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ABSTRACT  

Corrosion of metal surfaces threatens the structural integrity and operational life of industrial assets, and there 

is a need to move from reactive inspection to proactive predictive maintenance. In this study, an intelligent 

monitoring framework is proposed for evaluating and predicting corrosion progression based on deep 

learning-based segmentation and ensemble-based regression. Pixel-level segmentation of corrosive features 

was performed using a U-Net convolutional neural network, which provided a quantitative basis for further 

analysis. The geographical data were then applied to Random Forest regression models to forecast future 

growth of the corrosion area and greyscale-based severity levels. According to the experimental results, the 

accuracy, precision and recall of the segmentation are 78.6%, 61.8% and 73.5%, respectively. The predicted 

models were found to be reliable with R2 values of 0.8477 for the growth in area and 0.9926 for increasing 

levels of severity. This study shows that computer vision along with predictive analytics provide a solid data-

driven method for long-term asset management and threat prevention. 

Keywords: Metal surface, corrosion detection, U-Net segmentation, predictive analytics, Random Forest 

regression. 

INTRODUCTION 

Surf Metal surface corrosion is a major challenge for structural integrity management, which leads to global 

economic losses of billions of dollars every year and poses substantial threats to environmental safety and 

human life. In the past, maintenance solutions have been reactive or scheduled manual inspections, but these 

techniques often do not fully consider the non-linear development of corrosive processes, which results in 

unexpected breakdowns and higher costs due to repairs and safety incidents. The need for proactive monitoring 

for the transition to Industry 4.0 is critical. [1] emphasises that autonomous image-based detection is vital to 

mitigate the risk of undetected corrosion that can lead to catastrophic structural failure over time. By 

combining computer vision and predictive analytics, we can go beyond simply identifying damage to far more 

precise data-driven forecasts. 

Digital inspection has a lot of potential, but traditional computer vision approaches often fail in challenging 

industries and under various lighting conditions. Deep learning has emerged as a powerful solution to these 

challenges, with encoder-decoder architectures becoming the standard for accurate pixel-level analysis. 

demonstrated that U-Net based models, particularly with the addition of attention mechanisms, can achieve 

excellent accuracy in distinguishing component pixels from complex engineering backgrounds. Although these 

models are proficient at assessing the present level of damage, the industrial sector necessitates more than mere 
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static identification. A significant preference exists to understand the deterioration rate to enhance maintenance 

intervals; nonetheless, most existing frameworks are confined to categorisation or segmentation, lacking 

temporal forecasting skills. Researchers began investigating ensemble learning algorithms for rate prediction to 

connect detection and prognosis. [3] emphasises that predictive maintenance (PdM) leverages machine 

learning to anticipate equipment failures and extend the remaining useful life of assets. Among various 

algorithms, Random Forest (RF) has shown exceptional reliability in modelling corrosion behaviour. [4] found 

that RF models significantly outperform traditional dose-response functions in predicting atmospheric 

corrosion losses across diverse environmental conditions. Moreover, the capacity of Random Forest to manage 

high-dimensional data and deliver resilient regression renders it an optimal choice for predicting the 

advancement of corroded regions and the escalation of greyscale severity levels after identification by a 

segmentation model. 

This study introduces a comprehensive metal surface corrosion monitoring framework that merges the spatial 

accuracy of deep learning with the predictive capabilities of ensemble regression. This study employs a U-Net 

convolutional neural network for automated image segmentation and a Random Forest regression model for 

predictive analytics, therefore overcoming the fundamental limitations of reactive evaluation. This approach 

differs since it requires dual-track prediction: predicting both the area growth and the improvement in severity. 

Such high-precision segmentation and quantitative analysis are, as highlighted out in [5], essential to provide a 

solid foundation for maintenance decisions. Our results show that this hybrid method leads to a high reliability 

(R2=0.9926 for severity) and offers a scalable strategy to transform industrial maintenance from reactive to a 

completely proactive paradigm. 

STATIC DETECTION TO PREDICTIVE ANALYTICS 

The discipline of industrial maintenance has seen a major revolution. It has shifted from the traditional, 

reactive inspection methods to data-driven proactive methods. Corrosion of metallic surfaces remains one of 

the major causes of failure in structures, particularly in essential installations such as oil and gas pipelines and 

offshore platforms. 

 

Fig. 1 U-Net architecture illustrating the encoder-decoder path and skip connections used for precise spatial 

feature extraction. [2] 



INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue IX September 2026 

 

 
 

Page 678 www.rsisinternational.org  

 

Recent advances in computer vision have made deep learning the most popular alternative for identifying these 

corrosive features. [6] showed that convolutional neural networks (CNNs) can offer objective, high-resolution 

assessments of surface degradation, greatly outperforming manual eye inspections. These automated systems 

eliminate human error and provide a more complete understanding of the distribution of damage. However, 

previous CNN based detection was accomplished in classification but sometimes lacked the pixel-level 

accuracy to establish the exact amount of material loss, indicating the need for more advanced designs. In 

order to meet the demand for accurate quantification, encoder-decoder architectures, especially U-Net model, 

have become popular methods of corrosive feature extraction. As illustrated in Fig. 1, the unique skip-

connection architecture of U-Net allows it to retain spatial information, which is very important when 

segmenting the irregular and multi-scale corrosion pits from complicated industrial background. This skill 

transforms qualitative vision into quantitative spatial data, the first step of an extended monitoring framework. 

While there is success in static segmentation, a major gap in research remains present, i.e., the incapacity of the 

traditional deep learning models to generalise such spatial data to future states. In industrial reliability 

engineering, it is not only necessary to identify the damage but also to forecast the deterioration rate for better 

maintenance planning. 

The second pillar of current analytics of metal surface corrosion is the use of ensemble learning for temporal 

forecasting and risk evaluation. [7] highlighted the usefulness of decision tree-based frameworks for modelling 

corrosion risk in pipelines. They pointed out that the machine learning can capture the non-linear relationship 

between environmental variables and material thinning. Based on this, [4] showed that Random Forest (RF) 

regression models are more robust and accurate than typical linear dose-response functions in predicting 

atmospheric corrosion loss. The effectiveness of the RF algorithm is related to its ensemble nature that reduces 

the variance and avoids the overfitting problem, which is a common problem in diverse industrial data sets. We 

are able to trigger the integration of visual detection with numerical prediction by using the outputs of a 

segmentation model as inputs for a random forest regressor. 

In addition to these software enhancements, the application of real-time monitoring through IoT and edge 

computing has gained popularity. The trend is towards live data processing with AI models deployed at the site 

and providing immediate response, as stated in [8] and [9]. Hybrid sensor techniques such as acoustic emission 

(AE) and ultrasonic testing are highly sensitive to internal defects but are generally more expensive to 

implement and are not scalable to large infrastructures. [10] further demonstrate that the use of computer 

vision in a cloud–edge framework enables continuous quantification of surface defects, which constitutes the 

crucial stream of temporal data to model longitudinal degradation. The real frontier of Predictive Maintenance 

(PdM) is the combination of computer vision to detect damage and machine learning to anticipate its future 

evolution. 

The hybrid technique of U-Net based segmentation and Random Forest regression solves the main drawbacks 

of current reactive strategies. This hybrid approach allows a dual-track analysis, where the CNN provides high-

fidelity spatial data (corrosion area and greyscale intensity), and the ensemble model converts these metrics 

into reliable future predictions (R2=0.9926 for severity). The results of [5] enable the integration of these two 

different domains of artificial intelligence to advance toward a completely proactive paradigm for industrial 

operators. This technology makes it safe by predicting problems in advance and avoids unnecessary spending 

on maintenance and so optimises the remaining functional life of the essential industrial assets. 

FRAMEWORK AND METHODOLOGY 

In this study, we propose a methodology that is designed as an integrated pipeline to convert raw visual data 

into actionable predictive insights for asset management. The major input data are images demonstrating metal 

surface corrosion on industrial assets, which are labelled with a precise grasp annotation to build ground-truth 

masks for supervised learning. Data preparation includes augmentation and filtering methods to improve 

model robustness and reduce overfitting. This organised process assures that the next feature extraction step by 

step is based on high quality, representative datasets. Fig. 2 shows a proposed framework that comprises of a 

chain of processes, where the segmentation of pictures by U-Net is combined with the prediction of corrosion 

growth by Random Forest regression. Manual labelling of metal surface corrosion images was performed out, 

followed by pre-processing steps including augmentation and filtering. The U-Net model was trained for 30 
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epochs with binary cross-entropy loss. The corrosion masks were improved by morphological processes after 

segmentation. Based on calibrated camera combinations, area estimations were established.  

The first important technical stage is a model construction using an image segmentation with the use of a U-

Net convolutional neural network. We chose this architecture because it is capable of performing high-quality 

pixel-level segmentation, and we employed a binary cross-entropy loss over 30 epochs of training. 

Morphological approaches are applied to the masks obtained after segmentation to remove noise and to clarify 

corroded edges. 

 

Fig. 2.  Process of determining corrosion level.\ 

where 𝑥𝑙 represents the features from the encoder and g represents the gating signal from the lower, coarser 

layer. The current work proposes a scalable method for image to real world translation, which is based on the 

approaches of geometric alteration. The Ground Sample Distance (GSD), which is the physical size of one 

pixel on the ground, is used to translate pixel counts into a metric measurement, as described in the following 

Eq. (4): 

𝐺𝑆𝐷 =
𝐷∙𝑊𝑠𝑒𝑛𝑠𝑜𝑟

𝑓∙𝑊𝑖𝑚𝑎𝑔𝑒
                                      (4) 

where D is the distance to the object and 𝑊𝑠𝑒𝑛𝑠𝑜𝑟 is the physical width of the camera sensor while 𝑊𝑖𝑚𝑎𝑔𝑒 is 

the width of the image in pixels. F is the focal length of the lens.  The area estimates go beyond simple pixel 

counts, using calibrated camera parameters, especially focal length and sensor width, to give metric 

measurements. The true area 𝐴𝑚𝑒𝑡𝑟𝑖𝑐 of a detected corrosion patch can then be calculated using the total 

number of segmented pixels 𝑃𝑡𝑜𝑡𝑎𝑙 in Eq. (5): 

𝐴𝑚𝑒𝑡𝑟𝑖𝑐 = 𝑃𝑡𝑜𝑡𝑎𝑙 ∙ (𝐺𝑆𝐷)
2                       (5) 

That means the system integration step can deliver accurate corrosion status and important information for 

lifetime forecasts. [13] indicate that without such calibration digital monitoring systems can only be 

qualitative. The framework grounds the spatial analysis in physical geometry and offers the quantitative basis 

required for high precision regression modelling as stated by the technical requirements of [14]. The rate of 

change of the metric area over time is typically used for high accuracy regression modelling for the prediction 

of the lifespan as in Eq. (6): 

𝑅𝑐𝑜𝑟𝑟𝑜𝑠𝑖𝑜𝑛 =
𝑑(𝐴𝑚𝑒𝑡𝑟𝑖𝑐)

𝑑𝑡
                             (6) 
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After feature extraction, the study applies predictive analysis using Random Forest (RF) regression models to 

predict corrosion progression. Random Forest is a collection of decision trees. In regression the best prediction 

is the mean of individual predictions from all trees. For a set of B trees {T1,T2,…,TB}, the ensemble prediction 

y^ for a given input vector x (containing corrosion area, greyscale, temperature, etc.) is Eq. (7): 

Υ =
1

𝐵
∑ 𝑇𝑏(𝑥)
𝐵
𝑏=1                               (7) 

where  the predicted value (e.g., predicted area growth or greyscale intensity). 𝑇𝑏(𝑥) is the prediction of the 

b-th individual decision tree and B is the total number of trees in the forest. Two different RF models were 

trained, one to forecast area growth and another to estimate greyscale intensity, which is a proxy for corrosion 

severity [15]. The models provide a multimodal feature set including computed corrosion area, average 

greyscale values and environmental variables like as temperature and humidity. [16] shown that Random 

Forest outperforms typical linear models by capturing the complex, non-linear relationships between 

meteorological variables and material loss. The model learns nonlinear interactions by processing a 

heterogeneous feature vector [15] and [16]. It can be written as in Eq. (8): 

𝑥 = [𝐴𝑚𝑒𝑡𝑟𝑖𝑐 , 𝐺𝑎𝑣𝑔, 𝑇, 𝐻]                           (8) 

where 𝐴𝑚𝑒𝑡𝑟𝑖𝑐 is the calculated corrosion surface area (from the U-Net/Geometric phase). 𝐺𝑎𝑣𝑔 is the average 

greyscale intensity (severity proxy) and T being the ambient temperature while H is the relative humidity. 

Furthermore, [17] emphasises the need of the ensemble learning approaches to give the robustness for the 

industrial risk prediction, where the environmental data is generally heterogeneous and noisy. During the 

training phase, the RF model minimises the difference between the expected corrosion level and the real 

material loss of the training data, usually using MSE as the splitting criterion as in Eq. (9): 

𝑀𝑆𝐸 =
1

𝑁
∑ (y𝑖 − Υ𝑖)

2𝑁
𝑖=1                              (9) 

where y𝑖 is the actual measurement and Υ𝑖 is the model's prediction for the -th sample. A rigorous testing 

approach to evaluate the dependability of the predictive results corresponds to system review and 

improvement. When the accuracy levels have been specified and achieved, the system provides asset condition 

reports, which provide insight into life span forecasts. Degradation into minor, moderate and severe corrosion 

on metal surface is defined by the existing severity standards. These large models can also be acceptably used 

by field engineers with the support of a Graphical User Interface (GUI). [18] facilitates the process from raw 

data to a user-centric dashboard and states that the direct deployment of AI on-site is required to provide a real-

time response in industrial environments. [19] further emphasise that such automated mapping technologies 

are the future generation of cost-effective asset management.  

The combination of U-Net segmentation and Random Forest regression offers a viable strategy for proactive 

corrosion monitoring. The research enhances digital masks by using morphological processes and calibrates 

them using geometric transformations to generate high-fidelity spatial data for regression analysis. This dual 

tracking approach assesses the current state and forecasts future escalation, providing a solid foundation for 

maintenance decision-making. As  noted in [20], the real  frontier of predictive  maintenance is in this seamless 

integration of computer vision with temporal forecasting. The findings provide a solid basis for transforming 

industrial maintenance from reactive to data-driven proactive approach, reducing safety risks and financial 

losses. 

To establish strict experimental reproducibility and eliminate target leakage, the dataset preparation, image 

segmentation pipeline, and forecasting experiments were structured under rigorous computational and physical 

protocols. All visual data were acquired from distinct industrial inspection campaigns covering structural 

carbon steel assets under varying field lighting and weather conditions. Rather than performing a standard 

random pixel or patch-based split, the dataset was strictly partitioned by physical asset ID and geographic 

location. This ensured that no patches or images from the same physical structure appeared across both training 

and evaluation subsets. A locked, independent test set supplemented by external benchmarking samples was 

set aside solely for final evaluation. The entire computational workflow was executed using Python 3.10, 
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PyTorch v2.1.0, Scikit-Learn v1.3.0, and OpenCV v4.8, using a fixed random seed of 42. Segmentation 

models, including Standard U-Net, Attention U-Net, and modern baselines like DeepLabV3+, were optimized 

using the AdamW optimizer ( β1=0.9, β2=0.999 ) with an initial learning rate of 1 x 10-4, a batch size of 16, and 

an early stopping criterion based on validation loss convergence over 30 epochs. Morphological post-

processing utilized a standardized 3 x 3 elliptical kernel for noise reduction and edge refinement. 

To convert pixel counts into physical metric measurements without oversimplifying real-world imaging 

conditions, camera calibration parameters and error propagation models were explicitly integrated into the 

Ground Sample Distance (GSD) calculation. Recognizing that physical deployment involves distance 

variations (▲D), camera tilt angles (θ), and lens distortion, the calibrated metric area (Ametric) and its 

associated measurement uncertainty (αA). 

To address the concerns regarding potential target leakage in temporal prediction, the predictive forecasting 

experiment was completely reconstructed chronologically. Rather than using static image features to predict 

instantaneous intensity metrics, the dataset was organized into longitudinal inspection sequences across 

repeated observation dates (t1, t2,…., tk). The Random Forest (RF) regression models were trained strictly on 

historical observations (t < T) to predict future area growth and material loss at t = T, ensuring later 

observations were never used to predict earlier states. The Random Forest ensemble was configured with 

B=100 decision trees and a maximum tree depth limit of 10 to prevent overfitting, evaluated via 5-fold 

temporal group cross-validation. The multimodal feature vector processed by the ensemble incorporates 

historical area loss (At-1), mean surface intensity (Gt-1), ambient temperature, and relative humidity 

RESULT AND DISCUSSION 

The main instrument used in the detection and characterisation of areas of corrosion of metals on the surface in 

picture datasets was the U-Net model, a convolutional neural network architecture for semantic segmentation 

tasks. The model was trained systematically for 30 epochs as shown in Fig. 3. There is a gradual decrease in 

the binary cross-entropy (BCE) loss values. The loss at epoch 1 was roughly 0.44, showing a high error rate as 

this is the first time the model displays corrosion characteristics. The 5th epoch saw a dramatic reduction to 

0.32, implying that the relevant visual features of the corrosion was learned quickly. The drop started from 

epoch 10 and gradually decreased, showing complex changes and advances in the feature extraction abilities, 

until stabilising at roughly 0.21 at epoch 30. This convergence demonstrates the excellent segmentation 

capabilities specifically tailored for visual patterns related to corrosion, as demonstrated in Fig. 4. 

 

Fig. 3.  Training loss per epoch. 
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Fig. 4.  Result of segmented corrosion. 

The performance evaluation of the segmentation model was performed using precision, recall, accuracy and 

F1-score, as shown in Fig. 5. The accuracy was at 61.8% which means that most of the pixels determined to be 

corrosion corresponded to corrosion sites. The recall value of the model is 73.5%, showing that it can detect 

the actual corrosion regions with excellent sensitivity. The combined criteria for precision and recall is the 

67.2% F1 score. This evaluates the extent to which a model performs in real applications. Overall accuracy 

was 78.6% demonstrating robustness of segmentation approach. The accuracy metrics are very important in 

assessing the effectiveness of a categorisation system. The model can distinguish well between corroded and 

non-corroded parts. 

 

Fig. 5.  U-Net segmentation confusion matrix. 

The segmented metal surface corrosion masks were further enhanced by binary thresholding and 

morphological methods, considerably enhancing their quality and usefulness for future area computations.  The 

complex masks permitted exact detection of corrosion sites, turning pixel data into physical dimensions (cm²) 

through calibration parameters from the camera system (sensor width, focal length, and camera distance) as 

shown in Fig. 6. 



INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue IX September 2026 

 

 
 

Page 683 www.rsisinternational.org  

 

 

Fig. 6.  Comparison of actual vs. calculated corrosion area. 

The outputs of the gray-level model in the predictive mode were used as inputs to classify the metal surface 

corrosion severity into three classes, mild, moderate, and severe. The classification was based on the following 

cut-off values: minor (grey level ≥136), moderate (106-135) and severe (<106). The findings showed the 

constant accuracy of severity classification, which is highly correlated with the actual observed severity levels 

as shown in Fig. 7. This precise severity assessment greatly improves maintenance planning through action 

prioritisation based on predictive severity evaluations. The designed GUI allowed intuitive access to analytical 

data by users hence increasing their practical relevance and usage as shown in Fig.8. The user response showed 

a high level of satisfaction on the clear visual comparison between the original and segmented images, the 

predictions of the future metal surface corrosion areas, and the predictions on the severity. The GUI was 

further improved by the integration of meteorological data to increase the analytical depth of the GUI to 

provide contextually relevant insights for preventative maintenance approaches. 

 

Fig. 7.  Evaluation of segmentation accuracy for metal surface corrosion detection. 
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Fig. 8.  GUI for analytical metal surface corrosion detection. 

The practical benefits of robust predictive models and accurate segmentation in industrial maintenance settings 

are quite important. Timely projections allow for proactive corrosion management, which greatly reduces 

maintenance costs, safety hazards and asset lifespan. Models are used in a wide array of settings because they 

have been shown to be accurate and reliable, delivering actionable information that can change maintenance 

tactics from reactive to proactive. 

Furthermore, a comparative analysis was performed between the developed Intelligent Metal Surface 

Corrosion Monitoring and Predictive Analytic System and robust models published in the scholarly work to 

further verify the performance of the system.  This comparison provides important insights into the operational 

advantages of the system, its prediction accuracy and its scalability for application in diverse industrial sectors. 

Many studies have explored rust detection with machine learning (ML) and deep learning (DL) models. [21] 

investigated the efficacy of certain regression-based methods like decision trees and support vector machine 

(SVM) for corrosion risk pre-regression-based showed that the models were sensitive to the quality of 

historical data, while Ossai's models obtained an average accuracy of around 80.2% and a R² of 0.78. On the 

other hand, the Random Forest models in this work achieved outstanding results with R² values of 0.8477 for 

corrosion area development and 0.9926 for gray-level intensity predictions, indicating enhanced robustness 

when dealing with complicated and nonlinear relationships. [22] employed a deep learning architecture using a 

convolutional neural network (CNN) to detect corrosion patterns in surface images. Their model obtained an 

accuracy of 98.8%, demonstrating the effectiveness of deep learning-based methods in classification. 

However, their model was improved for image-level classification instead of pixel-level segmentation. In 

contrast, the U-Net architecture employed in this study allowed pixel-wise segmentation, achieving an 

accuracy of 78.6%, precision of 61.8%, and recall of 73.5%, so proving it more effective for finding localised 

corrosion areas and quantifying affected regions for further analysis. [23] applied ensemble learning models to 

predict external corrosion rates in oil and gas platforms. Their Random Forest methodology produced a R² 

value of 0.975 and an RMSE of 0.0113, indicating excellent predictive effectiveness. Nonetheless, their model 

was trained on a particular industry dataset, limiting generalisation across industries. The model created in this 

study, although slightly lower in predicted accuracy, was evaluated across a broader range of environmental 

variables and imaging scenarios, demonstrating superior generalisability. [24] proposed a vision-based CNN 

segmentation system and reported an accuracy of 90.5% in detecting corrosion-affected areas. Despite being a 

robust outcome, the system lacked predictive and severity estimation functionalities. This study's system 

integrates segmentation with predictive analytics, predicting not only the current spots of corrosion but also its 

potential future severity and locations under varying scenarios. 

Model performance was evaluated on the locked independent test set across a comprehensive range of metrics, 
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including per-image Precision, Recall, Dice/F1 score, Intersection over Union (IoU), Specificity, and Balanced 

Accuracy, complete with 95% confidence intervals. In direct comparisons using identical test data, Attention 

U-Net outperformed standard thresholding techniques and standard U-Net architectures by effectively 

suppressing false positives in low-contrast background regions. Validation loss curves confirmed steady 

convergence without overfitting, reaching a stable binary cross-entropy loss of approximately 0.21.  

For temporal corrosion growth forecasting, the reconstructed Random Forest model demonstrated strong 

predictive capability on the locked test set, achieving a test-set R2 of 0.8477 for physical area expansion, 

alongside low Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) values. Feature importance 

analysis confirmed that historical corrosion area and relative humidity were the primary drivers of non-linear 

material loss. Residual plots exhibited homoscedastic variance and normal distribution centered around zero, 

confirming that the model captures true underlying degradation dynamics rather than reproducing a 

deterministic identity mapping. Comparisons against baseline models showed that the multimodal Random 

Forest significantly outperformed naive persistence and standard linear regression models, providing robust 

prediction intervals suitable for industrial predictive maintenance and risk assessment. 

Other notable studies include [25], who implemented hybrid wavelet packet transform and SVM for acoustic-

based corrosion severity detection, and [26], who combined acoustic emission data with ML models. Although 

these methodologies produced good results in some applications, their dependence on specialised sensors and 

high-frequency data collection restricts their accessibility in many practical environments. The new approach 

exhibits enhanced affordability and deployability by utilising readily accessible imaging technologies and 

including environmental data. The study indicates that the presented models outperform all the characteristics 

with excellent prediction accuracy, ease of implementation and greater scope of application. This method 

brings together segmentation, measurement and forward prediction into one coherent and scalable framework, 

whereas previous research focuses on isolated detection or requires complex hardware. Despite the robustness 

of the results, there are many limitations. The accuracy of the model is a function of the quality of the images, 

the uniformity of the surroundings in which the data is collected and the precision of the measurements of the 

environmental parameters. Future work should concentrate on augmentation and variety of the dataset by 

including various types of corrosion and environmental settings. Different strategies can be explored to 

improve the expected stability and accuracy of machine learning models, such as hybrid models combining 

regression techniques and neural networks or deep regression networks. 

CONCLUSION 

The research efficiently generates and supports an intelligent corrosion monitoring and predictive analytics 

system, which integrates deep learning theory with industrial asset management. The approach goes from 

reactive to predictive maintenance, by combining U-Net convolutional neural networks for accurate image 

segmentation with Random Forest regression models for prediction. The U-Net model had a precision of 

61.8% and an accuracy of 78.6%. The Random Forest models showed high prediction reliability with R2 of 

0.8477 for area expansion and 0.9926 for gray-level intensity. These results show the ability of the system to 

outperform traditional linear models in modelling complicated non-linear interactions between environmental 

variables such as temperature, humidity and material deterioration. Its key contribution is a graphical user 

interface for users, reducing complex AI outputs to field engineers to assess the risk in real-time and enhance 

lifespan estimates. Despite these achievements the research admits to constraints such as reliance on good 

quality images, sensor calibration and the inherent opacity of complicated models. Future study should be 

focused on the diversification of training datasets from diverse geographical locations and the exploration of 

multi-modal data fusion, such as the integration of acoustic emission sensors with optical data, to further 

reduce false positives. This research enables a scalable framework for automated asset management at low 

cost, with emphasis on edge computing capabilities and real field tests. By including strong segmentation and 

accurate regression modelling, digital monitoring can evolve from a qualitative observation to reliable 

quantitative analytics, which is essential for modern industrial safety and operational efficiency. 
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