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INTRODUCTION

Mountain ecosystems are unique due to 
their distinct physiography features. Delin-
eating mountain ecosystems based on homo-
geneous landscapes and their spatial arrange-
ment is a critical approach in understanding 
and managing these complex environments. 
This method involves identifying areas with 
similar ecological and geomorphological char-
acteristics, considering factors like elevation, 
slope, aspect, and river patterns, and how they 

spatially relate to each other across the land-
scape (Grêt-Regamey and Weibel, 2020; Mac-
Millan et al., 2004). Homogeneous landscapes 
in mountain ecosystems refer to areas where 
environmental conditions, such as climate, soil, 
and topography, are consistent and distinct from 
surrounding regions (Birkeland, 2014; Körner, 
2021; West, 2001). These homogeneous areas 
often support specific plant and animal com-
munities adapted to the local conditions. De-
lineation based on these landscapes helps in 
identifying ecological units that are essential 

Delineating a detailed mountain ecosystem using spatial statistics: 
A case study in Kodil Watershed, Menoreh-Sumbing Mountain, 
Central Java, Indonesia 

Rina Purwaningsih1 , Junun Sartohadi2* , Guruh Samodra3 , Cristopher Gomez4

1	 Department of Environmental Science, The Graduate School, Universitas Gadjah Mada, Yogyakarta, 55281, 
Indonesia 

2	 Department of Soil Science, Faculty of Agriculture, Universitas Gadjah Mada, Yogyakarta, 55281, Indonesia
3	 Department of Environmental Geography, Faculty of Geography, Universitas Gadjah Mada, Yogyakarta, 

55281, Indonesia
4	 Faculty of Maritime Science, Kobe University, Japan
* Corresponding author’s e-mail: junun@ugm.ac.id 

ABSTRACT
Mapping mountain ecosystems is needed for local planning. Ecosystem boundaries are influenced by interrelated 
physical and environmental factors rather than singular physical features. Tropical mountain landscapes exhibit 
diverse surface patterns, impacting their terrestrial ecological systems. Using river network data and digital terrain 
models (DTMs), we delineated ecosystem groups based on seven surface parameters: river order, channel sinuos-
ity, elevation, slope, aspect, roughness index, and curvature. A multivariate clustering method identified ecosystem 
groups with similar attributes, further clarified using geological and land cover maps to account for surface and 
subsurface material variations and their processes. Our analysis identified five distinct ecosystem units: the young 
Sumbing volcanic peak, old Sumbing volcanic peak, old Sumbing volcanic slope, transitional volcanic, and old 
Menoreh volcanic ecosystems. The parameters that have a strong influence in limiting these units are elevation, 
slope, curvature, and roughness. Despite being part of the same mountain range, these ecosystems exhibit mark-
edly different physical land characteristics. The surface-boundary-based delineation method provides a practical 
approach to defining mountain ecosystems, aligning spatial planning with land capacity and ecosystem service 
provisioning. By incorporating insights from river flow patterns and DTMs, this method captures the complexity 
of land surfaces shaped by past volcanic-tectonic activity and ongoing erosion-deposition processes. The resulting 
spatial boundaries reflect both current natural capital and dynamic limiting factors, demonstrating its potential for 
effective and detailed landscape management in complex mountainous regions.  

Keywords: mountain ecosystem, terrestrial ecological systems, land surface parameters, spatial statistic, local planning.

Received: 2024.12.21
Accepted: 2025.01.21
Published: 2025.02.01

Ecological Engineering & Environmental Technology, 2025, 26(3), 286–300
https://doi.org/10.12912/27197050/200285
ISSN 2719–7050, License CC-BY 4.0

ECOLOGICAL ENGINEERING 
& ENVIRONMENTAL TECHNOLOGY

https://orcid.org/0000-0003-1639-4967
https://orcid.org/0000-0002-0059-8335
https://orcid.org/0000-0002-4094-8846
https://orcid.org/0000-0002-1738-2434


287

Ecological Engineering & Environmental Technology 2025, 26(3), 286–300

for conservation and management (Cullingham 
et al., 2019; Weiss and Walsh, 2009).

The spatial arrangement of these homoge-
neous landscapes is crucial for understanding 
ecosystem connectivity, ecological processes, and 
biodiversity patterns (Chen, 2002). Mountain eco-
systems are often characterized by sharp gradients 
and complex topographies, which create a mosaic 
of microhabitats. Analysing the spatial arrange-
ment of these homogeneous landscapes allows for 
the identification of ecological corridors, barriers, 
and zones of ecological transition, which are vi-
tal for species movement and ecosystem resilience 
(Fouedjio and Arya, 2024; Zhou and Song, 2021).

Ways to identify mountain ecosystems, espe-
cially ecosystem services based on spatial data, are 
widely used through remote sensing and GIS (Ger-
mino et al., 2001; Grêt-Regamey et al., 2008; Li et 
al., 2006). Land surface morphology is an easily 
recognized and measurable parameter (Minár and 
Evans, 2008; Tarolli, 2014). Spatial data, especially 
terrain data that can be processed into land surface 
data, is now widely available and easily accessible. 
In Indonesia, official national topographic data of 
fairly good quality is available, and the derived 
data can be used to analyze land surface character-
istics (Apriadsa et al., 2019; Lauder et al., 2023). 
This study specifically discusses how national data 
can be simply and easily used to identify mountain 
ecosystem boundaries.

Digital terrain models (DTM) and river net-
works as two key surface parameters character-
ized by distinct attributes that can be categorized 
to recognize mountain ecosystem. DTMs provide 
detailed and accurate terrain information essen-
tial for precise boundary delineation (Skouliki-
dis, 2021). These models help in capturing the 
intricate topography of mountainous regions. The 
spatial arrangement of river networks across the 
landscape may play a role in the delivery of riv-
erine ecosystem services, highlighting the need to 
consider river network geometry in the delinea-
tion of ecosystem boundaries (Karki et al., 2023) 
.The similarity of these surface parameters is sta-
tistically analyzed, informed by a comprehensive 
understanding of the study area and available 
data (Weiss and Walsh, 2009). Terrain and river 
datasets with a resolution of 12.5 m offer valuable 
spatial information for modelling mountain eco-
system units (Aspinall and Pearson, 2000; Grêt-
Regamey et al., 2012).

Apart from being characterized by its physi-
ography, the mountain ecosystem is a unique land 

ecosystem that has different biodiversity character-
istics and socio-economic characteristics. (Tefera 
et al., 2024). The impact of sub-surface material 
information and land cover on the existing surface 
dynamics of a mountain ecosystem is influenced by 
various factors such as climate change and anthropo-
genic activities. Geological structures, such as fault 
zones and weathered zones, significantly impact the 
hydrological dynamics of mountain ecosystems. 
Identifying these structures helps in understanding 
the baseflow and catchment management (Marti et 
al., 2023). The structural manifestation of mountain 
geodynamics, including relief production and land-
scape evolution, is essential for understanding sur-
face processes like erosion, deposition, and tectonic 
activities (Bishop and Dobreva, 2017). Altitudinal 
gradients and land use types significantly influence 
species assemblages and functional diversity, shap-
ing ecological patterns across mountain landscapes 
(García-Navas et al., 2020). 

Mountain ecosystems are highly sensitive and 
vulnerable to change due to various human pres-
sures and natural processes (Patru-Stupariu et al., 
2020). Land use land cover (LULC) patterns cat-
egorize different types of land cover such as for-
est, grassland, shrubland, agricultural land, and 
built-up areas (Patley et al., 2024). Quantitative 
approaches to ecosystem service assessment rely 
on suitable indicators, and land use land cover 
can be used as an appropriate proxy. Monitor-
ing these changes requires integrating land cover 
data with digital terrain models (DTMs), which 
allows for a detailed assessment of mountain eco-
systems. This integration not only facilitates the 
tracking of ecological processes but also helps 
quantify the impact of environmental changes 
on land cover dynamics (Patley et al., 2024). 
Furthermore, analyzing the relationship between 
sub-surface material and land cover, significantly 
influences the dynamics of mountain ecosystems 
by impacting biodiversity, ecological processes, 
and ecosystem services.

MATERIAL AND METHOD

Area of study

The research was conducted on a section of 
volcanic slope within 113,6 kilometers square 
of the boundaries of the Kodil Watershed, lo-
cated between coordinates -7.6251, 110.0748 and 
-7.5652, 110.0880. Geological mapping based 
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on information from sheets 1407-5, 1408-2, and 
1409-2 indicates that the study area encompasses 
several geological formations, including Sumb-
ing Young Volcanic Deposit (Qsm), Sumbing Old 
Volcanic Deposit (Qsmo), Bemmelen Formation 
(Tmok), and Sentolo Formation (Tmps). Despite 
small, the study area was selected to examine the 
diversity of ecosystem units shaped by the geolo-
gy of the Southern Zone of Java Island (Figure 1). 

The physiographic conditions of Java Is-
land are generally divided into three landscape 
zones: the northern zone, the central zone, 
and the southern zone (Pannekoek, 1949). The 
Southern Zone is specifically dominated by old 
volcanic rocks, forming hilly and mountainous 
reliefs. During the Miocene, volcanic breccia in 
this zone was overlain by limestone deposits and 
shallow marine facies. These limestone depos-
its create a distinct relief that differs from the 
areas dominated by old volcanic rocks (Bely-
anin, 2021; Clements et al., 2009; Saputra et al., 
2018). The Southern Zone of Java, characterized 
by uplifted southern mountains, Cenozoic volca-
nic arc rocks, and karst landscapes like the Gu-
nung Sewu area, features a southward-sloping 
block mountain range with plateaus; this region, 
shaped by significant tectonic activity including 
thrusting and faulting that displaced volcanic 
arc rocks northward, transitions into the Central 
Zone with weakly folded old volcanic rocks, 
while its karst areas face water supply chal-
lenges due to their unique geological conditions 
(Oberle et al., 2016; Van Bemmelen, 1949).

The variety of subsurface conditions in the 
southern zone of Java Island needs to be easily 
identified through its surface characteristics. This 
study examines how these geological settings 
influence surface parameters and shape the eco-
systems within the region (Antonelli et al., 2018). 

The findings aim to offer a more comprehensive 
understanding of mountain ecosystem units with-
in this volcanic landscape.

Data source and processing

DTM derivation

The primary data source for this study is the 
Indonesia Topographic Map at a 1:25,000 scale, 
which provides detailed topographic information, 
including contour lines with a 12.5-meter contour 
interval (CI). A DTM is generated from these 
contours through interpolation, offering a contin-
uous elevation surface representation of the study 
area. This DTM serves as the foundational dataset 
for subsequent terrain and hydrological analyses 
(Šamanović et al., 2016). From the DTM, several 
critical terrain attributes are derived, including 
aspect, topographic position index (curvature), 
elevation, roughness, and slope.

Several key terrain attributes are derived from 
the DTM to assess various land characteristics. 
These attributes include aspect, which indicates 
the compass direction a slope faces and influences 
microclimate conditions and vegetation patterns 
(Salvacion, 2016). The Topographic Position In-
dex (curvature) identifies the landscape position 
(e.g., ridge, valley, slope) for each point in the 
area, providing insights into landform processes 
(Giano et al., 2020). Elevation data supplies height 
information above sea level, essential for model-
ling elevation-dependent phenomena. Roughness 
quantifies terrain variability, indicating landscape 
ruggedness, which can affect land stability (Sathy-
amoorthy, 2009). Slope data, representing terrain 
incline, is vital for evaluating erosion potential and 
runoff behavior, impacting both ecological and hy-
drological systems (Zhang et al., 2018). 

Figure 1. Map of the physiographic zones of Java Island where the study site is situated along the southern zone of Java
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River channel analysis

River channels are extracted from the topo-
graphic map using the DTM, identifying flow 
paths and delineating the river networks. The riv-
er network hierarchy is established using river or-
der classification based on the Strahler stream or-
der system (Mileyko et al., 2012; Prskalo, 2010). 
Channel Sinuosity measures the degree to which 
a river meanders across the landscape, calculated 
as the ratio of the river’s channel length to the 
straight-line distance between two points along 
the river (Lane et al., 2017).

Land use land cover identification

The land cover of the study area was iden-
tified using a freely accessible data source, 
Planet-NICFI Imagery 2024 with 4.77 meters 
spatial resolution. The interpretation of land 
cover was performed using supervised classifi-
cation in ArcGIS Pro, employing the Maximum 
Likelihood classifier. This classification pro-
cess resulted in nine main land cover classes: 
forest, dryland agriculture, horticultural fields, 
bare land, mixed gardens, paddy fields, houses, 
water bodies, and roads.

Grouping land surface parameters based on 
attribute similarity

To effectively apply the methodology for 
grouping land surface parameters based on at-
tribute similarity, it is essential to classify the 
data into distinct classes, as illustrated in the 
provided table (Table 1). The classification in-
volves organizing terrain and hydrological at-
tributes into specific ranges or categories that 

reflect their spatial distribution and variability 
across the landscape. For river order, channel 
sinuosity, elevation, slope, aspect, roughness in-
dex, and topographic position index (curvature), 
each parameter is divided into several classes. 
River order is categorized from 1st to 4th order, 
with corresponding ranges of channel sinuosity 
(CS), which indicates the degree of river mean-
dering. Elevation is classified into multiple in-
tervals ranging from below 200 meters to over 
2200 meters. Slope is similarly divided, begin-
ning with flat terrain (0–1%) and extending to 
very steep slopes (>60%). 

Aspect is categorized based on the cardi-
nal directions, which influence microclimates 
and vegetation patterns. Roughness index and 
curvature are also segmented into specific 
ranges that capture the variability in terrain 
texture and landscape position. Lastly, land use 
land cover is categorized into 9 classes. These 
classes provide a structured way to analyze and 
compare different land surface characteristics, 
which is crucial for further spatial analysis and 
the identification of homogeneous zones within 
the study area. This classification serves as the 
foundation for conducting spatial statistical 
analysis, ensuring that each land surface pa-
rameter is appropriately grouped based on its 
attributes.

To achieve this grouping, spatial statistical 
techniques using multivariate clustering help to 
identify patterns and similarities within the data, 
facilitating the classification of the landscape 
into homogeneous zones. Multivariate Clustering 
finds natural clusters of features based solely on 
feature attribute values (Kang et al., 2022; Peeters 

Table 1. Seven land surface parameter classes

River order Channel 
sinuosity Elevation [m] Slope [%] Aspect Roughness 

index Curvature

1st Order SR<1 <200 0–1 [flat] East 0–0.211 -27.297–[-6.603]

2nd Order SR 1.1 –1.5 200–400 1–5 [gently sloping] Flat 0.211–0.343 -6.603–[-2.841]

3rd Order SR>1.5 400–600 5–10 [sloping] North 0.343–0.441 -2.841–[-0.959]

4th Order 600–800 10–15 [moderately 
sloping] Northeast 0.441- 0.523 -0.959–0.687

800–1000 15–30 [gently steep] Northwest 0.523–0.624 0.687–2.803

1000–1200 30–60 [steep] South 0.624–0.765 2.803–6.566

1200–1400 >60 [very steep] Southwest 0.765–0.995 6.566–32.669

1400–1600 Southeast

1600–1800 West

1800–2000

2000–2200
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et al., 2015). The determination of the number of 
groups is based on the experiment with different 
number of clusters. 

Key terrain attributes such as elevation, slope, 
aspect, roughness, and curvature are providing a 
detailed understanding of the physical character-
istics of the landscape, which are crucial for sub-
sequent analysis. In other hand, the hydrological 
parameters help in understanding the river net-
work’s hierarchy and its meandering nature. The 
terrain and river attributes are then grouped into 
two main clusters (Figure 2), one for terrain char-
acteristics (Grouping V1) and another for river 
channel characteristics (Grouping V2). 

Grouping version 1 includes river channel 
attributes where the river network is used as the 
base attribute, to which other attributes like the 
terrain attributes are added. These hydrologi-
cal and terrain parameters may be grouped us-
ing statistical methods to identify similarities 
in channel characteristics which are visualized 
as raster lines. Grouping version 2 consists 
of terrain attributes only including elevation, 
slope, aspect, roughness, and curvature. These 
attributes are likely grouped also using statisti-
cal methods to identify similarities within the 
terrain data and are visualized as raster areas. 
Visualization in the form of raster areas makes 
the grouping results easier to see. In Grouping 
Version 3, land use land cover is used to verify 
how human intervention influences the physi-
cal parameters of the land surface, or how these 
parameters, in turn, affect human intervention.

RESULTS

Overall variable statistic

Three analyses were conducted on clustering 
version 1 using 7 parameters, clustering version 
2 using 5 parameters, and version 3 using 6 pa-
rameters. The overall variable statistics presented 
in the analysis show the distribution and similarity 
of attributes across four groups, each characterized 
by different land surface parameters. The variables 
include river order, aspect, slope, curvature, eleva-
tion, terrain roughness index, channel sinuosity, 
and land use land cover. The box plots further il-
lustrate the distribution and variance within each 
group, with some variables showing distinct sepa-
rations across groups, while others display over-
laps, reflecting the complexity and variability of 
the land surface characteristics being analyzed. 
This grouping analysis provides a structured way 
to classify the landscape into homogeneous zones, 
aiding in better understanding and management of 
the terrain, land cover, and hydrological features.

The distinct lines connecting the group cen-
troids across the standardized values underscore 
the unique combination of characteristics within 
each group, reflecting their homogeneity in certain 
attributes while highlighting the variability in oth-
ers. This differentiation is crucial for understand-
ing and managing landscape features, as it allows 
for targeted analysis and decision-making based on 
the specific traits of each group. This visual repre-
sentation using parallel box plot is a useful tool in 

Figure 2. The main stages of land surface parameter grouping involve multivariate clustering, with clustering 
version 1 using parameters from groups a and b, clustering version 2 using parameters from group b only, and 

clustering version 3 using parameters from groups b and c
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assessing how each parameter contributes to clus-
ter formation, with parameters like elevation and 
slope standing out in terms of cluster differentia-
tion. In all plots, the y-axis represents standardized 
values (ranging from -2 to 4), and the x-axis lists 
the analysis fields (parameters). Each line’s colour 
corresponds to a different cluster, capturing varia-
tions in surface parameters across clusters.

Figure 3a shows clustering results with fewer 
clusters, likely representing the most basic cat-
egorization. Each line represents a distinct cluster 
(1–4). The standardized values fluctuate for each 
parameter, with elevation and slope parameters 
showing more variation across clusters. Figure 
3b expands to five clusters (1–5). Here, additional 
clusters lead to more variance across parameters, 
especially in elevation and slope, highlighting 
differences between clusters in these parameters. 
Figure 3c represents seven clusters (1–7). The 
increase in clusters allows for finer distinctions 
among groups. There is noticeable differentiation 
in parameters like channel sinuosity, river order, 
and elevation. Figure 3d contains nine clusters 
(1–9), providing even more granular insights into 
how these parameters vary across clusters. The 
variance is most visible in the elevation and slope 
parameters, indicating these are influential in dis-
tinguishing between clusters.

Figure 4a comprising three clusters, this plot 
demonstrates a foundational level of segmenta-
tion. Clusters are depicted by lines of distinct 
colours (1–3). Elevation parameter exhibits the 
highest variance among clusters, indicating its 

potential influence in differentiating the clusters. 
Other parameters, such as aspect and slope, dis-
play more uniformity across clusters. Five clus-
ters (1–5) are presented in Figure 4b, expanding 
the range of cluster differentiation. Here, cur-
vature and elevation parameters show more no-
ticeable variations, with some clusters diverging 
significantly from others. This suggests that these 
parameters may provide useful distinctions when 
separating landscape features within these clus-
ters. Figure 4c represents seven clusters, indicat-
ing a further refinement in cluster analysis. The 
addition of clusters introduces more variability 
across parameters, particularly for elevation, cur-
vature, and slope. Such variations highlight the 
heterogeneity within the dataset, with elevation 
consistently emerging as a distinctive feature. 
The most granular clustering level in Figure 4d, 
this plot includes nine clusters. At this level, sub-
stantial fluctuations in the elevation and curvature 
parameters are observed, reflecting detailed dif-
ferentiation. The increase in clusters reveals more 
subtle patterns in the data, making elevation and 
curvature dominant factors in defining clusters.

Three clusters from Figure 5a reveal moder-
ate distinctions in curvature and slope, with no-
table overlaps in elevation and LULC. Five clus-
ters in Figure 5b highlight increased variability, 
with curvature showing stronger separation and 
elevation remaining largely overlapped. Seven 
clusters from Figure 5c showcase more intricate 
patterns, with roughness and curvature exhibiting 
pronounced peaks and valleys. Nine clusters of 

Figure 3. Parallel box plot from clustering version 1 using 7 parameters, comprising (a) 3 clusters, (b) 5 clusters, 
(c) 7 clusters, and (d) 9 clusters
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Figure 4. Parallel box plot from clustering version 2 using 5 parameters, comprising (a) 3 clusters, (b) 5 clusters, 
(c) 7 clusters, and (d) 9 clusters.

Figure 5. Parallel box plot from clustering version 3 using 6 parameters, comprising (a) 3 clusters, (b) 5 clusters, 
(c) 7 clusters, and (d) 9 clusters.

Figure 5d emphasize the complexity of land sur-
face characteristics, with heightened variability 
in curvature and roughness while LULC remains 
consistent. As the number of clusters increases 
from 3 (graph a) to 9 (graph d), distinct separa-
tions emerge in variables like elevation, curva-
ture, and roughness, highlighting their impor-
tance in group differentiation (Figure 5). Aspect 

and LULC exhibit greater overlap across clusters, 
suggesting they contribute less to differentiation 
at these levels. As the number of clusters increas-
es, the variance within each group decreases, and 
new patterns of separation emerge, particularly in 
the more distinct variables.

The spatial distribution of clusters mapped 
across the study area is presented in Figure 6a, 
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Figure 6. Map clustering version 1 using 7 parameters (6a), Figure 6b shows map clustering version 2 
using 5 parameters, and map clustering version 3 using 6 parameters (6c).

utilizing seven surface parameters with river net-
work as a basis analysis. Four maps are shown, 
each representing clustering results for 3, 5, 7, 
and 9 groups, respectively. Low order and high 
order Rivers start to appear at clustering 7 and 
9 groups. Figure 6b illustrates spatial clustering 
results from Version 2 using five parameters (as-
pect, curvature, elevation, roughness, and slope) 
across four maps with 3, 5, 7, and 9 groups. Each 
map shows increasingly detailed segmentation, 
where more clusters capture finer variations in 
landscape characteristics. Starting with broad 

distinctions in the 3-group map, the clustering 
becomes progressively granular, revealing com-
plex, mosaic-like patterns in the 9-group map that 
highlight localized geomorphological features. 
How LULC influences the characterization of 
cluster diversity is illustrated in Figure 6c. As in 
Figure 6b, each map shows increasingly detailed 
segmentation with more detailed variations of 3, 
5, 7, and 9 groups. The LULC parameter is very 
visible in influencing the homogeneity of the area 
in the upstream part of the watershed and the 
southern part downstream of the watershed. 
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The distinct color patterns in each map visu-
ally differentiate the clusters, thereby aiding in the 
interpretation of unique landscape characteristics 
associated with each grouping. This process en-
ables a deeper understanding of the heterogeneity 
within the landscape, where each color represents 
a cluster characterized by a specific combination 
of surface parameters. This clustering approach, 
therefore, facilitates the identification of distinct 
zones or areas within the landscape, each exhibit-
ing unique morphometric and topographic attri-
butes. By examining the repetition and spatial ar-
rangement of color patterns, distinctive landscape 
characteristics emerge, allowing for a refined de-
lineation of the area. 

Re-delineation of mountain ecosystem units

The re-delineation of the landscape based 
on these repeated colour patterns provides a ba-
sis for defining landscape units that share similar 
geomorphological features. Additional parameter 
such as land use and land cover are a fundamen-
tal factor in delineating mountain ecosystems, af-
fecting their ecological stability, biodiversity, and 
the provision of ecosystem services (Suescún et 
al., 2017). These landscape boundaries provide 
an overview of mountain ecosystem units. Such 
delineation is essential for ecological planning, 
land management, and conservation strategies, as 
it emphasizes the inherent variability within the 
landscape and allows for targeted interventions in 
each identified cluster zone.

Spatially, by using expert judgement, the re-
petitive pattern of distinctly clustered colors can 
be delineated iconically. In this study, based on 
the recurring patterns observed, five landscape 
units were identified, reflecting the ecosystems of 
Mount Sumbing within the Kodil Watershed area. 
These units include: (1) young Sumbing volcanic 
peak ecosystem, (2) old Sumbing volcanic peak 
ecosystem, (3) old Sumbing volcanic slope eco-
system, (4) transitional volcanic ecosystem, and 
(5) old Menoreh volcanic ecosystem.

Based on the findings from the clustering of 
surface parameters, the ecosystem of the young 
Sumbing volcanic peak exhibits dominant slope 
orientations toward the south, southeast, and 
southwest. The curvature of this area is character-
ized by significantly negative values, indicating 
the presence of deep valleys along volcanic la-
har flow paths. The roughness index in Area 1 is 
predominantly positive (0.523–0.765), reflecting 

a moderately rugged surface. Elevation param-
eters are more discernible, with Area 1 situated 
at an elevation range of 1,600–2,200 m above 
sea level. Slope variation in this area ranges from 
15% to 60% (gently steep to very steep). From 
the perspective of river characteristics, Area 1 is 
dominated by first-order streams with low sinuos-
ity values, representing straight river flows typi-
cal of the headwaters of the Kodil Watershed.

The ecosystem of old Sumbing volcanic peak 
is characterized by dominant slope orientations 
toward the east, southeast, west, and southwest. 
The topographical index of Area 2 reveals a bal-
anced distribution between deep valleys and 
sharp mountain ridges, reflecting the intensive 
erosion processes that have shaped the older vol-
canic formation of Mount Sumbing. The rough-
ness index in Area 2 predominantly falls within 
the intermediate range (0.343–0.523), indicating 
a moderately rugged surface. The elevation of 
this area ranges from 800 to 1,600 m above sea 
level (asl). The slope angles of the landscape are 
between 30% and 60% (steep to very steep). The 
river network in Area 2 begins to exhibit mean-
dering flows, with sinuosity values ranging from 
1.1 to 1.5, although some straight river channels 
can still be observed in the upstream sections.

The ecosystem of the slopes of the older vol-
canic formation of Mount Sumbing exhibits slope 
orientations like its summit ecosystem, with dom-
inant directions toward the east, southeast, west, 
and southwest. The elevation of Area 3 spans a 
range of 600–800 m above sea level (asl), featur-
ing gently sloping to steep gradients (5%–60%). 
The roughness index for this area is moderate, 
with values ranging from 0.343 to 0.523. The riv-
er network in Area 3 is characterized by moderate 
sinuosity (SR 1.1–1.5) and includes streams rang-
ing from first to third order.

The transitional volcanic ecosystem is char-
acterized by predominantly flat slope orienta-
tions, with some slopes facing east, south, and 
southeast. The curvature of this area is primarily 
flat, ranging from -0.959 to 0.687, indicating that 
the surface has received volcanic material depos-
its from higher elevations. The roughness index 
in this area shows a balanced distribution, domi-
nated by both low roughness values (<0.211) and 
high roughness values (0.765–0.995), covering a 
significant extent of the area. Area 4 spans an el-
evation range of 400–800 m above sea level (asl). 
The slope angles in this area exhibit distinct vari-
ations, ranging from flat to moderately sloping. 
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The river network in Area 4 is characterized by 
moderate to high meandering flows, with sinuos-
ity values of 1.1–1.5. However, the river flow di-
rections remain consistently from the north.

The ecosystem of the old volcanic of Menoreh 
is dominated by slope orientations toward the 
east, southeast, and south. The curvature index of 
Area 4 displays a balanced distribution between 
valleys and hill ridges, reflecting processes of 
erosion and deposition. The roughness index in 
this area is evenly distributed, ranging from the 
lowest to the highest values. Area 4 has the lowest 
elevation, spanning 200–400 m above sea level 
(asl). The slope variation in this landscape ranges 
from flat to very steep. Area 4 features a river 
network with stream orders ranging from 1 to 4, 
exhibiting the highest sinuosity overall. Howev-
er, the upstream river catchment areas still have 
low sinuosity. Unlike other areas, the first-order 
streams in this region originate from two distinct 
directions: north and south. 

DISCUSSION

The relationship between subsurface and land 
surface conditions is illustrated in Figure 7. The geo-
logical unit pattern (Figure 7a) represents the types 

and distribution of rocks formed through processes 
such as sedimentation, deformation, and magma 
intrusion in the past (Burbank and Anderson, 2011; 
Carter, 2011; Huggett, 2016). This geological set-
ting reflects the area’s geological history, including 
volcanic activity (igneous rocks), sedimentation in 
marine or fluvial environments (sedimentary rocks), 
and transformations caused by high pressure and 
temperature (metamorphic rocks). In contrast, Fig-
ure 7b provides a detailed depiction of current land 
surface conditions, highlighting information such 
as elevation, slope angle variations, slope orienta-
tion, roughness and surface curvature indices, and 
river sinuosity patterns. Lastly, current situation of 
the land surface covering by its land use indicates 
how land potential and limitations affect humans in 
utilizing existing resources.

The utilization of land resource potential focus-
es more on current land surface conditions rather 
than solely on the processes of past rock formation. 
These surface conditions serve as a foundation for 
identifying both the potential and limitations of 
land use (Reddy, 2018). However, present surface 
characteristics are intrinsically linked to historical 
processes. For instance, eruptions from the older 
and younger Sumbing volcanoes deposited volca-
nic fallout and sediment, which now constitute the 
surrounding surface material. 

Figure 7. Geological setting of the study area describes subsurface condition (a), mountain ecosystem units in 
Kodil watershed represents the surface parameters influencing by its subsurface material then interact with the land 

utilization, and land use land cover shows the human intervention in utilizing the potential of land resources (c)
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The landscape influenced by material from 
young volcanic eruptions is most evident in the 
young Sumbing volcanic ecosystem, character-
ized by its highest elevations, steep south-facing 
slopes, and low-order rivers flowing straight to 
the south. In contrast, the older Sumbing volca-
nic ecosystem exhibits a higher degree of surface 
roughness, attributed to earlier, more intense vol-
canic activity and prolonged geomorphological 
processes of erosion and deposition. 

The direction and deposition of material from 
the eruptions of the older and younger Sumbing 
volcanoes in the past were not confined to the Qsm 
and Qsmo formations (Figure 7a). Previous surface 
material analyses reveal that volcanic fallout and 
deposits from both the older and younger Sumb-
ing volcanoes also spread over and overlapped 
the Tmok formation, with a thickness exceeding 
2 meters (Noviyanto et al., 2020; Pratiwi et al., 
2019; Pulungan and Sartohadi, 2018; Sartohadi 
et al., 2018; Wida et al., 2019). The processes that 
formed the Tmok formation differ significantly 
from those that created the younger volcanic ma-
terials of Qsm and Qsmo, giving the transitional 
volcanic ecosystem a unique and distinct character. 
The old Menoreh volcanic ecosystem (Tmok) oc-
cupies the largest area within the Kodil watershed. 
A significant uniformity in land surface parameters 
is the river flow patterns, which originate not only 
from the north but also from the east, south, and 
west. The erosional-depositional relief is highly 
pronounced, as seen in the varying surface rough-
ness between hilltops and narrow valleys.

It can be highlighted that the complexity 
of ecosystems is not fully detailed in geologi-
cal maps, which primarily emphasize subsur-
face material information. However, surface 
geomorphological processes, combined with 
historical material displacement, can be ana-
lyzed using the principles of superposition and 
spatial arrangement (Ford et al., 2014; Kooi 
and Beaumont, 1996). The uniformity patterns 
of land surface characteristics are illustrated 
in the clustering results shown in Figure 7b. 
These patterns, which define ecosystem units, 
are more easily identified and observed iconi-
cally in the field. Each ecosystem unit provides 
clearer insights into land potential, reflecting its 
ecosystem services, as well as the factors that 
limit its use. Land potential and limitations are 
interrelated, requiring strategies to maximize 
potential while minimizing constraints, thereby 
enabling sustainable land management.

Altitude influences the selection of suitable 
plant types, rainfall patterns, and microclimatic 
temperatures (Opedal et al., 2015). Steep slopes 
are more prone to erosion, whereas gentle slopes 
provide greater stability for human activities. In 
high-altitude areas, measures such as terracing or 
planting erosion-resistant vegetation can be im-
plemented to mitigate risks (Walia et al., 2024). 
This can be seen from the land cover at high al-
titudes which is still forest (Figure 7c). Slope di-
rection affects solar radiation intensity and mois-
ture distribution. Sun-facing slopes (south-facing 
in the northern hemisphere and north-facing in 
the southern hemisphere) tend to be hotter and 
drier. Conversely, slopes facing away from the 
sun (north-facing in the northern hemisphere and 
south-facing in the southern hemisphere) receive 
higher solar intensity, making them suitable for 
plants requiring abundant sunlight (Cheng et al., 
2023). Southwest-facing slopes are generally 
wetter, favoring plants with high water needs. At 
the study location, the upstream area of ​​the water-
shed with a south-facing slope is widely used as 
a horticulture field area. Slope-related limitations 
can be mitigated through microclimate engineer-
ing to optimize sunlight utilization on less ex-
posed slopes. Steep slope angles increase erosion 
risks and accessibility challenges, which can be 
addressed through contour-based land manage-
ment systems to reduce erosion.

The roughness index reflects the degree of 
micro-topographic variability, while curvature indi-
cates surface concavity or convexity (Hoechstetter 
et al., 2008; Tarolli, 2014). High roughness suggests 
uneven surfaces often linked to erosion and drain-
age issues. Conversely, low roughness areas are 
more stable and suitable for settlements or intensive 
agriculture. Areas with low roughness in the study 
site are mostly used for paddy fields, while locations 
with high roughness have land cover in the form of 
mixed gardens and dryland agriculture. Concave 
curvature zones (convergent) are ideal for water 
catchment, while convex zones (divergent), which 
are prone to erosion, can benefit from slope stabili-
zation techniques. Most settlements occupy convex 
zone locations, which can increase the accumulation 
of surface flow and trigger erosion, landslides, and 
flash floods. Surface flow control is necessary to 
minimize the impact of its power. Meanwhile in the 
valley-concave section can be optimized with drain-
age and reservoir systems.

Rivers of higher order exhibit distinct char-
acteristics compared to lower-order streams. 
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Lower-order rivers, typically located upstream, are 
straighter and offer potential for clean water sup-
ply and biodiversity conservation. These areas can 
be managed for erosion control through vegetation 
retention. Mid-order rivers, where flows become 
more meandering, are suitable for irrigation and 
agroforestry due to stable discharge, although lo-
cal flooding risks must be addressed. High-order 
rivers downstream present opportunities for fisher-
ies and wetland agriculture, leveraging their water 
resources effectively (Ran et al., 2022).

CONCLUSSIONS

What is visible on the earth’s surface today 
does not always correspond to the information 
depicted on geological maps, which primarily rep-
resent subsurface features. The morphology of the 
current land surface is shaped by the interplay of 
past volcanic-tectonic processes with the present 
of erosion-deposition. National topographic maps 
serve as a primary data source for delineating 
mountain ecosystems. Derivative data, such as riv-
er order, channel sinuosity, elevation, slope, aspect, 
roughness index, and curvature, provide land sur-
face attributes that can be grouped based on spatial 
patterns. Land use and land cover data are addi-
tional parameters to see the reciprocal relationship 
between land surface parameters and human inter-
vention living on it. These repeated attributes are 
visually distinct and can be used to draw bound-
aries iconically. These boundaries offer valuable 
references for local spatial planning. Land surface 
attributes reflect both the potential and limitations 
of land resources. By analyzing the interplay and 
influence of these parameters, potential can be op-
timized while limitations are minimized, enabling 
sustainable land resource management.
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