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Global climate changes, particularly extreme weather events, can directly or indirectly
affect freshwater availability and food production, and cause disease outbreaks, floods and
droughts. Therefore, there is an urgent and necessary need to develop advanced climate
simulation and observation approaches and models, especially ones related to extreme
climate events. Advanced climate simulations and observations can improve the accuracy
of climate change predictions and long-term trends, which can mitigate the impacts of
climate events on social and economic development, as well as human lives.

Under these conditions, this Special Issue entitled “Advanced Climate Simulation and
Observation” aims to introduce advanced approaches in climate simulation and observation
for use in various practical studies related to climate variations.

A total of 22 papers have been published in this Special Issue, with 8 original research
articles reporting on climate change.

In their paper, Torsri et al. [1] evaluated the capability of the state-of-the-art atmo-
spheric GCM of the Institute of Atmospheric Physics (IAP-AGCM) in simulating summer
rainfall over Thailand by comparing the model’s results with ground-truth observation
during 1981-2012. It was found that the IAP climate model creditably reproduced the
spatial patterns of the first three dominant modes of summer rainfall in Thailand, and that
the correlation between the observed rainfall anomalies and the Nifio 3.4 index could be
reproduced through the use of the IAP model.

In order to study the sensitivity of meteorological factors in the western Tianshan
Mountain region in China concerning different parameterization schemes of climate models,
Cheng et al. [2] used the regional climate model RegCM4.5 to simulate the meteorological
factor occurring in the western Tianshan Mountain region from 2012 to 2016, to investigate
the effects of different cumulus convective schemes (Grell, Tiedtke and Emanuel). The
results show that different combinations of cumulus convection schemes can improve the
simulation performance of meteorological factors.

Based on Beijing’s air quality index (AQI) and concentration changes of the six major
pollutants from 2019 to 2021, Liu T et al. [3] through descriptive statistics visualized the
results, and the air pollution status and influencing factors of Beijing’s AQI were analyzed
using the ARIMA model and neural network. The results show that PM2.5, PM10 and O3
of the six major pollutants had the greatest impact on the AQI. Meanwhile, the forecast
effect of the neural network model was better than that of the ARIMA model.

Chen et al. [4] proposed a weather radar nowcasting method based on the temporal and
spatial generative adversarial network (TSGAN), which can obtain accurate forecast results,
especially in terms of spatial details, by extracting spatial and temporal features, combining
attention mechanisms, and using a dual-scale generator and a multiscale discriminator.

Using the advanced research version of the weather research and forecasting model
(ARWv3) and a hydrostatic wind speed change equation, Liu et al. [5] assessed the effects
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of four CPSs on a 10 m wind speed simulation over mainland China in the summer of 2003.
The sensitivity of the wind speed simulation to CPSs was found to be the highest in eastern
and southern China, followed by the Tibetan Plateau and then northwest China. In addition,
the main physical processes influencing wind speed varied greatly with subregions.

In their paper, Gulakhmadov A et al. [6] evaluated the applicability of three gridded
datasets in different combinations against observational data for predicting the hydrology
of the Upper Vakhsh River Basin (UVRB) in Central Asia. The water balance components
were computed, the results were calibrated with the SUFI-2 approach using the calibration
of the soil and water assessment tool model (SWAT-CUP) program and the performance of
the model was evaluated. The simulation for the calibration, validation and overall scales
showed an acceptable correlation between the observed and simulated monthly streamflow
for all combination datasets.

Uwamabhoro et al. [7] clarified the precipitation types in two selected catchments by
verifying the influence of accumulated and maximum temperatures on snow melting using
a separation algorithm of rain and snow that incorporated the temperatures. The novel
snow-melting process utilizing the algorithm in the soil and water assessment tool model
(SWAT) was also developed by considering the temperatures.

The paper by Al-Helal et al. [8] shows that a 3 m depth was optimal to bury EAHE
pipes, where the ground temperature was 32 °C in the summer and 29 °C in the winter.
These temperatures would provide a maximum cooling/heating capacity of 1000/890 MJ
day~! for each 1 m® of humid air exhausted from a greenhouse. If the EAHE pipes were
to operate in a closed loop with a greenhouse, the condensation of water vapor in them
would be impossible during the cooling process.

There are six papers in this Special Issue that reported on the impact of climate change
on society and the economy.

The paper by Li et al. [9] examines the decoupling between carbon emissions per capita
and HDI and the welfare output of carbon emissions by using data from 189 countries,
from 1990 to 2019; it also decomposes the drivers of the decoupling index and carbon
emission performance (CEP) in the example countries. The results show that most coun-
tries that achieved strong decoupling had a very high human development, while the
worst case was that a few countries with an extremely low human development achieved
strong decoupling.

Li et al. [10] used panel data from 236 prefecture-level cities in China from 2001 to
2012 to verify the impact of urban population agglomeration on haze pollution and its
mechanism based on a spatial lag model. They found that China’s urban haze pollution
had a significant positive spatial spillover effect, and presented a spatial distribution state
of high-high and low-low agglomeration.

In their paper, Li et al. [11] measured the green innovation efficiency of 30 provinces
in China from 2009 to 2019 using the SBM (slack-based measure) of super efficiency based
on the undesirable output. The results reveal that the green innovation efficiency of the
30 provinces showed a fluctuating upward trend, but that the differences among provinces
were relatively significant.

Based on data of historical floods in 31 provinces and municipalities in China from
2006 to 2018, Chen et al. [12] compared five machine learning methods to predict direct
economic losses. Among them, GBR performed the best, with a goodness-of-fit of 90%. The
results of the data showed that, in China, provinces heavily reliant on agriculture suffered
the most with the proportion of direct economic losses to provincial GDP exceeding 1%..

With a set of panel data released from Hubei and Hunan provinces in China, Liu et al. [13]
adopted the mediating effect model to explore the relationship between rural labor migra-
tion and air pollution caused by agricultural activity in China. They found that the increase
in labor migration had intensified the comprehensive index of air pollution caused by agri-
cultural activity by changing the supply of labor force in the agricultural sector, the budget
line of rural residents, the scale of agricultural production and crop planting structure.
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Abdul-Rahim et al. [14] investigated the environmental Kuznets curve (EKC) for haze
in 31 cities and provinces across China using the spatial data for a period of 15 years, from
2000 to 2014. The results of the GWR model found the spatial variability of each variable
and showed significant spatial heterogeneity in the EKC across regions.

Three papers reported on the impact of climate change on agriculture in this Special Issue.

Miao et al. [15] examined the spatiotemporal pattern of China’s drought conditions
and cropland exposure to droughts under global warming of 1.5 °C and 2 °C, along with the
avoided impacts (as evaluated through the cropland exposure to droughts) when limiting
global warming to 1.5 °C instead of 2 °C. The results suggest that drought conditions could
be alleviated when the projected rise in mean global temperature is limited to 1.5 °C rather
than 2.0 °C. In addition, the total cropland exposure to droughts across China exhibited an
increasing trend in response to the 0.5 °C of additional global warming.

The paper by Shen et al. [16] used beans, the food crop with the largest supply and
demand gap in China, as the research object, and established a panel spatial error model
consisting of multiple indicators of four factors, including the climate environment, eco-
nomic market, human planting behavior and technical development level of 25 provinces
in China, from 2005 to 2019, to explore the impact of climate environmental changes on the
yields of beans.

Tao et al. [17] conducted [CO,] (ambient and enriched up to 500 umol moL 1) and
temperature (ambient and increased by 1.5~2.0 °C)-controlled experiments from 2015 to
2017, as well as in 2020 in two free-air CO, enrichment (FACE) sites. They provide evidence
that SPAD readings are significantly linearly correlated with the rice leaf chlorophyll a
+ b content (chl a + b) and N content, while the relationships are profoundly affected by
elevated [CO; ] and warming.

The impact of climate change on human health was studied in five articles of this
Special Issue.

In their paper, Zhang et al. [18] investigated the impact of air pollutants on the respira-
tory system and its action mechanism by using information on inpatients with respiratory
diseases from two IIIA (highest) hospitals in Wuhan from 2015 to 2019, information on air
pollutants and meteorological data, as well as relevant demographic and economic data in
China. According to the findings, the economic losses caused by PM2.5, PM10, SO,, NO,
and CO exposure totaled USD 454.46 billion, or, approximately, 0.20% of Wuhan’s GDP
in 2019.

In the study by Hao et al. [19], 26 environmental variables, namely, climatic, geograph-
ical and 2 socioeconomic indicators, were collected from regions where MT-ZVL patients
were detected during the period from 2019 to 2021, with the aim of creating 10 ecological
niche models. They found multiple ensemble ecological niche models based on climatic
and environmental variables to be effective at predicting the transmission risk of MT-ZVL
in China.

Based on the core collection of the Web of Science and CNKI databases, Gao et al. [20]
used CiteSpace software to draw and comment on maps of Chinese and English keywords,
publishing times, authors, countries and research institutions concerning the relationship
between air pollution and public health. The results point out that the number of studies on
the relationship between air pollution and health had increased year by year. Meanwhile,
the three areas of sustained pollution exposure, indirect consequences of negative health
effects of air pollution and air pollution and climate change may be the future focus of
the field.

Du et al. [21] used the 2018 China Health and Retirement Longitudinal Study (CHARLS)
project database for their paper. The multivariate linear regression analysis and binomial
logistic regression model were applied to detect the impact of the subjective evaluation of
air quality on QOL. The results show that there is a significant positive correlation between
the subjective evaluation of air quality and the two dimensions of QOL.

In the paper by Gao et al. [22], a penalized distributed lag nonlinear model was applied
to explore the influence of meteorological factors on the PTB incidence in Xinjiang from
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2004 to 2019. Moreover, they firstly used a comprehensive index (apparent temperature,
AT) to access the impact of multiple meteorological factors on the incidence of PTB. Overall,
it was indicated that environments with low air temperature, suitable relative humidity and
wind speed were more conducive to the transmission of PTB, and low AT was significantly
associated with an increased risk of PTB in Xinjiang.
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Abstract: Thailand is located in the Southeast Asian region, where the summer rainfall exhibits
strong interannual variability, and the successful simulation of rainfall variation in Thailand by
current climate models remains a challenge. Therefore, this paper evaluates the capability of the
state-of-the-art Atmospheric GCM of the Institute of Atmospheric Physics (IAP-AGCM) in simulating
summer rainfall over Thailand by comparing the model’s results with ground-truth observation
during 1981-2012. Generally, the model shows a certain skill in reproducing the observed spatial
distribution of the summer rainfall climatology and its interannual variability over Thailand, although
the model underestimated both rainfall amount and its variability. Using Empirical Orthogonal
Function (EOF) analysis, it is found that the IAP climate model reproduced creditably the spatial
patterns of the first three dominant modes of summer rainfall in Thailand, whereas it underestimated
the explained variance of the observed EOF-1 and overestimated the explained variance of the
observed EOF-2 significantly. It was further found that the correlation between the observed rainfall
anomalies in Thailand and the Nifi03.4 index can be reproduced by the IAP model. However, the
observed negative correlation is largely underestimated by the IAP climate model, and this could
be the reason for the underestimation of explained variance of the EOF-1 by the IAP model. The
evaluation results would be of great importance for further model improvement and thus potential
application in seasonal prediction in the region.

Keywords: model evaluation; rainfall simulation; interannual variation; IAP-AGCM; Thailand

1. Introduction

With the advances in scientific understanding and improvements in computing capa-
bilities, the current general circulation models (GCMs) have involved many components
of the Earth system and can be used for long-term simulations, ranging from seasons to
decades, of historical climate and projection of future climate change [1]. These GCMs
have been widely applied in climate studies and for seasonal climate forecasts from the
global scale to the regional scale, and have been improved not only in spatial and vertical
resolution but also in parameterizations, to obtain a better representation of the different
processes within climate and earth system [2]. However, before adopting one specific
model for the simulation and prediction of climate anomalies or hydro-meteorological
disasters in any region, we need to first verify the model’s performance in the region [3]. It
is also essential to identify the model’s systematic biases and the possible reasons for these
biases, so that we can know the direction for further model improvement [4], as well as
bias correction for better model applications.
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Given the need for an enhanced understanding of rainfall variation and its impacts
on societies and ecology, many studies have attempted to develop GCMs to provide this
important information in advance in different time scales [1,2]. However, applying different
climate models for a region could yield different results, as demonstrated by Li et al. [5],
when evaluating the performance of GCMs in reproducing rainfall patterns over the Asian—
Australian monsoon region. Following their results, it was found that climate models can
generally reproduce the observed rainfall patterns over Southeast Asia (SEA) region, but
still overestimated its intensity. It is also reported that rainfall climatology over the SEA
region is still difficult to be simulated by an individual GCM, but can be improved when a
multi-model ensemble approach is employed [6]. Furthermore, the skill of climate models
in estimating rainfall over an area is also dependent upon the sea surface temperature
(SST) specified during the model integration [7]. Besides, many efforts have been made
to improve the model performance by increasing the GCM’s resolution [8]. Based on the
improved high-resolution GCM outputs (20-50 km) that participated in the Coupled Model
Intercomparison Project Phase 6 (CMIP6) [9], it was found that monsoon onset and rainfall
climatology over the SEA can be simulated better than that of its original resolution [10].
Moreover, applying a bias correction method to a GCM output can also yield more realistic
results than its original output [11]. However, model bias in rainfall simulation exhibits
spatial variations, depending on the area and model configuration [7,11-13]; therefore,
a systematic model evaluation is important before applying the climate model in the
study region.

In Thailand, summer rainfall exhibits strong interannual variation; hence, it is exposed
to frequent floods and drought conditions, leading to adverse impacts on many sectors (e.g.,
agriculture and economy) [14,15]. For instance, the 2011 flood was particularly severe as a
result of record-breaking rainfall extremes that caused huge economic losses, estimated at
30 billion USD [16]. In turn, Khadka et al. [17] showed that devastating drought events occur
every 6 years in the northeastern part of Thailand, with a notable impact on the agricultural
sector. Moreover, summer rainfall in Thailand is largely influenced by the interannual
variation in SST anomalies (SSTA) over the tropical Pacific Ocean (ENSO events) [15,18],
which serves as a predictor of summer rainfall in the country [19-21]. Nonetheless, strong
ENSO events are linked to summer rainfall extremes, as in the case that triggered the
2011 devastating flood event over Thailand [19]. Therefore, monthly and seasonal climate
predictions are important for guidance in managing risks in the water resources of the
country. During the past decade, the capability of dynamical regional climate models in
reproducing rainfall characteristics has also been examined for Thailand [22,23]. Based on
the previous studies, the simulation of rainfall characteristics in Thailand has remained
a challenge, which could be largely ascribed to the complexity of the topography of the
country [22,23], in addition to the inability of the models to reproduce the driving impact of
ENSO events on summer rainfall [24-26]. Meanwhile, the model performance in simulating
the rainfall characteristics is shown to be spatially and seasonally different [23] and was
also dependent on the model’s physics parameterizations [22]. Hence, before applying any
climate model for the climate simulation and prediction in a region, the behavior of the
model in reproducing its historical climate variation must be evaluated first.

The atmospheric component of the Chinese Academy of Sciences—Earth System Model
(CAS-ESM), the IAP-AGCM (Atmospheric GCM of the Institute of Atmospheric Physics,
Chinese Academy of Sciences), has been widely applied for climate simulation and pre-
diction studies over different parts of the world [27-31]. For example, it is found that the
model can reproduce the observed relationship between the summer rainfall anomalies
in East Asia and the East Asian subtropical western jet [30], and has shown promising
applications for extreme event simulation and prediction over mid-latitude regions, partic-
ularly in China [27,29]. For the tropical region, it also shows good skills in the simulation
of temperature and rainfall variations in West Africa [28]. In an attempt to apply the
IAP climate model for a climate simulation and future climate change projection study,
it is imperative to understand whether the IAP model can reproduce the observed char-
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acteristics of summer rainfall over Thailand. Moreover, for the potential application of
the IAP climate model in the seasonal prediction for disaster management in Thailand,
it is very important to understand whether the IAP model can reproduce the observed
relationship between ENSO and summer rainfall anomalies in the region, as ENSO has
already been identified as the key driver and predictor for summer rainfall anomalies in
Thailand [19-21,32]. Furthermore, it is also interesting to understand how the model’s
capability in reproducing the ENSO and summer rainfall relationship can be linked to the
model’s capability in simulating the observed rainfall variation in the country. The rest of
the paper is organized as follows: a brief description of the IAP climate model, study region,
data, and analytical method used are explained in Section 2; the results are presented in
Section 3; and the discussion and conclusions are summarized in Section 4.

2. Model Description, Study Region, Data, and Methods
2.1. Model Description and Experimental Setup

The model used in this study is IAP-AGCM version 4.1 (IAP-AGCM4.1), with a
horizontal resolution of about 1.4° x 1.4° and with 30 vertical levels, and the model top is
at 2.2 hPa. Its dynamic core is formulated based on the transformed velocity as the control
variable of air motion by the finite-difference method [33]. The model was originally
developed based on a two-level atmospheric general climate model [34] and has been
continually improved in its dynamic core, parametrizations, and adding a more realistic
view of Earth’s complexity in later versions [35-38].

The model uses a finite-difference scheme with a terrain-following sigma vertical coor-
dinate [39]. The model grid system is built from a two-dimensional horizontal staggered
Arakawa C-grid [40]. Formulation of the governing equations and the finite-difference
schemes of the current IAP-AGCM version is based on the baroclinic primitive equations
with subtraction of the standard stratification and conserves the total available energy,
which is a summation of kinetic energy, the available potential energy, and the available
surface potential energy rather than total energy. Compared to its previous version, IAP-
AGCMA4.1 incorporates the more advanced physics parameterizations from the Community
Atmosphere Model version 5 (CAMS5) physics packages. A general evaluation of IAP-
AGCM4.1 was done by Zhang et al. [33] and the model shows a reasonable performance.

An Atmospheric Model Intercomparison Project (AMIP)-type global simulation with
IAP-AGCM4.1 was performed for the 1978-2012 period, which is driven by observed
SST and sea-ice from the Hadley Centre Sea Ice and Sea Surface Temperature dataset
(HadISST) [41]. The greenhouse gas concentrations, anthropogenic aerosol, and precursor
gas emissions from the Coupled Model Intercomparison Project Phase 5 (CMIP5) [1]
were applied during the simulation, which varies from year to year. The simulation was
initialized from a former 10-year AMIP-like simulation forced by the observed climatology
of the SST and sea ice concentration. The last 32 years (1981-2012) of the model’s results
were used for the analysis, by discarding the first 3 years (1978-1980) as a spin-up period.

2.2. Study Region, Observation Data, and Model Evaluation Methods

Located in the SEA region, Thailand is significantly affected by the Asia monsoon
system, with abundant rainfall recorded in the summer season, as well as a strong inter-
annual variability of rainfall in the summer season. Meanwhile, the climate pattern over
Thailand can be divided into five distinct sub-regions, namely, Central, Eastern, Northeast-
ern, Northern, and Southern (see Figure 1), by which the first four sub-regions (i.e., the
North, Northeast, Central, and East) may be aggregately called Upper Thailand [42].

As seen in Figure 1, the geography of Thailand is quite different, in which the Northern
part is mostly characterized by hilly and mountainous terrain. Meanwhile, the Northeast-
ern part of Thailand is dominated by a high land plain, generally called the northeast
plateau. For the Central part, the sub-region is mostly a low-level large plain area, with
a mountainous range extending from the northern sub-region to the western part of the
Central sub-region. In the Eastern part, most of the sub-region is plain land and valleys with
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small hills in its northern, central, and eastern parts, while its southern and southwestern
parts are adjacent to the Gulf of Thailand. Whereas the Southern part of Thailand is a
peninsula with the Andaman Sea adjacent to its western part, and the South China Sea in
its eastern part.
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Figure 1. Spatial distribution of the Thai Meteorological Department’s rainfall stations (black dots)
used in this study. The red line represents the border of Thailand and its five sub-regions (i.e., the
North, Northeast, Central, East, and South), superimposed on the terrain elevation obtained from the
30-m Shuttle Radar Topography Mission (SRTM) elevation data.

In this study, rain gauge observations from 69 stations of the Thai Meteorological
Department (TMD), covering the period of 1981 to 2012, were used for model evaluation.
Originally, we obtained daily rainfall datasets for 120 rain gauge stations from the TMD.
However, after general quality checks (e.g., negative rainfall, missing values, and length
of data record), only 69 stations” data have a long-historical record from 1981 to 2012. The
selected 69 stations contain at least 80% of the observed daily rainfall (i.e., less than 20%
missing values). The spatial distribution of the selected TMD stations is depicted in Figure 1.
As seen, there is a relatively high density of TMD stations distributed across Thailand,
consisting of 19 stations in the North, 18 stations in the Northeast, 12 stations in the Central,
9 stations in the East, and the rest in the South.

As summer is the rainy season in Thailand, the simulated summer (June-July—August;
JJA) rainfall by the IAP climate model was examined. Besides the summer mean and
the variability, we also investigated the model’s capability in reproducing the spatial—
temporal variation in the observed rainfall in Thailand using the Empirical Orthogonal
Function (EOF) analysis, which is one of the most popular and widely used methods
to characterize the important features of the climate variables [43-46]. Meanwhile, the
temporal correlation coefficient (TCC), as well as pattern correlation coefficients (PCC)
between the observation and the model simulation, were also computed for comparison,
following Equations (1) and (2), respectively.

N (TMD — TMD) (IAP — IAP)

1
T =
cC N-1 ; SD1Mmp SDiap

@
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M (TMD — TMD) (IAP — TAP)

1
PCC =
M-1 1; SDrvp SDiap

@

where SD is the standard deviation of the observation (TMD) and simulation (IAP) over
time (t) space for TCC (N is the number of years) and grid space (i) for PCC (M is the
number of grid cells).

To quantify the error statistics between the observation and simulation, the monthly
gridded rainfall based on the 69 TMD stations’ data was constructed with a 0.5° x 0.5°
latitude/longitude resolution, via an iterative objective analysis [47]. Meanwhile, the simu-
lated monthly rainfall was bi-linearly interpolated into a 0.5°-grid resolution to facilitate its
comparison with the observation.

Moreover, regional statistics are herein provided for the aforementioned five sub-
regions of Thailand (see Figure 1). Note that to obtain a regional daily or monthly time
series, daily or monthly values from all stations or the grid cells in a sub-region were firstly
aggregated and averaged.

3. Results
3.1. Climatological Distribution of Summer Rainfall

Figure 2a shows the 32-year mean of the observed summer rainfall over Thailand.
Essentially, the seasonal rainfall shows a strong spatial variation in the sub-regions. For
instance, in Northern Thailand, the average rainfall intensity ranges between 2.0 and
10.0 mm day*l in the summer season over the sub-region. However, a lower rainfall
intensity (<4.0 mm day~!) is observed in the narrow part of Central and a small part of
Southern Thailand. Meanwhile, the highest intensity of the summer rainfall is found in
Upper Thailand and some parts of the Southern sub-region (>10.0 mm day~!). Nonetheless,
Figure 2a further suggests that rainfall distribution in the center of the upper part of
Thailand is largely homogeneous, with a magnitude of about 6.0 mm dayfl.

15°N

10°N

. — 5°N —— T

100° E 105° E 100° E 105°E
B | I mday

2 4 6 8 10

Figure 2. Spatial distribution of summer rainfall (mm day ') over Thailand averaged over 1981-2012:
(a) observed; (b) simulated by the IAP AGCM4.1.
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Furthermore, it is observed that during the summer season, the narrow end of Central
Thailand experiences a drier condition relative to other parts of the sub-region, while
a wetter condition is observed in the east, northeast, and western part of Central Thai-
land, and some parts of Southern Thailand. Notably, the foregoing demonstrates that
the magnitude of rainfall in the Eastern sub-region and west coast of Southern Thailand
are similar, perhaps because of their proximity to the Gulf of Thailand and the Andaman
Sea, respectively. Meanwhile, a drier summer is observed on the southeast coast of South-
ern Thailand, with a rainfall intensity of less than 6.0 mm dayfl. Therefore, during the
summer season, Southern Thailand is remarkably characterized by dry conditions on its
east coast and wet conditions on its west coast area. This is consistent with the findings
of Wang et al. [48], which also demonstrated that a high rainfall intensity occurs on the
southwest coast during the summer season. The authors further suggest that, in July,
heavy rainfall is centered northward around 10° N, which is associated with the seasonal
migration of the intertropical convergence zone (ITCZ) [48].

Figure 2b depicts the spatial distribution of the 32-year mean of the simulated sum-
mer rainfall as simulated by the IAP model. Interestingly, similar to the observation, the
model simulated summer rainfall with an intensity of 10.0 mm day~'. As compared to the
observation, the model reproduced largely the spatial patterns of rainfall distribution in
the Northern part, Northeast, Central, East, and Southern parts of Thailand with PCC of
0.10, 0.07, 0.34, 0.44, and 0.33, respectively. This indicates that the spatial distribution of the
simulated rainfall pattern suggests that the intensity varies depending on the sub-region
(Figure 2b). In general, the model shows better performance in reproducing the spatial
distribution pattern of observed rainfall intensity in areas where the rainfall intensity is
6.0 mm day !, especially on the Central and east coast of Southern Thailand. However,
in some sub-regions, the model could not reproduce the magnitude of the observed rain-
fall intensity but the model captured, to a considerable extent, the magnitude and the
spatial distribution of rainfall intensity in the drier and moderate sub-regions. In turn,
it underestimated the magnitude of the rainfall intensity in the wetter sub-regions (see,
Figure 2b).

Furthermore, we show in Figure 3 the overall performance of the model in reproducing
the average summer rainfall in each sub-region. It was found that the model seems to
underestimate the summer rainfall, with a mean bias of —1.24 mm day~! (Figure 3a).
However, the dry bias is seemingly apparent in the Eastern part of Thailand and other areas
characterized by mountainous terrain (Figure 3c—f), with bias = —3.65, —1.45, —0.14, and
—1.75 mm day*1 for the East, Northeast, North, and the South, respectively. Although
the IAP model seems to overestimate and underestimate the summer rainfall intensity in
the Central and Northern parts of Thailand, respectively, the magnitude of the difference
between the model and the observation is relatively small, with a magnitude between
0.49 and —0.14 mm dayfl. Therefore, it can be inferred that the models performed better
in simulating the magnitude of summer rainfall in the Central and Northern parts of
Thailand. Meanwhile, we speculate that the model’s gross underestimation of the summer
rainfall intensity over the Eastern part of Thailand may be related to its proximity to the
Gulf of Thailand, where local impacts induced by the sea breeze process could be an
important factor controlling the local and sub-regional rainfall intensity [49-51]. Moreover,
it has been noted that global climate models find it difficult to resolve rainfall processes
in areas smaller than their grid cell, especially in coastal regions affected by a range
of physical processes [52-54]. Interestingly, Feng et al. [55] noted that the considerable
systematic underestimation of summer rainfall over Thailand is one of the limitations of
GCMs. Despite a significant improvement in CMIP6, a satisfactory accuracy of the rainfall
simulations over a region is still a challenge for the GCM models [12].
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Figure 3. The box-whisker plots show the maximum, minimum, mean, lower quartile, upper
quartile, and median of the observed and simulated rainfall over the 32-year period (1981-2012) for
(a) Thailand, (b) Central, (c) East, (d) Northeast, (e) North, and (f) South. Numbers in parenthesis
present the bias between the mean of the observed and simulated rainfall.

3.2. Distribution of Interannual Variability of Summer Rainfall

Figure 4a shows the observed standard deviation (SD) that is commonly used to
represent the interannual variability in rainfall. Notably, it is observed that the summer
season rainfall variability is higher than 2.0 mm day_1 in most parts of Thailand, ex-
cept in the Central part where the variability of the summer rainfall is relatively small
(SD < 2.0 mm dayfl). However, it was found that higher rainfall variability, with SD
greater than 3.5 mm day !, occurs in the upper part of the Northern, the fringes of the
Northeast, the narrow tip of the East, and the west coast of the Southern sub-regions. In
addition, a high summer rainfall variability is also observed in the western part of Central
Thailand close to the mountainous areas, adjacent to Myanmar, whereas on the east coast of
Southern Thailand, a lower rainfall variability, with SD less than 2.0 mm day ! is observed.
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Figure 4. Spatial pattern of the standard deviation of summer rainfall (mm day~') over Thailand
during 1981-2012: (a) observed; (b) simulated by IAP AGCM4.1.
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As compared to the observation, the model’s capability in reproducing the spatial
pattern of the observed variability is also largely dependent on the sub-region (Figure 4b).
Overall, the model shows better performance in reproducing the spatial pattern of the
rainfall variability in Central Thailand and followed by the Eastern and Southern parts,
with a PCC equal to 0.70, 0.64, and 0.59, respectively. Additionally, it also was found
that the IAP model reproduced to a reasonable extent the spatial pattern of the observed
rainfall variability in Northeastern Thailand, with the PCC = 0.47, and fails to capture the
spatial pattern of the observed rainfall variability over Northern Thailand, with a PCC
less than 0.05. It is imperative to note that the IAP model underestimated the magnitude
of the summer rainfall variability in some parts of Thailand where the SD is greater than
3.0 mm day~!, except in the western part of Central Thailand, where the simulated SD
matches the observation. In fact, the model shows a good agreement with the observation
in reproducing rainfall variability in some portions of Central, Northern, Northeast, and
Southern Thailand. Moreover, the spatial pattern suggests that the model captured to
a certain extent the distribution of the dry and wet zone on the east and west coasts of
Southern Thailand.

3.3. Dominant Modes of Summer Rainfall and Their Variations

Next, we present comparatively the spatial-temporal variation of the simulated and
observed dominant modes of summer rainfall over Thailand. Figure 5 shows the first
three EOF modes of the observed summer rainfall and their corresponding IAP model
simulated EOF modes. Essentially, Figure 5a—c indicates that the first EOF (EOF-1) and the
second EOF (EOF-2) modes account for 23.1% and 20.7% of the total variance, respectively
while 10.2% is accounted for by the third EOF (EOF-3). Moreover, it was found that the
observed EOF-1 exhibits a dipolar structure, with a reverse signal in rainfall pattern in
Central Thailand and elsewhere. It was also observed that the explained variances of the
first two dominant modes are nearly equal, indicating these two dominant modes are
equally important for rainfall variation patterns in Thailand. However, the EOF-2 exhibits
a uniform pattern in most parts of Thailand. Whereas, the EOF-3 exhibits a dipolar mode
with opposite rainfall signs in the northeast and elsewhere in Thailand.

Figure 5d indicates that the simulated summer rainfall EOF-1 mode is found to be
relatively uniform and accounts for 76.7% of the total variance. Meanwhile, EOF-2 and
EOF-3 exhibit a dipole structure that accounts only for 10.8%, and 3.4%, respectively,
of the total variance (Figure 5d—f). As compared to the corresponding EOF mode of
the observation, it can be found that the IAP model seems not to reproduce the spatial
pattern of its corresponding observed EOF modes for the first two dominant patterns, with
PCC = 0.05 for the EOF-1 and PCC = 0.15 for EOF-2. Remarkably, the spatial pattern of the
simulated EOF-1 and observed EOF-2 show relatively similar patterns (see Figure 5b,d).
This suggests that there is a shift in the simulated EOF models, such that the model
reproduced the observed EOF-1 in its EOF-2 mode, as shown in Figure 5a,e, with the
PCC = 0.25. Besides, the spatial pattern of the observed EOF-3 is similar to the simulated
EOF-3 mode, with the PC = 0.22. Hence, we infer that the model can reproduce the spatial
structures of the observed dominant EOF modes of summer rainfall over Thailand, albeit
with the overestimation and underestimation of the observed explained variance of EOF-1
and EOF-2 respectively.

Furthermore, we examined the temporal variation in the observed dominant modes
of the summer rainfall (Figure 6a—c; red lines). The PC-1 and PC-2 suggest that after the
1990s, the summer rainfall of Thailand exhibited strong interannual variation (Figure 6a,b),
while PC-3 shows variation at a longer time scale (Figure 6¢). Notably, the variation in
SST anomalies (SSTA) in the tropical Pacific Ocean (ENSO event) plays an important
role in controlling rainfall variability over Asia [56]. Hence, we further demonstrate the
relationship between summer rainfall variation in Thailand and the ENSO index, the so-
called Oceanic Nifio Index (ONI) [57,58]. Meanwhile, the index is computed based on the
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variations in the 3-month running means of SST in the east-central tropical Pacific region
defined as Nifio3.4 [57].
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Figure 5. Spatial distribution of the first three dominant EOF modes of summer rainfall over Thailand
during 1981-2012: (a—c) observed; (d—f) IAP-AGCM4.1 simulation. Numbers in parenthesis indicate
the explained variance.

The results show that the first two dominant PC time series of the observed rainfall
are significantly correlated with ENSO, such that the temporal variation of EOF-1 shows
a positive correlation with SSTA in the Nino3.4 region, with the TCC = 0.31 (statistically
significant at 90% confidence level), while the observed PC-2 variation shows a negative
correlation with the ENSO index (TCC = —0.43, statistically significant at 95% confidence
level). This suggests that SSTA over the Nifi03.4 region influences summer rainfall variation
in Thailand. Moreover, many studies have revealed the inverse relationship between ENSO
and Asian summer monsoon rainfall variation, such that drier conditions are experienced
in an ENSO warm phase and wet conditions are recorded as a response to the ENSO
cold phase [56]. This interannual variation pattern is found between summer rainfall and
the ENSO episodes over Thailand, consistent with the findings of [18]. Furthermore, this
relationship seems to be more pronounced during extreme rainfall events in the country [18].
The foregoing shows that the first two dominant EOF modes of the summer rainfall and
their PC time series are largely influenced by the interannual variation in SSTA in the
Nifio3.4 region.

As compared to the observation, the simulated PC time series of the first three EOF
modes also show strong interannual variation. However, the PC time series did not match
well with their corresponding observed PC modes, with the TCC = 0.18, 0.09, and 0.12 for
PC-1, PC-2, and PC-3, respectively. As indicated in Figure 5, the observed EOF-1 and
the simulated EOF-2 exhibit relatively similar patterns and vice versa for the observed
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EOF-2 and the simulated EOF-1. Hence, we compared the TCC between the observed
PC-1 and simulated PC-2 and vice versa. The results show that the observed PC-1 and the
simulated PC-2 are similar, with the TCC equal to 0.25 (Figure 7a), which is higher than the
TCC obtained when compared with their corresponding PC time series directly. A better
relationship is obtained for the observed PC-2 and simulated PC-1, with the TCC equal
to 0.44 (Figure 7b). This thus demonstrates that the model can reproduce the spatial and
temporal pattern of the observed dominant EOF modes of summer rainfall over Thailand.
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Figure 6. PC time series for the first three dominant modes of observed (solid red line) and IAP-
AGCM simulated (Dotted black line) summer rainfall over Thailand during 1981-2012 for (a) EOF-1,
(b) EOF-2, and (c) EOF-3, together with the ONI value (solid blue line). The first TCC value in
parenthesis indicates the correlation coefficient between TMD and IAP, while the second value is for
the coefficient between TMD and ONI. A single asterisk (*) indicates significance at p < 0.05, while
double asterisks (**) is for significance at p < 0.10.
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Figure 7. PC time series for shifting modes of the observed (solid red line) and IAP-AGCM simulated
(dotted black line) summer rainfall over Thailand during 19812012 for (a) TMD PC-1 versus IAP
PC-2 and (b) TMD PC-2 versus IAP PC-2. A single asterisk (*) at the TCC value indicates significance
atp <0.05.
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3.4. Relationship between ENSO and Summer Rainfall over Thailand

It is suggested that there is a significant negative relationship between summer rainfall
over Thailand and the variation in SSTA in the east-central tropical Pacific Ocean [18].
Given that the study used only a few rain-gauge stations located only in the Central part of
Thailand, it is, therefore, fair to state that the spatial-temporal variation in summer rainfall
over Thailand in response to the variability of ENSO is not well understood. Hence, we
re-examined the relationship between ENSO and the variation in summer rainfall in each
sub-region of Thailand, using the 69 TMD rainfall stations (see Figure 1). Furthermore, we
also investigated whether the model simulation can be ascribed to the model’s response to
SSTA in the east-central tropical Pacific region. Hence, the Nifi03.4 index was computed
using observed SST data, which were also used to force the model simulation. The SST
data were further used to calculate the relationship between the Nifi03.4 index and summer
rainfall anomalies in Thailand for both observation and model simulation. Note that the
linear trend in the SST anomaly was removed before calculating the TCC between the
rainfall time series and the Nino3.4 SSTA.

Figure 8a shows the spatial distribution of TCC between the Nifi03.4 SSTA and ob-
served summer rainfall anomalies in Thailand. It was found that indeed the rainfall
variation in Thailand is negatively correlated with the ENSO in most parts of Thailand.
Moreover, the results indicate that rainfall anomalies in upper Thailand are significantly
and inversely correlated with the Nifio3.4 index, with a TCC of about —0.4, especially in the
Central, East, and Northern parts of Thailand. Besides the negative response of the rainfall
to the ENSO signal, a positive correlation (TCC < 0.2) can also be found in the extremities
of the Northeast and western part of Central Thailand, adjacent to Myanmar’s border.
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Figure 8. Temporal correlation coefficient (TCC) between (a) the detrended anomalies of the observed
summer rainfall and sea surface temperature anomalies (SSTA) in the Nifo3.4 region during the
1981-2012 period, and (b) the same, but for the simulated rainfall and the SSTA in the Nifio3.4 region.
Dotted regions indicate a significant correlation at the 90% level.

Interestingly, the model can well reproduce the spatial distribution of the observed
relationship between the Nifio3.4 index and summer rainfall over Thailand (Figure 8b).
Although the spatial pattern of the observed relationship between the summer rainfall
and Nino3.4 index is significant in most parts of Thailand (at 99% significance levels),
the simulated summer rainfall response to the ENSO is relatively weak (at TCC < 0.2)
in most parts of Thailand, but the negative response of rainfall anomalies at the tip of
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the Southern sub-region to the ENSO is well reproduced by the model. The weaker
correlation between the summer rainfall anomalies and the ENSO signal in IAP-AGCM4.1
can be ascribed to the fact that atmosphere—ocean coupling process is not considered in the
atmospheric general circulation model used in this study [28], and it is further suggested
that this underestimation could be the main reason for the underestimation of the explained
variance in EOF-1 by the IAP model.

4. Discussion and Conclusions

This study evaluates the performance of the IAP atmospheric general circulation model
version 4.1 (IAP-AGCM4.1) in simulating summer rainfall variation over Thailand using
the model’s AMIP simulation results for the 1981-2012 period. Specifically, in comparison
with the observed TMD station-gauge rainfall data, we focused on the model’s capability
in reproducing the observed summer rainfall distribution, interannual variabilities, and the
spatial-temporal variation for the 32-year period. To facilitate comparison, the observed
and simulated rainfall datasets were interpolated into the same spatial resolution, and
regional statistics were considered for five of Thailand’s sub-regions, namely, Central, East,
Northeast, North, and Southern Thailand. Moreover, this study evaluated the similarity
between the model and the observation using the temporal correlation coefficient (TCC)
and pattern correlation coefficient (PCC). The spatial-temporal variation of the simulated
rainfall was computed using the EOF analysis and then compared with the observed
dominant modes of summer rainfall over Thailand. In addition, this study also examined
the capability of IAP-AGCM4.1 in reproducing the observed summer rainfall response to
the SSTA in the Nifi03.4 region.

Results reveal that the model can reasonably reproduce the observed spatial distri-
bution of summer rainfall over Thailand, with a better performance in the Northern and
Central parts of Thailand. However, the model seems to underestimate the observed rain-
fall in some parts of Thailand, except in Central Thailand where the model overestimated
the observed summer rainfall by 0.5 mm day~!. Furthermore, it is also found that the
IAP-AGCM4.1 can reproduce the observed spatial distribution of interannual variability
in summer rainfall, with better performance in Central, Eastern, and Southern Thailand.
However, the low performance of the model in the northern and east coasts of Thailand
can also be found, which could be related to the inability of the model in resolving rainfall
processes over mountainous terrain because of its horizontal resolution [59,60], especially
in the high mountainous areas of the Northern sub-region and upland high plateau in the
Northeastern sub-region. A higher resolution IAP model is expected to capture the spatial
distribution of summer rainfall in these mountainous areas.

Furthermore, it was found that the observed EOF-1 and EOF-2 account for about 23.1%
and 20.7% of the total EOF variance. As such, the EOF-1 and EOF-2 are the most important
dominant modes of summer rainfall over Thailand. The spatial pattern of the observed
EOF-1 exhibit a dipole mode with an opposite rainfall sign mostly in Central Thailand and
elsewhere in Thailand, while the EOF-2 exhibits a uniform pattern, which is found to be the
dominant mode that is significantly associated with the ENSO. Interestingly, the simulated
EOF-1 exhibits a similar pattern to the observed EOF-2, and vice versa for the simulated
EOF-2 and the observed EOF-1. Furthermore, the TCC between the observed PC-1 and
simulated PC-2 as well as the observed PC-2 and the simulated PC-1 is higher than the
TCC obtained when they are directly compared with their corresponding PC time series.
Hence, we infer that the IAP model can reproduce the observed dominant EOF modes of
summer rainfall over Thailand, albeit with some level of overestimation of the observed
EOF-1 loading.

Based on observation datasets, it was found that the observed summer rainfall over
Thailand is negatively associated with SSTA in the Nifo3.4 region, with the highest signifi-
cant correlation of about 0.4 (in absolute terms) found in the Northern, Central, some parts
of the Northeastern, and the Eastern sub-regions. The IAP model also captured the spatial
pattern of the summer rainfall response to the ENSO signal, but with a certain degree of
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underestimation when compared with the observation. It is further suggested that the
simulated weak response of summer rainfall to the ENSO signal in the model could be the
main reason for the underestimation of explained variance of EOF-1 by IAP-AGCM4.1,
and later versions of the IAP-coupled climate system model may improve the model’s
performance over Thailand through a consideration of a robust atmosphere—ocean cou-
pling processes. Therefore, further efforts are required to assess the performance of the IAP
atmosphere—ocean coupled model in simulating summer rainfall variations over Thailand,
as well as the associated air-sea interaction processes.

It is noteworthy that we only evaluated the relationship between ENSO and summer
rainfall in Thailand as simulated in IAP-AGCM in this study. However, previous studies
have shown that the SSTA over the Indian Ocean can also influence the summer rainfall
anomalies over Thailand to a certain extent [19,32,61], so the model’s simulated response of
summer rainfall to the Indian Ocean SST anomalies is subject to further verification in future
studies, which could be helpful for the further model improvement. Furthermore, besides
the model evaluation method and metrics used in this study, many other comprehensive
statistical metrics have already been proposed [62,63]. Further climate model assessment
with a combination of current and newly developed metrics will be needed, and this will
be of great importance for better application of the climate model simulations and thus
better seasonal disaster predictions over Thailand and the Southeast Asia region.
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Abstract: The western Tianshan Mountains region in China has a complex topography where basins,
mountains and glaciers co-exist. It is of great significance to study the sensitivity of meteorological
factors in this region to different parameterization schemes of climate models. In this paper, the
regional climate model RegCM4.5 is used to simulate the meteorological factor (mean temperature,
maximum temperature, minimum temperature, precipitation and wind speed) occurring in the
western Tianshan Mountains region from 2012 to 2016, so as to investigate the effects of different
cumulus convective schemes (Grell, Tiedtke and Emanuel), including land cumulus convective
schemes (LCCs) and ocean convective schemes (OCCs) on annual and seasonal simulations of
meteorological factor by using the schemes of RUN1 (Grell for LCC and Tiedtke for OCC), RUN2
(Tiedtke for LCC and Emanuel for OCC), RUN3 (Grell for LCC and Emanuel for OCC) and ENS (the
ensemble of RUN1, RUN2 and RUNS3). The results show that the simulations of annual and seasonal
meteorological factors are not significantly sensitive to the combination of LCCs and OCCs. In the
annual simulations, RUN2 scheme has the best simulation performance for the maximum, average
and minimum temperatures. However, other schemes of precipitation simulation outperform RUN2
scheme, and there is no difference among the four schemes for wind speed simulation. In the
seasonal simulations, RUN2 scheme still performs well in the simulation of the average, maximum
and minimum temperatures for four seasons, except for the simulation of the average temperature
in spring and summer. For the simulation of the maximum temperature in summer, RUN2 scheme
performs the same as ENS. For the simulation of other seasons, different meteorological factors have
different performances in four seasons. Overall, the results show that different combinations of
cumulus convection schemes can improve the simulation performance of meteorological factors in
the western Tianshan Mountains of Xinjiang.

Keywords: regional climate model; RegCM4.5; western Tianshan Mountains; parameterization scheme

1. Introduction

Located in the hinterland of Eurasia, Xinjiang is the largest province with the longest
border line and the largest number of neighbors in China, and it has become the most
convenient access to Central Asia from the Chinese mainland. It is a very important region
in Asia. Xinjiang has a temperate continental climate, characterized by large temperature
differences and abundant sunshine, but little precipitation and a dry climate. The presence
of Tianshan Mountains divides Xinjiang into two parts: the north and the south. The
complex topography of western Tianshan Mountains in Xinjiang, where basins, hills and
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glaciers co-exist, has an important influence on the formation of climate in Xinjiang, China.
Although Xinjiang is generally deep inland and far from the sea, and the climate types
are all temperate continental, there are still significant differences in climate between the
southern and northern Xinjiang. Accurate modeling and prediction of the climate in the
region is important to address climate change [1,2].

At present, an important means of climate research is simulation by climate model,
which mainly includes global climate models (GCMs) and regional climate models (RCMs).
GCMs are not directly applicable to regional simulations due to the large differences in reso-
lution between the grid spacing and the end-user’s needs. Therefore, RCMs are widely used
for regional simulation due to their high resolution [3-5]. However, the proper selection of
horizontal resolution, land surface models [6,7] and convective parameterization schemes
(CPS) [8,9] remains problematic, and their selection mostly relies on empirical study. Many
studies have shown different simulation results using different CPS [10,11] for the same
region. The comparison of the simulated near-surface temperature with observational data
over the European region indicates a cold bias with both Grell scheme configurations, but
the bias can be reduced when the Emanuel convective scheme is applied, and the simulated
precipitation is not systematically positive in the southern part of Eastern Europe [12];
Tchotchou and Kamga found that monsoonal precipitations are sensitive to the choice of
cumulus parameterization and closure schemes in West Africa [13]; Raju’s research results
reveal that the mixed convective scheme responds better to the simulation of precipitation
and temperature over the Indian subcontinent, and the circulation features and the annual
cycle of precipitation and temperature are also well simulated with the mixed convection
scheme [14]. The authors of ref. [15] found that the Emanuel scheme shows an overall
overestimation of precipitation in China, while the other three CPSs overestimate only
in northern and northwestern China, and seasonally, the Tiedtke scheme simulates the
best annual variability of precipitation in China compared with the others CPSs. In the
RegCM4 version, the CPSs are described in more detail in two parts, and it is able to run
different convection schemes over land and ocean. Studies have shown that different CPSs
have different simulation performance over different regions, especially in land and sea
areas. Bhatla’s research found that out of six CPSs, Tiedtke and Mix99 (Grell over land
and Emanuel over ocean) correctly simulated the onset date, and they also found that the
Mix99 CPSs performed well in simulating the synoptic features during the monsoon phases.
Existing research shows that these physical processes cannot be accurately simulated over
the entire Earth. Choosing an appropriate convective parameterization scheme (CPS) in
RCMs is critical for region simulations [16-18], as it allows to simulate the region in a more
refined way. At the same time, the annual and seasonal climate simulations are also very
important for determining short-term adaptation measures [19,20].

In this paper, we apply the Regional Climate Model version 4.5 (RegCM4.5) to the
western Tianshan Mountain area in China. The objective of this study is to evaluate the
performance of three mixed CPSs and their ensemble averages, namely, Grell over land
and Tiedtke over ocean (RUNT1), Tiedtke over land and Emanuel over ocean (RUN2), and
Grell over land and Emanuel over ocean (RUN3), with the ensemble being the average of
RUNT1, RUN2 and RUNB3. The remainder of this paper is organized as follows. Section 2
provides a brief description of the model and three convection schemes. Section 3 presents
the experimental design and Section 4 describes the results and discusses the sensitiv-
ity experiments with different convection schemes. Section 5 discusses the results and
summarizes the conclusion.

2. The Convective Parameterization Schemes
2.1. Grell Scheme

Grell’s [21] convective scheme is based on the Fritsch-Chappell (FC) assumption [22].
The scheme applies a simple cloud model assuming that the large amount of flux in the up-
stream and downstream is constant with the height, and that the original level of upstream
and sinking air flow are given by the maximum and minimum ambient humid static energy,
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respectively. The scheme is activated when the parcel finally reaches the wet convection
from the original horizontal up-draft. A large amount of flux (mg) in the downdraft is
proportional to the updraft (my,), and it is calculated by the following relationship.
my- P, ()
2
I; is the condensed normalized updraft, I, is the evaporative normalized downdraft, § is a
small part of the re-evaporation of updraft condensate during the descent and depends
on the change in the wind direction and varies mainly between 0.3 and 0.5. Hence, the
equation is as follows:
PY = Tymy (1 - B) )

where P is precipitation. The meanings of other parameters are shown in Formula (1).

2.2. Tiedtke

Tiedtke is a mass flux and moisture convergence scheme originally designed for global
climate models with special attention to the correct display of deep tropical convection.
Tiedtke consists of three types of convection. Only one type of convection is allowed per
step in each grid, and the collection of clouds appearing in each type of convection is
assumed by the updraft and downdraft. The Tiedtke scheme considers only one ascent and
descent of the overall airflow, which is equivalent to the ascent and descent of all cumulus
monomer airflows in the grid. In the actual simulation, deep or shallow convection
occurs when there is an unstable convection on the cloud base with a large-scale increase.
Assuming that no deep or shallow convection can occur, then mid-stream convection
is applied.

2.3. Emanuel

The Emanuel scheme assumes that interactions in the cloud are random and non-
uniform, and increases convective fluxes based on an idealized condition of sub-cloud-scale
downdrafts and updrafts, and the convection model is activated when the cloud base level
is below the height of the neutral buoyancy layer. Assuming that clouds and the mixture
of ambient air are mixed in a uniform spectrum, when the air rises between the cloud base
and the zero-buoyancy layer, the condensed water vapor partly forms precipitation and
the rest forms clouds. The Emanuel scheme incorporates the automatic conversion formula
for clouds and water, and sets the water content of the initial cloud in the formula to a
temperature-related function, in order to take into account the microphysical process of
cloud ice, which is added to a single downdraft that is hydrostatic and unsaturated and
carries water and heat when precipitation is generated.

3. Model and Experimental Design
3.1. Description of the RegCM Model

RegCM is regional climate model developed by Abdus Salam International Center for
Theoretical Physics. The first version of RegCM was developed in the late 1980s [23,24],
which has since then been upgrades to RegCM2 [25], RegCM3 [26] and RegCM4 [27]. The
dynamical core of the RegCM model is similar to the hydrostatic version of the mesoscale
model MM5 [28]. The PBL computations are parameterized by using the scheme of
Holtslag et al. [29], the land surface model is the Biosphere-Atmosphere Transfer Scheme
(BATS) and the Community Land Model (CLM) [30] schemes, and the radiation scheme
is the modified NCAR Community Climate Model version 3 (CCM3) [31]. The model
used here is RegCM4.5, which has many upgrades in the model physics. One of the
main enhancements in this version of the model is the ability to run different convection
schemes over land and ocean, also known as ‘mixed convection’. Many studies have shown
that different schemes have different performance over different regions, especially over
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land versus ocean areas, and it currently includes three options for representing cumulus
convection [32].

The scheme of Grell is the implementation of Giorgi [33]. The other two schemes are
Tiedtke [34] and Emanuel scheme [35,36]. In this paper, we apply a combination of the
three schemes to simulate the meteorological factors when other parameters are consistent,
describe the following Table 1, where ENS is the average of the three schemes RUN1, RUN2
and RUNS, and icup_Ind and icup_ocn are the cumulus parameterization schemes that
must be set before the model simulation.

Table 1. Parameterization scheme.

Schemes icup_Ind icup_ocn
RUN1 Grell Tiedtke
RUN2 Tiedtke Emanuel
RUN3 Grell Emanuel

ENS Ensemble_mean Ensemble_mean

3.2. Experimental Design and Data Check

The model domain covers the western Tianshan Mountain region in Xinjiang (36°-50° N,
70°-100° E), as shown in Figure 1. The grid center of the simulated area is located at
43.15° N, 82.88° E. A model grid with a horizontal resolution of 20 km is selected for the
simulation experiments. The number of grid cells is 121 x 100 (East-West x North-South).
The reanalysis data from the National Centers for Environmental Prediction and National
Center for Atmospheric Research (NCEP&NCAR) are selected as the initial field and side
boundary values of the model [37,38]. The dynamic module uses MM4 frame, with a
step size of 6 h for the model output. The experiment was conducted for a period of
four years from 1 January 2012 to 31 December 2016. The results of the model-driven
data from January 2012 are used as model spin-up, and therefore are not analyzed. The
observations used for comparison with the model were based on the daily terrestrial
climate datasets from 66 sites in the western Tianshan Mountains of Xinjiang provided by
the China Meteorological Data Network (http://data.cma.cn, accessed on 12 March 2017),
which are continuous observation data, and the triangles in Figure 1 show the locations of
the 66 observation sites.

3.3. Verification Method
3.3.1. Correlation Coefficient

According to the existing analysis methods [39,40], the results are analyzed by calcu-
lating the correlation coefficient and root mean square error between the model simulated
value and the observed value. The correlation coefficient is defined as follows:

Y (% —X)(y; — )
N6 —%)P N, (vi — ¥)*

CORREL = 3)

In the above formula, x; and y; are the simulated values and observed values in the
same position, X and ¥ are their average values, N represents the number of grid points.

3.3.2. Root Mean Square Error

The root mean square error (RMSE) reflects the average deviation between the simu-
lations and observations, which is a trade-off standard of the total error and is one of the
ways to reflect the simulation performance. Typically, the greater the root mean square
error is, the lower the accuracy, and in turn, the higher the simulation accuracy would be.
The root mean square error formula is defined as follows:

N (a; 2
RMSE — \/Zt_l(Sunt — Obsy) )

N
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In the above formula, Sim; stands for the simulation results of RegCM4.5, Obs; is the
actual observation value, and N represents the number of grid points.

Surface Model Elevation m
70°E 75°E 80°E 85°E  90°E 95°E  100°E
1 1 1

S50°N

48°N

46°N

44°N

42°N

40°N

38°N

36°N

400 1200 2000 2800 3600 4400 5200

Figure 1. RegCM simulated surface model and the area. The black lines are the simulation area, the
pentagram is the center point of the simulation and the triangles are the locations of the 66 observation
sites.

4. Results and Discussion
4.1. Annual Simulation and Inspection
4.1.1. The Analysis of Annual Temperature

It can be seen from Figure 2 that the three parameterization schemes and sets of
the model have a good simulation effect on the temperature distribution in the western
Tianshan Mountains of Xinjiang, and there is no significant difference between the sim-
ulated and observed values using different schemes, indicating that the annual average
temperature in the western Tianshan Mountains of Xinjiang is not sensitive to different
parameterization schemes of the model. The temperature decreases from the center of the
region to the border, which is consistent with the climate change in the basin. Meanwhile,
a small part of the central and western regions has lower temperatures. Compared with
the simulated elevation results in Figure 1, it can be seen that the higher altitude of this
small part of the region leads to lower temperatures, and the simulation result is consistent
with the actual situation. From the whole simulation area, the temperature in the north is
lower than that in the south, which reflects the temperature difference between the north
and the south. Comparing the northern and southern parts of the region, it can be seen
that the difference between the simulated and observed values in the south is not obvious,
and the simulation results are better, while the difference between the simulated values
and the observed values in the north is more obvious, and the difference is greater the
further north, which indicates that the model simulates the temperature better in the south
of Tianshan Mountains in Xinjiang than in the north.
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Figure 2. Comparison between simulation and observation of annual average temperature using
four cumulus parameterization schemes, where the circles are observed values, the rest are simulated
values, and the black lines is the simulation area. The same applies to Figures 3 and 4.

Table 2 shows the calculated correlation coefficients and RMSEs, in which the corre-
lation coefficients are calculated by Formula 3, and RMSEs are calculated by Formula 4.
Both the simulated value and the observed value are multi-year averages. Combined with
Table 2, it can be found that the model can well simulate the annual average, maximum
and minimum temperatures, and the simulation results of the four schemes for each tem-
perature factor do not differ significantly. Moreover, the correlation coefficients between
the simulated and observed annual average and minimum temperatures are the same in
the four schemes. However, we find that the RUN2 scheme has the lowest RMSE in the
annual average and minimum temperature simulations, which means that this scheme
has the best performance in simulating temperature. For the simulation of the maximum
temperature, the CORREL do not differ greatly. In this case, we still choose the scheme
with the lowest RMSE as the optimal scheme.

4.1.2. The Analysis of Average Annual Precipitation

As can be seen from Figure 3, the three parameterization schemes and sets of the
model can reflect the distribution of precipitation in the western Tianshan Mountains of
Xinjiang, China. The precipitation at the edge of the region is higher than that in the middle
of the region, and it is closely related to the terrain. Generally, it is consistent with the law
that the precipitation is higher in the mountain area than in the basin, higher in the basin
than in the center of the basin, and higher in the windward slope of the mountain area than
the leeward slope. On the whole, the precipitation distribution simulated by the model is
consistent with the impact of the actual terrain on the precipitation in the western Tianshan
Mountains, where the precipitation is scarce and the climate is dry. Combined with Table 2,



Atmosphere 2021, 12, 1544

it is found that the CORREL and RMSE of RUN1, RUN3 and ENS schemes are the same,
and all of them are better than the RUN2 schemes.

RUN1_ann

RUN2_ann
o

38°N

36°N

T T T T T
75°E 80°E 85°E 90°E 95°E 75°E 80°E 85°E 90°E 95°E
RUN3_ann

50°N
48N
46°N
440N
42°N — 42°N
40°N

38°N —

36°N

T T T T T
75°E 80°E 85°E 90°E 95°E 75°E 80°E 85°E 90°E 95°E

0 02 04 06 08 1 12 14 16 18 2

Figure 3. Comparison between simulation and observation of precipitation using four cumulus
parameterization schemes.

RUN1_ann_wnd

RUN2_ann_wnd
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Figure 4. Comparison between simulated and observed wind speeds using four parameteriza-
tion schemes.
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Table 2. CORREL and RMSE of temperature, precipitation and wind speed simulated by different parameterization schemes;

the units for the RMSE of temperature, precipitation and wind speed are °C, mm and m/s, respectively.

Meteorological Factors Parameterization Schemes Correlation Coefficient Root Mean Square Error
RUN1_ann 0.8 4.8
Average annual temperature RUN2_ann 08 45
& P RUN3_ann 0.8 48
ENS_ann 0.8 4.7
RUN1_maxTemp 0.9 5.2
Maximum temperature RUN2_maxTemp 0.8 49
P RUN3_maxTemp 0.9 52
ENS_maxTemp 0.8 5.1
RUNI1_minTemp 0.7 44
.. RUN2_minTemp 0.7 4.1
Minimum temperature RUN3_minTemp 07 ad
ENS_minTemp 0.7 4.3
RUN1_ann 0.4 0.7
Precipitation RUN2_ann 0.2 0.9
RUN3_ann 0.4 0.7
ENS_ann 0.4 0.7
RUN1_ann_wnd 0.4 1.2
. RUN2_ann_wnd 0.4 1.2
Wind speed RUN3_ann_wnd 04 1.2
ENS_ann_wnd 0.4 1.2

4.1.3. The Analysis of Average Annual Wind Speed

In Figure 4, we find that there is no difference between simulation and observation
among the four schemes. Combined with Table 2, it is found that the CORREL and RMSE
of wind speed simulations also have no difference among the four schemes. The main
reason for this situation is that the wind speed is highly uncertain.

4.1.4. The Results of Annual Simulation

Through the analysis in Sections 4.1.1-4.1.3, we draw the conclusion in Table 3. In
the simulation of western Tianshan Mountains in Xinjiang, China, the RUN2 scheme is
selected for temperature, maximum temperature and minimum temperature, which can
make the simulation results better and closer to the observed values. The RUN1, RUN3
and ENS scheme is selected for annual precipitation, and all schemes are the same for wind
speed simulation

Table 3. The optimal scheme of different meteorological factors in the simulation area.

Simulation Parameter Optimal Scheme
Average temperature RUN2
Maximum temperature RUN2
Minimum temperature RUN2
Annual precipitation RUN1/RUN3/ENS
Wind speed RUN1/RUN2/RUN3/ENS

4.2. RegCM Seasonal Numerical Simulation and Inspection

Four schemes are used to simulate the meteorological factors in four seasons in the
western Tianshan Mountains of Xinjiang, China. The simulated and observed CORREL
and RMSE are obtained, as shown in Tables 4 and 5, respectively.
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Table 4. The CORREL of seasonal simulation and observation.

Meteorological Factors Parametrization Schemes Spring Summer Autumn Winter
RUNI1 0.8 0.8 0.8 0.7
Mean Temperature RUN2 08 08 08 06
RUN3 0.8 0.8 0.8 0.7
ENS 0.8 0.8 0.8 0.7
RUN1 0.9 0.8 0.9 0.7
Maximum Temperature RUN2 08 08 09 06
RUN3 0.9 0.8 0.9 0.7
ENS 0.9 0.8 0.9 0.7
RUN1 0.8 0.7 0.7 0.6
Minimum Temperature RUN2 0.7 07 0.7 0.5
P RUN3 0.8 0.7 07 0.6
ENS 0.8 0.7 0.7 0.6
RUNT1 0.4 0.4 0.3 0.5
Annual Precipitation RUN2 0.2 03 0.1 0.2
RUN3 0.4 0.4 0.3 0.5
ENS 04 04 0.2 0.5
RUN1 0.4 0.4 0.4 0.2
. RUN2 0.4 0.4 0.4 0.2
Wind Speed RUN3 0.4 0.4 0.4 0.2
ENS 0.4 0.4 04 0.2

Table 5. The RMSE of seasonal simulation and observation. the units for the RMSE of temperature, precipitation and wind
speed are °C, mm and m/s, respectively.

Meteorological Factors Parametrization Schemes Spring Summer Autumn Winter
RUN1 5.4 54 4.6 47
Mean Temperature RUN2 51 53 44 41
P RUN3 54 54 46 47
ENS 5.3 4.4 4.5 44
RUN1 59 5.5 5.1 5.6
Maximum Temperature RUN2 56 54 50 48
P RUN3 5.9 55 5.1 56
ENS 5.8 54 5.1 52
RUN1 4.7 5.2 4.2 44
Minimum Temperature RUN2 45 50 40 3.9
P RUN3 47 52 42 44
ENS 4.6 5.1 4.1 4.1
RUNT1 0.7 1.3 0.6 0.3
Annual Precipitation RUN2 10 15 08 0.3
RUN3 0.7 1.3 0.6 0.3
ENS 0.7 1.2 0.6 0.3
RUN1 14 14 1.3 15
. RUN2 14 14 1.3 1.6
Wind Speed RUN3 14 14 13 15
ENS 14 1.4 1.3 15

The RegCM4.5 model was used to simulate seasonal meteorological factors in the west-
ern Tianshan Mountains from 2012 to 2016. From Table 4, we can see that the correlation
coefficients of the four schemes for the simulation of the mean and maximum temperatures
are higher in spring, summer and autumn, and the values are greater than 0.8. Here, we
choose the scheme with lower RMSE as the optimal one. In the simulation of the minimum
temperature in four seasons, the correlation coefficients are lower than those of the mean
and maximum temperatures, and their RMSEs are also relatively low. In the simulation of

31



Atmosphere 2021, 12, 1544

annual precipitation and wind speed of four schemes, the correlation coefficients are lower
than those of the temperature simulations. Combined with Tables 4 and 5, the optimal
schemes for the four-seasons simulations are shown in Table 6.

Table 6. The optimal solution for different meteorological factors in spring, summer, autumn and winter.

Parameterzation Schemes Spring Summer Autumn Winter
Temperature RUN2 ENS RUN2 RUN2
Maximum Temperature RUN2 RUN2/ENS RUN2 RUN2
Minimum Temperature RUN2 RUN2 RUN2 RUN2
Precipitation RUN1/RUN3/ENS ENS RUN1/RUN3/ENS ALL
Wind Speed ALL ALL ALL RUN1/RUN3/ENS

5. Conclusions

In this study, we used the regional climate model RegCM4.5 and selected different
cumulus parameterization schemes to simulate annual and seasonal meteorological factors
in the western Tianshan Mountains region of Xinjiang from 2012 to 2016, and investigate the
applicability of different cumulus parameterization schemes to regional climate simulations.
The evaluation of the experimental results shows that: (1) In the annual simulations,
the RUN2 scheme performs best in simulating the average, maximum and minimum
temperatures, indicating that the RUN2 scheme is more suitable for the simulation of
temperature, while the other three schemes perform better in simulating precipitation. In
the simulation of wind speed, there is no difference among the four schemes. (2) In the
simulation of four seasons, the RUN2 scheme still performs better in the simulation of
average, maximum and minimum temperatures in four seasons, except for the simulation of
average temperature in spring and summer. In the simulation of the maximum temperature
in summer, the RUN2 scheme is the same as that of ENS. In the simulation of precipitation,
all other schemes perform better than the RUN2 scheme. In the simulation of wind speed,
there is no difference among the four schemes in spring, summer, autumn and winter. In
the simulation of winter, other schemes perform better than the RUN2 scheme.

This study provides additional information for the selection of available accurate
cumulus parameterization simulation scheme for regional climate simulation in western
Tianshan Mountains, Xinjiang, which effectively solves the problem of inaccurate simula-
tion caused by random selection of cumulus parameter schemes. However, there are still
some problems, for example, the current simulation time span is relatively short due to
the limitation of the data collected from the observation sites, and we will collect more
observation data later and lengthen the simulation period in the future.
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Abstract: Based on Beijing’s Air Quality Index (AQI) and concentration changes of the six major
pollutants from 2019 to 2021, the results are visualized through descriptive statistics, and the air
pollution status and influencing factors of Beijing’s AQI are analyzed using the ARIMA model and
neural network. A forecast system is built and the fitting effects of the two models are compared. The
results show that PM2.5, PM10, and Os of the six major pollutants have the greatest impact on AQL
Beijing’s air quality now shows a trend of improvement in recent years; however, there is obvious
seasonal evidence that the summer pollution index has been high. Therefore, special attention should
be paid to the treatment of ozone pollution in summer. Both models are useful for the forecast of
AQ], but the forecast effect of the neural network model is better than that of the ARIMA model.
Moreover, when using the additive seasonal model for the long-term forecast of monthly data, it is
found that the Beijing AQI still shows seasonal cyclicality and has a slightly decreasing trend in the
next two years. This research provides a basis for the forecast of air quality and policy enlightenment
for environmental protection departments to deal with air pollution.

Keywords: AQIL visual analysis; heat map; ARIMA model; neural network model

1. Introduction

In the past few years, air pollution problem in China, especially Beijing, has been so
severe that it has received widespread attention from all over the world. Cities are dense
areas of economic activities, and therefore, populations, and Beijing is the political and
economic center of China. After a stage of radical pursuit of economic growth, improving
air quality and overall living environment is the current focus of China’s realization of
green development. Therefore, it is important to study Beijing’s air quality issues to find
ways to tackle air pollution problems and provide a reference for other cities.

The correlation between human activities and the atmospheric system in urban ecosys-
tems has been increasing year by year [1]. Domestic research on air quality conditions began
in the 1990s, behind abroad [2]. In terms of air quality characteristics, some researchers have
studied the temporal and spatial distribution characteristics of China’s AQ], finding that
the national air quality situation shows a spatial clustering effect. High pollution and low
pollution regions show a pattern of north-south differentiation, and the overall air quality
of the country shows the distribution characteristics of slightly lighter in the south and
lighter in the east [3,4]. The AQI showed a downward trend from 2016 to 2019, showing
a “U” shape in the middle of the month [5]. The state has put forward clear pollution
control requirements. Many local government departments regard pollution prevention
and control as their primary task, and air quality monitoring has become an urgent need.
Therefore, an accurate air quality forecast system can reflect the air conditions promptly
and provide preparation information for the Ministry of Environmental Protection [6].

The statistical forecast is to analyze data through mathematical modeling, using
correlation analysis [7], multiple regression [8,9], principal component analysis [10], gray
model [11], fuzzy comprehensive evaluation method [12], harmonic regression [13], and
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other methods to predict air quality. However, it is difficult to provide air quality data in a
timely and rapid manner due to the long forecast period. With the development of data
collection and processing technology and the integration of various disciplines, data mining
and machine learning methods have been used to analyze environmental information, and
obtain timely and accurate air information and provide guiding suggestions [14-18].

Firstly, this paper compares data of Beijing’s AQI and the concentration data of
six major pollutants from 2019 to 2021, comprehensively evaluates its air quality, and
explores factors affecting the air quality. Secondly, it uses time series models and data
mining methods to establish predictive models. The ARIMA model is constructed based on
the time series data of AQI, and the three-layer neural network model is constructed based
on the daily average data and the data of the concentration of six major pollutants. Finally,
study shows that the two models are effective for AQI to make short-term forecasts and
analyses. Furthermore, this paper analyzes the long-term forecast of Beijing’s air quality
index based on the seasonal ARIMA model and compares it with the short-term forecast
to draw a comprehensive conclusion, which could be helpful to provide references for
relevant departments for urban air and environmental governance.

Compared with previous research on air quality, this paper not only uses the combina-
tion of visual analysis and time series model, but also considers the delayed effect of air
pollution. On the basis of short-term forecast, the long-term forecast of air quality index
is added, which makes the results more convincing and representative. Additionally, this
paper includes a cluster analysis on the air quality index of Beijing in different periods and
a multi-layer perceptron (MLP) neural network model based on the built-in algorithm of
data mining technology to classify and evaluate the air quality level of the city. Finally, the
classification rules of the six pollutants are used to explore a classification model with high
accuracy, and a comprehensive comparison is made with the previous descriptive analysis,
which effectively avoids the problems of chance and errors caused by the use of a single
method. Research results are time-sensitive and have strong practical significance.

2. Analysis of Beijing’s Air Quality

According to the “Technical Regulations on Ambient Air Quality Index” [19], the sub-
index of the air quality of each pollutant is calculated based on the monitoring concentration
of pollutants. The lower the value of AQ]I, the better the air quality; on the contrary, the
higher the value, the worse the air quality is. This paper crawls the daily and monthly data
of Beijing’s AQI and six pollutant concentrations from 1 January 2019 to 15 November 2021,
including nine effective fields such as date, AQI value, and air quality grade. After data
screening and testing, there is no missing information or errors, with a total of 1050 valid
data points day by day.

2.1. Analysis of the Change Characteristics of AQI
2.1.1. Temporal Characteristics of Beijing’s AQI over the Years

Due to the different number of days in February each year and the fact that the data
after November 2021 are not used, the blank data are represented by the value 0. The
number of good days of air quality is an important index to measure the quality of air
quality in a city. It can be seen from Figure 1 that the proportion of excellent and good
air quality in the whole year has increased significantly year by year. The proportion of
light pollution level decreased compared with the previous two years. As of 31 October,
although the moderate pollution in 2021 increased slightly compared with 2020, it still
decreased significantly compared with 2019. Only two days of serious pollution occurred
in 2021, indicating that the air quality in Beijing fluctuated greatly in 2021, but the air
quality was excellent, accounting for 29.93%, and the air quality was good, accounting
for 47.37%. Although some extreme weather conditions occurred, the overall trend of air
quality throughout the year was good.
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Figure 1. 2019-2021 Beijing’s AQI level comparison chart.

2.1.2. The Characteristics of Monthly and Seasonal Changes in Beijing’s AQI from 2019
to 2021

According to the four seasons in the northern hemisphere, spring is from March to
May, summer is from June to August, autumn is from September to November, and winter
is from December to February [20]. We analyzed the monthly data of Beijing’s AQI, as
shown in Figure 2. The monthly average of AQI reached a peak of 107.33 in June, followed
by March, and the monthly average of AQI was 99. The least polluted month of the year is
October. Seasonal changes in air quality are further considered and an AQI seasonal index
was derived. Compared with the overall average (81.18), the AQI in spring (87.67) and
summer (91.56) was above average, whereas the AQI in autumn (66.17) and winter (79.33)
was slightly below average. This is consistent with the conclusion of the monthly average
of AQI, indicating that there are significant seasonal differences in air quality in Beijing,
and the severe air pollution in summer may be related to the severe excess of ozone.
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Figure 2. Visualization of the monthly average value of Beijing’s AQI 2019-2021.

2.2. Analysis of the Change Characteristics of the Concentration of Six Pollutants
2.2.1. The Time Characteristics of the Concentration Changes of the Six Pollutants

The time trend of the annual average concentration of the six pollutants is shown in
Figure 3. It can be seen from the chart that the annual average concentration changes of the
six pollutants have the same trend, and they all show a trend of the declining year by year.
Although the ozone concentration in 2021 has slightly increased compared with 2020, it
still has a downward trend compared with 2019. It shows that Beijing’s air control has been
somewhat effective in the past three years, but in the process of air pollution control in the
next few years, it is necessary to focus on the control of ozone pollution.
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Figure 3. The temporal characteristics of the six pollutants in Beijing from 2019 to 2021.

2.2.2. Monthly and Seasonal Variation Characteristics of the Six Pollutants

Cluster analysis is carried out on the average values of six types of air pollutants in
each month, as shown in Figure 4. The color depth in the heat map indicates the expression
amount of the index. The greater the expression amount, the darker the color. The tree
on the left shows the clustering results of different months. It is found that a year can be
divided into two parts by the expression of air pollutants. This corresponds to whether
Beijing is in the heating period. During the heating period, a large amount of fuel is
consumed and the exhaust emission increases, resulting in a high content of pollutants
in the air; In the north, the weather is dry and cold in winter, the probability of people
choosing to drive increases, and vehicles will produce a lot of tail gas. At the same time,
atmospheric inversion often occurs, which is not conducive to air convection, and pollutants
are difficult to diffuse, resulting in poor air quality.

PM25 PM10 NO2 S02 co Os

Figure 4. Heat map of six air pollutant indicators.
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After the overall description of the six main pollutants in Beijing from 2019 to 2021, the
concentration variation characteristics are analyzed monthly. It can be seen from Figure 5
that the particulate pollutant PM2.5. The concentration of PM10 is higher in spring and
winter, and tends to be lower in summer. The lowest mass concentration occurs in August.
The change trend of the concentration values of pollutants CO, SO, and NO;, is roughly
the same, showing a downward trend first and then an upward trend. On the whole,
it presents a “U”-shaped structure, in which CO concentration reaches its lowest value
in April; the concentration of SO, reached its lowest value in July. NO; also shows the
variation characteristics of low concentration in summer and high concentration in winter.
There is a small recovery from February to March, and the concentration reaches its lowest
value in July. It can be seen that the concentrations of these five pollutants are lower in
summer, lighter in pollution and higher in autumn and winter

As mentioned above, the monthly average index of Beijing’s AQI showed the highest
trend in June, which may be caused by the increase in ozone concentration. In order to
verify our conjecture, a monthly analysis of ozone concentration from 2019 to 2021 was
carried out. It can be seen from the monthly change trend of ozone that the annual ozone
concentration reaches its peak in June and is lower in December, showing an inverted
U-shaped structure different from the other five types of pollutants. Then, a seasonal anal-
ysis of the concentrations of six pollutants was conducted, finding that the concentrations
of the five major pollutants, as shown in Figure 5a—f PM2.5, PM10, SO,, CO, and NO,, are
low in summer and high in winter, whereas the concentration of O3 was the opposite, high
both in summer in winter. The concentration is lower, which indicates that the poor air
quality in summer is mainly caused by the increase in ozone concentration.

2.3. Correlation between AQI and the Concentration of Six Pollutants

Correlation analysis is carried out on the data of six pollutant indicators every day.
The main reference indicator is the Pearson correlation coefficient, which is used to measure
the degree of correlation between two variables. In the correlation heat map, the numbers
in the grid are the correlation coefficients, the red squares indicate the positive correlation
between the indicators, and the blue squares indicate the negative correlation between
the indicators. The heavier the color, the stronger the correlation between the indicators.
It can be seen from Figure 6 that at a significance level of 5%, the correlation between
particulate pollutants PM2.5 and PM10 is the largest, with a correlation coefficient as high
as 74%, whereas the content of O3 is not significant between PM2.5, PM10, and NO,. The
correlation between the amount of ozone and the content of PM2.5, PM10, and NO, does
not affect each other; the content of PM2.5, PM10, and O3 has a relatively large and positive
correlation with AQ], that is, these three the higher the concentration of these pollutants,
the larger the corresponding AQI and the worse the air quality. This is exactly the same as
the results of the previous analysis.

In short, Beijing’s AQI and the concentration characteristics of the six major pollutants
are analyzed together, and the time development trend and the changes in months and
seasons are visualized to provide a comprehensive and intuitive understanding. The
current situation of air pollution in Beijing in the past three years. Studies have shown
that the three indicators that have the greatest impact on AQI are PM2.5, PM10, and Os3.
Beijing’s air quality changes show obvious seasonal characteristics. In the past three years,
Beijing’s air quality reached the worst in June. This is due to the significant increase
in ozone concentration during summer. However, on the whole, Beijing’s AQI and the
concentration of six pollutants have shown a trend of the declining year by year. AQI has
improved significantly, with more and more days showing good grades, mainly due to the
recent years. The government has taken many measures to improve air quality and can
provide timely countermeasures when there are significant changes in air quality, especially
in the treatment of pollutant emissions during the heating period in winter. However, the
continuous high content of ozone is still a thorny issue facing today. Therefore, in the future
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air pollution control, in addition to continuing to control particulate pollutants in winter,
we should also focus on ozone pollution in summer.
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Figure 5. Monthly average data of the six major pollutants in Beijing for the same period of the three
years from 2019 to 2021. (a) Monthly average data of the PM2.5 concentration in Beijing for the same
period of the three years from 2019 to 2021. (b) Monthly average data of the PM10 concentration in
Beijing for the same period of the three years from 2019 to 2021. (c) Monthly average data of the CO
concentration in Beijing for the same period of the three years from 2019 to 2021. (d) Monthly average
data of the SO, concentration in Beijing for the same period of the three years from 2019 to 2021.
(e) Monthly average data of the NO; concentration in Beijing for the same period of the three years
from 2019 to 2021. (f) Monthly average data of the O3 concentration in Beijing for the same period of
the three years from 2019 to 2021.
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Figure 6. Correlation heat map of six air pollutant indicators.

3. A Forecast of AQI
3.1. Establish an ARIMA Forecast Model
3.1.1. Data Selection and Description

When using the time series analysis method to predict Beijing’s AQI, considering
the completeness of time and the accuracy of the forecast, we selected the AQI data from
1 November 2020 to 31 October 2021 as a training set to build an ARIMA model and make
forecasts, with a total of 365 valid data points; we selected the AQI data from 1 November
2021 to 15 November 2021 as the test set to verify the fitting effect of the model.

3.1.2. Empirical Analysis of the ARIMA Model
(1)  The stability test of the original sequence

Time series mapping of AQI of Beijing 1 November 2020-31 October 2021, as shown
in Figure 7. From the time series chart, it can be seen that in the past year, Beijing’s AQI
fluctuated greatly: there were two abnormal peaks, and the AQI value was not always in a
constant value near the fluctuation. In order to further verify the stability of Beijing’s AQI,
we have carried out a graph test of the self-correlation coefficient.

500

J

100 200 200
Time

o-

Figure 7. Time series of Beijing AQI original data.

Observing from Figures 8 and 9, the autocorrelation coefficient of the original Beijing’s
AQI has long-term training, the rate of decay to zero is relatively slow, and the self-
correlation coefficient after decay to double the standard deviation has a cyclical trend,
which directly indicates that there is a long-term correlation between the original time
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series data. Since the method of graph test has a certain degree of subjectivity, it is further
tested by unit root test, and the results are consistent. Therefore, the sequence can be judged
to be non-stable.

(2)  Smooth processing of data
AQl

ACF
00 02 04 06 08 10

Lag

Figure 8. An apocalypse coefficient plot of the original AQI data in Beijing.

Series data

Partial ACF

Lag

Figure 9. Partial correlation diagram of the original AQI data in Beijing.

The original data is smoothed, and the first-order difference is made on it, and the
time series diagram of AQI after the first-order difference is drawn. Verify the stationarity
of the sequence after the first-order difference. It can be seen from Figure 10 that after the
first-order difference of Beijing’s AQ]I, the time series graph fluctuates around a constant
value, essentially showing a steady state.

200

AQl
o

-200 4

-400 1

Figure 10. Time series diagram of Beijing’s AQI after first-order difference.
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In order to further verify the conjecture, the autocorrelation and partial autocorre-
lation coefficient graphs of AQI after the first-order difference was made. As shown
in Figures 11 and 12, the autocorrelation coefficient of the Beijing’s AQI series after the
first-order difference quickly decays to zero, indicating that the series after the first-order
difference has a short-term correlation, and it is preliminarily determined that the series is
stable after the difference. The unit root test method is used again to verify as shown in
Table 1. The p value is less than 0.01, and the null hypothesis of the unit root is rejected,
which is consistent with the conclusion of the graph test; that is, the AQI data is stable after
the first order difference.

(3) White noise test of stationary series
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Figure 12. The partial autocorrelation coefficient after the first-order difference of Beijing AQI.

Table 1. Unit root test of the first-order difference sequence.

ADF Statistics p-Value
—9.8993 <0.01

After the differentiated sequence passes the stationarity test, it needs to be tested
for pure randomness to prevent the stationary sequence from being a pure white noise
sequence. If it is a white noise sequence, then the sequence does not have any value for
further research. Therefore, the R software is used to perform the Ljung—Box method for
the pure randomness test of the 6-period and 12-period lags on differential AQI column,
and the results are listed in Table 2. The analysis shows that in the first-order difference
series with a lag of 6 and 12 periods, the p-value is less than the significance level of 0.05.
Therefore, the null hypothesis that the differenced series is a white noise series is rejected,
and the result is significant. From this, it can be judged that the time series after the first-
order difference is not a purely random white noise series, it can be researched to a certain
extent, and the subsequent modeling analysis can be carried out on it.
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(4) Identification and order determination of ARIMA model

Table 2. White noise test of difference sequence.

X-Squared df p-Value
60.504 6 3.555 x 10~ 1
78.253 12 8.878 x 10712

Since the autocorrelation coefficient and the order of the partial autocorrelation coef-
ficient of the model after the first-order difference are not obvious, the identification and
order determination of the ARIMA model has brought some obstacles. Therefore, using
the automatic order-setting model of R software and various manual repeated attempts,
many more reasonable models are compared and analyzed, and the results are listed below.
The results of other attempts are not listed one by one. According to the model’s Akaike
information criterion, the smaller the model’s AIC value, the better the model’s fitting
effect. After repeated experiments, it can be found that the model with more significant
parameters is ARIMA (5,1,4), and the fitting results are shown in Table 3.

(5) ARIMA model fitting effect test

Table 3. Model fitting results.

ARIMA Model o2 Estimated Log-Likelihood Aic

ARIMA (5,1,2) 1864 —1888.06 3792.12
ARIMA (5,1,4) 1822 —1885.28 3790.57
ARIMA (4,1,2) 1885 —1890.33 3974.67

Perform a residual white noise test on the fitted ARIMA (5,1,4) model to see whether
it extracts the effective information completely, as shown in Table 4 below. After analysis,
it can be seen that the p-values of the lag 6 and 12 lag white noise tests are both greater
than the significance level of 0.05, and the original hypothesis that the residual is white
noise cannot be rejected, indicating that the fitting model has basically extracted effective
information, and the model is the significant sex.

(6) Model forecast

Table 4. Residual white noise test after model fitting.

X-Squared df p-Value
7.3767 6 0.2874
11.792 12 0.4625

Use the established ARIMA (5,1,4) to predict AQI for the next 30 periods, and select
the data of the first 15 periods in the future as the test set to verify the error of the forecast
model. The forecast results are shown in Figure 13. It can be seen from the forecast result
graph that in the next 30 days, although the air quality in Beijing will fluctuate to a certain
extent, the overall difference is not big, and the air quality is still showing a good trend.

In order to consider the fitting effect of the model, we use 1 November 2021-15
November 2021 as the test set, compare the predicted value obtained by the ARIMA (5,1,4)
model with the true value, and combine the error indicators specified in the previous
section to compare the results Include under. The comparison of the predicted value and
the real value of the model, the histogram of the absolute error and relative error, as shown
in Figures 14-16, indicates that the error between the real value and the predicted value in
the first six cycles is slightly larger, but after the six periods, the predicted value gradually
moves closer to the true value. In the thirteenth issue, the difference between the predicted
value and the true value is very small, indicating that the fitting forecast result of the
ARIMA model is more accurate, but there is still room for improvement.
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Figure 13. ARIMA model predicts Beijing’s AQI map.
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Figure 14. Comparison of predicted value and the true value of ARIMA model.
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Figure 15. Absolute error histogram of ARIMA forecasting model.
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Figure 16. The relative error histogram of the ARIMA forecasting model.
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3.2. Establish a Neural Network Forecast Model
3.2.1. Data Selection and Description

The data used to build the neural network model are the daily average data of Beijing’s
AQI from 1 November 2020 to 15 November 2021, and the concentration of six major air
pollutants, a total of 380 items, and the most classic three-tier structure to build a model.
Through the dimensionless processing of the data, the construction of a training sample
set, and a test sample set to build a model, the model learns the changing laws of historical
pollutant concentration data and realizes short-term forecast of air quality changes.

3.2.2. Theoretical Overview of Neural Network Models

The neural network is derived from neuroanatomy and neurophysiology. It is a
technology that simulates the intelligent processing of the human brain. It is a mathematical
model of the structure and function of biological neural networks and has the ability to
process multi-dimensional functions. The neural network structure is composed of multiple
neurons combined with each other. Each neuron input has a specific weight, and the
learning process of the neural network is the process of constant adjustment of the weight
in the iterative process.

The neural network consists of three layers: input layer, hidden layer and output
layer. The input layer is not responsible for calculation but is mainly responsible for the
information of input variables. The number of nodes is the number of influencing factors
designed; the hidden layer is between the input layer and the output layer. The middle
of the output layer contains unobservable network nodes, which mainly transform the
sample variables. Each hidden node is a function of the sum of input weights so that it has
corresponding learning rules to train the network; the output layer is mainly responsible for
outputting the final forecast. As a result, it transmits information to the outside world, and
the number of nodes is the number of predictors required. The sample is usually divided
into a training set and a test set. The training set is used to build the model, and the test set
is used to test the fitting effect of the model.

Artificial neural networks are increasingly closely related to other subject areas. The
neural network field mainly includes multilayer perceptron models, back-propagation
neural networks, convolutional neural networks, and so on. The air quality seems disor-
derly on the surface, but its changing law is affected by many factors such as pollution
sources, coal burning, and transportation for a long time. It is a complex non-linear system.
Multi-layer perceptron is also called multi-layer feedforward neural network. Information
is transmitted in one direction and different layers are fully connected. It has an excellent
nonlinear mapping and generalization capabilities and can perform air quality control
based on the inherent connection of the data itself.

Based on the built-in algorithm of data mining technology, this paper establishes a
neural network model of multi-layer perceptron (MLP) to predict the air quality in Beijing,
correlate various dimensions in a large amount of data, train and learn the data, and mine
the associated information of the data. In total, 80% of the data is selected as the training
set for the learned model by a fixed random seed number, and the remaining 20% of the
sample data is used for testing.

3.2.3. Empirical Analysis of Neural Network Model

The fitting results of the true air quality value and the predicted value of the model
are shown in Figure 17, and the changes between the two are basically the same. The
effect of the model is judged by indicators such as average absolute error (MAE) and
average absolute percentage error (MAPE). The smaller the value, the higher the accuracy
of the model.
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Figure 17. Neural network model forecast diagram.

After obtaining the concentration values of the six major pollutants, the high/low
values of the concentration limits close to the concentration of the pollutants, and the
corresponding air quality sub-index, the air quality sub-index is calculated, and then the
maximum AQI value is selected as AQI. The final selection of values takes a long time.
Although accurate AQI values and levels can be obtained, there is a lag, and air quality
early warning cannot be effectively provided.

Therefore, this article is also based on the data mining algorithm and uses the daily
data of six pollutants to classify the air quality levels layer by layer, through regularization
and the use of Dropout and other methods to avoid data overfitting, the air quality in
Beijing on the day was finally determined. The pollutants that have the greatest impact
on air pollution levels can also be obtained. The accuracy of the model is 89.8%. The
classification levels of air quality results are shown in Figure 18.

Predictive value

1 2 3 B S
1 0.0% 0.0% 0.0%
2 0.0% 0.0%

2.7% 13.5%

anjeA [emay

A 0.0% 11.1% | 33.3%

5 0.0% 0.0% 16.7%

Figure 18. Accuracy of the classification model.

The daily air quality level is used as the typed dependent variable, and the six air
pollutant indicators are used as independent variables for importance analysis. It can be
seen from Figure 19 that PM2.5, PM10, and O3 have a greater impact on the air quality
level, and are the main factors that determine the specific value of AQI and the air quality
level. Their importance is 23%, 19%, and 18%, respectively. The result corresponds to the
result of the correlation heat map. PM2.5 has the greatest impact on air quality. It stays in
the air for a long time and is rich in a lot of harmful substances. It not only affects human
health but also affects the global climate. Air governance is not one day’s work; thus, it
is necessary to accelerate industrial transformation, advocate the use of clean energy by
society, and strengthen waste gas treatment procedures.
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Figure 19. Analysis of the importance of six air pollutant indicators.

3.3. Model Comparison

In this chapter, the ARIMA model and the multi-layer perceptron neural network
model are used to predict Beijing’s AQI, and a variety of evaluation indicators such as
root mean square error and average absolute percentage error are selected for these two
models. Comparing the fitting effect of the model, these indicators take into account the
error between the predicted value and the true value, which can be a good analysis of the
pros and cons of the model fit. The expressions of these indicators are:

MAE = Zh/z - yz (1)
1 n 2
RMSE = ZZ(%‘ —0i) 2
i=1
n
MAPE = %2 Vi = Uil 100% 3)
i=1 i
z lyi — il
SMAPE = % 100% 4
ZL 7 @

Among them, is the predicted value of the test set data, and is the true value.

Combining the selected test set data, using these four indicators to compare the pros
and cons of the two models, the results are shown in Table 5. Combined with error analysis,
it is found that the forecast effect of the neural network model is far better than that of the
time series ARIMA model. However, the ARIMA model also has certain advantages. It
can predict future data based on historical data of endogenous variables without using
other variables. The forecast results within a certain period still have a certain reference
value. The neural network model has a good self-adaptive ability, and the forecast results
are relatively good, but it cannot accurately and specifically describe the mathematical
relationship between data and variables. Therefore, in the process of use, the two forecast
methods can be combined, or further consider the related influence of other factors, and
further optimize the forecast of Beijing’s AQI

In this chapter, the data from 1 November 2019 to 15 November 2021 are selected,
and Beijing’s AQI is fitted and predicted using the ARIMA model and the neural network
model. Among them, the ARIMA model uses the data of the last 15 days as the test set,
and the neural network randomly selects the test set using the eight-to-eight method and
uses the error-index to comprehensively evaluate the fitting effect of the two models. The
results show that both the ARIMA model and the neural network model are significant

48



Atmosphere 2022, 13, 512

in predicting AQIL and the established models are reasonable and effective. Through
comparison, it is found that the fitting effect of the neural network is better than that of the
ARIMA model. The features can be referred to each other and used in combination.

Table 5. Comparison of model errors.

Model MAE RMSE MAPE SMAPE
ARIMA model 39.06 51.21 50.84% 51.93%
Neural network model 13.66 43.17 12.81% 12.75%

4. Long-Term AQI Forecast Based on Seasonal Model

Based on the results of the previous analysis of Beijing air quality visualization, it
can be seen that the AQI of Beijing shows more obvious seasonal characteristics. In the
above paper, short-term forecast was made for the daily data of Beijing AQI, and in this
chapter, long-term forecast of Beijing AQI is made based on the seasonal model of ARIMA
model, so the model was built by selecting 83 monthly air quality data from January 2015
to November 2021. Therefore, 83 monthly air quality data points from January 2015 to
November 2021 were selected as the experimental data, and the data from December 2021
to February 2022 were used as the data set to verify the model fitting effect, and the original
monthly data points were pre-processed in the following section.

4.1. Data Preprocessing
(1) Smoothness test

The time series plot of the AQI monthly data is drawn using R software, as Figure 20
shown below. From the time series plot of the monthly data, it is known that from January
2015 to November 2021, the overall AQI of Beijing shows a decreasing trend and has a
more obvious seasonal effect. Subsequently, the graphical test of autocorrelation and partial
autocorrelation coefficients was conducted, as shown in Figures 21 and 22, and its autocor-
relation coefficients have a long-term trailing and periodic trend, and the monthly data of
Beijing air quality index is initially inferred to be unsteady by the graphical test observation,
and in order to further evaluate objectively the steadiness, the series is concluded to be a
non-steady time series after unit root test using R software.

(2) Pure randomness test

AQl
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1 1
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Figure 20. Time series of Beijing AQI monthly data.
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Figure 21. Monthly AQI series autocorrelation chart.
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Figure 22. Monthly data AQI bias autocorrelation graph.

Similar to the ARIMA model for short-term forecast of AQI daily data, a pure ran-
domness test is performed on the original series before the modeling analysis in order to
investigate whether there is any correlation between the series and whether there is value
for further study. The pure randomness test was performed using the Box.test function
in the R software, and the results are shown in Table 6. It can be seen that the p-values of
delayed 6 periods and delayed 12 periods are significantly less than 0.05; therefore, the
original hypothesis is rejected, and the monthly data series of Beijing AQI is not a white
noise series, which can be used for subsequent modeling analysis.

Table 6. Results of pure randomness test.

Delayed Orders p-Value
Delayed by 6 periods 2.754 x 1077
Delayed by 12 periods 3.188 x 10711

4.2. Construction of Seasonal Model

From the above time series graph, we can see that the original series shows the change
of year as the cycle, and the selected air quality data is monthly data, so the cycle length
s = 12. To make the original time series smooth, we need to eliminate the linear trend
and seasonal periodicity of the series. Therefore, the monthly AQI data of Beijing are first
differenced to eliminate the linear trend, and then differenced to eliminate the seasonal
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periodicity in 12 steps. The series after the first-order twelve-step differencing is denoted
as AQI-diff12, and its time series is plotted as shown in Figure 23. The series after trend
differencing and seasonal differencing has no obvious upward or downward trend and
no obvious periodicity, fluctuating around the zero value, which can be initially judged
as a smooth time series after differencing. The autocorrelation coefficients and partial
autocorrelation coefficients of the series after differencing are verified by the graph test
method, as shown in Figures 24 and 25. The autocorrelation coefficient quickly decays to
zero, and the p-value of the pure randomness test of the differenced series is 0.01, which is
smaller than the significance level of 0.05. The original hypothesis is rejected, indicating
that the series is smooth after eliminating the linear trend and seasonal trend. The p-value
of the differenced series after the pure randomness test is 0.019, which is less than the
significance level of 0.05. Therefore, the differenced series is still a non-white noise series,
and the next modeling analysis is conducted for this series.

(1) Model identification and model ranking
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Figure 23. Time series of monthly AQI data after first-order twelve-step differencing.
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Figure 24. Autocorrelation of monthly AQI data after first-order 12-step differencing.

Based on the above autocorrelation and partial autocorrelation plots after differencing,
the first step is to consider the characteristics of the autocorrelation coefficients and par-
tial autocorrelation coefficients within 12 orders of the series after trend differencing and
seasonal differencing in order to determine the short-term correlation model. In the auto-
correlation and partial autocorrelation plots of the differenced series, the autocorrelation
coefficients and partial autocorrelation coefficients up to order 12 are not truncated, so an
ARMA(1,1) model is attempted to extract the short-term autocorrelation information of the
differenced series.
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Figure 25. Biased autocorrelation of monthly AQI data after first-order 12-step differencing.

The second step considers the autocorrelation characteristics of the season in question
in order to confirm the choice of additive or multiplicative seasonal model. The approach
is to consider the characteristics of autocorrelation coefficients and partial autocorrela-
tion coefficients in autocorrelation plots and partial autocorrelation plots with delayed
12th order, 24th order, etc. with the length of the period as the unit. According to the
autocorrelation and partial autocorrelation plots, the autocorrelation coefficients and partial
autocorrelation coefficients of the delayed 12th and 24th orders fall within the range of
2 times the standard deviation, and the corresponding values of the delayed 24th order are
smaller, which shows that there is no significant seasonal effect in the differenced series,
so we initially consider a simple seasonal model, i.e., an additive seasonal model. At this
point, the seasonal differencing order D=1, p =0,and Q = 0.

Combined with the previous first-order twelve-step differencing information, the
additive seasonal model fitting ARIMA (1,(1,12),1) was finally determined, and its model
structure is as follows.

(1-6:B)

YV T gm)

&t ®)

(2) Parameter estimation of the model

The final fitted model has been determined in the previous step of the analysis, and
the next step is to determine the caliber of this model based on the observed values of the
series, which means that the values of the unknown parameters in the fitted model need to
be estimated. Using R software, the parameters of the fitted additive seasonal model were
estimated according to the maximum likelihood estimation method, and the following
results were obtained, as shown in Table 7.

Table 7. Estimated values of parameters.

Parameter p-Value Standard Deviation
1 0.2895 0.1163
6, —1.0000 0.0501

Based on the above results, the caliber of the fitted additive seasonal model can be

seen as
(1+B)

1 _
ViV = 50 28958)

&t (6)

where B is the delay operator and ¢; is the white noise sequence, i.e., & ~ WN(0, 0?).
(3) Model testing
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A white noise test of the residuals was performed on the established additive seasonal
model in order to determine the significance of the model. Next, the Box.test function in the
R software was used to test whether the residual series is a white noise series, and the test
results are shown in Table 8. According to the results of the white noise test of the residuals,
the p-value corresponding to the LB statistic at each order of delay is significantly greater
than the significance level of 0.05; therefore, it can be considered that the residual series of
the fitted additive seasonal model is a white noise series, which means that the established
model is significantly valid.

Table 8. White noise test.

X-Squared df p-Value
2.0741 6 0.9128
18.393 12 0.1043

4.3. Forecast Analysis of the Additive Seasonal Model

Based on the established additive seasonal model, the Beijing air quality index from
December 2021 to February 2022 was selected as the test set to verify whether the model
had a more accurate fit. Using the same short-term correlation criteria as above, the results
are shown in Table 9. As can be seen from the graphs, the differences between the predicted
and true values are small and the error values are within acceptable limits, indicating that
the additive seasonal model is appropriate and valid for extrapolating the future long-term
Beijing AQI, with high forecast accuracy and reasonable and credible results.

Table 9. Model goodness of fit.

Model MAE RMSE MAPE SMAPE

ARIMA
(L,(1,12),1)

15.55 24.87 34.57% 23.89%

The predicted results of Beijing AQI for the next 24 periods are shown in Figure 26. It
is observed that the AQI index still shows seasonal cycles and still has a slightly decreasing
trend in the next two years.

Forecasts from ARIMA(1,1,1)(0,1,0)[12]
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Figure 26. ARIMA model long-term forecast graph.

4.4. Section Subsection

In this section, the long-term forecast of AQI in Beijing is based on the seasonal model
of ARIMA model, which shows an overall decreasing trend of AQI in Beijing from January
2015 to November 2021 with a more obvious seasonal effect. The parameters of the fitted
additive seasonal model are estimated according to the maximum likelihood estimation
method, and the AQI of Beijing from December 2021 to February 2022 is predicted according
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to the additive model, and the results show that the AQI still shows a seasonal cycle and
still has a slightly decreasing trend in the next two years.

5. Summary and Outlook

Based on Beijing’s AQI from January 2019 to November 2021 and the daily average
and monthly data of six major air pollutants, this article uses descriptive statistical analysis,
correlation analysis, and cluster analysis to visualize air quality development trends; Using
time series analysis and data mining algorithms to build models and make short-term
forecasts of Beijing’s air quality, the following conclusions are obtained:

Using statistical methods to analyze the air quality level, AQI and the distribution of
the six types of pollution concentration changes, the daily analysis results show that with
the continuous deepening of air pollution prevention and control work, the air quality in
Beijing continues to improve, AQI has improved significantly, and the level is excellent.
The proportion of days has increased year by year. The monthly analysis results show that
in the past three years, the air pollution level was the most serious in June, which was
mainly related to the serious excess of ozone content. The changes in air quality in Beijing
show obvious seasonal characteristics. The five main pollutants PM2.5, PM10, SO,, CO,
and NO, have low concentrations in summer and high concentrations in winter; only O3
is the opposite of other pollutants. Because of the high concentration in summer and low
concentration in winter, the persistently high content of ozone is still a thorny issue facing
today, and the air quality varies greatly between the heating period and non-heating period.

The short-term forecast of Beijing air quality index using time series model and neural
network model overcomes the lag of the current air quality monitoring system, and the
AQI index high and low is determined by the co-construction of six air pollutants. The
results show that both ARIMA model and neural network model are significant for the
forecast of air quality index, and the established models are reasonable and effective, and it
is found by comparison, the fitting effect of the neural network is better than that of the
ARIMA model, but both models have their own characteristics. It was also found that
PM2.5, PM10, and O3 have a greater influence on the air quality class, and are the main
factors to determine the specific value of AQI and air quality class. When using the additive
seasonal model for long-term forecast of monthly data, it was found that the Beijing AQI
still shows seasonal cyclicality and still has a slightly decreasing trend in the next two years.
In summary, based on the conclusions of the article, we can propose measures to improve
air quality from the three perspectives of the government, society, and individuals.

The government must increase implementation of environmental protection policies
and investment in environmental protection technology. Environmental protection de-
partments should strengthen environmental management, earnestly implement national
and local laws and regulations, comprehensively use technical means and administrative
measures, and manage air quality through legislation, monitoring, and protection.

The analysis shows that PM2.5, PM10, and O3 have a greater impact on air quality
levels. Therefore, environmental protection management agencies have been established at
all levels from the central to the local level to use monitoring technology tools to publish
monitoring data promptly, inspect and dispose of pollution sources, and control building
dust, Pollution behaviors such as burning coal for heating and burning straw. Increase
investment in the field of environmental protection technology, develop reasonable treat-
ment equipment, reduce waste of resources, and improve sewage treatment technology.
Optimize the industrial structure, lower pollution standards, and increase pollution punish-
ment. Resource control policies such as pollutant discharge fees have a significant impact
on pollution control costs. The development of a washing energy industry with high energy
utilization and low pollution, and making good use of renewable resources such as solar
and wind energy. Air pollution has fluidity and regional characteristics, and its changes
are synchronized. Pollution between regions affects each other. Pollution prevention and
control is not just an administrative region’s problem. It is necessary to establish a regional
cooperation system, regional joint prevention and control, to solve cross-regional air pol-
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lution problems, for example, the Beijing-Tianjin-Hebei simultaneous implementation of
the “Regulations on the Prevention and Control of Emission Pollution from Motor Vehicles
and Non-road Mobile Machinery”, and so on. Improve urban green coverage, borrow the
characteristics of plants to absorb dust and purify the air, provide zoning control strategies
for the in-depth fight against pollution, and continue to promote precise, scientific, and
legal pollution control.

The society must vigorously promote environmental protection knowledge, raise
awareness of protecting the atmospheric environment, and advocate low-carbon life. Pre-
vention and control work increasingly requires scientific and refined management. The
city should adhere to project emission reductions and management emission reductions
according to changes in air quality in months and seasons, and promote the formation of a
spatial pattern, industrial structure and lifestyle that conserves resources and protects the
environment. The aims are to deepen the “one microgram” action, focus on the coordinated
governance of PM2.5, PM10 and O3, and achieve green transformation of the industrial
structure, green and low-carbon energy structure, green optimization of vehicle structure,
and green and clean urban appearance.

Another aim is to establish an action pattern led by the government and public par-
ticipation. With the expansion of the scale of cities and the improvement of the level of
economic activities, the number of motor vehicles has increased, and cars emit a large
amount of NO, and inhalable particulate matter, which will seriously damage the envi-
ronment and affect people’s health. Therefore, it is necessary to consciously eliminate
old motor vehicles and improve awareness of the purification and treatment of polluting
vehicle exhausts, supporting the development and use of new energy vehicles. The general
public should actively participate in environmental protection activities and environmental
protection supervision, consciously practice a simple and moderate, green and low-carbon
lifestyle, and offer advice and suggestions for a more beautiful Beijing.
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Abstract: Since strong convective weather is closely related to heavy precipitation, the nowcasting
of convective weather, especially the nowcasting based on weather radar data, plays an essential
role in meteorological operations for disaster prevention and mitigation. The traditional optical flow
method and cross-correlation method have a low forecast accuracy and a short forecast leading time,
while deep learning methods show remarkable advantages in nowcasting. However, most of the
current forecasting methods based on deep learning suffer from the drawback that the forecast results
become increasingly blurred as the forecast time increases. In this study, a weather radar nowcasting
method based on the Temporal and Spatial Generative Adversarial Network (TSGAN) is proposed,
which can obtain accurate forecast results, especially in terms of spatial details, by extracting spatial-
temporal features, combining attention mechanisms and using a dual-scale generator and a multi-
scale discriminator. The case studies on the forecast results of strong convective weather demonstrate
that the GAN method performs well in terms of forecast accuracy and spatial detail representation
compared with traditional optical flow methods and popular deep learning methods. Therefore,
the GAN method proposed in this study can provide strong decision support for forecasting heavy
precipitation processes. At present, the proposed method has been successfully applied to the actual
weather forecasting business system.

Keywords: weather radar nowcasting; generative adversarial network (GAN); Temporal and Spatial
GAN (TSGAN); heavy precipitation

1. Introduction

Precipitation is an important weather phenomenon and an important part of the water
cycle, which has a profound impact on all aspects of people’s lives. Extreme precipita-
tion is one of the important factors that cause natural disasters. The accurate and timely
prediction of upcoming extreme precipitation can avoid economic losses and help protect
the safety of people’s lives and property. Using algorithms such as the Z-R relationship
in business [1], weather radars can effectively observe precipitation. The precipitation
derived from a series of radar echoes could be used to forecast precipitation in the next 1
to 2 h and provide information on the development and change of precipitation, which is
helpful to making the right decisions about the possible effects of precipitation. However,
the spatiotemporal characteristics of the precipitation development process have great
uncertainty, resulting in difficulties in predicting its change and movement trends. There-
fore, accurately predicting the future changes of radar echoes is the key to improving the
accuracy of precipitation prediction.

Convective weather nowcasting refers to the forecast of the occurrence, development,
evolution and extinction of thunderstorms and other disastrous convective weather in the
next few hours, which is crucial for meteorological disaster prevention and mitigation.
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Weather radars are the primary tool for convective weather nowcasting in 0-2 h. Currently,
the operational nowcasting methods mainly include the identification and tracking of
thunderstorms and the automatic extrapolation forecasting technology based on radar
data, such as the single centroid method [2], cross-correlation method [3] and optical flow
method [4]. The traditional extrapolation methods based on radar echoes only use the
shallow-level feature information of the radar images, and their application is limited to
a single unit with strong radar echoes and a small range. Therefore, these methods are
unreliable for predicting large-scale precipitation. The TREC (Tracking Radar Echoes by
Cross-correlation) technique and its improved algorithm usually treat the echo variation as
linear. However, the evolution of the intensity and shape of radar echoes is relatively com-
plex during the generation and extinction of a convective process in the actual atmosphere.
Moreover, these traditional methods have a low utilization of historical radar observations.
Therefore, the forecast leading time is usually less than one hour, and the forecast accuracy
can no longer meet the needs of high-precision prediction.

In recent years, artificial intelligence technology represented by deep learning has
analyzed, associated, memorized, learned and inferred uncertain problems, whose applica-
tions have made significant progress in image recognition, nowcasting, disease prediction,
environment changes and other fields [5-10]. As an advanced nonlinear mathematical
model, deep learning technology contains multiple layers of neurons and has an excellent
feature learning capability, which can automatically learn from massive data to extract the
intrinsic characteristics and physical laws of the data and is widely used to build complex
nonlinear models. Convective weather nowcasting is a sequence of forecast problems
based on time and space. Some scholars have applied deep learning technology to weather
nowcasting and have achieved satisfactory results [11,12].

Spatiotemporal forecasts based on deep learning involve two essential aspects, namely,
spatial correlation and temporal dynamics, and the performance of a forecast system
depends on its ability to memorize relevant structural information. Currently, there are two
main types of neural network models for spatiotemporal sequence forecasting, i.e., image
sequence generation methods based on a convolutional neural network (CNN) and image
sequence forecast methods based on a recurrent neural network (RNN).

The CNN-based method converts the input image sequence into an image sequence of
one or more frames on a certain channel, and many scholars have proposed implementation
schemes based on this method [13,14]. For example, Kalchbrenner et al. [15] proposed a
probabilistic video model called Video Pixel Network (VPN). Xu et al. [16] proposed a
PredCNN network, which stacks multiple extended causal convolutional layers. Ayzel
et al. [14] proposed a CNN model named DozhdyaNet. Compared with traditional radar
echo extrapolation methods, the CNN-based methods can use a large amount of historical
radar echo observations during training and learn their variation patterns, including
the enhancing and weakening processes of rainfall intensity. However, the unchanged
position of the convolution structure makes the radar images show the same rainfall field
transformation. Thus, the CNN-based methods have certain limitations and are not widely
used in radar echo extrapolation.

The long short-term memory RNN (LSTM-RNN) [17] with convolutional LSTM units
has dramatically improved the forecast accuracy of precipitation with an intensity of more
than 0.5 mm per hour. Predictive RNN with spatiotemporal LSTM units has achieved
significant performance gains in practical applications. The LSTM units with a spatiotem-
poral memory unit have a certain ability to predict the intensity variation of the radar
reflectivity factor [18]. Shi et al. designed the Convolutional LSTM (ConvLSTM) model
based on previous research, which can capture spatiotemporal motion features by replacing
Hadamard multipliers with convolution operations in the internal transformation of the
LSTM [19]. A well-known variant of ConvLSTM is the Convolutional Gate Recurrent
Unit (ConvGRU). However, the spatial position is unchanged due to the introduction
of convolution kernels, which is a disadvantage for weather patterns with rotation and
deformation. Wang et al. [20,21] proposed a spatial-temporal LSTM (ST-LSTM) with a
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zigzag connection structure model, which can transfer memory states horizontally across
states and vertically transfer memory states among different layers. Shape deformation
and motion trajectories can be effectively modeled by introducing spatiotemporal memory
units. However, the spatial-temporal LSTM also faces the problem of vanishing gradients.
For this, several scholars proposed a PredRNN++ model [22] and Memory in Memory
(MIM) method [23], which can capture long-term memory dependencies by introducing a
gradient highway unit module. Shi et al. [24] developed the TrajGRU model to overcome
the problem of spatial consistency by generating a neighborhood set with parameterized
learning subnetworks for each location. Eidetic 3D LSTM(E3D-LSTM) [25] utilizes the self-
attention [26] module to preserve the long-term spatiotemporal correlation. Jing et al. [27]
designed the Hierarchical Prediction RNN for long-term radar echo extrapolation, which
can meet the needs of long-term extrapolation in actual precipitation predictions. This
model employs a hierarchical forecasting strategy and a coarse-to-fine round-robin mech-
anism to alleviate the accumulation of forecast errors over time and therefore facilitate
long-term extrapolation.

However, the extrapolation results of all existing deep learning methods inevitably
suffer from blur, i.e., as the forecast leading time increases, the diffusion of forecast echoes
becomes more and more serious, resulting in blur. Therefore, how to reduce the blur of
the predicted echo and improve the forecast accuracy at the same time is an urgent issue
to be solved in the current forecast operational applications. In this study, we propose a
radar echo prediction method based on the Temporal and Spatial Generative Adversarial
Network (TSGAN), which can extract the spatiotemporal features of input radar images
through the three-dimensional convolution and attention mechanism module and can use
a dual-scale generator and a multi-scale discriminator to restore the detailed information
of the predicted echoes. Therefore, the main advantage of the proposed method is that it
obviously improves the forecasts of the echo details while ensuring the accuracy of the
forecast results and effectively reducing the blur of the predicted echoes.

The remainder of this manuscript is organized as follows. Section 2 describes the
basic principle of the Generative Adversarial Network. The proposed methodology for
weather radar nowcasting, including the dual-scale generator, multi-scale discriminator
and loss function, is introduced in Section 3, followed by the experiments and results of
two typical strong convective weather nowcasting, i.e., the squall line and typhoon. Further
conclusions are offered in Section 5, and a brief summary of this work is also given.

2. Generative Adversarial Network

Inspired by the zero-sum game, the training process of the model in the GAN is
designed as a confrontation and game between the two networks: the generative network
G and the discriminant network D. The schematic diagram of the overall GAN model
structure for radar echo extrapolation is as follows (Figure 1).

In the generative network G, the random noise vector z, obeying the standard normal
distribution N(0, 1), is taken as the input, and the generated image G(z) is the output.
The generative network tries to generate images that make the discriminative network
indistinguishable during training. The generative network G is responsible for the data
generation task in the generative adversarial network. For the random distribution of the
input samples, the "generated" samples are as similar as possible to the "real" samples.
For the generative network G in the GAN network, a new data distribution is generated
through complex nonlinear network transformation. In order to make the generated data
distribution approach the real data distribution, it is necessary to minimize the difference
between the generated data distribution and the real data distribution.
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1 D(x)

0 D(G(2))

Discriminator D

Generator G

Figure 1. The basic structure of the Generative Adversarial Network.

The role of the discriminant network D in the training process is equivalent to that of a
binary classification network, which is used to distinguish the actual training image x from
the generated image G(z). In this way, the two networks continue to conduct adversarial
training, and both are optimized in the process of mutual confrontation. After optimization,
the two networks continue to confront each other, and the generated images obtained from
the generative network G become closer and closer to the actual images.

Under normal circumstances, the discriminant network assigns the label “1” to the
actual image and the label “0” to the generated image. The generative network tries to
make the discriminative network “misjudge” the generated image as “1”. Suppose Pr
represents the data distribution of the real image x, Pg denotes the data distribution of
the generated image G(z) and Pz indicates the prior distribution N(0, 1) of the random
noise vector z. G and D denote the generation network and the discriminant network,
respectively. By using the cross-entropy loss function, the optimization objective of the
GAN can be expressed as the following equation (Equation (1)).

mGinmLz)axV(G,D) = EXNPr[IOgD(x)] + E.op; [10g(1 —D(G(2)))] @

where E is the mathematical expectation. The former term E,.p,[log D(x)] represents the
probability that the discriminant model judges the real original data, and the latter term
E..p;[log(1 — D(G(z)))] represents the probability that the generated data is judged to be
false. The GAN optimizes G and D alternately through a Max-Min game until they reach
the Nash equilibrium point. Simultaneously, as the alternate optimization proceeds, D
will gradually approach the optimal discriminator. When this proximity reaches a certain
level, the optimization objective of the GAN is approximately equivalent to minimizing the
Jensen—Shannon Divergence between the data distribution of the actual image (Pr) and the
data distribution of the generated image (Pg). In other words, the principle of the GAN is
based on the zero-sum game in game theory, which is equivalent to the optimization of the
distribution distance between the actual and generated data.

For the training process of the GAN model only, D is equivalent to a binary classifier.
Each update to D enhances its ability to distinguish between the actual and generated
images, i.e., correctly assigning two kinds of labels to the two kinds of data and dividing
the correct decision boundary between the two kinds of data. The update of G tries to
classify generated images as actual images. Thus, the newly generated images are closer
to the decision boundary and the actual images. As the alternate iterations continue,
the generated images will continue to approach the actual images, eventually making D
indistinguishable. Therefore, G can highly and realistically fit the actual data.
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3. Temporal and Spatial Generative Adversarial Network (TSGAN)

The GANSs are theoretically feasible through mathematical derivation, but they face
many problems in the actual training process, the most important of which are gradient
disappearance and mode collapse. The reason for the disappearance of the gradient is that
the probability of non-negligible overlap between the real distribution and the generated
distribution is very small. Therefore, the discriminant network can easily divide the
generated data and the real data. The generative network can hardly obtain gradient
updates, so it is difficult to optimize the network iteratively. Furthermore, the reason for
the mode collapse is that the optimization of the distance between the generated data and
the real data distribution is very difficult to control, resulting in the degradation of the
generative model and the inability to capture all the changes in the real data distribution.

For the above reasons, inspired by Pix2PixHD [28], the TSGAN proposed in this
study consists of two parts, namely, a dual-scale generator and a multi-scale discriminator.
The dual-scale generator uses two radar echo sequences with different resolutions to
extract spatiotemporal features. Then, the UNet structure and attention mechanism are
used to generate predicted echo sequences. The multi-scale discriminator distinguishes
the generated predicted echo sequences at multiple scales. Subsequently, the dual-scale
generator is guided to generate higher-quality predicted echo sequences.

3.1. Dual-Scale Generator

The task of the generator is to use an input radar echo sequence to generate the subse-
quent 20 frames of the radar echo sequence while retaining as much detailed information of
the echoes as possible. Therefore, the spatiotemporal features of the radar echoes need to be
considered during this process. A deeper network structure can generate better sequences,
but it also faces the problems of overfitting and training difficulties. Therefore, this study is
conducted on two scales to take into account the generation effect and network scale. We
use three-dimensional convolution to extract the spatial-temporal features of radar echo
sequences and employ the UNet structure to restore the spatial details of the generated
echo sequences.

The basic structure of the dual-scale generator is shown in Figure 2:

1
3DConv Input layer :
1

1

Conv+BN+RelLU @ Output layer
1

1

ResNet+CBAM _ _ , Downsampled !

2 times :

1

Figure 2. The structure of the dual-scale generator.

The input of the generator is the radar echo data of 1 h before the current time. Since
the time resolution is 6 min, the input is the radar echo data of 10 consecutive moments,
with a size of 896 x 896 x 10 pixels. In terms of the dual-scale generator, the second scale
is half of the original scale. At the original scale, the input radar echo sequence (896 x 896
x 10 pixels) passes through several three-dimensional convolutional layers and ordinary
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convolutional pooling layers to obtain a series of feature maps with a size of 448 x 448
pixels. At the second scale, the input radar echo sequence is down-sampled by a factor of 2,
and then the size is changed to 448 x 448 x 10 pixels. The down-sampled data also pass
through the three-dimensional convolutional layer and the ordinary convolutional pooling
layer. Then, this sequence proceeds through a ResUNet-structured module consisting of
the ResNet module [29] and the CBAM attention mechanism [30]. The UNet-structured
module is composed of modules that resize the output feature maps to the size of the
original feature maps, i.e., 448 x 448 pixels. ResUNet replaces the convolution layers in the
conventional UNet model with the ResNet module, whose role is to preserve the spatial
details of different feature maps as much as possible. The CBAM attention mechanism
consists of spatial attention and channel attention, and its role is to preserve the more
important information on the space and channel as much as possible. After adding the
feature maps of the two scales, the output is restored to the size of the original input radar
echoes (896 x 896 pixels) through the convolution pooling layer and the UNet structure
module of another ResNet + CBAM layer. Therefore, the final 2 h predicted radar echo
sequence is obtained with a size of 896 x 896 x 20.

Two scales are used in the generator. The spatial resolution of the original scale is
consistent with that of the input radar echo sequence, which is conducive to retaining the
spatial details of the predicted echoes. Because the original scale has the highest spatial
resolution, in the process of radar echo time series prediction, almost all of the algorithms
will face the problem that the predicted echo becomes more and more blurred as the forecast
time increases. The main reason for this is that the spatial detail information is gradually
weakened in the process of gradual extrapolation. Using the original scale data, we hope
that the spatial details are preserved as much as possible in the network. Meanwhile,
the spatial resolution of the second scale is half that of the input radar echo sequence,
which facilitates a more thorough control of the orientation of the generator network.
The reduction in spatial resolution is equivalent to increasing the receptive field of each
convolution kernel, which is beneficial to the network obtaining more global information,
thereby controlling the generator network to better fit the trend of future echoes. The
balance between the generation effect and the network training can be achieved through the
joint action of the spatiotemporal features extracted by three-dimensional convolution and
the two scales, obtaining the extrapolation results that not only conform to the development
law of radar echoes but also maintain the spatial details.

3.2. Multi-Scale Discriminator

The generated images have high spatial resolution and rich spatial details. Therefore,
the discriminator generally needs a deeper network or a larger convolution kernel to ensure
that the discriminant network has a larger receptive domain. However, the discriminator
may lead to overfitting due to the excessive network capacity and requires more GPU
memory for network training.

Therefore, a multi-scale discriminant network is adopted in this study to identify the
generated images from different scales, i.e., three discriminators are utilized. The three
discriminators all have the same network structure but operate on images of different
sizes. Specifically, we down-sample the real and generated images by factors of 2 and 4,
respectively, to create image pyramids at three scales. Three discriminators are trained
by using different real and generated images of the three sizes. Although the structures
of the discriminators are the same, the discriminator with four times down-sampling has
the largest receptive field, which ensures that it has more global perspective information
and can guide the generator to generate overall consistent images. Additionally, the
discriminator at the original scale favors the generator to generate finer details, which also
makes the training of the generator easier.

The structure of the discriminant network is shown in Figure 3, consisting of a series
of convolutional layers, pooling layers and fully connected layers. The input size of the
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4

original scale discriminator is 896 x 896, and for the second and third scales, it is 448 x 448
and 224 x 224, respectively.
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Figure 3. The structure of the multi-scale discriminator.

3.3. Loss Function

The loss function consists of three parts, namely, adversarial loss, multi-scale feature
loss and overall content loss. Assuming that the discriminator of the network has three
scales, “in” represents the input radar echo sequence, “far” represents the future real radar
echo sequence, “G” represents the output of the generator network, and Dy, represents the
output of the discriminator at the k-th scale (k = 1, 2, 3). The total loss function is expressed
as Equation (2).

Loss = min{[ max E IcaN(G, Dy)] +a Ieature (G, D) + Mcontent (G, tar)} - (2)
G DuD2 D3y T 5 k=123

where « and A are the weights of the multi-feature loss /¢, and the overall content loss
lcontent- The adversarial loss I 4 in the above formula can be expressed as Equation (3)

16AN(G, Dx) = E(iy 1y [log Dy (in, tar)] + E;u[log (1 — Dy (in, G(in))] ®)

The multi-feature 10ss /o4y, can be represented as Equation (4).
Leature (G, Dy) = Y| Di(in, tar) — Dj(in, G(tar)) 4
i

where k (k =1, 2, 3) denotes the number of discriminators, and i represents the i-th layer of
the discriminant network.
The overall content 1oss I¢outent can be obtained according to Equation (5).

Leontent (G, tar) = L1(G, tar) (5)

where L; is the L1 loss, i.e., the MAE loss. The adversarial loss is mainly used to recover the
detailed information of the predicted echoes. The multi-scale feature loss and the overall
content loss characterize the difference in content between the predicted and observed
echoes in the aspects of deep features and pixels. The joint effect of the three loss functions
guides the results from the generator to gradually approach the actual radar echoes.
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4. Experiments and analysis

The study area is Guangdong Province in southern China. The whole area is located
at a latitude of 20°13’ to 25°31’ north and a longitude of 109°39’ to 117°19'. It belongs to
the subtropical monsoon climate region. The land spans the northern tropics, the southern
subtropics and the central subtropics from south to north. The airflow in this area is
particularly strong, and the hot and cold flows frequently meet and collide in this area,
resulting in frequent strong convective weather and abundant precipitation. There are
many meteorological disasters in the region. The main disasters are: low temperature and
rain, strong convection (hail, tornado, strong thunderstorm and strong wind), rainstorm
and flood, typhoon, drought, cold dew wind, cold wave, etc. Among them, tropical
cyclones and rainstorms have a high frequency and high intensity, ranking first in the
country. Meteorological disasters have caused heavy losses to the national economy. For
example, Typhoon No. 9615 caused losses of nearly CNY 17 billion to western Guangdong.
Therefore, it is extremely important to improve the nowcasting technology.

In this research, the reflectivity factor mosaic data during 2015-2021 from 11 new-
generation S-band Doppler radars in Guangdong are used for the experiments. The data in
2015-2019 are selected as the training dataset, the data in 2020 are selected as the validation
dataset and the data in 2021 are selected as the test dataset. These original data have
horizontal grid points of 700 x 900, with spatiotemporal resolutions of 1 km x 1 km and
6 min. Each sample contains the radar echo input sequence of 10 moments in 1 h and the
radar echo target sequence of 20 moments in the next 2 h.

In order to verify the forecast performance of the TSGAN method on extreme convec-
tive rainfall, over 80,000 cases in 2021 every 6 min were analyzed. For the page limitation,
we only select the squall line process on 4 May 2021 and the typhoon process on 8 October
2021 as study cases for radar echo extrapolation forecasts visualization. Moreover, for
comparing the forecasting effectiveness of various methods, the results from the TSGAN
method are compared with those from the optical flow [4], ConvGRU [19], PredRNN [21]
and PredRNN V2 [21] methods, which are widely used in the existing operations. The
optical flow method employs the Lucas-Kanade algorithm to calculate the optical flow
and performs the extrapolation by using the semi-Lagrangian method. The ConvGRU,
PredRNN and PredRNN V2 are trained by using the official codes. All of the employed
methods should be evaluated by many aspects and multi-dimensions [31,32]. By comparing
the observed radar echo images, we perform a grid-by-grid test for the prediction accuracy
in this study. Additionally, the prediction ability at different radar reflectivity levels is
investigated according to the radar reflectivity factors of different intensities. Finally, the
critical success index (CSI) is used to evaluate the forecast results quantitatively.

The expression of the CSI is shown in Equation (6).

NA;

CSy= —FFF——=
k NA, + NBy + NCy

(6)
where NAj denotes the number of the correct grid points, NBy denotes the number of false
grid points, NCy denotes the number of missing grid points and k (k =20 dBz, 30 dBz, 40 dBz
and 50 dBz) denotes the threshold value of the different intensities of radar reflectivity.
The validation method is adopted according to the forecast leading time and the threshold
value. The calculation is performed grid-by-grid, i.e., the predicted and observed values at
the same grid point are selected for testing and comparison (Table 1).

Table 1. The validation of the radar echo predictions at different reflectivity levels.

Pred Sk <k
Obs
>k NAg NCy
<k NBk NDk
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As mentioned earlier, the results obtained by most extrapolation methods suffer from
blur, i.e., as the forecast leading time increases, the predicted echoes become more and
more blurred, and more details are lost. However, the TSGAN method proposed in this
study can recover the detailed information of the radar echoes to a certain extent. To enrich
spatial details that are characterized, two indicators, definition and spatial frequency, are
introduced in this study. The expression of the definition is as follows (Equation (7)).

Definition = m;;&ﬁ i) —1(,j—D|+|IG ) —1i—1) @)

The spatial frequency is defined by the frequency in both vertical and horizontal
directions. The frequency in the vertical direction is defined as follows (Equation (8)).
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The frequency in the horizontal direction is defined as follows (Equation (9)).

CF = il(z])—lz—l])] )

E‘H
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Therefore, the overall spatial frequency can be expressed as Equation (10).

SF = \/RF2 + CF2 (10)

4.1. Squall Line Process on 4 May 2021

On 4 May 2021, a squall line process swept across Guangdong Province, resulting in
extreme heavy rainfall in several areas. In this research, the initial forecast time is 16:00
China Standard Time (CST, same as below) on 4 May 2021, and the echoes for the next 2 h
are predicted. Figures 4-7 show the forecast results of this squall line process for the next
0.5h, 1 h, 1.5 h and 2 h by using each method.

In terms of the overall trend, the difference between the forecast results of the optical
flow method and the observations is the largest, where the echo intensity and shape are
basically the same, while the difference in the spatial position is the largest among all
methods. The other four methods can better grasp the evolution trend of the echoes within
2 h and can also predict the position of the strong echoes. However, except for the TSGAN
method, the overall intensity predicted by all the methods decreases rapidly with increasing
forecast time. For the detail retained, the forecasts of both the optical flow method and the
TSGAN method can present richer detailed information, while those of the other methods
become more and more blurred as the forecast time increases. The details predicted by the
PredRNN V2 method are slightly better than those predicted by the PredRNN method, and
the results of the ConvGRU method are the most blurred. The TSGAN method can retain
richer detailed information, and its results do not become more blurred with increasing
forecast time.
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Figure 4. Nowcasting results of the squall line process for the next 0.5 h. (a) Observation; (b) Opti-
calflow; (c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.
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Figure 5. Nowcasting results of the squall line process for the next 1 h. (a) Observation; (b) Opti-
calflow; (c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.
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Figure 6. Nowcasting results of the squall line process for the next 1.5 h. (a) Observation; (b) Opti-
calflow; (c¢) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.
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Figure 7. Nowcasting results of the squall line process for the next 2 h. (a) Observation; (b) Opti-
calflow; (c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.

Figures 8 and 9 present the objective assessment scoring results for each method
every 6 min over the 2 h period, and the labels of the horizontal axis are the prediction
leading times.
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Figure 8. The scores of the critical success index for the forecasts of the squall line process. (a) 20 dBZ;
(b) 30 dBZ; (c) 40 dBZ; (d) 50 dBZ.
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Figure 9. The scores of the spatial details for the forecasts of the squall line process. (a) Definition;
(b) Spatial frequency.

The CSI scores suggest that the CSI values of all methods decrease with the increase
in the forecast time, indicating that the longer the forecast time is, the lower the forecast
accuracy is. The higher the radar reflectivity is, the more dramatic the CSI value of each
method decay is, which means that the longer the forecast time is, the more difficult it
is to predict strong echoes. Overall, the PredRNN V2 algorithm performs the best in all
reflectivity levels. The PredRNN and TSGAN methods have a little difference between each
other, followed by the ConvGRU method, and the optical flow method has the lowest CSI
value due to the large deviation in the predicted echo position. In terms of the high-intensity
echoes at the 50 dBZ level, the CSI values of the TSGAN and PredRNN V2 differ slightly.
The definition and spatial frequency indicators of the ConvGRU, PredRNN and PredRNN
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V2 methods all show a continuous decreasing trend with increasing forecast time, which is
consistent with the fact that their results become more and more blurred. However, for the
optical flow method and the TSGAN, the definition and spatial frequency indicators have
no obvious decreasing trend, and the definition and spatial frequency values of the TSGAN
are higher than those of the optical flow method. This finding indicates that the TSGAN
method has obvious advantages in retaining spatial details. Therefore, the comprehensive
analysis of the CSI and the spatial information indexes indicates that the TSGAN method
performs the best in predicting the squall line process.

4.2. Typhoon Lion Rock on 8 October 2021

On 8 October 2021, Typhoon Lion Rock was generated, and strong wind and rainfall
occurred in the east of Hainan Island and in the south of Guangdong. The precipitation
within 6 h in Shenzhen and Shanwei exceeded 80 mm. Furthermore, Shanwei experienced
short-term heavy rainfall from 10:00 to 11:00, and the hourly rain intensity reached 34.3 mm.
In addition, gusts of 17 m s~! and above occurred in Qiongshan of Haikou City and
Mulantou of Wenchang City in Hainan Province and in Pinghu of Shenzhen City and
Jiuzhou Port of Zhuhai City in Guangdong Province. Figures 10-13 present the forecast
results of Typhoon Lion Rock. The initial forecast time is 06:00 on 8 October 2021, and the
leading time is 2 h, with an interval of 6 min.

Figure 10. Nowcasting results of the typhoon process for the next 0.5 h. (a) Observation; (b) Opti-
calflow; (c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.
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Figure 11. Nowcasting results of the typhoon process for the next 1 h. (a) Observation; (b) Opticalflow;
(c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.

Figure 12. Nowcasting results of the typhoon process for the next 1.5 h. (a) Observation; (b) Opti-
calflow; (c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.
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Figure 13. Nowcasting results of the typhoon process for the next 2 h. (a) Observation; (b) Opticalflow;
(c) ConvGRU; (d) PredRNN; (e) PredRNN V2; (f) TSGAN.

Overall, the forecast results of this typhoon case from each method can better display
the development trend of typhoon echoes, and the predicted position is similar to the actual
observation. Similar to the previous case on 4 May 2021, the ConvGRU, PredRNN and
PredRNN V2 methods still have the problem that as the forecast time increases, the forecast
results become more and more blurred, and the predicted radar intensity also weakens
considerably. The PredRNN V2 method improves the results of the PredRNN method in
detail but still has the problem of blur prediction results. Although the position predicted
by the optical flow method changes somewhat within 2 h, the predicted intensity remains
basically constant, resulting in strong echoes appearing in the east of Guangdong Province,
which is determined by the principle of the optical flow method itself. The forecast results
of the TSGAN method retain rich spatial details and are consistent with the observations in
intensity and spatial position.

The objective assessment results of the forecasts from each method are presented in
Figures 14 and 15. The labels of the horizontal axis are the prediction leading times of the
future 2 h every 6 min.

The results of the objective assessment indicators have a certain similarity with those of
the squall line process. Due to the accurate predicted location and shape of radar echoes, the
PredRNN V2, TSGAN and PredRNN methods show apparent advantages in the CSI scores.
The spatial location of the optical flow method is not satisfactory in terms of accuracy.
Thus, the CSI scores of the optical flow method are lower than those of the ConvGRU
method. The PredRNN V2 method has a noticeable improvement in detail compared with
the PredRNN method but still suffers from blur. In terms of definition and spatial frequency
indicators, similar to the case on 4 May 2021, the TSGAN and optical flow methods can
maintain stable spatial detail forecasts in each forecast time, while the other three methods
become more and more blurred with increasing forecast time, resulting in more detail
loss. In summary, the objective assessment suggests that the TSGAN method has certain
advantages in forecasting this typhoon process while retaining more spatial details.
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Figure 14. The scores of the critical success index for the forecasts of the typhoon process. (a) 20 dBZ;
(b) 30 dBZ; (c) 40 dBZ; (d) 50 dBZ.
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Figure 15. The scores of the spatial details for the forecasts of the typhoon process. (a) Definition;
(b) Spatial frequency.

5. Conclusions

Currently, artificial intelligence forecasting methods based on weather radar data
generally suffer from the problem that, with the increase in forecast time, the forecast
results become increasingly blurred. In order to address this problem, an artificial intelli-
gent forecasting method based on the GAN is proposed in this study. The spatiotemporal
features of the radar echo sequence are extracted by three-dimensional convolution, and the
local receptive domain is enlarged by the dual-scale generator and multi-scale discriminant
network. Then, combining the attention mechanism and the training method of generative
confrontation, we proposed a TSGAN method that can effectively mitigate the common
problem suffered by artificial intelligence methods. The testing results of the two cases
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demonstrate that the TSGAN method can better predict the position and shape of radar
echoes while retaining rich spatial details. Although the TSGAN method shows distinct
advantages in predicting spatial details, the increase in spatial details does not necessarily
lead to an increase in the CSI score due to the comprehensiveness and grid-to-grid calcula-
tion method of the CSI. Therefore, in future studies, more types of weather processes will
be selected as test cases, and the idea of the spatial neighborhood will be introduced to
optimize the algorithm further, improving the operational application of the algorithm.
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Abstract: Wind speed is an important meteorological parameter, whose simulation is influenced
by various physical process parameterizations. However, the impact of cumulus parameterization
schemes (CPSs) on wind speed simulation at the climate scale has not been sulfficiently investigated
in previous studies. Using the Advanced Research version of the Weather Research and Forecasting
model (ARWv3) and hydrostatic wind speed change equation, we assessed the effects of four CPSs on
a 10 m wind speed simulation over mainland China in the summer of 2003. In general, different CPSs
can reproduce the wind speed distribution. Meanwhile, the sensitivity of wind speed simulation to
CPSs was found to be the highest in East and southern China, followed by the Tibetan Plateau, and
then Northwest China. We found that the main physical processes influencing wind speed (i.e., the
pressure gradient (PRE), diffusion (DEN), and convection (CON) terms) vary greatly with sub-regions.
CPSs mainly affect the secondary CON that regulates the balance between the dominant terms PRE
and DFN, and also has a significant effect on PRE. For example, for CON, the difference index (DIF)
between the Kain—Fritsch (KF) and previous KF (pKF) CPSs is larger than 20%, corresponding to a PRE
DIF of about 14%. The term of local wind speed change (V) is significantly more sensitive to the CPSs
than the other terms with a DIF of 283% over the Tibetan Plateau, suggesting high CPS sensitivity
of the simulated wind speed. In addition, we explained the causes of the CPS-induced sensitivities.
This work helps understand the Weather Research and Forecasting model (WRF) performance and
emphasizes the importance of the CPS choice in simulating /forecasting wind speed.

Keywords: 10 m wind speed; cumulus parameterization schemes; sensitivity of physical processes;
WRF; mainland China

1. Introduction

As one of the key variables of meteorological fields, the simulation and prediction of
wind has been a goal of intensive research in various academic and industrial fields [1]. On
the one hand, changes in wind direction are important, especially in coastal areas where
they affect hydrodynamic factors such as waves and storm surges [2]. On the other hand,
the change and distribution of wind speed have a significant influence on the change in
the thermal structure of the boundary layer [3], surface fluxes [4], heat transfer, and mass
transport [5], and even the estimation of pollutants [6]. Therefore, the studies of the pro-
cesses affecting wind speed change and the sensitivity of wind speed simulation to different
physical schemes are of importance for reference to further understand atmospheric motion.
Meanwhile, from the perspective of society and economics, global warming leads to the
frequent occurrence of extreme weather (e.g., storms and typhoons), so the forecast of wind
speed is also extremely important to reduce economic losses and personal injury [7].
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To explore the factors affecting wind speed simulation, it is necessary to understand
the effects of atmospheric and land processes on wind speed. Previous studies on wind
speed have been mainly based on the direct momentum balance method, i.e., the surface
wind vector is determined by pressure gradient force, Coriolis force, gravity, and friction.
For example, using this method in a weather case, Van den Broeke and Van Lipzig [8]
suggested that large-scale pressure gradient forces controlled the momentum budget on
the near-surface and contributed the most to wind speed, while the Coriolis force and
gravity wave drag also affected wind speed. Horvath et al. [9] showed through a case
study in winter that local and regional thermally driven circulation could influence the air
mass through pressure gradient force within the pressure system, which was an important
part of wind speed formation. In addition, the effects of land surface properties and their
changes on wind speed cannot be ignored. For example, Wen et al. [10] studied the heat
circulation of an oasis in the Gobi desert, and their results showed that the changes in land
use types and land surface parameters could also change the land surface processes and
affect the lower atmosphere and boundary layer with the change in atmospheric circulation
situation, humidity, and temperature. Carvalho et al. [1] found that due to the limitation of
topographic data for the area with complex terrain, a worse simulation could be produced
by the WRF model. Lin et al. [11] studied the wind speed on the Qinghai-Tibet Plateau and
pointed out that global warming and cooling caused by atmospheric thermal adaptation
would greatly change the surface wind speed at the regional scale, and the surface wind
speed on the Qinghai-Tibet Plateau changed more than other regions in mainland China.
In addition, Zhang et al. [12] indicated that the pressure gradient force decreased when
the wind speed dropped over the Qinghai-Tibet Plateau in summer, mainly due to the
adjustment of atmospheric circulation. Zeng et al. [13] derived an equation affecting wind
speed change, and the simulation results showed that the Coriolis force had no effect on
wind speed, while the main physical processes affecting wind speed change were pressure
gradient force, convection and turbulence, and these physical processes showed large
differences with regional land perturbations, i.e., the simulation of these processes could be
very sensitive to the choice of land surface schemes.

As can be seen from previous simulations of wind speed, there have been many
influencing factors involved, among which the relationship between cumulus development
and the wind field cannot be ignored. Previous studies of cumulus parameterization
schemes (CPSs) were basically related to the study of precipitation, e.g., how cumulus
development can affect heavy rainfalls [14], while the influence of CPSs on wind speed
simulation has been rarely investigated [13,15]. Srinivas et al. [16] employed a mesoscale
model of ARWv3.2, and found that compared to cloud microphysics and boundary layer
schemes, the selection of cumulus convection parameterization schemes was more sensitive
to tropical cyclone intensity and path. Therefore, different CPSs had influences on the
simulation of surface wind speed to varying degrees. In fact, in addition to calculating
cloud water content, CPSs are also intended to consider the effects of unresolved deep and
shallow convective clouds, in which one of the main purposes is to calculate vertical fluxes
caused by subgrid updrafts and downdrafts, as well as corresponding horizontal motions to
compensate the change in vertical velocity, i.e., CPSs directly affect grid-scale wind speeds
in the model. For example, Asai [17] found that vertical wind shear tended to inhibit the
development of convection in the vertical plane parallel to the wind. Sui and Yanai [18]
estimated the influence of cumulus clouds on the rotating part of the large-scale momentum
field by using the vorticity balance residual, and found that cumulus clouds could slow
down the mean airflow, and in the lower troposphere, such deceleration tended to reduce
the vertical wind shear of the environment. The relationship between cumulus clouds and
wind fields is more complicated in summer when convection is frequent. Das et al. [19]
used different CPSs to simulate the Indian summer monsoon, showing that the simulation
of typical characteristics of the Indian summer monsoon was quietly different with different
schemes, among which the velocity potential and divergent winds obtained by Kuo-type
CPS simulation were weak. Using the obliquely rotated principal component analysis,
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Rao et al. [20] found that the summer topographic convection in China was controlled
not only by topographic thermal conditions but also by the dynamic force of increasing
wind speed in the mountainous area of the northeast Pearl River Delta. However, these
studies have seldom focused on CPS-induced effects on simulated wind speed on the
climate scales.

Therefore, the objective of this work is to assess the impact of CPSs on simulated
wind speed over mainland China on a seasonal scale. The summer of 2003 was a very
special season, during which extreme high temperature and rainstorm events occurred
in southern/eastern China [21,22]. In this paper, the sensitivity of simulated summer
wind speed to CPSs over typical underlying surfaces of different subregions of China (i.e.,
Northwest China, NW; East China, EC; and the Tibetan Plateau, TP) was evaluated, with
the summer of 2003 taken as the study period. The following section describes the model,
designed experiments, data, and relevant methods used in the study. Section 3 presents
simulation results, and a summary and discussion are given in Section 4.

2. Methodology and Data
2.1. Model and Experimental Design

This work is a continuation of Zeng et al. [13], who assessed the sensitivity of 10 m
wind speed to land surface schemes and the processes affecting wind speed in China
during the summer of 2003 using the third version of the Advanced Research WRF (ARWv3)
mesoscale model. In the summer of 2003, extremely heavy precipitation [21] and continuous
high-temperature weather [22] occurred in eastern China, and there was an overall slightly
positive anomaly of 10 m wind speed in mainland China (Figure 1b,c). The model selected
in this study is the ARWv3 [23]. The physical schemes used in all experiments were the
rapid radiative transfer model (RRTM) for long-wave radiation scheme, Dudhia short-wave
radiation scheme, the WRF single moment 5-class microphysics scheme (WSM5), Monin-
Obukhov near-surface scheme, Yonsei University (YSU) planetary boundary scheme, and
Noah land surface scheme [13].

It should be noted that as a continuation of the work on the impact of land surface
schemes (LSSs) on simulated wind speed by Zeng et al. (2018), the present study em-
ploys the same model and almost the same suite of model configurations, except for the
CPSs, and intends to compare the impact induced by LSSs with that by CPSs. Because
Zeng et al. (2018) had used four LSSs, correspondingly, for the sake of comparability, this
study uses the four widely-used CPSs as follows: (1) The Kain—Fritsch (new Eta) scheme
(KF hereafter; [24]) is an adjustment of the old Kain—Fritsch scheme in the Eta model. Its
closure hypothesis is consistent with that of the old KF scheme, and the simple cloud
model with water vapor rising and sinking is used to consider the role of entrainments and
detrainments with relatively rough microphysical processes. In addition, the scheme in-
hibits large-scale convections in both marginal unstable and dry environments [25]. (2) The
Betts—Miller-Janjic scheme (BM] hereafter; [26]) is an adjusted and improved Betts—Miller
scheme; the thermodynamic profile is relaxed at a given time, and the convective mass flux
can consume a certain amount of effective buoyancy. Furthermore, the scheme considers
the role of both deep and shallow convection processes. (3) The Grell-Devenyi ensem-
ble scheme (Grell hereafter; [27]) is characterized by a parameterization framework of a
simple scheme based on a previous convective parameterization, and this simple scheme
was expanded to allow for a series of different assumptions that are commonly used in
convective parameterizations with large sensitivity in model simulations, in which values
for the assumed parameters are perturbed to obtain the ensemble scheme. (4) The previ-
ous Kain-Fritsch (pKF hereafter; [25]) is a one-dimensional entraining/detraining plume
model for cumulus clouds, which is characterized by its representation of environmental
entrainment and updraft detrainment rates, e.g., the mass exchange between clouds and
their environment is regulated at model levels by a buoyancy sorting mechanism.
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Figure 1. The studied domain and its 10 m wind speed distributions. (a) The terrain of the simulation
domain (unit: m) and distribution of the studied sub-regions (i.e., Northwest China, NW; East China,
EC; and the Tibetan Plateau, TP); (b) the distribution of the wind speed anomaly during the summer
of 2003 (units: m s~ 1); (c) the distribution of the wind speed anomaly in percentage in the summer
(unit: %); (d) the seasonal mean wind speed of FNL analysis [13].

As in Zeng et al. [13], the simulation domain of in this study is centered at (37° N,
103° E) for mainland China. The total number of grids in the study area is 144 x 116 with
horizontal and vertical resolutions of 40 km and 28 levels, and the top pressure of the model
is 50 hPa. This area includes three sub-regions (Figure 1a) with typical and contrastive land
surface features: NW (arid and semi-arid areas with a large topographic variability), EC
(subtropical humid and temperate monsoon climate with high vegetation coverage and flat
terrain), and TP (cold climate with high altitudes). The simulation period of all experiments
was from 1 May 2003 to 1 September 2003, and the integral time step was 180 s. In order
to make the simulation results more robust, here we conducted 12-ensemble experiments,
with a small disturbance (i.e., at a 6-h interval) of the starting time of each experiment, i.e.,
0000 UTC on 1 May 2003 to 1800 UTC on 3 May 2003 as the initial time of each ensemble. In
the consecutive four-month tests, we took the first month as the model spin-up time, and
used the simulation results of the ensemble simulation tests in June, July and August to
conduct seasonal scale analysis. It should be noted here that we will use the names of CPSs
(i.e., KE, BMJ, Grell, and pKF) to represent the ensemble averages of the simulations of the
corresponding CPSs. Due to all experiments adopting the same physical parameterization
schemes and the same simulation area and time period (i.e., June-August), the differences
in simulation results were caused by the differences among the CPSs.

2.2. The Data

The ARW modeling system includes a number of datasets for default options or
for users’ selection, e.g., the present study employs a background albedo dataset and a
dataset for vegetation indices based on the Moderate Resolution Imaging Spectroradiometer
(MODIS) data, and a United States Geological Survey 10 min resolution topography dataset.
Following Zeng et al. [13], the FINAL (FNL) 1° x 1° analysis data with a 6 hourly interval

78



Atmosphere 2022, 13, 617

provided by the National Centers for Environmental Prediction (NCEP) were used for the
initial fields, boundary conditions and validation data for simulation results. The NCEP
Climate Forecast System Reanalysis (CFSR) monthly average data with a resolution of 0.5°
x 0.5° were used in the anomaly distribution of summer wind speed in 2003 relative to the
summer average over the last 30 years (Figure 1b,c).

2.3. Wind Speed Change Equation

Zeng et al. [13] derived the equation for full wind speed (other than wind components),
which can be expressed as

Vi = ADV + PRE + CON + DFN, 1)

where the 4 terms ADV, PRE, CON and DFEN indicate the influences on local full wind
speed change V', by advection, pressure gradient force, convection, and turbulent diffusion,
respectively, where

v v
ADV = —/ (155 05, )0 )
S S R/ L B 4

PRE = /V(auax+avay+uax+vay)dt, (3)

LV
CON = — / oS, )

"V.F
DFN_/ -t 5)

where u and v are zonal and meridional wind speed components, respectively. V and V are

the wind vector and full wind speed (V = v/u2 + v2), respectively, p is pressure, ¢ is the
vertical velocity of the coordinate system, « is the specific volume, ® is the geopotential, and
F is the friction. For the above formulas, Vi, ADV, PRE, and CON can be calculated directly
through the model outputs, then DEN can be calculated using Equation (1), and therefore
the relative contribution of each factor/term to the wind speed change can be investigated.

Compared with the traditional momentum balance equation, the advantage of Equa-
tion (1) is that it is a variant of the prognostic equation for full wind speed, and can give
exact quantitative results of the physical processes that affect the full wind speed, in which
the influence of the Coriolis force on full wind speed is reasonably excluded although it
must be considered for wind speed components [13].

By selecting different CPSs, the terms in Equations (1)-(5) can be affected in the follow-
ing two ways. First, the CPSs can affect the thermodynamic structure of the atmosphere.
The CPS-related processes of clouds and precipitation can directly heat the air mass, which
changes the air density and also leads to modifications of geostrophic winds and hydro-
static stability in the horizontal and vertical directions, respectively, i.e., the terms of ADV,
PRE, and CON, which are, respectively, associated with the wind, temperature (or air den-
sity), and stability, can be altered. Furthermore, when precipitation is received at the land
surface, the surface energy balance is affected, which also results in a change in hydrostatic
stability at the land surface. All of the stability changes would lead to changes in convective
activities. Second, the CPSs can affect the dynamic structure of the atmosphere. Affected
by cumulus entraining/detraining processes at the subgrid scale, the environmental wind
field would be changed for compensation, which further causes the grid-cell averaged
change of wind at different heights and can further result in wind shear-related turbulence,
i.e., DEN can be altered.

2.4. Measures for Assessment

In order to quantitatively compare the consistency between simulation results and NCEP
analysis data and investigate the differences among the CPSs, following Zeng et al. [13],
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several measures were used for the assessment, i.e., the seasonal mean bias of simulations
and reference data (BIAS), the standard deviation (STD; STDy; and STDg are for simulations
and reference data, respectively), the spatial correlation coefficient (CRy0), and the difference
index (DIF) of simulated processes affecting the wind speed in different CPSs, which are
computed as follows:

BIAS =M — O, (6)
1Y 2
STDy = NZ(Mi -M), 7)
i=1
1 0,-0)
STDo = +| =Y (0; —0) , 8)
Ni:l
N _ —
X (M;—M)(0;-0)
CRyi0 = ———1 , ©)
N __ 5 |N _5
Y (M;— M)/ ¥ (O;—0)
i=1 i=1
T, — Tiy .
DIF = —L— X 100%, k1 # ko, ki < ku, ko < ki, (10)
LT
k=1

where N is the number of grid points involved in the assessment within a region, M and O
represent the simulated and observed values of a quantity, respectively, k;, is the number of
the CPSs (4 in this case) for the difference index DIF, T is the regional mean value of a term
for a certain physical process in Equation (1) from the CPS as labeled by k. DIF indicates
the relative differences in the simulations between the different schemes.

3. Simulated Results

Because the same initial and boundary conditions and almost the same physical
options were used in this study, in this section we focus on the CPS-induced differences
of the 10 m full wind speed simulations in terms of the 12-member ensemble summer
mean results.

3.1. The 10 m Wind Speed
3.1.1. Spatial Distributions

Figure 2 presents the spatial distributions of the seasonal average 10 m surface wind
speed simulated by different CPSs. It can be found that except for southeastern mainland
China, the CPSs generally well produced the wind speed distributions over almost the
entire study domain as compared with the reference FNL data (e.g., Figure 1d vs. Figure 2a).
Specifically, with a quite high simulation-reference correlation over the land portion of
the study domain (Table 1), the general characteristics of wind speed were successfully
simulated by the WRF model, e.g., the low values over the area north of 50° N and over
the Indochina peninsula, and high values over North China, Northwest China, the Tibetan
Plateau, and the surrounding oceans, showing a larger part of the study domain with
simulated wind consistent with the reference data. Relatively, the area with values quite
different from/higher than the reference data is small (i.e., over southern China and part of
North China).
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Figure 2. Ensemble mean seasonal spatial distributions of the 10 m wind speed in the CPS simulations
(units: m s™1), where grid cells are marked with grey dots for significant differences at the 0.10

significance level.
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Table 1. Ensemble seasonal mean correlation coefficients (CRyi0) for Northwest China (NW), East
China (EC), the Tibetan Plateau (TP), and the land portion of the model domain (ALL).

Scheme NwW EC TP ALL
BMJ 0.31 0.80 0.31 0.69
KF 0.31 0.75 0.28 0.71
Grell 0.24 0.74 0.42 0.72
pKF 0.33 0.77 0.39 0.76

The wind field distributions by the CPSs appear to be close to each other due to
the same initial and boundary conditions, and almost the same physical options as well.
Opverall, the CPSs tend to moderate the wind speed, i.e., the simulated wind speed is shown
to be higher in the reference low wind speed zone and lower in the reference high wind
speed zone (Figure 1d, Figure 2a-d). For the three subregions, the simulated wind speeds
of the four CPSs decrease from west to east in TP, are larger in the north of NW than in the
south, and decrease from southwest to northeast in EC.

However, a closer comparison would lead to clearer and larger differences among the
CPSs. It can be seen more clearly from the CPS-induced different fields (Figure 2e—j) that
the differences in simulated wind speed between different CPSs are relatively smaller in
northern China and larger in southern China. For example, large KF-BM]J differences with
absolute values of more than 0.3 m s~! (Figure 2e) mainly exist in South China, and also
a similar amplitude of the BMJ-pKF differences can be observed in the TP, South China,
and the EC area around the Shandong Peninsula. This is mainly due to the fact that in
the summer, the area of South/East China is a wind convergence region of the East Asian
monsoon zone, where prevailing northwesterly wind from Siberia is relatively cold and
dry in contrast with the warm and moist southwesterly wind from the Indian Ocean [28].
These two types of contrastive winds converge with approximately the same strength, and
therefore fronts are formed which lead to the updrafts in the front zones and favor the
release of the convective available potential energy; as a result, a large number of convective
activities occur in South/East China. For the TP, the summer climate is controlled by the
thermal low, which further brings the biggest portion of convective activities and hence
precipitation of the year. All of these suggest that the above areas can be most affected by the
CPSs. In addition, the CPS differences can enlarge the differences in simulated wind speed.
For example, the pKF scheme is a mass flux parameterization using the Lagrangian parcel
method to estimate whether instability exists, whether existing instability can become
available for cloud growth, and what the properties of convective clouds could be. In
contrast, the KF CPS considers a set of parameterizations including the convective trigger
function, the mass flux formulation, and the closure assumptions [24], which makes it
very different from pKF in simulating wind speed, e.g., KF presents significantly different
wind speed compared with pKF in EC and the TP, with differences as large as about
03ms! (Figure 2i). In addition, the Grell CPS makes use of a large variety of assumptions
previously introduced in earlier formulations, with the assumptions generating a large
spread in the solution for the ensemble scheme [27], which makes the CPS very unique as
compared to a single scheme such as the other CPSs in the present study. As a result, the
Grell-BM]J difference is apparently large in southern China (Figure 2f).

Correspondingly, the Student’s t-test results at the 0.10 significance level [29] show
that there is a quite large total area with significant differences, mostly in the southeast of
mainland China. This further confirms that wind speed simulation is sensitive to the CPSs
in areas with high convective precipitation. At the same time, there are some differences in
the results of these CPS-produced simulations, e.g., the BMJ-pKF, KF-pKF and Grell-pKF
differences are mainly distributed in the southeast of mainland China, while the total area
with significant differences between KF and Grell is small, which is consistent with the
above-mentioned results.
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Summer-mean BIAS (m s)

3.1.2. Assessment Results

Figure 3a shows the BIAS of the average seasonal wind speed simulated by different
CPSs in the total area and each subregion. It can be seen that the wind speed values of
the total area and subregions simulated by the four CPSs are similar to those of different
land surface schemes [13]. For example, for simulated wind speeds of the total area, NW
and EC are higher than the reference, while the TP value is lower. This result is closely
associated with the distributions of simulated surface air temperatures. Generally, the
model produced higher surface air temperatures over different parts of mainland China
except for the TP (not shown). This means that the CPSs produced low-level stratifications
that were more stable than they should have been over the TP, which does not favor the
downward momentum transport and results in a lower wind speed in the TP. Similarly,
simulated wind speed for subregions other than the TP is higher.
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Figure 3. Ensemble seasonal mean wind speed results of BIAS (a) and STDy; minus the STDo (b) for
each sub-region, where the regional means of wind speed from reference FNL data for NW, EC, TP,
and ALL (land portion of the model domain) are 3.83, 2.42, 4.61, 3.58 m s~ respectively [13]. The
FNL data are available at: https://rda.ucar.edu/datasets/ds083.2 (accessed on 24 February 2022).

In terms of BIAS, the CPSs present an overall higher wind speed for the total area (with
the BIASs less than 0.50 m s~!) while sub-regions might show different results, e.g., the
BIAS of East China is much larger, and there exists a negative BIAS in the TP. In addition,
wind speed in NW (EC) is the best (worst) simulated among the sub-regions, which is
consistent with the above-mentioned results of wind speed distributions, e.g., there are
much higher wind speed values in EC compared with the reference data (Figure 2 vs.
Figure 1d).

The sensitivities of simulated wind speed to CPSs vary in different sub-regions. For
example, although CPS-induced BIAS differences are relatively small for EC, while for NW,
TP, and the total area, the differences can be much larger between the least and the largest,
e.g., compared with the Grell BIAS of about —0.40 m s71, the amplitude of the pKF BIAS is
approximately 50% larger for the TP, and for the total area, the BIAS differences also show
the largest amplitude change of 70% as compared to the pKF BIAS of 0.30 m s ! with the
BM]J BIAS of 0.50 m s~ 1.

Figure 3b shows the CPS-induced difference between STDy; and STDg for the seasonal
wind speed in the total area and sub-regions. Obviously, among the study sub-regions,
the difference amplitude of the four schemes in EC is the smallest (less than 0.05 m s~ 1),
while the difference amplitude in NW is the largest (around —0.4 m s7h, showing that
although for different sub-regions simulated spatial variability is quite different with small
CPS-induced changes, the CPS-induced changes for the total area are very large, e.g., the
STDy; -STDg difference amplitude by BM]J is 60% larger than that by KF.

It is noteworthy that in Figure 3b, the fluctuations of wind speeds are all smaller
than the reference data. Possible reasons for this result are as follows. (1) Some influences
of land surface heterogeneity are probably missing from the simulation. The subgrid
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heterogeneity could induce modifications of grid-scale changes in surface variables such
as wind speed. For example, microscopic topography could dynamically change the
atmospheric flow [30], subgrid variations in the surface moisture could thermally induce
mesoscale circulations [31], and all of these could lead to grid-scale changes [32]. (2) The
model has some deficiencies in simulating the wind speed, e.g., the simulated temperature
fields were not well simulated, which would affect vertical momentum transport and then
wind speed (as stated above). (3) Models are generally difficult to reproduce extremes of
observations, suggesting that they tend to give moderate results compared to observations.

In addition, Table 1 lists the correlation (CRpp) values by the CPSs for the sub-regions.
Overall, the CPSs present wind speed patterns quite consistent with the reference (i.e.,
the CRyp values are approximately 0.7). However, the values differ from sub-regions
greatly, and moreover, large CPS-induced CRyjo difference can be seen, e.g., the KF-Grell
difference amounts to up to 0.14 for the TP.

In general, the assessment measures show that the simulated wind speed is sensitive
to the CPSs with different sub-regional characteristics, suggesting that the CPS choice or
improvement is important for seasonal wind speed simulations or forecasts. Meanwhile, it
is worth noting that the CPS-induced sensitivity is less than that induced by land surface
schemes [13].

3.2. Processes Affecting Wind Speed Change

According to the summer mean integral results of Vi, ADV, PRE, CON, and DFN
(Table 2), the main processes affecting the wind speed changes are PRE, DFN, and CON,
and the effects of PRE and DFN are much larger than that of CON, having a positive and a
negative contribution to wind speed, respectively, which is consistent with Zeng et al. [13].
Meanwhile, due to the influence of climate characteristics, there are certain differences
in the factors affecting wind speed variation in different subregions. For subregion NW,
PRE and DFN of KF have the greatest impacts among those of the CPSs, with both mean
integral values of five and four times as large as that of CON, respectively, while PRE and
DEN of the other schemes are also 3-5 times higher than CON. For EC, the absolute values
of the mean integral PRE and DFN are the largest by BM], which are about three and four
times larger than that of CON, respectively, but the signs of PRE and DEN are opposite
(i.e., they have opposite effects on wind speed change). For the TP, a striking feature of
CON appears: the CON contribution to the wind speed change is negative (i.e., the weak
updraft formed by the thermal low pressure in summer restrained downward momentum
transfer), which is the opposite of the facts observed for EC and NW. In addition, the
integral means of PRE and DEN by Grell are the largest for the TP, reaching 12 and 11 times
that of CON, respectively.

Table 2. Different CPS-ensemble area-averaged summer mean integral results of the five terms in
Equation (1) (units: m )

Vi ADV PRE CON DFN
NW  EC TP NW EC TP NW EC TP NW EC TP NW EC TP

427 277 172 101 847 —143 —534 —365 -—158

KF  —099 —0.13 —026 5737 3152 1791 X x x x x x x x x
103 103 10* 10% 102 103 103 103 10*
430 262 188 104 883 —245 —540 —353 —1.64

BMJ —152 —009 —053 6427 2417 8.07 X X X X x X X X x
103 103 10* 10% 102 103 103 103 10*
419 254 189 106 894 —126 -531 -—346 -177

Grell —-1.33 0.18 —0.21 5696 3091 13.46 X X X X X X X X X
103 10° 10* 103 102 103 103 103 10*
372 243 168 127 922 —991 -504 -339 —159

pKF  —151 —035 —0.65 53.69 3694 11.05 X

X X X X X X X X
103 10° 10* 10% 102 102 103 103 10*
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As can be seen from the difference index DIF of the terms in Equation (1) simulated
by different CPSs (Table 3), the least term Vi is much more sensitive to CPSs than the
other terms. Among them, the V; DIF values in NW are less than 40%, while the DIF
by pKF and Grell in EC and TP can reach 283% and 106%, respectively. Except V, the
sensitivities of the other terms to CPSs are complicated. For example, CON is most sensitive
to CPSs in NW, with a maximum DIF of 24%, while DFN is the least sensitive. For EC, the
sensitivity of each term to CPSs is the lowest among the three sub-regions, with absolute
DIF values within 13%. For the TP, CON has the largest effect (corresponding to a maximum
DIF amplitude of —95%), followed by ADV, while the DIF maxima of PRE and DFN are
lower than 12%. Compared with the sub-regions of EC and NW that show moderate
CPS-induced sensitivities in the three major terms (i.e., PRE, DFN, and CON), the TP
displays an apparently higher sensitivity, e.g., the DIF between KF and pKF can reach 95%
for CON, suggesting that the influence of CPSs on wind speed processes varies greatly
with sub-regions. For the overall wind speed change, it suggests that the CPS-induced
influence on V7 is great in EC, probably due to frequent convective activities in the summer
monsoon; for an even higher CPS-induced influence on V¢ in the TP, the high topographic
elevations that lead to a thin troposphere in this area could be a main cause.

Table 3. The difference index (DIF) in different CPS-ensemble area-averaged summer mean integral
results of the five terms in Equation (1) for the sub-regions, corresponding to the value of the vertical
CPS minus the one of the horizontal CPS (unit: %).

Vi ADV PRE CON DEN

BMJ] Grell pKF BM] Grell pKF BM] Grell pKF BMJ] Grell pKF BMJ] Grell pKF

KF 40 25 39 —12 1 6 -1 2 14 -3 -5 —24 1 -1 —6

NW BMJ - -14 -1 - 13 18 - 3 14 - -2 —21 - -2 -7
Grell - - 14 - - 6 - - 12 - - —19 - - -5

KF —25 —168 115 6 0 —4 6 9 13 —4 -5 -8 -3 -5 -8

EC BMJ - —143 140 - -5 —10 3 8 - -1 —4 - -2 —4
Grell - - 283 - - -5 - - 4 - - -3 - - -2

KF 66 —11 95 78 35 54 -9 —10 2 67 -1 28 3 12 0

TP  BMJ] - —77 29 - —43 24 - -1 11 - 77 =95 - 8 -3
Grell - - 106 - - 19 - - 12 - - —18 - - —11

3.3. Associated Boundary-Layer Parameters
3.3.1. Near-Surface Fluxes

The change in convective activities can affect the change in surface energy fluxes, while
the change in surface sensible and latent heat fluxes will affect the convective processes
and wind speed through energy transfer and release in the vertical direction with land
surface disturbances. Figure 4 shows the average sensible and latent heat fluxes simulated
by different CPSs. It can be seen that although CPS-induced sensible and latent heat flux
differences are relatively small over most of mainland China, the largest differences still
exist in EC (e.g., with an amplitude of over 20 w m~2; Figure 4c,g), which is consistent with
the above-mentioned result that over this area, simulated convective activities are affected
by the CPSs to quite an extent.
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Figure 4. Ensemble seasonal mean distributions of sensible heat flux (SHF), latent heat flux (LHF),
and their differences (units: W m~2).

By comparing the difference field of wind speed with that of sensible/latent heat
flux, there appears no clear correlation. This suggests that the CPS-induced sensitivities
are complicated. Although the land surface plays an important role in modifying 10 m
wind speed [13], the changes in surface fluxes are probably less important in CPS-induced
changes in wind speed compared with the changes in the interior atmosphere.

3.3.2. Atmospheric Boundary Layer Stability

On the weather scale, different CPSs can influence simulated momentum exchange by
influencing the stability of the simulated atmospheric boundary layer, i.e., the stability of the
atmospheric boundary layer can be affected by the energy release in the convective process,
which will lead to a difference in the momentum exchange between the upper and lower
levels and thus affect the wind speed [1]. Figure 5 shows the CPS-produced seasonally

86



Atmosphere 2022, 13, 617

average Richardson number (R;), which can be used as a measure for atmospheric boundary
layer stability. On the whole, similar to the simulation by different land surface schemes that
presented the vertical distributions of atmospheric stability in the three sub-regions [13], it
can be also concluded that the CPS-produced instability layer over the TP is the thickest,
followed by NW and EC (e.g., Figure 5d). Consistent with the above-mentioned results for
the sub-regions, the R; for NW is not sensitive to the CPSs, while the TP shows the highest
sensitivity, e.g., there is a quite large R; difference between Grell and pKF (Figure 5c¢),
corresponding to the highest sensitivity of CON to the CPSs, as addressed in Section 3.2. In
addition, Grell produces a more unstable boundary layer than pKF does, which favors the
downward momentum transfer, further strengthens the 10 m wind speed, and results in a
higher Grell wind speed compared to pKF (Figure 2j). Note that the simulated wind speed
sensitivity for the TP is not the highest of the CPSs., i.e., the DIF of V; for the TP is not
the largest among the sub-regions (Table 3). The reason for this complexity is that vertical
momentum transfer is a result of convection (i.e., CON), while there are other important
processes responsible for wind speed change (e.g., PRE).
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Figure 5. Ensemble seasonal mean Richardson number (R;) in the selected atmospheric boundary
layer in the three sub-regions, where Layers 1-8 are approximately 10, 30, 100, 200, 320, 470, 600, and
%, where Af represents the potential
6[(AU)"+(aV)]

temperature difference between the top and bottom of the atmospheric layer, Az the thickness of the
layer, 6 the mean potential temperature, and AU (AV) the zonal (meridional) wind speed difference
between the top and bottom of the atmospheric layer [33]. (a) The four CPS ensembles for NW;
(b) same as (a) but for EC; (c) same as (a) but for the TP; (d) the BMJ ensemble for the three sub-regions.

900 m above ground level, respectively, with R; =

4. Summary and Discussion

In order to investigate the sensitivity of simulated wind speed and its influencing
processes to the CPS choice, we selected four CPSs (KF, BM], Grell, and pKF) as employed
in the mesoscale model WRFv3 to separately conduct ensemble simulations for the summer
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of 2003 in mainland China. Using the wind speed change equation under the hydrostatic
condition, we calculated the four physical terms responsible for the wind speed change
(Vy), ie., the terms induced by advection (ADV), pressure gradient force (PRE), convection
(CON), and turbulent diffusion (DFN), and quantified the relative importance of influencing
processes and analyzed their sensitivities to the CPSs. The main results and conclusions
are as follows:

(1) By and large, different CPSs can reproduce 10 m wind speed over mainland China,
which is also indicated by the simulation—reference correlation efficiency of approx-
imately 0.70. Previous studies of CPSs were basically associated with precipita-
tion [14], while this result indicates an overall performance of simulating wind speed
by the CPSs.

(2) In comparison to the CPS ensembles, the largest simulated difference is generally
found between Grell and pKF. Although the CPS choice does not greatly modify the
simulated wind speed, sub-regions of mainland China show quite a large CPS-induced
impact on wind speed. It can be seen that northern China is relatively unaffected
by the CPSs, but southern China, East China, and the Tibetan Plateau are affected to
quite large extents, as is confirmed by Student’s ¢-tests. These high sensitivities are
associated with the frequent convective activities in the summer monsoon (e.g., over
East China) and a relatively thin troposphere (i.e., over the Tibetan Plateau). Because
the influence of CPSs on wind speed simulation has been rarely investigated on a
climate scale [13,15], these results clearly indicate where the simulated wind speed is
greatly affected in mainland China on the summer scale, and the mechanisms have
been revealed.

(3) Among the terms of influencing processes, CON is most affected by the CPSs, followed
by PRE and DFN, corresponding to CPS-induced DIF values of 95%, 14%, and 12%
for the sub-regions, respectively. ADV is a secondary term for contribution to V', with
the latter having a large DIF value of 283% for East China. Previous works seldom
showed the CPS-induced impacts on complete influencing processes [14]; this study
presents the impacts of the turbulence effect (DFN) and revealed that they cannot be
conventionally quantified.

(4) Theresults of the related boundary layer parameters can demonstrate the CPS-induced
impact on simulated wind speed, in which surface fluxes do not show clear corre-
lations with wind change while the Richardson number does. This suggests that
compared with the CPS-induced changes in wind speed in the interior atmosphere,
the CPS-induced changes of surface fluxes are less important. This work makes an in-
cremental advance in wind speed study based on the LSS-induced impact [13], empha-
sizing the importance of the atmospheric process rather than land surface processes.

Because CPSs are closely associated with precipitation simulations, it is expected
that there is a correlation between simulated precipitation and wind speed as induced
by the CPSs. We found that simulated precipitation is sensitive to the CPSs over the
selected subregions, especially over EC (not shown). However, the precipitation-wind
speed correlation is complicated. On the one hand, higher precipitation generally means
more frequent convective activities that would strengthen surface wind speed by stronger
downward momentum transport. On the other hand, precipitation-related surface cooling
would strengthen the low-level stable stratification and then restrain downward momentum
transport. All of these are likely to lead to opposite results (not shown), i.e., that no definite
correlation between CPS-induced precipitation and wind speed can be validated.

It is noteworthy that this work is a case study focusing on the quantitative assessment
of physical processes affecting summer wind speeds and their sensitivities to CPSs with a
regional climate model. Due to the complexity of the CPSs, the differences in the physical
parametrizations of the specific CPSs have not been discussed here. As addressed in
previous studies [1,13], the coupled-model simulation reflects not only the performance of a
single scheme that is coupled to the model, but also the overall performance of the modeling
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system, which suggests that this CPS evaluation is of significance to our understanding of
the CPS performance and improving the model to simulate the summer wind speed.
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Abstract: In this study, the applicability of three gridded datasets was evaluated (Climatic Research
Unit (CRU) Time Series (TS) 3.1, “Asian Precipitation—Highly Resolved Observational Data Inte-
gration Toward the Evaluation of Water Resources” (APHRODITE)_V1101, and the climate forecast
system reanalysis dataset (CFSR)) in different combinations against observational data for predicting
the hydrology of the Upper Vakhsh River Basin (UVRB) in Central Asia. Water balance compo-
nents were computed, the results calibrated with the SUFI-2 approach using the calibration of soil
and water assessment tool models (SWAT-CUP) program, and the performance of the model was
evaluated. Streamflow simulation using the SWAT model in the UVRB was more sensitive to five
parameters (ALPHA_BF, SOL_BD, CN2, CH_K2, and RCHRG_DP). The simulation for calibration,
validation, and overall scales showed an acceptable correlation between the observed and simu-
lated monthly streamflow for all combination datasets. The coefficient of determination (R%) and
Nash-Sutcliffe efficiency (NSE) showed “excellent” and “good” values for all datasets. Based on
the R? and NSE from the “excellent” down to “good” datasets, the values were 0.91 and 0.92 us-
ing the observational datasets, CRU TS3.1 (0.90 and 0.90), APHRODITE_V1101+CRU TS3.1 (0.74
and 0.76), APHRODITE_V1101+CFSR (0.72 and 0.78), and CFSR (0.67 and 0.74) for the overall
scale (1982-2006). The mean annual evapotranspiration values from the UVRB were about 9.93%
(APHRODITE_V1101+CFSR), 25.52% (APHRODITE_V1101+CRU TS3.1), 2.9% (CFSR), 21.08% (CRU
TS3.1), and 27.28% (observational datasets) of annual precipitation (186.3 mm, 315.7 mm, 72.1 mm,
256.4 mm, and 299.7 mm, out of 1875.9 mm, 1236.9 mm, 2479 mm, 1215.9 mm, and 1098.5 mm). The
contributions of the snowmelt to annual runoff were about 81.06% (APHRODITE_V1101+CFSR),
63.12% (APHRODITE_V1101+CRU TS3.1), 82.79% (CFSR), 81.66% (CRU TS3.1), and 67.67% (ob-
servational datasets), and the contributions of rain to the annual flow were about 18.94%, 36.88%,
17.21%, 18.34%, and 32.33%, respectively, for the overall scale. We found that gridded climate datasets
can be used as an alternative source for hydrological modeling in the Upper Vakhsh River Basin in
Central Asia, especially in scarce-observation regions. Water balance components, simulated by the
SWAT model, provided a baseline understanding of the hydrological processes through which water
management issues can be dealt with in the basin.
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1. Introduction

Watershed-based hydrological models provide a practical approach to evaluating the
water cycle’s components, particularly snowmelt’s contribution to river flow [1,2]. One of
the challenges in mountainous regions when modeling watershed hydrology and evaluat-
ing water balance components is obtaining weather input data, which are generally among
the most essential drivers of watershed models [3]. Unfortunately, observational climate
stations are often sparsely located and thus cannot characterize the climate conditions
throughout a catchment, particularly if large hydroclimatic gradients exist. Additionally,
climate station measurements often do not cover the proposed modeling period, and there
may be gaps in the records. In order to solve this issue, the investigation of alternative
climate data is essential in mountainous areas.

The applicability of the climate forecast system reanalysis (CFSR), “Asian Precipitation—
Highly Resolved Observational Data Integration Toward the Evaluation of Water Re-
sources” (APHRODITE), and Climatic Research Unit (CRU) datasets for hydrological
models in water balance components analysis has not been investigated thus far in the
UVRB. Similarly, previous studies on the applicability of models to estimate hydrological
components in the highlands of Tajikistan (UVRB) in Central Asia have not been conducted.
Various hydrological models at the watershed scale have been used for the estimation of
water cycle components, including the Hydrologic Engineering Center hydrologic mod-
eling system [4], MIKE SHE [5], the soil and water assessment tool [6], the hydrologic
simulation program Fortran [7], and the snowmelt runoff model [2]. The SWAT model is
internationally recognized as a robust hydrological model and is widely used, including in
several basins that have snowmelt-dominated streamflow [8-14].

Previous research indicated that the SWAT model is a common tool to assess the water
balance components of watersheds. Combinations of CFSR datasets with the SWAT model
and observational datasets with the SWAT model were applied to different watersheds
in the Blue Nile Basin in Ethiopia to assess water-balance components, particularly ac-
tual evapotranspiration [15]. In most cases, CFSR weather simulations gave similar or
lower evaluations than those obtained when using in situ observations in model inputs.
Independent observation datasets and CFSR were used in the SWAT model to estimate
water-balance components in the Melka Kuntur watershed in Ethiopia [16]. Analysis of the
mean annual water balance demonstrated that higher values of water-balance components
were acquired when applying the CFSR datasets to the Melka Kuntur watershed. This may
be associated with the relatively high total precipitation in the CFSR dataset for the Melka
Kuntur watershed [16]. Adeogun et al. noted that the SWAT model could be a promising
tool for predicting water balance and water output for sustainable water management in
Nigeria [17]. Gupta et al. noted that SWAT is a powerful tool that very effectively evaluated
the hydrological components in a study of water balance and river flow in the Sabarmati
River Basin in India [18]. Goswami et al. used the SWAT model and CFSR datasets from
1984 to 2013 in the Narmada River Basin in India and suggested that the SWAT model
was able to simulate the water balance components at the basin and sub-basin scales [19].
Himanshu et al. [20] concluded that the SWAT model can accurately simulate the hydrology
and water balance components of the Ken River Basin in India. Nasiri et al. [21] applied
the SWAT model to the Samalqan Basin in Iran to assess water-balance components. Ac-
tual evapotranspiration contributed to the largest water loss from the basin, which was
approximately 86%. Nasiri et al. pointed out that the high evapotranspiration rate that
was simulated may be related to the vegetation types in the region [21]. The applicability
of the SWAT model for the simulation of water-balance components, particularly surface
runoff, has been assessed in the Heihe mountain river basin in northwest China [22]. The
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components of the water balance tended to increase, and the total runoff increased by 30.5%
between 1964 and 2013. Rising surface runoff accounted for 42.7% of the total increasing
runoff [22]. Pritchard [23] used a combination of CFSR temperature and APHRODITE
rainfall datasets in the SWAT model to simulate water-balance components, in particular
the actual evapotranspiration in five Asian river basins, including the Aral, Indus, Ganges,
Brahmaputra, and Tarim, and the lakes of Issyk-Kul and Balkhash. Regarding the Aral Sea
Basin in Central Asia, Pritchard reported that summer evaporation is approximately equal
to summer precipitation [23].

The snowmelt runoff model (SRM) and SWAT model with conventional weather data
were used to carry out a water balance study of the Karnali River Basin in Nepal and to
simulate the contribution of snowmelt to river runoff [2]. Dhami et al. reported that after
comparing the results obtained from the SWAT model and the SRM model, it is recom-
mended to use the results obtained from the SWAT model, which is able to control the
volume of melting snow compared to the SRM model [2]. Siderius et al. [24] calculated the
contribution of snowmelt to river runoff in the Ganges River in the Himalayan arc, using
APHRODITE data with the SWAT model. The simulation results showed that approxi-
mately 1% and 5% could be considered indicative of the actual total annual contribution of
snowmelt to total runoff [24]. Chiphang et al. [1] used the SWAT model in the mountainous
Mago River basin, located in the Eastern Himalayan region of India, from 2006 to 2009
to compute the contribution of snowmelt to streamflow and evapotranspiration changes
in the basin. The results showed that the contribution of snowmelt runoff to the annual
streamflow of the basin was about 8% [1]. Another study was conducted to simulate
snowmelt using the SWAT model in the Tizinafu River Basin (TRB) in Xinjiang, in Central
Asia, from 2013 to 2014 using observational climate data [25]. Duan et al. found that about
44.7% of the total runoff comes from snowmelt runoff in the TRB [25].

Climate data are regarded as among the most important data for setting up the SWAT
model. Therefore, assessment of the reliability of the most commonly used gridded climate
data in SWAT modeling and water-balance analysis has become a popular theme in recent
times, particularly in developing and less developed countries [26-28]. Malsy et al. [29]
examined the performance of hydrologic modeling using four datasets, including the
Global Precipitation Climatology Center (GPCC) Reanalysis product v6, APHRODITE,
WATCH forcing data (WFD), and CRU in a hydrological model named “Water Global
Assessment and Prognosis 3” (WaterGAP 3). According to Malsy et al., the GPCC and
APHRODITE datasets, coupled with the WaterGAP 3 hydrological model, showed better
hydrological results than CRU and WFD datasets at the Tuul River Basin and Khovd River
Basin in Mongolia in East Asia. Due to the lack of data on the Upper Helmand Basin in
Afghanistan, which is a neighboring country to Tajikistan, the SWAT model and the global
CRU dataset were applied to create long-term hydrological conditions [30]. The results
showed the good performance of the SWAT model using CRU data for the study area;
therefore, the NSE was 0.84 for the calibration period and 0.82 for the validation period [30].
It is not known if the same results can be generated with a different hydrological model.
For instance, Luo et al. [31] used the SWAT and the MIKE SHE hydrological models to
assess their performance in the Hotan River Basin in southwestern Xinjiang, in Central
Asia. The results demonstrated that the SWAT model performs better than the MIKE
SHE model for the same climate input. Liu et al. used the SWAT model with climate
data from the China meteorological assimilation driving datasets (CMADS V1.0) and
CFSR in the Yellow River Source Basin, Qinghai-Tibet Plateau [32]. The APHRODITE
dataset with a SWAT model, in the Yarlung Tsangpo-Brahmaputra River Basin (YTBRS) in
Southeast Asia, was used for hydrological modeling. The results showed the validity of
APHRODITE estimates in driving the hydrological model in the YTBRB [33]. Tan et al. [34]
assessed the capabilities of the APHRODITE, CFSR, and PERSIANN datasets to model
river flow using the SWAT model for the Kelantan River Basin and the Johor River Basin in
Malaysia, in Southeast Asia. The combination of APHRODITE precipitation data and CFSR
temperature data resulted in the accurate simulation of river flow. Tan et al. recommended
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the use of APHRODITE precipitation and CFSR temperature data in the modeling of
water resources in Malaysia [34]. Xu et al. [35] applied a SWAT model with WFD and
APHRODITE datasets to the Xiangjiang River Basin (XRB) in China, to simulate river flow.
In XRB, APHRODITE data performed better than WFD data, during both calibration and
validation periods [35]. The Tropical Rainfall Measuring Mission (TRMM), National Center
for Environmental Prediction (NCEP), Global Precipitation Climatology Project (GPCP),
CFSR, and APHRODITE datasets were used to assess the performance of SWAT in the
Wunna Basin in India. In the Wunna Basin, APHRODITE datasets can be an alternative
source for hydrological modeling as APHRODITE simulations perform much better than
TRMM, NCEP, GPCP and CFSR [36]. Shen et al. used gridded products, including CFSR,
APHRODITE, CRU, TRMM, ERA-Interim and MERRA-2, with the J2000 model to analyze
the spatiotemporal patterns of water balance and the distribution of runoff components in
the glacierized Kaidu Basin in Central Asia. The results showed that APHRODITE and
CRU represented annual and seasonal precipitation dynamics similar to the observational
results at most climate points [37]. However, it should be noted that these results are
region- and model-dependent. Many studies show that the accuracy of gridded data
results varies by region [38,39]. Meanwhile, a hydrological model with a different concept
and representation of the streamflow procedure may lead to different conclusions.

The present work focuses on modeling mountainous terrain with insufficient obser-
vational climate data. The major goal of this study is to investigate alternative climate
data sources for improving the performance of distributed hydrological models, to explore
options that could substitute existing observational data in data-scarce areas. The second
objective was to investigate the performances of grid-based data combinations of precipita-
tion and temperature data from multiple sources in order to understand the status of water
resources by simulating water balance components in general in the UVRB in Central Asia.

2. Materials and Methods
2.1. Study Area

The study presented in this paper was conducted in the Upper Vakhsh River Basin
(UVRB) in Central Asia. The watershed area of the UVRB, including the river network and
the location of the measured hydro-climatic stations, as well as the CRU, APHRODITE and
CFSR, are shown in Figure 1. The Vakhsh River is the second-largest northwestern tributary
of the Amu Darya River in the Aral Sea Basin in Central Asia. The UVRB is located in the
north-central part of Tajikistan and the south-west part of Kyrgyzstan (latitude 38.52° to
39.48° N, and longitude 69.78 to 73.70° E). Vakhsh is a very seasonal river, with a discharge
maximum in July and a minimum in February, as can be seen in Figure 2. River flow is
mainly influenced by snowmelt, since a major part of the annual precipitation falls during
the winter months, in higher areas, as snow. A seasonal and annual temperature and
precipitation trend analysis of the flat and mountainous areas of Tajikistan can be found in
our previous study [40]. In the upstream reaches of the Vakhsh River, due to limitations in
the availability of suitable land, irrigation is rather limited. Furthermore, water for this
small-scale irrigation setup is taken from tributaries of the Vakhsh River and not drawn
directly from the river itself. Therefore, the water used for this purpose is not evidenced by
measuring the flow of the river.
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Figure 2. The monthly dynamics of the streamflow and precipitation in the Upper Vakhsh River
Basin in Central Asia (Darband station).

2.2. Data

Precipitation is the main factor in hydrological processes, as well as in hydrological
modeling, while mountainous regions suffer from a lack of observational climate stations.
In order to overcome this issue, most researchers are looking for an alternative option
to obtain hydro-climatic data, in order to build hydrological models in mountainous
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watersheds and to evaluate water-balance components. Comparisons of different datasets
with observational data and the combination of different datasets are appropriate objectives
that have been considered here. In this study, the water-balance components were derived
from the SWAT model results by applying multiple combinations of weather data products
to the observational hydro-meteorological data.

Furthermore, in this study, we used the CRU Time Series (TS) version 3.1 data in our
hydrological modeling of the UVRB. This data product was produced by the Climatic
Research Unit at the University of East Anglia. The CRU TS 3.1 daily maximum and
minimum temperatures, as well as precipitation data, were obtained from the website https:
//www.2w2e.com/home/CRU (accessed on 20 April 2019) for the period of 1979-2006.
The reason we derived the data of CRU TS 3.1 from this site is that the historical (1970-2006)
reanalysis data of precipitation and maximum and minimum temperatures from CRU
TS3.1 are reformatted from NetCDF data into TXT files, which are required by SWAT. The
database is updated daily, has a resolution of 0.5° and covers 67,420 files across the world’s
land areas. The CRU TS 3.1 data have been used in an analysis of the historical (1970-2005)
climate variability and extreme weather conditions in the state of California in the United
States [41]. Touseef et al. [42] applied the CRU TS 3.1 data to validate the historical daily
precipitation measurement-based data in the Xijiang River Basin in China.

The “Asian Precipitation—Highly Resolved Observational Data Integration Towards
Evaluation of Water Resources Version 1101” (APHRODITE_V1101) project contains
daily gridded precipitation datasets [43]. The Research Institute of Humanity and Na-
ture and the Meteorological Research Institute of Japan’s Meteorological Agency created
the APHRODITE_V1101 project by combining precipitation station data recorded from
thousands of stations throughout Asia, including Japan, the Middle East, Russia, and
the Asian monsoon region, to a spatial extent of 15° 5-55° N, 60° E-150° E [44]. The
APHRODITE_V1101 dataset is available at http:/ /www.chikyu.ac.jp/precip/ (accessed on
6 February 2019). In the SWAT model, precipitation data alone cannot be used to build a
hydrological model.

The climate forecast system reanalysis dataset (CFSR) is developed by the National
Center for Environmental Prediction (NCEP) and is derived from the Global Forecast
System [45]. The CFSR product is widely used in hydrological modeling, considering
its high spatial resolution, robustness, and long time series. Publicly available data from
January 1979 to July 2014 can be found on the official SWAT website (http://globalweather.
tamu, accessed on 15 June 2019) for an almost 36-year period, in the format required by the
SWAT model, for a given location. For this study, we obtained all variables of the CFSR
data for 54 locations (Figure 1). Previously, many studies have been conducted to compare
CFSR climate data with observational datasets to assess the reliability of gridded climate
data by applying hydrological models [46,47].

The monthly discharge data for the Darband gauging station during the period of
1979-2006 in the UVRB were derived from the Department of Water Resources of the
Ministry of Energy and Water Resources of the Republic of Tajikistan. The measurement-
based climate data, including daily maximum and minimum temperatures and daily
precipitation, were obtained from the Agency of the Hydrometeorology Committee on
Environmental Protection under the Government of the Republic of Tajikistan. From the
existing climate stations in Tajikistan within and outside of the UVRB, we found four
climate stations, two of them within the basin—Lakhsh station in the central part of the
basin, and Rasht station in the eastern part—and two more climate stations were selected
from outside of the basin, Dehavz station, near to the northeastern part and Bustonobod,
near to the southeastern part of the basin’s boundary.

To delineate the watershed boundary and river network of the basin, the digital ele-
vation model (DEM) Shuttle Radar Topographic Mission (SRTM) with a 90 m (Figure 1)
spatial resolution was employed, from the Consultative Group for International Agricul-
tural Research (CGIAR) (https://www?2.jpl.nasa.gov/srtm/, accessed on 16 December
2018) [48]. Soil data were obtained from the Harmonized World Soil Database (HWSD)
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version 1.2, with the 1:5,000,000 scale FAO/UNESCO (Food and Agriculture Organiza-
tion/The United Nations Educational, Scientific and Cultural Organization) Soil Map of the
World (http:/ /www.fao.org/soils-portal /data-hub/soil-maps-and-databases /harmonized-
world-soil-database-v12/en/, accessed on 29 September 2018) [49]. The area and percentage
of the soil type, the latter of which is prominent in the UVRB, are shown in Table 1.

The land-use map was obtained from the Envisat Medium Resolution Imaging Spec-
trometer (MERIS) with a 300 x 300 m grid-scale. Based on the data from Envisat MERIS,
the GlobCover initiative of the European Space Agency (ESA) developed and presented a
service for the creation of land cover maps worldwide (https:/ /ladsweb.modaps.eosdis.
nasa.gov/missions-and-measurements/meris/, accessed on 12 September 2019) [50]. The
land-use map, area, and percentage of land-use types in the UVRB are shown in Table 1.
We provided five different ranges of slope classes (0-10%, 10-20%, 20-30%, 30-40%, and
>40%) for the hydrologic response unit (HRU) resolution. Slope (in percent) is measured
by computing the difference in the height distance (meters), divided by the lateral distance
(meters), multiplied by 100. The SWAT model allowed a maximum of five ranges of slope
classes. More detailed information regarding the significance of slope in hydrological mod-
eling can be found in the studies of Yacoub et al., where the relative importance of slope
discretization, compared with other discretization criteria, was assessed in the streamflow
results of the SWAT model in a mountainous basin [51]. Figure 3 shows the area occupied
by HRUs in the UVRB, calculated by ArcSWAT, the geographic information system (GIS)
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Figure 3. The map of HRUs of the Upper Vakhsh River Basin in Central Asia. HRUs: hydrologic response units.

Distributed models include a large number of parameters and dealing with all these
parameters at the calibration stage is not feasible. So, to ensure efficient calibration, a
sensitivity analysis was conducted to filter out less influential parameters using a built-
in SWAT sensitivity analysis tool. During the model calibration, the monthly observed
discharge of 1979-1999 recorded at the Darband discharge station was used, which is
located at the outlet of the UVRB.
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Table 1. Soil and land-use data of the Upper Vakhsh River Basin, based on area and percentage.

Land Cover Types  Area (% of Basin)  Area (km? of Basin) FAO Soil Name  Area (% of Basin) 2Area .
(km* of Basin)
Pasture 6.57 1935.31 Acrisols 22.06 6495.10
Agriculture 6.58 1938.49 Gleysols 25.47 7499.95
Forest 1.16 340.38 Leptosols 9.17 2701.29
Grassland 48.63 14,318.06 Phaeozems 7.13 2099.55
Shrubland 4.30 1267.29 Rock outcrops 20.46 6024.15
Urban 0.03 8.07 Eutric cambisols 0.68 199.90
Bare land 16.84 4957.09 Gelic gleysols 0.02 7.33
Water bod 0.14 42.08 .

lce and snow 1575 4637.89 Glaciers 1500 4417.40

Total 100 29,444.66 100 29,444.66

3. Methodology

In this study, a physical-based, watershed-scale, continuous-time, semi-distributed
hydrological model using a SWAT (soil water and assessment tool) was implemented for
the evaluation of water availability in various components of the hydrological cycle in
the UVRB. The United States Department of Agriculture’s Agricultural Research Service
(USDA-ARS) developed the SWAT model; a detailed description of this model can be
found in the theoretical documentation [52]. The SWAT model has been widely used to
support water-resource managers and worldwide research dealing with water quality
analyses, hydrological assessment, climate and land-use changes, water supplies, non-
point-source pollution, soil erosion/sediment transport, and watershed management
impact studies in small- to large-scale river basins [53]. The model does not have any
limitations in terms of the river basin areas of study and is compatible with ArcGIS,
QGIS, and MapWindow software, as well as providing reliable and useful theoretical
documentation that is readily available. Using the ArcGIS version 10.3 interface of SWAT,
named ArcSWAT, the UVRB was divided into sub-basins, based on a digital elevation
model. Each sub-basin is connected through a stream channel and the model operates
by dividing sub-basins into many HRUs (Figure 3), according to a unique homogenous
combination of land cover, soil properties, and terrain features. The model performs
a modification of the soil conservation service curve number (SCS-CN) method, which
identifies the surface runoff from daily precipitation, land use, the area of the hydrological
group and the antecedent moisture content for each HRU [54,55].

The UVRB is a mountainous catchment; hence, the observational climate stations
in the UVRB are located at lower altitudes. For instance, the Rasht station is located at
an elevation of 1316 m, Bustonobod at an elevation of 1964 m, Lakhsh at an elevation
of 1998 m, and Dehavz at an elevation of 2561 m. The orographic features of the UVRB
mountainous catchment, in terms of temperature and precipitation, led to the splitting
of the UVRB into different elevation bands in the SWAT model. In order to simulate the
snowmelt in this study, we used a temperature index algorithm employing the elevation
band approach [56,57]. We weighted the temperature and precipitation elevation band
between the climatic station band and the other elevation band (EB) by using the following
mathematical equations:

plaps

R = R EL — EL — R .01 1
band day + ( band C.S) X dayspcp,yr % 1000’ day > 0.01, (@)
T — Tinax + (ELpgna — ELcs) x LaPS @)

max,band — Imax band C.s 1000”

tlaps

Tmin,band = Tmin + (ELband - ELC.S) X ﬁr 3)

tlaps

Tmean,band = Tmean + (ELband - ELCAS) X (4)

1000
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where 1000 serves as the conversion element from meters to kilometers; Ry,,q is the
precipitation in an EB (mm); Ry,y is the precipitation recorded at the measurement gauge
(mm); Tpnax band Shows the daily maximum temperature of the EB (C); Tpyin band indicates
the daily minimum temperature of the EB (C); Tiean pand is the daily mean temperature of
the (C); Tmax shows the daily maximum temperature recorded at the measurement gauge
(C); Trin indicates the daily minimum temperature recorded at the measurement gauge
(C); Tmean shows the daily average temperature recorded at the measurement gauge (C);
tlaps is the lapse rate of temperature (C/km); ELyy,4 shows the mean elevation in the EB
(m); EL s indicates the elevation at the measurement gauge (m); plaps is the precipitation
lapse rate (mm/km) and dayspc r Tepresents the average annual value of the days when
precipitation occurred. The EB approach to the SWAT model has been employed in various
mountainous catchments across the globe [58-60]. As in our previous study, Gulakhmadov
et al. presented the hydrological model calibration results they obtained with the SWAT-
CUP tool before and after the EB approach. The application of EB had a positive impact on
the modeling of river flow in a mountain watershed [61].

The model was auto-calibrated for sensitive parameters, such as runoff curve number
(CN), Manning’s n, and groundwater (GW) parameters (Soil K, Ch_K, Alpha BF, REVAP,
ESCO, soil AWC, GW delay, Recharge_DP, Soil Z), based on their rankings. A multiple
regression equation was used to identify the sensitive parameters, as follows:

g= « + E Bibi, @)

where g shows the value of the objective function; b; indicates the parameter of the calibra-
tion; « and f3; represent the regression coefficients; and m indicates the selected parameter
number [62].

The simulation of the hydrological processes by SWAT is carried out on the basis of
the water balance equation:

t
SW¢ = SWo + Z (Pday = Qqurf — Ea — Wseep - ng)/ (6)
i=1

where SWj shows the initial soil water content on day i (mm H,O); i is time in days; Pqay
shows the amount of precipitation on day i (mm HyO); Qg is the amount of surface runoff
on day i (mm Hy0); E, is the amount of evapotranspiration (ET) on day i (mm H,0); Wieep
is the amount of water entering the vadose zone from the soil profile on day i (mm H,O);
Qg is the amount of return flow on day i (mm H,0); and SW; shows the final soil water
content (mm H,O).

On the basis of the average daily air temperature, the SWAT model divides the precip-
itation into rain or snow. The user of the model will give a threshold temperature in order
to categorize precipitation as rain or snow. The precipitation, as snow, will be modeled and
the equivalent water will be supplemented to the snowpack if the average air temperature
is lower than the temperature threshold. The precipitation will be modeled in the form of
liquid rain if the average daily temperature is higher than the temperature threshold. If
additional snow falls, the snowpack will be raised and if snowmelt or sublimation occur,
the snowpack will be reduced, and the water accumulation in the snowpack will be given
as the snow water component.

The SWAT model calculates the snowmelt as a linear function of the divergence
between the mean maximum temperature of the snowpack and the snowmelt thresh-
old temperature or base. The snowmelt on a given day is calculated based on the
following equation:

TSHOW + me

SNOmit = bmit X SNOcoy X 5

- Tmlt, sno | 7 (7)
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where b,,,;; represents the melt factor for the day (mm H,O/day-°C); the fraction of the
HRU area covered by snow is SNOcoy; the temperature of the snowpack is Tsnow (°C); the
maximum air temperature is Try; the base temperature above which snowmelt is allowed
is Tpnit, sno(°C); and SNOp; indicates the amount of snowmelt (mm). Seasonal differences
are allowed by the melt factor, with maximum and minimum indices, taking place towards
winter and summer solstices:

bt +b bpig — b . [ 2n
by — (Dt . mia2) (it - miti2) sm(% y (dn781)>, ®)

where by, represents the melt factor for 21 June (mm H,O/day-°C); the melt factor for
21 December is byt (mm HyO/day-°C); d,, is the day of the year, and the resulting value
(bmit) shows the melt factor for the day (mm H,O/day-°C).

The evaluation of evapotranspiration (ET) is essential for water-resource manage-
ment and hydrological research. The studies of previous researchers suggested that it
is acceptable to apply PET (potential evapotranspiration) in models and water alloca-
tions [63,64]. In order to estimate PET, there are three methods given in the SWAT model,
including the radiation-based Priestley and Taylor method [65], the temperature-based
Hargreaves method [66], and the combined Penman-Monteith method [67,68]. For the
present study, the Hargreaves method depends on inputted climate data, which were
selected to determine the potential evapotranspiration in a mountainous catchment. The
Hargreaves approach is the most commonly used method; it is based on temperature
and is recommended by the FAO. Li et al. compared the results of the Hargreaves and
Penman-Monteith methods in the Ganjiang River Basin in Southern China by using two
different datasets [69]. The results of the analysis showed that there is no significant dis-
crepancy between the Hargreaves and Penman-Monteith methods in terms of streamflow
simulations with the same spatial scale. The ET was computed as a function of the corrected
potential evapotranspiration, soil depth, soil cover, and plants’ water uptake [52]. Based on
each hydrological response unit, the water balance components were simulated, including
precipitation partitioning, precipitation interception, evapotranspiration, snowmelt water,
the redistribution of soil water content, return flow from shallow aquifers and lateral
subsurface flow from the soil profile.

Model Assessment

The model evaluation was carried out based on the Nash—Sutcliffe efficiency (NSE)
measure, the coefficient of determination (R?), and the percentage bias (PBIAS). Model
assessment statistics were evaluated using the NSE, R?, and Kling-Gupta efficiency (KGE)
calculations [70]. In watershed modeling, the NSE, R? and KGE are standard regression
statistics [71]. NSE ranges from —oo to 1, with 1 being the best performance. The degree
of the linear relationship between measured data and model output is R? and it ranges
between 0 and 1. KGE is the goodness-of-fit measure initiated by Gupta et al. [70], which
gives a decomposition of mean squared error and NSE. In hydrological modeling, the
KGE statistic value contributes to the analysis of the relative significance of the correlation,
variation, and bias [72]. The model result is more accurate if the KGE output value is
closer to 1, and it ranges from —co to 1. Moreover, in the model performance, we used
the root mean square error (RMSE) observed standard deviation ratio (RSR) and an error-
index statistic. The values of NSE > 0.50 and R? > 0.60 are considered satisfactory for
river discharge on a monthly scale [71]. The values of KGE > 0.5 and RSR < 0.60 are also
considered satisfactory levels [70,71]. To assess the strength of the model calibration and
uncertainty, two important factors were computed based on the calibration of soil and
water assessment tool model (SWAT-CUP) performance, the P-factor and R-factor [73,74].
According to Abbaspour et al. [74], the P-factor describes the percentage of observational
data that is covered with a 95% prediction uncertainty (95PPU). It quantifies the model’s
capability in terms of catching uncertainties, and its magnitude ranges between 0 and 1,
where 1 demonstrates that 100% of the station-recorded variability is captured by 95PPU.
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The thickness of 95PPU is the value of the R-factor, which presents the ratio of the mean
width of the 95PPU band and the standard deviation of measured variability. The model
performance is superior if the R-factor value is low. For discharge modeling, in order to
compute prediction uncertainty, the studies of Abbaspour et al. [74] recommended that the
value of the P-factor be > 0.7 and the value of the R-factor be < 1.5.

The NSE, the R?, the PBIAS, the RSR, KGE, and MSE are frequently applied measures
in hydrological modeling studies [71], which are calculated as:

m Qe - Q™) x 100

PBIAS = o) , ©)
R — DRGSR 2 (10)
N n pbsiﬂz n 'simim 2’
i—1 (Ql Q ) i=1 <Q1 Q )
KGE = 1- \/(r — 12+ (a—1)> +(B—1)% (11)
n obs _ ysim 2
RSR = \/ h(@ Q‘)z , (12)
\/Z?:] (Q?bs _ Qobs)
. 2
NSE—1— ——! (Qi - ) (13)

p— 2 7
{\:1 (Qiobs _ QObS)

where n is the whole number of sample couples; Q9 is the station-recorded discharge

variable; QP is the mean of the station-recorded discharge parameters; QiSim is the simu-

lated discharge parameter; Q%™ is the mean of the simulated discharge parameters; and i
is the ith station-recorded data or simulated data. Moreover, & = g—fn and g = 57“7’, while r
is the linear regression coefficient of the simulated value against station-recorded value,
s and p,,; are the averages of the simulated value against the station-recorded value, and
0s and 0y, are the standard deviations of the simulated value against the station-recorded

value [70].

4. Results

In hydrological process analysis, and for reliable hydrological modeling, precipita-
tion data are considered to be the main factor. To apply the precipitation data initially in
hydrological modeling, we carried out a correlation analysis to examine the data’s suitabil-
ity for watershed modeling. Figure 4 presents a Taylor diagram with the performances
of the three precipitation data sources, the CRU TS3.1, CFSR and APHRODITE_V1101,
against measurement-based precipitation data on a monthly scale. Taylor diagrams are
capable of providing performance insights by comparing precipitation satellite datasets
and measurement-based data sets, in terms of their standard deviation, root mean square
error and correlation coefficient. In the Taylor diagram, the radial blue dotted lines show
the standard deviation and the red semicircles present the root mean square error. Hence,
the black dotted lines describe the correlation coefficient. These three statistic indices are
shown solely for the Lakhsh precipitation gauge point in the central part of the catchment
on a monthly scale, for the purposes of demonstration (Figure 4). The precipitation cor-
relation showed the highest value (0.86) between the APHRODITE_V1101 datasets and
measurement-based datasets. Meanwhile, the precipitation correlation between the CRU
TS3.1 and measurement-based data is 0.76, and the correlation between the CFSR and
measurement-based datasets is 0.59. The correlation coefficients between all three different
combinations, the CRU TS3.1 and measurement-based datasets, CFSR and measurement-
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based datasets, as well as APHRODITE_ V1101 and measurement-based datasets, showed
a good performance, meaning that they could be used for hydrological modeling in the
UVRB. In many studies, Taylor diagrams have been applied to evaluate the performance of
satellite products against observational datasets [75,76].

Taylor Diagram

0.0 0.5 1.0 15 2.0 2.5
Standard deviation

Figure 4. Taylor diagram indicating the performances of CRU, CFSR and APHRODITE precipitation
data on a monthly scale at the Lakhsh climate station in the Upper Vakhsh River Basin in Central Asia.

4.1. Parameter Sensitivity Analysis

The hydrological model was calibrated and validated by employing a software applica-
tion for the SWAT-CUP, SUFI-2 (sequential uncertainty fitting, version 2). The SWAT-CUP
software is a semi-automatic calibration and uncertainty analysis tool that was developed
by the EAWAG Swiss Federal Institute of Aquatic Science and Technology for the SWAT
model [3]. The SUFI-2 algorithm utilizes an inversion modeling technique that determines
a wide range of parameters and then carries out several iterations that contain a number
of simulations. After running the iterations, the result of each iteration was compared
with the result of other iterations and, in this way, the most suitable ranges of the model’s
parameters were identified [74]. This iterative procedure takes into account the uncertainty
of parameters from all types of sources, including model structure, model parameters,
weather, etc. By using the global sensitivity approach in the SUFI-2 algorithm, detailed
uncertainty and optimization examinations are possible [77]. In order to obtain satisfactory
watershed characteristics, the calibration and validation of the hydrological model are
essential. Following the outcome of the final modeled simulation, a sensitivity ranking
was presented for the appropriate parameters by analyzing the values of the “t-stat” and
p-value statistics. The SWAT-CUP contains multiple parameters that could impact the
simulation of the water cycle. The selection of suitable parameters plays an important role
in identifying the effectiveness of model calibration.

In this study, the sensitivity analysis was executed using the Latin hypercube global
sensitivity approach, which is included in the SWAT-CUP (version 2019) package. Char-
acteristically, sensitivity analysis is required prior to calibration due to the recognition of
sensitive parameters and model elements. The global sensitivity approach leads to the at-
tainment of a set calibration with optimal parameters and allows us to find the parameters
using the degree of sensitivity of their performance characteristics in the model.

A gridded dataset comparison was performed to evaluate how well gridded datasets,
such as CRU TS3.1, APHRODITE_V1101 and CFSR, correlated with the observational
data. The analysis years were determined to include similar years from all datasets since
CRU daily data availability ended in 2006. The first three years of the total simulation
period (January 1999-December 2002) were used as a warm-up to allow the model to
reach hydrological equilibrium and were excluded from the analysis. For each of the
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datasets, the semi-automated calibration process was conducted with an identical range
of parameter values and calibration/validation periods for comparison purposes. Semi-
automated calibration ensures the consistency of the process for all models, minimizing the
model bias due to the modeler in calibration exercises conducted for different precipitation
and maximum/minimum temperature sources. Initial parameter ranges were selected
based on the professional judgment of the authors and the literature. Each model executed
1000 simulations for each iteration of the semi-automated calibration. An initial 300-500
simulations are recommended for studying model performance and for regionalizing
parameters [73]. At the end of the iteration with 1000 simulations, parameter sensitivities
were determined through a global sensitivity analysis. Only one iteration was used to
avoid re-calibration, using a different range of parameter values for each model in the
subsequent calibration. The Nash-Sutcliffe efficiency (NSE) measure was used to estimate
model performance during calibration since it is a commonly used statistical measure in
SWAT studies [71].

While determining the parameters’ distribution and sensitivity, the baseflow alpha
factor (ALPHA_BF), moist bulk density (SOL_BD), SCS runoff curve number for moisture
condition IT (CN2), effective hydraulic conductivity in main channel alluvium (CH_K2),
and deep aquifer percolation fraction (RCHRG_DP) are computed as the most sensitive
parameters. The results of sensitivity parameters and analyses of statistical indices, such
as P-factor and R-factor, in both calibration and validation parts indicated that all climate
datasets utilized in this study have acceptable prediction uncertainty and reasonable
parameter adjustment. These results indicate the potential of applying gridded datasets for
hydrological modeling. It should be noted that gridded datasets are advantageous because
they give continuous data at spatial and temporal scales throughout the catchment area
and for an extensive duration.

4.2. Calibration and Validation

Figure 5 shows the calibration results of the SUFI-2 algorithm of the SWAT-CUP
model, utilizing monthly discharge data at the Darband gauging station for the period
of 1982-1999, where a combination of four different datasets was used (Figure 5a-d),
including an initial warm-up period of three years (1979-1981). Figure 6 indicates the
validation results of the fit between the monthly measurement-based flow and the flow
simulated by SWAT. In addition, to demonstrate the flow peaks over a long period of
time, in Figure 7, we present the overall calibration hydrographs via the application of five
different dataset combinations.

Table 2 shows the ability of gridded datasets to derive the long-term average annual
flow from the simulated flow at the Darband gauging site in UVRB in Central Asia. The
observation and simulated flow over a 25-year period demonstrated that the average
annual flow between the observation and the simulated flow does not differ much, with
the exception of a few years. The results shown as Simulated-1 in Table 2 demonstrate
that, in most years, the average annual flow was simulated to be less, compared to the
other three simulated flows. In Simulated-1, the largest negative ratio value between the
observed and simulated average annual flows was found in 1996 (—123.87%) and 1988
(—124.79%), while the largest positive value of the ratio was observed in 1983 (13.58%).
The results of Simulated-2 presented the lowest negative ratio value of the average annual
flow in 2006 (—59.79%) and the highest positive value in 1989 (35.69%). The maximum
negative and positive rates of the average annual flow for Simulated-3 were detected
in 1984 (27.66%) and 1998 (—74.62%), while for Simulated-4, the biggest downward and
upward rate values compared to observational flow were obtained in 1997 (—42.27%) and
2003 (26.53%). Our results show that, compared with the observational average annual
flow, the average annual flow of Simulated-1 indicated the largest negative rate, and the
Simulated-4 results showed the lowest negative and positive rates (Table 2). In this study,
the four different quantity comparisons of the average annual flow were derived after the
application of a well-calibrated hydrological model.
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Table 2. Average annual simulated flow of four different simulation results from SWAT-CUP and their rates, compared

to observational flow at the Darband hydrological station over the period of 1982-2006 in the Upper Vakhsh River
Basin in Central Asia. Simulated-1: results of the combination of the APHRODITE_V1101 precipitation datasets and
CFSR maximum/minimum temperature datasets; Simulated-2: results of the combination of the APHRODITE_V1101

precipitation datasets and CRU TS3.1 maximum/minimum temperatures datasets; Simulated-3: results of the CFSR as

maximum/minimum temperatures, precipitation, average solar radiation, average wind speed and relative humidity
datasets; Simulated-4: results of the CRU ST3.1 precipitation and maximum/minimum temperature datasets.

Observation Simulated-1 Simulated-2 Simulated-3 Simulated-4

Year Flow Flow Rate Flow o Flow o Flow o

@m3s)  (md/s) (%) s Rael s RateCo) 5 Rate (%)
1982 519.42 518.25 —0.23 731.39 28.98 608.03 14.57 541.45 4.07
1983 573.58 663.75 13.58 727.21 21.13 760.64 24.59 550.86 —4.13
1984 644.50 707.10 8.85 734.60 12.27 890.92 27.66 577.44 —11.61
1985 595.75 595.67 —0.01 765.99 22.23 657.31 9.37 603.96 1.36
1986 492.25 492.34 0.02 633.18 22.26 515.41 4.49 492.89 0.13
1987 683.42 562.95 —21.40 949.26 28.01 545.32 —25.32 658.34 —3.81
1988 711.75 685.50 —3.83 924.93 23.05 764.24 6.87 666.43 —6.80
1989 443.08 440.85 —0.51 688.96 35.69 568.37 22.04 45413 2.43
1990 624.67 684.65 8.76 791.25 21.05 805.38 22.44 620.63 —0.65
1991 565.17 586.13 3.58 796.42 29.04 659.22 14.27 633.34 10.76
1992 650.42 507.05 —28.27 773.53 15.92 597.96 —8.77 661.16 1.62
1993 694.67 449.89 —54.41 744.46 6.69 551.77 —25.90 678.11 —2.44
1994 631.81 638.18 1.00 811.60 22.15 745.32 15.23 641.08 1.45
1995 568.18 377.26 —50.61 592.66 4.13 491.28 —15.65 606.12 6.26
1996 638.31 285.13 —123.87 595.88 —7.12 382.11 —67.05 634.59 —0.59
1997 600.54 472.78 —27.02 439.89 —36.52 623.95 3.75 422.12 —42.27
1998 828.35 368.49 —124.79 710.06 —16.66 474.37 —74.62 773.38 -7.11
1999 673.37 459.95 —46.40 702.52 4.15 533.08 —26.32 667.83 —0.83
2000 572.29 472.56 —21.10 567.44 —0.85 563.35 —-1.59 517.43 —10.60
2001 564.96 610.16 7.41 568.66 0.65 677.75 16.64 500.73 —12.83
2002 726.54 617.11 —-17.73 693.48 —4.77 558.38 —30.12 698.52 —4.01
2003 656.57 587.33 —-11.79 695.84 5.64 573.49 —14.49 893.66 26.53
2004 649.40 568.10 —14.31 704.03 7.76 555.56 —16.89 779.52 16.69
2005 695.60 472.60 —47.19 587.79 —18.34 593.18 —-17.27 660.14 —5.37
2006 647.45 477.57 —35.57 405.19 —59.79 646.72 —0.11 668.40 3.13

APHRODITE_V1101: Asian Precipitation—Highly Resolved Observational Data Integration Toward Evaluation of Water Resources Version
1101; CFSR: Climate Forecast System Reanalysis; CRU ST3.1: Climatic Research Unit Time Series Version 3.1.

The observed and simulated monthly streamflow values for the calibration (1982-1999),
validation (2000-2006), and overall values (1982-2006) are shown in Figures 5-7, respec-
tively. Figures 5-7 present the simulated flow hydrographs and peak flows, which are
in good agreement with the timing of the observational flow hydrographs and flow
peaks comprising the outcomes of the APHRODITE_V1101 and CFSR combination, the
APHRODITE_V1101 and CRU TS3.1 combination, and the CRU TS3.1, CFSR, and
measurement-based combination. Calibration using monthly river flow data for long-
term simulations demonstrates a better performance than short-term simulations. The base
flow as well as most of the peak flows are well simulated. The hydrographic results show
that the observed and modeled discharges are nearly the same for most of the study period
(25 years), except for a few years when high-flow events occurred. For example, the peak
flow in the hydrograph for the combination of APHRODITE_V1101 and CFSR in 1987,
1993, 1996, and 1998 is underestimated by the model, while in the years 1984 and 1994 it is
overestimated (Figure 7a). The peak flow rate for the combination of APHRODITE_V1101
and CRU TS3.1 in 1989, 1991 and 1997 is insignificantly underestimated (Figure 7b). The
model insignificantly underestimated the peak flow for the CFSR dataset in the years 1987,
1989, 1996 and 1998, while in the years 1983, 1984, 1994 and 2001, it slightly overestimated
the flow (Figure 7c). For the CRU TS3.1 hydrograph, a slight underestimation of the peak
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flow is observed in the years 1983, 1987, 2000 and 2001, whereas in the year 2003, the flow
is slightly overestimated (Figure 7d). Lastly, the model insignificantly underestimated the
peak discharges in 2008 and 2011 for the observational datasets (Figure 7e). Our results
showed that better simulation flows were obtained from APHRODITE_V1101 and CRU
TS3.1 climate datasets compared to the CFSR, which demonstrates the advantage of using
the CRU TS3.1 and APHRODITE_V1101 products in SWAT modeling.
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Figure 5. Hydrographic calibration between monthly observed and simulated streamflow, when applying the SWAT-CUP
tool, at Darband gauging station in the Upper Vakhsh River Basin in Central Asia. (a) Results of the daily precipitation
of the APHRODITE_V1101 and daily maximum/minimum temperatures from the CFSR datasets; (b) results of the daily
precipitation of the APHRODITE_V1101 and daily maximum/minimum temperatures of the CRU TS3.1 product; (c) results
of the daily maximum /minimum temperatures, precipitation, average solar radiation, average wind speed and relative
humidity from the CFSR product; (d) results of the daily maximum/minimum temperatures, and precipitation from the

CRU TS3.1 product; (e) results of the daily maximum /minimum temperatures and precipitation from the observational
climate datasets.
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Figure 6. Hydrographic validation between monthly observed and simulated streamflow, when applying the SWAT-CUP
tool, at Darband gauging station in the Upper Vakhsh River Basin in Central Asia. (a) Results of the daily precipitation
of the APHRODITE_V1101 and daily maximum/minimum temperatures from the CFSR datasets; (b) results of the daily
precipitation of the APHRODITE_V1101 and daily maximum/minimum temperatures of the CRU TS3.1 product; (c) results
of the daily maximum/minimum temperatures, precipitation, average solar radiation, average wind speed and relative
humidity from the CFSR product; (d) results of the daily maximum/minimum temperatures, precipitation from the

CRU TS3.1 product; (e) results of the daily maximum /minimum temperatures and precipitation from the observational
climate datasets.
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Figure 7. Hydrograph of the overall calibration and validation period between monthly observed and simulated streamflow,
when applying the SWAT-CUP tool, at Darband gauging station in the Upper Vakhsh River Basin in Central Asia. (a) Results
of the daily precipitation of the APHRODITE_V1101 and daily maximum/minimum temperatures from the CFSR datasets;
(b) results of the daily precipitation of the APHRODITE_V1101 and daily maximum/minimum temperatures of the CRU
TS3.1 product; (c) results of the daily maximum/minimum temperatures, precipitation, average solar radiation, average
wind speed and relative humidity from the CFSR product; (d) results of the daily maximum/minimum temperatures,
precipitation from the CRU TS3.1 product; (e) results of the daily maximum/minimum temperatures and precipitation from
the observational climate datasets.

4.3. Performance of the Hydrological Model

Table 3, which presents the statistical values for the calibration, validation and overall
periods of the Darband discharge station, confirms the essentially “excellent”, “very good”
and “good” performance of the model. Firstly, in the SUFI-2 algorithm, we adopted the
Nash-Sutcliffe efficiency (NSE) calculation as an objective function for the optimization
process. It was used as a goodness-of-fit metric for calibration, in order to set up the
adjustment during the calibration period and for the performance examination of the
validation and overall periods. The NSE working system has been recognized for its ability
to concentrate on the good simulation of peak flows. Its selection and related influence
should be considered in view of the results obtained in this study. A more general view,
which included all modeling on an overall scale for all datasets, showed that most of the
years provided accurate modeling in all angles of the hydrograph.

In general, eight kinds of evaluation indices (R?, NSE, PBIAS, RSR, MSE, KGE, P-factor
and R-factor) were used to evaluate the acquisition accuracy of the hydrological modeling.
The statistical evaluation of the model performance based on monthly streamflow is
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described in Table 3. The streamflow is slightly overestimated by 14.8%, 1.32% and 0.69%
for the APHRODITE_V1101+CFSR, CRU TS3.1 and measurement-based data while being
slightly underestimated by —17.70% and —0.31% for APHRODITE_V1101+CRU TS3.1 and
CFSR during the calibration period. During the validation period, the model results for
the employed APHRODITE_V1101+CFSR, APHRODITE_V1101+CRU TS3.1, CFSR and
observational datasets indicated an overestimation of the monthly streamflow by 17.22%,
1.3%, 9.58% and 5.51%, respectively, while the model results showed an underestimation
by —6.09% for the CRU TS.3.1. The model results of the overall test performance of the
calibration indicated an overestimation of the peak flow for the APHRODITE_V1101+CFSR,
CFSR, CRU TS3.1, and observational data by 15%, 2%, 0.29% and 5.21% respectively,
whereas, for the APHRODITE_V1101+CRU TS3.1, the results showed an underestimation
of peak flow by —10.80% (Table 2). However, the combination of the precipitation data
from APHRODITE_V101 and the maximum/minimum temperatures data from CFSR
exhibited a slightly overestimated streamflow, which can probably be explained by the
large amount of precipitation generated by APHRODITE_V1101. As we realized that
precipitation is a major factor in hydrological processes, and in an effort to demonstrate
the difference in precipitation between the four climate datasets, before implementing
the data into the model, we correlated the precipitation between the observational data
and APHRODITE_V1101, CFSR, and CRU TS3.1, as presented in Figure 4. In general, for
calibration and validation periods, the hydrographs of all utilized datasets are nearly in
line with measurement-based data. According to the recommendation of Moriasi et al. [71],
the performance of the model is “very good” (PBIAS < 10) in the study area, based on four
different combinations of datasets.

In the case of monthly calibration, validation and overall scales, the P-factor ranges
from 0.66 to 0.82 for all employed datasets. By using the APHRODITE_V1101+CFSR,
APHRODITE+CRU TS3.1, CFSR, CRU TS3.1 and observational values, the bracketed
values of the 95PPU band for the monthly streamflow data were 66%, 66%, 75%, 82% and
69% during the calibration period, 67%, 70%, 79%, 80% and 81% during the validation
period and 66%, 68%, 75%, 81% and 73% on an overall scale, respectively. The R-factor
is the average thickness of the 95PPU band, and, for the monthly calibration, validation
and overall scales, the R-factor values were 0.66, 0.79, 0.95, 1.01, and 0.80 (calibration), 0.66,
0.66, 0.89, 1.08, and 0.76 (validation), and 0.67, 0.75, 0.95, 1.02, and 0.78 (overall) when
coupling the SWAT model with the respective datasets. The wider 95PPU indicates more
parameter uncertainties [62]. According to the recommendations of Schuol et al. [78], the
perfect simulation is the one that has an R-factor equal to zero; however, values around
1.0 are considered quite reasonable. In this study, the values obtained for the width of the
uncertainty band were quite reasonable for the monthly simulation (Table 3).

The model results for the calibration, validation and overall periods were found
to produce a reliable assessment of monthly observed and simulated streamflow. The
monthly calibration results for streamflow were “very good”, with R? values of 0.92, 0.90,
0.79, and 0.76 for the CRU TS.3.1, measurement-based, APHRODITE_V1101+CRU TS3.1,
and APHRODITE_V1101+CFSR data, whereas for CFSR, the data were found to possess a
“good” performance, with an R? value of 0.71. The NSE values were “very good” at 0.91
and 0.90 for CRU TS3.1 and observational datasets, “good”, at NSE = 0.74 and NSE = 0.70,
for APHRODITE_V1101+CRU TS.3.1 and APHRODITE_V1101+CFSR, and “satisfactory”
at NSE = 0.64, for CFSR during the calibration period. The R? and NSE coefficient values
during the validation period were “very good” (R? equal to 0.94, 0.89, 0.85, 0.83, and 0.79
and NSE equal to 0.93, 0.88, 0.83, 0.77, and 0.78) for the observational datasets, CRU TS3.1,
CFSR, APHRODITE_V1101+CFSR and APHRODITE_V1101+CRU TS3.1, respectively. This
is likely due to the availability of data and the mountainous location of the precipitation
station in this region, since the distribution of precipitation strongly influences the flow
formation and therefore the NSE. The overall R? coefficient values were “very good” (0.92,
0.90, 0.78, and 0.76 for the observational datasets, CRU TS3.1, APHRODITE_V1101+CFSR,
and APHRODITE_V1101), whereas R? was “good” (0.74 for the CFSR (Table 3)). The
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overall NSE coefficient values were “very good” (0.91 and 0.90 for the observational
datasets and CRU TS3.1), while the NSE values were “good” (0.74, 0.72, and 0.68 for the
APHRODITE_V1101+CRU TS.3.1, APHRODITE_V1101+CFSR, and CFSR, respectively).
According to the model evaluation criteria, the simulation of the observational data per-
formed better than the APHRODITE_V1101+CFSR, APHRODITE_V1101+CRU TS.3.1,
CFSR and CRU TS3.1 simulations on an overall scale. The model using observational
dataset calibration, validation, and overall scales demonstrated an excellent performance
(Table 3). The less accurate results that were obtained overall, when using gridded datasets
in mountainous regions, are most probably associated with the fact that there are fewer
weather stations that can be used for product development.

Table 3. Summary statistical indices of monthly streamflow periods with different climate datasets, based on the model’s
performance. NSE: Nash-Sutcliffe efficiency; R?: coefficient of determination; PBIAS: percentage bias; MSE: mean square
error; RSR: root mean square error standard deviation ratio; KGE: Kling-Gupta efficiency; P-factor; R-factor.

Data Source )\ Statistical Indices R? NSE PBIAS (%) RSR  MSE (%) KGE P-Factor  R-Factor

Calibration

Combination of the

APHRODITE_V1101 and CFSR data 0.76 0.70 14.80 0.55 7.78 0.80 0.66 0.66

(1982-1999)
Combination of the

APHRODITE_V1101 and CRU TS3.1 0.79 0.74 -17.70 0.77 6.72 0.77 0.66 0.79

data (1982-1999)

CFSR data (1982-1999) 0.71 0.64 —0.31 0.60 9.12 0.81 0.75 0.95
CRU TS3.1 data (1982-1999) 0.92 091 1.32 0.29 2.23 0.95 0.82 1.01
Observational data (2003-2009) 0.90 0.90 0.69 0.31 2.54 0.90 0.69 0.80
Data source Validation
Combination of the
APHRODITE_V1101 and CFSR data 0.83 0.77 17.22 0.48 6.01 0.81 0.67 0.66
(2000-2006)
Combination of the
APHRODITE_V1101 and CRU TS3.1 0.79 0.78 1.30 0.46 5.54 0.80 0.70 0.66
data (2000-2006)
CFSR data (2000-2006) 0.85 0.83 9.58 0.42 448 0.87 0.79 0.89
CRU TS3.1 data (2000-2006) 0.89 0.88 —6.09 0.35 3.18 0.91 0.80 1.08
Observational data (2010-2013) 0.94 0.93 5.51 0.26 2.04 0.93 0.81 0.76
Data source Overall
Combination of the
APHRODITE_V1101 and CFSR data 0.78 0.72 15.00 0.53 7.20 0.81 0.66 0.67
(1982-2006)
Combination of the
APHRODITE_V1101 and CRU TS3.1 0.76 0.74 —10.80 0.51 6.70 0.78 0.68 0.75
data (1982-2006)
CFSR data (1982-2006) 0.74 0.68 2.00 0.56 8.10 0.83 0.75 0.95
CRU TS3.1 data (1982-2006) 0.90 0.90 0.29 0.31 2.51 0.95 0.81 1.02
Observational data (2003-2013) 0.92 0.91 5.21 0.29 2.34 0.93 0.73 0.78

4.4. Water Balance of the Upper Vakhsh River Basin in Central Asia

Obviously, in order to skillfully tackle water management issues, it is necessary to
quantify and study the various hydrological components within the basin. Regardless
of the issues explored by the SWAT model, water balance is a critical component in the
SWAT model as it includes all processes in the basin [79,80]. A water-balance study was
conducted using a simulation of the overall scale, as well as the appropriate SWAT output
tables. The mean annual water-balance components of the UVRB are presented in Table 4.
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The results of the SWAT model for the overall period of the simulation (1982-2006)
are presented; the annual precipitation values for the basin are 1875.9 mm, 1236.9 mm,
2479 mm, 1215.9 mm, and 1098.5 mm, out of which about 93.82% (1760.11 mm), 70.41%
(870.85 mm), 96% (2379.86 mm), 86.52% (1051.98 mm), and 76.16% (836.65 mm) of precip-
itation falls as snow, according to the respective datasets employed (Table 4). The CFSR
simulations demonstrated a higher amount of precipitation than other utilized, which
means that the CFSR overestimated the precipitation in the UVRB. Similarly, Hu et al. [81]
reported an overestimation in the results of the CFSR precipitation datasets used in a
mountainous region of Central Asia. Mean annual evapotranspiration from the whole
catchment is about 9.93%, 25.52%, 2.9%, 21.08%, and 27.28% of the annual precipitation
(186.3 mm, 315.7 mm, 72.1 mm, 256.4 mm, and 299.7 mm out of 1875.9 mm, 1236.9 mm,
2479 mm, 1215.9 mm, and 1098.5 mm) when using the respective datasets. Water yield is
as streamflow, which is obtainable at the catchment outlet and is determined from surface
runoff, lateral flow and baseflow or return flow. Based on the respective datasets on an
overall scale, the annual water yields at the catchment outlet are 534.72 mm, 771.24 mm,
661.98 mm, 672.11 mm, and 654.97 mm, from which surface runoff or overland flow can
be obtained; these take place across a sloping surface at about 46.54 mm, 276.79 mm,
90.56 mm, 30.73 mm, and 243.22 mm (including channel losses). The lateral subsurface
flow or interflow, which originates below the surface but above the rock saturation zone,
contribute 413.34 mm, 371.49 mm, 331.92 mm, 394.21 mm, and 307.92 mm (about 77.30%,
48.17%, 50.14%, 58.65%, and 47.01% of the total water yield) to all aforementioned combi-
nations of datasets. The remaining flow is contributed by the base flow, which originates
from groundwater (shallow aquifer). The annual mean streamflow during the period of
1979-2006 at the Darband discharge station at the outlet point of the UVRB is 626.08 m3/s.
The threshold depth of water in the shallow aquifer (REVAP) takes into account the volume
of water transported from a shallow aquifer to overlying unsaturated terrain during the
dry season.

The mean monthly values of precipitation, water yield, and actual evapotranspiration
for the UVRB are also estimated by coupling the combination of the respective datasets,
as demonstrated in Figure 8. The low precipitation period occurs in July, August and
September, while May-September is the high flow period and flow is less affected by
precipitation events during this time. Similarly, evapotranspiration is higher from May
to September and the large runoff over this period is mainly due to the melting of the
snowpack and permanent glaciers. Moderately high and high precipitation occurs from
October to June. In this study, the maximum precipitation values of 227.21 mm, 154.87 mm,
279.76 mm, 153.29 mm, and 135.54 mm per month occurred in May, according to the
respective datasets. Based on the CRU TS3.1 and observational datasets, July and August
are the only months where actual evapotranspiration is higher than total precipitation
during the dry period. This may have happened because evapotranspiration is a sustained
process that takes place during the day and night. The simulation of all employed datasets
revealed that the maximum evapotranspiration occurred in July. The higher mean monthly
actual evapotranspiration generated the simulation of the observational datasets, while the
CFSR simulation produced lower than average actual evapotranspiration in all months
compared to other simulated datasets for the entire catchment. The CRU TS3.1 dataset
simulations and the APHRODITE_V1101+CRU TS3.1 simulations of the mean monthly
actual evapotranspiration showed a “very good” correlation with the observational dataset
simulations. For example, about 70% of the evapotranspiration occurred from May to
August and, during this period, the APHRODITE_V1101+CRU TS3.1 datasets simulated
about 39.86 mm, 55.01 mm, 62.70 mm, and 49.27 mm, the CRU S3.1 datasets simulated
about 36.36 mm, 50.63 mm, 55.02 mm, and 33.93 mm, and the observational datasets
simulated about 42.95 mm, 56.69 mm, 60.19 mm, and 48.05 mm of evapotranspiration.

The mean annual values of precipitation for the UVRB are also estimated using the
SWAT model by coupling the combination of the respective datasets, as demonstrated in
Table 4. Due to the combination of the different dimensions of the gridded datasets, the
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SWAT model results showed mean annual precipitation differently. In particular, for scenar-
ios (a) and (c), as shown in Table 4, the average annual precipitation in these two scenarios
is higher than in other scenarios because the CFSR datasets were combined in scenario (a)
with APHRODITE_V1101, and in scenario (c) the CFSR results were demonstrated indepen-
dently. The CFSR is a global coupled atmosphere-ocean-land surface—sea ice assimilation
system, developed by NCEP at a resolution of 38 km (T382) and APHRODITE_V1101 for
monsoons in Asia, used at a resolution of 0.25° x 0.25°.
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Figure 8. Mean monthly basin values of precipitation, water yield and actual evapotranspi-
ration in the Upper Vakhsh River Basin in Central Asia, using (a) APHRODITE_V1101+CFSR,
(b) APHRODITE_V1101+CRU TS3.1, (c) CFSR, (d) CRU TS3.1, and (e) observational datasets.
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The deviation between the mean monthly actual evapotranspiration levels obtained
from the simulated CRU TS3.1 datasets and the simulated observational datasets was
less than 7 mm in all months except August, when it reached 14 mm (Figure 8d,e). The
deviation between the mean monthly actual evapotranspiration levels, produced by the
APHRODITE_V1101+CRU TS3.1, and observational dataset simulations for the entire basin
was less than 4 mm in all months except October, when it reached 5.28 mm (Figure 8b,e).
These results for the simulated actual evapotranspiration can be explained by the fact
that in the UVRB, most of the land is covered with seasonal grassland (48.63%) and,
after grassland, the prevailing land cover type is bare land (16.84%) and snow /ice cover
(15.75%). The amount of evapotranspiration depends mainly on the type of land cover.
Evapotranspiration also depends on soil moisture, i.e., the water held in the spaces between
soil particles. Nevertheless, the hydrological model of SWAT is a continuous-time model
and considers the variation in the moisture content of the soil. It also takes into account
the soil moisture from the previous day. Consequently, evapotranspiration occurs on a dry
day, and on such days, the soil moisture decreases. Accordingly, during the dry season,
evapotranspiration may exceed precipitation. In general, the total precipitation is greater
than the annual evapotranspiration.

4.5. Snowmelt Contribution to the Streamflow of the Upper Vakhsh River Basin, Using the
SWAT Model

Melting snow in the Pamir-Alay is the main source of groundwater recharge and
streamflow in the dry se ason for all perennial rivers in Tajikistan, which supply fresh
water for drinking and irrigation to Uzbekistan and Turkmenistan in Central Asia. In
addition, snowmelt flow facilitates hydropower production in Tajikistan, which accounts
for over 95% of total electricity production. For that reason, it is important to assess the
contribution of snowmelt in the UVRB in order to successfully develop, plan, distribute and
maximize the efficient and beneficial use of water resources. In this study, the contribution
of snowmelt to the streamflow of the Upper Vakhsh River is computed by applying the
SWAT model to the snowfall-snowmelt mode.

The hydrology of snowmelt is important for SWAT applications in catchments where
the river flows in spring and summer are mainly associated with snowmelt. The SWAT
model’s snowmelt module uses a linear function based on air temperature, snowpack
temperature and melting rate, and measures the amount of snowmelt based on the areal
coverage of snow and the snowmelt factor method [8]. In alpine basins with cold weather
conditions and rare precipitation, the snowmelt streamflow is influenced along with the
air temperature by the slope gradient, aspect, climatic variations, and solar radiation. In
the SWAT model, which depends on the temperature index, the melting rate changes
only with elevation, due to the air temperature gradient. The SWAT model divided the
watershed into ten altitude ranges and, for each band, simulated snow cover and snowmelt
separately. In this study, five established elevation bands were incorporated into the SWAT
model to account for the spatial variation in the snowmelt parameters across the entire
watershed, based on its topographic controls. The output tables for the overall simulation
periods of the SWAT model, along with various climatic products, were used to compute
the snowmelt streamflow in the UVRB. The results are shown in Tables 5-7.
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Table 5. Average monthly snowmelt contribution in the Upper Vakhsh River flow by coupling the SWAT model with the
APHRODITE_V1101+CFSR and APHRODITE_V1101+CRU TS3.1 during the overall period of the SWAT model simulation.

Rainfall (mm) Snowmelt Net Rainfall Water Yield Sno‘:vme.lt Montl}ly S.nowmelt
Month Contribution Contribution to the
(@ (mm) (b) Input (a + b) (mm) o
(mm) Streamflow (%)
Combination of the APHRODITE_V1101 and CFSR datasets
January 0.08 0.10 0.18 4.79 2.64 55.19
February 0.10 0.33 0.43 3.27 2.51 76.78
March 2.27 4.85 7.12 3.35 2.28 68.10
April 6.23 26.13 32.36 16.32 13.18 80.75
May 18.86 63.04 81.90 56.58 43.55 76.97
June 26.07 131.06 157.13 123.71 103.18 83.41
July 32.56 172.81 205.37 165.00 138.84 84.15
August 21.28 101.46 122.74 106.71 88.21 82.66
September 4.37 16.68 21.05 24.44 19.36 79.24
Octpber 3.22 4.86 8.08 12.69 7.63 60.13
November 0.40 0.94 1.34 8.39 5.88 70.07
December 0.35 0.48 0.83 6.45 3.72 57.66
Total 115.79 522.72 638.51 531.70 430.99
Combination of the APHRODITE_V1101 and CRU TS3.1 datasets
January 2.35 9.22 11.57 11.56 9.22 79.70
February 2.88 13.56 16.44 11.98 9.88 82.49
March 15.51 40.87 56.38 38.55 27.94 72.49
April 37.49 104.65 142.14 110.93 81.68 73.63
May 68.70 113.25 181.95 134.35 83.62 62.24
June 70.65 122.18 192.83 152.15 96.41 63.36
July 65.80 116.29 182.09 145.97 93.22 63.86
August 43.56 45.86 89.42 72.72 37.30 51.29
September 20.86 13.01 33.87 29.57 11.36 38.42
Octpber 23.10 23.74 46.84 31.93 16.18 50.68
November 10.21 15.01 25.22 20.50 12.20 59.52
December 4.95 10.97 15.92 14.33 9.88 68.92
Total 366.06 628.63 994.69 774.54 488.88

Table 6. Average monthly snowmelt contribution in the Upper Vakhsh River flow, by coupling the SWAT model with the
CFSR and CRU TS3.1, during the overall period of the SWAT model simulation.

Rainfall (mm) Snowmelt Net Rainfall Water Yield Snow:vme.lt Mont}'ﬂy S‘nowmelt
Month Contribution Contribution to the
(a) (mm) (b) Input (a + b) (mm) o
(mm) Streamflow (%)
CFSR datasets
January 0.04 0.06 0.10 13.26 8.20 61.81
February 0.19 0.22 0.41 9.04 4.88 54.01
March 1.00 3.46 4.46 8.09 6.28 77.57
April 3.64 23.25 26.89 18.93 16.37 86.47
May 13.12 63.62 76.74 53.86 44.65 82.90
June 24.06 135.85 159.91 106.03 90.08 84.95
July 29.53 197.33 226.86 158.66 138.01 86.98
August 19.84 156.09 175.93 148.17 131.46 88.72
September 5.22 30.26 35.48 63.33 54.01 85.29
Octpber 1.95 4.68 6.63 36.37 25.68 70.60
November 0.29 0.80 1.09 24.32 17.84 73.38
December 0.24 0.17 0.41 18.16 7.48 41.18
Total 99.12 615.80 714.92 658.22 544.93
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Table 6. Cont.

Rainfall (mm) Snowmelt Net Rainfall Water Yield Sno‘fvme.lt Mont}.ﬂy S.nowmelt
Month Contribution Contribution to the
(@ (mm) (b) Input (a + b) (mm) .
(mm) Streamflow (%)
CRU TS3.1 datasets
January 0.69 5.77 6.46 10.35 9.25 89.32
February 0.57 10.05 10.62 8.20 7.76 94.63
March 4.04 32.84 36.88 17.68 15.74 89.05
April 17.96 88.73 106.69 52.67 43.80 83.17
May 37.72 136.36 174.08 104.58 81.92 78.33
June 40.37 160.78 201.15 143.77 114.91 79.93
July 31.73 159.57 191.30 155.30 129.54 83.41
August 5.07 56.39 61.46 79.87 73.28 91.75
September 8.41 20.02 28.43 36.66 25.81 70.42
Octpber 9.28 26.40 35.68 29.17 21.58 73.99
November 5.85 16.09 21.94 21.73 15.93 73.33
December 221 7.66 9.87 14.63 11.35 77.60
Total 163.90 720.67 884.57 674.61 550.89

Table 7. Average monthly snowmelt contribution in the Upper Vakhsh River flow, by coupling the SWAT model with the
observational datasets, during the overall period of the SWAT model simulation.

Rainfall (mm) Snowmelt Net Rainfall Water Yield Snov:vme.lt Montl.lly S.nowmelt
Month Contribution Contribution to the
(@ (mm) (b) Input (a + b) (mm) o
(mm) Streamflow (%)
Observational datasets
January 0.09 0.32 0.41 5.47 4.28 78.20
February 0.53 1.14 1.67 3.96 2.71 68.35
March 5.23 25.77 31.00 13.80 11.47 83.13
April 25.72 152.84 178.56 124.85 106.87 85.60
May 57.90 120.70 178.60 123.98 83.79 67.58
June 63.90 115.64 179.54 140.94 90.78 64.41
July 44.26 100.51 144.77 120.89 83.93 69.43
August 29.86 45.71 75.57 67.34 40.73 60.49
September 18.11 4.68 22.79 21.00 4.31 20.55
Octpber 12.64 3.81 16.45 15.77 3.65 23.14
November 3.32 4.08 7.40 10.95 6.04 55.16
December 0.32 0.97 1.29 7.61 5.72 75.18
Total 261.88 576.19 838.07 656.57 44428

The basin-wide monthly snowmelt simulation showed that gridded datasets and
observational datasets generated more or less similar outputs, as shown in Tables 5-7. The
results acquired from the overall SWAT (1982-2006) simulation revealed that about 81.06%
of the annual runoff (out of 531.70 mm of the annual runoff, 430.99 mm is snowmelt runoff)
is supplied by snowmelt runoff when using a combination of the APHRODITE_V1101 and
CFSR. For the combination of APHRODITE_V1101 and CRU TS3.1, the overall SWAT model
results showed that about 63.12% of the annual runoff (out of 774.54 mm of annual runoff,
488.88 mm is the snowmelt runoff) is provided by snowmelt runoff. The simulation of the
CFSR in the SWAT model reveals that about 82.79% of the annual runoff (out of 658.22 mm
of annual runoff, 544.93 mm is the snowmelt runoff) is supplied by snowmelt runoff. By
coupling CRU TS3.1 and the SWAT model, we found that in the annual runoff, about 81.66%
is contributed by snowmelt runoff (out of 674.61 mm of the annual runoff, 550.89 mm is
the snowmelt runoff). The overall simulation of the SWAT model in the application of the
observational revealed that from the annual runoff, about 67.67% is supplied by snowmelt
runoff (out of 656.57 mm of the annual runoff, 444.28 mm is the snowmelt runoff). We used
five combinations of datasets in the SWAT model and the simulation results of the model
showed that, in general, during winter (December-February), the monthly snowmelt and
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rainfall was estimated to be less than 5 mm for all types of datasets. The minimum rainfall
and snowmelt are simulated in winter, including the fact that in winter, the precipitation
mostly falls in a solid form rather than a liquid form (rain) in the UVRB in Central Asia.
According to the simulated observational datasets, September and October are the only
periods in which rainfall in the catchment is dominant.

In addition, the results of all combination datasets show that during the spring and
summer (March-August) most of the runoff is provided by the runoff from snowmelt
(Tables 5-7). For example, according to the simulated SWAT model based on the
APHRODITE_V1101+CFSR, during the period of 1982-2006, about 68.10%, 80.75%, 76.97%,
83.41%, 84.15%, and 82.66% of the river flow is provided by the snowmelt runoff from
March to August. The simulation results of the APHRODITE_V1101+CRU TS3.1 showed
that the contribution of snowmelt runoff to annual runoff is about 72.49%, 73.63%, 62.24%,
63.36%, 63.86%, and 51.29% (March—August). The overall (1982-2006) simulation of the
CFSR datasets showed that between March and August, about 77.57%, 86.47%, 82.90%,
84.95%, 86.98%, and 88.72% of the annual runoff is supplied by snowmelt runoff. The
SWAT simulation on the CRU TS3.1 showed that, in spring and summer (March—-August),
of the total runoff, about 89.05%, 83.17%, 78.33%, 79.93%, 83.41%, and 91.75% originates
as snowmelt runoff. Using the observational datasets in the SWAT model, the simulation
results revealed that from March to August, about 83.13%, 85.60%, 67.58%, 64.41%, 69.43%,
and 60.49% of the annual runoff is contributed by runoff formed due to melting snow. As
a result of using different datasets in the SWAT hydrological model, the model results
showed that an increase in the contribution of melt runoff to total runoff begins in March
and continues with a fairly good contribution until September, while the maximum peak
of snowmelt runoff is observed in June and July (Tables 5-7). In winter, the contribution of
snowmelt and total runoff is low due to limited rainfall, and snowmelt is constrained by
low temperatures in mountainous areas. Our results also showed that the hydrology of
the Vakhsh River Basin is dominated by snowmelt. In this study, the amount of simulated
snowmelt, based on applied datasets, ranges from 115.64 mm to 160.78 mm in June and
from 100.51 mm to 197.33 mm in July. However, the contribution of snowmelt to the total
runoff during June and July is considered to be a peak period of contribution, and simula-
tions of the observation datasets presented the lowest amount of snowmelt contribution to
the total runoff, compared to other simulated datasets. The reason for these minimal values
might be the number of climate stations that were used in the hydrological modeling in this
mountain catchment. Similarly, previous studies have shown that mountainous catchments
in most regions of the world have very few climate stations. In this study, the situation
is the same; we used only four observational climate stations, Lakhsh, Dekhavz, Rasht,
and Bustonobod because there are no other operating climatic stations in the catchment.
Regarding the maximum contribution of snowmelt to total runoff during peak periods
(June-July), in June, simulations of snowmelt using the CRU TS3.1 showed the maximum
contribution of snowmelt to total runoff compared to other utilized datasets, while for
snowmelt in July, the simulation of snowmelt using the CFSR compared to other datasets
showed the maximum contribution of snowmelt to total runoff.

Figure 9 shows the mean monthly snowmelt and rainfall contribution in the Upper
Vakhsh River flow, using the SWAT model. The cumulative curves of the runoff input
components, including snowmelt and rainfall, are shown in Figure 10. Figures 9 and 10
demonstrate that the various gridded datasets in the hydrological model perform slightly
differently in snowmelt and rain simulations. One possible explanation could be the fact
that the resolution of the climate inputs varies, i.e., the numbers of gridded points are
different. However, the performance of the employed objective functions in hydrological
models was almost equal under different gridded climate inputs and this is to be expected
since, each time, the model adjusts its parameters during calibration so as to maximize
the utility of the input dataset. The results obtained from the SWAT model, using the
respective datasets, indicated that an average of about 81.06%, 63.12%, 82.79%, 81.66%, and
67.67% of the annual flow of the Upper Vakhsh River is contributed by the snowmelt runoff.
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Snowmelt is the dominant hydrological process in the VRB and flow is less influenced by
precipitation events. The contribution of the rain to the annual flow was estimated to be
about 18.94%, 36.88%, 17.21%, 18.34%, and 32.33%, according to the simulations of the
respective datasets.

Our study revealed that the gridded climate data from APHRODITE, CRU and CFSR
can be used as alternative data, especially in areas with fewer climate stations, including the
UVRB. These results represent the potential of the use of gridded datasets for hydrological
modeling. If complete observational data are available for the reference period, it is more
appropriate to use these data. In some cases, because of the provision of continuous
data at spatial and temporal scales over a longer period, gridded datasets are preferred
over observational datasets. The use of the most recently available gridded datasets
in a consistent format and with improved technology has made them easier to use for
hydrological modeling. Meanwhile, the combination of different gridded datasets can lead
to improved hydrological modeling [82]. Similarly, we used the reference gridded datasets
in combination, by combining their corresponding features with the daily measurement-
based climate data to achieve evaluation and better model simulations. The snowmelt
and rainfall contributions to annual river flow, according to the simulation results of the
respective datasets, were different (Figures 9 and 10). The differences in the contributions
of the snowmelt and rainfall to annual river flow from the simulations of all combinations
of datasets are due to the differences in the climate data. Such a difference may have
occurred because the climate data came from different independent sources, with different
approaches toward acquisition, processing data, and resolution. However, our results
demonstrated that the gridded datasets performed well in capturing peak flows and base
flows. The overall modeling results indicate that the SWAT model is potentially useful for
studying hydrology and assessing the water yield of catchments.

Spring and summer runoff from the Vakhsh River Basin supplies several Central
Asian countries, including Kyrgyzstan, Tajikistan, Uzbekistan and Turkmenistan, with
water for domestic and agricultural needs, hydropower production and recreation [83].
Modeling the spring and summer snowmelt runoff is critical to understanding seasonal
runoff variability. Water management and flood protection strategies in Central Asia are
based on capturing and storing runoff for delivery in the fall months. Water managers
track spring and summer runoff as a key factor when planning to meet Central Asia’s water
supply needs [84]. It is also important to use spring and summer runoff data to predict the
water supply and flooding in the basin.
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Figure 9. Mean monthly rainfall and snowmelt contribution in the Upper Vakhsh River flow, using the SWAT
model with (a) APHRODITE_V1101+CFSR, (b) APHRODITE_V1101+CRU TS3.1, (c) CFSR, (d) CRU TS3.1, and
(e) observational datasets.

118



Atmosphere 2021, 12, 1334

(a) 700

£ £
g > ]
£ 4004 =1
2 &
Z 0 2
= ] =
: g
) 1004 9]

A~
Cumulative runoff (mm) 2.

Figure 10.

700
6004
500
400
300
200

1004

04
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

[ Runoff due to snowmelt [ Runoff due to rain|

(d

=

Cumulative runoff (mm)

04
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

[ Runoff due to snowmelt [ Runoff due to rain| (b) - I Runoff due to snowmelt [T Runoff due to rain

700
600
500
4004
300
200
1004

700

6004

g

04
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Month
I Runoff due to snowmelt 7777 Runoff due to rain

04
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Month

—
)

~
~
8

[ Runoff due to snowmelt [ Runoff due to rain|

600

Cumulative runoff (mm)

Month

04
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Cumulative curves of the runoff input components for the Upper Vakhsh River, using the SWAT
model with (a) APHRODITE_V1101+CFSR, (b) APHRODITE_V1101+CRU TS3.1, (c) CFSR, (d) CRU TS3.1, and
(e) observational datasets.

5. Discussion

To the best of our knowledge, the simulation of the water balance component, par-
ticularly snowmelt runoff and its contribution to total runoff in the Vakhsh River Basin,
has not been conducted previously. Similarly, an evaluation of the datasets’ ability to
simulate the hydrological behavior of the UVRB from 1982 to 2006 has not previously been
performed, especially not when using a combination of the APHRODITE_V1101+CFSR,
AHPRODITE_V1101+CRU TS3.1, CFSR, and CRU TS3.1 datasets in a hydrological SWAT
model. Water-balance elements in a catchment are influenced by climate and the physical
characteristics of the basin, such as topography, land use, soil properties, glaciers, and
human economic activities. For any analyses related to sustainable water resource manage-
ment, understanding all the hydrological components is important. Snowmelt from the
Vakhsh River is the main source of groundwater recharge and runoff in the dry seasons
of many perennial rivers in Tajikistan, supplying fresh water for drinking, irrigation and
hydropower generation. For this reason, it is very important to assess the contribution of
snowmelt to the total runoff of UVRB for effective water resources management. Moreover,
when modeling mountainous watershed hydrology, the most important determinant is
the provision of accurate and alternative climate inputs in modeling. The lack of data has
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a large impact on modeling in mountainous regions. Ordinary climate stations are often
scattered sparsely and cannot fully reflect the climatic conditions in the basin, especially
in mountainous areas. In addition, the records of climate stations often do not cover the
proposed modeling period or contain gaps. To address/mitigate this issue in UVRB CA,
we examined the performance of gridded precipitation and temperature data combinations
from various sources for simulating river flow, using the SWAT model.

In this study, the simulation of the observational-based datasets performed better
than the gridded products in the UVRB for modeling river flow. Our results revealed that
among the applied gridded datasets, the use of the CRU TS3.1 datasets for the overall
scale (1982-2006) showed higher accuracy in river flow simulations, followed by the
APHRODITE_V1101 and CRU TS3.1 combination, the APHRODITE_V1101 and CFSR
combination, and the CFSR in the UVRB in Central Asia. Our results are consistent with
those of Hajihosseini et al., who used the global CRU and SWAT models in the Upper
Helmand Basin (UHB) in Afghanistan, which is a neighboring country to Tajikistan, to
simulate the long-term hydrological conditions of the basin. Hajihosseini et al. used the
CRU as an alternative data source, due to the lack of observational data at the UHB [30].
The results revealed the good performance of the SWAT model, using the CRU dataset
for the UHB from 1969 to 1979, while NSE was 0.84 for the calibration period and 0.82
for the validation period [30]. As is similar to the results of our study, CRU datasets were
used in the SWAT model to simulate river flows in the African continent over the period
of 1968-1995, and the results showed a “good” performance (NSE > 0.6) [85]. However,
our results for the CRU TS3.1 simulation contradicted the results of Malsy et al. [29],
who examined the performance of hydrological modeling using four datasets, the Global
Precipitation Climatology Centre (GPCC) Reanalysis product v6, APHRODITE, WATCH
forcing data (WFD), and CRU, in a hydrological model (Water Global Assessment and
Prognosis 3, WaterGAP 3) for the period from 1976 to 1999. According to Malsy et al., the
GPCC and APHRODITE datasets with the WaterGAP 3 hydrological model showed better
hydrological results than the CRU and WEFD at the Tuul River Basin and Khovd River
Basin in Mongolia in East Asia [29]. This contradiction may be associated with the use
of a different hydrological model, a different selected period and a different study area
location. It is not known if the same results could be generated in our study area with
a different hydrological model. For instance, in the Hotan River Basin in southwestern
Xinjiang in Central Asia, from 2004 to 2008, Luo et al. [31] assessed the performance of
the SWAT and MIKE SHE hydrological models. The results showed that the SWAT model
performs better (NSE = 0.77) than the MIKE SHE model (NSE = 0.66) for the same climate
input. Besides hydrological modeling, the CRU dataset was evaluated for climatological
studies in Central Asia by other researchers and their results showed that the CRU dataset
is applicable and satisfactory for climatological studies in Central Asia [86,87].

Furthermore, our results indicated that a second alternative source for the hydrological
simulation of the UVRB with the SWAT model could be the combination of precipitation
with APHRODITE_V1101 and maximum/minimum temperature with CRU TS3.1, fol-
lowed by the combination of APHRODITE_V1101 and CFSR, and CFSR. These results
are in agreement with the findings of Tan et al. [34], who assessed the capabilities of the
APHRODITE, CFSR and the “Precipitation Estimation from Remotely Sensed Information
using Artificial Neural Networks” (PERSIANN) datasets to model river flow using the
SWAT model for the Kelantan River Basin (KRB) and the Johor River Basin (JRB) in Malaysia
in Southeast Asia, from 1985 to 1999. The combination of APHRODITE precipitation data
and CFSR temperatures resulted in an accurate simulation of the river flow of the KRB and
JRB. Tan et al. recommend the use of APHRODITE precipitation and CFSR temperature
data when modeling the water resources of Malaysia [34]. Similarly, the APHRODITE
dataset and the SWAT model were used for hydrological modeling from 1980 to 1989 in
the Brahmaputra River Basin (BRB) and Yarlung Tsangpo River Basin (YTRB), which is
the main international river flowing through China, Bhutan, India, and Bangladesh. The
results showed the validity of APHRODITE estimates in driving the hydrological model in
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the YTRB and BRB [33]. Comparable results were reported by Xu et al. [35], who applied
the SWAT model with APHRODITE and WFD in the Xiangjiang River Basin (XRB) in China
to simulate river flow, particularly high flow and low flow. The APHRODITE simulation
(NSE = 0.79, NSE = 0.82) performed better than the WFD dataset (NSE 0.69, NSE = 0.71),
both during calibration (1991-2005) and validation (2001-2005) periods. WFD modeling
leads to more errors in simulating flood events than APHRODITE [35]. The TRMM, NCEP,
GPCP, CFSR and APHRODITE were used to assess the performance (NSE) of SWAT in
the Wunna Basin in India [36]. APHRODITE dataset simulations performed much better
(NSE = 0.68) than TRMM, NCEP, GPCP and CFSR, meaning that APHRODITE can be seen
as an alternative source for hydrological modeling in the Wunna Basin [36]. Our results
indicated the superiority of the combination of the APHRODITE_V1101 and CRU TS3.1
in the streamflow simulation in the UVRB from 1981 to 2006. However, these results are
somewhat inconsistent with the findings of Eini et al. [88], who modeled hydrology systems
and evaluated the performance of the SWAT model in the Maharlu Lake Basin in Iran by
comparing CRU, NCEP CFSR, and APHRODITE, as well as reanalyzing Asfezari rainfall
data using conventional data from 1983 to 2010. In this Iranian catchment, a simulation
that was achieved through a combination of APHRODITE and CFSR showed superior
performance (NSE = 0.91) compared to the other dataset combinations [88]. However, it
should be noted that these results are region- and model-dependent. Many studies show
that the accuracy of gridded data results varies by region [38,39]. Meanwhile, a hydrologi-
cal model with a different concept and representation of the streamflow procedure may
lead to different conclusions.

Our results demonstrated that for the overall scale (1982-2006), the CFSR simu-
lated the hydrology of the UVRB with lower accuracy than APHRODITE_V1101+CFSR,
APHRODITE_V1101+CRU TS3.1, and CRU TS3.1. Correspondingly, the simulation of
river flow using a SWAT model based on the characteristics (NSE) of weather products,
with reference to the CFSR, showed that despite the small number of observational cli-
mate stations in the basin, the modeling of observational datasets was more accurate
for representing climate relationships in the basin than the CFSR. These results are very
similar to those of Dile et al. [15] in the Gilgel Abay River and Gumera River in the Lake
Tana Basin, and the upper part of the Upper Blue Nile Basin, where SWAT was also set
up to assess the performance of CFSR datasets compared with conventional datasets for
hydrological predictions from 1994 to 2008. Liu et al. [32] also used the SWAT model with
climate data from the “China Meteorological Assimilation Driving Datasets” (CMADS
V1.0) and CFSR in the Yellow River Source Basin, Qinghai-Tibet Plateau, from 2009 to 2013.
Liu et al. found that the performance of the hydrological model for the monthly scale of
CMADS (NSE = 0.78) was higher than that of the CFSR (NSE = 0.69) [32]. However, our
results, as found in the UVRB, conflict with the findings of Tolere et al. [16], Fuka et al. [45],
Cuceloglu and Ozturk [46], and Grusson et al. [89]. For instance, Tolere et al. [16] reported
more successful SWAT streamflow simulation results using the CFSR than conventional
datasets from 1990 to 1995 for the Keleta watershed in Ethiopia, where conventional data
are scarce [16]. Fuka et al. [45] reported that the SWAT model presented better simulation
results with CFSR datasets, compared to using traditional weather-gauging stations in
the Catskill Mountains, NY, USA, and the Gumera Watershed in the Blue Nile River in
Ethiopia, from 1996 to 2010. Similarly, Cuceloglu and Ozturk [46] evaluated CFSR using
the SWAT model as a hydrological simulator in the Black Sea catchment from 2000 to 2012.
The results showed that the CFSR gives quite reasonable agreement between simulated and
observed river flow, compared to the observational dataset. Another study was conducted
by Grusson et al. [89] in the Garonne River Watershed in France, employing CFSR and
conventional datasets in hydrological simulations using the SWAT model from 2000 to
2010. The results revealed that the CFSR provided better hydrological simulations than
conventional datasets [89]. Differences in climate and geographic conditions are the most
likely explanation for such differences between the findings of Tolere et al. [16], Fuka
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et al. [45], Cuceloglu and Ozturk [46], Grusson et al. [89], and the results presented in
this study.

The applicability of the SWAT model for the simulation of water balance compo-
nents was assessed in the Heihe mountain river basin in northwest China, from 1961 to
1988 [22]. Water-balance components over the Narmada River Basin in India were assessed
by Goswami et al. using the SWAT model and CFSR, from 1984 to 2013. The results
suggested that the SWAT model was able to simulate the water-balance components at
the basin and sub-basin scales [19]. Pathak et al. [90] applied the SWAT model in nine
watersheds in India to validate the annual water yield obtained from diverse water-balance
models. Moreover, Pathak et al. assessed the applicability of the Lumped Zhang model and
InVEST model, together with the SWAT model, to compute water yield in scenarios before
and after climate change for 1980, 1990, 2001, and 2015 [90]. Gupta et al. [18] estimated the
water-balance components in the Sabarmati River Basin (SRB) in India using the SWAT
model, from 1999 to 2005. Gupta et al. noted that SWAT is a powerful tool that very
effectively evaluated hydrological components in the study of the water balance and river
flow of the SRB [18]. In Nepal, Thapa et al. used the HBV and BTOPMC models, along
with the SWAT model, to assess the components of water balance from 2001 to 2010. The
results of the three models were similar [91]. A predictive study using three models also
offered a reasonable range for runoff and evapotranspiration estimates [91]. Water balance
and water yield were predicted by the SWAT model in a basin in the north-central part
of Nigeria, from 1985 to 2010 [17]. Adeogun et al. noted that the SWAT model can be a
promising tool for predicting water balance, in terms of sustainable water management
in Nigeria [17]. The SWAT model was applied by Leta et al. to model water balance
components in the Heeia watershed in Hawai’i, an island in the Pacific Ocean, from 2006
to 2013 [92]. This study demonstrated the applicability of SWAT to small island water-
sheds with large topographic, precipitation, and land-use gradients. Our seasonal and
annual precipitation results in the UVRB in Central Asia, using the APHRODITE_V1101
and CRU TS3.1, demonstrated much closer results to the observational dataset. These
findings are in agreement with the results of a study by Shen et al. in the Kaidu Basin in
Central Asia. Shen et al. [37] used gridded products, including CFSR, APHRODITE, CRU,
TRMM, ERA-Interim and MERRA-2, with the J2000 model to analyze the spatiotemporal
patterns of water balance and the distribution of runoff components in the glacierized
Kaidu Basin in Central Asia. The results showed that APHRODITE and CRU represented
annual and seasonal precipitation dynamics that were similar to the observational dataset
at most climate points [37]. Similarly, a water balance study with the application of the
SWAT model and observational datasets was conducted in the Indian Ken River Basin in
South Asia, from 1986 to 2005 [20]. Himanshu et al. concluded that the SWAT model can
accurately simulate the hydrology of the Ken River Basin in India. The water balance study
of the basin showed that evapotranspiration is more predominant, accounting for about
44.6% of the average annual precipitation [20].

In this study, considering the more accurate performance of the CRU TS3.1 and
observational datasets than other studied datasets, the simulations of the CRU TS3.1
and observational datasets showed that the actual evapotranspiration in July is almost
equal to the July catchment precipitation values. These results are in accordance with
those of Pritchard [23], who used a combination of CFSR temperature and APHRODITE
precipitation datasets in the SWAT model to simulate water-balance components, espe-
cially the actual evapotranspiration in five Asian river basins, including the Aral, Indus,
Ganges, Brahmaputra, Tarim, and the lakes of Issyk-Kul and Balkhash. For the Aral
Sea Basin in Central Asia, Pritchard reported that summer evaporation is approximately
equal to summer precipitation [23]. In this study, less actual evapotranspiration occurs
in December, January, and February for all datasets studied, including CFSR. However,
this result contradicts the findings of Goswami et al. [19], who found that the simula-
tions of actual evapotranspiration showed minimal values in May, using CFSR and the
SWAT model, in the Narmada River Basin of India in South Asia between 1984 and 2013.
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The results of our simulation showed that the average annual actual evapotranspiration
is about 2.9% (CFSR), 9.93% (APHRODITE_V1101+CFSR), 21.1% (CRU TS3.1), 25.52%
(APHRODITE_V1101+CRU TS3.1), and 27.28% (observational datasets) of the average
annual precipitation in the UVRB from 1982 to 2006. The same methodology was applied
by Budhathoki et al. [93] in the West Seti River Basin (WSRB) in South Asia, to simulate the
mean annual water balance components, including precipitation and evapotranspiration,
using the SWAT model and a combination of conventional weather data and APHRODITE,
for the period of 1986-2005. The mean annual total evapotranspiration matched about
36% of the mean annual precipitation in the WSRB [93]. In another study, Nasiri et al. [21]
applied the SWAT model to the Samalgan Basin in Iran in Western Asia, from 2004 to
2014, to compute actual evapotranspiration using observational weather data. Actual
evapotranspiration contributed to the largest water loss from the basin, at approximately
86%. Nasiri et al. pointed out that the high evapotranspiration rate that was simulated
may be related to the vegetation types in the region [21].

Our results indicated that the simulation of the CFSR provided lower actual evapo-
transpiration values than traditional weather data for the UVRB from 1981 to 2006. Similar
results were obtained by Dile et al. [16] in the Gumera, Rib and Megech River Basins in
Ethiopia in the Horn of Africa, where independent observation datasets and CFSR were
used in the SWAT model in 1990-1995 [16]. However, Dile et al. stated that the results in
the Melka Kuntur Basin showed higher values for the water-balance components; this may
be due to the relatively high total precipitation in the CFSR dataset in the Melka Kuntur
Basin [16]. In general, in our study, CFSR also simulated higher total annual precipitation
in the UVRB in Central Asia, compared to other reference datasets. We found the largest de-
viation between the monthly mean actual evapotranspiration CFSR and the observational
datasets, compared to other applied datasets in the UVRB. However, from previous studies,
we have observed that in some regions, CFSR, when calculating actual evapotranspiration,
produced values very similar to conventional weather data. For instance, the CFSR and
observational datasets, with the SWAT model, were applied to different watersheds in the
Blue Nile Basin in the northwestern Ethiopian Plateau from 1994 to 2008, to estimate actual
evapotranspiration [15]. For the Megech sub-basins in Ethiopia, the results showed that the
deviation between the monthly mean actual evapotranspiration levels, obtained from CFSR
simulations, and observational datasets was less than =5 mm in all months besides August
and September, when it reached 12 mm and 19 mm, respectively. Dile et al. noted that CFSR
weather data can be a valuable option for hydrological prediction where conventional data
are not available, such as in remote parts of the Upper Blue Nile Basin [15].

Based on the SWAT model application, our results for the simulations of five different cli-
mate data combinations, including APHRODITE_V1101+CFSR, APHRODITE_V1101+CRU
TS3.1, CFSR, CRU TS3.1, and observational data showed that approximately 81.06%, 63.12%,
82.79%, 81.66%, and 67.67% of annual runoff was contributed by snowmelt runoff from
1982 to 2006 in the UVRB. The largest contribution of snowmelt runoff to the total runoff
appears during the spring and summer periods. The monthly APHRODITE_V1101+CFSR
simulations showed that from May to August, the snowmelt runoff contribution to river
flow was about 68.10% (March), 80.75% (April), 76.97% (May), 83.41% (June), 84.15% (July),
and 82.66% (August); for the APHRODITE_V1101+CRU TS3.1 simulations, it was about
72.49%, 73.63%, 62.24%, 63.36%, 63.86%, and 51.29%; for the CFSR simulations, it was about
77.57%, 86.47%, 82.90%, 84.95%, 86.98%, and 88.72%,; for the CRU TS3.1 simulations, it was
about 89.05%, 83.17%, 78.33%, 79.93%, 83.41%, and 91.75%; and, for the observational sim-
ulations, it was about 83.13%, 85.60%, 67.58%, 64.41%, 69.43%, and 60.49%. Many studies
have shown that the application of the SWAT model is quite useful in snowmelt simula-
tions [1,2,24,25]. As far as we are aware, in this study, the use of the SWAT model with
various combinations of the respective climate datasets was conducted for the first time as
a way to simulate snowmelt runoff contribution to river flow in this mountainous basin.

By using observational climate data in the SWAT model, Duan et al. simulated the
snowmelt contribution to total runoff in the Tizinafu River Basin (TRB) in Xinjiang in
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Central Asia, from 2013 to 2014 [25]. Duan et al. found that about 44.7% of the total runoff
comes from snowmelt runoff in the TRB [25]. Siderius et al. [24] calculated the contribution
of snowmelt to river runoff using APHRODITE data with the SWAT model, from 1971 to
2000, in the Ganges River in northern India in the Himalayan arc in South Asia. The SWAT
results showed that approximately 1% and 5% can be considered to be indicative of the
actual total annual contribution of snowmelt to total runoff. The contribution of seasonal
snowmelt to total runoff during the dry season before the summer monsoon (MAM) is
estimated to range from 12% to 38% [24]. A similar approach was applied by Chiphang
et al. [1], who used the SWAT model in the mountainous Mago River Basin, located in
the Eastern Himalayan region of India, from 2006 to 2009 to compute the contribution of
snowmelt to streamflow changes in the basin. Their results showed that the contribution
of snowmelt runoff to the annual streamflow of the basin was about 8% [1]. Another
study was performed by Dhami et al. using the snowmelt runoff model (SRM) and SWAT
model with conventional weather data, to compute the water balance components of the
Karnali River Basin in Nepal in South Asia and to simulate the contribution of snowmelt
to river runoff, from 1993 to 2005 [2]. Dhami et al. reported that, from the comparison
of the results obtained from the SWAT model and the SRM model, it is recommended
that the results obtained from the SWAT model are used due to its better performance
in terms of predicting reality than the SRM model [2]. The results of the SWAT model
indicated that in the Karnali River Basin, about 35% of the total runoff is contributed by
snowmelt runoff [2]. An accurate representation of the snowmelt process could improve
the prediction of streamflow in mountainous catchments [89,94]. The UVRB has good
seasonal snow cover at high altitudes. Snowmelt is usually an important source of river
flow at high altitudes. In this study, SWAT appropriately demonstrates both the beginning
of snowmelt and the peak of spring snowmelt.

The perennial river basin system, when combined with steep slopes, provides enor-
mous hydropower potential, the exploitation of which requires a deep understanding of
the hydrological system of the catchment. The capacity of hydropower is determined by
the flow rate of the river, so a change in flow will directly lead to changes in hydropower
potential [95]. Determining the effect of snowmelt on streamflow in the catchment allows
an assessment of the hydrological processes within a river basin in a mountainous region.
Snowmelt tends to create regular seasonal patterns of river flow during warmer tempera-
tures, with the melting of snowpacks accumulated over the winter. The impact of melting
snow on potential flooding, mainly in the spring, is of concern to many inhabitants across
the globe. The performance of the SWAT model presents evidence that it can be applied
efficiently in the transboundary Vakhsh River Basin in Central Asia for water resources
assessment and management. Semi-distributed hydrological models can be used as an
essential feature of the water resources monitoring approach and can play a crucial part
in the management of transboundary water resources [96]. Furthermore, well-calibrated
models are an important tool for a variety of water management applications, such as
for assessing the availability and balance of water resources, modeling water quality and
sediment transport, etc.

Uncertainties and Limitations

The SWAT model has been applied in several hydrological modeling studies in var-
ious catchments around the world [14,25,97]. There may be a few areas of uncertainty
in modeling snow and glacier melt, such as orographic impacts and hydrological model
parameterization, as well as heterogeneity in forest cover, slope, and features, which are
evident issues in snow and glacier hydrology. All of these aspects are not well represented
by a simple temperature index of snowmelt and glacier melt simulation. However, the eval-
uation of snowmelt based on a temperature index appears to be good enough to compute
the physics of snowmelt processes entirely. Snowmelt hydrology is specifically considered
as an essential variable in local catchments. Due to the degree-day approach with elevation
bands in the SWAT snowmelt module, it is hard to avoid the uncertainties inherent in
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the model structure, parameters and input data. On the other hand, the absence of an
ice-melt module would also cause potential uncertainties. Calibration solely by discharge
records might produce good results, as well as potential uncertainties [8]. Parameter uncer-
tainty occurs when certain physical processes in a hydrological or climatic system cannot
be explicitly resolved. As a replacement, they must be included via parameterization,
which contains some uncertain variables. The UVRB is situated in a mountainous area,
within which a wide range of regions subject to permafrost and seasonal cold is spread.
The freezing/thawing processes of the soil also affect the accuracy of the simulation [98].
Furthermore, measurement-based flow data that have been used in a comparison with
a simulated flow may be exposed to human or tool errors in river-level observations, or
inaccuracies in estimated curves, all of which are designed for natural river stretches that
are subject to erosion and deposition [99]. The uncertainty of the data source stems from
the use of the CRU, which is generated by interpolating data from weather stations in
the region. Therefore, the entered climatic data are approximate [100]. The APHRODITE
dataset, which includes multiple climate stations, provides high-resolution, gridded, long-
term daily precipitation estimates, as commonly used in South Asia. In the UVRB, most of
the climate stations are located in valleys and are not in mountains with a large amount of
precipitation. The combination of all of these factors can increase the uncertainty of the
APHRODITE estimates. Precipitation data from CFSR showed more heterogeneity than
the temperature data. The gridded dataset was obtained directly; thus, its applicability in
the study region must be assessed prior to its use. The precipitation error characteristics of
datasets vary due to climatic regions, elevations, surface conditions, seasons and storm
patterns [101]. Similarly, these datasets are inevitably prone to inaccuracies caused by
sampling uncertainties, indirect measurements, and exploration algorithms [102]. In future
investigations, it might be possible to analyze the effects of bias correction on multiple
gridded climate data estimates in SWAT hydrological element simulations.

6. Conclusions

We used the SWAT-CUP Sequential Uncertainty Fitting (SUFI-2) program to assess
the water balance components of the basin. APHRODITE_V1101, CFSR, and CRU TS3.1
gridded datasets were tested both independently and in combination with observational
datasets for hydrological simulation. The SWAT hydrological model was used to examine
the datasets in Central Asia’s Vakhsh River Basin. We also tested the SWAT model’s
applicability to the UVRB hydrology. The authors came to the following conclusions:

(@) The results of the study indicated that the applied gridded datasets, such as CRU
TS3.1, AHPRODITE_V1101, and CFSR, can be used as alternative climate data in an
assessment of the hydrology in the UVRB.

(b) We observed that the CFSR datasets performed worse than APHRODITE_V1101+CFSR,
APHRODITE_V1101+CRU TS3.1, and observational datasets.

(c)  Aquifer percolation fraction (RCHRG_DP), baseflow alpha-factor (ALPHA_BF), moist
bulk density (SOL_BD), SCS runoff curve number for moisture condition-II (CN2), and
effective hydraulic conductivity in main channel alluvium (CH_K2) were determined
to be the most sensitive factors for streamflow simulation using the SWAT model in
the UVRB.

(d) APHRODITE_V1101+CFSR showed “good” [71] results in simulating the monthly
observed streamflow (with NSE = 0.70 and 0.72 for calibration and for overall pe-
riod, respectively, and PBIAS = 14.8% and 15% for calibration and for overall period,
respectively). The APHRODITE_V1101+CRU TS3.1 gave “good” results for calibra-
tion and overall periods (NSE = 0.74 and 0.74, respectively), with “satisfactory” [71]
(PBIAS = —17.7%) and “good” (PBIAS = —10.80%) underestimation of streamflow.
This combination showed “very good” [71] results (NSE = 0.78) for the validation
period with a “very good” overestimation of streamflow (PBIAS of 1.30%). The CFSR
datasets presented “good” results (NSE = 0.68) with a “very good” (PBIAS of 2%)
overestimation of streamflow and, for the validation period, CFSR provided “very
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good” results (NSE = 0.83) with a “very good” overestimation of streamflow (PBIAS
of 9.58%). The CRU TS3.1 datasets gave “very good” results for calibration, validation
and overall scales (NSE = 0.91, 0.88 and 0.91, and PBIAS = 0.32%, 6.09%, and 0.29%,
respectively). The observational datasets for calibration, validation and overall pro-
vided “very good” results (NSE = 0.90, 0.93 and 0.91 and PBIAS = 0.69%, 5.51%, and
5.21%, respectively). The better performance corresponds to observational datasets
with higher NSE values, followed by the CRU TS3.1 datasets.

(e) The coefficient of determination (R?) showed an acceptable (>0.6) [103] correlation be-
tween the observed and simulated monthly streamflow during calibration, validation,
and overall scales (R? ranges from 0.74 to 0.94) for all five datasets.

(f)  For APHRODITE_V1101+CFSR, APHRODITE_V1101+CRU TS3.1, CFSR, CRU TS3.1,
and observational datasets, the SWAT model simulated mean annual precipitation
of the UVRB as 1875.9 mm, 1236.9 mm, 2479 mm, 1215.9 mm, and 1098.5 mm,
respectively, with 93.82% (1760.11 mm), 70.41% (870.85 mm), 96% (2379.86 mm),
86.52% (1051.98 mm), and 76.16% (836.65 mm) as snowfall, out of which 29.70%
(522.72 mm), 72.19% (628.63 mm), 25.88% (615.80 mm), 68.51% (720.67 mm), and
68.87% (576.19 mm), respectively, melts and facilitates snowmelt runoff in the basin.

(g) The UVR basin evapotranspiration is 9.93% (APHRODITE_V1101+CFSR), 25.52%
(APHRODITE_V1101+CRU TS3.1), 2.9% (CFSR), 21.08% (CRU TS3.1), and 27.28%
(observational datasets) (186.3 mm, 315.7 mm, 72.1 mm, 256.4 mm, and 299.7 mm
out of 1875.9 mm, 1236.9 mm, 2479 mm, 1215.9 mm, and 1098.5 mm, respectively).
Overall, less evapotranspiration occurs in December, January, and February.

(h)  From 1982 to 2006, the simulation of five different weather products (APHRODITE_V1101
+CFSR, APHRODITE_V1101+CRU TS3.1, CFSR, CRU TS3.1) and observational datasets
in the UVR basin showed that snowmelt runoff contributes approximately 81.06%,
63.12%, 82.79%, 81.66%, and 67.67%, respectively, of annual runoff. Snowmelt runoff
contributes the most to overall runoff in spring and summer.

(i) The annual flow contribution of rain was estimated at 18.94%, 36.88%, 17.21%, 18.34%,
and 32.33% using APHRODITE_V1101+CFSR, APHRODITE_V1101+CRU TS3.1,
CFSR, CRU TS3.1, and observational datasets.

The SWAT hydrological simulation of observational datasets outperformed gridded
products in the mountainous UVRB. The SWAT model-simulated streamflow variations
better than CFSR gridded datasets using CRU TS3.1 and APHRODITE_V1101. Gridded
meteorological datasets like CRU TS3.1, APHRODITE_V1101, and CFSR can also be used
for hydrologic modeling, especially if observational data is scarce. The SWAT model
captured the monthly observed flow patterns and trends well. The model produced
reliable monthly streamflow estimates, as evidenced by NSE, R?, and PBIAS values that
were superior for calibration, validation, and overall scales. The high NSE, R?, and PBIAS
values for monthly streamflow during the calibration, validation and overall periods
indicate the model’s predictive ability. For water management challenges in the basin,
the SWAT model offered a baseline understanding of hydrological dynamics. The current
study demonstrates that the SWAT model could be a helpful tool for predicting water
balance components to assist basin-level policies and decisions.
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Abstract: Streamflow impacts water supply and flood protection. Snowmelt floods occur frequently,
especially in mountainous areas, and they pose serious threats to natural and socioeconomic sys-
tems. The current forecasting method relies on basic snowmelt accumulation and has geographic
limitations that restrict the accuracy and timeliness of flood simulation and prediction. In this study,
we clarified the precipitation types in two selected catchments by verifying accumulated and maxi-
mum temperatures’ influences on snow melting using a separation algorithm of rain and snow that
incorporates with the temperatures. The new snow-melting process utilizing the algorithm in the
soil and water assessment tool model (SWAT) was also developed by considering the temperatures.
The SWAT model was used to simulate flooding and snowmelt in the catchments. We found that
the contributions of snowmelt to the river flow were approximately 6% and 7% higher, according to
our model compared to the original model, for catchments A and B, respectively. After the model
improvement, the flood peaks increased by 49.42% and 43.87% in A and B, respectively. The contribu-
tions of snowmelt to stream flow increased by 24.26% and 31% for A and B, respectively. Generally,
the modifications improved the model accuracy, the accuracy of snowmelt’s contributions to runoff,
the accuracy of predicting flood peaks, the time precision, and the flood frequency simulations.

Keywords: Issyk-Kul; SWAT; accumulated temperature; snowmelt

1. Introduction

Water resources are essential for society’s long-term development, economic growth,
and ecological environment [1-4]. Large amounts of water are stored as snow and
glaciers [5,6], and this water can be discharged into catchments [7-9]. Approximately
one-sixth of the world’s population lives near rivers that originate from snowmelt [10],
which can occur in mountainous areas, even in otherwise arid regions. The melt water
is used for agricultural, industrial, and municipal purposes [11]; however, its availability
may alternate the water levels of lakes and cause floods that can pose serious threats to
natural and socioeconomic systems. According to recent statistics, mountain torrents were
responsible for approximately 70% of flood-related deaths [12,13], and associated disaster
losses accounted for more than 50% of the total deaths [14,15]. Frequent floods may pose

Atmosphere 2021, 12, 1580. https:/ /doi.org/10.3390/atmos12121580

https:/ /www.mdpi.com/journal /atmosphere
131



Atmosphere 2021, 12, 1580

a significant threat to certain populations, especially those in high-altitude areas, such as
Kyrgyzstan. Indeed, Kyrgyzstan is among the countries affected by such floods.

Kyrgyzstan is a Central Asian country with abundant underground and surface water
resources. Changes in the runoff and distribution of its sources, mainly rainfall, snowmelt
water, glaciers, and other tributaries, affect the water in Issyk-Kul, Kyrgyzstan’s large
endorheic lake [16]. The Issyk-Kul basin contains a number of streams. About 123 of them
are used for irrigation [17,18]. Water supply and flood protection are both impacted by
streamflow [19,20]. Furthermore, Issyk-Kul is fed by rivers, the majority of whose water
comes from snow and glaciers, which cover about 509 km? of the drainage basin and are
located at elevations of 3000 m a.s.l. and higher [21-23]. Precipitation increases from May to
August, corresponding with a seasonal increase in agricultural water demand [16]. During
the summer (June to September), rivers primarily fed by glacial meltwater experience
significant increases in runoff, resulting in floods during the “flood season” [5]. There are
four types of rivers. The majority of glacial-snow-type rivers flow into Issyk-Kul [24]. River
runoff’s shifting properties have long been focuses of hydrological and water resource
research [25]. Since Issyk-Kul's rivers affect its water level, it is important to focus on the
sources of the rivers, especially the snowmelt.

Snowmelt runoff is a significant source of water and a substantial driving force for
catastrophic flooding in inland desert regions during the spring flood season, so it must
be carefully analyzed. To mitigate or minimize the tragedies and losses caused by floods,
it is vital to analyze the complete snow melting and flood process [26]. Many models
have been developed, including empirical models, conceptual models, physical models,
and distributed hydrological models with snowmelt modules [27-33]. Water balance is
calculated by analyzing evaporation during strong winds, low relative humidity, and low
temperatures [34]. More advanced models [35,36] were shown to be flawed when simulat-
ing runoff in snowmelt watersheds [37]. The soil water assessment tool (SWAT) [38—40] is
a distributed watershed hydrological model developed by the US Department of Agricul-
ture and relies on the Simulator for Water Resources in Rural Basins (SWRRB) model [41-44].
It has good precision when dealing with plains with abundant precipitation and flat terrain,
but it has relatively lower accuracy when dealing with mountainous areas with complex
terrains [37,45]. The model uses few parameters and little input data. For snow watersheds,
the model is used to evaluate dispersed snowmelt and runoff formation [46]. The degree-
day factor approach is used in the SWAT model to calculate snowmelt [35,47,48]. In this
approach, snowmelt is considered to occur when the average temperature on a given day
exceeds the snow-melting temperature threshold. However, the condition for snowmelt
is only the daily average temperature, thereby ignoring the influence of cumulative tem-
perature on energy accumulation [49]. Previous researchers, such as Meng et al., Yu et al.,
and Luo et al., attempted to use the SWAT model with the snowmelt module, but there
was confusion about how to distinguish precipitation types. Other studies failed to ac-
count for the conditions of mountainous regions, expended immense amounts of effort,
or relied on the standard degree-day factor system (which provides limited simulation
accuracy) [36,37,50]. Improvements to precipitation type recognition have been ignored
in related attempts to enhance snow-related models which omit the standard degree-day
factor technique. Therefore, based on recent analysis, the determination of precipitation
type was used in this study, and the classic degree-day factor approach was updated.
The goal of this research was to differentiate rain from snow in total precipitation by
adding accumulated temperature to the temperature condition. Thereby, the accuracy
of the original model was improved to raise its ability to determine precipitation type.
The temperature condition of the traditional degree-day factor method was improved by
adding an accumulated temperature judgment condition and modifying the parameter set.
This improved the simulation accuracy of the model [9,37] and improved the calculations
of snowmelt capacity and snowmelt’s contributions to runoff in the selected catchments
around Issyk-Kul.
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2. Study Area and Materials
2.1. Study Area

The Issyk-Kul basin is located on the northern slopes of the Tian-Shan Mountains in
Kyrgyzstan, which is part of arid Central Asia, between 42°250 N and 77°150 E (Figure 1), at
an altitude of 1606 m above sea level (a.s.1.) [51]. Issyk-Kul is the continent’s fourth-deepest
reservoir. It is an endogenous mountain lake (one of the world’s highest saline lakes). It is
Central Asia’s largest high-altitude lake [52]. It is surrounded by high mountains, such as
Teskey Ala-Too, a mountain range to the south with peaks exceeding 4808 m, and Kungey
Ala-Too, a mountain range to the north with peaks exceeding 4648 m. Its watershed covers
an area of 22,080 km?, and all major branches of Issyk-Kul originate from 834 glaciers with
a volume of 48 km?> and a total glacial area of 650 km? [53,54].

77°E 78°E 79°E

| e
77°E 78°E 79°E

Figure 1. Locations of the selected catchments around the Issyk-Kul basin and digital elevation levels.

One of Kyrgyzstan’s most densely populated areas is around Issyk-Kul. With an average
annual growth rate of 1.84%, the population of its Oblast increased from 177,300 in 1940
to 448,000 in 2012 [55]. The moderately warm climate of the Issyk-Kul basin is ideal for
cereals, crops, and gardening [16,56]. The average temperature in the basin is 19-20 °C
in July and 2-3 °C in January, and precipitation ranges from 12.3-35 mm per year [16].
Intensive agriculture has developed throughout the lake basin due to the basin’s unusually
mild climate [57-59]. Therefore, we selected two catchments in the Issyk-Kul basin, one in
the northwest (A) and the other in the south (B), with areas of 2153.46 km? and 2254.32 km?,
respectively. The aim of this study was to improve the modelling processes of the selected
catchments by incorporating accumulated temperature, allowing for better differentiation
of rain and snow in overall precipitation.

2.2. Data and Source

The hydrological model (SWAT) was built with the help of digital elevation models
(DEMs), land cover, soil classification, meteorological data, and precipitation type event
statistics. A DEM with a resolution of 30 m was downloaded from the Shuttle Radar
Topography Mission (SRTM); (http:/ /srtm.csi.cgiar.org/ (accessed on 22 January 2020)).
The visual interpretation of the Landsat 8 with 30-meter resolution remote sensing imagery
extracted from (https:/ /www.usgs.gov/products/data-and-tools/real-time-data/remote-
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land-sensing-and-landsat (accessed on 30 December 2019)) provided land use data. The
Food and Agriculture Organization (FAO) and the International Institute for Applied Sys-
tems Analysis (ITASA) provided the soil data, which included a 1:100,000 soil type map and
information on related soil properties. Local Meteorological stations provided precipitation
type event statistics. The stations Balykchy and Tossor also provided daily maximum and
minimum temperature data (MAX.T and MIN.T, respectively), along with average daily
temperatures and precipitation data. The altitude, solar radiation, relative humidity, wind
speed, and wind direction data of catchments A and B were collected from the Meteorolog-
ical Service of Canada (MSC) https:/ /www.canada.ca/en/environment-climate-change/
services/climate-change/canadian-centre-climate-services /display-download.html (ac-
cessed on 3 February 2020). Model input data (snow cover) were provided by the MODIS
snow product MODA10A2.006, with data for 500 m, 8-day, and from 2015 to 2016. We
used the data to determine the corresponding temperature thresholds. The Kyrgyzstan
hydrological bureau provided daily discharge data from 2015 to 2016, which were used to
validate the model.

3. Methods

The daily accumulated temperature was calculated using the temperature integral
method. The accumulated temperature inflection points of the precipitation type and snow
melting were validated by remote sensing snow data. The traditional degree-day factor,
precipitation type determination, and accumulated and maximum temperatures for snow
melting were used in this study.

3.1. SWAT Model Definition

The SWAT model is a hydrological, physically-based, and distributed model [60,61]. It
uses the runoff curve number approach from the soil conservation service (SCS) to quantify
surface runoff and the degree-day factor method to measure snowmelt runoff. The model
simulates snowmelt runoff, surface runoff [39,62,63]. The average runoff for the whole
watershed is calculated using the hydrological model [37,64]. The water balance equation
for the SWAT model is the following:

swi = swo + XL (Nday — Qsurf — Ea — Rseep — Qgw) 1)

The final soil water content is denoted by sw¢ (mm H,O), swy is the soil water content
on day i (mm H,O), t is the time (days), Nday is the amount of precipitation on day n (mm
H,0), Qsurf is the amount of surface runoff on day n (mm H,O), the initial soil water
content is swy, Ea is the quantity of evapotranspiration on day n (mm H0), Rseep is the
amount of water from the soil profile that enters the vadose region on day n (mm H,O),
and Qgw is the groundwater recharge (water that is not consumed by evapotranspiration)
on day n (mm HO).

3.2. Snow Cover in the SWAT Model

The mean daily air temperature is used in the SWAT model to classify precipitation as
rain or freezing rain/snow. The boundary temperature, k;_,, is set by the user and is used
to classify precipitation as rain or snow. The mass balance of the snow pack is as follows:

SNO; = SNO;_1 + Rday,- - Esub,- - SNOmlt,- ()

where SNO; and SNO;_; are the water content of the snow pack on the current day (i)
and previous day (i — 1), respectively (mm H,O), Ry,, is the amount of precipitation on
a given day (added only if kay < k (mm H,0)), Egyp, is the amount of sublimation on
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a given day (mm H,O), and SNO,1;, is the amount of snowmelt on a given day (mm HO).
The equation for the areal depletion curve is

SNO SNO SNO \\ 7!
SNOeon = SNO1go <5Noloo e <Covl e 5N0100>> @

where SNO,,, is the fraction of the HRU area covered by snow, SNO is the water content
of the snow pack on the current day (mm H,0), SNOqqy is the threshold depth of snow
at 100% coverage (mm H,O), and cov; and cov; are coefficients that define the shape of
the curve.

3.3. The Original Degree-Day Factor Algorithm

The snowmelt in the SWAT model is important, as is the source of water during the
alpine spring [65,66]. The snowmelt runoff temperature threshold is obtained from the
snow cover state and the temperature threshold of the snowmelt runoff [67]. The melting
snow equation is given below.

KSI’\OW + Kmx

SNO,,;; = Yomre - Snocoy - 5

— Kt (4)
The total snowmelt on a given day (mm H,O) is represented by SNO,y,;. y,,,;; stands for
the day’s melt factor (mm H,O/°C day~!). The fraction of the HRU region is represented
by Snocov. Ksnow represents the temperature of the snow pack. Kpy is the highest air
temperature on a given day (°C), and K,,;; is the base temperature threshold (°C) for snow
being able to melt. On a daily basis, the classical degree-day model links ice or snowmelt

(mm) to air temperature [68]:
M = r- (Kav - Kgmlt)r when Koy > Kgmlt (5)

0, otherwise

where M is the melt rate, r (mm day*1 °C) is the degree-day factor for snowmelt, K,y (°C) is
the average air temperature of a given day, and Kgp; is the snowmelt base temperature in
°C. The degree-day factor for snowmelt is calculated in the SWAT model with a sinusoidal
function to simulate the seasonal shift pattern [69]. The temperature of the snow pack is:

. (1 - o‘sno) + Kav * ®sno (6)

Ksnowp = Ksnowp,l

Ksnowp is the temperature (°C) of the snow pack on a given day. asno is the snow
temperature (°C), which takes into account the previous day’s snow pack temperature.
Kav is the average air temperature (°C) on the current day. xsn, is used to represent the
influence of linkages among factors affecting snow pack temperature. y,,,, is the melt
factor, which incorporates the seasonal alterations in maximum and minimum temperature
values that happen during dry and wet periods, respectively. The snow /ice melt factor is
calculated using sinusoidal interpolation in some snow /ice melt-runoff models [70]. The
degree-day factor for snowmelt is expressed as follows:

_ Ymite + Ymit2 Ymite — Ymiri2 e Zi . _
Ymir = 2 + 2 Sln(365 (p 81)) (7)

wherey, ;s (mm HyO day ! °C~!) is the melt factor for 21 June, y,;;;, (mm HyO day~! °C~1)

is the melt factor for 21 December, and p denotes the number of days in a year. The model
divides any sub-basin into several elevation zones [71].
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T =

Jia—1 —min
sin™ (r,

3.4. Model Modifications: Accumulated Temperature and Differentiation of Snowfall and Rainfall

Previous studies, such as [66-69], revealed that the accumulated temperature can only
affect the form of precipitation and the determination of snow melting when the minimum
air temperature is above 0 °C. The melt factor is calculated using the following equation:

T= (Tmax - Tmin) sint+T,,;,0 <t<m 8

T denotes the temperature at any given time of day; Tyax and Ty, are the highest
and lowest temperatures ever recorded in a single day, respectively; and t is the value of
the arc in a single moment. The equation used to calculate the accumulated temperature
when the maximum daily air temperature is greater than 0 °C and the minimum daily air
temperature is less than 0 °C is as follows:

Jo (Timax = Tyin) sint+Tpindu, u € (0, 77)

in
) . . _T, . . T, . 9
T min Ty sinudu, u € ( sin~ ! <7T Loy )), T — sin~! (7“”" ) ©)

) max— Tmin Tax—Tmin

Csin=1 (o Tm
Tsin <Tmax*

1ax —Tipin

The sin~! (@) and 77 —sin~! (M) represent Radian values when the

max — Lin Tinax—Tmin

temperature is 0 °C. The determination of precipitation type and snowmelt calculations are
primarily based on the maximum temperature on a given day, the average temperature on
that same day, and the set threshold value, while neglecting the accumulated temperature as
an important factor affecting both the precipitation type and the snowmelt process [72,73].

Our modified method of snow melting is mentioned in segments (for the original
model, see Figure 2). The modifications were added to distinguish between snow and
rain. The modified model requires spatial and weather data, and the types of precipitation
are determined by applying accumulated and maximum temperatures to HRUs. If the
temperature requirement for rainfall is reached, the precipitation is classed as rainfall, and
the contribution of rainfall to river flow is estimated using processes from the original
model. Snow can melt when accumulated and maximum temperatures fulfill the prescribed
conditions at the same time. The snow pack is formed when there is no release of snowfall
and snowfall accumulates. If the type of precipitation is found to be snowfall, snowfall
is added to the snow pack. When snow-melting conditions are satisfied, the amount of
snow melting and its contribution to river runoff are both measured at the same time;
otherwise, there is no snowmelt. In other words, the degree-day factor has been corrected,
as snowmelt conditions are calculated by adding accumulated and maximum temperatures,
and the model was also improved by making it ignore non-melt periods.

3.5. Comparison of Snow Pack Area and Temperature for the Selected Catchments

Analysis of the temperatures (maximum/accumulated) and remotely sensed snow
packing of A and B catchments in 2015 was conducted (Figure 3). The eight-day range was
the time taken for the snow pack measurements. The two arrows in Figure 3 indicate how
the snow area’s turning points change throughout the year. For catchments A and B, the
snow pack areas at the turning points from left to right were 1853.68 and 1200 km? and
2053.68 and 2164.76 km?, respectively. For A, the first arrow was between May and June.
The snow pack areas of both catchments began to decrease then. The snow-melting process
started at this point denoted by the red arrow while the inflection point, which is the
second turning point, started in early November. As the time between the first arrow (on
the left) and the second arrow (on the right) contained temperatures that fit the conditions
for rainfall, the snow pack obviously decreased, and the precipitation took the form of
rain. When there was precipitation on a given day, the measured temperature conditions
were compared to the values we were given. The daily average values of temperatures
(maximum/accumulated) were used to determine the temperature conditions for snowfall
during this time. Since the snow pack area increased as time approached the right arrow,
for both catchments, snowfall clearly occurred (A and B).
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Figure 3. Relationship between snow pack and temperatures (accumulated and maximum) for
catchments A (A) and B (B) in 2015. The red arrows on catchment A and B represent the 2 inflection
points of the snow area change during the year.

3.6. Calibration and Validation

To improve the model’s simulation accuracy, the optimal parameter set was deter-
mined using parameter calibration. The study period was divided into three sections:
warm-up period (2013-2014), calibration period (2015), and validation period (2016). The
objective function was used to calibrate the simulated daily streamflow based on observa-
tions made at the Balykchy and Tossor stations, depending on the catchment’s location.
The simulated results were evaluated using three statistical coefficients indices: the Nash—
Sutcliffe efficiency (NSE) [74], goodness of fit (R?), and percent bias (PBIAS) [75]. The NSE
is a metric that indicates how well the simulated and measured values match. The result
is acceptable if the NSE value is between 0 and 1. The model’s performance is defined as
“very good”, “good”, “satisfactory”, or “unsatisfactory” [75]. The NSE is calculated using
the following formula:

2
Zinzl (Qobs,i B Qsim,i)

NSE =1 — =S
Z?:l (Qobs,i - Qsim,i)

;—00 < NSE <1 (10)

The correlation between the simulated and measured values is expressed as R2. Ttis
calculated using the following formula:

_ 2?:1 [(Qsim,i - Gsim,i) (Qobs,i - Gobs,i)}z
\/ S (Quimi — Qo) “Ziy (Qubsi — Qo)

The PBIAS value measures the average tendency of the simulated results to be higher
or lower than the observations. The PBIAS is calculated using the following equation:

Z?:l Qsim,i - Z?:] Qubs,f)
Z?:l Qobs,i

R2

(11)

PBIAS = ( (12)

where Qs ; is the measured discharge on the ith day (m3.s1); Qsim,i is the simulated
discharge on the ith day m3-s71y; Qsim,i and Qgp ; are the average simulated and measured
discharges during the simulation period (m3-s~1), respectively; and n is the total number
of daily flow observations.
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4. Results
4.1. Rain and Snow Temperature Differences

Due to the sizes of the watersheds, temperature data from two corresponding sta-
tions could represent the temperature situation of the entire catchment (2153.46 km? and
2254.32 km?). The temperature conditions in relation to rainfall and snowfall for the years
2015-2016 have been measured (Table 1). It is clear that rainfall occurs when ACCT reaches
40.59 or 31.97 °C with a MAXT of 16.18 or 13.095 °C for A and B, respectively. Snowfall
occurs when ACCT is lower than 31.97 or 26.80 °C with a MAXT of 16.93 or 13.1 °C for A
and B, respectively. During snowfall events on catchment A, the ACCT and MAXT cannot
exceed 31.9 and 16.93 °C, respectively, and on catchment B, the ACCT and MAXT cannot
exceed 26.805 and 13.1 °C, respectively. The two catchments experience differences in
temperature conditions. The temperatures were higher in the northern catchment (A) than
in the southern catchment (B). Catchments A and B are located in high mountains, Kungey
Ala-Too and Teskey Ala-Too, at 3798 and 4762 m, respectively [76]. The temperatures
of snowfall in high mountains are lower than those in low mountains [39,77]. From the
Balykchy and Tossor stations, the different precipitation events were corrected. Using prob-
ability statistics for different precipitation type events at the two stations was considered
to indicate the conditions of temperature linked to the precipitation events. Measured
temperature conditions, all precipitation types, and simulated temperature conditions were
compared. For the correct precipitation type, the temperature conditions needed to be
the same. The proportion of the precipitation events that met that condition was used
to show the accuracy. The accuracies were 79.45% and 84% for both catchments, given
measurements from Balykchy and Tossor stations, respectively.

Table 1. The temperature (°C) conditions of rain and snow in the study area. ACC.T means accumulated temperature and
MAX.T means maximum temperature. Balykchy: 42.46 lat, 76.19 long; Tossor: 42.17 lat, 77.44 long.

Location A B
Average Temperature for Rainfall Temperature for Snowfall Temperature for Rainfall Temperature for Snowfall
ACCT MAX.T ACC.T MAX.T ACC.T MAX.T ACC.T MAX.T
2015 39.12 16.42 28.51 14.84 2791 11.94 29.4 12.5
2016 42.06 15.94 35.43 19.02 36.12 14.25 24.21 13.7
Average 40.59 16.18 31.97 16.93 32.01 13.09 26.80 13.1

Sensitivity Analysis

The parameter sensitivity analysis for the original and updated SWAT models in SWAT-
CUP, a SWAT model extension, is summarized in Table 2. SNO_SUB represents initial snow
water content (mm H,O), SNOCOVMX stands for minimum snow water content equal to
100% snow cover (mm), SOL_AWC is the soil evaporation compensation factor, SMFEMX
means melt factor for snow on June 21 (mm H,O/°C-day), and ESCO stands for the soil
evaporation compensation factor. When comparing the performance of the model before
and after adjustment, the model was found to be less effective before adjustment. The
original model’s p-values for catchments A and B were 0.03-0.85 and 0.81-0.08, respectively.
The updated model’s p-values were 0.57-0.95 and 0.51-0.96, respectively.

Table 2. Parameter sensitivity analysis of the model for the chosen catchments.

A B
Before Modification After Modification Before Modification After Modification
No Parameter T-Test -Value Parameter T-Test  p-Value Parameter T-Test  p-Value Parameter T-Test  p-Value
1 SMTMP 0.05 0.85 SMTMP 0.04 0.95 SNO_SUB 0.24 0.81 SMTMP_accu 0.04 0.96
2 SNO_SUB —0.08 0.81 TLAPS 0.04 0.94 SMTMP —0.68 0.79 TLAPS 0.04 0.94
3 TLAPS —0.32 0.75 SMTMP _accu —0.1 0.90 SFTMP —0.33 071 SFTMP_accu -0.1 0.92
4 SNOCOVMX —0.34 0.69 SFTMP_accu 0.14 0.89 SMFEMX —0.44 0.69 SNO_SUB —0.15 0.87
5 SFTMP —0.37 0.61 SFTMP 0.20 0.85 TLAPS —0.47 0.61 PLAPS 0.20 0.86
6 SMFMX 0.50 0.59 SNO_SUB 0.24 0.80 SOL_AWC 0.48 0.58 SFTMP 0.24 0.81
7 PLAPS —0.49 0.57 PLAPS 0.33 0.75 PLAPS —0.58 0.57 SMTMP 0.33 0.79
8 SOL_AWC 0.83 0.41 SNOCOVMX 0.60 0.63 SNOCOVMX 0.61 0.40 SNOCOVMX 0. 0.71
9 ESCO 2.78 0.39 SMFMX 0.68 0.60 SMFMX 1.58 0.29 SMFMX 0.75 0.69
10 SMFMN -0.79 0.03 SMFMN 0.77 0.57 SMFMN —0.80 0.08 SMFMN 0.80 0.51
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4.2. Best Parameter Set

The parameters adjusted in the snow-melting route were analyzed (Table 3). The
ACCT thresholds for rainfall during model calibration (in 2015) were 39.12 and 27.91 °C
for A and B, respectively. The ACCT thresholds for snowmelt were 28.51 and 29.4 °C for
A and B, respectively. The parameters were set to different values during the calibration
process. Some parameters, such as groundwater and soil, were omitted because they
played a minor role in model calibration. The temperature of snow melting was one of the
most important parameters.

Table 3. List of important parameters adjusted during calibration.

CB CA

Parameter Description Unit CV(A) CV(B) CV(A) CV(B)
Snowfall temperature (SFTMP) °C 3.67 4.5 3.89 4.68
Snowfall (SFTMP_accu) °C 31.97 25.6 31.8 25.5
Snowmelt base temperature (SMTMP) °C 242 3.8 2.69 3.89
Snowmelt base (SMTMP_accu) °C 28.51 29.4 28.39 28.9
Melt factor for snow on 21 June (SMFMX) mmH,O0/°C-day 6.87 2.93 6.81 2.83
Melt factor for snow on 21 Dec