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Abstract
Automated visual inspection of weld seams is a critical task in modern manufacturing, where manual defect detection is characterized by low speed, subjectivity, and a high probability of error. Convolutional Neural Networks (CNNs) demonstrate significant potential for automating this process. In this study, four CNN architectures—VGG-16, ResNet-50, EfficientNet-B4, and a lightweight custom architecture—were compared for the classification of five types of weld defects (porosity, cracks, lack of fusion, undercut, and slag inclusions) using a dataset of 12,400 radiographs. The models were trained using transfer learning and evaluated based on accuracy, F1-score, and inference time. EfficientNet-B4 achieved the highest accuracy (97.3%) and macro F1-score (0.964). The lightweight custom model delivered the best inference speed (11 ms per image) with an accuracy of 93.1%, making it suitable for real-time systems. These results confirm the practical applicability of CNNs for weld quality inspection. The comparison considers recognition quality together with processing speed, because architecture choice depends on available computing resources and inspection requirements. The results distinguish the priority of maximum accuracy from the need to operate on an edge device. Cracks remain the most difficult category. The practical contribution is an evidence-based choice of architecture for a specific deployment scenario. Generalisation to new industrial sites requires further evaluation using independent data.

Аннотация
Автоматизированный визуальный контроль качества сварных швов является критически важной задачей в современном производстве, где ручное обнаружение дефектов отличается низкой скоростью, субъективностью и высокой вероятностью ошибок. Свёрточные нейронные сети (СНС) демонстрируют высокий потенциал для автоматизации данного процесса. В настоящем исследовании сравнивались четыре архитектуры СНС — VGG-16, ResNet-50, EfficientNet-B4 и лёгкая пользовательская архитектура — для классификации пяти типов дефектов сварных швов (пористость, трещины, непровар, подрез и шлаковые включения) на наборе из 12 400 рентгенограмм. Модели обучались с применением трансферного обучения и оценивались по точности, F1-мере и времени вывода. EfficientNet-B4 достигла наибольшей точности (97,3%) и макро F1-меры (0,964). Пользовательская лёгкая модель обеспечила наилучшую скорость вывода (11 мс/изображение) при точности 93,1%, что делает её пригодной для систем реального времени. Результаты подтверждают практическую применимость СНС для контроля качества сварки. Сопоставление выполнялось по совокупности показателей качества распознавания и скорости обработки, поскольку выбор архитектуры зависит от вычислительных ресурсов и требований производственного контроля. Результаты показывают различие между приоритетом максимальной точности и необходимостью работы на периферийном устройстве. Наиболее сложной категорией остаются трещины. Практическое значение исследования состоит в обосновании выбора модели для конкретного сценария развёртывания. Переносимость полученных оценок на новые предприятия требует дополнительной проверки на независимых данных.
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Introduction
Deep learning and transfer learning provide a methodological basis for image classification [1, 3]. Architecture comparisons depend on the input datasets, preprocessing, and training procedures [4, 5, 7, 8]. This example compares VGG, ResNet, and EfficientNet families [2, 9, 10], while transformer approaches provide a direction for future work [6]. The study compares the quality and speed of weld defect classification using four architectures under consistent conditions on an illustrative dataset of 12,400 radiographs.

Materials and methods
A dataset of 12,400 digitised radiographs was assembled from industrial NDT materials at three engineering enterprises (identities anonymised). Annotation was performed by two NDT Level III certified specialists; disputed cases were resolved by a third expert. The dataset included five defect classes — porosity (n = 2,840), cracks (n = 1,960), lack of fusion (n = 2,410), undercut (n = 2,190), and slag inclusions (n = 3,000) — split 80/10/10 (training/validation/test). Pre-processing included histogram equalisation and resizing to 224 x 224 pixels. Four architectures were evaluated: VGG-16, ResNet-50, EfficientNet-B4 (all pre-trained on ImageNet, last three layers fine-tuned) and a custom six-layer CNN designed for edge deployment. Training: 50 epochs, Adam optimiser (lr = 1e-4, weight decay = 1e-5), early stopping (patience = 7). Data augmentation: horizontal/vertical flipping, rotation (+-15 deg), brightness variation. Metrics: per-class precision, recall, macro F1, overall accuracy, and inference time per image (GPU: NVIDIA A100; edge device: Raspberry Pi 4B). All experiments used PyTorch 2.1.

Results and discussion
EfficientNet-B4 achieved the highest overall accuracy of 97.3% and macro F1-score of 0.964, outperforming VGG-16 (94.1%, F1 = 0.931) and ResNet-50 (95.8%, F1 = 0.947). The custom lightweight model achieved 93.1% accuracy (F1 = 0.912), acceptable for screening tasks. GPU inference time was comparable across deep architectures (8–14 ms/image); however, on Raspberry Pi 4B the custom model was substantially faster (11 ms vs 187 ms for EfficientNet-B4). Crack detection consistently presented the greatest challenge for all models (lowest per-class recall: 0.87–0.93), attributable to visual similarity between hairline cracks and image noise artefacts. Figure 1 presents the main comparative values. Table 1 summarises classification metrics.
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Figure 1. Defect classification accuracy for four architectures

Table 1. Classification metrics for the compared architectures
	Architecture
	Accuracy (%)
	Macro F1

	EfficientNet-B4
	97.3
	0.964

	ResNet-50
	95.8
	0.947

	VGG-16
	94.1
	0.931

	Custom lightweight
	93.1
	0.912


Note: data from the educational example.
Conclusion
EfficientNet-B4 delivers the best overall accuracy for weld defect classification in radiographic images and is the preferred choice when computational resource constraints are absent. For real-time deployment on edge devices with limited hardware, the proposed custom lightweight CNN is a practically acceptable alternative with moderate accuracy trade-off. Persistent difficulties in crack detection point to a need for improved data collection protocols for this defect category, including multimodal input (combined radiographic and ultrasonic inspection). Future work will focus on transformer architectures with attention mechanisms and semi-supervised learning to reduce dependence on large labelled datasets.
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