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Abstract 

The most varied species of organisms in the environment establish forms of association, the main 

purpose of which is survival. The mutual association between arbuscular mycorrhizal fungi 

(AMF) and most plant roots is called arbuscular mycorrhizal (AM). Using these associations and 

with the previous knowledge of the quantity of AMF spores, it is possible to define the 

appropriate quantities for the application of fertilizers in a given area, reducing their waste. The 

aim of this study is to propose and to investigate the efficiency of a semi-automated count method, 

using artificial neural network (ANN) and convolutional neural network (CNN)-based models, as 

identifiers and classifiers of AMF spore images. The study evaluates the performance of this 

method. The circle Hough transform (CHT) is used as a processing tool for the images to be 

classified by ANNs or CNNs. The results show that the developed models are viable classifiers, 

with classification rates of around 100%, when compared to the manual count method. 

Index Terms- pattern classification, semi-automated counting, artificial neural network, image 

processing, circle Hough transform. 

INTRODUCTION 
Spores of arbuscular mycorrhizal fungi (AMF) are appropriate 

allies in the soil rehabilitation process [1] and in plant growth 

even in degraded areas [2–4]. Hyphae, which originate from 

spores, are the filaments that develop in the root system of the 

plants form-ing a network known as mycelium [5]. The 

mycelium contributes to water and nutrient absorption by 

plants, mainly less soluble ones, such as phosphorus, zinc and 

copper [6,7]. 

Soil quality can be characterized by counting the spores of 

AMF present in a sample, which is normally performed 

manually [8]. The sequence of tasks performed from sample 

collections for spore extraction up to their manual count can 

take hours. Despite being necessary, this is tiresome work. This 

time consumption motivated our interest in automating the 

counting of spores after their extraction. 

Counting objects, first, requires recognition skills, whether by 

eye contact or photographic record. According to Shamir et al. 

[9], the recognition of specific objects is challenging work 

within pattern recognition, especially if the studied images 

present different objects from those to be recognized. Any 

manual counting process can be automated by using a software- 

based model, requiring techniques that emulate the human 

senses [9]. 

Nazlibilek et al. [10] developed an automated counting system 

that segments white blood cells into individually analyzed sub- 

images, by using artificial neural network (ANN) and support 

vector machine (SVM) techniques. The proposed system also 

evalu-ates cell sizes and classifies them into five types. These 

results were compared to results obtained using a manual 

method. Changyi [11] detected and counted apples registered 

in images captured from orchards before harvesting. The 

authors associated the use of ANN and the circle Hough 

transform (CHT) to locate and count objects of color and 

shapes similar to the characteristics of apples. 

Peralta-López, J.-E.; Morales-Viscaya, J.-A.; Lázaro-Mata, D. 

et al. [12] used a system with the potential to improve the safety 

of automated and human drivers with a high degree of precision 

achieved using the deep convolutional network architecture 

consisting of seven layers. This deep neural network for the 

detection of speed bumps and potholes was successfully 

designed using images captured by a ZED stereoscopic camera 

placed on the front of an SUV. 
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Ren, Z., Fang, F., Yan, N. et al. [13] a brief history and the state 

of the art in optical illumination, image acquisition, image 

processing, and image analysis in the field of visual inspection 

are systematically discussed. The latest developments in 

industrial defect detection based on machine vision are 

introduced. 

Trivedi, N.K.; Gautam, V.; Anand, A.; Aljahdali, H.M.; Villar, 

S.G.; Anand, D.; Goyal, N.; Kadry, S. [14] proposed in 

identifying early-stage tomato diseases accurately and in-

forming the farmers about these diseases. They used a 

convolutional neural network (CNN) to effectively define and 

classify tomato diseases. The findings demonstrate that their 

proposed model predictions are 98.49% accurate. 

ANN and CNN have been used as classifier models in many 

studies [15–18]. This paper evaluates the efficacy of a semi-

automated counting model for AMF spores in digitized 

images by using a variant combination of CHT and ANN, 

proposed by Changyi et al. [11]. This work also evaluates the 

efficiency gain with a structured model application in a CNN. 

The proposed method applies CHT as an image processing 

technique, identifying and extracting the spores individually via 

software; and uses ANN and CNN as a classifier model. 

MATERIALS AND METHODS 
A spore is the survival structure of AMF, and this structure is 

highly diverse. There is a variation in the number of layers, in 

the color and thickness of its wall depending on its species. In 

addition, its size varies between 22 and 1050 μm [8,19,20]. 

Spore species clas-sification is beyond the scope of this paper. 

In the Laboratory of Soil Microbiology (LabMS) of the State 

University of the South-west of Bahia (UESB), Campus Vitória 

da Conquista— BA, the AMF spore counting is performed 

manually. Such a manual counting process is tedious and 

repetitive, and is susceptible to the occurrence of errors. 

Manual Counting of the Spores: 
1) Spore extraction 

2) Image reading by microscope 

3) Spore identification and manual counting in the 

image. 

The quality of the results of Steps 2 and 3 depends on the 

experience of the expert performing the task. This paper 

proposes automation of these steps, a new method for AMF 

spore counting. As stated above, the results are achieved by 

performing the following steps sequentially: 

1) Spore extraction 

In order to minimize errors during the counting process, it is 

necessary to highlight the spores in a soil sample, which is 

obtained through spore extraction, which can be performed 

via the wet sieving process (WSP), followed by centrifugation 

in water and sucrose. WSP was proposed Gerdemann and 

Nicolson [21], and can be accomplished following these steps 

(Figure 1): 

a) homogenization of the soil samples, separating 

50 g from each homogenized sample 

b) agitation of the separated material (50 g) in a 

blender with the addition of 1 L of water for 

approximately 30 s 

c) decanting for approximately 1 min, separating the 

supernatant material into superimposed sieves 

(first sieve = 0.85 mm mesh, second sieve = 

0.053 mm mesh) 

d) deposition of the material retained in the second 

sieve in a tube with distilled water, with 

subsequent centrifugation for 3 min at 3000 rpm 

e) discarding the supernatant and pouring the rest of 

the sample into a sieve (0.053 mm mesh) and 

transferring the material from the sieve to the test 

tube with a 50% by volume solution of water and 

sucrose and centrifuging this for 2 min at 2000 

rpm 

f) pouring the supernatant into a sieve (0.053 mm 

mesh) washing the material retained in the sieve 

with distilled water, removing excess sucrose 

 
Figure 1. Record of spore extraction steps in the 

laboratory 

The material obtained after performing these steps is the object 

of the analysis, and will be named sample by extraction (SbyE). 

2) Image reading by microscope 

After the extraction procedure, the SbyE is placed in a Petri 

dish set up on a checkered sheet that serves as a guide. The 

spores are identified by using a stereoscopic microscope 

(magnifying glass) to visualize the SbyE [8] with suitable 

lighting and magnification for the specialist‘s reading. 

3) Spore identification and manual counting in the 

images The specialist moves the Petri dish carefully 

and records the number of spores, when visually 

identified. The three-step method presented with 

some variations can be verified in INVAM [22]. 

Experimental Setup 
The experimental setup ensures that the spore extraction process 

uses the same conditions and equipment described in the 

previous section, applying the WSP to soil samples collected in 

the field. The samples used in this paper were collected in the 

Agrostological field at UESB. 

The experimental setup consists of a Petri dish (glass), a 

microscope (model S8AP0, Copyright © Leica Microsystems 

CMS GmbH • Ernst-Leitz-Straße • 35578 Wetzlar Germany), a 

photographic camera (model DFC 295 attached to the 

microscope) and a desktop computer (Intel® core ™ i5). The 

computer stores the images obtained from the SbyE. 

The SbyE images are processed by algorithms developed and 
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executed in the software Matlab® version 2014. This software 

was chosen because it has available libraries with suitable 

functions for computational vision (CV) applications and 

ANN. 

Registration of Images 
The recording of the spore images begins by capturing the 

images of the soil samples after the WSP. This image capture 

must be performed in parallel to the manual counting method 

(MCM), which is performed by the specialist. The images are 

captured by scanning the Petri dish, placed on a graph paper, 

guaranteeing a visual orientation for the specialist. The 

photographic camera used to record the images must have an 

optical zoom for the image, a 40X zoom is recommended so 

as to allow the specialist to identify the spores among other 

elements that appear in an image. The lighting system must be 

adjusted to properly display the images. The original images, in 

(2048 × 1536) pixels resolution, must be digitally archived in 

JPEG format, building a repository of images. 

Processing and Data Storage 
Figure 2a illustrates the images obtained from experimental 

samples. To achieve an optical image magnification of 40X, 

we utilized a microscope—model S8AP0 from Leica 

Microsystems (Wetzlar, Germany), with image magnification 

ranging from 2 to 80X. Digital recording was performed using 

a camera—model DFC 295 attached to the microscope. The 

digital images obtained facilitate the identification of elements 

with an out-line similar to that of spores. These identified 

elements serve as a reference for generating sub-images, as 

illustrated in Figure 2d,e, which contain the shapes identified 

as potential spores. 

The forms were performed by algorithms developed and 

executed on a remote server (QEMU Virtual CPU version 

2.39 GHz, 8 processors, 4.00 GB RAM, Windows Server 

2008 R2 Enterprise operating system), installed at the Federal 

University of Bahia (UFBA). The algorithms were developed 

in Matlab®, and generated the sub-images that contain only 

the AMF spores, and/or elements similar to these. 

The automatic extraction of the sub-images in Figure 2d is 

performed through CHT, based on morphological information, 

i.e., in the shape AMF spores‘ characteristics. When a binary 

image such as in Figure 2b is presented, CHT locates spores 

and/or similar forms as in Figure 2c. The CHT application 

enables the localization of parameterizable geometric shapes, 

such as circles and ellipses [23]. 

The extracted sub-images as in Figure 2d, 2e may be of 

variable size, which is directly proportional to the shape size 

found by CHT as in Figure 2c, whether it be a spore or a 

spore-like element. The extracted and resized sub-images set 

of the Figure 2f form the ―set of patterns‖ to create and train 

an ANN. This ANN automatically classifies the sub-images 

represented by Figure 2f that contain the spores and spore-like 

elements. The extracted sub-images represented by Figure 2f 

must be digitally archived in JPEG format, colored in the red-

green-blue (RGB) color space. 

 
Figure 2. Stages of image processing 

Data Organization 
The data organization follows supervised learning rules, which 

are adopted for the ANN and CNN training. This data 

organization is characterized by a ―set of patterns‖ arranged for 

training. 

The ―set of patterns‖ is made up of the resized sub-images. The 

pattern size for all sub-images is defined by the size of the sub- 

image that contains the smallest candidate for classification as a 

spore, that is, 42 × 42 pixels, as recommended by Nazlibilek et 

al. [8]. For ANN training, the RGB matrices of each sub- image 

are vectorized and concatenated to make up the input sets 

matrix (ANN training patterns). Finally, this matrix, with the 

sets of entries, must be saved in a digital document. For CNN 

training, all sub-image containing the spore class candidate 

element, in RGB format images (42 × 42 pixels) are presented 

in CNN training. 

The Input Patterns (ANN) 
Input signals constitute all ANN training patterns, in the form 

of vectors {𝑢i}(i=1)nwith a constant length, where u represents 

the input signals and n is the vector‘s length. 

Equation (1) gives the length (n) of the input vectors: 

𝑛 = (𝑙 × 𝑐) × 𝑞 (1) 

where, (𝑙 × 𝑐) - dimensions of the sub-image; and q – quantity 

of matrices required for color composition. 

In RGB color space, three matrices are required to compose the 

colors of an image [24]. Thus, in this application each input 

vector has length n = (42 × 42) × 3 = 5292. 

The Input Patterns (CNN) 
CNN training signs are the ―whole set of standards,‖ consisting 

of resized sub-images containing the spore class candidate 

element. 

The Output Patterns 
Classification of ‗spore‘ and ‗non-spore‘ is performed by an 

AMF specialist, accord-ing to the following procedure: 

 the input pattern containing a ‗spore‘ is set 

as the output vector with target 1 

 the input pattern containing a non-spore is set 

by the output vector with target 0. 

This rule application composes the output pattern vector, or 

vector of outputs. 

Structures of Models 
Since ANN/CNN can classify patterns based on the sets of 
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inputs matrix/images and vector of outputs, this paper proposes 

an ANN/CNN application that emulates the results that would 

be obtained by a specialist [25] in a fast and reliable way. The 

proposed ANN/CNN structure takes into account the following 

descriptions: 

Perceptron ANN (Model 1) 
Perceptron ANNs are simple architecture networks. They 

contain a single layer, with one or more output neurons, 

adjustable synaptic weights, bias, activation function that 

require less computational effort, enable a higher processing 

speed and can classify the inputs into two groups, that is, it is a 

binary classifier that solves linearly separable problems [26]. 

The Perceptron network was the pioneer in pattern 

classification, designed to identify geometric patterns. The first 

proposed ANN has a structure based on a sin-gle-layer 

Perceptron ANN and one output neuron (Figure 3). 

 
Figure 3. Perceptron ANN-Model 1 

Equation (2) can describe the behavior of this ANN: 

 
where, 𝑅 ∈ ℕ∗ is the network input signals quantity; 𝑦1 is the 

network output; 𝑊1i are the synaptic weights; 𝑢i are the 

network input signals; b is the bias; and, f is the activation 

function defined for the problem to be solved. In this model the 

step function (Hardlim-Matlab®) was used. 

Multilayer Perceptron (MLP) Network 

(Model 2) 
The MLP network is a Perceptron ANN generalization, 

consisting of an input layer, one or more hidden layers, and an 

output layer. Because of its interpolation ability, MLP is the 

most widely used ANN architecture [27]. MLP networks solve 

problems such as pattern classification, function approximation 

and time series forecast [25,26]. The structure of the second 

proposed ANN is based on an MLP network with one neuron 

in only one hidden layer, and one neuron in the output layer 

(Figure 4). 

 

Figure 4. Multilayer Perceptron (MLP) network—Model 2 

Equation (3) describes the behavior of this type of ANN: 

 
where, 𝑅 ∈ ℕ∗ is the quantity of network input signals;  

𝑛 ∈ ℕ∗ are the input signals of the output layer quantity; 

 is the neuron output from the 

hidden layer/input signal of the

 output layer; 

 is the 

network output; w1iand w1j are the synaptic weights; 𝑢i are 

the network input signals; b1 and b2 is the bias; and, f1 and f2 

are the activation functions, defined for the problem to be 

solved. In this model, for the hidden layer neuron, the 

activation function (f1) is tangent sigmoid type (tansig-

Matlab®), and the activation function of the output layer (f2) is 

linear type (purelin-Matlab®). 

Basic Structure of CNN (Model 3) 
CNN-based models vary in depth and structure. Here, to 

design our model, we use the simplest possible CNN with just 

one layer of convolution and no grouping layers (Figure 5). 

The convolutional layer generates an output feature map by 

convolving the input sub-image expanded with a set of 

convolution filters (kernel) implemented by weight 

sharing. Typically, in CNNs, most of the trainable parameters 

are associated with convolutional layers. In this work, the 

convolution filters (kernel) of this model are 5 × 5 × 1 with a 

stride of one [28]. 

 

Figure 5. CNN with just one layer of convolution and no 

grouping 
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In CNN, the weight values of the networks are set in a way that 

all operations on the images are performed by the network. Due 

to this reason, this framework does not require additional 

detectors if there is a spatial change of an object within the 

image. Figure 5 rep-resents a one-dimensional CNN with the 

layer of the network by using only one kernel. The feature 

vector is generated by using these weights and biases. 

CNN architecture is different from MLP as the kernel 

processing in pixel values of the neighborhood uses an 

invariant function such as mean and max. Through this scheme, 

there is an increase in translation invariance that increases the 

receptive field of the con-volutional layer [29]. The last layer 

(dense) on CNN is fully connected and that points to the weight 

value. In MLP a ―purelin‖ function is used for classification 

problem that is ac-tivated in the last layer of the network. In 

CNN a ―sigmoid‖ function is used for classifica-tion problem 

that is activated in the last layer of the network. 

Statistical Analysis—Kappa Test (k) 
The MCM established the classification and quantity of spores 

considered as refer-ence for this study. Through statistical 

analysis, the results obtained by the proposed methods were 

compared to the reference results established by the MCM. The 

Kappa test analyzed the agreement between the methods [30]. 

We used the method proposed by Lan-dis and Koch [31] to 

interpret the values obtained by the Kappa test, by considering 

the following agreement classification: 

• 0.00 Poor; 

• 0.01 ≥ k ≥ 0.20 Slight; 

• 0.21 ≥ k ≥ 0.40 Fair; 

• 0.41 ≥ k ≥ 0.60 Moderate; 

• 0.61 ≥ k ≥ 0.80 Substantial; 

• 0.81 ≥ k ≥ 1.00 Almost Perfect. 

Equations (4)–(6) describe the calculation of the Kappa test (k) 

with values indicated in Table 1. 

 

where TP is the quantity of true-positives estimated with the 

proposed model, FP is the quantity of false-positives 

estimated with the proposed model, FN is the quantity of 

false-negatives estimated with the proposed model, TN is the 

quantity of truenegatives estimated with the proposed model.  

TABLE 1. Confusion matrix 

 

RESULTS AND DISCUSSION 
The 40 images that make up the repository were CHT 

processed, cutting and resizing sub-pictures (as described in 

Sections 2.4 and 2.5), generating a database (―set of patterns‖) 

with 1282 patterns. These images were separated as follows: a 

set of 18 images generated 807 patterns and these were used in 

training. The remaining 22 images generated 475 patterns. 

These patterns were used as a test set. The total quantity of 

patterns contained in each image was quite varied, so the 18 

images of the training set generated more patterns than the 22 

images used in the test set. 

Models Training and Testing 
Supervised training was employed for the structures of the 

three proposed models: 

 Model 1 - Perceptron ANN (Section 2.6.1): 

The structure is based on a single-layer 

Perceptron ANN with one output neuron 

(Figure 3). In this model, the step function 

(Hardlim - Matlab®) was utilized. 

 Model 2 - multilayer Perceptron (MLP) 

network (Section 2.6.2): The structure is based 

on an MLP network with one neuron in a single 

hidden layer and one neuron in the output layer 

(Figure 4). In this model, the activation 

function for the hidden layer neuron is of the 

tangent sigmoid type (tansig - Matlab®), and 

the activation function for the output layer is of 

the linear type (purelin— Matlab®). 

 Model 3 - basic structure of CNN (Section 

2.6.3): The structure represents the simplest 

possible CNN with only one layer of 

convolution and no grouping layers (Figure 5). 

The convolution filters (kernel) in this model 

are 5 × 5 × 1 with a stride of one. 

The objective of supervised training is to minimize the mean 

square error (MSE) be-tween the output vector estimated by 

the models and the expected output vector. The three 

proposed models initially underwent training with 807 

patterns. 

Following that, each subset of the 475 patterns comprising the 

test set was sequen-tially presented to the networks. The 

results obtained by the networks were recorded in Table 2. As 

the new patterns are presented to the networks, and the network 

output is evaluated, the new patterns are immediately 

incorporated into the training set. In this way, new network 

training is carried out. Thanks to this, the network learns from 

patterns that were not initially contained in the training set. 

The ANN training and testing were per-formed in a Matlab® 

computing environment. 
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Table 2. Test results for images 

 

Table 2 shows the quantity of ‗spores‘ counted, the 

classification errors (false-positive (FP) and false-negative 

(FN)) quantities and the success rate in percentage of each 

model, compared to MCM. It should be noted that in the 

training step, using the 807 patterns, there was a 100% success 

rate for all the trained models. An identical success rate was 

achieved after each training session when incorporating each 

subset of new patterns con-tained in the test set. That is, after 

the training, the models were able to correctly learn (classify) 

all the training patterns. 

3.2. Comparison of Methods of Detection and Analysis 

It was observed that the two proposed models presented similar 

results to the classi-fication and counting made by the MCM. 

Model 1 achieved an average of 92% accuracy in the 

classification of patterns (Hit/Mod1—Table 2), with 

coefficient of variation (CV) of 7.1%. Model 2 obtained an 

average of 90% accuracy in the classification of the patterns 

(Hit/Mod2—Table 2) and its CV was 7.8%. Model 3 obtained 

an average of 99.5% accuracy in the classification of the 

patterns (Hit/Mod3—Table 2) and its CV was 9.9%. 

Equation (7) calculates the success rate in percentage of the 

classification (H ): 

 

where, 𝑄er— classification errors quantity computed by the 

model; and 𝑄p — total amount of patterns in the image. 

Considering the classification of the 475 patterns of the test 

set, Model 1 counted 24 patterns as spores that were classified 

as ‗non-spores‘ by the MCM, which characterizes the false-

positives (FP). Model 1 missed 21 patterns that were 

classified as ‗spores‘ by the MCM, the false-negatives (FN). 

Thus, Model 1 misclassified 45 patterns (24 FP + 21 FN). 

Model 2 misclassified 53 patterns (24 FP + 29 FN). Finally, 

Model 3 misclassified 3 patterns (0 FP + 03 FN). 

Considering the experimental results obtained (Table 2), it was 

possible to construct the confusion matrices (Table 1) for each 

of the proposed models, enabling the application of the Kappa 

test (Section 2.7). For the results presented using the first two 

proposed models, the Kappa test (k) indicates that they fall 

within the category range of ―substantial‖ agreement between 

the methods (as detailed in Section 2.7). The Kappa test 

values for the agreement evaluation between Model 1 and 

MCM was k ≅ 0.74, and between Model 2 and MCM was k ≅ 

0.70. Both models presented p-value < 0.0001, very 

significant. 

The Kappa test (k) shows that the Model 3 fits within the 

category range ―almost perfect‖ agreement between the 

methods (as shown in Section 2.7). The Kappa test values for 

the agreement evaluation between Model 3 and MCM was k ≅ 

0.98, presented p-value < 0.0001, very significant. 

The work proposed by Melo CAO, Lopes JG, Andrade AO, 

Trindade RMP and Magalhães RS [32] obtained good results 

by Model 1 and Model 2. Model 3 proposed here obtained 

efficiency gains with the application of a structured model in a 

CNN. The results of Model 2 were expected to be better than 

Model 1 because the MLP network used in Model 2 is 

considered an ANN generalization used in Model 1 [26]. 

However, this expectation was not confirmed. Both models 

provided close results, but a slightly better performance was 

achieved by Model 1. Model 3 came closer to the MCM 

results and it was the best among the three models with almost 

100%. 

MCM identified and counted 350 spores from the 475 patterns 

presented in the test set. Model 1 identified and counted 353 

elements as spores and Model 2 identified and counted 345 

elements as spores, Model 3 identified and counted 347 

elements as spores. In relation to MCM, Model 1 presented a 

deviation of 0.85% in spore counts, Model 2, 1.42% and 

Model 3, 0.85%. Table 3 shows the comparison between the 

results of the numbers of spores counted by these methods. 

TABLE 3. Number of spores counted by methods. 

 

The results indicate that it is possible to locate the AMF spores 

extracted from the WSP contained in digital images with the 

use of the CHT technique. The results further indicate that the 

sets of processed patterns are effectively classified by different 

ANN structures. The three proposed models have a good 

capacity for generalization. The models can be considered 

viable alternatives for the counting of AMF spores. Model 1 

had a deviation in counting only three more ―spores‖, but 

misclassified 45 patterns, while Model 3 counted three fewer 

―spores‖, but only misclassified these same three patterns. 

CONCLUSION 
The results proved the efficiency of artificial neural networks 
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(Model 1 and Model 2) and convolutional neural networks 

(Model 3) for the classification and semi-automated counting 

of arbuscular mycorrhizal fungi spores. The accuracy in the 

images tested reached significant levels, 92% in Model 1, 90% 

in Model 2 and 99.5% in Model 3. 

The circle Hough transform located the spores and similar 

elements to them, distinguishing them from the other residues 

contained in the digital images, and created a set of individual 

patterns, facilitating the performance in these pattern 

classifications by the ANN and the CNN. 

Model 1 performed similarly to Model 2 in AMF spore 

counting. The three proposed models are viable alternatives. 

The models efficiently perform counting, providing results 

which are consistent with manual counting and thus can be used 

in laboratory routines. According to the analyses performed, 

Model 3 achieved close results with MCM, even when 

analyzing complex images. Therefore, Model 3 had a higher 

success rate in classification percentage than the other two 

models, in addition to an excellent pattern count, with almost 

100% similarity with the manual counting. 

Additional testing is recommended to improve the performance 

of these models. As a future objective, we plan the 

implementation phase of a prototype, enabling the acquisition 

of images and their application to the model with better 

performance through pre-embedded software. Additionally, we 

intend to apply and refine an image preprocessing technique to 

significantly reduce the size of the input patterns applied to the 

model. With these proposed advances, we predict that the 

results will surpass those obtained by the networks adopted in 

this study. 
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