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Estimation of dust concentration 
by a novel machine vision system
Hamid Reza Arjomandi1, Kamran Kheiralipour1* & Ali Amarloei2

The dust phenomenon is one of the main environmental problems that it reversely affects human 
health and economical and social activities. In the present research, a novel algorithm has been 
developed based on image processing to estimate dust concentration. An experimental setup 
was implemented to create airborne dust with different concentration values from 0 to 2750 µg.
m−3. The images of the different dust concentration values were acquired and analyzed by image 
processing technique. Different color and texture features were extracted from various color spaces. 
The extracted features were used to develop single and multivariable models by regression method. 
Totally 285 single variable models were obtained and compared to select efficient features among 
them. The best single variable model had a predictive accuracy of 91%. The features were used for 
multivariable modeling and the best model was selected with a predictive accuracy of 100% and a 
mean squared error of 1.44 ×  10−23. The results showed the high ability of the developed machine vision 
system for estimating dust concentration with high speed and accuracy.

Dust is small materials that can be observed in the air as suspended particles for some time or as a settled layer 
on  surfaces1. The solid particles with a diameter smaller than 100 μm are called  dust2. The dust sources are soil, 
sea salt, pollen and spores, fires, volcanic ash, etc. It can be emerged by natural moving or anthropogenic activi-
ties such as construction/demolition, minerals extraction, transport, and industrial and agricultural  activities3.

The dust has undesired effects on various areas such as the environment, industry, agriculture, living animals 
and plants, and worst of all, human  heal4,5, so that it causes economic and social damages. Because of these 
effects, it must be controlled or managed and so the determination of dust concentration must be followed as 
the first step in this  regard4.

Conventional devices determine dust concentration in three ways: deposited  dust6–8, dust  soiling9,10, and 
airborne  dust11–17. Measuring the deposited dust needs gathering the dust from a surface and weighting that so it 
is a time-consuming method. A reference method for measuring the dust mass concentration is the gravimetric 
method. This method is simple but it needs a  filter18. Other dust measuring devices for both dust soiling and 
airborne dust are expensive methods.

Recently researchers developed different fast systems to measure dust concentration based on  laser19 and 
 ultrasonic20 where these methods are also expensive and cover small points for measurement. Contrariwise, 
machine vision systems via processing visible images have been found as cheap and useful tools that have area 
measurements.

Due to low cost and high speed, accuracy, and  reliability21 the image processing technique has vast applica-
tions in different fields through sensing the color, texture, and shape of  objects22–24. It has different steps includ-
ing image acquisition, image processing, and data analysis to understand image concepts or measure/control 
a  process25. The data extracted from the images (features) are compared to select the efficient information and 
use them for the prediction  goals22–24. Machine vision can be used to solve the different control and measure-
ment issues in industry, medicine, agriculture, and natural resources. Researchers showed the ability of image 
processing technique in measuring and analyzing the grain size and size  distribution26–28. The results of these 
researches suggest the development and evaluation of a machine vision system to estimate the dust concentration.

Due to the importance of the determination of dust concentration and the development of simple, fast, and 
cheap method in this regard, the purpose of the present research was to develop a novel machine vision system 
to determine the dust concentration in the air. The novelty of the present work is in the point of application of 
image processing technique to develop a machine vision system as a simple, fast, and cheap technique for esti-
mating dust concentration which has not been reported till now.
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Results
A novel machine vision system based on image processing technique and regression modeling was developed 
for predicting dust determination in the air.

Single variable modeling. The different extracted features were used individually to predict the dust con-
centration by single variable modeling. For this purpose, different single variable models based on linear single-
variable regression were developed. Considering all extracted features for all image channels, 285 linear models 
were obtained. The coefficient of determination  (R2) of the models was calculated as the predictive accuracy. The 
models were compared according to the values of their predictive accuracy.

Among the 285 developed single variable models, those with higher predictive accuracy were selected as better 
prediction models. Figure 1 and Table 1 shows the selected features and the developed single-variable models. 
In Fig. 1 and Table 1, y is dust concentration and x is an image feature. 

To increase the accuracy of the prediction of dust concentration and thus increase the coefficient of determi-
nation of predicting models, different multivariate linear models were developed.

Multivariable modeling. To have a more accurate and reliable prediction model for dust concentration, 
multivariate linear models were developed. Table 2 shows eight developed multivariable models and their speci-
fications.

According to Table 2, the best linear multivariate model was presented in Eq. 1. The value of constant param-
eters in Eq. 1 were − 71,070.45, 10,464.15, − 14,129.35, 1921.42, − 171.40, 24,232,666.28, 3514.50, − 642.51, and 
1134.20 for a, b, c, d, e, f, g, h, and i, respectively.

where:
DC: the dust concentration,
MaxCr: the maximum of channel Cr,
AntCr: the entropy of channel Cr,
ModeH: the mode of channel H,
SkunessI3: the skewness of channel I3,
AntL*: the entropy of channel L*,
CovS: the covariance of channel S,
CvH: the coefficient of variation of channel H,
Maxb: the maximum of channel b*.
a, b, c, d, e, f, g, h, and i: the constant parameters.

Discussion
In the present study, images of different dust concentration values were acquired. Using image processing tech-
nique and single and multivariable modeling methods, the concentration of the dust was predicted. Among the 
different extracted color and texture features, some features were selected as optimum features according to the 
predictive accuracy of the single variable models. According to Fig. 1 and Table 1, the coefficient of determination 
of the best single variable models was between 85 and 91%. The best models to predict the dust concentration 
were models based on the maximum and entropy of the Cr channel in comparison with other models due to the 
higher coefficient of determination (91%).

The selected features were used for multivariable modeling and the best dust concentration predicting model 
was selected with a coefficient of determination of 100%. The first model in Table 2 includes two variables and 
one variable was added to each next model based on the forward selection method. Finally, the last model has 
nine independent variables. The independent variables in these models were those variables in Fig. 1 and Table 1. 
For example, the independent variables of the first model in Table 2 are the maximum and entropy of the Cr 
channel. The second model includes the same features as the previous model besides the mod of the H channel. 
Likewise, the lost model contains all features in Fig. 1 and Table 1.

By comparing the models in Table 2 from Model No. 1 (2-variable) to Model No. 8 (9-variable), the highest 
coefficient of determination belonged to models No. 5 to 8 which is 100%. But by comparing models No. 5 to 8, 
the least mean squared error belonged to model No. 7 (8-variable model) which is 1.44 ×  10−23 (Eq. 1). Therefore, 
the best model for predicting dust concentration is model No. 7 which has the highest predictive accuracy and 
the least mean squared error compare to other models in Table 2.

Yu et al.19 developed and evaluated a dust measuring system based on the laser. The accuracy of their system 
was between 0.982 and 0.987 for different dust sizes. Zhang et al.20 developed an ultrasonic system to measure 
dust concentration in the range of 100–900 g/m3. They reported that the minimum and maximum errors of the 
system were 2.56–10.4%, respectively. As the accuracy of the present research is 100% with a low mean squared 
error of 1.44 ×  10−23, the results of the present research show the feasibility of the machine vision system to esti-
mate dust concentration with high accuracy.

The results can be used to implement a machine vision system for real-time, fast, and accurate estimation of 
dust concentration. To this end, the image processing algorithm of the machine vision system can be modified 
to extract just efficient features (not all features) and putting their values in the optimum model to calculate the 
dust concentration. The challenge of using this system in the real condition is avoiding the existence of moving 
objects in front of the camera lens. So, the system must be located in a place without the existence of any moving 

(1)
DC = a×MaxCr+b×AntCr+c×ModeH+d×SkunessI3+e× AntL*+f×CovS+g×CvH+h×Maxb*+i
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Figure 1.  Single variable linear model for predicting dust concentration based on maximum of Cr, entropy of 
Cr, mod of H, skewness of I3, Entropy of L*, covariance of S, coefficient of variation of H, maximum of b* and 
mean of H channel.
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object for the camera. In future works, smartphones can be used to develop small machine vision systems for 
measuring dust concentration.

Methods
The present research has been conducted at the Ilam University, Ilam, Iran. This section includes image acquisi-
tion, image processing, and data analysis.

Image acquisition. In the present study, the experimental setup to capture the images of airborne dust 
consisted of a glass chamber, a blower, a measuring device, and a camera.

The chamber was made to create dust storm inside that by a blower. It was made of glass to provide a trans-
parent condition to acquire the dust images from outside of the chamber. The dimensions of the chamber were 
70 × 70 × 35  cm3 (Fig. 2) and the glass thickness was 5 mm.

Table 1.  Single variable models and their predictive accuracy. *Y is the dust concentration and X is feature.

No. Feature Model* Accuracy (%)

1 Maximum of Cr channel Y = +7E − 06X + 0.0118 91.12

2 Entropy of Cr channel Y = +6E − 04X + 0.0352 91.12

3 Mod of H channel Y = −5E − 05X + 0.2792 88.55

4 Skewness of I3 channel Y = −2E − 04X + 0.5412 87.14

5 Entropy of L* channel Y = +8E − 04X + 1.0085 86.29

6 Covariance of S channel Y = +4E − 08X + 0.0002 85.88

7 Variation coefficient of H channel Y = +2E − 05X + 0.1734 85.32

8 Maximum of b* channel Y = −6E − 04X + 4.2342 85.16

9 Mean of H channel Y = −5E − 05X + 0.2784 85.03

Table 2.  The specifications of multivariable model to predict dust concentration.

Model no.
No. of 
variables a b c d e f g h i j R2 (%) MSE

1 2 − 69,753.90 774.66 − 686.07 0 0 0 0 0 0 0 92.96 7.35e + 04

2 3 − 71,070.45 846.43 2624.96 1550.57 0 0 0 0 0 0 93.02 7.29e + 04

3 4 − 252,146.54 33.68 − 2470.80 − 1690.73 943.09 0 0 0 0 0 94.22 6.03e + 04

4 5 − 442,462.97 − 1547.58 − 2472.13 − 1064.62 − 3483.86 − 1971.96 0 0 0 0 94.73 5.50e + 04

5 6 583,750.38 2078.25 − 16,097.60 86.41 1944.07 20,293,025.42 3581.75 0 0 0 100 1.7580e − 20

6 7 63,755.41 1059.32 − 23,858.79 − 382.78 520.57 21,346,253.75 − 9437.02 6654.24 0 0 100 3.06e − 22

7 8 76,137.54 1464.15 − 14,129.35 1921.42 − 171.40 24,232,666.28 3514.50 − 642.51 1134.20 0 100 1.44e − 23

8 9 65,288.26 1600.17 − 13,383.43 2166.48 − 117.65 24,312,802.67 5264.11 − 708.58 792.79 458.31 100 3.79e − 22

Figure 2.  Image acquisition parts.
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A dust meter (model CEL-712 Microdust Pro, Casella Co., UK) with a measurement range of 1–250,000 µm.
m−3 was used to measure dust concentration in the chamber (clay soil). This dust meter has a calibration container 
which should be cleaned and calibrated after each use of the probe.

A blower (model GTP03A10, Electric Silver Co., China) with a power of 360 W was used for blowing the 
clay soil in the glass chamber. Both the electric blower and dust meter were installed inside the chamber (Fig. 2).

The studied dust concentration values in the present research were: 0, 275, 1289, 1896, 2316, 2585 and 2750 µg.
m−3. To do this, firstly 60 g of clay soil was weighed using an AND Digital Scale (GF-600 Model, Japan) and 
poured onto the bottom of the glass chamber. To prepare other concentration values, each time 60 g of clay soil 
was added to the previous amount.

To capture the dust images, a digital camera (Model: DSC-H70, SONY Co., Japan) with 16.1 MPix was used. 
The camera was placed 1 m far from the glass chamber and the images were acquired 5 times for each dust con-
centration. The sample images captured by the camera have been presented in Fig. 3.

Image processing. After the image acquisition step, the images were transferred into a SONY VPC-
CMeFGX/B laptop with Intel (R) Core (TM) i5 M520 @ 2.40 GHz processor and 4 GB of soft memory. An 
image processing algorithm was developed and coded in MATLAB 2013A Software to process the images. In 
the present study, image processing was performed in two steps including pre-processing and feature extraction.

Image preprocessing. Image preprocessing is the first step in image analysis and also is the main part of 
any machine vision system. All operations performed in the preprocessing steps are for the following purposes:

1. Separation of a segment of the image that is appropriate for the image processing step. Figure 2 Right gives 
useful segments of the images captured for different dust concentration values from 0 to 2750 µg.m−3.

2. Convert RGB images to different spaces such as HSV, I1I2I3, L*a*b*, YCrCgCb, NRGB, and gray spaces and 
separate different channels of each space. This step was conducted based on  references22–24,29.

Totally 19 image channels including R, G, B, L*, a*, b*, NR, NG, NB, Cr, Cg, Cb, H, S, V, II, I2, I3, and gray 
levels were obtained by the coded program. These channels were used in the next step to extract some features.

Feature extraction. An image is made up of many pixels and each of these pixels is presented by a value 
(pixel value) and a spatial dimension (x, y) in a 3-D matrix. Despite the finite number of pixels in the matrix, 
it is almost impossible to find the relationship between all the corresponding pixels in several images. For this 
reason, some important features of the images need to be extracted and analyzed.

As the ability of machine vision is to sense the color and texture of  objects22–24, the features related to these 
attributes were extracted. In the present research, different color and texture features were extracted from the 
obtained image channels including R, G, B, L*, a*, b*, NR, NG, NB, Cr, Cg, Cb, H, S, V, II, I2, I3 and gray levels. 
To extract the color and texture features from the obtained image channels, a program was coded in MATLAB 
Software. The coded program called the images and automatically calculated the features after the preprocessing 
step and saved the features in an Excel file.

Ten color features including the mean, standard deviation, coefficient of variation, kurtosis, skewness, covari-
ance (Eqs. 2–7), maximum, minimum, middle, and  mode22–24,29,30 were calculated.

Figure 3.  The captured images (left) and the separated segments of the captured images (right) for different 
dust concentration values: (a) 0, (b) 275, (c) 1289, (d) 1896, (e) 2316, (f) 2585 and (g) 2750 µg.m−3.
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where: u: The mean, σ: The standard deviation; Cv: The coefficient of variation; Sk: The skewness; Ku: The kurtosis; 
Cov is the covariance; M: The number of rows of the images; N: The number of columns of the images; P (i, j): 
The color values of i column and j row; υ = E(Y),; µ = E(X).

Texture features were energy, entropy, contrast, correlation, and homogeneity features (Eqs. 8–12). To extract 
texture features, firstly the gray-level co-occurrence matrix (GLCM) was obtained for each image channel. The 
GLCM matrix is a statistical method for examining the texture via considering the spatial relationship between 
pixels in an image. From the GLCM matrix, five texture features including energy, entropy, contrast, correlation, 
and homogeneity  features22–24,29 were calculated.

where: Ee: The energy; H: The homogeneity; Et: The entropy; C: The contrast; Corr: The correlation; M: The 
number of rows of the images; N: The number of columns of the images; Pd: The co-occurrence matrix; Pd (i, 
j): The values at i column and j row of the co-occurrence matrix; σi,j: The standard deviation associated with i 
column and j row.

As 19 image channels were obtained and 15 features were extracted from each image channel, totally, 285 
features were obtained for each image. These features were analyzed in the next step.

Analysis. After extracting the image features and saving them in an Excel file, the features were used to 
develop predicting models. To predict the dust concentration, the extracted features were considered as inde-
pendent variables, and the dependent variable was the actual dust concentration that was measured by the dust 
meter.

As the extracted features from the images are compared to select the efficient data to be used for prediction 
 goals22–24, the 285 extracted features were compared with each other in the present research. For that, single vari-
able models were developed for each extracted feature based on linear single-variable regression method. Totally, 
285 single-variable models were obtained. Also, the predictive accuracy  (R2) of each model was calculated as a 
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criterion for comparing the features with each other. Those models with higher predictive accuracy have been 
selected (Fig. 1 and Table 1) as the best single-variable models and then the feature of the selected models was 
used to develop multivariable models.

A program was coded in MATLAB 2013A  software31,32 to develop multivariable models. Different multivari-
able models from 2-variable to 9-variable were developed (Table 2) to find the best predictive model for dust 
concentration. In the models, the independent variables were the selected features and the dependent variable 
was actual dust concentration.

Data availability
The datasets used during the current study are available from the corresponding author on reasonable request.
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References
 1. ISO. Air quality - particle size fraction definitions for health-related sampling ISO Standard 7708 (International Organization Stand-

ardization (ISO), Geneva, 1995).
 2. IUPAC. Glossary of atmospheric chemistry terms. International union of pure and applied chemistry, applied chemistry division, 

commission on atmospheric chemistry. Pure Appl. Chem. 62, 2167–2219 (1990).
 3. Talbot, A. Measuring and managing particulates and dust-technical and practical Issues. RSC Law Group Seminar on Managing 

the Risk of Environmental Nuisance Claims. (24 June 2010).
 4. Kelemenova, T., Dovica, M. & Jakubkovic, E. Measurement of dust mass concentration. Acta Mechatron. 3(3), 1–5 (2018).
 5. Tohidi, R., Jalali Farahani, V. & Sioutas, C. Real-time measurements of mineral dust concentration in coarse particulate matter 

 (PM10–2.5) by employing a novel optical-based technique in Los Angeles. Sci. Total Environ. 838(2), 156215 (2022).
 6. Kheiralipour, K., Al-Ansari, N., & Sissakian, V. Dust determination methods and instrumentations. In  2nd International Conference 

on Dust. Ilam, Iran (25–27 April 2018).
 7. Harrison, R. M. & Perry, R. Handbook of air pollution analysis (Chapman and Hall, 1986).
 8. Vallack, H. W. & Shillito, D. E. Suggested guidelines for deposited ambient dust. Atmos. Environ. 32, 2737–2744 (1998).
 9. Costella, M. F., Pilz, S. E. & Bet, A. Dust sample collection and analysis method for assessing the risks of explosions of dust in 

suspension in grain receiving and storing units. Gest. Prod. 23(3), 503–514 (2016).
 10. Schwar, M. J. R. A dust meter for measuring dust deposition and soiling of glossy surfaces. Clean Air. 24, 164–169 (1994).
 11. Beaman, A. L. & Kingsbury, R. W. S. M. Assessment of nuisance from deposited dust particulates using a simple and inexpensive 

measuring system. Clean Air. 11, 77–81 (1981).
 12. Costella, M. F., Pilz, S. E. & Bet, A. Dust sample collection and analysis method for assessing the risks of explosions of dust in 

suspension in grain receiving and storing units. Gestão Produção https:// doi. org/ 10. 1590/ 0104- 530X1 324- 15 (2015).
 13. Colinet, J. Dust sampling instrumentation and methods. In Silica Dust Control Workshop. Elko, Nevada (28 September 2010).
 14. Jamalvandy, M. The effect of dust on filter contamination rate. M.Sc. Thesis. Ilam University, Ilam, Iran (2012).
 15. Nourmoradi, H., Omidikhaniabadi, Y., Goudarzi, G., Jourvand, M. & Nikmehr, K. Investigation on the dust dispersion (PM10 

and PM2.5) by doroud cement plant and study of its individual exposure rates. Sci. J. Ilam Univ. Med. Sci. 24, 64–75 (2016).
 16. Samadi, S. & Badri Sadat, J. Investigating the concentration of dust and free silica in the Emarat lead and zinc. FEYZ 28, 84–89 

(2004).
 17. Khorramzadeh, M. R., Gholam Nia, R., Rezazadeh Azari, M. & Hazrati, S. Evaluate workplace air, dust and its effect on pulmonary 

function of workers in a modern cement factory. National Conference of Ergonomics in Industry and Production, Tehran, Iran 
(October 29–30 2002).

 18. Koniar, D., Hargas, L. & Hrianka, M. Application of standard DICOM. In: LabVIEW, Proc. of 7th conf. Trends in Biomedical 
Engineering, Kladno 11.-13., 9, 2007 (2007).

 19. Yu, X., Shi, Y., Wang, T. & Sun, X. Dust-concentration measurement based on Mie scattering of a laser beam. PLoS One 12(8), 
e0181575 (2017).

 20. Zhang, Y., Lou, W. & Liao, M. Research on dust concentration measurement technique based on the theory of ultrasonic attenu-
ation. J. Phys. Conf. Ser. 986, 012026 (2018).

 21. Kheiralipour, K., Ahmadi, H., Rajabipour, A. & Rafiee, S. Thermal imaging, principles, methods and applications. 1st ed. (Ilam 
University Publication 2018).

 22. Azadnia, R. & Kheiralipour, K. Recognition of leaves of different medicinal plant species using a robust image processing algorithm 
and artificial neural networks classifier. J. Appl. Res. Med. Aromat. Plants 25, 100327 (2021).

 23. Khazaee, Y., Kheiralipour, K., Hosainpour, A., Javadikia, H. & Paliwal, J. Development of a novel image analysis and classification 
algorithms to separate tubers from clods and stones. Potato Res. 65(1), 1–22 (2022).

 24. Salam, S., Kheiralipour, K. & Jian, J. Detection of unripe kernels and foreign materials in chickpea mixtures using image process-
ing. Agriculture 12, 995 (2022).

 25. Kheiralipour, K. Implementation and construction of a system for detecting fungal infection in pistachio kernel based on thermal 
imaging (TI) and image processing technology. Ph.D., Dissertation. University of Tehran, Karaj, Iran. (2012).

 26. Kheiralipour, K. & Kazemi, A. A new method to determine morphological properties of fruits and vegetables by image processing 
technique and nonlinear multivariate modeling. Int. J. Food Prop. 23(1), 368–374 (2020).

 27. Mazzoli, A. & Favoni, O. Particle size, size distribution and morphological evaluation of airborne dust particles of diverse woods 
by scanning electron microscopy and image processing program. Powder Technol. 225, 65–71 (2012).

 28. Usefi, S., Farsi, H. & Kheiralipour, K. Drop test of pear fruit: experimental measurement and finite element modelling. Biosyst. 
Eng. 147, 17–25 (2016).

 29. Mohammadi, V., Kheiralipour, K. & Ghasemi-Varnamkhasti, M. Detecting maturity of persimmon fruit based on image processing 
technique. Sci. Hortic. 184, 123–128 (2015).

 30. Kheiralipour, K., Ahmadi, H., Rajabipour, A., Rafiee, S. & Javan-Nikkhah, M. Classify healthy and fungal infected-pistachio kernel 
by thermal imaging technology. Int. J. Food Prop. 18, 93–99 (2015).

 31. Kheiralipour, K. & Marzbani, F. Multivariate modeling of settling depth of apple fruit (Red Delicious variety) in water. Food Sci. 
Nutr. 4, 138–142 (2016).

 32. Kheiralipour, K., Kakaee, M. & Nouri, B. Experimental modeling of orange settling depth in water. CIGR J. 17, 221–227 (2015).

Acknowledgements
The authors appreciate the Ilam University and Ilam University of Medical Science to support this research.

https://doi.org/10.1590/0104-530X1324-15


8

Vol:.(1234567890)

Scientific Reports |        (2022) 12:13697  | https://doi.org/10.1038/s41598-022-18036-8

www.nature.com/scientificreports/

Author contributions
Mr. H.R.A.: Data acquiring. Dr. K.K.: Supervisor, data analysis, writing. Dr. A.A.: Advising and instruments.

Competing interests 
The authors declare no competing interests

Additional information
Correspondence and requests for materials should be addressed to K.K.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Estimation of dust concentration by a novel machine vision system
	Results
	Single variable modeling. 
	Multivariable modeling. 

	Discussion
	Methods
	Image acquisition. 
	Image processing. 
	Image preprocessing. 
	Feature extraction. 
	Analysis. 

	References
	Acknowledgements


