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Abstract Atmospheric visibility is often used as a proxy for ambient air quality. However, in addition
to the concentrations of particulate matter, visibility is also affected by meteorological conditions. The
relative contributions of PM2.5 concentrations and meteorological conditions to visibility are not yet clear.
In this study, the individual contributions of PM2.5 concentrations and the relative humidity (RH) to the
visibility are measured based on observations at 12 stations in Beijing. We find that visibility decreases
quickly as PM2.5 concentrations increase at clean condition and decreases slowly when PM2.5

concentrations exceed 100 μg/m3. The visibility decreases linearly as PM2.5 concentrations increase when
PM2.5 concentrations lower than 50 μg/m3; however, there tends to be an exponential relationship as
PM2.5 concentrations increase. The PM2.5 concentrations can explain 50% of the variance in visibility in
clean and high‐humidity environments, whereas this fraction decreases to 10–15% when the PM2.5

concentrations exceed 200 μg/m3. In contrast, RH has little effect on visibility under dry conditions. When
the RH exceeds 40%, atmospheric visibility tends to display an inversely proportional and exponential
relationship with RH under polluted and clean conditions, respectively. Under high‐humidity and highly
polluted conditions, up to 40% of the variance in visibility is associated with RH. The PM2.5

concentrations dominate the variations in visibility under dry or low PM2.5 concentrations, and the
contributions of RH become increasingly important as PM2.5 concentrations and humidity increase. The
difference of aerosol types and weather conditions increase the uncertainties of correlation coefficients
between visibility and PM2.5/RH. This study emphasizes the atmospheric conditions when employing
visibility as a proxy for air pollution.

Plain Language Summary Atmospheric horizontal visibility provides the public with an
intuitive grasp of air quality. People commonly think that the lower the atmospheric visibility is, the
more severe is the ambient air pollution. However, in addition to the particulate matter concentrations,
visibility is also affected by other meteorological factors, especially the relative humidity. Our study found
that the variation in visibility is dominated by the PM2.5 concentrations only under dry or low PM2.5

concentrations conditions, in which the visibility can be considered as a proxy of air pollution. However, as
the PM2.5 concentrations and humidity increase, visibility decreases gradually. Compared to PM2.5

concentrations, the contributions of the RH to visibility become increasingly important in low visibility
conditions, and visibility does not exactly reflect the variation in ambient air quality.

1. Introduction

During the last decade, the severe and frequent air pollution events in China have received widespread
attention (Shen et al., 2017; Tao et al., 2017; Watts et al., 2015; R. Zhang, 2017). A good metric for this pollu-
tion is the concentration of ambient particulate matter smaller than 2.5 μm (i.e., PM2.5). Considerable atten-
tion has been paid to these particles, given their negative effects on human health, society, and public
welfare (Han & Tong, 2015; Inoue & Takano, 2011; Kan et al., 2004; Silva et al., 2017); moreover, these par-
ticles play a critical role in driving climate change because they scatter and absorb solar radiation (Ding
et al., 2016; C. Fu et al., 2017; Jacobson, 2001; L. Lin et al., 2016; J. Li et al., 2011; Xia, 2015). Aerosol particles
are efficient in absorbing and scattering solar radiation, and changing the intensity and direction of sunlight
and resulting in a reduction in the atmospheric horizontal visibility (Barber, 1984; Husar & Jd, 2000; Pan
et al., 2009; Singh et al., 2017). Therefore, atmospheric visibility provides the public with an intuitive grasp
of air quality (Jacob, 1999). Atmospheric visibility is a conventional meteorological parameter in China, and
values of this parameter are available from as long as the 1960s (H. Chen & Wang, 2015).
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The Chinese government has gradually built a national air quality monitoring network since the end of 2012,
but the duration of the available PM2.5 data set is insufficient to support studies of the attribution of long‐
term air quality variations and climatic effects of aerosols. Due to the long period over which visibility has
been observed and the convenience of access to the data, many previous studies have employed visibility
data sets as a proxy for air quality to attribute to the historical variations in air quality. For example, R.
Zhang et al. (2014) investigated themeteorological conditions that affect the severe pollution event over east-
ern China that occurred in January 2013 by using visibility observations. By employing a visibility of 10 km
and a relative humidity (RH) of 85% to represent the thresholds of haze, the annual number of wintertime
haze days over central and eastern China is closely related to the strength of the East Asian winter monsoon
(Q. Li, Zhang, & Wang, 2016; R. Zhang et al., 1996). Most previous studies have employed mean visibility
values or the number of haze days based on the visibility and RH thresholds as a metric of air quality and
attribute the long‐term variations in these parameters.

However, the PM2.5 concentration that corresponds to a visibility of 10 km varies from region to region.
For example, this quantity is 110 μg/m3 in Beijing but 65 μg/m3 in Shanghai (K. Huang et al., 2012; P.
Zhao et al., 2011). This property reduces the reliability and consistency of air quality studies when a fixed
visibility threshold is employed to reflect the occurrence of haze. In addition, if air quality is measured
only in terms of whether or not haze occurs, according to the atmospheric visibility threshold, the
intensity of air pollution will be ignored. Thus, using visibility does not provide an accurate assessment
of variations in air quality, especially for changes that occur on days with severely polluted or excellent
air quality. Therefore, determining the quantitative relationship between observed visibility and PM2.5

concentrations is important for improving the accuracy and representativeness of visibility data sets as
a proxy for air quality.

The relationship between PM2.5 concentrations and visibility is complex and nonlinear because of the varia-
bility in the size distribution, mixing state, and chemical composition of aerosol particles (Covert et al., 2010;
J. Lin et al., 2014; Malm, 2000; Seinfeld & Pandis, 2006; Q. Wang, Sun, et al., 2015). However, due to the
costly instruments and intractable data sets involved, most routine field sampling does not measure the
microphysical and chemical parameters of particles. Alternatively, meteorological conditions affect the
emissions of primary particles, the formation of secondary aerosols (S. Guo et al., 2014; R. Huang et al.,
2014; G. Wang et al., 2016), the regional transportation of air pollutants, and the hygroscopic growth of
particles (J. Chen, Zhao, et al., 2014; Y. C. Liu et al., 2016; Sun et al., 2016; Tang et al., 2015), resulting in
the observed variations in the microphysical characteristics and chemical compositions of particles.

Extensive studies have been carried out to establish the quantitative relationship between PM2.5 concentra-
tions and atmospheric visibility, accounting for the ambient meteorological conditions. The relationship

between PM2.5 concentrations and visibility has the form of a power function in the JingJinJi and Pearl
River Delta regions (X. Fu et al., 2016; P. Zhao et al., 2011), whereas this relationship can be described by
an exponential function in Xi'an and at Tai Mountain (Cao et al., 2012; T. Zhao et al., 2017).

The optical characteristics of aerosols are determined by their chemical compositions, particle size, and
shape, which are closely conditioned by atmospheric humidity (Petters & Kreidenweis, 2007; Pilinis et al.,
1995; Yan et al., 2009). Humidity affects the aerosol extinction coefficient, because of the hygroscopic
chemical components in aerosols, such as sulfate, nitrate, and some organic matters, which can take up
water vapor to grow in size and thus enhance the scattering ability and the single scattering albedo (SSA)
of aerosols (Yan et al., 2009). Therefore, the visibility would sharply decrease when the ambient RHwas high
at the same level of aerosol mass concentration (Hodkinson, 1966; X. Liu et al., 2013; Malm & Day, 2001).
Aerosols can be divided into hydrophilic and hydrophobic species according to its hydroscopicity.
Diameter of hydrophilic salts (e.g., ammonium sulfate and ammonium nitrate) will grow many times than
that at dry condition and scatter more light, but the diameter of hydrophobic aerosols (e.g., black carbon)
does not change even at high RH (X. Liu et al., 2013). In addition, most atmospheric aerosols are externally
mixed with respect to hygroscopicity and consist of more and less hygroscopic subfractions (Meier et al.,
2009; Swietlicki et al., 2008). The ratio between these fractions as well as their content of soluble material
determines the hygroscopic growth of the overall aerosol. Hence, the value of the aerosol extinction
efficiency is depended on the chemical composition and its size distribution and not a constant (H. Deng
et al., 2016; X. Liu et al., 2012, 2013). Therefore, in addition to particle concentrations, the ambient RH
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also has a substantial impact on visibility, and the quantitative relationships between PM2.5 concentrations
and visibility vary according to the RH (X. Deng et al., 2008; Yang et al., 2015).

The mass concentration of PM2.5 is measured with moisture removed, but people's intuitive on air quality is
directly to the range of visibility, which is also highly depended on the ambient humidity. To eliminate the
effects of hygroscopic growth on visibility, semiempirical correlations between visibility and RH are used to
investigate long‐term variations in air quality (Che et al., 2007; Kotchenruther et al., 1999; J. Li, Li, et al.,
2016; K. Wang et al., 2009, 2012). In addition, the RH correction based on the aerosol hygroscopic growth
factor is widely adopted in retrieving satellite‐observed aerosol optical depth to determine surface PM2.5 con-
centrations (Q. He et al., 2016; J. Guo et al., 2009; Kong et al., 2017; J. Lin & Li, 2016; Ma et al., 2016; C.
Zheng, Zhao, et al., 2017). Moreover, the visibility may display either an exponential or power law relation-
ship with the PM2.5 concentrations at the same location, depending on the conditions of wind speed, wind
direction, and precipitation intensity (J. Wang et al., 2006).

Both the PM2.5 concentrations and meteorological parameters affect variations in visibility. In some cases,
variations in visibility are determined primarily by the particle concentrations. In such cases, the visibility
can represent the level of air quality very well. However, in some other cases, variations in visibility are
dominated by changes in meteorological conditions, and the visibility may not be a good proxy for local
air quality at that time. RH is one of the most important meteorological parameters that affect variations
in visibility. However, it is not clear whether any threshold values of PM2.5 concentrations and RH exist that
define the conditions under which visibility can be applied in assessing air quality.

The Chinese national air quality monitoring network has been built since 2013, and a data set that describes
the hourly PM2.5 mass concentrations measured by this network is available. Moreover, China has gradually
exchanged manual visibility observations for automatic observations beginning in 2014 (Yin et al., 2017).
The use of automatic observation methods avoids the inhomogeneity of manual observations and improves
the temporal resolution from four times per day to hourly. The synchronous and high temporal resolution
PM2.5 concentration measurements and automatic visibility observations represent a rare opportunity to
investigate the sensitivity of visibility to PM2.5 concentrations and ambient RH. As the political, cultural,
and educational center of China, Beijing is one of the most populous cities in the world. Therefore, in this
study, we will explore the effects of PM2.5 mass concentrations and RH on visibility in Beijing since 2014
using the hourly PM2.5 concentrations and conventional meteorological data sets. This study assesses the
individual effects of PM2.5 concentrations and RH on variations in visibility and determines the dominant
factors that affect visibility.

2. Data and Methods
2.1. Data

Hourly observations of the concentrations of PM2.5, PM10, and other air pollutants released since 2013 were
obtained from the Ministry of Ecology and Environment of the People's Republic of China (X. Wang et al.,
2018). Because the observational system is under development and is gradually improving, the duration over
which data are available differs among the stations. Measurements of the hourly PM2.5 mass concentrations
made at the 35 state or provincial control stations in Beijing are available from 2013 to 2016.

Visibility is the maximum distance at which an observer can discern the outline of an object against the hor-
izon sky (Singh et al., 2017; K. Wang et al., 2012). Historically, routine meteorological measurements of vis-
ibility were observed manually four times per day. The accuracy of manual visibility observations depends
strongly on the experience and skill of the observer, the characteristics of targets, and space interval between
reference targets. The methods used to observe visibility have gradually changed from manual to automatic
since January 2014. This change helps to avoid the effects of man‐made inhomogeneity of observed visibility
and results in observations with a much higher temporal resolution. Hourly visibility data collected by 12
automatic weather stations (AWSs) located in Beijing are used in this study. The data from three of these sta-
tions are available from January 2014, whereas the data series of the other stations begin in January 2016
(Table 1). Each of the 12 AWSs is matched with a PM2.5 station, and the nearest PM2.5 station is paired with
each AWS, as shown in Figure 1. Other hourly routine meteorological measurements, including RH, preci-
pitation, and wind speed, are also collected at the 12 AWSs.
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Due to the limited range of the instruments, the maximum observed visibility is 35 km. However, given that
the actual visibilitymay exceed 35 km,we delete all of themaximumvisibility values (i.e., 35 km) in this study
to avoid the effects of instrument range. Some weather phenomena (e.g., fog, dust, and precipitation) that
also reduce the atmospheric horizontal visibility are excluded. Hourly observations of low visibility (less than
750 m) accompanied by high RH (>90%) are deleted to eliminate the effects of fog. Data collected within 3 hr
of the occurrence of precipitation are removed to eliminate the effects of precipitation. Dust events are also
excluded because of the negative effects of dust on visibility. A low PM2.5/PM10 ratio is typically used to
exclude high PM events caused by long‐range dust transport (Y. Chen et al., 2015; Q. Fu et al., 2010; Tong
et al., 2017; Y. Q. Wang, Zhang, et al., 2015), for which we take PM2.5/PM10 ratios of <30% to represent dust
events. The data during the Spring Festival are removed to avoid the effects of human activities. To ensure the
data quality, we deleted the hourly PM2.5 concentration data if they were higher than the synchronous PM10

concentration. For the visibility and RH data set, the hourly data were deleted if the hour‐to‐hour variation
exceeded the ±3 standard deviations. We also conducted an interstation comparison, in which the data dif-
ference should be lower than 50% percent with respect to the hourly mean value.

2.2. Methods

Aerosol particles (especially fine particles) have considerable effects on visibility due to their ability to absorb
and scatter light. This behavior is determined mainly by the number size distribution, relative refractive

Table 1
Information on the AWSs and Their Paired PM2.5 Stations and the Periods for Which Visibility Data Are Available

AWS/PM2.5 station Visibility data duration AWS/PM2.5 station Visibility data duration

ShunYi/ShunYi January–December 2016 TongZhou/TongZhou January–December 2016
HaiDian/WanLiu January–February 2016 ChaoYang/NongZhanGuan January–December 2016
YanQing/YanQing January 2014 to December 2016 ChangPing/ChangPing January–December 2016
MiYun/MiYun January 2014 to December 2016 MenTouGou/MenTouGou January–December 2016
HuaiRou/HuaiRou January–December 2016 Beijng/YiZhuang January 2014 to December 2016
PingGu/PingGu January–December 2016 ShiJingShan/GuCheng January–December 2016

Note. The locations of the automatic weather stations (AWSs) and the PM2.5 stations are shown in Figure 1.

Figure 1. Locations of automatic weather stations (AWSs) and their nearest neighboring PM2.5 stations in Beijing.
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index and shapes of the particles (H. Deng et al., 2016; Yu et al., 2016). Meanwhile, in addition to the
characteristics of the particles, RH is another important factor; it impacts visibility by changing the optical
properties of aerosol particles (Kong et al., 2017; Qu et al., 2015). Therefore, in this study visibility can be
considered to be a function of PM2.5 concentrations and the RH, as shown in equation (1).

f Vis;PM;RHð Þ ¼ F f Vis; PMð ÞRH; f Vis;RHð ÞPM
� �

(1)

Here, f(Vis, PM)RH indicates the effects of PM2.5 concentrations on variations in visibility when the RH
remains constant, whereas f (Vis, RH)PM shows the contribution of the RH to visibility when the PM2.5

remains constant. Due to the effects of RH on the hygroscopic growth of aerosols, both the particle mass con-
centration and extinction property increase as ambient RH increase. Because of the observation principle of
instruments, the PM2.5 mass concentrations are measured at a relative constant RH level, which indicates
the observed PM2.5 concentrations are dry mass concentrations rather than actual concentrations at ambient
RH. Therefore, the visibility reduction that results from the aerosol hygroscopic growth is considered as the
effects of RH on the particle extinction (i.e., f (Vis, RH)PM).

The running correlationmethod is used to analyze the relative contributions of PM2.5 concentrations and the
RH to variations in visibility. The correlation is first calculated in a window of the first N (the window size)
observations. The window is then moved by n (the step size) to a new position, and the correlation is recal-
culated. This procedure is repeated until correlations are calculated for the whole data series. We adopt a
two‐way running correlation to assess the PM2.5 concentrations and the RH, respectively. First, the range
of the PM2.5 concentrations is fixed (the window of the PM2.5 concentrations is written as PMwin), and we
then move the RH from the lowest to the highest values using a fixed step size (RHstp) and window size
(RHwin). The correlation coefficients between visibility and the RH and the PM2.5 concentrations are calcu-
lated within each PM‐RH window. The range of the PM2.5 concentrations is then moved to the next window
with a step of PMstp, and the RH is moved as the last step. This process is repeated until the maximum value
of PM2.5 concentrations is reached.

To determine the contributions of the PM2.5 concentrations to the variations in visibility (f(Vis, PM)RH), the
range of RH values is set to be a narrow range (i.e., a small RHwin is chosen, meaning that the RH remains
approximately constant), and the correlation between the PM2.5 concentrations and visibility is calculated
based on a wide range of PM2.5 concentrations (PMwin). By analogy, the effects of RH on visibility
( f (Vis, RH)PM) are determined using a wide RHwin and a narrow PMwin. Many previous studies have
shown that different nonlinear relationships (e.g., inversely proportional or exponential functions) may exist
between visibility and PM2.5 concentrations, depending on the ambient RH (Cao et al., 2012; X. Deng et al.,
2008; Yang et al., 2015; P. Zhao et al., 2011).We use linear, inverse, and logarithmic functions to calculate the
correlation and regression relationships between the visibility data and the PM2.5 concentrations and the
RH; the relevant equations are shown in equations (2)–(4), respectively.

Vis ¼ aX þ b (2)

1
Vis ¼ aX þ b= (3)

lnVis ¼ aX þ b (4)

where X indicates the PM2.5 concentrations or RH and the parameters a and b are the slope and intercept of
the linear regression model, respectively. The linear regression equations of 1/Vis and In (Vis) with RH and
the PM2.5 concentrations are then converted to nonlinear equations (i.e., inversely proportional and expo-
nential functions) that describe Vis as a function of RH and PM2.5.

3. Results
3.1. Relationship of Visibility With PM2.5 Concentrations and RH

Figure 2 shows the seasonal relationship between hourly PM2.5 concentrations and atmospheric horizontal
visibility in Beijing. This figure shows that the visibility decreases as PM2.5 concentrations increase. The rela-
tionship between the PM2.5 concentrations and visibility is nonlinear. The visibility decreases quickly at low
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PM2.5 concentrations (less than approximately 100 μg/m3) and then decreases slowly. The relationships
between PM2.5 concentrations and visibility depend strongly on the ambient RH. The second column in
Figure 2 shows that, for a given PM2.5 concentration, a lower horizontal visibility results from conditions
with relatively high RH due to the hygroscopic behavior of aerosol particles. The standard deviation of
visibility within specific ranges of PM2.5 concentrations and RH can be used to express the uncertainty of
the relationships between PM2.5 concentrations and the RH with visibility. The results indicate a large
absolute value of the standard deviation of visibility at relatively low PM2.5 concentrations, and this
quantity decreases as the PM2.5 concentrations increase. However, with respect to the mean visibility, the
relative standard deviation of visibility is relatively small at the lower PM2.5 concentrations in the fourth
column of Figure 2. The relative standard deviation grows to its maximum value and then stays flat when
the PM2.5 concentrations exceed 100 μg/m3. The relative standard deviation of visibility tends to increase
with increasing humidity, which indicates that the contributions of PM2.5 concentrations and the RH to
variations in visibility are more uncertain under conditions of high humidity and in highly
polluted environments.

Atmospheric visibility is the most intuitive measure of air pollution due to the light extinction of particles.
The ambient air quality standards of China's Ministry of Environmental Protection (2012) classifies air qual-
ity into six categories that reflect the effects of air quality on human health. Taking PM2.5 as the primary pol-
lutant, the threshold of PM2.5 concentrations between the excellent, good, lightly polluted, moderately
polluted, heavily polluted and severely polluted categories are 35, 75, 115, 150, and 250 μg/m3, respectively.
Figure 3 shows three correlation coefficients of visibility with the PM2.5 concentrations and RH for different
air quality levels that are based on linear, inverse, and logarithmic visibility, respectively. Taken together,
the available data indicate a strong negative correlation between the visibility and PM2.5 concentrations

Figure 2. Seasonal relationship between the PM2.5 concentrations and atmospheric horizontal visibility according to the relative humidity (RH; i.e., the hourly
observed visibility, the mean visibility, the standard deviation of visibility and the ratio of the standard deviation to the mean value). The mean and standard
deviation of the visibility values within running windows of the PM2.5 concentrations of 20 μg/m

3 determined using a step size of 5 μg/m3 for different RH ranges
are shown. Each average visibility is the mean value of at least 50 samples.
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according to all three of the correlation functions. For cases associated with excellent and good air quality
(i.e., PM2.5 concentrations less than 75 μg/m3), the visibility shows a significant linear or exponential
correlation with the PM2.5 concentrations, and relatively high correlation coefficients of approximately
−0.8 are obtained. However, the correlation weakens as the PM2.5 concentrations increase. Given greater
amounts of pollution, the absolute values of the correlation coefficients drop below 0.5, especially for
lightly to heavily polluted conditions. The inversely proportional or exponential relationships between
visibility and the PM2.5 concentrations are stronger than the linear correlation in highly polluted
environments. In contrast, the correlation between visibility and RH increases as the PM2.5

concentrations increase. The strongest correlation between RH and visibility can exceed −0.6, based on
the inversely proportional or exponential functions in severely polluted conditions.

Figure 3. Correlation coefficients of visibility with the PM2.5 concentrations (left column) and the relative humidity (RH;
right column) under different air pollution conditions. The original, inverse, and logarithmic values of visibility are
used to calculate the correlation coefficients with PM2.5 concentrations and the RH. The negative correlation coefficients
of the inverse visibility with the PM2.5 concentrations and the RH are shown here to match the y axis with the other two
kinds of correlation; that is, positive correlation coefficients are shown. All of the correlation coefficients pass a
significance test at the 0.01 level. Hourly observations that feature low visibility (less than 750 m) accompanied by high
relative humidity (RH > 90%) are deleted to eliminate the effects of fog. All hourly data without fog and dust are used to
calculate the All correlation coefficient. In addition, the hourly data are divided into several segments based on PM2.5
concentrations of 0–75 μg/m3, 75–150 μg/m3, 150–250 μg/m3, and above 250 μg/m3. These ranges correspond to excellent
and good air quality, lightly and moderately polluted, heavily polluted and severely polluted conditions, respectively,
according the ambient air quality standards of China's Ministry of Environmental Protection (GB 3095‐2012).
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3.2. Running Correlation of Visibility With PM2.5 Concentrations and RH

As shown in section 3.1, both RH and the PM2.5 concentrations contribute to the variations in atmospheric
visibility. In this section, we discuss their individual contributions to the variations in visibility based on the
running correlation method. The individual contribution of PM2.5 concentrations to variations in visibility is
evaluated by keeping the RH nearly unchanged. The size of the sliding window of RH (RHwin) is set to a nar-
row value of 10%, and the step size of RH (RHstp) is set to 5%. Accordingly, a wide PMwin of 60 μg/m

3 and a
step size of 10 μg/m3 are assigned to PM2.5. In this case, the variations in visibility within each RH‐PM win-
dow can be considered to be the results of variations in the ambient PM2.5 concentrations, rather than RH.
Figure 4 shows the linear, inversely proportional, and exponential correlation coefficients between the PM2.5

concentrations and visibility (i.e., R(Vis, PM)RH). The linear and exponential correlations are much stron-
ger than that of the inversely proportional relationship. The linear correlation coefficients between the PM2.5

concentrations and visibility show the same pattern as the exponential correlations; the correlation coeffi-
cients decrease as the PM2.5 concentrations increase. These results indicate strong negative correlations
between the PM2.5 concentrations and visibility. Statistically significant absolute correlation coefficients that
exceed 0.5 are obtained when the PM2.5 concentrations are below 80 μg/m3, and these correlation coeffi-
cients are even larger (i.e., −0.7) under high‐humidity conditions. For conditions under which the PM2.5

concentrations fall within the range of 80 to 200 μg/m3, the correlation coefficients between visibility and
the PM2.5 concentrations tend to be sensitive to the ambient humidity. The correlation coefficients are

Figure 4. Running correlation coefficient of visibility with PM2.5 concentrations (left column) and relative humidity (RH; right column). The original (upper row),
inverse (middle row), and logarithmic (bottom row) values of visibility are used to calculate the correlation coefficients with the PM2.5 concentrations and
the RH, respectively. The negative correlation coefficients of the inverse visibility with the PM2.5 concentrations and the RH are shown here for comparison with the
other two. In terms of the correlation coefficient between visibility and the PM2.5, the step size and window size of the PM2.5 concentrations are set to 10 and
60 μg/m3, respectively; the step size and window size of RH are set to 5% and 10%, respectively. In terms of the correlation coefficient between visibility and the RH,
the step size and window size of the RH are set to 5% and 40%, respectively; the step size and window size of the PM2.5 concentrations are set to 10 and 20 μg/m3,
respectively. The x axis and y axis show the medians of the PM2.5 concentrations and the RH windows, respectively. The correlation coefficients marked with
dots indicate correlations that are statistically significant at the 0.01 level. Because the size of the slidingwindow of the PM2.5 concentrations is 60 μg/m

3 (left column),
there is no correlation coefficient between visibility and the PM2.5 when the PM2.5 concentrations are less than 30 μg/m3. By analogy, the correlation coefficients
between visibility and RH are missing when RH is below 20% in the right column. Sliding windows that contain more than 100 observations each are shown.
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lower under very dry or very humid conditions, and they are typically higher when the humidity is not too
high or too low. When the PM2.5 concentrations exceed 200 μg/m3, both the linear and exponential
correlation coefficients are not significant and decrease to −0.2 or less.

We set PMwin to a small range and the RHwin to a relatively large range to address the individual contribu-
tion of RH to variations in visibility. In contrast to R(Vis, PM)RH, RHwin and PMwin are set to 40% and
20 μg/m3, respectively, to obtain the correlation coefficient between RH and visibility (R(Vis, RH)PM).
RHstp and PMstp are consistent with R(Vis, PM)RH, that is, 5% and 10 μg/m3, respectively. The right column
of Figure 4 shows that the correlation coefficients of the inversely proportional and exponential relationships
exceed those of the linear relationship. RH has little effect on variations in visibility under dry conditions
when RH is less than 40%, which is consistent with the relationship between RH and the aerosol hygroscopic
growth factor that was identified by many previous studies. That is, PM2.5 concentrations dominate varia-
tions in visibility under dry conditions. When RH exceeds 40%, the correlation coefficient between visibility
and the RH increases as RH and the PM2.5 concentrations increase. Under high‐humidity and highly pol-
luted conditions, the effects of RH on decreases in visibility are remarkable and are associated with signifi-
cant correlation coefficients of approximately −0.6.

The magnitudes of the running correlation coefficients that describe the strength of the relationships
between the PM2.5 concentrations and the RH with visibility depend strongly on the size of the sliding win-
dow. The larger the size of the sliding window is, the greater the absolute values of the correlation coeffi-
cients will be. We perform a sensitivity analysis by changing PMwin and the RHwin to determine the
effects of the sizes of the sliding windows on the magnitudes of R(Vis, PM)RH and R(Vis, RH)PM, respec-
tively. Figure 5 shows the values of R(Vis, PM)RH based on 50 μg/m3 PMwin (compared to 60 μg/m3 in
Figure 4) and R(Vis, RH)PM according to an RHwin value of 30% (40% in Figure 4). The correlation

Figure 5. Running correlation coefficient of visibility with PM2.5 concentrations (left column) and the RH (relative humidity; right column). This figure is similar
to Figure 4; however, different sizes of sliding windows are used. In the case of the correlation coefficient between visibility and the PM2.5 concentrations, the
size of the sliding window of the PM2.5 concentrations is reduced to 50 μg/m3 (compared to 60 μg/m3 used in Figure 4). The sliding window of the RH is set
to 30% (compared to 40% used in Figure 4) to calculate the correlation coefficient between visibility and the RH.
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coefficients shown in Figure 5 are lower than those shown in Figure 4; the values in Figure 4 are calculated
using larger PM and RH sliding windows. However, the correlation coefficients show the same PM‐RH
pattern as that shown in Figure 4. Thus, we hereafter show results based on a PMwin of 60 μg/m3 and a
RHwin of 40%.

3.3. Regression Analysis of Visibility With PM2.5 Concentrations and RH

Three kinds of correlation coefficients are applied in Figure 4 to present the relationships of visibility with
the PM2.5 concentrations and the RH. We find that the visibility and the PM2.5 concentrations display linear
or exponential correlations, and the inversely proportional and exponential relationships between visibility
and the RH are more robust than the linear correlation. Therefore, we use the running linear and exponen-
tial functions to establish regression models that describe the relationship between visibility and the PM2.5

concentrations, respectively. For the case of RH and visibility, regression analyses are conducted using the
inversely proportional and exponential regressions. The same sliding windows and step sizes for RH and
the PM2.5 concentrations used to produce Figure 4 are applied here.

Figure 6 shows the seasonal coefficients of determination (R2) of the regression equations. The R2 values of
the two kinds of regressionmodels show the same seasonal PM‐RH pattern. In terms of the regressionmodel
that describes visibility as a function of the PM2.5 concentrations, both the linear and exponential models
show higher R2 values during summer and spring and lower R2 values during winter. The fraction of
organic/inorganic and secondary/primary compositions varies day to day due to the more frequent air pol-
lution events in winter, which may lead to a more inhomogeneous and diverse mixtures of aerosols and
reduce the R2 in winter. The R2 values of the regression models decrease as the PM2.5 concentrations

Figure 6. R2 values of the running regression equations of visibility and PM2.5 concentrations (first and second columns) and RH (relative humidity; third and
fourth columns). The original and logarithmic visibility are used to establish the regression equations with PM2.5, respectively (first and second columns,
respectively). The inverse and logarithmic visibility are used to establish the regression equations with the RH (third and fourth columns, respectively). R2 values
marked with dots indicate regression equations that are statistically significant at the 0.01 level. Sliding windows that contain more than 100 observations
each are shown. MAM = March–May; JJA = June–August; SON = September–November; DJF = December–February.
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increase. The PM2.5 concentrations can explain approximately one half of the variance in visibility when the
PM2.5 concentrations are below 60 μg/m3 in summer. However, in other seasons, the R2 values are sensitive
to the ambient RH at low PM2.5 concentrations. During spring and autumn, approximately 50% of the var-
iance in visibility can be attributed to the variations in PM2.5 concentrations in high‐humidity environments;
however, the contribution of PM2.5 concentrations decreases to 30% in dry environments. The effects of the
PM2.5 concentrations on visibility are complex in wintertime; this season yields the highest R2 value of 0.4
under dry conditions and low PM2.5 concentrations. With regard to the light andmoderate air pollution cate-
gories, which feature PM2.5 concentrations of approximately 80~150 μg/m3, 20–30% of the variance in visi-
bility in spring is associated with PM2.5 concentrations; however, this proportion is only 10–15% for the other
three seasons. The R2 values tend to be below 0.1 when the PM2.5 concentrations exceed 200 μg/m3 for all
of seasons.

The inversely proportional and exponential running regressions between visibility and RH are evaluated to
obtain the individual effects of RH on visibility (i.e., f(Vis, RH)PM). As shown in the third and fourth col-
umns of Figure 6, there is good agreement between the R2 values of the two kinds of regression equations.
Variations in the atmospheric visibility are independent of ambient RH until the RH reaches 40% and the
PM2.5 concentration concentrations exceed 80 μg/m3. The R2 values of the regression models increase to
their maximum values under high‐humidity and highly polluted conditions. These values are highest in
the spring, which features R2 values that exceed 0.4.

The R2 values based on two different regression functions, that is, linear and exponential correlation for
f (Vis, PM)RH and inversely proportional and exponential regression for f(Vis, RH)PM, display the same
distribution as the variations in PM2.5 concentrations and the RH, as shown in Figure 6. The ratio of the
R2 of the linear regression of f (Vis, PM)RH to the R2 of the exponential regression is shown in Figure 7 to
compare the robustness of the two types of regression functions. The R2 of the linear regression is higher
than that of the exponential regression when the PM2.5 concentrations are below 50 μg/m3. These results
indicate that the relationship between visibility and the PM2.5 concentrations is linear for low PM2.5 concen-
trations. Nevertheless, as PM2.5 concentrations increase, they tend to display an exponential correlation. For
visibility and RH, visibility exhibits an exponential relationship with RH in dry or clean environments. This
relationship becomes inversely proportional under high‐humidity and polluted conditions. According to the
above analysis, both the PM2.5 concentrations and RH contribute to variations in atmospheric visibility.
PM2.5 concentrations dominate the variations in visibility under dry conditions or at low PM2.5 concentra-
tions, while the contribution of RH becomes increasingly important as PM2.5 concentrations and ambient
RH increase.

3.4. Sensitivity of Atmospheric Visibility to PM2.5 Concentrations and RH

The linear regression functions that describe the relationship between inverse and logarithmic visibility with
PM2.5 concentrations and the RH based on equations (3) and (4) are converted to the inversely proportional
and exponential regression models as follows:

Vis ¼ 1
aX þ b

and Vis ¼ eaXþb

where X indicates the PM2.5 concentrations or RH and parameters a and b are the slope and intercept in
equations (3) and (4), respectively. In addition, we then take the relative derivatives of visibility with respect
to the RH and the PM2.5 concentrations to evaluate the sensitivity of visibility to the two variables. The third
and fourth columns in Figure 8 show the relative derivatives of visibility with respect to the PM2.5 concen-
trations according to the linear and exponential regression functions of f (Vis, PM)RH, respectively. The sen-
sitivities of visibility to the PM2.5 concentrations based on the two regression models are strongly consistent
with each other. At low PM2.5 concentrations, the visibility is very sensitive to the variations in PM2.5 con-
centrations, and the visibility decreases quickly as PM2.5 concentrations increase. Regarding the sensitivity
to the RH, visibility shows relatively strong sensitivities to the RH at the highest RH levels when the ambient
PM2.5 concentrations are below 100 μg/m3. The threshold values of the insensitive PM2.5 concentrations
remain about the same when the RH is less than 60% and then decrease rapidly. The relative sensitivities
of visibility to the RH highlight the effects variation in the high‐humidity variation to the reduction of
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visibility, especially during summertime. Visibilities under the low PM2.5 concentrations and humid
environment are most sensitive to the changes in RH.

3.5. Effects of Aerosol Source on the Relationship of Visibility With PM2.5 Concentrations and RH

The particle extinction property is a strong function of particle size, particle shape, chemical composition,
and hygroscopic properties of aerosols (X. Liu et al., 2008). Size‐dependent hygroscopic properties are often
observed, corresponding to distinct composition for Aitken and accumulation mode aerosols. The hygro-
scopic properties of inorganic species are well characterized, but organics can exhibit hygroscopic behavior
ranging from hydrophobic to somewhat hydrophilic (Cubison et al., 2008; Tijjani & Uba, 2013; Yan et al.,
2009). Atmospheric aerosols consist of a complicated and different mixture of various chemical compositions
with diverse aerosol types depending on aerosol source (J. Chen, Qiu, et al., 2014; Cheng, Wiedensohler,

Figure 7. The ratio of two kinds of coefficients of determination (R2) based on the different visibility regression equations shown in Figure 6. RH = relative humid-
ity; MAM = March–May; JJA = June–August; SON = September–November; DJF = December–February.
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et al., 2008). Therefore, we analyze the effects of aerosol type, air mass backward trajectory, and synoptic
process on the particle extinction property in Beijing.

The aerosol optical data used in this section were originally from Aerosol Robotic Network (AERONET). To
ensure the data quality, only the level 2.0 data set at Beijing and Beijing_CAMS are involved to classify the
aerosol types. The AERONET spectral products are available at the wavelengths of 440, 675, 870, and
1020 nm. The SSA spectral behavior and Ångström exponent (AE440–870) parameter were applied to identify
aerosol mixture. Dust aerosol tend to have increasing SSA values with wavelength, while carbonaceous
aerosol, such as those from fossil fuel and biomass burning, show decreasing SSA valves with increasing
wavelength (J. Li et al., 2015). The absorption of aerosol mixtures is contributed by both dust and anthropo-
genic aerosol, which leading to a nonmonotonic SSA spectral behavior. Tian et al. (2018) employed the
widely used parameter, that is, AE440_870, as another criterion to identify aerosol types, in which the 0.7
and 1.4 of AE are taken as the threshold of anthropogenic and dust aerosols. We summarized the aerosol
classification criteria in Table 2. The aerosol is identified as anthropogenic, dust, or mix‐type aerosol only
if both the SSA spectral and AEmeet the criteria in Table 2. For those whomeet none of the SSA‐AE criteria,
the samples are deleted in this study, which indicates aerosols with significant characteristics of types are
involved. Due to the high missing rate of the SSA data in the two AERONET stations, the daily aerosol types
are available only at 315 days over the year of 2014 to 2016. The occurrence of each aerosol types is shown in
Figure 9. The visibilities are more relevant to PM2.5 concentrations for the specific aerosol types compared to
the overall samples, especially for the anthropogenic aerosol conditions. The significant effects of RH on vis-
ibility exhibit under polluted and high‐humidity conditions. But there is no sample during the high PM2.5

concentrations for the anthropogenic and dust aerosol types because of the limitation occurrence of these

Figure 8. Proportional sensitivity of visibility to PM2.5 concentrations (first and second columns) and RH (relative humidity; third and fourth columns) determined
using different regression models (unit: %). The relative derivatives of visibility with respect to PM2.5 concentrations and the RH are used to measure the
proportional sensitivity of visibility to these two variables. The relative derivative is defined as dVis=Vis

dX=X 100% ¼ dVis
dX

X
Vis 100%; here, X indicates the PM2.5 concentra-

tions or the RH. dVisdX is the derivative of visibility to RH or PM2.5 concentrations. MAM = March–May; JJA = June–August; SON = September–November;
DJF = December–February.
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two aerosol types. There is no significant improvement on the correlations
between visibility and RH for the mix‐type aerosol compared to those
based on overall samples.

To analyze the effects of air mass origins on particle extinction properties,
the Trajectory Statistics (TrajStat) model (http://ready.arl.noaa.gov/
HYSPLIT.php) is employed for backward trajectory clustering in Beijing.
The input meteorological data were downloaded from the National
Oceanic and Atmospheric Administration global reanalysis data set. The
starting height was set to 10 m, and the endpoint was Beijing. The back-

ward time was 24 hr. Figure 10 shows the annual five clustering results, that is, northwest long‐distance
air mass (T1), southwest short‐distance air mass (T2), west short‐distance air mass (T3), north‐northwest
long‐distance air mass (T4), and east short‐distance air mass (T5). Except for T2, the other backward trajec-
tories show nearly the same frequency during the whole year. The correlation coefficients between visibility
with PM2.5 concentration and RH corresponding to each backward trajectory type are also shown in
Figure 10. It shows relative good air quality for Beijing when the air mass comes from northwest (T1) or
north‐northwest (T4) directions, while the southwesterly airstream (T2) is easier to aggravate the severe
air pollution. Compared to the correlation coefficient based on the all samples that is shown in Figure 4,
the visibility is more relevant to the PM2.5 concentration for T2, T3, and T5 trajectory types. When PM2.5

Table 2
Characteristics of the SSA and AE Values Under the Control of Different
Aerosol Types

Aerosol types SSA spectral AE

Anthropogenic Decreasing >1.4
Dust Increasing <0.7
Mixed type Nonmontonic 0.8 < AE < 1.3

Note. SSA = single scattering albedo.

Figure 9. Occurrence of each aerosol type during 2014 to 2016 (top panel) and the annual mean correlation coefficient between visibility and PM2.5/relative humid-
ity (RH) based on different aerosol types. The aerosol types are identified based on the criteria in Table 2. The logarithmic and inverse values of visibility are used to
calculate the correlation coefficients PM2.5 concentrations and RH, respectively. The step size and window size of PM2.5 and RH are the same as those in Figure 4.
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concentrations are lower than 100 μg/m3, the correlation coefficients can reach up to−0.7 to−0.6 and do not
vary with the ambient RH. Except for the east short‐distance air mass, the relationship between visibility and
RH under each specific trajectory type shows almost the same pattern as that based on the all samples.

In addition to the aerosol types and air mass backward trajectory, the local meteorological conditions also
affect the ambient aerosol property. The T‐mode principal component analysis has been successfully applied
to the studies of general circulation models, the climate change, and air pollution (Valverde et al., 2015; Xu
et al., 2016). The obliquely rotated T‐mode principal component analysis method developed by COST action
733 (http://www.cost733.org) has been used to operate the circulation classification over Beijing. The

Figure 10. Annual mean backward trajectory cluster in Beijing for the period of 2014 to 2016 (top panel) and the annual mean running correlation coefficient of
visibility with PM2.5 concentrations (left column) and RH (relative humidity; right column) based on each backward trajectory. The logarithmic and inverse values
of visibility are used to calculate the correlation coefficients PM2.5 concentrations and RH, respectively. The step size and window size of PM2.5 and RH are the same
as those in Figure 4.
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anomalies of the daily mean ERA‐interim mean surface air pressure and wind field data set from 2014 to
2016 over 100–130°E and 25–55°N were applied to identify the circulation classification. Six typical
circulation types (CTs) are revealed and illustrated in Figure 11, that is, high‐pressure center (CT1), high
pressure in west and low in east (CT2), high pressure in north and low in south (CT3), low pressure in
northwest (CT4), low pressure in northeast (CT5), and low‐pressure center (CT6). The frequencies of the
six circulation patterns are comparable in spring (figure is not shown here). CT6 and CT1 dominate the
circulation pattern in summer and autumn, respectively. The occurrences of CT1 and CT2 are more
frequent than other CTs. Figure 12 exhibits the comparison of the correlation coefficients between
visibility and PM2.5/RH corresponding to different circulation patterns. It shows noticeable improvement
of the correlation between visibility and PM2.5 concentrations for the CT3, CT4, CT5, and CT6, especially
for the clear and high‐humidity conditions. In terms of relationship between visibility and RH, there is no
measurable increase in correlation coefficients except for the CT3 conditions. Therefore, all of the aerosol
type, air mass trajectory, and circulation patterns can affect to some extent the relationship between
visibility and PM2.5 concentrations and RH. Correlation between visibility and PM2.5 is more sensitive to
the aerosol or weather characters than the correlation between visibility and RH.

3.6. Effects of Other Factors on Variations in Visibility

We have described the contributions of ambient RH and PM2.5 concentrations to variations in visibility.
However, the visibility at a fixed RH and PM2.5 concentration level is highly uncertain, as reflected by the
standard deviation of visibility that is shown in Figure 2. We select the top and bottom 10% of the visibility
values within each interval of PM2.5 concentrations to compare their differences. The left column of
Figure 11 demonstrates that the top and bottom 10% of the visibility values change with PM2.5 concentra-
tions and RH. In general, the RH values of the top 10% of the visibility values are much lower than those
of the bottom 10% due to the hygroscopic behavior of aerosol particles. However, there is no obvious differ-
ence in the RH between the top and bottom 10% of the visibility values at low PM2.5 concentrations during
the spring and winter. The curves that describe the relationship between the mean RH and the mean PM2.5

concentration for the top and bottom 10% of the visibility values are shown in the middle column of
Figure 13. This column shows great differences in the RH between the top and bottom 10% of visibility

Figure 11. Typical circulation patterns based on the anomaly of mean surface pressure and 10‐m U‐V wind during the period of 2014 to 2016. Number in the
bracket indicates the frequency of the specific circulation type. CT = circulation type.
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values in summer and autumn, and the RH discrepancy between the two conditions remains nearly
unchanged as the PM2.5 concentrations increase. That is, in summer and autumn, the difference in the
top and bottom 10% of the visibility values can be attributed to the difference in RH. Nonetheless, for
spring and winter, there is a small difference in the RH between the top and bottom 10% of visibility
values at low PM2.5 concentrations. In addition, the differences increase and then change only slightly
when PM2.5 concentrations exceed 100 μg/m3. Even though the fine particles dominate the aerosol

Figure 12. Annual mean running correlation coefficient of visibility with PM2.5 concentrations (left column) and RH (relative humidity; right column) based on
each circulation type (CT).
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extinction, some components in coarse particle can still absorb or scatter solar radiation resulting in the
reduction of atmospheric visibility. The right column of Figure 13 shows the ratio of PM2.5 to PM10.
Percentage of PM2.5 in bottom 10% of visibility conditions is higher than that in top 10% conditions by 5–
10% in summer and autumn, which is attributed to the aggravated air pollution caused by fine particles in
high‐humidity conditions. However, for the spring and winter, the percentage of PM2.5 in PM10 shows
almost the same magnitude between top and bottom 10% visibility under clear condition, and the
percentage for bottom 10% visibility is much lower than that in summer and autumn. The relative higher
percentage of coarse particles (i.e., low ratio of PM2.5 to PM10) in bottom 10% visibility conditions absorbs
and scatters more solar radiation and contributes to the low visibility under low PM2.5 concentrations.
Therefore, the high proportion of coarse particle may be one reason for the bottom 10% visibility in winter
and spring.

The atmospheric total optical extinction coefficient is defined as the sum of the extinction due to the gas
phase and the particle phase (Cheng, Zhang, et al., 2008; Malm, 2000; Singh et al., 2017). The impacts of
gas‐phase molecules on visibility include Rayleigh scattering of air molecules and the absorption of solar
radiation by NO2 (X. Deng et al., 2008; Pitchford et al., 2007; Pui et al., 2014; Sati & Mohan, 2014). Thus,
except for the high RH and high proportion of coarse particles, which influence the particle extinction,
the NO2 content dominates themagnitude of gas‐phase extinction. Figure 14 exhibits the frequency distribu-
tion of the occurrence time of the bottom and top 10% visibility conditions. If the RH exceeds 70%, low vis-
ibility is considered to be the result of hygroscopic growth of aerosol particles. Employing an RH value of 70%

Figure 13. Relationship between the PM2.5 concentrations and the top or bottom 10% of the visibility values according to the relative humidity (RH; left column),
the mean RH variation as the PM2.5 concentrations increase (middle column), and the ratio of PM2.5 to PM10 under top and bottom 10% visibility (right column).
The top and bottom 10% of visibility values within each 5‐μg/m3 interval of the PM2.5 concentrations are shown in the left column. MAM = March–May;
JJA = June–August; SON = September–November; DJF = December–February.
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as a threshold, the frequency distributions of the occurrence time are constructed separately. Figure 14
reveals that the RH values of most of the top 10% of visibility values are below 70%, which indicates that
the high visibility can be attributed to the occurrence of dry conditions. However, only in summer and
autumn, the RH values that correspond to the majority of the bottom 10% of the visibility values exceed
70%. In addition, most low visibility values that are accompanied by high humidity occur at night due to
the diurnal cycle of RH. During spring and winter, the RH values associated with approximately two
thirds of the bottom 10% of the visibility values are below 70%. Thus, we conclude that factors other than
high humidity result in the low visibility. Moreover, for the bottom 10% of the visibility values in spring
and winter, the times at which RH is below 70% tend to occur during the morning rush hour (i.e., 7:00–
9:00 a.m.) and evening rush hour (i.e., 18:00–20:00).

In general, the gas extinction coefficient can be considered as constant. However, the high vehicle emissions
during rush hour raise the level of NOx in the atmosphere, which may increase the gas extinction coefficient
due to the absorption of solar radiation. We compare the NO2 concentrations associated with the top and
bottom 10% of the visibility values under low‐ and high‐humidity conditions. Figure 15 indicates that, under
dry conditions with low PM2.5 concentrations during spring and winter, the NO2 concentrations associated
with the bottom 10% of visibility values exceed those associated with the top 10% of the visibility values. The
difference in NO2 concentrations between the top and bottom 10% of visibility values decreases gradually as

Figure 14. The frequency of the occurrence time of the top and bottom 10% of visibility values when the relative humidity (RH) is less than 70% (left column) and
greater than 70% (right column). The blue and orange numbers in each subplot represent the sample sizes of the top and bottom 10% of visibility values, respectively.
MAM = March–May; JJA = June–August; SON = September–November; DJF = December–February.
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the PM2.5 concentrations increase. In other words, the effects of gas extinction cannot be ignored at low
PM2.5 concentrations in spring and winter; this conclusion is consistent with the results of X. Deng et al.
(2008). However, a majority of the bottom 10% of visibility values that occur in summer and autumn can
be attributed to high humidity.

4. Conclusions and Discussion

The relationships of atmospheric visibility with PM2.5 mass concentrations and RH in Beijing are investi-
gated using hourly observations of these quantities. Visibility decreases quickly as PM2.5 concentrations
increase at low PM2.5 concentrations and decreases slowly when ambient PM2.5 concentrations exceed
100 μg/m3. The relationships between the PM2.5 concentrations and visibility depend strongly on the ambi-
ent RH. At a given PM2.5 concentration, higher RH values are associated with lower horizontal visibility.
Thus, both PM2.5 concentrations and the RH affect the variations in atmospheric visibility.

Running correlation and regressionmethods are used to reveal the individual contributions of PM2.5 concen-
trations and the RH to the variations in visibility and to determine the dominant factors that affect visibility.

Figure 15. The variations in mean NO2 concentrations with the PM2.5 concentrations given the top and bottom 10% of the visibility values when the relative
humidity (RH) is less than 70% (left column) and greater than 70% (right column). MAM = March–May; JJA = June–August; SON = September–November;
DJF = December–February.

10.1029/2018JD029269Journal of Geophysical Research: Atmospheres

WANG ET AL. 2254



Three alternative functions, that is, linear, inversely proportional, and exponential functions, are examined
to determine the best fit model that describes the relationship between RH and PM2.5 concentrations to vis-
ibility. In general, the linear and exponential correlations between visibility and the PM2.5 concentrations
are much stronger than that of the inversely proportional relationship. Both linear and exponential correla-
tion coefficients between PM2.5 concentrations and visibility decrease as the PM2.5 concentrations increase.
The results reflect strong negative correlations between the PM2.5 concentrations and visibility; statistically
significant correlation coefficients that exceed 0.5 occur when the PM2.5 concentrations are below 80 μg/m3.
The correlation coefficients are even higher under high‐humidity conditions, for which PM2.5 concentra-
tions can explain up to 50% of the variance in visibility. When the PM2.5 concentrations exceed
200 μg/m3, both the linear and exponential correlation coefficients are not significant and decrease to
−0.2 or less, and only 10–15% of the variations in visibility can be explained by the PM2.5 concentrations.
Although both the linear and exponential correlations are more robust than the inversely proportional rela-
tionship, the R2 value of the linear regression exceeds that of the exponential regression when the PM2.5 con-
centrations are below 50 μg/m3. This result indicates that visibility and PM2.5 concentrations obey a linear
relationship in low PM2.5 concentrations. Nevertheless, as the PM2.5 concentrations increase, the relation-
ship tends to become exponential.

In contrast, RH has a small effect on the variations in visibility under dry conditions (RH< 40%), which indi-

cates that variations in visibility are dominated by the PM2.5 concentrations. When the RH exceeds 40%, the
inversely proportional and exponential correlations between RH and visibility are more robust than the lin-
ear relationship; in addition, they tend to be exponential in clean environments and inversely proportional
under polluted conditions. The correlation coefficient between visibility and the RH increases as RH and the

PM2.5 concentrations increase. This correlation coefficient reaches its negative maximum of 0.6 under high‐
humidity and highly polluted conditions, under which the RH can explain approximately 40% of the var-
iance in visibility.

Both the RH and the PM2.5 concentrations affect the variations in visibility. Comparing their relative contri-
butions, we find that the PM2.5 concentrations dominate the variations in visibility under dry conditions or
low PM2.5 concentrations, and the contribution of RH becomes increasingly important as the PM2.5 concen-
trations and the ambient humidity increase. In addition to the ambient PM2.5 concentrations and RH, the
effects of coarse particle and gas extinction cannot be ignored at low PM2.5 concentrations. The effects of
aerosol type, air mass backward trajectory, and circulation patterns on the correlation between visibility
and PM2.5/RH were discussed. Most of the correlation coefficients will increase in the specific aerosol or
weather type compared to the overall cases. The correlation coefficients between visibilities and PM2.5 are
more sensitive to the aerosol type and weather conditions than those between visibilities and RH.

The observed PM2.5 concentrations are drymass concentrations at a constant RH level due to the principle of
instruments. We considered the visibility reduction according to the hygroscopic growth of aerosols as the

effect of RH in this study. Both the increase in the dry mass concentration of PM2.5 and the hygroscopic
growth of aerosols reduce the visibility. Therefore, when taking the long‐term observed visibilities as a proxy
for air pollutants, the RH effect on extinction should be eliminated rather than directly using the haze‐day
occurrence only based on the visibility value.

The tapered element oscillating microbalance (TEOM) and Beta Attenuation Monitor have been standar-
dized and recommended by several organizations (e.g., Environmental Protection Agency and European
Monitoring and Evaluation Programme) and used worldwide to obtain PM2.5 concentrations. Hourly
PM2.5 dry mass concentrations are publicly available with the assumption that water is effectively removed
prior to the measurement. However, as both the filter material of the monitor and the aerosol particles are
capable of retaining a significant amount of water even at low RH, the basic assumption may not be valid,
resulting in significant bias in reported PM2.5 concentrations (Chow, 1995; Perrino et al., 2013). Adsorbed
water may be partly retained on the filter and particulates even at low RHs (called hysteresis; Kiss et al.,
2017). The magnitude of water retention strongly depends on the filter material. Tierney and Conner
(1967) concluded that the effect of RH on glass fiber filters was insignificant, but at RH > 55% the effect
on collected particulates was significant. Demuynck (1975) demonstrated that the amount of water irrever-
sibly retained by cellulose filters is comparable to or even higher than the mass of particulate matter
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collected during the foggy day. In addition, the particulate mass collected in 1 hr is small; thus, the bias
caused by water may be excessive.

Except for the hysteresis effects of filters, the loss of semivolatile components is another factor for the
observed PM2.5 concentration bias. The TEOM instrument has the advantage over conventional gravimetric
methods of particle mass monitoring to provide data on an almost real‐time basis and to be a cost and labor‐
effective method, which is widely used in China (K. He et al., 2001; Yin et al., 2017; J. Zhang et al., 2017; Y,
Zheng, Che, et al., 2017). To minimize interferences from the evaporation and condensation of water onto
the filter, there is a heating system at the inlet of the TEOM with temperature of about 50 °C. However,
the higher temperature can also lead to significant volatilization losses of the some semivolatile components
during collection. Particulate ammonium nitrate and semivolatile organic compounds are thought to be the
main compounds lost in the TEOM system (Aurelie Charron et al., 2004; Chow, 1995). The amount of semi-
volatile compounds associated with the particles is expected to depend on the temperature and the RH
(Stelson & Seinfeld, 1982). Additionally, the RH has a significant impact on the growth of particulate matter.
Comparisons between TEOMs and reference gravimetric methods in different countries have shown that for
warmer and dryer regions the agreement is better than for colder and damper regions (Williams &
Bruckmann, 2002). Therefore, the measurement bias of the hourly PM2.5 mass concentrations will increase
the uncertainty of our results, especially at high‐humidity conditions.

This study indicates the conditions under which atmospheric visibility can be used as a proxy for air pollu-
tion. The application of these results will improve the representativeness and reliability of the use of visibility
in the field of air pollution attribution and determining its climatic effects. However, all of the results are
based on new, automatically collected visibility observations. When the results are extended to long‐term,
manual observations of visibility, homogenization and systematic deviations between manual and
automatic observations should be considered due to the differences in the principles used in making the
observations and the uncertainties associated with manual observations.
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