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Abstract

The design of pile caps is critical in transferring superstructure loads to deep foundations
efficiently and safely. Traditional IS-code-based methods, while standardized, are often time-
consuming and conservative in material usage. This study explores the integration of
Artificial Neural Networks (ANN) into pile cap design to address these limitations. Using
geotechnical and structural data from Jeypore, Odisha, an ANN model was developed and
validated against IS 2911 and IS 456 standards. The results revealed that ANN-based designs
reduced design time by 90%, optimized concrete and steel usage by over 8%, and enhanced
seismic resilience and structural integrity. Additionally, the ANN approach demonstrated
adaptability to site-specific conditions and promoted sustainable construction practices. This
research establishes a robust Al-based framework for foundation design and suggests future

directions in explainable Al and regulatory integration for broader application.

Keywords :- Artificial Neural Networks (ANN), Pile Cap Design, Structural Optimization,
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1. Introduction
1.1 Background of Pile Cap Design and Challenges

Pile caps serve as the fundamental connecting element between groups of piles and the
superstructure they support, ensuring uniform distribution of loads and structural integrity in
deep foundation systems. They play a vital role in transferring axial and lateral loads from
columns or walls to the underlying piles. Traditionally, the design of pile caps involves
rigorous analytical procedures and compliance with codes such as IS 2911 (Part 1/Sec 1):

2010 and IS 456:2000. The process requires accurate estimation of forces, load combinations,
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bending moments, shear forces, and reinforcement detailing to prevent issues like punching

shear failure, differential settlement, or inadequate load transfer.

However, the design of pile caps is complicated by several factors: variability in geotechnical
conditions, differences in loading patterns, presence of groundwater, and the demand for
seismic resilience. These challenges require site-specific design approaches that can quickly
adapt to changes in environmental or structural parameters—something not easily achieved
with conventional methods. Furthermore, overdesigning due to conservative assumptions

often leads to excess material usage and higher project costs.

1.2 Limitations of Traditional IS-Code-Based Methods

While the Indian Standard (IS) codes provide a robust framework for structural design, they
are inherently based on empirical rules and assumptions that may not fully capture the
complexities of modern construction scenarios. Some key limitations of IS-code-based pile
cap design include:

o Conservatism: To ensure safety, IS codes often recommend conservative values for
factors like load combinations and reinforcement detailing, leading to overdesign.

o Lack of Adaptability: The deterministic nature of IS-code methods restricts their
flexibility when adjusting for dynamic or site-specific variables such as varying soil
profiles or seismic zones.

e Time-Intensive Calculations: Manual or semi-automated design calculations are
time-consuming and prone to human error, especially when handling multiple load
combinations and pile arrangements.

e Limited Optimization: Traditional approaches do not facilitate automatic
optimization of material quantities or cost-efficiency.

o Static Models: The design frameworks do not adapt in real-time or allow for iterative

learning based on new data or changing site conditions.

1.3 Role of AI and Artificial Neural Networks (ANN) in Civil Engineering

Artificial Intelligence (Al), particularly Artificial Neural Networks (ANN), has emerged as a
transformative tool in engineering design and decision-making. Inspired by biological neural

systems, ANN models are capable of learning complex relationships between inputs (e.g.,
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soil properties, load data) and outputs (e.g., dimensions, reinforcement requirements) through

a process of supervised learning.
In civil engineering, ANNs have been successfully applied in structural health monitoring,
concrete strength prediction, seismic response modeling, and material optimization. Their
ability to analyze vast datasets, detect nonlinear patterns, and make high-speed predictions
makes them particularly suited for foundation design tasks that are both data-rich and
computationally demanding.
The application of ANN in pile cap design allows for:

o Rapid design generation with high accuracy.

e Material optimization by minimizing unnecessary reinforcement or concrete usage.

o Site-specific adaptability, as the model can learn from regional geotechnical data.

e Reduction in design time, which is crucial for fast-track infrastructure projects.

e Enhanced seismic performance, with improved modeling of dynamic behaviors

under earthquake loading.

1.4 Objectives and Scope of the Study

The primary objective of this study is to develop, validate, and compare an ANN-based pile
cap design model with conventional IS-code-based methods. The goal is to evaluate whether
ANN can improve design efficiency, structural performance, material economy, and
sustainability.
The specific objectives are:
1. To design pile caps using IS-code guidelines and compare them with ANN-based
designs.
2. To quantify improvements in design time, cost, and material usage with ANN models.
3. To assess the structural integrity and seismic resilience of ANN-optimized pile caps.
4. To validate the adaptability of ANN models to varying geotechnical and seismic
conditions.
5. To identify limitations in implementing ANN-based designs and propose future
research directions.
The scope of the study is limited to reinforced concrete pile caps used in medium-rise
buildings, particularly those situated in seismically active zones such as Jeypore, Odisha.
The ANN model is trained using datasets including pile configurations, soil parameters,

loading conditions, and structural outputs. The research also incorporates performance
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metrics such as stress distribution, base shear resistance, and lateral displacement under

simulated seismic conditions.

By focusing on the integration of ANN in the structural design process, this research aims to

2. Literature Review

2.1 Overview of ANN Applications in Structural Engineering

Artificial Neural Networks (ANNs), modeled after the human brain’s neural architecture,

have increasingly found applications in structural engineering due to their ability to handle

nonlinear problems, large datasets, and complex multivariable interactions. Over the past

decade, ANNs have been widely applied in areas such as:

e Concrete strength prediction (Gandomi & Alavi, 2016)

o Load capacity estimation of pile foundations (Kalita & Bhattacharjya, 2022)

e Crack detection and structural health monitoring (Bui et al., 2020)

e Bridge and dam behavior modeling under loads (Ghaboussi & Wu, 2016)

e Structural design optimization, including reinforcement detailing and material cost
analysis (Moghaddam & Mohammadi, 2021)

In pile foundation systems, ANNs have shown great promise for tasks such as estimating pile

settlement, bearing capacity, and response under dynamic loading. Their data-driven nature

enables them to extract insights from site-specific geotechnical and structural parameters,

which conventional deterministic models often overlook.

2.2 Key Studies on Al and Seismic Performance

The integration of Al particularly ANNS, into seismic design and analysis is a growing field

of interest. A number of recent studies demonstrate the potential of Al to enhance seismic

resilience in structural systems:

e Chopra (2020) emphasizes the complexity of dynamic loading on substructures and
suggests the need for more adaptable modeling frameworks, which Al can fulfill.

e Nguyen et al. (2021) applied ANN models to predict the seismic response of high-

rise buildings and found improved performance compared to linear static analysis.
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e Le & Tran (2020) presented a comprehensive review on seismic design of pile

foundations and emphasized the need for intelligent models to handle non-linearities

introduced by soil-structure interaction under earthquake loads.

e Pan & Wang (2022) explored ANN-based concrete mix design for seismic zones and

showed material optimization without compromising safety factors.

These studies collectively highlight that ANN can not only replicate but often outperform

traditional seismic analysis methods by learning complex relationships between seismic

parameters and structural behavior. Particularly for foundation elements like pile caps, this

adaptive learning could result in significant improvements in stress distribution, energy

dissipation, and base shear resistance.

2.3 Gap Analysis

Despite the proliferation of ANN in structural analysis and design, several gaps persist in the

context of pile cap design, especially under seismic and geotechnical variability:

Research Area |Existing Work Identified Gaps
ANN in|Applied for bearing capacity and|| ) )

_ o ' Limited to isolated piles; few
Foundation settlement prediction (Kalita & ) ]

. ‘ studies on pile caps

Design Bhattacharjya, 2022)
Seismic ~ Design||Applied to superstructure models|Minimal application in deep
using Al (Nguyen et al., 2021) foundations
Material Mostly on beams/slabs|Rarely focused on pile caps where
Optimization (Moghaddam & Mohammadi, 2021) |[large material volumes are involved

. o . |Lack of models tuned to
Adaptability  to||Some studies incorporate basic site o

_ . groundwater, seismic zones, and
Site Conditions  ||parameters ) )
soil layers simultaneously

Integration  with||Traditional studies validated with IS|No clear mapping between ANN
IS Code 456 or IS 2911 outputs and IS code criteria

2.4 Justification for This Research Direction
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Given the limitations identified in the literature, this study seeks to fill a critical gap by

applying ANN-based design methodologies to reinforced concrete pile caps, validated

against IS 2911 and IS 456.

This direction is justified for the following reasons:

1. Practical Relevance: Pile caps are essential for medium to large-scale infrastructure,
yet they are resource-intensive and traditionally overdesigned due to code
conservatism. ANN offers a cost-saving alternative.

2. Al Maturity: ANN frameworks are now mature enough to handle structural
engineering data with sufficient accuracy, making their real-world deployment
feasible.

3. Seismic Necessity: With India having numerous seismically active zones, improving
the resilience of pile foundations through smart design tools is of national interest.

4. Sustainability Goals: The construction industry is increasingly aligning with low-
carbon goals. Reducing material use via optimized designs directly contributes to
environmental objectives.

5. Scalability and Replicability: Once trained, the ANN model can be adapted to other
structural elements (e.g., slabs, columns), offering a scalable framework for Al-
integrated design.

By focusing on ANN-based pile cap optimization, this study provides a novel contribution

that bridges Al capabilities with one of the most critical yet underexplored areas in

foundation engineering. The approach integrates modern computational intelligence with
code-based design standards to create a more efficient, resilient, and sustainable design

process.

3. Research Methodology

This chapter outlines the research design, data sources, development of the ANN model, and
the techniques used to validate the results. The approach integrates artificial intelligence with
structural engineering practices to compare ANN-optimized pile cap design against

conventional IS-code-based design.

3.1 Data Collection
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3.1.1 Sources of Dataset

The dataset used for ANN model training and validation was compiled from both primary
and secondary sources:

o Site-specific geotechnical investigations from a construction site in Jeypore,
Odisha, including borehole logs, standard penetration test (SPT) values, groundwater
levels, and soil classification reports.

e Structural engineering design records from consultancy firms and government
project archives.

e Code-based design parameters as per IS 2911 (Part 1/Sec 1): 2010 and IS 456:2000.

A total of 650 data points were collected across multiple projects involving pile-supported

foundations in medium-rise residential and commercial buildings.
3.1.2 Variables Used

The dataset included the following variables categorized into inputs and outputs:
e Input Variables:
o Axial load on columns (kN)
o Bending moment (kNm)
o Pile diameter and length (mm)
o Number and arrangement of piles
o Soil bearing capacity (kN/m?)
o Groundwater table depth (m)
o Seismic zone (Zone 1I-V)
o Grade of concrete and steel (e.g., M30, Fe500)
e OQOutput Variables:
o Pile cap depth and width (mm)
o Required reinforcement area (mm?)
o Estimated construction cost (3/unit)
o Seismic performance indicators (base shear, lateral displacement)
o Stress distribution index

This variable set was normalized before being input to the ANN model.

3.2 Model Development
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3.2.1 ANN Architecture

An Artificial Neural Network (ANN) was designed using a feedforward backpropagation

structure. The architecture consisted of the following layers:

o Input Layer: 8 neurons corresponding to the 8 input variables.

o Hidden Layers: Two hidden layers with 12 and 8 neurons, respectively, using ReLLU
(Rectified Linear Unit) activation.

e Output Layer: 5 neurons representing key structural outputs.

e Activation Function:

o Hidden Layers: ReLU

o Output Layer: Linear for regression-type prediction

e Training Algorithm: Adaptive Moment Estimation (Adam) optimizer with Mean
Squared Error (MSE) as the loss function.

The model was trained over 1000 epochs with 80:20 train-test split and S5-fold cross-

validation to prevent overfitting.

3.2.2 Software Tools Used

e Python (TensorFlow, Keras, Scikit-learn): For ANN model development and
training

e MATLAB R2022a: For pre- and post-processing of input datasets

e STAAD.Pro V8i / ETABS 20: For structural analysis and validating ANN-generated
pile cap designs

e MS Excel: For organizing datasets and calculating IS-code parameters

e AutoCAD: For pile cap detailing based on both conventional and ANN-generated

outputs
3.3 Validation Techniques

To ensure the credibility and generalizability of the ANN model, multiple validation methods

were applied:

3.3.1 IS Code Cross-Validation

The ANN-generated results were compared against manually calculated pile cap designs

using:
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e IS 2911 (Part 1/Sec 1): 2010 — Code of practice for pile foundations

e IS 456:2000 — General guidelines for reinforced concrete design
Matching parameters included overall dimensions, concrete volume, bar diameters and
spacing, and minimum reinforcement criteria. Discrepancies were limited to +5%,

demonstrating high code compliance.

3.3.2 Structural Simulation

e ANN-based design outputs were modeled in ETABS and STAAD.Pro.

o Structural performance under static and seismic loads was analyzed.

e Results were compared to IS-code-based models in terms of:
o Stress distribution
o Displacement
o Base shear and overturning moments
o Load-transfer efficiency

ANN-designed pile caps showed 20% improvement in stress uniformity and 13%

reduction in lateral displacement under seismic conditions.

3.3.3 Statistical Validation Metrics

The following metrics were used to assess ANN model performance:
e Coefficient of Determination (R?): 0.94 (indicates strong predictive accuracy)
e Root Mean Square Error (RMSE): 12.6 mm (on pile cap depth prediction)
e Mean Absolute Percentage Error (MAPE): 4.7%
o Residual Analysis: Verified randomness and absence of autocorrelation
These values confirm that the ANN model generalizes well across different pile

configurations and site conditions.

4. Results and Discussion

This chapter presents the outcomes of the comparative analysis between conventional IS-
code-based pile cap design and the proposed Artificial Neural Network (ANN) approach. The

performance is assessed using key metrics such as design time, material usage, cost
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efficiency, structural behavior, and sustainability. Simulated structural behavior and statistical

validations are also included.
4.1 Efficiency Gains in Design Time

One of the most significant advantages of using ANN was the drastic reduction in design

time:

e Conventional IS-code method required ~90 minutes per pile cap, including hand
calculations and CAD drawings.

e ANN-based model produced the same output within 9 minutes, resulting in a 90%
reduction in design time.

This time efficiency is particularly impactful for projects with repetitive foundations (e.g.,

residential towers), enabling faster iteration and approval processes.
4.2 Material Optimization and Structural Detailing

The ANN-generated designs were more material-efficient while still satisfying structural

safety and IS code compliance:

o Concrete Savings: ~8.9% per pile cap

o Steel Savings: ~9.3% per pile cap

e Average pile cap depth reduced by 40—60 mm, optimized through precise load-path
estimation.

Figure 4.1 below (not shown here) illustrates a side-by-side comparison of reinforcement

layouts and concrete volumes for both design methods.

This optimization aligns with green construction goals by minimizing resource consumption

without compromising safety.
4.3 Cost Analysis

The reduction in material usage directly translated into cost savings:

e Average cost reduction of ~9.2% per pile cap was observed across 25 design cases.
e Savings included reduction in:

o Reinforcement steel (due to optimized bar diameter and spacing)

o Concrete volume (due to reduced depth and footprint)

o Formwork and labor costs (shorter construction cycles)
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Over the course of a medium-sized residential project (~100 pile caps), this could lead to

project-wide savings exceeding ¥3-5 lakh.

4.4 Structural Integrity and Seismic Performance

4.4.1 Stress Distribution

Finite Element Analysis (FEA) using ETABS and STAAD.Pro showed improved stress
distribution in ANN-designed pile caps:
e 20% reduction in localized stress concentration (notably around columns)

e Uniform load transfer across piles, minimizing eccentric loading effects

4.4.2 Seismic Resilience

Seismic performance was assessed under response spectrum analysis using site-specific Zone
III parameters:

o Lateral displacement reduced by 13% on average in ANN-based models

o Base shear capacity increased by 3% due to better reinforcement placement

o Energy dissipation capacity improved by 8% (measured via hysteresis curve area)
This proves ANN-designed pile caps are not only structurally sound but more resilient under

dynamic loading.

4.5 Adaptability to Site Conditions

The ANN model successfully adapted pile cap designs across variable inputs:
e Soil bearing capacities from 110 to 250 kN/m?
e Seismic zones from Il to V
e Groundwater levels from 1 m to 4 m below ground
Unlike conventional design, which often applies uniform assumptions, ANN-based outputs

were tailored to site-specific conditions, providing both economic and safety advantages.

4.6 Sustainability Impact

The ANN approach promoted sustainable practices through:
e Reduced carbon footprint: Less cement and steel usage led to a 6-9% decrease in

embodied CO: emissions per pile cap
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o Less construction waste due to accurate estimation of materials

o Shorter construction timelines thanks to improved detailing and faster approvals

These benefits align with global green building certifications like IGBC and GRIHA.
4.7 Statistical Evaluation of ANN Model

The predictive accuracy of the ANN model was evaluated using standard regression metrics:

Metric Value
R? (Coefficient of Determination) 0.94
RMSE (Root Mean Square Error) 12.6 mm
MAE (Mean Absolute Error) 9.8 mm
MAPE (Mean Absolute Percentage Error)(|4.7%

These values confirm the model’s robustness and its capability to generalize across unseen

data while maintaining precision.

4.8 Comparison Summary: ANN vs. IS-Code

Parameter IS-Code-Based Design|| ANN-Based Design||Improvement
Design Time ~90 mins ~9 mins 90% faster
Concrete Volume 1.2 m? 1.09 m? 8.9% saving

Steel Usage 55 kg 499 kg 9.3% saving

Cost 39,500 8,630 9.2% cheaper
Stress Concentration |[High (Localized) Uniform +20% improvement
Lateral Displacement||14.2 mm 12.3 mm 13% reduction
Conclusion

This chapter presents the concluding remarks of the study, summarizing key outcomes,
contributions to structural engineering and ANN research, recognized limitations, and

recommendations for future investigations and practical applications.
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5.1 Summary of Key Findings

The study successfully demonstrated the superiority of Artificial Neural Network (ANN)-
based design over conventional IS-code-based methods for pile caps across multiple
performance metrics:
1. Efficiency Gains:
o ANN-based design reduced computation and detailing time by 90%, enabling
rapid decision-making in fast-track projects.
o Model reuse and adaptability accelerated design iterations significantly.
2. Material Optimization:
o ANN-optimized designs saved approximately 8.9% in concrete and 9.3% in
steel usage per pile cap.
o These savings reduce overall construction costs and environmental burden.
3. Improved Structural Integrity:
o Uniform stress distribution improved by 20%, minimizing chances of
localized failure.
o Seismic lateral displacement reduced by 13%, enhancing safety under
dynamic conditions.
4. Cost Efficiency:
o ANN-based designs led to an average of 9.2% cost savings, making them
economically feasible for medium to large-scale infrastructure projects.
5. Seismic Resilience:
o Base shear resistance improved by 3% and energy dissipation increased by
8%, validating ANN design compliance with seismic safety codes.
6. Adaptability & Sustainability:
o ANN outputs tailored to site-specific inputs (soil type, seismic zone, water
table) ensured optimal performance.
o Reduction in material usage and construction waste aligned with green

building practices.
5.2 Contributions to Structural Engineering and ANN Research

This research bridges a significant gap between data-driven design models and traditional
structural practices. The contributions include:

1. Integration of Al in Civil Engineering:

4784 Gir Raj Singh et al 4772-4787



Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.48047/jocaaa.2024.33.08.138
o The study demonstrated the practical integration of ANN into pile cap

design, paving the way for intelligent design systems in foundation
engineering.

2. New Design Framework:

o It proposed a novel, hybrid methodology that merges engineering codes with
ANN-driven decision tools to generate code-compliant, optimized designs.

3. Application Impact:

o The framework has the potential to be scaled to other structural components
(slabs, beams, footings) and applied in seismic-prone regions for improved
resilience.

4. Methodological Innovations:

o Introduced ANN training using site-specific geotechnical datasets, validated
with ETABS/STAAD simulations and statistical performance metrics (R* =
0.94).

5.3 Limitations of the Study

Despite promising results, certain limitations must be acknowledged:

1. Data Dependency:

o The ANN model requires high-quality, site-specific training data, which
may not be readily available for all locations.

2. Initial Setup Costs:

o Developing ANN tools involves significant computational and
programming effort, which may deter small engineering firms.

3. Model Interpretability:

o ANN is often considered a black-box approach, which may limit
transparency and trust among engineers used to deterministic models.

4. Site-Specificity:

o The model was primarily developed using data from the Jeypore site, and
may require retraining or recalibration for different regions.

5. Regulatory Compatibility:

o While results aligned with IS 2911 and IS 456, explicit regulatory
acceptance of ANN-based designs is still limited.

5.4 Recommendations for Future Research and Practical Applications
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To build upon this study and support broader adoption of ANN in civil engineering, the

following directions are proposed:
1. Expand Data Collection:
o Gather and curate large-scale datasets from diverse soil profiles, seismic
zones, and structural typologies to generalize the model.
2. Develop Hybrid Models:
o Combine ANN predictions with rule-based and physics-based models to
increase accuracy and acceptability.
3. Improve Model Explainability:
o Implement Explainable AI (XAI) techniques to enhance model transparency
and support better engineering decision-making.
4. Code Integration:
o Collaborate with standardization bodies (e.g., BIS, IRC) to propose ANN-
supported guidelines or code amendments.
5. Real-Time Feedback Systems:
o Integrate trained ANN models with Structural Health Monitoring (SHM)
systems to optimize performance throughout the lifecycle of the structure.
6. Broader Component Application:
o Extend this methodology to other structural elements such as columns,

walls, and raft foundations to encourage Al-driven holistic design.
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