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Abstract. Particle pollution is one of the important sources of air pollution. With
thematurity and portability of domestic particle sizemonitoring equipment, a large
amount of air particle size monitoring data has been generated. How to use these
data to analyze pollution sources and propose corresponding prevention measures
is currently an urgent problem to be solved. Firstly, this study analyzed particle
size data and determined the distribution characteristics of particle size in differ-
ent pollution sources; Secondly, a traceability model based on random forest and
factor analysis was constructed to achieve the problem of analyzing air pollution
sources using particle size spectrum data; Finally, through experimental compari-
son, case analysis, and expert experience, the model was verified its effectiveness
in the actual situation. This study is the first to use pollutant particle size moni-
toring data, which achieves high-resolution pollutant traceability compared to tra-
ditional chemical composition methods. This study introduces machine learning
methods into traditional factor analysis method to improve processing efficiency
and accuracy, providing a reference basis for air pollution control.

Keywords: Random Forest · Factor Analysis · Particle Size Data · Pollutant
Traceability

1 Introduction

1.1 Research Background

Air quality is related to people’s well-being. Quickly identifying the location, time, and
category of atmospheric pollution sources has important research value for the formu-
lation of prevention and control measures. At present, pollutant traceability methods
are mainly carried out through chemical component analysis. These methods have high
recognition, but the detection instruments are expensive, the timeliness is poor, and the
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time resolution is low. In recent years, some companies have developed fine-grained
particle size monitoring equipment and piloted it in some regions, aiming to analyze
pollution sources through atmospheric particle size data. Therefore, this study conducts
research on pollutant traceability based on particle size monitoring data.

The physical and chemical properties of particles mainly depend on their particle
size [1]. We are familiar with air particle pollutants such as PM2.5 and PM10, in which
2.5 and 10 refer to particle size. The properties and sources of particles with different
particle sizes may also be different. From Fig. 1, it can be seen that the transformation
relationships between them are complex.

Fig. 1. Particle size fractionation of particulate matter [source: © J. Fontan].

Qualitatively or quantitatively identifying the source of atmospheric particulate pol-
lutants in an environmental receptor through chemical, physical, andmathematicalmeth-
ods is called traceability of particulate pollutants [2, 3]. How to design a reliable and
effective method for the traceability through particle size to achieve the purpose of
environmental monitoring is a meaningful work at present.

1.2 Related Studies

Currently, there is less research literature on particulate matter, and higher resolution
particle size spectrum monitoring data are difficult to obtain publicly in large quantities.
Moreover, most of the current particle size data have fewer features, there are no more
comprehensive datasets of particle size, and most of the time periods are relatively short.

Traditional air particulate pollutants traceability methods [4, 5] mainly include the
source inventory method, source diffusion model method, and receptor model method,
and there are fewer studies on traceability based on particulate particle size data.

The source inventory method refers to the real-time and accurate monitoring of
the pollution emissions of each pollution source, and then the pollution traceability
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according to the emissions of each source. This method requires the monitoring of the
specific emissions of each pollution source in the study area, so it requires a lot of
financial and human resources and is difficult to implement.

The source diffusion model method [6] is a mathematical modeling approach to sim-
ulate the processes of diffusion, transmission, and deposition of pollutants, which fully
considers external influences such as meteorology and topography. The disadvantages
of the diffusion model method mainly include errors in the simulation process of the
meteorological field.

The receptor model method refers to the sampling of discrete sampling points in
the study area, and then analyzing the pollutant composition of the sampling points
by physical or chemical methods, so as to obtain the proportion of the contribution
of each pollution source to the points. Common methods for source analysis based on
receptor models include chemical mass balance (CMB), probabilistic matrix factoriza-
tion (PMF), principal component analysis (PCA), factor analysis (FA), and multi-source
linear analysis (UNMIX), etc.

The study of traceability of particulate pollutants means analyzing the contribution
proportion of pollutants by mathematical or physicochemical methods. Huang et al. [7]
summarized the receptor model methods in the field of pollution source tracing and
introduced the commonly used receptor models and development overviews at domes-
tically and abroad. With the improvement of technology in recent years, Zheng et al.
[8] introduced the source analysis methods for PM2.5 in China and proposed the future
development direction of particulate matter source analysis research, which is an impor-
tant scientific reference and reference value for future PM2.5 source analysis work.
Wang [9] carried out a source analysis of atmospheric VOCs and used a factor analysis
model to obtain the contribution ratio of each component.

Zhang et al. [10] used a positive definite factor model to analyze the source of
winter road particulate matter particle size distribution in Tianjin and obtained three
main sources of road dust, tire wear, and motor vehicle tailpipe emission aging. Huang
et al. [11] analyzed the heavy metal pollution sources in agricultural soil at different
scales and established a soil heavy metal pollution source analysis method adapted to
different scales on the basis of the traditional source analysis work.

Chen et al. [12] used machine learning methods to study the source analysis of air
pollution in Shanghai, using GBRT and Random Forest algorithm to establish a source
analysis model and put forward some suggestions and measures for the prevention and
control of air pollution in Shanghai. Chen et al. [13] compared hour-by-hour PM2.5
concentration prediction using multiple machine learning models, and XGBoost model,
LightGBM model and random forest model were comparatively analyzed.

For the traceability of particulate pollutants, there are relatively few studies domes-
tically and abroad, and most of them are based on the methods of factor analysis. While
the existing factor analysis analytical methods have low temporal resolution, consume
computational resources and require experts’ experience, etc. Therefore, this study will
explore the problem of pollution traceability from two technical routes factor analysis
and machine learning.
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1.3 Purpose

This study aims to quickly obtain the proportion of pollutants and achieve traceabil-
ity through particle size data, based on factor analysis and machine learning methods.
This study has two originalities: it is the first to use pollutant particle size data, which
achieves high-resolution pollutant traceability compared to traditional chemical compo-
sition methods; it introduces machine learning methods into traditional factor analysis
methods to improve processing efficiency and accuracy, providing a reference basis for
air pollution control.

Traditional air pollution source methods are seldom analyzed by using particle size
spectrum data, so this study has some practical significance in engineering; due to less
research on machine learning in this field [14], this study has some theoretical research
significance.

2 Data Analysis

2.1 Particle Size Data Description

The data used in this study were collected by particle size monitoring equipment devel-
oped by Hebei Advanced Environmental Protection Industry Innovation Center Co. The
equipment is designed based on the principle of high-precision light scattering particle
counting. The core element of the equipment is an optical particle sensor, which analyzes
the Lorenz-Mie scattered light of individual particles in order to determine the particle
size. During the measurement, individual particles will pass through an optically differ-
entiated measurement space that is uniformly illuminated using a multi-colored LED
light source. Each particle generates scattered light pulses detected at an angle of 85°-
95°, and the number of particles is determined based on the number of scattered light
pulses, with the level of the measured scattered light pulses being the level of the particle
size.

All particle size data captured by the equipment have 2 types of attributes: mass
concentration (mass of particles per unit volume, µg/m3) and number concentration
(number of particles per unit volume, count/m3) respectively. Because single type cannot
fully capture the particle size distribution, the two attributes are used in the study.

The particle size data for this study includes two categories:

1. Pollution source spectrum data: about 20,000 items from seven types of pollution
sources (categories are shown in Fig. 2), including 83 dimensions (11 mass concen-
tration attributes and 72 number concentration attributes), collected in several places
and specific pollution source situation.

2. Particle size monitoring data: about 30,000 items from Baoding City by continues
monitoring every second fromApril 1st to 30th in 2023, which contains 83 dimensions
of particle size data.During the period, there is an obvious dustweather event started at
21:00 on April 10th, with a PM10 concentration of 459µg/m3, peaked at 2084µg/m3

at 02:00 on the 11th, and ended at 19:00 on the 11th, with a PM10 concentration of
166 µg/m3.
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Fig. 2. Seven types of pollution sources

2.2 Characterization of Pollution Sources Based on Pollution Source Spectrum
Data

Through the preliminary analysis of the pollution source spectrum data, it can be plotted
to characterize the spectrum of different pollution sources, Fig. 3 is the distribution of
the mass concentration attribute of different 7 pollution sources. It can be seen that the
mass concentration distribution of different pollution sources has different feature, for
example, construction dust has lower concentrations in small particle size segments and
higher concentrations of PM7-10 in large particle size segments; road dust also has lower
concentrations in small particle size segments and higher concentrations in large particle
size segments, but the highest concentration occurs in PM2.5-4.

Fig. 3. Distribution of mass concentration from 7 pollution sources (Top (from left to right):
1. Construction dust, 2. Road dust, 3. Fixed combustion source, 4. Catering fumes. Bottom: 5.
Biomass burning, 6. Fixed combustion source 2, 7. Motor vehicle)

2.3 Correlation Analysis of Particle Size Monitoring Data

Correlation analysis is one of the important statistical methods to study the correlation
between attributes. The correlation coefficient can be used to describe the relationship
between variables (attributes) and the degree of linear correlation between two variables
by calculating the Pearson correlation coefficient, which takes a value between -1 and
1. Negative values indicate a negative correlation, positive values indicate a positive
correlation, and absolute values closer to 1 indicate a stronger correlation, while values
closer to 0 indicate a weaker correlation.
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According to the formula of Pearson correlation coefficient, it can be calculated to
obtain the correlation coefficient matrix, which was plotted as a heat map as shown in
Fig. 4. It can be observed that there is a positive correlation among all particle sizes. Some
particle sizemonitoring data exhibit strong correlations with each other. For instance, the
correlation coefficients between PM0.2, PM0.2-0.3, and PM0.3-0.4 are 0.68, 0.67, and
1.00, respectively. The correlation coefficient between PM1-2.5 and PM2.5-4 is 0.88,
while the correlation coefficient between PM10-15 and PM15-20 is 0.92, indicating a
strong correlation. On the other hand, there is relatively weak correlation between large
particle pollutants and small particle pollutants.

Fig. 4. Schematic diagram of correlation coefficient matrix

2.4 Similarity Analysis of Particle Size Monitoring Data

By analyzing the data feature between adjacent rows, we can gain insight into the similar-
ity relationships between adjacent time data. To measure the similarity between adjacent
data items, we calculate the Manhattan distance as a metric. Due to the large dataset, we
applied this method to a dataset consisting of 2880min-level data related to dust weather
events (see Sect. 2.1). The calculated similarity relationships are presented in Fig. 5.

The lighter the color means the closer the data, and the higher the similarity, while
the darker the color means the farther the data and the lower the similarity. It shows that
the color between the data of adjacent time is very light, while the color turns very dark,
especially April 10th 21: 00 to 11th 2: 00, means it enters the dusty time.
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Fig. 5. Similarity analysis graph of dust event (from April 10th to 11th)

3 Research on Traceability Model for Particulate Pollutants

3.1 Overall Design

Factor analysis is one of the commonly used methods in pollutant traceability, it can
be used to statistically identify underlying structures or "factors" that explain the cor-
relation between variables. It can be reduced a large number of influences to a few key
factors, which helps to improve the efficiency and interpretability of subsequent analy-
ses. Machine Learning (ML) is an algorithmic approach that allows computers to learn
laws and patterns from data and can be applied to a variety of prediction and classifica-
tion tasks. For example, ML model (Random Forest) is used to classify the particle size
spectrum data into different pollution sources.

Therefore, the purpose of the traceability of atmospheric particulate pollutants will
be performed by two technical methods, factor analysis and machine learning, as shown
in Fig. 6, and validated by comparative experiment, case study and expert’s experience.

3.2 Classification Model Based on Random Forest

Random Forest (RF) [15–17] is an extension of Bagging [18] (a parallel integrated
learning method), which fixes the base learner as a decision tree. In the process of
constructing a random forest, the training set is first randomly sampled several times,
and each time a sample set is obtained. Then, each sampling set is used to train a decision
tree, and each tree randomly selects a portion of sample features at nodes and divides the
left and right subtrees according to the optimal values of these features [19]. The main
advantages of the random forest algorithm include high parallelization, advantageous
training speed for large samples in the big data era, and insensitivity to some missing
features [20]. Therefore, the random forest is used in this study for classifying 7 pollution
sources by using the particle size spectrum data. Compared to other methods such as
SVM, Naive Bayes, RF has the highest accuracy 95%.
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Fig. 6. Solution for the traceability of particulate pollutants

3.3 Method 1: Optimized Model Based on Factor Analysis

FactorAnalysisMethods.Factor analysis is amethod ofmultivariate statistical analysis
that reduces a number of variables with intricate relationships to a few unrelated new
composite factors. By grouping several variables that are more closely related in the
same category, each category becomes a factor. Receptormodels (in Sect. 1.2) are widely
used in pollution source analysis, including positive definite matrix factorization (PMF),
principal component analysis (PCA), and chemical mass balance (CMB), etc. PMF is
a kind of factor analysis, which has non-negative constraints on the sources, so it can
decompose the natural sources better. PMF often used to resolve pollution sources by
chemical composition of particulatematter (water-soluble ions, organic fractions, carbon
fractions, and metal elements). In the study method 1 is inspired by the PMF.

The PMF model first calculates the errors of different factors in the input data, and
then finds the optimal source and contribution matrices by the least squares method.
Input data matrix X can be defined as:

X = S × F + E (1)

The input data matrix is divided into S factor contribution matrix and F factor spec-
trum matrix. The Factor Contribution Matrix shows the average contribution of differ-
ent factors to each component. The Factor Spectrum Matrix shows the percentage and
concentration of different components in each factor.

Contribution Analysis of Pollution Sources Based on Random Forest. Firstly, the
input data are processed in one hour time, by using factor analysis each hour will return
the corresponding two matrices S and F, and the obtained S matrix size is 3600*7. Then,
it will be averaged to get the percentage of each pollution source. However, since each
pollution source does not correspond to the specific class of pollution source it belongs
to, so it is necessary to judge its specific pollution source category. Obtained data on the
percentage of pollution sources is input into the random forest model (in Sect. 3.2) to
judge which specific category belongs to which pollution source. Finally, the obtained
F matrix can be used to get the percentage of contribution of the pollution source.
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3.4 Method 2: Statistical Model Based on Random Forest

RandomForest Based Pollution Source Contribution Analysis.By using the existing
pollution source spectrum data random forest model is well trained (in Sect. 3.2). Then
using the trained model to discriminate the categories of the monitoring data by using
statistical method, that is counting the number of each type of pollution source in a
certain time interval, and then calculate the percentage of each type of source as the
contribution of that type of source to the pollution at that moment.

Calculation Method of Pollution Source Contribution Based on Probability Statis-
tics. Due to the proportion value of categories with smaller contributions is very small,
this study conducted a square root operation on the preliminary results and normalized
them to optimize the results. To further optimize the fitting of the model to the real
situation, weight is assigned to the results of each data, which is the ratio of the sum of
the mass concentrations of the data to the sum of all data mass concentrations over the
entire time interval.

4 Experiments and Discussions

4.1 Experimental Setup and Evaluation Indicators

Computer hardware uses CPU of i5-8300 and memory of 16GB, software is based on
Anaconda and Visual Studio Code, a Python environment configuration software that
makes it easy to manage different Python development environments without conflicts.

Because there are no evaluation indicators for traceability models, this study con-
siders that the changes in the contribution of particulate air pollution in adjacent time
periods are correlated, and therefore introduces the concept of similarity to analyze the
experimental results. The Manhattan distance between the experimental results of two
neighboring data is calculated as a measure of their similarity. The Manhattan distance
(Eq. 2) is a geometric term used in geometricmetric space to label the sum of the absolute
axial distances of two points on a standard coordinate system. The shorter theManhattan
distance, the better we consider the algorithm fitting.

d(i, j) = |xi − xj| + |yi − yj| (2)

4.2 Comparative Experiment of the Two Methods

Comparative experiment between method 1 (in Sect. 3.3) and method 2 (in Sect. 3.4)
are conducted. In Fig. 7, we can see that the results of the two pollutant traceability
methods by randomly selecting a day are roughly the same. Fixed combustion sources
and fixed combustion sources 2 account for a large proportion, while the rest of the
pollution sources of biomass combustion, construction dust, road dust, motor vehicles,
and catering fumes do not contribute significantly. The two methods are consistent in
the overall results.

By calculating the Manhattan distance of neighboring samples of the results of the
twomethods, it can be found that the average distance of method 2 is 0.0012 and method
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Fig. 7. Method1 (Optimized Model Based on Factor Analysis) vs. method2 (Statistical Model
Based on Random Forest) (a day randomly selected)

1 is 0.0030, so themethod 2 is a better fit for pollution over time in real data. Based on the
expert experience for this period of data, it can be concluded that particulate pollutants
were significantly affected by fixed combustion sources at that time. Therefore, we can
believe that both methods have a certain degree of accuracy.

4.3 Case Study

In the particle size monitoring data during April 10th to 11th are typical dust weather. By
using method 1, the experimental results are shown in Fig. 8. The contribution of road
dust (green part) started to rise significantly from 20:00 on April 10th, which is in line
with the weather observation results (the dust weather started at 21:00 onApril 10th, with
PM10 concentration of 459 µg/m3, peaked at 2084 µg/m3 at 2:00 on April 11th, and
ended at 19:00 onApril 11th with PM10 concentration dropping to 166µg/m3, and lasted
for a total of 22h; then by the influence of sand and dust reflux, PM10 concentration
exists to rise again.) The modeling of the PM10 concentration, which was carried out in
the past, proved that the model has some feasibility.

Fig. 8. Pile-up histogram of 7 pollution sources (from April 10th to 11th)
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Figure 9 shows the contribution of various pollution sources in all April, the hori-
zontal axis corresponds from April 1st to 30th, and the vertical axis is the contribution
of pollution sources. The black box in the figure is the period when the dust weather is
more serious, which is consistent with meteorological observations. The figure shows
that the contribution of various pollution sources fluctuates greatly, and the model needs
to be further optimized.

Fig. 9. Pile-up histogram of 7 pollution sources (from April 1st to 30th)

Analysis of the similarity: the results of calculating the Manhattan distance for the
contribution results of the pollution sources are shown in Fig. 10, fromwhich we can see
that the overall similarity is consistent with the particle size spectral data, which indicates
that the Random Forest-based particle pollutant traceability algorithm proposed in this
study can fit the real dataset very well.

Fig. 10. Similarity analysis of the results of pollution source contribution
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4.4 Expert Experience

Since the raw data could not provide accurate reference values for the contribution of
pollution sources, this study also got confirmation and advices from experts in the field
of environmental protection, who considered that the relevant experimental results were
basically in line with the actual situation.

Through the case study on April 10, the experts believe that the conclusions of the
model presented in this paper are consistent with the actual environment, the contribu-
tion ratio of different pollution sources is reasonably distributed, and the main pollution
sources obtained are also consistent with the expert experience. The results of the pro-
posed method are basically consistent with the traditional physicochemical methods,
and our method has higher resolution and higher cost performance. At present, there
is no particularly accurate numerical prediction, and it is hoped that more reasonable
evaluation indicators can be explored through big data and machine learning.

5 Conclusion

By using of particle size data, this study combines machine learning and factor analysis
methods to conduct in-depth research on traceability of atmospheric particulate pollu-
tants, and the main contributions of this study are as follows: Firstly, this study analyzed
particle size data and determined the distribution characteristics of particle size in dif-
ferent pollution sources; Secondly, a traceability model based on random forest and
factor analysis was constructed to achieve the traceability of particulate pollutants using
particle size data; Finally, through experimental comparison, case study and expert expe-
rience, the model was verified its effectiveness in the actual situation. This study is the
first to use pollutant particle size data, which achieves high-resolution pollutant trace-
ability compared to traditional chemical composition methods. This study introduces
machine learning methods into traditional factor analysis method to improve processing
efficiency and accuracy, providing a reference basis for air pollution control.

Due to the limitation of data acquisition, this study cannot obtain accurate pollution
source contribution proportion data, so only pollution source spectrum data can be used
for analysis, if many pollution source contribution proportion data can be obtained, the
accuracy of the model can be further improved and the dependence on expert experience
can be reduced.
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