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Abstract 
Cassava Mosaic disease (CMD) has caused  severe losses to cassava production, In 
Uganda, production losses due to CMD is estimated at US$ 60 million annually and 
region wide losses in East Africa have been estimated in excess of US$ 100 million 
annually. The impact of the CMD is food security crisis and widespread poverty in 
districts where cassava is used for food crop and commercial purposes. To enhance 
the management of the CMD pandemic, timely information about the disease is 
required. Such information currently takes long to be obtained due to problems 
with the availability of competent staff and coordination of paper reports. Yet timely 
information on the health of cassava plants is vital for the proper management of 
the disease in the country. In this paper, we propose a classification system based 
on Artificial Neural Network (ANN) techniques to provide a more efficient solution. 
We compare the relative performances of two approaches (multi-layer perceptron 
(MLP) and radial basis neural network (RBNN) built using matlab R2007. The 
data used in the study came from the C3P field survey of pests and disease of six 
districts in Eastern Uganda, collected by Namulonge Crops Resources Research 
Institute in 2007. It was divided into training and testing data sets. We used the 
number of white fly nymphs, number of white fly Adults, extent of white fly damage, 
sooty mould severity and CMD severity as inputs to the ANN models. We found that 
RBNN performed better than MLP on this data. The performance of the models was 
evaluated using mean square error (MSE) and the Receiver operating characteristics 
(ROC) curve. The results indicate that MLP and RBNN computing techniques can be 
employed successfully in the classification of CMD data. 

Keywords: Cassava Mosaic Disease (CMD), Artificial Neural Networks (ANN),Multi-
layer perceptron(MLP),Radial Basis Function Neural Network(RBFNN).
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1. Introduction
Cassava Mosaic Disease (CMD) greatly impacts Cassava yield [Sseruwagi et 
al, 2004],, [IITA, 2003], [Otim Nape, 2001]. It is one of the diseases that affects  
cassava the most in Africa, caused by whitefly –borne cassava mosaic virus 
(Family:Geminiviridae; Genus: Begomovirus) [Sseruwagi et al, 2004], [Otim Nape, 
2001]. The disease is spread by a whitefly, which carries the virus from an infected 
plant to other plants, when feeding on the leaves, consequently destroying the plant’s 
chlorophyll and hence its ability to feed itself resulting into poor yields. Research 
also indicates that use of infected stem cutting as planting materials can spread the 
disease. The symptoms of the CMD  are: (i) bright yellow chlorosis (bright yellow 
leaves) affecting much of the leaf area (ii) severe distortion of leaf shape with 
reduced size and (iii) stunted plant. Its existence in Uganda dates back to 1928[Otim 
Nape, 2001].
The disease is known to cause severe loss of cassava yield and achievable yields 
in Africa are estimated to decrease by 15% to 24%, which is equivalent to 12 to 23 
million tonnes per annum [IITA, 2003]. In Uganda, an estimated production loss of 
600,000 tonnes amounting to US$ 60 million annually triggered large scale famine 
and death of 3,000 people..

The impact of the CMD pandemic would result into potential food security crisis, 
widespread poverty and unemployment since cassava is predominantly grown by 
small holder farmers for food and commercial purposes. Secondly, the effects of 
the disease would slow the market diversification of cassava use in the following 
sectors): (i) livestock feed, (ii) textile industry, (iii) pharmaceuticals, (iv) alcohol and 
other beverages [IITA, 2003].

Consequently, there is need for timely and accurate information about the CMD 
infection types to enhance the management of the CMD. This information would 
be used in planning, implementing, monitoring, communicating appropriate 
intervening strategies and predicting the CMD disease incidence. However, such 
information currently takes long to be obtained due to problems with the availability 
of competent staff and coordination of paper reports. Yet timely information on the 
classification of the CMD survey data into healthy and not healthy is vital in the 
proper management of the disease in the country.

We propose a classification system based on Artificial Neural Network (ANN) 
techniques to provide a more efficient solution. ANN techniques have never been 
applied in the classification of CMD data, despite the fact that Neural Networks have 
been applied successfully in a wide variety of areas [Fang et al, 2009], [Mucherino et 
al. 2009], [Kisi,2009],[Kumar et al,2008],[Wang et al, 2006] and [Hagan et al, 1996] 
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and their performance have provided promising results.
The rest of the paper is organized as follows:  Section 2 provides an overview of 
the literature reviewed, section 3 highlights the methodology used in the study, and 
section 4 provides the results and discussion of the study. The conclusion  and future 
work is in section 5.

2. Artificial Neural Networks
An artificial neural network (ANN) is an interconnection of simple processing nodes 
whose functionality is modelled after the node in the brain. The ANN consists of an 
input layer, an output layer and at least one layer of nonlinear processing elements, 
known as the hidden layer [Kumar et al, 2008]. The input values to the network 
are received from the input layer through the hidden layer to the output layer. The 
processing of input values is done within the individual nodes of the input layer 
and then the output values are forwarded to the nodes in the hidden layer. The 
values obtained as inputs by the hidden layer nodes are processed within them and 
forwarded to either the nodes of the next hidden layer or nodes of the output layer [ 
Chen and Mlynsky, 2007],[Kasabov, 1998], [Hagan et al, 1996].
The processing capacity of the network is determined by the relative weights of the 
connections in the network. Supervised learning or training is the process of changing 
the weights of the links between the nodes of the network to map patterns presented 
at the input layer to target values of the output layer. This is done using training 
algorithms[ Chen and Mlynsky, 2007],[Kasabov, 1998], [Hagan et al, 1996].
 
2.1 Architectures of artifical neural networks
a) Artificial Neuron -Perceptron
McCullosh and Pitts in the 1940s designed the first artificial neuron with signal 
transmission characteristic simillar to that of the biological node [Fang et al, 2009], 
[Hagan et al, 1996]. In the biological neuron, signal transmission from one neuron to 
another is implemented through synapses (a point at which a node’s axon connects 
with another node. The effect is to raise or lower the electrical potential inside the 
body of the receiving node. If the potential reaches or exceeds a threshhold value, 
the node fires[ Chen and Mlynsky, 2007],[Kasabov, 1998], [Hagan et al, 1996].
. The perceptron consists of input layer of nodes Ni for i=1,....,n where n is the 
number of inputs. Each of these is connected to a single output node implementing 
a threshhold node function. The input nodes implement the identity node function, 
where the input is the same as the output. Thus these nodes only act as place holders 
of inputs. Each node to node connection is associated with a weight vector wi  for 
i=1,..., n representing the strength of that connection. This arrangement forms the 
single processing neural network called a perceptron which was first formulated by 
Rosenblatt[Hagan et al, 1996].
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b) ADALINE (ADAptive LInear Node) network
Bernard Widrow and Marcian Hoff introduced ADALINE network in 1960 and 
a learning rule which they called the LMS (Least Mean Square) algorithm. Their 
network is very simillar to the perceptron, except that its transfer function is linear 
instead of hard limiting. Just like the perceptron network, the network can only solve 
linearly seperable problems, however the LMS algorithm is more powerful than 
the perceptron learning algortihm. Adaline networks are being used in digital signal 
processing, for instance most long distance phone lines use ADALINE networks for 
echo cancellation[Hagan et al, 1996].

c) Multi-layer perceptron Architecture (MLP)
MLP is the most used type of artificial neural network [ Mucherino et al. 2009]. In 
MLP, the nodes are organized in layers. The input layer contains nodes that receive 
the input signal, which is fed to the network. However, these nodes do not perform 
any task.  There are also the hidden layers between the input and output layers. The 
nodes on the output layer are active, and the result they provide is considered the 
output provided by the network. Each node receives input signals from the nodes 
in the previous layer and sends its output to nodes in the successive layer. The 
arrangement of nodes in layers and their interconnections describe the structure of 
the multilayer perceptron [ Mucherino et al. 2009]. Figure 1 provides an example of 
the multilayer perceptron.
For instance, when the input in is given to the network, it is transmitted through the 
nodes of the input layer and it is sent to the hidden layer, the nodes in this layer get 
the signal and compute the activation value as the weighted sum of the received 
signals:
Net activation (a)j = ∑ wijoi  

Where wij is the weight associated to the connection between the node i of the 
previous layer and the node j, and where oi is the output provided by node i. the 
weights are assigned to the links connecting nodes and their effect can be to either 
increase or decrease the signal. Once the activation value has been computed, nodes 
process this value by using a predefined function which is usually sigmoid or a 
logistic function [Mucherino et al. 2009].
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Figure 2:  Architecture of RBNN –adapted from [Kisi, 2009]

The output of the radial basis function depends on the distance between the input 
vector and a stored vector to that function. The basis function has parameters centre, 
C and width Φ [Demuth and Beale,1998]. For the Gaussian function, the width 
corresponds to the variance, theta whose peak is zero distance and decreases as the 
distance from the centre increases. The function makes the RBF networks highly 
specialised pattern recognizers [Demuth and Beale,1998]. 

 The function is similar to the sigmoidal function of the back propagation network 
being continuous and differentiable but having a bell shape. The output layer nodes 
of RBF network implement linear functions. The transformation from input space to 
the RBF network hidden layer  is non linear whereas the transformation from hidden 
node space to the output space is linear[Kisi, 2009],[Demuth and Beale,1998]. Thus 
the hidden layer nodes of RBF network form the basic difference between MLP feed 
forward network.
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2.2 Data processing with Artificial Neural network
A node takes multiple values as inputs; these are processed and forwarded as a single 
output to the next node. For instance:

Given a node j. Its output Oj is given by:

   Oj      = f (∑ (xji   wji))

Where Oj  is the output of node j, xji the ith input of node j and f is the transfer 
function. Transfer functions are responsible for changing the weighted sum of inputs 
to a value forwarded to the next node. The most common types of transfer functions 
are: [Hagan et al, 1996].

a) Binary transfer function

The binary transfer function is represented as:
  
f (a)  =        1,  if a≥0  -1,  

otherwise

  Its variant are -1 and 1 makes it a poor smooth function.

b) Sigmoid function

This is the function that makes Multi layer perceptions very popular, their output 
values are in the range of (0, 1)

        1 f (a) =           1 + e-a

   
c) Hyperbolic tangent transfer function
The output from this function is in the range of ( -1, 1)

    Sinh(a) ea  - e-a
   f(a)     = tanh(a)  =         =   cosh(a)  ea  + e-a
            
d) Gaussian activation function
   [-(x –uj) T ∑jl(x –uj)] 
      Φj (x) = e
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Where x is the input feature vector, l the number of hidden units, and for j=1,…l , uj  
and uj  are the mean and covariance matrix of the jth Gaussian function.

2.3 Learning/Training algorithm
Backpropagation algorithm

The backpropagation algorithm became prominent in the 1980s and it is the most 
commonly used learning algorithm for multi layer feed forward neural networks [Ma 
and Khorasani, 2004]. The backpropagation algorithm for multi-layer feed forward 
network is presented as: [Ma and Khorasani, 2004].

Step 1. Initialise weights to small random numbers;

Step 2. Apply to the input node a sample input vector uk  with desired output 
vector yk;

Step 3.Forward phase: Calculate the activation values for the nodes at L starting 
from the first hidden layer and propagating towards the output layer as:
If L-1 is the input layer
    
If L-1 is the hidden layer
     
Step 4. Calculate the output values for the nodes at layer L as;
      
Step 5.Backward phase: propagate error backward to the input layer through each 
layer L using the error term.
    
The strength of the Backpropagation algorithm are, it:
(i) Can represent many functions
(ii) Has wide application
(iii) Tolerates noisy and missing data in training examples
(iv) Good generalisation power 

However, the Backpropagation algorithms have the following deficiencies:
(i) Takes long to learn complex functions
(ii) Does not provide explanation of computed results
(iii) Generalisation of the backpropagation is not guaranteed since the trained 
network can fit training examples perfectly but may not provide accurate outputs for 
inputs not in the training set.
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(iv) Backpropagation employs the sigmoid activation function which often gets 
paralysed when the incoming weights become big during learning.
Nonetheless the learning of backpropagation is highly dependant on the set of 
learning parameters which include, initial weights, learning rate, number of hidden 
layers and nodes. These can only be determined experimentally.

3. Method

3.1 Data collection
The pests and disease data used in this study came from a C3P field survey of six 
districts in Eastern Uganda collected in 2007 by Namulonge Crops Resources 
Research Institute. The districts (Kaberamaido, Kamuli, Katakwi, Tororo, Soroti 
and Sironko) were chosen because they are intense cultivators of cassava. In each 
district, 20 villages were sampled and in each village, a sample of 30 plants were 
selected. This implies that the total number of sampled plants in a given district 
is 600, making a total of 3,600 samples of record. While information about CMD 
infection in some samples were missing, the number of complete records from each 
district was above 500.

3.2 Exploratory data analysis 
Exploratory data analysis was done to generate summary information i.e computation 
of totals of healthy and infected cassava plants.

3.3 Data partitioning
The data for all the districts were combined and divided into two subsets, one for 
training the network and the other for testing the classifications made in addition to 
adjusting the network parameters. To develop the models, we used the 10 fold cross 
validation approach. This is where the whole dataset (3391 records) is split into ten 
(10) approximately equal portions, such that each one is used in turn for testing, 
while the remainder is used for training. For instance, we used 9/10 of the dataset 
for training and 1/10 for testing. We repeated the procedure 10 times. The trained 
networks were tested using data from all districts. 

3.4 Data normalization
To develop a neural network, which can model the relationship between input values 
and output values, an appropriate choice of the preprocessing of the input and target 
values is required. The inputs and outputs are scaled between the upper and lower 
bounds of the transfer functions, normally in the range of [0,1] or [-1, 1]. For this 
study, three outputs that indicate the extent of infection were normalized and set 
as Healthy (H), Cutting Infection (C ) and Whitefly Infection (W). To convert the 
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H,C,W factors to the representation used by ANN, 1 X3 matrix was used, where H 
=[1 0 0], C = [ 0 1 0], W = [ 0 0 1].

3.5 MLP Architecture for classification of CMD data.
The three layer MLP neural network implemented is shown in Figure 3. It consists 
of layers i,j, and k,  with the interconnection weights Wij  and Wjk between layers 
of nodes. Since the weights of the inter connections  are initially in a random state, 
these  are progressively corrected during a training process that compares predicted 
outputs to known inputs, and back propagates any errors ( from right to left in Figure 
3) to determine the appropriate weight adjustments necessary to minimize the errors. 
The weight of the interconnections are changed until the desired result is achieved i.e 
the input matches the target output. The hidden layer nodes implement the tangent 
function on the weighted sum of inputs, whereas the output layer implements the 
sigmoid function on the weighted sum of outputs from the hidden layer.
The MLP was trained to classify CMD data based on the following inputs: i) number 
of adult whitefly, ii) number of white fly nymphs, iii) extent of white fly damage, 
iv) severity of sooty mould on the leaves and v) CMD severity. Three classification 
back propagation algorithms (Levenberg–Marquardt (LM) , Scaled Conjugate 
Gradient (SCG) algorithm and  Resilient Backpropagation (RP) were used to train 
the networks and assess its performance.  
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3.6 Radial Basis Function neural network (RBNN) for CMD classification
The Radial basis function neural network (RBFNN) architecture was also used to 
classify the CMD. It was trained to classify based on the following input data: i) 
number of adult whitefly, ii) number of white fly nymphs, iii) extent of white fly 
damage, iv) severity of sooty mould on the leaves and v) CMD severity. 
The RBFNN implemented is shown in Figure 3. It consists of input layer, one 
hidden layer and an output layer. The weights of the interconnections are initially 
in a random state, these are progressively corrected during a training process that 
compares predicted outputs to known inputs, and back propagates any errors to 
determine the appropriate weight adjustments necessary to minimize the errors. The 
weight of the inter connections are changed until the desired results are achieved i.e 
the inputs matches the target outputs. The hidden layer nodes implement the radial 
basis function on the weighted sum of inputs, whereas the output layer implements 
the linear function on the weighted sum of outputs from the hidden layer.
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Figure 4:  RBNN architecture for classification of CMD 
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3.7 Implementation of the MLP and the RBFNN models
The Matlab software (Mathworks, Inc, Natick, MA, USA) version R2007B was used 
to develop the neural network models using the nntool. For the MLP model, three 
classification algorithms were used LM, SCG and RP.  The numbers of nodes were 
varied between 4-10 and their learning rates between 0.1 and 1.0.
 The reasons for the choice of the algorithms as discussed in Matlab R2007B are 
stated below: i) LM algorithm is good because of its fast convergence, ii)  RP 
algorithm is the fastest algorithm for pattern recognition problems,  and iii) SCG 
algorithms perform well over a wide variety of problems and is almost as fast as RP 
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on pattern recognition problems.
For RBFNN model, we implemented the backpropagation algorithm for classification 
of the CMD data.
Since there is no clear algorithm to determine the structure of Neural Networks, 
trial and error methods were used to obtain the neural network structures with their 
learning rates. This was done by varying the number of hidden layers for the MLP 
and the nodes of the hidden nodes in the RBFNN.

3.8 Testing the accuracy of the MLP and the RBFNN models
The accuracy of the MLP and RBNN models to classify the CMD data of the six 
districts was analyzed using error rate and the Receiver operating characteristics 
(ROC) curve. The error rate is defined as the number of cases which are wrongly 
classified divided by the total number of test cases. ROC is the diagnostic performance 
of the accuracy of a test to discriminate between diseased cases from normal cases 
[Metz, 1978], [Zweig & Campbell, 1993]. ROC curves can also be used to compare 
the diagnostic performance of two or more laboratory or diagnostic tests [Griner et 
al., 1981].

4. Results 
4.1 Exploratory data analysis of the datasets
The exploratory analysis of the collected data provided insight to the techniques that 
would be used for the classification problem. This involved calculation of summary 
statistics (i.e average, sum) illustrated in table 1. 

Table 1: Summary statistics of the dataset
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Figure 5: Column graph of infection category: W-whitefly, C-cutting, H -healthy

Graphical representation of the collected data provided insights into distribution of 
CMD data infection per district into healthy, cutting infection and whitefly infection.  
The graph indicates that the most dominant cause of CMD is use of infected stem 
cuttings as planting materials.

Figure 6: Line graph of cassava pests & disease data for six districts in Uganda
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Figure 6 shows the non linearity of the data points therefore justifying the use of 
neural networks for the classification of CMD data.

4.2 Test results of the implemented neural network models
 The neural network models were tested with several experiments on various model 
parameters, such as network structure, number of epochs (iterations) and learning 
rate, the results are shown in table 2.

Table 2: Test results of the MLP/RBFNN models.

In Table 2, the test results indicate that different algorithms require different network 
structures and learning rates to achieve a minimum MSE. RBFNN algorithm 
provided the lowest MSE.

Table 3: Summary of the classification accuracy of the MLP and RBFNN 
Models for the   districts. 

The RBFNN model performed best with average classification accuracy of 91.3% 
with respect to the number of correctly classified instances (Table 3), it was followed 
by MLP-SCG with a classification accuracy of 87.8 %. However, accuracy alone does 
not completely describe the classification efficiency, and other means of evaluating 
our classification models are necessary. The receiver operating characteristics (ROC) 
curve, also known as the relative operating characteristic curve, is a comparison 
of two operating characteristics as the criterion changes. It can be represented by 
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plotting the fraction of true positives (TPR=true positive rate) versus the fraction 
of false positives (FPR-false positive rate). A ROC analysis provides tools to select 
possible optimal models and discard suboptimal ones. The area under the ROC 
curve (AUC)  was used to further evaluate our models. The results are shown in 
table 4. In all cases, the AUCs were > 0.5, with the Radial Basis Function Network 
model displaying AUCs closest to 1 with all the class types. These results indicate 
that all models can classify a new instance, however for the CMD data Radial Basis 
Function Network is the best.

Table 4: Summary of the AUCs

5. Conclusion
Timely and accurate information about the CMD is vital for the proper management 
of the CMD, however most times, institutions responsible for management of 
such pandemics are faced with limited technical staff and manual coordination of 
paper reports.  This could be enhanced through deploying appropriate and efficient 
classification systems. The paper presents preliminary results based on artificial 
neural networks to provide a more efficient solution for the classification of CMD 
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data. We investigated two ANN techniques namely MLP and RBFNN for the 
classification of CMD data. The near perfect accuracy of the RBFN is encouraging 
for the development of an automated classification system for CMD data. This is 
a step towards the development of an automated classification system for CMD 
management.
Future work will include utilizing cassava pest and disease data from other districts 
and experimenting with other classification techniques like decision tress, support 
vector machines, K-Nearest Neighbour and Naïve bayes. It is necessary to extend 
the application of the best technique in terms of accuracy of performance and time 
for the classification of other cassava pests and disease data like  cassava bacterial 
blight, Cassava green mite and cassava brown streak which is currently the biggest 
threat to cassava plants.
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