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Stable diffusion model for few-shot generation of meter defect images
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Abstract: Objective Meters, as critical components of substations, are essential for maintaining power grid stability.

However, prolonged exposure to harsh environments such as extreme weather and temperature fluctuations makes them
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prone to defects such as cracks and deformations. These issues can disrupt operations and threaten grid reliability. Early
detection is vital to prevent cascading failures. While recent advancements in computer vision have improved defect identi-
fication, training high-performance models relies on large, accurately labeled datasets, which are costly and limited by the
scarcity of real-world defect data for specialized equipment including meters. Generative data augmentation methods offer
an effective and promising solution to this issue. Techniques such as generative adversarial networks and denoising diffu-
sion probabilistic models have proven their capability to generate visually compelling images by training on large-scale data-
sets. These methods are widely used to supplement existing datasets, enhance data diversity, and improve model training
efficiency. However, when applied to small-sample datasets of substation meter defects, these approaches face great chal-
lenges, such as contour distortion, insufficient texture details, and excessive similarity to original images. These issues
degrade the quality of generated images, fail to capture the subtle characteristics of meter defects, and limit their useful-
ness in tasks such as defect detection and segmentation. To overcome these limitations, this study proposes a novel defect
generation method based on the Stable Diffusion model, which is specifically designed for small-sample scenarios. By
leveraging its capability to balance high-quality and diverse image generation, this approach addresses the weaknesses of
existing methods through improving the fidelity and variability of generated defect images. The proposed method ensures
better alignment with real-world applications and enhances the applicability of synthetic images in downstream detection
and analysis tasks. Ultimately, it contributes to improved defect detection performance and increased reliability in indus-
trial applications. Method This study proposes a novel small-sample defect generation method for substation meters based
on a diffusion model. This method addresses the limitations of existing approaches in capturing structural and defect-
specific features while achieving high-quality image generation to substantially enhance downstream applications. First,
the pre-trained Stable Diffusion model was fine-tuned using a meter knowledge embedding strategy. This process effectively
integrated the structural characteristics of substation meters and defect features into the model weights, which enhanced the
capability of the model to comprehend meter patterns and improved the accuracy of key feature representation and recon-
struction.  Second, a crack feature modeling module was developed. This module utilized a structured preprocessing
approach to process normal meter images and seamlessly integrated them with existing defect masks, which generated con-
trol images with precise geometric and spatial constraints. The module effectively delineated the spatial distribution of
defects, which ensured accuracy and consistency in defect localization, as well as provided reliable conditional guidance
for subsequent generation processes. Finally, an innovative hypernetwork-based conditional generation mechanism was
introduced. While maintaining the diversity of generated images, this mechanism achieved precise manipulation of defect
shapes, positions, and other characteristics. By dynamically adjusting model weights and refining input conditions, the
hypernetwork effectively ensured local constraints and global coherence during the generation process. It enabled precise
control over defect generation while moderately reducing strict constraints on other details, which provided the model cre-
ative flexibility to balance high-quality and diverse image generation. Result Comprehensive experimental validation was
conducted on the constructed substation meter dataset, which demonstrated that the proposed method can generate high-
quality images with diverse and precise defect characteristics. The resulting images closely aligned with real-world applica-
tion scenarios. The introduction of synthetic data significantly improved the performance of the model in downstream defect
detection tasks. Notably, when 40% synthetic data were added to the training set, model precision increased by 26. 9%,
and mAP50 improved by 19. 1%, which further verified the effectiveness of the proposed method in enhancing detection
accuracy and robustness. Moreover, comparative experiments with advanced mainstream methods highlighted the superior-
ity of the proposed approach. Fréchet inception distance (FID) and inception score (IS) were used as evaluation metrics to
measure the similarity between generated and real images and the diversity of generated images, respectively. A lower FID
score indicates higher generation quality, which reflects a smaller gap between the distributions of generated and real
images. Meanwhile, a higher IS score demonstrates better clarity and diversity of the generated images. Experimental
results show that the proposed method achieved the best performance in FID and IS metrics, with scores of 76. 72 and
2. 45, respectively, which significantly surpassed other mainstream methods. Conclusion This study proposes a small-
sample generation method based on the Stable Diffusion model, which focuses on the generation of substation meter defect

images. Experimental results demonstrate that the proposed method effectively addresses issues associated with existing
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generation models, such as poor quality and high redundancy of images generated from small-sample specialized datasets.

By producing high-quality defect images, the method significantly enhances the accuracy and robustness of downstream

defect detection tasks. Thus, it provides a solid and reliable technical foundation for the stable operation of power systems.
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Fig. 6 Conditional generation process
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Table 1 Impact of different proportions of generated data on detection performance

G/ K5 PENmE mAP50 mAP50-95
A H A 0.698 0.56 0.587 0.464
ELSBIE + 20% A B 0.784 0.58 0.654 0.483
BB + 40% A N B 0.967 0.52 0.778 0.561
FLSHU + 60% A B 0.867 0.52 0.761 0.545
ELSEIE + 80% Ak B 0.877 0.56 0.642 0.491
ELSHE + 100% 4 MR 0.776 0.64 0.652 0.515
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Fig. 7 Comparison of P-R curves for different data proportions

T e 2P XS L A SO R S AR DA R
BT B PERE A SCEERE T 5 B 32 U A s AL i A7
SEHS 439 M FastGAN (Liu % ,2021) | Projected GAN
(Sauer % ,2021) ,DFMGAN (defect feature manipula-
tion GAN) (Duan %% ,2023) .IDDPM (improved denois-
ing diffusion probabilistic models) (Nichol I Dhari-
wal, 2021) LA &2 RDDM (residual denoising diffusion
models) (Liu 5§ ,2024) , H 1, FastGAN FI Project-
edGAN J2& B T Az BONHT 190 45 1) 28 L /D A AR A A
BB ARSI R TR A A RO
IDDPM H1 RDDM W Ay stk (4 4™ Hick Y i it e Ae ™

BT AR FE D REA SRR A il M L 2 B T
() 15 s DEMGAN R FH 9 B B Il 5 SR ek, 1 S e K
TG A UG HEA TN Sk, B 45 A il T 15
L et oy A A T A0 L DA AR Il s AR o

SRLRNT LG M AR SCAE A TR SMD B8
R —F L IREE N, S B R AT T A REA A
BN, A S S5 RN e 8 ik 2 IR .

WE 8 7 , FastGAN A= it (1) PR AT A6 358 0 7™
A0 2 B[ B, A ARRORY L S5l 46 5 IR 8 3 3 S
FkBZ AR, Projected GAN 7E— 5 FLEE | ok 3%
TR IR (AR RS SR AR R L B, A R
FAT R AR B T 1E 5 W RS54, B g
55900 06 0 B RS T AR, 33 2 A AR T ) 2% A
Hh R DL TR R 2 — 3 3 BH HC AR 5 R A 2 R
M7 EASSRA R . DFMGAN J5 %5 B Duan %5 A
(2023)#2H , RH T PR Bl 2R3k - 55 1 B BefE R
HOEH R IR LI T EOIZR 5 2 B B L 51 A
57 PR S X O SRS AT 300 o SR, FE R G
W4 AR RS2 B, DEMGAN R fE A= 1l 190 40 A 85 4
E TR H B0 T BEAL A A A /N R . X — B AT g
VR T2 S50 0 5 2%k, S OB AR A /b e il 1 X
L Z KRS ) R AE 43

55 A ORHT 26 A L, 3 T O AR ) A B
RAEMSEROCR F R —E ¥ . IDDPM 788 />
ARG RIS, RS 7E A BRITH W6 T A il E% (1
A 2SR5 R AR R B AR RS 55 R, 35 4 B AR A7
TF 55 B A 22 AN AT [a) £51, RDDM i 3 5] A ResNet
SERERTE T A R T A T A A R AR A A
o AEATY 25 5 s B A 5 M AR R . e Ah , HoE
J 5 R 5 D e o PR P AR [ R R 58 o, B
il T AR AE 2R A B L AR

3459



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 11,Nov. 2025

FastGAN ProjectedGAN DFMGAN IDDPM

AXT7k:
+SDXL

RDDM A T7ik

+SD1.5

A7
+FLUX

K8 A I kAR R X LE K

Fig. 8 Comparison of generation results with existing methods
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Table 2 Comparison of generation results with

existing methods

TEEAY FID | st
FastGAN 127.90 1.98
ProjectedGAN 99.83 1.77
DFMGAN 94.32 0.96
IDDPM 131.69 1.86
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ARSI + FLUX 75.28 2.74
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Fig. 9 Examples of ablation experiment results
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Table 3 FID and IS metrics of ablation experiments

SRl FER A FID ISt
x x 115.31 1.12
x N 91.59 1.33
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