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Article History:  Abstract. The monitoring of oil palm trees using various technologies, methods, and software is conducted 
to replace the traditional techniques that are less effective. In this study, an analysis was conducted on the 
automatic detection results of oil palm trees to determine the estimated height of the trees. The trees were 
automatically extracted and calculated using eCognition Developer and eCognition Oil Palm Application 
(OPA) with the Object-Based Image Analysis (OBIA) algorithm on three sample areas: homogeneous, semi-
homogeneous, and heterogeneous. The performance test of the two software on the three samples showed 
that the detection accuracy reached more than 80%. The automatic detection results were used to calculate 
the tree height using the Canopy Height Model (CHM). The Root Mean Square error (RMSe) was calculated 
for all centroid samples to evaluate the accuracy of the tree position detection and as a basis for determin-
ing the height. The RMSe position result of eCognition OPA was lower than that of eCognition Developer. 
The RMS values for the homogeneous; semi-homogeneous; and heterogeneous areas were 0.8149; 0.7772; 
and 0.02118 for eCognition OPA, respectively, which are lower than the values of 0.7718; 0.9044; and 1.0517 
for eCognition Developer, this indicates better estimated tree height results.
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savings (Held et  al., 2003; Purnamasayangsukasih et  al., 
2016). Remote sensing can be used to monitor oil palm 
plantation areas because oil palm has distinctive charac-
teristics that are easily recognized (Nurmasari & Wijayan-
to, 2021). The palm crown looks like a star-shaped canopy 
when viewed from above.

Detection of oil palm using various methods has been 
widely conducted, such as the Object-Based Image Analy-
sis (OBIA) method (Rizeei et al., 2018), deep learning meth-
ods (Kipli et al., 2023; Putra & Wijayanto, 2023), based on 
color histogram with supervised classification (Hamdani 
et al., 2021), and template matching algorithm (Norzaki & 
Tahar, 2019; Syetiawan & Haidar, 2019).

Additionally, integration of Light and Detection Rang-
ing (LiDAR) and Unmanned Aerial Vehicle (UAV) photo-
grammetry has been conducted to measure canopy and 
tree height (Y. Hao et al., 2019; Zhou et al., 2022). LiDAR is 
an active sensor widely used to determine object distance 
(Smith et  al., 2008) and able to collect high-resolution 

1. Introduction

Oil palm is one of the plantations commodities that plays a 
quite important role in the economic activities in Indonesia 
(Susanti & Maryudi, 2016). Therefore, oil palm commodity 
ranks third as the largest non-oil and gas foreign exchange 
contributor to the country after rubber and coffee (Sas-
trosayono, 2003). Oil palm production in Indonesia from 
large plantations, private, and community-owned ones 
have tended to increase along with the expansion of oil 
palm plantation areas from 2013 to 2017 (Badan Pusat 
Statistik, 2017). In plantation management, counting and 
detecting trees is one of the important tasks (Lourenço 
et al., 2021). Manual field-based counting of oil palm trees 
requires a lot of labor, is expansive, and time-consuming 
(Hashim et al., 2020).

Remote sensing and aerial photography can be used 
as alternatives to provide fast information, efficiently, con-
tinuously, consistently, and cover a wide area with cost 
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information about forest structure (Münzinger et al., 2022). 
With the existence of LiDAR technology, aerial photog-
raphy (Irsanti et  al., 2018), machine learning algorithms, 
and digital image processing, it is expected to address 
the existing issues in oil palm plantations, particularly in 
Indonesia.

Canopy Height Model (CHM) is a surface model that 
represents vegetation elevation above ground level, re-
flecting the distance between the Earth’s surface and the 
tree tops (Khosravipour et al., 2015). The CHM usually uti-
lized to estimate forest parameters (J. Hao et  al., 2023). 
Canopy height is a widely used method because it is an 
important attribute that can be used to obtain other struc-
tural characteristics of the forest such as stand volume, 
basal area, and Above-Ground Biomass (AGB) (Alexander 
et al., 2018; Wang et al., 2021; Webster et al., 2023). J. Hao 
et al. (2023) compared tree height extraction between UAV 

Figure 1. Location map and research samples

and LiDAR acquisition data. Then, the researches resulted 
in better tree height extraction with LiDAR.

In previous research, identification was done separately 
between tree counting and tree height measurement. In 
this study, we identify and conduct trees counting auto-
matically using eCognition softwares to observe the ac-
curacy of the extraction points as the basis for estimating 
tree height. With the positional information of the extract-
ed tree points from high-resolution orthophoto data, tree 
height can be determined using CHM from Digital Surface 
Model (DSM) and Digital Terrain Model (DTM) resulting 
from LiDAR data. Furthermore, we compared the results 
from eCognition Developer and OPA to show which soft-
ware is better.

2. The study area

The research location is in Sei Mangkei, Bosar Maligas, 
North Sumatra (Figure 1). The area used is part of the Sei 
Mangkei Special Economic Zone (SEZ) oil palm plantation 
area. The area research covers a total area of 200m x 200m. 
The selection of the area is due to the fact that it is the 
first SEZ to be inaugurated in 2015 as the center for the 
development of large-scale palm oil industry managed by 
a company. The oil palm plantation is also well-organized, 
making it easier for the identification process. Additionally, 
the area provides a mixed area with three types of regions: 
homogeneous regions, semi-homogeneous regions, and 
heterogeneous regions.

3. Methodology

3.1. Data detail
The research was conducted using aerial photo data and 
LiDAR data acquired simultaneously. Both data sets are 
secondary data acquired by the Geospatial Information 
Agency of Indonesia (BIG) in 2016. The aerial photo data 
used is orthophoto data that has been processed. Aerial 
photo is a photographic map obtained from aerial surveys 
by aerial photography in specific areas following certain 
photogrammetric rules (Priambodo et al., 2022). The main 
difference between an orthophoto and a map is that an 
orthophoto forms a photographic image, whereas a map 

Figure 2. Homogeneous sample: a) orthophoto data; b) point cloud LiDAR semi-homogeneous sample

a)	 b)
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Figure 4. Heterogeneous sample: a) Orthophoto data; b) Point cloud LiDAR

Figure 3. Semi-homogeneous sample: a) Orthophoto data; b) Point cloud LiDAR heterogeneous

a)	 b)

a)	 b)

uses lines and symbols depicted according to scale to re-
flect appearances (Wolf, 1978). Meanwhile, LiDAR point 
cloud is a set of discrete points in 3D space characterized 
by Cartesian coordinates stored as tabular data in space-
separated value text files (Peynaud & Momo Takoudjou, 
2024). 

Figures 2–4, show 3 (three) areas used in the research 
with different oil palm plantation conditions hereinafter 
referred to as samples. The homogeneous sample consists 
of a row of well-organized oil palm trees without any other 
objects within it. The semi-homogeneous sample consists 
of a row of well-organized oil palm trees with other ob-
jects within it, such as roads. The heterogeneous sample 
consists of a mixed row of oil palm trees that is less orga-
nized with other objects within it, such as roads.

3.2. Processing
The strategy of our approach in this study consists of 
the follow in main steps (can be seen in Figure 5). Firstly, 
LiDAR Data processing for DTM and DSM creation. Sec-
ondly, manual and automatic counting of oil palm trees 
based on aerial photo data. Thirdly, coordinate extraction 
for positioning. Fourthly, elevation extraction from DTM 
and DSM to get CHM. Lastly, is accuracy assessment.

3.2.1. Preparation

A literature study was carried out to find research gaps, 
solve problems from previous research, and obtain refer-

Figure 5. General strategy diagram
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ences that support the research. During the preparation 
stage, software was also installed on the hardware used 
to support data processing in the study.

3.2.2. LiDAR data processing 

Data processing of LiDAR in this research is carried out 
through three processes despite using two different soft-
ware. The input data used is LiDAR point cloud data in 
*.las format, previously cropped and adjusted to the ortho-
photo data area. Many methods with other software are 
applied, but most utilize CHM to extract tree height (J. Hao 
et al., 2023) with 3 stages of point cloud processing.

1.	 Removing noise that is not integrated with other 
objects to obtain dense point cloud and DSM;

2.	 Classifying ground and non-ground points (tree 
point cloud) to obtain DTM. The process separates 
points on the ground surface from those outside 
(Z. Zhang et al., 2018);

3.	 CHM is obtained by subtracting DSM from DTM.
LiDAR data filtering is carried out to separate or extract 

specific parts of the point cloud and remove noise. Noise 
filtering is done manually using the crop feature to select 
certain parts of the point cloud and remove unnecessary 
parts. The classes are divided into 2 (two), namely ground 
and non-ground classes. The ground class is utilized to 
indicate objects in the form of land or land, while the non-
ground class is used to indicate objects above the ground, 
for instance buildings or plants. In this research, the non-
ground object focuses on plant objects, namely oil palm 

trees. In this process, ground and non-ground classifica-
tion is carried out automatically using the automatic clas-
sification method of the Cloth Simulation Filter (CSF) (Li 
et al., 2021; W. Zhang et al., 2016). 

The point cloud that has been classified then contin-
ues to create a DTM and DSM. DTM is created based on 
the point cloud resulting from ground classification, while 
DSM is created based on the point cloud resulting from 
noise filtering. As a result of creating a DTM and DSM, 
the point clouds become integrated, showing the height 
of the topographic conditions. To create CHM, the Digital 
Surface Model (DSM) is normalized using the Digital Ter-
rain Model (DTM) from the desired area, namely DSM – 
DTM = CHM (Okojie et al., 2020).

3.2.3. Aerial photo processing

Manual calculations to obtain comparative data or ground 
truth were conducted by manual digitization using ArcGIS 
software by adding point shapefiles at each canopy point 
in the aerial photo view. The point shapefile was added 
precisely at the midpoint of the canopy of each tree. This 
was done because the assumption is the height of the tree 
can be determined through the top of the object, which is 
the midpoint of the oil palm tree canopy. 

Processing of orthophotos was done using two software 
programs, namely eCognition Developer and eCognition 
OPA (Oil Palm Application). Two software programs used to 
evaluate the reliability of automatically extracted oil palm 
trees are designed to provide accurate height estimates 

Figure 6. Palm oil tree extraction process with eCognition Developer: a) select sample; b) generate sample; c) test template

b)	          c)

a)
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based on the Canpy Height Model (CHM) method. Oil palm 
tree extraction with eCognition Developer software using a 
template matching algorithm. The template matching al-
gorithm matches each part of the aerial photo data with a 
previously created template shown in Figure 6.

Select sample is the process of selecting oil palm trees 
as samples to be used as a reference algorithm for detect-
ing oil palm trees. At this stage, size and context param-
eters can be set and adjusted to the size of the existing oil 
palm tree. The size parameter functions are to set the size 
limit of the object or the size of the shape that includes 
the tree canopy. Meanwhile, the Context parameter func-
tions for object recognition to help increase accuracy in 
object detection. The parameter used to detect oil palm 
trees are Size 45 and Context 4, where these parameters 
cover the entire canopy of oil palm trees. 

Generate template is the process of creating a tem-
plate or model that is used as a reference in tree detec-
tion. Generating templates is done using tree samples that 
have previously been selected in select samples. Therefore, 
the shape of the template depends on the tree samples 
selected. Template testing stage in identifying trees us-
ing Test Template. This process involves object recogni-
tion where the software will match the object with a tem-
plate created based on the correlation. Object recogni-
tion’s accuracy level is influenced by the threshold value 
used. The existence of a threshold will limit and determine 
the intensity/value of pixels that are considered part of a 
particular object, in this case the template that has been 
created. Threshold is used to separate objects from the 
background and helps optimize algorithm performance in 
object recognition. The threshold value ranges from 0 to 
1, where using a too-tight threshold (close to 1) can cause 
objects to be lost, while a too-loose threshold (close to 0) 
can result in many false detections.

Oil palm tree extraction using eCognition OPA uses a 
template matching algorithm with more straightforward 
work steps. Automatic extraction using eCognition OPA 
software, slightly differs from eCognition Developer with a 
model that has been provided and trained previously. The 
workflow is simplified by eliminating the need for several 
user-defined parameters, shown in Figure 7.

Figure 7. Palm oil tree extraction process with eCognition 
OPA 

Import data is the process of entering orthophoto data 
in *.tiff format and can be added regarding the DSM of 

the research area. Define Blocks of defining the desired 
projection system according to the research area. Detect 
Palms is the process of automatically detecting objects by 
software. In this process there is a sensitivity parameter 
that can be adjusted from 0 to 1. Based on triall and er-
ror parameter sensitivity used in the detection of oil palm 
trees is 0.7, which shows better results than the sensitiv-
ity of other parameters. The sensitivity parameter is used 
to limit and determine the intensity/value of pixels that 
are considered part of a particular object, in this case the 
model provided by the software. Automatically saving the 
original extraction results of oil palm trees without editing 
with Export Shapefiles. 

3.2.4. Test calculation performance with ground truth 
data

After extracting oil palm trees using both eCognition De-
veloper and eCognition OPA software, the next stage is to 
test the calculation performance with comparative data. 
The performance test for calculating the number of oil 
palm trees resulting from automatic extraction was carried 
out by comparing it with data from manual calculations, 
which were considered conditions in the field and used as 
comparative data. 

The results of extracting information on the position 
and elevation of oil palm trees are used to determine the 
difference in height resulting from differences in detection 
points. Accuracy is calculated using a confusion matrix as-
sessment, which is commonly used in assessing machine 
learning performance, namely precision, recall and F1 
score (Nyland, 2016). The confusion matrix compares the 
predictions made by the model and the actual values from 
the dataset.

=
+

     ;TPPrecision
TP FP

	 (1)

=
+

            ;TPRecall
TP FN

	 (2)

× ×
− =

×
2     1    ,

   
precision recallF score

precision recall
	 (3)

where, r (recall) is the tree detection rate, p (precision) 
is the correctness of the detected trees, F is the overall 
accuracy of the detected trees, TP (true positive) is the 
number of correctly detected trees, FN (false negative) is 
the number of trees that were not detected (omission er-
ror), and FP (false positive) is the number of extra trees 
that did not exist in the field (commission error) (Yun et al., 
2021). The performance test for calculating the number 
of oil palm trees resulting from automatic extraction with 
eCognition Developer and eCognition OPA was carried 
out by comparing it with data from manual calculations, 
which were considered conditions in the field and used as 
comparative data.

Precision is utilized to measure the precision or ac-
curacy of the model in identifying an object, namely the 
ratio of true positive predictions compared to the overall 
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data of positive predicted results. Meanwhile, recall is used 
to measure the accuracy of the model when it succeeds 
in correctly classifying existing positive examples and 
compares it with the overall true positive data, in other 
words, the level of success of the model in finding and 
remembering objects. F1 score is a single performance 
measure, an average of combining precision and recall, 
which provides individual or individual information. The 
F1 score reflects the balance between precision and recall 
by providing a more comprehensive picture of the model’s 
performance in classifying positive (correct) and negative 
(incorrect) examples.

3.2.5. Integration of LiDAR data and aerial 
photography processing result

Integration was carried out on the shapefile data resulting 
from the detection and calculation of palm oil and then 
added with orthophoto data which had X and Y position 
coordinate information for coordinate extraction. Coordi-
nate extraction is carried out by adding new fields, namely 
X and Y coordinates, which are then defined via calculate 
geometry or the add X Y coordinates tools. Subsequently, 
information regarding the X and Y coordinates will be 
added automatically. Coordinate extraction is carried out 
on all data resulting from automatic extraction of oil palm 
trees as well as comparative data that has previously been 
created. Figure 8 shows the add XY coordinates tools. 

Figure 8. The add XY coordinates window displays

Meanwhile, elevation extraction was carried out on the 
DTM and DSM data for each shapefile point resulting from 
the palm oil detection and calculation. The resulting DTM 
and DSM values are then calculated mathematically by 
CHM (Canopy Height Model), which is obtained by sub-
tracting the height information from the DSM from the 
ground surface height from the DTM. Elevation extraction 
from oil palm tree shapefiles was carried out automatically 
using the extract multi values to point tool in ArcMap. 

Elevation data extraction was carried out from both 
DTM height data to obtain information on the height of 
the ground surface and DSM data to obtain information 
on the height of the tops of oil palm trees. Information 
extraction is carried out to determine the height of the ob-
ject above the ground surface. The height value obtained 
from elevation extraction based on DTM and DSM is the 
height of the ellipsoid calculated along the normal line of 
the ellipsoid that passes through a point. The height of 
the ellipsoid is then denoted by the letter (h). Figure 9 is a 
display of the elevation extraction process for an oil palm 
tree shape file. 

Figure 9. The extract multi values to points window displays

Tree height measurements in this study were carried 
out using mathematical CHM (Canopy Height Model) 
calculations obtained by subtracting height information 
from the DSM from the ground surface height from the 
DTM. The calculation is carried out by adding a new 
field of tree height information to the attribute table 
and then subtracting the DSM-DTM using the field cal-
culator tool in ArcMap. CHM calculations to obtain in-
formation on the height of oil palm trees are carried 
out on all tree extraction results automatically, as well 
as comparative data that has previously been created. 
Figure 8 is a display of CHM calculations using the field 
calculator feature, carried out by subtracting the results 
of the DSM-DTM elevation extraction in the new field of 
the attribute table.

The height obtained from the calculation is the height 
of the ellipsoid denoted by (h). The ellipsoid height of a 
point is the height of that point above the ellipsoid cal-
culated along the normal line of the ellipsoid that passes 
through that point (Abidin et al., 2004). Ellipsoid height is 
the straight-line distance taken along the normal ellipsoid 
plane from the geometric surface taken from the reference 
ellipsoid to a certain point where GPS is one of the ob-
servation tools that used this height system (Featherstone 
& Kuhn, 2006).

3.2.6. Comparison and analysis of extraction results

Comparison and analysis are carried out on information 
resulting from automatic tree extraction against compara-
tive data which is used as a reference and is considered 
correct. In this study, the accuracy value was calculated 
from all total samples of correct tree detection results 
from tree extraction using eCognition Developer and 
eCognition OPA.

Accuracy tests were carried out to see how much influ-
ence the position of the extracted points had on determin-
ing tree height estimates. The difference in coordinates 
and tree height indicates an error. The magnitude of the 
error is indicated by the RMSE (root mean square error) 
value (Federal Geographic Data Committee, 1998).

−
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4. Result and discussion

4.1. Results of creating DTM and DSM from 
LiDAR data
LiDAR point cloud data processing is used to obtain DTM 
and DSM data, which shows altitude values. The height 
value obtained from elevation extraction based on DTM 
and DSM is the height of the ellipsoid calculated along the 
normal line of the ellipsoid that passes through a point. 
DTM represents the land surface shown in Figure 10 while 
DSM will represent the land surface and the oil palm trees 
above it shown in Figure  11. DTM and DSM creation is 
used to obtain CHM (Crown Height Model) values which 
represent the height of objects above the earth’s surface.

4.2. Results of manual and automatic 
extraction of oil palm trees
Table 1 shows the results of the manual digitization of oil 
palm tree calculations as ground truth comparison data. 
Manual digitization extraction is carried out with visual 
interpretation based on color, shape and pattern. The 
oil palm trees that were successfully identified in each 
sample area were 550 trees in the homogeneous sam-
ple, 516 trees in the semi-homogeneous sample, and 503 
trees in the heterogeneous sample. 

The results of manual digitization are then used as 
ground truth data to calculate position accuracy as a basis 
for determining the height of oil palm trees. \The results of 
extracting oil palm trees using eCognition Developer and 
eCognition OPA software take less time than calculating 
oil palm trees using manual digitization. The time required 

Figure 10. DTM creation results: a) homogeneoud sample; b) semi-homogenenous sample; c) heterogeneous sample

a)	 b)	 c)

a)	 b)	 c)

to automatically extract oil palm trees using eCognition 
Developer and eCognition OPA against manual digitization 
is shown in Figure 12.

Table 1. Information of ground truth data

Number Sample Results

1 Homogeneous 550 oil palm trees

2 Semi-homogeneous 516 oil palm trees

3 Heterogeneous 503 oil palm trees

Figure 12. Processing time comparison graph

Nonetheless, the results of extracting oil palm trees 
automatically using eCognition Developer and eCognition 
OPA do not always show information on detecting oil palm 
trees correctly. Several points still show detection errors, 
such as incorrect oil palm tree position and oil palm trees 
that are not detected. This can happen because the soft-
ware works based on templates without relying on user 
assistance.

Figure 11. DSM creation results: a) homogeneoud sample; b) semi-homogenenous sample; c) heterogeneous sample
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Identification of the extraction results of oil palm trees 
needs to be completed to determine the performance of 
the software, which will later be used as a basis for esti-
mateing tree height. The tolerance used in this software 
model performance test is 80% of the entire model (Er-
nawa, 2020; Nauthika et al., 2017; Oya et al., 2022).

Table 2. Result of identification and performance testing of 
oil palm tree calculations with eCognition Developer

Sample Result FP FN TP F1-score

Homogeneous 522 24 52 498 92.91%

Semi-homogeneous 517 103 102 414 80.15%

Heterogeneous 494 52 61 442 88.66%

Figure  13 shows the results of automatic extraction 
using eCognition Developer. Table 2 shows the results of 
identification and performance tests of automatic extrac-
tion of ground truth data. With template matching from 
the template matching algorithm, oil palm tree detection 
can be done quickly. Based on the results of automatic 
extraction of oil palm trees using the template matching 
algorithm in eCognition Developer, the extraction results 
showed that 522 points were detected by trees in homo-
geneous samples, 517 points were detected by trees in 
semi-homogeneous samples, and 494 points were detect-
ed by trees in heterogeneous samples. 

Table 3. Result of identification and performance testing of 
oil palm tree calculations with eCognition OPA

Sample Result FP FN TP F1-score

Homogeneous 522 5 33 517 96.45%

Semi-homogeneous 509 40 47 469 91.51%

Heterogeneous 520 28 11 492 96.18%

Figure 14 shows the results of automatic extraction us-
ing eCognition OPA. Table 3 shows the results of identi-
fication and performance tests of automatic extraction of 
ground truth data. Oil palm tree extraction uses the help 
of eCognition OPA (Oil Palm Application) software, which 
is software that uses a OBIA method as its working prin-
ciple. With eCognition OPA, you only need to enter aerial 
photo data or image data to be extracted. After that, the 
software will automatically process it itself without help 
from the user. Based on the results of automatic extrac-
tion of oil palm trees with eCognition OPA, the extraction 
results showed that 522 points were detected by trees in 
homogeneous samples, 509 points were detected by trees 
in semi-homogeneous samples, and 520 points were de-
tected by trees in heterogeneous samples. 

Based on the performance test calculations that have 
been carried out, it can be concluded that the results of 
oil palm tree extraction using eCognition Developer and 
eCognition OPA in three sample areas reached a tolerance 

Figure 13. Results of automatic extraction using eCognition Developer: a) homogeneous sample; b) semi-homogenenous 
sample; c) heterogeneous sample

a)	 b)	 c)

a)	 b)	 c)

Figure 14. Results of automatic extraction using eCognition OPA: a) homogeneous sample; b) semi-homogenenous sample;  
c) heterogeneous sample
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of 80%. Therefore, these results can be used as a basis 
for further processing, namely determining the estimated 
height of oil palm trees.

4.3. Accuracy test results comparing the 
position and elevation of oil palm trees 
againtst ground truth data
Extraction of X and Y coordinates is carried out to see dif-
ferences in the position of points resulting from automatic 
extraction of ground truth data, which will later be used 
as a basis for determining tree height estimates. Elevation 
information obtained from DTM and DSM is used to cal-
culate the height value of the object, which in this study is 
the height of the oil palm tree. The height of an oil palm 
tree object can be determined based on the CHM (Canopy 
Height Model) value resulting from DSM subtraction mi-
nus DTM. In this stage, only oil palm trees that are identi-
fied correctly or with true positive information are used in 
comparisons and calculations. The results of comparing 
the differences in coordinates and tree heights resulting 
from automatic extraction using eCognition Developer and 
eCognition OPA carried out comparison accuracy tests for 
palm oil against comparative data. From the overall posi-
tion accuracy test results for extracted oil palm trees using 
eCognition Developer, each area sample is shown with the 
RMSe value.

In general, based on the positional accuracy of the 
three samples, namely homogeneous, semi-homogeneous 
and heterogeneous, the results of extraction and identifi-
cation of oil palm trees using eCognition OPA software, 
as shown in Table 4, display better results than extraction 
results using eCognition Developer as shown in Table 5. 
This is indicated by the lower total RMSe value for the 
X coordinates and Y coordinates. A low RMSe value in-
dicates a slight difference in position, where the auto-
matic extraction point is close to the ground truth point 
of the comparison data, which is right in the middle of 
the tree canopy. The RMS value is produced by extracting 
the coordinate positions of the tree detection points from 
ground truth data shown in Figure 15.

The accuracy test results of the palm oil height eCog-
nition Developer are shown in Table  6. In contrast, the 
accuracy test results of the palm oil height eCognition 
OPA are shown in Table  7. Based on the high accuracy 
of the objects from the three samples used, namely ho-
mogeneous, semi-homogeneous and heterogeneous, the 
results of extraction and identification of oil palm trees 
using eCognition Developer software show a lower RMSe 
for homogeneous samples than the results of extraction 
and identification of oil palm trees using eCognition OPA 
software. Even in semi-homogeneous and heterogeneous 
samples, the RMSe value extracted from eCognition OPA 

Table 4. Result of eCognition Developer palm trees positional accuracy test results

Sample
Quantity (m) Averange (m) RMSe

X Y X Y X Y

Homogeneous 219.2949 311.6724 0.440351 0.625848 0.589866 0.799792

Semi-homogeneous 359.4366 164.6505 0.868204 11.76075 1.321718 0.554072

Heterogeneous 234.9702 234.0609 0.531607 0.52955 0.717642 0.68366

Table 5. Result of eCognition OPA palm trees positional accuracy test results

Sample
Quantity (m) Averange (m) RMSe

X Y X Y X Y

Homogeneous 322.461 223.2803 0.623716 0.431877 0.751461 0.568819

Semi-homogeneous 229.8462 201.5261 0.489035 0.428779 0.608721 0.538584

Heterogeneous 223.8648 0.45501 0.411863 0.52955 0.564563 0.511867

Figure 15. Overview of the differences between the positions of eCognition Developer and eCognition OPA

a)	 b)	 c)
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shows lower results than the extraction results from eCog-
nition Developer. Based on this, the overall the object 
height from eCognition OPA shows better results than 
object height from eCognition OPA.

The distribution of RMSe is shown in Figure 16. From 
the accuracy of the position and height of the resulting 
object, many of the positions of points extracted from 
oil palm trees using eCognition Developer and eCogni-
tion OPA are not at the center point of the oil palm tree 
canopy which is used as a reference in determining tree 
height estimates. Therefore, there is still a point shift, as 
indicated by the RMSe value. Based on this, the estimated 
value of tree height is greatly influenced by the position 
of the extraction point.

5. Conclusions

Our study concluded that integration of aerial phothog-
raphy and LiDAR data can be used to determine position 
in estimating the height of oil palm trees. The results of 
automatic calculation oil palm trees using eCognition De-
veloper and eCognition OPA can be used as an alternative 
for calculating oil palm trees on land with homogeneous, 
semi-homogeneous and heterogeneous characteristics 
where the performance results of both software reach 
more than 80%. The results of the automatic extraction of 

oil palm trees are in the form of points showing informa-
tion about the position of X and Y coordinates. Overall, 
the RMSe value of position and height extracted using 
eCognition OPA is smaller than eCognition Developer for 
3 samples, namely homogeneous, semi-homogeneous and 
heterogeneous.

Based on the performance test results for calculating 
the number of trees, and testing the accuracy of the posi-
tion and height of trees resulting from automatic extrac-
tion with eCognition Developer and eCognition OPA, it 
can be used as an alternative in determining tree height. 
The automatic extraction results of eCognition OPA show 
better results for tree height estimation than eCognition 
Developer.
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