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Manual annotation is expensive and time-consuming.

Variability of the context, resulting from changes in lighting 
conditions, viewpoints, and occlusions.

Training deep learning models requires large annotated datasets, but scarce 
defects—appearing infrequently or unpredictably—make it more challenging.

Textural complexity of defects and diverse morphological features.

Challenges
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Requirements for real-time inference.
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Enables rapid adaptation to new defect types.

Mimics human ability to generalize from limited examples.

Reduces annotation effort and deployment time.

Learn from very few examples (typically 1-10 per class).

Few-Shot Learning (FSL)
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Categorized FSL approaches by their pre-training data 
source and fine-tuning scope.

Validated our approach by benchmarking its performance on 
steel surface defect detection across the defined FSL scenarios.

Introduced SSL-YOLO, a method combining contrastive self-
supervised learning with the YOLOv8 detector.

Paper contributions
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Few-Shot Learning methods : 
Transfer Learning vs Meta-Learning 
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SSL-YOLO Overview :
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SSL-YOLO Overview :
Applied augmentations
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Dataset for steel surface defects (NEU-DET)

6 defect categories, 300 images each

1,800 grayscale images (200×200 pixels)

Standard split: 240 training, 60 testing per class

NEU-DET - Northeastern University Surface Defect Database



Inclusions Rolled in scale Scratches

Crazing Patches Pitted surface
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Dataset for steel surface defects (NEU-DET)
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For robust and reproduceable results, we follow 

the public Few-Shot NEU-DET (FS-ND) 

[2] evaluation protocol, performing 10-shot 

evaluation with 10 labeled examples per class. 

Results are repeated and averaged across the 

predefined 100 splits of the novel classes.

[2] H. Wang, Z. Li, and H. Wang, “Few-Shot Steel Surface Defect Detection,” IEEE Transactions on Instrumentation and Measurement, vol. 71, pp. 
1–12, 2022

Experimental setup : 
Evaluation split

Fig. 5. Structure of k-shot FS-ND, where Dt
base is adopted to pre-train 

models in the base training stage, and Dv
base can be utilized to evaluate the 

performance of pre-trained models. Besides, D1
novel ~ D100

novel are 100 
groups of support examples for fine-tuning pre-trained models during the 
few-shot fine-tuning stage, and Dq

test serves as a benchmark to contrast the 
detection accuracy of fine-tuned models. [2]

Class distributions :

• Base Classes: Rolled-in_scale, Scratches, 

Inclusion. (Pre-training phase)

• Novel Classes: Pitted Surface, Crazing, 

Patches. (Few shot fine-tuning phase)
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Experimental setup : 
Evaluation metrics

Mean Average Precision (mAP@0.5) :

• Area under Precision-Recall curve

• IoU threshold of 0.5 for detection

• Averaged across all defect classes

Frames Per Second (FPS) :

• Critical for real-time industrial applications

• Hardware: RTX 4090, batch size 32, 320×320input
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Few-shot learning benchmarking scenarios

Scenario Scope Pre-training Data Fine-tuning Data

Cross-Domain Transfer 
(CDT)

Adapt general model
Large general datasets 

(e.g., COCO)
Few-shot target defects (all 

classes)

In-Domain Self-Supervised
Full Fine-tuning (ISS-FFT)

Leverage abundant 
unlabeled domain data

Unlabeled target domain 
images

Few-shot labeled defects (all 
classes)

In-Domain Self-Supervised
Novel Fine-tuning (ISS-

NFT)
Adapt to new classes

Unlabeled base defect 
images

Few-shot novel classes only

In-Domain Supervised 
Novel Fine-tuning (IS-NFT)

Update model for new 
classes

Labeled base defect 
classes

Few-shot novel classes only
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SSL-YOLO 10-Shot mAP@50 Results Across 
Different FSL Strategies
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In-domain pre-training consistently outperforms cross-domain transfer for 
steel defect detection tasks. 

SSL-YOLO effectively leverages unlabeled domain data through contrastive 
learning, providing a robust initialization for defect detection.

Ultimately, this provides a practical and performant solution that serves as an 
accessible alternative to more intricate FSL methodologies, as it requires no 
specialized modules.

The use of a modern YOLO-family architecture provides a significant practical 
advantage with inference speeds reaching over 436 FPS.
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