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This study proposes a rapid Pedon-scale screening framework for in-situ soil bearing capacity by
integrating image-based soil morphology and capacitive moisture sensing. Six disturbed soil samples
were collected from KIPP IKN (Nusantara), Mandalika (Central Lombok), Pulau Seram (Central
Maluku), Desa Mayang (Sukoharjo), Penajam Paser Utara, and Ciracas (East Jakarta). Morphological
structure was quantified from smartphone images acquired under controlled back-illumination using
grayscale conversion, adaptive histogram equalization, Otsu thresholding, and morphological opening to
obtain an image-derived porosity index treated as a void-ratio proxy. Moisture content was measured
using a low-cost capacitive probe and mapped to percentage water content. Laboratory references
followed ASTM standards (e.g., ASTM D2216 and D854) to compute gravimetric water content and void
ratio. Agreement between rapid estimators and laboratory values was assessed using RMSE/NRMSE,
normality testing, and Pearson correlation. The capacitive sensor achieved RMSE = 2.4366% (NRMSE
= 7.56%) with r = 0.9956, while the image-based void-ratio proxy achieved RMSE = 0.0255 (NRMSE =
18.89%) with r = 0.8670. A rule-based fusion of porosity—moisture classes aligned fully with geotechnical
bearing-capacity classification across sites. The proposed workflow offers a portable, low-cost alternative
for rapid preliminary subgrade and foundation screening, while acknowledging uncertainty sources
(illumination variability, heterogeneity, and sensor drift) for future field-scale validation.

Povzetek: Studija predstavija hitro in cenovno ugodno metodo za oceno nosilnosti tal z uporabo slikovne
analize in senzorja viage, ki daje rezultate primerljive z laboratorijskimi meritvami, ob dolocenih
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1 Introduction

Soil bearing capacity and subgrade performance are
highly sensitive to moisture state; changes in water
content (and matric suction) can significantly alter CBR
and  stiffnress of compacted soils, affecting
pavement/foundation decisions [1]. The water phase in
soil is dynamic and significantly influences its mechanical
properties, including shear strength, stiffness, and
deformation response, which are essential for the stability
of roads, foundations, and embankments [2]. Climate
variability, such as extreme rainfall, prolonged droughts,
and groundwater fluctuations, induces rapid changes in
near-surface soil moisture, affecting soil features like
crack development, pore connectivity, and surface
roughness. Traditional measurement methods, such as
gravimetric moisture content and point-based sensors,
often fail to capture the heterogeneity of the soil and are
limited in their spatial coverage. The increasing use of
low-cost capacitive soil moisture sensors and loT-based
monitoring systems is promising, but these tools often
overlook the complex interactions between the solid,
liquid, and gas phases in the soil, leading to uncertainties
in assessing the mechanical behavior and associated risks.

This highlights the need for more integrated and
informative approaches, such as using the three-phase soil
model in combination with advanced data-driven
techniques, to improve geotechnical assessments and
enhance infrastructure resilience against fluctuating soil
moisture conditions.

Soil morphology, encompassing pore characteristics,
aggregates, cracks, and visual texture, constitutes a
fundamental component of soil science as it underpins soil
identification, classification, correlation, mapping, and
interpretation across diverse land use contexts [3].
Traditionally, soil morphological characterization is
conducted through direct field observation of soil profiles
(Pedons) using standardized terminology and simple tools,
including assessments of colour (Munsell scale), texture,
structure, consistency, root and pore distribution, and
horizon-specific features. Although these terminological
frameworks have been progressively standardized over
recent decades, soil morphology description remains
largely qualitative and strongly dependent on the
observer’s  expertise, which limits objectivity,
reproducibility, and comparability across sites, observers,
and temporal scales. As a result, conventional
morphological descriptions provide limited quantitative
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representation of soil structural features, such as pore
systems, aggregate geometry, fracture patterns, and
surface texture variability, which are increasingly required
for data-driven land management, geotechnical analysis,
and soil monitoring applications.

Classical soil morphology has long served as a
fundamental basis for soil identification, classification,
correlation, mapping, and interpretation  within
international soil taxonomy systems [4]-[6]. Standardized
morphological descriptors such as colour, texture,
structure, consistency, pores, roots, and horizon
characteristics are widely applied to infer paedogenic
processes influenced by parent material, climate,
topography, organisms, and time [7]-[14]. Technological
developments such as step-frequency ground penetrating
radar and deep learning-based methods have begun to
support soil morphological characterization and image-
based classification [15], [16]. However, despite these
advances, current soil morphology practices remain
largely dominated by qualitative profile descriptions, with
limited systematic quantification of pore, aggregate, and
crack parameters derived from digital image analysis, and
minimal linkage to in-situ sensor-based measurements

Research on capacitive  moisture  sensing
demonstrates that variations in capacitance induced by
changes in dielectric properties are widely exploited to
measure moisture content in soil, air, and various
engineering materials, owing to their high sensitivity, low
cost, and compatibility with modern electronic systems
[17]-[19]. In soil applications, numerous studies have
reported that capacitive sensor responses are strongly
influenced by salinity, soil type, and environmental
conditions, thereby requiring careful calibration strategies
and modelling of the soil-sensor interface to minimize
measurement bias [20], [21]. Beyond geotechnical
contexts, capacitive sensing techniques have been
extensively applied in humidity sensors based on
functional materials such as PEDOT:PSS, graphene oxide,
cellulose, and porous dielectrics, including flexible and
wireless systems for monitoring skin moisture, hydration
status, and ambient environment [22]-[28]. Furthermore,
the use of in-line capacitive sensors in polymer processing
and fringing-field capacitive sensors in packaged food
monitoring highlights the versatility of this technology for
non-invasive moisture detection in industrial applications
[17], [29]. Recent developments in battery-free RFID-
based sensors and low-power wireless platforms have
further expanded the feasibility of long-term and
distributed moisture monitoring systems [30], [31],
Nevertheless, existing studies predominantly emphasize
sensor performance, signal stability, and calibration
accuracy, while the influence of soil structural and
morphological characteristics on capacitive sensor
responses has received comparatively limited attention.
Similar integration efforts are also found in computer
vision-based detection of moisture marks in underground
infrastructures and in upscaling approaches that combine
point-based moisture measurements with satellite
observations. While these studies demonstrate the
potential of combining imagery and moisture-related data
across different application domains and spatial scales,

F. Mandasari et al.

their direct applicability to soil condition characterization
at the Pedon-scale remains limited. Despite these
advances, the quantitative linkage between soil
morphological characteristics derived from images and in-
situ capacitive moisture sensor responses at the Pedon-
scale remains insufficiently explored.

In parallel fields such as autonomous robotics and
nonlinear control, reliable state inference under real-world
uncertainty is often achieved by fusing heterogeneous
measurements with robust/adaptive estimation schemes
[32]-[35]. Motivated by these developments, this study
proposes an integrated workflow that combines image-
based soil morphological analysis with capacitive
moisture sensing to enable rapid soil-condition screening
at the pedon-scale. In contrast to most prior studies that
treat morphology and moisture sensing independently or
operate at micro-scale laboratory imaging and macro-
scale remote sensing, the proposed framework explicitly
links a morphology-derived structural indicator an image-
derived 2D porosity index as a proxy for void ratio with
dielectric-based sensor response in a single, portable, and
reproducible pipeline. The novelty therefore lies in the
integration and Pedon-scale application of established
techniques  for practical, laboratory-benchmarked
geotechnical screening, while recognizing that field
deployment requires explicit attention to uncertainty
sources such as lighting variability, soil heterogeneity, and
sensor drift.

1.1 Research gap

Classical soil morphology studies have established a
strong foundation for soil profile description and
classification, however, they remain largely qualitative
and lack systematic quantification of pore, aggregate,
fracture, and visual texture parameters derived from
image-based analysis. In parallel, research on soil
moisture and capacitive sensing has primarily focused on
sensor development, calibration strategies, and integration
with wireless or remote sensing platforms, often treating
soil as a homogeneous medium without explicit
consideration of structural and morphological variability
at the Pedon-scale. Existing attempts to integrate imagery
and moisture sensing are predominantly applied to
artificial structures or conducted at remote sensing scales,
and do not explicitly link image-derived soil
morphological indices with in-situ capacitive moisture
sensor responses. Consequently, a clear scientific gap
persists in the absence of an integrated framework capable
of quantitatively mapping the relationship between image-
based soil morphology/structure and capacitive moisture
signals for rapid in-situ soil condition identification.

1.2 Research objectives

In line with the identified research gap, this study
aims to develop and validate an integrated framework that
combines image-based soil morphological analysis with
capacitive sensor-based soil moisture measurements at the
Pedon-scale for rapid in-situ soil condition identification.
Specifically, the objectives of this study are to:
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1. derive quantitative soil morphological indices from
soil surface and profile images, encompassing pore
characteristics, aggregate geometry, crack patterns,
and visual texture attributes, using standardized
image processing techniques;

2. evaluate statistical relationships and/or develop
predictive  models  linking  image-derived
morphological indices with capacitive soil
moisture sensor responses under varying soil types
and moisture conditions; and

3. formulate and demonstrate a prototype scheme for
rapid in-situ soil condition classification (e.g.,
moisture classes and/or structural condition
categories) based on the combined use of image
features and sensor signals.

Based on the identified research gap, this study is
premised on the hypothesis that soil morphological and
structural  characteristics manifested through pore
systems, aggregate geometry, crack patterns, and surface
texture features are systematically reflected in the
dielectric responses measured by capacitive soil moisture
sensors at the Pedon-scale. Accordingly, image-based soil
morphological information is expected to provide
quantitative structural context that enhances the
interpretation and calibration of capacitive sensor signals
beyond conventional approaches that treat soil as a
homogeneous medium. It is further anticipated that
integrating image-derived morphological indices with
capacitive moisture measurements will improve the
accuracy of soil moisture estimation and enable more
robust in-situ soil condition classification across varying
soil types and moisture conditions.

These objectives are formulated to address RQ1-
RQ3 by (1.) quantifying morphology-derived structure,
(2.) validating capacitive moisture sensing, and (3.)
demonstrating an integrated rule-based screening scheme
for bearing-capacity classification.

1.3 Research questions

1. To what extent can an image-derived porosity
index (void-ratio proxy) estimated via Otsu-based
segmentation  approximate laboratory  void
ratio/porosity values under controlled imaging
conditions?

2. How accurately can a low-cost capacitive sensor
estimate soil water content across different soil
samples when validated against ASTM-based
gravimetric measurements?

3. Does fusing morphology-derived  structure
(porosity proxy) and capacitive moisture
measurements enable consistent Pedon-scale

bearing-capacity classification comparable to
geotechnical criteria used in practice?
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2 Literature review

2.1 Digital image processing in soil digital
image processing (DIP)

Digital Image Processing (DIP) in soil studies refers
to a computer-based visual analysis approach that utilizes
digital images to characterize soil properties such as
morphology, texture, grain size distribution, particle
shape, and soil type classification. Through a sequence of
image acquisition, transformation, segmentation, feature
extraction, and statistical analysis, DIP enables the
quantitative characterization of soil microstructural
features that are difficult to assess using conventional
visual inspection methods [36], [37]. Based on its
application and methodological focus, DIP in soil analysis
can be categorized into several approaches. First, remote
sensing-based DIP is widely used for large-scale soil
mapping and land surface characterization using satellite
or aerial imagery [38], Second, object-based and close-
range image analysis focuses on soil classification and
morphological characterization using laboratory or field-
scale images, enabling more detailed assessment of soil
structure and particle geometry [39], [40]. Third, the
integration of DIP with machine learning algorithms, such
as supervised classification and pattern recognition
models, has enhanced the robustness and accuracy of soil
interpretation under heterogeneous and uncontrolled field
conditions [41], [42]. These developments demonstrate
that DIP provides a fast, repeatable, and objective
framework for soil characterization, with increasing
relevance in geotechnical, agricultural, and environmental
applications.

2.2 Capacitive moisture sensing

Capacitive moisture sensing is a widely used
technique for estimating moisture content based on
changes in the dielectric constant of a medium induced by
variations in water content. As water has a significantly
higher dielectric constant than air and soil minerals,
changes in capacitance measured by the sensor can be
directly related to moisture content, enabling real-time and
non-destructive monitoring [19], [21]. From a conceptual
perspective, capacitive moisture sensing can be
categorized according to both sensor configuration and
application context. In soil applications, capacitive
sensors are commonly deployed as in-situ point sensors,
requiring calibration to account for influencing factors
such as soil texture, salinity, temperature, and bulk
density, which can affect measurement accuracy [20].
Advances in electronics have further enabled the
development of portable, low-cost, and loT-based
capacitive sensing systems, facilitating continuous soil
moisture monitoring for irrigation management and land-
use planning [30]. Beyond soil environments, capacitive
moisture sensors have been adapted into flexible and
wireless platforms for applications in medicine, industrial
processing, and non-intrusive moisture monitoring in food
packaging systems [24], [29]. These categorizations
highlight the versatility of capacitive sensing technology,
while also emphasizing the importance of contextual
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calibration and interpretation when

heterogeneous soil media.

applied to

2.3 The integration of image morphology

The integration of image-based soil morphology
analysis and moisture sensing represents an emerging
approach for in-situ soil condition assessment, combining
structural information derived from images with
guantitative moisture measurements.  Image-based
analysis enables the extraction of morphological features
such as pore distribution, aggregate structure, crack
patterns, and surface texture, which are closely related to
soil mechanical behavior, permeability, and hydraulic
response [36], [37]. parallel, capacitive moisture sensors
provide continuous estimates of water content,
contributing to the assessment of soil consistency, degree
of saturation, and bearing capacity. Existing studies on
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integration can be categorized based on application
domain and spatial scale. Some approaches employ
computer vision techniques for moisture detection and
damage identification in artificial materials such as
concrete and transportation infrastructure [43], Other
studies adopt multi-scale or data fusion strategies,
combining point-based moisture measurements with
satellite-derived information to improve spatial soil
moisture estimation [44]. While these studies demonstrate
the feasibility of combining image-based analysis with
moisture-related data, they are generally implemented in
non-soil materials or at spatial scales that do not directly
represent soil structure at the Pedon level. As a result, the
methodological integration of quantitative soil
morphological parameters with in-situ moisture sensor
responses remains an active area of investigation within
soil and geotechnical research.

Table 1: Previous research

No Study (Year) Task & Scale Method

Dataset/Scenario

Key Result

(reported metric) Limitation / Gap vs this work

Operates at macro-scale; does not

Velmurugan & Soil resource Remote sensing + Satellite/remote Not explicitly quantify  pedon-scale  morphology
1 Carlos (2009) assessment & mapping GIS + DIP sensing mapping reported in this (pores/void proxy); no linkage with in-
[38] (macro / regional) context manuscript situ moisture sensing or bearing-
capacity screening
Reported high e .
el SOl S e RGB imaing + Unonkol ld acttacy o fcure 05 O SSHon ot oot
(2023) [41] classt |f:at|on( e cen. HHlumination classification ratio/porosity proxy; no geotechnical
images; close-range)  learning/CNN conditions (specific metrics not

Particle/shape analysis Digital image

stated here) bearing-capacity interpretation

Targets particle-scale settling; does not

3 Kim et al. linked to settling processing + Particle images / xogfé %“i%lttlﬁlis address pedon-scale pore structure; no
(2018) [40]  velocity (lab / micro-to- geometry laboratory setting mgnuscri t integration with dielectric/capacitive
meso) features P moisture response
Alsultan et al Long-term soil Battery-less UHF Wireless, battery-  Not explicitly Egt]plri]r?lilzr:;jni]r?;slt?c?r:r?oe:){ﬁ;cl)cr)rg;/?/g?csi
4 " moisture monitorin RFID capacitive free deployment reported in this - :
(2025) [30] (field/1oT context) ’ sensor P scenarii()) g mgnuscript proxy, no lnt_egrate_d pedon-scale soil
structure-moisture inference
(';gtt)elz?ijtgﬁ ?ﬁrk Underground Not explicitly Not applied to soils; no pedon-scale
Dawood et al. Computer vision . A soil  structure interpretation; no
5 (2018) [43] poncrete/subway 4+ ML/DIP infrastructure reported_mthls coupling between pore morphology
infrastructure (non-soil surfaces manuscript d moi
material) and moisture sensor response
Upscaling soil moisture Focus on spatial upscaling; lacks
. - - Multiscale data . Not explicitly pore/morphology imaging; does not
6 Greifeneder et from point to pixel fusion (in-situ + Point measurements reported in this relate  microstructural indicators to
al. (2016) [44] (macro / remote - + satellite pixels . - .
’ sensing) satellite) manuscript sensor response; not aimed at rapid on-
9 site bearing-capacity screening
3 Method methodological framework consists of three main

This study employs an integrated experimental—
computational design to obtain rapid estimates of soil void
ratio and water content and to validate these estimates
against conventional laboratory measurements. The unit
of analysis is disturbed soil specimens taken from the
subsurface layer, for which both physical index properties
and microstructural characteristics are quantified. The

components standard geotechnical laboratory
characterization, image-based porosity extraction, and
capacitive sensor-based soil moisture measurement
whose overall workflow is summarized in Figure 1. This
integrated design is adopted to enable a direct, quantitative
comparison between “ground truth” values obtained from
ASTM-based testing and those derived from digital image
analysis and low-cost sensi.



Quantitative Analysis of Soil Bearing Capacity Using Image-Based...

sample
testing
preparation

Identification

™| Problem %’
soil data

Identification > collection 2D image >

Problem and Aquisition
preparation

moisture
Iaboratory content
testing and soil

porosity

Image

Preprocessing | segmentation

based on
thresholding otsu

real-time
soil

! Results
{erphcieoy Ratlo 1. Laboratory vs Image Analysis

Informatica 50 (2026) 215-228 219

Comparison and Interpretation of

identification of
> soil bearing

for Void Ratio capacity

2. Laboratory vs Sensor Analysis
for Moisture Content

moisture
content

capacitive
> 5“’" >
moisture
sensor

Figure 1: Research method

The research follows a quantitative, laboratory-based
experimental design supported by computational image
processing and basic statistical modelling. A purely
numerical or simulation-based approach was deliberately
avoided because the main objective of the study is to test
whether digital and sensor-based estimators can
approximate reference measurements obtained under
controlled laboratory conditions. By combining physical
testing, imaging, and electronic sensing within a single
framework, the chosen design allows: (i) controlled
manipulation of sample conditions (moisture and
structure), (ii) replication of measurements across
methods, and (iii) evaluation of error metrics between
conventional and rapid-estimation techniques. This design
is therefore appropriate for assessing the feasibility of
rapid in-situ identification tools before field deployment.

Primary data are derived from soil sampling and
laboratory testing, complemented by digital images and
sensor readings acquired on the same materials. Soil
samples were collected from depths of 50-100 cm to
represent subsurface conditions that are less affected by
short-term surface moisture fluctuations. The samples
were sealed in airtight containers and transported to the
Soil Mechanics Laboratory of Gunadarma University.
Laboratory characterization followed relevant ASTM
standards, including oven-drying at 105 °C for 24 hours
for natural water content (ASTM D2216), pycnometer-
based determination of specific gravity of soil solids
(ASTM D854), bulk density and derived index properties
using ring samplers (adapted from ASTM C29), and
mechanical sieve analysis for grain-size distribution
(ASTM D1140). A concise summary of parameters,
methods, and standards is presented in Table 1. Water
content was computed as

w = %X 100%
w. o

N

void ratio as
V, e
€= A "Tlte
and grain-size descriptors as
_ Do _ D}
v D10 ' B D10D60.

These formulations provide the quantitative baseline
against which image and sensor-based estimations are
evaluated.

Data collection for the computational components
consisted of two parallel streams: (1) image acquisition for
porosity/void-ratio proxy estimation and (2) electronic
measurement for soil moisture. For the imaging stream,
approximately 40 g of wet soil was placed in a 10 cm glass
petri dish and illuminated from below using an LED panel
inside a dark enclosure to ensure uniform, glare-free
lighting. A 50 MP smartphone camera, positioned 3-5 cm
above the sample, captured high-resolution 2D images of
the soil surface. The image-processing pipeline
comprised: (i) RGB-to-grayscale conversion, (ii) contrast
enhancement using adaptive histogram equalization, (iii)
segmentation using Otsu’s global thresholding to separate
pore and solid regions, and (iv) morphological opening to
suppress small artifacts and smooth boundaries. Otsu
thresholding was selected because the back-illumination
setup tends to produce a bimodal grayscale distribution
(transmissive pores vs. opague soil matrix), enabling
parameter-free and reproducible segmentation without
manual tuning across samples. The complete workflow is
illustrated in Figure 2.
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Figure 2: Image-processing pipeline

Following  segmentation and morphological
refinement, the resulting binary pore mask was used to
compute an image-derived porosity index. This was also
expressed as an image-based void-ratio proxy (e_img) by
taking the ratio between the total area of connected pore
regions and the total area of solid regions in the segmented
image. This metric is treated as a proxy for relative
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structural openness rather than a direct replacement of the
3D laboratory void ratio.

In parallel, soil water content was measured using a
capacitive soil moisture sensor to obtain rapid, non-
destructive readings. The sensor detects changes in the
bulk dielectric response of the soil, producing raw outputs
ranging from 0 (very wet) to 615 (very dry), which were
converted into moisture content using the calibration
mapping adopted in this study.

Data analysis proceeds in three stages: physical
parameter derivation, integration of porosity and moisture
indicators, and statistical validation. First, laboratory
measurements are used to compute reference values of
water content, void ratio, porosity, and related index
properties as described above. Second, image-derived
porosity indices and sensor-derived moisture contents are
jointly interpreted through a rule-based scheme that maps
combinations of void ratio class (low, medium, high) and
moisture class (low, medium, high) to qualitative
descriptions of bearing capacity commonly used in
geotechnical practice (e.g., “high bearing capacity”,
“reduced capacity”, “very low capacity”’). This step
operationalizes the integrated use of structural and
hydraulic indicators for rapid in-situ soil condition
assessment. Third, the agreement between rapid-
estimation methods and laboratory references is quantified
using Root Mean Squared Error (RMSE) and Normalized
RMSE (NRMSE), with

N
1
RMSE = NZ( ¥ — 9% NRMSE

i=1

RMSE
=———X%x100%.

Ymax — Ymin

Kolmogorov—-Smirnov tests are applied to check
normality —assumptions, and Pearson correlation
coefficients are computed to evaluate the strength of linear
relationships between laboratory-derived and model-
derived values for both water content and porosity.

Pearson correlation was selected to assess linear
association after verifying approximate normality using
the Kolmogorov—Smirnov test (p > 0.05). RMSE and
NRMSE were used as scale-sensitive and normalized error
metrics for agreement assessment. All statistics were
computed under the assumption that paired laboratory—
estimator observations represent the same specimen
condition, with no missing data.

3.1  Uncertainty sources and robustness
measures

Although the proposed framework is primarily
validated through laboratory benchmarking, several
practical uncertainty sources relevant to field deployment
were considered in the experimental design. For image-
based porosity extraction, lighting variability was
minimized by using a dark enclosure, fixed camera-to-
sample distance, and back-illumination to reduce specular
reflections; additionally, grayscale normalization and
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morphological opening were applied to reduce
segmentation sensitivity to small artifacts and non-
uniform intensity. For capacitive sensing, measurement
repeatability was promoted by keeping probe insertion
depth consistent and using the same acquisition protocol
for all specimens, however, the authors acknowledge that
capacitive readings may be affected by soil salinity,
texture, temperature, and long-term sensor drift, which
motivates calibration procedures and periodic re-
referencing in extended deployments. From a systems
perspective, these uncertainty sources resemble
measurement noise, bias, and unmodelled dynamics in
intelligent sensing and nonlinear control applications,
where robust/adaptive estimation is often used to preserve
reliability [42]-[46]. Therefore, while the present study
focuses on establishing feasibility and laboratory
agreement, the framework is designed to be compatible
with future uncertainty-aware fusion (e.g., adaptive
mapping of sensor signals conditioned on morphology-
derived structural indicators) to improve robustness in real
field conditions.

4 Results

This section presents the laboratory and computational
results for six disturbed soil samples collected from KIPP
IKN (Nusantara), Mandalika (Lombok Tengah), Pulau
Seram (Maluku Tengah), Desa Mayang (Sukoharjo),
Penajam Paser Utara (PPU), and Ciracas (East Jakarta).
The analyses include basic index properties (water content
and specific gravity), bulk density and void ratio, image-
based pore characterization, in-situ  moisture
measurements using a capacitive soil moisture sensor, and
statistical evaluation of agreement between laboratory and
computational/sensor-based methods.

4.1 Basic index properties of the soils
4.1.1 Gravimetric water content

Gravimetric water content obtained from laboratory
oven-drying tests varies substantially between locations.
In Table 2, The highest water content is observed for KIPP
IKN (43.42%), followed by Mandalika (40.79%), while
the driest soil is from PPU (20.96%). Intermediate values
occur at Pulau Seram (33.99%), Ciracas (28.76%), and
Mayang (25.45%). These values indicate that IKN and
Mandalika soils can be classified as high-water-content
soils (w > 40%), whereas PPU exhibits relatively low in-
situ moisture under the tested condition.

Table 2: Laboratory water content of soils at six locations

Soil Sampling Water Content,
Location w (%)
KIPP IKN 43.42
Mandalika 40.79
Pulau Seram 33.99
Ciracas 28.76
Mayang 25.45
PPU 20.96
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Specific gravity of soil solids

Specific gravity (Gs) values also differ between sites,
reflecting variations in mineralogical composition. In
Table 3, the highest Gs is recorded for Pulau Seram
(2,820), consistent with the presence of heavier
phyllosilicate minerals, whereas the lowest Gs values are
found at Mandalika (2,383) and PPU (2,450). KIPP IKN
(2,653) and Mayang (2,635) exhibit similar specific
gravities, suggesting comparable feldspar- and mica-
dominated assemblages, while Ciracas shows an
intermediate value of 2,620.

Table 3: Specific gravity (Gs) of soil samples at six
locations

Soil Sampling Specific gravity
Location (Gs)
Pulau Seram 2,820
KIPP IKN 2,653
Mayang 2,635
Ciracas 2,620
PPU 2,450
Mandalika 2,383

Bulk density and laboratory void ratio

Bulk density tests provide water content and void ratio
values under controlled compaction in the laboratory
rings. In Table 4, the void ratios (e) range between 0.10
and 0.21, with the highest e obtained for PPU (0.21) and
the lowest for Ciracas (0.10). KIPP IKN and Mandalika
soils show intermediate void ratios of 0.15 and 0.12,
respectively, while Mayang and Pulau Seram both exhibit
e ~ 0.11-0.12. Overall, all samples fall into the category
of low void ratio (e < 0.5), corresponding to relatively
dense soils in laboratory conditions.

Table 4: Water content and void ratio from bulk density
tests

Soil Sampling | Water Content, | Void Ratio
Location w (%)
KIPP IKN 43.42 0.15
Mandalika 40.79 0.12
Pulau Seram 33.99 0.11
Ciracas 28.76 0.10
Mayang 25.45 0.12
PPU 20.96 0.21

4.2 Image-based pore characterization

Representative images for each soil sample include
RGB images, gray-level conversions, binary images
obtained using Otsu’s thresholding, binary pore masks,
and pore depth/brightness maps generated under back-
lighting.

For Mandalika soil, Figure 3 presents the complete
image-processing pipeline. In Figure 3, the original RGB
image (Figure 3a) and the grayscale image (Figure 3b)
show bright zones corresponding to relatively large and
continuous pores, whereas dark zones represent the soil
skeleton; the binary image (Figure 3c) clearly indicates
that black pixels (solid) dominate over white pixels
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(pores). After morphological opening, the pore mask in
Figure 1d yields a total pore area of approximately 1.53 x
10°¢ pixel?, compared with 1.10 x 107 pixel® for solids,
resulting in an image-based void ratio e = 0.14. The pore-
depth map in Figure 1e highlights only a few red (high-
intensity) regions, indicating that highly transmissive pore
channels are relatively rare.

Depth (Brightness)

Figure 3: Image-processing pipeline for Mandalika soil
(RGB, grayscale, binary, pore mask, and depth map)

For the KIPP IKN soil (Desa Girimukti), Figure 4
shows a similar processing sequence. In Figure 2, the RGB
and grayscale panels (Figure 4a-b) contain fewer and
more discontinuous bright zones than Figure 3, and the
pore mask in Figure 4d displays smaller and more isolated
clusters of white pixels, indicating a more compact
microstructure. The total pore area is 1.39 x 10°¢ pixel?,
slightly lower than in Mandalika, while the solid area is
1.12 x 107 pixel?, resulting in an image-based void ratio e
= 0.12. The depth map in Figure 4e contains fewer red
zones and more green—blue tones, confirming that deep or
strongly connected pores are less developed at KIPP IKN.
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Depth (Brightness)

3000

Figure 4: Image-processing pipeline for KIPP IKN soil

Pulau Seram soil displays a more heterogeneous pore
distribution. In Figure 5, the RGB and binary images show
irregularly distributed bright and pore regions, and the
pore mask reveals a more scattered pattern of white pixels
compared with Figures 3 and 4. The total pore area
corresponds to an image-based void ratio of e = 0.14,
comparable to Mandalika, but the spatial distribution
suggests that pores are less uniformly arranged. The depth
map contains several medium-intensity regions, indicating
moderate but not continuous light transmission.
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Figure 5: Image-processing pipeline for Pulau Seram soil

Mayang soil appears visually denser than Mandalika
and Pulau Seram. In Figure 6, the bright regions are
limited and mostly confined to small spots, and the pore
mask shows that white pore pixels occupy only a small
fraction of the total area. The computed image-based void
ratio is e =~ 0.10. The depth map is dominated by blue and
green tones, with very few yellow or red zones, implying
that most pores are shallow or poorly connected. This
visual pattern supports the interpretation that Mayang soil
has a relatively high bearing capacity due to its dense
structure.
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Figure 6: Image-processing pipeline for Mayang soil
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PPU soil contrasts sharply with Mayang and Ciracas.
In Figure 7, more extensive bright regions are observed in
the RGB and grayscale images, and the pore mask
contains a visibly larger proportion of white pixels,
leading to the highest image-based void ratio among all
locations (e = 0.23). The depth map includes several red
and yellow zones, suggesting deep and well-connected
pore channels that allow strong light transmission. Even
though the laboratory void ratio remains low (e = 0.21),
the figure clearly demonstrates a more open pore
connectivity in PPU soil compared with the other samples.

Depth (Brightness)

100)

50

Figure 7: Image-processing pipeline for PPU soil

Ciracas soil is the densest among the investigated
locations. In Figure 8, bright regions are minimal and the
specimen appears mostly dark in both RGB and grayscale
forms, indicating a very limited pore network; the pore
mask shows the smallest amount of white pixels,
corresponding to an image-based void ratio of e = 0.07.
The depth map is dominated by dark blue shades with
almost no red or yellow zones, confirming that there are
very few pores capable of transmitting light over
significant depths. This evidence supports the
classification of Ciracas soil as having a very dense
microstructure and potentially high bearing capacity.
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250)

Depth (Brightness)

Figure 8: Image-processing pipeline for Ciracas soil

Taken together, Figures 3-8 show that all soils fall in
the low-void-ratio regime (e < 0.5), but with distinct
differences in pore distribution and connectivity:
Mandalika and Pulau Seram present moderate void ratios
with heterogeneous pores, PPU has the largest and most
connected pores, while Mayang and especially Ciracas
show very limited pore networks consistent with dense
packing.

4.3 In-situ water content from capacitive soil

moisture sensor

Field water content was measured using a capacitive
soil moisture sensor connected to an Arduino platform. In
Table 5, the sensor-based water contents range from 20%
to 47%, with the highest value at KIPP IKN (47%) and the
second highest at Mandalika (44%), while the lowest
value is recorded at PPU (20%). Intermediate values of
36%, 30%, and 23% are obtained for Pulau Seram,
Ciracas, and Mayang, respectively. These sensor-based
values are systematically higher but broadly consistent
with gravimetric laboratory water contents, reflecting the
fact that the sensor captures field moisture conditions,
whereas the laboratory values are derived from controlled
gravimetric measurements on disturbed samples.
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Table 5: In-situ water content measured by capacitive soil
moisture sensor.

Soil Sampling Water Content,
Location w (%)
KIPP IKN 47.00
Mandalika 44.00
Pulau Seram 36.00
Ciracas 30.00
Mayang 23.00
PPU 20.00

4.4 Comparison between laboratory and

sensor-based water content

A direct comparison between gravimetric laboratory
water contents and capacitive-sensor readings is
summarized in Table 6 and graphically illustrated in
Figure 9. Across all sampling locations, the relative
ranking of water content is preserved by both methods:
KIPP IKN and Mandalika remain the wettest sites,
whereas PPU is consistently the driest. The absolute
differences between laboratory and sensor values range
from 0.96% (PPU) to 3.58% (KIPP IKN), which are small
compared with the total water content. This consistency
indicates that the capacitive soil moisture sensor provides
a reasonably accurate proxy for laboratory-determined
water content across the tested soil types.

Table 6: Absolute differences between laboratory and
capacitive-sensor water contents.

Water Content, w (%0) Absolute
. Difference
Soil Capacitive
Sampl_ing Soil
Location | Laboratory Moisture
Sensor
KIPP IKN | 43.42 47.00 3.58
Mandalika | 40.79 44.00 3.21
Pulau 2.01
Seram 33.99 36.00
Ciracas 28.76 30.00 1.24
Mayang 25.45 23.00 2.45
PPU 20.96 20.00 0.96
Water Content by Methed and Location
° i e Mane.a\\m . e e e and oo

Figure 9: Water content obtained from laboratory and
capacitive soil moisture sensor at each sampling location.
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4.5 Comparison between laboratory and

image-based void ratio

Void ratios obtained from bulk-density tests
(laboratory e) and from image-morphology analysis
(image e) are summarized in Table 7 and plotted in Figure
10. For all sampling locations, both methods yield low
void ratios (e < 0.5), with the largest values occurring at
PPU (ewp = 0.21, eimg = 0.23) and the smallest at Ciracas
(ewp = 0.10, eimg = 0.07). Across sites, the differences
between laboratory and image-based values are small,
typically on the order of 0.02-0.03. These results indicate
that image-based morphology analysis can reproduce
laboratory-derived void ratios with only minor deviations,
even though the two approaches rely on different physical
principles.

Table 7: Absolute differences between laboratory and
image-based void ratios.

. Void Ratio (e) Absolute
Soil .
sampling Difference
L ocation Laboratory Image
Morphology
KIPP IKN 0.15 0.12 0.03
Mandalika 0.12 0.14 0.02
Pulau Seram | 0.11 0.14 0.03
Ciracas 0.10 0.07 0.03
Mayang 0.12 0.10 0.02
PPU 0.21 0.23 0.02
Void Ratio by Method and Location
" ww e N wai?™® w

Figure 10: Void ratio obtained from laboratory testing and
image-morphology analysis at each sampling location.

4.6 Error metrics and statistical validation
The  agreement  between  laboratory  and
computational/sensor-based measurements was further
quantified using Root Mean Squared Error (RMSE) and
Normalized RMSE (NRMSE), as summarized in Table 8.
In Table 9, the RMSE between laboratory and capacitive
sensor water contents is 2.436%, with NRMSE = 7.56%,
whereas the RMSE between laboratory and image-based
void ratios is 0.0255, with NRMSE = 18.89%. These
relatively small error values indicate good predictive
capability of both the capacitive sensor for water content
and the image morphology approach for void ratio.
Normality of the datasets was evaluated using the
Kolmogorov—Smirnov test, and linear association was
assessed with Pearson correlation; the results can be
reported in an additional summary table if required. In the
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normality analysis, the void ratio data yield h=0and p =
0.6223, while the water content data yield h=0and p =
0.9837, indicating that both sets are normally distributed
(p > 0.05). The Pearson correlation coefficients show very
strong linear relationships, with r = 0.8670 for laboratory
versus image-based void ratios and r = 0.9956 for
laboratory versus sensor-based water contents. These
statistics confirm that the proposed computational and
sensor-based methods capture the same trends as the
laboratory tests with high fidelity.

Table 8: RMSE and NRMSE for water content and void
ratio

Laboratory Test Labo.rato ry Test
. . with Otsu
Accuracy with Capacitive .
. . Thresholding
Model Soil Moisture
Based Image
Sensor -
Segmentation
RMSE 2.436 0.0255
NRMSE 7.56 % 18.89%

5 Discussion

5.1 Interpretation of agreement with
laboratory references
The results indicate that the proposed rapid

estimators preserve the same ranking and trends produced
by standard laboratory measurements across the six sites.
The capacitive sensor exhibited a low NRMSE (7.56%)
and near-perfect linear association (r = 0.9956) with
gravimetric water content, while image-derived
porosity/void ratio proxy achieved a small absolute
deviation (typically 0.02-0.03) and a strong correlation (r
= 0.8670). This suggests that morphology-derived pore
indicators provide meaningful structural information that
complements direct moisture sensing, enabling a
consistent soil condition interpretation when mapped to
geotechnical bearing-capacity criteria.

Compared with prior soil-image studies that primarily
target texture/type classification or particle-shape
characterization, the present work focuses on a
geotechnical indicator pathway by translating image
morphology into a porosity index used as a void-ratio
proxy, and then fusing it with in-situ dielectric sensing to
support bearing-capacity screening at the pedon-scale.
Unlike sensor-centric studies that report calibration
performance without structural context, the proposed
framework explicitly incorporates morphology-derived
structure to interpret moisture response and to enable rule-
based capacity classification. The observed agreement
with ASTM-referenced laboratory measurements (RMSE
and strong correlations for both moisture and void-ratio
proxy) indicates that the integration provides not only
descriptive imaging or point moisture readings, but a
practical decision-support layer for rapid screening.

5.2 Practical implications for rapid
geotechnical screening
From an applied standpoint, the integrated
morphology—moisture ~ framework  supports  rapid

decision-making scenarios such as preliminary subgrade
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assessment, construction screening, and early-stage
foundation feasibility checks. The method is portable and
computationally lightweight (smartphone imaging + low-
cost capacitive probe), which makes it suitable for
repeated measurements over short time windows to
capture moisture-driven changes. This role is conceptually
analogous to real-time monitoring and decision support in
autonomous systems, where multiple data streams are
fused to infer states needed for safe operation [33], [45].

5.3 Robustness
variability,
drift
Despite the strong laboratory agreement, real-world

field conditions introduce uncertainty that is not explicitly
modelled in the current formulation. First, illumination
changes can affect threshold-based segmentation;
although the enclosure and back-lighting reduce this
sensitivity, uncontrolled sunlight, shadows, and surface
wetness may still perturb grayscale distributions and
binary pore masks. Second, soil heterogeneity at the
pedon-scale (variable aggregation, mixed grain sizes,
localized salinity) can cause the image-derived porosity
proxy to differ from bulk void ratio and can also alter
dielectric properties measured by capacitive sensors.
Third, capacitive probes may exhibit drift and bias due to
aging, temperature dependence, and soil-sensor interface
effects, potentially degrading accuracy over time. In
intelligent control and estimation, analogous issues are
treated as disturbances, modelling uncertainty, and
measurement noise, and robustness is improved through
adaptive/robust schemes such as practical finite-time
fuzzy sliding-mode designs that suppress chattering-like
effects and maintain stability under uncertainty [46], as
well as robust adaptive output-feedback controllers that
compensate for unknown nonlinearities and time-varying
dynamics using learning-based approximation and
Lyapunov-type arguments [34]. By comparison, the
current geotechnical framework uses deterministic feature
extraction and direct calibration, which is adequate for
feasibility demonstration but can be strengthened by
incorporating explicit uncertainty handling for field
deployment.

considerations:  lighting
heterogeneity, and sensor

5.4 Limitations and future work

The present validation covers six disturbed samples
and a limited range of moisture states, which constrains
generalization across broader soil classes (e.g., expansive
clays, highly organic soils, cemented lateritic soils) and
environmental conditions. To increase scientific impact
and practical relevance, future work should (i) expand the
dataset across more soil types, gradations,
salinity/temperature regimes, and controlled wetting—
drying cycles, and (ii) evaluate repeatability under field-
like illumination and probe insertion variability. In
addition, the framework can be extended from rule-based
mapping to uncertainty-aware fusion, for example by
learning a moisture estimator conditioned on morphology-
derived indices (porosity, crack density, aggregate
metrics) and applying adaptive updating to mitigate drift.
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Such an extension aligns with multi-source inference
paradigms commonly used in robotics and nonlinear
optimal control applications, where stability-preserving
structures (e.g., successive-loop/flatness-based designs
and nonlinear optimal control formulations) provide a
pathway to robust operation under real-world
perturbations [32], [33]. Ultimately, positioning the
method as part of a smart/automated geotechnical
assessment pipeline (image + probe + embedded
analytics) could enable scalable, data-driven field
screening that complements conventional laboratory
testing.

Future validation will target a broader soil taxonomy
(coarse-grained, fine-grained/high-plasticity, organic-
rich, and lateritic soils) and multiple controlled moisture
states per soil via wetting—drying cycles to quantify
repeatability and generalization.

6 Conclusion

This study demonstrates that integrating 2D image-
based morphological analysis with capacitive moisture
sensing can provide fast and reasonably accurate estimates
of soil condition indicators relevant to rapid field
screening. The image-processing pipeline based on Otsu
thresholding and morphological operations produced an
image-derived porosity/void ratio proxy that was
consistent with laboratory-based void ratio trends, while
the capacitive sensor yielded moisture estimates with a
low error relative to gravimetric measurements.
Quantitative validation using RMSE and NRMSE
confirmed a strong level of conformity between the
proposed rapid estimators and conventional laboratory
references. The main contribution of this work is an IT-
based soil characterization framework that links
morphology-related descriptors (e.g., pores and texture
patterns) with real-time moisture response at the pedon-
scale, supporting practical applications such as rapid
geotechnical surveys, preliminary subgrade screening,
construction monitoring, and land management.

Despite the promising agreement, the approach
remains sensitive to real-world uncertainties. Image-based
morphology may be affected by illumination changes and
surface glare, while capacitive sensing may require
additional calibration across soil types due to soil-sensor
interface effects and potential drift. In addition, field
deployment may introduce further uncertainty sources,
including spatial heterogeneity at the pedon-scale,
moisture-state dynamics, and long-term sensor drift that
are not explicitly modelled in the present deterministic
formulation. Future work will therefore expand validation
to broader soil classes and controlled moisture trajectories
(wetting—drying cycles), increase sampling density per
site, and investigate uncertainty-aware, adaptive fusion
strategies inspired by robust/adaptive estimation methods
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in nonlinear control to improve reliability under field
conditions [32]-[34], [45], [46].
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