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ABSTRACT 

	Corrosion in steel bridge structures remains a major concern that can endanger the reliability and safety as well as shorten the service life of infrastructure, especially in regions with extreme environmental conditions, such as archipelago. Corrosion also plays a main contribution to sustainability issues anymore with green construction practices, as it enhances the clear strain on resources or with energy, resulting in materials in the repairing and the maintenance structures, rendering there so generation event or in addition time struggle. This study aims to cast light on forecasting of Bridget corrosion based on incorporating sustainability in usage of ANNs. A dataset having ecological parameters was used to develop the ANN model. Other dataset entries comprised material properties and historical corrosion records. Data was obtained from the Riau Islands region to obtain a representation of dynamic environmental conditions. The proposed ANN model demonstrated strong predictive capability, achieving a coefficient of determination (R²) of 0.91 and a mean squared error (MSE) of 0.045. These results indicate the model’s robustness and reliability in forecasting corrosion progression in steel bridge structures exposed to harsh environmental conditions. Based on true ANN modeling results, the most considerable factor affecting the 10.6% corrosion rate was Chloride Ion Concentration. Also, there are 8.7% of Sulphur dioxide (SO₂), and 7.2% of Nitrogen oxide (NOₓ). Additionally, the study highlights the potential application of sustainable materials and maintenance practices derived from ANN predictions to mitigate environmental concerns and minimize long-term maintenance costs. ANN also supports a Life Cycle Assessment to assess the environmental impact of the different maintenance scenarios. This enables decisions to be made with a consideration of technical and environmental implications at once.
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1. INTRODUCTION 

Corrosion of bridge structures is one of the significant challenges in civil engineering, threatening structural integrity and significantly impacting sustainability and long-term maintenance costs. Predicting and reducing corrosion has become essential in the design and upkeep of sustainable infrastructure as the value of green construction techniques gains recognition [1]. Environmental factors like temperature, humidity, and chemical exposure can cause corrosion, an electrochemical process that weakens materials, reduces the lifespan of buildings, and increases the cost of replacement and repair. Therefore, developing an accurate and efficient method to predict the rate of bridge corrosion is essential.
Corrosion of bridge structures in island regions is a complex and multifaceted issue, mainly due to unique environmental conditions like high exposure to seawater, humidity, and extreme temperature fluctuations [2]. These elements increase corrosion, threatening the reliance and lifespan of the bridge structure. In islands, bridges are essential for integrating communities together, boosting local economies, and streamlining the distribution of goods. Therefore, to maintain infrastructure, save maintenance costs, and guarantee safety, it is crucial to comprehend and forecast the rate of corrosion of bridge structures in island environments.
Sustainable bridge construction in the Indonesian archipelago is starting to be widely implemented. Bridge construction with a longer design life and environmentally friendly design is necessary [3]. Studies have identified using local materials, eco-friendly design, and IoT-based monitoring systems as key to achieving sustainability. However, they have also revealed challenges such as budget constraints, lack of skilled manpower, and difficulty accessing advanced technology in remote areas. 
ANN presents a viable method to forecast corrosion rates because of its capacity to recognize patterns in past data and make precise predictions. By utilizing data on environmental conditions, materials, and operational factors, ANN can provide more accurate and reliable predictions than traditional methods [4]. This helps plan more effective maintenance and aligns with green construction principles by reducing material and energy waste associated with unexpected repair situations. 
Although ANN has proven effective in predicting various complex phenomena in civil engineering, including corrosion, significant research gaps remain regarding the use of ANN for predicting corrosion rates in bridges, particularly concerning sustainability and green construction [5]. First, without sufficiently addressing elements related to sustainable construction practices, most current studies concentrate on using ANN to predict corrosion under general conditions. Second, the integration of multidimensional data, such as environmental and material factors, sustainability indicators like carbon emissions, material life cycles, and social and economic effects of corrosion, is often disregarded in prior studies.  The development of prediction models that correspond to the principles of green construction requires a comprehensive strategy. Third, the integration of ANN-based corrosion rate estimates into asset management systems for sustainable infrastructure has not received much attention. Preventive maintenance plans that increase bridge service life while reducing resource consumption and material waste, for instance, can be informed by these forecasts. 
Additionally, many existing ANN models have not fully harnessed the potential of real-time data from sensors and the Internet of Things (IoT) to enhance prediction accuracy and responsiveness to changing environmental conditions [6]. Optimizing sustainable maintenance plans may require the integration of real-time data. Additionally, studies on using ANN to forecast bridge corrosion are frequently limited to locations with relatively stable environmental circumstances, which limits its relevance to areas with more dynamic ecological issues, like coastal or island regions, where corrosion is a more serious issue.
This study is especially significant for the scientific community because it fills the knowledge gap between sustainable infrastructure management in coastal and archipelagic zones and predictive modeling. Through the identification of nitrogen oxides (NOₓ), Sulphur dioxide (SO₂), and chloride ion concentration as the primary environmental elements impacting corrosion, the study offers practical insights that might improve steel bridge durability assessments and maintenance plans. Additionally, combining sustainability considerations with Artificial Neural Networks (ANN) advances resource-efficient and environmentally friendly construction methods, which benefit engineers and policymakers in the long run.
The findings of this study are expected to significantly contribute to extending the service life of bridges, reducing maintenance costs, and promoting more environmentally friendly construction methods. This study also opens doors for applying AI technology in sustainable infrastructure management, aligning with the global goal of minimizing the environmental impact of the construction sector.

2. LITERATURE REVIEW
Bridge construction in island regions faces unique challenges due to extreme geographic and environmental conditions, such as exposure to seawater, high humidity, and significant temperature fluctuations. These challenges affect bridge structures' durability and demand a sustainable and green construction approach. The following is a literature review of several reputable journals that discuss the sustainability and green construction aspects of bridge construction on islands.
Corrosion Science highlights that corrosion is a significant problem for bridge structures in coastal and inland areas. Exposure to salty seawater accelerates corrosion, resulting in decreased material strength and reduced structure service life [7]. This study emphasizes the importance of using corrosion-resistant materials and protective coatings to reduce environmental impacts and long-term maintenance costs. However, this study has not fully integrated green construction principles into selecting materials and construction methods.
Using environmentally friendly materials such as geopolymer concrete and corrosion-resistant steel (stainless steel) in bridge construction. Geopolymer concrete, made from industrial waste such as fly ash, not only reduces carbon emissions but also shows better resistance to corrosion than conventional concrete [8].  The study highlights the material's potential for application in island regions, where resilience to harsh environments is critical. However, the study also identifies challenges regarding material availability and higher production costs.
Bridge construction can also be done using a sustainability-based approach. The study emphasizes the importance of data-based preventive maintenance, including using sensors and the Internet of Things (IoT) to monitor bridge conditions in real-time [9] [10] [11]. This approach not only extends the service life of the bridge but also reduces the material and energy waste associated with major repairs. However, this research has not explicitly addressed its application in island areas, where access and logistics are often constraints. 
Integrating advanced technologies such as Building Information Modelling (BIM) and Artificial Intelligence (AI) in sustainable bridge construction [12] [13] [14]. BIM enables more efficient project planning and management, while AI can predict structural failures and optimize maintenance schedules. The study shows that technology can support green construction by reducing material waste and increasing energy efficiency [15]. However, its application in island areas is still limited due to the lack of supporting infrastructure.
Recent developments in research on sustainable bridge construction discuss the importance of considering socio-economic and environmental impacts in bridge construction projects [16]. In the island region, bridges function as transportation infrastructure and social and economic links for local communities. Therefore, bridge construction must consider sustainability aspects such as reducing carbon emissions, using local resources, and empowering communities [17]. These studies continue to emphasize the need for a holistic approach that combines technical, environmental and social aspects.
In recent years, artificial intelligence, especially artificial neural networks (ANN), has shown significant potential for modelling complex phenomena across various fields, including civil engineering. A few studies, including [18], [19], [20] use the LCA with ANN approach to examine a bridge's lifetime. ANN and LCA integration have shown significant potential for increasing the effectiveness and precision of environmental impact assessments. ANN-based LCA approaches can be improved and made more dependable and broadly applicable in the domains of sustainability and environmental management by addressing the gaps in the development of accessible AI techniques for ANN-based LCA models.
Along with the development of AI, the use of ANN to predict corrosion rates in steel structures in marine environments is starting to develop [21]. The study collected data from various coastal and island locations, including salinity, temperature, humidity, and sea breeze exposure. The results showed that ANN could accurately predict corrosion rates under varying environmental conditions [22] [23]. This study also emphasizes the importance of data quality and quantity in training an effective ANN model.
Develop an ANN model that integrates environmental data (such as salinity, pH, and temperature) with material properties (chemical composition and coating thickness) to predict bridge corrosion in an island region [24]. The results showed that this model can predict corrosion rates with a relative error of less than 10%. This study also highlights the potential of ANN to be used in continuous preventive maintenance planning—integration of ANN in continuous bridge maintenance management systems. By accurately predicting corrosion rates, ANN can help optimize maintenance schedules, reduce costs, and extend the service life of bridges [25]. This study emphasizes that this approach is particularly relevant for island areas, where access and maintenance logistics are often challenging.
Data collection and selection involves review of extensive literature on bridge construction in island regions with a combined traditional and innovative perspective incorporating all aspects in achieving sustainability and green building. While some potential green materials, advanced technologies, and sustainable maintenance strategies have been identified in previous studies, they have yet to be applied in practice for island region buildings. There is a need for more research into the challenges with corrosion, resource constraints, and access to the right technology, but also using AI, and more specifically ANN, can help with these challenges. The approach the authors follow is to combine green construction with advanced technologies thus making it more sustainable, cost-effective and eco-friendly to construct the bridges on the islands.
3. METHOD
Predicting the corrosion rate of bridges is critical in infrastructure maintenance and public safety. This study uses an experimental and computational approach using Artificial Neural Networks (ANN). The following is the methodology used in this study.
3.1 Data Collection
Historical data on bridge corrosion rates from various locations were collected to build a comprehensive dataset. The input layer consists of 16 nodes corresponding to the collected variables:
[1] Humidity (X1)
[2] Temperature (X2)
[3] Salt Spray Exposure (X3)
[4] Rainfall (X4)
[5] Sulphur dioxide (SO₂) (X5)
[6] Nitrogen oxide (NOₓ) (X6)
[7] Metal Type (X7)
[8] Protective Coating (X8)
[9] Material Chemical Composition (X9)
[10] Exposed Area (X10)
[11] Water Retention (X11)
[12] Joints and Gaps (X12)
[13] Load and Stress (X13)
[14] Erosion and Abrasion (X14)
[15] Environmental pH (X15)
[16] Chloride Ion Concentration (X16)
Two hidden layers were incorporated into the model. Ten neurons make up the first hidden layer, and eight neurons make up the second. To deal with non-linear interactions between variables, the Rectified Linear Unit (ReLU) was used as an activation function. The output layer consists of a single output neuron that represents the anticipated rate of corrosion. Given that the prediction output is continuous, a linear activation function was employed.

The model was trained using the backpropagation algorithm with adaptive learning rate optimization and mean squared error (MSE) as the loss function.


3.2 Data Preprocessing
After the data is collected, the next step is to preprocess to ensure the data is ready to be used in training the ANN model. The preprocessing steps include Data cleaning, which removes missing or incomplete data; Data normalization, which changes the scale of the data to be consistent, thus facilitating the model training process; and Data encoding, which changes categorical data into a numeric format that the ANN model can process.
3.3 Data Division
The processed data is then divided into two sets. First Training Set: 70% of the data is used to train the ANN model. Second Test Set: 30% of the data is used to evaluate the model performance after training is complete.
3.4 ANN Model Development
The ANN model is built and configured to predict corrosion rate based on the data that has been collected and processed. The stages of model development include model architecture, which determines the number of layers and the number of neurons in each ANN layer and selects the appropriate activation function for each layer in the ANN. Training the model using the training set with a proper learning algorithm, such as backpropagation; Finally, evaluating the model performance using the test set, and adjusting if necessary.
3.5 Model Performance Evaluation
Relevant metrics such as Mean Squared Error (MSE), Mean Absolute Error (MAE), and coefficient of determination (R²) are utilized to evaluate the performance of the ANN model. Evaluate a model showing how accurate it is on predicting the corrosion rate on a bridge.
3.6 Life Cycle Cost Analysis
Choose from a variety of approach options to identify maintenance alternatives, including long-term maintenance schedule, ecologically friendly materials, and preventative versus corrective maintenance. The expenses associated with building a bridge and installing it initially are included in the original capital costs. Routine maintenance, inspection, and repair charges are included in maintenance and operating costs. The estimated expenses for significant repairs or the replacement of key components are referred to as replacement and rehabilitation costs. The bridge's recycling or demolition at the end of its useful life is covered by demolition and end-of-life charges. Applying present value and a suitable discount rate to all costs is the process of reducing.

4. results and discussion
Predicting bridge corrosion rates in island regions presents a complex challenge that requires advanced strategies to account for the variability of environmental and material conditions. This study employs ANN as the primary predictive tool due to its capacity to model nonlinear and intricate relationships among factors influencing corrosion. The following text provides a detailed discussion of the results and implications of utilizing ANN to forecast corrosion rates on bridges in island environments. 
4.1 A Concept of Corroded Analysis with ANN
An Artificial Neural Network (ANN) is a synthetic representation of the neural network system of the human brain that continuously aims to replicate the brain's learning process. The term "synthetic" is used because the implemented neural network employs a computer program capable of executing several calculations during the learning phase. The effectiveness of ANN simulation and modelling heavily relies on the choice of variables. The chosen variables must significantly influence the target. The target output of this study is the rating factor. The details of the predicted output variables are as follows: 
[1] Operating rating factor shear strength, 
[2] Operating rating factor flexural strength, 
[3] Inventory rating factor shear strength, and 
[4] Inventory rating factor flexural strength. 
[5] 
The rating factor is a function of the capacity and internal forces due to loading. Therefore, input variables were selected to significantly impact changes in capacity and load values. In addition, the input variables used must be defined and measurable in the field. This is because the results of this study can be applied in the field. In this study, the input variables selected based on several references are a) Bridge span, b) Corrosion penetration depth, c) Concrete slab compressive strength, and d) Steel girder yield stress. These input variables were selected because they significantly impacted the rating factor value changes. The rating factor is a function of capacity and internal forces due to loading. These four variables greatly influence capacity and internal forces. Corrosion penetration depth, concrete slab compressive strength, and steel girder yield stress will affect the bridge capacity. 
The load and the resulting internal forces will be greatly impacted by the bridge span. Three instantly usable datasets are created through a dataset construction procedure for learning, testing, and validation. There are two categories in the database. All previous road performance data is included in the first batch, except for the validation network. The road network data used for validation is the only data in the second dataset. To create the learning and test datasets, each dataset used for testing and learning is split into two subsets.
One subset contains 80% of the data for learning and 20% for testing. It includes data irrelevant to the datasets used for learning and testing, in accordance with the idea of separate datasets for validation. As a result, evaluating the corrosion model's performance using a different dataset acts as a control. The process of learning is carried out across 10,000 epochs. An ANN model with the ideal weight distribution between neurons is created through an iterative method.
After the learning stage is complete, the model development step is continued to the test stage to check the effectiveness of the learning process. The dataset used in the test stage is the input for corrosion data. The algorithm used in this stage uses a learning algorithm recorded during the learning process. The test process can calculate the level of error that occurs. If the error rate of the test stage is still within an acceptable level, then the data science model is considered reasonable. A comparison of the level of model accuracy is carried out by comparing the average MSE value during the test stage. Finally, the model with the lowest MSE error rate and the highest R2 is selected. Finally, after the learning and test processes are complete. Furthermore, the model is verified and validated using the data prepared with the productivity prediction model of the learning and test results. Different dataset details are selected for model validation.
The corrosion prediction model can predict the next cycle time value of the bridge function deterioration. It is based on historical corrosion, natural environment conditions and performance records a long time ago. The way this prediction model works is general: historical data and identification of patterns. Mechanical Equipment Productivity Data Pattern: You query the historical data and tabulate the data in a database and prepare for a specific time interval.

4.2 Architecture ANN
In this study, the ANN architecture was designed 16-17, an artificial neural network model specifically designed to capture the complexity and variation in corrosion data. This model consists of several layers of interconnected neurons, processing information through synapses with specific weights. 
The input layer consists of 16 neurons, each representing one attribute or feature from the dataset. These features can include environmental variables such as humidity, temperature, chloride concentration, and pH, as well as material characteristics such as steel type and others (X1 to X16). This data is needed to provide sufficient context for the model to make accurate predictions. Next, it has 17 hidden layers, where the number of neurons in each layer can vary depending on the data's complexity and the prediction's purpose. Typically, the first hidden layer may have 32 neurons, while the second hidden layer may have 16 neurons. To obtain the optimal configuration, the number of hidden layers and neurons is determined through trial, error, and cross-validation.
The output layer consists of a single neuron that generates a prediction of corrosion rate based on the given input. This outputs value results from an activation function applied to the weights and biases set in the training process. Common activation functions used in ANN architectures 16-17 are the ReLU (Rectified Linear Unit) function for the hidden layer and the sigmoid or linear function for the output layer. The ReLU function helps the model to capture non-linearities in the data. In contrast, the sigmoid or linear function generates the final estimate that can be interpreted as corrosion rate. The ANN training process 16-17 involves several essential steps, including data normalization, weight initialization, and optimization. The training data is split into subsets to train and test the model to avoid overfitting. Optimization algorithms such as Gradient Descent or Adam minimize the loss function and adjust the synapse weights. An illustration of the ANN architecture can be seen in Figure 1.
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Figure 1 Architectural of ANN Model
The functioning of each neuron changes according to the layer it is in. There are three main types of layers which are discussed as follows: Input layer, hidden layer, and the output layer. The input layer accepts and processes raw data from outside the model through the input layer, which is passed on to the hidden layer. This layer's neurons will exhibit similar performance given that the data that are fed to them are of high quality and are representative of the task at hand. Most of the processing in an ANN takes place in the neurons of the hidden layer. They also implement weights, biases, and activation functions to convert and map out the input into a more abstract representation. The hidden layer neurons are used to learn features from the data, and their performance is critical. Gradient Descent or Adam are examples of optimization algorithms that can be used to update the synapse weights during the minimization of the loss function. This repeats iteratively until ‘convergence'' is reached, or other stopping criteria are satisfied. So, by tracking the loss function while training, the performance of each neuron can be monitored. Cross-validation is applied to evaluate the model and prevent overfitting. The training data is being split into multiple smaller subsets, and the model is trained and tested on Halves of these subsets in turn. During validation it is possible to measure how the neurons perform by using accuracy, precision, recall and other metrics.
4.3 Development of ANN Model
Developing the ANN architecture model means determining an optimal artificial neural network topology able to solve a specific problem. The ANN architecture contains defining how many layers there are, how many neurons in each layer, the activation functions to use, regularization, optimization techniques, etc. Developing an ANN model involves an iterative process and some of the steps need to be repeated to achieve the best performing model. Data preparation is an important element because data quality and representativeness will have a positive or negative impact on the performance of the ANN model developed.
Performance evaluation of ANN models is usually done at the overall output level. However, in some cases, it is important to evaluate performance at the individual neuron level to understand the contribution of each neuron to the final prediction. Here are the steps in applying R2 to each neuron in an ANN. To calculate R2 for each neuron, we first need to track the output of each neuron during the training and testing process. This output is then used to calculate the residual and total sum of squares. R2, or the coefficient of determination, is a metric used to evaluate how well a statistical or predictive model explains the variation in the response data. This metric ranges from 0 to 1, with values closer to 1 indicating that the model explains most of the variability in the data.
The R2 value for each neuron provides insight into which neurons contribute most to the model’s performance and which neurons may be less functional. Neurons with high R2 values significantly contribute to the model’s predictions. The overall R2 for the model reached 0.91. The R2 values for each neuron and each stage can be seen in Figure 2.
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Figure 2 Value of R for each neuron
MSE is critical to ANN. For good performance of ANN model to predict the data, MSE value will become smaller. Most of the time, the mean-squared error (MSE) is used as the loss function while ANN is being trained. It helps in computing how far the model predictions are away from actual values. During the training, the ANN strives to minimize MSE for better predictive accuracy. If the MSE value reduces from one cycle to another one, then we can say that the ANN model is being learnt and that the ANN model is improving its performance. Through the comparison of various ANN architectures or configurations, MSE provides a mechanism for selecting the optimal model. Additionally, the MSE values can be obtained and can be employed to identify whether an ANN model is overfitting or not by mutual MSE opposing to train and test data.

MSE is one of the most used evaluation metrics in machine learning, including in ANN. MSE measures the average squared difference (error) between the predicted and actual values (ground truth). MSE is a loss function in ANN that measures how well the model predicts the desired output. During training, ANN tries to minimize the MSE value by adjusting the weights and bias through optimization algorithms such as Gradient Descent. MSE is an important metric in ANN training, especially for regression tasks. Despite drawbacks, such as sensitivity to outliers, MSE remains popular due to its simplicity and ability to provide a clear picture of model performance. The overall MSE value in this study was 0.045. Meanwhile, the details of the MSE for each neutron can be seen in Figure 3.
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Figure 3 Values of MSE for each neuron
4.4 Relative Importance
Relative Importance (RI) in ANN measures the relative contribution of each input variable to the model output. In bridge corrosion, RI helps identify dominant factors that accelerate structural degradation. In addition, RI plays a critical role in understanding ANN performance by quantifying the relative contribution of input variables to model output. So, the function of RI can be said to open the "black box" of ANN by identifying dominant variables that affect predictions. In this study, the RI for each variable is shown in Figure 4. 
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Figure 4 Influencing parameters
Looking at figure 4 as a visualization of the RI value, the Chloride Ion Concentration (X16) variable is the most influential factor on the corrosion rate of 10.6%. Furthermore, the Sulphur dioxide (SO₂) (X5) variable is 8.7% and Nitrogen oxide (NOₓ) (X6) is 7.2%. Chemical conditions greatly influence the corrosion rate in the environment. At the same time, other variables have almost the same level of influence, ranging from 4-6%.
4.5 Life Cycle Assessment
Life Cycle Assessment (LCA) is necessary for assessing how building bridges will affect the environment over its life. The findings of several case studies on applying LCA in bridge engineering are covered in this study. Notably, it generates findings [26], [27], and [28] offers insights into the advantages, difficulties, and practical consequences of integrating LCA into bridge construction. There is potential for improving sustainability when the Life Cycle Assessment is incorporated into bridge construction procedures. The case studies researched demonstrate both the advantages and difficulties of life cycle assessment. Although there are obstacles to broad implementation, LCA has significant potential to support bridge design more ecologically concerned.
LCA in the context of bridge maintenance due to corrosion focuses on identifying life cycle stages, environmental impacts, and mitigation strategies. The analysis results show that using corrosion-resistant materials, effective coating techniques, and proactive maintenance strategies can significantly reduce environmental impacts and extend the life of bridges. LCA evaluates the environmental effects of various bridge maintenance strategies, from material production to demolition.
LCA considers the environmental impacts of alternative maintenance strategies to improve the applied maintenance strategy. Enables designers to assess more designs at early stage of project. LCA includes life cycle inventory (LCI), which gives tabulated values of materials and equipment involved in the construction and maintenance of the bridge. With LCA, designers can assess multiple designs at an early stage and select options with reduced environmental impacts. LCA also enables the analysis of multiple impact categories including GWP, ADP, and smog formation. Such information can aid in making more sustainable maintenance decisions environmentally and efficiently throughout the bridge's life cycle. Furthermore, an LCA may also complement the analysis of a Life Cycle Cost (LCC) to account for both economic and environmental perspectives on bridge maintenance. This enables infrastructure managers to maximize maintenance plans through considerations of costs and environmental effects of different alternatives.
The relationship that can be drawn between the use of ANN and LCA is that maintenance patterns can be done more precisely. Predictive data analysis: By utilizing artificial intelligence (AI) and machine learning (ML), the data collected can be analyzed to predict potential problems on the bridge. Using the LCA approach allows for proactive maintenance actions before significant damage occurs.
The data collected can be used to optimize the allocation of maintenance resources, ensuring that repairs are carried out at the right time and most efficiently. Integrating IoT technology, databases and machine learning into bridge maintenance management with the LCA method, infrastructure managers can improve operational efficiency, reduce costs, and extend the overall life of the bridge structure.
The integration of ANN and LCA empowers bridge infrastructure decision-makers to develop more sustainable bridge maintenance practices by considering technical factors as well as long-term sustainability. Using historical data that considers the failure of specific bridge components. ANN can predict the condition and damage of bridge components. The ANN predictions can be further converted into LCA input for sustainability assessment of these different maintenance alternatives. By using LCA, one can identify low-impact strategies for bridge maintenance across its life cycle.
4. Conclusion
Based on the research results, it can be concluded that the corrosion rate prediction in bridge construction in the archipelago can be done using the ANN approach. The literature review results obtained 16 main variables that affect the corrosion rate. The results of the ANN modeling show that chloride ion concentration (X16) is the most influential factor in the corrosion rate of 10.6%. Furthermore, the Sulphur dioxide (SO₂) (X5) variable is 8.7% and Nitrogen oxide (NOₓ) (X6) is 7.2%. The correlation level of the ANN model indicated by R2 reaches 0.91. While the error value using MSE is 0.045. Based on the research of literature, it was found that ANN supports LCA in evaluating the environmental impact of each maintenance scenario. This integration allows decision making that considers technical and environmental aspects simultaneously.
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