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Abstract: In this study, the AISA Eagle airborne hyperspectral image was used to detect and map three levels 

of BSR disease severity in oil palm plantation using five spectral indices (SI) and four Continuum Removal (CR). 

The accuracy of the SI and CR was then assessed using confusion matrix and t-test. The results revealed that 

only two SI, i.e. Simple Ratio Index (SRI) and Enhanced Vegetation Index (EVI) had moderate capability for the 

detection of BSR disease in oil palm. SRI showed moderate accuracy of 44.4% compared to EVI with 40.7% 

accuracy; while the other three SIs had poor accuracy (<40%). The results indicated that the SIs generated from 

airborne hyperspectral image had low accuracy for detection of BSR disease in oil palm. Meanwhile, the results 

of t-test of the four CR. showed significant distinctions between all severity classes in the 500 nm absorption 

features for young oil palm. Further studies must be conducted to develop specific spectral analysis method for 

BSR disease detection in oil palm using airborne hyperspectral remote sensing. 
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1. Introduction  

The palm oil industry is one of Malaysia’s key socio-economic drivers and important for the growth of the 

country but basal stem rot disease (BSR) caused by Ganoderma spp. had destroyed oil palm and resulted profit 

reduction to Malaysian economy [1]. A fast and accurate method for this disease detection is required to prevent 

loss [2].The Ganoderma disease incidences have been reported to occur in oil palm cultivated in all types of soil; 

coastal, inland, peat and lateritic[3]. The most aggressive Ganoderma species that causes BSR disease is 

Ganoderma boninense [4]. The disease spreads by the Ganoderma mycelium that grows along the infected root 

and eventually reaches the bole region of the palm. The Ganoderma disease shortens the life span of the oil palm 

and affecting the yield of the fresh fruit bunches [5].  

Several technologies implemented to detect Ganoderma disease on individual oil palm have been developed. 

They are Ganoderma Selective Medium (GSM)[6], Polyclonal Antibodies Enzyme-Linked Immunosorbent 

Assay (PAbs-ELISA)[7][8]), Multiplex PCR-DNA Kit [9], and GanoSken Tomography [10]. The disadvantages 

are that these detection technologies required a lot amount of labour, cost and time. The availability of airborne 

hyperspectral remote sensing can provide wide aerial view over oil palm plantation compared to the individual 

oil palm detection techniques [2]. Airborne hyperspectral imaging utilises camera on airborne platform that 

acquires images in many narrow, contiguous spectral bands throughout the visible, near infrared, mid infrared 

and thermal infrared portions of the spectrum [11]. [12] used CR to characterise the wavelengths suitable for 

detection of brown spot disease on rice and  found that the suitable ranges were 401 nm – 530 nm, 550 nm – 730 

nm, 498 nm and 678 nm. Studies by [13] used hyperspectral remote sensing in detecting stress caused by late 

blight disease in tomatoes from airborne visible infrared imaging spectrometer (AVIRIS) and suggested several 

SIs suitable for the disease detection. The objective of our study was to assess capability of SI and CR to 

differentiate different level of Ganoderma disease severity in oil palm using airborne hyperspectral imagery. 
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2.  Methodology 

2.1. Study Area and Hyperspectral Airborne Image Acquisition 
 

The study area was located in an oil palm plantation located at Seberang Perak, Perak, Malaysia (4° 6’ 42” N, 

100° 53’ 12” E) (Figure 1a) with annual precipitation of 2256 mm and temperature between 24°C - 34°C. The 

airborne hyperspectral imagery was acquired in 20 October 2008 over a portion of oil palm plantation (5 years 

old palm) where Ganoderma disease incidence was reported. The Airborne Imaging Spectrometer for 

Applications (AISA) (Figure 1b) is a pushbroom camera that covered spectrum range from 400 to 970 nm with 

spectral intervals of approximately 4.6 nm consisted of 128 bands. The altitude during image acquisition was set 

to 1 km above sea level. Caligeo and ENVI QUAC function in ENVI 4.8 software was used for pre-processing 

of the image [14]. 

 

 

 

 

 

 

  

 

Fig. 1: a) Study site of oil palm plantation, Seberang Perak, Malaysia; and b) The AISA airborne hyperspectral system 

2.2. The Ganoderma Disease Ground Census 
The ground data consisted of Ganoderma disease severity levels and was prepared through visual inspection 

of oil palm in the study area. The oil palms were selected and categorised based on description as presented in 

Table 1. The GSM was used to confirm the presence of Ganoderma disease in oil palm. 

TABLE I: Ganoderma disease severity levels 
Disease 

Severity  

Description Visual Assessments 

T1 Uninfected palm and GSM negative. Looks healthy, no foliar symptoms and absence of white 

mycelium or fruiting body (Ganoderma) at the stem base. 

 

T2 Infected palm with Ganoderma fungus 

without any foliar symptoms but with small 

white button or fruiting body at the stem base, 

GSM positive. 

 

Looks healthy, no foliar symptoms but presence of small 

white button and/or fruiting body (Ganoderma) at stem 

base. 

 

T3 Infected palm with Ganoderma fungus with 

foliar symptoms and white mycelium or 

fruiting body at stem base, and GSM positive. 

Yellowing or drying of some leaves. Three or more remain 

as unopened spears. Rupture of older fronds. Presence of 

small white button and/or fruiting body (Ganoderma) at 

the stem base. 

  2.3.  Spectral Indices (SIs) and Continuum Removal (CR)  Processing 
The SIs is a combination of area reflectance at two or more wavelengths designed to highlight a particular 

property of vegetation to describe plant foliage. The hyperspectral image was transformed into SIs using the 

Vegetation Analysis Tool provided in ENVI 4.8 Software. Five SIs and four CR were used is showed in Table 2 

and Table 3. 
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TABLE II: List of Spectral Indices (SIs)  
No. Spectral Indices (SIs) Formulae 

1. 

 

Normalised Difference 

Vegetation Index (NDVI) 
 

2. Simple Ratio Index(SRI) 

 
3. Enhanced Vegetation Index 

(EVI) 
 

4. Vogelmann Red Edge 

Index 1 (VREI 1) 
VOG1 =  

5. Carotenoid Reflectance 

Index 2 (CRI 2) 
CRI2 =  

TABLE III: List of Continuum Removal (CR) 

No. Continuum Removal 

(CR) 

Formulae 

1. Continuum-removed 

reflectance (CRR) 

CRR = R/CR 

2. Band Depth (BD) BD = 1-CRR 

3. Normalised Band Depth 

(NBD) 

NBD = BD/BDc 

4. Band Depth Normalised 

to Area (BDNA) 

BDNA = BD/ƩBD 

 
The five SIs were selected based on literature review on potential application of these SIs for vegetation stress 

and disease [15]. The NDVI was introduced by [16] separates green vegetation from its background soil 

brightness. NDVI values are ranging from -1 to 1; with 0 and negative value representing non-vegetated areas.  

The SRI is constructed as a ratio to minimised illumination difference due to topography. However, SRI is 

susceptible to division by zero errors and resulting measurement scale is not linear [17].The EVI is a modified 

NDVI with a soil adjustment factor L and two coefficients, C1 and C2, which describe the usage of the blue 

band in correction of the red band for atmospheric aerosol scattering [18]. The VREI 1 is a narrowband 

reflectance measurement that is sensitive to the combined effects of foliage chlorophyll concentration, canopy 

leaf area and water content. The values of this index range from 0 to 20 [19].The CRI 2 is as reflectance 

measurement which is sensitive to carotenoid pigments in plant foliage. Higher CRI 2 value means greater 

carotenoid concentration relative to chlorophyll [20]. 

Meanwhile, CR is a method that normalized reflectance spectra from image to compare individual 

absorption features from a common baseline. The continuum is defined as the convex hull fit over the top of 

each line segments to the spectrum maxima and the continuum is removed by dividing the convex hull to the 

original spectrum [21]. We used four CR which are: 1) Continuum Removed Reflectance (CRR); 2) Band Depth 

(BD); 3) Normalised Band Depth (NBD); and 4) Band Depth Normalised to Area (BDNA) (Table 3). 

2.5. Output Assessment 
Confusion matrix used to calculate overall accuracy of SIs image classification[22]. Kappa value was also 

calculated to define the good and poor accuracy classes (Table 4) [23]. 

TABLE IV: Interpretation of kappa values with respect to classification accuracy classes 

Kappa value Classification accuracy class 

<0 Poor  

0.01-0.20 Slight 

0.21-0.40 Fair 

0.41-0.60 Moderate 

0.61-0.80 Substantial 

0.81-0.99 Good 
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Meanwhile the CR outputs were assessed using t-test. The t-test compared differences between the sample 

means by computing the t-statistic and the degrees of freedom for choosing the tabulate t-value. The t-test 

analysis was adopted by [24] in discriminating shrubs and tree species from hyperspectral SIs.  

3. Results and Discussions 
The AISA airborne images were processed using Caligeo software for geometric and radiometric correction 

into an orthoimage and converted to orthoimage mosaic. The study area is highlighted in Figure 3. 

 

 

 

 

 

 

 
 

Fig. 3: AISA Eagle hyperspectral image of oil palm plantation. The yellow box indicates the study area. 

3.1. Classification of Spectral Indices 
The five SIs were classified using the density slicing method into T1, T2, T3 and non-vegetated area. 

Several iterations of density slicing were conducted during the classification process. The iterations were 

conducted to determine the suitable ranges of SIs values that represented the disease severity levels. Table 5 

showed the SIs values for T1, T2 and T3 and non-vegetated area. 

TABLE V: Spectral Indices value for Ganoderma disease severity levels 

 Vegetation Index / Value 

Disease Severity Level/Non-Vegetated 

Area 

NDVI SRI EVI VREI1 CRI2 

T1 0.9 - 1.0   12.6 - 21.0 0.7 - 1.0 2.4 - 3.1 9.0 - 54.5 

T2 0.7 - 0.8  10.0 - 12.5 0.4 - 0.7 2.2 - 2.4 8.5 - 10.0 

T3 0.4 - 0.6 2.0 - 10.0 0.1 - 0.4 1.5 - 2.2 2.0 - 8.5 

Non vegetated  0.0 - 0.3 0.0 - 2.0 0.0 - 0.1 0.0 - 1.5 0.0 - 2.0 

     

Table 5 provides the values of SIs for each disease category. Higher values means healthy oil palms and the 

lowest resembled the non-vegetated areas. The SIs images were then classified into T1, T2, T3 and non-

vegetated area (Table 6). The output images were then verified with the points from ground census map to assess 

the accuracy using confusion matrix. The difference between observed and expected locations of T1, T2 and T3 

was measured in overall percentage of accuracy and also their kappa values.Table 6 shows the classification 

output of the SIs. The small dots overlaid on the output are the location of T1, T2 and T3 training data points. 

SRI gave the highest accuracy (44.4%) followed by EVI (40.7%).  The VREI 1 and CRI 2 gave the same 

percentage accuracy at 37.0% while the accuracy for NDVI was only 33.3%. The Kappa values assisted the 

interpretation of accuracy. The highest Kappa value was for SRI (0.43) followed by EVI (0.41) indicating a 

moderate classification accuracy while VREI 1 and CRI 2 shared the same Kappa value (0.056), and NDVI 

showed the lowest Kappa value (0.000) which reflected a poor classification accuracy. 

 Low, positive values of NDVI (0.3 to 0.7) generally correspond to infected palms, while the middle range 

(0.7 to 0.8) represent infected but looking healthy palms, NDVIs values of 0.8 to 1.0 indicate healthy palms. Our 

results were contrary to the findings obtained by [25] who reported that NDVI had a high accuracy (81%) for 

detection of wheat rust disease. The difference may have resulted from the quality of image acquired and the 

radiometric properties the difference of image acquisition approach. Results by [26] also were not similar with 

our results which suggested that NDVI, SRI, and VREI 1 had high accuracy from 78%-82% and different with 

our findings where the SIs only cover accuracy from 33.3% to 44.4%. [26] only studied the difference between 

healthy and diseased oil palms, while we conducted a study that attempted to differentiate three levels of 

Ganoderma disease severity. [26] suggested that modification of the SIs is required in order to differentiate 

between the Ganoderma disease severity levels. Their results accuracy were not yet tested on airborne 

hyperspectral images.  
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TABLE VI: Results of Spectral Indices classification 

Vegetation Index NDVI SRI EVI VREI 1 CRI 1 

Classification  

Output 

 

Legend 
          T1 

           

          T2 

 

          T3 

 

          Non-vegetated 

 
 

    

Overall Accuracy (%) 33.3 44.4 40.7 37.0 37.0 

Kappa 0.000 0.43 0.41 0.056 0.056 

 
Table VII: CR results at 500nm and 700 nm absorption feature 

Continuum Removal 500nm absorption feature 700nm absorption feature 

 

 

Continuum-removed 

reflectance (CRR) 

 
t-test = signficant 

 
t-test = not signficant 

 

 

Band Depth (BD) 

 
t-test = signficant 

 
t-test = not signficant 

 

 

Normalised Band Depth 

(NBD) 

 
t-test = signficant 

 
t-test =not signficant 

 

 

Band Depth Normalised to 

Area (BDNA) 

 
t-test = signficant 

 
t-test = not signficant 
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[11] and [15] had studied several SIs for Ganoderma disease detection using airborne hyperspectral images 

and their results concurred with our results. [11] suggested that the SIs required modification by implementation 

of significant wavelengths into the SIs formulae and applied the continuum removal to the spectral signatures of 

the Ganoderma disease severity. Furthermore,[2] and [27] had develop specific SIs for detection of Ganoderma 

disease in oil palm using field spectroscopy but the results cannot be compared directly with our study because 

the results have not yet been tested on airborne hyperspectral image. Our study concluded that SRI had the 

highest accuracy followed by EVI, VREI 1, CRI 2 and NDVI. However, the accuracy of the SIs were moderate 

and poor and modification is needed to improve the results.  

For CR analysis, two continuum removed regions were selected at 500 nm absorption feature (400 – 500 

nm) and 700 nm absorption feature (550 – 750 nm). Analysis using visual inspection and t-test on the 500 nm 

absorption feature showed that there are significant difference between T1, T2 and T3 by using the four CR but 

at 700 nm absorption features the results showed that all four CR showed less significant difference between T1, 

T2 and T3 and all CR at 700nm absorption feature show no significant difference between T2 and T3 (Table 7). 

4. Conclusions and Recommendations 

 Our study reviewed five SIs and four CR for detection of different Ganoderma disease severity levels. 

Density slicing classification technique with several iterations was used to classify the SIs images into T1, T2 

and T3 and t-test was conducted for CR analysis. The results showed that none of the SIs had good accuracy 

while only CR on 500 nm absorption features showed significant difference between T1, T2 and T3. The results 

suggested that the SIs used in this study were not very suitable for detection of Ganoderma disease in oil palm. 

Future works using advance image processing techniques such as Support Vector Machine and Artificial Neural 

Networks integrated with CR can be used to process the airborne hyperspectral image and generate new spectral 

analysis method for early detection of Ganoderma disease in oil palm. The new spectral analysis must also 

tested on other  oil palm related diseases to avoid ambiguities in results. 
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