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Summary
This paper describes a computer vision system, 

based on image processing and machine learning 
techniques, which was implemented for automatic 
assessment of germination rate the tomato seeds 
(Solanum lycopersicum L.). The entire system was 
built using the open source applications ImageJ, 
WEKA and their public Java classes and was linked 
by a specially developed code. No expensive com-
mercial software was used. Several machine learn-
ing classification algorithms, Naive Bayes classifiers 
(NBC), k-nearest neighbours (k-NN), decision trees, 
support vector machines (SVM) and artificial neu-
ral networks (ANN) were implemented and directly 
compared on a sample of 700 seeds for the first time. 
The results indicated that the ANN (multilayer per-
ceptron architecture) showed better performance 
in classification than other models. The automated 
system was able to correctly classify 95.44% of ger-
minated tomato seeds in Petri dishes (90x98x18 
mm). 
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Introduction
Quality seed forms the basis for high agricultural pro-

ductivity and ensures economic growth for farmers. In 
the past two decades a number of methods for seed qual-
ity evaluation and sorting have been developed, mainly 
based on the detection of various physical and chemical 
properties that correlate well with certain vigour and ger-
mination parameters (McDonald, 1998). Nowadays, seed 
testing is performed in accredited laboratories by trained 
analysts. Several tests are done under the rules of the ISTA 
(2004). The tests are designed to evaluate seeds under con-
trolled conditions. For example, a purity test determines 
the percentage of weeds in a seed sample; a vigour test 
determines the plant producing potential of seeds under 
stress conditions; a herbicide tolerance test determines the 
plant’s susceptibility to a certain herbicide; and a germina-
tion test determines the maximum germination potential, 
or viability, of the seeds under perfect conditions. In most 
tests a representative sample containing at least 400 seeds 
(four replications of 100 seeds) is planted on blotter paper, 
germination toweling or some other substrate and placed 
in a germinator. Seeds are considered to have germinated 
when the emerging radicles are over 2 mm long. The ger-
mination rate of a particular seed lot is a key indicator of a 
seed’s field performance and is expressed as a percentage 
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Significance of this study
What is already known on this subject?
• Seed tests are designed to evaluate seeds under con-

trolled conditions and they are key indicator of seed’s 
field performance. Potential enhancement of seed 
testing methods can be achieved by applying visual 
techniques to the collection of sample data. The cul-
mination of recent research in seed technology was 
the development of rapid automated tests for germi-
nation and vigour detection.

What are the new findings?
• Our computer vision system based on open source 

software was successfully applied for classification 
between germinated and non-germinated seeds of 
tomato. The results indicated that the ANN (multi-
layer perceptron architecture) showed better perfor-
mance in classification than other models. The proto-
type system classified one sample of 400 germinated 
seeds in 13 s and outperformed trained analysts.

What is the expected impact on horticulture?
• The purpose of our investigation was to replace 

time-consuming and labor-intensive human visual 
inspections and to improve the efficiency of the cur-
rent seed testing process. Thus, we examined ways of 
automating tasks by means of image processing and 
machine learning, which can provide an alternative 
to already presented computer vision systems and 
manual counting in inspection of seed samples.

• The system could be easily improved for testing the 
seed germination rate of other horticultural plants, 
so this methodology could be adopted by seed labo-
ratories and finally extended to practical use in the 
nursery industry.

(for example, a 90% germination rate means 90 out of 100 
seeds are likely to germinate under proper growing condi-
tions). This information is important for calculating opti-
mal seeding rates and in determining whether a particular 
seed lot has the potential to produce a quality crop.

Since seed testing is a time-consuming and labor-in-
tensive process, potential enhancement of seed testing 
methods can be achieved by applying visual techniques to 
the collection of sample data, a method which has been em-
ployed in agriculture since the early 1980s (Yanuka and El-
ric, 1985; Hemming et al., 2002; Stajnko et al., 2009). In the 
field of seed technology, Howarth and Stanwood (1994) de-
veloped a colour image database to characterize the pheno-
typic variation of genetic resources. Image processing has 
also provided seed identification, classification and seed 
quality assessment (McDonald et al., 1998). Chtioui et al. 
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(1997) compared the capabilities of multilayer perceptron 
and probabilistic neural networks on an application which 
consisted of the discrimination of four seed species by 
artificial vision. Uchigasaki et al. (2000) used automated 
machine vision system to recognize the different types of 
grains by their images on the basis of their features using 
content based image retrieval technique. Granitto et al. 
(2002) compared Naive-Bayes classifier and artificial neu-
ral network on identification of seeds of 57 weed species.

The culmination of recent research in seed technology 
was the development of rapid automated tests for germina-
tion and vigour detection (Dell’Aquila, 2009). For example, 
Dell’Aquila et al. (2000) used image analysis to character-
ize the imbibition in white cabbage seeds, while Geneve and 
Kester (2001) evaluated seedling size following germina-
tion by computer-aided analysis of digital images obtained 
from a scanner. Urena et al. (2001) proposed a machine vi-
sion system used to automate the data gathering process, 
and a fuzzy logic-based system that was implemented for 
automatic quality grading of lettuce, cauliflower and to-
mato seedlings, based on their growth pattern.

Ducournau et al. (2004) presented a machine vision 
system designed to count the number of emergent radicle 
tips in seed lots, under controlled light, temperature and 
humidity conditions. The automated acquisition system 
employed an algorithm that counted the germinated seeds 
and provided the mean germination time based on the dif-
ference between two consecutive pictures.

However, most of the computer vision based image 
processing procedures reported in the scientific literature 
have usually applied proprietary software such as MATLAB 
or other specialized, expensive software; however Mayo et 
al. (2007) instead used the open source machine learning 
toolkits ImageJ and WEKA to classify moths by species, af-
ter feature vectors were extracted from each moth image.

The purpose of our investigation was to replace human 
visual inspection and to improve the efficiency of the cur-
rent process. Thus, we examined ways of automating tasks 
by means of image processing and machine learning, which 
can provide an alternative to already presented computer 
vision systems and manual counting in inspection of seed 
samples.

In our research the free image processing program  
ImageJ and the machine learning application WEKA were 
selected as a basis for our autonomous computer vision 
system for assessment of the germination rate of tomato 
seeds (Solanum lycopersicum L.). 

Materials and methods
The tomato seeds (Solanum lycopersicum L. ‘Mar-

mande’) were obtained from the seed company Semenarna 
Ljubljana d.d. Slovenia. Before the experiment, the un-
covered seeds were stored for a month in an incubator at 
4°C and 50% relative humidity to equilibrate the seeds to 
identical seed moisture conditions. In the experiment we 
randomly chose 700 seeds from 3 commercial bags with 
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a germination rate decelerated to 82% by the laboratory 
of Semenarna Ljubljana. Then, we placed dark filter paper 
inside twenty-eight glass Petri dishes (90x98x18 mm) and 
moistened each with 3 mL of distilled water. The dark fil-
ter paper was used to obtain optimal contrast between 
the seed, radicle and filter paper. Twenty-five seeds were 
placed on top of the wet filter paper in each dish and evenly 
spaced. We put a glass cover on each dish. The seeds were 
germinated under controlled conditions with alternating 
temperatures; 16 hours at 20°C (±1°C) and 75% relative 
humidity, and 8 hours at 30°C (±1°C) and 75% relative hu-
midity, for seven days in a Jacobsen incubator. The seeds 
were illuminated for 8 hours out of every 24 hour period 
(ISTA, 2004). Light was provided by a cool white fluores-
cent source (Philips Circular 25 W) of 750 lux.

After the germination period, images were captured by 
a Nikon D80 digital SLR camera with a Sigma 18-200 mm 
zoom lens. To provide rigid stable support and easy vertical 
movement, the camera was mounted on a stand as shown 
in Figure 1, left. The camera settings were as follows: ISO 
100, aperture f/6.3, exposure time 1/30 sec., exposure bias 
0 step, focal length 200 mm, auto white balance, distance 
450 mm, image resolution 3872x2592 pixels, horizontal 
resolution 300 dpi, vertical resolution 300 dpi, bit depth 24. 
We placed a warm white, 22 W fluorescent tube with a 210 
mm diameter circular lamp with a rated voltage of 220 V 
(Philips 22 W 2700 K) around the Petri dish with each seed 
sample. A light diffuser, a semi-spherical steel bowl 270 mm 
in diameter, covered the light bulb, thus preventing exter-
nal influences and providing diffused light. All images were 
transferred from the digital camera to a personal computer 
PC (dual-core microprocessor Intel Pentium B950 2.10 GHz, 
4 GB installed memory RAM) via universal serial bus (USB 
2) cable.

Image processing
The ImageJ software, which is Java based, readily 

available, open source, platform independent, and public 
domain software developed at the National Institutes of 
Health (NIH), Bethesda, Maryland, USA (Rasband, 2008), 
was used for image processing and extracting features 
from pictures. Once the images were obtained, they were 
cropped to eliminate the unwanted regions beyond the 
edges of the sample. The center of each image was identi-
fied, and then the image was cropped automatically to a 
smaller rectangle, each side representing the diameter of 
the sample. The cropping process reduced the size of the 
images and made all feature manipulation more efficient 
than if the original size image were applied. For this study, 
an original matrix of 3872x2592 pixels was reduced to a 
size of 1854x1836 pixels.

In the second step, the image was smoothed twice with 
a Gaussian filter with the sigma parameter set at 2. This 
filter used a convolution with a Gaussian function (Eq. 1) 
described by Rasband (2008):

 (1)

where 𝑥 is the intensity of pixel, μ is a mean (Eq. 2), σ is 
standard deviation (Eq. 3), σ2 is variance, π =3.18, 𝑒 =2.718 
and n is number of values. 

  (2)

  (3)

The image was then transformed from RGB color space 
into an 8-bit grayscale image which was finally converted 
by a threshold operation into a binary image having only 
two pixel values of 0 for black and 255 for white. For thresh-
olding limits were defined by several pre-testing, so the 
lower limit was set to 85 and the upper limit to 255 gray- 
scale intensity. At the same time the minimum particle size 
remaining was set to 1500 pix and the maximum to 14,000 
pix. With this option, we additionally avoided having the 
smaller and larger areas counted as seeds. The regions of 
interest (ROIs) which representing the seeds were sepa-
rated from the background and automatically labeled with 
a number. The external perimeter of the seed was visual-
ized in blue (Figure 2f).

The next step in image processing is the extraction 
of features from the ROIs by using the Analyze Particles  
ImageJ command. A description of all the parameters mea-
sured is presented in Table 1.

At the end, the resulting set of features, including statis-
tics and measurements taken from the images, was saved 
in a table, where each row represents a single seed and 
each column a single parameter. Feature extraction was 
automated using ImageJ’s macro language facility, which 
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Figure	2.	Image	processing.	(a)	Original	RGB	image.	(b)	Cropped	image.	(c)	Smoothed	image	with	a	Gaussian	filter.	
(d)	8-bit	grayscale	image.	(e)	Image	in	binary	mode	after	thresholding.	(f)	Seeds	labeled	with	numbers	and	outlined	
in	blue.	
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��,��(�) = �
�√�� �

�(���)
�

���  (1)	
where	�	is	the	intensity	of	pixel,	μ	is	a	mean	(Eq.	2),	σ	is	standard	deviation	(Eq.	3),		��	is	variance,	��3.18,	��2.718	
and	n is	number	of	values.		

� = �
� ∗ ∑ ���

��� 		 (2)	

� = �∑ (����)�����
�   (3)	

The	 image	 was	 then	 transformed	 from	 RGB	 color	 space	 into	 an	 8-bit	 grayscale	 image	 which	 was	 finally	
converted	by a	threshold	operation	into	a	binary	image	having	only	two	pixel	values	of	0	for	black	and	255	for	
white. For	thresholding	limits	were	defined	by	several	pre-testing,	so	the	lower	limit	was	set	to	85	and	the	upper	
limit	to	255	grayscale	intensity.	At	the	same	time	the	minimum	particle	size	remaining	was	set	to	1500	pix	and	the	
maximum	to	14,000	pix.	With	this	option,	we	additionally	avoided	having	the	smaller	and	larger	areas	counted	as	
seeds.	 The	 regions	 of	 interest	 (ROIs)	which	 representing	 the	 seeds	were	 separated	 from	 the	 background	 and	
automatically	labeled	with	a	number.	The	external	perimeter	of	the	seed	was	visualized	in	blue	(Figure	2f).	

The	next	step	in	image	processing	is	the	extraction	of	features	from	the	ROIs	by	using	the	Analyze	Particles	
ImageJ	command.	A	description	of	all	the	parameters	measured	is	presented	in	Table	1.	

At	the	end,	the	resulting	set	of	 features,	 including	statistics	and	measurements	taken	from	the	images,	was	
saved	in	a	table,	where	each	row	represents	a	single	seed	and	each	column	a	single	parameter.	Feature	extraction	
was	automated	using	ImageJ’s	macro	language	facility,	which	enables	any	of	ImageJ’s	GUI	features	to	be	invoked	
programmatically.	Subsequently,	an	expert	technician	manually	examined	28	images	from	each	series	of	25	seeds	
and	provided	a	nominal	class	(germinated	or	not	germinated)	for	each	of	the	700	seeds;	194	as	false	and	506	as	
true.	These	results	were	added	to	the	table	in	which	the	feature	vectors	had	been	generated	and	exported	as	a	csv	
(comma-separated	 values)	 formatted	 file.	 The	 germination	 rate	 was	 calculated	 by	 dividing	 the	 number	 of	
germinated	seeds	by	the	total	number	of	seeds.	The	result	was	72%	which	was	significantly	lower	compared	to	
the	decelerated	82%.		

	
Machine learning 

We	used	this	csv	formatted	file	for	machine	learning	from	WEKA	software	version	3.6.7	(Waikato	Environment	
for	Knowledge	Analysis,	2012),	to	perform	further	analysis.	WEKA	is	a	collection	of	machine	learning	algorithms	
for	data	mining	tasks,	containing	tools	for	data	pre-processing,	classification,	regression,	clustering,	association	
rules	and	visualization.	The	algorithms	can	either	be	applied	directly	to	a	dataset	or	called	from	Java	code.	WEKA	
was	developed	at	the	University	of	Waikato,	New	Zealand,	for	the	purpose	of	identifying	information	from	raw	
data	obtained	from	agricultural	domains;	because	of	its	usability	and	openness,	use	the	software	was	extended	to	
other	fields.	WEKA	is	written	in	Java,	so	it	is	well	connected	with	ImageJ.	

	
Classification 

In	order	to	find	the	most	effective	method	for	accurately	evaluating	the	germination	rate	of	tomato	seeds,	five	
classification	methods	were	implemented	and	compared	in	our	research:	Naive-Bayes	classifiers	(NBC),	k-nearest	
neighbors	(k-NN),	decision	trees	(DT),	support	vector	machines	(SVM)	and	artificial	neural	networks	(ANN).	These	
will	be	briefly	described	in	the	following	paragraphs.	
1. Naive-Bayes (NB) classifier.	There	are	many	classifiers	based	on	probability	theory.	Most	of	them	use	ideas	
from	 the	 Bayes	 theorem	 and	 try	 to	 obtain	 the	 class	 for	which	 the	 posterior	 probability	 is	 greatest,	 given	 the	
predictor	variables	of	the	case	to	be	classified	(Sierra	et	al.,	2009).	It	is	represented	by	equation:	
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maximum	to	14,000	pix.	With	this	option,	we	additionally	avoided	having	the	smaller	and	larger	areas	counted	as	
seeds.	 The	 regions	 of	 interest	 (ROIs)	which	 representing	 the	 seeds	were	 separated	 from	 the	 background	 and	
automatically	labeled	with	a	number.	The	external	perimeter	of	the	seed	was	visualized	in	blue	(Figure	2f).	

The	next	step	in	image	processing	is	the	extraction	of	features	from	the	ROIs	by	using	the	Analyze	Particles	
ImageJ	command.	A	description	of	all	the	parameters	measured	is	presented	in	Table	1.	

At	the	end,	the	resulting	set	of	 features,	 including	statistics	and	measurements	taken	from	the	images,	was	
saved	in	a	table,	where	each	row	represents	a	single	seed	and	each	column	a	single	parameter.	Feature	extraction	
was	automated	using	ImageJ’s	macro	language	facility,	which	enables	any	of	ImageJ’s	GUI	features	to	be	invoked	
programmatically.	Subsequently,	an	expert	technician	manually	examined	28	images	from	each	series	of	25	seeds	
and	provided	a	nominal	class	(germinated	or	not	germinated)	for	each	of	the	700	seeds;	194	as	false	and	506	as	
true.	These	results	were	added	to	the	table	in	which	the	feature	vectors	had	been	generated	and	exported	as	a	csv	
(comma-separated	 values)	 formatted	 file.	 The	 germination	 rate	 was	 calculated	 by	 dividing	 the	 number	 of	
germinated	seeds	by	the	total	number	of	seeds.	The	result	was	72%	which	was	significantly	lower	compared	to	
the	decelerated	82%.		

	
Machine learning 

We	used	this	csv	formatted	file	for	machine	learning	from	WEKA	software	version	3.6.7	(Waikato	Environment	
for	Knowledge	Analysis,	2012),	to	perform	further	analysis.	WEKA	is	a	collection	of	machine	learning	algorithms	
for	data	mining	tasks,	containing	tools	for	data	pre-processing,	classification,	regression,	clustering,	association	
rules	and	visualization.	The	algorithms	can	either	be	applied	directly	to	a	dataset	or	called	from	Java	code.	WEKA	
was	developed	at	the	University	of	Waikato,	New	Zealand,	for	the	purpose	of	identifying	information	from	raw	
data	obtained	from	agricultural	domains;	because	of	its	usability	and	openness,	use	the	software	was	extended	to	
other	fields.	WEKA	is	written	in	Java,	so	it	is	well	connected	with	ImageJ.	

	
Classification 

In	order	to	find	the	most	effective	method	for	accurately	evaluating	the	germination	rate	of	tomato	seeds,	five	
classification	methods	were	implemented	and	compared	in	our	research:	Naive-Bayes	classifiers	(NBC),	k-nearest	
neighbors	(k-NN),	decision	trees	(DT),	support	vector	machines	(SVM)	and	artificial	neural	networks	(ANN).	These	
will	be	briefly	described	in	the	following	paragraphs.	
1. Naive-Bayes (NB) classifier.	There	are	many	classifiers	based	on	probability	theory.	Most	of	them	use	ideas	
from	 the	 Bayes	 theorem	 and	 try	 to	 obtain	 the	 class	 for	which	 the	 posterior	 probability	 is	 greatest,	 given	 the	
predictor	variables	of	the	case	to	be	classified	(Sierra	et	al.,	2009).	It	is	represented	by	equation:	
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enables any of ImageJ’s GUI features to be invoked pro-
grammatically. Subsequently, an expert technician manu-
ally examined 28 images from each series of 25 seeds and 
provided a nominal class (germinated or not germinated) 
for each of the 700 seeds; 194 as false and 506 as true. 
These results were added to the table in which the feature 
vectors had been generated and exported as a csv (com-
ma-separated values) formatted file. The germination rate 
was calculated by dividing the number of germinated seeds 
by the total number of seeds. The result was 72% which 
was significantly lower compared to the decelerated 82%. 

Machine learning
We used this csv formatted file for machine learning 

from WEKA software version 3.6.7 (Waikato Environment 
for Knowledge Analysis, 2012), to perform further analy-
sis. WEKA is a collection of machine learning algorithms 
for data mining tasks, containing tools for data pre-pro-
cessing, classification, regression, clustering, association 
rules and visualization. The algorithms can either be ap-
plied directly to a dataset or called from Java code. WEKA 
was developed at the University of Waikato, New Zealand, 
for the purpose of identifying information from raw data 
obtained from agricultural domains; because of its us-
ability and openness, use of the software was extended to  
other fields. WEKA is written in Java, so it is well connected 
with ImageJ.

Classification
In order to find the most effective method for accu-

rately evaluating the germination rate of tomato seeds, five 
classification methods were implemented and compared 
in our research: Naive-Bayes classifiers (NBC), k-nearest 
neighbors (k-NN), decision trees (DT), support vector ma-
chines (SVM) and artificial neural networks (ANN). These 
will be briefly described in the following paragraphs.
1. Naive-Bayes (NB) classifier. There are many classifiers 
based on probability theory. Most of them use ideas from 
the Bayes theorem and try to obtain the class for which the 

posterior probability is greatest, given the predictor vari-
ables of the case to be classified (Sierra et al., 2009). It is 
represented by equation:
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where P(cj│d) is the posterior probability of class cj given 
instance d, P(cj) is the prior probability of class cj, P (d│cj) is 
the likelihood which is the probability of instance d given 
class cj and P (d) is probability of instance d occurring. 

In this work, we used a Naive-Bayes (NB) classifier 
which is one of the most commonly used practical Bayesian 
learning methods and it based on an assumption that at-
tributes are conditionally independent. If the instance d is 
represented by a tuple of attribute values (𝑥1, 𝑥2, … 𝑥𝑛) then:
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The Gaussian distribution assumption makes it easy 
to extend the Naive-Bayes classifier to deal with numeric 
attributes, as they were in our case. All model parameters 
(i.e., class priors and attribute probability distributions) 
were approximated with relative frequencies from the 
training data set. The data were first segmented by the 
class. Next, the mean μc and σc

2 variance of each attribute 
were calculated. The probability of some value 𝑥𝑖 given a 
class c was computed as presented in the equation: 
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2. k-Nearest neighbors. In kNN, for a training sample 
set S, each sample is supposed to have m attributes, (att0, 
att1,..attm-1), in n classes {l0, l1,..., ln-1}. The value of the test 
case ts is (a0, a1..., am-1). kNN computes the distance between 
each training sample and the test case. Generally kNN uses  
Euclidean Distance: for a sample si ∈ S, the value of each at-
tribute is supposed to be (sa0, sa1,..., sam-1), and the distance 
between si and ts is as follows:
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After classifying all the distances, the kNN selects the 
k nearest the ones, which are considered as the k nearest 
neighbors (Xiaoyuan et al., 2011). WEKA uses normalized 
distances for all attributes, so that attributes on different 
scales have the same impact on the distance function. If the 
algorithm returns more than k neighbors, they are voted to 
form the final classification.

We ran kNN with different k values (from 1 to 10). The 
remaining parameters were initialized with the default 
setting in a Generic Object Editor window which provided 
additional parameter setting.
3. Decision trees organize the knowledge extracted from 
data in a recursive hierarchical structure composed of 
nodes and branches (Quinlan, 1986). Each internal node 
represents an attribute and is associated with a test rele-
vant for data classification. The leaf nodes of the tree cor-
respond to classes. Branches represent each of the possible 
results of the applied tests. A new example can be classi-
fied following the nodes and branches accordingly until 

Table 1. Parameters measured by ImageJ.

Parameter Description
Area Area of selection in square pixels.
Mean Average gray value within the selection. It is the 

sum of the gray values of all the pixels in the 
selection divided by the number of pixels.

StdDev Standard deviation of the gray values used to 
generate the mean gray value.

Mode Modal gray value is the most frequently occurring 
gray value within the selection. Corresponds to the 
highest peak in the histogram.

Max The maximum gray values within the selection.
Perim Perimeter is the length of the outside boundary of 

the selection.
Major Major is the primary axis of the best fitting ellipse.
Minor Minor is the secondary axis of the best fitting 

ellipse.
Median The median value of the pixels in the selection.
Skewness Skewness is a measure of the degree of 

asymmetry of a distribution.
Kurtosis Kurtosis is the degree of peakedness of a 

distribution.
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where	�������	is	the	posterior	probability	of	class	��	given	instance	d,	�����		 is	the	prior	probability	of	class	��,	
�������	is	the	likelihood	which	is	the	probability	of	instance	d	given	class	��	and	�(�)	is	probability	of	instance	�	
occurring.		

In	this	work,	we	used	a	Naive-Bayes	(NB)	classifier	which	is	one	of	the	most	commonly	used	practical	Bayesian	
learning	methods	and	it	based	on	an	assumption	that	attributes	are	conditionally	independent.	If	the	instance	d	is	
represented	by	a	tuple	of	attribute	values	(��,��, � ��)	then:	
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The	Gaussian	distribution	assumption	makes	it	easy	to	extend	the	Naïve-Bayes	classifier	to	deal	with	numeric	
attributes,	as	they	were	in	our	case.	All	model	parameters	(i.e.,	class	priors	and	attribute	probability	distributions)	
were	approximated	with	relative	 frequencies	 from	the	training	data	set.	The	data	were	 first	segmented	by	the	
class.	Next,	the	mean	µ�	and		���	variance	of	each	attribute	were	calculated.	The	probability	of	some	value	��	given	a	class	c was	computed	as	presented	in	the	equation:		
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2. k-Nearest neighbors.	In	kNN,	for	a	training	sample	set	S,	each	sample	is	supposed	to	have	m	attributes,	(att0, 
att1,..attm-1),	 in	n	 classes	 {l0, l1,...,	 ln-1}.	The	value	of	 the	 test	 case	 ts	 is	 (a0, a1..., am-1).	kNN	computes	 the	distance	
between	each	training	sample	and	the	test	case.	Generally	kNN	uses	Euclidean	Distance:	for	a	sample	si	∈	S,	the	
value	of	each	attribute	is	supposed	to	be	(sa0, sa1,..., sam-1),	and	the	distance	between	si	and	ts is	as	follows:	
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After	classifying	all	the	distances,	the	kNN	selects	the	k nearest	the	ones,	which	are	considered	as	the	k nearest	
neighbors	(Xiaoyuan et	al.,	2011).	WEKA	uses	normalized	distances	for	all	attributes,	so	that	attributes	on	different	
scales	have	the	same	impact	on	the	distance	function.	If	the	algorithm	returns	more	than	k	neighbors,	they	are	
voted	to	form	the	final	classification.	

We	ran	kNN	with	different	k	values	(from	1	to	10).	The	remaining	parameters	were	initialized	with	the	default	
setting	in	a	Generic	Object	Editor	window	which	provided	additional	parameter	setting.	
3. Decision trees	organize	the	knowledge	extracted	from	data	in	a	recursive	hierarchical	structure	composed	of	
nodes	 and	branches	 (Quinlan,	 1986).	 Each	 internal	 node	 represents	 an	 attribute	 and	 is	 associated	with	 a	 test	
relevant	for	data	classification.	The	leaf	nodes	of	the	tree	correspond	to	classes.	Branches	represent	each	of	the	
possible	results	of	the	applied	tests.	A	new	example	can	be	classified	following	the	nodes	and	branches	accordingly	
until	a	leaf	node	is	reached.	The	DT	induction	process	aims	to	maximize	the	correct	classification	of	all	training	
data.	To	avoid	overfitting,	a	pruning	phase	is	usually	applied	to	the	trained	tree.	It	prunes	ramifications	with	low	
expressive	power	according	to	some	criterion	such	as	the	expected	error	rate	(Quinlan,	1993).	

We	used	a	clone	of	C4.5	called	J48	in	the	WEKA	algorithm,	which	is	the	most	widely	used	decision	tree	learning	
approach,	 to	 generate	 a	 decision	 tree.	 We	 ran	 it	 with	 different	 values	 of	 a	 confidence factor.	 The	 remaining	
parameters	were	initialized	with	the	default	setting	in	the	Generic	Object	Editor	window. The	algorithm	generated	
the	tree	shown	in	Figure	3,	which	is	composed	of	14	branches	and	8	leaves.	
4. Support vector machine.	This	is	a	supervised	learning	algorithm	developed	by	Vapnik and	others	(Cortes	and	
Vapnik,	1995;	Vapnik,	1998).	It	has	been	used	extensively	for	a	wide	range	of	applications	with	excellent	empirical	
performance	(Karimi	et	al.,	2006;	Adankon	and	Cheriet,	2009).	The	basic	idea	of	SVM	is	to	construct	a	hyperplane	
as	the	decision	line,	which	separates	the	positive	classes	from	the	negative	ones	in	the	binary	classification	with	
the	 largest	margin.	 The	 complexity	 parameter	 c	was	 optimized	 by	 a	metaclassifier	 CVParameterSelection	 and	
ranged	from	0.01	to	1	with	5	steps;	while	epsilon,	numFolds,	randomSeed	and	toleranceParameter	were	set	up	with	
the	default	settings	in	the	Generic	Object	Editor	window.	In	order	to	improve	the	recognition	performance	of	SVM,	
we	tested	four	kernel	functions:	the	normalized polynomial kernel,	the	polynomial kernel,	the	Pearson VII function-
based universal kernel	(PUK)	and	the	radial basis kernel.	
5. ANNs.	ANNs	are	machine	learning	models	that	simulate	the	behavior	of	the	human	brain.	ANNs	are	composed	
of	a	large	number	of	highly	interconnected	processing	elements	analogous	in	functionality	to	biological	neurons	
and	 are	 tied	 together	 with	 weighted	 connections	 corresponding	 to	 brain	 synapses	 (Karray	 and	 Silva,	 2004).	
Multilayer	perceptron	(MLP)	is	a	common	and	widely	used	type	of	ANN	for	classification	purposes	(Omid	et	al.,	
2009,	2010).	

There	are	two	major	problems	connected	with	ANN:	how	to	set	up	the	structure	of	the	ANN	and	how	to	learn	
the	connection	weights.	Although	there	are	many	algorithms	for	 identifying	network	structure,	this	problem	is	4 
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possible	results	of	the	applied	tests.	A	new	example	can	be	classified	following	the	nodes	and	branches	accordingly	
until	a	leaf	node	is	reached.	The	DT	induction	process	aims	to	maximize	the	correct	classification	of	all	training	
data.	To	avoid	overfitting,	a	pruning	phase	is	usually	applied	to	the	trained	tree.	It	prunes	ramifications	with	low	
expressive	power	according	to	some	criterion	such	as	the	expected	error	rate	(Quinlan,	1993).	

We	used	a	clone	of	C4.5	called	J48	in	the	WEKA	algorithm,	which	is	the	most	widely	used	decision	tree	learning	
approach,	 to	 generate	 a	 decision	 tree.	 We	 ran	 it	 with	 different	 values	 of	 a	 confidence factor.	 The	 remaining	
parameters	were	initialized	with	the	default	setting	in	the	Generic	Object	Editor	window. The	algorithm	generated	
the	tree	shown	in	Figure	3,	which	is	composed	of	14	branches	and	8	leaves.	
4. Support vector machine.	This	is	a	supervised	learning	algorithm	developed	by	Vapnik and	others	(Cortes	and	
Vapnik,	1995;	Vapnik,	1998).	It	has	been	used	extensively	for	a	wide	range	of	applications	with	excellent	empirical	
performance	(Karimi	et	al.,	2006;	Adankon	and	Cheriet,	2009).	The	basic	idea	of	SVM	is	to	construct	a	hyperplane	
as	the	decision	line,	which	separates	the	positive	classes	from	the	negative	ones	in	the	binary	classification	with	
the	 largest	margin.	 The	 complexity	 parameter	 c	was	 optimized	 by	 a	metaclassifier	 CVParameterSelection	 and	
ranged	from	0.01	to	1	with	5	steps;	while	epsilon,	numFolds,	randomSeed	and	toleranceParameter	were	set	up	with	
the	default	settings	in	the	Generic	Object	Editor	window.	In	order	to	improve	the	recognition	performance	of	SVM,	
we	tested	four	kernel	functions:	the	normalized polynomial kernel,	the	polynomial kernel,	the	Pearson VII function-
based universal kernel	(PUK)	and	the	radial basis kernel.	
5. ANNs.	ANNs	are	machine	learning	models	that	simulate	the	behavior	of	the	human	brain.	ANNs	are	composed	
of	a	large	number	of	highly	interconnected	processing	elements	analogous	in	functionality	to	biological	neurons	
and	 are	 tied	 together	 with	 weighted	 connections	 corresponding	 to	 brain	 synapses	 (Karray	 and	 Silva,	 2004).	
Multilayer	perceptron	(MLP)	is	a	common	and	widely	used	type	of	ANN	for	classification	purposes	(Omid	et	al.,	
2009,	2010).	

There	are	two	major	problems	connected	with	ANN:	how	to	set	up	the	structure	of	the	ANN	and	how	to	learn	
the	connection	weights.	Although	there	are	many	algorithms	for	 identifying	network	structure,	this	problem	is	
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a leaf node is reached. The DT induction process aims to 
maximize the correct classification of all training data. To 
avoid overfitting, a pruning phase is usually applied to the 
trained tree. It prunes ramifications with low expressive 
power according to some criterion such as the expected er-
ror rate (Quinlan, 1993).

We used a clone of C4.5 called J48 in the WEKA algo-
rithm, which is the most widely used decision tree learning 
approach, to generate a decision tree. We ran it with dif-
ferent values of a confidence factor. The remaining parame-
ters were initialized with the default setting in the Generic 
Object Editor window. The algorithm generated the tree 
shown in Figure 3, which is composed of 14 branches and 
8 leaves.
4. Support vector machine. This is a supervised learn-
ing algorithm developed by Vapnik and others (Cortes and  
Vapnik, 1995; Vapnik, 1998). It has been used extensively 
for a wide range of applications with excellent empirical 
performance (Karimi et al., 2006; Adankon and Cheriet, 
2009). The basic idea of SVM is to construct a hyperplane 
as the decision line, which separates the positive classes 
from the negative ones in the binary classification with the 
largest margin. The complexity parameter c was optimized 
by a metaclassifier CVParameterSelection and ranged from 
0.01 to 1 with 5 steps; while epsilon, numFolds, random-

Seed and toleranceParameter were set up with the default 
settings in the Generic Object Editor window. In order to 
improve the recognition performance of SVM, we tested 
four kernel functions: the normalized polynomial kernel, the 
polynomial kernel, the Pearson VII function-based universal 
kernel (PUK) and the radial basis kernel.
5. ANNs. ANNs are machine learning models that simulate 
the behavior of the human brain. ANNs are composed of 
a large number of highly interconnected processing ele-
ments analogous in functionality to biological neurons and 
are tied together with weighted connections correspond-
ing to brain synapses (Karray and Silva, 2004). Multilayer 
perceptron (MLP) is a common and widely used type of 
ANN for classification purposes (Omid et al., 2009, 2010).

There are two major problems connected with ANN: 
how to set up the structure of the ANN and how to learn 
the connection weights. Although there are many algo-
rithms for identifying network structure, this problem 
is frequently solved through experimentation. The back 
propagation algorithm is the most widely used method for 
determining the weights.

For ANN, we chose feed-forward multilayer perceptron 
architecture and a back propagation algorithm for train-
ing. The value of the learning rate was set up at 0.3 and the 
momentum rate at 0.2. The number of neurons in the input 
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Figure 3. Structure of J48 classifier with 14 branches and 8 leaves (rectangle). 
  

Figure 3. Structure of J48 classifier 
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Figure 4. ANN model with 11-4-2-2 topology. 
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with 11-4-2-2 topology.
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and output layers was set to 11 and 2, respectively, since 
the number of features was 11 and the number of possi-
ble classes was 2 (Figure 4). Subsequently, several combi-
nations of hidden layers and different numbers of hidden 
neurons were tested. The training time varied from 100 to 
2000 epochs.

Evaluation measures for classifier performance
To objectively evaluate the performance of classifier, 

we used the following measures: classification accuracy, 
precision, recall and the F-measure, which were derived 
from confusion matrix. 
1. Classification accuracy refers to the percentage of cor-
rect predictions made by the model when compared with 
the actual classifications in the test data. It is calculated as 
the number of correctly classified instances divided by the 
total number of instances:

 

 
(8)

where TP refers to true positive, TN refers to true negative, 
FP refers to false positive and FN refers to false negative. 
Then TP + TN + FP + FN is the total number of instances 
in the testing set and TP + TN is the number of correctly 
classified instances (Witten and Frank, 2005). In our case 
TP represented actually germinated seeds which were 
also predicted as germinated. TN represented actually not 
germinated seeds which were also predicted as not germi-
nated. FP were actually not germinated seeds predicted as 
germinated and FN were germinated seeds predicted as 
not germinated.
2. Precision is the proportion of predicted positive in-
stances which are actual positive among all those which 
were classified as positive. It is calculated as follows: 

 
(9)

where TP refers to true positive and FP refers to false pos-
itive. A FP occurs when the class is incorrectly predicted 
as positive when it is actually negative (Witten and Frank, 
2005).
3. Recall is defined as the ratio of the true positive to the 
sum of the TP and FN. Recall is also known as sensitivity in 
some fields. It is calculated as follows:

 

 
(10)

FN occurs when the class is predicted as negative when 
is actually positive (Baeza and Riberio, 1999; Witten and 
Frank, 2005).
4. F-measure is defined as the harmonic mean of precision 
and recall. It is calculated as follows:

 

 
(11)

It has a high value when both precision and recall have 
high values, and it is seen as a way of finding the best com-
promise between these two measures (Baeza and Riberio, 
1999). 

Cross-validation
A 10-fold cross-validation repeated 10 times was used 

in evaluating the performance of all five classification 
models described in the previous step. First, the data were 
separated into 10 sets, each having 70 instances. Next, the 
training was performed using 9 of these sets, and testing 
was performed on the one remaining set. This was re-
peated 10 times for each model. Then this process of 10-fold 
cross-validation was repeated 50 times, for all five models, 
using different randomization seed values for cross-valida-
tion shuffling in each run to ensure low bias. This involved 
invoking the learning algorithms 5*100 times on datasets 
that are all nine-tenths the size of the original (630 seeds as 
training and 70 seeds for testing for each run). Finally, we 
computed the mean and the standard deviation for classi-
fication accuracy, precision, recall and F-measure over 500 
different runs for all five classification algorithms. 

Significance test
To determine whether there was a significant differ-

ence among the prediction performance of the models com-
pared, we used the corrected resampled t-test at a 0.05 level 
of significance according to the following equation (Witten 
and Frank, 2005):

 

 
(12)

where d ̅ is the mean of difference, σ𝑑
2 is the variance of the 

Table 2. Measures for classifier performance.

Model Accuracy (%) Precision Recall F-measure
ANN 95.44 ± 2.14 a+ 0.9722 ± 0.0233 a 0.9652 ± 0.0218 a 0.9684 ± 0.0148 a
NBC 87.89 ± 4.07 c 0.9535 ± 0.0234 ab 0.8755 ± 0.0504 b 0.9120 ± 0.0316 c
kNN 91.66 ± 2.81 b 0.9307 ± 0.0291 b 0.9569 ± 0.0236 a 0.9432 ± 0.0188 b
DT 93.66 ± 2.76 b 0.9569 ± 0.0241 ab 0.9551 ± 0.0300 a 0.9556 ± 0.0193 b
SVM 93.09 ± 2.54 b 0.9498 ± 0.0235 b 0.9555 ± 0.0266 a 0.9523 ± 0.0177 b

+Different letters in the same column indicate statistically significant differences (P<0.05).
ANN: Artificial neural network. 
NBC: Naive-Bayes classifier.
kNN: k-nearest neighbors.
DT: Decision tree.
SVM: Support vector machine.
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frequently	solved	through	experimentation.	The	back	propagation	algorithm	is	the	most	widely	used	method	for	
determining	the	weights.	

For	ANN,	we	chose	 feed-forward	multilayer	perceptron	architecture	and	a	back	propagation	algorithm	 for	
training.	The	value	of	the	learning rate was	set	up	at	0.3	and	the	momentum rate	at	0.2.	The	number	of	neurons	in	
the	input	and	output	layers	was	set	to	11	and	2,	respectively,	since	the	number	of	features	was	11	and	the	number	
of	possible	classes	was	2	(Figure	4).	Subsequently,	several	combinations	of	hidden	layers	and	different	numbers	
of	hidden	neurons	were	tested.	The	training	time	varied	from	100	to	2000	epochs.	
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where	TP	refers	to	true positive	and	FP refers	to	false positive. A	FP	occurs	when	the	class	is	incorrectly	predicted	
as	positive	when	it	is	actually	negative	(Witten	and	Frank,	2005).	
3. Recall	is	defined	as	the	ratio	of	the	true	positive	to	the	sum	of	the	TP and	FN.	Recall	is	also	known	as	sensitivity	
in	some	fields.	It	is	calculated	as	follows:	
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FN	occurs	when	the	class	is	predicted	as	negative	when	is	actually	positive	(Baeza	and	Riberio,	1999;	Witten	
and	Frank,	2005).	
4. F-measure	is	defined	as	the	harmonic mean	of	precision	and	recall.	It	is	calculated	as	follows:	
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It	has	a	high	value	when	both	precision	and	recall	have	high	values,	and	it	is	seen	as	a	way	of	finding	the	best	
compromise	between	these	two	measures	(Baeza	and	Riberio,	1999).		
	
Cross-validation 

A	10-fold	cross-validation	repeated	10	times	was	used	in	evaluating	the	performance	of	all	five	classification	
models	described	in	the	previous	step.	First,	the	data	were	separated	into	10	sets,	each	having	70	instances.	Next,	
the	training	was	performed	using	9	of	these	sets,	and	testing	was	performed	on	the	one	remaining	set.	This	was	
repeated	10	times	for	each	model.	Then	this	process	of	10-fold	cross-validation	was	repeated	50	times,	for	all	five	
models,	using	different	randomization	seed	values	for	cross-validation	shuffling	in	each	run	to	ensure	low	bias.	
This	 involved	 invoking	the	 learning	algorithms	5*100	times	on	datasets	 that	are	all	nine-tenths	the	size	of	 the	
original	 (630	seeds	as	 training	and	70	seeds	 for	 testing	 for	each	run).	Finally,	we	computed	the	mean	and	the	
standard	deviation	for	classification	accuracy,	precision,	recall	and	F-measure	over	500	different	runs	for	all	five	
classification	algorithms.		
	
Significance test 

To	determine	whether	 there	was	a	 significant	difference	among	 the	prediction	performance	of	 the	models	
compared,	we	used	the	corrected resampled t-test at	a	0.05	level	of	significance	according	to	the	following	equation	
(Witten	and	Frank,	2005):	
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frequently	solved	through	experimentation.	The	back	propagation	algorithm	is	the	most	widely	used	method	for	
determining	the	weights.	

For	ANN,	we	chose	 feed-forward	multilayer	perceptron	architecture	and	a	back	propagation	algorithm	 for	
training.	The	value	of	the	learning rate was	set	up	at	0.3	and	the	momentum rate	at	0.2.	The	number	of	neurons	in	
the	input	and	output	layers	was	set	to	11	and	2,	respectively,	since	the	number	of	features	was	11	and	the	number	
of	possible	classes	was	2	(Figure	4).	Subsequently,	several	combinations	of	hidden	layers	and	different	numbers	
of	hidden	neurons	were	tested.	The	training	time	varied	from	100	to	2000	epochs.	

	
Evaluation measures for classifier performance 

To	objectively	evaluate	the	performance	of	classifier,	we	used	the	following	measures:	classification	accuracy,	
precision,	recall	and	the	F-measure,	which	were	derived	from	confusion	matrix.		
1. Classification accuracy refers	to	the	percentage	of	correct	predictions	made	by	the	model	when	compared	with	
the	actual	classifications	in	the	test	data.	It	is	calculated	as	the	number	of	correctly	classified	instances	divided	by	
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FN	occurs	when	the	class	is	predicted	as	negative	when	is	actually	positive	(Baeza	and	Riberio,	1999;	Witten	
and	Frank,	2005).	
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It	has	a	high	value	when	both	precision	and	recall	have	high	values,	and	it	is	seen	as	a	way	of	finding	the	best	
compromise	between	these	two	measures	(Baeza	and	Riberio,	1999).		
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A	10-fold	cross-validation	repeated	10	times	was	used	in	evaluating	the	performance	of	all	five	classification	
models	described	in	the	previous	step.	First,	the	data	were	separated	into	10	sets,	each	having	70	instances.	Next,	
the	training	was	performed	using	9	of	these	sets,	and	testing	was	performed	on	the	one	remaining	set.	This	was	
repeated	10	times	for	each	model.	Then	this	process	of	10-fold	cross-validation	was	repeated	50	times,	for	all	five	
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This	 involved	 invoking	the	 learning	algorithms	5*100	times	on	datasets	 that	are	all	nine-tenths	the	size	of	 the	
original	 (630	seeds	as	 training	and	70	seeds	 for	 testing	 for	each	run).	Finally,	we	computed	the	mean	and	the	
standard	deviation	for	classification	accuracy,	precision,	recall	and	F-measure	over	500	different	runs	for	all	five	
classification	algorithms.		
	
Significance test 

To	determine	whether	 there	was	a	 significant	difference	among	 the	prediction	performance	of	 the	models	
compared,	we	used	the	corrected resampled t-test at	a	0.05	level	of	significance	according	to	the	following	equation	
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frequently	solved	through	experimentation.	The	back	propagation	algorithm	is	the	most	widely	used	method	for	
determining	the	weights.	

For	ANN,	we	chose	 feed-forward	multilayer	perceptron	architecture	and	a	back	propagation	algorithm	 for	
training.	The	value	of	the	learning rate was	set	up	at	0.3	and	the	momentum rate	at	0.2.	The	number	of	neurons	in	
the	input	and	output	layers	was	set	to	11	and	2,	respectively,	since	the	number	of	features	was	11	and	the	number	
of	possible	classes	was	2	(Figure	4).	Subsequently,	several	combinations	of	hidden	layers	and	different	numbers	
of	hidden	neurons	were	tested.	The	training	time	varied	from	100	to	2000	epochs.	
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To	objectively	evaluate	the	performance	of	classifier,	we	used	the	following	measures:	classification	accuracy,	
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1. Classification accuracy refers	to	the	percentage	of	correct	predictions	made	by	the	model	when	compared	with	
the	actual	classifications	in	the	test	data.	It	is	calculated	as	the	number	of	correctly	classified	instances	divided	by	
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FN	occurs	when	the	class	is	predicted	as	negative	when	is	actually	positive	(Baeza	and	Riberio,	1999;	Witten	
and	Frank,	2005).	
4. F-measure	is	defined	as	the	harmonic mean	of	precision	and	recall.	It	is	calculated	as	follows:	
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It	has	a	high	value	when	both	precision	and	recall	have	high	values,	and	it	is	seen	as	a	way	of	finding	the	best	
compromise	between	these	two	measures	(Baeza	and	Riberio,	1999).		
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A	10-fold	cross-validation	repeated	10	times	was	used	in	evaluating	the	performance	of	all	five	classification	
models	described	in	the	previous	step.	First,	the	data	were	separated	into	10	sets,	each	having	70	instances.	Next,	
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original	 (630	seeds	as	 training	and	70	seeds	 for	 testing	 for	each	run).	Finally,	we	computed	the	mean	and	the	
standard	deviation	for	classification	accuracy,	precision,	recall	and	F-measure	over	500	different	runs	for	all	five	
classification	algorithms.		
	
Significance test 

To	determine	whether	 there	was	a	 significant	difference	among	 the	prediction	performance	of	 the	models	
compared,	we	used	the	corrected resampled t-test at	a	0.05	level	of	significance	according	to	the	following	equation	
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determining	the	weights.	

For	ANN,	we	chose	 feed-forward	multilayer	perceptron	architecture	and	a	back	propagation	algorithm	 for	
training.	The	value	of	the	learning rate was	set	up	at	0.3	and	the	momentum rate	at	0.2.	The	number	of	neurons	in	
the	input	and	output	layers	was	set	to	11	and	2,	respectively,	since	the	number	of	features	was	11	and	the	number	
of	possible	classes	was	2	(Figure	4).	Subsequently,	several	combinations	of	hidden	layers	and	different	numbers	
of	hidden	neurons	were	tested.	The	training	time	varied	from	100	to	2000	epochs.	

	
Evaluation measures for classifier performance 

To	objectively	evaluate	the	performance	of	classifier,	we	used	the	following	measures:	classification	accuracy,	
precision,	recall	and	the	F-measure,	which	were	derived	from	confusion	matrix.		
1. Classification accuracy refers	to	the	percentage	of	correct	predictions	made	by	the	model	when	compared	with	
the	actual	classifications	in	the	test	data.	It	is	calculated	as	the	number	of	correctly	classified	instances	divided	by	
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FN	occurs	when	the	class	is	predicted	as	negative	when	is	actually	positive	(Baeza	and	Riberio,	1999;	Witten	
and	Frank,	2005).	
4. F-measure	is	defined	as	the	harmonic mean	of	precision	and	recall.	It	is	calculated	as	follows:	
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It	has	a	high	value	when	both	precision	and	recall	have	high	values,	and	it	is	seen	as	a	way	of	finding	the	best	
compromise	between	these	two	measures	(Baeza	and	Riberio,	1999).		
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A	10-fold	cross-validation	repeated	10	times	was	used	in	evaluating	the	performance	of	all	five	classification	
models	described	in	the	previous	step.	First,	the	data	were	separated	into	10	sets,	each	having	70	instances.	Next,	
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This	 involved	 invoking	the	 learning	algorithms	5*100	times	on	datasets	 that	are	all	nine-tenths	the	size	of	 the	
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classification	algorithms.		
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To	determine	whether	 there	was	a	 significant	difference	among	 the	prediction	performance	of	 the	models	
compared,	we	used	the	corrected resampled t-test at	a	0.05	level	of	significance	according	to	the	following	equation	
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the	input	and	output	layers	was	set	to	11	and	2,	respectively,	since	the	number	of	features	was	11	and	the	number	
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of	hidden	neurons	were	tested.	The	training	time	varied	from	100	to	2000	epochs.	

	
Evaluation measures for classifier performance 

To	objectively	evaluate	the	performance	of	classifier,	we	used	the	following	measures:	classification	accuracy,	
precision,	recall	and	the	F-measure,	which	were	derived	from	confusion	matrix.		
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This	 involved	 invoking	the	 learning	algorithms	5*100	times	on	datasets	 that	are	all	nine-tenths	the	size	of	 the	
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To	determine	whether	 there	was	a	 significant	difference	among	 the	prediction	performance	of	 the	models	
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difference samples, 𝑛1 is the number of instances used for 
training, 𝑛2 is the number of instances used for testing 
and k is the number of cross-validation runs. For 10-fold 
cross-validation repeated 10 times, k=100, n2/n1=0.1/0.9, 
and σ𝑑

2 is based on 100 differences.

Results
In the following paragraphs we present the results of 

measures for classifier performance for each classifier and 
by all five classification methods (Table 2).

Classification by NBC 
NBC did not require the configuration of parameters in 

the Generic Object Editor window, so the default settings 
were used. The mean accuracy was 87.89% (Table 2). The 
algorithm achieved an 88% TP rate, with a 12% FN rate and 
an 89% TN rate with an 11% FP rate.

Classification by kNN
The highest mean accuracy of 91.66% (Table 2) was 

reached when k was set at 7. The algorithm achieved a 96% 
TP rate, with a 4% FN rate and an 81% TN rate with a 19% 
FP rate.

Classification by DT
The highest mean accuracy of 93.66% (Table 2) was 

reached when the confidence factor applied for pruning was 
set to 0.05; thus, the algorithm obtained by using this con-
figuration was selected as the best tree algorithm for clas-
sification. This tree was composed of 8 leaves and the size 
of the tree was 15 (see Figure 3). The algorithm achieved a 
96% TP rate, with a 4% FN rate and an 89% TN rate with 
an 11% FP rate.

Classification by SVM
The highest mean accuracy of 93.09% (Table 2) was ob-

tained with the PUK kernel when the complexity parameter 
c was set at 1. The algorithm achieved a 96% TP rate, with a 
4% FN rate and an 87% TN rate with a 13% FP rate.

Classification by ANN
The best mean accuracy of 95.44% (Table 2) was ob-

tained with 2 hidden layers that contained 4 and 2 hidden 
neurons, respectively, and a training time set at 500 (see 
Figure 4). The algorithm achieved a 97% TP rate, with a 3% 
FN rate and a 93% TN rate with a 7% FP rate. The results 
presented in Table 2 show that ANN achieved the highest 
accuracy (95.44%), which is significantly more accurate 
than NBC (87.89%), kNN (91.66%), DT (93.66%) or SVM 
(93.09%).

ANN also achieved the highest precision (0.9722), 
which is significantly higher than that of kNN (0.9307) and 
SVM (0.9498) but it was not significantly higher than pre-
cision for NBC (0.9535) or DT (0.9569). The highest recall 
(0.9652) is also reached by ANN, but this was not signifi-
cantly higher than in other models. The best value for the 
F-measure (0.9684) was again achieved by ANN; it was sig-
nificantly higher than the F-measure of all other models.

Because the ANN model yielded the best results, we 
incorporated the MLP with 11-4-2-2 tree architecture into 
our application for future investigation on other seeds. 
Practical classification of germinated seeds was auto-
mated by our script that connects an ImageJ macro, which 
extracts features from the series of pictures and the WEKA 
public Java classes. The result was displayed as a table in 

which each row represents a single seed and its computed 
class. The germination rate was calculated by dividing the 
number of germinated seeds by the total number of seeds 
and presented in bold. Additionally, our application can dis-
play a picture where seeds are labeled with numbers and 
outlined blue (Figure 2f). The proposed method required a 
computation time in the order of 4 s for the first picture and 
additional 9 s for the series of next 15 pictures. This was a 
total of 13 s for the seed sample of 400 seeds (16*25 seeds 
per Petri dish) on a dual-core microprocessor Intel Pentium 
B950 2.10 GHz, with 4 GB installed memory RAM. 

Discussion
Compared with other studies (Dell’Aquila et al., 2000, 

2009), we did not apply procedures based on the differ-
ence of seed XY position or area size of seeds between two 
consecutive images (before and after germination), but we 
used eleven features derived from a single picture instead, 
to assess the germination rate. The single acquisition also 
decreased a possibility of fungal contamination which may 
cause false scoring comparing to the studies where, i.e., a 
cover of Jacobsen incubator has to be opened frequently or 
technicians manually moved the seed lots.

The ANN algorithm, which used a higher number of 
input parameters, was able to classify the seeds correctly 
even when they increased their surface because of mois-
ture but still had no radicle, and classified them as not ger-
minated. In such cases the system proposed by Ducournau 
et al. (2004) failed to make correct classification.

A significant difference between our study and the 
report of Joosen et al. (2010) is that in our case the image 
processing, feature extraction and classification were en-
tirely automatic, and no manual intervention was required 
to transfer data between different software applications.

Conclusion
In the present study, a computer vision system based 

on image processing and machine learning techniques was 
developed and implemented for automatic assessment of 
seed germination rates in tomato variety ‘Marmande’. The 
entire system was built using open source applications  
ImageJ, WEKA and their public Java classes and linked by 
our specially developed code. According to the current 
state of literature, computer vision system based on the 
proposed ANN was applied for classification between ger-
minated and non-germinated seeds for the first time and 
it was proved to be most accurate method (95.44%). The 
prototype system classified one sample of 400 germinated 
seeds in 13 s and outperformed trained analysts who 
needed more than 4 minutes. 

The computation time could be considerably reduced 
using more sophisticated hardware and better optimized 
software written in low level programming languages. 
Specially designed trays with individual chambers could 
replace the Petri dishes, thus enhancing the testing process 
and preparation. The system could be easily improved for 
testing the seed germination rate of other horticultural 
plants, so this methodology could be adopted by seed labo-
ratories and finally extended to practical use in the nursery 
industry.
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