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Abstract. This work presents a deep learning-based system for automated weld
seam and surface defect inspection. A REST API with NestJS sends uploaded
images to a secure FastAPI service running a YOLOvI1 model, which returns
predictions with class, confidence, and bounding boxes. The system delivers
high accuracy, reduces human error, and supports deployment on various de-
vices, including smartphones, for flexible industrial integration.

1. Introduction

Weld inspection is vital for ensuring the structural integrity of metallic components in in-
dustries like construction, oil and gas, and automotive manufacturing. However, manual
methods suffer from subjectivity and inconsistency due to inspector fatigue and environ-
mental factors [1, 2].

To overcome these issues, this study presents an Al-based system for auto-
mated weld bead detection using deep learning models trained with Roboflow-annotated
datasets. A RESTful API with NestJS handles image uploads, which are processed by a
FastAPI inference service secured with an API key. This architecture improves accuracy
and efficiency while reducing reliance on manual inspection [3].

2. Methodology

2.1. Dataset and Training Process

The dataset annotations were created using the Roboflow platform. Bounding boxes and
labels were employed to annotate the data. A custom API was developed to support
machine training. All model training was conducted on an Nvidia GTX 1660 Ti graphics
card. The dataset was divided into 87% for training (2577 images), 9% for validation
(265 images), and 5% for testing (135 images). Preprocessing and data augmentation
techniques were also applied to improve model generalization. The model architecture
used was based on YOLOv11.

3. Results and Discussion

3.1. Training Performance and Model Convergence

The YOLOv11 model was trained for 130 epochs, showing consistent improvement in all
key metrics. Figure 1 illustrates the evolution of losses and performance during training.

Table 1 summarizes the loss evolution, with significant reductions in classification
loss (79.6% improvement), indicating effective learning of weld seam patterns.
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Figure 1. Training and validation curves of the YOLOv11 model over 130 epochs.
The plots show reductions in loss functions and improvements in preci-
sion, recall, and mAP metrics, indicating effective learning and generaliza-

tion.
Table 1. Loss Function Evolution
Loss Epoch1 Epoch 130 Improvement (%)
Box Loss (Train) 1.59 0.87 45.3
Classification Loss (Train) 2.16 0.44 79.6
Distribution Focal Loss (Train) 1.55 1.08 30.3
Box Loss (Val) 1.61 1.07 335
Classification Loss (Val) 2.35 0.53 77.4
Distribution Focal Loss (Val) 1.75 1.12 36.0

Validation losses followed similar trends, indicating strong generalization and
no overfitting. The learning rate schedule (starting at 6.63 x 10~* and annealing to
3.52 x 1079) facilitated smooth convergence, consistent with findings reported by Jegham
et al. [4].

3.2. Model Performance

The YOLOvI1 model shows outstanding weld seam detection with 94.0% precision,
95.1% recall, and 97.5% mAP@0.5 (Table 2). These high metrics confirm the model’s
accuracy in identifying weld seams and minimizing errors.

Table 2. Final Model Performance Metrics for Weld Seam Detection

Metric Value Interpretation

Precision 0.940 High accuracy in positive weld seam predictions
Recall 0.951 Excellent detection of actual weld seams
mAP@0.5 0.975 Superior localization accuracy of weld seams

mAP@0.5:0.95 0.715 Robust across various Intersection over Union thresholds




Training curves exhibited rapid improvement and gradual refinement, indicating
effective transfer learning from YOLOv11 weights [4, 5]. With 60-70 second epochs, the
model is industrially feasible. Figure 2 visually confirms its robust, accurate weld seam
detection in diverse real-world images.
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Figure 2. Examples of weld seam detection using the YOLOv11-based model. (a)

Curved weld seam with a confidence score of 0.80. (b) Linear weld seam
with a confidence score of 0.83.
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3.3. System Implementation and User Experience

Our web application streamlines weld seam inspection with features like secure authenti-
cation, image uploads, real-time analysis, and report export [6, 7]. It uses NestJS for the
main API and FastAPI for optimized inference, enabling efficient processing and return-
ing JSON results with class, confidence, and bounding box data.

3.4. Comparative Performance and Deployment Considerations

The model surpasses prior methods (Table 3) in precision and mAP, aligning with recent
studies on YOLOV11’s superior detection performance in infrastructure inspection [4, 8].

Table 3. Performance Comparison

Method Precision (%) Recall (%) mAP@0.5 (%)
Traditional CV 75-85 70-80 65-75
Early CNN 85-90 80-88 80-85
Recent YOLO 88-92 85-90 88-92
This Work 94.0 95.1 97.5

Training stability, efficiency, and scalability confirm the model’s readiness for
real-world deployment with consistent accuracy across diverse scenarios [5].

3.5. Industrial Adoption and Hardware Requirements

The deployment of the proposed system in industrial settings depends on hardware ca-
pable of efficiently running the YOLOvVI11 inference model and API services. For the
FastAPI-based inference server, the minimum recommended specifications are:

* GPU: NVIDIA with at least 6 GB of VRAM (e.g., GTX 1660 Ti); newer GPUs
may improve performance.



* CPU: Multi-core processors like Intel Core 15 (8th gen) or AMD Ryzen.
* RAM: Minimum of 16 GB to ensure smooth execution and image processing.

The NestJS API server requires only a standard CPU and 4 GB RAM. Centralized
inference reduces hardware needs at inspection sites and supports image uploads from
desktops or smartphones with internet access. This boosts portability and usability in
the field. Optimizations such as quantization or pruning can further reduce hardware
requirements for edge applications.

4. Conclusions

This work presented a scalable system for automated weld seam detection using deep
learning and a cloud-based API infrastructure. The YOLOvl11-based model showed
strong performance, with 94.0% precision, 95.1% recall, and 97.5% mAP@(.5, surpass-
ing traditional and earlier deep learning methods. The architecture streamlines inspection
by reducing manual effort and supports deployment on devices like smartphones. Fu-
ture work will focus on classifying specific weld defects and adapting the model for edge
devices to broaden its industrial use.
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