. CVPR2024 {43 5% DiffuseMix .
2 U EUR3 T HAMIxUp RIS SC UG 88 T S A7 5
W EEL, WAL RUNEKAIR.

LR LSRR, YOLO v8 RFIENI RS F £
#flt; RT-DETR L5RT-DETR X/ %t T Transformer4:
PR B RRIR AP 4%, TERAE SRR A B IS T A
HERIER I . TTYOLO v9-5YOLO vI10fI M BER I A
AR 228, BB iR, KSHIW %
JUF#EAG 1 EEAH R 4549 T /NS HU 2% BE 4 i R
HHNGFFHBER, HAREABER DN, K4S

R AT RE R AT A

4.3 HBIMRERI

Table 4.3 Model Performance

fimid R T C T/V*) APy C T/V) APspgs ( T/V) Precisionsy (T/V) Recalls,
Mosaic 0.676 /0.509 0.289/0.218 0.76/0.76 0.60 /.0.60
YOLO v5n
DiffuseMix 0.700/ 0.621 0.332/0.274 0.80/0.71 0.62/0.58
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Y H5R % C T/V*) APy C T/V) APspos ( T/V) Precisionsy (T/V) Recalls,

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
RT-DETR L Mosaic 0.695/0.671 0.304/0.296 0.87/0.78 0.58/0.58
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DiffuseMix 0.717/0.735 0.307/0.303 0.80/0.80 0.66/0.67

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 /0754 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

SR

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

* T RN, VERBIESE, IHEIERRFERIRRMLE R, TRLHYERRFEIR RS R
4. 4 FHMEREXTEE

Table 4.4 Average performance comparison

A5 C T/V¥)  APs C T/V)  APsoss ( T/V) Precisionso (T/V) Recallso

Mosaic 0.678/0.615 0.312/0.283 0.76 /0.71 0.59/0.56

0.720/0.674 0.343/0.319 0.72/0.70 0.67/0.62

MixUp

(+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%)

* T IORMAEE, vV RRBIESE, IHEEROR FIR B mRLEE R, T RIZEds %R A 2R R L 4
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0.728, 1_IFHNT.4%, APssws. FilZ . A [ RHRT
ANR5.1% -1.4%- 15.2%; TiLELUEEE 1 APsoy APso-
oo AR ZE L A B R BT 23 1 912.2% 19.1%- 5.7%-

10.7%. ASCEHIEAE R 2 B R A 20 % 1l G
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% = T DiffuseMix 7775, HTERIFSE 5 )5 & A 16—
SEZERR . AECTIX R BIG) 5k, ACEVEY
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Figure 4.2 Average Model Performance Distribution under Four Data Augmentation Algorithm
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At — DI TY Iz AL BE Sy, ASCHEH T — KA E TSN ER H AR EIE AR, IR ST
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Table 4.5 Performance of Various Models on WorldView-2 Sub-Meter Resolution Images

E@! tg gijj‘/f AP50 APso-95 PI'eCiSiOl‘lso Recallso
Mosaic 0.635 0.316 0.75 0.53
DiffuseMix 0.650 0.330 0.60 0.64
YOLO v5n
MixUp 0.527 0.246 0.52 0.51
Ours 0.687 0.344 0.67 0.64
Mosaic 0.615 0.307 0.68 0.56
DiffuseMix 0.666 0.313 0.64 0.60
YOLO v5m
MixUp 0.571 0.282 0.60 0.55
Ours 0.695 0.332 0.82 0.60
Mosaic 0.668 0.311 0.77 0.54
DiffuseMix 0.715 0.343 0.77 0.63
YOLO v8n
MixUp 0.595 0.285 0.70 0.54
Ours 0.778 0.354 0.76 0.74
Mosaic 0.604 0.268 0.69 0.53
DiffuseMix 0.678 0.338 0.97 0.4
YOLO v8m
MixUp 0.572 0.265 0.69 0.48
Ours 0.726 0.334 0.80 0.67
Mosaic 0.537 0.231 0.73 0.29
DiffuseMix 0.713 0.328 0.75 0.64
YOLO vot
MixUp 0.574 0.293 0.67 0.53
Ours 0.702 0.321 0.70 0.69
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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E‘i’ﬂ f% 9&7}77{5 APso APso-95 Precisionso Recallso

Mosaic 0.585 0.304 0.66 0.54
DiffuseMix 0.614 0.295 0.66 0.54

YOLO v10n
MixUp 0.544 0.262 0.57 0.48
Ours 0.637 0.330 0.75 0.48
Mosaic 0.569 0.293 0.72 0.45
DiffuseMix 0.593 0.319 0.84 0.36

YOLO v10m
MixUp 0.492 0.267 0.53 0.45
Ours 0.611 0.312 0.72 0.52
Mosaic 0.657 0.27 0.64 0.64
DiffuseMix 0.76 0.335 0.77 0.71

RT-DETR L
MixUp 0.611 0.294 0.70 0.60
Ours 0.782 0.339 0.80 0.77
Mosaic 0.573 0.26 0.60 0.60
DiffuseMix 0.784 0.353 0.85 0.76

RT-DETR X
MixUp 0.706 0.292 0.79 0.64
Ours 0.776 0.338 0.78 0.80
Mosaic 0.602 0.282 0.70 0.52
DiffuseMix 0.677 0.323 0.75 0.59

SFHTERE

MixUp 0.587 0.281 0.63 0.54
Ours 0.701 0.332 0.75 0.64
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Figure 4.3 Model Inference Validation
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Table 5.1 Comparison of Average AP50 Performance for Different Data Augmentation Methods

e Base (Mosaic) DiffuseMix MixUp A
\ 0.720 0.728
A 0.678
(+5.3%) (+6.2%) (+7.4%)
0.674 0.690
IHFSE 0.615
(+10.9%) (+9.6%) (+12.2%)
\ 0.587 0.701
FIRHHE S 0.602
(+12.5%) (-2.49%) (+16.4%)




20 Journal of Remote Sensing ERZFIR

****’ * 3%k (**)

* LA R RIS B U AE SR, T R 2 i R (R SR P v L 2

R5.2 AEIFIEIEE 7B F AP« REEL R

Table 5.2 Comparison of Average APsss Performance for Different Data Augmentation Methods

e Base (Mosaic) DiffuseMix MixUp A
\ 0.343 0.359
A 0.312
(+10.6%) (+9.9%) (+15.1%)
0319 0.337
IHrSE 0.283
(+15.2%) (+12.7%) (+19.1%)
\ 0.281 0.332
FIRHHE S 0.282
(+14.5%) (-0.03%) (+17.7%)
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Abstract: In the field of deep learning, the performance of object detection models typically relies on abundant and
high-quality annotated datasets. However, in remote sensing archaeology applications, obtaining large-scale and
diverse datasets is challenging and costly, leading to data scarcity issues that cause models to overfit during training.
Particularly in cases where the environmental conditions of burial sites vary significantly, the overrepresentation of
specific environmental features can lead to sample imbalance, which restricts the model's adaptability to different
environments. To address these issues, this paper proposes a remote sensing image data augmentation algorithm
based on diffusion models. By setting different environmental prompts, the algorithm enriches the visual semantics
of images without altering the original dataset's label distribution, thereby alleviating data scarcity and sample
imbalance problems. This study constructed a high-resolution burial site image dataset for the Altai region using
Google Earth and evaluated the performance of various object detection models with this algorithm. Experimental
results demonstrate that the proposed algorithm improves the average precision on the test set by 12.2% compared
to the baseline method and enhances average precision on heterogeneous datasets by 16.4%. The proposed algorithm
significantly improves the model's detection accuracy, stability, and adaptability across different datasets, providing
effective technical support for small-sample remote sensing archaeological object recognition and expanding the

research perspectives in intelligent archaeological detection.

Objective

The performance of deep learning-based object detection models in remote sensing archacology largely depends
on the availability of sufficient, high-quality annotated datasets. However, acquiring large-scale, diverse datasets
is challenging and costly. This leads to issues such as data scarcity, sample imbalance, and overfitting in model
training, especially when burial sites exist in significantly different environmental conditions. To overcome
these challenges, this study proposes a data augmentation technique based on environmental semantic

enhancement using diffusion models. The method aims to enrich the visual semantics of remote sensing images
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while preserving the original dataset’s label distribution, thereby improving the adaptability and accuracy of

object detection models in archaeological applications.

Method

This research introduces an environment-enhanced remote sensing image augmentation algorithm leveraging
diffusion models. The algorithm generates augmented images by setting different environmental prompts,
simulating realistic burial site conditions such as deserts, grasslands, forests, and snow-covered regions.
Additionally, the method incorporates fractal patterns to enhance image complexity and robustness. A high-
resolution burial site dataset from the Altai region was constructed using Google Earth images, including 298
effective images covering 938 burial sites. Various object detection models, including YOLO v5, YOLO v8,
YOLO v9, YOLO v10, and RT-DETR, were trained using different augmentation techniques such as Mosaic,
MixUp, and DiffuseMix. The proposed algorithm was evaluated through comparisons with these conventional

augmentation methods.

Result

Experimental results indicate that the proposed algorithm significantly improves model performance. Compared
to the baseline Mosaic augmentation, the proposed method increased average precision (AP50) on the test set
by 12.2% and on heterogeneous datasets by 16.4%. The method also improved AP50-95, precision, and recall,
demonstrating enhanced model robustness and cross-dataset generalization. The augmentation approach
successfully mitigated the negative impact of sample imbalance and environmental diversity on detection
accuracy. Furthermore, performance evaluation on an independent WorldView-2 satellite dataset showed that
the proposed algorithm improved generalization capability, outperforming conventional augmentation

techniques.

Conclusion

The study presents an effective data augmentation approach for remote sensing archaeological target detection
by integrating environmental semantic enhancement through diffusion models. This method successfully
addresses the challenges of data scarcity and sample imbalance, improving model accuracy, stability, and
adaptability across various environments. The findings highlight the feasibility of using generative models for

archaeological applications, providing a novel perspective for enhancing small-sample object detection in
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remote sensing archaeology. Future research will focus on optimizing diffusion model parameters, refining

environmental prompts, and exploring transformer-based architectures to further enhance detection performance

in complex archaeological settings.
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