
Academic Editor: Annalisa Cappello

Received: 6 May 2025

Revised: 30 May 2025

Accepted: 3 June 2025

Published: 10 June 2025

Citation: Fraser, S.; Soto-Berelov, M.;

Holden, L.; Webb, J.; Jones, S. Mapping

Young Lava Rises (Stony Rises) Across

an Entire Basalt Flow Using Remote

Sensing and Machine Learning.

Remote Sens. 2025, 17, 2004. https://

doi.org/10.3390/rs17122004

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Mapping Young Lava Rises (Stony Rises) Across an Entire Basalt
Flow Using Remote Sensing and Machine Learning
Shaye Fraser 1,*, Mariela Soto-Berelov 1 , Lucas Holden 1, John Webb 2 and Simon Jones 1

1 School of Science, RMIT University, Melbourne, VIC 3000, Australia;
mariela.soto-berelov@rmit.edu.au (M.S.-B.); lucas.holden@rmit.edu.au (L.H.); simon.jones@rmit.edu.au (S.J.)

2 Department of Ecology, Plant and Soil Science, La Trobe University, Melbourne, VIC 3086, Australia;
john.webb@latrobe.edu.au

* Correspondence: s3661928@student.rmit.edu.au

Abstract: Lava rises, locally known as stony rises, are Pliocene–Holocene volcanic land-
forms occurring throughout the Victorian Volcanic Plain (VVP) in Victoria, Australia. Stony
rises are not only important to understanding the geological history of Victoria but are
culturally significant to Aboriginal Australians and have ecological importance. Currently,
the mapping of stony rises is manually performed at a case study level rather than a land-
scape level. Remote sensing technologies such as LiDAR data, satellite imagery, and aerial
imagery allow for the mapping of stony rises from an aerial perspective. This paper aims
to map stony rises using remotely sensed and geophysical data at a landscape level on
a younger lava flow (~42,000 years old) within the Victorian Volcanic Plain (the Warrion
Hill and Red Rock Volcanic Complex) by utilizing an object based random forest machine
learning approach. The results show that stony rises were successfully identified in the
landscape to an accuracy of 78.9%, with 2716 potential new stony rises identified. Out of
34 predictor variables, we found the most important variables to be slope gradient, local ele-
vation, DEM of Difference (change in height), Normalized Difference Water Index (NDWI),
Clay Mineral Ratio, the concentration of radiometric elements (Potassium, Thorium, and
Uranium), Total Magnetic Intensity, and Ecological Vegetation Class (EVC). The results
from this study highlight the ability to detect a volcanic landform at a landscape scale
using an ensemble of predictor variables that include topographic, spectral information
and geophysical data. This lays the foundation towards a uniform approach for mapping
stony rises throughout the VVP and similar landforms (such as tumuli) worldwide.

Keywords: stony rises; lava rises; object based random forest; remote sensing; machine
learning

1. Introduction
The Victorian Volcanic Plain (VVP) in southeastern Australia extends westwards from

metropolitan Melbourne for ~410 km, covering an area of ~19,000 km2, and contains nearly
700 eruption points [1], including many complex volcanic centers, such as the Red Rock
volcanic complex (Figure 1). Many of the basalt lava flows of the VVP have hummocky
surfaces, with prominent elevated areas locally known as stony rises. Stony rises are
equivalent to lava rises and tumuli [2] which can be found on lava flows in Hawaii [3] and
the Snake River Plains in Idaho [4].
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Figure 1. (a) The location of the Victorian Volcanic Plain (VVP) in Australia, (b) the study area and
other volcanoes’ locations in the VVP, (c) the study area (red polygon) in relation to the Warrion Hill
and Red Rock volcanoes.

The basalt volcanoes that created the stony rises erupted between ~8 million years
ago [5] to as recent as ~5000 years ago [6], and the VVP can be classified as an active lava
field, with eruptions likely to occur in the future [7]. Each individual lava flow is typically
1–2 m thick, building up over time to create a thickness of up to 120 m [7]. On lava flows
older than a million years, stony rises have largely weathered away, so the surfaces of
the flows are flat and covered in clay-rich soils [8,9]. Stony rises on lava flows younger
than a million years are more prominent, typically rising 5–8 m above the surrounding
landscape [10]. Stony rises on the Mt Fraser lava flow (~800,00 years old) [5,11], close to
Melbourne on the eastern edge of the VVP, take the form of round or elliptical mounds
(typically a few meters across) or larger flat-top plateaus that can be hundreds of meters
across [8]. Stony rises on some of the youngest lava flows in the VVP such as Mt Eccles
(~36,900 years old) [12], Mt Napier (~48,500 years old), and Red Rock (~42,000 years old)
are very well-preserved [13] (Figure 2). They have had little modification from weathering
and are easily visible on aerial and satellite imagery. They can rise up to 10 m high [14] and
are covered in boulders, native vegetation, and thin red-brown loam soils [8].
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Figure 2. A selection of stony rises from the Warrion Hill and Red Rock lava flows: (a) a large stony
rise with cattle grazing on its slopes; (b) a collection of stony rises covered in large, exposed basalt
boulders with a drystone wall following the ridgelines; (c) a stony rise covered in vegetation.

Stony rises are considered to have high geological, ecological, and cultural value. Geo-
logically, stony rises represent part of the rich volcanic history of the VVP [15]. Ecologically,
the VVP hosts many native flora and fauna species [10,16]. Culturally, Aboriginal artefact
deposits are often found on stony rises and provide evidence of Aboriginal land use of
the volcanic landscape [17]. Stony rises were also used as a resource by European settlers,
who utilized the basalt in the construction of drystone walls and farm buildings [10]. Addi-
tionally, stony rises from the Mt Eccles lava flows (Figure 1) contributed to the Aboriginal
eel traps and aquaculture system found within the UNESCO World Heritage Site of Budj
Bim [10]. Given the significance of stony rises, there are efforts in advocating for their
protection beyond the UNESCO World Heritage Site. However, they need to be mapped
first to do this effectively.

Currently, stony rises in the VPP are mapped on a case-by-case basis by conducting
traditional field surveys [17–22]. These field surveys can have low mapping accuracy due
to vegetation obscuring the ground surface and irregular terrain, making it a potentially
dangerous on-ground activity [18,22]. This has resulted in many stony rises within the
VVP remaining under-mapped or unmapped, such as the ones from the Red Rock and
Warrion Hill lava flows. This may be due to limited resources from local municipalities,
geologists, cultural practitioners, and ecologists, as well as limited accessibility because
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they often occur on private property. With the availability of newer remotely sensed data
with high spatial resolution (~1 m cell spacing) and large coverage over parts of the VVP,
there now exists an opportunity to map stony rises with geophysical data, LiDAR data,
and satellite and aerial imagery at a broader scale. When working with such datasets (with
high spatial resolution) at a landscape level, machine learning has been shown to offer a
suitable environment for landform detection [23].

Fraser et al. [8] used remotely sensed and geophysical data, combining Object Based
Image Analysis (OBIA) [24–30] and Random Forest (RF) [31–35] techniques, to success-
fully map stony rises from the Mt Fraser lava flow in metropolitan Melbourne, Australia.
This approach has been used successfully (>90% accuracy) in vegetation studies [36,37],
agricultural studies [38–41], settlement identification [42], and land use land cover clas-
sification [43] worldwide and has been shown to significantly outperform existing tech-
niques [44,45]. OBIA implements an image segmentation algorithm which creates image
segments (also known as image objects) based on spectral homogeneity [26] and allows for
contextual information such as shape and size to be considered through the classification
process [29]. RF is a classification technique that uses decision trees and is reliant on a
variety of predictor variables, which are used to train machine learning [46,47]. More
information about each technique can be accessed in the References [26,46].

Their success requires the availability of sufficient predictor variables (for RF) and
representative geometric attributes (shape and size for OBIA) for training the machine
learning model. In study areas where significant data exist and the spatial attributes of
the features are well characterized, the machine learning model performs well (as seen in
Fraser et al. [8]). However, in areas where this data is not available, significant challenges
exist. A machine learning model used successfully at one study site may not necessarily
work at another site in a different location or size.

This research applies the technique utilized by Fraser et al. [8] to map stony rises at a
landscape scale across the Warrion Hill and Red Rock Volcanic Complex lava flows (see
Figure 1c) in the vicinity of Colac, Australia. This is the first time that machine learning
using remotely sensing data has been applied to map stony rises in this area and the
first time the approach has been used to map an entire lava flow. This is a significantly
larger study area than the previously mapped Mount Fraser lava flow [8] and contains
numerous younger (~42,000 years old) well preserved stony rises, with different physical
characteristics. The remote sensing data available across this study area is not temporally
coincident with that used in Fraser et al. [8]. The results will provide important information
about the distribution and nature of stony rises in this vicinity as well as offer insights
into the transferability and scalability of machine learning utilizing remote sensing to map
stony rises across different natural landscapes.

2. Study Area
The ~565 km2 study area is located in rural Victoria, Australia, approximately 140 km

southwest of Melbourne CBD (Figure 2). The study area sits within the Corangamite
drainage basin and comprises the stony rise basalt lavas that erupted from the Warrion Hill
and Red Rock Volcanic Complex (with an additional 250 m buffer surrounding the lava
flows). Lake Corangamite marks the western boundary of the lava flows, while a series of
smaller volcanic lakes lie along the eastern boundary.

The climate of the Corangamite Basin has warm and dry summers and cool and wet
winters [16], with an average annual rainfall of approximately 720 mm [48]. The native
vegetation of the study area and its surrounds (Figure 3) comprises 12 vegetation classes
dominated by Stony Rises Woodlands and Plains Grassy Woodlands.
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Figure 3. Ecological Vegetation Classes (EVCs) (mapped 1750) within the study area. The two
prominent EVCs are Stony Rises Woodland as seen dominating the northern part of the study area,
and Plains Grassy Woodland dominating the southern part of the study area.
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The earliest volcanic activity from Warrion Hill and the Red Rock Volcanic Complex
comprised effusive pahoehoe lava flows, probably from Warrion Hill [49]. This eruption
was followed by relatively minor pahoehoe lava flows from an unknown vent at the
Red Rock maar-scoria cone complex, which lies ~5 km southwest of Warrion Hill. Then
extensive magmatic and phreatomagmatic eruptions from numerous vents at Red Rock
covered the lava flows near the vents with thick volcanic ash deposits. Oostingh et al. [13]
dated one of the Warrion Hill/Red Rock cones as approximately 42,000 years old, making
the volcanic activity at this site among the youngest within the VVP.

The ash deposits surrounding the Warrion Hill/Red Rock volcanoes have obscured
the lava flow surface features, including stony rises; as a result the area covered by ash was
excluded from this study (Figure 3). It is notable that the ash deposits have thicker soils
than the lava flows and are extensively cropped, whereas land use on the basalt lavas is
restricted to grazing.

To the north of the volcanoes, two separate lava flows, both probably from Warrion
Hill, are evident: an older flow with well-developed stony rises overlain by a younger flow
with a much smoother surface. The boundary of the younger flow is a cliff-line up to 10 m
high in places but becomes less defined to the west. The lack of stony rises on the younger
flow may be due to a faster lava-supply rate, as shown by observations of flowing lava
on Hawaii [50]. In other parts of the VVP, the lack of stony rises is largely related to the
age of the flows; on lavas older than 1 million years, stony rises have generally weathered
away [8].

3. Materials and Methods
3.1. Data

The data used in this study was obtained from open-source repositories (see Table 1)
and selected as they help describe the spatial characteristics of stony rises as defined in
Fraser et al. [8,51]. LiDAR data collected between 2006 and 2007 [52] was used to derive the
topographic variables (aspect, change in height (DEM of Difference), local elevation, slope
gradient, and surface terrain roughness). Before the topographic variables were derived,
the LiDAR data was filtered for ground points to remove the noise of vegetation, buildings,
powerlines, etc. The LiDAR data had a density of 2 points per meter which is acceptable to
map individual stony rise landforms [8].

Satellite imagery from Sentinel-2 [53] was used to derive spectral information such
as indices and ratios. This study used the Normalized Difference Water Index (NDWI)
developed by [54], the Clay Mineral Ratio, and the Iron Oxide Ratio (see formulas below).

NDWI = (NIR − SWIR)/(NIR + SWIR), (1)

Iron Oxide Ratio = Red/Blue, (2)

Clay Mineral Ratio = SWIR1/SWIR2 (3)

The bands are described as NIR (0.79–0.90 µm near-infrared band), SWIR1 (1.57–1.66 µm
the short-wave infrared band), SWIR2 (2.11–2.28 µm short-wave infrared band), Red
(0.65–0.88 µm), and Blue (0.49–0.52 µm) [55].

As stony rises are generally drier than the surrounding grasslands [21,51], the NDWI
was used to detect the moisture content throughout the landscape. atellite imagery captured
between the months of July and November (inclusive) is ideal for detecting stony rises with
the NDWI in the VVP due to the high contrast in the moisture between stony rises and the
surrounding grasslands [51]. The Clay Mineral Ratio and Iron Oxide Ratio were used to
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derive geological spectral information. Imagery collected on November 1, 2021, was used
as this provided a cloud-free image across the study area.

Aerial imagery (red, green, and blue reflectance) captured as part of the 2018–2019
South West Rural Photography campaign at a spatial resolution of 0.15 m per pixel [56] was
used for contextual information and the image segmentation. The red, green, and blue
reflectance was also used for additional spectral information and as potential predictor
variables for the RF algorithm.

Airborne geophysical data [57] utilized in this study includes airborne radiometrics
(used to derive the concentration of Potassium (K), Thorium (Th), and Uranium (U) met-
rics) and geomagnetics (used to derive the Total Magnetic Intensity (TMI) and the first
vertical derivative). The grid cell resolution of the geophysical data is 50 m across the
state of Victoria (including the study area). While the grid cell resolution is too coarse to
measure individual stony rise landforms, it can help delineate the boundaries of different
geomagnetic features and geological landform units such as lava flows [57].

Non-remotely sensed datasets used in this study included native Ecological Vegetation
Class (EVC) information [58]. EVCs help to provide contextual information of the landscape
as well as being a characteristic of stony rises [51].

Unlike Fraser et al. [8] who had LiDAR data and aerial imagery captured within a
year of each other, the LiDAR and aerial imagery used in this study has been collected
infrequently. However, this study area is located in rural Australia, with the main land
cover type being agriculture and minimal landcover change has occurred in the study area
between the LiDAR capture date (2008) and the aerial imagery (2019).

3.2. Method

The overview of the methodology is shown in Figure 4. Following a similar approach
to Fraser et al. [8], the methodology is broken down into the creation of training data,
preparation of input predictor variables, image segmentation, and training and classification
of stony rises using a Random Forest classifier. The details of each of these steps are briefly
described in the following sections.

3.2.1. Preparation of Training Data

In order for the machine learning algorithm to appropriately learn the stony rise
characteristics, training data that represents the range of shapes and sizes of the landform
of interest is needed [59]. To our knowledge, there has been no mapping of stony rises
across the Warrion Hill and Red Rock lava flows. A bespoke training dataset of stony rises
was created by the authors using field observation, Google Street View, and aerial imagery
draped over a LiDAR-derived hillshade and slope map. The identified stony rises were
manually digitized as polygons in ArcGIS Pro (Version 3.0.3). This manual interpretation
resulted in 890 stony rises being digitized within the study area, comprising of large, small,
simple, and more complex stony rise landforms. To ensure the quality of the training
dataset, an expert geomorphologist was consulted to assure there was a good cross section
of the stony rises present within the study area. The observed minimum stony rise size
is 104 m2 and the maximum observed size is 1,536,032 m2. The stony rises have slopes
ranging from 0◦ (as seen on the flat ridgelines) to as steep as 56◦.
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Table 1. Remotely sensed and geophysical datasets used in this study to derive the input predictor variables for the Random Forest algorithm. Information such as
the spatial resolution, central wavelength of bands, sensor information, date of capture, and data source are detailed.

Spatial Resolution Bands (Central
Wavelength) Sensor Date of Data Capture Date/Source

Aerial imagery 0.15 m per pixel Red, Green, Blue VisionMap A3—Edge 28 January 2019–17 May
2019

2018–19 South West Rural
Photography [56]

Sentinel-2 Satellite
imagery

Bands 2–4, 8: 10 m per
pixel; Bands 5–7, 8A, 11,
12: 20 m per pixel

Band 2 (blue): 0.490 µm
Band 3 (green): 0.560 µm
Band 4 (red): 0.665 µm
Band 5 (Vegetation Red
Edge): 0.705 µm
Band 6 (Vegetation Red
Edge): 0.740 µm
Band 7 (Vegetation Red
Edge): 0.783 µm
Band 8 (Near Infrared):
0.842 µm
Band 8A (Vegetation Red
Edge): 0.865 µm
Band 11 (Shortwave
Infrared): 1.610 µm
Band 12 (Shortwave
Infrared): 2.190 µm

Sentinel-2A 1 November 2021

S2B_MSIL2A_20211101T00
2059_N0301_R116_T54HY
C_20211101T021017.SAFE

[56]

LiDAR 2 points per meter N/A ALTM Gemini, Optech
ALTM Orion

14 January 2008–23 March
2008

2006-07 South-West Region
LiDAR—Corangamite [52]

Airborne radiometric and
aeromagnetic

50 m; 200–400 m across
metropolitan Melbourne,
Victoria

Potassium: counts per
second or %
Thorium: counts per
second or ppm
Uranium: counts per
second or ppm
Total Magnetic Intensity:
nT
First Magnetic
Derivative nT/m

Various
Flight lines 110–10,000 m

Various between 1956 and
2001

Victoria Airborne and
Gravity 2008 [57]
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Figure 4. Workflow of the methodology followed to detect stony rise landforms in the Warrion Hill
and Red Rock lava flow. It consists of (1) the preparation of training data, (2) image segmentation,
and (3) the training and classification of the Random Forest Model.
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3.2.2. Preparation of Input Predictor Variables

Based on the dimensions of the observed stony rises and the spatial resolution of the
various datasets collected (Table 1), it was deemed that all the input predictor variables
should have a spatial resolution of 1 m. This was chosen as the LiDAR data used was
appropriate for mapping at a resolution of 1 m and helped to reduce the data processing
time. Additionally, this would also ensure that smaller stony rises could still be detected.
All the satellite-derived variables (NDWI, Clay Mineral Ratio, and Iron Oxide Ratio),
geophysical-derived variables (concentration of K, Th, U, and TMI and the magnetic first
vertical derivative), and the aerial imagery were resampled using bilinear interpolation to
1 m. Collinearity, using Pearsons’s correlation coefficient, was then performed for the input
predictor variables, to identify variables with potential high correlation.

3.2.3. Image Segmentation

Using the Orfeo Toolbox (OTB), plugin in QGIS, OBIA segmentation was performed.
The OTB was developed by the French Space Agency for the purpose of analyzing remotely
sensed imagery [60]. The segmentation was performed on the 2019 aerial imagery using
a multi-threaded Mean-Shift algorithm (see [61] for more information). The minimum
mapping unit was defined as 100 pixels due to the smallest digitized stony rise having
a size of 104 m2 (or 104 pixels). It is recommended to make the minimum mapping unit
smaller than the smallest known object [62]. A total of 819,085 image objects were produced
by the OBIA segmentation. The segmentation results were visually inspected to ensure that
the digitized stony rises had adequate segmentation.

3.2.4. Training and Classifying Using a Random Forest Classifier

The zonal statistics of mean and standard deviation were calculated for the image
objects. This was performed on all of the raster datasets (LiDAR-derived DEM derivatives,
spectral indices and ratios, and geophysical data). Due to the EVC data being categorical,
the majority class for each image object was computed. Collinearity, using Pearsons’s
correlation coefficient, was performed again for any potential variable bias between the
input predictor variables when running the RF classification.

In this study, a number of thresholds were used to help define and classify the stony
rise landforms. These include the minimum mapping unit (100 pixels), the segment purity
(≥80% of an image object falls within a known stony rise), and a slope gradient of (≥1.5◦).
These thresholds are based on initial assumptions that the geometry of the stony rises in the
study area are less weathered and still resemble their initial structure from ~42,000 years ago
(e.g., 80% purity) and are locally prominent (e.g., a higher elevation than the surrounding
landscape) with clearly defined slopes. The impact of these thresholds and the assumption
they are based on is discussed in more detail later, particularly in comparison to the earlier
study of Fraser et al. [8]. A binary classification of stony rises was also used, with a
class of 1 representing presence and a class of 0 representing absence. This resulted in
40,028 segments (~4.9% of segments) being classified as 1 (stony rise present) and ~95.1%
of segments being classified as 0 (stony rise absence).

Rstudio (and its packages carat [63] and randomForest [64]) was used to create and run
the RF algorithm. Here, 200,000 segments identified as non-stony rises and 20,000 training
image segments identified as stony rises were randomly selected to train the RF. Of the
randomly selected data, 70% of the segments were used to train the RF model, with the
remaining 30% used for validation.

Once the RF model was trained, the algorithm was then applied to the whole dataset.
All 34 potential input predictor variables shown in Table 2 (detailed in [8,51]) were im-
plemented in the RF model on its first iteration. Then, the table of Relative Variable of
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Importance was examined throughout each iteration and was compared to the collinearity
results. Using the Mean Decrease Gini value as an indicator, the variables of least im-
portance were slowly eliminated in subsequent iterations to produce the top performing
variables. Additionally, the RF model was optimized by altering the number of decision
trees and the number of variables randomly selected at each decision split. It became ap-
parent within the first few iterations of the RF classification that more refinement regarding
the selection of input variables, and thresholds such as segment purity and slope gradient,
needed to be experimented with to produce optimal results. This is discussed in greater
detail in the Discussion section.

For this study we use the definition of stony rise detection stated by Fraser et al. [8].
A stony rise was deemed detected if one or more segments within the known stony rise
polygon were detected. Therefore, a newly detected stony rise is defined as one or more
segments clustered together that are not touching or directly adjacent to a known stony
rise polygon.

Table 2. All the predictor variables considered for this study and inputted into the initial Random
Forest classification. The predictor variables in bold and with an asterisk (*) are the input predictor
variables used in the final model run and results. The predictor variables with (ˆ) were used in Fraser
et al. [8] when mapping older stony rises but were not required in this study.

Variable Cohort

Topography Spectral Signature and Indices Airborne Geophysics Vegetation

Aspect Mean
Aspect Std Dev
DEM of Difference Mean *
DEM of Difference Std Dev *
Local Elevation Mean *ˆ
Local Elevation Std Dev ˆ
Slope Mean *ˆ
Slope Std Dev *
Surface Terrain Roughness
Index Mean
Surface Terrain Roughness
Index Std Dev

Normalized Difference Water
Index Mean *ˆ
Normalized Difference Water
Index Std Dev
Iron Oxide Ratio Mean
Iron Oxide Ratio Std Dev
Clay Mineral Ratio Mean *ˆ
Clay Mineral Ratio Std Dev
Red Reflectance Mean
Red Reflectance Std Dev
Green Reflectance Mean
Green Reflectance Std Dev
Blue Reflectance Mean
Blue Reflectance Std Dev

Concentration of Potassium
Mean *
Concentration of Potassium Std
Dev
Concentration of Thorium
Mean *ˆ
Concentration of Thorium Std
Dev
Concentration of Uranium
Mean *ˆ
Concentration of Uranium Std
Dev
Aeromagnetic (Total Magnetic
Intensity) Mean *ˆ
Aeromagnetic (Total Magnetic
Intensity) Std Dev
Aeromagnetic (first vertical
derivative) Mean
Aeromagnetic (first vertical
derivative) Std Dev

Ecological Vegetation
Class (EVC) Majority *

4. Results
In this study, 78.9% of known stony rises were detected, with an additional 2716 po-

tential stony rises being identified (Figure 5). The RF model performance (e.g., the number
of classified OBIA segments rather than whole stony rises) was assessed with the Kappa
Coefficient, Out of Bag (OOB) error, as well as the 95% confidence level, precision and recall
for each class (0 and 1). The Kappa Coefficient was 0.66 and the OOB error was 6.7%. For
both classes, the 95% confidence interval was ±0.97%. The precision for class 0 (non-stony
rise segment) is 0.98, while class 1 (stony-rise segment) has 0.76. The recall for class 0 is
0.99, and 0.60 for class 1. There were 7531 false positive segments detected, and 16,032 false
negative segments detected (Table 3).
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Table 3. A confusion matrix detailing the prediction results of segments from the RF classification,
where 0 is a non-stony rise segment and 1 is a stony rise segment.

Reference

Prediction 0 1

0 771,515 16,032
1 7531 23,966

The false positives of the potential new stony rises were manually inspected against
high resolution aerial imagery, slope maps, and a DEM-derived hillshade. Of the detected
false positives, 90.3% were associated with a potential new stony rise, 7.1% were associated
with an existing stony rise, and the remaining 2.6% were associated with dams and dam
infrastructure, roads and road infrastructure, grasslands, and quarries. No false positives
occurred within the volcanic lakes. The false negatives were mainly found in the center
ridgelines of stony rises and on the edges of stony rises with flatter slopes.

Figure 6 highlights the intricacy of the landscape across the study area and how stony
rises were detected throughout. Figure 6a highlights the standalone and defined stony
rises within the study area. Here, new stony rise sites have been identified (in green)
independently of existing stony rises (in yellow and red). Figure 6b shows a cluster of
newly detected stony rises (in green) in an area that hosts prominent and complex stony
rises adjacent to a series of volcanic lakes, highlighting the success of the RF algorithm in
rugged terrain. Figure 6c shows smaller and flatter stony rises, which are more concentrated
in the southern portions of the study area. Figure 6d highlights standalone stony rises;
however, these are flatter compared to some of their northern counterparts.

Table 4 highlights the variables of importance based on the mean decrease Gini
coefficient, as well as comparing the ranking of the predictor variables used in Fraser
et al. [8]. In this study, 12 variables were useful for mapping the stony rises of Warrion
Hill and Red Rock. These variables are also shown in bold in Table 2. It was found
that topographic variables were the most important as they consisted of 5 out of the
12 Gini variables of importance. The top performing variable was slope mean, whereas
the least performing variable was the vegetation class majority. Some discussion about
the performance of these variables in this study and in comparison, to Fraser et al. [8], are
given in the following section.

Table 4. The variables of importance of the input predictor variables (left) compared to the ranking of
predictor variables used in Fraser et al. [8] (right).

Predictor Variable Predictor Variable of Importance
(by Mean Decrease Gini)

Predictor Variable Ranking from
Fraser et al. [8]

Slope Mean 5011 Local Elevation Mean
Local Elevation Mean 3070 Concentration Thorium Mean

Concentration of Potassium Mean 2345 Aeromagnetic (TMI) Mean
Normalized Difference Water Index (NDWI)

Mean 2183 Concentration of Uranium Mean

Concentration Thorium Mean 1996 Clay Mineral Ratio Mean

DEM of Difference Mean 1918 Normalized Difference Water Index
(NDWI) Mean

Slope Std Dev 1885 Slope Mean
Aeromagnetic (TMI) Mean 1738 Local Elevation Standard Deviation

Concentration of Uranium Mean 1737
Clay Mineral Ratio Mean 1567

DEM of Difference Std Dev 1480
Vegetation Class Mean 364
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Figure 5. Predicted stony rises, where green shows the newly detected stony rise segments, yellow
shows the detected known stony rise segments, and red is the undetected known stony rise segments.
These are overlaid on a true color composite imagery and a DEM-derived hillshade. Additionally, the
edge of the Red Rock lava has been mapped to highlight the changes in the volcanic landscape.
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Figure 6. Subsections of the final output, highlighting the output of the Random Forest algorithm
against the training data and the newly identified stony rise sites, which vary according to (a) clearly
defined stony rises; (b) large and complex clusters of stony rises; (c) small and flatter stony rises in
the landscape; (d) standalone and flat stony rises in the landscape. The stony rises are overlain on a
true color composite imagery and a DEM-derived hillshade.

5. Discussion
This study aimed to map the stony rises across the geological unit of the Warrion Hill

and Red Rock Volcanic Complex lava flows using remote sensing datasets and machine
learning, as well as test the scalability and transferability of the methodology developed
by Fraser et al. [8]. The following section presents and discusses important aspects of
these results.

The methodology of an object-based RF approach was successful in detecting young
stony rises (~42,000 years old) with an ensemble of predictor variables. In total, 78.9% of
previously identified stony rises were detected, with an additional 2716 potential stony rises
being detected. A number of important results are identified. Firstly, the newly detected
stony rise segments are mainly concentrated in the northern parts of the study area, with
a small clustering in the western portion of the study area. Since the terrain of the lava
flows from Warrion Hill and Red Rock varies in topography, this has likely impacted the
detection of stony rises. For instance, many of the false negatives are occurring on the center
and edges of the stony rises. Since some stony rises have flat ridgelines and non-uniform
slopes [10,17,18], there is potential for these flatter parts of the stony rise to be confused as
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flat grasslands by the RF classification. Although new stony rises are being detected in the
southern part of the study area, this is happening at a lower frequency. This is potentially
due to the distribution of the training data and the topography of the stony rise being flatter
and similar to that of the surrounding landscape. This has implications for data collection
prior to the use of the approach presented here and discussed later.

Secondly, the Warrion Hill lava flows north of the volcano actually consist of two
separate flows of different ages, with a younger flow in the south covering an older flow
to the north (Figure 5). The stony rises on the northern flow are larger, taller, and have
steeper slopes, whereas the surface of the southern flow is relatively smooth with few,
if any, stony rises. This is probably related to a faster lava-supply rate for the younger
flow, as previously discussed; it is unrelated to the relative age. One of the Red Rock
cones was dated as 42,000 years old [13]; the northern flow from Red Rock is likely to be
of this age based on the preservation of its stony rises, and the southern flow from Red
Rock is even younger. Cas et al. [7] encouraged the combination of various datasets such
as aerial and satellite imagery, LiDAR, and airborne geophysical data, to develop local
detailed maps of lava flows and help establish a chronology of volcanic events and their
spatial relationships to their volcanic landforms. The present study is a good example of
this approach.

The location of the training data has had an influence on the detection of previously
unknown stony rises. Given that the majority of stony rises in the study area are clustered
in the northern portion of the study area, most of the training data is derived from here
(608 stony rises). This resulted in an imbalance of training data where 282 stony rises
(~15% of the training segments) are located in the southern portion of the study area. A
consequence of this imbalance has resulted in fewer new stony rises being identified in
the southern half. It has been suggested that when performing RF classifications, the
best classification accuracy and certainty results are obtained when the training data
distribution is balanced [65]. However, this may not always be possible when working a
natural phenomenon such as landform distribution. The training data imbalance faced in
this study may be the result of where stony rises are naturally distributed in the landscape,
reflecting where the lava flowed from Warrion Hill and Red Rock.

Initially, the same stony rise threshold used in Fraser et al. [8] was applied to this study,
where the only threshold that needed to be applied was stony rise purity, where ≥45% of an
image object fell within a known stony rise polygon. However, it quickly became apparent
that the stony rise purity threshold needed to be refined and a topography threshold, in the
form of slope, needed to be added to reflect the complexity of the landscape. As a result of
the complex topography of the younger stony rises within the study area, a purity threshold
needed to be applied to the training data (≥80% of a segment falling within a known stony
rise polygon) and a minimum slope of 1.5◦ in this study. These thresholds greatly improved
the quality of the training data while also greatly reducing the number of true false positives,
where only 2.55% of false positives were not associated with an existing stony rise or a
new stony rise site. This highlights the importance of having the correct training data
parameters across differently aged landforms to help minimize the number of true false
positives. The results of this study also highlight how the thresholds implemented affected
the classification of known stony rises. Due to stony rises having flat ridgelines [10,17,18]
and inconsistent slopes, some of the ridgelines and edges of known stony rises, particularly
in the southern portion of the study area, have not been detected due to them not meeting
the minimum slope requirement of 1.5◦. This could help explain the high number of false
negatives (16,062 segments) and why some stony rises missed detection.

As current trends in geomorphological landform detection are only beginning to
incorporate multi-source data [8,27,59,66,67], it is important to ensure that the datasets
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used are at an appropriate scale where the phenomenon can be mapped. In this study, the
largest spatial resolution was 50 m, found in the airborne geophysical datasets. While this
spatial resolution is too low to map individual stony rises, it is high enough where the
generalization of the radiometric elements and geomagnetics can still have an impact on the
detection of stony rises and the lava flow as a whole. Ideally, all datasets used in this study
would be captured at the same time and have a spatial resolution of at least 5 m to detect
smaller stony rises; however we are currently limited to the present technology and open-
sourced data available. Fraser et al. [8] was able to acquire LiDAR data and aerial imagery
that was captured at the same time, which may have aided in a higher stony rise detection
accuracy. As governments capture higher spatial resolution LIDAR and aerial imagery
across the VVP, this will provide more opportunities to study eruption sequencing for
each volcanic complex [7]. Nonetheless, studies that are currently incorporating medium
resolution datasets are achieving detection accuracies above 70% [8,27,66,67].

Another important component of this study was to determine the importance of
predictor variables for mapping stony rises across different study areas using the tech-
nique of Fraser et al. [8]. It was found that the number of predictor variables and their
importance can vary significantly when mapping stony rises of different ages. Specifically,
this study found that extra predictor variables were required and that their ranking of
importance differed.

For example, the 12 predictor variables used in this study included topographic (slope
gradient, local elevation, and DEM of Difference (change in height)), spectral (NDWI and
Clay Mineral Ratio), airborne geophysical (K, Th, U, and TMI), and vegetation information
(EVC). This is contrary to Fraser et al. [8], where only eight predictor variables were used to
map stony rises (slope mean, local elevation mean and standard deviation, concentration
of Th and U mean, Total magnetic intensity mean, NDWI mean, and the Clay mineral
Index mean). The common predictor variables to Fraser et al. [8] include slope mean, local
elevation mean, concentration of Th and U mean, Aeromagnetic (TMI) mean, NDWI mean,
and the Clay Mineral Ratio mean. The top three variables in this study are slope mean, local
elevation mean, and concentration of Potassium mean, whereas Fraser et al. [8] found the
top three to be local elevation mean, concentration of Thorium mean, and Aeromagnetic
(TMI) mean. These differences are believed to be the result of the different ages of the
stony rises.

The younger age of the lava flow in this study area is likely a factor in the ability to
map stony rises using the technique of Fraser et al. [8]. The Mt Fraser stony rises mapped
in Fraser et al. [8] are much older (~800,000 years old) than the younger lava flows from the
Warrion Hill and Red Rock volcanoes. The results from this study suggest that topographic
variables are more important to characterize and map younger stony rises (~42,000 years
old) as five topographic variables were needed to successfully map stony rises compared
to the three used for the Mt Fraser lava flow [8]. Stony rises found on lava flows younger
than 50,000 years old are well preserved and resemble their original size due to the lack
of weathering [8,12,13], whereas stony rises on lava flows that are >500,000 years old are
flatter due to severe weathering and have well developed clay soils [8]. Older stony rises,
as a result, appear to rely more on geophysical and spectral information for successful
detection and mapping [8]. This is reflected in the slope mean predictor variable, where in
Fraser et al. [8], slope mean was the seventh best performing predictor variable, compared
to this study where slope mean was the top performing predictor variable. This is due to
the topographic complexity of the stony rises from the Warrion Hill/Red Rock lava flows,
which are more rugged, consisting of steep slopes and being significantly elevated from the
surrounding grasslands. These important and complex topographic characteristics needed



Remote Sens. 2025, 17, 2004 17 of 21

to be reflected in the predictor variables chosen for the RF classification, resulting in five
topographic predictor variables used for mapping younger stony rises.

In addition, the Potassium (K), Thorium (Th), and Uranium (U) content in the lava
of stony rises appears to be an important factor. Within the geophysical variables used
in this study, K mean was found to be the most important, followed by Th mean and
U mean. Younger basalt lava flows have higher concentrations of K, but as they age, K
decays faster, revealing the concentrations of Th and U [7,68]. If similarly aged stony rises
were to be mapped (e.g., the Mt Eccles and Mt Napier lava flows), the concentration of K
would most likely be a high performing predictor variable compared to other geophysical
variables. Additionally, when mapping older stony rises, such as the ones from the Mt
Fraser lava flow (~800,000 years old), it was found that K had decayed too much for it
to be considered a predictor variable [8]. This suggests that the age of stony rises being
mapped influences the choice of the geophysical predictor variables needed for successful
landform detection.

The importance of vegetation related variables when mapping stony rises of different
ages was also noticed. In this study area, vegetation played a more important role in
mapping the younger stony rises. This was at first surprising, as vegetation was not
used as a predictor variable to map the older stony rises (~800,000 years old) from the
Mt Fraser lava flow [8]. When looking closely at the vegetation class distribution across
the Warrion Hill/Red Rock lava flows, there is a clear divide between the northern and
southern portions of the study area, following the topographical irregularities found in
the landscape. In the north, where the terrain is more rugged, Stony Rise Woodland is the
dominant vegetation class, whereas the southern part of the study area has terrain that
is flatter and undulating, hosting the dominant EVC of Plains Grassy Woodland. It was
noted that when the EVC class majority was not added into the RF classification, the Kappa
coefficient was not as high, meaning the classification output was more unreliable. This
suggests that including contextual information of the landscape such as vegetation class
and its distribution can influence stony rise classification at a landscape scale.

The present study is an example of how a ML methodology can be transferred and
scaled to map a phenomenon that is found across different study sites. It has been suggested
that the scalability of a ML methodology for landform mapping is useful for land planning
purposes as this can provide insights into the evolution of complex physical landscapes [69].
While this study has shown this can be successfully done, the methodology needed to be
adjusted to accommodate the data availability and landform differences across the study
areas. The results of this study have some important implications to data collection if the
machine learning technique of Fraser et al. [8] is to be applied to different study areas.
Perhaps the most significantly different aspect of this study in comparison to Fraser et al. [8]
is the lack of ground-based mapping of stony rises from the Warrion Hill/Red Rock lava
flows. As a result, the training data was created using manual interpretation from slope
maps and hillshaded DEMs after conducting field work to observe the stony rises and the
landscape in person. With the stony rises in the study area being young (~42,000 years
old) [13], the landscape is less weathered and therefore some of the stony rises are complex
and difficult to interpret from the general lava flow. While this may have introduced some
bias when creating the training data, it is recognized that landform mapping can be a sub-
jective process when manual interpretation is involved [70]. Additionally, the repeatability
of ML methodologies combined with remote sensing data such as LiDAR, means landforms
can be detected objectively across different scales, and allows for landscape and landform
recovery when dealing with historical datasets [69,71].
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6. Conclusions
This study contributes to the mapping of stony rises across the Victorian Volcanic Plain

(VVP), which are recognized as important landforms for geological, ecological, and cultural
purposes [7,19,72,73]. Stony rises were detected to an accuracy of 78.9% using an object-
based machine learning approach and a variety of topographic, spectral, geophysical, and
vegetation predictor variables. This approach highlights that the optimal predictor variables
needed are slope gradient, local elevation, and DEM of Difference (change in height),
Normalized Difference Water Index (NDWI), Clay Mineral Ratio, the concentration of
radiometric elements (K, Th, U), Total Magnetic Intensity (TMI), and Ecological Vegetation
Class to map young stony rises (~42,000 years old) from an entire lava flow. Detailed maps
created of such landforms allow for targeted geological, ecological, and cultural studies
and analysis to occur in the form of field surveys. Additionally, this study highlights the
unique nature of stony rises and how it takes a variety of predictor variables to map them
across different ages.

Currently the mapping of stony rises is performed on a case-study scale, and this study
highlights the transferability and scalability of using an ensemble of predictor variables
and machine learning to map a whole geological unit of relatively young stony rises to
an accuracy of 78.9%. This approach helps standardize a methodology towards mapping
stony rises of different ages across the VVP, and could be applied to other young lava flows
such as the Mt Eccles (~36.9 ka) [12] and Mt Napier (~48.5 ka) [13] lava flows, or on similar
volcanic landforms (tumuli and lava rises) found worldwide [2–4].

Overall, this study was able to successfully map stony rises using an established
methodology, highlighting that the predictor variables, thresholds, and training data and
data availability may need to be altered and tailored to the landscape to produce a successful
result when mapping recurring landforms across different study areas.
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