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INTRODUCTION

Infrastructure development and population 
growth in a region significantly impact the in-
creasing demand for land (Ghatak & Mookher-
jee, 2014). The development of transportation 
corridors enhances regional accessibility, attracts 
concentrations of new growth centers, and alters 
land prices. Consequently, the structure, type, and 
intensity of land use are subject to change (Badoe 
& Miller, 2000; Kasraian et al., 2016; Shaw & 
Xin, 2003; Xiao et al., 2024). According to the 
“patch-corridor-matrix” theory, transportation 
corridors are viewed as specialised pathways that 
traverse the matrix of natural landscapes, creat-
ing new patches (Xiao et al., 2024). This alters 

connectivity and edge effects between patches, 
modifying the existing landscape patterns (Jaeger 
et al., 2008; Xiao et al., 2024). 

The dynamics of development, alongside rap-
id population growth due to migration and urban-
isation, create a gap between land demand and the 
limited availability of land resources. This scenario 
drives land-use competition, subsequently affect-
ing regional development and land-use changes 
(Wenbo et al., 2024). Land use planning must in-
volve allocating existing land use and formulating 
future land-use patterns, considering physical, so-
cial, cultural, and economic dimensions (Alemu 
et al., 2024; Jiang et al., 2024). These dynamics 
intensify the pressure on spatial utilisation and land 
use, particularly in regions with strategic locations 
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or significant economic value (Csomós et al., 
2024). Increased land competition results in vari-
ous issues and conflicts related to spatial utilisation 
(Qin et al., 2024). The results of the study indicate 
that infrastructure development and the increased 
demand for housing often lead to the sacrifice of 
rice fields, resulting in a reduction of agricultural 
land (Ge et al., 2024). The continued conversion 
of agricultural land for non-agricultural purposes 
threatens food security and could lead to a food cri-
sis (Nguyen et al., 2016). Land degradation has nu-
merous adverse effects, including environmental 
damage, declining environmental quality, and de-
struction of natural resources (Mamat et al., 2016; 
Purwanto & Andrasmoro, 2021), reduced land 
carrying capacity, loss of ecosystem productivity, 
vegetation composition shifts, and the loss of rural 
livelihoods (Purwanto & Andrasmoro, 2021). 

Many research have examined the so-
cio-economic impacts of road development on 
communities. Infrastructure development in-
fluences socio-economic transformation differ-
ently across various regions (Sun et al., 2024). 
Some areas may retain their original attrib-
utes, including agricultural zones, while others 
evolve into new urban centres (von Groß et al., 
2024). The expansion of agricultural activities 
and practices around road construction zones 
drives land cover and land-use changes (Sun 
et al., 2024). These changes are often irrevers-
ible, as demonstrated by the transformation of 
forested areas into urban spaces, such as set-
tlements, which are difficult to revert to their 
original forest state due to factors such as ge-
ography, politics, funding, and advancements 
in science and technology (Jiang et al., 2024). 

Land-use projection is essential for spatial 
planning, natural resource management, and en-
vironmental change mitigation (Aidi & Maulana, 
2020; Geng et al., 2022; Lin et al., 2023; Moline-
ro-Parejo et al., 2023). Techniques for forecasting 
land cover and land-use change are diverse and 
continue to evolve with advancements in tech-
nology and science (Geng et al., 2022). Cellular 
automata (CA) methodology is one of the most 
commonly used approaches for exploring region-
al spatial dynamics (Chen & Dong, 2024). Cellu-
lar automata (CA) is a mathematical framework 
utilised to model complex systems that evolve 
dynamically through simple local rules (Barreira-
González et al., 2015). Cellular automata (CA) 
is applied in geospatial analysis to predict land 
cover and land-use changes by considering the 

interactions of grid cells (Lin et al., 2023; Mo-
linero-Parejo et al., 2023).

Barru Regency, where the Takkalasi-Bain-
ange-Lawo primary collector road is being de-
veloped, is primarily located within the adminis-
trative areas of Takkalasi Subdistrict and Kamiri 
Village in Balusu Subdistrict. Initial land use in 
the development area was predominantly pro-
tected forest, which has since been re-designated 
as land for other uses. Furthermore, much of the 
land bordering the road is classified as production 
forest, community forest, or protected forest. In-
frastructure development often leads to land-use 
changes in adjacent areas (Xiao et al., 2024).

This research project aims to model antici-
pated land-use changes in the Takkalasi-Bain-
ange-Lawo road development zone by utilising 
the cellular automata (CA) framework as a spatial 
analysis technique based on geographic infor-
mation systems (GIS). This simulation provides 
insights into the potential evolution of land use 
along the proposed road, highlighting factors 
influencing these shifting patterns (Al-Darwish 
et al., 2018; Ma et al., 2024). The technique of-
fers a comprehensive understanding to improve 
spatial planning and land management, ensuring 
that infrastructure development maximises bene-
fits while minimising adverse environmental and 
community impact (Chen & Dong, 2024). 

MATERIAL AND METHODS

The research was conducted at the Balusu 
Subdistrict of Barru Regency, Indonesia, where 
the Takkalasi-Bainange-Lawo road develop-
ment was situated. Balusu Subdistrict covers an 
expanse of 11.321,9 hectares and consists of six 
villages: Takkalasi, Lampoko, Balusu, Kamiri, 
Binuang, and Madello (Badan Pusat Stastitik Ka-
bupaten Barru, 2024). The spatial location of the 
research area is presented in Figure 1.

The projection simulation for land use change 
employs the cellular automata method alongside 
Landuse Sim software. The cellular automata ap-
proach includes all elements organised as cells, 
where all variables in shapefile format are con-
verted into 10×10 rasters and then transformed 
into ASCII data to model land use change (Jam-
aluddin & Parung, 2024; Pratomoatmojo, 2018). 
Land use change modelling has three phases: 
preparation, simulation, and visualisation. The 
QGIS application is employed during the data 



3

Ecological Engineering & Environmental Technology 2025, 26(4), 1–12

preparation and data visualisation phases. The 
data simulation phase utilises the LanduseSim 
application. The modelling approach begins with 
identifying driving factors, creating an initial po-
tential transition map, establishing a neighbour-
hood filter, developing transition rules, and con-
ducting simulations (Pratomoatmojo, 2018). 

 
𝐿𝐿𝐿𝐿𝑖𝑖 𝑥𝑥,𝑦𝑦

𝑡𝑡+1  = 
𝑓𝑓(𝐿𝐿𝐿𝐿𝑥𝑥,𝑦𝑦

𝑡𝑡 , 𝑇𝑇𝑇𝑇𝑖𝑖𝑥𝑥,𝑦𝑦, 𝐺𝐺𝑖𝑖𝑥𝑥,𝑦𝑦, 𝐶𝐶𝑖𝑖𝑥𝑥,𝑦𝑦, 𝐸𝐸𝑖𝑖𝑥𝑥,𝑦𝑦, 𝑍𝑍𝑖𝑖𝑥𝑥,𝑦𝑦, 𝑇𝑇𝑇𝑇) 
(1) 
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– the state of the previous land use class 
before simulated on certain cell (x,y), 
TPix,y – transition potensial map of land 
use cs on certain cell (x,y), Gix,y – number 
of expected cell growth from land use cs at 
the time t+1, Cix,y– the growth constraints 
of land can be represented by specific land 
uses that cannot be converted into land use 
type i or zones designated for protection 
or conservation. Constraint areas are typ-
ically used to represent specific land uses 
that cannot be transformed into land use 
type i, Eix,y – the elasticity of change for a 
specific land use to be converted into land 
use type I, Zix,y – zoning systems, such as 
land use plans, disaster-prone areas, and 
promoted growth zones, TS – the time step 
of the cellular automata (CA) iteration.

The preparation phase entails establishing the 
files and analytical parameters and generating and 
transforming accessible maps that will proficiently 

facilitate the land use growth study. The prepara-
tory step guarantees that all pertinent spatial data 
and driving variables required for the LanduseSim 
simulation are accessible and adequately formatted 
(Al-Darwish et al., 2018; Pratomoatmojo, 2018).

The driving factors used in this study were 
adapted from those employed in previous re-
search and derived from various references rel-
evant to the characteristics of the study area. 
The driving factors utilised in this research are 
detailed in Table 1. These parameters were sub-
sequently employed to generate buffer maps for 
assessing land use according to their impact and 
spatial distribution within the research area. An 
analytical hierarchy process (AHP) was per-
formed with ten participants, comprising ac-
ademics, practitioners, and members from the 
Barru Regency Government in Indonesia using 
the Expert SA application (Jamaluddin & Pa-
rung, 2024; Pratomoatmojo, 2018). This proce-
dure evaluates the driving factors and generates 
final weights that indicate the relative signifi-
cance of each element in facilitating land-use 
change (Jamaluddin & Parung, 2024).

In addition to the driving factors, constraint 
data must be prepared for the simulation (Ja-
maluddin & Parung, 2024). Constraints consist 
of spatial planning policy regulations that apply 
to the study area, which limit land use changes 
(Jamaluddin & Parung, 2024; Paddiyatu et al., 
2023). The constraints used in this study include 
the designation of forest areas, slope gradients, 
sustainable agricultural land for food production, 
coastal and river buffer zones, and flood-prone 

Figure 1. Map of the research area
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disaster areas (Jamaluddin & Parung, 2024; Lin 
et al., 2023; Molinero-Parejo et al., 2023). 

The subsequent stage entails modifying the 
cell dimensions to forecast land expansion. The 
Landuse Sim application offers two cell size op-
tions: 3×3 cells and 5×5 cells. The assessment of 
cell size seeks to ascertain the growth rate. The 
growth rate in the Landuse Sim system can be as-
certained through two methodologies: the trend-
based approach and the target-based approach 
(Jamaluddin & Parung, 2024; (Bris et al., 2021). 
The neighborhood filter to be used is 5×5 based 
on the use of a small cell size, which requires a 
wider neighbourhood impact to produce more co-
hesive results (Pratomoatmojo, 2018).

The next step is to formulate transition regula-
tions. Jamaluddin and Parung (2024) identify five 
fundamental guidelines to be established in the Lan-
duseSim process. The regulations encompass the 
allocation of codes to each land use category, the in-
corporation of the previously developed suitability 
map, the identification of growth cell quantities, the 
establishment of dynamic variables, and the specifi-
cation of conversion probability values (Paddiyatu 
et al., 2023). Upon the establishment of transition 
rules, the Landuse Sim simulation can be initiated 
by entering the necessary parameters, including the 
projection date, the initial land use map, the transi-
tion rule set, environmental filters, and the time step 
(Al-Darwish et al., 2018; Pratomoatmojo, 2018). 
An analysis was conducted to assess the develop-
ment of an area based on land use by examining the 
land use change trends in the village areas based on 
the projected shifts in land use. These trends can be 
classified into urban land use and rural land use pat-
terns (Jia et al., 2024; Sari & Santoso, 2017). The 
criterion for urban land use is the percentage of agri-
cultural land use, including rice fields, dry land gar-
dens, shrubs, mangroves, ponds, and forests, which 

ranges from >0% to 25%. In contrast, the criterion 
for rural land use is characterized by agricultural 
land use percentages ranging from >75% to 100% 
(Sari & Santoso, 2017). 

RESULT

Land use in 2023

The research area is categorized into 11 distinct 
land uses: fields, mixed gardens, shrubs, forests, 
ponds, paddy fields, rivers, mangroves, settlements, 
industry, and commerce and services. Forests repre-
sent the predominant land use in the eastern section 
of the research area. The spatial distribution of these 
land use types is illustrated in Figure 2.

The land use data in Table 2 indicate that 
the study area is predominantly characterised by 
natural environments, such as forests and shrub-
lands, with a smaller proportion of land allocated 
for human activities, including settlements and 
commercial areas. Forests represent the most 
prominent land use type, covering 54,8% of the 
total area, highlighting the dominance of forested 
regions. Shrub rank second in land use, account-
ing for 13,5% of the total area, typically compris-
ing unmanaged or minimally managed areas. In 
contrast, other land uses, including residential 
areas, commercial and service zones, industrial 
activities, and mangrove ecosystems, occupy sig-
nificantly smaller portions of the total area.

Driving factors and constraint

In this research, the regulations identified as 
constraints consist of five types of rules, includ-
ing the designation of forest areas, the regulation 
of sustainable food agricultural land use, slope 

Table 1. Driving factors reference
Driving factors Previously studies

Distance to arterial roads (Al-Darwish et al., 2018; Lin et al., 2023; Rakuasa et al., 2022; Yue et 
al., 2024)

Distance to collector roads (Al-Darwish et al., 2018; Lin et al., 2023; Paddiyatu et al., 2023; 
Rakuasa et al., 2022; Yue et al., 2024)

Distance to local roads (Lin et al., 2023; Paddiyatu et al., 2023; Rakuasa et al., 2022; Yue et 
al., 2024)

Distance to railway stations (Lin et al., 2023)

Distance to built-up areas (Al-Darwish et al., 2018; Paddiyatu et al., 2023)

Distance to economic centers (Al-Darwish et al., 2018; Lin et al., 2023; Molinero-Parejo et al., 2023)

Distance to tourist attractions (Yue et al., 2024)

Distance to facilities (Molinero-Parejo et al., 2023)
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gradient, coastal and river setbacks, and disaster-
prone areas. The results and discussion may be pre-
sented separately, or in one combined section, and 
may optionally be divided into headed subsections. 

The forest area regulations in the study region 
consist of two types: protected forest areas and 
production forest areas. The slope classification in 
the study area is divided into five categories: flat 
(0–8%), gentle (8–15%), moderately steep (15–
25%), steep (25–45%), and very steep (>45%). 
Disaster-prone areas, based on InaRISK data, in-
clude flood-prone zones, which are categorized 
into three levels of vulnerability: high, medium, 
and low. Constraints, such as sustainable food ag-
ricultural regulations and coastal and river buffer 

zones, are considered unclassified. The five spa-
tial datasets were overlaid to create a single con-
straint map encompassing these regulations. The 
constraint factor map is shown in Figure 3.

The results of the AHP Analysis show a con-
sistency ratio (CR) value of 0.009. The CR value 
indicates that the resulting weights are considered 
consistent enough and can be used for further 
analysis. The resulting weight values are present-
ed in the Table 3.

The distance map in Figure 4 shows the range 
of the drivers. The blue color on the map indi-
cates that the area is getting closer to the driving 
factor. Meanwhile, the red color indicates that the 
area is farther away from the driving factor. The 

Figure 2. Land use in the research area in 2023

Table 2. Land use area in 2023

Landuse
Area

(ha) (%)

Field 1.206,7 10,7

Mixed garden 1.528,1 13,5

Shrubs 233,3 2,1

Forest 6.199,2 54,8

Pond 676,7 6,0

Paddy field 1.012,4 8,9

River 42,9 0,4

Mangrove 59,9 0,5

Settlement 295,2 2,6

Industry 43,0 0,4

Commerce and services 24,4 0,2

Total 11.321,9 100
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Figure 3. Constraints map

Table 3. Weight value of driving factors
Driving factors Weight value
Arterial road 0,2384

Collector road 0,1343
Local road 0,0464

Train station 0,1041
Built-up land 0,1656

Economic center 0,1782
Tourism objects 0,0602

Facilities 0,0728

Figure 4. Distance map of driving factors: (a) distance to arterial road, (b) distance to collector road, 
(c) distance to local road, (d) distance to built-up land, (e) distance to trains station, 

(f) distance to tourism object, (g) distance to economic centre, (h) distance to facilities

yellow color on the map shows the area that is be-
tween the closest area and the farthest area from 
the driving factor.

Simulation result

The simulation of projected land-use changes 
in the study area over the next 20 years reveals 
variations in the extent of several land-use types. 
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Six of the 11 land-use categories experienced 
changes, while five remained unchanged. The 
six changed land-use types include upland fields, 
mixed gardens, paddy fields, settlements, indus-
try, commerce, and services. Meanwhile, the five 
stable land-use types are shrubs, forests, ponds, 
rivers, and mangroves. The projected land use for 
the years 2023 to 2043 can be seen in Figure 5. 

According to the land-use area data presented 
in Table 4 to 5, upland fields experienced a slight 
annual decline, decreasing from 1.206,7 hectares 
in 2023 to 1.200,5 hectares in 2043. This indi-
cates a gradual land conversion driven by the in-
creasing demand for settlements, industry, com-
merce, and services. Similarly, mixed gardens 
underwent a conversion of 76,6 hectares into 
settlements, industry, commerce and services. 
Ponds also experienced a land-use shift, with 0,3 
hectares converted into settlements and industrial 
areas. Paddy fields were similarly affected, with 
12,5 hectares converted into settlements, indus-
try, commerce and services.

Settlements are another land-use type that 
changed. Settlement areas are projected to con-
vert 31,5 hectares into industrial areas and 0,5 
hectares into commerce and services areas. 
However, this does not result in a reduction in 
the total settlement area by 2043. Instead, the 
settlement area increases due to conversions 
from other land uses into new settlement areas, 
reaching 328,2 hectares. Commerce and services 
land experienced a slight decline in 2023, pri-
marily due to conversions into settlement and 
industrial areas. While commerce and services 
areas also gained some land from conversions of 
other uses, the total gain did not offset the losses, 
resulting in a net decrease in area. Industrial land 
use stands out as the only category that did not 
convert into other land uses. Instead, it experi-
enced significant expansion through conversions 
from other land types, including paddy fields, 
upland fields, mixed gardens, settlements, and 
commerce and services areas. Initially covering 
43 hectares, industrial land gained an additional 

Figure 5. Map of simulation results in 2023–2043
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71,7 hectares from these conversions, resulting 
in 114,6 hectares by 2043. The graph depicting 
changes in land use area from 2023 to 2043 is 
presented in Figure 6.

In Figure 7, which illustrates land-use maps 
for 2023 and 2043, three distinct zones show no-
table land-use changes. Zone 1 is the area that 
shows the conversion of fields, mixed gardens, 
and settlements into industrial land. Additional-
ly, there is a noticeable expansion of settlement 
areas, converting mixed garden land. In Zone 2, 
industrial land is shown to expand further in this 
area by converting mixed gardens, settlements, 
commerce and services areas, and paddy fields. 
The growth in Zone 2 is attributed to the presence 
of pre-existing industrial land in 2023, similar to 
Zone 1. In contrast to zones 1 and 2, zone 3 shows 

industrial land development in an area where no 
industrial land existed in 2023. However, the 
scale and extent of this development are smaller 
than in zones 1 and 2. The industrial land in Zone 
3 expands by converting settlements, mixed gar-
dens, and paddy fields. Settlement growth is also 
evident in this zone, primarily through the con-
version of mixed gardens and paddy fields.

Based on the projected land-use changes in 
2043, patterns of land-use tendencies can be ob-
served across the villages within the study area.

Table 6 reveals that all villages within the 
study area fall under rural land use. This classifica-
tion is evident from the percentage of agricultural 
land in all villages, which exceeds 75%. Ranked 
by the highest rate of agricultural land, Kamiri ex-
hibits the most prominent rural land-use pattern, 

Table 4. Land use change in 2023 and 2043

Landuse
Area (Ha)

Field Mixed garden Shrubs Forest Pond Paddy field River

Field 1.191,6 0 0 0 0 0 0

Mixed garden 0 1.451,5 0 0 0 0 0

Shrubs 0 0 233,3 0 0 0 0

Forest 0 0 0 6199,2 0 0 0

Pond 0 0 0 0 676,4 0 0

Paddy field 0 0 0 0 0 1.000 0

River 0 0 0 0 0 0 42,9

Mangrove 0 0 0 0 0 0 0

Settlement 0 0 0 0 0 0 0

Industry 0 0 0 0 0 0 0

Commerce and services 0 0 0 0 0 0 0

Grand total  in 2043 1.191,6 1.451,5 233,3 6.199,2 676,4 1.000 42,9

Table 5. Land use change in 2023–2043 (continued)

Landuse
Area (ha)

River Mangrove Settlement Industry Commerce and 
services Grand total in 2023

Field 0 0 10,9 4,0 0,2 1.206,7

Mixed garden 0 0 49,4 26,1 1,1 1.528,1

Shrubs 0 0 0 0 0 233,3

Forest 0 0 0 0 0 6.199,2

Pond 0 0 0,3 0 0 676,7

Paddy field 0 0 4,2 8,1 0,2 1.012,4

River 42,9 0 0 0 0 42,9

Mangrove 0 59,9 0 0 0 59,9

Settlement 0 0 263,2 31,5 0,5 295,2

Industry 0 0 0 43 0 43

Commerce and services 0 0 0,1 2 22,3 24,4

Grand total in 2043 42,9 59,9 328,2 114,6 24,3 11.321,9
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Figure 6. Land-use changes in the research area in 2023–2043

Figure 7. Three zones of land use change in the study area

Table 6. Land use pattern trend in 2043

Land classified Landuse
Land use area in 2043(Ha)

Balusu Binuang Kamiri Lampoko Madello Takkalasi

Agriculture

Field 249 595 226,9 26,8 1,7 92.2

Mixed garden 425 261,8 306,3 160,3 74,9 223.1

Shrubs 63, 1 23,7 128 2,3 9,7 6.6

Forest 1296,5 411,4 4461,1 0 0,3 29.9

Pond 0,5 192,2 0 40,2 166,3 277.2

Paddy field 403,9 22,4 41,8 134,1 159,3 238.5

Mangrove 0 13,9 0 13,7 21,3 11.1

Total 2438,0 1520,2 5164,1 377,4 433,5 878,7

Percentage 98,1 % 97,7% 99% 80% 76,6% 89,2%

Non-Agriculture

Settlement 40,8 33,6 50,8 54,1 75,7 73.1

Industry 0 0 0 39,4 54,7 20.6
Commerce and 

services 7,4 1,6 0 0,9 2,1 12.3

Total 48,2 35,2 50,8 94,3 132,5 106

Percentage 1,9% 2,3% 1% 20% 23,4% 10,8%
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followed by Balusu and, in third place, Binuang. 
The extensive areas of forest, fields, and mixed 
gardens in these three villages contribute to their 
solid rural land-use characteristics compared to 
the other three villages. Meanwhile, Madello, 
Lampoko, and Takkalasi also tend toward rural 
land-use patterns. However, when considering 
the percentage of non-agricultural land, these 
three areas demonstrate the potential to transition 
into urban land-use patterns in the future.

DISCUSSION

Based on the projected land use changes 
around the Takkalasi-Bainange-Lawo road devel-
opment area, it can be observed that, over the next 
20 years, no significant land use conversion is 
expected, particularly within the Takkalasi-Bain-
ange-Lawo corridor. This finding supports the 
principle of “everything remains unchanged,” as 
proposed by Liu et al. (2024), is also applicable 
to the study area. Although no significant changes 
are anticipated, it is still possible that more sub-
stantial land use changes may occur beyond the 
20-year period. Driving factors such as the devel-
opment of new transportation routes or the plan-
ning of new activity centers within the study area, 
aimed at maximizing the functionality of the Tak-
kalasi-Bainange-Lawo road, could serve as new 
catalysts for more significant land use changes. 

The analysis of the influence level of each 
driving factor on land use change shows that arte-
rial roads are the primary factor in land use chang-
es, which aligns with the projection results. Three 
zones exhibit land use changes, two of which are 
located within the arterial road corridor. The third 
zone is situated within the collector road corridor, 
which in this case refers to the Takkalasi-Bain-
ange-Lawo road. However, the land use changes 
observed are not solely attributable to the availabil-
ity of road networks, but also due to factors such as 
proximity to economic centers and the presence of 
built-up land. A comparison between the 2023 and 
2043 maps clearly indicates that land use changes 
are beginning to occur in areas where built-up land 
already exists, subsequently expanding by convert-
ing the surrounding land uses.

Land uses such as rivers, mangroves, 
shrubs, ponds, and forest areas have not ex-
perienced any land use changes. This is due 
to spatial planning regulations that prohibit 
land conversion in these areas, as they serve 

protective functions. Additionally, the slope 
gradient in these areas is categorized as mod-
erately steep to steep, which further restricts 
development. Similarly, rice fields have not 
undergone significant land use conversion 
due to regulations aimed at the protection of 
sustainable rice land. Under these regulations, 
certain rice fields are designated as protected 
areas. The protection of forest and rice land en-
sures food security and promotes harmonious 
development between ecological and econom-
ic aspects (Liu et al., 2024).

CONCLUSIONS

This research predicts land-use changes 
around the Takkalasi-Bainange-Lawo road de-
velopment in Barru Regency for 2023–2043, 
using the cellular automata (CA) methodology 
through the LanduseSim program. The analysis 
reveals significant changes in six land use cat-
egories, influenced by proximity to infrastruc-
ture and economic centres, while protected areas 
show stability due to spatial policies. The find-
ings emphasise the need for adjustments in spa-
tial planning policies in the study area to accom-
modate anticipated changes, incorporate envi-
ronmental mitigation techniques, and ensure the 
sustainability of agricultural and conservation 
zones to support overall sustainability. The re-
sults highlight that the presence of the Takkalasi 
Bainange Lawo collector road should be viewed 
as a crucial economic infrastructure, particu-
larly by utilising the Takkalasi-Bainange-Lawo 
road as a strategic connector to enhance inter-
regional connectivity. Addressing the ecological 
impacts of land conversion and the ecosystem 
restoration of degraded areas, especially ponds 
and affected agricultural lands, is a critical step. 
Furthermore, the potential for land conflicts can 
be reduced through an inclusive and transparent 
approach between the government, local com-
munities, and business stakeholders. 

To improve the imbalanced and inadequate 
land planning, rational allocation of land re-
sources, optimization of the functional layout of 
production spaces, residential areas, and ecolog-
ical zones, as well as the development of optimal 
urban and agricultural land planning and layout 
schemes, are necessary. This research provides 
valuable insights for sustainable spatial planning 
and infrastructure development.
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