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Abstract
Climate change has greatly impacted hydrological regimes of lakes in sub-trophic and trophic areas. The uncertainties surrounding conventional future
hydrological simulation methods with Coupled Model Intercomparison Project phase (CMIP) climate models have long been debated. However, it is crucial to
obtain an accurate assessment result to help with better decision-making. In this study, we used the Lake Dianchi Basin (LDB) as a case study to demonstrate
the use of a sub-catchment scale integrated model framework to obtain detailed hydrological simulation results and a comprehensive impact assessment of
climate change on hydrological regimes. The results showed that 1) For the sub trophic lake basin LDB, its hydrological regimes are signi�cantly impacted by
climate change. Precipitation change impacted greater than air temperature change. 2) The 19 hydrological indicators showed large variations among the 18
climate scenarios. Precipitation impacted much greater than air temperature, and wet season might be impacted more by climate change. Climate change
might impact more on 1/3/7-day minimums/maximums than 30/90-day minimums/maximums. 3) Enormous ecological and socio-economic risk for the LDB
were indicated as its hydrologic regime is vulnerable to climate change. Among all six sub-catchments, Sub_06, characterized by a hilly landscape, would be
impacted the most by climate change. 4) This study showed that, in regions with complex climatic conditions and topography, it is necessary to simulate
hydrological states at the sub-catchment scale and differences of responses of each indicator to climate change should be fully considered. 

1. Introduction
Climate change affects the hydrological cycle by changing the amount of precipitation, amount of extreme precipitation events, air temperature, and other
meteorological factors (Grafton et al. 2013; Stocker and Raible 2005). The �fth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change
(IPCC) clari�ed that anthropogenic greenhouse gases caused the increase of recent global surface temperatures (IPCC 2014), and with this increase, the risk
of extreme precipitation and extreme heat will increase sharply (IPCC 2012). The increasing intensity and frequency of extreme precipitation and extreme heat
have resulted in the frequent occurrence of �oods and droughts in some areas (Alexander et al. 2006; Min et al. 2011). Climate change has been proven to
impact global hydrological regimes and water resources, and it will impose additional pressures in speci�c regions (Arnell 1999). Air temperatures and
precipitation of inland high elevation areas are more susceptible to climate change than offshore low elevation areas, thus lead to their hydrological regimes
are more vulnerable to climate change. (Snyder et al. 2003; Zhong et al. 2018). Lake Dianchi Basin (LDB) is a typical inland sub-trophic lake basin located in
Yunnan-Guizhou Plateau of southwest China. It is densely populated and highly urbanized. Although its water resources are relatively abundant, the area’s
unevenly distributed precipitation and low per capital water availability cause the basin to experience seasonal �ash �oods and water scarcity. Thus, it is an
ongoing challenge for the local government to reasonably allocate and e�ciently utilize water resources.

A former study used HadCM3 climate model and Soil and Water Assessment Tool (SWAT) to investigate hydrological response to climate change of the LDB
has indicated the great risk of runoff loss(Zhou et al. 2015a). However, the monotonous outputs of the HadCM3 climate model failed to capture the local
climate characteristics and change possibilities of the LDB. since the spatial resolution were too coarse and the model only consider of precipitation decrease.

Accurate predictions of future water resource changes within the context of climate change are fundamental for scienti�c decision-making and reasonable
stratagems. It required accurate climate scenarios to describe the local climate characteristics, precise hydrological models to simulate the hydrological
regimes, and comprehensive indicators to conduct impact assessments. Massive studies have predicted and assessed the impact of climate change on
hydrological regimes and water resources at different scales worldwide. However, such impact differed depending on climate models, regions, and selected
indicators within current studies. A global scale study that employed 21 Coupled Model Intercomparison Project Phase 3 (CMIP3) climate models showed the
runoff varied among regions (Arnell and Gosling 2013). Several recent studies that employed CMIP climate models have also shown regional variations
(Schneider et al. 2013; Zhong et al. 2018; Zulka�i et al. 2016). The variations at the watershed scale are even greater (Alsa� and Sarukkalige 2018; Music et al.
2015; Yang et al. 2019), and few studies have focused on variations at the sub-watershed scale, which might be critical for areas with a highly spatially
heterogeneous climate like the LDB.

When conducting hydrological impact and water resource risk assessments, different studies have applied separate indicators of preference. Indicators to
assess impact and risk usually are categorized into two groups: interannual and seasonal indicators for evaluating overall changes, and extreme indicators for
evaluating extreme hydrological events. These indicators are commonly used to either assess overall water resource changes or extreme hydrological risks
(�oods or droughts) (Asadieh and Krakauer 2017; Gu et al. 2018; Zhang et al. 2019), and differences among these indicators have been witnessed. Previous
studies have shown the different responses of high and low peak �ows to climate change (Brunner et al. 2019; Hoang et al. 2016), but few studies have
focused on the variation of extremes at different time scales, which indicates multiple ecosystem risks (Richter et al. 1996). The importance of comprehensive
indicators has gained some attention, but research on this subject is still lacking.

Based on physics, chemistry, and biology features, climate models represent the main process for interaction and feedback of various circles in the Earth's
climate system as well as the mathematical equations associated with external forcing (Manabe 2019; Manabe and Wetherald 1967). These models are
widely used in the study of climate change. The most commonly used climate models are the CMIP, including the General Circulation Models (GCMs) and
Regional Climate Models (RCMs), of the IPCC. However, the CMIP5 climate model has a poor simulation accuracy in small watersheds and at the daily scale
(Brown et al. 2015). Even the downscaled and bias-corrected CMIP climate model data cannot accurately describe the spatiotemporal characteristics of local
climate at the watershed scale (Fang et al. 2018; Teng et al. 2012). A coarse spatial and temporal resolution and a lack of �exibility as well as differences in
output results of different climate models (Jin et al. 2018) often lead to uncertainty in hydrological models (Joseph et al. 2018; Tian et al. 2013); this
uncertainty is especially acute in urban areas (Ochoa-Rodriguez et al., 2015).

In general, using CMIP models and selecting appropriate indicators for evaluation at the watershed scale are common methods used to assess the impact of
climate change on hydrological regimes. However, uncertainties of climate models, a lack of comprehensive indicators, and sub-watershed divisions may
complicate efforts of applying simulation results di�cult to decision-making processes and management work. Therefore, a model framework integrated with
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the Better Assessment Science Integrating Point and Nonpoint Sources-Climate Assessment Tool (BASINS-CAT), Hydrological Simulation Program-Fortran
(HSPF), and Indicators for Hydrological Alteration (IHA) was developed in this study to obtain detailed hydrological simulation results. These results were used
to assess the impact of climate change on hydrological regimes and the further risk that may be posed to the LDB.

2. Materials And Methodology

2.1 Study Area
Lake Dianchi (24º29’N–25º28’N, 102º29’E–103º01’E) (Fig. 1) is the largest lake in the Yunnan-Guizhou Plateau, and is the sixth largest freshwater lake in
China. Lake Dianchi Basin is the most populated and urbanized lake basin in the plateau. The lake area is approximately 300 km2, and the watershed covers a
2920 km2 area. There are 29 tributaries that �ow into the LDB. The Yunnan-Guizhou Plateau is located in the high elevation (400–3500 m) area of southwest
China (22º–30ºN, 100º–111ºE). The climate of the Yunnan-Guizhou Plateau is highly heterogeneous attribute to the complex terrain and the subtropical
monsoon climate. A study applied in the Upper Yangtze River basin showed that the plateau is more vulnerable to climate change than the plain regions (Yang
et al. 2019). As the interface of the basins of the Pearl River, the Yangtze River and the Red River, the landform of the LDB is rugged and its precipitation has
considerable spatial heterogeneity (Zhou et al. 2015b).

The climate of the LDB is a northern latitude subtropical plateau mountain monsoon climate. In�uenced by monsoon patterns, the precipitation of the LDB is
relatively abundant but unevenly distributed. There is an obvious dry season (May to October) and wet season (From November to April of the following year),
with approximately 85% of the annual precipitation occurring in the wet season (Gao et al. 2020). Moreover, intensive precipitation and the loss of permeable
surfaces caused by continued urbanization cause this basin and Kunming City (where the LDB is located) to experience severe �ash �ooding in the wet
season. These similar �oods have occurred in several highly urbanized Chinese cities like Kunming in recent decades. Despite the rich water resources in Lake
Dianchi, the LDB’s large population and high socio-economic development rate posed severe water scarcity risks in the dry season. To address this problem,
the local government has constructed more than 30 reservoirs to store water, and since 2013, a cross-basin water diversion project was implemented to supply
5.72×108 m3 water for the LDB and Kunming City (Zhang and Wu 2020). The outlet Xianyuan Tunnel (built in 1996) and Haikou Brake (built in 1964) of the
Haikou River were constructed to regulate the water level of Lake Dianchi to prevent �ooding in the wet season and to preserve water in the dry season.

The geomorphology of the LDB has high spatial heterogeneity, as its elevation ranges from 1880 to 2837 m. Relatively �at areas are located on the northern,
southern, and eastern lake shores, whereas the western lake shore is surrounded by the Xishan Mountains (Fig. 1). The urban area is concentrated along the
northern and northeastern lake shores, whereas most of the crop lands are concentrated along the eastern and southeastern shores (Table 1). Based on the
digital elevation model (DEM), land use-land cover (LULC) data, and the tributaries characteristics, the LDB was divided into six sub-catchments. Sub_01 and
Sub_02 are developed urban areas, Sub_03, Sub_04 and Sub_05 are in a state of pending development, where croplands are converted to wetlands and
construction land, and Sub_06 covers the area of the Xishan Mountains.
Table 1. Elevation and LULC information for each sub-catchment and LDB.

Sub-Catchment Elevation

(m)

Area of each land use (km2)

Total Cropland Forest Pasture Water Urban

Sub_01 1880–2492 166.3 27.8 42.7 23.7 5.3 66.8

Sub_02 1884–2837 1155.1 245.9 544.2 161.2 14.0 189.7

Sub_03 1885–2344 164.1 45.2 49.9 22.3 2.1 44.6

Sub_04 1885–2643 798.3 239.5 290.0 202.3 13.8 52.7

Sub_05 1885–2014 234.3 81.8 70.2 50.4 6.2 25.5

Sub_06 1885–2431 60.0 11.6 21.2 22.6 2.0 2.6

LDB 1880–2837 2578.0 651.9 1018.2 482.6 43.5 381.9

2.2 Hydrological modeling Framework at the sub-catchment scale
The structure of the model procedure in this study is shown in Fig. 2. First, BASINS-CAT was employed to synthesize localized climate change scenarios
according to 27 historical climate time series and the IPCC 2015 and 2018 indicators. The HSPF was subsequently chosen to run the hydrological simulation
to obtain daily runoff of the LDB. Finally, 16 extreme hydrological indicators calculated by the IHA and average annual and seasonal runoff were used to
assess the impact of climate change on hydrological regimes and the further risks to the basin.

BASINS - CAT is based on the U.S. Environmental Protection Agency (EPA) BASINS4.0 version released in 2007, and it evaluates climate change through
impact assessments to more effectively serve environmental management and decision-making (EPA 2009). When integrated with HSPF, the Soil and Water
Assessment Tool (SWAT), and Storm Water Management Model (SWMM), BASINS-CAT can modify watershed or sub-catchment scale climate change
scenarios to further simulate runoff and water quality. Speci�cally, BASINS-CAT provides �exible capabilities for creating climate change scenarios, allowing
users to quickly assess a wide range of “what if” questions about how weather and climate could affect speci�c systems (EPA 2009).

HSPF, as one of the best semi-distributed hydrology and water quality models, has been applied in hundreds of studies. The HSPF was �rst developed based
on the Stanford Watershed Model, and then integrated via BASINS of the EPA. The HSPF model adopts a top-down structural modeling approach to
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modularize hydrology and water quality processes. Each module simulates a speci�c watershed process, and each module forms an input and output
relationship with the other. The structure of HSPF include three calculation modules: pervious land segments (PERLND), impervious land segments (IMPLND),
and reach or mixed reservoir segments (RCHRES), which can simulate runoff, sediment, and nutrients at an hourly time step. The main characteristic of
PERLND is that it has a certain water seepage capacity. In the HSPF model, except for construction land, the rest of the land use types belong to this land type.
IMPLND is an important feature module of the HSPF model, which mainly simulates the water balance and the relationship between pollutant accumulation
and scour on impermeable ground in a built-up area. The capability to simulate PERLND and IMPLND is the most important reason for choosing the HSPF
model in this study. The automatic calibration technique Model-Independent Parameter Estimation & Uncertainty Analysis (PEST) was applied to calibrate and
validate the HSPF model. Since Zhonghe is the only hydrological station with su�cient observed data, we use it to calibrate and validate the HSPF model.
Parameters calibrated and validated with Zhonghe station (sub_02) were then transferred to all the sub catchments(Gao et al. 2015). Zhonghe Station is
located in upstream area of LDB (Fig. 1), with low human in�uence and few water conservancy facilities, we considered it is appropriate to calibrate
parameters for the basin.

2.3 Localized Climate Change Scenarios
To study the impacts of temperature and precipitation changes on the hydrological regime of the LDB, comparison scenarios for temperature increases
(S_1.1–1.3) and precipitation increases (S_2.1–2.3) were �rst adopted. The AR5 (IPCC 2014) of IPCC addressed that the global mean surface temperature
may increase by 1.0–2.0℃ until 2065 and may increase by 1.0–3.7℃ until 2100 in RCP.2.6 and RCP 8.5, respectively. The special report of IPCC (Global
Warming of 1.5℃) suggested to limit the increase of global mean surface temperature at 1.5℃ by middle of the 21st century (IPCC 2018). Therefore, air
temperature in this study was set to increase by 1.0, 1.5, and 2.0 ℃ for S_1.1, 1.2, and 1.3, respectively. IPCC also noted that an increase in air temperature
would couple with an increase in the rainfall rate in sub-tropical and tropical regions (IPCC 2012); hence, it is of great importance to consider potential
precipitation increases. The rainfall increasing rate coupled with the air temperature increase is unclear for the LDB. However, studying accurate responses of
hydrological regimes to quanti�ed climate change possibilities is one of the goals of this study. Hence, we set the total precipitation and extreme precipitation
to increase by 10%, 15%, and 20% relative to the air temperature. Because 85% of the total precipitation occurs in the wet season, the precipitation change in
the wet season was incorporated, which addressed the state of extreme precipitation.

The study included six main scenarios and 16 sub-scenarios (Table 2). S_0.0 is the historical comparison scenario with no modi�cation of any meteorological
variable. S_1.1–1.3, S_2.1–2.3, S_3.1–3.3 denote modi�cations to the air temperature, total precipitation, and extreme precipitation, respectively. S_4.1–4.3
represented modi�cations of both air temperature and total precipitation, and S_5.1–5.3 represented modi�cations of both air temperature and extreme
precipitation. The historical precipitation data from 27 national meteorological stations were matched to each sub-catchment for 1988–2018. Each sub-
catchment was matched with the stations located within or adjacent to the sub-catchment. If there was more than one station in the sub-catchment, an
average value was used to represent the precipitation of the sub-catchment. Four meteorological stations gauged the air temperature; among them, data
recorded by Kunming station was complete, hence, air temperature data from this station were utilized for the entire basin. Hamon evapotranspiration
calculated by the Watershed Data Management Utility (WDMUtil) was used in the LDB.

Table 2

Sub-Catchment Elevation

(m)

Area of each land use (km2)

Total Cropland Forest Pasture Water Urban

Sub_01 1880–2492 166.3 27.8 42.7 23.7 5.3 66.8

Sub_02 1884–2837 1155.1 245.9 544.2 161.2 14.0 189.7

Sub_03 1885–2344 164.1 45.2 49.9 22.3 2.1 44.6

Sub_04 1885–2643 798.3 239.5 290.0 202.3 13.8 52.7

Sub_05 1885–2014 234.3 81.8 70.2 50.4 6.2 25.5

Sub_06 1885–2431 60.0 11.6 21.2 22.6 2.0 2.6

LDB 1880–2837 2578.0 651.9 1018.2 482.6 43.5 381.9

Modi�cations to air temperature, total precipitation, extreme precipitation for all 16 scenarios.

2.4 Indicators for Hydrological Regime Alteration
Indicators for Hydrological Alteration (IHA) were developed (Richter et al. 1996) for assessing the degree of hydrological alteration attributable to human
in�uence. The Nature Conservancy (TNC) developed the IHA as a software for users to easily calculate characteristics of natural and altered hydrologic
regimes. In this study, the IHA version 7 was applied to calculate hydrological regimes and hydrological extremes of both the LDB and each sub-catchment.
The IHA is capable of calculating a total of 67 statistical parameters. These 67 parameters include 33 IHA parameters and 34 environmental �ow component
(EFC) parameters. Ten parameters of group 2 (extreme water conditions) were selected as indicators for extreme hydrological events. The group 2 parameters
explained the magnitudes and duration of annual extreme water conditions, which represented a habitat’s water situation in terms of both aquatic and
terrestrial ecosystems. The high/low pulse threshold, count, and duration of parameter group 4 were selected to state the change and magnitude of the
high/low �ow. The high and low pulse dates of group 4 were not included because the change rates of both were below 10%. In addition, the mean annual
�ow (mean �ow in IHA), mean dry season �ow, and mean wet season �ow were calculated to analyze the changes in the annual and seasonal hydrological
regime (Table 3).
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Table 3

Explanation Scenarios Air Temperature

(℃)

Precipitation

(%)

Extreme Precipitation

(%)

Historic Data of 1988–2018 S_0.0 0 0 /

Temperature change comparison scenarios S_1.1 1.0 / /

S_1.2 1.5 / /

S_1.3 2.0 / /

Precipitation change comparison scenarios S_2.1 / 10 /

S_2.2 / 15 /

S_2.3 / 20 /

Extreme precipitation change

comparison scenarios

S_3.1 / / 10

S_3.2 / / 15

S_3.3 / / 20

Temperature and precipitation change comparison scenarios S_4.1 1.0 10 /

S_4.2 1.5 15 /

S_4.3 2.0 20 /

Temperature and extreme precipitation change comparison scenarios S_5.1 1.0 / 10

S_5.2 1.5 / 15

S_5.3 2.0 / 20

The 19 Indicators Used to Analyze Hydrological Regime and Extremes.

3. Results

3.1 Hydrological Parameter Calibration
Observed daily runoff data from Zhonghe National Hydrological Station were used to calibrate the hydrological parameters of HSPF. The model was
calibrated from 2000 to 2009 and validated from 2010 to 2018 with the year of 1999 to be the warm-up period. The Nash-Sutcliffe e�ciency coe�cient (NSE),
determination coe�cient (R2) and relative error (RE) of the calibration period were 0.71, 0.71, -and 4.8% respectively, which indicated a close match between
the simulated and observed data. The NSE, R2, and RE were slightly lower (0.76, 0.83, 19.7% respectively) throughout the validation period, but showed values
of 0.72, 0.71, 1.2% respectively through the whole period (1999–2018); thus, we consider the parameter calibration result as highly acceptable. The proposed
model demonstrated an acceptable performance in simulating extremely high values during both the calibration and validation period (Fig. 3). However, it
occasionally overestimated peak �ows during the validation period but underestimated them during the calibration period.

3.2 Climate change on annual and seasonal runoff to Lake Dianchi

3.2.1 Annual Change
Under S_0.0, from 1989–2018, the mean annual runoff (MAR) into Lake Dianchi was 9.24×108 m3/a. For the air temperature scenarios (S_1), the most
signi�cant decrease happened under S_1.1, the MAR would decrease to 7.70×108 m3/a (16.68%), however under S_1.3, it would only decrease by 22.04%
(Fig. 4a). For the total precipitation scenarios (S_2), the MAR consistently increased. Under S_2.1, the MAR would increase to 11.19×108 m3/a (21.12%), and
would further increase to 13.22×108 m3/a (41.93%) under S_2.3. For the extreme precipitation scenarios (S_3), the MAR also consistently increased. Under
S_3.1 and S_3.3, the MAR would increase by 19.03% and 38.49%, respectively. For the compound scenarios (S_4, S_5), the MAR of the LDB would remain
increase. The MAR will increase by 4.13 ~ 16.94% under S_4.1 ~ 4.3, respectively, and they would increase by 0.80%, 5.11%, 12.69% under S_5.1, S_5.2, and
S_5.3, respectively.

3.2.2 Seasonal change
Under S_0.0, the mean dry season runoff (MDR) was 2.38×108 m3/a and mean wet season runoff (MWR) was 6.86×108 m3/a respectively. Single change in
air temperature or precipitation impacted more on MWR. Under S_1 increase of MWR is about 1.5 times of the MDR, and under S_2 and S_3 increase of MWR
is about 1.6 times of the MDR. For the compound scenarios, both the MDR and MWR increased. However, only when under S_4.1 and S_4.2, the increase of
MDR is larger than that of the MER, otherwise, increase of the MDR is smaller than that of the MER.

3.3 Climate change impact on hydrological extremes of the LDB
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Under S_1, all 16 indicators except for the low pulse count and high pulse count decreased from 6.03–37.21% (Fig. 5). The 1-day minimum runoff decreased
most (37.21%, S_1.3) and

the decrease in the minimums (17.4–37.21%) was almost twice that of the maximums (14.01–23.19%). The 1-, 3-, and 7-day minimums (average 32.52%)
decreased more than the 30- and 90-day minimums (average 23.9%), whereas the 1-, 3-, and 7-day maximums (average 16.81%) decreased less than the 30-
the 90-day minimums (average 20.34%).

Under S_2 and S_3, all indicators except for the low pulse count, high pulse count and high pulse duration increased (17.27–55.26% for S_2, 7.36–53.46% for
S_3). Under S_2, the increase of the maximums (25.61–55.26%) was greater than that of the minimums (17.27–41.23%), and under S_3, the increase of the
maximums (24.67–53.46%) was even greater than that of the minimums (7.36–21.92%). The impacts of air temperature and precipitation changes showed
inverse results to the low and high pulse thresholds.

Under compound scenarios changes of each indicator showed different trends compared with the former scenarios. Under S_4, all the maximums increased
by up to 28.68%. The 1-, 3-, and 7-day minimums decreased from 1.69–8.9%, and only when total precipitation increased up to 20% (S_4.3) did they increase.
For the 30- and 90-day minimums, most of the results increased once total precipitation increased. Under S_5, all the minimums decreased from − 2.99% to
-17.18%, and all the maximums increased from 3.27–27.44%.

3.4 Spatial characteristics of Hydrological Regime and Extremes
To comprehensively evaluate the variation among each sub-catchment, we used average value of the change percentage of each index under each scenario to
express the total change. The high/low pulse counts were not included as they did not show substantial changes (Fig. 5).

Sub-catchment 06 was distinguished from the other �ve sub-catchments, as all of the former’s 16 indicators proved to have a higher rate of change (from
70.07–80.26%) than the others (-7.93–22.22%) (Table 4). The other �ve sub-catchments showed a small variation ( |coe�cient of variation[CV]| 0.1) for
almost all the indicators except for the low pulse threshold (CV = 1.46), low pulse duration (CV= -0.85), high pulse duration (CV = 36.17), 1-day minimum (CV = 
0.77), 3-day minimum (CV = 0.77), 9-day minimum (CV = 0.7), and 30-day minimum (CV = 0.19).

Table 4

Indicators Statistics Explanations

IHA Group 2

(10 indicators)

Annual maxima/minima 1-, 3-, 7-, 30-, 90-day mean. Magnitude and duration of annual extreme water
conditions.

IHA Group 4

(6 indicators)

Number of low/high pulses within each

water year.

Mean duration of low/high

pulses (days).

Frequency and duration of high and low �ow.

Mean annual �ow/runoff Average of annual daily �ow. Annual and seasonal �ow/runoff states.

Mean dry season
�ow/runoff

Average of annual daily �ow/runoff from November to April of the
next year.

Mean wet season
�ow/runoff

Average of annual daily �ow/runoff from May to October.

Average change percentage (%) for 18 indicators of the six sub-catchments under S_1.1-S_5.3 relative to S_0.0.

For all six sub-catchments, changes of the MAR, MDR, MWR varied considerably among the sub-catchments and scenarios (Fig. 6c). The MDR varied by much
more (CV = 7.37) among the sub-catchments than the MAR (Fig. 5a, CV = 0.07) and MWR (Fig. 5b, CV = 0.41). Under S_1, the MAR, MDR and MWR of all the six
sub-catchments decreased (2.16–45.18%). Under S_2-S_5 only the MDR of Sub_06 signi�cantly decreased (26.77%-41.14%), whereas the others increased by
up to 63.83%. For the MAR, Sub_06 increased the most under S_4 (9.63–18.52%) and S_5 (7.41–18.52%). For MDR, Sub_06 decreased the most (-42.9 –
-45.18%) under S_1 and it continued to decrease under all scenarios. For the MWR, Sub_06 decreased the least under S_1 (2.16–8.25%) and increased the
most under S_2-S_5 (18.86–63.83%).

Although Sub_06 had the greatest variation, variations in the other �ve sub-catchments occurred (Fig. 7). Under S_1, the 1-, 3-, and 7-day minimum runoff of
Sub_04 decreased the least (-23.64 – -32.43%). The minimum runoff rates of Sub_03 increased the most (32.43–81.08%) under S_2, and the minimum runoff
rates of Sub_02 increased the most under S_2 (15.97 = 31.65%). Under S_4, the minimum runoff rates of Sub_05 increased the most (0 = 15.38%). All the
minimums decreased under S_5. Among them, the 1- and 3-day minimum runoff rates of Sub_04 decreased the least (-9.7 – -11.52% and − 8.11 – -11.07%,
respectively), and the 7-day minimum runoff of Sub_01 decreased the least (-7.5 – -1.34%).

4. Discussion

4.1 Temporal responses of hydrological regimes to climate change
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Great variations of MAR proved to be a consequence of local climate characteristics, which are driven by monsoon precipitation that varies considerably on an
annual basis. Like some other areas(Labriola et al. 2020), runoff of the LDB proved to be more sensitive to precipitation, as runoff changes caused by
precipitation changes were almost twice those resulting from air temperature changes. The runoff change response to total precipitation change seemed to be
linear, unlike the response to air temperature. When precipitation increased from 10–20%, the increase in runoff subsequently doubled; when air temperature
was raised by 2℃ rather than 1℃, the decrease in average annual runoff was not doubled, and most impacts of the air temperature increase happened within
1℃. It is common knowledge that climate change has the largest impacts on tropical, sub-tropical, and monsoon regions (Maberly et al. 2020). Climate
change impacts on runoff of the LDB were much greater than in middle latitude and low elevation areas. For instance, under the HadGEM1-TRIP A1B and A2
scenarios, the mean global river �ow would increase from 4–8% (Falloon and Betts 2006), and in the Heihe River Basin of northwest China, a 2.0℃ increase in
air temperature is projected to decrease runoff by 2.0%, and a 10% increase in precipitation is projected to increase runoff by 5.6% (Li et al. 2020).

When considering an air temperature increase with total precipitation (S_4.1–4.3) or an extreme precipitation increase (S5.1–5.3), we found that once the
precipitation increased, both the mean annual and dry and wet season runoff would subsequently increase. This means that runoff losses caused by air
temperature increases can be compensated for (the same level under S_0.0) by precipitation increases at the annual and seasonal scales.

Runoff changes in the dry and wet seasons seemed to have similar trends, but there were differences in their change amplitudes (Fig. 3b, 5c). For example, an
increase in extreme precipitation would cause the runoff rate to increase in the wet season by twice as much as that of the dry season. The dry season
showed lower losses in runoff (S _1), whereas the wet season obtains more (S_2 and S_3) makes the runoff increase of the dry season is larger than the wet
season when both air temperature and total precipitation increased (S_4). It can be bene�t for dry season, however, if consider of hydrological extremes and
�ood risk, it can be concering.

The annual and seasonal runoff changes indicated that runoff loss caused by air temperature raise can be compensated for by both total and extreme
precipitation increases. However, the hydrological extremes did not show similar results. The 1-, 3-, 7-day minimums were compensated for (the same level
under S_0.0) only when the total precipitation increased up to 20% (S_4.3) as it maintained decrease. Most of the 30- and 90-day minimums increased once
the total precipitation increased. However, all minimums decreased only if the extreme precipitation increased. Therefore, the minimum �ow loss caused by
the air temperature increase was not compensated for by extreme precipitation. Several studies have applied Indicators of Hydrological Alteration in Rivers
(IAHRIS) to address the river �ow alterations demonstrated by the variation among maximum (�ood) and minimum (drought) extreme values (Arévalo-Mejía et
al. 2020; López-Ballesteros et al. 2020). However, the different responses of extreme �ows on different time scales were not revealed. In this study, 1-, 3-, 7, 30,
and 90-day maximum and minimum high/low �ow magnitudes and durations were calculated via the IHA, and the complicated responses of these indicators
to climate change were revealed. In general, for the LDB, on the annual and seasonal scale, runoff losses caused by an air temperature raise could be
compensated for by a precipitation increase. However, 1-, 3-, and 7-day minimum runoff rates reduced by air temperature increases could not be compensated
for by a precipitation increase, which indicated a great ecological risk to aquatic ecosystems because low �ows can critically shape habitats for aquatic
organisms (Humphries and Baldwin 2003; Lake 2003).

4.2 Spatial responds of hydrological regime to climate change
The sub-catchment scale runoff changes showed great variation, and among them, the runoff of Sub_06 was impacted most by climate change. In addition to
Sub_06, the other �ve sub-basins also showed great variation for extreme hydrological indicators. This was especially true for the low pulse duration and the
1-, 3-, and 7- day minimum runoff.

We identi�ed Sub_06 as the most impacted sub-catchment with the highest stress risk posed by climate change. Under S_01, the mean annual and wet
season runoff of Sub_06 decreased the least. However, its MDR decreased most. Under S_4 and S_5, the mean annual and wet season runoff of Sub_06
increased most, however, its MDR decreased the most whereas for the other �ve sub-catchments, the mean dry season �ows all increased. Because the
hydrological responses to climate change, topography, and land use proved to be complicated and the mechanisms behind them remain unclear, we have
assumed that the high variation of Sub_06 may be attributed to its unique topography. The DEM showed that the terrain of Sub_06 is more rugged other areas,
as its elevation ranged 546 m within an area of 60 km2. Additionally, Sub_6 contained the lowest construction land (0.7%), and 92.3% of its land was covered
by vegetation (crop land 34.9%, forest 35.3%, and grass land 37.6%). In addition, the western mountains that surround Sub_06 comprise the only existing
primeval forest in the Dianchi Basin. This represents the natural vegetation community and succession process of the area, which has a high biodiversity
conservation value and has been identi�ed as a nature reserve by the local government.

Several studies have demonstrated the spatial heterogeneity of hydrological responses to climate change at a detailed spatial scale (catchment scale) as
attributed to local climate, topography, and land use characteristics. A study divided Mexico into 1150 catchments and showed demonstrable differences in
the hydrological alterations between catchments as attributed to their varying topography and land uses (Arévalo-Mejía et al. 2020). Another study applied in
the Elbow River watershed of the Rocky Mountains showed that the area’s complex climate patterns were mainly driven by the impact degree of climate
change on sub-catchment scale hydrological responses (Farjad et al. 2016).

The results of this study showed the necessity to conduct sub-catchment scale hydrological modeling in the LDB. A study applied in a reservoir-regulated
basin of Lake Poyang noted that an increase in reservoir storage can be used to offset extreme climate and hydrological events, whereas reservoir capacity
distribution and location are of great importance (Dong et al. 2020). If simulations are only performed at the watershed scale, risk differences among sub-
catchments cannot be identi�ed. Moreover, detailed and speci�ed information cannot be obtained, which may eventually lead to mistakes in future water use
decisions and wasted investments.

4.3 Study Limitation
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Instead of predicting future climate change and simulating watershed scale hydrological responses, this study explored the quanti�ed, detailed responses of
the hydrological regime of the LDB to climate change. Hence, CMIP climate models were excluded to reduce climate-based uncertainties. Although we
processed su�cient scenarios that totally represented the climate special characteristics of the LDB, these could only be used for a quantitative assessment,
not predictions. Most of the meteorological stations in the LDB were built after the 1980s, and we could only obtain complete precipitation observation data
for 31 years at most. A standard document issued by Chinese Meteorological Administration recommended the use of 30 years as a period for climate
studies. Within 1988–2018, extreme hydrological events such as the great �ood of 1988 and the drought of 2010 were recorded; hence, the study period was
representative. However, if more meteorological data could be obtained, the precipitation of the LDB could be described more accurately. The LDB is located in
a high elevation subtropical area, and our study provided a regional reference for global climate impact assessments. However, the results shown in this study
might be different from those based on lakes located in temperate and frigid areas, especially those with a frozen period and snowmelt supply. Therefore,
more comprehensive impact assessments of different plateau lake types are needed.

5. Conclusions
The major conclusions of this study are summarized as follows:

1) For the sub trophic lake basin LDB, its hydrological regimes are signi�cantly impacted by climate change, and precipitation change impacted greater than
air temperature change.

2) The 19 hydrological indicators showed large variations among the 18 climate scenarios. Precipitation impacted much greater than air temperature, and wet
season might be impacted more by climate change. Climate change might impact more on 1/3/7-day minimums/maximums than 30/90-day
minimums/maximums. Besides, at the annual and seasonal scales, runoff losses caused by air temperature increases can be compensated for by
precipitation increases. However, air temperature-related reductions to the 1-, 3-, 7-day minimum runoff rates could not be compensated for by a precipitation
increase.

3) Enormous ecological and socio-economic risk for the LDB were indicated as its hydrologic regime is vulnerable to climate change. The response of each
sub-catchment to climate change was demonstrably different. Among all six sub-catchments, Sub_06, characterized by a hilly landscape, would be impacted
the most by climate change.

4) Taking the LDB as a case study, this research demonstrates that, in regions with complex climatic conditions and topography, it is necessary to simulate
hydrological states at the sub-catchment scale and differences of responses of each indicator to climate change should be fully considered.
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Figures

Figure 1

Land use-land cover (LULC) data, Digital Elevation Model (DEM), and Sub-catchment delineation of the Lake Dianchi Basin (LDB). Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.
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Figure 2

Schematic diagram of the hydrological modeling framework at the sub-catchment scale.

Figure 3

Model Fitness of Calibrated Hydrological Parameters for Sub-catchment 01.
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Figure 4

Runoff change under all �fteen climate change scenarios relative to the historical scenarios. (a), (b) and (c) are the changes of mean annual runoff (MAR),
mean wet season runoff (MWR), and mean dry season runoff (MDR) respectively.
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Figure 5

Changes of the 16 IHA indicators of the Lake Dianchi Basin under S_1.1-S_5.3 relative to S_0.0.

Figure 6

Changes (%) of MAR (a), MDR (b), and MWR for all the six sub-catchments under S_1.1-S_5.3 relative to S_0.0.
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Figure 7

Changes (%) of 1-day minimum runoff (a), 3-day minimum runoff (b) and 7-day minimum runoff (c), low pulse threshold (d), low pulse duration (e), and high
pulse duration (f) for all six sub-catchments under S_1.1-S_5.3 relative to S_0.0. Only the indicators showed a high variation (|CV|>0.1) among Sub_01-Sub_05
are shown. Because the 1-day minimum and 3-day minimum have the same CV value, only the 1-day minimum is shown.


