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Abstract: Arbuscular Mycorrhizae (AM) are mutualistic associations between Arbuscular Mycorrhizal 
Fungi (AMF) and the roots of many plant species. AMF spores give rise to filaments that develop in the 
root system of plants and contribute to the absorption of water and some nutrients. This article introduces a 
semi-automated counting model of AMF spores in slide images based on Artificial Neural Network (ANN). 
The semi-automated counting of AMF spores facilitates and accelerates the tasks of researchers, who still 
do the AMF spore counting manually. We built a representative database of spore images, processing 
images through the Circle Hough Transform (CHT) method and training an ANN to classify patterns 
automatically. The classification analysis and the performances of the proposed method against the manual 
method are presented in this paper. The accuracy for the identification of spores by CHT in conjunction to 
ANN classification in the images was 90%. The results indicate that this method can accurately detect the 
presence of AMF spores in images as well as count them with a high level of confidence.
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INTRODUCTION

Arbuscular mycorrhizal fungi (AMF) colonize the 
roots of the majority of terrestrial plants (Smith 
and read 1997). Mycorrhizal colonization is 
linked to the genotype of the plant and fungi, as 
well as the environment and diversity. According 

to gianinazzi-Pearson (1996), the Arbuscular 
mycorrhizae (AM) association can be considered 
beneficial for both the plant and the fungus, in other 
words, it is a biological protection strategy. 

The fact that many species interact with AMF 
shows the great importance of mycorrhizae for the 
preservation of flora and this stimulates increasing 
research on mycorrhizae (Smith and read 1997). 
For instance, Tullio et al. (2012) showed that AM 
colonization was well established in pelargonium 
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plants on a horticultural substrate to satisfy the 
“sustainable floriculture” needs. Souchie et al. 
(2010) showed that among several P-solubilizing 
fungi isolates, the Aspergillus niger, PSF 7 and 
PSF 21 were the best isolates to increase clover 
(Trifolium pratense) growth in the presence of AMF.

The spores give rise to filaments called hyphae 
that develop in the root system of plants forming 
a tangle of hyphae, known as the mycelium. The 
mycelium contributes to the absorption of water 
and nutrients, especially phosphorus (Moreira and 
Siqueira 2006). Spores are reproductive structures 
of an asexual nature and they have a wide structural 
diversity (goto and Maia 2006). These structures 
have varied characteristics, such as the number of 
layers and appearance, as well as color and wall 
thickness (Morton 1988). They measure from 22 to 
1,050 μm (Schenck and Perez 1990, Schüßler et al. 
1994). 

It is important to count the spores because the 
greater the presence of AMF spores, the greater the 
positive effects that these fungi will have on plants, 
especially on species of economic interest (Siqueira 
et al. 1998, Moreira et al. 2015). research shows 
that the presence of spores in soil can minimize 
the cost of agricultural inputs, such as mineral 
fertilizers, irrigation and pesticides, especially in 
the tropics where traditionally soils have low levels 
of phosphorus (Sieverding 1991). The application 
of a technology that promotes a reduction in the 
use of inputs can ensure efficient agriculture with 
environmental responsibility. 

According to Walker and Vestberg (1998), in 
soil analysis, the presence and the quantity of AMF 
spores in a certain area can be determined, and 
manual counting is done by observing the samples 
through a microscope. Many minerals and organic 
particles that are present in these samples can lead 
specialists to make mistakes during the counting 
process. The sequence of tasks performed from 
the collection of the samples for the extraction of 
the spores to the manual counting of them can take 

hours. It is a task that requires expertise, attention 
and time. 

Several studies related to AMF have been 
performed after the extraction and counting of 
AMF spores, including some with replicates of 
these processes at different times in the same work. 
Results from different collection points or comparing 
the counts in different seasons are some examples 
(Colozzi Filho and Cardoso 2000, Da Silva et al. 
2015, Balota et al. 2011, Longo et al. 2014). 

Technologies that use images to identify and 
to quantify microscopic objects can be effective 
tools as the automation of the counting process 
can improve working conditions and the results 
obtained by professionals who perform this activity 
(groover 2007).  Many researchers have studied 
automated methods to identify and to count objects 
contained in digital images. Using clustering, 
thresholding and segmentation, Melo et al. (2015) 
determined the number of somatic cells in cow’s 
milk in microscope slide images for the detection 
of mastitis. The study by Kothari et al. (2009) was 
used for cell groups of four different cancerous 
tissues in digital images. Changyi et al. (2015) used 
Artificial Neural Network (ANN) and Circle Hough 
Transform (CHT) to detect and count apples from 
apple tree images taken in the field. Poomcokrak 
and Neatpisarnvanit (2008) and Nazlibilek et al. 
(2014) used ANN to classify and to count blood 
cells in digital images. 

Some papers commonly apply ANN as an 
alternative classifier. Tan et al. (2014) used ANN 
to identify heterogeneous soybean seeds with 
several diseases. Zhaoyong et al. (2016) used a 
method based on transmittance spectroscopy and 
two classifiers (Support Vector Machine SVM and 
ANN) to detect moldy core in apples and types of 
symptoms. Ferreira and galo (2013) developed 
a method of spatial inference of chlorophyll a 
concentration using ANN.

An algorithm that uses gödel’s fuzzy 
morphology operators was developed by Andrade 
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et al. (2015) to count AMF spores in a digital image, 
however, they used manually processed images, 
containing only spores (INVAM 2015).  

This work proposes the semi-automated 
counting of AMF spores in a digital image to mitigate 
human error and the tedious nature of this task. In 
our research, the use of CHT in the preprocessing 
of the images to locate likely spores was tested. The 
database generated is the important contribution of 
this work. Another contribution is the incremental 
training. We adopted a hybrid method between an 
online method and a conventional ANN based-
model for pattern classification, where we waived 
the use of the validation set. 

MATERIALS AND METHODS

In this section, we describe the experimental 
setup and details of the proposed system called 
SDIC (System for Detection, Identification 
and Counting). Our algorithm relies on shape 
information to obtain sub-images of AMF spores 
and similar elements to them. We chose to apply 
the Circular Hough Transform (CHT) because it 
is based on the circular shape feature. The system 
uses CHT to find the patterns to be processed to 
compose the database. The patterns of possible 
spores located by CHT in the original image are 
cut into sub-images and some of the sub-images 
are resized by standardizing the data that will feed 
the ANN. The ANN algorithm relies on combining 
shape and color information in an MLP network for 
pattern classification. The details of all the steps are 
explained in the following subsections.

SAMPLE PrEPArATION AND MANUAL COUNTINg 
METHOD

The manual counting method starts with the 
extraction of AMF spores present in soil sample 
of a certain volume (Morton 1988). The expert can 
extract the spores using the Wet Sieving Process 
(WSP) proposed by gerdemann and Nicolson 

(1963), followed by centrifugation in water 
and sucrose. The WSP is a long process and can 
be checked in INVAM (2015). This is also the 
basic process of spore extraction established in 
the Soil Microbiology Laboratory at the UESB 
(Universidade Estadual do Sudoeteste da Bahia), 
Vitória da Conquista, Brazil. For this study, the soil 
samples were collected from the UESB field.

The expert identifies and counts the spores with 
the help of a microscope alone putting the material 
in a Petri dish on top of graph paper that serves 
as a guide. The Petri dish is carefully moved and 
the number of spores that have been identified by 
observation are recorded manually (INVAM 2015).

THE SDIC SYSTEM

This subsection describes the setup used in the 
experiment from the acquisition of the images. The 
SDIC comprises a glass Petri dish, a microscope 
(S8AP0 model, Leica Microsystems), a camera 
(DFC 295 model, attached to the microscope) and 
a Desktop Computer (Intel Core ™ i5-3330 CPU 
@ 3.00 gHz, rAM 4.00 gB, operating system 
Windows 7 Ultimate, Software: LAS V4.3). 
The acquisition of the images was performed at 
the Biological Control Laboratory at UESB. We 
decided to implement the algorithm in MATLAB® 
software (Trauth 2006) because of its collection of 
libraries of specific functions for Computational 
Vision and ANNs. We used the remote Access 
Server (QEMU Virtual CPU version 2.39 gHz, 
8 processors, rAM 4.00 gB, operating system 
Windows Server 2008 r2 Enterprise), belonging to 
UFBA (Universidade Federal da Bahia).

The preprocessing steps and ANN classification 
are automated phases. Spore extraction, image 
acquisition, and identification and classification by 
the expert are the manual steps of the system.

THE ACQUISITION OF THE IMAgES

The expert checks the spores in a microscope 
and uses a camera attached to the microscope to 
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record digital images. The images are obtained 
considering: 

• The Petri dish is on graph paper. The images 
record only the areas containing spores. 
There are no repetitions in the areas of 
record already captured. 

• There is an optical magnification of the 
image at 40x. This image magnification 
is enough for the expert to distinguish the 
spores from the other objects that appear in 
the image. 

• There is an appropriate lighting system. 
This ensures a better display of spores.

• These original photos (2,048 x 1,536) pixels 
are saved the in JPEg format, in a database.

IMAgE PrEPrOCESSINg (DATABASE 
OrgANIZATION)

recognizing objects in a two-dimensional image 
can be described as a sequence of actions to find and 
label the parts of a scene contained in that image. 
The characteristics and standards of each object to 
be recognized must be established. These patterns 
must contain object-specific information, such as 
shape, texture, and color (Acharya and ray 2005). 

To here spores that are part of the ANN database 
were identified from external appearance, discarding 
the discrepant characteristics and considering those 
with uniform coloration, with shades of yellow to 
dark brown and most of the spores analyzed in the 
region were globular in shape. 

An image containing the objects to be identified 
must be preprocessed (segmented) through an 
edge detection filter and a binarization filter. The 
segmented images must be processed using a 
shape recognition technique and it is here that it 
is possible to apply the Circle Hough Transform 
(CHT). CHT is an efficient tool for recognizing and 
locating circular shapes in an image (Duda and Hart 
1972). This processing is the step that identifies 
and locates the geometric shapes compatible with 
the spores of AMF. By using CHT it is possible 

to detect a curve in an image, even if the curve is 
barely visible or belongs to a noisy image.

A curve contained in a digital image, if it can 
be represented by its parametric equation, can 
be detected through CHT (Tsuji and Matsumoto 
1978, Atiquzzaman 1999, Chen and Chung 2001). 
In the detection of circles, the equation of the 
circumference in its parametric form can be used 
(Eq. 1):

( )
( )

x a R cos
y b R sin

 = + ⋅
 = + ⋅

θ
θ , (Eq. 1):

where (a,b) are the coordinates of the center of the 
circle, R is the radius of the circle and the variable 
θ  is the angle between  and the horizontal axis (θ  
is the common parameter). 

Detecting circles in images through CHT uses 
the voting process. The operation of CHT occurs 
through a three-dimensional accumulator matrix 
(Atherton and Kerbyson 1999), which must find 
the value of its radius (R) or at least has a given 
value interval. The pixels contained in the edge 
segmented binary image are recognized as candidate 
pixels at the edges of a real circle. A candidate pixel 
casts the votes in the array of accumulators in a 
pattern around it, forming a full circle with a fixed 
radius. The votes of candidate pixels belonging to 
a real circle tend to accumulate at a point in the 
array of accumulators corresponding to the center 
of the circle. Therefore, the center of a circle is 
estimated by detecting the largest vote in the array 
of accumulators (Barber et al. 2001). 

When the CHT algorithm is applied, it 
finds the centers corresponding to the edges of 
the circular elements of radius belonging to the 
stipulated interval (Yao and Yi 2016).  In this 
study, the CHT is used to find the (a,b) locations 
of the circles throughout the image given a range 
of R corresponding to the minimum and maximum 
radius of the likely AMF spores. The algorithm used 
within MATLAB® to achieve this is based on the 
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accumulator array computation, center estimation 
and radius estimation (Djekoune et al. 2017).

Among the objects recorded in the images, 
besides the spores, other materials such as hypha 
fragments are often present in the collected soil 
samples (Figure 1a). However, the CHT selected 
set does not contain elements with non-circular 
shapes (Figure 1b).       

CHT did not fail to detect any curves that are 
spores, even those with irregular shapes. However, 
it also detected some curves in the material which 
not spores. Therefore, it is necessary to separate 
occurrences in each class. A technique to do this is the 
use of an ANN as classifier, because once trained, the 
ANN can generalize the information to an unknown 
set of examples, emulating the human brain.

After CHT locates the circular elements, we 
return to the rgB (red, green, Blue color space) 
images and classify each sub-image by ANN. rgB 
color space was created to represent digital images 
in order to specify colors in a given pattern. These 
digital images are represented as arrays of color 
components of red, green and blue. The intensity of 
the red, green and blue components is represented 
with integer values from 0 to 255, representing the 
pixels in this space (gonzalez and Woods 2010).

INPUT DATA

Preprocessing was applied to the images using 
some MATLAB® functions, in an empirical 
way. The application of these functions provided 
patterns in the appropriate format for ANN inputs. 
The procedure is described below.

• Create a copy of the original image in binary 
form. These binary images were used only 
for the location of possible spores by CHT 
and scaling of the sub-images. 

• Apply CHT to the negative binary images, 
locating objects belonging to a radius of a 
predetermined interval. Initially we obtained 
binary images with white background and 
black elements. 

• Crop the object detected by CHT in the 
original image getting the smallest window 
around this object (Figures 2a and 2b). Each 
window around an object located by CHT, in 
the original images (2,048 x 1,536) pixels, 
generates other small images with sizes 
between (42 x 42) and (114 x 114) pixels. 
With this, we can process the entire image 
through a finite amount of sub-images in a 
finite amount of time. A similar procedure 
was applied by Nazlibilek et al. (2014).

Figure 1 - Original Image (a); Patterns found by CHT in original image (b).
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• resize all the sub-images generated to a 
standard size (Figure 2c). The default size 
is defined as the size of the sub-image 
containing the smallest spore shape. Each 
sub-image was resized to the size 42 x 42 
pixels. The great advantage of resizing the 
sub-images is to standardize all data with a 
smaller number of ANN input signals. There 
was no analysis of information loss from the 
images that were resized as 100% accuracy 
was achieved in learning the patterns during 
the training. After these steps, the binary 
images are discarded and we return to work 
with rgB images.

• Obtain rgB arrays in a vector form and 
compose the sub-images. The resulting 
vectors from each sub-image are concatenated, 
forming an array that contains all the objects 
detected by the CHT in the image.

• Save the arrays in a digital document.
• All patterns presented to the ANN, which 

compose the training set and the test set, are 
comprised of input vectors (Eq. 2) with a 
constant length n. 

{ } 1

n
i i

x
=  (Eq. 2)

The equation (Eq. 3) gives the length ( )n  of 
each input vector. 

( )n l c q= × ⋅  (Eq. 3)

where ( )l c×  are the dimensions of the sub-image 
and  is the number of necessary arrays for the 
composition of colors. 

The input patterns to ANN are sub-images 
found by the CHT technique, resized and converted 
to vector form. After this, an AMF expert classifies 
the patterns as ‘spores’ or ‘non spores’ by visual 
observation. 

EXPECTED OUTPUTS

Before the application of ANN, it was necessary 
to establish the data sets with the corresponding 
inputs and expected outputs (targets), because we 
chose a supervised learning rule. The supervised 
learning rule requires the comparison between the 
ANN output and the target. Thus, for each input 
presented to ANN, this ANN produces an output. 

Figure 2 - Patterns found by CHT in rgB sub-images: ‘spore’ pattern in rgB sub-image (a); “non spore” 
pattern in rgB sub-image (b); The rgB sub-images resized (c).
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This output is compared with the target, and the 
algorithm adjusts the synaptic weights, until the 
ANN answer (output) is increasingly close to the 
target (Haykin 1999).

In the formation of the output vector, the 
targets were generated from each input pattern 
(sub image vector) detected by the CHT. The 
classification between ‘spore’ and ‘non spore’ is 
made as a preliminary assessment from an AMF 
specialist. Therefore, it was recorded that:

• input pattern (sub-image vector) containing 
a ‘spore’ is given as a desired count or 
“target 1”;

•  input pattern (sub-image vector) containing 
a ‘non spore’ is given as a non-desired count 
or “target 0”. 

The application of this rule comprises the 
output vector. After training, the ANN should be 
able to classify these patterns.

ANN MODEL STrUCTUrE

ANNs deal mainly with function approximation 
problems, data clustering and pattern classification 
(Basheer and Hajmeer 2000) while MLP networks 
are those containing more than one layer with one 
or more neurons in each layer (Haykin 1999).

The ANN structure used in this study is a 
multilayer perceptron (MLP), feedforward, with 
one hidden layer, and the tangent sigmoid function 
in the activation function (Figure 3).

An important component of training is to 
establish an ending criterion for the learning 
algorithm. We defined the network-training stop 
as the mean square error (MSE) reduced to a 
sufficiently low rate according to a predetermined 
parameter during the training phase. 

The training phase ends the process when 
the mean square error (MSE) reaches a minimum 
value. For each training set, the MSE obtained 
the minimum value in different epoch quantities. 
The average number was 7 epochs. The network 

was able to learn 100% of the training examples, 
stopping training when the error converged to zero. 

The computational cost of the training is 
polynomial as a function of the number of epochs. 
The computational cost of the algorithms of test and 
validation is linear due to the parallelism of ANNs 
(Haykin 1999). Models based on ANN after the 
training phase have the advantage of optimizing the 
time and computational effort to find the solution 
(Fang et al. 2004). The average time spent was 
87 seconds during the training and 0.42 seconds 
during the test.

We used a hybrid method of training between 
the online method and the traditional method, 
where we did incremental training. The data were 
divided into 22 (twenty - two) training set - test set 
pairs; each image acted both as a part of a training 
set and as an independent test set. The training 
set was used for neural network learning; the test 
set was used to estimate the performance of the 
neural network on the data set that was not trained 
during learning. We did not use a validation set. A 
similar method can be found in Su et al. (2014). 
The experiment followed these steps:

• There was training with 807 patterns (S1 
set).

• Then each image of the test set was 
sequentially presented to the network. The 
test sets have untrained patterns. 

• The results obtained by the network were 
recorded (by image).

• As the new patterns (by Image) are presented 
to the networks, and the network output is 
evaluated, the new patterns are immediately 
incorporated into the training set. 

• New network training is carried out. The 
network learns from patterns that were not 
initially contained in the training set. The 
new set was trained using the initial weight 
matrix that resulted from the previous 
training. 
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• This sequence continues until we use all 
training-test data set pairs.

• We tested 22 sets (images). These test sets 
had a number of patterns ranging from 6 to 
77 elements.

The successful test of an ANN occurs when it 
correctly classifies the new patterns presented, i.e. 
when there is good generalization during the test of 
the ANN (Freeman and Skapura 1991).

With an MLP network structure composed of 
a minimum amount of neurons, it obtained very 
good generalization and was able to improve the 
results of the work proposed by Melo et al. (2017) 
to count the AMF spores using an elemental ANN, 
the Perceptron. The accuracy in the classification 
of their test set was 77% and 1,108 patterns were 
selected and incremental training was not used. 
Therefore, besides the amount of data being different, 
the method of training was also different. The work 

of Melo et al. (2017) separated one set for training 
(73% data) and one set for testing (27% data). 

THE FUZZY MOrPHOLOgY METHOD 

In this section, we present published work. The 
fuzzy morphology method uses fuzzy logic, more 
specifically, Gödel’s erosion, in the spore counting 
of mycorrhizal fungi in clean images (Andrade et al. 
2015). In this method another image is used, called 
the structural element, to change the original image. 

The method is composed of four steps: 1) 
Apply gödel’s erosion. 2) Use binary image. 3) 
Apply a mask that removes small connections 
between spores. 4) Count the spores using the 
average (gonzalez and Woods 2010). This method 
was applied to the 22 pre-processed images with 
CHT and we compared the test results with our 
method. We call this the CHTFM method.  Initially, 
the background color was changed to black due 

Figure 3 - Feedforward ANN structure. 
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to the use of the fuzzy erosion operator. Then the 
images were resized to (1,000 x 750) pixels and 
finally processed.

STATISTICAL ANALYSIS

With a statistical analysis, we can identify which 
AMF spore counting method is able to replace the 
manual counting of these spores more efficiently 
in the circumstances presented in this research. 
For this task, we chose the Bland-Altman method 
(Bland and Altman 1986), which evaluates the 
discrepancy between the two measures. We built 
the correlation chart and scatter plot that shows the 
mean of the measurements.

In this method, the correlation between the 
analyzed measures, bias, standard deviation 
and the limits of agreement was calculated. To 
determine the variables and graphics we used the 
free software r, comparing the SDIC method with 
the Manual method and the CHTFM method with 
the Manual method.

The Manual method established the 
classification and quantity of spores that were 
considered as reference for this study. The results of 
the classification obtained using the SDIC and the 
CHTFM methods were compared to the reference 
results established by the Manual method. The 
Kappa Test analyzed the agreement between the 
SDIC method and Manual method and analyzed 
the agreement between the CHTFM method and 
Manual method (Carletta 1996). We used the 
method proposed by Landis and Koch (1977) to 
interpret the value obtained by the Kappa Test. 

RESULTS AND DISCUSSION

From the image repository, we selected 40 images 
that generated 1,282 patterns. A set with 18 images 
generated a training set with 807 patterns, and a set 
of 22 images generated a test set with 475 patterns. 
The training set has fewer images than the test set, 

but it has more input patterns because the number 
of structures in each image can vary widely.

EXPErIMENTAL rESULTS

The results of the ANN simulations can be found 
in Table I. The expert had previously observed all 
the images and counted the spores (Manual Spores 
Quantity). The average accuracy was 90% when 
compared to manual counting.

In the test set (475 patterns) of the 350 spores 
detected by the expert as “target 1”, the SDIC 
correctly classified 321 patterns as “target 1”, and 
29 patterns as “target 0”, false negative ones (FN). 
There were 125 patterns “target 0” and the SDIC 
correctly classified 101 patterns as “target 0”, and 
24 of them as “target 1”, false positive ones (FP). 
In the test phase, the SDIC incorrectly classified 53 
patterns (FN + FP) of the 475 patterns. 

Mineral and organic particles from the 
extraction process with a shape and color similar to 
those of the spores can be misclassified. This was 
a limitation encountered during the classification 
and counting of spores by ANNs. The edges 
of the circular Petri dish are not captured by the 
rectangular images of the camera, and the specialist 
is responsible for grouping the spores in the visible 
area of   the Petri dish.

The rule supervised learning was used. Every 
time there was a difference between the output 
value provided by the ANN and the expected 
output value, the ANN adjusted the weights.  The 
trained network achieved the classification error 
zero criterion, therefore the network learned 100% 
of the training examples. The ANN training phase 
was a match with the expert count (manual).

The acquired results in the test indicate that it 
is feasible to detect AMF spores in a digital image 
using the CHT technique. ANN is an effective tool 
for the classification of patterns from the generated 
database. The test results show that the SDIC has a 
good generalization ability.
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The same test images, containing only the 
elements located by CHT, were processed and 
adjusted for a spore analysis and counting using the 
fuzzy morphology method proposed by Andrade et 
al. (2015). This was the nearest work found despite 
the fact that it focuses on counting separate spores 
in the images mechanically. 

A database was created with the new images 
containing only the structures detected by the 
CHT technique and kept the coordinates of the 
detected structures in the binary images. In these 
new images, all structures that were not detected 
by the CHT were converted to white. The fuzzy 

morphology method (CHTFM) used the same 
processed images as the SDIC. The counting results 
obtained by this method were compared with the 
results of this study. The best results were obtained 
when the models proposed here were applied. 

We compared the results of the methods in all 
of the 22 images used in the test phase. The manual 
method identified and counted 350 spores of the 
475 patterns presented in the test set. The SDIC 
identified and counted 345 elements as spores. 
regarding the manual method, SDIC obtained 
a deviation of 1% in spore counts. The CHTFM 
method identified and counted 443 elements, 

TABLE I
Training sets and results of the Test sets for SDIC method.  

Training (SDIC) Test (SDIC)

Set 
ID

Accumulated 
Patterns 
Quantity

Epochs Time 
(s)

New 
Image 

ID

New 
Patterns 
Quantity

Manual 
Spores 

Quantity 

CHTFM 
Spores 

Quantity

Spores 
Quantity

Time 
(s)

Error number 
(classification)

Hit 
(%)

S1 807 14 146 1 11 8 8 8 0.63 2 82

S2 818 1 27.2 2 19 19 18 16 0.83 3 84

S3 837 5 76.8 3 15 14 10 14 0.21 0 100

S4 852 2 45 4 21 14 15 13 0.2 1 95

S5 873 4 83 5 41 32 45 32 0.89 6 85

S6 914 5 93.1 6 40 28 31 28 0.9 4 90

S7 954 3 57.8 7 38 29 34 30 1.07 5 87

S8 992 10 112 8 16 9 15 7 0.56 2 88

S9 1008 34 306 9 18 13 18 13 0.25 0 100

S10 1026 1 22.7 10 14 13 14 13 0.55 0 100

S11 1040 1 24.7 11 11 9 11 10 0.41 1 91

S12 1051 4 75.3 12 10 10 11 10 0.45 0 100

S13 1061 0 3.7 13 9 8 7 8 0.37 0 100

S14 1070 1 24.1 14 6 2 5 2 0.19 0 100

S15 1076 1 23.3 15 22 19 24 17 0.24 2 91

S16 1098 2 30.8 16 21 16 23 14 0.23 4 81

S17 1119 10 118 17 77 54 73 55 0.4 11 86

S18 1196 20 207 18 12 10 9 8 0.2 2 83

S19 1208 17 176 19 19 8 22 10 0.3 2 89

S20 1227 6 43.2 20 21 16 18 16 0.24 2 90

S21 1248 5 153 21 19 9 19 10 0.06 3 84

S22 1267 6 75.8 22 15 10 13 11 0.11 3 80
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obtaining a deviation of 27% in the number of 
spores counted using the manual method. 

In the test set (475 patterns), of the 350 spores 
detected by the expert as “target 1”, the CHTFM 
correctly classified 325 patterns as “target 1”, and 
25 patterns as “target 0”, false negative ones (FN). 
There were 125 patterns “target 0” and the CHTFM 
correctly classified 7 patterns as “target 0”, and 118 
of them as “target 1”, false positive ones (FP). In 
the test phase, the CHTFM incorrectly classified 
143 patterns (FN + FP) of the 475 patterns. The 
CHTFM method did not detect any elements 
with dimensions less than 30% of the average 
of the dimensions of the standard elements and 
occasionally counted in duplicate elements with a 
dimension larger than the average of the dimensions 
of the standard elements.

The Kappa Test value for the agreement 
evaluation between the SDIC method and Manual 
method was ≅k 0.70. For the results presented 
using the SDIC method, the Kappa test )(k  
was framed in the category range “substantial 
agreement” when compared to the manual method.

The Kappa Test value for the agreement 
evaluation between the CHTFM method and 
Manual method was ≅k 0. For the results presented 
using the CHTFM method, the Kappa test )(k  was 
framed in the category range “no agreement” when 
compared to the manual method.

Using the Bland-Altman method, we found 
the correlation and agreement of the SDIC with 
the manual method with the aid of the scatter plot 
and the correlation coefficient. We used the same 
method to verify the correlation and agreement of 
the CHTFM method with the Manual method. With 
this statistical study, we analyzed the counting 
result in the test sets. 

A statistical analysis was performed comparing 
the SDIC method with the manual method and the 
CHTFM method with the manual method. The 
comparison between the SDIC method and that of 
CHTFM was only qualitative. 

The MCM significantly affected the count 
values for the CHTFM (Table II) with p <0.001. 

The manual method and the CHTFM method 
were analyzed using manipulated images with CHT. 
These two methods showed a strong correlation 
because the correlation coefficient is r = 0.95 
(Figure 4a). However, the Bland-Altman method 
graph showed low agreement between the CHTFM 
method and the manual method (Figure 4b). The 
measurements do not agree because the bias is 
statistically significant, and increases as the average 
between the measurements increases. There was a 
high correlation between the manual method and 
the CHTFM, but there was no agreement between 
them. 

The MCM significantly affected the count 
values for the SDIC (Table III) with p <0.001. 

We analyzed the manual count of spores done 
by the expert and by the SDIC method count. 
These two methods showed a strong correlation 
with a correlation coefficient of r = 0.99 (Figure 
4c). The Bland-Altman method chart revealed 
high agreement between the manual and SDIC 
methods (Figure 4d), because the bias is close to 
zero and the correlation threshold is small. The 
correlation threshold is close to 5. In addition to a 
high correlation between the manual method and 
the SDIC, there was also a “substantial agreement” 
between them.

According to this statistical study, we can 
conclude that the SDIC is a promising automated 
method that can replace manual counting in 
complex images containing spores and similar 
materials to them.

The proposed method was not limited to 
counting the elements that appear in the images, 
but it also classified these elements as ‘spores’ or 
‘non spores’. The statistical results between the 
classification of the data by the proposed method 
and the classification by the manual method reflect 
the consistency of these data obtained through the 
CHT and used to validate the model. 
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Figure 4 - Correlation graph between the Manual method and the CHTFM method 
(a); Bland-Altman graph between the Manual method and the CHTFM method (b); 
Correlation graph between the Manual method and the SDIC method (c); Bland-Altman 
graph between the Manual method and the SDIC method (d).

TABLE II
Analysis of the regression models of the MCM variable as a function of the 

CHTFM variable, performed in 22 test images (test sets).
CV DF Sum Sq Mean Sq F. Value Pr (>F)

MCM 1 4406.8 4406.8 199.48 7.262*
residuals 20 441.8 22.1   

*significance at 0.1% levels (p <0.001).
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The contribution of our paper lies in the 
following aspects. We have successfully used ANN 
to count AMF spores in images and achieved better 
performance compared with a previously published 
work. Our generated individual data presentation 
using CHT provided the ANN classifier with an 
efficient way to classify the data. 

CONCLUSIONS

Manual counting of AMF spores is a common task 
in soil microbiology laboratories. given that it is 
a relevant task for the studies of AMFs, the SDIC 
model is proposed to perform automated counting 
of AMF spores. Based on an MLP, this model was 
shown to be efficient enough to replace the manual 
spore counting method.

The SDIC model overcame the difficulties 
of identifying the analyzed structures. These 
difficulties arise from the similarity between the 
spores and other structures recorded in the photos 
acquired in the experimental setup. The SDIC 
achieved 90% accuracy in the classification and 
counting of the spores present in the images tested. 
There was a strong correlation between the SDIC 
results and the manual counting method, therefore 
presenting a viable alternative.

The research contributed to the creation of a 
repository of 40 images from the soil samples, which 
underwent the process of spore extraction. The pre-
processing of the images and the resizing of the 
sub-images extracted by the CHT are essential for 
the classification process performed by SDIC based 

on an ANN. The adjustment of this ANN occurred 
through an incremental training procedure. This 
procedure proved to be more efficient than the 
procedure with one set for training and one set for 
testing applied by Melo et al. (2017). 

In future work we intend to develop a feature 
to decrease the amount of network input signals 
data and improve the performance of SDIC. Visual 
analysis and statistical analysis of the basic attributes 
of the AMF spores can be done and classification 
based on the data features can be made. Other 
future work could consider analyzing an ANN with 
only the output layer instead of an MLP network. 
With these results, we will be able to compare two 
ANN structures. Further research may also justify 
why these selected patterns provide good results in 
the experiments.
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