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In the design of structures, the carryingkash Sankar Chowdhury
capability of shallow foundations is crucial3™ year B. Tech CSE
Particularly when the soil is complex or varie&RMIST Tiruchirappalli
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intricate correlations between input and outpsihashwath.ep@gmail.com
variables. The model parameters are optimized
using PSO, leading to a more precise and
trustworthy forecast of bearing capacity. Using
a dataset of experimental data from shallow
foundations, the ANFIS-PSO model was
assessed. With an’Rralue of 0.90274 and an
RMSE score of 0.0552, the model successfully
predicted bearing capacity. These findings show
that the ANFIS-PSO model is useful for
calculating bearing capacity. The ANFIS-PSO
model has a number of benefits over
conventional techniques for calculating bearing
capacity. First, the model can accommodate
language explanations of uncertainty and soll
mechanics data. Additionally, the model may
identify non-linear connections between various
soil metrics. Third, the model can refine its
parameters to increase precision. The bearing
capacity assessment process may undergo a
revolution thanks to the ANFIS-PSO model.

The model can be used to build safer and more
cost-effective structures since it is more precise
and reliable than conventional techniques. The
model is useful for a variety of soil conditions
and can be used by architects and civil
engineers.
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. INTRODUCTION

The foundation of any building is critical to itbility and lifespan because it acts as
the vital connection between the superstructure tardsubsurface soil layers[1]. Shallow
foundations, among other foundation types, arangisished by their broad base and thin
thickness, with a depth that is equal to or less ttineir breadth. In shallow foundations, the
base area plays a significant role in load distrdmy and failure occurs at a shallow depth
that reaches the surface. An important components@f mechanics and foundation
engineering is comprehending the bearing capadigoih, which is also known as the soil's
load-carrying capacity. The maximum load per urgaaat which shear failure takes place is
referred to as the ultimate bearing capacity.

Soft computing methods based on machine learning haen used by researchers to
increase the accuracy of predictions regarding thearing capacity of shallow
foundations[2]-[11]. The Adaptive Neuro-Fuzzy Irdece System (ANFIS) is one such
model that has demonstrated significant potentalai number of applications. ANFIS
combines the benefits of fuzzy logic and neuraoeks, making it possible to find complex
relationships between input and output variablds[A2 a result of its capacity to manage
complicated data and make precise predictions, ASNFas attracted a lot of
interest.Furthermore, when combined with ANFIS tieler Swarm Optimization (PSO) has
proven to be a successful optimization strategy[PHO is a population-based optimization
technique that continuously modifies the placemehtsotential solutions in the search space
in order to identify the best one. It was inspitgdsocial behaviour. The performance and
dependability of the model have been significaitiproved by merging PSO with ANFIS,
according to researchers[13]-[16].

The implementation of the ANFIS-PSO approach faedsining the bearing capacity
of shallow foundations is the main emphasis of #tigdy. This method provides a reliable
and effective way to determine the load-carryingpadality of shallow foundations by
combining fuzzy logic with optimization. The findja of this study are anticipated to have a
substantial impact on construction methods, asguhe stability and safety of structures.
Insights from this research will also have a sigaiit impact on soil mechanics and
foundation engineering.Accurate forecasts of bgatapacity become increasingly important
as the need for stronger, more resilient structgresvs. While still somewhat accurate,
conventional methods for determining bearing capdoequently have trouble dealing with
the complexity of soil behaviour. An innovative acoimplex strategy that could transform
the field of foundation engineering is presentedtiiy merging of ANFIS and PSO.The
ANFIS-PSO method's attractiveness rests in itsagp#o draw lessons from the past and
modify its rules to produce precise forecasts[I3Je model can manage uncertainty and
linguistic descriptions found in soil mechanicsadhy using fuzzy logic. ANFIS uses neural
networks to detect non-linear correlations betwedierent soil metrics, which enables the
model to detect complex patterns that would be loeked by traditional
approaches[12].Furthermore, PSO's theory of swamlligence fits with how particles
behave naturally in a search space[17], [18]. Tiseadery of optimal solutions is made
easier and more computationally effective becaos®30's exploration and exploitation
capabilities. The hybrid ANFIS-PSO method can tfeee successfully handle the
challenging optimization problem of determining tie@ capacity.
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This study's potential uses go well beyond jusotbical ones. The ANFIS-PSO
method can be used by civil engineers and architiecbptimize foundation designs for a
variety of structures, from small residential bings to massive infrastructure projects. A
more precise bearing capacity estimate enable®rblethd distribution planning, which
results in safer and more economical buildingsttarrmore, the ANFIS-PSO method's
capability to precisely determine bearing capab#gomes even more significant in areas
vulnerable to earthquakes or other geotechnicadrdaz Engineers can create structures that
survive these difficulties by being aware of thé@'stoad-bearing limits, thereby saving lives
and reducing property damage in the event of niatatamities.

II. DATASET USED FOR THE STUDY

The dataset for the study is taken from publishiadiss [19], [20]. The histogram of
the dataset is presented in figure 1. Input pararsgaken are the width of the foundation
(B), depth of the foundation (D), length to widttio (L/B), density (y), and angle of friction
(p), whereas the final output parameter is consideécethe the bearing capacity of the
foundation (g).To analyse the distribution of the input and otitparameters and study the
influence of the input parameters on the outpuamp@ters, correlation matrix has been
plotted in figure 2. The correlation matrix compssthe box plot, confidence ellipse and the
values of Pearson’s r. It can be inferred fromfigare 2 that parameter D is having most
influence on the output followed by B. The leastuence on the output parameter is for the
parameter f.
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Figure 1: Dataset for the study
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Figure 2: Correlation Matrix of the dataset used for the gtud
[11. OBSERVATIONSAND DISCUSSION:

The ANFIS-PSO model for the study has been devdlope MATLAB. The
performance of the model is presented in the fofmegression curve, distribution of MSE
and error mean in figure 3 and 4 for training amedtihg datasets respectively. The
distribution of the predicted outcome to the actisathown in scatter plot in figure 5. The
predicted datapoints are plotted around the actualredicted line. The coefficient of
determination (B and root mean square error (RMSE), weighted nagsmolute percentage
error (WMAPE),variance accounted for (VAF), four gortant measures, offer important
insights into the precision and dependability & thodel's predictions.

?zl(di - dmean)z - ?zl(di - :Vi)z

R? =
?:1(di - dmean)2 (1)
=1 |_di;_yi| X d;
WMAPE = - 2
i=1 di
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RMSE = \/%zg;l(di — )2 (3)
_ var(d; — y;)
VAF = (1 _T(dl)) x 100 (4)

It is to be taken into consideration thg is referredto as the observe(value, yis
referred to as the predict&&talue, and N refers to the number of data sampased on thi:
the equations are derived and the final valuemaied.
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Figure 3: Regression Plot with Error Matrix for training dsg¢séof ANFIS — PSO model
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Figure 4: Regression Plot with Error Matrix for testing datiasf ANFIS — PSO model
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Figure5: Scatter Plot for both training and testing data
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The values of the performance parameters are riotdéble 1. The ANFIS-PSO
model attained a remarkablé ®Ralue of 0.953 during the training phase. The rhods able
to explain almost 95.29 percent of the variabibgen in the training data, as seen by the
strong R score. In other words, the model was able to giliable predictions of bearing
capacity by accurately capturing complicated refehips between input and output factors.
In foundation engineering, where accurate estimatere essential for assuring the structural
integrity and safety of structures and infrastreetwa strong Rresult is necessary.The low
RMSE of 0.065 that was attained during the trairphgse further contributes to the model's
dependability. The average difference between thleeg in the training data that were
predicted and the actual values is measured by RNIB&low RMSE number shows that the
model's predictions were generally accurate, wath errors, and near to the actual values.
This shows how the ANFIS-PSO model may be usedctwrately predict the bearing
capacity of shallow foundations during the trainprgcess.

The ANFIS-PSO model maintained its outstanding grernce during the testing
phase, reaching an’Ralue of 0.815. The model can explain about 8kfent of the
variability in the testing data, according to tiR$ statistic. It is also important that the
model's performance generalizes effectively to wmkminput and goes beyond the training
data. It demonstrates that the ANFIS-PSO modelldasit underlying patterns that can be
applied to new, unforeseen data instead than twegfito the training data, making it a
robust and trustworthy tool for real-world applicats. The ANFIS-PSO model's correctness
and generalizability are further demonstrated by tsting model's low RMSE score of
0.0552. The model's ability to generate accuratenates of bearing capacity for shallow
foundations is further demonstrated by the modelis RMSE value, which shows that the
predictions closely match the actual values intdsing dataset.The study's findings show
the ANFIS-PSO model's excellent performance in rdaténg the bearing capacity of
shallow foundations.

The study's findings highlight the ANFIS-PSO malekceptional performance in
determining the carrying capacity of shallow foutrmi@as. The model's success in capturing
intricate correlations between input and outpuiakdes is demonstrated by its capacity to
explain a sizable portion of the variability in tldata, both during training and testing.
Additionally, the low RMSE values show that the rabttequently makes predictions that
are near to the actual values, ensuring that estimenistakes are kept to a minimum.Given
these astounding results, the ANFIS-PSO model Hasa promise to be a useful resource
for foundation engineers and soil mechanics spstsalThe model can be extremely helpful
in ensuring the stability, safety, and long-termf@enance of shallow foundations in a
variety of building projects by offering accuratedatrustworthy projections of bearing
capacity. The ANFIS-PSO model provides a cuttingeethethod for optimizing foundation
designs and enhancing the resilience of constmgigainst geotechnical challenges, such as
earthquakes and other natural hazards, whetheratieefpr residential buildings, commercial
buildings, or large infrastructural developmentsefll, this research advances the field of
foundation engineering and sets the path for futsméer and more effective building
methods.
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Table 1: Ideal valueswith all the obtained results of the model

Parameters IDEAL VALUES TR VALUES TS VALUES
R? 1 0.5080 0.8149
WMAPE 0 0.2918 0.3598
VAF 100 90.8018 80.1005
RMSE 0 0.0647 0.0553

IV.CONCLUSION

The study's findings will serve as a helpful toml the construction industry, ensuring
that buildings are built with both literal and syotibally strong foundations. By creating new
standards for sustainability, efficiency, and saféhe ANFIS-PSO methodology has the
potential to revolutionize building practices. Atdiap Neuro-Fuzzy Inference System
(ANFIS) and Particle Swarm Optimization (PSO) tbgetoffer a state-of-the-art method for
estimating the bearing capacity of shallow fourmtai By utilizing machine learning and
optimization, this method offers more accurate dasts and a deeper understanding of soil
mechanics and foundation engineering. The ressaroany potential applications could
change the construction industry by improving tldbdustness, stability, and safety of
buildings everywhere. The ANFIS-PSO technique Hetsdoor for a new age of innovative
and sustainable construction practices as we deistber into the complexities of soll
behaviour and foundation design.

REFERENCES

[1] V. Murthy, “Soil mechanics and foundation enginagri CBS Publishers and distributers pvt. Ltd., @01

[2] M. Kumar, R. Biswas, D. R. Kumar, T. Pradeep, an8dMmui, “Metaheuristic models for the predictidn o
bearing capacity of pile foundation,” Geomecharacsl Engineering, vol. 31, no. 2, pp. 129-147, Oct.
2022, doi: 10.12989/GAE.2022.31.2.129.

[3] R. Ray, D. Kumar, P. Samui, L. B. Roy, A. T. C. Gamd W. Zhang, “Application of soft computing
techniques for shallow foundation reliability inajechnical engineering,” Geoscience Frontiers, %8al.
no. 1, pp. 375-383, Jan. 2021, doi: 10.1016/J.@2B.25.003.

[4] R. Ray, D. Kumar, P. Samui, L. B. Roy, A. T. C. Galmd W. Zhang, “Application of soft computing
techniques for shallow foundation reliability inagechnical engineering,” Geoscience Frontiers, 4@l.
no. 1, pp. 375-383, Jan. 2021, doi: 10.1016/j.620205.003.

[5] G. L. Sivakumar Babu and A. Srivastava, “Reliabilihalysis of allowable pressure on shallow fouiodat
using response surface method,” Comput Geotech, 34| no. 3, pp. 187-194, May 2007, doi:
10.1016/J.COMPGEO0.2006.11.002.

[6] R. Ray, D. Kumar, P. Samui, L. B. Roy, A. T. C. Gamd W. Zhang, “Application of soft computing
techniques for shallow foundation reliability inajechnical engineering,” Geoscience Frontiers, %8al.
no. 1, pp. 375—-383, Jan. 2021, doi: 10.1016/}.620205.003.

[71 R. Ray, D. Kumar, P. Samui, L. B. Roy, A. T. C. Gamd W. Zhang, “Application of soft computing
techniques for shallow foundation reliability inajechnical engineering,” Geoscience Frontiers, %8al.
no. 1, pp. 375-383, May 2021, doi: 10.1016/j.gZ(205.003.

[8] P. Samui, “Support vector machine applied to settiet of shallow foundations on cohesionless soils,”
Comput Geotech, vol. 35, no. 3, pp. 419-427, Ma&3B82@doi: 10.1016/j.compgeo.2007.06.014.

[9] G. L. Sivakumar Babu and A. Srivastava, “Reliabilihalysis of allowable pressure on shallow fouiodat
using response surface method,” Comput Geotech, 34| no. 3, pp. 187-194, May 2007, doi:
10.1016/j.compge0.2006.11.002.

Copyright © 2024 Authors P3ge



Futuristic Trends in Construction Materials & Cifhgineering
e-ISBN:978-93-5747-752-9
IIP Series, Volume 3, Book 6, Part 1, Chapter 1
ANOVEL HYBRID NEURO-FUZZY MACHINE LEARNING BASED MREDICTION MODEL FOR
BEARING CAPACITY OF SHALLOW FOUNDATION

[10]S. Debnath and P. Sultana, “Prediction of SettléanoérShallow Foundation on Cohesionless Soil Using
Artificial Neural Network,” pp. 477-486, 2022, ddi0.1007/978-981-16-6456-4_49.

[11]R. N. Behera, C. Patra, B. M. Das, and N. Sivakudalitimate bearing capacity of shallow strip
foundation under eccentrically inclined load—a icait assessment,”
https://doi.org/10.1080/19386362.2018.1549693, val5, no. 7, pp. 897-905, 2018, doi:
10.1080/19386362.2018.1549693.

[12]J. S. R. Jang, “ANFIS: Adaptive-Network-Based Fulifgrence System,” IEEE Trans Syst Man Cybern,
1993, doi: 10.1109/21.256541.

[13][13]H. Moayedi, M. Raftari, A. Sharifi, W. A. Wudoh, and A. S. A. Rashid, “Optimization of ANFI&hv
GA and PSO estimating ratio in driven piles,” Eng Comput, vol. 36, nq.dp. 227-238, Jan. 2020, doi:
10.1007/S00366-018-00694-W/FIGURES/11.

[14]1H. Harandizadeh, « Danial, J. Armaghani, and « MaKdhari, “A new development of ANFIS-GMDH
optimized by PSO to predict pile bearing capacdgdd on experimental datasets,” Eng Comput, va. 1,
3, doi: 10.1007/s00366-019-00849-3.

[15]N. Kardani, A. Bardhan, D. Kim, P. Samui, and Aodh“Modelling the energy performance of residdntia
buildings using advanced computational framewor&sed on RVM, GMDH, ANFIS-BBO and ANFIS-
IPSO,” Journal of Building Engineering, vol. 35,182105, Mar. 2021, doi: 10.1016/j.jobe.2020.102105

[16]H. Moayedi and A. Rezaei, “The feasibility of PSOMAIS in estimating bearing capacity of strip
foundations rested on cohesionless slope,” Neuvahilit Appl, vol. 33, no. 9, pp. 4165-4177, May 2021
doi: 10.1007/s00521-020-05231-9.

[17]L. T. Le, H. Nguyen, J. Dou, and J. Zhou, “A congiae study of PSO-ANN, GA-ANN, ICA-ANN, and
ABC-ANN in estimating the heating load of buildingsergy efficiency for smart city planning,” Appt
Sciences (Switzerland), 2019, doi: 10.3390/app93626

[18]M. Kumar, V. Kumar, B. G. Rajagopal, P. Samui, aadBurman, “State of art soft computing based
simulation models for bearing capacity of pile fdation: a comparative study of hybrid ANNs and
conventional models,” Model Earth Syst Environ, 20@oi: 10.1007/S40808-022-01637-7.

[19]M. Kumar et al., “Hybrid ELM and MARS-Based Predtict Model for Bearing Capacity of Shallow
Foundation,” Processes 2022, Vol. 10, Page 1013, 6, no. 5, p. 1013, May 2022, doi:
10.3390/PR10051013.

[20]M. Baginska and P. E. Srokosz, “The Optimal ANN Model foedicting Bearing Capacity of Shallow
Foundations trained on Scarce Data,” KSCE Jourh&ial Engineering 2019 23:1, vol. 23, no. 1, pp.
130-137, Dec. 2018, doi: 10.1007/S12205-018-2636-4.

Copyright © 2024 Authors P3ge



