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Abstract: Indonesia is one of the countries in the world with the largest oil palm plantations besides Malaysia which is administratively a 

neighbour. The process of monitoring oil palm plantation is an important part of supporting the sustainability of the industry in a fluctuating 

market. Currently, monitoring of oil palm plantations is still using conventional methods through surveys at the plantation location which 

take a long time. The aim of the study was to count the number and assess the health level of oil palm trees and soil composition to assist 

plantation managers in making decisions to provide maximum economic benefits. By implementing the Multi-Scale CNN model, oil palm 

trees can be detected faster and accurately, where the combination of land cover and object classification architecture of ResNet-18 can 

produce accuracy with an average F1-score of 90.25%. Then by developing a prototype that integrates the Multi-Scale CNN model and 

the vegetation index, the yields and soil composition can be estimated, thus assisting the user in making a quick decision. 
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1. Introduction

Palm oil is one of the most widely used multipurpose oils. 

From products like soaps and lipsticks to biscuits and pizzas 

that contain palm oil. Reported from [1] the increase in 

demand for palm oil, production of palm oil has increased 

during the last two decades in Southeast Asia, especially in 

Malaysia and Indonesia. The two countries have become 

major producers and exporters of palm oil which have 

contributed more than 85% of world palm oil production, 

which is expected to reach 84 million by 2020. The massive 

expansion of oil palm has contributed to land use change 

with far-reaching environmental and socio-economic 

consequences. 

The oil palm tree is characterized by its visible crown and 

single stemmed trunk. Fronds that emerge from the trunk 

apex and are extended outward spirally with eight fronds 

forming a rank in succession. Oil palm is a perennial crop, 

which resembles a forest tree more than any other 

agricultural crop [2]. As an industrial crop, oil palm is grown 

in monoculture. Most of the oil palm trees use in 

commercial plantations are tissue cultures clones with a 

small mix of hybrid oil palms (i.e., Dura X Pisifera), which 

gives the palms a uniform appearance except for the 

anomalous trees. This unique pattern makes the tree easy to 

distinguish from other forest in the satellite [3]. 

For economic and practical reasons, oil palm plantations can 

be divided into blocks / fields which include immature and 

mature planting to facilitate the implementation of planting 

operations. Immature oil palm is oil palm that is still young 

and no more than 5 years after planting in the field. Seen in 

figure 1, the trees are planted in a triangular pattern with a 

spacing of nine meters which is the industry standard to 

maximize yields with optimal sunlight [4]. In general, the 

planting density of oil palm trees that is practiced reach 130-

140 trees per ha, but this number can also vary according to 

planting conditions and types of seeds [5]. 

Fig 1. Oil palm tree planting patterns [6] 

The development of the oil palm industry can cause 

environmental degradation, especially when plantation 

expansion is out of control. Remote sensing technology can 

provide timely, repeated information with a broad coverage 

and is more cost-effective than survey methods, thus makes 
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this technology an important part of supporting the 

sustainability of the palm oil industry [7]. Due to lack of 

collaboration between academics and industry, it hampers 

the development to utilize a more effective remote sensing 

technology [8]. Therefore, until today there are still many 

industries that rely on survey methods to monitor their 

plantations.  

Based on [6] as a commodity with a fluctuating market, oil 

palm yields must be estimated to produce maximum 

economic benefits, then the composition of oil palm soil is 

also an important factor that can affect oil production. 

Yields can be affected by the health of the oil palm tree, 

where the composition of the soil can be used as an 

indication the oil palm tree will lack nutrients. Soil 

composition such as nitrogen (N) and potassium (K) are 

important nutrients in the growth of oil palm trees, where 

the identification of nutrient deficiencies is one of the 

important variables in oil palm tree production. The amount 

of nitrogen affects the growth of oil palms while potassium 

affects size, number, and the prevention of disease disorders 

of fruit bunches. Oil palm tree detection is one of the 

techniques needed to produce accurate estimation results. 

Tree counting is an important and necessary practice for 

yield estimation and monitoring, replanting and layout 

planning, etc. Conventionally this practice is expensive and 

prone to human error, as most plantations are forced to 

estimate the number of trees by multiplying the total area by 

the number of oil palms per hectare, which is clearly 

inaccurate due to the heterogeneity of land surface (hill or 

flat) and features (river, land, or Forest). Therefore, remote 

sensing is used to solve this problem because it provides an 

overview of the plantation and how to calculate trees can 

also be done automatically with a deep learning approach. 

Based on [9] the multi scale sliding windows method by 

combining 2 convolutional neural networks can detect oil 

palm trees well. In his research, the combination of the 

AlexNet architecture used for object classification and land 

cover obtained the best results with an average F1-score of 

94.99%. The implementation of multi scale sliding windows 

is a continuation from the previous method that only using 

1 sliding window to detect oil palm tree which still prone to 

misclassification in other vegetation and bare land areas 

[10]. 

Based on the above problems, we would like to develop an 

application that can provide information about the 

estimation of yield and soil composition more easily. To get 

good detection results, the authors implemented the Multi-

Scale CNN method on the Pléiades satellite image. Because 

the datasets were made manually, the author need to test the 

combination of the CNN architecture between LeNet-5, 

AlexNet, and ResNet-18. This is done to test previous 

research methods with different datasets and evaluate their 

accuracy with other architectures. In this study we decided 

to develop web-based application to minimize computing 

cost on local hardware. 

2. Methodology  

 

This research methodology is split into 5 main parts based 

on the prototyping model, and these stages consist of: 

• Communication  

• Quick Plan 

• Modeling Quick Design 

• Construction 

• Delivery and Feedback 

2.1. Communication 

This research begins by identifying the problem first in 

which, as mentioned in section 1, this research focuses on 

developing applications to estimate crop yields and soil 

composition of oil palm tree by implementing Multi-Scale 

CNN and vegetation indices. But before starting conducting 

the research surely the author needs to do a literature study 

first to enrich insights on how to develop a Multi-Scale 

CNN method and vegetation index which is then integrated 

into the application.  

Fig 2. Research Methodology 

 
2.2. Quick Plan 

Then at the next stage the authors made a dataset that was 

acquired from one of the oil palm plantations in Prov. West 

Kalimantan and processed in advance by PT Citra Bhumi 

Indonesia. This image was acquired on December 9, 2018, 

using the Pléiades satellite, which uses a spatial resolution 

of 0.5 meters which based on [11] can be interpreted that 

each image pixel represents 0.5 × 0.5 meter and 4 spectral 

bands (RGB and NIR). 
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Fig. 3. Sampling Locations on Satellite Images 

 

Shown in Figure 3 are some of the areas that are picked by 

the author as the sample dataset. The sample areas shown in 

the purple, yellow, and blue colored boxes are used to train 

the CNN model and the red boxes are used to evaluate the 

Multi-Scale CNN. Purple squares show areas containing oil 

palm trees, yellow boxes show other areas of vegetation and 

blue boxes show empty land. Basically, the labeling of the 

dataset can be divided into 2 types, namely land cover and 

object, where each serve to classify images of oil palm 

plantations with size 65 x 65 pixels and images of oil palm 

trees with sized 17 x 17 pixels. Specifically, for the labeling 

of objects or oil palm trees, the author determines an image 

labeled as an oil palm tree when the tree is in the center of 

the image, otherwise the image will be considered a 

background and here is an image that shows an example of 

labeling given. 

 

Fig. 4. Examples of labeling object classification samples 

 

Seen in Figure 4 (a) is an example of labeling oil palm trees 

and the background, respectively shown in purple and 

green, then Figures 4 (b) and (c) show examples of labeling 

other vegetation and bare land. From the manually labeled 

dataset, around 6,000 images were collected for land cover 

classification and about 8,000 images for object 

classification. 

The author uses 10% of the dataset as testing data to 

evaluate the accuracy of classification model, and the rest is 

used as training data. In the training data, 10% of the data is 

also used as validation data that plays a role in tuning the 

hyperparameter. Then the authors use the red areas that 

already have the oil palm tree label to evaluate the accuracy 

of the Multi-Scale CNN, in detecting oil palm trees. 

2.3. Modelling Quick Design 

In this study, the authors developed and tested 3 CNN model 

architectures consisting of LeNet-5, AlexNet, and ResNet-

18. The following figure shows a comparison of each 

architecture where LeNet-5 and ResNet-18 use the same 

parameters to classify land covers and objects, while 

AlexNet uses different parameters adjusted for research [9].  

 

Fig. 5. CNN Architecture for the Land cover Classification 

 

 

 

 

Fig. 6. CNN Architecture for Object Classification 

 

Seen in figures 5 and 6 the ResNet-18 architecture 

implements a Residual Block that is different from other 

architectures. This is applied to overcome the vanishing 

gradient caused by adding a deeper layer of CNN [12]. In 

the following figure, you can see the detailed contents of the 

Residual Block applied to the ResNet-18 architecture, the 

image also depicts a shortcut with a dotted line in Figures 5 

and 6, which is used to indicate which Residual Block that 

uses 1 × 1 convolution in its shortcut route to adjust the 

dimensions. 

Fig. 7. Residual Block with and without 1 × 1 convolution 

[13] 
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After the CNN model has been developed and tested, the 

authors began to develop the Multi-Scale CNN to detect oil 

palm trees. At this stage, the author also implements 

agglomerative clustering with average linkage [14] as post-

processing to collect all detection results that have been 

found by Multi-Scale CNN. 

The next stage is continued by analyzing the Multi-Scale 

CNN using the 4 evaluation areas specified in section 2.2. 

The author compared the detection results and ground truth 

that were manually labeled in the 4 regions. The F1-score 

value is used to compare the accuracy of the model in 

detecting oil palm trees, where True Positive (TP) shows the 

number of oil palm trees that are detected correctly, False 

Positive (FP) shows the number of other objects detected as 

oil palm trees, and False Negative (FN) indicates the 

number of undetected trees. Oil palm trees will be 

considered correct if the Euclidean distance between the 

ground truth and the detection results is less than or equal to 

5 pixels. The combination of CNN 1 (land cover 

classification) and CNN 2 (object classification) with the 

highest average F1-score will be used in the application. 

After the combination of the CNN model with the F1-score 

average has been obtained, the writer can begin to design 

how to integrate the Multi-Scale CNN with the vegetation 

index to estimate yield and soil composition. 

2.4. Construction 

In this stage, the authors begin to develop a prototype 

application to integrate Multi-Scale CNN and vegetation 

indexes, using the flask framework as the backend of the 

website. At this stage, the author also adds various 

validations to avoid errors in the application. 

2.5. Delivery and Feedback 

In the next stage the writer will carry out functional testing 

of the prototype results that have been developed using the 

black box testing method. After that, the author evaluates 

the application in terms of User Interface based on 8 golden 

rules and checks the suitability of the application against 

user requirements with an acceptance test. 

 

3. Results and Discussion 

Based on the results of the CNN training model, the 

following graph shows the performance of the training 

model in classifying 80% of training data and 10% of 

validation data. Then for the results of the model evaluation 

of 10% testing data can also be seen in the following table. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8. Loss per epoch for each CNN model 

 

Table 1: The accuracy value of the CNN model to the test 

dataset 

CNN Models Test Loss 
Test 

Accuracy 

LeNet-5 Land cover 0.05 98.33% 

LeNet-5 Objek 0.7 69.83% 

AlexNet Land cover 0.02 99.39% 

AlexNet Objek 0.4 85.97% 

ResNet-18 Land 

cover 
0.0005 100% 

ResNet-18 Objek 0.43 87.73% 

It can be seen in Figure 8 that the loss value in training data 

and validation decreases during model training while having 

a low distance on each value, thus giving an indication that 

the model has reached generalization and low bias. Then 

based on table 1 it can also be concluded that the CNN 

ResNet-18 model is the best model in classifying oil palm 

plantations and oil palm trees. 

It can be seen from the following table that the combination 

of the CNN ResNet-18 model in classifying land cover and 

objects has the highest average F1-score, which indicates 

high accuracy in detecting oil palm trees from the 4 

evaluation areas. 

Table 2: F1-score values for each CNN architecture from 

the 4 evaluation regions 

CNN 1 CNN 2 
Regio

n 1 

Regio

n 2 

Regio

n 3 

Regio

n 4 
Avg 

LeNet-5 LeNet-5 
78.23

% 

82.87

% 

54.97

% 

89.37

% 

76.36

% 
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LeNet-5 AlexNet 
82.03

% 

83.74

% 

61.13

% 

89.64

% 

79.14

% 

LeNet-5 
ResNet-

18 

81.51

% 

84.21

% 

64.43

% 

88.83

% 

79.75

% 

AlexNet LeNet-5 
83.28

% 

94.62

% 

73.93

% 

94.12

% 

86.49

% 

AlexNet AlexNet 
85.63

% 

95.27

% 

75.52

% 

94.47

% 

87.72

% 

AlexNet 
ResNet-

18 

86.06

% 

93.09

% 

79.13

% 

94.22

% 

88.13

% 

ResNet-

18 
LeNet-5 

85.30

% 

93.29

% 

80.15

% 

92.87

% 

87.90

% 

ResNet-

18 
AlexNet 

87.21

% 

93.95

% 

86.61

% 

92.63

% 

90.10

% 

ResNet-

18 

ResNet-

18 

89.29

% 

92.15

% 

87.70

% 

91.84

% 

90.25

% 

 

 

Fig. 9. Detection Results of Oil Palm Trees in the 

Evaluation Area 

 

It can be seen in Figure 9 that the precision, recall, and F1-

Score values are from the CNN Multi-Scale detection 

results for the combination of the ResNet-18 architecture on 

land cover and objects. Precision is the ratio of the model 

results to detect oil palm trees to the total of all objects 

detected by the model as oil palm trees. Meanwhile, recall 

measures the ratio of the model results to detect oil palm 

trees with the total labels detected and not. Precision and 

recall values can be averaged into the harmonic mean, where 

the average is also known as the F1-Score. Based on table 2 

and figure 9, it can be concluded that the combination of 

ResNet-18 architecture on land cover and objects can detect 

oil palm trees very well when compared to other models. 

The minimum value of 82.81% precision and 91.38% recall 

given by the model indicates that the prediction model of the 

model has low errors in classification and undetected 

objects. 

To estimate the yield and soil composition, the bounding 

box that has been obtained from the object detection results 

is converted into a circle with a diameter of 17 pixels first, 

then the results of the average vegetation index value for 

each tree can be calculated, after that by implementing the 

following equations which obtained from [15] and [16] 

research, yields and soil composition especially nitrogen 

and potassium substances can be estimated with. 

𝑦𝑖𝑒𝑙𝑑_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑖𝑜𝑛 = (0.6731 +  (0.0061 ×  𝑟𝑣𝑖_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚)) ×  0.1 

𝑛𝑖𝑡𝑟𝑜𝑔𝑒𝑛 =
𝑛𝑑𝑣𝑖 + 0.2321

383.27
× 100  

𝑝𝑜𝑡𝑡𝑎𝑠𝑖𝑢𝑚 =
𝑛𝑑𝑣𝑖 − 0.236

0.4971
 

 

Some of the equations above implement the results of the 

research that has been carried out but there are some 

equations that are converted to adjust the information 

provided to the user such as the conversion to 𝑘𝑔/𝑚2 of the 

yield estimation and the percentage of the nitrogen. After 

the results of the estimation of soil composition are 

obtained, the value is classified based on [17] research, and 

the percentage of the entire classification is represented in a 

pie chart where detailed information can be seen in the 

following table. 

Table 3: Classification Of Estimated Soil Composition 

[17] 

Nutrient Very Low Low 
Modera

te 
High 

Very 

High 

Total N 

(%) 
< 0.08 0.08-0.12 

0.12-

0.15 

0.15-

0.25 
> 0.25 

K 

(cmol/kg) 
< 0.08 0.08-0.20 

0.20-

0.25 

0.25-

0.30 
> 0.30 

Table 4 :Percentage description of the pie chart 

Class Description 

Healthy 

When nitrogen and potassium 

value fall into high – very high 

classification 

Nitrogen 

deficiencies 

When nitrogen value falls into 

moderate - very low classification 

Potassium 

deficiencies 

When potassium value falls into 

moderate - very low classification 

Nitrogen and 

Potassium 

deficiencies 

When nitrogen and potassium 

values fall into moderate - very low 

classification 

 

After the yield estimates and soil composition have been 

obtained, the authors conducted the following experiments 

to ensure the consistency of the data which can be seen in 

the following table. 
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Table 5: Estimated Value of Yield and Soil Composition 

per Experiment 

Image Name 
Experimen

t 

number 

of trees 

Average 

Estimated 

Yield in 

blocks 

Percenta

ge 

classifica

tion of 

soil 

compositi

on 

Evaluasi_1.tif 1st 182 
12.3 

ton/ha/thn 

100% 

healthy 

K (cmol/kg) 2nd 182 
12.3 

ton/ha/thn 

100% 

healthy 

 3rd 182 
12.3 

ton/ha/thn 

100% 

healthy 

 4th 182 
12.3 

ton/ha/thn 

100% 

healthy 

 5th 182 
12.3 

ton/ha/thn 

100% 

healthy 

Based on table 5 it can be concluded that with the same input 

the model gives the same results, thus indicating that the 

data that are generated by the application is consistent. 

4. Conclusion 

Based on the results of the research and analysis conducted 

by the author, it can be concluded that: Oil palm trees can 

be detected accurately by using the Multi-Scale CNN 

method. From the experimental results by combining land 

cover and object classification architectures, the ResNet-18 

architecture used in both classifiers resulted in the most 

accurate detection of oil palm trees with an average F1-score 

of 90.25%. Yield and soil composition for each oil palm tree 

can be estimated using a vegetation index. Estimates based 

on implementation of linear regression models from the 

previous research. Based on the results of the interviews 

conducted, it can be concluded that the application 

prototype can help the performance of the task compared to 

conventional methods. 
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