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Abstract
Fungi are one of the major causes that contributed to plant diseases. There are lots of 
fungi species but it is estimated that only 10% have been described. There are two major 
approaches to identifying fungi species, morphological identification, and molecular test 
which need cautious clarification to make good interpretations and are time-consuming. In 
this paper, we propose a Machine Learning approach that involves the use of the K-Means 
clustering technique, and Decision Tree to highlight the observed fungi spore images taken 
under the microscopic view and discard background pixels to produce digital images data-
base which later can be used for Deep Learning.

Keywords Artificial Intelligence · Machine Learning · Pattern Recognition · Supervised 
and Unsupervised Learning Methods

1  Introduction  

The fungi domain is one of the most various eukaryotic families on Earth with estimates of 
numerous million existent species [1–3]. In the field of plant pathology, the level of health 
of an observed plant can be affected by several factors such as disease infection [4], sur-
rounding environmental conditions, pests, and others. Disease infections against plants can 
be caused by some biotic or pathogenic living agents such as fungi, bacteria, or viruses, 
and most plant diseases are usually caused by fungi [5].

Fungi at an early stage are usually difficult to detect because of their small-sized struc-
ture and usually may be noticeable when they fruition to mushroom or mold. Some fungi 
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are pathogenic to plants, when grown on a plant, they can cause diseases such as mildew, 
rust, and others to the plant [6]. In plantations, if left untreated, the fungal disease can 
cause farmers to suffer a significant loss in their yields [7]. Not all fungi are pathogenic to 
plants, some generate a symbiotic relationship with the host plant [8].

Fungi are usually described through morphological identification [9], however, morpho-
logical identification of the species is generally difficult due to the significant resemblance 
among them especially when it involves the same genera due to their morphological com-
plex [10], and molecular test [11, 12] which need to undergo several cautious, hassle proce-
dure and time-consuming process like shown in Fig. 1.

Some past studies have been carried out with images of fungal spores that have been 
added with color staining in microscope slides to help highlight the fungal spores when 
viewed under the microscope [10], and this color stain has already distinguished the fungal 
spores from the background from the beginning making any image segmentation process 
like Thresholding [13] easier and, and in this research is to try to distinguish the fungal 
spore from the background without the help of color staining under the microscopic views 
in order to produce a database that keeps the true nature of the observed fungi spore.

This research is mainly to recognize several fungi species under the Fusarium gen-
era with Deep Learning, however, due to the limitation of space to explain all the con-
ducted processes, only the Machine Learning part will be explained in this paper. Cur-
rently, by training with only raw images of the observed Fusarium spore, in some of the 
produced high accuracy percentages of CNN’s models, only a few of the models act 
accordingly in the validation process, raising a question where, can a reliable and accu-
rate automated image analysis system for identifying and classifying fungal spores in 
microscope images if more species were added to in the future. Machine Learning was 
implemented in order to produce segmented images of the observed Fusarium spores 
under the microscopic. The purpose of these segmented images is to be used as train-
ing images later in Deep Learning part, it is expected with the help of these segmented 
images a higher validation accuracy of CNN’s model can be produced. The structure 
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of this paper begins with an introduction, then materials and methods were presented, 
results and conclusion.

2  Materials and methods

One of the most common fungi is Fusarium, and they can be found almost anywhere, be 
it in soil, on plants [14], and even on humans [15]. They can be pathogenic [16] or endo-
phytic [17] towards plants and in this paper, the observed Fusarium fungi are decemcel-
lulare (MT296783), lateritium (MT296785), solani (MT296787) where the fungi were 
obtained from rattan spine, and semitectum (also known as F.incartantum) (MT708867) 
were obtained from corn in peninsular Malaysia (Fig.  2). Further information about the 
observed fungi can be referred to the NCBI database. All of the fungi had been prelimi-
nary pure cultured and validated through DNA molecular test. The fungi spore were mor-
phologically observed with Olympus BX53 microscope with 40 × magnification, and the 
microscopic images of the fungi were taken with Olympus DP72 microscope camera. The 
raw images of all the spores are in resolution of 4140 × 3096x3. The fungi spore images 
were taken with three backlighting: daylight, cool white, and warm white. The images then 
were cropped to contain only a single spore in each image to the size of 100 × 100. Here 
randomly selected images for each of the observed fungi are presented (Fig. 3).

(a) decemcellulare (b) lateritium (c) semitectum (d) solani

Fig. 2  Random images of four Fusarium species
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Fig. 3  Process flow of the proposed method in developing Fusarium digital images database
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3  Machine learning

Machine Learning (ML) is a field of study that allows machines to automatically learn 
and improve their performance by analyzing and making predictions based on data. The 
concept of ML was first introduced by Arthur Samuel in 1959. According to Mohri [18], 
Machine Learning (ML) is defined as a computational method based on information that 
has been previously trained to improve the accuracy of machine predictions, Various mod-
els are used in machine learning, including linear regression, decision trees, support vector 
machines (SVM), neural networks, and more [19]. This technology has gained significant 
attention due to its ability to solve complex problems that are difficult to solve using tra-
ditional programming methods. From a philosophical and scientific perspective, Machine 
Learning (ML) is interesting because it can develop an understanding of the underlying 
principles of intelligence [20]. In this study, we utilized the K-Means clustering and Deci-
sion Tree classification methods to solve the problem at hand. Figure 4 illustrates the over-
all process flow of the Machine Learning (ML) approach employed in this study.

4  K‑Means clustering

One of the methods for segmenting an image is with clustering technique [21]. The Clus-
tering tool that was used in this paper is the K-Means clustering. Since the data that was 
obtained in this study are in form of still images of the Fusarium fungi spore, the first thing 
to do before beginning the clustering process, is to extract all of the pixel RGB values from 
the fungi spore image. All of the extracted pixel RGB values were stored in a matrix for-
mat. The fungi spore image size was reduced to 100 × 100 pixels. There are 10000 pixels 
with RGB values were extracted for a single fungus spore image. Now that the pixels’ val-
ues are extracted, the pixel can be clustered. Generally, the pixels were clustered into two 
main categories. The first category is the background pixels, followed by the fungal spore 
pixels, which include the fungus edges and the fungal spores’ internal filling.

The pseudocode for the clustering algorithm begin by extract image pixel RGB value, 
then select number of clusters, N. Next, start the centroid by first rearranging the data set 
and then selecting N data points at random for the centroid. Repeat the process until there 
is no change in the centroid. Calculate the squared distance between all the centroid and 
pixels. Then each pixel will be assign to the closest centroid and became a cluster. The 
Centroid were obtain by calculate the average of all pixel value in the cluster.

5  Decision tree classification

Decision Tree is one of the decision-making techniques [22] not just in image process-
ing and machine learning but in other areas like Data Mining, pattern recognition, or 
statistic [23], it has a good interpretation ability involving categorical features, thus 
making it a good predictive model [24]. Some image processing application has inte-
grated this technique along with Deep Learning [25, 26]. In this study, after all the 
extracted pixels’ RGB values have been clustered, it will then be manually observed 
and selected which of the clustered pixel belongs within the two main categories, the 
background pixel, and the fungus pixel. Then only pixels that are labeled as the fungus 
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pixels are regarded as the desired information to be used and taught in the Machine 
Learning (ML) system as a specific Fusarium fungus species. Each of the four Fusarium 
fungus species will contain several certain clustered pixel RGB values. Then, Decision 
Tree were used to determine which combination of clustered pixels represented the spe-
cific Fusarium fungus species. The Decision Tree consists of several basic elements: 
Root, Sub nodes, and Leaves. Where the development of the Decision Tree begins with 
the root and onto the sub-nodes, which represent several features. In the beginning, all 
RGB value training set, is considered as the root. Features values are then clustered 
through K-means clustering.

Start

Fungi images 
acquisition

Crop fungus 
spore

Extract RGB 
value

K-means 
clustering

Decision Tree

Good segmentation 
with new images

Result

End

Increase 
cluster class, N

No

Yes

Fig. 4  Machine learning process flowchart
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6  Result and discussion

From the presented procedures above, a fungi spore digital images database consisting of 
the images of four observed fungus species was produced, presented below are some ran-
domly selected of the observed fungi spore with respect to backlight colors and species.

Table 1 above displays fungal spores that were randomly selected and classified based 
on their respective species, and each spore displayed was emitted with 3 different types of 
backlight namely daylight, cool white, and warm white. Based on the displayed images, 
it can be seen that each monitored fungal spore is to some extent semi-transparent, where 
the colour of the fungus seems it changes according to the colour of the emitted backlight 
when viewed under a microscope. This may be due to the size of the spores being very 
small and thin, it could also be due to the intensity of the emitted backlight being stronger 
so that it allows most of the light to penetrate the structure of the fungus and makes the 
fungus blend in with the emitted backlight. Based on initial vision observations, it can be 
seen that there are some areas on the fungal spores that are different in colour from the 
backlight colour, and that area has been targeted as the desired part to be obtained, while 

Table 1  Images of the observed fungi spore with different backlight

Daylight Cool white Warm white

decemcellulare

lateritium

semitectum

solani
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other areas that are vague and contain colour similarities with backlight are considered as 
background pixel and need to be discarded.

By undergoing the process of the proposed Machine Learning approach, the fungi spore 
image pixels RGB values were extracted. These pixel values then proceed to be clustered 
into several class with K-means clustering. The clustering process was conducted start-
ing from the number of cluster classes, N = 3, N = 4, N = 5, N = 6, N = 7, N = 10, N = 15, 
N = 20, N = 25, and N = 30. In clustering, any cluster classes associated with background 
pixel values are ignored, and clustered pixels containing pixel values representing fungi are 
then sorted together using the Decision Tree technique.

Figure 5 above are one of the image segmentation for Fusarium solani species with the 
warm white background done by K-means clustering up to 7 cluster class as labeled in the 
figure above. The cluster class that is deemed to be labeled as fungus spore pixel by human 
vision assessment, are classes 2, 3, and 5. While the other 4 cluster classes are labeled as 
the background pixel, based on qualitative assessment, class 0 shows the similarity that it 
relates to fungal pixels, however, if observed closely, there is still some background pixel 
noise in the segmented image and other comparison as shown in Table 2 below.

If Class 0 is chosen to be clustered together with fungal pixel clusters, when tested with 
a new image with the same species and background, will result in a miss-segmented image 
where it will contain a lot of background pixel noise making it less successful at segment-
ing the spore object from the background back.

Class 0 Class 1 Class 2 Class 3

Class 4 Class 5 Class 6

Fig. 5  Image segmentation for solani with warm white background in cluster N = 7

Table 2  Quantitative comparison 
between reference image and 
each segmented image class

MS Error Structural Similarity 
Index (SSIM)

Number of pixels 
similarity

Same Not same

0 15.86 0.7623 301,714 120,786
2 8.24 0.9540 389,422 33,078
3 8.41 0.9210 379,229 43,271
5 9.76 0.9246 377,722 44,778
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Figure 6 below shows a sample of the image segmentation result by K-means clustering 
with N = 30 for Fusarium decemcellulare, where a total of 20 classes are labeled as the fun-
gus pixel while the other 10 classes are labeled as the background pixel group.

The Tables 3, 4 and 5 above is the result of K-means clustering and shows the number 
of clusters associated with fungal pixels for three categories, lowest cluster number, N = 3, 
highest cluster number, N = 30, and N = 7 cluster, number of clusters considered better than 
the others. Here the total number of clusters, N = 7 indicates that there is no significant dif-
ference between the ratio of the total number of fungal pixel clusters and the background 
pixel clusters in each species and the backlighting. However, there was a large difference in 
the number of clusters N = 30 as shown in the table above.

Presented Fig. 7 above is the result for Fusarium decemcellure spore with respect to N, 
number of clusters, for daylight background, where Decision Tree has discarded all the 
pixels that are related to the background pixel and left only pixels that are deemed by Deci-
sion Tree, belongs to fungus pixel. From the produced images, it can be seen that K-means 

Fig. 6  Image segmentation by K-means clustering for decemcellulare spore with cool white background

Table 3  Number of cluster 
related to fungus for cool white 
background

N = 3 N = 7 N = 30

decemcellulare 2 4 20
lateritium 1 3 10
semitectum 1 3 11
solani 1 3 14
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clustering produces a non-linearity outcome whereas at first it was expected that the higher 
the number of clusters, N, the more accurate the images will be produced. However, in this 
case, it can be seen, that N = 3 contain more fungus pixel than N = 4 but there are some 
background pixel noise were able to be seen, N = 5 shows less noise than the other two and 
with more fillings inside the fungus pixels while N = 6 contain more pixel noise and less 
fungus pixel fillings even though it has already been carefully observed and selected during 
the image segmentation process. For N = 15, 20, and 25, they contain less noise with more 
fillings inside the fungus pixel area than the other clusters but when observed with other 
species and background, the result is not the same, some contain pixel noise, some with 
less fungus pixel fillings. Cluster N = 7 was chosen as the desired reference data since the 
images produced contain less pixel noise, and more fungus pixel fillings and are stable with 
other species and background than the other cluster as shown in Table 6. However, based 
on observations, for cluster N = 7, it shows that the cluster is very sensitive. For example, 
Fig. 5, shows the image segmentation for Fusarium solani fungus spore, if there is even 
one error in determining the pixel class between the background pixel and the fungus pixel, 
it will result in a very large effect when the Machine Learning tries to highlight the fungus 
image where most of the produced images will contain lots of background pixel noise thus 
making it unable to highlight the fungus in the images.

After deciding on the selection of the number of clusters to be used as the desired refer-
ence to be included in the Fusarium digital database, the produced database then was used 
to test against 50 pieces of new images to see how many images that were able to success-
fully highlighting the fungus in the image.

Table 7 displays the total number of fungus images that were successfully highlighted 
and discarded the background pixels through the Decision Tree for 3 different numbers of 
clusters, which are, the smallest number of clusters, N = 3, the largest number of clusters, 
N = 30, and N = 7, number of clusters which was selected as the ideal number of clusters to 
be used as reference data in this study.

Then from the produced image segmentation result, the images were examined and 
determined which images among the produced segmented image belong to the background 
pixel, and the desired object, the fungus pixel. All the pixel RGB values that are related to 
the fungus category are compiled together forming reference data in the form of RGB pixel 
values. Then from the compiled RGB pixel value reference data, Decision Tree were imple-
mented in order to determine and only choose to display any pixel value that is related to 

Table 4  Number of cluster 
related to fungus for daylight 
background

N = 3 N = 7 N = 30

decemcellulare 2 4 17
lateritium 1 3 10
semitectum 2 4 19
solani 2 4 17

Table 5  Number of clusters 
related to fungus for warm white 
background

N = 3 N = 7 N = 30

decemcellulare 2 3 18
lateritium 1 3 10
semitectum 1 3 15
solani 2 3 14
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the fungus category, and discarded any pixel value that is related to the background cate-
gory. The figure below shows some of the produced fungi spore images that have discarded 
all pixels that are related to the background pixel by Decision Tree.

Table 8 shows the images of the resulting fungi spore images after going through the 
Decision Tree with N = 7 clusters from K-Means. Here, all pixels that have an RGB value 
associated with the backlight are removed, and only leave pixels with RGB value that is 
related to the fungi pixel. The remaining pixels is representing the desired object of the 
monitored fungi in this study then the images were filtered with a median filter to reduce 
any pixel noise that was still caught in the produced images.

One of the famous image segmentation techniques is Thresholding [13], it basically 
divides the original image into 2 images based on the mean value of the extracted pix-
els. Then repeat the process on the 2 separate images produced, until all the generated 

N=3 N=4 N=5

N=6 N=7 N=10

N=15 N=20 N=25

N=30

Fig. 7  Produced Fusarium decemcellulare with daylight background images from Decision Tree
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separate images produce images that do not contain background pixels, and those images 
will be considered and clustered as pixels related to fungi. The same Decision Tree classi-
fier is then applied to the produced Threshold database to try and segment between spore-
related pixels and background pixels. Here the result of the segmented image between the 
K-Means clustering and Thresholding are presented as shown below.

Figure 8 above show the produced segmented image between the proposed method and 
Thresholding for decemcellulare with daylight background. The reference image was pro-
duced by manually remove the background photo editor. Based on visual evaluation, it can 

Table 6  Segmented images for cluster N = 7

decemcellulare lateritium semitectum solani

Cool white

Daylight

Warm white

Table 7  Total number of test 
images that were highlighted 
based on the number of clusters

Cool white background
N = 3 N = 7 N = 30

decemcellulare 20 34 20
lateritium 11 31 20
semitectum 14 34 33
solani 14 29 10
Daylight background

N = 3 N = 7 N = 30
decemcellulare 40 48 24
lateritium 16 16 16
semitectum 14 32 11
solani 7 18 6
Warm white background

N = 3 N = 7 N = 30
decemcellulare 24 36 30
lateritium 13 18 17
semitectum 11 17 25
solani 23 38 27
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be seen that K-means produces a better segmentation where the image shows that it has no 
background noise pixels and only a small part of the spore pixels are not displayed while 
the segmented image by Thresholding shows that there is a lot of background noise pixels 
and its spore pixels less refined and rough.

The chart in Fig.  9 above shows the Mean Squared Error (MSE) values for both 
K-means and Thresholding segmentation methods for several randomly selected images 
from each species and background color. Both segmentations are compared with each 
reference image respectively, from the graph it can be clearly seen that the K-means seg-
mentation produces a lower MSE value for all randomly selected images compared to the 
Thresholding segmentation method.

Figure 10 above shows the SSIM value for both K-means and Thresholding meth-
ods, in line with the MSE value, it shows that the K-means segmentation method pro-
duces a segmentation image with a high SSIM value for all the images compared to 

Table 8  Fusarium spore images before and after performing segmentation
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the Thresholding method. From these two charts, it can be said that the K-means seg-
mentation method is able to produce a segmentation image with less background pixels 
and a high similarity to the original image. However, from the full visual observation 
results as in Table 7, the K-Means segmentation method is indeed capable of segment-
ing the fungal images but not all images are successful, this is due to the phenomenon 
of lens flare from the microscope backlight during the image collection process, and 
for the situation in this study this can be avoided in the future by reducing the image 
size during the process image collection because small images are less affected by the 
lens flare phenomenon and other issue like the overlapping spores are to be considered 
with other overlapping algorithm [27]

(a) Reference Image (b) K-Means (c) Thresholding

Fig. 8  Produced segmented image between K-Means and Thresholding
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Kmean

Threshold

Fig. 9  Mean Squared Error chart between K-Means and Thresholding
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7  Conclusion and future work

The proposed method in this research study is to build a digital images database for 
Fusarium group of fungi where this database can later be used as a data library in 
building an image processing fungi identification. Thus, will help shorten the period of 
fungi species identification. Reducing the cost of time and equipment used in conven-
tional fungi identification method, since the proposed method will allow researchers 
to skip some of the procedures involved in the currently used method (molecular test) 
which used more disposable equipment in order to identify fungus species. K-means 
Clustering shows that it is able to separate between fungi pixels and background pix-
els, however, it seems that K-means clustering is not really dependable when segment-
ing images that have high significant similarities like those tested in this study where 
the tested fungi are semi-transparent and able to blend with the backlighting. However, 
the database generated through K-means clustering may be further refined by selecting 
the different total number of clusters, N on certain species and certain backgrounds 
and not just maintaining the selection of the total number of clusters for each tested 
fungus and background. Thresholding methods are proposed for future work to try to 
produce a better fungal database. The produced segmented fungi images database will 
then be used to be trained in Deep Learning.
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