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Abstract

The oil palm industry is one of the main contributors to the Malaysian national economy. However, the industry faces the
challenge of Ganoderma infection, a destructive disease affecting oil palm trees that causes base stem rot (BSR). To address
this issue, a novel method is proposed for detecting Ganoderma disease in oil palm trees by combining hyperspectral
imaging and machine learning techniques. In this paper, four different classifiers, such as Support Vector Machine (SVM),
Random Forest (RF), Multilayer Perceptron (MLP), and Decision Tree (DT), were trained on a tabular dataset generated
by clustering spectral signatures of each pixel in the hyperspectral image. The evaluation results show that the MLP model
showed 100% accuracy, sensitivity, and specificity in distinguishing between healthy and infected trees. SVM with radial
basis function (RBF) and polynomial kernels show the second highest performance, attaining 91.67% accuracy, 83.33%
sensitivity, and 100% specificity. Before training on classifiers, a feature-based band alignment technique is developed to
overcome the hyperspectral image misalignment issue and ensure the accuracy of the spectral data. The developed band
alignment significantly improved spectral coherence across the adjacent bands, as proved by enhanced Root Mean Squared
Error (RMSE), Pearson Correlation Coefficient (PCC), and Normalized Mutual Information (NMI) values. Additionally,
the developed background subtraction method effectively extracted the tree pixels from the background, resulting in a high
precision score of 93.99%. Future research will focus on collecting more data, incorporating temporal information for
disease stage classification, and implementing a more robust machine learning (ML) model for performance enhancement.
Overall, this research shows the great potential of hyperspectral imaging for accurate detection of Ganoderma disease in
oil palm plantations.
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1. Introduction

The oil palm tree is a highly agriculturally valuable crop because it can provide three to four times more edible oil
than soybean, sunflower, and rapeseed oil, measured in oil per hectare [1]. Oil palm is recognized as a high-yield crop,
as it produces the same amount of oil while requiring less agricultural land than other oil crops. Besides edible oil, oil
palms can also produce biodiesel, tocotrienols, animal feed, and various types of palm-related products. In Malaysia,
the world's second-largest producer after Indonesia [2], oil palm is used for domestic consumption and export, making
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it one of the main contributors to the country's economy. According to statistics, in 2022, Malaysia's export revenue
from oil palm-related products reached RM82.49 billion, which increased by 27.7% compared to the previous year [3].
Therefore, it is essential to secure the health and productivity of these oil palm plantations. However, the oil palm
industry faces a growing threat of pathogens named Ganoderma Boninense infection.

Ganoderma Boninense causes basal stem rot (BSR) disease [4], which is one of the most destructive diseases in oil
palm [5]. It causes significant yield losses, estimated at up to 4.3 tons per hectare of fresh fruit bunches [6] and USD
500 million annually [7]. The infection damages the basal stem, disrupting water and nutrient uptake, thus impacting
plantation productivity [8]. In recent years, research has shown that the disease is mainly spread to other trees via
Basidiospores (spores) through the air or other types of transmission medium [9-11]. Therefore, treating or controlling
infected trees is essential before the Ganoderma fruit body matures. However, infected trees show no apparent symptoms
in the early stage of infection and only show significant foliage symptoms until it is developed by 60% to 70% [6]. This
makes disease control difficult to perform early detection.

Traditionally, visual symptom observation is the most common way to detect Ganoderma disease by identifying
significant foliar symptoms, such as mycelium or Ganoderma fruit bodies. This approach requires many experienced
experts to perform the detection, which is time-consuming to cover a large plantation area [12], and detecting early
infection is impossible. The second approach uses laboratory-based methods such as Ganoderma selective medium
(GSM), polymerase chain reaction (PCR), and polyclonal antibodies (PAbs), which have been developed to improve
detection accuracy and early detection capabilities significantly. However, laboratory detection requires a laboratory
environment [13, 14] and a trunk sample, which is costly and complex and may cause tree injury and destruction [15,
16]. As a result, there is a growing need for more efficient, reliable, and less non-destructive detection methods to
facilitate early intervention and mitigate the spread of Ganoderma disease.

In recent years, researchers have focused on the spectroscopic techniques for Ganoderma detection, including point-
based measurements [17-23] and image-based approaches using multispectral or hyperspectral data [4, 7, 12, 15, 16,
24-32]; a key gap remains in effectively utilizing the rich information available in hyperspectral imagery for early-stage
detection. The existing approaches, using both spatial and spectral features, may not be suitable for Ganoderma disease
detection where spatial features are less informative because infected trees show symptomless till late infection [33].
Other approaches focus on individual band selection or vegetation indices [15, 32], potentially overlooking subtle
spectral variations captured across multiple bands. While machine learning and deep learning methods [32] have been
employed, these typically operate on a reduced set of bands, potentially discarding valuable information. This
underscores the need for methods to effectively leverage hyperspectral data's full spectral information content for
improved early-stage Ganoderma detection.

To address this gap, this research proposes a novel method for detecting Ganoderma disease in oil palm trees using
frame-based hyperspectral imaging and a data-driven approach to spectral representation. A frame-based hyperspectral
camera mounted on a UAV captures images of oil palm canopies. Unlike methods relying on spatial features, this study
uses K-means clustering to group pixels based on spectral similarity, capturing subtle, disease-specific differences. The
distribution of these clusters for each tree forms a spectral representation used to train and evaluate multiple machine
learning classifiers: Support Vector Machine (SVM), Random Forest (RF), Multilayer Perceptron (MLP), and Decision
Tree (DT), aiming to identify the most effective model for distinguishing healthy and infected trees. This approach seeks
to leverage hyperspectral data's full spectral information content while remaining computationally efficient.

The following section is structured as follows: Section 2 provides a comprehensive review of the existing application
of spectroscopic techniques in Ganoderma disease detection. Section 3 describes the methodology developed in this
study, including a description of the data collection, hyperspectral image pre-processing steps (which include band
alignment, denoising, and background subtraction), and the prediction process using machine learning. Section 4
presents the experimental results, focusing on evaluating the effectiveness of the band alignment and background
subtraction techniques and comparing the performance of different classifiers. Finally, Section 5 summarizes the key
findings, the system's limitations, and the future work for improvement.

2. Application of Spectroscopy in Ganoderma Disease Detection

Spectroscopic techniques have been widely used in detecting and monitoring plant diseases, including Ganoderma
disease in oil palm trees. These techniques offer more rapid, less destructive, continuous methods than laboratory or
human measurements. Also, spectroscopy techniques can effectively measure the organic object [15], monitoring the
biochemical changes during the disease progression. This paper has deployed various spectroscopic techniques for
Ganoderma disease detection, categorized into point-based and image-based measurements.

2.1. Point-Based Measurement

Point-based spectroscopy in this paper refers to obtaining spectral data from individual points or small regions of
interest using point spectrometers or spectroradiometers, which can collect spectral information at a specific range of
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wavelengths. The spectral information, also known as spectral signature, contains the biochemical and structural
information of the measured point. Ganoderma disease could be identified by analyzing the spectral signatures between
the healthy and Ganoderma-infected leave tissue at various wavelengths.

Various approaches have been proposed and developed using statistical analysis and vegetation indices. For instance,
Lelong et al. [18] utilized Partial Least Squares Discriminant Analysis (PLS-DA) to perform classification. Based on
the result, they can obtain an impressive 92.6% accuracy, 100% sensitivity, and 97% specificity. Similarly, Shafri et al.
[19] developed a modified vegetation index using the Mann-Whitney U Test and band ratio. They used these two
methods to implement the various indices. Using a silhouette plot, they performed K-means clustering to calculate the
Average Silhouette Width (ASW) to identify the best indices. The authors found that the index using the wavelengths
610.5 nm and 738 nm shows the potential for early disease detection. Further advancements were made by lzzuddin et
al. [20], who developed new indices using wavelength ratios and modified simple ratios (MSR). The authors found that
key ratios and indices were based on wavelengths 655 nm, 750 nm, 495.5 nm, and 477.5 nm.

Various approaches use machine learning (ML) to predict Ganoderma disease. For example, Liaghat et al. [21]
utilized Principal Component Analysis (PCA) to reduce the dataset dimensions. They achieved a remarkable 97%
accuracy rate without a false-negative rate using K-Nearest Neighbour (KNN). Similarly, Tan et al. [22] use PCA-
reduced spectra to train a Decision Tree (DT) model and eventually achieve remarkable performance of 93.1% accuracy,
91.5% sensitivity, and 94.5% specificity. Ahmadi et al. [17] used an Aurtificial Neutral Network (ANN) to perform
classification, resulting in 83% and 100% accuracy in distinguishing healthy and early-stage infections using only green
wavelengths.

The existing spectroscopic techniques have shown significant potential for detecting and monitoring Ganoderma
disease in oil palm trees. Point-based measurements have provided valuable insights and high accuracy rates in disease
detection. However, the data collection requires taking leaf samples from the tree, which can be destructive and time-
consuming. Therefore, there is a need to explore image-based measurements for a more comprehensive and efficient
approach. Table 1 summarizes the previous studies using point-based measurement approaches according to their types
of sensors, inspection areas, used wavelengths, and methods.

Table 1. Summary of the previous studies (point-based measurement)

Used Wavelength

Author Type of Sensors Inspection Area Range Method
Ahmadi et al. Spectroradiometer Frond Number 9 and 2731100 nm Apply Artificial Neural Network (ANN) with different topologies and
(2017) [17] 17 epochs.
Lelong et al. Spectroradiometer Oil Palm Canopy 450-1100nm  ° Apply Partial-Least-Square Discrimination Analysis (PLS-DA) on first-

(2009) [18] order and second-order derivative datasets.

Use the Mann-Whiteney U Test to identify significant and insignificant
bands to develop new vegetation indices for Ganoderma disease
Spectroradiometer Frond 300-1000 nm detection.

Plot K-means cluster to evaluate the developed indices using silhouette
plots to measure the Average Silhouette Width (ASW).

Shafri et al.
(2009) [19]

Significant Wavelength Selection

o Select wavelengths that displayed a statistically significant difference
in reflectance between healthy and Ganoderma-infected oil palm
seedlings.

o One-way analysis of variance (ANOVA) is used to analyse the first
derivative of reflectance spectra and compare the groups using
statistical tests.

Spectral Index Development
o Use the Optimum Index Factor (OIF) to identify the most informative
pairs of wavelengths from the statistically significant set.
. Leaflet of the o OIF is used to find the best combination of wavelengths that can be
Iz(zzté)dld;;[gtozi\l- Spectroradiometer sgicé | isne% é';:j rstg tc;p 300-1000 nm ;\{jlt(l)z?fdietg girrc]:]f:)llieceR sartJieoc;r(a'\I/lgg;.ces and used in wavelength ratio and
P Evaluation and Selection

o Mann-Whitney U due to non-normal data to confirm that the indices
showed significant differences between the healthy and infected
seedling groups.

o ASW was used to evaluate how well each index separated the data
into distinct clusters representing the different levels of Ganoderma
infection.

Regression analysis to examine the correlation between the spectral
indices and a measure of plant health using total Leaf Chlorophyll (TLC),
expecting a solid correlation to indicate an index's ability to track disease
severity.

Using several ML models for classification: Linear Discriminant
Spectroradiometer Frond Number 17 325-1040 nm Analysis (LDA), Quadratic Discriminant Analysis (QDA), KNN, and
Naive Bayes (NB).

Liaghat et al.
(2014) [21]

(;—(?53?[;'2'] Spectroradiometer Leaves of the oil 900-1700 nm

palm seedlings
Liaghat, et al. Fourier transform
(2014) [23] infrared spectrometer

Using several ML models for classification: KNN, NB, SVM, and DT.

Canopy 2.55-25.05 um e Using several ML models for classification: LDA, QDA, KNN, and NB.
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2.2. Image-Based Measurement

Image-based measurement in this paper refers to obtaining spatial and spectral information simultaneously from
images using different types of sensors such as hyperspectral, multispectral, thermal, and more. This approach allows
the researchers to analyze the information on the oil palm trees' spectral and physical structure. The camera can also be
equipped on a drone or unnamed aerial vehicle (UAV), making the camera capable of capturing the entire tree canopy
and monitoring the plantations at a larger scale. Because of these characteristics, it can provide non-destructive and
efficient monitoring of Ganoderma disease in oil palm plantations.

Hermantoro et al. [24] applied Self-Organizing Maps (SOM) to detect BSR in oil palm trees on RGB images. The
trained SOM algorithm achieves a prediction accuracy of 73.8%. Also, the authors found a positive correlation between
the red band and disease severity, while the blue band shows the vice versa.

Thermal imaging leverages temperature differences in plant tissues caused by biological activities. Johari et al. [25]
used a thermal camera to capture oil palm leaves and leveraged PCA features extracted from images to train an SVM
model and achieve 80% prediction accuracy. Similarly, Hashim et al. [26] use the thermal camera to capture oil palm
trunks and convert them to structured data by extracting the image to maximum, minimum, mean, median, and standard
deviation temperature features. Random forest (RF) is trained using balanced data, achieved by applying random
oversampling, resulting in a good overall accuracy of 87.10% specificity and 100% sensitivity using only maximum and
minimum temperature features.

Multispectral imaging extends the analysis beyond the visible spectrum, capturing additional spectral bands that
provide more detailed information about plant health. 1zzuddin et al. [4] achieved a low accuracy of 41.4% and 0.2836
Kappa coefficient by training a Neural Network classifier using the NIR band dataset. 1zzuddin et al. [12] trained a
support vector machine (SVM), which resulted in an accuracy score of 91.8% with a combination of green, red, and
near-infrared data. The authors agree that different types of bands could indicate the condition of the plant, such as the
green band being sensitive to the leaf nitrogen and pigment. At the same time, the red band is sensitive to chlorophyll a
and b content, and the red edge band is sensitive to plant stress and chlorophyll content. The NIR band is sensitive to
the plant's water content, moisture, and biomass.

Wiratmoko et al. [27] used vegetation indices to identify and map Ganoderma infection levels in an oil palm
plantation. Four vegetation indices were calculated: Simple Ratio (SR), Normalized Difference Vegetation Index
(NDVI), Enhanced Vegetation Index (EVI), and Atmospherically Resistance Vegetation Index (ARVI) and compared
to ground-truth data collected through manual inspection. The results showed that the SR index demonstrated the highest
accuracy at 86.5%.

Other research also uses spectral bands and vegetation indices to improve the performance of detecting Ganoderma
disease. For example, Ahmadi et al. [28] developed early detection of Ganoderma disease using multispectral imaging
with red, green, and near-infrared (NIR) bands. Features are future extracted to Normalized Difference Vegetation Index
(NDVI) and textural information from the grey-level co-occurrence matrix (GLCM). The spectral bands and extracted
features fit into an SVM model. The result shows a 68.28% accuracy with a kappa coefficient of 0.57. The authors
mentioned that the model has challenges in distinguishing mildly infected palms due to the subtle spectral reflectance
differences at the early stages of infection, leading to some misclassification. Similarly, Wahyuni et al. [29] aim to
develop a rapid and accurate detection of Ganoderma disease using multispectral imaging to train SVM and RF models
with all spectral bands and extracted features such as Green Normalized Difference Vegetation Index (GNDVI), Soil
Adjusted Vegetation Index (SAVI), Green Chlorophyll Index (Clgreen), NDVI, and SR. The result shows 93.55%
accuracy on SVM and 84.42% on RF.

Handrian et al. [30] combine machine learning and Sentinel-2 multispectral imaging to identify basal stem rot disease
in different severities. The Random Forest (RF) model was trained using ten bands of Sentinel-2 imagery. The model's
performance shows 82% accuracy, 90.32% sensitivity, and 87.5% specificity. Similar to Ahmadi et al. [7], they
combined multispectral imagery and artificial neural networks (ANNS) for the early detection of Ganoderma disease in
oil palm using a modified RGB camera to capture green, red, and NIR bands. The result of the trained ANN showed an
accuracy of 72.73% in differentiating between healthy palm trees. The study highlights the potential of this approach as
a rapid, cost-effective method for large-scale disease monitoring in oil palm plantations.

Recent studies have explored hyperspectral imaging and deep learning for early and accurate detection of Basal Stem
Rot (BSR) disease in oil palm trees. Hyperspectral cameras can capture narrow bandwidths like spectrometers or
spectroradiometers while capturing spatial information like RGB or multispectral imagery. Azmi et al. [16]
demonstrated combining hyperspectral and SVM classifiers for early detection of Ganoderma. They collected the
images from oil palm seedlings and achieved 95% when using NIR bands for Ganoderma early detection. With the same
images, Khairunniza-Bejo et al. [15] resulted in 94.8%, 97.6%, and 92.5% accuracy, sensitivity, and specificity,
respectively, using a linear SVM model with a single NIR band. Furthermore, Yong et al. [31] explored the use of deep
learning models using the same images, specifically VGG16 trained on hyperspectral data, revealing that VGG16
achieved the highest 91.93% accuracy, 89.26% sensitivity, and 94.32% specificity when trained with unsegmented
images at 938 nm wavelength.

There is also research using hyperspectral imaging to capture oil palm trees. Lee et al. [33] proposed a Multilayer
Perceptron (MLP) model that relies solely on spectral features to analyze hyperspectral images, achieving an 86.67%
classification accuracy in differentiating BSR infection stages. Similarly, Kurihara et al. [32] employed a Random Forest
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(RF) algorithm for BSR detection with UAV-based hyperspectral imagery. They introduced a novel concentric disk
segmentation method to analyze reflectance spectra at the sub-plant scale. They identified a limited set of spectral bands
within the red-edge region as highly informative for accurate classification.

Table 2 summarizes the previous studies using image-based measurement approaches according to their types of
sensors, inspection areas, used wavelengths, and methods. In conclusion, image-based spectroscopic methods are
invaluable for the non-destructive and efficient detection of Ganoderma disease in oil palm plantations. From simple
RGB imaging analyzed with machine learning to sophisticated hyperspectral systems paired with deep learning models,
these techniques offer a scalable solution for monitoring large areas. Furthermore, the development and application of
UAV-hased platforms enhance this scalability while allowing for a comprehensive assessment of individual tree health
and detecting subtle spectral changes associated with early-stage infections. As technology advances, we can anticipate
further refinements and applications of image-based spectroscopy for even more precise, efficient, and timely detection
and management of Ganoderma disease.

Table 2. Summary of the previous studies (image-based measurement)

Type of

Author Sensors

Inspection Area

Used Wavelength Range

Method

Ahmadi et al. (2022)
7

1zzuddin et al. (2020)
[12]

Multispectral

Multispectral

Khairunniza-Bejo et al.

(2021) [15] Hyperspectral
Azmi et al. (2020) [16] Hyperspectral
s ks
Johari et al. (2021) [25] Thermal
Hashim et al. (2021) Thermal

[26]

Izzuddin et al. (2019b)

[12] Multispectral

Wiratmoko et al.

(2018) [27] Multispectral

Ahmadi et al. (2023)

(28] Multispectral

Wahyuni et al. (2024) .
[29] Multispectral
Handrian et al. (2022)

[30] Multispectral

Yong et al. (2022) [31] Hyperspectral

Lee et al. (2022) [33]  Hyperspectral

Kurihara et al. (2022)

[32] Multispectral

Win Kent et al. (2023)

[34] RGB

Tree Crown

Capture tree crown by mounting
the camera on the UAV

Canopy of the seedling

Canopy of the seedling

Canopy

Seedling Canopy by handheld the

thermal camera

Tree Trunk

Canopy

Canopy

Canopy

Canopy

Canopy

Canopy of the seedling

Canopy

Canopy

Canopy

Digital Camera with an external NIR filter.

Multispectral Camera with four bands:
Green, Red, Red Edge, and NIR.

450-950 nm

450-950 nm

N/A

635 nm

Detail refers to the specifications on the
FLIR T260 IR thermal camera

Multispectral Camera with red, green, blue,
and NIR bands

Multispectral Camera with blue, red, and
NIR bands

e Multispectral Camera with red, green, and
NIR bands

o Pleiades Satellite Image with Band 0 (0.43—
0.55 um), Band 1 (0.50-0.62 um), Band 2
(0.59-0.71 um), and Band 3 (0.74-0.94 um)

3 Bands: Green, Red, and NIR

Sentinel-2

450-950 nm

N/A

460-780 nm
Detail refers to [35]

N/A

« Artificial Neural Network (ANN) with an early
stopping mechanism to avoid overfitting.

¢ SVM with RBF.

Using SVM models with different kernels:
Linear, Quadratic, Cubic, Fine Gaussian,
Medium Gaussian, and Coarse Gaussian.

Five-fold cross-validation technique to evaluate
the performance of the trained models.

Using SVM models with different kernels:
Linear, Gaussian RBF, and Polynomial.

Five-fold cross-validation technique to evaluate
the performance of the trained models.

Apply the SOM model

Using several ML models for classification:
SVM, KNN, LDA, QDA.

Under-sampling, oversampling or Synthetic
Minority Oversampling (SMOTE) is performed
to solve imbalanced data.

e Using several ML models for classification:
NB, MLP, and RF.

Using cross-validation (WEKA's K-fold) due to
small sample size.

e Using several ML models for classification:
Maximum Likelihood, MD, and Neural
Network (NN)

Prediction by Thresholding:

o For a given palm, its index value is
compared  against the  pre-defined
thresholds.

o Assigned to associated infection level if the
values are within the range.

Apply the SVM model

Red, Green and NIR bands and five vegetation
indices are used as input features to fit into two
ML models for classification: RF and SVM.

Apply RF model

Data augmentation on both sets: Rotation
Horizontally, Vertical Flip, and Zoom.

Train VGG16 for transfer learning using
unsegmented images and Mask RCNN
segmented images.

Apply MLP model

Apply RF model

Applied rotations (90, 180, 270 degrees) and
vertical flips to increase training data size and
model robustness.

Use a modified U-Net architecture with a Multi-
Convolution Residual (M-CR) block.
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3. Methods

During the early stage of infection, the trees show no symptoms and look like healthy trees. The foliage symptoms
show only when Ganoderma disease is developed up to 60% [6], such as yellowish fronds, fronds wilting, hanging small
canopies, and more. Therefore, it is not ideal to include spatial features in disease detection. In this paper, the raw dataset
of each tree pixel is flattened and clustered into several pixel classes. Then, the distribution of the clustered pixel classes
is calculated and converted to a tabular dataset. The proposed method is shown in Figure 1. The captured hyperspectral
images require preprocessing before identifying affected trees. The processes involve band alignment, denoising, and
background subtraction.

Hyperspectral Feature-Based Band Denoise Background Identify Affected
Images Alignment Subtration Trees

Figure 1. Proposed method
3.1. Dataset

In this study, oil palm trees at the Palong Timur site in Johor, Malaysia, were surveyed. Seven blocks were defined
for data collection, which occurred in August 2023 between 11 a.m. and 12 p.m. under sunny, clear conditions. Field
evaluations were conducted by several experienced oil palm disease specialists from Felda Global Ventures (FGV). The
selection of experts by FGV was meticulously based on their extensive and specialized experience in the precise
identification of oil palm Ganoderma fruiting bodies, which spans over a decade. Additionally, these experts possess
significant expertise in systematically collecting, analyzing, and managing Ganoderma-related data. Their experience
is further reinforced by their comprehensive work conducting thorough Ganoderma data censuses across multiple FGV
estates in Malaysia. The trees are categorized as healthy and infected based on the visual symptoms shown in Figure 2.
Healthy oil palm trees refer to non-Ganoderma-infected oil palm trees. Oil palm trees with symptoms of white mycelium
in the stem bark or brittle wood or the presence of Ganoderma fruit bodies are identified as infected oil palm trees.

Healthy Infected

Figure 2. Ganoderma infection category in oil palm tree (Captured using RGB Camera)

The hyperspectral camera used in this paper is a frame-based snapshot camera that covers the green visible spectrum
to the NIR spectrum from 500 nm to 900 nm. The camera spectral FWHM is between 6 nm and 18 nm, with a 1 nm
spectral resolution. The camera was mounted on a custom-built UAV drone and flew 150 m above the ground to capture
the tree's canopy. When capturing each block, the camera will capture it 3 times simultaneously. Each hyperspectral
image has a spatial dimension of 1024 x 1024 and consists of 402 spectral dimensions with covert wavelengths of 500
nm to 900 nm. Based on the evaluation results, 48 were identified as Healthy and 21 as Infected. Figure 3 shows the
hyperspectral image of the oil palm trees with their ground truths.

3.2. Feature-Based Band Alignment

Frame-based cameras capture a sequence of bands in time, resulting in a time gap between two consecutive spectral
bands [35], as shown in Figure 4. To ensure data integrity, the acquisition platform needs to remain stationary during
the capturing process, ensuring each band is acquired from the same principal point and with the same geometry [36].
Although the UAV is programmed for a stationary flight over the plant, unavoidable slight motions or movements occur
due to sudden strong wind during data acquisition. Figure 5 shows the false RGB image of the captured hyperspectral
image, which seems to have a slight misalignment or blurring of the lines and shape. This results in significant
displacements between bands, causing the spectral signature of an object to be mixed or corrupted by background or
other objects. Therefore, it is essential to apply band alignment before performing any analysis or classification.
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Figure 3. False RGB image (wavelengths: 141 nm, 45 nm, and 196 nm)

Spectral
Scanning (A)

Spectral
Scanning (X)

A N, v, N

Spatial Dimension X

Figure 4. Frame-based hyperspectral camera and its respective acquisition methods from Halicek et al. (2019) [37]

Figure 5. False RGB image with no band alignment (wavelengths: 141 nm, 45 nm, and 196 nm)

To address this misalignment issue, a feature-based hyperspectral band alignment is proposed to align the images.
The proposed band alignment flowchart, shown in Figure 6, utilizes a pairwise approach to align bands sequentially.
The first band serves as a reference to align the second band, which is considered the target. To facilitate feature
extraction using the Scale-Invariant Feature Transform (SIFT) algorithm [38], both the reference and target bands are
converted to grayscale images using Equation 1. Since there may be significant changes in illumination between each
band, histogram equalization is applied to adjust contrast using the image’s histogram.

Band-min(Band)
Grayscale =

X 255

max(Band) —min(Band) (1)
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Hyperspectral Image

Data Processing
Convert Image to
Grayscale

Grayscale Reference

Image
Band Index: i

Data Processing
Histogram Equalization

Equalized Grayscale

Reference Image
Band Index: i

A 4

Feature Extraction
SIFT

Reference Image’s
KeyPoints &
Descriptor

r

Y

Grayscale Target
Image
Band Index: i+1

Original Target
Image
Band Index: i+1

r

Equalized Grayscale
Target Image
Band Index: i +1

r

Target Image's
KeyPoints &
Descriptor

Feature Matching
Brute-Force Matcher
& Lowe's ratio test

Good Matches of
Refererence and
Target Image

Estimate Transformation
Affine Transformations

2x3 matrix

Aligned "
Target Image

Geometric transformation

Figure 6. Flowchart of the band alignment method

The SIFT algorithm is then applied to the histogram equalized images, generating features consisting of key points
and descriptors. Each feature includes the key points and descriptors. Subsequently, feature matching is conducted to
establish correspondence between key points in different images by applying a brute-force matcher and Lowe’s ratio
test. The resulting inliers from the ratio test estimate a transformation matrix through affine transformation, which
combines linear transformations (rotation, scaling, shearing) and translation (shifting). Once obtained, this
transformation matrix, representing the geometric relationship between the reference and target bands, is then applied
to the original target band (not the grayscale image) to perform the geometric transformation and align it with the
reference band. This iterative process continues, using the aligned band as a reference until all bands are aligned. Figure
7 shows the differences between the images with and without alignment.

Figure 7. False RGB image of the hyperspectral images (wavelengths: 141 nm, 45 nm, 196 nm): (a) before band alignment,
(b) after band alignment
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To evaluate the accuracy of the proposed band alignment method, the alignment accuracy between adjacent band
pairs upon alignment is estimated using Root-Mean-Square Error (RMSE), Pearson Correlation Coefficient (PCC),
and Normalized Mutual Information (NMI). The lower value of RMSE indicates the better alignment accuracy of
the proposed alignment. The RMSE is calculated by using the matched key points between the reference band and
the target band using Equation 2. In Equation 2, r refers to the reference band, t refers to the target band, and n
represents the total number of matched key points. Each key point is a set of x and y pixel coordinates representing
the location of a feature in the band. A lower RMSE value indicates less residual variance and better accuracy of the
alignment.

n —xt:)2 —y.)2
RMSE, , = \/zm(xrl 10"+ 00 @

The Pearson Correlation Coefficient (PCC) [39] measures the linear relationship between the two bands, which
can be used to evaluate the accuracy of the alignment. The equation of PCC value between bands shown in
Equation 3. In Equation 3, r refers to the reference band, t refers to the target band, W and H refer to the width
and the height of the hyperspectral image. 7, and t,,, refer to the mean of r,, and t,,, as shown in Equations 4
and 5, respectively.
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The Normalized Mutual Information (NMI) [40] measures the relationship between the pixel intensities in the two
bands. It could effectively measure the alignment quality, especially presence of noise or complex intensity relationships.
The equation of the NMI is shown in Equation 6. In the equation, r refers to the reference band while t refers to the
target band. H(r) and H(t) are marginal entropies which are calculated using Equation 7. H(r, t) is the join entropy
which is calculated using Equation 8.

NMI,, = 220 (6)
H(I) = — X, P(0) * log(P(1)) @)
H(r,t) = — Xier Xjee P(i,)) * 1og(P(i, ) (8)

To evaluate the performance of the hyperspectral image, RMSE, PCC, and NMI are calculated by using Equations 9
to 11, respectively. The equations averaging all the value of the align accuracy between adjacent band pairs, which
calculated b - 1 times. In the equations, b refers to the number of bands in the hyperspectral image.

- b-1 o
RMSE = % (9)
- b=1prc. .
PCC = 2=zl (10)
NMI = M (11)
b—-1
3.3. Denoise

After the data cube’s bands are aligned, the spectral signature of a pixel shows there is still some peak noise in the
hyperspectral data cube. Therefore, a pixel-based Savitzky-Golay smoothing filter is used to smooth out the spectral
signature [41]. The comparison of spectral signature before and after the filtering is shown in Figure 8.
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Figure 8. The spectral signature before Savitzky-Golay smoothing filter (left) and after Savitzky-Golay smoothing filter (right)

3.4. Background Subtraction

Removing background noise from the hyperspectral images is important before generating a spectral
representation dataset suitable for machine learning. This is because individual trees are cropped out from the image
during the conversion of hyperspectral images into a tabular form of spectral representation (details will be explained
in the following subsection). Still, these cropped tree images often contain information about other objects, such as
soil, different vegetation, and shadows. This extraneous information can interfere with the accurate analysis of
spectral signatures from oil palm trees, potentially leading to inaccurate representation in the tabular dataset and
impacting the performance of the machine learning models. A background subtraction method is implemented to
tackle this issue, which utilizes K-means clustering to cluster oil palm trees and other objects based on spectral
signature differences.

Before performing clustering, principal component analysis (PCA) is used to reduce the dimensionality of the
hyperspectral image while keeping the explained variance to 95%, allowing K-means to cluster the pixels more
effectively without losing much spectral information. The K-means clustering then utilizes dimension-reduced
hyperspectral images and groups pixels based on spectral similarity, separating the tree pixels from the background
pixels with distinct spectral properties—the K-means clustering groups pixels into two classes: tree pixels and
background pixels. As K-means is an unsupervised learning method, the classes might differ from the desired outcome
classes. To overcome this issue, the classes will be reassigned to the desired outcome classes by checking the spectral
signature of the oil palm tree and background, as the value of the background’s spectral signature is lower than the value
of the oil palm tree’s spectral signature. The spectral signature of the oil palm tree and background are shown in Figure
9. The result of the background subtraction is shown in Figure 10.
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Figure 9. Spectral signature comparison of oil palm and background
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Figure 10. Background subtraction result: (a) false RGB hyperspectral image; (b) background subtracted mask

To evaluate the effectiveness of the background subtraction, the Intersection over Union (loU), Dice Similarity
Coefficient (DSC), and precision were employed using the ground truth of the hyperspectral images annotated manually
using Computer Vision Annotation Tool (CVAT) (CVAT.ai Corporation, 2023: Computer software). Retrieved from
https://github.com/cvat-ai/cvat. The loU provided insights into the segmentation performance and captured the spatial
extent of potentially desired regions. It allows us to describe how well the proportions of the segmented tree region
overlap with the actual region. On the other hand, DSC, like loU, is given more weight to segment tree areas correctly
and penalizes tree areas that are under segmentation. DSC emphasizes the accurate overlap over the pure region size
segment. Precision is used to evaluate how many tree pixels are classified as trees. The formulas of the loU, DSC, and
precision are shown in Equations 12 to 14, respectively.

True Positives
IoU = — — — (12)
True Positives + False Positives+False Positives

DSC = 2+True Positives (13)

2+True Positives + False Positives+False Negatives

. . True Positives
Precision = — — (14)
True Positives + False Positives

3.5. Prediction

The images are converted into a tabular form of spectral representation to utilize only spectral information of
hyperspectral images. The process is illustrated in Figure 11. Once all the hyperspectral images are band-aligned and
denoised, the background of the hyperspectral images is removed using the implemented background subtraction
method. It ensures that the spectral representation dataset accurately reflects the spectral characteristics of the oil palm
trees and minimizes the influence of irrelevant spectral information. Then, the images of trees are annotated using the
CVAT annotation tool. Based on the annotation, the trees are cropped from their background-subtracted hyperspectral
image. Since each tree’s spatial dimension differs, all cropped tree images are fixed to a spatial dimension of 500 x 500
by adding zero paddings. After processing all images, the cropped tree samples are merged into the cropped dataset.
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Figure 11. Dataset Process Flow
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Afterwards, the Cropped Dataset is used to train a K-means clustering, which clusters the tree pixels into 15 classes.
Once trained, all the tree samples are used as K-means input to predict their classification map. A classification map is
an image representation that assigns different clustered classes to distinct pixels within tree samples based on the K-
means model prediction. These classification maps make up the K-means Cluster Map Dataset. To organize and present
this distribution information in a structured manner, the K-means Cluster Map Dataset is converted into a tabular format
called the Pixel Classes Distribution Dataset. Each row in the table represents a region of interest within the image, and
columns correspond to the different classes. The entries in the table indicate the frequency or proportion of each class
within the corresponding region.

Finally, with the hyperspectral data transformed into a tabular format represented by the Pixel Classes Distribution
Dataset, four different machine learning classifiers are employed to distinguish between healthy and Ganoderma
infected oil palm trees: Support Vector Machine (SVM) with several kernels (i.e., linear, polynomial, sigmoid, and
radial basis function), Random Forest (RF), Multilayer Perceptron (MLP), and Decision Tree (DT). Using a stratified
sampling approach, the dataset is split into a train set (70%) and a test set (30%). This ensures that train and test
subsets have the same class distribution in the original dataset, eliminating the class imbalance issue. Each method
was employed under the same parameter settings and dataset to ensure a fair and valid comparison of classifiers'
performance.

Several evaluation metrics for the model performance evaluation include accuracy, specificity, sensitivity, and
Cohen’s Kappa Coefficient. Accuracy provides a general indication of the model's performance by measuring the
number of samples correctly classified across the entire dataset, providing the overall correctness of the rule-based
model. Sensitivity, also known as recall, measures how well the model can classify infected trees, which are true
positives. Sensitivity is the most important metric, as it indicates the model’s ability to detect Ganoderma disease
effectively. A high sensitivity score is essential to ensure that infected trees are not missed, allowing for timely
intervention. Specificity, also known as recall, measures how well the model can classify healthy trees, which are true
negatives. A high specificity score indicates the model has low false positives, as incorrectly classifying healthy trees
could lead to unnecessary treatments and resource allocation. Cohen’s Kappa Coefficient measures the model's
reliability in classification tasks. It provides a more reliable measure of the model's performance than simple accuracy,
especially when dealing with imbalanced datasets. The equations of accuracy, specificity, sensitivity, and Cohen’s
Kappa Coefficient are used in Equations 15 to 18, respectively.

True Positives + True Negatives

Accuracy = (15)
Total Samples
cps s True Negatives
Specificity = = 9 — (16)
True Negatives+ False Positives
ipr True Positives
Sensitivity = — - a7
True Positives + False Negatives
K = Po—Pe (18)
1-pe

4. Discussion and Experiment Results
4.1. Band Alignment

For the evaluation of the band alignment method, the hyperparameters used in the SIFT ratio test are fixed, as shown
in Table 3. The results of the three proposed evaluation metrics (RMSE, PCC, and NMI) calculated for adjacent band
pairs are presented in Figures 12 to 14, respectively. Based on the figures, it's evident that for most adjacent band pairs,
there is a significant improvement in alignment after applying the band alignment method. The accuracy of the alignment
on the hyperspectral image is shown in Table 4. Comparing the band alignment hyperspectral image with the raw
hyperspectral image, it shows 79.5%, 0.7%, and 7.2% improvement on RMSE, PCC, and NMI, respectively. These
results demonstrate that the proposed band alignment method significantly minimizes spectral misalignment in
hyperspectral images.

Table 3. Evaluation of developed band alignment method

Function/ Class Hyperparameter Value
SIFT nfeatures 1000000000
BFMatcher.knnMatch() k 2
Lowe’s Ratio Test threshold 0.7
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Table 4. Evaluation of developed band alignment method

Metrics  Higher/Lower Better ~Raw Hyperspectral Image  Aligned Hyperspectral Image  Differences (%, Absolute Value)

RMSE Lower 6.8580 1.4043 79.5%
PCC Higher 0.9875 0.9946 0.7%
NMI Higher 1.3213 1.4165 7.2%

4.2. Background Subtraction

Tree region-level precision is used as the primary metric to assess segmentation performance with a strong emphasis
on minimizing the misclassification of background pixels. This metric directly reflects the proportion of correctly
identified tree pixels from all labeled 'trees' in the segmentation output. The developed background subtraction method
achieved a precision score of 93.99%, indicating that the model can select tree regions significantly while effectively
minimizing the background pixels wrongly classified as ‘background’. This result suggests that the developed
background subtraction method fulfilled the main requirement for accurate background removal.

For the overlap-based metric, the Intersection over Union (loU) and Dice Similarity Coefficient (DSC) scored 0.6278
and 0.7702, respectively. Based on the result, the Intersection over Union (loU) score suggests that the model accurately
identifies the core areas of trees. Still, it may exhibit some limitations in perfectly capturing the full spatial extent of
every tree crown, potentially leading to minor under-segmentation. The relatively higher DSC compared to loU suggests
that while there might be minor discrepancies in boundary delineation, the model excels at capturing the truest tree
pixels. The results of these metrics show that the developed method can accurately identify tree pixels. However, as
suggested by the loU and DSC values, further refinement might be beneficial to improve the technique to allow complete
boundary contours of the tree regions. Table 5 summarizes the results of the metrics.

Table 5. Evaluation of developed background subtraction method

Metrics Score

Precision 93.99%
loU 0.6278
DSC 0.7702

4.3. Prediction Result

The performance of each classifier is presented in Table 6, where models are evaluated using four metrics: accuracy,
sensitivity, specificity, and Cohen’s Kappa coefficient. The Multilayer Perceptron (MLP) model demonstrated
exceptional performance with 100% accuracy, sensitivity, and specificity, achieving a Cohen's Kappa coefficient of
1.00. This remarkable performance highlights the model’s ability to capture the nonlinear relationships in the data and
effectively distinguish delicate patterns within the limited feature space that distinguishes infected trees from healthy
ones. However, this raises concerns of potential overfitting, as given limited samples, the model may have simply
memorized the training data instead of learning generalized patterns. While this performance is promising, further
validation with a larger, more diverse dataset is crucial to assess the MLP's true generalizability and mitigate potential
overfitting concerns.

Table 6. Evaluation of developed background subtraction method

Methods Accuracy (%) Sensitivity (%) Specificity (%) Cogen’s Kappa Coefficient
MLP 100.00 100.00 100.00 1.00

SVM (RBF) 91.67 83.33 100.00 0.8333
SVM (Polynomial) 91.67 83.33 100.00 0.8333
SVM (Sigmoid) 66.67 50.00 83.33 0.3333
SVM (Linear) 66.67 83.33 50.00 0.3333
Random Forest 83.33 66.67 100.00 0.6667
Decision Tree 62.50 100.00 25.00 0.2500

The Support Vector Machine (SVM) with radial basis function (RBF) and polynomial kernels achieved an accuracy
of 91.67%, a specificity of 100%, and a Kappa score of 0.8333, but they both with a lower sensitivity score of 83.33%.
This indicates that these SVM models can accurately identify healthy trees, but they may miss some infected trees,
suggesting potential limitations in detecting subtle spectral variations associated with early infection stages. On the other
hand, SVM with Sigmoid kernel achieved a lower performance of 66.67% accuracy, 50% sensitivity, 83.33% specificity,
and 0.3333 kappa score. This performance suggests that the linear and sigmoid kernels might not be as effective in
capturing the non-linear relationships present in the spectral data of oil palm trees.
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The Random Forest (RF) model achieved an accuracy of 83.33%, a sensitivity of 66.67%, a specificity of 100%, and
a Kappa score of 0.6667. The RF model demonstrated proficiency in identifying healthy trees but exhibited limitations
in detecting all infected trees, suggesting potential challenges in capturing the full range of spectral variations associated
with Ganoderma infection. The Decision Tree (DT) model obtained an accuracy of 62.50%, a specificity of 25.00%,
and a Kappa score of 0.2500. However, it displayed a high sensitivity of 100%, indicating its potential to identify all
infected trees. This suggests that while the DT model may not be as accurate overall, it excels at recognizing infected
trees, even in early stages when subtle spectral changes might be present.

5. Conclusion

This study presents a Ganoderma disease detection on oil palm trees approach using hyperspectral imaging and
machine learning techniques. To overcome the hyperspectral image misalignment, a feature-based band alignment
method is developed to enhance the accuracy of spectral data. The result significantly improves spectral coherence
across adjacent bands, quantified by RMSE, PCC, and NMI metrics. The background subtraction was also developed to
isolate tree pixels and eliminate irrelevant spectral information. Based on a 93.99% precision score, the developed
method can eliminate most of the background. However, loU and DSC suggested that future improvement is required
to capture the full spatial extent of the trees. Future improvements will focus on improving the boundary delineation to
allow complete boundary contours of the tree regions.

Using an MLP classifier on features extracted from clustered pixel classes, the prediction model exhibited exceptional
performance with 100% accuracy, sensitivity, and specificity. This perfect score suggests the model's efficacy but
highlights the need for further validation with a larger, more diverse dataset to confirm generalizability and address
potential overfitting concerns.

Future research will involve collecting datasets, including temporal information, for enhanced disease stage
classification. In terms of the prediction model, future studies can explore other machine-learning techniques to improve
the prediction accuracy. Overall, this study utilizes hyperspectral imaging as a powerful tool for accurately detecting
Ganoderma disease in oil palm plantations.
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