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Abstract—Satellite remote sensing has been increasingly 
employed for the estimation of ground-level atmospheric PM2.5. 
There have been several cross-validation (CV) approaches applied 
for the validation of satellite-based PM2.5 estimation models. 
However, these validation approaches often lead to confusion, due 
to the unclear applicable conditions. For this, we fully analyze and 
assess the existing validation approaches, and provide suggestions 
on applicable conditions for them. Furthermore, the existing 
validation approaches still have limitations to disregard the uneven 
distribution of ground stations, and tend to overestimate the 
performance of the PM2.5 estimation models. To this end, a 
CV-based validation approach considering the uneven spatial 
distribution of monitoring stations (denoted as SDCV) is proposed. 
SDCV introduces the spatial distance between validation station 
and modeling station into the CV process, and evaluates the spatial 
performance through a strategy of excluding modeling stations 
within a specific distance. Meanwhile, this approach has designed 
reasonable evaluation indices for the model validation. Taking 
China as a case study, the results indicate that SDCV can yield a 
more complete and effective evaluation for the popular PM2.5 
estimation models than the traditional validation approaches. 
 

Index Terms—Satellite remote sensing, PM2.5, Ground station 
distribution, Aerosol optical depth (AOD), Validation 
 

I. INTRODUCTION 

 
ith the rapid development of the economy, air pollution 
has evolved into an increasingly serious problem in 

recent years. As reported in a study conducted by the World 
Health Organization [1], public health has been heavily 
influenced by air pollution during the 21st century. Therein, 
fine particulate matter (PM2.5, particulate matter with an 
aerodynamic diameter of less than 2.5 μm) is one of the main 
air pollutants [2-8]. Towards the monitoring of PM2.5 pollution, 

ground stations are considered the most reliable way to obtain 
high-accuracy PM2.5 measurements. However, due to the high 
cost of ground stations, the PM2.5 station network is sparsely 
and unevenly distributed in space. 

Owing to the broad spatiotemporal coverage, satellite remote 
sensing exactly owns the capacity to expand the monitoring of 
PM2.5 beyond ground stations [9-13]. To estimate ground 
atmospheric PM2.5 from satellite observations, the popular 
approach is to establish a statistical relationship between the 
satellite observations (e.g., aerosol optical depth (AOD) [12], 
top-of-atmosphere reflectance [14]) and ground PM2.5 
measurements. There have been numerous satellite-based 
PM2.5 estimation models developed for the estimation of PM2.5, 
primarily including the early statistical models, such as 
multiple linear regression [15], semi-empirical model [16], and 
so on; and the more advanced statistical models, for instance 
the linear mixed effects model [17], geographically weighted 
regression [18, 19], and neural networks [20-22], etc. With the 
use of these models, high-resolution ground PM2.5 data can be 
effectively generated from satellite observations. 

To evaluate the estimation accuracy of the satellite-based 
PM2.5 estimation models, the PM2.5 model estimates are usually 
compared with PM2.5 station measurements. A cross-validation 
(CV) technique [23], which in fact leaves out some 
station-based PM2.5 observations for the model validation, is 
often adopted for the validation of satellite-based PM2.5 
estimation models. Based on the CV technique, several 
validation approaches have been developed, including 
sample-based CV [14, 21], site-based CV [17, 24], 
region-based CV [25, 26], and time-based CV [27, 28]. In 
addition, some studies have concentrated on the historical 
prediction of ground PM2.5. As a result, historical validation [29, 
30], which is not derived from a CV technique, has also been 
exploited. To evaluate the PM2.5 estimation model performance, 
some studies have adopted only one of these validation 
approaches, while some studies have simultaneously used 
several ones. 

However, the existing validation approaches often lead to 
confusion due to the unclear applicable conditions. The same 
PM2.5 estimation model may report notably different validation 
results with different validation approaches [30], the applicable 
conditions for each validation approach still remain unclear. On 
the other hand, the ground stations are often unevenly 
distributed in space, and can be clustered in the urban areas of 
cities [31]. The monitoring stations are usually close to their 
neighbors, and the validation stations tend to have a close 
distance to the modeling stations. As a result, the previous 
validation approaches may only be able to evaluate the 
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estimation accuracy for locations close to a monitoring station, 
and may fail to reflect the estimation accuracy for locations at a 
farther distance. Without consideration of the uneven station 
distribution, the previous validation approaches are likely to 
result in some bias for the evaluation of PM2.5 estimation 
models. 

Therefore, one of our main purposes is to comprehensively 
analyze and assess the existing validation approaches, and give 
suggestions on the applicable conditions for their use. Secondly, 
a CV-based validation approach that considers the uneven 
spatial distribution of monitoring stations is proposed. Taking 
China as an example, the proposed approach and the previous 
validation approaches are compared and assessed. 

II. PREVIOUS VALIDATION APPROACHES 

Using ground station measurements to validate the estimates 
from satellite remote sensing is a common strategy. Hence, a 
common approach is to fit the satellite-based PM2.5 estimation 
model using some of the station observations, and leave the 
other observations for the model validation. This solution is 

actually based on a CV technique [23]. For the k -fold CV, the 
samples (stations, regions, or time) are divided into k  folds 
randomly and evenly. 1k   folds are then used for the model 
fitting, and the remaining one is used for the model validation. 
Finally, the above process is repeated k  times to evaluate the 
model performance on each fold. When k  is set to 10, this 
indicates the widely used 10-fold CV technique; when k  is 
equivalent to the number of samples (stations, regions, or time), 
this is referred to as “leave-one-out CV”. The 10-fold CV and 
leave-one-out CV techniques are the two most popular CV 
strategies. Meanwhile, the input data for the CV can be data 
samples, monitoring sites, stations in one region, or stations at 
one time, which are named sample-based CV, site-based CV, 
region-based CV, and time-based CV, respectively. Moreover, 
historical validation, which does not belong to a CV technique, 
has also been adopted for the validation of satellite-based PM2.5 
estimation models. The schematics of these validation 
approaches are illustrated in Fig. 1.

 

Fig. 1. Schematics of the various validation approaches. (a)–(d) only represent one round of validation.

A. Sample-Based CV 

Sample-based CV has been the most commonly adopted 
CV-based validation approach [14, 18, 21, 32, 33]. As 
presented in Fig. 1(a), we mix up the locations and times of the 
satellite-PM2.5 matchup samples, and then randomly select 
some samples for the model validation. Hence, sample-based 
CV involves conducting the validation with integrated samples 
from both the spatial and temporal dimensions, and it is often 
employed to reflect the overall predictive ability of PM2.5 
estimation models. For a certain monitoring station, the 
samples from this station at some certain time can be utilized 

for the model fitting, and the samples from the other time are 
used for the model validation. This means that the modeling 
dataset and validation dataset may contain the same monitoring 
stations. Consequently, sample-based CV has limitations in that 
the same monitoring station may be simultaneously involved in 
the model fitting and model validation. This brings some bias 
when evaluating the predictive ability of a model for the 
satellite-based mapping of PM2.5, because the locations with 
PM2.5 values to be estimated have no ground stations in real 
life. 
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B. Site-Based CV 

Unlike sample-based CV, the monitoring stations are 
randomly chosen for the model validation in site-based CV (Fig. 
1(b)). For site-based CV, the validation stations are never 
included in the model fitting. Hence, site-based CV has the 
potential to evaluate the accuracy of PM2.5 spatial prediction. 
For those PM2.5 estimation models that include historical PM2.5 
data in the model fitting, the site-based CV approach may show 
a relatively large decrease in model performance, compared to 
the sample-based CV approach. This is because the historical 
PM2.5 data of the validation stations are used in the 
sample-based CV approach, whereas not in site-based CV. In 
addition, this may also be related to the spatial representation of 
the site observations [34]. For another, as mentioned before, the 
ground stations are often located in the centers of cities, so the 
validation stations are often very close to the modeling stations. 
Thus, the site-based CV has limitations in that it is prone to 
merely evaluating the PM2.5 prediction accuracy on the 
locations with a close distance to the station. Lastly, it is 
noteworthy that site-based CV in fact often refers to grid cell 
based CV, because the PM2.5 values from multiple stations 
within a grid cell are averaged in the model development [14, 
35, 36]. 

C. Region-Based CV 

To some degree, region-based CV has the potential to avoid 
the limitations of site-based CV. As can be observed in Fig. 1(c), 
certain regions (e.g., a province) are chosen for the model 
validation. The stations in the validation region are all used for 
the model validation, and it may thus be capable of evaluating 
the PM2.5 spatial prediction accuracy for locations at a farther 
distance from the monitoring station. However, what is the 
optimal extent for the validation region? In view of the uneven 
distribution of monitoring stations, it is still a huge challenge to 
determine a reasonable extent for the model validation. For 
instance, province-based CV was conducted across China in 
our previous work [25]. Whether it is reasonable to leave one 
province of stations for the model validation to reflect the 
spatial prediction ability remains to be discussed. 

D. Time-Based CV 

The process of time-based CV is illustrated in Fig. 1(d). 
Unlike the above validation approaches that pay more attention 

to the evaluation of the spatial prediction, the time-based CV 
approach is aimed at evaluating the accuracy of the temporal 
prediction. Under some situations, satellite data may be 
available, whereas the PM2.5 station observations are absent. 
How well the PM2.5 estimation models perform in this situation 
without satellite-PM2.5 matchup needs further evaluation. 
Hence, we randomly choose some times (e.g., some days 
during the study period) of observations for the model 
validation, and the remaining times of observations are utilized 
for the model fitting. Time-based CV can thus be expected to 
evaluate the prediction accuracy for those times without 
satellite-PM2.5 matchups [27]. However, in a real situation, the 
times with satellite data but without PM2.5 data are relatively 
rare. Therefore, due to the limited applicable conditions, the use 
of time-based CV is limited. In addition, some PM2.5 estimation 
models are built using the station PM2.5 data of the estimation 
time (e.g., daily geographically weighted regression [37]), they 
are bound not to be evaluated via time-based CV. 

E. Historical Validation 

With the wide temporal coverage of satellite observations, 
the PM2.5 estimation models own the capacities to predict 
historical PM2.5 concentrations. Accordingly, the historical 
validation approach was developed to evaluate the accuracy of 
historical prediction. As presented in Fig. 1(e), a long time 
series of historical PM2.5 data are collected for the validation of 
the PM2.5 estimation models. The major differences between 
historical validation and time-based CV lie in the fact that the 
historical validation uses a long time series of historical PM2.5 
data for the model validation, whereas the time-based CV 
technique randomly chooses some PM2.5 observations from a 
particular time in the study period. It is noteworthy that some 
studies have also exploited future PM2.5 data for historical 
validation; for instance, Ma et al. [29] established a PM2.5 
estimation model with samples from 2013, and validated it 
using PM2.5 data from the first half of 2014. The model was 
subsequently employed to predict historical PM2.5 values 
during 2004–2012. The main limitation of the historical 
validation approach is that it is often difficult to collect 
sufficient PM2.5 data for validation. 

Finally, through the above analysis, the applicable conditions 
for and limitations of these validation approaches are 
summarized in Table I.

 
TABLE I 

SUMMARY OF THE EXISTING VALIDATION APPROACHES. 

Approach Applicable conditions Limitations Evaluation dimension 

Sample-based CV The overall prediction accuracy 
Modeling dataset and validation dataset may contain 
the same stations 

Overall 

Site-based CV The spatial prediction accuracy 
Tends to only reflect the prediction accuracy of 
locations close to a station 

Spatial 
Region-based CV 

The spatial (regional) prediction 
accuracy 

Selection of the optimal extent for the validation 
region is uncertain 

Time-based CV 
The temporal prediction 
accuracy 

Times with satellite data but without PM2.5 
observations are relatively rare 

Temporal 
Historical validation 

The temporal (historical) 
prediction accuracy 

It is often difficult to collect sufficient historical 
PM2.5 data 
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III. THE PROPOSED VALIDATION APPROACH 

As explained before, PM2.5 monitoring stations often have an 
uneven spatial distribution, e.g., they are often found mainly in 
the center of cities, and the monitoring stations are often close 
to their neighbors. As a result, site-based CV may only reflect 
the prediction accuracy of the locations near the monitoring 
stations. On the other hand, due to the uneven station 
distribution, the existing validation approaches face the risk of 
misjudging the superiorities of the satellite PM2.5 estimation 
methods. For instance, the PM2.5 estimation models that 
strongly depend on adjacent stations have an advantage due to 
the closeness of the validation stations and modeling stations; 
nevertheless, they may lose their superiority with increasing 
distance to the modeling station. It is therefore critical to 
develop a CV-based validation approach considering the 
uneven spatial distribution of monitoring stations (denoted as 
SDCV in this paper), for a more complete spatial evaluation of 
the PM2.5 estimation models. 

A. Establishment of SDCV 

Based on 10-fold CV, the monitoring stations (“station” is 
used for easier understanding, as it actually refers to the grid 
cell containing the station) are partitioned into 10 folds 
randomly, with approximately 10% of the total stations in each 
fold. For a given validation fold, supposing that m  validation 
stations are collected, they then form a validation collection 

 ,1 ,2 ,, ,...,val v v v mS S SS , and  ,1 ,2 ,, ,...,fit f f f nS S SS  

denotes the modeling collection with n  stations ( 9n m  ), 
where S  means the monitoring station ( vS  and fS  denote the 

validation station and modeling station, respectively). To 
evaluate the performance considering the uneven distribution 
of stations, a distance of d (km) is set. For a given distance d , 
the modeling stations with a distance to any validation station 
of less than d  are excluded from the modeling collection fitS , 

which is illustrated in Fig. 2. Thus, the distances of the 
validation stations to modeling stations are all no less than d . 
The PM2.5 estimation model is established by considering the 
distance to the monitoring station, as shown in Eq. (1): 

    - -d fit d fitdPM f X   (1)                            

where -d fitX  is the input variables (e.g., satellite data, 

meteorological data, etc.) of the modeling dataset updated by 
the distance d , and  df  refers to the estimation function 

established by considering the distance d . Subsequently, 
based on the established PM2.5 estimation model (Eq. (1)), the 
PM2.5 values can be predicted on the validation dataset, as 
shown in Eq. (2): 

    val valdPM f X   (2)   

where valX  is the input variables of the validation dataset, 

which do not change with the varying distance d . By 

comparing the model estimates with the station-based PM2.5 
measurements, the model performance can be evaluated. 

 
Fig. 2. Schematic for excluding modeling stations with the distance d . 

Fig. 3 illustrates the workflow of the proposed SDCV 
approach, which consists of four main steps. The details of the 
workflow are as follows. 

Step 1: Based on 10-fold CV, the monitoring stations are 
divided into 10 folds randomly and averagely, where nine folds 
of stations are used as the modeling collection ( fitS ), and the 

remaining fold forms the validation collection of stations 
( valS ). 

Step 2: For a given distance d , the modeling collection is 
updated in terms of the distance from the validation station to 
modeling station (see Fig. 2). Using the updated modeling 
dataset, the PM2.5 estimation model can be established, i.e., 

 df . 

Step 3: Based on the established PM2.5 estimation model, the 
PM2.5 values are predicted on the validation dataset. Thus, 
PM2.5 values for all the stations can be estimated via a repeat 
process of the above steps. 

Step 4: Statistical indices are designed to evaluate the PM2.5 
estimation models. First, with a given distance d , the 
corresponding statistics (e.g., coefficient of determination (R2) 
and root-mean-square error (RMSE) with distance d : 2R ( )d  

and RMSE( )d , respectively) can be applied to reflect the 

model performance at the locations that have a distance of 
greater than d  km to the closest monitoring station. Second, 
when a distance sequence (i.e., 1d , 2d ,…, nd , where n  is the 

number of distances) is utilized, it derives a performance curve, 
which is capable of obtaining a fuller evaluation of the PM2.5 
estimation model. Finally, for the quantitative evaluation of a 
specific region, an optimal distance ( xd ) can be computed. The 

determination of the optimal distance xd  is described in 

Section Ⅲ-B.
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Fig. 3. Workflow of the proposed SDCV approach. 

B. Determination of the Optimal Distance for a Specific Region 

As shown in Fig. 4, each grid cell has a distance to the closest 

station ( gridD ), and the average of gridD  is gridD . Meanwhile, 

given a distance ( d ), each validation station has a distance to 
the closest modeling station ( ,  site siteD D d ), and after 10 

rounds of validation, the average of siteD  is siteD . In the model 

validation, the grid cell with a validation station is considered 
without the station and to be predicted (the prediction grid cell); 
and in the PM2.5 spatial prediction, every grid cell is to be 

predicted, i.e., the prediction grid cell. When site gridD D , the 

average of the distances from the prediction grid cells to their 
respective closest stations in the model validation is equal to 
that in the PM2.5 spatial prediction for the region, which can 
reflect the real estimation accuracy, to the greatest extent. Thus, 
the objective is to search for the optimal distance xd d , 

which ensures site gridD D . 

 
Fig. 4. Schematic for the related distance in a given region. 

The searching process for xd  is as follows. First, we 

manually set an ordered sequence of distances ( 1 2, , , nd d d , 

e.g., 0~200 km with a step of 10 km), where n stands for the 

number of distances. For each distance   1,2,...,id i n , the 

modeling station collection is updated, and we calculate siteD  

that can be written as i
siteD . Meanwhile,   2i

siteD i   and 

gridD  are compared, when i
grid siteD D  and 1i

grid siteD D  , the 

optimal distance xd  is interpolated within  1,i id d . 

IV. VALIDATION OF PM2.5 ESTIMATION MODELS: A CASE 

STUDY 

A. Study Region and Data 

To verify the validation approaches, a case study was 
conducted for the whole of China. The study region is shown in 
Fig. 5, where ~1500 monitoring stations are located. As can be 
observed in Fig. 5, the monitoring stations are generally 
clustered in urban areas, and the station network exhibits a 
sparse distribution over a large range whereas a denser 
distribution over a small range. The study period in this paper 
was the year of 2015. The annual averages of PM2.5 values for 
each monitoring station were calculated. 

The data used included four main parts, which are briefly 
described as follows. 1) Ground-level PM2.5. We acquired 
hourly PM2.5 data from the China National Environmental 
Monitoring Center (CNEMC) website 
(http://106.37.208.233:20035/). The hourly PM2.5 data were 
averaged to daily means. 2) Moderate Resolution Imaging 
Spectroradiometer (MODIS) AOD [38-40]. Terra and Aqua 
MODIS AOD products are widely used for ground PM2.5 
estimation, and were obtained from the Level 1 and 
Atmosphere Archive and Distribution System (LAADS, 
https://ladsweb.modaps.eosdis.nasa.gov/). The Collection 6 
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AOD product was used, which has a spatial resolution of 10 km. 
3) Meteorological variables. Surface pressure (unit: Pa), wind 
speed at 10 m above ground (unit: m/s), relative humidity 
(unit: %), air temperature at a 2-m height (unit: K), and 
planetary boundary layer height (unit: m) were extracted from 
the second Modern-Era Retrospective Analysis for Research 

and Applications (MERRA-2) reanalysis data 
(http://gmao.gsfc.nasa.gov/GMAO_products/). 4) The MODIS 
normalized difference vegetation index (NDVI) product 
(MOD13) was also obtained from the LAADS website. For full 
details, please refer to our previous study [25].

 

 

Fig. 5. Study domain and the annual mean spatial distribution of PM2.5 monitoring stations in China.

B. PM2.5 Estimation Models 

The PM2.5 estimation models used in the analysis were 
spatial interpolation (inverse distance weighted interpolation), 
the linear mixed effect (LME) model [17, 24], daily 
geographically weighted regression (GWR) [18, 37], 
geographically and temporally weighted regression (GTWR) 
[41, 42], and the geo-intelligent deep belief network 
(Geoi-DBN) [25]. 

The reasons for the selection of these models were as follows. 
First, spatial interpolation is one of the simplest methods 
without the use of remote sensing data, and it can be considered 
as a baseline for the comparison with the remote sensing 
methods. Second, LME, daily GWR, and GTWR are widely 
used for satellite-based estimation of ground PM2.5. Wherein, 
LME often takes the temporal heterogeneity of the AOD-PM2.5 
relationship into account, whereas it is a global model in space. 
This means that the LME model may be less sensitive to the 
distance to the monitoring station. In contrast, GWR uses a 
spatially local regression technique, which is easily influenced 
by the spatial distance to the modeling station. The GTWR 
model is a further development of GWR, with the incorporation 
of temporal dependency. The comparison between the GWR 
and GTWR model validation results can manifest the 
sensitivity to temporal information for the validation 
approaches. Finally, the Geoi-DBN model considers the 
spatiotemporal autocorrelation of PM2.5, and has been reported 

to achieve a state-of-the-art estimation performance. In 
summary, LME is a global spatial model, and the others are 
distance-dependent models. 

C. Results and Analysis 

Firstly, the above PM2.5 estimation models were evaluated by 
the previous validation approaches (as listed in Table II). 
Time-based CV and historical CV were not carried out, because: 
1) the above PM2.5 estimation models which rely on the 
station-based PM2.5 measurements of the estimation time for 
the model establishment are, in principle, unable to be 
evaluated by these two validation approaches; and 2) in this 
paper, we pay more attention to the spatial mapping of PM2.5. 

As shown in Table II, from the sample-based CV to the 
site-based CV, the spatial interpolation, LME, and GWR 
models report a similar performance, indicating that these 
models have a comparable spatial prediction ability with 
overall prediction ability. The explanation for this is that the 
spatial interpolation and GWR models are separately 
established for individual days, and the temporal dependency 
(used in the sample-based CV but not in the site-based CV) is 
not incorporated. Furthermore, the temporal dependency may 
not have great benefits for the time-specific LME model. 
However, with the use of temporal information, the GTWR 
model shows a significant decrease from the sample-based CV 
(R2=0.75) to the site-based CV (R2=0.73), and the Geoi-DBN 
model reports a similar trend.
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TABLE II 

RESULTS WITH THE PREVIOUS VALIDATION APPROACHES 

Model 
Sample-based CV 

 
Site-based CV 

 
Region-based CV 

R2 RMSE 
 

R2 RMSE 
 

R2 RMSE 

Interpolation 0.83 15.99 
 

0.83 15.79 
 

0.46 28.89 

LME 0.55 25.76 
 

0.55 25.80 
 

0.49 27.35 

GWR 0.72 20.46 
 

0.72 20.54 
 

0.50 27.54 

GTWR 0.75 19.53  0.73 20.26  0.53 26.59 

Geoi-DBN 0.88 13.03 
 

0.84 15.39 
 

0.54 26.10 

 
 

 
Fig. 6. Validation results with the proposed SDCV approach. (a) R2, (b) RMSE.

More interestingly, it is surprising to find that the spatial 
interpolation method achieves a much better result than the 
widely used LME, GWR, and GTWR models in the 
sample-based CV and the site-based CV. The reason for this 
could be that the validation stations are very close to the 
modeling stations. The findings indicate that due to the 
closeness of the validation stations and modeling stations, the 
simple spatial interpolation method tends to outperform the 
widely used LME, GWR, and GTWR remote sensing models. 
However, how well the PM2.5 estimation models perform at 
locations with a greater distance to the modeling station needs a 
more complete evaluation. For the region-based CV (which is 
province-based CV here), all the models, except for the LME 
model, report a great decrease in performance compared to the 

sample-based CV and the site-based CV, indicating that the 
performance of the distance-dependent estimation models is 
liable to be overestimated by the widely used sample-based CV 
and site-based CV techniques. Moreover, the spatial 
interpolation method performs worse than the LME, GWR, and 
GTWR models, which is contrary to the results for the 
sample-based CV and the site-based CV. The results show that 
the remote sensing methods show some advantages than the 
spatial interpolation when one province of stations is left for 
model validation. Nevertheless, it is unreasonable to leave one 
province of stations for the model validation, because it is too 
strict compared with the real situation. 

Secondly, to evaluate the above PM2.5 estimation models via 
the proposed SDCV approach, we set distance d  within the 
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bounds of 0–200 km and a step size of 10 km. As can be 
observed in Fig. 6, generally speaking, all the models report a 
downward trend in performance with the increasing distance. 
First, for the spatial interpolation method, it obtains a superior 
result when the distance is 0 km (i.e., site-based CV). The 
performance of the spatial interpolation method then decreases 
dramatically from d=0 km to d=30 km, with the R2 values 
falling from 0.83 to 0.64. The reason for this could be that the 
spatial interpolation method is strongly dependent on the 
nearby monitoring stations. This is then followed by the LME 
model, which exhibits a tardy decreasing trend in model 
performance, with R2 values of 0.55 for 0 km and 0.38 for 
200 km. The possible reason for this is that LME is a global 
spatial model, and is much less sensitive to the spatial distance. 
Subsequently, a notable decrease can be observed in the GWR 
model performance, especially between 0–30 km. This can be 
attributed to the fact that the GWR model establishes the 
AOD-PM2.5 relationship through a spatially local regression 
technique, and is greatly influenced by the distance to the 
modeling station. As with the GWR model, the GTWR model 
reports a consistent decreasing trend. Finally, the Geoi-DBN 
model shows a similar decreasing pattern to the spatial 
interpolation method, for the reason that Geoi-DBN 
incorporates the spatial autocorrelation of PM2.5. 

Furthermore, interesting findings about the comparisons 
between the various models are revealed in Fig. 6. When the 
distance is set as 0 km (i.e., site-based CV), among the above 
models, Geoi-DBN yields the best performance. The spatial 
interpolation method is a close second, with an R2 value being 
0.83 and RMSE being 15.79 μg/m3, respectively, and it notably 
outperforms the LME, GWR, and GTWR models. The results 
indicate that the spatial interpolation method performs better 
than the satellite-based estimation methods (LME, GWR, and 
GTWR) based on conventional site-based CV. However, as the 
distance increases, the LME/GTWR models surpass the spatial 
interpolation method when the distance is ~130/~70 km. As for 
the Geoi-DBN model, it incorporates the spatial autocorrelation 
of PM2.5, and consequently performs better than the spatial 

interpolation method at all the distances. Nevertheless, it 
should be noted that the LME and GTWR models show some 
superiorities over Geoi-DBN when the distance is ~190 km. All 
these results indicate that the proposed SDCV approach is able 
to obtain a more complete evaluation for the PM2.5 estimation 
models. 

D. Discussion 

Compared with the previous validation approaches, the 
proposed SDCV technique shows an improvement by 
considering the unevenness of the station distribution. 
Although SDCV does not allow for spatial heterogeneity, and 
extending the validation law obtained from the monitoring 
stations to the whole space still has limitations, we attempted to 
give the optimal distance within China for consideration. Fig. 
7(a) shows the distribution of the distance to the closest station 
in China, which has a mean value of 134 km and a range of 
0 km to 661 km. In consideration of the randomness in the first 
step of SDCV, 10 repetitive experiments were conducted to 
determinate the optimal distance, and the mean result with 

xd =92 km was used to evaluate the PM2.5 estimation models 

for the whole of China. For the model performance with this 
optimal distance, we refer to the results at d =90 km in Fig. 6, 
where the Geoi-DBN model achieves the best performance 
(R2=0.61), and LME performs the worst. There is also a great 
variation of mean distance (179 km and 55 km, respectively) on 
the two sides of the Hu Line (a.k.a. the Heihe–Tengchong Line) 
[43, 44], which indicates the notably different distance being 
suggested for the two sides (115 km and 20 km, respectively). 
In addition, the optimal distances ( xd ) for the various provinces 

in China were calculated and are shown in Fig. 7(b). Because of 
the sparse and uneven distribution of monitoring stations, 
Qinghai, Tibet, Xinjiang, Gansu, Inner Mongolia, and 
Heilongjiang report larger optimal distances, and they also have 
relatively higher standard deviations, which indicates higher 
instability in the determination of the optimal distance.

 
Fig. 7. Distance analysis for China. (a) Distribution of distance to the closest station in China. (b) The optimal distance for the various provinces. Hong 
Kong, Macau, and Taiwan are excluded from the analysis due to the lack of stations. The red error bar refers to the standard deviation of the multiple 
experiments.
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On the other hand, we also sought to compare the above 
PM2.5 estimation models in terms of the distance distribution in 
Fig. 7(a). For instance, middle China and eastern China almost 
have a distance to the closest station of less than 130 km 
(Contour_130km in Fig. 7(a)), indicating that the spatial 
interpolation information may be more effective for PM2.5 
estimation compared with LME in these regions. Meanwhile, 
the Geoi-DBN model appears better suited to address the PM2.5 
estimation in most other parts of China (distance <190 km, see 
Contour_190km), but it is likely to encounter more challenges 
in the northwest of China, compared with LME and GTWR. 

Due to the high cost of PM2.5 ground stations, the station 
network exhibits a sparse and uneven spatial distribution, 
which brings challenges to the validation of the satellite-based 
PM2.5 estimation models. With the development of PM2.5 
monitors, the intensive observation network [6, 34, 45, 46] may 
provide new solutions for the validation of PM2.5 estimation 
models. First, portable low-cost devices and observation 
vehicles are likely to offer more validation approaches for 
PM2.5 estimation models. For instance, the PM2.5 estimation 
model is established by station observations, and the accuracy 
of the model estimates can be evaluated using portable devices 
and/or observation vehicles. Second, if the station network is to 
be continuously updated, the intensive station network will 
make the validation of PM2.5 estimation models easier. In short, 
the intensive observations and abundance of observations will 
provide new perspectives for the validation of PM2.5 estimation 
models. 

Another issue that needs to be considered is the scale effect. 
The satellite-based AOD data used have a spatial resolution of 
0.1 degrees, indicating that a grid cell (also known as a pixel) 
represents an ~10 km observation of AOD data. Meanwhile, 
the station-based PM2.5 data are point-based measurements. 
Therefore, the spatial scale of the satellite AOD does not match 
that of the station-based PM2.5 measurements. As a previous 
study [34] indicated that the measurements at a ground surface 
site observation are often representative of an area around 
0.5–16 km2. Accordingly, scale variation exists in the 
AOD-based PM2.5 estimates and station-based PM2.5 
measurements. In the AOD-PM2.5 study field, station PM2.5 
measurements are often used to represent a region (e.g., ~10 km 
×10 km here) of PM2.5. As a result, the point-based PM2.5 
measured from one (or multiple) stations are adopted to 
evaluate the accuracy of the PM2.5 estimates in one grid cell. 
Whether it is reasonable to evaluate the grid cell estimates 
using station measurements deserves further study. 

CONCLUSION 

To sum up, several different validation approaches are used 
for satellite-based PM2.5 estimation models, but their applicable 
conditions remain unclear. Hence, one important contribution 
of this study is that we fully analyzed and assessed the existing 
validation approaches, and gave some suggestions as to their 
applicable conditions. Among the existing validation 
approaches, sample-based CV can be used to reflect the overall 
predictive ability; site-based CV and region-based CV have the 
potential to evaluate spatial prediction performance; and 

time-based CV and historical validation are more suitable to 
evaluate temporal prediction accuracy. Furthermore, the 
existing validation approaches do not consider the uneven 
distribution of monitoring stations, which may bring some bias 
for the evaluation of PM2.5 estimation models. A CV-based 
validation approach considering the uneven spatial distribution 
of ground stations (SDCV) was proposed. The results indicated 
that SDCV can obtain a more complete and effective evaluation 
for the popular PM2.5 estimation models than the traditional 
validation approaches. In summary, this study will provide 
application implications and new perspectives for the 
validation of satellite PM2.5 estimation models. 
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