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Abstract

Current ground investigation practice in geotechnical engineering is highly energy- and
time-intensive, which is environmentally unfriendly. Several weeks are usually required to
perform the investigation, and along this process, acquiring just one parameter of a soil
sample may consume more than 100 Wh. Addressing this challenge, this study aimed at
reducing energy consumption of ground investigation following Green Al concept, and an
Al model for subsurface data prediction, which was optimized with greedy algorithm, was
therefore developed. This model inputs soil parameters obtained by low-energy methods
and outputs soil parameters (i.e., shear strength parameters) obtained by high-energy
methods in traditional ground investigation practice. The model was established using
ensemble learning techniques and a large dataset with fifteen types of parameters, which
was obtained from 924 samples via a series of laboratory tests in a traditional ground
investigation. Meanwhile, considering the variability on ensemble model architecture,
greedy algorithm was adopted to optimize the architecture from a pool of nine base
learners and six ensemble strategies. Thereby, the best-performing Al model was eventually
identified, and it achieved a R? value of 0.881 over the testing dataset, which accounts for
30% of the overall parameter dataset. With this model, the energy consumption needed to
acquire the subsurface data was significantly reduced by 71%. The findings of this study
pave the way for a lower-carbon but more intelligent ground investigation.

Keywords: ground investigation; subsurface data; strength parameter; energy consumption;
green Al; greedy algorithm

1. Introduction

Subsurface data, typically the basic soil parameters, serve as the foundational basis for
the design and safety assessment of geotechnical engineering projects, including foundation
optimization [1], slope stability analysis [2], and many others [3]. In traditional ground
investigation workflow, soil samples are first extracted from the target site. Afterwards,
laboratory tests are performed on the samples to estimate the key soil parameters, such
as sieving test [4], direct shear test [5], triaxial shear test [6], and permeability test [7].
However, a critical limitation of this traditional workflow lies in its high carbon footprint,
driven by the significant time and energy consumption of laboratory testing. For instance,
characterizing clayey soil samples often requires continuous operation of testing equipment
for several days to complete sample consolidation and shearing processes [8], and each hour
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of machine runtime contributes to direct energy consumption [9]. In the meantime, soil
parameters commonly exhibit a remarkable variability, with correlations to the density [10],
water content [11], fabric [12], particle shape [13], particle size distribution [14], and many
other factors [15]. To ensure the reliability of subsurface data acquisition, extensive on-site
sampling and repetitive laboratory tests have to be conducted, which not only prolongs
the duration of ground investigation but also further increases energy consumption [16].
Therefore, traditional ground investigation workflow is becoming incompatible with global
decarbonization goals.

As a complementary alternative to laboratory tests, in-situ tests, such as standard
penetration test (SPT) and cone penetration test (CPT), are also widely implemented in
traditional ground investigation workflow. Soil parameters, typically the friction angle
and cohesion, can be subsequently derived from the interpretations of measured results
(e.g., SPT N-value [17], cone tip resistance [18], and sleeve friction [19]). These tests
originally aim at enhancing the efficiency of ground investigation, and inadvertently align
with the decarbonization goal, since the needs for soil sampling and laboratory testing
are eliminated and the energy consumption can be reduced [20]. However, the types of
measured results from in-situ tests are few. For instance, the SPT test provides only the
N-value. Consequently, the accuracy of soil parameter prediction is usually low, creating a
demand for more robust prediction methods for soil parameters.

Addressing the above limitation of in-situ test, a growing number of research works
delving into developing the Artificial Intelligence (AI) models for soil parameter prediction,
as summarized in Table 1. These models can connect more inputs to the output soil parame-
ters, thereby enhancing the predictive accuracy. On the one hand, researchers have targeted
at the prediction of a broad spectrum of soil parameters, including soil compatibility [21,22],
pH value [23,24], thermal conductivity [25,26], hydraulic conductivity [27], liquefaction
susceptibility [28], moisture content [29], strength parameters (i.e., friction angle and cohe-
sion) [30], and many others [31]. On the other hand, researchers have focused on evaluating
the effectiveness of different Al models in soil strength parameter prediction. For instance,
Das and Basudhar [32] have reported the effectiveness and robustness of artificial neural
network (ANN) in predicting residual friction angle of clay. Random forest (RF) and
supporting vector machine (SVM) have been validated to yield satisfactory performances
by Pham and his coworkers [33,34]. Zhu et al. further compared the BPNN, PLSR, and
SVR models and reported that the SVR model produced the best performance, especially
in predicting internal friction angle [35]. In the following texts, the term “Al model” here
uniformly refers to the model that teaches the machine to predict soil parameters (e.g., soil
strength parameters) from other kinds of basic soil parameters.

Table 1. Al model performance on soil parameter prediction in the literature.

No. Outputs Compared Models Best Model Performance Reference
1 Compeatibility MLR, ANN, SA, SVM SVM R =0.709 Pentos et al. [21]
2 pH value MLR, RK, RF, GB, NN RF R2=0.784 Tziachris et al. [23]
. MLR, GPR, SVM, DT, B .
3 Thermal conductivity RE, AdaBoost AdaBoost RMSE = 0.099 Lietal. [25]
4  Hydraulic conductivity KNN, SVR, RE, BRT BRT RMSE = 0.295 Araya and Ghezzehei [27]
5 Liquefaction ANN, SVM SVM 94.55% dataaccurately g, i and Sitharam [28]
susceptibility predicted
6 Moisture content ANN, DNN, SVR SVR R? =097 Achieng [29]
7 Shear strength PANFIS, GANFIS, SVR, ANN PANFIS RMSE = 0.038 Pham et al. [34]
2 _
8 Shear strength Ensemble learning - R™ = 07934, outperform Rabbani et al. [36]

other models

Considering that the types of AI models are highly diverse, some studies concentrated
on establishing universal soil databases to provide a fundamental basis for comparing
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the performances of different models. The soil database by Li et al. [37] was collected
from 0 to 2 m depth in Singapore, containing both saturated and unsaturated hydraulic
and mechanical properties. Chow et al. [38] focused on the database of clayey soils.
Hengl et al. [39] further provided a worldwide database at 1 km resolution, but limited to
surface soils. Besides the soil database, other works attempted to integrate the advantages
of different Al models leveraging the ensemble learning technique to further improve
predictive accuracy. Three ensemble strategies, i.e., bagging, voting, and stacking, have
been proposed for such integration. Zhang et al. [40] have reported the effectiveness in
applying ensemble learning to predict soil strength parameters. Cao et al. [41] developed
an advanced meta-learner for the stacking strategy and the prediction accuracy could be
further enhanced. Beyond ground investigation, the efficacy of ensemble learning has also
been validated in other geotechnical applications, such as slope stability analysis [42,43]
and 3D geological modeling [44]. Collectively, these works demonstrated that the ensemble
model outperforms the single standalone models. However, Rabbani et al. [45] established
and compared five ensemble models based on a dataset of 249 soil samples, and afterwards
pointed out that the prediction accuracy varies with the model architecture significantly.
Therefore, there is an urgent need to develop approaches for optimizing the architecture of
ensemble models to enhance the predictive accuracy of soil parameters.

Among the aforementioned studies, the output soil parameters of AI models for
ground investigation were typically based on their scientific value rather than the goal of
energy efficiency (i.e., their engineering need). Additionally, these works exhibit significant
variability in model architectures and performance, with no clear optimization guidelines
provided to produce superior performance under equivalent energy consumption. There-
fore, it is criticized that these models were not fully green from both of these perspectives.
Addressing these research gaps and regarding the existing achievements in the literature, it
is hypothesized that the AI model for subsurface data, which is established with ensemble
learning and Green Al concept, can reduce the energy consumption of ground investigation
over 50% and while preserving the predictive accuracy. Note that Green Al is defined
as optimizing Al computing process or model for energy efficiency, which was primarily
proposed by Schwartz [46] in 2020, and an increasing number of associated works have
been published to make Al models more environmentally friendly [36]. Following this con-
cept, the energy reduction in ground investigation can be achieved through the following
two key pathways: first, the exemption of acquiring some soil parameters by tests, and
second, the enhanced efficiency of Al model computation. In the subsequent sections, the
output parameters of the model were first determined, based on the energy consumption
associated with acquiring each parameter in traditional ground investigation workflow.
Then, the model architecture is established using ensemble learning, and the architecture
is optimized to reach the model greenness using the greedy algorithm (to be introduced
later). Finally, the optimization and energy-saving efficacy of the model will be validated.
It is anticipated that the findings of this study will lay the groundwork for more intelligent,
lower-carbon ground investigation practices.

2. Dataset Obtained from Traditional Ground Investigation
2.1. Soil Parameters in Dataset

The dataset of soil parameters was collected from the ground investigation in the
project of Huangpu Tram Line 2, Guangzhou. The project details can be seen in our
previous work [47]. The workflow of ground investigation in this project is illustrated
in Figure 1. First, boreholes were drilled to take more than 308 sets of soil samples at
different horizontal positions and depths (1.5~20 m) out from the ground (see the leftmost
in Figure 1). Soils from one of the boreholes are shown in the middle of Figure 1. Various
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Borehole drilling

types of soils (e.g., fills, clayey soils, sandy soils, granitic residual soil, and completely
decomposed granite soil) were identified, which are frequently encountered in South
China [48]. A series of laboratory tests were then performed on the soil samples, including
sieving test, water content test, liquid-plastic limit combined test, specific gravity test,
oedometer test, and direct shear test, as indicated by the rightmost in Figure 1. In this
context, each sample set contained at least 3 samples to fully undergo these tests, and there
were essentially more than 924 samples tested in total.

Liquid-plastic limit Water content test
combined test (oven drying method)

)

4

[\

Specific gravity test
Direct shear test  (pycnometer method)

? L ~  Oedometer test
Soil samples Laboratory tests

Figure 1. Workflow of the ground investigation.

From the sieving test, six parameters (i.e., the proportions of gravel, coarse sand,
medium sand, fine sand, silt, and clay) were provided. Note that the proportion of clay is
equal to one minus the former five ones, and it was therefore not used in the AI model here
to avoid linear correlation among parameters [49]. Another eight parameters were further
obtained, including the water content, dry density, specific gravity, void ratio, liquid limit,
plastic limit, compression modulus, consolidation coefficient. Finally, from direct shear
tests at a constant speed of 0.8 mm/min and vertical stress varying from 100 to 400 kPa,
two strength parameters (i.e., friction angle and cohesion) were also obtained for each set
of soil samples.

A total of fifteen soil parameters were obtained from the ground investigation, as
summarized in Table 2. As 308 sets of samples were tested, there were more than 4620 data
points in the database, which is much greater than those provided in the literature [37,45].
Key statistical features for each parameter are further presented, including value range
(i.e., maximum and minimum values), mean, median, and standard deviation. For most
parameters, the value ranges exhibit notable breadth, with the maximum value several
times greater than the minimum value. This is attributed to significant diversity in soil
types at the study site, which indicates the potential generalization ability of our model
here. However, one exception is the specific gravity, whose value range remains narrow
(2.60-2.75). Nevertheless, this study did not focus on the optimization of the input pa-
rameters. As further observed from Table 2, the median values are close to the mean
values, indicating moderate skewness in each parameter. Additionally, standard deviations
reveal that the dispersion degree of all parameters is similarly moderate. Collectively, these
statistical features demonstrate that the dataset exhibits high quality and strong suitability
for training our AI model here. Note that though our model was established using the
dataset only from the project of Huangpu Tram Line 2, its transferability to a new site will
be discussed later.
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Table 2. Statistical features of the dataset.

No. Property Unit Var Min Max Mean  Median Std
1 Water content % X1 10.80 73.80 33.58 31.80 13.40
2 Dry density g/cm3 X2 0.89 1.93 1.41 1.42 0.23
3 Void ratio - X4 0.40 1.95 0.95 0.91 0.33
4 Specific gravity - X3 2.60 2.75 2.69 2.70 0.03
5 Liquid limit % X5 19.70 66.20 38.18 37.90 8.24
6 Plastic limit % X6 9.30 40.40 23.16 22.70 5.26
7 Compression modulus MPa X7 1.40 9.70 4.48 4.30 1.65
8 Consolidation coefficient 107 m2/s X8 0.15 10.28 411 3.58 3.00
9 Gravel proportion Yo X9 0.10 65.90 25.38 25.70 15.37
10 Coarse sand proportion Yo X10 0.10 55.40 26.85 27.40 11.77
11 Medium sand proportion % X11 2.20 40.80 14.39 12.20 7.74
12 Fine sand proportion % X12 1.70 32.60 7.36 5.60 6.30
13 Silt proportion % X13 2.50 82.60 26.02 20.50 16.90
14 Friction angle ° Y1 2.40 31.30 15.33 13.90 7.23
15 Cohesion kPa Y2 1.20 55.60 17.47 15.90 8.88
2.2. Energy Consumption Comparison Among Soil Parameters
Different devices were employed in the aforementioned tests. Accordingly, the energy
consumption to acquire the associated parameter varies significantly. Table 3 further
summarizes the power ratings of used devices here. All the devices were purchased from
Jingyi Instrument Co., Ltd., Shanghai, China. To enable comparison across the tests, the
device operation times were further estimated on a clay sample. This soil type was selected
because it requires the longest testing duration relative to other soil classes, ensuring
conservative and representative time-based energy calculations. Additionally, the numbers
of samples and parameters, which can be processed simultaneously in each kind of test,
were determined based on the inherent parallel testing capacity of the device. Using these
foundational data (device power, operation time, and simultaneous testing capacity), the
energy consumption rate (i.e., the energy consumption per parameter and per sample)
was determined. Note that this study focused on energy consumptions from the aspect
of laboratory testing, since they are measurable from the used devices. For those indirect
field costs (e.g., borehole drilling), it will be included in the future study to provide a more
compressive estimation on the energy saving.
Table 3. Energy consumption per parameter.
No. Type of Test Device P:)‘X]v)er T(llrlr)le San(lll))les Paragl)eters El(l‘f\;lgjsgte
Water content test
1 (oven dry method) 101-4QB3 500 12 200 X1-X3 10
Specific gravity test
2 (p}{’mom egter mztho 3 101-4QB3 500 12 200 X4 30
3 Liquid-plastic limit LP-100D 25 0.1 1 X5-X6 1.25
combined test
4 Consolidation test GZQ-1A 0 1.95 1 X7-X8 0
5 Sieving test ZBSX_92A 370 0.16 3 X9-X13 3.95
6 Direct shear test Z]-A 100 2 1 Y1-Y2 100
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As presented in Table 3, the activity of consolidation test requires only 0 W, since it is
conducted purely through manual operations, without any electrical device used; that is,
the energy consumption of human activity is not accounted here. In both the water content
test and specific gravity test, though the used oven has the highest power rating of 500 W,
its capacity enables 200 samples to be cured and tested simultaneously. Consequently,
the energy rates for these two tests are not the highest. Unexpectedly, the direct shear
test exhibits the greatest energy consumption rate, reaching 100 Wh per parameter and
per sample, which is consistent with the fact that shear strength measurement inherently
involves complex mechanical processes. It is supposed that if triaxial shear test is used,
energy consumption will be further increased.

2.3. Determination of Model Inputs and Outputs

Based on the above analysis, to establish the Green Al model for substrata data
prediction, the first 13 parameters (i.e., X1-X13) in Table 2 should be selected as the inputs
to predict the last 2 strength parameters (i.e., Y1-Y2). Prior to the model establishment,
the inputs were preprocessed. Each parameter was normalized using the Z-score method
to enhance the generalization of the model, since the parameter distributions were close
Gaussian distributions, according to Table 2 [50]. In the meantime, the samples, which did
not have complete parameter list (i.e., fifteen parameters), were removed from the database.
Thereby, there are no vacancy values for the inputs, when training the model.

The Spearman correlation coefficient between each two parameters was estimated,
according to Equation (1).

R (Xi- XD (X - X))
ij = — —
VI (X — X0 T (X — X7)

% )

where pj; is the Spearman correlation coefficient between the parameters Xi and Xj; n is the
number of data points; and the overline indicates the mean of the parameter. The results
are then visualized as a heatmap in Figure 2. The color and the number of stars in the
cell were used to indicate the correlation between two parameters. As seen in Figure 2,
most cells exhibit light colors. There are 78 cells above the diagonal in total and 56 of
them (accounting for ~72%) exhibit a correlation coefficient less than 0.5. Such a result
indicates that X1-X13 are largely independent of each other to avoid multicollinearity in
model inputs [51]. Still, some parameters are inherently and closely correlated to each
other with a correlation coefficient greater than 0.8, such as X5 (liquid limit) and X6 (plastic
limit). Yet, these strong correlations did not significantly affect the training of AI model,
and therefore, the input optimization was not considered here. The Spearman correlation
between X1-X13 and Y1-Y2 was further measured, again using Equation (1) and again
shown in Figure 2. Lines with notable color intensity and thickness dominate the plot.
Eight of thirteen inputs show strong positive/negative correlations (o | > 0.4) with the
outputs. This demonstrates strong and reliable relationships between the input candidates
and the target strength parameters. Collectively, these observations validate that X1-X13
are well suited as input features for the Green Al model to predict Y1-Y2.
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Figure 2. Heatmap among X1-X13 and Spearman correlation to Y1-Y2.
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3. Green Al Model Optimized with Greedy Algorithm
3.1. General Model Architecture

As illustrated in Figure 3, the architecture of AI model for subsurface data prediction

was generally regulated by the ensemble learning technique, since as aforementioned, this

technique can integrate strengths of diverse AI models. The model was powered by the

dataset derived from traditional ground investigation in Section 2. The input parameters

were X1-X13 in Table 2, while the output parameters were Y1-Y2 for saving energy in

ground investigation. The data were further partitioned into the training data and testing

data, which accounted for 70% and 30%, respectively, following the common practices in
the literature [52].
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Figure 3. Architecture of Al model for subsurface data prediction.

The architecture comprises the following two key components: base learners and

an ensemble strategy. A base learner refers to a standalone Al model, which is capable

of independently predicting soil strength parameters. In this study, nine candidate base
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learners were selected, including Elastic Net (EN), k-Nearest Neighbor (KNN), Kernel
Ridge Regression (KRR), Least Absolute Shrinkage and Selection Operator (LASSO), Linear
Regression (LR), Random Forest (RF), Ridge Regression (RR), Support Vector Machine
(SVM), and Extreme Gradient Boosting (XGBoost). These learners have been widely vali-
dated in the literature for soil parameter estimation [30-35]. For brevity, the fundamental
principles and architectural details of these base learners are not elaborated herein.

Three ensemble strategy candidates were selected to integrate the base learners, i.e.,
the voting, bagging, and stacking. Vote strategy generates a final prediction via weighted
averaging of results from individual base learners. Bagging strategy first trains base learn-
ers on random subsets of the dataset and then aggregates their outputs into a consolidated
result. Stacking strategy leverages a meta learner: that is, outputs from the base learners are
fed as inputs to the meta learner to produce strength parameters. Essentially, higher-level
features are generated by base learners for the production. Again, for brevity, the formu-
lation associated with these ensemble strategies were not given. In this study, Gradient
Boosting Tree (GBT) was initially selected as a meta learner candidate, since it has been
proved to be very effective in ensemble learning, according to the comparison with other
learners by Susan et al. [53]. Additionally, LR, LASSO, and SVM were also chosen as
candidate meta learners to allow comparative analysis with GBT. The rationale for these
meta learners will be elaborated in subsequent sections.

Data processing with this architecture started with input X1-X13 from the training
dataset. Then, the inputs propagate through the two core components of the model, i.e.,
base learners and ensemble strategy. Thereafter, subsurface data (i.e., Y-Y2) were predicted.
Subsequently, the predicted data were compared against the real data to determine the loss
function. In this study, the loss function was defined as Equation (2), which is actually the
mean absolute error (MAE):

1 A
Loss = \/ — Y ialvi = il 2)

where y; and 7; are the ith measured value and predicted value, respectively; ¥ is the
mean measured value; # is the number of training data. If the computed loss met the
terminal criterion, the training process was terminated and yielded the final model. Note
that the criterion was set as a minute value for the loss reduction (i.e., 10~* of the mean
value at each 50 iterations). Otherwise, the weights in the model network will be updated
iteratively using the stochastic gradient descent (SGD) method. Along this training process,
hyperparameters in the learners were tuned using the grid search technique with 5-fold
cross-validation, which is offered by a tool named GridSearchCV. Thereby, generalizable
parameter combinations might be selected to avoid overfitting problems. Note that the
above training process was performed in a supervised manner, since the dataset has a clear
pair of input and labeled output. Finally, the well-trained model was applied to the testing
dataset; the predicted Y1-Y2 were compared with the measured ones.

3.2. Three-Stage Oprimization with Greedy Algorithm

Optimizing model architecture is another crucial facet of Green Al, as it enables the
best performance to be achieved under equivalent energy consumption. To address this
issue, a three-stage optimization based on the greedy algorithm was proposed here. Greedy
algorithm is an algorithm that makes locally optimal choice at each step with the hope
of finding a global optimum solution. As seen in Figure 3, the Al model is constructed
in several steps, including choosing the base learners and choosing ensemble strategy.
Therefore, the greedy algorithm is inherently suitable to optimize the Al model here.
It is noteworthy that there exist other kinds of optimization algorithms (e.g., Bayesian
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optimization), but they are designed to the tune the hyperparameters in the model. Still, the
potential of applying these algorithms to optimize the model architecture will be explored
in the future. Here, based on the greedy algorithm, details of the optimization process are
as follows:

1st stage optimization: baser learner prioritization. The individual performance of
the nine candidate base learners is evaluated on the dataset. Subsequently, these candidates
are sorted in descending order of performance, so as to determine the prioritization for
selecting base learners within the architecture.

2nd stage optimization: base learner number. Starting from the top-ranked base
learner, subsequent learners from the prioritized list are iteratively added to the architecture
in turn. The optimal number of base learners is identified when introducing additional
learners no longer leads to a significant improvement in predictive performance, thereby
balancing computational efficiency with predictive quality.

3rd stage optimization: ensemble strategy. Based on the optimally selected base
learners, the performance under different ensemble strategy candidate is evaluated to
identify the most suitable strategy (or meta learner). Combining these three stages, the
architecture will be optimized based on the greed algorithm from a large pool of diverse
base learner candidates and ensemble strategy candidates, which aligns with the goal of
Green Al to achieve high performance with minimal computational overhead.

4. Results and Discussion
4.1. Results by 1st Stage Optimization on Baser Learner Prioritization

Following the above optimization procedure, the prioritization of base learners was
determined first. The predictive performances of the nine candidate learners are shown
in Figure 4, where the predicted results are compared against the actual measurements.
It should be noted that since the friction angle and cohesion exhibit similar distribution
characteristics (as summarized in Table 2), this study focuses solely on the results of friction
angle for conciseness.
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Figure 4. Performance comparison of nine candidate base learners: (a) LR, LASSO, and RF; (b) EN,
SVM, and RR; (c) KRR, XGBoost, and KNN.
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The nine candidate base learners were further grouped into three subsets, with their
corresponding results presented in Figure 4a—c. Such grouping facilitates clearer identifi-
cation of the performance prioritization among these learners. As observed in Figure 4a,
data points from the LR, LASSO, and RF learners cluster tightly along the 1:1 reference
line, where predicted values exactly match actual measurements. This indicates that the
predictive qualities are relatively good for these three learners. For the EN, SVM, and RR
learners in Figure 4b, data points exhibit moderate dispersion around the reference line,
reflecting that their performances are relatively intermediate. In contrast, Figure 4c shows
that the KRR, XGBoost, and KNN learners produce results with the most pronounced
deviation from the reference line, demonstrating the worst predictive qualities among the
nine learners. All these results indicate that in a specific scenario, the performance of base
learners varies significantly. That is why the prioritization of base learners is necessary to
develop a Green Al model.

To further quantify the performances of the nine candidates, the R-squared (R?), root
mean square error (RMSE), and mean absolute error (MAE) were used. The associated
definitions are given as

R2:1— Z?:l(]/i_?i)z (3)
(i =)
1 n .
RMSE = \/1’1 : Zi:l(yi _]/i)2 4)

where y; and 7; are the ith measured value and predictive value, respectively; 7 is the mean
measured value; 7 is the number of training data or testing data. Note that the definition
of MAE has been given in Equation (2), serving as the loss function. As indicated by the
mathematical definitions, larger R? values and lower RMSE/MAE values signify superior
predictive quality.

Performance metrics on testing data for all nine candidates are summarized in Table 4.
Consistent to the observations in Figure 4, based on R?, the prioritization generally follows:
LR > LASSO > RF > EN > SVM > RR > KRR > XGBoost > KNN. The order is similar,
based on RMSE and MAE. The maximum values of RMSE and MAE were produced by
the KNN learner, while the minimum values were produced by the LR learner. Due to
the consistency among R?, RMSE, and MAE, the performance of each model was simply
evaluated using R? in a later section of this study. Learner performance may just slightly
vary between the testing data and train data. Therefore, in this study, it is plausible to make
comparisons among different model architectures consistently using the testing data.

Table 4. Performance quantification of nine candidate base learners.

Learners R2 RMSE (°) MAE (°)
LR 0.781 3.526 2.826
LASSO 0.778 3.549 2.841
RFE 0.758 3.704 2.765
EN 0.738 3.853 2.990
SVM 0.718 3.933 3.252
RR 0.711 3.856 2.962
KRR 0.692 4.179 3.124
XGBoost 0.689 4.004 2.858
KNN 0.596 4.785 3.806

To verify the effectiveness of the above prioritization, nine candidate base learners
were categorized into the following three groups: (1) LR, LASSO, and RF learners (i.e.,
best learners), (2) EN, SVM, and RR learners (i.e., the medium learners); (3) KRR, XGBoost,
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and KNN learners (i.e., the worst learners). Three AI models were then constructed, each
using one group as base learners. To isolate the impact of base learner quality, all models
adopted the stacking strategy with a GBT meta learner. These models maintained identical
configurations in terms of base learner quantity and ensemble strategy, with the only
variation on the base learner composition. Figure 5 plots the predicted friction angle by
these models against the actual measurement. Notably, all data points distributed tightly
around the reference line, demonstrating that ensemble learning technique significantly
enhances predictive quality, even when using the worst learners.
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Figure 5. Performance comparison among models integrating three different base learners.

To further quantify performance, metrics derived from Equations (2)—(4) were calcu-
lated for each model, with results summarized in Table 5. For comparison, the performance
of the LR learner is also included as a baseline. As expected, the best learners produce the
highest predictive quality, followed by the medium learners and the worst learners. With
the aid of ensemble learning, they also surpass the standalone LR learner. Accordingly, R
is dropped from 0.812 to 0.781. This hierarchy confirms that integrating high-performing
learners was superior to integrating low-performing learners. More importantly, it provides
compelling evidence that the above prioritization effectively guides the selection of base
learners in constructing a Green Al model here.

Table 5. Performance quantification of models integrating three different base learners.

Base Learners Ensemble Strategy R? RMSE (°) MAE (°)
LR (Baseline) - 0.781 3.526 2.826
LR + LASSO + RF Stacking (GBT) 0.812 3.377 2.522
EN + SVM + RR Stacking (GBT) 0.786 3.682 2.780
KRR + XGBoost + KNN Stacking (GBT) 0.729 4.065 3.029

While the above analysis has clearly validated the prioritization of base learners via
deterministic performance metrics (i.e., R2, RMSE, and MAE), other performance metrics,
including performance variance, confidence interval, and cross-validation dispersion, were
not measured for the learners or models. The consideration of these additional metrics
can better estimate the model uncertainty and robustness and can subsequently provide a
more comprehensive comparison among different models. Therefore, in a future study, the
performances of the learners or models will be re-evaluated.
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4.2. Results by 2nd Stage Optimization on Base Learner Number

Second stage optimization aims to determine the optimal number of base learners,
which is critical to our Green Al model here, as to minimize redundant computational cost.
To this purpose, five candidate models were further constructed, integrating two to six
base learners. The selection of base learners strictly followed the prioritization from the
first stage; that is, for a model integrating N base learners, the top N candidates in Table 4
were selected. Predictive performances of these models are presented in Figure 6. For a
comprehensive comparison, the performance of a standalone LR learner, which can be
regarded as the model with only one base learner, is also included in Figure 6. Figure 6a
presents the results with one to three base learners. Notably, the performance improved
with an increase in the number of learners. In this time, the data points predicted by the LR
learner are relatively far away from the diagonal, whereas the data points under three base
learners cluster much closer to this line. Figure 6b further presents the results under four to
six base learners. The three types of data points largely overlap with each other, signifying
that their performances are nearly identical. Thus, within the range of four to six base
learners, increasing the number of base learners no longer yields a significant improvement
in predictive quality. This finding validates that there exists an optimal number of base
learners, which balances the accuracy and computational efficiency.
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Figure 6. Performance comparison among models integrating different numbers of base learners:
(a) 1 to 3 learners; (b) 4 to 6 learners.

To further validate the observations from Figure 6, the performances of these
six models (integrating one to six base learners) were quantitatively assessed again us-
ing Equations (2) to (4). Additionally, Figure 7 visualizes the trends of R?, RMSE, and MAE
as functions of the number of base learners, providing a clear depiction of how model per-
formance evolves with increasing complexity. As shown in Figure 7, the R? value reaches a
peak of 0.881 on the testing dataset when four base learners are integrated. Note that the
value has exceeded those of existing Al models for shear strength parameters in the litera-
ture (see Table 2). Coincidently, this setting also corresponds to the lowest RMSE and MAE,
indicating the best overall prediction accuracy; that is RMSE = 2.954° and MAE = 2.222°.
For models with more than four base learners, the R? curve exhibits a slight decline, while
RMSE and MAE show only marginal increases. This pattern confirms the existence of an
optimal number of base learners; that is, the performance improves monotonically below
four learners, but additional learners above this threshold yield diminishing returns. Such
a finding underscores the importance of balancing model complexity and generalization
ability in Green Al model establishment.
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Figure 7. Influence of base learner number on predictive quality on testing dataset.

To elucidate the existence of an optimal number of base learners, Figure 8 presents
the evolution of learning curves (i.e., the evolution of MAE loss defined in Equation (1))
for models integrating two, four (optimal number), and six base learners, along with the
iteration during training (as indicated by the loop in Figure 3). The two-learner model con-
verges rapidly as iterations increase, yet its final MAE loss remains the highest among the
three. In contrast, the four-learner model exhibits smoother convergence and achieves the
lowest steady-state MAE loss. Meanwhile, the six-learner model shows more pronounced
fluctuations throughout training, with a final loss that is higher than the four-learner model
but lower than the two-learner one. This phenomenon arises because integrating more
base learners introduces a higher-dimensional parameter space and more complex nonlin-
ear interactions, which compromises training efficiency. Such training difficulties can be
potentially mitigated by expanding dataset size or adopting advanced parameter update
strategies, which will be systematically explored in future research.
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Figure 8. Influence of base learner number on learning curve.
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4.3. Results by 3rd Optimization of Ensemble Stragety and Energy-Saving Estimation

The third stage optimization targets to identify the optimal ensemble strategy. Be-
sides stacking strategy with GBT meta learner, as mentioned, meta learners including LR,
LASSO, and RF were also evaluated herein. It is attributed to their superior performance
serving as the base learner, which has been validated in Section 4.1. Additionally, the
voting strategy was examined and compared and it should be noted that the associated
model maintained the same base learners as those with stacking strategy. The bagging
strategy was also adopted for model construction. However, since the bagging strategy is
designed for homogeneous base learners, four LR base learners were used instead in this
case. Despite this adjustment, this setup still offers insights into how ensemble strategies
influence performance.

Performance metrics of these models (i.e., RZ, RMSE, and MAE) are summarized in
Table 6. Again, the baseline by LR learner is included as well. Notably, the six models
exhibit comparable results, with the difference on R? value only limited in 0.1. Among
them, stacking strategy using a GBT meta learner again produced the best performance,
which aligns well with the finding in prior research [53]. When serving as the meta learner,
the LR model again outperformed LASSO and RF models, which mirrors the prioritization
in Section 4.1 and further validates the consistency of model performance across roles. The
voting strategy achieved an R? value of 0.831. Its moderate gap from the stacking-based
results highlights that ensemble strategy has diminished importance after optimal base
learner selection. The bagging strategy yielded the lowest performance. This is attributed
to its reliance on homogeneous LR base learners, which lacked the synergistic benefits of
heterogeneous model combinations. Collectively, the marginal impact of ensemble strategy
observed here underscores the primacy of base learner optimization in determining the
architecture of the Green Al model in this study.

Table 6. Performance quantification of models with different ensemble strategies.

Ensemble Strategy Base Learner R? RMSE (°) MAE (°)
- LR (Baseline) 0.781 3.526 2.826
Stacking (GBT) LR + LASSO + RF + EN 0.881 2.954 2.222
Stacking (LR) LR + LASSO + RF + EN 0.859 3.109 2.338
Stacking (LASSO) LR + LASSO + RF + EN 0.855 3.134 2.384
Stacking (RF) LR + LASSO + RF + EN 0.794 3.699 2.645
Voting LR + LASSO + RF + EN 0.831 3.363 2.596
Bagging LR + LASSO + RF + EN 0.782 3.809 2.881

Based on the three-stage optimization via the greedy algorithm, the model architecture
was finalized. In this optimized model, the LR, LASSO, RF, and EN base learners and
the stacking strategy with a GBT meta learner were employed. This model embodies
greenness and energy efficiency in two key aspects. First, the energy consumption to obtain
output parameters, which accounts for highest consumption in the traditional ground
investigation, can be significantly reduced. Second, it delivers superior generative quality
under equivalent energy consumption. To further validate the second claim, a comprehen-
sive examination on potential models with the 9 candidate base learners and 6 candidate
ensemble strategies was conducted. A total of 2564 models with different architectures
could theoretically be constructed. To balance computational efficiency while retaining
representativeness, 300 Al models were constructed via Monte Carlo manner, without
any optimization by greedy algorithm. In these models, the architecture was randomly
produced from the pool of nine candidate base learners and six ensemble strategies. At least
one of the three components, i.e., the number of base learners, the selection of base learners,
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and the ensemble strategy, is different between each two models. The performance metrics
(i.e., R%, RMSE, and MAE) of all the 300 models on the testing dataset were estimated.

Histogram of R? for the 300 models are further given in Figure 9. The number of
models whose R? falls at a certain value range was counted, and then the proportion term
in Figure 9 was determined as this number divided by the total model number (i.e., 300). As
depicted, the R? values of some models are below 0.7, since the worst-performing learners
were incorporated into the model. Very few models could exceed 0.85. The mean value
of R? for these potential models is 0.787 and the standard deviation is 0.075. Notably,
the performance of our optimized model is located firmly in the top percentile of the
distribution, verifying that the three-stage optimization approach is effective in identifying
high-performing model architecture. The results revealed by Figure 9 are representative
since the 300 models (out of 2564 models) have been examined. Nevertheless, sensitivity
analysis of these results will be provided in the future.

)]
[w)

AN
=
1

(98]
(el
1

[\
=
1

Optimized
model

- z

0 1 1 1
0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90
R? on testing data

Proportion in 300 AI models (%)
>

Figure 9. Histogram of the predictive qualities among 300 AI models.

Finally, the energy consumption and saving by our Green AI model was estimated to
examine its effectiveness in transforming traditional ground investigation. The estimated
results are summarized in Table 7. It can be seen that following the traditional manner, the
consumed energy to acquire strength parameters by direct shear test from 918 soil samples
was 183,600 Wh. Using our Green Al model in the computer station of Dell PowerEdge
R760, the energy consumption is significantly reduced to only 257 Wh, i.e., a reduction
greater than 99%. This number has demonstrated the effectiveness and importance of
introducing Al into the traditional practice of geotechnical engineering. The total energy
cost for all tests (i.e., the cost to acquire the fifteen parameters in Table 2) was further
estimated as 259,090 Wh. Using our model, the total energy cost (i.e., the summation of
the costs from the model and other tests for input parameters) was reduced to 75,747 Wh;
that is, the energy consumption is reduced by 71%, indicating that it is worth developing
the Green Al model here. So far, this study focused on energy saving by comparing the
Al model to traditional investigation practice with only laboratory tests. As mentioned,
in-situ tests (e.g., SPT or CPT tests) are alternative to laboratory tests, which were, however,
not provided in the ground investigation in the project of Huangpu Tram Line 2. Therefore,
in the future study, a more comprehensive comparison will be made across the AI model,
in-situ test, and laboratory tests.
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Table 7. Energy saving estimation for ground investigation.
Direct Shear Test Green Al Model All Tests AI Model + Other Tests

Obtained parameters Y1-Y2 Y1-Y2 X1-X13, Y1-Y2 X1-X13, Y1-Y2
Device Z]-A Dell PowerEdge R760 / /

Power per sample (W) 100 1400 / /

Time per sample (h) 2 2 x 1074 / /

Consumed energy (Wh) 183,600 257 259,090 75,747

The above analysis is still limited to energy saving via Green Al model. Indeed, a
broader sustainability framework can be established by quantifying the carbon footprint
reduction subsequently. According to Ministry of Ecology and Environment of China, the
power carbon footprint factor is 0.6205 kg CO,/kWh on average [54]. Since 183.3 kWh
can be saved using our model, the emission of almost 0.11t CO; can be reduced during
the laboratory testing stage of ground investigation. In addition, lifecycle implications can
be provided, and more basic data at different stages of ground investigation should be
collected to perform the evaluation in the future.

5. Conclusions

This study aims to explore the potential of Green Al for promoting energy-efficient
ground investigation, and therefore a Green Al model for subsurface data prediction was
established. The preliminary salient findings are as follows:

(1) The model embodies greenness in two aspects. First, the energy consumption to
obtain output parameters (i.e., the shear strength parameters, which account for highest
energy use in the traditional ground investigation) was reduced. Second, under equivalent
energy consumption, the model demonstrates promising predictive quality with R? = 0.881
on the testing dataset, which exceeds the performances of existing AI models for shear
strength parameters in the literature (i.e., Table 2).

(2) The model architecture was designed based on ensemble learning, and thereby
the model integrated the strengths of commonly used Al models. Following the Green Al
concept, the architecture was further optimized by using the greedy algorithm, and the
optimal selection of base learners and ensemble strategy was identified here.

(3) In this study, base learner selection benefited from prioritization, since integrating
superior learners (e.g., LR, LASSO, and RF with R? > 0.758) may outperform integrating
inferior learners (e.g., KRR, XGBoost, and KNN with R? < 0.692). There was an optimal
number of base learners, since more learners may complicate the model network and
reduce training efficiency. Upon the optimization of base learner, the influence of ensemble
strategy became marginal.

(4) With this Green Al model, the energy consumption to acquire the shear strength
parameters was reduced by 99% (using the ZJ-A direct shear test as a baseline). The
consumption of entire ground investigation was reduced by 71%, demonstrating the
effectiveness of introducing Al for energy-efficient geotechnical engineering.

Though this work provides preliminary insights into Green AI model for ground
investigation, there are several limitations which constrain the broader generalization of
the findings. One of the limitations is that the dataset was collected only from Huangpu
Tram Line 2 in Guangzhou, South China. For other places in China, the soil parameter
correlations and energy consumption patterns could differ significantly. In addition, the
architecture optimization using greedy algorithms may reach the local optima, rather than
the global optima. This possibility may be encountered in other scenarios. As mentioned,
the estimation of energy saving exhibited some limitations as well, since the indirect field
cost was not considered.
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All these issues will be addressed in the future study. First, a national or even in-
ternational soil database will be established by collecting data from other projects and
using data from the literature. Thereby, the generalization of our Green Al model can be
further enhanced by training on the expanded dataset. Second, an improved optimization
method should be proposed to explore the best performing model architecture and to avoid
reaching the local optima. Finally, more aspects (e.g., the reduction in borehole drilling)
will be considered to estimate the energy saving for ground investigation, when adopting
our Green Al model.

Besides addressing the above limitations in this study, a pathway of transferring our
model to a new site investigation should be explored, especially when some new kinds
of soils are encountered. Our model is transferable to a new site using following steps.
For a site similar to the one here, a small number of soil testing data (e.g., via direct shear
test) should be first collected from the new site. Then, our pre-trained model in this study
can be fine-tuned using these new site data. Changes in performance metrics (e.g., R?,
RMSE, and MAE) before and after fine-tuning will be evaluated. This will quantify the
model adaptability to new scenarios and determine the minimum number of new site
samples required for reliable transfer. For a new site where the soil types/parameters differ
significantly from those here, some techniques such as domain-adversarial training (DAT)
can be applied to align the feature distributions of the source domain (Guangzhou data)
and target domain (new site data), subsequently transferring our model to a new site. The
above pathway will be examined in the future study.
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