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Abstract: A new approach for Fusarium diseased corn kernels recognition based on wavelet transformation and near infrared spectral analysis is proposed in the paper. The near infrared diffuse reflectance was used for assessment the corn kernels changes. Continuous wavelet transformation with mexican hat function estimated the spectral data and formed the classification features. Two classifiers were used – linear and probabilistic neural network for classifying the test set of corn kernels. The results show that this approach could be used for Fusarium corn kernels recognition.  
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1. INTRODUCTION

Fusarium disease, caused by several Fusarium spp., is one of the major fungal diseases of cereals worldwide (Munkvold et al., 1997). Fusarium verticillioides is the most significant, damaging and common pathogen in Bulgaria. 

Three traditional diagnostics methods for identification of Fusarium spp. are used in Bulgaria. The first is based on visual assessment by expert. The second one is based on chemical analysis and the third is based on biology analysis of micro- and macro-morphological features of the fungal. Some other methods like fluorometric analysis, gas and liquid chromatography are reliable and accurately. The basic disadvantages of these destructive and non-destructive methods of detection are time consuming, requires highly skilled experts and each method varies in the requirements for technical investments. The comparative analysis indicate that the computer systems using image processing and spectral characteristics processing are the most common applied methods in precision farming and agriculture. 
The Fusarium disease causes not only external but also internal changes in the corn kernels. The external changes are alterations in the shape (underdeveloped, wizened) and colors of the corns. Usually the diseased corns have grayish-white or normal color with spots and coatings with rose-red nuance. The internal changes in the Fusarium diseased corn kernels are connected with the amount and form of moisture in the kernels.
The computer systems using image processing assess only the visible corn kernels changes. It is not enough to evaluate the internal quality of the kernels. Therefore near infrared spectroscopy (NIR) is used for assessment the corn kernels into two classes – healthy and diseased. The power of near infrared spectroscopy includes non-destructive qualitative and quantitative analysis (Cassells et al., 2007; Delwiche et al. 2005, Mahesh et al., 2008). 
In many cases, the most distinguished information is hidden in the frequency content of the signal. Fourier transform is a reversible transform, which goes back and forward between the raw and processed (transformed) signals. However, either of them is available at any given time. That is, no frequency information is available in the time-domain signal, and no time information is available in the Fourier transformed signal. The natural question that comes to mind is that is it necessary to have both the time and the frequency information at the same time. Fortunately, wavelet transform is capable of providing the time and frequency information simultaneously. Especially, the width of the window is changed as the transform is computed for every single spectral component, which is probably the most significant feature of the wavelet transform. Wavelet analysis generates an estimate of the local frequency content of a signal by representing the data using a family of wavelet functions that vary in scale and position. By using wavelet analysis, we can identify locally periodic trends in the signal. Therefore, this method is applied to analyze signals more and more (Koger et al., 2003; Vetterli, 2001). In this paper we describe the use of wavelet transformation and NIR reflectance spectral data processing for recognition of healthy and Fusarium diseased corn kernels.

2. MATERIALS AND METHODS
2.1  Samples
Images of healthy and Fusarium verticillioides diseased corn kernels are shown in Fig. 1.
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Fig. 1. Images of corn kernels: a) healthy, b) Fusarium verticillioides diseased 
The corn kernels samples include Fusarium diseased and healthy corn kernels from the most popular variety corn kernels in Bulgaria, developed by Cereal Research Centre.  The expert assesses the variety of corn kernel – healthy or diseased and determines the variety of Fusarium species - Fusarium verticillioides. The set of samples was split into two subsets – train and test sets. The train set which includes 300 spectra from 100 healthy and 300 spectra from 100 diseased corn kernels was used to obtain the classification features. The test set (150 spectra from 50 healthy and 150 spectra from 50 diseased corn kernels) was used to test the accuracy of Fusarium verticillioides corn kernels recognition by NIR spectroscopy and wavelet transformation. 
2.2  Instrumentation and NIR reflectance spectra 

Near infrared spectra of grain samples were obtained by NIRSystem 6500 spectrophotometer (FOSS NIRSystems, Silver Spring, MD, USA), in the spectral region from 400 to 2500 nm with 2 nm step. The reflectance spectra of training corn kernels - healthy (gray coloured) and Fusarium diseased (black colored) were normalized and are shown in Fig. 2.
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Fig. 2. Corn kernels spectral characteristics: healthy and Fusarium diseased
2.3. Wavelets transformations

A wavelet is a mathematical function that can decompose a signal with a series of averaging and differencing calculations. They are able to differentiate and preserve details at various scales or resolutions. 
Continuous wavelet transform (CWT) of a time-signal  f(t)  is defined by  Xu et al. (2000).
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The quantity 
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 given in the definition is referred to as the wavelet function. The mexican hat family was used as a wavelet function. This function
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is proportional to the second derivative function of the Gaussian probability density function.
The position variable 
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 shifts the wavelet function along the time axis t of 
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expands or compresses the wavelet function
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. Compared to Fourier transform, the scale variable 
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 is equivalent to the inverse of the frequency. The definition also suggests that 
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 is the correlation coefficient  between  the wavelet function 
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The continuous wavelet transform was applied to the spectral reflectance data from healthy and Fusarium diseased corn kernels. A Matlab program was developed using Matlab R2007 (The MathWorksInc., Natick, MA, USA) for wavelet mathematically realization. CWT was applied to these signals to calculate the coefficients
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, which were then displayed as a grey-scale map with the vertical and horizontal axes denoting respectively the scale 
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 and position
[image: image20.wmf]b

, which is equivalent to time
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, as shown in Fig. 3 and Fig. 4. Although there is general similarity between them, subtle differences are clearly visible at scale a=21 in time range from 250 to 350.
The coefficients at scale a=21 for healthy and Fusarium diseased corn kernels spectral data are shown in Fig. 5. The mean spectral data for class healthy and for class diseased training data were used. The time 
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 is presented in wavenumber from 400 to 2500 nm with step 2 nm. The coefficients are similarity but the area from 500 to 700 nm is different for the two classes. The wavelet coefficients for class healthy are negative while for diseased they have positive values for 
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This is used as a classification feature for recognition of healthy and Fusarium diseased corn kernels.   
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Fig. 3. CWT coefficients – healthy corn kernels.
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Fig. 4. CWT coefficients – Fusarium diseased corn kernels.
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Fig. 5. Coefficients line – Ca,b for scale a=21 (for class healthy – gray colour, for class diseased – black colour)
The coefficients for corn kernels spectral data from training set are shown in Fig. 6. 
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Fig. 6. CWT coefficients of kernels from training set.

2.4. Classification
Two different classifiers were used for corn kernels recognition – linear classifier and probabilistic neural network.
Linear classifier

The sign of coefficients at scale 
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 is used as a classification rule. If the coefficient sign is negative then the corn kernel is healthy, if it is positive then the corn kernel is Fusarium diseased. 
Probabilistic neural network 

The most important advantage of PNN is the simple structure, training manner and only one free parameter, the smoothing factor, which have to be adjusted by the user and this factor can be adjusted at run time without the requirement of network retraining.
The PNN has three layers. When an input is presented, the first layer computes distances from the input vector to the training input vectors, and produces a vector whose elements indicate how close the input is to a training input. The second layer sums these contributions for each class of inputs to produce a vector of probabilities as its net output. Finally, an compete transfer function on the output of the second layer picks the maximum of these probabilities, and produces a 1 for that class and 0 for the other classes. 

The neural network has 1 hidden layer, 1 input and 2 outputs. The input corresponds to the mean wavelet coeffient for both of classes – healthy and Fusarium diseased corn kernels. The outputs correspond to the two classes healthy and diseased corn kernels. A winner – take – all decision rule (largest output wins) gave the expected classification. 
The activation function of a neuron, in the case of the PNN, is statistically derived from estimates of probability density functions (PDFs) based on training parameters (Bose and Liang, 1998). Estimator for the PDF is:
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where  
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 is the probability of vector x occurring in set si, corresponding to the type of fault; 
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The summation layer is used to compute the sum from the previous layer:
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where  
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, i=1,2,…..k is the priori PDF of the pattern in classes to be separated;  
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The decision rule is to select class Si of the fault type, for which 
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The variable σ is a smoothing factor that, in effect, determines the Gaussian window width. For the two–dimensional input case, a small value of σ gives distinct modes corresponding to the locations of training samples (Specht, 1996). As the value of σ increases, the degree of interpolation also increases. A universal smoothing factor (σ = 0.5) was selected using the criterion of percent classification of the smoothing dataset.
3. RESULTS AND DISCISSION
The reflectance spectra of corn kernels (healthy and Fusaium diseased) from the test set were obtained by the spectrometer described above. The wavelet coefficients obtained from the test set are shown in Fig. 7.
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Fig. 7. CWT coefficients of kernels from test set.

The result shows that there are some of the coefficients from class diseased kernels which sign is negative and they are recognized as healthy. This is unacceptable because the Fusarium diseased corn kernels are poisonous for both people and animals.

Summary of classification results are presented in Table 1 The Nc is the number of corn kernels which are correct recognized, Ninc – the number of corn kernels which are incorrect recognized and True Positive (TP) is calculated based on the following equations:
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 Table 1. Results of training set classification.

	Classifier
	Training set

	
	Class healthy
	Class Fusarium diseased

	
	Nc
	Ninc
	TP,%
	Nc
	Ninc
	TP,%

	Linear
	150
	0
	100
	140
	10
	93,3

	PNN
	150
	0
	100
	150
	0
	100


The results show that the linear classifier do not recognized the corn kernels from class Fusarium diseased with not so high classification accuracy 93,3%. The PNN classifier recognized all corn kernels (healthy and Fusarium diseased) better than the linear.  
4. CONCLUSIONS

The results show that the proposed method is effective for classification of healthy and Fusarium infected corn kernels. The approach based on near infrared spectroscopy, Continuous wavelet transform and Probabilistic neural network classifier is possible to classify the corn kernels non-destructively. 
Data from the test sample and the results obtained with the PNN classifier (100% for both classes) were used for confirmation of the efficiency of the proposed approach.

The approach will be tested with large sample corn kernels to assess the recognition accuracy of the seed.
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