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ABSTRACT

The New Austrian Tunneling Method (NATM) is a widely adopted tunneling technique known for its
flexibility and cost-effectiveness in various geotechnical conditions. However, the complexity of NATM
construction processes and the variability of geological factors make accurate cost estimation challenging.
This study focuses on conducting a comprehensive Life Cycle Cost Analysis (LCCA) of NATM projects
by integrating Artificial Neural Networks (ANN) as a predictive modeling tool. LCCA evaluates the total
cost of a project over its entire lifespan, including initial construction, maintenance, and operation,
providing a holistic economic assessment. ANN, with its ability to model complex nonlinear relationships
and learn from historical data, is utilized to predict the life cycle costs more accurately than traditional
methods. The research involves collecting extensive data from completed NATM tunneling projects,
including geological parameters, construction variables, and cost elements. This data is used to train and
validate the ANN model, enabling it to predict cost outcomes under varying conditions effectively. The
results demonstrate that ANN can significantly enhance the precision of cost forecasting, facilitating better
decision-making and budget planning. Moreover, the integration of LCCA with ANN supports
stakeholders in optimizing resource allocation and mitigating financial risks throughout the tunnel's
operational life. This study contributes to the field by offering an innovative approach that combines
geotechnical engineering with advanced machine learning techniques to improve economic evaluations
of complex tunneling projects, promoting sustainable infrastructure development.

1. INTRODUCTION

The incorporation of Artificial Neural Networks (ANN) into the Life Cycle Cost (LCC) analysis of the
New Austrian Tunnelling Method (NATM), a popular method in tunnel building because of its
adaptability and flexibility in a variety of geological settings, is examined in this paper. LCC analysis is
crucial to NATM's performance since it depends on careful planning and efficient cost management. From
design and construction to operation and maintenance, LCC analysis evaluates every expense related to a
project across its entire lifecycle [1]. By taking into consideration initial investments, future repairs, and
operating expenditures, it makes it possible to identify long-term cost-efficient alternatives. Such
thorough analysis aids stakeholders in selecting the most cost-effective options for tunnel construction
without sacrificing project specifications or safety [2]. However, conventional LCC analysis techniques
often fail to adequately capture the intricacy and unpredictability’s present in tunnelling projects. In order
to get around this, the research uses artificial neural networks, a potent computing technique that improves
decision-making and prediction accuracy. Large amounts of historical data may be processed by ANNSs,
which can also identify intricate patterns and predict future expenses based on a variety of influencing
factors, such as geological conditions, building methods, and material selections. A more responsive and
realistic cost model is made possible by their capacity for learning and adaptation [3]. The goal of this
project is to provide an intelligent, data-driven framework for cost prediction and optimization by using
ANN in LCC analysis for NATM [4]. In addition to increasing accuracy, this method gives engineers and
project managers the ability to reduce financial risks, maximize resources, and guarantee that safety
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regulations are followed. Modernizing the financial planning and administration of tunnelling
infrastructure has advanced significantly thanks to the combination of ANN and conventional cost
analysis.
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2. LITERATURE REVIEW

Recent innovations in Life Cycle Cost Analysis (LCCA) in the building and infrastructure sectors show a
rising focus on merging conventional cost estimating methodologies with modern computer technology.
For example, emphasise the significance of Environmental Product Declarations (EPDs) as the basis of
sustainable building evaluation, with Life Cycle evaluation (LCA) playing a critical role[5]. Their
worldwide research identified 27 significant hurdles to applying LCA for EPDs, which were divided into
seven categories. These included data quality, methodological restrictions, and technology limits. The
study emphasises the critical need for high-quality data and improved methods to improve LCA
dependability, which directly affects the credibility of EPDs. Similarly, Artificial Neural Networks
(ANNSs) were shown to be useful in developing a cost model for road tunnels [6]. By analysing cost
components over a 75-year period, their model, which was used to the Enatic Odours Motorway in Greece,
provided infrastructure managers with a precise tool for financial forecasting and planning. ANN-based
models are increasingly being employed in industries where cost accuracy and flexibility to changing
factors are critical. Dynamic LCCA was applied to historic site conservation using the MONUREV V2
program, demonstrating how scenario modelling may inform balanced cultural and economic decisions
[7]. Compared ANN and regression models for LCC prediction at the early design phase, showing ANN's
better accuracy when early-stage data is limited [8]. Aleksandra Murkowski et al. (2022) supported this
trend by examining the literature on combining Environmental Life Cycle Costing (ELCC) with Machine
Learning (ML), indicating that ML improves the accuracy and sustainability of project choices.
Meanwhile, a Revit plug-in connected BIM with LCCA, allowing designers to conduct real-time scenario
analysis that included operational and maintenance considerations, enabling educated and sustainable
building design decisions [9].

The scope of ANN applications in LCCA includes industrial systems and public infrastructure. focused
on pumping systems, comparing healthy and malfunctioning states using a hybrid SVM-HMM model
[10]. Their Al-based technique allowed for early defect identification and considerable energy cost
reductions. LCA and LCCA are underutilised in geotechnical engineering, and better frameworks are
needed to help engineers reduce life cycle costs [11]. analysed LCCA in transport infrastructure,
proposing for the inclusion of social and user costs, notwithstanding measurement difficulties [12]. These
results are consistent with the work of others who examined green construction projects in Indonesia using
LCCA and found long-term environmental and economic advantages despite greater upfront expenses.
Deep Neural Networks (DNNs) were presented as a replacement for simulation-based LCCA in asset
management systems, which considerably reduced computing time and improved decision-making for
massive infrastructure datasets [13]. Several studies provide useful insights about tunneling-specific
circumstances [14]. proposed an ANN and Cost Significant Item (CSI) architecture to ease LCCA in
construction, resulting in high estimate accuracy in case studies [15]. Machine learning was used with
geophones in tunnelling projects to automate paperwork and improve predictive maintenance [16].
suggested a tunnel data format for NATM that uses BIM-compatible IFC extensions to assist digitise
tunnel design components [17]. solved the difficulty of handling huge datasets from NATM tunnel
monitoring using a big-data-enabled data service system, resulting in better planning and resource
utilisation. created a planning-stage approach employing case-based reasoning to predict environmental
loads in tunnel construction, which outperformed established techniques in terms of accuracy [18]. These
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studies highlight the growing need for digital tools to handle data complexity and enhance decision support
in NATM-based tunnelling.

3. RESEARCH METHOD

Life Cycle Cost Analysis (LCCA) has become an essential tool for evaluating the long-term economic
performance of infrastructure projects. When applied to tunneling projects utilizing the New Austrian
Tunneling Method (NATM), LCCA becomes even more crucial due to the method’s inherent
complexities, including variable geological conditions, diverse construction techniques, and long
operational lifespans[19]. Traditionally, estimating the costs associated with such projects has been
challenging. However, the integration of Artificial Neural Networks (ANN) into LCCA presents a
modern, data-driven solution that significantly improves predictive accuracy and decision-making[20].
ANN models, capable of learning from large sets of historical data, offer the ability to recognize hidden
patterns in cost-related factors—ranging from excavation and material usage to labor and environmental
conditions. By training ANN with real-world NATM project data, we can anticipate not only initial
construction costs but also long-term expenses such as maintenance, energy consumption, and
rehabilitation efforts[21]. Furthermore, the synergy between ANN and tools like ANSYS simulations—
used for finite element analysis allows the model to incorporate both empirical data and structural behavior
insights, enabling a comprehensive and realistic approach to cost forecasting[22]. This integration
facilitates optimized resource allocation, identification of key cost drivers, and enhanced risk mitigation,
ultimately contributing to the financial sustainability of NATM tunneling projects.

Life Cycle Cost Analysis

\ 4 4 l
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3.1 Methodology and Economic Indicators in LCCA

The methodology for conducting a Life Cycle Cost Analysis in NATM projects using ANN involves
several structured steps. Initially, costs related to construction and maintenance are estimated using the
Net Present VValue (NPV) method, guided by standards such as IRC SP-30 (2009). This approach involves
calculating the present value of all costs and benefits across the project’s lifecycle, adjusting for time using
discount rates[23]. The four primary steps include estimating initial construction costs, ongoing
maintenance, road user costs, and conducting a comprehensive life-cycle cost and benefit analysis using
ANN. To support economic evaluation, several indicators are employed, including NPV, Cost-Benefit
Ratio (B/C), Equivalent Uniform Annual Costs (EUAC), and Internal Rate of Return (IRR). Each has
unique applicability based on project scope, decision-making level, and economic context. For instance,
in cases with equal benefits across alternatives, NPV is the most effective indicator for comparing differing
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cost scenarios. NPV’s additive nature simplifies computation by focusing solely on differential costs. The
economic analysis framework helps decision-makers determine how capital investments weigh against
future expenditures, and which analysis method is most suited for the agency’s goals[24]. Through this
lens, the LCCA methodology not only quantifies costs but supports strategic planning and investment
decisions.

3.2 Data Collection and ANN Model Development

A successful ANN model for LCCA depends heavily on the quality and comprehensiveness of historical
data collected from NATM projects. This includes data on construction, operational, maintenance, and
rehabilitation costs. Construction data covers excavation, labor, materials, machinery, and unforeseen
costs due to geological surprises. Operational costs relate to energy consumption, utilities, and staffing,
while maintenance and rehabilitation data focus on regular and major upkeep efforts[25]. Additionally,
geological data—such as rock types, stability, and groundwater presence—profoundly affects tunnel
behavior and costs. Other crucial data includes material usage, labor costs, and environmental conditions
like temperature and seismic activity. These diverse data points are obtained from project reports, cost
estimation documents, sensor-based monitoring systems, and real-time construction data. Once data is
collected, ANN model development involves identifying input variables (e.g., geological factors,
excavation techniques, construction methods) and output variables (e.g., total cost, maintenance cost). The
network architecture is built with input, hidden, and output layers. ReLU is typically chosen as the
activation function for its efficiency in handling large datasets[26]. The model is trained using
backpropagation, where errors between predicted and actual outputs are minimized through iterative
weight adjustments. This enables the ANN to effectively model the complex relationships within NATM
project cost components.

3.3 Model Validation, Testing, and Practical Application

After developing the ANN model, rigorous validation and testing are essential to ensure its reliability and
applicability in real-world NATM projects[27]. The dataset is typically split into training, validation, and
test sets. The training set teaches the model to understand cost patterns, while the validation set helps
refine parameters and prevent overfitting. The final evaluation is done using the test set to ensure that the
model generalizes well to new data[28]. To further improve robustness, k-fold cross-validation is
employed, where data is divided into multiple subsets and used in various combinations for training and
validation[29]. This enhances the model’s generalization capability and reduces the risk of bias from any
single data segment. Performance metrics such as Mean Squared Error (MSE) and R-squared (R?) are
used to assess the model’s predictive accuracy. A low MSE and high R? indicate that the model accurately
captures the underlying relationships in the data. Ultimately, a well-trained ANN model enables precise
forecasting of NATM project costs throughout their lifecycle, supporting better financial planning, design
evaluation, and risk management. This modern approach transforms how tunneling projects are assessed
economically, promoting long-term sustainability and operational efficiency in the infrastructure
sector[30].

4. RESULT AND DISCUSSION

The provided data presents a comprehensive analysis of the annual maintenance costs, life cycle expenses,
and predictive modeling of tunnels with both rigid and flexible pavements over a 30-year horizon.
Utilizing artificial neural networks (ANNS), the study models maintenance cost predictions and evaluates
their accuracy through performance metrics such as mean squared error (MSE) and correlation coefficients
(R-values). The ANN architectures involve single hidden layers processing input data to forecast multi-
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dimensional outputs, reflecting the complex relationships in maintenance cost dynamics influenced by
inflation and discount rates.

Cost analyses reveal that while rigid pavements incur higher initial expenses, they become more cost-
effective than flexible pavements beyond the break-even point around 2030, with a total life cycle cost
advantage of approximately 4.24% by 2048. The data also highlights the significance of discounting future
costs at a 12% rate, showing that early investment dominates the net present value (NPV). Predictive
models demonstrate strong accuracy in long-term forecasting, particularly for rigid pavements, despite
some underestimation of early volatility. Additionally, training curves and validation plots emphasize the
balance between fitting accuracy and avoiding overfitting through early stopping. Overall, the integration
of machine learning with economic analysis offers valuable insights for infrastructure planning, indicating
that rigid pavement tunnels may provide better economic returns over time despite higher upfront costs,
supported by robust predictive modeling to guide maintenance scheduling and budgeting.

4.1 Annual maintenance for Tunnel + Rigid Tunnel
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Figure no.1: Annual maintenance for Tunnel + Rigid Tunnel

The provided image shows a simple feedforward neural network architecture with one hidden layer. The
input layer has one node with a value of 33. This input is fed into the hidden layer, which consists of 10
neurons. Each neuron in the hidden layer applies a weighted sum (represented by "W") and bias ("b")
followed by an activation function (indicated by the curve symbol). The processed outputs from the hidden
layer then flow into the output layer, which has 33 neurons. Similar operations occur in the output layer—
weighting, bias addition, and activation. The final output layer produces a 33-dimensional output vector.
This network is likely used for regression or classification tasks where the input and output sizes are
explicitly defined.
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Figure no.2: Best Validation
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The image shows a plot of Mean Squared Error (MSE) against epochs for training, validation, and testing
phases of a model. The plot is logarithmic on the y-axis. It highlights the best validation performance at
epoch 3, with a value of 572.7896. At this epoch, the validation error (green line) reaches its minimum,
indicating optimal model performance without overfitting. The training error (blue line) continuously
decreases, showing the model’s learning progress, while the test error (red line) remains steady, closely
matching validation error. A green circle marks the best validation point, and a vertical dashed line
emphasizes epoch 3. This graph helps to decide the stopping point during training to avoid overfitting
while ensuring generalization. The best epoch is identified by the lowest validation MSE, supporting
model selection in machine learning.
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Figure no.3: Best Training, Validation and Test

The image presents regression analysis results for a predictive model evaluated on training, validation,
test, and combined datasets. The correlation coefficients (R-values) indicate the model's performance:
Training (R = 0.46099) shows moderate correlation, while Validation (R = 0.99667) and Test (R =
0.97835) show very high correlation, implying strong predictive accuracy on unseen data. The overall
dataset has an R-value of 0.96701, confirming good model generalization. The plots depict fitted lines
closely following the ideal line (Y = T) for validation and test sets, whereas training data shows more
scatter, suggesting some underfitting or noise.
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no e e R R T
—— Actuanl
70 e Prodictod

Discourfied Cost (Crores)

10 " . ‘ " I} .
2015 2020 2025 2030 20285 2040 20485 2080

Year

Figure no.4: ANN prediction of Discounted Cost
The graph shows the ANN (Artificial Neural Network) prediction of discounted costs over time, from
2015 to 2050. The y-axis represents the discounted cost in crores, while the x-axis represents the years.
The blue line with circles shows the actual discounted cost values, and the red line with stars represents
the predicted values by the ANN model.
Initially, the actual cost fluctuates significantly, peaking around 2020 at about 75 crores, then rapidly
drops to near zero by 2023. The predicted values start high at around 45 crores in 2015 and gradually
decline, aligning with actual values near zero around 2025. From 2025 onwards, both actual and predicted
costs remain low, oscillating slightly around zero with predicted values closely matching actual costs,
showing the model's accuracy in long-term forecasting. This plot indicates that the ANN model effectively
captures the trend and magnitude of discounted costs over time, particularly excelling in the long-term
predictions where values stabilize near zero.
4.2 Annual maintenance for Tunnel + Flexible Tunnel
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Figure no.5: Hidden and Output Layer

The image depicts a simple neural network architecture with one hidden layer and one output layer. The
input layer has 33 nodes, which feed into a hidden layer containing 10 nodes. Each node in the hidden
layer has weights (W) and biases (b) applied, followed by an activation function. The output from the
hidden layer then passes to the output layer, which consists of 33 nodes, each also with weights, biases,
and an activation function, producing a final output of 33 nodes.

This structure is similar to the annual maintenance cost table for Tunnel + Rigid Pavement shown. The
table calculates the annual maintenance costs and discounted values over years, reflecting a detailed
process like the stepwise transformation in the neural network. Both represent a systematic progression—
one through layers of computation (neural network) and the other through years of maintenance costs
considering inflation and discounting, ultimately summarizing the net present value over time for the civil
construction and maintenance costs.
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Figure no.6: Best Validation Performance

The graph shows the mean squared error (MSE) trends for training, validation, and test datasets over 7
epochs, with the best validation performance achieved at epoch 4 (MSE = 24.3353). Initially, all three
errors start similarly but diverge as epochs progress. The training error (blue line) decreases significantly
after epoch 4, indicating the model fits the training data better. However, validation (green) and test (red)
errors remain relatively flat and higher, suggesting possible overfitting. The best validation error is marked
with dotted lines and a green circle at epoch 4. This early stopping point balances training accuracy and
generalization. The logarithmic scale of the y-axis emphasizes the rapid decline in training error compared
to validation and test errors. The figure highlights that although training error reduces drastically,
validation and test errors plateau, indicating that continuing training beyond epoch 4 may not improve
model generalization.
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Figure no.7: Best Training, Validation and Test

The table presents a life cycle cost comparison between tunnels with flexible pavement and those with
rigid pavement, factoring in a 5% inflation rate and a 12% discount rate. Initially, in 2017, the construction
cost of rigid pavement tunnels is higher by 3.06% compared to flexible pavement tunnels, with cumulative
costs of 13.77 and 13.36 respectively. Over the years, cumulative costs for both types increase, but flexible
pavement remains cheaper until the year 2030, which marks the break-even point where costs nearly
equalize at approximately 126.00 for rigid and 126.39 for flexible pavement. After this point, flexible
pavement costs surpass those of rigid pavement, rising to 132.35 by 2048 compared to 126.73 for rigid
pavement. This indicates that, over a 30-year span, rigid pavement proves more cost-effective, being
cheaper by 4.24%, highlighting its long-term economic advantage despite higher initial costs.
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Figure no.8: Gradient and Validation checks

The given image shows the training progress of a machine learning model over six epochs through three
plots. The first plot displays the gradient magnitude, which decreases significantly from around 10”75 to
near 10"-5, indicating that the model's parameters are stabilizing and the training is converging. The
second plot shows the learning rate (mu), which also decreases steadily from roughly 10*-5 to 10"-7,
suggesting that the optimization algorithm is reducing step sizes to fine-tune the model carefully. The
third plot represents validation checks (val fail), increasing linearly from 0 to 6, implying that the model
is failing validation at each epoch, signaling potential overfitting or poor generalization. Overall, the
decreasing gradient and learning rate show that the training is progressing, but the continuous validation
failures indicate that the model may not be improving in terms of validation accuracy, requiring
adjustments in training or model design.
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Figure no.9: Best Validation Performance
The plot shows the mean squared error (MSE) performance of a model during training, validation, and
testing over 8 epochs. The vertical axis is logarithmic, displaying MSE values ranging from 0.1 to 10,000,
while the horizontal axis represents the number of epochs. The blue line (Train) shows a steady decrease
in error but stabilizes around 100. The green line (Validation) decreases rapidly initially, reaching the
lowest error of approximately 10.97 at epoch 2, highlighted by a vertical dotted line and a circled point.
After epoch 2, validation error fluctuates, indicating potential overfitting. The red line (Test) starts high
but dramatically drops to below 1 by epoch 7, indicating improved test performance. The legend clarifies

UGC CARE Group-1 169



Industrial Engineering Journal
ISSN: 0970-2555

Volume : 54, Issue 8, No.1, August : 2025

the color coding and the best validation point. The best validation performance at epoch 2 signifies the
model’s optimal point before overfitting, with MSE around 10.9744, guiding model selection for
balancing accuracy and generalization.

80

ANN Prediction of Discounted Cost

—— Actunl|
70 | = Prodioted

{Crores)
Q

£
wst

Discountied ¢

——

10 i " " i s "
2010 2020 2026 2030 2000 2040 20405 2060

Yoor

Figure no.10: ANN Prediction of Discounted cost

The graph titled "ANN Prediction of Discounted Cost" compares actual and predicted discounted costs
(in crores) over time from 2015 to 2050. The blue line with circles represents the actual costs, while the
red line with dots shows the predicted costs by an Artificial Neural Network (ANN). Initially, from 2015
to around 2020, actual costs exhibit sharp fluctuations, peaking near 70 crores, whereas predicted costs
remain relatively stable around 5-6 crores. Post-2020, actual costs drop significantly and stabilize close to
zero, showing minor fluctuations until 2050. The predicted costs gradually decrease from about 5 crores,
dip below zero near 2035, and then slowly rise again, aligning more closely with actual values toward
2050. Overall, the ANN model captures the trend but underestimates early volatility and shows smoother
predictions throughout. This comparison highlights the model’s strength in trend prediction but also its
limitations in capturing sharp real-world fluctuations.
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Figure no.11: Cost After Inflation
The image presents three related financial plots over the years from 2015 to 2050, focusing on cost and
value adjustments considering inflation and discount rates. The top plot shows the "Cost After Inflation”
in crores of rupees, indicating that costs are significantly higher in the initial years (2018-2020), with a
peak around 90 crores, followed by much smaller costs spread out sporadically in later years. The middle
plot depicts the "Discounted Cost (at 12%)," where initial costs peak sharply around 2018-2020 but
quickly diminish, reflecting the present value of future costs discounted at a 12% rate, making later costs
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almost negligible in value. The bottom plot illustrates the "Cumulative Net Present Value (NPV)," which
starts low but sharply rises around 2018-2020 to approximately 140 crores and then plateaus, indicating
that most value is accumulated early, and later costs or benefits have minimal impact on the total NPV.
Overall, the charts show early high costs with major financial impact and minimal long-term discounted
costs, emphasizing the importance of initial investments in determining net value.
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Figure no.12: Training and Test
The image displays two scatter plots illustrating the relationship between predicted outputs and target
values for a model during training and testing phases. The top plot, labeled "Training: R=0.73736," shows
data points scattered around a blue fitted line representing the model’s predictions. The closer the points
are to this line, the better the fit. The dotted line represents the ideal scenario where predicted output equals
the target (Y = T). The R-value of 0.73736 indicates a moderate positive correlation during training,
meaning the model predictions reasonably align with actual targets, though some variability exists. The
bottom plot, labeled "Test: R=0.62018," shows test data with points scattered around a red fitted line, but
this line diverges more from the ideal dotted line. The R-value of 0.62018 indicates a weaker correlation
in the test phase, suggesting the model’s predictive power decreases on unseen data. This difference
between training and testing performance indicates potential overfitting or limitations in generalization

capability.

Bost Valldation Performance Is 34,7127 at epoch 3
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Figure no.13: ANN Performance Matrix
The graph depicts the training, validation, and test mean squared error (MSE) over 9 epochs for a machine

learning model. The vertical axis is logarithmic, showing the MSE values, while the horizontal axis
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represents the number of epochs. The blue line indicates the training error, which steadily decreases over
time, reflecting the model’s improving fit to the training data. The red line shows the test error, which
follows a similar downward trend. The green line represents validation error, which decreases initially but
rises slightly after epoch 3, indicating potential overfitting. The plot highlights the best validation
performance of 34.7127 MSE, achieved at epoch 3, marked by vertical and horizontal dotted lines. This
epoch is crucial because the validation error is minimized, signifying the optimal balance between
underfitting and overfitting. The graph helps in selecting the best epoch for early stopping to ensure
generalization on unseen data, avoiding training beyond the point where validation error increases.
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Figure no.14: Training States

The image shows three-line plots depicting the training progress of a machine learning model over 9
epochs. The top plot tracks the gradient, which starts very high (around 10°5) and decreases significantly
by epoch 9 to about 29.055, indicating that the model is converging as the updates become smaller. The
middle plot displays the learning rate parameter "Mu," which initially increases to 10°-4 but then steadily
decreases to 10"-7 by epoch 9, showing an adaptive adjustment to control the step size during training.
The bottom plot shows the validation failures ("val fail™), which remain zero for the first three epochs but
then start increasing linearly from epoch 4 to 9, reaching 6 at epoch 9. This suggests that the model is
encountering more validation errors as training progresses, possibly due to overfitting or increased
difficulty in improving validation performance. Overall, the plots indicate decreasing gradients and
learning rate with rising validation errors at epoch 9.
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Figure no.14: Predicted Cost Difference over years
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The graph titled "Predicted Cost Difference over Years" illustrates the projected cost difference between
rigid and flexible options from 2015 to 2050. The y-axis represents the cost difference (Rigid - Flexible),
while the x-axis shows the years. Initially, around 2015, the cost difference is slightly positive, indicating
rigid options are costlier. However, a sharp dip occurs around 2018, showing a significant negative
difference of about -8, meaning flexible options were more expensive then. Following this, the cost
difference rises dramatically, peaking around 2019-2020 with rigid options costing roughly 3 units more.
After 2020, the cost difference steadily declines, crossing zero around 2030 and becoming increasingly
negative. By 2050, the cost difference stabilizes near -5.5, implying flexible options become more cost-
effective over time. This trend suggests a future economic advantage in using flexible solutions compared

to rigid ones, likely due to advancements or cost reductions in flexible technology.
Comparative Predicted NPV: Rigld vs Flexible Pavement
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Figure no.15: Comparative Predicted NPV
The graph compares the predicted cumulative Net Present Value (NPV) in crores of rupees for rigid and
flexible pavements over a period from 2015 to 2050. Both pavement types show a rapid increase in NPV
from 2015 to around 2020, with rigid pavement reaching approximately 125 crores Rs and flexible
pavement slightly lower but closely trailing. After 2020, the NPVs for both pavements plateau, indicating
a stabilization in predicted returns. However, flexible pavement continues to show a marginal increase
beyond 2020, reaching around 135 crores Rs by 2050, whereas rigid pavement remains almost flat just
above 125 crores Rs. This suggests that flexible pavement may offer slightly higher long-term economic
benefits compared to rigid pavement. Overall, while both types yield significant returns early on, flexible
pavement is projected to outperform rigid pavement in the long run in terms of cumulative predicted NPV.
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Figure no.16: Flexible Pavement
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The graph depicts the cumulative Net Present Value (NPV) for flexible pavement over time, comparing
actual versus predicted values from 2015 to 2050. The Y-axis shows the cumulative NPV in crores of
rupees, while the X-axis represents the years. Both the actual and predicted NPV values start low around
2015 but rapidly increase until 2020, reaching around 120 crores. After 2020, the NPV values gradually
rise and stabilize around 130 crores. The actual flexible pavement NPV is represented by green circles
connected with a solid line, while the predicted NPV is shown as a dashed magenta line. The close
alignment of the two lines indicates that the predicted NPV closely matches the actual NPV values
throughout the period, reflecting a reliable prediction model for flexible pavement investment returns over
time.
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Figure no.16: Rigid Pavment

The graph titled "Rigid Pavement: Actual vs Predicted NPV" compares the cumulative Net Present Value
(NPV) of rigid pavement over time, from 2015 to 2050. The vertical axis represents the cumulative NPV
in Crores of Rupees, while the horizontal axis marks the years. Two lines are plotted: the blue line with
circles shows the actual NPV, and the red dashed line shows the predicted NPV. Both lines begin at a low
value in 2015, rise sharply until 2020, reaching approximately 130 Crores Rs, and then plateau, remaining
steady until 2050. The close overlap of the actual and predicted lines indicates a strong agreement between
the model’s prediction and the actual observed data. This suggests that the prediction model for the rigid
pavement’s NPV is highly accurate in forecasting long-term financial outcomes. The stability in NPV
after 2020 indicates no further significant financial changes expected in the pavement’s value over the
following decades.

5. CONCLUSION

The life cycle cost analysis (LCCA) of the New Austrian Tunneling Method (NATM) using Atrtificial
Neural Networks (ANN) provides a robust framework for evaluating the economic efficiency and
sustainability of tunnel construction projects over their entire lifespan. NATM, known for its adaptability
to varying geological conditions and its reliance on the surrounding rock for support, presents complex
cost implications due to dynamic factors such as excavation methods, support systems, maintenance
requirements, and operational conditions. By integrating ANN into LCCA, this study demonstrates an
advanced approach to predict and optimize cost parameters, thereby enhancing decision-making in the
early design and planning stages. ANN models, trained on historical project data, can identify patterns
and correlations that traditional analytical methods might overlook. This enables a more precise estimation
of total life cycle costs, incorporating direct construction expenses, indirect costs, future maintenance, and
potential risks. The application of ANN not only improves the accuracy of cost forecasting but also
supports scenario analysis, allowing stakeholders to evaluate alternative designs and construction
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strategies under varied economic and environmental conditions. The research concludes that the
combination of NATM and ANN-based LCCA significantly improves the efficiency, reliability, and
transparency of cost management in tunnel projects. It empowers engineers and project managers with a
predictive tool to mitigate financial risks and optimize resource allocation, ultimately contributing to more
cost-effective and sustainable infrastructure development. The study recommends further exploration of
hybrid Al models and continuous data collection to enhance predictive capabilities and adapt to evolving
construction technologies.
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