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Abstract

Monitoring the location and extent of agroforestry land use land cover (LULC) in Lampung Province is critical for 
effective policy development and sustainable agroforestry management. However, existing monitoring efforts have 
been limited to small regions. This study addressed this gap by employing threshold values from five distinct 
vegetation indices (ARVI, EVI, GDVI, NDVI, and SAVI) derived from Landsat 9 OLI imagery to accurately identify 
and estimate agroforestry LULC across the Lampung Province. The data collection activities were carried out using 
a combination of Landsat 9 OLI satellite imagery acquisition, and ground truth validation on 7 classes of different 
land use (forest, agroforestry, dry land farming, ricefield, settlements, bare land, and water bodies) within 5,600 
points of interest (POI) inside 5 regencies as an area of interest (AOI). This study aimed to predict agroforestry area 
based on vegetation indices (VIs) threshold using the decision tree (DT) algorithm. The research process involved a 
series of systematic steps, beginning with satellite image data acquisition and preprocessing, VIs values extraction, 
and DT sequential for agroforestry areas. The DT computation incorporated the value of each LULC type on the 5 
VIs. The result showed that the overall accuracy reached 91.59% with a Kappa coefficient of 0.89, indicating a high 
level of accuracy for land cover identification. The DT algorithm calculation showed that the agroforestry in 
Lampung Province estimated spanned for 734,739.61 ha, determined only by NDVI and ARVI. The findings have 
significant implications for both policy development and agroforestry management. Accurate LULC classification 
enhances decision-making processes by providing reliable data on land use patterns, which can guide sustainable 
land management practices and support the creation of region-specific agroforestry policies. This research directly 
informs policymakers on the extent and distribution of agroforestry areas, offering a foundation for crafting 
strategies aimed at promoting sustainable land use while mitigating environmental degradation. The methodology 
also provides a scalable approach for other regions facing similar agroforestry and land management challenges.
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Introduction
 Agroforestry systems, which integrate commercial plant 
cultivation with forestry components such as trees, were 
employed by the local communities in Lampung Province to 
address their economic and environmental needs.  These 
systems have been established by combining various tree 
crops, many of which are food-producing plants, to create a 
diverse and sustainable land-use approach (Santoso et al., 
2023). These systems also encompass livestock farming, 
plantations, fisheries, and beekeeping. To manage these 
activities concurrently, adapted planting patterns were  
implemented by the preferences of the farmers and the 
characteristics of the landscape (Alhabsyi et al., 2020; 
Narendra et al., 2021; Santoso et al., 2021; Saufi & Saleh, 
2021; Visnhu, 2021; Harianto et al., 2022).

Agroforestry was selected as the mitigation strategy due 
to its established efficacy in addressing land use changes and 
constraints, thereby preventing the detrimental effects of 
environmental degradation  including pollution, erosion, ,
flooding, and landslides (Aryal et al. 2018; Gama-Rodrigues 
et al. 2021; Gosling et al. 2020; Octavia et al. 2022).

The advantages encompass farmers produce a diverse  to 
range of commodities and having the ability to plan harvests 

at different intervals and the capacity to plan harvests at 
various intervals, potentially generating a consistent and  
sustainable income throughout the year (Jezeer et al., 2019; 
Tschora & Cherubini, 2020; WarrenThomas et al., 2020). 
This stands in opposition to monoculture land management, 
in which producers are remunerated solely following the 
harvest season.

Agroforestry practices implemented in Lampung 
Province involve the cultivation of fruit-bearing trees such as 
pinang Areca catechu petai Parkia speciosa ( L.),  (  Hassk.), 
jengkol Pithecellobium lobatum c Coffea  (  Benth.), offee (
robusta  c Theobroma cacaoL. Linden), and ocoa (  L.), which 
are regarded as high-value plantation crops. Additionally, 
n Myristica fragransutmeg (  Houtt.) and other varieties with 
high economic value are incorporated as alternative families 
into the plantation practices (Wanderi et al., 2019; Prasetya et 
al., 2020; Afifah et al., 2021; Harianto et al., 2022).

The significance of the advantages associated with 
agroforestry must be substantiated by data-driven planning 
that is promptly and precisely executed so that it may serve as 
the foundation for establishing sustainable policies that are 
effective. Hence, the monitoring of agroforestry land extent 
and distribution is an urgent matter, as current monitoring 
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efforts in the Lampung Province region are confined to a 
small area and rely on recognition methods that combine 
channels (bands) and pixel values. Consequently, the image 
exhibits numerous deficiencies in object recognition, which 
can be attributed to the province's enormous size and the 
prevalence of clumsy vegetation.

An alternative approach involves the integration of 
threshold values from multiple vegetation indices (Vis), 
which are numerical values derived from remote satellite 
image data and serve as indicators of the extent of green 
vegetation within a given region, in order to classify 
agroforestry land use land cover (LULC) categories (Rahma, 
2020; Sari et al., 2022). VI is calculated using reflectance 
values of different wavelengths of light, such as red and near-
infrared, which are sensitive to the chlorophyll content of 
vegetation (Huang & Lian, 2015; Jorge et al., 2019; Guerini 
Filho et al., 2020; Setiawan et al., 2021; Ardiansyah et al., 
2022) VI. There are various types of s, each with its own 
specific algorithms and applications (Zhao et al., 2018; Gao 
et al., 2020; Pôças et al., 2020). Some popular types of VIs 
include ormalized difference vegetation index (NDVI) and n
e (Miller et al., 2019; Binte nhanced vegetation index (EVI) 
Mostafiz et al., 2021; Huang et al., 2021; Li et al., 2021; Roy, 

2021; Xie & Fan, 2021). 
Landsat 9 OLI has been widely used for monitoring 

research and land cover changes in Indonesia (Antomi, 
2022). Including monitoring of changes in LULC research 
(Salma et al., 2022). This was feasible due to the accessibility 
and simplicity with which individuals can acquire data from 
images encompassing diverse resolutions and image bands 
(Benharrats & Mahi, 2020). 

Landsat image data can  utilized as a basis imagery for  be
the computation of s for LULC identificationVI  (Setiawan et 
al., 2013; Sholihah et al., 2016; Hidayati et al., 2019; Oon et 
al., 2019). Despite the fact that Landsat 9 imagery, which 
possesses the identical wavelength range as Landsat 8, has 
not been extensively employed in similar studies, this 
presents an opportunity to evaluate its efficacy in the present 
research. In light of this circumstance, land use identification 
research utili ing Landsat 9 imagery as a foundation for z
computing the vegetation index must be undertaken.

Methods
Study area The study was conducted within the Lampung 
Province area (Figure 1) that was located between latitude 
S3°45′00″ to S4°5′00″ and longitude E103°48′00″ to 

 

Figure 1	 Research location.
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E105°45′00″ (Romli et al., 2019). The area of Lampung was 
33,575.41 km  with 15 regencies. The population of 2

Lampung Province censused in 2022 reached 9,176,600 
inhabitants, with a population density 273 km  with -2

population growth of 1.07% and a gender ratio of 104.86 
which means the proportion of men is higher than women. 
The Lampung Province has varied geomorphological 
landscapes, from hilly and mountainous to coastal and river 
basins (BPS Provinsi Lampung, 2023).

Landsat datasets The Landsat 9 OLI satellite imagery data 
utilized in this study were acquired from the official website 
of the United States Geographical Survey Agency (USGS), 
which provides open access data via link address 
https://earthexplorer.usgs.gov. Landsat 9 was launched on 11 
February 2013 and carries two scientific instruments: the 
Operational Land Imager (OLI) (Markham et al. 2016; 
Masek et al. 2020). The two sensors offer comprehensive 
coverage of the Earth's terrestrial surface throughout the year. 
They capture data at a high level of detail, with a spatial 
resolution of 30 m for visible, near infrared, and shortwave -
infrared wavelengths, 100 m for thermal, and 15 m for 
panchromatic images (Table 1) . The (Wu et al., 2019)  
Landsat 9 OLI data was selected to encompass the portion of 
Lampung Province (Path and Row 123 and 63, 123 and 64, 
124 and 63, 124 and 64) with maximum land cloud cover of 
10% as minimum criteria between February  April the and
2023. To minimize the effect of clouds and haze, we selected 
Landsat 9 imagery carefully from January to May 2023.

Ground truth validation of land use types Validation of 
land use types in this research was done by carefully selecting 
five regencies as the rea of nterest (AOI)  which can a i ,
represent the overall condition of Lampung Province land 
use. AOI were designated area  where testing for land use or s
LULC is done (Logsdon et al., 1996; Rwanga & Ndambuki, 
2017; Li et al., 2021).

Land use types of the study area were classified into seven 
categories, namely: forest  agroforestry  dry land farming, , , 
ricefield settlements bare land and water bodies. Where , , , 
forest areas w  determined based on the forest land cover ere
map issued by he Ministry of Environment and Forestry of t
Indonesia (MoEF, 2021).

The five regenc  areas in Lampung Province that were y
selected as AOIs in this study namely: Bandar Lampung 

(AOI 1), Pringsewu (AOI 2), Lampung Tengah (AOI 3), 
Lampung Barat (AOI 4), and Pesisir Barat (AOI 5). 

The selection of specific AOIs was strategically done to 
ensure that the chosen regions accurately represented the 
diverse land use and land cover types across Lampung 
Province. Each AOI was selected based on its unique 
environmental and agricultural characteristics, which are 
essential for developing a robust and comprehensive 
classification model. Although the study aimed to classify 
the entire province, focusing on these AOIs allowed for more 
detailed and precise ground truth validation and calibration 
of the decision tree (DT) algorithm.

The selected AOIs encompass critical land use 
categories, such as forest, agroforestry, dry land farming, rice 
fields, settlements, and water bodies. These areas were 
chosen to cover the full spectrum of agroforestry practices 
and other land cover types present in the region, enabling a 
balanced and comprehensive dataset for the model. 
Moreover, these AOIs were diverse enough to capture the 
heterogeneity in land cover across Lampung, ensuring that 
the classification results could be generalized across the 
entire province.

By combining the classification of the whole province 
with the specific focus on these AOIs for validation, we were 
able to achieve both detailed accuracy and broader regional 
applicability, which strengthens the reliability of the 
classification and its implications for policy and land 
management.

Numerous communities could be best represented by 
AOI 1, while AOI 3, AOI 4, and AOI 5 all contain sizable 
tracts of forest. In Lampung Tengah Regency, there were lots 
of rice fields, open spaces, water bodies, and dry land 
agriculture. In the AOI 2, AOI 3, AOI 4, and AOI 5, 
agroforestry is extensively practiced. 

To determine the sampling points used to verify the 
digital value of the vegetation index, the point of interest 
(POI) of the seven types of LULC was determined using the 
fishnet method (Santoso et al., 2021). The fishnet approach 
was used due to its inherent processing benefits, efficiency  ,
and ease in analysis (Xu et al., 2017; Musiaka & Nalej, 
2021). ou POI was a specific location that researchers f nd 
interesting for conducting research POIs carefully selected . 
and verified repeatedly  field surveying and recorded through
via GPS (Damayanti et al. 2017; Akmal et al. 2021; Maponya 
et al. 2021). of sThe number POI  for a single type of land use 

 

 

Table 1 	Technical description of spatial and spectral resolution of Landsat 9 OLI/TIRS image
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Bands Wavelength 
(mm)

Resolution
(mm)

Band 1 -

 

Visible coastal aerosol 

 

0.43-0.45

 

30
Band 2 -

 

Visible blue 

 

0.45-0.51

 

30
Band 3 -

 

Visible gGreen 

 

0.53-0.59

 

30
Band 4 -

 

Red 

 

0.64-0.67

 

30
Band 5 -

 

Near infrared (NIR) 

 

0.85-0.88

 

30
Band 6 -

 

SWIR 1 

 

1.57-1.65

 

30
Band 7 -

 

SWIR 2 

 

2.11-2.29

 

30
Band 8 -

 
Panchromatic 

 
0.50-0.68

 
15

Band 9 -
 

Cirrus 
 

1.36-1.38
 

30
Band 10 -

 
Thermal infrared (TIRS) 1 

 
10.60-11.19

 
100

Band 11 -  Thermal infrared (TIRS) 2  11.50-12.51  100
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Table 6	 Tukey honestly significant difference test on determining significant difference on the nickel content among paired 

treatment means

 
 
 

 
 
 
 
 

per AOI is 160, resulting in a total of 1,120 POIs for each AOI 
and total of 5,600 POI  for all AOIs (AOI 1AOI 5). a s

The 5,600 POIs were distributed across the five AOIs, 
which were selected to represent diverse LULC types in 
Lampung Province. The number of sample points follows the 
principle of remote sensing research, which states that the 
number of samples in land use classification is determined 
based on the number of pixels that can represent each LULC 
type, ranging from 10 N to 100 N, where N is the number of 
LULC types he POIs were divided into  (Dogru et al., 2020). T
separate training set  (70%) and testing sets (30%). s
Specifically, a portion of the POIs was used to train the  DT
model, while the remaining data was reserved for testing and 
validating the classification results. This separation ensures 
that the model was not tested on the same data it was trained 
on, thereby providing a more realistic assessment of its 
accuracy.

LULC validation Validating the land use classification was a 
prerequisite for confirming temporal land use changes (van 
Vliet et al., 2016; Tsendbazar et al., 2021). The evaluation 
was conducted using an error matrix, which provided overall 
accuracy and K coefficient values for each valid land use 
(Shishir & Tsuyuzaki, 2018). The confusion matrix provides 
a comprehensive assessment of the accuracy of individual 
object classifications as well as the overall interpretation 
(Pahleviannur, 2019). Accuracy calculations are performed 
by comparing the number of matches between sample point 
calculations derived from image interpretation data and the 
actual conditions observed in the field. A confusion matrix 
integrates calculations from multiple formulas, namely: 
user  accuracy, procedur  accuracy, an  overall accuracy.'s e's d

User accuracy provides the classification outcomes for 
each category in which the user has participated. The LULC 
classes POIs that are represented during classification were  
represent  in the accuracy method. Overall accuracy refers ed
to the proportion of correctly classified instances out of the 
total number of observations. It is calculated by dividing the 
sum of correctly classified observations (the diagonal values 
in the confusion matrix) by the total number of observations, 
as shown in the formula provided. User's ccuracy, a
p e's a d o ererocedur  ccuracy, an  verall accuracy w  calculated as 
shown in Equation [1], Equation [2], and Equation [3] 
(Berhane et al., 2018; Maxwell et al., 2021; Mishra et al., 
2021).

          [1]

          [2]

          [3]

note: X , X , X , and N consist of  the diagonal value of the ii +i i+

contingency matrix i-row i-column, the number of types in 
row i, the number of types in column , and the number of all i
observation points, respectively.

The degree of accuracy of the points of interest utilized in 
the study determined using the Kappa coefficient was also 

computed. Since overall accuracy was typically seen to be 
overestimated, it was currently advised to examine the Kappa 
coefficient value . The overall (Jaya & Etyarsah, 2021)
accuracy number only includes correct data between 
classification results and field circumstances; in contrast, the 
Kappa coefficient accounts for the error factor in the 
classification process, resulting in a lower appa index K
value. The  is the formula for computing the Equation [4]
Kappa oefficient mathematically (Rwanga & Ndambuki, c
2017), 

         [4]

note:  is the Kappa value,   is the total diagonal K
proportion of observation frequencies,                    is the 
total proportion of total marginal frequency of observations. 
Suitability category Kappa coefficient  < 0 (less than chance 
agreement),  0.01–0.20 (slight agreement), 0.21–0.40 (fair 
agreement), 0.41–0.60 (moderate agreement), 0.61–0.80 
(substantial agreement), and 0.81–0.99 (almost perfect 
agreement) (Viera & Garrett, 2005). 

Image preprocessing Multiple processes were employed to 
ensure that the images in the collected Landsat datasets were 
suitable for analysis. We utilized the DOS (Dark-Object 
Subtraction) method, an atmospheric correction 
implemented during the image preparation phase (Niraj et al., 
2022; Kakati et al., 2023). Followed by image channels 
merging (band ombination). Preprocessing was done using c
QGIS 3.20 and addition of he Semi-Automatic the t
Classification Plugin (SCP), a robust open source or free -
software, for land preparation tasks (Leroux et al., 2018; 
Alraey, 2022; Brel et al., 2022).

Vegetation indices The VIs are commonly employed to 
analyze vegetation dynamics at various scales by capturing 
information about photosynthetic activity and canopy 
structure using remote sensing . The  (Zeng et al., 2022)
selection of the five s was based on their proven VI
effectiveness in monitoring vegetation health and cover 
across various ecosystems. Each index has distinct 
characteristics that complement one another, providing a 
comprehensive assessment of agroforestry land cover in the 
Lampung Province. ARVI was chosen for its ability to reduce 
atmospheric effects, such as aerosols, which are particularly 
significant in regions like Lampung that may experience haze 
or pollution. EVI was included because of its sensitivity to 
canopy structure and ability to minimize soil background 
influences, making it particularly useful in densely vegetated 
areas. NDVI is a widely used index for detecting green 
vegetation. Its extensive use in literature and ease of 
application made it an essential choice for ensuring 
comparability with other studies. SAVI was selected to  
correct for the influence of soil brightness, making it 
particularly useful in areas with sparse vegetation or bare 
soil, which is common in parts of the study area GDVI 
focuses on the green band, which offers better sensitivity to 
vegetation in certain conditions compared to the red band 
used by NDVI. It is particularly effective in identifying 
healthy vegetation .(Somvanshi & Kumari, 2020)
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These VIs have been employed in several domains such 
as phenology, vegetation classification, photosynthetic 
activity, aboveground net primary productivity, and land 
surface temperature  (Zhu et al., 2016; Langhe et al., 2020; 
Liu et al., 2020; Vorovencii, 2021).

In this study, several s have been simultaneously VI
utilized in calculations to accurately identify agroforestry 
land, namely: tmospherically resistant vegetation index a
(ARVI)  nhanced vegetation index (EVI)  reen difference , e , g
vegetation index (GDVI)  ormalized difference vegetation , n
index (NDVI)  and oil- djusted egetation ndex (SAVI), s a v i  
(Table 2). 

Vegetation indices assessment Descriptive statistics were 
used to assess the values of several s read at each . VI POI
ANOVA was then performed to analy  the variance (ze p-
value  p-value  < 0.01). Tukey's test ( < 0.05) was used to 
complete the study and find the mean differences in the 
values of numerous s.VI

Decision tree DT is a hierarchical structure resembling a 
flow chart, with rectangular nodes representing internal 
decisions and oval nodes representing final outcomes.  The 
land use classes were identified using a DT classifier, which 
utilized the five studied VIs.  The DT was developed based 
on various levels of decision-making, taking into account the 
characteristics of the input datasets (Mountrakis et al., 2011). 
While DT ha  certain limitations, such as a tendency to s
overfit and sensitivity to small variations in the data, DT was 
chosen for this study due to its simplicity, interpretability, 
and efficiency in classification tasks (Czajkowski & 
Kretowski, 2019)  . The DT algorithm was widely utilized due 
to i ts  simplicity of implementation and greater 
comprehensibility in comparison to other categorization 
algorithms  The construction of a  is (Yadav & Pal, 2012). DT
rather rapid in comparison to alternative classification 
approaches . These qualities are (Anyanwu & Shiva, 2009)  
particularly important in agroforestry land use and land 
cover (LULC) classification, where the ability to interpret 
and understand the decision-making process is crucial for 
informing land management policies and decisions. The DT 
algorithm allows for clear, straightforward rules to be 
derived from the data, which can be easily communicated to 
non-technical stakeholders, such as policymakers and land 
managers.

Results and Discussion 
Land use types validations Land use types and accuracy 
testing involve verifying the validity of digital analysis 
outcomes by comparing producer accuracy derived from 
sate lite image y LULC processing with user  accura y l r 's c
derived from ground truth data. An effective method to 
assess accuracy was by employing an error matrix or 
confusion matrix . The error matrix (Pahleviannur, 2019)
table was not only utilized to acquire the accuracy of all 
categories but also the accuracy of each category (Derajat et 
al., 2020). The United States Geological Survey (USGS) has 
established a minimal threshold for categorization or 
interpretation accuracy in remote sensing, specifically at 
85%. .(Wan et al., 2019; Shinskie et al., 2023)  

Validation tests of land use types were based on POI in 
the field on 7 types of LULC. The calculation findings 
indicated that the producer accuracy for each category of 
LULC falls within the range of 88.64% to 93.66%, while the 
user accuracy calculation results vary from 87.75% to 
94.75%. The overall accuracy calculation demonstrated a 
precision of 0.9158, or 91.58%, indicating a high level of 
accuracy (Table 3). This exceeds the minimum requirement 
specified by the USGS for land use analysis accuracy (Viera 
& Garrett, 2005; Sampurno & Thoriq, 2016; Cabrera et al., 
2020; Congedo, 2021). 

Likewise, the Kappa coefficient calculation yields lesser 
findings compared to the calculated results, specifically 
0.9018 or 90.18%.  The Kappa coefficient value satisfies the 
criteria to confirm that the chosen POI in the study can serve 
as a reliable reference for conducting additional analysis on 
the identification of agroforestry land use using image data 
for different VIs.

Characteristics of vegetation index The ARVI vegetation 
index ranged from -0.69 to 0.99, with a range of 1.68 while 
the EVI vegetation index ranged from -1.00 to 0.99, with a 
range of 1.99.   The GDVI vegetation index ranged from -
0.76 to 0.95, with a range of 1.71 while The NDVI vegetation 
index ranged from -1.00 to 0.99, with a range of 1.99.  
Regarding the SAVI vegetation index, the minimum value 
recorded was -0.72, while the maximum value was 0.92, 
resulting in a range of 1.64 (Table 4). The water body LULC 
type exhibited the lowest index value for overall VIs 
employed in this research, while the forest LULC type 
demonstrated the greatest for all VIs value detected 
(Figure 2).
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Table 2	 Technical description of the vegetation indices 

 

 
 

 

 

 

 

Index
 

Fullname
 

Formula
 

References

ARVI Atmospherically 
resistant vegetation 
index  

(NIR Band – (2*Red Band) + Blue Band) /             (Kaufman &   

(NIR + (2*Red Band) + Blue Band)  Tanré,  1992)

EVI Enhanced vegetation 
index  

2.5*((NIR Band – Red Band)/((NIR Band +  
6*Red Band −7.5*Blue Band)+1))  

(Huete,  1988)

GDVI
 

Green difference 
vegetation index

 

NIR Band –
 

Green Band
  

(Wu, 2014)

NDVI
 

Normalized difference
 vegetation index

 

(NIR Band –
 

Red Band)/(NIR Band + Red Band)

  

(Rouse et al.,
1973)

 SAVI

 
Soil-adjusted vegetation 
index

(1,5*(NIR Band –

 
Red Band))/((NIR Band+Red 

Band + 0,5))
(Huete,

 
1988)
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Table 4	 Range of values for various vegetation indicestypes

  

  

  

  

Vegetatiton indices  Minimum  Maximum Range

ARVI
 

-0.69
 

0.99 1.68

EVI

 

-1.00

 

0.99 1.99

GDVI

 

-0.76

 

0.95 1.71

NDVI -1.00 0.99 1.99

SAVI -0.72 0.92 1.64

Table 3	 Point of interest confusion matrix in various LULC types

Note: X1 = water body; X2 = bare land; X3 = settlements; X4 = ricefield; X5 = dry land farming; X6 = agroforestry; 
X7 = forest.

Land use types  X1  X2  X3  X4  X5  X6  X7  Total  
rows  

User’s  
accuracy (%)  

Forest  8  0  2  7  1  41  741  800  92.63  
Agroforestry  7  10  3  13  14  725  28  800  90.63  
Dry land farming  5  35  10  5  725  18  2  800  90.63  
Ricefield

 
21

 
19

 
0

 
734

 
18

 
8

 
0

 
800

 
91.75

 
Water Bodies

 
741

 
6

 
2

 
29

 
8

 
3

 
11

 
800

 
92.63

 Settlements
 

17
 

12
 

751
 

4
 

12
 

3
 
1

 
800

 
93.88

 Bare land
 

22
 

712
 

25
 

6
 

30
 

5
 
0

 
800

 
89.00

 Total
 
column

 
821

 
794

 
793

 
798

 
808

 
803

 
783

 
5,600

  Producer
 
accuracy (%)

 
90.26

 
89.67

 
94.70

 
91.98

 
89.73

 
90.29

 
94.64

 
  

 

The vegetation index values read at each POI were 
analyzed using ANOVA ( < 0.01) and followed by p-value  
Tukey's advanced test ( < 0.05). The calculation p-value  
results show that the average value of the vegetation index for 
various types of LULC was quite different, but there are 
several types of land use where the average value was not 
significantly different.

In the ARVI, NDVI  and SAVI, the types of LULC for ,
settlements and rice fields are not significantly different. 
Meanwhile, in the EVI and GDVI, the types of LULC, cloud 
cover, settlements  and rice fields do not differ significantly. ,
Details of the mean values and standard errors for each 
vegetation index for various types of LULC can be seen in 
Table 5.

Threshold vegetation index for agroforestry LULC The 
threshold calculation for the vegetation index for 
agroforestry LULC was carried out using DT, where the five 
VIs along with the index values read from 5,600 POIs in 
seven LULC classes for the 5 VIs were included in the 
calculation.

The DT used in this research was the QUEST (quick, 
unbiased, efficient statistical tree) model, which is a binary 
classification method that has advantages over classification 
models, especially in terms of the established genetic 
algorithm rules and the stochastic approach, which allows 
different outputs to be executed to achieve optimal results 
(Stockwell & Peters, 1999). In addition, QUEST is assessed 
as a DT model with fast, impartial, and efficient processing, 

Figure 2	Distribution of vegetation index values.
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using a linear or unbiased variable selection model and using 
imputation (replacing missing data with estimates of input 
data variables with other alternatives) rather than 
replacement separation. (substitute splits) to handle missing 
data (Szufa et al., 2023).

The DT results for the agroforestry LULC type show that 
to classify the NDVI and ARVI in stages. Where areas with an 
NDVI index value > 0.6075 to NDVI < 0.7756 and an ARVI 
index value > 0.4842 are agroforestry LULC types. Various 
vegetation indices map for the Lampung Province region can 
be seen in Figure 3. 
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Table 5	 Mean value and standard error of each vegetation index for various type of LULC

Vegetation 
indices  

Land use types   
X1  X2  X3  X4  X5  X6  X7  

ARVI  -0.01 ± 0.01 a  0.18 ± 0.01 b  0.26 ± 0.00 c  0.26 ± 0.01 c  0.43 ± 0.01 d  0.63 ± 0.00 e  0.72 ± 0.00 f  
EVI  0.10 ± 0.01 a  0.28 ± 0.01 b  0.32 ± 0.00 c  0.32 ± 0.01 c  0.45 ± 0.00 d  0.54 ± 0.00 e  0.59 ± 0.00 f  
GDVI  0.06 ± 0.00 a  0.18 ± 0.00 b  0.19 ± 0.00 b  0.18 ± 0.00 b  0.24 ± 0.00 c  0.28 ± 0.00 d  0.31 ± 0.00 e  
NDVI  0.16 ± 0.01 a  0.40 ± 0.01 b  0.50 ± 0.00 c  0.49 ± 0.01 c  0.63 ± 0.01 d  0.79 ± 0.00 e  0.85 ± 0.00 f  
SAVI  0.09 ± 0.01 a  0.26 ± 0.00 b  0.31 ± 0.00 c  0.30 ± 0.00 c  0.41 ± 0.00 d  0.50 ± 0.00 e  0.55 ± 0.00 f  

 Note: X1 = water body; X2 = bare land; X3 = settlements; X4 = ricefield; X5 = dry land farming; X6 = agroforestry; X7 = forest.

Figure 3	Various vegetation indices for the Lampung Province region.

Jurnal Manajemen Hutan Tropika, 30(3), 399-412, December 2024 

EISSN: 2089-2063

DOI: 10.7226/jtfm.30.3.399



Scientific Article

ISSN: 2087-0469

Estimated area of agroforestry in Lampung Province 
Estimating the area of agroforestry LULC in Lampung 
Province was conducted using DT The result from DT 
classification showed that only ARVI and NDVI had the 
greater refinement in identifying agroforestry areas by 
leveraging the sensitivity of these indices to vegetation 
greenness and canopy density (Figure 4). This approach 
ensured that the classification process took into account the 
nuanced differences between agroforestry and other land 
cover types, providing more accurate results.

Separation of agroforestry LULC types in the ARVI and 
NDVI vegetation index raster images begins with the 
geospa t ia l  opera t ion  "Rec lass i fy  by  Table"  o r 
reclassification, which functions to change the digital 
number values in the raster image into categories and class 
labels (Lacaze et al., 2018; Passy & Théry 2018; Camacho 
Olmedo & García-Álvarez, 2022). 

The next step is to convert the reclassified image into a 
vector using the geospatial operation "Polygonize", where 
this operation has the function of changing raster format to 

vector (Vitalis et al., 2020; Song et al., 2023). 
Following the polygonization and formation of vector 

data, the "Extract by Attribute" operation is utilized to extract 
an area containing only agroforestry LULC. The value 
chosen for this operation corresponds to the class category, 
specifically the class 2 category, which represents the 
agroforestry LULC area (Table 6). 

The final results of the area of agroforestry land cover in 
all areas of Lampung Province show that the estimated area 
of agroforestry reached 734,739.61 ha. The extent and 
distribution of agroforestry areas in Lampung Province can 
be seen in Figure 5. Using the intersection operation on 
agroforestry LULC areas on the ARVI and NDVI indices 
resulted from the DT algorithm. The following step was to 
obtain intersecting functions to list all intersection vectors 
between geographic area polygons and agroforestry area 
distribution polygons (Packert et al., 2020; Widaningrum, 
2022). Finally, the geometry calculator was used to calculate 
the agroforestry area. The overall estimation indicated that 
the agroforestry area in Lampung Province spans 734,739.61 
ha. 
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Figure 4	Decision tree land use land change class results with 5 vegetation indices.

Table 6	 Mean value and standard error of each vegetation index for various type of LULC

Vegetatiton indices

 

Index value

 

LULC types

 

ARVI

 

≤ 0.4667

 

Non agroforestry

 

>

 

0.4667

 

Agroforestry

 

NDVI

 

≤ 0.6074

 

Non agroforestry

 

 
>

 
0.6074 -

 
≤ 0.7512

 
Agroforestry

 

 
>

 
0.7512

 
Non agroforestry
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Conclusion  
Each vegetation ind  was assigned its own specific ex

threshold value based on the characteristics of the land cover 
types, ensuring a more accurate classification of agroforestry 
areas. The identification and segregation of distinct 
agroforestry areas included the use of just ARVI and NDVI. 
Both vegetation ind  w  chosen through  algorithm ices ere DT
processing. The estimated groforestry area of 734,739.61  a ha
was derived. The study emphasizes the effectiveness of DT 
based on various VIs s technique  in accurately assessing 
agroforestry in Lampung Province. The application of 
advanced techniques such as s for establishing thresholds DT
and geospatial operations for estimating areas enhances the 
reliability of the outcomes. The findings provide valuable 
insights for land management and ecological planning in the 
Lampung Province region.
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