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Abstract


Corrosion detection plays a crucial role in the effective lifecycle management of steel structures, significantly impacting maintenance strategies and operational performance. This study presents a machine vision-based approach for classifying corrosion levels in Q235 steel, providing valuable insights for lifecycle assessment and decision-making. Accelerated salt spray tests were performed to simulate corrosion progression over multiple cycles, resulting in a comprehensive dataset comprising surface images and corresponding eight loss measurements. A comparative evaluation with other architectures, namely, AlexNet, ResNet, and VggNet, demonstrated that the Inception v3 model achieved superior classification accuracy, exceeding 95%. This method offers an effective and precise solution for corrosion evaluation, supporting proactive maintenance planning and optimal resource allocation throughout the lifecycle of steel structures. By leveraging advanced deep learning techniques, the approach provides a scalable and efficient framework for enhancing the sustainability and safety of steel infrastructure.
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1. Introduction


Steel structures have gained widespread adoption due to their advantages, including lightweight design, high industrialization, environmental sustainability, energy efficiency, and recyclability [1]. Although steel structures offer numerous advantages, their susceptibility to corrosion in environments with high salt spray concentrations has multifaceted implications for long-term infrastructure planning [1,2]. Economically, corrosion significantly increases the full lifecycle cost of projects. During the construction phase, additional anti-corrosion measures must be implemented, raising the initial cost. In the operational phase, continuous capital investment is required for frequent inspections, maintenance, and repairs. In terms of safety, corrosion threatens the strength and stability of steel structures. A safety incident resulting from corrosion could lead to severe casualties, property damage, and social disruption. Therefore, in-depth research into the corrosion issues of steel structures and the exploration of effective solutions are crucial for ensuring the safe and stable operation of long-term infrastructure. Currently, manual visual inspection is the most commonly used method in engineering. This approach depends on the inspector’s experience, leading to low efficiency, high subjectivity, elevated costs, and considerable safety risks [1,2,3]. Although non-destructive testing techniques such as ultrasonic testing, eddy current testing, and infrared testing offer accurate results and are frequently used for factory testing of parts and components, they often incur prohibitive time and cost implications when applied to large spans and complex structures in engineering [3,4,5,6]. With the continuous advancements in image processing and neural network technology, machine vision detection has emerged as a new inspection method [7,8,9,10]. The advent of Convolutional Neural Networks (CNNs) has greatly enhanced the accuracy of image classification and object detection. They not only improve the accuracy and efficiency of inspections but also provide a more intelligent solution for the maintenance of steel structures [11,12,13].



Convolutional Neural Networks (CNNs) are capable of automatically extracting important features from images through multi-layer convolution operations and performing complex pattern recognition layer by layer during corrosion detection tasks [14,15,16,17,18]. This capability for automated feature extraction and learning enables CNNs to handle corrosion images under different scales and environmental conditions, thereby improving detection accuracy and consistency. Additionally, the deep learning structure of CNNs demonstrates better generalization ability when processing large volumes of data, allowing adaptation to various steel surface issues such as cracks and rust [9,13,19,20]. Faster R-CNN enhances detection accuracy by precisely locating corrosion regions using Region Proposal Networks (RPNs) and further improving it with a classification network [21,22,23]. U-Net and SegNet focus on image segmentation tasks; through encoder–decoder architectures and feature decoders, they can accurately segment corrosion areas and handle corrosion images with high complexity and noise [24,25,26]. AlexNet, as an early deep learning model, although having fewer layers, effectively extracts high-level features from images, laying the foundation for steel structure corrosion detection [27,28,29]. VGGNet, with its deep convolutional network structure, can identify complex corrosion patterns and perform fine analysis of subtle corrosion phenomena. ResNet addresses the gradient vanishing problem in deep network training by introducing residual blocks, resulting in higher precision and stability when processing complex corrosion images [30].



The Inception module in Convolutional Neural Networks (CNNs) enhances network expressiveness and efficiency by applying various convolution and pooling operations in parallel, enabling the extraction of features at multiple scales [31,32]. The introduction of depthwise separable convolutions and 1 × 1 convolutions reduces computational complexity, enabling the model to operate efficiently in environments with limited computational resources [33,34]. Inception v3 further optimizes this design by combining convolutional kernels of different sizes, improving its ability to recognize complex images. With its multi-scale feature extraction capabilities and efficient computational performance, Inception v3 provides accurate and real-time detection results for steel structure corrosion images. These characteristics make it particularly effective in addressing complex corrosion patterns [35,36,37].



In this study, weight loss and surface images of Q235 steel at various corrosion cycles were obtained through indoor accelerated salt spray corrosion experiments. A corrosion level standard was established to determine the approximate corrosion levels of the images, which were used as the dataset for the classification model. To validate the Inception v3 model’s effectiveness for corrosion classification, three classic CNN architectures—AlexNet, ResNet, and VGGNet—were selected as control models. These models were compared with the lightweight Inception v3 model using the same dataset and accuracy (Acc) as the primary evaluation metric while keeping model training hyperparameters consistent. This comparison assessed the applicability and accuracy of the Inception v3 model for corrosion classification, offering a new technological approach for the efficient operation and maintenance of steel structure engineering.




2. Related Works


2.1. Inception


The Inception module in CNNs is an innovative architecture known for its modular design and multi-path parallel processing [38,39]. It combines convolutional kernels of different sizes with pooling layers, allowing the model to extract features at various scales while reducing computational complexity through 1 × 1 convolutions [40]. The core advantage of the Inception module lies in its flexible structure and efficient feature extraction capabilities, making it highly effective across multiple visual tasks and achieving a good balance in resource utilization [41].



The most direct way to enhance network performance is by increasing the depth of the convolutional network. However, as the number of layers increases, so do the parameters, which can lead to issues such as overfitting and gradient vanishing. Additionally, the explosion in parameter numbers causes a significant increase in memory usage during network training, leading to longer training times and suboptimal training results [42]. As shown in Figure 1, the core idea of the Inception module is to combine different convolutional layers in parallel. The result matrices processed by these convolutional layers are concatenated along the depth dimension to form a deeper matrix. The Inception module can be stacked repeatedly to form larger networks, allowing for efficient expansion in both depth and width. This approach enhances the accuracy of deep learning networks while preventing overfitting [43,44]. An advantage of the Inception module is its ability to perform dimensionality reduction on larger matrices while aggregating visual information at different sizes, facilitating feature extraction from various scales [45,46,47].



The Inception module is capable of flexibly selecting appropriate computational paths while maintaining high performance. The introduction of depthwise separable convolutions and 1 × 1 convolutions reduces computational complexity and parameter count, enabling the model to operate efficiently in resource-constrained environments [38,39,40]. Furthermore, parameter sharing and path optimization within the module further decrease computational overhead, making the Inception module particularly well suited for lightweight applications. It simultaneously extracts multi-scale and multi-level features, enhancing the network’s expressive power [41,42,43]. The Inception module overcomes the computational bottlenecks associated with deep networks in traditional convolutional architectures and can effectively adapt to various complex tasks, as demonstrated by its widespread use in several CNN variants, including Inception v3 [48,49,50].



The Inception v3 model is an efficient architecture within CNNs, incorporating a “modular” design that combines convolutional kernels and pooling operations of different sizes to extract rich features. This approach allows the model to capture features at various scales while reducing computational burden [51,52]. By introducing combinations of multiple kernel sizes, the network can extract features across different scales, thereby improving its ability to recognize complex images. The Inception v3 model offers significant advantages in the construction industry. Its high accuracy excels in classifying corrosion levels, where subtle differences are evident, and its deep network structure optimizes computational efficiency through branching mechanisms. This reduces the demand for computational resources, enabling real-time monitoring of large-scale building structures [53,54,55].



Inception v3 effectively extracts features at different scales, enhancing the ability to identify various building surface issues such as cracks and corrosion. The model performs stably under different conditions and adapts well to actual building inspection environments [48,49,50]. These advantages make Inception v3 highly promising for structural health monitoring and maintenance in construction. Through efficient image analysis, it can assist in identifying building types, detecting damage, monitoring construction quality, and aiding design optimization and automated measurement. These applications significantly enhance the management and maintenance efficiency of construction projects.




2.2. AlexNet


AlexNet marked the beginning of the era of deep convolutional networks. With its powerful image processing capabilities, AlexNet can accurately identify different types of buildings, monitor construction progress in real time, detect potential issues in building structures, and assist in optimizing architectural design, thereby enhancing management efficiency and quality control in construction projects [56,57,58]. Compared to LeNet, AlexNet utilizes ImageNet as the training dataset, resulting in a substantial increase in both the number of image categories and the amount of data. The incorporation of dropout, a regularization technique, mitigates the issue of network overfitting. Additionally, the use of the ReLU activation function, which has a faster convergence rate, improves model training efficiency [59,60,61].



The application of AlexNet in steel structure corrosion detection primarily leverages its powerful feature extraction capabilities provided by its deep convolutional neural network. As a classic convolutional neural network, AlexNet effectively extracts complex features from images of steel structure surfaces, capturing subtle corrosion details through its multi-layered network structure. Its robust image classification performance enables AlexNet to identify and classify varying degrees of corrosion, facilitating efficient and accurate detection of steel structure corrosion and providing a scientific basis for structural maintenance [62,63,64,65,66].




2.3. ResNet


ResNet builds upon the VGG architecture by introducing residual connections (skip connections), addressing the gradient vanishing problem in deep networks. This innovation enables the network to train deeper layers, improving both model performance and accuracy. In summary, ResNet enhances the depth and learning capability of the network based on VGG’s design principles through its residual structure [67,68,69]. ResNet introduces a residual module named “residual”, as shown in Figure 2. In a typical network module, the desired nonlinear mapping is F(x). With the introduction of an identity shortcut path, the desired mapping becomes H(x) = F(x) + x. The purpose of this adjustment is to combine the learned F(x) with the original x to better capture features. Compared to F(x), H(x) is easier to optimize. In extreme cases, if F(x) = 0, then H(x) = x indicates that the module has not learned any features and has only performed an identity mapping, which ensures that network performance is not adversely affected. In practice, the residual F(x) will not be zero, allowing the stacked layers to learn new features based on the input features, thereby achieving better performance.



The results indicate that, although ResNet uses convolutional kernels of the same scale as VGG-19, its resolution of the network degradation problem allows it to construct deeper networks [70,71,72]. Compared to VGG, ResNet achieves lower training errors and higher accuracy on test sets. In the construction industry, ResNet’s applications include building image classification, construction progress monitoring, and structural defect detection. Its innovative residual learning mechanism enables deep networks to effectively capture complex features in building images, accurately identify different types of buildings, detect issues such as cracks and corrosion in structural elements, and monitor construction quality and progress in real time. This enhances management efficiency and maintenance effectiveness for construction projects [71,72,73,74,75].




2.4. SegNet


ResNet has further advanced the exploration of network depth by addressing challenges in training deep networks [76,77]. SegNet improves upon the FCN’s transmission logic by modifying the VGG-16 network as its backbone structure. During encoding, the model extracts features through convolution operations, with SegNet employing “same” convolutions to maintain the same dimensions as the original image after convolution. During decoding, the model also uses “same” convolutions, but these convolutions serve to enrich the information in the upsampled image, allowing information lost during pooling to be recovered through learning in the decoding process. SegNet’s ability to recover information lost during pooling is particularly beneficial for construction applications. By maintaining spatial integrity and enhancing boundary detection, SegNet provides accurate and reliable segmentation masks, enabling precise structural detail extraction. This capability is crucial for tasks such as damage assessment, condition monitoring, and maintenance planning, ultimately contributing to safer and more efficient construction practices. In the decoding stage, the downsampled feature maps are upsampled, followed by convolutional processing of the upsampled images to refine the geometric shapes of objects in the image. This process restores the features obtained during encoding to the specific pixel locations in the original image [78,79,80].



SegNet is primarily used in the construction industry for image segmentation tasks, such as automated building outline recognition, structural detail extraction, and construction area marking. Its efficient encoder–decoder network structure allows SegNet to accurately segment different regions in building images, identify and label building components or damaged areas, and enhance the accuracy of design plans and the efficiency of construction process monitoring [81,82,83].





3. Methodology


3.1. Datasets


As the primary model for corrosion level assessment in this study, the classification model must ensure that the training dataset is large and representative. Q235 steel is a commonly used carbon structural steel, known for its good machinability and weldability, and is widely applied in construction, bridges, and machinery. Its chemical composition and physical properties make it representative of the general corrosion behavior of steel, making it ideal for corrosion experiments. Using Q235 steel ensures that the experimental results are both representative and practical, providing valuable insights for corrosion protection in steel structures. Therefore, this study selects Q235 specimens, as shown in Figure 3, to investigate the corrosion behavior of Q235 steel in a salt fog environment. Physical data, including surface changes and mass loss across different corrosion cycles, are collected, and the corrosion level for each cycle is determined according to relevant standards [23]. Additionally, photographs are taken of each specimen for every cycle to capture images corresponding to the corrosion state, and these images, along with the corrosion levels, constitute the dataset for steel corrosion levels.



3.1.1. Salt Fog Test


As shown in Figure 3, the specimens used in this experiment are 50 mm × 50 mm × 3.7 mm in size and made of Q235B steel. Figure 4 shows the most pristine polished steel sheet. The specific types of materials and the number of specimens used in the experiment are detailed in Table 1. Table 2 presents the list of experimental equipment.



The salt fog test was conducted over 8 cycles, with each cycle lasting 4 h. A 5% NaCl (w/v) solution was used to generate the salt fog, and the experiment followed the American Society for Testing and Materials (ASTM) standard ASTM B117-19 [84]. The experimental steps are as follows:




	(1)

	
Prepare the reagents and add a sufficient amount to the salt fog chamber.




	(2)

	
Open the salt fog chamber, place the specimens inside as shown in Figure 5, and adjust the working environment (temperature, air pressure, etc.).




	(3)

	
After the first experimental cycle, remove the fog from the salt fog chamber, take out the specimens, and rinse the surface of the specimens with distilled water to remove salt.




	(4)

	
Place all specimens in the constant temperature drying oven to dry.




	(5)

	
Take photographs to obtain images of the corrosion on the specimens’ surfaces.




	(6)

	
Remove the specimens (do not return them to the salt fog chamber), use an ultrasonic acid cleaning machine to remove surface corrosion, and dry them.




	(7)

	
Weigh the cleaned specimens, record the data, and determine the corrosion level based on mass loss and the proportion of the corrosion area.




	(8)

	
Repeat steps (2)–(7) until the full cycle experiment is completed.
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Figure 5. Placement of specimens in the salt fog chamber. 






Figure 5. Placement of specimens in the salt fog chamber.
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A preliminary experiment is first conducted to observe and determine the corrosion cycles and characteristics of the material in the salt fog environment, preventing potential data gaps in the formal experiments due to an overly large cycle span. The preliminary experiment on Q235 steel revealed the following patterns: initially, the corrosion rate of the specimens is high, and surface changes are clearly noticeable. However, once extensive corrosion coverage is reached, the corrosion rate decreases, and surface changes become less observable to the naked eye. In response to this, non-uniform intervals for the experimental cycles were established based on the preliminary experiment. Table 3 and Figure 6 illustrate the time intervals and corresponding corrosion conditions for each cycle, using Q235 steel specimens as an example. The formal experiment was then carried out in accordance with the corrosion patterns outlined in Table 3 to collect image and mass loss data for each specimen.




3.1.2. Classification Dataset


	
Judgment Criteria






Corrosion level refers to the extent of corrosion on metal specimens and is another key aspect of this experiment. It has been found that surface observation alone is insufficient for accurately determining the corrosion level, especially when the specimen is fully covered by corrosion in the later stages, making surface changes less noticeable. Therefore, it was decided to use the weight loss method in conjunction with surface observation to determine the corrosion level. To ensure consistency and synchronization, we strictly control the time intervals between surface imaging and weight loss measurements in each experiment. Standardized sample handling procedures are employed to minimize error sources. During preliminary experiments, it was observed that the mass of the specimens might initially increase before decreasing over time due to corrosion loss. This makes weight gain calculations inadequate for accurately reflecting the corrosion extent, particularly in the later stages of the experiment. Consequently, in the formal experiment, the weight loss method (mass loss method) was adopted to calculate the mass lost due to corrosion oxidation. According to the American Society for Testing and Materials (ASTM) standard ASTM G1-03 [85] for the preparation, cleaning, and evaluation of corrosion specimens, the formula for calculating the corrosion rate using weight loss is given in Equation (1).


  η = (  W 0  −  W 1  ) /  W 0   



(1)







In the formula, η represents the corrosion rate, W0 is the initial mass of the specimen, and W1 is the mass of the specimen measured during the experiment.



The final corrosion levels, corresponding corrosion cycles, mass loss, and surface corrosion conditions are summarized in Table 4.



	2.

	
Dataset







The corrosion level dataset consists of surface images of specimens at various corrosion cycles obtained from the experiments, along with the corresponding corrosion levels determined based on mass loss and surface corrosion conditions. The samples are organized into folders according to their corrosion levels, with images of the same corrosion level stored in the same folder and named accordingly. These images are then stored in the training files for the steel corrosion level classification model. Due to time constraints, a total of 651 valid corrosion images were collected and classified. The classification was based on image quality, clarity of corrosion features, consistency across experimental cycles, and relevance to the experimental conditions. Each experimental cycle provided approximately 150 valid images. To mitigate the issue of limited data, data augmentation techniques were employed, as shown in Figure 7. These techniques, including rotation and flipping, were applied to generate additional images within each category, thus expanding the dataset. After augmentation, a total of 2000 images were randomly selected from each category, with 400 images per category. The dataset was then split into training, validation, and testing sets, as shown in Table 5.





3.2. Inception Module Lightweight


The Inception module’s lightweight design significantly reduces computational complexity and model size, thereby enhancing computational efficiency and real-time performance. This is achieved through several key optimizations: reducing convolutional kernel sizes, incorporating depthwise separable convolutions, and employing parameter-sharing techniques. These strategies enable substantial reductions in computational demands while preserving robust feature extraction capabilities [40,41,42,43]. As a result, the model becomes more suitable for deployment in devices with limited computational resources. Larger convolutional kernels, such as 5 × 5 or 7 × 7, incur disproportionately higher memory usage and computational costs. For example, a 5 × 5 convolution operation requires 2.78 times more computation than a 3 × 3 convolution with an equal number of filters. Since Inception networks are fully convolutional, each weight corresponds to a multiplication for each activation. Therefore, any reduction in computational cost directly translates to a decrease in the number of parameters. Through appropriate decomposition, more disentangled parameters can be obtained, which accelerates training speed and improves overall model efficiency [48,49,50]. The modified Inception module structure is illustrated in Figure 8 and Figure 9. These modules will be directly applied in the subsequent Inception v3 model.




3.3. Inception v3


The 3 × 3 convolution module, as shown in Figure 8, is utilized as the initial Inception module. The 1 × n module, depicted in Figure 9 with n set to 7, is applied to the intermediate Inception layers. Convolutions through this module effectively simulate a 17 × 17 convolution operation, as illustrated in Figure 10. Additionally, a high-dimensional separable Inception module is implemented, as shown in Figure 11, before the final output classification layer. This module expands feature dimensions to generate high-dimensional sparse features, thereby increasing the number of features. The specific structure of the Inception v3 model is detailed in Table 6.





4. Experiments and Results


4.1. Training and Finetuning


Although the model has undergone lightweight improvements, issues such as a high number of training parameters and significant data memory usage still persist. To ensure smooth model training, computing devices with higher configurations that meet the training requirements were selected. The software and hardware configurations used for model training are outlined in Table 7.




4.2. Results and Analysis


4.2.1. Accuracy Analysis


Accuracy (Acc), also known as the accuracy rate, is a crucial metric for evaluating the performance of a neural network. It measures the proportion of correctly predicted samples to the total number of predicted samples, regardless of whether the samples are positive or negative. If only positive samples are considered in the model, the negative samples can be omitted from the numerator in the formula. Accuracy is one of the most commonly used metrics in neural network evaluations, with values ranging from 0 to 1. A value of 0 indicates that the model has classified all samples incorrectly, while a value of 1 signifies that all samples have been classified correctly. The formula for accuracy is given by Equation (2):


  Acc =    T P + T N   T P + T N + F P + F N     



(2)







In the formula, TP represents the number of true positive samples (correctly classified positive samples); TN represents the number of true negative samples (correctly classified negative samples); FP denotes the number of false positive samples (incorrectly classified positive samples); and FN indicates the number of false negative samples (incorrectly classified negative samples).



To demonstrate the superior performance of the lightweight Inception v3 model for Q235 steel corrosion classification, comparative experiments were conducted using the same dataset to train AlexNet, ResNet, and VggNet as control models. All models were trained with consistent hyperparameter settings. The classification performance of each model was evaluated based on accuracy (Acc), as shown in Figure 12. It is evident that all four classification models were well trained, with accuracies exceeding 85% after 200 iterations. Among them, AlexNet exhibited the lowest classification performance, with an accuracy of only 87%. Both ResNet and VggNet showed comparable results, achieving accuracies of over 90%. The Inception v3 model demonstrated the highest performance for corrosion classification tasks, with an accuracy of 95.5%. Therefore, it can be concluded that the lightweight Inception v3 model is the most suitable for classifying the corrosion levels of steel.




4.2.2. Error Analysis


A confusion matrix is a table used in machine learning and statistics to evaluate the performance of a classification model. It is commonly used to assess the quality of a classifier by providing a visual representation of classification results through matrix data. Its basic structure is illustrated in Table 8.



The classification results of the lightweight Inception v3 network for a total of 200 test samples were exported into a confusion matrix, as shown in Figure 13. The confusion matrix indicates that the model accurately classifies corrosion levels overall, with only a few misclassified images. Notably, for images with a corrosion level of 0, all classifications were correct. This high accuracy is due to the fact that level 0 images have not undergone corrosion, resulting in smooth, uniformly colored surfaces with fewer and more distinct features.



The remaining misclassified test samples across the four corrosion levels were selected and analyzed to investigate the reasons behind these classification errors. Both the original images and the corresponding classification weights were examined, as shown in Figure 14. For Level 1, two test samples—sample “a” and its rotated version—were misclassified as Level 2. The primary reason was that sample “a” had minor surface scratches before the experiment, which, after corrosion, resulted in a yellowed appearance resembling patchy corrosion. This visual similarity likely led the model to classify it as Level 2. Among the 40 test samples for Level 2, three samples—b, c, and d—were misclassified. Sample “b” was incorrectly predicted as Level 1 with an 81.4% probability, possibly because it was captured at an intermediate stage between pitting and patchy corrosion, making it difficult to differentiate, even for human evaluators. Sample “c” was also misclassified as Level 1 due to its extensive corrosion coverage, which blended with the original surface color, preventing the model from effectively capturing corrosion edge features. Sample “d” was erroneously classified as Level 3, likely because the model perceived the corrosion as more severe or misinterpreted the darker corrosion color as a more advanced stage.



For Levels 3 and 4, four samples were misclassified. Sample “e” was misclassified due to pre-cleaning before imaging and poor lighting conditions during capture, which hindered the model’s ability to extract corrosion features accurately. Sample “f” was predicted with over a 70% probability as the highest corrosion level (Level 4), while sample “h” was classified as Level 3 with a 66% probability. The challenge in distinguishing these samples arose because, as corrosion advanced, it accumulated and thickened, leading to minimal apparent changes that complicated classification. Sample “g” was misclassified as Level 2, likely because the corrosion had progressed to a stage where peeling occurred, darkening the surface. This visual shift caused the model to misinterpret the darkened regions as non-corroded areas, leading to an incorrect classification.



Overall, the errors encountered by the model are within a controllable range. Most of the misclassified samples result from issues during dataset creation, such as specimen wear, ambiguous classification, and poor lighting conditions during image capture. This underscores the importance of constructing a high-quality dataset before model training. For future classification model research, it is crucial to ensure that the dataset is clearly categorized and features are distinct. A well-constructed dataset is essential for training an effective neural network model.






5. Conclusions


In conclusion, this study demonstrates the effectiveness of a machine vision-based approach for corrosion level classification in Q235 steel, offering a robust tool for lifecycle management and maintenance optimization of steel structures. By integrating accelerated salt spray tests with advanced deep learning techniques, we successfully generated a comprehensive dataset of corrosion progression and achieved a classification accuracy exceeding 95% using the Inception v3 model. This approach not only outperforms traditional methods and other architectures such as AlexNet, ResNet, and VggNet but also provides a scalable and efficient framework for real-world applications. The results highlight the potential of this method to enhance the sustainability, safety, and cost-effectiveness of steel infrastructure through proactive maintenance planning and data-driven decision-making.



While machine vision detection provides significant advantages over traditional inspection methods, large-scale implementation faces challenges such as deployment costs, adaptation to varying environmental conditions, and ensuring reliability across diverse corrosion patterns. Future research should focus on improving model generalization and developing cost-effective deployment strategies to enhance practical applicability. By addressing these challenges, machine vision-based corrosion detection can contribute to more efficient and intelligent maintenance strategies for steel structures, particularly in high-risk environments.
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Figure 1. Inception module. 
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Figure 2. Residual module. 
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Figure 3. Specifications of experimental specimens. 
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Figure 4. Experimental specimen setup. 
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Figure 6. The surface of each corrosion period of the specimen. 
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Figure 7. Data enhancement. 
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Figure 8. Replacement of 5 × 5 convolution with 3 × 3 convolutions. 
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Figure 9. Replacement of high-dimensional convolutions with 1 × n and n × 1 convolutions. 
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Figure 10. Replacing high-dimensional convolutions with 1 × 7 and 7 × 1 convolutions. 
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Figure 11. High-dimensional separable Inception module. 
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Figure 12. Classification accuracy of various models. 






Figure 12. Classification accuracy of various models.



[image: Buildings 15 00512 g012]







[image: Buildings 15 00512 g013] 





Figure 13. Confusion matrix for Inception v3. 
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Figure 14. Classification weights for misclassified samples. 
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Table 1. Experimental material setup.
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	Experiment Number
	Specimen Material
	Quantity (Pieces)





	1
	Q235
	40



	2
	Q235
	40



	3
	Q235
	40



	4
	Q235
	40



	5
	Q235
	40










 





Table 2. Experimental equipment list.






Table 2. Experimental equipment list.





	Equipment Name
	Model
	Purpose





	Electronic Salt Fog Chamber (JITAI Corporation, Beijing, China)
	JiTai 90
	Indoor accelerated salt fog laboratory



	Silent Air Compressor (AOTUSI Corporation, Taizhou, China)
	ZhiPu 1490W-30L
	Supplying air pressure to the salt fog chamber



	Constant Temperature Drying Oven (SUBO Corporation, Shaoxing, China)
	SuBo 101-00B
	Drying specimens



	Ultrasonic Cleaning Machine (SHANGPU Corporation, Shanghai, China)
	ShangYi SN-QX-08E
	Cleaning corrosion sites



	Precision Electronic Scale (YOUKEWEITE Corporation, Kunshan, China)
	LeQi 0.001 g
	Weighing specimens










 





Table 3. Time corrosion cycles and surface conditions.
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	Title 1
	Title 2
	Title 3
	Title 4





	1
	4 h
	4 h
	Pitting corrosion observed



	2
	8 h
	4 h
	Pitting corrosion intensifies and spreads further



	3
	12 h
	4 h
	Spot corrosion appears



	4
	24 h
	12 h
	Extensive corrosion observed



	5
	48 h
	24 h
	Corrosion almost fully covered



	6
	72 h
	24 h
	Corrosion fully covered with deepened color



	7
	96 h
	24 h
	Deepened corrosion color and beginning to flake off










 





Table 4. Corrosion level system.






Table 4. Corrosion level system.





	Corrosion Level
	Corrosion Cycle
	Mass Loss
	Surface Corrosion Condition





	0
	Initial
	0%
	Smooth surface, no corrosion



	1
	1
	0–0.5%
	Pitting, corrosion at scratches



	2
	2, 3
	0.5–2%
	Patches of corrosion, strip corrosion



	3
	3, 4, 5
	2–5%
	Extensive corrosion, full coverage



	4
	5, 6, 7
	>5%
	Complete coverage, uneven surface, deepened color










 





Table 5. Dataset partitioning for classification training.
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	Dataset
	Level 0
	Level 1
	Level 2
	Level 3
	Level 4
	Total





	Training Set
	320
	320
	320
	320
	320
	1600



	Validation Set
	40
	40
	40
	40
	40
	200



	Testing Set
	40
	40
	40
	40
	40
	200










 





Table 6. Inception v3 architecture.
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	Type
	Receptive Field/Stride
	Input Size





	conv
	3 × 3/2
	299 × 299 × 3



	conv
	3 × 3/1
	149 × 149 × 32



	conv padded
	3 × 3/1
	147 × 147 × 32



	pool
	3 × 3/2
	147 × 147 × 64



	conv
	3 × 3/1
	73 × 73 × 64



	conv
	3 × 3/2
	71 × 71 × 80



	conv
	3 × 3/1
	53 × 53 × 192



	3 × Inception
	Figure 8
	35 × 35 × 288



	5 × Inception
	Figure 10
	17 × 17 × 768



	2 × Inception
	Figure 11
	8 × 8 × 1280



	pool
	8 × 8
	8 × 8 × 2048



	linear
	logits
	1 × 1 × 2048



	softmax
	classifier
	1 × 1 × 1000










 





Table 7. Inception v3 training environment.
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Component

	
Title 3






	
Hardware

	
CPU

	
Intel(R) Core(TM) i7-10700 CPU @290 GHz (Intel Corporation, Santa Clara, CA, USA)




	
GPU

	
NVIDIA GeForce RTX 3060 (NVIDIA Corporation, Santa Clara, CA, USA)




	
RAM

	
DDR4 16 GB (Samsung Electronics, Suwon, Republic of Korea)




	
Software

	
Cuda

	
Cuda 10.0




	
IDE

	
PyCharm Community Edition 2017.2.2




	
Programming Language

	
Python 3.8




	
Framework

	
PyTorch 1.2.0











 





Table 8. Confusion matrix.
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	Predicted Positive
	Predicted Positive





	Actual Positive
	True Positive (TP)
	False Negative (FN)



	Actual Negative
	False Positive (FP)
	True Negative (TN)
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2025 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file26.jpg
Real grade: 1 Realgade 2 (b)
Wentification Identifcation grade : |

Grade 1 weight 0362 Grade 1 wei Grade | weight 0.6 Grade 2 weigh

Grade 2 weight 0.617 Grade 2 wei Grade 2 weight - 03 Grade 3 weight £ 0.526

Realgrade 3 (©) Realgrade:3 () Realgrade 4 () Realgade -4 ()
Identification grade Identfication grade 4 Identification grade :2 Identfcation grade : 3
Grade | weight0.531 Grade 1 weight: 0286 Grade | weight0.462 Grade 2 weight: 0661

ight - 0417 Grade 2weight:0.717  Grade 2 weight : 0237 Grade 3 weight : 0.301






media/file8.jpg





media/file27.png
Real grade: 1 (a)

Identification grade : 1
Grade 1 weight : 0.362
Grade 2 weight : 0.617

Real grade : 3 (e)

Identification grade : 2
Grade 1 weight : 0.531
Grade 2 weight : 0.417

Real grade : 2 (b)

Identification grade : 1
Grade 1 weight : 0.815
Grade 2 weight : 0.159

Real grade : 3 (f)

Identification grade : 4
Grade 1 weight : 0.286
Grade 2 weight : 0.717

Real grade: 2 (¢)

Identification grade : 1
Grade 1 weight : 0.662
Grade 2 weight : 0.317

Real grade : 4 (g)

Identification grade : 2
Grade 1 weight : 0.462
Grade 2 weight : 0.237

Real grade : 2 (d)

Identification grade : 3
Grade 2 weight : 0.455
Grade 3 weight : 0.526

Real grade : 4 (h)

Identification grade : 3
Grade 2 weight : 0.661
Grade 3 weight : 0.301






media/file13.png





media/file12.jpg





media/file18.jpg
7x1 Conv 7x1 Conv

1 )

1x7 Conv 1x7 Conv 1x1 Conv

* + * 1x1 Conv

1x1 Conv 1x1 Conv 3x3 pool






media/file9.png





media/file14.jpg
1x1 Conv






media/file20.jpg
313 Conv

353 Conv.

~_~

Base

3x3Conv || 3x3Conv || 3x3Conv [[ 1xIConv
[} g [} 131 Conv
131 Conv 1x1 Cony, 3x3 pool






media/file28.png





media/file23.png
Accuracy (%)

— ResNet
—— AlexNet
— VGG

1 s 1 L 1 N 1

Inception v3

80 100 120 140 160

Epochs





media/file5.png
X
identity

v x

‘ weight layer ‘

RelLU F(X)

‘ weight layer ‘

F(x)+X

RelLLU





media/file15.png
| 3x3 Conv |

| 3x3Conv || 3x3Conv || 1xIConv |
A | 1x1 Conv |

*
| 1x1 Conv || 1x1 Conv || 3x3 pool |

( Base )






media/file19.png
( ConCat )

7x1 Conv |

*

1x7 Conv |

*

7x1 Conv || 7x1 Conv |

1x7 Conv || 1x7 Conv || 1x1 Conv |

A A A | 1x1 Cony |

1x1 Cony || 1x1Conv || 3x3pool |

(e )






media/file2.jpg
5%5 Conv

3x3 Conv

1x1 Conv

+

+

1x1 Conv

1x1 Conv

3x3 pool

1x1 Conv






nav.xhtml


  buildings-15-00512


  
    		
      buildings-15-00512
    


  




  





media/file11.png
Period 1 Period 2

Period 4 Period 5 Period 6





media/file6.jpg
50 mm





media/file24.jpg
True label

class3  class2 classl  classO

class4

40 0 0 0 0
0 38 2 0 0
0 2 37 it 0
0 0 0 38 2
0 0 i ( 38
classO classl  class2  class3  class4

Predicted label






media/file1.png





media/file10.jpg
Period 0 Period 1 Period 2 Period 3

Period 4 Period 5 Period 6





media/file7.png
50 mm

50 mm

3.7 mm





media/file16.jpg
nx1 Conv

*

1>n Conv
nx1 fCorw nx1 Conv
1x1 tonv 1x1 +Conv 3X3t)001

1x1 Conv






media/file3.png
( ConCat j

| 5x5Conv || 3x3Conv || IxIConv |

A A A 11 Conv

| 1x1 Conv || 1x1 Conv || 3x%3 pool |






media/file22.jpg
100

2 »
3 3

Accuracy (%)
N
8

ResNet
— AlexNet
— VGG

Inception v3

20

40

60 80 100 120 140
Epochs

160

180 200





media/file17.png
nx1 Conv |

f

Ixn Conv |

*

nx1 Conv || nx1 Conv |

Ixn Conv || Ixn Conv || Ix1 Conv |

| 1x1 Conv |

S S
1x1 Conv || 1x1 Conv || 3%3 pool |

(e )






media/file4.jpg
identity

weight layer

* ReLU

weight layer

ReLU

F()

F(x)+X





media/file25.png
True label

class3 class2 classl classO

class4

40 0 0 0 0
0 38 2 0 0
0 2 37 1 0
0 0 0 38 2
0 0] 1 1 38
classO classl class2 class3  class4

Predicted label






media/file0.jpg





media/