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Abstract: Leaf spot disease is one of the most common fungal diseases that cause immense and sometimes irreparable damage to 
poplar trees.  In this regard, conventional methods for detection of fungal contamination are time-consuming, costly and difficult.  
Therefore, in this study, in order to distinguish healthy leaves from infected ones, a modified image processing algorithm by using the 
Laplacian threshold was used. In this study, the illumination wavelengths have been selected using a UV-Visible Spectrophotometer 
device (PG Instruments, Model T92+ Double® Beam, England).  The images were recorded using a 1260 lux light intensity and a 
digital camera mounted on the stereomicroscope (SN 287050, Italy) with a resolution of 5 megapixels.  The experimental data were 
analyzed based on a completely randomized design with three replications. Analysis of variance (ANOVA) test was used to 
determine the significance of treatments performance. According to the results, the red spectrum with 680nm wavelength showed the 
highest contaminated surface on the leaf (190500 μm2).  In contrast, the yellow spectrum with a wavelength of 585 nm determined 
the lowest amount of contaminated surface (65781 μm2).  The blue and green spectra showed roughly the same performance in early 
detection of fungal contamination.  Overall obtained results showed that the red spectrum with wavelength of 680 nm is more reliable 
for early poplar leaves’ surface contamination detection in compare to blue (470 nm), green (550 nm) and yellow (585 nm) 
wavelengths with 13%, 14% and 55.8% improvements, respectively.  The method presented in this study can be used to identify the 
quality and the health of biological products and disease progression, significantly easier and faster in compare to the conventional 
methods. 
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 1  Introduction 

The poplar species (Populous L) belong to the willow 
family (salicaceae). Unfortunately, poplar species are 
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prone to a variety of diseases. Diseases of this plant range 
from roots to leaves, with the leaf spot disease being its 
most important diseases (Babai-Ahri et al., 2016; Erickson 
et al., 2003). The leaf spot disease reduces photosynthesis 
in the leaf and ultimately reduces growth and even causes 
plant death (Maxwell et al., 1997). Symptoms of the 
disease appear as necrotic scars on the leaf lamina, which 
causes aging and premature loss of leaves (Erickson et al., 
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2003). 
The serious research on poplar has been started in Iran 

since 1955 with Iran joining the International Poplar 
Commission (IPC) and started subsequent studies on 
genetic modification, transplantation, pest and disease 
identification, and exploitation. 

Symptom detection by experts is time consuming and 
often too late for curative treatments. With imaging 
technologies site-specific application systems as for 
example against grape downy mildew could be established 
(Oberti et al., 2016). 

In parallel to the expanding various methods of image 
analysis in industry, the application of this method in 
modern agriculture is also expanding, see e.g., Habib et al. 
(2020), Rezaei et al. (2019). This technique is one of the 
most important methods for evaluation of agricultural 
products, classification of weed, and its applications are 
expanding with development and advancement of 
hardware and software of image processing systems 
(Hemming and Rath, 2001). Nowadays, image analyzing 
based on machine vision is widely used in evaluation of 
crops and orchards, crop grading systems, color detection, 
appearance defects, and defects in the tissue of the crops 
and diseases were identified before visible symptoms 
developed (Lowe et al., 2017). The most important 
advantages of this method are the speed of the product’s 
descriptive data generation, user’s workload reduction, 
being economical and easy to use, non-destructive and 
harmless, and having a stable control system and precise 
performance, meanwhile has its drawbacks, see e.g., Moya 
et al. (2005). For example, the lighting system in this 
method must be very accurate, which means in different 
environments, the results could be different. Furthermore, 
it is very difficult to work with images in dim and dark 
conditions. As mentioned above, it is very important to 
optimize the lighting indexes to get the proper output from 
the performance of devices equipped with this set of 
capabilities, and in addition to the degrees of freedom of 
the device, it is very important to determine the specific 
optical spectra for high efficiency.  

In the machine vision applications, two subjects should 
be considered, which knowing and understanding both of 
these factors can influence the results of machine vision in 
agricultural automation; first being the visual and physical 
indices of the plant such as color, dimensions, and 
geometry of the crop and even its temperature and the 
second being the elements associated with the light source 
and the way it reflects from the surface of the plant, see 
e.g., orange detection on tree using digital image 
processing based on neural network method and light 
shading density (Ahmadi and Amiri Pariyan, 2014).  

To study the propagation process of pear crush volume 
due to static loading, Razavi et al. (2020) used image 
processing techniques with Image J software to measure 
the pear crush volume. Based on their results, increased 
strain energy resulted mechanical hysteresis and hysteresis 
loss and pear crush volume. Additionally, increasing the 
elasticity of the treatments yield reduction in crush volume 
of the loaded samples. As the storage period increased, 
propagation of the crush volume was slightly altered, 
which was well recorded by calculating the crushing 
volume propagation process using image processing 
technique. 

By using image processing, Bakhshipour-Ziyaratgahi et 
al. (2016) showed that in a system, the machine vision is 
capable of distinguishing the crops from the weeds. To this 
end, the distinguishing features between the main plant and 
the weed must first be identified. In this study, by 
analyzing various pictures of beetroots, a particular shape 
on the beetroot’s leaves and a particular feature of it which 
was distinguishable from the common weeds were 
determined. This feature was a curved petiole, which was 
exclusive to the beetroot that presented as the S algorithm 
to the system. Investigating the results of this method 
which was conducted on 7/8 pictures from the beetroots, 
showed 92% of conformity. 

Zhang et al. (2017) presented a method that in addition 
to curing, can identify cucumber leaves’ pests by image 
processing technique. In this study, the SR principle was 
used to diagnose the disease by first converting the image 
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of the cucumber’s leaf into a l*a*b model and drawing its 
histograms using the Fourier Transform (FT) Function. In 
the next step of analyzing the results, the Gray-level mode 
was extracted. Applying constraints on the decomposition 
of infected areas, an algorithm was proposed to detect the 
type of disease after passing through the previous steps 
according to the graphs. The SR method was up to 85.7% 
more accurate in detecting the disease in compare to the 
conventional methods. 

The experimental investigation provided by 
Fahrentrapp et al. (2019) showed that Near Infra-Red (NIR) 
and Red Edge (RE) are as the two most informative 
spectral data sets to differentiate pathogen- and mock-
inoculated leaf regions of interest (ROI). They recorded in 
time-course experiments of detached tomato leaves 
inoculated with the fungus Botrytis cinerea and mock 
infection solution, using a five-lens multispectral imager, 
spectral reflectance of green, blue, red, near infrared (NIR, 
840 nm), and red edge (RE, 720 nm). Their concluding 
result indicated that gray mold leaf infections could be 
identified at the earliest at 9h post infection (hpi) in the 
most informative bands NIR and RE. 

Foliar surface diseases such as leaf spots, are one of the 
most common fungal diseases that decrease photosynthesis, 
leaves efficiency and consequently decreases the growth 
rate of the poplar tree. Therefore, in order to prevent the 
development of this fungal disease and reduce its losses, it 
is essential to identify and eliminate its pathogens. In this 
regard, using conventional methods for the detection of 
fungal contamination is very time consuming, expensive 
and difficult. Therefore, in this study, a fast and reliable 
method based on machine vision technology is used to 
identify infected leaves and also to determine the rate of 
the infection progress. Furthermore, the effect of four 
different wavelengths of illumination for the accurate and 
early detection of poplar leaf spot disease was investigated 
and examined. 

2  Materials and methods 

In this study, poplar leaf’s images from the white 

poplar species (P. Alba L.) with the symptoms of the early 
disease were collected from Sari Agriculture Sciences and 
Natural Resources University (Latitude: 36°66′09″ N, 
Longitude: 53°07′13″ E, and elevation above sea level: 8 m) 
on the 23rd of July, 2019. According to the previous 
researches, see e.g., Babai-Ahri et al. (2016), this type of 
disease may affect the leaf from the beginning of the leaf 
growth, and remain on it until the deciduous season, 
causing the plant to slow its growth by reducing adequate 
light absorption.  

In the current research, the leaves were collected at the 
beginning of their maturity, i.e. after their initial growth 
and reaching their maximum size. In this time, it was 
possible to early visualize the initial leaf spot disease using 
the stereomicroscopic images. The images were recorded 
under the same conditions of lighting emitted from the 
light source. Images were recorded in a black chamber 
(50×50 cm) to maximize light source reflections and to 
avoid noise with 1260 lux light intensity and with a digital 
camera mounted on the stereomicroscope (SN 287050 
Model, Italy) with a resolution of 5 megapixels at 
2592×1944 resolution. In all images, a scale index was 
used in the Image J software at room temperature measured 
by a 994 μm-sized micrometer. The camera was connected 
to the computer with a USB cable and images were stored 
in the RGB mode using Future Winjoe software. In this 
experiment, images in four spectra (with different 
wavelengths) were used to identify the appropriate 
wavelength for image processing, including blue (470 nm), 
green (550 nm) and yellow (585 nm) and red (680 nm). 

The spectra were examined in a UV-Visible 
Spectrophotometer device (PG Instruments, Model T92+ 
Double® Beam, England) to measure the wavelengths of 
visible spectra used in the experiments (Figure 1-a). This 
device compares the intensity of light passing through the 
sample (I) and the intensity of the initial scattered light 
from the sample (I0). The (I/I0) ratio is generally expressed 
as T% and thus the absorption rate is obtained on this basis 
(Equation 1). 

   𝐴𝐴 = − 𝑙𝑙𝑙𝑙𝑙𝑙(%𝑇𝑇/100%)                        (1) 
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(a) (b) 

Figure 1 The laboratory equipment, a) Spectrometer to determine 
wavelength of absorption spectrum, b) using stereomicroscope and 

camera mounted on it to obtain leaf surface images 

Using spectrophotometer, spectral absorption curves  

were obtained to determine the wavelength (Figure 2). In 
this graph, the wavelength varied based on the absorption 
values for each spectrum. For each spectrum, the 
transmitted wavelength was obtained as the wavelength 
associated with the lowest absorption rate. For the blue 
spectrum, the highest absorbance was at 333 nm, with the 
smallest absorbance after that being 470 nm. Accordingly, 
the wavelengths of all the spectra tested in the illumination 
process were obtained according to Figure 2, with red, 
green and yellow had wavelengths of 680, 550 and 585 nm, 
respectively. 

 

Figure 2  Spectral absorption curve for determination of wavelength 

The images were then transferred from the 
stereomicroscope to the Image J software environment. 
The selected treatment was based on preliminary 
observations of fungal disease and randomly, parts of it 

were examined (Figure 3). The methodology used in this 
study was similar to the method utilized by Fahrentrapp et 
al. (2019) and Lowe et al. (2017). 

                         (a)                           (b) 

(a) normal image with no magnification,( b) zoomed area  
Figure 3 Surface image on leaf   

In the images transferred to the Image J software, the 
index size was first determined by specifying a scale on the 

images in the software from the Analyze section and then 
activating this scale in nanometer-pixels for all the images. 
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Then, by determining an 8-bit resolution, the RGB images 
were converted to grayscale images to eliminate the noise 
due to the illumination or ambient light in the images and 
to continue the image processing process more accurately 
(Payman et al, 2016). The grayscale image can be 
represented by the two-dimensional function f ( 𝑥𝑥 ,  𝑦𝑦 ), 
where 𝑥𝑥 and 𝑦𝑦 are the spatial coordinates and the value of f 
is the brightness of the image at that point. When the 
values of 𝑥𝑥 and 𝑦𝑦 and the values of f (𝑥𝑥, 𝑦𝑦) are expressed in 
finite and discrete values, the image is then called a digital 
image. Digitizing the values of 𝑥𝑥 and 𝑦𝑦 is called Sampling 
and digitizing the value of  f (𝑥𝑥, 𝑦𝑦) is called quantization. 

The edge detection and its detection threshold were 
determined according to the Laplacian Operator (Equation 
2) and by changing the brightness of the pixels in both 
horizontal and vertical directions, the desired boundary in 
the images was determined (Yan et al., 2020).  

�∇𝑓𝑓����⃗ � = |𝑓𝑓𝑥𝑥| + �𝑓𝑓𝑦𝑦� = [(𝜕𝜕𝜕𝜕 𝜕𝜕𝜕𝜕⁄ )2 + (𝜕𝜕𝜕𝜕 𝜕𝜕𝜕𝜕⁄ )2]1/2                                                                           

(2) 

In this equation, 𝑥𝑥 and 𝑦𝑦 are the location coordinates of 
each pixel and  f  is the brightness of the image in that pixel. 
In Equation 2, 𝜕𝜕𝜕𝜕 𝜕𝜕𝜕𝜕⁄  is the brightness gradient in the 𝑥𝑥 
direction and 𝜕𝜕𝜕𝜕 𝜕𝜕𝜕𝜕⁄  is the brightness gradient in the y-
direction. By this definition, if the mean sum of the squares 
of the brightness exceeds a default value in two directions, 
it can be recognized as a criterion for detecting the 
boundary of objects or objects within the image (Dabbaghi 
et al., 2018). This criterion is known as the boundary 
threshold detection. Comparison of common edge detector 
algorithms to detect edges in non-cracked and rough 
cracked seeds is given in Dabbaghi et al. (2018). As a 
result, if the edges of an image are detected, the location of 
all objects in that image will be specified. A two-

dimensional matrix with M rows and N columns (M×N) 
was used to display the image (Polder et al., 2003). The 
value of each array indicated the brightness of the image at 
that point. Each array is an 8-bit value that can have values 
between zero and 255. A value of 255 indicates absolute 
dark (black) and a value of zero indicates absolute light 
(white). The resulting image size was 2592×1944, which 
means a 2592-row and 1944-column matrix was used to 
display the image. Each pixel in this image also had a 
value between zero and 255. Bright spots have values close 
to zero and dark points have values close to 255. These 
values were used in image processing functions and the 
necessary mathematical operations were performed on the 
image. 

Next, the contrast of the received image was changed 
to increase the difference between the minimum and 
maximum brightness levels. The term gray surface also 
refers to the brightness of monochrome images. According 
to the results of previous researches, see e.g., Payman et al. 
(2016), the gray intensity of the image depends on the 
number of minerals in the leaf surface which affects the 
wavelength of the spectrum emanating from each image. 
By decreasing the contrast, the pathogen or its progress 
was examined, which was focused on the visible 
wavelength range. Since only a part of the leaf involved 
with the disease was considered in the present study, in the 
software’s threshold section, the threshold value for all 
optical spectra was (similarly) adjusted so that the infected 
or suspected for infection of the leaf was removed from its 
healthy parts. Finally, by applying a specified threshold, 
the images were converted to binary (black and white) 
mode (Izadi et al., 2016) (Figure 4). 

(a)   (b) 
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(d) (c)   

a) raw image, b) gray image, c) crop threat area, d) binary image 
Figure 4 The process of forming a binary image with a defined threshold 

A four-step algorithm with limitations was used to 
determine the largest infection levels or suspected levels 
for infection to reduce the amount of error in detecting the 
area involved while identifying the main pathogen of this 
disease to convert and count of contaminated spots by 
applying certain constraints . The steps of implementing 
the algorithm are as follows: 1) preprocessing in a 

specified scale, 2) determining the same threshold for all 
treatments, 3) imposing limits on the detection of points, 
and 4) displaying the largest disease areas and counting 
them. A similar image-processing based algorithm to 
automatically identify plant disease was developed by 
Camargo and Smith (2009). 

 

Figure 5   The algorithm flowchart for image conversion and counting of contaminated spots by applying certain constraints 

(a) (b) 

Figure 6 applying threshold on histogram chart, a) Designated area, b) largest detection area 
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The algorithm was first applied to the largest 
contamination area of the treatments. According to the 
changes in image contrast, a 0.37% threshold (Figure 6-a) 
was chosen, so that by finalizing the threshold value, 
healthy areas became absolute black (255) and infected 
areas or suspected areas of infection became absolute white 
(0) (Figure 6-b). In addition to calculating the largest area 

involved in each treatment, this algorithm was also used to 
count the infected points for each treatment. 

Figure 7 is an example of a raw image obtained from a 
camera mounted on a stereomicroscope showing an 8-bit 
image, an image due to applying the threshold, and the 
final binary image for detecting surface disease at different 
wavelengths. 

 Raw image 8bit Set threshold Binary 

Blue 

    

Green 

    

Red 

    

Yellow 

    

Figure 7   Exemplary of raw image obtained from a camera mounted on a stereomicroscope, 8-bit image, image after applying the threshold, and 
the final binary image for detecting surface disease at different wavelengths 

The experiments were performed based on a 
completely randomized design with three replications 
using the SAS 9 software. The treatments were four 
different color spectrums of illumination whose effects 
were studied on the level of contamination detection on the 
leaves. 

3  Results and discussion 

The results of the analysis of variance of the parameter 
measured by the factors under test are presented in Table 1. 
In this analysis of variance (ANOVA) test was used to 
determine the significance of treatments performance. 
According to the proposed algorithm, the results showed 

that for each spectrum, the number of counted elements 
had a meaningful difference and this algorithm was 
successful in detecting and displaying the largest 
contamination points.  

Table 1 Investigation of statistical results for the largest 
contaminant areas (areas greater than 1000 μm2) 

Source of 
variation 

SS Df 
MS 

(area(µm2)) F Sig 

Between 
spectrums 

20783824600
.59 

3 6927941533.53* 10444.98 .00 

Within 
spectrums 

7959350.75 12 663279.23*   

Total 
20791783951

.35 
15 

   

Note: * Significant at 5% probability level. 
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This test showed that the mean performance of each 
spectrum in detecting contaminated surfaces has a 
meaningful difference at a 5% probability level. 

After determining the meaningful test presented in 
Table 1, the difference in detection of the area affected by 
leaf spot disease with an area greater than 1000 μm2 is 
shown in Table 2. Each spectrum was compared using 
Least Significant Difference (LSD) test and its standard 
error was determined. According to the results of Table 2, 
the wavelength of the blue spectrum performed better than 

the green and yellow wavelengths in detecting the involved 
edge to the disease and thus the area involved in the 
disease (μm2) had a better efficiency, but its performance 
was lower than the wavelength of the red spectrum with 
680 nm wavelength. Based on the results shown in Table 2, 
the green spectrum has the lowest performance and the red 
spectrum has the best performance in detecting the edge of 
the surfaces involved with the contaminated surface, see 
e.g., Fahrentrapp et al. (2019). 

Table 2  Investigate the significant differences between each treatment and compare each treatment with the other treatments 
 

Spectrum 
Mean difference Std. Error Sig. 

 

(i) (j) 
Lower bound Upper bound 

blue 

green 61557.77* 575.88 .000 60303.03 62812.51 

red -19797.46* 575.88 .000 -21052.2025 -18542.72 

yellow 60049.84* 575.88 .000 58795.1063 61304.58 

green 

blue -61557.77* 575.88 .000 -62812.5132 -60303.03 

red -81355.23* 575.88 .000 -82609.9775 -80100.50 

yellow -1507.93* 575.88 .022 -2762.6687 -253.19 

red 

blue 19797.46* 575.88 .000 18542.7260 21052.20 

green 81355.23* 575.88 .000 80100.5010 82609.97 

yellow 79847.30* 575.88 .000 78592.5705 81102.04 

yellow 

blue -60049.84* 575.88 .000 -61304.5827 -58795.10 

green 1507.93* 575.88 .022 253.1923 2762.66 

red -79847.30* 575.88 .000 -81102.0470 -78592.57 

Note: * Significant at 5% probability level. 

 

Figure 8  Performance of different spectra in identifying the greatest contamination area on the leaf 
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Figure 8 shows the performance of different spectra in 
identifying the greatest contamination area on the leaf. 
According to the results shown in this figure, there is no 
meaningful relation between the wavelength increase and 
the area detection of the largest area of contamination on 
the leaf, so that by increasing the wavelength of 
illumination from 470 to 550 nm, no meaningful difference 
between the wavelength increase and largest contamination 
area detection on the leaf was observed. Then, by 
increasing the wavelength from 550 to 585nm, determining 
the involved area with the disease was reduced, and 
eventually, by increasing the illumination wavelength from 
585 to 680 nm, the process of detecting the involved area 
with the disease was increased. 

To determine the disease progression at the leaf’s 
surface, a test was performed to count the number of 
infected points on the leaf surface. This test determines the 
process of disease development at the leaf surface. 
According to the results shown in Figure 9, the red 
spectrum, with better edge detection, detected more points 
in compare to the other spectra. The dependence of the 
detected values on the wavelength of the spectrum was in a 
way that the lower wavelength spectra such as yellow, blue, 
and green spectra did not correctly distinguish the 
difference between the edge of the healthy and 
contaminated points, and according to Equation 2, the 
software counted fewer surfaces than the wavelength of the 
red spectrum (680 nm). 

 
Figure 9  Total number of detected contaminated points on the leaf for each spectrum at the threshold (0.37%) 

 

Figure 10  The sum of the detected areas for each spectrum 

For the final evaluation, sum of the detected areas for 
each spectrum was calculated and presented in Figure 10. 
According to the results shown in this figure, the blue and 

green spectra showed the same performance with the sum 
of the close disease-related levels, and the difference in the 
areas of disease-related levels was not meaningful at 5% 
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probability level. Based on the results shown in Figure 10, 
the red spectrum with 680 nm wavelength showed the 
highest contaminated surface on the leaf (190500 μm2). In 
contrast, the yellow spectrum with a wavelength of 585 nm 
determined the lowest amount of contaminated surface 
(65781 μm2). 

4   Conclusion 

The overall results of the presented study showed that 
image processing technique has high potential in early 
determining and diagnosing disease factors in plants. This 
procedure is fast, less costly and also non-destructive than 
other methods such as plant tissue chemical analysis. Using 
the 680 nm wavelength in compare to 470, 550 and 585 nm, 
indicated 13%, 14%, and 55.8% improvement in detecting 
the primarily involved surface and the disease’s 
progression rate, respectively, which is due to the more 
accurate edge detection according to the Laplacian 
Operator. According to the statistical results, the 
wavelengths of the red spectrum showed the best 
performance with the best representation of the largest area 
involved, progression process and the number of counts, 
while the green and yellow wavelengths showed poor 
performance in these cases. Therefore, it is suggested that 
higher wavelength spectra for illumination in image 
processing operations can be used in laboratories or 
machine vision to make the detection of leaf surface 
diseases more accurate and less error-prone. 
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