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ABSTRACT: Accurate soil classification is essential for pavement design; however, the traditional American Asso-
ciation of State Highway and Transportation Officials (AASHTO) classification system relies on extensive laboratory
testing and subjective judgment. This study presents an artificial intelligence (AI) enhanced framework for AASHTO
soil classification. A synthetic dataset of 349,015 samples was generated using parameter ranges for five AASHTO
input variables to support model development. Four machine learning models were trained, analyzed, and compared
where the random forest (RF) consistently achieved the highest accuracy of 100% among the four models in predicting
AASHTO soil groups. Feature importance analysis indicates that percent passing the No. 200 sieve is the most influential
factor, and under missing input scenarios. Additionally, the models remain reliable under partial input loss, though
accuracy is most sensitive to the absence of percent passing the No. 200 sieve, dropping to 85.8%, while all other variables
maintain accuracies of at least 93.1%. Prediction uncertainty using Monte Carlo simulations shows model performance
within a 95% confidence interval. Overall, the proposed AI models can accurately and efficiently predict AASHTO soil
groups using incomplete datasets for geotechnical engineering.

KEYWORDS: AASHTO soil classification; machine learning; random forest; feature importance; geotechnical
engineering

1 Introduction

Accurate soil classification is essential for pavement design, subgrade evaluation, and geotechnical
engineering applications [1,2]. The engineering behavior of soils including their strength, compressibility, and
drainage characteristics directly influences the long-term performance of transportation infrastructure [3,4].
The American Association of State Highway and Transportation Officials (AASHTO) soil classification
system remains one of the most widely adopted frameworks for assessing soil suitability in highway and
pavement engineering [5,6]. Despite its widespread use, the AASHTO system relies on traditional laboratory
procedures such as sieve analysis and Atterberg limits testing, which are time-consuming, labor intensive,
and subject to operator variability [7-9]. These limitations underscore the demand for more efficient,
consistent, and automated approaches for soil classification [10].

Recent advances in machine learning (ML) have transformed many areas of geotechnical engineering,
offering improved predictive capabilities and reduced dependence on conventional testing [11,12]. ML
algorithms have been successfully applied in predicting soil shear strength, liquefaction potential, bearing
capacity, and soil compaction characteristics [13-15]. Machine learning methods such as random forest
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(RF), artificial neural networks (ANN), support vector regression (SVR), and decision tree (DT) have
demonstrated superior performance in capturing complex, nonlinear relationships among soil parameters
compared with traditional empirical correlations [16,17]. However, few studies have explored the potential
of applying ML specifically to replicate or enhance the AASHTO soil classification system. Even fewer
have investigated model robustness under incomplete input conditions, an important consideration for
field environments where certain soil properties may be unavailable or impractical to measure [18,19].
Practical application of the AASHTO soil classification system faces several challenges that directly impact
efficiency, accuracy, and engineering decision-making. Although the classification criteria are conceptually
straightforward, the system relies on multiple laboratory-derived parameters, and these introduce variability
and operational limitations [20,21]. First, obtaining reliable values for key input parameters requires lab-
oratory testing that is both time-consuming and sensitive to procedural inconsistencies [22,23]. Second,
the manual interpretation of classification charts and flow diagrams introduces subjectivity [20,24]. Third,
traditional laboratory testing imposes operational constraints on field investigations and large-scale projects.
Comprehensive AASHTO classification typically requires multiple days of laboratory testing, specialized
personnel, and controlled conditions, while the standard procedure is not designed for rapid or field-based
assessment [25,26]. Therefore, the lack of built-in mechanisms for handling incomplete or partially available
input parameters presents another challenge [27,28].

In general, recent studies have employed supervised models trained on geotechnical indices obtained
from laboratory and in-situ tests (such as grain-size distribution, liquid limit, plasticity index, water
content, and SPT-related parameters) to build classification/regression models for soil type or engineering
properties. The literature generally shows that when the input data are complete and of stable quality,
machine-learning models can achieve classification accuracies comparable to, or even better than, traditional
empirical approaches, and thus serve as effective tools to support soil identification and property estimation.
Importantly, the key gap that most existing studies assume complete test data as model inputs (i.e., after site
investigation and laboratory testing) was also clarified, and therefore their applicability is often limited to
detailed design or property prediction settings. At the end of the Introduction, the specific contribution of
this study is now explicitly highlighted, namely: (i) developing soil-classification models under incomplete
input scenarios, (ii) utilizing a synthetic-data generation strategy to improve model training when real sam-
ples are limited, and (iii) demonstrating the feasibility of using the proposed approach as a decision-support
tool for early-stage planning and rapid assessment, while acknowledging that final design should still rely on
conventional investigations. Moreover, AASHTO soil classification is widely used in engineering practice;
however, its determination relies on laboratory-based parameters such as the percent passing the No. 200
sieve, liquid limit, and plasticity index, which are typically available only after drilling and laboratory testing
have been completed. During feasibility studies, alignment selection, and preliminary design, engineering
decisions often require an assessment of subgrade conditions, while complete geotechnical test data may
not yet be available, making conventional classification methods difficult to apply directly. Therefore, this
study focuses on scenarios with incomplete data and develops a machine-learning-based AASHTO soil
classification approach that can provide preliminary classification results even when some input factors are
missing or tests have not been finalized. The proposed method is intended as a decision-support tool for
early-stage planning and regional assessment, whereas final design should still be confirmed through formal
geotechnical investigations and laboratory testing [7,29,30].

This study addresses these research gaps by developing an artificial intelligence-based framework for
AASHTO soil classification. These research gaps refer to the lack of studies that address AASHTO soil
classification under incomplete input conditions. The traditional AASHTO procedure cannot be applied
when any required parameter (e.g., percent passing No. 200 sieve, liquid limit, or plasticity index) is
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missing. In contrast, the novelty of this study lies in developing and validating a machine-learning-based
AASHTO classification approach that can still provide accurate classifications even when some input factors
are unavailable. A large synthetic dataset consisting of 349,015 samples was generated using reasonable
engineering parameter ranges for key AASHTO inputs, including percent passing the No. 200 sieve, LL, and
PI. Four ML models were trained, optimized, and compared for classification performance. To demonstrate
real-world utility, this study curated a field-derived soil dataset drawn from geographically diverse sources,
including Nigeria, Canada, Indonesia, and Iraq, and used it to evaluate the proposed machine-learning
approach in an application context. The laboratory tests required for the AASHTO classification system are
not prohibitively expensive for infrastructure projects, and comprehensive site investigation and laboratory
testing remain indispensable at the final design stage. However, the practical challenge addressed in this
study primarily arises during the feasibility study and preliminary design stages, where borehole sampling
and complete laboratory testing are often not yet available, while engineers still need to compare alternative
alignments and assess subgrade conditions for decision-making. In such cases, the parameters required for
AASHTO classification are frequently unavailable, creating an information gap for early-stage planning. In
addition, geotechnical investigations typically provide discrete borehole-based information, whereas design
and regional assessment often require a more continuous evaluation along an alignment. Given the inherent
spatial variability of soils, areas between boreholes may lack direct classification evidence. Similar constraints
also occur in the assessment of existing roads and in post-disaster rapid surveys, where soil samples and
test results cannot be obtained in a timely manner. Therefore, the proposed machine-learning approach
is intended as a supporting tool for early-stage screening and regional evaluation, providing preliminary
AASHTO classification estimates when complete test data are not yet available, while detailed design
decisions should still be validated through conventional investigations and laboratory testing.

2 AASHTO Soil Classification System
2.1 An Overview of AASHTO Classification

The AASHTO classification system categorizes soils into seven primary groups and corresponding
subgroups based on their grain-size distribution and plasticity characteristics. Table 1 lists the AASHTO
classification system. Key input parameters include percent passing the No. 200 sieve (F200), LL, PI, and
gradation-related factors that distinguish granular from fine-grained soils. Group assignment follows a rule-
based flowchart structure that separates soils into granular (<35% fines) or silt-clay materials (>35% fines),
with additional LL and PI thresholds determining final group designation. The simplicity and empirical
foundation of the system enable broad engineering use but also make it sensitive to variability in laboratory
measurements and operator judgment.

Table 1: The AASHTO classification system [31].

General Classification Granular Materials (35% or Less Passing No. 200 Sieve)
A-1 A-2
Group classification A-3
A-l-a A-1-b A-2-4 A-2-5 A-2-6 A-2-7
No. 10 50 max
Sieve analysis (percent
v Y. (p No. 40 30 max 50 max 51 min
passing)
No. 200 15 max 25 max 10 max 35 max 35 max 35 max 35 max
Liquid . .
Characteristics of limit 40 max 41 min 40 max 41 min
fraction passing No. 40 Plasticit
.as ety 6 max N.P. 10 max 10 max 11 min 11 min
index

(Continued)
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Table 1 (continued)

General Classification Granular Materials (35% or Less Passing No. 200 Sieve)
=
Usual types of significant constituent materials ~ Stone fragments gravel and sand S;ZZ Silty or clayey gravel sand
General rating as subgrade Excellent to good
General Classification Silt-Clay Materials (More Than 35% Passing No. 200 Sieve)
A-7
Group classification A-4 A-5 A-6 A-7-5
A-7-6
Sieve analysis (percent . . . .
. No. 200 36 min 36 min 36 min 36 min
passing)
Liquid . .
Characteristics of limit 40 max 41 min 40 max 41 min
fraction passing No. 40 .
Plasticity 10 max 10 max 11 min limin
index
Usual types of significant constituent materials Silty soils Clayey soils
General rating as subgrade Fair to poor

A-7-5:PI<SLL - 30
A-7-6:PI>LL - 30

The AASHTO soil classification system provides a standardized framework for grouping soils, with
widespread application in pavement and highway engineering. It was originally developed in 1929 (by C.A.
Hogentogler and Karl Terzaghi) as the Public Roads Administration classification and has since undergone
revisions, with the current version defined in AASHTO standard M145. Soils are assigned to one of seven
primary groups, designated A-1to A-7, using gradation characteristics together with Atterberg limit indices.
Grain size distribution and plasticity are the key parameters in AASHTO classification. Atterberg limits are
used to characterize the fine (silt/clay) fraction’s plasticity. In AASHTO terminology, if the portion passing
No. 40 has a PI <10, the fines are deemed as silty, whereas a PI > 11 indicates clayey fines. The LL of the fines
is also considered, with certain groups distinguished by LL.

AASHTO classification first splits soils by how much fine material they contain. Granular materials
(Groups A-1, A-2, A-3) have 35% or less passing the No. 200 sieve, whereas silt-clay materials (Groups A-
4 through A-7) have more than 35% fines. AASHTO defines seven primary groups, some with subgroups,
labeled A-1to A-7. Group descriptions indicate typical soil types and their suitability as highway subgrade
material. In general, A-1 soils are the best (granular, strong materials) and A-7 soils are the poorest (highly
plastic clays) for supporting loads.

A-1soils are typically well-graded mixtures of stone fragments, gravel, and sand with a small amount of
non-plastic or slightly plastic fines as binder. These represent the best quality materials for subgrades, offering
high stability and strength. They are subdivided into A-1-a and A-1-b. A-2 soils are a broad class of borderline
granular materials. A-2 covers a variety of gravel-sand-fines mixtures that are intermediate in quality. All A-2
subgroups require 35% or less passing No. 200, but their fine fraction’s LL and PI place them in A-2-4 and
A-2-5. These soils are basically sandy or gravelly materials with some non-plastic silt—still relatively good
as subgrade. A-2-6 and A-2-7 have fines similar to A-6 or A-7 groups. These represent granular soils that
contain a significant clay binder.

A-3 soils are chiefly fine sands, such as fine beach sand or wind-blown desert sand, with little or no silt
or clay fines. They are typically poorly graded (uniform) fine sands that may contain up to about 10%-15%
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non-plastic silt. A-3 is basically the clean sand category: 100% passes the No. 10 sieve, and at least 51% passes
No. 40. These soils still fall in the granular category and usually perform well to excellently as subgrade. A-4
soils belong to the silt-clay materials and are defined as predominantly silty soils with low plasticity. In other
words, these are inorganic silt or very silty fine sand/soil. A-4 soils typically provide fair subgrade support and
generally perform better than highly plastic clays; however, their behavior can degrade under wet conditions.
They are commonly more compressible and exhibit lower strength than granular soils. A-5 soils are also silty
materials but distinguished by having a high LL (LL > 40) while still low plasticity (PI < 10). The presence of
mica or diatomaceous earth can cause very high LL even with low plasticity. They are usually considered fair
to poor as subgrade materials. A-6 soils are clayey soils with a substantial fine fraction that have moderate
to high plasticity. These soils exhibit plastic and cohesive characteristics, though not as extreme in LL as A-7
clays. As subgrade, A-6 clays are considered fair to poor. A-7 soils are the most plastic fine-grained soils in
this system, generally corresponding to high-plasticity clays or clayey silts. Because the range of plasticity is
broad, A-7 is subdivided based on the relation of PI to LL. A-7-5: Soils with moderate plasticity relative to LL.
They often are still highly compressible and elastic. A-7-6: Soils with high plasticity relative to LL. These are
fat clays, very plastic, cohesive soils. A-7-6 materials have extremely high volume change potential and very
low strength. This subgroup represents the worst subgrade soils. Both A-7-5 and A-7-6 are generally poor
subgrade materials.

To further evaluate a soil’s quality as a subgrade, the AASHTO system uses a Group Index (GI). This
is a numerical index that refines the classification by reflecting how marginal the soil is within its group.
The higher the GI, the worse the performance expected. In geotechnical and pavement engineering, the
AASHTO classification provides a quick way to judge a soil’s suitability for highway subgrade, embankment
fill, or base material. Highway departments often specify acceptable soil classes for use in different layers of
road construction.

In practice, AASHTO is heavily used in pavement engineering and by transportation agencies, while
USCS is used in general geotechnical engineering. Each system has its own criteria, so engineers sometimes
report both classifications for completeness. AASHTO emphasizes a soil’s suitability as a roadbed, using
fewer broad categories, whereas USCS provides a precise description of grain size gradation and plasticity.
Both require similar lab data, and both identify coarse vs. fine fractions.

2.2 Key Input Parameters

AASHTO classification is determined using a combination of gradation and plasticity data. The
parameters represent the essential physical and index properties required for distinguishing granular soils
from fine-grained silt-clay materials, and for determining subgroup boundaries. The selected parameters
and their roles are summarized as Table 2.

Gradation-related parameters, including the percentages passing intermediate sieves (e.g., No. 10 and
No. 40), are used to distinguish among granular subgroups. These gradation characteristics affect drainage,
density, and load-bearing performance, making them essential for accurate subgroup identification within
the granular soil classes [32,33]. F200 represents the proportion of soil particles finer than 0.075 mm
and is the most critical factor in AASHTO classification. It determines the primary division between
granular soils (<35% fines) and silt-clay soils (>35% fines). Feature-importance analysis from the RF model
confirmed that F200 is the most influential variable among all inputs, exerting the strongest control on group
assignment [11,34]. Liquid limit represents the moisture content at which a soil changes from plastic behavior
to liquid-like flow. Within the AASHTO system, LL is used to differentiate low-plasticity soils (LL < 40) from
high-plasticity soils (LL > 40), particularly for identifying transitions between groups such as A-4 and A-5,
and between A-6 and A-7. LL also contributes to distinguishing the two subgroups A-7-5 and A-7-6 [35,36].
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PI quantifies the plasticity of the fine fraction and is a key determinant in differentiating silty and clayey
behavior. Soils with PI < 10 are classified as silty, whereas PI > 11 indicates clayey fines. PI strongly influences
subgroup boundaries within the A-2 class (e.g., A-2-4/A-2-5 vs. A-2-6/A-2-7). In the model robustness tests,
omission of PI led to a notable reduction in classification accuracy, further confirming the importance of
plasticity behavior in AASHTO categorization [35,37].

To ensure a comprehensive representation of AASHTO classification rules, an additional gradation
feature reflecting overall coarseness to fineness distribution was included. This parameter improves model
sensitivity to transitional soil types, especially within the A-2 group where mixtures of sand, gravel, and fines
are common [7,38].

Table 2: Summary of input variables with their specified ranges and intervals.

No. Parameter Acronym Unit Range Distribution Characteristics  Reference

P t Passing th

L e Si:i“(llf A O)e No.10 %  0-100 Bimodal distribution [39,40]
P t Passing th

2 I\?;CZI; Si:i“(llg: y O)e No.40 %  0-100 Bimodal distribution [39,40]

Percent Passing the

No. 200 9 0-100 Bimodal distributi 39,40

No. 200 Sieve (F200) ° & tmodal distribution [59,40]

4 Liquid Limit (LL) LL % 0-100 Lognormal distribution [16,41]

5 Plasticity Index (PI) PI % 0-70 Lognormal distribution [16,41]

6 Soil Classification A-1to A-7 NA 1-12 Negatively skewed distribution ~ [39,42]

2.3 Dataset Construction

In the dataset construction section, a synthetic dataset was generated for model development and
verification, and a supplementary dataset of 47 real-world soil samples was assembled as an application case
to assess model performance under field conditions.

2.3.1 Synthetic Dataset Generation

A synthetic dataset was constructed to facilitate robust soil classification under controlled yet geotech-
nically realistic conditions. The input variables including the percent passing the no. 10 sieve (F10), percent
passing the no. 40 sieve (F40), percent passing the no. 200 sieve (F200), LL, and PI, were sampled
within parameter ranges consistent with widely used engineering standards to ensure physically plausible
combinations. The resulting dataset contains 349,015 samples, organized as an input matrix of 349,015 x 5
and a corresponding output vector of 349,015 x 1 representing soil-class labels. The adoption of synthetic data
is well suited to classification studies because it enables systematic coverage of the feature space, mitigates
sampling bias associated with limited field and laboratory observations, and improves representation of
under-sampled classes.

The synthetic dataset was generated according to the AASHTO classification rules by sampling com-
binations of input parameters within reasonable geotechnical ranges. Samples that violated basic physical
or engineering constraints were removed to ensure engineering meaningfulness. In this way, the synthetic
dataset was designed to represent plausible input conditions while preserving the rule-based AASHTO
labeling logic.
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Fig. 1 summarizes the marginal distributions of the five parameters and the resulting soil classes. The
sieve-based fractions (F10, F40, and F200) exhibit bimodal behavior, reflecting the coexistence of soils
dominated by coarse-grained depositional processes (yielding lower passing percentages) and soils enriched
in fines produced by weathering and pedogenesis (yielding higher passing percentages); the overlap of
these distinct grain-size populations leads to two pronounced clusters rather than a single continuous
mode. In contrast, LL and PI display lognormal-like, positively skewed distributions, consistent with their
dependence on multiplicative and scale-dependent controls that tend to produce asymmetric variability over
a wide range. The soil classification outcomes consequently show non-uniform class frequencies, indicating
that different combinations of gradation and plasticity indices occupy distinct regions of the engineering

classification space.
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Figure 1: Distribution characteristics of parameters in the AASHTO soil classification system. (a) Percent Passing the
No. 10 Sieve (F10). (b) Percent Passing the No. 40 Sieve (F40). (c) Percent Passing the No. 200 Sieve (F200). (d) Liquid

Limit (LL). (e) Plasticity Index (PI). (f) Soil Classification.
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Fig. 1 presents boxplots summarizing the empirical distributions of six soil-related variables across
32,768 samples, highlighting their dispersion and central tendency. The first three panels correspond to the
percent passing the No. 10, No. 40, and No. 200 sieves (F10, F40, and F200). These sieve-based indices span
the full range from 0 to 100 and exhibit comparable variability, with a standard deviation of 25.56 for each.
The fourth and fifth panels depict the distributions of the LL and PI. LL ranges from 0 to 100 with a median of
approximately 30 and a standard deviation of 26.66, whereas PI spans 0 to 70, with a median value of 20 and
a standard deviation of 10.92. The final panel shows the AASHTO soil group classification number, which
varies from 1 to 12 with a median of 7 and a standard deviation of 2.62.

Class imbalance could occur in synthetic data generation. To address this, the class distribution of the
synthetic labels was examined by reporting/visualizing the sample counts (or proportions) for each AASHTO
class. The results show that the synthetic dataset covers all soil classes and is approximately balanced.
Specifically, each soil class contains more than 492 samples, indicating that class imbalance is not a major
concern for the generated synthetic dataset.

2.3.2 Real-World Soil Dataset

To evaluate the practical applicability of the proposed approach, a real-world soil dataset was compiled
for subsequent application-case analysis. This dataset comprises 47 field samples and was employed as an
independent benchmark for model validation using measured geotechnical indices and corresponding soil-
class labels. Table 3 provides an overview of the dataset, reporting the sample locations, the five predictor
variables used in this study, and the corresponding soil classifications. The samples were collected from
multiple regions (e.g., Nigeria, Canada, Indonesia, and Iraq), representing diverse geological settings and a
wide range of gradation-plasticity characteristics. This real-world soil dataset provides an independent basis
for evaluating model generalizability and verifying predictive performance beyond the synthetic training set.

Table 3: Dataset of actual soil samples.

S?\?:)p le Location No.10 No.40 No.200 LL PI Classification Reference
1 89.4 65.7 42.1 34.3 6.9 A-4
2 96.3 69.6 48.3 39.6 12.2 A-6
3 66 36.1 174 28.1 3.9 A-1-b
4 Nigeria 954 81.8 71.7 65.8 45,53 A-7-6 [43]
5 91.4 67.7 52.4 48.3 28.85 A-7-6
6 89.4 66.1 48.2 44 24.8 A-7-6
7 93.3 63.6 46.9 41.8 19.6 A-7-6
8 80 40 3 0 0 A-1-b
9 50 40 3 0 0 A-1-b
44
o ~ Canada 90 80 75 35 20 A-6 [44]
11 80 55 30 39 24 A-2-6
12 100 72 1 51.58 25.45 A-2-7
13 100 72 4 50.59 24.69 A-2-7
14 100 84 6 51.43 27.83 A-2-7
15 100 83 4 50.5 26 A-2-7
16 Indonesia 100 78 2 51.82 22.51 A-2-7 [45]
17 100 78 2 50.5 20.5 A-2-7 )

(Continued)
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Table 3 (continued)

Se;l:}.)le Location No.10 No.40 No.200 LL PI Classification Reference

18 100 56 4 4748 20.56 A-2-7

19 100 55 3 47.28 20.78 A-2-7

20 100 75 2 51.18 23.62 A-2-7

21 100 74 2 51.2 24.7 A-2-7

22 100 65.17 34.83 29.3 19.9 A2-4

23 100 68.8 31.2 20.3 20.4 A2-4

24 100 80.52 19.48 0 0 A-3

25 Nigeria 100 82.65 17.35 0 0 A-3 [46]

26 100 74.17 25.83 25.8 19.19 A2-4

27 100 58.36 41.64 374 25.3 A-6

28 100 67.64 32.36 24.9 18.5 A-2-4

29 100 69.55 30.45 28.7 21.4 A-2-4

30 100 99.57 62.56 26 10.19 A-6

31 100 99.35 95.54 51.3 15.71 A-7-5

32 100 98.59 95.6 44.5 1717 A-7-6

33 100 97.8 96.2 48 23.43 A-7-5

34 100 98.86 91.15 38 9.5 A-4

35 100 99.59 88.22 26.8 4.29 A-4

36 100 98.96 96.37 50 21.34 A-7-5

37 100 96.97 85.23 35.2 4.56 A-4

38 100 98.24 94 34 13 A-6 _
Iraq [47]

39 100 99.57 62.56 25 5.62 A-4

40 100 99.35 95.54 40 9.87 A-4

41 100 98.59 95.6 45.5 16.7 A-7-5

42 100 97.8 96.2 48.2 18.08 A-7-5

43 100 98.86 91.15 36.5 10.99 A-6

44 100 99.59 88.22 27.7 5.57 A-4

45 100 98.96 96.37 34.2 10.46 A-4

46 100 96.97 85.23 342 6.56 A-4

47 100 98.24 94 28.8 4.2 A-4

3 Methodology

This study integrates Al into the AASHTO soil classification system by developing four ML models to
enhance predictive classification performance. ML provides a data-driven framework capable of capturing
the nonlinear and multivariate relationships among soil index properties that are often difficult to describe
using conventional empirical criteria. The proposed models, RE, ANN, SVR, and DT, were selected. Model
training was conducted using the synthetic dataset. To improve reliability and generalization, hyperparam-
eter optimization and cross-validation were implemented during model development. Model performance
was subsequently benchmarked through comparative evaluation, and feature-importance analyses were
performed to quantify the relative contribution of individual predictors.
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In this study, both a single DT and RF were included for two reasons: (1) the DT serves as a simple
and interpretable baseline with low computational cost, and (2) comparing DT with RF helps quantify the
performance gain achieved by the ensemble strategy for our soil-classification task. If DT performance were
comparable to RE, DT would be preferable due to its simplicity and efficiency. However, our results show
that RF consistently outperforms DT by a clear margin; therefore, RF was selected as the final model for
soil classification.

3.1 Random Forest (RF)

RE, first introduced by Breiman (2001), is an ensemble learning technique that constructs a collection of
decision trees and combines their outputs to enhance predictive accuracy while mitigating overfitting. Each
tree is trained on a bootstrap-resampled subset of the training data, and randomness is further introduced by
selecting a subset of features at each split, thereby promoting model diversity and improving generalization.
Owing to its capacity to accommodate high-dimensional predictors, capture nonlinear interactions, and
handle mixed-variable datasets with limited preprocessing, RF is particularly suitable for engineering
classification problems. In this study, the RF classifier for the AASHTO soil classification task was formulated
using hyperparameters that control model complexity and stability, including the number of trees, maximum
tree depth, minimum parent size, and minimum leaf size. Hyperparameter tuning was conducted using
Bayesian optimization coupled with k-fold cross-validation to ensure robust performance across the full
range of input conditions. The optimal settings were identified as Minimum Parent Size = 16 and Minimum
Leaf Size = 4. Fig. 2 illustrates the RF-based AASHTO classification workflow: the five soil index parameters
are assembled as model inputs, and the predicted soil group is assigned based on the most frequent class
output among the trees in the ensemble.

3.2 Artificial Neural Network (ANN)

ANN s are flexible function-approximation models designed to learn nonlinear relationships between
predictors and responses. This capability is advantageous for AASHTO-based soil classification, where the
governing interactions among gradation and plasticity indices are often non-additive and highly nonlinear.
In this study, a feedforward multilayer ANN was employed, with the five soil indices provided to the input
layer, hidden layers configured with a tunable number of neurons, and an output layer producing the
predicted soil class. Nonlinearity was introduced through activation functions, and training behavior was
controlled through the selection of learning rate, batch size, and initialization scheme.

3.3 Support Vector Regression (SVR)

SVR formulates prediction as a margin-based optimization problem and leverages kernel mappings to
represent nonlinear input-output relationships without explicitly defining the transformation. This makes
SVR well suited to geotechnical applications, where soil index variables often interact in a strongly nonlinear
manner. In this study, SVR was implemented with a radial basis function kernel to accommodate complex
decision boundaries. The principal tuning variables were calibrated using cross-validated grid search to
improve out-of-sample performance. Because the solution is determined by a subset of training points
(support vectors), SVR typically exhibits good robustness under wide parameter variability, such as that
encountered in the AASHTO input space, and can be less susceptible to overfitting than some flexible
nonlinear learners. Although SVR does not inherently provide direct feature-importance rankings, its
stability and tolerance to noisy observations make it a competitive baseline for soil-class prediction across
heterogeneous geological conditions.
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Figure 2: Flowchart of the AASHTO classification.

3.4 Decision Tree (DT)

Decision trees (DTs) are supervised learning models that perform classification by recursively par-
titioning the predictor space into increasingly homogeneous subsets, resulting in a set of hierarchical,
rule-based decisions. At each split, an input variable and threshold are selected to maximize class separability
by minimizing an impurity criterion. Owing to their transparent structure, DTs provide an interpretable
mapping from soil index parameters (F10, F40, F200, LL, and PI) to the predicted AASHTO soil group. In
this study, the DT was implemented as an AI model, with its complexity regulated by hyperparameters. These
settings were tuned via cross-validation to improve generalization and reduce overfitting.

4 Validation

For model validation, hyperparameter optimization was performed for all four AI models to determine
their respective optimal configurations. These Al models were subsequently benchmarked through a
comparative performance evaluation to assess predictive capability and to identify the best-performing
approach. Finally, a feature importance analysis was performed to quantify the contribution of each input
variable in the AASHTO classification system and to identify the parameters that most strongly govern soil
classification results.
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4.1 Hyperparameter Optimization

Hyperparameter optimization was conducted for the four Al-enhanced models (RF, ANN, SVR,
and DT) to determine their respective optimal configurations. The dataset was partitioned into training
and testing subsets, and tuning was performed to improve robustness and reduce selection bias. Fig. 3
summarizes the tuning outcomes and convergence trends, including coefficient of determination (R?) with
key hyperparameters. The optimal RF configuration was obtained at minimum leaf size = 4 and minimum
parent size = 16, achieving R? = 0.99. The ANN exhibited its best performance with 16 hidden layers and
20 neurons (R* = 0.99). For SVR, the optimal setting occurred at kernel scale = 14 (R* = 0.97). The DT
achieved its best performance with minimum leaf size = 20 and minimum parent size = 26 (R? = 0.91). Overall,
results obtained demonstrate that the RF and ANN provided the highest predictive fidelity, indicating that
ensemble- and network-based learners are particularly effective for capturing the nonlinear structure of the
AASHTO classification system.
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Figure 3: Results of the hyperparameter tuning using AI-enhanced models. (a) RF; (b) ANN; (c) SVR; (d) DT.

4.2 Performance of Machine Learning Models

Following hyperparameter optimization, the four AI models were implemented using their respective
optimal configurations and subsequently benchmarked through a comparative evaluation to assess predic-
tive capability and identify the best-performing approach. As summarized in Table 4, RF and ANN exhibit
the strongest overall testing performance, each attaining a R* of 0.99, indicating excellent agreement between
model predictions and the observed soil classifications. RF further demonstrates the lowest prediction errors,
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with a root mean square error (RMSE) of 1.27 x 1072 and a mean absolute error (MAE) of 8.76 x 1073,
reflecting superior predictive precision and stability. The ANN achieves comparable goodness of fit but
with slightly higher errors, with a RMSE of 2.35 x 107 and a MAE of 9.54 x 107>. SVR vyields competitive
performance, but remains inferior to RF and ANN, with a R? of 0.97, a RMSE of 3.98 x 1072, and a MAE of
1.32 x 1072 DT presents the lowest generalization capability, with a R* of 0.91 and the largest testing errors,
including a RMSE of 6.36 x 1072 and a MAE of 3.04 x 10~2. Consistent with these quantitative results, Fig. 4
shows that the regression plots for RF and ANN exhibit closer alignment between predicted and observed
values, whereas larger deviations are apparent for SVR and DT. Overall, the comparative assessment confirms
that RF achieves the highest prediction accuracy among the evaluated models. Accordingly, RF was selected
for subsequent analyses in this study.

Table 4: Comparative evaluation of testing performance among the ML methods.

RF ANN SVR DT
R? 0.99 0.99 0.97 0.91
RMSE 1.27 x 1072 2.35 x 1072 3.98 x 1072 6.36 x 1072
MAE 8.76 x 1073 9.54 x 1073 1.32 x 1072 3.04 x 1072
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Figure 4: Performance of ML models using optimization. (a) RF model with Bayesian optimization. (b) ANN model
with optimization. (¢) SVR model with Bayesian optimization. (d) DT model with optimization.
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Although the predictive accuracies of several models (e.g., SVC, RE, ANN) are close, this comparison
remains meaningful for two main reasons. First, it provides an objective benchmark across different learning
paradigms to identify a suitable model for this study. Second, because these classifiers rely on different
assumptions and training mechanisms, achieving similar performance suggests that the results are not
driven by a specific algorithm or overfitting, but rather reflect consistent patterns in the data. Therefore, the
comparable performance across models strengthens the robustness and generalizability of our conclusions.

4.3 Model Performance across Different Synthetic Dataset Sizes

To examine the effect of data resolution on model reliability, this study systematically investigated model
performance across synthetic datasets of increasing size. By generating databases with progressively finer
parameter sampling, this analysis quantifies how expanding data volume influences predictive accuracy and
error reduction, and it identifies the dataset scale at which performance stabilizes. Table 5 summarizes the
model performance across different synthetic dataset sizes. The results show that the proposed model exhibits
progressively improved performance with increasing synthetic dataset size. When the dataset grows from
3125 t0 16,807 samples, the R? rises from 0.81 to 0.95, while the RMSE decreases from 1.52 x 1072 to 1.35 x 1072
and the MAE decreases from 9.26 x 1073 to 8.92 x 1073. With 32,768 samples, the model reaches near-
saturation performance with a R? of 0.99. Further enlarging the dataset to 248,832 samples yields incremental
gains, reducing the RMSE to 1.06 x 107 and the MAE to 8.21 x 107°, indicating improved stability and
generalization from finer sampling resolution.

Table 5: Model performance across different synthetic dataset sizes.

Number of Data Error Metrics
R? RMSE MAE

3125 0.81 1.52 x 1072 9.26 x 1073

7776 0.86 1.44 x 1072 9.10 x 1073
16,807 0.95 1.35 x 1072 8.92 x 1073
32,768 0.99 1.27 x 1072 8.76 x 1073
59,049 0.99 1.21 x 1072 8.62 x 1073
100,000 0.99 1.16 x 1072 8.54 x 1073
161,051 0.99 1.11 x 1072 8.39 x 1073
248,832 0.99 1.06 x 1072 8.21 x 1073

4.4 Feature Importance Analysis

Feature importance was assessed using the RF model to quantify the relative contribution of each
input to AASHTO soil classification. As presented in Fig. 5, the importance ranking indicates pronounced
differences in parameter sensitivity. Percent passing the No. 200 sieve shows the largest influence, with an
importance score of 9.94, confirming that fines content is the primary control on soil group assignment
in the AASHTO framework. PI is the second most influential factor, with a score of 4.92, indicating that
plasticity characteristics provide substantial additional discrimination among soil groups, particularly when
gradation-based indicators alone are insufficient. In contrast, the effects of percent passing the No. 40 sieve
and percent passing the No. 10 sieve are comparatively smaller, with scores of 2.02 and 1.76, respectively,
suggesting that these coarser gradation measures contribute to classification but play a secondary role. LL
exhibits the lowest importance score of 1.23, implying a more limited incremental contribution under the
current dataset. Overall, the results emphasize that fines content and plasticity dominate the predictive
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structure learned by the model, while the remaining gradation indices and LL exert weaker influence on
classification outcomes.

(o]
1

Feature importance

No.10 No.40 No.200 LL PI

Figure 5: Importance for the factors.

5 Application

To examine the practical applicability of the proposed RF approach, a real-world soil dataset was
assembled for an application-oriented evaluation (Table 3), spanning multiple regions such as Nigeria,
Canada, Indonesia, and Iraq. This section assesses the optimized RF model on real-world samples and
examines accuracy under missing input scenarios. The models were trained primarily on the synthetic
dataset to learn the AASHTO rule-consistent classification behavior. Model reliability was then evaluated
using 47 real soil samples as an independent external validation set to assess generalization to measured
data that include natural variability and measurement noise. Although 47 real samples are relatively limited,
the purpose of using real data in this study is not to build a purely empirical model from field/lab data,
but to verify that the trained models remain consistent with AASHTO classifications when applied to real-
world measurements. The validation results indicate good agreement on the real samples, supporting the
applicability of the proposed approach as a decision-support tool.

5.1 Validation with Real-World Data

This study examined the effects of synthetic dataset size and parameter sampling strategy on prediction
accuracy. Two database construction schemes were considered: statistically distributed parameter sampling
and uniform interval-based parameter sampling. Model performance was further evaluated using 47 field
samples, which were used to assess prediction accuracy against real-world cases. Fig. ¢ illustrates the
prediction accuracy under different parameter intervals. As shown in Fig. 6, it appears that statistically
distributed sampling consistently yields higher accuracy than uniform interval-based sampling. In addition,
it is found that when the synthetic dataset size exceeds 32,768 samples, the prediction accuracy reaches 100%,
suggesting that finer sampling resolution and larger data volume substantially improve model reliability.

5.2 Prediction Uncertainty Using Monte Carlo Simulation

Uncertainty in model predictions was assessed via Monte Carlo simulation. Using the 47 field sam-
ples, the model-derived classifications were evaluated against the corresponding observations, and a 95%
confidence interval was computed for each case. Fig. 7 summarizes the results by displaying the observed
values alongside the predicted mean and its uncertainty bounds; the vertical bars denote the confidence
limits associated with each prediction. The analysis shows that the observed classifications are consistently
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contained within the 95% confidence intervals, indicating that the model predictions are statistically
consistent with field measurements. Moreover, the relatively tight intervals across cases suggest limited
dispersion in the simulated outputs and confirm robust predictive behavior of the proposed approach.

[ statistically distributed parameter sampling
[ Uniform interval-based parameter sampling

100 < 100 % 100 % 100 % 100 % 100 %
94.85 %

o
(=]
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Figure 6: Prediction accuracy under different parameter interval.
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Figure 7: Monte Carlo-based estimation of prediction uncertainty for the test set.

5.3 Impact of Missing Inputs

In practical engineering applications, field or laboratory data may be incomplete, resulting in missing
input parameters during rock mass classification. To evaluate model robustness under such conditions,
this study investigates the predictive performance of the AI-Enhanced models when one soil classification
parameter is unavailable. Missing parameters were substituted using randomly generated values to simulate
the uncertainty typically encountered in real-world datasets.

To assess predictive reliability under incomplete input conditions, the missing variables were imputed
using randomly generated values, and the calibrated model was used to evaluate 47 field cases. Because the
stochastic imputation produces different inputs in each trial, performance was not inferred from a single
run. Instead, prediction accuracy was computed as the average over multiple Monte Carlo realizations, with
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the number of simulations determined by convergence diagnostics. Fig. 8 shows that the estimated accuracy
approaches a steady level when the number of realizations exceeds about 50. In parallel, prediction dispersion
was quantified using the standard deviation across repeated runs. As illustrated in Fig. 9, the standard
deviation decreases with increasing realizations and stabilizes after roughly 50 simulations, indicating
convergence of the output statistics and supporting the reliability of the Monte Carlo averaging procedure.
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Figure 8: Convergence of mean accuracy for 100 model runs.
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Figure 9: Convergence of standard deviation of accuracy for 100 model runs.
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The effects on prediction accuracy, expressed as the percentage averaged over 50 runs, are summarized
in Table 6. When all parameters were included, the model achieved an accuracy of 100%. However,
performance declined when individual parameters were missing. The greatest decline in predictive accuracy
was observed when the percent passing the no. 200 sieve was omitted, resulting in an accuracy of 85.81%
and highlighting the primary influence of soil classification. Accuracy remains relatively higher when PI
is missing at 93.07% and when the percentage passing the no. 40 sieve is missing at 95.57%. The smallest
reductions are observed when the percent passing the no. 10 sieve is omitted, with an accuracy of 97.02%,
and when LL is omitted, with an accuracy of 97.73%. Overall, the results indicate that the model is most
sensitive to the absence of the percent passing the no. 200 sieve and PI, and missing either variable leads to a
pronounced reduction in prediction accuracy. In contrast, the model remains relatively robust when percent
passing the no. 10 sieve, percent passing the no. 40 sieve, or LL is unavailable, suggesting that these inputs
have a smaller influence on classification reliability under incomplete-data conditions.

Table 6: Comparison of testing performance across different ML models.

Case Missing Parameter Accuracy (%)
1 All parameter included 100
2 Percent Passing the No. 10 Sieve (F10) 97
3 Percent Passing the No. 40 Sieve (F40) 95.6
4 Percent Passing the No. 200 Sieve (F200) 85.8
5 Liquid Limit (LL) 97.7
6 Plasticity Index (PI) 93.1

6 Conclusions

This study presents an Al-enabled AASHTO soil classification framework built on machine-learning
techniques. A large synthetic database was generated from engineering consistent parameter ranges for the
key AASHTO inputs, including percent passing the No. 200 sieve, LL, PI, and gradation-related indices,
yielding 349,015 samples for model development. The key findings are summarized as follows:

(1) Four ML models, RE, ANN, SVR, and DT, were developed to construct an Al-based AASHTO soil clas-
sification framework. Each model was systematically tuned via hyperparameter optimization to obtain
its optimal configuration. Results obtained demonstrate that RF and ANN achieve the highest goodness
of fit, each attaining an R? value of 0.99, whereas SVR yields an R? value of 0.97 and DT attains an
R? value of 0.91. These results indicate that ensemble- and network-based models provide substantially
stronger predictive capability than SVR and DT for learning the AASHTO classification system.

(2) Among the ML models, RF and ANN demonstrate the strongest consistency between predicted and
reference classifications, while SVR and DT exhibit comparatively larger discrepancies. Consequently,
RF is adopted as the preferred model for the AASHTO classification system due to its superior
overall accuracy.

(3) Featureimportance analysis indicates that percent passing the No. 200 sieve is the most influential factor,
and under missing input scenarios, predictive accuracy is likewise most sensitive to the absence of this
variable. These consistent findings underscore the critical role of percent passing the No. 200 sieve in
the model’s performance.

(4) Uncertainty quantification via Monte Carlo simulation demonstrates that observed classifications are
consistently encompassed by the 95% confidence intervals, with generally narrow bounds indicating
stable and reliable predictions.
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(5) Specifically, our approach is based on the AASHTO soil classification system, which was developed
primarily for highway subgrade applications; thus, it may not fully capture soil behavior in broader
geotechnical or engineering geology contexts (e.g., soils with similar AASHTO classes can exhibit
substantially different engineering properties under the USCS). In addition, although the proposed
machine learning models can perform classification under missing input scenarios, the accuracy is gen-
erally lower than that achieved with complete input parameters, and misclassification remains possible.
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