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1. Introduction 

 
Soft clay soils in offshore areas are usually 

characterized by high compressibility and poor mechanical 
properties (Khanmohammadi and Fakharian 2018, Ji et al. 
2011, Nonaka et al. 2017). When soft clay soil directly acts 
as the foundation subsoil, the infrastructure may suffer from 
cracking and differential settlement (Canakcila and Hamed 
2017, Wu et al. 2020). Therefore, improvement of soft clay 
soil is necessary for infrastructure construction in offshore 
cities, such as Shanghai (Shen et al. 2014), Wenzhou (Wang 
et al. 2019a, Gao et al. 2021), and Shenzhen (Li et al. 
2014). The ground improvement techniques mainly contain 
geotextiles (Sardehaei et al. 2019, Moradi et al. 2019, 
Zhang et al. 2015), prefabricated vertical drains (PVD) 
(Hazrati et al. 2020, Chai et al. 2018), jet grouting (Modoni 
and Bzówka 2012, Wang et al. 2018), the cast-in-site pile 
(Bredy and Jandora 2019, Zhou et al. 2016) and precast 
concrete piles (Altaee et al. 1992, Park et al. 2013, 
Horiguchi and Karkee 1995, Borda et al. 2007). Recently, a 
new type of pile combined with PHC and the nodular pile 
with enlarged base is developed, which is characterized 
with low noise, no squeezing of the soil, few mud discharge 
and large bearing capacity (Zhou et al. 2014, Wang et al. 
2019b). The pile usually relies on the shaft resistance from 
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soils to provide support for buildings. However, the 
complex interactions between the pile, mixed paste of 
concrete and soils, and multi-layer soils make it difficult to 
accurately estimate the shaft resistance. 

Conventionally, the shaft resistance of the nodular pile is 
determined by using empirical methods or field tests. 
Horiguchi and Karkee (1995) proposed an empirical 
method for ultimate bearing capacity of nodular piles, only 
considering the strength of soils. Based on the method, 
Zhou et al. (2014) developed the empirical method for 
nodular piles with enlarged base. Most of these methods can 
be used only for ultimate shaft-resistance estimation by 
using the limit equilibrium theory. Therefore, the 
conventional methods only roughly estimate the ultimate 
shaft resistance, and are unsuitable for investigating the 
variation of the shaft resistance under the working load. 
Moreover, Various simplification rules in empirical 
methods, such as the simplified strata and force equilibrium, 
reduce the accuracy and confidence levels of estimated 
shaft resistance. 

Alternatively, machine learning techniques are 
developed to determine the shaft resistance of piles. 
Machine learning techniques directly represent the 
interaction among the shaft resistance, soil, and working 
load without simplification. Thus, the computing results are 
more reliable than those of empirical methods. These 
machine learning techniques include neural networks (Chan 
et al. 1995, Goh 1996, Lee and Lee 1996, Teh et al. 1997, 
Abu-Kiefa 1998, Baziar et al. 2012, Zhang 2021a, b, c), 
neuro-fuzzy inference system (Ghorbani et al. 2018, Elbaz 
et al. 2019, Zhang et al. 2019), long short-term neural 
networks (Lu et al. 2020, Zhang et al. 2021a, b, c, d, Tang 
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only for the ultimate load but also for the working load. 
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et al. 2021), and other machine learning methods (Zhang et 
al. 2020a, b, Ye et al. 2020, Ni et al. 2017, Zhang 2008). 
The LSTM method is able to consider the interaction 
among different strata using specified gate cells (Gao et al. 
2020). Recently, the LSTM network is also employed in 
civil engineering for other problems, e.g., soil moisture 
estimation (Fang et al. 2019), determination of the 
hydromechanical coupling effect of porous media (Wang 
and Sun 2018), concrete strength evaluation (Dutta et al. 
2018, Ozcan et al. 2017) and stress-strain behaviour. 
However, the above studies only used the typical mean 
square error (MSE) cost function, which ignored the 
numerical difference between multi-scale samples and 
would arise unfair bias in low-value samples (Zhang et al. 
2019). 

This study aims to evaluate the shaft resistance of 
precast nodular piles with enlarged piles in soft clay soils 
via field tests, using the LSTM method with REMSE cost 
function. First, field tests were designed and conducted to 
investigate the shaft resistance and axial force of precast 
nodular piles under different loads in soft clay, in Shanghai, 
China. Then, the empirical methods were used to estimate 
the ultimate bearing capacity of the pile, and the results 
were compared with the measured data. Subsequently, an 
LSTM method was developed and employed to predict the 
shaft resistance and axial force of the pile, not only under 
the working load but also under the ultimate load. 

 
 

2. Field experiment and measurement 
 
The field experiments were conducted in the clay 

ground of the Caihong hospital, in Shanghai, China. The 
soft clays in the field were laid layer by layer, which were 
<1> backfill, <2> sandy clay, <3> mud clay, <4> extra-soft 
silty clay, <5-1> soft silty clay, <5-2> silty clay with silt, 
<5-3> medium silty clay, <6> dense silty clay, <7> silty 
clay, <8> silty clay with sand, <9> dense silty sand, 
respectively, from top to bottom. Fig. 1 shows the 
simplified geological profile in the field. Soft soils in the 

 
 

Fig. 1 Geological profile in the filed 

field were mainly silty clays and sands. The soil properties 
are further evaluated using laboratory tests e.g., triaxial 
undrained consolidation test and routine analysis tests. Fig. 
2 presents the basic mechanical and physical properties of 
soils. 

 
2.1 Experiment scenario 
 
In total, three new combined piles, which were 

comprised of precast high-strength concrete (PHC) pile and 
precast concrete enlarged-base nodular (PCN), were built 
for the evaluation of bearing capacity. Besides, three single 
PHC piles were also constructed for comparison. The total 
lengths of new combined piles were 55m, which contained 
40 m of PHC pile and 15 m of PCN pile, as shown in Fig. 1. 
The average length of single PHC piles was 61 m. The 
diameters of PHC piles were 600 mm. The diameters of 
nodular joints of PCN piles were 650 mm, and the 
diameters of non-nodular joints of PCN piles were 500 mm. 
The enlarged bases of combined piles were 1200 mm in 
diameter and 2750 mm in height. Fig. 3(a) shows the layout 
of three combined piles of PHC and PCN piles (named as 
P1-1, P1-2, P1-3), and three single PHC piles (named as P2-
1, P2-2, P2-3). The compressive strengths of high-strength 
concrete of piles were 80 Mpa. The weight ratio of concrete 
and water in the mixed pasted around the precast piles was 
1. The measured unconfined compressive strengths of the 
mixed paste of concrete and water ranged from 1. 72 to 4. 
01 MPa, based on the laboratory tests. The compressive 
modulus of the enlarged base was estimated as 2500 MPa 
by experience (Wang et al. 2019a, b). 

After 43 or 45 days of all piles are constructed, static 
load tests were implied step by step to investigate the 
ultimate loading capacity of piles. Figs. 3(b) and (c) briefly 
shows the static load test system. The initial load was 1600 
kN, and then increased 800 kN at each step until the pile 
collapsed. The test will stop when the displacement of the 
pile at the next load is twice the displacement at the former 
load and the pile behaves continuous deformation for 24 
hours according to the Chinese code JGJ106-2014 
(MOHURD 2014). The loads were then unloaded by 1600 
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kN at each step. At each load step, the settlements of piles 
were measured at 5 min, 15 min, 30 min, 45 min, 60 min, 
and then at a fixed interval of 30 min, until the piles 
stabilized. At each unloading step, the displacements of 
piles were recorded at 5 min, 15 min, 30 min, 60min, 
respectively. 

The combined piles were instrumented with six stress 
gauges to measure the axial force of the pile, at depths of 
1.5 m, 18 m, 28 m, 39 m, 46.5 m, 53.5 m, respectively. The 
stress gauges were bound to the steel reinforcement cage as 
shown in Figs. 3(e) and (f). Since the backfill in the field 
was loose and low-strength, the shaft resistance from the 
backfill was then ignored. 

 
2.2 Experimental results 
 
2.2.1 Load-displacement response 
Fig. 4 shows the curves of loads and settlements of 

combined piles and single PHC piles in the static load tests. 
This suggests that the soils around the piles underwent 
plastic deformation and the pile tip resistances increased. 
For the combined piles, the settlements of piles gradually 
increase with the static loads without rapid variation, which 
are defined as the gradual-variation type in the Chinese 
code JGJ106-2014 (MOHURD 2014). The ultimate load is 
estimated as 8800 where the total settlement surpasses 40 
mm, according to the same Chinese code. For single PHC 
piles, the settlements have rapid increases when the loads 
are over 3000 kN. Therefore, the ultimate load of PHC piles 
is estimated as 3000 kN. The ultimate loads of new 
combined piles are twice more than those of PHC piles. 
Generally, the combined piles could provide enough support 
to the upper infrastructures according to the load-
displacement response. 

 
2.2.2 Axial force 
The axial forces of combined piles were monitored by 

using the pre-instrumented stress gauges as shown in Fig. 1. 
Fig. 5 depicts the measured axial forces of three combined 
piles under different loads. Under each load, the axial forces 
of the three piles generally decreased with the depth, which 
means the shaft resistance of different soils works together 

 
 

Fig. 4 Curves of load and settlement of piles in static load 
tests

 
 

to support the load. It could be observed that the slopes of 
axial forces at the top of the pile were almost the same after 
3200 kN, where soils had low strengths as shown in Fig. 2. 
This phenomenon illustrates that the shaft resistance from 
the soft soils had already arrived the ultimate capability at 
the load of around 3200 kN. As the increase of loads, the 
shaft resistance of this part of the pile had no change any 
more. On the contrary, the slopes of axial force kept 
decreasing when depths were larger than 20 meters under 
different loads. The decreasing slope of axial forces implied 
the increase of shaft resistance of pile. In addition, the axial 
forces at the end of the pile increased with the loads, which 
indicated that the tip resistance of the pile gradually 
developed. The tip resistance provided nearly 2000 kN, 
which was around 20-25 percent of the total ultimate load 
(estimated as 8800 kN). 

It was observed that there were apparent turning points 
at the intersection between the PHC piles and PCN piles to 
most of axial force curves under different loads. For the 
PHC part of the combined piles, the slopes of axial force 
curves gradually stabilized after the loads over 6000 kN, as 
shown in Fig. 5. The stabilized slopes implied that the shaft 
resistances of PHC piles had provided the ultimate bearing 
capacity, and thus would not increase any more. Regarding 

 
Fig. 3 Sketch of the field test program and site photos: (a) layout of piles; (b) design of static loading system; (c) static 

loading system on site; (d) nodular pile; (e) bound stress gauges; (f) wires of stress gauges 
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the PCN piles of the combined piles, the slopes of axial 
forces kept increasing with the loads. This is attributed to 
the increasing shaft resistances of the PCN piles. 

 
2.2.3 Shaft resistance 
The shaft resistance τi of the combined pile at the ith 

layer of soils was computed by using Eq. (1). 
 𝜏௜ = (𝑁௜ − 𝑁௜ିଵ)/(ℎ௜𝑝) (1)
 

where, Ni is the axial force at the top of the ith layer of soil, 
hi is the thickness of the ith layer of soil and p is the circle of 
the pile. 

Fig. 6 depicts the shaft resistance of three combined 
piles under different loads. The shaft resistances of piles at 
the top of 20 meters have few variations after the load was 
over 6400 kN. Which was consistent with the results of the 
axial forces in Fig. 5. Generally, the shaft resistance of pile 
increased with the depth under different load. The shaft 
resistances of PCN piles were larger than those of PHC 
piles, especially for P1-2 and P1-3 whose peak shaft 
resistance of PCN piles could arrive at 250 kPa. It could be 
seen that pile P1-1 and P 1-2 arrived at the ultimate shaft 
resistance at most of soil layers under the load of 8800 kN. 
The shaft resistance reduced when the load continued 
increasing, which was probably due to the plastic yield of 
soils. Even though the pile P1-3 still worked under the load 
of 8000 kN without reaching the ultimate shaft resistance, it 
was reasonably inferred that the combined piles would 
arrive at the ultimate shaft resistance under the load of 8800 
kN, which was consistent with the load-displacement 
response in Fig. 4. 

 
 

3. Empirical method 
 
Considering the similarity of P1-2, P1-2 an P1-3, only 

P1-1 is evaluated the ultimate shaft resistance by using the 
empirical method. The empirical methods include the α 
method (Randolph and Murphy 1985) and the β method 
(Ling et al. 2018) as follows. 

 𝜏𝑢      method௠௔௫𝜏′௩଴௩′ 𝑡𝑎𝑛 𝜑       method௠௔௫ (2)

 
where, τmax is the ultimate shear resistance of the pile; Su is 
the undrained shear strength of soils; σ'v is the vertical 
effective stress; φ is the friction angle; α value is determined 
by the API method (Randolph and Murphy 1985) as (3). 

 𝛼 = 0.5 ൬𝑆௨𝜎௩′ ൰ି଴.ହ
 (3)

 
K0 is the coefficient of earth pressure at rest as below 

(Mayne and Kulhawy 1982). 
 𝐾଴ = (1 − 𝑠𝑖𝑛 𝜑)𝑂𝐶𝑅௦௜௡ ఝ (4)
 

where OCR is the over-consolidation ratio, for normally 
consolidated soils in this case, OCRs of soils are always 

equal to 1; The undrained shear strength of the soil Su is 
computed as follows (Ma et al. 2014). 

 𝑆௨ = 𝑐 + 𝜎ଷ 𝑡𝑎𝑛 𝜑 (5)
 

where, cu is the cohesion under undrained conditions; σ3 is 
the minimum main stress of the soil, which is estimated as 
below 𝜎ଷ = 1 + 2𝐾଴3 𝜎௩′  (6)

 
The estimated undrained shear strengths of soils are 

shown in Fig. 7, which generally increases with the depth. 
The estimated shaft resistances of the pile P1-1 are 

separately calculated by the α method and the β method, as 
shown in Fig. 8. In general, the results of the empirical 
methods are in rough accordance with the measured shaft 
resistances. However, biases arise for both empirical 
methods when the depth is less than 30 meters. The root 
square mean errors (RMSEs) are 33.48 kPa and 32.95 kPa 
for the α method and the β method, respectively. The 
RMSEs are nearly 30 percent of the maximum measured 
shaft resistance of 100 kPa. In addition, the α method 
approaches more to the measured results than the β method 
at the depth more than 30 meters. Those biases imply that 
the empirical methods with the ideal hypothesis are not 
suited to represent the ultimate shaft resistance of the 
combined piles. 

 
 

Fig. 7 Undrained shear strength Su of soils in the filed site
 
 

Fig. 8 Shaft resistance under different loads of the 
combined pile P1-1 
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4. LSTM-based approach 
 
4.1 Methodology 
 
The long short-term memory (LSTM) machine learning 

technique is adopted to evaluate the nonlinear axial forces 
of the combined piles. The shaft resistance would be then 
computed by using the estimated axial forces. Different 
from the empirical methods, the LSTM machine learning 
technique represent the axial force of piles from data of the 
field test. Fig. 9 shows the two-layered topology structures 
of LSTM networks. The LSTM networks are comprised of 
input units, LSTM units, fully connected (FC) units, and 
output units, respectively. The key for learning sequenced 
behaviors is a special unit called the LSTM unit. The LSTM 
units interconnect each other along time dimension to 
reflect the interaction of the historical data on the current or 
future data. 

The typical LSTM unit is usually composed of input 
gate, output gate, forget gate and unit input Supposed Xt as 
the input data and yL

t as the output data of simplified LSTM 
unit at time t. After the input data Xt and historical data yt-1 
are imported into LSTM units, the calculation process is 
formulated as below. 

 𝒊௧ = 𝑾௜ × 𝑿௧ + 𝑹௜ × 𝒚௅௧ିଵ + 𝒃௜      ⇒     𝐢௧ = 𝑆(𝒊௧)𝒇௧ = 𝑾௙ × 𝑿௧ + 𝑹௙ × 𝒚௅௧ିଵ + 𝒃௙     ⇒     𝐟௧ = 𝑆(𝒇௧)𝒐௧ = 𝑾௢ × 𝑿௧ + 𝑹௢ × 𝒚௅௧ିଵ + 𝒃௢   ⇒    𝐨௧ = 𝑆(𝒐௧)𝒛௧ = 𝑾௭ × 𝑿௧ + 𝑹௭ × 𝒚௅௧ିଵ + 𝒃௭    ⇒    𝐳௧ = 𝑇(𝒛௧)𝒄௧ = 𝒊௧ ⊙ 𝒛௧ + 𝒄௧ିଵ ⊙ 𝒇௧ 𝒚௅௧ = 𝑇(𝒄௧) ⊙ 𝒐௧ 

(7)

 
where Wi, Wo, Wf and Wz are weights of input data of input 
gate, output gate, forget gate and input unit, respectively. Ri, 
Ro, Rf and Rz are recurrent weights of recurrent data of input 
gate, output gate, forget gate and input unit, respectively. bi, 
bo, bf and bz are bias weights of input gate, output gate, 
forget gate and input unit, respectively. it and it refer to the 
input and output data of the input gate. f t and f t refer to the 
input and output data of the forget gate. ot and ot refer to the 
input and output data of the output gate. zt and zt refer to the 
input and output data of the input unit. ct means the cell 
stage of the LSTM unit while yL

t means the output data of 
the LSTM unit. S is the sigmoid activation function. T is 
hyperbolic tangent activation function. 

 
 

Table 1 Example of the input data of the LSTM model 
The input data 

Depth (m) K0 σ'v (kPa) cu (kPa) φu (°) Su (kPa)
1.5 0.47 13.35 5 32 15.79 
18 0.67 155.44 15 19.5 57.79 
28 0.64 228.42 16 21 82.73 
39 0.66 337.06 40 20 134.71

46.5 0.65 397.81 19 20.5 133.01
53.5 0.55 436.96 12 26.5 165.05
 
 
4.2 Modelling details 
 
The modelling procedure of the LSTM approach mainly 

contains data preparation, architecture determination and 
optimization process. 

Regarding the preparation of data, the input data should 
include the earth pressure coefficient K0, the vertical 
effective stress σ'v, the cohesion cu, the friction angle φu, the 
undrained shear strength Su, the thickness of each layer of 
soil and the load. Table 1 tabulates the input data for all 
layers of soils. The input data are generally constituted of 
soil properties, physical properties and the load, which are 
highly correlated to the shaft resistance of piles. The output 
data include the axial force and the shaft resistance of the 
combined pile under different loads. The input and output 
data would be normalized to the range from 0 to 1 through 
dividing the maximum values, before imported into the 
LSTM networks. Therefore, the dataset is consisted of 12 
sets of measured data under the loads of 1600 kN, 2400 kN, 
3200 kN, 4000 kN, 4800 kN, 5600 kN, 6400 kN, 7200 kN, 
8000 kN, 8800 kN, 9600 kN, 10000 kN, respectively. 8 sets 
of data are specified as the training set, which are 1600 kN, 
2400 kN, 3200 kN, 4000 kN, 4800 kN, 6400 kN, 8000 kN, 
9600 kN, respectively, while the others are the testing set. 

The LSTM network is consisted of two hidden layers 
with the twelve hidden nodes at each layer. The number of 
nodes in the hidden layers are determined using the trial-
and-error method. The cost function J is designated as the 
relative mean square error (REMSE) function as follows. 

 𝐽ோாெௌா = 12𝑁 × ෍ ൬𝑦௣௜ − 𝑦௜𝑦௜ ൰ே
௜

ଶ + 𝜆2𝑁 (8)

 
Fig. 9 Two-layered topology structures of the LSTM method
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      × ൬෍ 𝑊ଵ + ෍ 𝑊ଶ൰ (8)

 
where N is the number of training samples. λ is the 
regularization parameter which provides punishment to 
weights W1 and W2 to prevent overfitting (defined as 0.1 in 
this case). The REMSE cost function is first proposed by 
Zhang (2019), which is prior to multi-scale assignments. 

The conjugate gradient descent algorithm is adopted as 
the optimization algorithm to train the LSTM network. 
Wolfe-Powell criterion and linear search method are applied 
for precise gradient descent. The total amount of iterations 
is specified as 3000 which is enough for this case by 
experience (Lu et al. 2020). 

 
4.3 data augment 
 
The original dataset from the field experiments only 

contains 12 data sets. The size of dataset is so few for a 
deep learning method, which tend to arise an overfitting 
problem and reduce the reliability of deep learning model. 

In this study, we introduced a gaussian error of 1% to 
the original dataset and then synthetise an enlarged dataset 
with 160 sets of training data. The enlarged dataset would 
help to relieve the overfitting problem from a small dataset. 
Fig. 10 present the error distribution of the axial force and 
shaft resistance in the enlarged dataset. The LSTM model 
trained by using the enlarged dataset would refer as En-
LSTM model. 

In the future, more data of piles would be collected from 
other projects to update the measured dataset. The proposed 
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model would be captured more accurate relationship among 
the load, ground and piles. Therefore, the reliability and 
accuracy of proposed deep learning model would increase 
with the update of dataset. 

 
4.4 Result and analysis 
 
The results of the LSTM method are assessed by the 

root square mean error (RMSE) and coefficient of 
determination (R2). Larger coefficient of determination and 
less root square mean error means better prediction 
performance. The definition of RMSE and R2 are given in 
Eq. (9), respectively. 

 

𝑅𝑀𝑆𝐸 = ඩ1𝑁 ෍(𝑦௣௜ − 𝑦௜)ଶே
௜  

𝑅ଶ = 1 − ∑ (𝑦௜ − 𝑦௣௜)ଶே௜∑ (𝑦௜ − 𝑦̄)ଶே௜  

(9)

 
where i is the ith set of input data, N is the number of 
training or testing samples, yi is the ith set of measured 
ground settlements, ypi is the ith set of predicted ground 
settlements, and 𝑦ത is the mean value of measured ground 
settlements. 

Figs. 11 and 12 present the training and testing results of 
the axial force and shaft resistance of the LSTM method, 
respectively. Generally, the LSTM method has an excellent 
capability in determining axial forces and shaft resistances 
of the combined piles. The training results of the LSTM 
method are tightly associated with the measured data. After 
trained by measured data, the LSTM method accurately 
predicted the axial forces and shaft resistances under 
unexpected loads. In comparison with the results of the 
empirical methods in Fig. 8, the ultimate shaft resistances 
under 8800 kN predicted by the LSTM method are much 
more precise. Therefore, the LSTM method is an applicable 
approach to determine the axial force and shaft resistance of 
the cast-in-site piles, which outperforms the empirical 
method by high precision. 

By introducing gaussian error to augment the original 
dataset, the predictive capability of LSTM model is further 
improved as shown in Fig. 12. Table 2 shows the R2s and 
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Fig. 11 Training performance of the LSTM method under different loads of pile P1-1 on original dataset
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RMSEs of the training and testing results of the LSTM 
model and En-LSTM model. For the LSTM model, most of 
R2s of the axial force are more than 0.99 for both the 
training and testing dataset. The R2s of the shaft resistance 
are also more than 0.89 under different loads. In addition, 
the maximum RMSE of the predictive axial forces is only 
170 kN, which is less than 3 percent of the ultimate loads 
8800 kN. The maximum error of the shaft resistance is less 
than 6 kPa for training dataset and less than 13 kPa for 
testing dataset. The RMSE of the predictive ultimate shaft 
resistance of the combined pile is only 12.8 kPa, which is 
far less than those of empirical methods. In conclusion, the 
high R2s and small RMSEs illustrate that the LSTM method 
is capable of learning and predicting the axial force and 
shaft resistance of the combined piles with enlarged piles. 
For the En-LSTM model, the R2 are generally higher and 
RMSEs are lower than the LSTM model for both training 
and testing datasets. Therefore, the enlarged dataset with 
gaussian errors is valid in alleviating the overfitting 

problem resulting from a small dataset. 

 
 

 
 

5. Discussion 
 
In general, empirical methods can roughly estimate the 

scale of the ultimate mechanical response of piles, as 
illustrated in Fig. 8. By multiplying a scaling safety factor 
of ≥ 1.5 with the estimated ultimate shaft resistance, the 
empirical results can guide the bearing capacity design of 
piles in soft ground, and this approach is currently common 
when constructing piles. However, the piles tend to provide 
excessive bearing capacity, which not only increases the 
cost but also delays the schedule. In contrast, our proposed 
method can estimate the mechanical response of piles with 
much higher precision than empirical methods based only 
on limited field data, as illustrated in Fig 12. Precise 
prediction aids the effective and safe design of the ultimate 
shaft resistance of piles. In addition, for increased accuracy 
of testing of the intelligent method under different working 
loads, the number of steps of the static load test can be 
reduced from 12 to 8 load steps. The reduction of load steps 
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Fig. 12 Prediction of the LSTM method under different loads of pile P1-1 on original dataset and enlarged dataset

Table 2 Evaluation indices of the performances of the LSTM model 

Dataset Load 
(kN) 

LSTM model En-LSTM model 
R2 RMSE R2 RMSE 

A* S A (kN) S (kPa) A S A (kN) S (kPa)

Training 

1600 0.962 0.956 109 1.68 0.997 0.987 30.9 0.74 
2400 0.989 0.966 44.4 0.95 0.999 0.968 29.7 0.42 
3200 0.999 0.977 99.2 2.64 0.997 0.981 29.9 2.54 
4000 0.995 0.979 81.3 1.72 1.000 0.994 15.0 1.13 
4800 0.998 0.978 43.5 3.34 0.999 0.999 77.2 3.11 
6400 0.996 0.996 125 4.68 0.999 0.999 41.4 2.53 
8000 0.996 0.993 103 5.72 0.998 0.999 61.1 0.82 
9600 0.995 0.99 172 2.76 1.000 0.995 74.0 1.20 

Testing 

5600 0.997 0.995 85.8 1.8 0.997 0.988 94.8 3.0 
7200 0.997 0.981 126 5 0.999 0.980 70.4 5.2 
8800 0.996 0.895 156 12.8 0.999 0.926 88.5 11.3 
10000 0.992 0.985 244 5.4 0.998 0.982 144.1 5.7 

 

*A: axial force; S: shaft resistance 
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would can also reduce the time required for the processing 
stage considerably. Therefore, the proposed intelligent 
method is a promising tool to guide the effective design of 
piles in soft ground in offshore areas. 

 
 

6. Conclusions 
 
Based on the field tests, this study proposes an 

intelligent method to evaluate the axial force and shaft 
resistance of the combined piles of the PHC piles and PCN 
piles. Conclusions are summarized as follows: 

 

• The empirical method suffered large errors from 
computing the ultimate shaft resistances of the 
combined piles. The RMSEs were 33.48 kPa and 
32.95 kPa for the α method and the β method, 
respectively, which were nearly 30 percent of the 
maximum measured shaft resistance of 100 kPa. 

• A novel intelligent method is proposed based on the 
LSTM method with REMSE cost function to 
accurately estimate the axial force and shaft 
resistance, not only under the ultimate bearing state 
but also under the normal working state of the pile. 
The RMSE of the predictive ultimate shaft resistance 
of the combined pile is only 12.8 kPa, around 10 
percent of the measured data. The R2s of the shaft 
resistance are also more than 0.89 under different 
loads. 

• A data augment method by introducing gaussian 
error is evidenced as valid for alleviating the over 
fitting issue resulting from a small dataset. The En-
LSTM with enlarged dataset is prior to the LSTM 
with original small dataset in both R2 and RMSE on 
training and testing datasets. 
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