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Article Info Abstract

Article history This research proposes an automatic approach to identify eucalyptus
species based on leaf images using color histogram feature extraction and
the Decision Tree algorithm. Eucalyptus is known as one of the most
productive plants in the world with various uses in the timber, biofuel and
pharmaceutical industries. However, its wide environmental adaptability
and rapid growth pose challenges in identification and management. The
Keywords: proposed approach focuses on the use of Artificial Intelligence (Al)
technology and image analysis to solve the identification problem. The
color histogram feature extraction method is used to extract visual
information about the color distribution of eucalyptus leaves. The
Decision Tree algorithm is used to build a classification model based on
the extracted features. Model evaluation is carried out using accuracy,
precision, recall and Fi-score metrics. The results showed that this
approach was effective in identifying eucalyptus species, with a high level
of accuracy. In addition, the development of this method offers
opportunities for further applications in various fields, including forest
mapping, mobile applications, and the timber industry. By combining
advances in Al and image analysis, this research has the potential to
become an important cornerstone of nature conservation and
environmental sustainability efforts, and help strengthen natural
resource management globally.
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1. Introduction
The practice of clonal forestry on eucalyptus has made this plant one of the most productive plants in
the world [1][2]. Eucalyptus not only provides the main raw material for the paper, wood and biofuel
industries, but also contributes to the medical industry through the extraction of eucalyptus oil or
eucalyptol which has antiviral and anti-inflammatory properties [3][4]. Eucalyptus is also known for its
broad environmental adaptability, rapid growth, and diverse uses, ranging from pulp and paper
production to bioenergy and essential oil extraction [5]. However, this richness of species also poses
challenges in terms of identification [6].

The urgency of the problem in Indonesia is increasing along with industrial growth and the need
for natural resources [7]. Although eucalyptus has significant benefits in various industries, its rapid
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growth and wide adaptation can result in serious environmental problems if not managed properly [8].
Each species has characteristics that lead to different exploitation strategies and industrial uses.
Therefore, current knowledge of the abundance and spatial distribution of various species is important
for forest planning [9]. One of the main problems is the risk of invasion by alien species that could
disrupt native ecosystems and threaten local biodiversity [10].

Eucalyptus plants that grow abundantly in many parts of Indonesia can compete with native plant
species, changing the composition of local flora and reducing biodiversity [u]. Apart from that,
improper management of eucalyptus forests can also cause land degradation, soil erosion and reduce
groundwater quality [12]. In this context, it is important to have effective methods for identifying and
managing eucalyptus plants appropriately in order to minimize their negative impact on the
environment.

Research that combines Artificial Intelligence (AI) technology with leaf image analysis can provide
innovative solutions in overcoming identification problems [13] including identification of eucalyptus
species in Indonesia. Artificial Intelligence (AI) is a field in computer science that focuses on developing
computer systems that can perform tasks like humans [14]. Artificial Intelligence is able to imitate
human behavior where all its actions are considered intelligent or smart [15]. One important aspect of
this development is progress in the field of Computer Vision [16]. Computer Vision has become an
integral part of Al, enabling computers to understand and analyze visual data such as images and videos
with a level of intelligence that is increasingly approaching human capabilities [17]. Various technologies
in Computer Vision, such as object recognition, face detection [18][19], image segmentation [20]-[22],
even in the field of medicine for medical image-based disease diagnosis [23]-[29]. Using automated
methods to classify eucalyptus species based on visual characteristics of leaves, such as shape, texture,
vein pattern, and color, can help foresters and land managers identify species more efficiently and
accurately.

In the context of developing methods for classifying eucalyptus types based on leaf images used in
this research are the color histogram feature extraction technique and the decision tree algorithm. The
color histogram feature is one of the approaches commonly used in image analysis to extract
information about the color distribution in an image [30]. By measuring the frequency of occurrence of
each color value in the image, this feature can provide a fairly strong representation of the visual
characteristics of leaves [31] including eucalyptus leaves.

The decision tree algorithm, on the other hand, is a machine learning technique that is capable of
learning patterns from training data and making decisions based on the learned rules [32]. The same
method is also applied in several studies [9], [33]-[37]. In the context of eucalyptus species classification,
the decision tree algorithm can be used to build a model that can differentiate between eucalyptus
species based on features extracted from leaf images. The main advantage of the decision tree algorithm
is its ability to produce models that are easy to interpret [38]-[41], thereby enabling forest researchers
and practitioners to understand the reasons behind each classification decision.

By combining the color histogram feature extraction technique to extract visual information from
eucalyptus leaf images and a decision tree algorithm to build a classification model, this research can
provide a powerful and effective approach in automatically identifying eucalyptus species. The
combination of these two techniques can produce a system that is able to overcome the challenges of
identifying eucalyptus species accurately and efficiently, and can be used as a valuable tool in forest
management and biodiversity conservation.

Thus, this research will not only contribute to protecting Indonesia's biodiversity and managing
natural resources sustainably, but will also facilitate the development of a more responsible and
environmentally friendly eucalyptus industry. Through the application of Al technology in the forestry
sector, it is hoped that we can utilize the potential of eucalyptus optimally while still paying attention
to environmental protection and sustainability of local ecosystems.

JTI C.LT, Vol. 16, No. 2 May 2024: 58-69



JTICLT p-ISSN 2337-8646  e-ISSN 2721-561X a 60

2. Research Methods

This research methodology consists of several stages which can be seen in Figure 1. The first stage
involves collecting images of eucalyptus leaves obtained from the Kaggle repository. Next, color
histogram features were extracted from each image to capture visual information about leaf color
distribution. The next stage is the application of the decision tree algorithm to build a classification
model based on the extracted features. After the model is built, testing and evaluation is carried out
using separate test data to assess accuracy, precision, recall and Fi-score. Thus, this research combines
image feature extraction techniques and machine learning in an automatic approach to classify
eucalyptus types based on leaf images. Figure 1 shows these stages visually to provide a clearer picture
of the methodology of this research.

Feature Extraction Classification Model
Eucalyptus

Dt Coler Hismgrm

Model Testing
Precision

Model Evaluation Leaming Curve

Cross Validation
F1-Score

Figure 1. Research Method

a. Dataset

This research uses a eucalyptus dataset taken from the Kaggle Repository [42]. The dataset is divided
into three classes, namely the Cirtriodora class with 281 images, Grandis with 311 images, and Robusta
with 329 images. Thus, the number of images in the dataset used for this research is 921 images.

b. Feature Extraction

Feature extraction is the process of identifying, selecting, or extracting specific information from
images or visual data for use in further analysis or in model development [43]. In the context of color
histograms, this extraction feature focuses on the distribution of colors in an image.

Color histogram is a feature extraction method commonly used in image processing [30]. Color
histograms are used to measure how often different levels of color intensity appear in an image.
Basically, it involves grouping color values into intervals or bins and counting the number of pixels
that fall into each bin. This histogram provides a numerical representation of the color distribution in
an image [44].

c. Decision Tree Algoritm

The Decision Tree algorithm is a special method for the classification process [45], consists of nodes
that form a branch structure, representing the decisions produced by the algorithm, and each leaf node
represents an outcome [46]. There are two types of nodes, namely decision nodes which have various
branches and are used to make decisions, and leaf nodes which are the result of decision nodes without
having further branches.

Classification of eucalyptus leaves: Combining color histogram feature extraction and decission tree algorithm
(Sarifah Agustiani, et al)
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Figure 2. Decision Tree
Sumber: [47]

Terminology for Decision Trees:

1)

2)
3)

4)
5)

6)

Root Node: The initial part of a Decision Tree where the entire data set is first divided, forming
various homogeneous groups.

Leaf Node: The final node where no additional splits are possible in the Decision Tree.
Splitting: The process of dividing the main node further, forming sub-nodes based on defined
boundaries.

Sub Tree: Splits the resulting hierarchy into smaller sub-trees or branches.

Pruning: The step of removing excessive branches in the Decision Tree to achieve optimal
results. There are two types of pruning: cost complexity and error reduction pruning.

Child and Parent Nodes: The base node, also called the parent node, and the other nodes are
called child nodes.

Attribute Selection Steps:
The attribute selection process (ASM) involves identifying optimal attributes on source nodes
and sub-nodes. There are two main approaches in ASM:

1)

2)

Gain Information

Information Gain, as the name suggests, measures the amount of information provided by a
class-related feature. Nodes are separated and a tree is built based on the Gain Information
values. The Decision Tree algorithm aims to maximize the Information Gain function and
prioritize separating nodes or attributes with the highest amount of information first. The
Gain Information calculation can be represented mathematically as follows:

Information Gain = Entropy (s) — [(Weighted Avg.) = (Entropy(Every Feature))] (1)
Entropy measures the level of uncertainty in a data set and is represented as follows:

Entropy (s) = P(yes)Log,P(yes) — P(no)Log,P(no) (2)
Gini Index

The Gini Index measures the level of pollution or purity applied in creating a decision tree.
The Decision Tree algorithm prefers attributes with a smaller Gini Index, as this indicates
higher purity when making decisions. The calculation of the Gini Index can be stated as
follows:

1- ijjz 3)
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d. Testing Model

1) Learning Curve
A learning curve is a graph that shows how the performance of a model or machine learning
algorithm improves as the amount of training data used increases [48]. Learning curves can
provide insight into the extent to which a model can gain knowledge or skills from the given
data. In a learning curve, the horizontal axis represents the number of training data or
iterations, while the vertical axis shows model performance evaluation metrics, such as
accuracy or prediction error [49]. Thus it can identify patterns such as underfitting or
overfitting.

2) Cross Validation
Cross-validation is a technique in evaluating the performance of a machine learning model
that involves dividing a dataset into training and testing subsets repeatedly. The main goal is
to mitigate the risk of overfitting and produce more consistent and reliable estimates of model
performance [50].

e. Evaluation Model

Evaluation of the results of the eucalyptus species classification method using the color histogram
feature extraction technique and the decision tree algorithm was carried out by looking at how
accurate the model was in identifying eucalyptus species from leaf images. This evaluation involves
important metrics such as accuracy, precision, recall, and Fi-score. The accuracy value will show how
well the model is at predicting overall. Meanwhile, precision and recall will give an idea of how good
the model is at distinguishing species correctly. By looking at the Fi-score, it can be seen whether the
model performance is balanced between precision and recall. This evaluation helps assess the
reliability of this method for forest management and biodiversity conservation.

3. Results and Discussion

This study aims to evaluate the effectiveness of automatic classification of Eucalyptus leaves by
combining color histogram feature extraction and the Decision Tree algorithm. The application of
Color Histogram feature extraction involves the process of analyzing the distribution of color intensity
in an image. This extraction process stage begins by dividing the colors in each image into 3 main color
channels, namely red, green and blue or what is usually called the RGB color model. Next, a histogram
will be formed for each channel by recording the frequency of appearance of each color intensity value.
Then a normalization process is carried out by dividing each frequency value by the total number of
pixels in each image. This is done to compare images of different sizes, because each channel has a
different total number of pixels. After normalization, the histograms from each channel will be
combined into one vector in one dimension, this will create a cumulative representation of the color
distribution throughout the image. Thus producing a histogram vector that can be used as a feature,
the results of this vector provide a strong description of the color characteristics of the image in visual
form. Thus, this feature will make it easier for the model to recognize and differentiate images. Figure
1is one of the histogram results for each class.

Classification of eucalyptus leaves: Combining color histogram feature extraction and decission tree algorithm
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Figure 3. Histogram Results

Figure 3 is the result of extracting color histogram features for each class in this study. The color
histogram feature extraction process is an important stage in image analysis, which aims to identify
and record the distribution of color intensity in each image. In this context, the image shows a visual
representation of the color characteristics taken from images of eucalyptus leaves in each class.
Through the use of this feature extraction technique, important information about color patterns and
pixel distribution is extracted for each image, allowing the formation of a numerical representation
that can be used in subsequent classification processes. Thus, Figure 3 provides a clear picture of how
color data is collected and represented in the context of eucalyptus leaf species identification using an
image analysis approach.

After getting the feature results from all images through Color Histogram feature extraction, the
next step is to carry out the classification process using the Decision Tree algorithm. The Decision Tree
algorithm is used to build a decision tree based on the features extracted from each image. This
decision tree becomes a classification model that can distinguish and identify various types of
Eucalyptus leaves. This classification process utilizes the information contained in the color histogram
feature vector as a basis for decision making, providing an automatic and efficient ability to classify
leaves into predetermined classes, such as Eucalyptus Citriodora, Eucalyptus grandis, and Eucalyptus
robusta.

The application of the Decision Tree algorithm plays an important role in the Eucalyptus leaf
classification research in this study. This algorithm works by building a decision tree that groups
Eucalyptus leaf images based on features that have been previously extracted using color histograms.
The feature selection and thresholding process is carried out to minimize impurities within each node,
allowing the decision tree to identify unique patterns that will differentiate between three types of
Eucalyptus leaves namely Citriodora, Grandis, and Robusta. By following the rules at each node, this
decision tree can classify new leaves into the appropriate class. The following are the results of the
decision tree produced from the Decision Tree model in classifying Eucalyptus leaves.

JTI C.LT, Vol. 16, No. 2 May 2024: 58-69
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Figure 4. Decision Tree Visualization

Figure 4 is the overall decision tree formed by the model, consisting of nodes that represent decisions
based on data features. Each branch in this decision tree represents a decision or split based on certain
feature values. The path that data follows from root to leaf reflects a series of decisions that express
the predicted outcome of each class. Apart from decision trees, this model also produces rule models
which can be seen in Figure 5.

Decision Tree Rules:

--- 137 <= 0.01
|--- 98 <= 0.60
| |--- class: @
|--- 98 > 0.60
| |--- class: 2
--- 137 > 0.0l
--- 106 <= 0.32
|--- class: @
--- 186 > ©.32
--- 122 <= 0.76
|--- class: 2
--- 122 > 0.76

|--- 44 <= @.05
| |--- class: 1
|--- 44 > @.05

| |--- class: 2

*Figure 5. Rule Model

Figure 5 is a rule model resulting from the proposed model for eucalyptus leaf classification. This rule
model is the same as a decision tree, only this rule model refers to individual rules or conditions applied
by the model to the decision tree. Each branch and each leaf can be interpreted as a rule that
determines how decisions are made based on the values of certain features.

Classification of eucalyptus leaves: Combining color histogram feature extraction and decission tree algorithm
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The rule model in Figure 4 shows that the first rule starts by examining a feature in the data (in
this example, the g7th feature) with an initial decision based on the feature value (<= 0.01 or > 0.01),
then splitting based on the feature, if the feature value initial <= 0.01, the model will examine the 137th
feature and if the value of the 137th feature <= 0.01, the model will involve the 98th feature. And so on
until it forms a series of branches. So the data will arrive at one leaf which shows the class prediction.

In this way, decision trees break down the complexity of a classification problem into a series of
decisions that are simpler and easier to interpret. The features tested by the model form decision rules,
and the paths followed by the data reflect how the model makes predictions based on those features.
To see the performance results of a model, you can look at the accuracy results on the training data
and test data. The following are the accuracy results produced by the Decission Tree model.

Accuracy on Training Data: 1.00
Accuracy on Testing Data: @.99

Classification Report on Testing Data:

precision recall fl-score  support

0 1.00 1.00 1.00 29

1 1.00 @.97 ©.98 31

2 9.96 1.00 ©.98 23

accuracy 2.99 83
macro avg 0.99 9.99 ©.99 a3
weighted avg 0.99 9.99 8.99 83

Figure 6. Classification Report

Based on the model evaluation results shown in Figure 6, it can be seen that the accuracy on both data
is very high, this shows that the model has very good performance with an accuracy level of 100% for the
training data and 99% for the test data. This indicates that the model is able to classify eucalyptus leaves
with high precision. However, 100% accuracy is not always good performance because it can be an
indication of overfitting. So to ensure overfitting occurs or not, you need to consider several approaches,
one of which is using a learning curve to see how well the model learns patterns from the data. This
overfitting factor can be seen if the learning curve shows good performance on the training data but not
on the validation data. Figure 7 is the result of the learning curve for this model.

Learning Curve (Decision Tree)

0.95 /’_ﬂ’_/_—f

—&— Taining score
—&— (Cross-validation score

100 200 300 400 500 600 700
Taining examples

Figure 7. Learning Curve

Figure 6 shows that the model has good and consistent performance because the resulting curve is stable
on training data and test data. This indicates that the model does not experience overfitting because the
model can understand the training data well and can provide good predictions on new data. A stable
curve on test data indicates that the model can generalize well on previously unseen data. Apart from
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using a learning curve, overfitting can also be ensured by performing cross validation and scoring the
accuracy for each fold. The following are the accuracy results for each fold.

Table 1.
Accuracy of Each Fold in Cross Validation

K-Fold Accuracy
Fold-1 0.9880
Fold-2 1.0000
Fold-3 0.9880
Fold-4 1.0000
Fold-5 10.000
Fold-6 0.9759
Fold-7 1.0000
Fold-8 1.0000
Fold-9 1.0000
Fold-10 1.0000
Average Accuracy 0.9952
Standard Deviation 0.0080

Table 1 shows that the model produces good performance at each fold, this is shown by the accuracy
values obtained which are quite stable and do not depend too much on certain training data. This model
produces an average accuracy value of 99.52% and a standard deviation of around 0.008, this indicates
that the model performance is very stable and consistent in various experiments. The results of this
evaluation provide confidence that the model used is an excellent choice for classifying the dataset used
in this research.

4. Conclusion

The conclusion of this research shows that the use of Artificial Intelligence (AI) technology in
combination with leaf image analysis has brought significant innovation in overcoming the challenges
of identifying eucalyptus species in Indonesia. Through this approach, an effective and stable
classification model was successfully developed using color histogram feature extraction and the
Decision Tree algorithm. The evaluation results show a very high level of accuracy, with 100% for training
data and 99% for test data. The validation process using learning curves and k-fold cross-validation
confirmed that the model did not experience overfitting and had consistent performance. Thus, this
study confirms that the proposed approach can be a reliable and efficient solution in automatically
identifying eucalyptus species. This success has the potential to support better forest management and
biodiversity conservation, as well as facilitating the development of a more responsible and
environmentally friendly eucalyptus industry in Indonesia. By continuing to develop and apply Al
technology in the forestry sector. This research development opens up opportunities for various
developments and applications in various sectors. The automatic method developed to identify
eucalyptus species from leaf images can be integrated in geographic information systems (GIS) for
efficient forest mapping. This classification model can also be adapted to mobile applications for real-
time species identification in the field. In the wood industry sector, this technology can improve wood
management and trade by identifying resources correctly. Further development could expand the
application of this technology to other plant species, increasing its relevance in the conservation and
management of global biodiversity. By continuing to combine Al and image analysis, this research has
the potential to become an important foundation in nature conservation and environmental
sustainability

Classification of eucalyptus leaves: Combining color histogram feature extraction and decission tree algorithm
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