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Abstract

Lenggong Valley is an important heritage landscape in Malaysia commonly recognized
for its outstanding archaeological, cultural, and environmental significance. However,
increasing land use pressure around heritage areas may affect landscape authenticity;,
environmental quality, and long-term conservation planning. This study aims to analyze
historical land use change and predict future land use patterns within the Lenggong
catchment, a sub-catchment of the Sungai Perak catchment. Land use data for 2000,
2010, and 2020 were obtained from PlanMalaysia and reclassified into five major classes:
water bodies, agriculture, forest, built-up areas, and vacant land. The ANN model was
calibrated using the 2000 and 2010 land use maps, while the simulated 2020 map was
validated against the observed 2020 map using Kappa statistics. Following validation,
the 2010-2020 transition pattern and cellular-automata neighborhood effects were used to
predict land use for 2040 through two consecutive 10-year simulation iterations. The results
showed that forest and agriculture remained the dominant land use classes in the catchment.
However, forest decreased from 58.9% in 2000 to 54.4% in 2020, while agriculture increased
from 33.3% to 35.5%. Built-up areas also increased from 1.8% to 3.5% and were predicted
to reach 3.8%. The model also denoted acceptable performance, with an overall Kappa
value of 0.71 and validation accuracy of 83.1%. Within the 1 km heritage buffer, built-up
areas increased from 3.6% in 2000 to 10.5% in 2020, with a projected increase to 13.2%.
Overall, the findings highlight increasing development pressure around the Lenggong
heritage landscape and provide useful spatial evidence for heritage-sensitive planning and
long-term conservation management.

Keywords: ANN-CA; land use change; Lenggong Valley; MOLUSCE; UNESCO

1. Introduction

Land use refers to the human utilization and management of land for various purposes,
including agriculture, residential, industry, transportation, conservation, and recreation [1].
It reflects the interaction between human activities and the physical environment and
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therefore serves as an important indicator of landscape transformation. Land use changes
occur when one land use category is converted into another, such as when forest or agri-
cultural land is transformed into built-up areas. These transformations are particularly
pronounced in regions experiencing significant climate change and population expansion
and necessitate robust monitoring and predictive modelling for sustainable development
and resource management [2]. While land use changes can facilitate socioeconomic de-
velopment, unregulated conversions may precipitate environmental degradation, habitat
fragmentation, elevated surface runoff, soil erosion, water quality impairment, and the
diminution of ecosystem services [3]. Therefore, monitoring land use changes is important
for understanding past landscape dynamics and supporting sustainable land management.

In recent years, land use change studies have increasingly moved beyond historical
change detection toward spatial prediction and simulation. Conventional land use change
analysis identifies historical changes, whereas predictive modeling offers information about
potential future land use changes. This prospective analytical capability is crucial for proac-
tive urban planning and environmental policy formulation, especially in areas subject
to rapid demographic shifts and developmental pressures [4]. While several advanced
methodologies, including ANN, CA, Markov Chain analysis, and logistic regression, have
been utilized for land use predictions, hybrid models have emerged as particularly effective
by allowing the simulation of complex land use transitions [5]. ANN is useful because
it can model complex and non-linear relationships between land use change and spatial
driving factors. When integrated with CA, ANN further incorporates spatial neighborhood
effects and iterative transition rules to simulate realistic spatiotemporal land use dynam-
ics, achieving high predictive accuracies such as kappa indices above 0.80 in regional
applications [6]. This integrated approach offers a robust framework for assessing the
environmental implications of various land use scenarios and informing policy decisions
regarding future land management [7]. While land use changes can facilitate socioeconomic
development, uncontrolled conversion may cause environmental degradation, habitat frag-
mentation, increased surface runoff, soil erosion, water-quality deterioration, and the loss of
ecosystem services. The expansion of built-up areas, particularly transportation networks,
alters surface permeability, infiltration, and post-rainfall moisture dynamics. Consequently,
long-term performance data are important for quantifying infrastructure-driven changes in
surface and subsurface hydrological conditions [8]. Therefore, monitoring land use changes
is essential for understanding historical landscape dynamics and supporting sustainable
land management.

Among predictive modelling approaches, ANN is particularly useful because it can
learn complex, nonlinear, and multidimensional relationships between observed land use
transitions and their spatial characteristics without requiring these relationships to be
represented by a predetermined linear function. Advanced neural-network architectures
have demonstrated the capacity to solve complex multidimensional earth-science problems,
including the simultaneous prediction of subsurface properties and layered thickness
under physical constraints [9]. Within land use modelling, ANN estimates the transition
potential of each location based on historical land use patterns. When integrated with
cellular automata, these transition potentials are combined with spatial neighborhood
effects and iterative allocation rules to simulate the location and configuration of future
land use changes. Therefore, the ANN—-CA integration combines the nonlinear learning
capability of ANN with the spatial and temporal simulation capability of CA.

Land use change analysis is crucial in heritage landscapes because the surrounding
land use context can influence the environmental, cultural, and visual integrity of her-
itage sites. Protecting heritage sites entails not only their core archaeological, historical,
or cultural values but also their wider landscape setting. Consequently, understanding
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and modelling these changes are vital for preserving the ecological functions, aesthetic
value, and historical context that define these invaluable areas. The dynamic nature of
these landscapes is usually influenced by anthropogenic activities such as urbanization
and agricultural expansion, which highlights the requirement for advanced modelling
methodologies to predict future land use patterns and encourage conservation efforts [10].
In this study, heritage-sensitive catchment planning refers to the integration of land use and
development management across the hydrologically connected catchment while ensuring
that proposed changes do not adversely affect the archaeological significance, landscape
setting, environmental integrity, or Outstanding Universal Value (OUV) of the Lenggong
UNESCO World Heritage Site. Within the Malaysian regulatory context, this approach
supports heritage conservation under the National Heritage Act 2005 [11] and informs
development control through structure plans, local plans, and special area plans prepared
under the Town and Country Planning Act 1976 (Act 172) [12]. It also complements the
protection and management requirements for the World Heritage property and its buffer
zones. The catchment boundary is therefore used as an analytical planning unit to iden-
tify development pressures beyond the designated heritage boundary, rather than as a
replacement for existing statutory heritage and planning zones. Insights from land use
change and prediction studies can provide spatial evidence for heritage-sensitive planning,
allowing authorities to identify areas that may require stricter development control or
conservation attention.

Previous studies on land use change have typically concentrated on urban sprawl,
agricultural changes, deforestation, and impacts on the environment within administra-
tive or metropolitan boundaries. However, fewer studies have specifically addressed
the intricate dynamics of land use transformation in areas surrounding UNESCO World
Heritage Sites, where the interplay between conservation mandates and socioeconomic
development pressures presents unique challenges for spatial planning [13]. Multiple
studies used GIS-based modelling approaches to project future land use scenarios using
historical satellite imagery, land use maps, and spatial variables. However, research on
land use prediction in heritage settings is rather limited, especially in Malaysia. This litera-
ture gap highlights the necessity for advanced geospatial methodologies to monitor and
predict land use transformations in such ecologically and culturally sensitive regions [14].
Furthermore, current heritage-related research frequently focuses on archaeological value,
tourism, conservation management, or historical landscape analysis, with limited stud-
ies examining future land use pressures using predictive spatial modelling. This gap is
particularly evident in Malaysia, where rapid urbanization, agricultural expansion, and
economic growth exert considerable pressure on historically significant landscapes, such
as the Chini Lake catchment and Penang Island [15]. It highlights the necessity for effec-
tive approaches that can predict land use changes to improve strategic conservation and
development policies in Malaysia’s historically significant areas [16]. Therefore, there is a
need to integrate ANN-CA modelling for land use change detection and prediction within
heritage catchment contexts.

This study aims to analyze historical land use change and predict future land use
patterns around the Lenggong UNESCO World Heritage Site, Malaysia. The study area
is defined based on the Lenggong catchment boundary, which forms part of the Sungai
Perak catchment. Land use data for 2000 and 2020 obtained from PlanMalaysia were
reclassified into five major classes: water bodies, agriculture, forest, built-up areas, and
vacant land. This reclassification facilitates a comprehensive analysis of spatiotemporal
land use dynamics within this critical heritage landscape, enabling the application of
advanced predictive models for future scenario planning. The significance of this study
lies in its contribution to heritage-sensitive catchment planning by identifying past and
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potential future land use changes around the Lenggong UNESCO landscape. Another
contribution is the use of a hybrid ANN—-CA model to predict future land use changes and
identify key findings for the sustainable management of this significant location [17]. These
findings can support decision-makers, local authorities, planners and heritage managers in
balancing development needs with environmental protection and long-term conservation.

2. Study Area

The study area of this research was the Lenggong Valley located within the upper part
of the Sungai Perak catchment in the Hulu Perak District, Perak, Malaysia. The boundary
was defined based on the Lenggong catchment, which is a sub-catchment of Sungai Perak.
This hydrological delineation is crucial for understanding the interconnectedness of land
use activities and water resource management within the heritage landscape, especially
given the site’s unique geological and archaeological significance. The region’s rich paleon-
tological record and the presence of significant archaeological finds, such as the Perak Man,
underscore the necessity of a holistic approach to land use planning that accounts for both
natural and cultural heritage [18]. Lenggong Valley is characterized by a combination of
forested areas, agricultural land, settlements, limestone hills, caves, river systems, and rural
landscapes. The complex interplay of these geographical features and human activities
makes the Lenggong Valley a microcosm for studying the effects of development on a
UNESCO World Heritage site, which requires a nuanced understanding of its ecological
and cultural systems. Figure 1 shows the map of the study area.
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Figure 1. Location of the Lenggong catchment and Archaeological Heritage of the Lenggong Valley.
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The official recognition of Lenggong as a UNESCO Global Geopark in 2026 further
strengthens its international status as an area with outstanding geological significance,
biodiversity, and cultural heritage. Situated in the northern part of Perak State, Peninsular
Malaysia [19], Lenggong Valley is one of the important prehistoric and archaeological
landscapes in Malaysia. It was inscribed as an Archaeological Heritage on the UNESCO
World Heritage List in 2012 due to its outstanding archaeological evidence, including
open-air and cave sites along the Perak River that record a long sequence of human
history from 1.83 million to 1700 years ago [20]. The valley is renowned for housing the
oldest documented prehistoric human skeleton in Southeast Asia, reinforcing its global
significance in understanding early human habitation and evolution [21]. The recognition
as a UNESCO Global Geopark and a UNESCO World Heritage Site makes Lenggong
Valley a highly sensitive landscape where land use change must be carefully monitored to
support sustainable development, catchment management, and long-term protection of its
archaeological, geological, and cultural values.

3. Methodology
3.1. Research Design

The methodological framework of this study was developed based on the 2000, 2010,
and 2020 land use maps obtained from PlanMalaysia. All datasets were first clipped ac-
cording to the Lenggong catchment boundary and reclassified into five major land use
classes: water bodies, agriculture, forest, built-up areas, and vacant land. The built-up
area class was produced by combining several developed land use categories, including
industrial, commercial, residential, road and transportation, utilities, and public facilities.
After reclassification, land use change detection was conducted for two periods (2000-2010
and 2010-2020) to identify areas that remained unchanged and those converted from one
land use class to another. Subsequently, a transition matrix was generated to quantify the
percentage of land use persistence and conversion for each period. It served as a foun-
dational input for the subsequent modelling phases, particularly in calibrating transition
potentials within the ANN-CA model.

This land use prediction study used the MOLUSCE plugin 2.18.2 to model land use
transition and simulate future land use patterns. It began by calibrating the ANN model
using the 2000 and 2010 land use maps to generate transition potential and simulate the
2020 land use map. The simulated 2020 map was then compared with the actual 2020
PlanMalaysia land use map using the Kappa coefficient to evaluate model performance.
After validation, the 2010 and 2020 land use maps were used to predict future land use
patterns, as this period represents the most recent observed land use transition trend within
the Lenggong catchment. Next, the predicted land use map was analyzed to calculate the
percentage of each land use class and identify possible future land use trends. Finally, a 1 km
buffer was generated around the Lenggong heritage site to compare land use patterns in
2000, 2010, 2020, and the predicted 2040 future scenario. This buffer analysis was conducted
to assess land use pressure near the heritage area and support heritage-sensitive planning
and conservation management. Figure 2 shows the overall methodological framework and
flow of this study.
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Figure 2. Methodological framework for land use change detection and ANN-CA modelling.

3.2. Data Sources and Land Use Classification

The primary datasets used in this study were the 2000, 2010, and 2020 land use maps
obtained from PlanMalaysia. The datasets were originally provided in vector shapefile
format and had no inherent raster spatial resolution. Before the ANN-CA analysis, the
reclassified vector datasets were converted into raster format using a spatial resolution
of 10 m x 10 m. All rasterized land use maps were standardized to the same coordinate
reference system, spatial extent, cell size, and grid alignment to ensure spatial consistency
during change detection, model calibration, validation, and future land use simulation.
These datasets were selected because they provide official land use information suitable for
analyzing historical land use change, model validation, and future land use prediction. The
2000 land use map served as the baseline dataset; the 2010 land use map represented the
intermediate land use condition and supported model calibration; while the 2020 land use
map was used as the latest observed land use condition and a reference dataset for model
validation. All datasets were clipped based on the Lenggong catchment boundary, which is
located within the Sungai Perak catchment. This catchment-based boundary ensured that
land use changes were analyzed within a hydrologically meaningful spatial unit rather
than merely administrative boundaries.

The 1 km distance was adopted as an analytical screening zone to assess land use
pressure within the immediate surrounding landscape. Similar distance-based analysis
has been applied at the Angkor UNESCO World Heritage Site, where 200 m, 500 m and
1000 m buffers were used to evaluate development encroachment around archaeological
monuments, with the 1000 m zone capturing broader patterns of built-up expansion [22].
At the 10 m raster resolution, the selected distance encompasses 100 cells outward from the
heritage boundary, providing an appropriate local landscape scale for comparing land use
trajectories. The 1 km buffer was used only for spatial analysis and did not represent or
modify the officially designated UNESCO or statutory buffer zone.

Prior to the land use change analysis, the original PlanMalaysia land use categories
for 2000, 2010, and 2020 were reclassified into five major classes: water bodies, agriculture,
forest, built-up areas, and vacant land. This reclassification was conducted to simplify the
land use categories and to ensure consistency across the three datasets. The water bodies
classes included rivers, lakes, reservoirs, and other surface water features. The agriculture
class represented cultivated land, plantations, and other farming-related areas. The forest
class entailed natural forest and forested land, while the vacant land class referred to open,
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unused, idle, or undeveloped land. Meanwhile, the built-up areas class was aggregated
from several developed land use categories, including industrial, commercial, residential,
road and transportation infrastructure, utilities, and public facilities. This aggregation
enabled a more generalized assessment of built-up expansion and its potential impact on
the surrounding environment and heritage landscape within the Lenggong catchment.
Table 1 shows the land use classification scheme used in this study.

Table 1. Land use classification used in this study.

Major Land Use Class  Description

Water bodies Rivers, lakes, reservoirs, ponds, and other surface water areas

Agriculture Agricultural land, cultivated areas, plantations, and other farming-related land uses
Forest Natural forest, forested land, and areas dominated by tree cover

Built-up areas

Industrial, commercial, residential, road and transportation, utilities, and public facilities

Vacant land

Open, unused, idle, or undeveloped land

3.3. Land Use Change Analysis

Land use change analysis was conducted to identify spatial and percentage changes
across the 2000, 2010, and 2020 land use maps. Following the reclassification of the datasets
into five major land use classes (water bodies, agriculture, forest, built-up areas, and vacant
land), the maps were overlaid to detect areas of persistence and conversion. In this study,
the land use change analysis was done using the MOLUSCE plugin in QGIS 2.18.20. The
analysis was conducted for two intervals: 2000-2010 and 2010-2020. The 2000 land use
map was used as the initial land use condition for the first period, while the 2010 land use
map represented the final condition. For the second period, the 2010 land use map was
used as the initial condition, while the 2020 land use map represented the latest observed
land use condition. This process allowed the examination of land use transformation across
two consecutive decades.

Subsequently, a transition matrix was generated for each period to quantify the per-
centage of land use change. In the matrix, diagonal values represented land use persistence
(e.g., forests remaining as forests or agriculture remaining as agriculture), while off-diagonal
values indicated land use conversion (e.g., agriculture to built-up areas or forest to built-up
areas). The transition matrix was used to identify the dominant land use changes and
determine which land use classes experienced the most gain or loss during each period.
Results from the 2000-2010 analysis were utilized for model calibration and simulation of
the 2020 land use map, while the 2010-2020 transition was later used as the basis for future
land use prediction using the ANN-CA model. This approach enabled the validation of
the model before generating future land use scenarios around the Lenggong UNESCO
heritage landscape.

3.4. ANN-CA Land Use Prediction

Land use prediction was conducted using the ANN—-CA approach in the MOLUSCE
plugin. The ANN model was first calibrated using land use changes observed between
2000 and 2010. The 2000 land use map was used as the initial land use condition, while
the 2010 land use map served as the final land use condition for model training. The ANN
calibration employed the spatially corresponding cells from the 2000 and 2010 land use
raster maps that constituted five categorical land use classes: water bodies, agriculture,
forest, built-up areas, and vacant land. The observed land use class in 2000 represented
the initial state, whereas the corresponding class in 2010 denoted the transition outcome
used for model training. No additional external spatial driving variables (e.g., elevation,
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slope, population density, or proximity to roads and rivers) were included in the present
model. Since the spatial allocation of the predicted transitions was influenced by cellular
automata neighborhood effects, the transition potential output served as a critical input
for the CA model that dynamically simulated future land use configurations by applying
spatial rules derived from ANN [23]. The transition-potential model was implemented
using the multilayer perceptron ANN available in MOLUSCE. The network architecture
consisted of an input layer representing the land use transition inputs, one hidden layer
containing 10 neurons, and an output layer illustrating the estimated transition potentials
among the five land use classes. A neighborhood size of 1 pixel, equivalent to 10 m based
on the raster resolution, was applied to account for the immediate spatial context of each
cell. The learning rate, momentum coefficient, and maximum number of training iterations
were set to 1.0, 0.050, and 1000, respectively. These parameters were maintained during
model calibration and validation. The output from this process was a transition potential
map that indicated areas with a higher probability of future land use conversion. This
approach is particularly robust for simulating future land use changes due to its ability
to incorporate multiple driving factors and accurately depict nonlinear spatial stochastic
processes [24].

After the ANN transition potential was generated, CA was applied to simulate the
2020 land use map based on the 2000-2010 transition. The simulated 2020 map was then
compared with the actual 2020 PlanMalaysia land use map during the validation stage.
Once the model performance was considered acceptable, the 2010 and 2020 land use
maps were used to predict future land use patterns. This period was selected for future
prediction because it represents the most recent observed land use transition trend within
the Lenggong catchment. The ANN transition potential map was combined with CA
simulation to produce the future land use prediction map, which was particularly useful
for calculating the percentage of each land use class and assessing possible future land use
pressure around the Lenggong UNESCO heritage landscape.

3.5. Model Validation

The ANN-CA land use prediction model was validated to determine its reliability.
Both the simulated land use map and the observed reference land use map were compared
as part of the validation procedure to evaluate the model’s efficacy in replicating real land
use patterns. The validation involved quantitative statistical methods, specifically the
Kappa coefficient, to assess the agreement between the simulated and observed land use
maps [25], with good agreement indicating that the model is suitable for generating future
land use predictions for the Lenggong catchment.

Meanwhile, the model’s accuracy was assessed using the Kappa coefficient. Such
a method is widely used in land use modeling as it quantifies the degree of agreement
between two maps while taking into consideration any agreement that might occur due to
unforeseen circumstances. A higher Kappa value signifies improved model performance
and more consistency between the simulated and reference maps. Once the model achieved
an acceptable validation result, the ANN-CA methodology was incorporated to produce
the expected land use prediction map. A Kappa coefficient value exceeding 0.6 is generally
considered to represent good or strong agreement, affirming the model’s robustness for
projecting future land cover changes [26].

4. Result and Discussion
4.1. Land Use Distribution 2000, 2010 and 2020

The land use distribution showed that forest was the dominant land use class through-
out the study period, although its total area gradually decreased from 395,718,400 m?
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(58.9%) in 2000 to 389,958,800 m? (58.1%) in 2010 and 365,311,100 m? (54.4%) in 2020. This
indicates a continuous reduction in forested areas in the Lenggong catchment over the
two decades. Agriculture was the second largest land use class with a gradual increase
from 223,487,000 m? (33.3%) in 2000 to 236,216,200 m? (35.2%) in 2010 and 238,382,100 m?
(35.5%) in 2020. The spatial maps also demonstrated that agricultural areas were mainly
concentrated in the central valley and lowland areas of the catchment, while forest areas
remained dominant along the surrounding upland and hilly regions. Figure 3 illustrates
the land use map distribution with (a) land use in 2000, (b) land use in 2010, and (c) land
use in 2020.
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Figure 3. Land use distribution within the Lenggong catchment: (a) land use in 2000, (b) land use in
2010, and (c) land use in 2020.

Other land use classes showed smaller but important changes. Water bodies increased
from 24,284,700 m?2 in 2000 to 32,766,800 m?2 in 2010 and 36,941,300 m? in 2020, representing
an increase from 3.6% to 5.5% of the total catchment area. Built-up areas remained relatively
stable between 2000 and 2010, decreasing slightly from 12,233,100 m?2 to 12,051,600 m?2,
before increasing substantially to 23,268,300 m? in 2020. It indicates that built-up expan-
sion became more evident during the 2010-2020 period, increasing from 1.8% to 3.5% of
the catchment area. Meanwhile, vacant land had a steep reduction from 16,032,500 m?
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in 2000 to only 762,300 m? in 2010, before increasing to 7,852,900 m? in 2020. Overall,
the results suggest that the Lenggong catchment experienced gradual landscape transfor-
mation mainly characterized by forest reduction, agricultural expansion, growing water
bodies, and notable built-up growth after 2010. These changes are important because they
reflect increasing land use pressure within a heritage-sensitive catchment surrounding
the Lenggong UNESCO landscape. Such land use transitions often reflect the competing
pressures of agricultural intensification and rapid urbanization on the region’s natural
ecosystems [27]. Table 2 shows the distribution and percentage of land use classification
across 2000, 2010, and 2020.

Table 2. Land use distribution and percentage change in the Lenggong catchment from 2000 to 2020.

Land Use Class ~ Area 2000 (m?) Area2010 (m2)  Area2020 (m?) 2000 (%) 2010 (%) 2020 (%) 2003‘;0‘;%‘*(% ) 2013‘;5‘2%"'(0/0)
Water bodies 24,284,700 32,766,800 36,941,300 36 49 55 13 106
Agriculture 223,487,000 236,216,200 238,382,100 333 352 355 119 103
Forest 395,718,400 389,958,800 365,311,100 58.9 58.1 544 ~08 37
Built-up area 12,233,100 12,051,600 23,268,300 18 18 35 0.0 17
Vacant land 16,032,500 762,300 7,852,900 24 0.1 12 23 11

4.2. Land Use Change Transition

The transition matrix for 2000-2010 shows that forest and agriculture were the most
persistent land use classes in the Lenggong catchment. Forest recorded the highest persis-
tence, with 56.4% of the catchment remaining as forest in 2010, followed by agriculture with
29.4%. This indicates that the overall landscape during this period remained largely domi-
nated by forest and agricultural land. However, several important land use conversions
were observed. The largest conversion from water bodies was to agriculture, accounting
for 1.0%, while agriculture experienced conversions to water bodies, forest, and built-up
areas. Conversion to agriculture also encompassed forest (1.9%) and vacant land (1.9%),
indicating that some forested and open or unused areas were brought into agricultural
use. Overall, the 2000-2010 period was mainly characterized by relatively stable forest and
agriculture, with moderate conversion between natural, agricultural, and developed land
uses. It suggests that the 2010-2020 interval exhibited a more aggressive shift in landscape
dynamics, with forest persistence dropping markedly while conversions to agriculture and
built-up areas accelerated. This mirrors trends in other Malaysian catchments, such as the
Perak River catchment, where dense forests declined substantially amid rapid barren and
urban expansion from 2000 to 2020 [2], and the Selangor state, which saw built-up land
increase by 7.5% from 1999 to 2017 alongside natural vegetation loss [28]. Table 3 shows
the transition matrix of land use changes between 2000 and 2010.

However, the 2010-2020 transition matrix indicates stronger land use transformation,
especially involving agriculture and built-up areas. While agriculture remained an im-
portant class that constituted 28.2% of the catchment in 2020, it also recorded the greatest
total change at 7.2%, with conversions to water bodies, forest, built-up areas, and vacant
land. The 2.3% increase in agriculture’s conversion into built-up areas further suggests
greater pressure to develop during this period. Moreover, forest remained the largest
persistent class at 52.4%, but it also experienced conversion to agriculture, built-up areas,
and vacant land. Compared with the earlier period, built-up expansion became more
visible after 2010, reflecting increased development within the catchment. Overall, the
land use change results show that the Lenggong catchment experienced gradual but clear
landscape transformation from 2000 to 2020, mainly involving forest reduction, agricultural
adjustment, and expansion of built-up areas. This pattern is important because land use
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change around the Lenggong UNESCO heritage landscape may influence environmental
quality, catchment condition, and heritage-sensitive planning. Specifically, the intensi-
fication of built-up areas and the systematic conversion of agricultural land highlight a
critical shift toward urban-induced landscape modification [29]. To further quantify these
spatial dynamics, a transition matrix can highlight the specific class-to-class trajectories,
where the non-diagonal entries reveal the precise area diverted from one land use system
to another [30]. Table 3 illustrates the transition matrix of land use for 20002010 and
2010-2020.

Table 3. Land use transition matrix for 2000-2010 and 2010-2020 in the Lenggong catchment.

Vacant Land Total Change

Period Initial Land Use =~ Water Bodies (%)  Agriculture (%)  Forest (%)  Built-Up Area (%) %) (%)
2000-2010 Water bodies 24 1.0 0.2 0.02 0.04 1.26
2000-2010 Agriculture 1.8 29.4 1.1 1.1 0.1 4.10
2000-2010 Forest 0.4 1.9 56.4 0.1 0.01 241
2000-2010 Built-up area 0.1 1.1 0.1 0.5 0.005 1.31
2000-2010 Vacant land 0.1 1.9 0.2 0.1 0.004 2.30
2010-2020 Water bodies 2.9 1.6 0.1 0.3 0.04 2.00
2010-2020 Agriculture 2.1 28.2 1.8 2.3 1.0 7.20
2010-2020 Forest 0.3 1.9 52.4 0.3 0.1 2.60
2010-2020 Built-up area 0.1 1.0 0.1 0.5 0.05 1.30
2010-2020 Vacant land 0.04 0.04 0.02 0.004 0.0 0.20

4.3. Model Validation Using Kappa

The ANN-CA simulation generated a high degree of agreement for both calibration
periods. The Kappa validation value for 2000-2010 was 0.94, with a minimal validation
error of 0.01. This suggests a significant degree of agreement between the model and
the observed land use shift. Meanwhile, the Kappa validation value for 2010-2020 was
0.902, while the lowest validation error was 0.01289. It denotes a very strong agreement
between the simulated and observed land use patterns, although being somewhat lower
than the 2000-2010 timeframe. These findings show that the ANN model was successful
in capturing the transition behavior of the main land use classifications, especially the
persistence of agriculture and forests. This high level of accuracy underscores the reliability
of the ANN-CA framework to effectively model complex spatiotemporal LULC transitions,
even as development pressures intensify within the region [31].

Further validation using the simulated 2020 land use map also revealed an overall
validation accuracy of 83.1%. The Kappa overall score of 0.71 indicated a significant degree
of agreement between the simulated and real 2020 land use maps. The model was also
proven effective in estimating the number or percentage of land use classes, as evidenced by
the Kappa histogram value of 0.93. The Kappa location value of 0.75 further demonstrated
the model’s satisfactory agreement in the spatial distribution of land use classes.

Additionally, the multiple-resolution budget obtained increasing agreement values
throughout resolution levels. It suggests that model performance increases when spatial
comparison is evaluated at larger neighborhood sizes. Overall, these validation results
show that the ANN-CA model is capable of accurately predicting future patterns of land
use in the Lenggong catchment. These metrics also surpass the minimum threshold of
0.80 generally required for robust land use prediction, confirming the model’s suitability
for simulating future landscape trajectories under various developmental scenarios [32].
Building upon this validation, the transition potential matrix derived from these calibrated
parameters provides the foundation for forecasting future land-cover states, ensuring that
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simulations remain consistent with historical conversion trends [33]. Table 4 shows the
Kappa validation results from the land use prediction model.

Table 4. Validation results of the ANN—CA land use prediction model.

Validation Component Value Interpretation
Kappa validation, 2000-2010 0.940 Very strong agreement
Minimum validation error, 2000-2010 0.010 Low error
Overall deviation, 2000-2010 —0.003 Very small deviation
Kappa validation, 2010-2020 0.902 Very strong agreement
Minimum validation error, 2010-2020 0.013 Low error
Overall deviation, 2010-2020 —0.005 Very small deviation
Validation accuracy 83.1% Good model accuracy
Kappa overall 0.710 Substantial agreement
Kappa histogram 0.930 Very strong quantity agreement

Kappa location

0.750 Substantial spatial agreement

4.4. Future Land Use Prediction

The land use prediction map for 2040 shows that the Lenggong catchment is expected
to remain dominated by forest and agricultural areas. Forest is projected to cover the
largest proportion of the catchment, accounting for 54.1% of the total area. This is slightly
lower than the forest area in 2020 (54.4%), indicating a small, continued reduction in
forest cover. Agriculture is predicted to become the second dominant land use class,
increasing to 36.1% from 35.5% in 2020. The observed and predicted trajectories can be
interpreted in relation to the spatial characteristics of the Lenggong catchment. Agricultural
land is concentrated mainly in the central valley and accessible lowland areas, where
gentler terrain and proximity to existing cultivated land may facilitate the continuation
or expansion of agricultural activities. The projected increase in agriculture reflects the
persistence of established rural land use practices and incremental conversion at the margins
of existing agricultural areas. Similarly, built-up expansion is spatially associated with
existing settlements and previously developed land, suggesting an outward extension of
established development rather than an entirely isolated pattern of growth. However, these
findings should be interpreted with caution since the current model does not account for
socioeconomic drivers, infrastructure investments, land ownership, or planning approvals
as explanatory variables. Furthermore, the available PlanMalaysia data do not allow the
increase in built-up land to be attributed reliably to individual residential, commercial,
industrial, or transportation subcategories. The spatial distribution shown in the prediction
map suggests that agricultural land remains concentrated mainly in the central valley
and lowland areas, while forest continues to dominate the surrounding upland and hilly
areas of the catchment. Figure 4 shows the land use prediction map for 2040 generated
using ANN-CA.

Table 5 shows the predicted land use distribution for 2040 in the Lenggong catchment.
Built-up areas are predicted to increase from 3.5% in 2020 to 3.8% in the future scenario.
The increase, although small, indicates significant development pressure in the Lenggong
catchment, especially near settlements, roads, and areas adjacent to built-up areas. Water
bodies are also predicted to cover 5.2%, denoting a slight reduction compared to 5.5% in
2020, while vacant land is expected to decrease from 1.2% in 2020 to 0.9%. Overall, the pre-
diction results suggest that future land use change in the Lenggong catchment will likely be
characterized by gradual agricultural and built-up expansion, minor forest reduction, and
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decreasing vacant land. It aligns with established long-term trends, where the escalation of
human-triggered landscape change frequently requires strict scenario-based planning for
balancing heritage preservation with regional economic development [34]. This pattern is
important for heritage-sensitive planning because even small increases in built-up areas
near the Lenggong UNESCO heritage landscape may influence environmental quality,
landscape character, and long-term conservation management. The findings also support
previous studies advocating the significance of landscape predictions for identifying areas
vulnerable to fragmentation from ongoing conversion pressures [35].
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Figure 4. ANN-CA-predicted land use distribution within the Lenggong catchment for 2040.

Table 5. Predicted future land use distribution in the Lenggong catchment.

No. Land Use Class Predicted Land Use (%)
1 Water bodies 5.2
2 Agriculture 36.1
3 Forest 54.1
4 Built-up areas 3.8
5 Vacant land 0.9
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4.5. Implications for Heritage Landscape Management

The 1 km buffer analysis surrounding the Lenggong heritage area shows significant
changes in land use within the surrounding environment. Agriculture remained a dominant
land use within the buffer area, but its proportion declined from 48.7% in 2000 to 47.8%
in 2010 and 45.3% in 2020 and is projected to decrease to 44.8% in the future scenario.
The forest area exhibited a decreasing trend from 41.6% in 2000 to 39.7% in 2020, with an
anticipated further reduction to 38.6% in the projected scenario. The proportion of vacant
land also dropped from 4.9% in 2000 to 1.9% in 2020, with predictions indicating a further
reduction to 1.1% in the future. These changes indicate that the land surrounding the
heritage site is increasingly utilized, which may result in reduced vacant land over time.

The most significant change within the 1 km buffer is the expansion of developed
areas. Developed land increased from 3.6% in 2000 to 4.2% in 2010 and 10.5% in 2020.
Future predictions show that developed areas may expand to 13.2%. This pattern indi-
cates increasing developmental pressure in the Lenggong heritage region, which can be
attributed to community expansion, road construction, tourism facilities, utilities, public
infrastructure, and other services. From the heritage landscape management perspective,
urban expansion is not necessarily negative since infrastructure is essential for enhancing
accessibility, visitor facilities, tourism attractions, safety, and local economic advantages.
However, such development must be carefully managed to avoid adverse impact on the
archaeological context, visual landscape character, environmental integrity, or long-term
conservation significance of the Lenggong cultural landscape. In this context, integrat-
ing archaeological impact assessments into local planning frameworks can ensure that
future development does not compromise the preservation of the landscape’s unique
heritage assets [36]. Furthermore, adopting an integrated management model that ac-
counts for the “spread-integrate—connect” patterns typical of urban fringe development
can provide a framework to reconcile these protection mandates with regional economic
requirements [37]. Table 6 shows the land use distribution within the 1 km buffer zone
surrounding the Lenggong heritage area for 2000, 2010, 2020, and the future projected
scenario 2040.

Table 6. Land use distribution within the 1 km buffer of the Lenggong heritage area.

Land Use Class 2000 (%) 2010 (%) 2020 (%) Future Prediction (%)
Water bodies 1.1 2.3 2.7 2.3
Agriculture 48.7 47.8 45.3 44.8
Forest 41.6 43.6 39.7 38.6
Built-up areas 3.6 42 10.5 13.2
Vacant land 49 2.1 1.9 1.1

Previous land use prediction studies at other UNESCO World Heritage Sites have
identified similar pressures. In the Angkor region of Cambodia, CA-Markov modelling
projected continued built-up expansion associated with tourism and road-oriented devel-
opment, with increasing encroachment around monuments and protected buffer zones [38].
At the Kaziranga World Heritage Site in India, CA-Markov predictions demonstrated
continued transitions in built-up land, agricultural areas, grassland, forest and water bodies
within the surrounding eco-sensitive zone [38]. Similarly, the modelling of the Ngorongoro
World Heritage Site in Tanzania projected increases in cultivated and built-up land accom-
panied by reductions in forest and woodland under a business-as-usual scenario [22]. These
international findings are consistent with the predicted agricultural and built-up expansion
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in Lenggong and demonstrate the value of land use modelling as an early-warning tool for
protecting sensitive heritage landscapes.

Recent advances in spatial land use planning demonstrate that predictive mapping can
be extended into more transparent and operational decision-support frameworks. Adiguzel
et al. integrated fuzzy multi-criteria evaluation, CatBoost, SHapley Additive exPlanations
(SHAP), and the Non-dominated Sorting Genetic Algorithm II (NSGA-II) to identify the
environmental and anthropogenic factors influencing zoning decisions and to optimize
trade-offs among conservation, controlled use, and development priorities [39]. Similarly,
Esen et al. developed a hybrid framework combining expert-derived rules and explainable
machine learning to translate socio-ecological indicators into operational zones for strict
conservation, managed use, development guidance, and restoration [40]. Compared with
these decision-oriented approaches, the ANN-CA model applied in the present study
primarily identifies the probable spatial trajectories of land use change by 2040 but does not
explain the relative contribution of individual driving variables or optimize land allocation
among competing planning objectives. Therefore, future research should integrate SHAP-
based interpretation, expert-defined planning constraints, and multi-objective optimization
with ANN-CA predictions to convert projected land use pressure into transparent and
heritage-sensitive zoning recommendations for the Lenggong catchment.

The buffer analysis highlights the significance of heritage-sensitive planning within
the surrounding 1 km area. The expansion of agriculture and built-up land may have
implications for the OUV of the Archaeological Heritage of the Lenggong Valley. The
property is recognized under Criteria (iii) and (iv) for its exceptional evidence of human
occupation from the Palaeolithic to later prehistoric periods and undisturbed in situ stone-
tool workshops associated with ancient river gravel beds and palaeolake environments.
Further agricultural expansion, particularly intensive plantation development, may alter
the traditional and visual landscape setting, increase soil disturbance and erosion, and
affect areas with potential undiscovered archaeological deposits. UNESCO has already
recognized the influence of industrial agricultural plantations on the visual integrity of
the property [41]. Increasing built-up land may create additional pressure through land
clearing, excavation, ground levelling, infrastructure construction, and landscape fragmen-
tation. These processes could weaken the physical and visual relationships among the
archaeological sites, ancient river systems, palaeolake setting, and surrounding landscape
that contribute to the integrity and authenticity of the property.

Although controlled infrastructure development can improve access, visitor manage-
ment, and local economic opportunities, new development should be subject to appropriate
heritage-impact assessment and planning controls to avoid potential adverse impact on
the attributes supporting the property’s OUV. Subsequently, future urban development
must comply with appropriate zoning, sustainable design, landscape preservation, and
regulatory control mechanisms. Infrastructure, including access roads, tourist centers, signs,
parking facilities, public facilities, and tourism-related businesses, must be strategically lo-
cated to avoid disrupting sensitive archeological sites and natural landscape characteristics.
Moreover, the decline of forest and agricultural land should be regulated since these land
uses contribute to the rural character, ecological stability, and cultural landscape identity
of Lenggong. The predicted expansion of built-up regions highlights the importance of
balancing heritage conservation with sustainable tourism and local development. In this
context, a 1 km zoning buffer functions as a critical mechanism to decouple detrimental
human activities from sensitive heritage assets, effectively guiding land use compatibility
in the peri-urban fringe [42]. Adopting dynamic governance models, such as Adaptive
Resource Management, can further support this balance by facilitating social planning
that reconciles tourism demands with the preservation of cultural integrity [43]. Despite
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its satisfactory validation performance, the ANN-CA model assumes that the historical
land use transition patterns observed during the calibration period will persist in the
future. Therefore, the 2040 prediction should be interpreted as a trend-based scenario
rather than a deterministic forecast. Future policy changes, tourism growth, infrastructure
projects, socioeconomic conditions, and climate-related factors may change the land use
trajectories; however, they were not explicitly represented in the present model. These
uncertainties should be considered when using the prediction to support planning and
conservation decisions.

5. Conclusions

This study analyzed historical land use changes and predicted future land use patterns
in the Lenggong catchment, which surrounds the Lenggong UNESCO heritage landscape
and forms part of the Sungai Perak catchment. PlanMalaysia land use data from 2000, 2010,
and 2020 were used to categorize land use into five primary classifications: water bodies,
agricultural, forest, built-up areas, and unoccupied land. The findings show that forestry
and agriculture consistently remained primary land use categories during the study period.
However, forest cover had a decreasing pattern, whilst agricultural and urban regions
showed progressive development. The transition matrix further demonstrated that land
use transformation mainly involved the transfer of forest, agricultural, and unoccupied
land into more dynamic land uses, particularly developed regions. The ANN—-CA model
also produced acceptable validation results, indicating its suitability for forecasting future
land use changes within the catchment area. The combination of various machine learning
methodologies provides important insights for decision-makers to develop resilient spatial
planning and zoning rules that protect cultural heritage.

Future land use predictions predict that the Lenggong watershed will remain domi-
nated by forest and agricultural land, but built-up areas are anticipated to expand further.
This growth is especially significant within the 1 km buffer surrounding the Lenggong cul-
tural heritage site, where developed areas escalated from 3.6% in 2000 to 10.5% in 2020 and
are projected to attain 13.2% in the future. It signifies escalating developmental pressure
next to the heritage zone. While urban growth can enhance heritage tourism by improving
infrastructure, accessibility, visitor facilities, public services, and local economic activities,
it requires careful management. Uncontrolled expansion may affect the archaeological
context, rural landscape preservation, environmental quality, and long-term conservation
significance of the Lenggong cultural landscape. Additionally, land use prediction offers
valuable geographical data for heritage-sensitive planning, buffer zone management, and
sustainable catchment development. Planners can implement this simulation approach
to effectively balance necessary infrastructure growth with the imperative to maintain
ecological stability and cultural heritage. Future research can further refine these models
by incorporating multi-temporal variables to enhance the accuracy of spatial trajectory
predictions, ensuring that local development policies remain responsive to changing envi-
ronmental and socioeconomic dynamics.

Future studies can enhance this approach by applying more specific land use sub-
classes rather than solely focusing on five broad categories. The built-up class can be
categorized into residential, commercial, industrial, transportation, utilities, and public
facilities to enhance comprehension of the specific development types surrounding the
heritage site. Agriculture can be categorized as paddy, plantation, orchard, and other
varieties, whereas forests can be classified as forest reserve, secondary forest, or disturbed
forest. Incorporating supplementary spatial driving elements, such as proximity to high-
ways and rivers, elevation, slope, population density, tourism facilities, and protected
areas, will improve the predictive model. The novelty of this study lies in integrating
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catchment-scale ANN-CA land use prediction with a focused assessment of development
pressure within a 1 km buffer surrounding a UNESCO archaeological landscape. By link-
ing historical land use transitions and the 2040 prediction with the wider hydrological
and landscape setting of Lenggong, the study extends conventional land use modelling
beyond general change detection toward heritage-sensitive spatial planning. This approach
provides a transferable framework for identifying emerging land use pressure, guiding
development control, and supporting long-term conservation planning in other heritage
landscapes where environmental protection, local development, and tourism must be
carefully balanced.
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