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 White-root disease is the most serious disease of all rubber diseases in Malaysia. This 

disease is caused by a fungus called Rigidoporus Lignosus. It will attack young rubber 

tree and can spread out faster through transferring by root-to-root of the nearest tree. 
This disease is not only can damage the tree, but it also involves heavy expenditure for 

its treatment. Normally, the symptom of this disease can be seen through the drastic 

discoloration of the rubber leaf. Once discoloration occurs to the leaf, it’s already too 
late to give treatment. The only treatment is to cut off the infected root. Recognizing 

this disease is done by expert people who are well trained to recognize the various 

symptoms. Therefore outcome of this project can help in doing early detection of white-
root disease for rubber tree without any supervising by an expert person. This project 

was about the implementation of Artificial Neural Network (ANN) techniques in order 

to classify a decision of early detection of rubber tree white-root disease based on leaf 
discoloration. An ANN model was developed using quantitative optical measurements 

of leaf samples using spectrometer where the green colour of the leaf was the reference 
wavelength. There were three selected regions of interest to be measured: main vein, 

vein and petiolule. After tested with statistical analysis using SPSS software, only one 

selected region was recommended to be used as input in order to develop the ANN 
model for classification decision. The model was trained iteratively so that the output 

would categorize the input optical measurement into three cases: healthy, medium or 

worst. The performance of the optimized model was decided after observing the 
Receiver Operating Curve (ROC) plot analysis. The overall percentage accuracy for the 

optimized model is found to be 84.4% while the sensitivity for healthy, medium and 

worst cases are 83.3%, 73.3% and 96.7% respectively. 
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INTRODUCTION 

 

 Rubber has been known to the indigenous people of the Americas long before the arrival of European 

explorers (Mohamad Johari, Mohamad Hassan, 2005). Rubber is one of the most important products to come 

out of the rainforest. Though indigenous rainforest dwellers of South America have been using rubber for 

generations, it was not until 1839 that rubber had its first practical application in the industrial world (Wade 

Davis, 1996). Natural rubber tree in Malaysia began in 1877 at Kuala Kangsar, Perak with the Havea 

Brasilliensis species. 

 Most of the disease problems of rubber in Malaysia are caused by indigenous fungal parasites. There are 

several types of diseases of rubber tree for example leaf spot, bird’s eye spot, root disease and etc. There are six 

types of root diseases which are white, red, brown, ustulina, poria and stinking root diseases (Rao, B. Sripathi 

Hilton R. N., 1975). 

 This paper focus on the investigation of white-root disease because it is the most serious disease of all 

rubber diseases in Malaysia. This disease is caused by the fungus called Rigidoporus Lignosus (Rao, B. Sripathi 

Hilton R. N., 1975). White-root disease attacked young rubber trees and can spread out faster by touching root-

to-root. This disease not only can damage the tree, but it involves money when it comes to control. One must 

rely on symptoms appearing on the roots themselves in order to recognize the disease. Figure 1.1 below shows 

the differential of discoloration that occurs in rubber leafs. 
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Fig. (1.1): The discoloration of white-root disease on rubber leafs. 

 

 The visible light spectrum is the section of the electromagnetic radiation spectrum that is visible to the 

human eye. The various color ranges indicated in Table 1.1 are an approximation: the spectrum is continuous, 

with no clear boundaries between one color and the next  (Bruno, T.J., & Svoronos, P.D.N., 2005). The 

wavelength of green color (495-570nm) will be used as the color reference for this project.  

 This visual spectrum was used in order to see through the sample experiments and it can be related to the 

electrical instrument to be used. This wavelength will be used by the spectrometer in order to collect data in 

terms of percentage when the reflected light is sent back to the spectrometer (Hashim, H., 2010). 

 
Table 1.1: Range of various colors 

 
 

 The instrument that was used to measure the percentage of green colour in rubber leafs for this project is 

ZEISS Spectrometer. Figure 1.2 shows the ZEISS spectrometer which is an instrument operated based on 

application optical sensor system. The instrument is used to measure properties of light over a specific portion 

of the electromagnetic spectrum, typically used in spectroscopic analysis to identify materials. Usually the 

variable measured is the reflectance of light’s intensity. The independent variable is usually the wavelength of 

the light directly proportional to the reflectance. The instrument also interfaces with ASPECT PLUS software to 

extract spectrum after the process was done by the instrument. 

 

 
 

Fig. 1.2: ZEISS Spectrometer. 

 

 Artificial neural network (ANN) was selected as the Artificial Intelligence (AI) that was used to develop a 

model for this project. ANN is inspired by the early models of sensory processing by the brain (Jain, Anil K, 

Mao, Jianchang, & Mohiuddin, KM., 1996). It can be created by simulating a network of model neurons in a 

computer (Valentin Pupezescu, Felicia Ionescu, 2008). By applying algorithms that mimic the processes of real 

neurons, it can solve a variety of problems in pattern recognition, prediction, optimization, associative memory, 

and control (Jain, Anil K, Mao, Jianchang, & Mohiuddin, KM., 1996). 

 

Methodology: 

 Figure 2.1 shows the flowchart of the overall methods that have been applied throughout the project. 
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Fig. 2.1: flowchart of Overall Methods. 

 

 From figure 2.1, it shows that the development of this project only included algorithm design. It started with 

the literature review of the project with the main objective and ended with designing the AI model (ANN) after 

being done with statistical analysis using SPSS software of the experimental data. 

 

A. Sample Collection: 

 The rubber leaf samples used in this project were collected from the nursery at Rubber Research Institute 

Malaysia (RRIM), Sg. Buloh. Three different stages of white-root disease were selected: healthy, medium and 

worst. The selection was done by an expert worker from the (RRIM). A database containing 25 inputs 

representing green spectrum for 6 selected rubber leaf clones, which is PB350, PB260, RRIM928, RRIM2004, 

RRIM2024 and RRIM 2025 was built. For this project, 100 leaf samples were taken for each clone and plucking 

was done in the morning in order to maintain the colour level of the leaf before it got exposed too much to the 

sunlight. The samples were sealed in plastic bags with appropriate labels and brought to the Advanced Signal 

Processing (ASP) laboratory at the Faculty of Electrical Engineering UiTM Shah Alam. Figure 2.2 shows 

samples of rubber leaf collected representing the three cases.  

 

 
 

Fig. 2.2: Rubber leaf samples for each case; healthy, medium and worst. 

 

B. Reflectance Measurement: 

 The maximum reflectance percentage of green colour from rubber leaf samples were measured using ZEISS 

Spectrometer. The measurements involved three selected regions of interest (ROI); main vein, vein and 

petiolule. Figure 2.3 shows the ROI of a rubber leaf where measurements were taken in this project. For each 

rubber leaf, three measurements were collected for each ROI representing each case of healthy, medium and 

worst. Thus, the total experimental data being measured are 5400 for all the 6 identified clones. The scanning 

process was done at the ASP Lab. The scanned light reflectance information was directly extracted using Aspect 

Plus software. All these data were then transferred to Microsoft Office Excel.  



344                                                               Mohd Suhaimi Sulaiman et al, 2014 

Journal of Applied Science and Agriculture, 9(11) Special 2014, Pages: 341-351 

 
 

Fig. 2.3: ROI of rubber leaf. 

 

C. Statistical Analysis: 

 Data extracted from the spectrometer were then analyzed using statistical method. For this project, SPSS 

software was utilized as the statistical measurement tool in order to analyze the optical reflectance of rubber leaf 

discoloration. The data were analyzed using three major tests which are the normality test, error plot and 

independent-T test (for multiple comparisons). 

 Normality test was used to determine whether a data set is well-modeled by a normal distribution or not, or 

to compute how likely an underlying random variable is to be normally distributed (Ralph B. D'Agostino, 1986). 

If the data set is normal or likely to be normal distributed, then further parametric tests are used for conclusive 

findings. In this project, error bar plots and independent-T test or multiple comparisons were recommended for 

observing any population discrimination. 

 

D. Model Designing: 

 The project outcome is to develop an ANN model that can differentiate between healthy, medium and worst 

case of white root disease that has infected a rubber tree. For the ANN model, multilayered perceptron (MLP) 

network with one hidden layer was recommended in diagnosing these cases based on the fact that it has been 

widely applied by many projectors (Adam Lund, Mark Lund, 2013). In addition, the network that suits this 

diagnosing data is Lavenberg Marquardt (LM) network with one hidden layer.  

 

 
 

Fig. 2.4: A typical architecture feedforward of simple neural network for 3 outputs. 

 

 Optimization of the trained models was decided using a confusion matrix (Kohavi and Provost, 1998). 

Confusion matrix is a matrix for a two-class classifier, contains information about actual and predicted 

classifications done by a classification system (D.S.V.G.K.Kaladhar et. al., 2010). Table 2.1 describes the 

confusion matrix for a two cases classifier (Valentin Pupezescu, Felicia Ionescu, 2008).  
 

Table 2.1: confusion table. 

 ACTUAL CLASS 

D+ D- 

PREDICTED CLASS T+ TP FP 

T- FN TN 
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The entries in the confusion matrix have the following meanings: 

 D+ (diagnosis positive) - the correct predictions 

 D- (diagnosis negative) - the incorrect predictions  

 T+(diagnosis positive) -  the actual correct number 

 T- (diagnosis negative) - the actual incorrect number 

 TN (true negative) - the number of correct predictions that an instance is negative  

 FP (false positive) - the number of incorrect predictions that an instance is positive  

 FN (false negative) - the number of incorrect of predictions that an instance negative  

 TP (true negative) - the number of correct predictions that an instance is positive  

 

 Sensitivity and specificity are commonly used terms that generally describe the accuracy of a test. 

Sensitivity is a measure of the ratio or percentage of true positive (TP) and a positive diagnosis test (D+). It is 

also known as true positive rate (TPR) which is the proportion of positive cases that were correctly identified, as 

calculated using the equation: 

 
FNTP

TP
FPR


  

 Specificity is a measure of the ratio or percentage of true negative (TN) and a negative diagnosis test (D-). It 

is also called as true negative rate (TNR) which is the proportion of negative cases that were correctly identified, 

as calculated using the equation: 

 
FNTP

FN
FNR


  

 Percentage accuracy is calculated from the ratio of TPR plus TNR with the total of all samples. The 

equation is shown below. 

100    (%) x
FPTNFNTP

TNRTPR
Accuracy




  

 

 Performances of all the trained ANN models were analyzed by observing the Receiver Operating Curve 

(ROC) plot. The best threshold level for each plot was selected by calculating the minimum Euclidean Distance 

(ED) from the ideal point (0,1) of the ROC plot (Krogh, Anders., 2008). In addition, the best optimized model 

could be decided from the respective calculated area under the curve (AUC). Table 2.2 shows the set of training 

and testing data that were used in this project. The output of the model is the classification of healthy, medium 

and worst case and were defined as 100, 010 and 001 respectively.  

 
Table 2.2: proposed set of training and testing data for each classes and ANN output. 

CLASSES TRAINING TESTING OUTPUT 

HEALTHY 70 30 100 

MEDIUM 70 30 010 

WORST 70 30 001 

 

RESULTS AND DISCUSSIONS 

 

A. Reflectance Measurement: 

 The optical light reflectance measurements of the leaf samples were directly extracted using Aspect Plus 

software in terms of a displayed graph. One of the graphs from the experiment is shown in Figure 3.1 below. 

 

 
 

Fig. 3.1:  Example of Aspect Plus graph. 
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 Figure 3.2 shows an example when comparing reflectance of leaf discoloration spectrum for the three cases; 

healthy, medium and worst for RRIM2004 clone type. In this project, only 450nm-570nm wavelength ranges 

would be used for statistical analysis since the range actually represents green colouration. From the plot, it is 

observed that each case has different signature form of reflectance spectrum. 

 

 
 

Fig. 3.2: Comparison of spectrum reflectance of leaf discoloration for three classes. 

 

A. SPSS analysis: 

 An analysis on the data has been done by using the SPSS software. The first step before continuing with the 

error bar plot is the analysis of normality test. Table 3.1 shows the normality test results for each ROI with 

respect to each case for all clones. It is observed that only the ROI groups that belong to vein and main vein are 

normally distributed for every healthy, medium and worst data set used. The rule for normal distribution is if the 

Sig. p-value for both Kolmogorov-Smirnov and Shapiro-Wilk tests is greater the 0.05, then the data set implies 

having normal distribution. Otherwise, if it is below than 0.05, then the data significantly deviate from a normal 

distribution form (Ralph B. D'Agostino, 1986). 

 
Table 3.1: Normality test of groups. 

 
 

 Figure 3.3 depicted the error plots representing the three ROI with respect to each of the three cases for 

RRIM 2004. It also shows that only vein and main vein groups show significant discrimination. As a result, this 

test was able to prove that only rubber leafs from RRIM 2004 clones show the highest significance among all 

the clones and were selected to be the reference of this model. This fact would be reinforced by the numerical 

independent T-test result in the next paragraph. 

 

 
Fig. 3.3: Error bar plot. 
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 Table 3.2 shows the comparison of discoloration of rubber leaf between cases in terms of mean of 

maximum percentage of reflectance and significant values. The result shows that only the mean significance of 

vein and main vein are below than 0.5 which means that the evidence is proven to assume that only the vein and 

main vein are significantly different between each other. From the overall observations below, it is shown that 

main vein has the highest mean difference among both condition (I) and (J). Therefore as a result, the main vein 

was chosen as the significant region to distinguish the various cases of rubber leaf disease for the next step in 

designing ANN model. 

 
Table 3.2: Multiple comparisons of independent T-test 

 
 

B. ANN Model Designing: 

 In the designing of the ANN model, the focus of the training is for the model to differentiate healthy, 

medium and worst cases from the given training set. The trained model would then be validated using the testing 

set for performance analysis as being described in Table 2.2. The distribution of healthy, medium and worst 

used in the training and testing set were 70:70:70 and 30:30:30 respectively. 10 models were designed with 

different number of neurons in each hidden layer which are; 3,7,15,18,21,25,32,36,44 and 50. The input has 25 

nodes representing the range of green wavelength spectrum. 

 Figure 3.4 describes the sum square error (SSE) performance for each designed model versus 100 epochs. 

All the models started to produce converging error during training phase beginning 2 to 6 epoch cycles. 

 

 
 

Fig. 3.4: ANN Model showing the performance of 10 hidden layer sizes with respect to SSE performance. 

 

 Figure 3.5 shows the percentage of accuracy performance calculated from the available confusion matrix 

for each model. It is observed that only models with 3 and 44 neurons in its hidden layer have the highest 

percentage of accuracy (84.4%). Therefore, only these two models are shortlisted for the final selection of the 

best optimized model. 
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Fig. 3.5: ANN model showing the 3 neurons selected because they have the highest accuracy (84.4%). 

 

 The equation below shows the total number of connections used when designing the ANN network model. 

Thus, the above models (3 and 44 neurons in the hidden layer) would then produce 106 and 1172 number of 

connections as shown below. 

output)+size(hidden +                                

size)hidden +(input+input=connection No.of 106=        3)+(3+3)×(25+25= connection No.of 3  

1172=        3)+(44+44)×(25+25=connection No.of 44  
 From the results above, it is then decided that the optimized model with hidden layer of 3 neurons would be 

selected for further detailed analysis. Table 3.3 shows its confusion table representing the performance of true 

positive rates (TPR) for healthy, medium and worst (83.3%, 73.3% and 96.7% respectively). It is proven by the 

equation (7), (8) and (9) below: 

83.3%=100%×
5  25

25
 =TPR H 

  

73.3%=100%×
8 22

22
 =TPR M 

  

96.7%=100%×
1 29

29
 =TPR W


 

 The green boxes or cell (1,1), cell (2,2) and cell (3,3) of the table represents the result of true positive (TP) 

test applied for each case with 25 for healthy, 22 for medium, 29 for worst. Meanwhile the blue color box or cell 

(4, 4) represents the overall percentage accuracy of 84.4%.  

 
Table 3.3: Confusion matrix for optimized ANN model with hidden layer of 3 neurons. 

 
 

 Table 3.4 below shows the confusion matrix if only 2 cases are analysed which are healthy and non-healthy.  

 
Table 3.4: Confusion matrix for healthy. 

 ACTUAL CASE 

D+ D- 

PREDICTED CASE T+ 25 
(TP) 

9 
(FP) 

T- 5 

(FN) 

51 

(TN) 

From the table, the TP, FP, FN and TN rate are calculated as: 
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0.883=
5  25

25
 =TPH 

  

0.15=
51  9

9
 =FPH 
  

0.167=
5  25

5
 =FN H 

  

0.85=
9  51

51
 =TN H 


 

 

 Meanwhile, Table 3.5 below shows the confusion matrix if only medium and non-medium cases are 

analysed.  

 
Table 3.5: Confusion matrix for medium and non-medium. 

 ACTUAL CASE 

D+ D- 

PREDICTED CASE T+ 22 
(TP) 

4 
(FP) 

T- 8 

(FN) 

56 

(TN) 

 

 From the table, the TP, FP, FN and TN rate are calculated as: 

0.733=
8  22

22
 =TPM 

  

0.067=
56 4

4
 =FPM 
  

0.267=
22  8

8
 =FN M 
  

0.933=
4 56

56
 =TN M 


 

 Table 3.6 below shows the confusion matrix if only worst and non-worst case is being analyzed.  

 
Table 3.6: Confusion matrix for worst and non-worst. 

 ACTUAL CASE 

D+ D- 

PREDICTED CASE T+ 29 

(TP) 

1 

(FP) 

T- 1 
(FN) 

59 
(TN) 

 

 From the table, the TP, FP, FN and TN rate are calculated as: 

0.967=
1  29

29
 =TP W

  

0.167=
951

1
 =FP W

  

0.033=
29 1

1
 =FN W
  

0.983=
1  59

59
 =TN W


 

 

 Additional information can be deduced from the comparison of the available stages which are healthy, 

medium and worst case using ROC plot as described in Figure 3.6. ROC analysis is an established method of 

measuring diagnostic performance in various domains (Xiao Hu, Neil Eklund, Kai Goebel., 2006). This figure 

can show the best threshold point recommended for each case where the point with the minimum Euclidean 

Distance (ED) for healthy is 0.4 while the ED point for medium is 0.33 and worst is 0.19.  From the overall 

observation of ROC graph below, it is proven that worst case has the best sensitivity and specificity than others. 

Classifiers with ROC curves located in the upper-left corner in ROC space are better in sensitivity and 

specificity because they represent classifiers that have lower false positive rate and higher true positive rate than 

the classifiers below them (Xiao Hu, Neil Eklund, Kai Goebel., 2006). 
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Fig. 3.6: the ROC graph of neurons 3. 

 

 The total area under curve (AUC) with respect to each case is calculated as: 

% 83 =AUC healthy  

% 81.17 =AUC medium  

% 93.83 =AUC  worse  

 It is a priority that medium case should be selected for this project. Medium is the stage where the infection 

of white-root disease for rubber tree is at its early stage. Therefore, the specification for threshold selection is 

observed at 0.33. The sensitivity and specificity is 73.3% and 93.3% respectively.  

 

Conclusion: 

 In this project, an experimental investigation into the discoloration of rubber leaf has been presented. Six 

types of rubber leaf clones RRIM2004, RRIM2025, RRIM 928, RRIM 2024, PB350 and PB 260 were tested. 

From the overall observation of statistical analysis done by SPSS software, the major tests (normality test, error 

bar plot and independent-T test) are able to prove that rubber leaf from RRIM2004 can be selected as the 

reference for this project. It is proven by the selected region of this clone is the most significant among the 

selected region from other clones. Result from the confusion table proves that models with neurons 3 and 44 

have the highest accuracy, 84.4% and hidden layer with number of neurons 3 were selected because of the 

number of connection factor.  True Positive Rate (TPR) for each case are 83.3% for healthy, 73.3% for medium 

and 96.7% for worst. Medium case is given the priority for this project since infection of white-root disease for 

rubber tree is at its early stage at medium.  Therefore, the specification threshold for this project is 0.30. The 

sensitivity and specificity are 73.3% and 93.3% respectively. Thus, ANN was successfully applied to classify 

the cases of healthy, medium and worst using the percentage of optical leaf discoloration on rubber leafs based 

on green wavelength range. 
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