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ensemble mean (AEM) and Bayesian model averaging 
(BMA)] attained better results than any individual model. 
Of the two ensemble methods, BMA performed better than 
the AEM. The effects of LUCC on the climate in north-
east China were assessed by the differences between the 
CTL and NE simulations for every RCM and the ensemble 
simulations. The BMA simulations produced more reason-
able results than the other simulations. Based on the results, 
we can state with some confidence that LUCC in northeast 
China over the 20-year period studied caused a decrease in 
temperature, because of an expansion of arable land.

Keywords  Land use/cover change · Regional climate 
model · Multi-model ensemble · Bayesian model averaging

1  Introduction

Land use and land cover change (LUCC) reflects the influ-
ences of human activities on the Earth’s surface. Accord-
ing to a U.S. National Aeronautics and Space Administra-
tion (NASA) report, one-third to one-half of the global 
land surface has been transformed by human development. 
Land use change has significant influences on the environ-
ment, including those on water use (Foley et al. 2005; Tian 
et  al. 2011), aspects of the biogeochemical cycle such as 
carbon dynamics (Tian et al. 2003), and especially the cli-
mate (Kalnay and Cai 2003; Cai and Kalnay 2004). Signifi-
cant changes in land use and land cover alter the physical 
properties of the land surface, such as the surface albedo, 
roughness and the Bowen ratio, which also indirectly alter 
the climate. Many studies have documented the impacts of 
LUCC on the climate (e.g. Avissar and Pielke 1989; Nobre 
et al. 1991; Bounoua et al. 2002; Pielke et al. 2002; Tren-
berth 2004; Pielke 2005). For instance, replacing tropical 

Abstract  Rather than simulating the effects of land use 
and land cover change (LUCC) on the climate using one 
climate model, as in many previous studies, three regional 
climate models (Regional Climate Model, version 3; the 
Weather Research and Forecasting model; and the Regional 
Integrated Environmental Model System) were used in 
the present study to simulate changes in temperature due 
to LUCC. Two experiments (CTL and NE) were designed 
and run using the three regional climate models. The CTL 
experiment was used to compare the simulations of the 
different models and served to illustrate the improvement 
that could be achieved as a result of employing a multi-
model ensemble. The NE experiment was used to evaluate 
the changes in temperature caused by LUCC in northeast 
China between 1981 and 2000. The results of the CTL 
simulations showed that changes in temperature were simu-
lated well by the three regional climate models; however, 
the simulated temperatures were different, dependent on 
the model used. The multi-model ensembles [the arithmetic 
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rainforest with pasture has led to a warmer and drier cli-
mate (Mcguffie et al. 1995; Zhang et al. 1996, 2001), and 
desertification could reduce precipitation (Xue and Shukla 
1993; Xue 1996). These studies illustrate that changes in 
land use and land cover have significant impacts on climate 
change.

The current vegetation of China has been heavily influ-
enced by human activities, due to its long history of agri-
culture and high population. With rapid development in 
China, land use and land cover has experienced great 
change in the 20  years from 1981 to 2000. In particular, 
marked LUCCs have occurred in southern (reforestation 
around the Yangtze River), eastern (forest changed to crop-
land) and central (grassland changed to cropland) China 
(Liu et al. 2002, 2003). The most obvious LUCC in these 
regions has been the transformation of large areas of for-
est and grassland into arable land. Clearly, eastern parts of 
China have experienced substantial LUCC in recent years; 
as a result, this region was selected as the research area in 
the present study.

Regional climate models (RCMs), which are generally 
used to simulate regional climate and its changes (Giorgi 
et al. 1994; Gutowski et al. 2003, 2004, 2010), can also be 
used to simulate the effects of regional land changes on cli-
mate. In fact, the effects of LUCC on the regional climate 
in China have previously been investigated using RCMs, 
based on single-model simulations (Gao et al. 2003; Zhang 
et al. 2005, 2011; Zhang and Gao 2009). However, differ-
ent RCMs produce different results, even when modeling 
the climate of the same region (Déqué et al. 2012; Fu et al. 
2005; Mearns et al. 2012). Thus, there is large uncertainty 
when climate effects are simulated by any one RCM.

It is well known that multi-model ensemble (MME) 
methods can be used to integrate results of different models 
and produce better results than any one individual model; 
many studies have demonstrated that an ensemble of differ-
ent simulations from global climate models produces more 
accurate results than separate single-model outputs (e.g. 
Gates et al. 1999; Kirtman and Min 2009; Weisheimer et al. 
2009; Annan and Hargreaves 2010; Kirtman et  al. 2013). 
Therefore, it is worth investigating whether an ensemble 
of RCMs can produce more accurate results than a single 
RCM when simulating the effects of LUCC on climate.

The most commonly used and conventional MME 
method is the arithmetic ensemble mean (AEM). The 
AEM integrates the simulated values of multiple models 
and reduces the simulated error by offsetting the positive 
and negative biases of different models (Hagedorn et  al. 
2005). However, the errors of the individual models can-
not cancel each other out completely (Reifen and Toumi 
2009). Accordingly, weighted ensemble methods have been 
used to provide better results than the AEM (Zhang and 
Yan 2014). Of these methods, Bayesian model averaging 

(BMA) has been widely used as an effective tool in many 
studies; it has been proven that much better results can be 
obtained using BMA, compared to AEM or any individual 
model (e.g. Duan et al. 2007; Raftery et al. 2005; Sloughter 
et al. 2007).

To the best of our knowledge, there have been no stud-
ies conducted in which the effects of LUCC on climate 
have been examined using a multi-RCM ensemble. There-
fore, the aim of the present reported study was to compare 
the effects of LUCC on the climate in eastern China, as 
simulated by three RCMs, and investigate the possibility 
of improving the results by using a multi-RCM ensemble. 
Within this overall aim, the main goals of the study were 
to (1) compare the climate effects of LUCC simulated by 
different RCMs, and (2) calculate the MME simulations, 
using AEM and BMA, and compare the improvement in 
model simulations when using the MME approaches.

2 � Data and methods

2.1 � Model descriptions

To compare the effects of LUCC on climate, as simulated 
by different RCMs, three RCMs [Regional Climate Model, 
version 3 (RegCM3); the Weather Research and Forecast-
ing (WRF) model; and the Regional Integrated Environ-
mental Model System (RIEMS)] were used in this study. 
Brief descriptions of these models are as follows:

2.1.1 � Regional Climate Model, version 3

RegCM3 (Giorgi et al. 1993a, b; Pal et al. 2007), developed 
by the International Center for Theoretical Physics, is a 
third-generation regional scale climate model, derived from 
the Mesoscale Model, version 5 (MM5), of the National 
Center for Atmospheric Research (NCAR)—Pennsylva-
nia State University (PSU). RegCM3 includes the same 
dynamical core as MM5, the Biosphere–Atmosphere 
Transfer Scheme (BATS) (Dickinson et al. 1993), radiative 
transfer package (Kiehl et  al. 1996), and the Community 
Climate Model, version 3 (CCM3). RegCM3 is a primitive 
equation, sigma vertical coordinate regional climate model. 
Its vertical resolution is 18 levels, with seven levels below 
800 hPa. The documentation and source code of RegCM3 
are available at www.ictp.trieste.it/RegCNET/model.html.

RegCM has performed quite well in simulating regional 
climate change in China (Gao et  al. 2002; Wang et  al. 
2003). Using RegCM, Gao et  al. (2003, 2007) conducted 
a number of investigations into the influence of LUCC on 
the climate of China. They showed that the annual mean 
temperature decreased in northeastern and southern China, 
while it increased in the northwest of China, when the 

http://www.ictp.trieste.it/RegCNET/model.html
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potential vegetation cover was changed to the current land 
use. Suh and Lee (2004) revealed a cooling effect in central 
and northern China when the land use changed from broad-
leaf forest to irrigated cropland.

2.1.2 � Weather research and forecasting model

The WRF model is a next-generation, regional weather 
research and forecasting model. It was developed by the 
NCAR, the National Centers for Environmental Prediction 
(NCEP) and the Forecast Systems Laboratory, the Air Force 
Weather Agency, the Naval Research Laboratory, the Univer-
sity of Oklahoma, and the Federal Aviation Administration. 
The WRF model includes two dynamical cores, a data assimi-
lation system and a software architecture, allowing for parallel 
computation and system extensibility. Worldwide, scientists 
from many countries use it for operational weather forecast-
ing, regional climate prediction, air-quality simulation and ide-
alized dynamical studies. A detailed description of the WRF 
model can be found at http://www.wrf-model.org/index.php.

The WRF model has been effective in simulating 
regional climate change in China (Zhang et  al. 2011). 
Based on WRF model simulations, Feng et  al. (2013) 
simulated the impacts of urbanization on climate; Wang 
et al. (2014) showed that replacing shrubland by grassland 
caused an increase in summer temperature in the northern 
and southern parts of the Hetao Plain; and Ge et al. (2014) 
found that the effects of LUCC on climate were stronger 
in the growing season than in the non-growing season, by 
comparing the effects of dynamic vegetation on climate 
with those of fixed vegetation.

2.1.3 � Regional integrated environmental model system

RIEMS was developed by the Regional Center for Tem-
perate East Asia, Chinese Academy of Sciences (Fu et al. 
2000). The dynamic component of this model is the same 
as in MM5. RIEMS includes the land surface physics 
scheme BATS1e (Dickinson et  al. 1993), a Kuo–Anthes 
cumulus parameterization, and a CCM3 radiative transfer 
package (Kiehl et al. 1996).

RIEMS was mainly designed to model the regional cli-
mate of eastern Asia and, as such, it tends to perform well 
when simulating the regional climate of China (Fu et  al. 
2005; Xiong et al. 2006; Wang et al. 2013; Zhao 2013). Fu 
(2003) revealed that human-induced LUCC caused changes 
in the Asian summer monsoon with RIEMS, while Zhang 
et  al. (2005) showed that the temperature increased over 
regions of vegetation change, due to land surface degrada-
tion in northern China. The regional climate, monsoon sys-
tems and ecological engineering have also been shown to 
be affected by variations in LUCC in western China (Shi 
and Wang 2003; Wang et al. 2006).

2.2 � Experimental design

To reveal the effects of LUCC on climate from 1981 to 2000 
in eastern China, two experiments were designed: a control 
experiment (CTL) and a land use change experiment (exem-
plified in northeast China; NE). The land cover data used 
in both experiments were developed by Liu et al. (2005) by 
integrating imagery of remotely sensed data and geophysi-
cal data, and so are more representative of land cover in 
China than the U.S. Geological Survey (USGS) land cover 
data. This dataset has a 1 km resolution and uses land use 
categories defined by Liu et al. (2005). Spatial aggregation 
and type conversions were performed to change the catego-
ries to match the USGS land cover categories, according to 
the criteria shown in Table 1. In the CTL experiment, land 
cover data from the year 2000 (Fig. 1) were used as a fixed 
vegetation parameter. In the NE experiment, the vegeta-
tion types from the year 2000 were replaced by the vegeta-
tion types present in 1980, in northeast China (the square 
region in Fig.  1). The CTL simulation and NE simulation 
used exactly the same simulation domain and period, lateral 
boundary conditions and settings of physical parameteriza-
tions, except for the prescribed land cover parameter.

The CTL and NE simulations were run using the three 
regional climate models (WRF, RegCM3 and RIEMS). The 
three RCMs were driven by the same initial and bound-
ary conditions (6-h interval NCEP II reanalysis data). The 
simulations of the three RCMs covered the 21-year period 
from 1980 to 2000 and were initialized on 1 January 1980. 
The first year was used as the spin-up period and is not 
considered in the analysis.

The simulated domains of the different RCMs (Fig.  1) 
were roughly located over the same region of China, although 
their resolutions were different. For RegCM3, the resolution 
of the horizontal grids was 50 km, and the central point of the 
domain was (36°N, 116°E), with 159 grid cells in the west–
east direction and 128 grid cells in the south–north direction. 
For the WRF model, the model domain had a central point 
of (37°N, 117°E), and a horizontal resolution of 30 km, with 
95 grid cells in the west–east direction and 139 grid cells in 
south–north direction. For RIEMS, the model domain had a 
central point of (36°N, 117.5°E), and a horizontal resolution 
of 30 km, with 79 grid cells in the west–east direction and 
139 grid cells in the south–north direction.

2.3 � Multi‑model methods

2.3.1 � AEM method

The AEM is defined by

(1)
Y(t) =

1

K

K∑

i=k

Fk(t),

http://www.wrf-model.org/index.php
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where Y(t) is an ensemble prediction for time t, K is the 
total number of models, and Fk(t) is a forecast of the kth 
model for time t.

2.3.2 � Bayesian model averaging (BMA)

The BMA method involves updating prior information of a 
variable based on new available information (Bayes 1763). 
Suppose that y is a random variable at a future time, the 
prior information of y is a probability density function 

(PDF) p(y). A forecast of y can be made by its relationship 
with the predictor x, if the new information x is given. The 
condition distribution p(y|x) is computed as

where p(y|x) is the posterior distribution of x; the prior dis-
tribution p(y) and p(x) are the unconditional distributions of 
y and x, respectively; and p(x|y) is the likelihood function, 
which reflects the relationship between y and x.

(2)p(y|x) =
p(y)p(x|y)

p(x)
,

Table 1   The rules for spatial aggregation and land use type conversions from the land cover data of Liu et  al. (2005) to USGS land cover  
categories

Liu land use Liu land use category USGS USGS category

Code Name/description Code Name

One to one conversion; any single land use (left land side) accounts for more than half of the model grid

51–53 Building area 1 Urban and built-up land

12 Dry cropland 2 Dry cropland and pasture

11 Irrigated cropland 3 Irrigated cropland and pasture

31–33 Grassland 7 Grassland

22 Shrub 8 Shrub land

41–43 Water body 16 Water body

45–46 Wet land 17 Herbaceous wetland

61–67 Bare land 19 Barren or sparsely vegetated

44 Land ice/snow cover 24 Snow or ice

One to more conversion; total area of land use (left hand side) accounts for more than half of the model grid

23 Sparse woodland 10 Savanna

24 Cut over land

More to one conversion; using the vegetation regionalization map to determine forest type and the single type of forest accounts for more than 
half of the model grid

21 Forest 11 Deciduous broadleaf forest

12 Deciduous needleleaf forest

13 Evergreen broadleaf forest

14 Evergreen needleleaf forest

Land use categories USGS USGS categories

Description Code Name

Mixed type of land cover, excluding the above conditions

Total area of dryland (code 12) and irrigated (code 11) cropland accounts for more than 
half of the model grid

4 Mixed dryland/irrigated cropland and pasture

Forest (code 21) accounts for more than half of the model grid and no dominant USGS 
forest could be found

15 Mixed forest

Grassland (code 31–33) and cropland (code 11–12) are the largest two land use types in 
the model grid

5 Cropland/grassland mosaic

Woodland (code 21–24) and cropland (code 11–12) are the largest two land use types in 
the model grid

6 Cropland/woodland mosaic

Woodland (code 21–24) and grassland (code 31–33) are the largest two land use types in 
the model grid

9 Mixed shrubland/grassland
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Fig. 1   Land use/cover types in northeast China in a 2000 and b 1980 and c their differences (land use in 2000 minus land use in 1980)
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In the case of forecasting y using K predictors 
x1, . . . , xK , the Bayesian forecast PDF p(y|x1 · · · xK ) can be 
given by the BMA, as

where wk is the weight of the kth model and pk(y|xk) is the 
forecast PDF, based on predictor xk. The pk(y|xk) is the 
approximate conditional PDF by a normal distribution, 
centered at a linear function of the predictor, ak +  bkxk. 
Therefore, the BMA mean is the conditional expectation of 
y, given the forecast, so the deterministic BMA ensemble 
prediction is calculated as

where ak and bk can be obtained by the regression between 
the xk and y in the training period. The weights wk are calcu-
lated using the Expectation–Maximization algorithm (Raft-
ery et al. 2005; Duan et al. 2007; Zhang and Yan 2015).

The BMA ensemble results were calculated with a 
cross-validation method, to avoid artificial skill. Each year 
was successively removed from the whole dataset and 
the remaining years were used to calculate the model and 
observed statistics. The forecast was then calculated using 
the statistics for the verification year.

2.4 � Analysis of the simulations

Monthly temperature and precipitation can be outputted 
by the three RCMs. Anomalies of annual mean tempera-
ture and total precipitation were calculated to illustrate 
the model results in the CTL simulations. In the validation 
step, the CTL simulations were used to evaluate the perfor-
mances of the three models and their ensemble simulations. 
The temperature data were verified with Climate Research 
Unit TS 3.1 temperature data (Harris et  al. 2014). The 
observed temperature at a spatial resolution of 0.5° × 0.5° 
was used, so the simulated data were interpolated to, and 
masked with, the observed grid. The biases of the spatial 
pattern of temperature (mean of 1981–2000) were calcu-
lated to illustrate the system bias of each individual RCM 
and their ensemble simulations; conventional statistics [cor-
relation, bias and root-mean-square error (RMSE)] were 
used to evaluate the performances of each RCM and their 
ensemble simulations. Correlation is an important index to 
test the consistency and similarity between observed and 
simulated data, while the bias and RMSE helps to evaluate 
the level of discrepancy between simulations and observa-
tions. The impacts of LUCC on temperature in northeast 

(3)p(y|x1...xk) =

K∑

k=1

wkpk(y|xk),

(4)E(y|x1...xk) =

K∑

k=1

wk(ak + bkfk),

China were investigated by calculating the difference 
between the CTL and NE simulations.

3 � Results

3.1 � Analysis of the CTL simulations and their ensemble 
simulations

3.1.1 � Mean temperature simulations during the 20‑year 
period

The biases in the spatial pattern of annual mean tempera-
ture were calculated for every RCM and the two ensemble 
simulations (AEM and BMA) (Fig.  2). A cold bias was 
found in almost all of the grids in the WRF and RIEMS 
simulations, but in the RegCM3 simulations there were 
warm biases in the western parts of northeast China. The 
WRF simulations produced the highest biases, compared 
to the simulations of the other RCMs. The AEM ensemble 
simulations contained lower biases than single model simu-
lations in most (over 80 %) grid cells. The BMA ensemble 
simulations produced lower biases than the AEM ones in 
96 % of the grid cells. Not only did the BMA produce the 
lowest biases of all the simulations, but the bias was also 
lower than 2 °C in most grid cells (71 %). Thus, the BMA 
ensemble simulations produced the best results, out of the 
simulations tested, in northeast China (Fig. 2).

3.1.2 � Performances of the RCMs and ensemble methods

The simulated temperature was significantly correlated 
with the observations in almost all of the grid cells within 
the study area for the three RCMs (r  >  0.421, n  =  20, 
p < 0.05; Fig. 3). The RegCM3 simulations obtained lower 
correlation coefficients in the central and northeastern parts 
of China compared to other regions, while the WRF model 
simulations had lower correlation coefficients in the north-
eastern and southeastern parts of China. The correlation 
coefficients between the RIEMS simulations and observa-
tion data were lower in the southern parts of China than in 
other parts.

The simulations of the three RCMs produced higher 
biases and RMSEs in the northern parts of China than in 
the southern parts, with RegCM3 producing lower biases 
and RMSEs than the other two RCMs. The higher biases of 
the RegCM3 simulations were found in parts of northeast 
China. The RIEMS simulations had higher biases in central 
parts than in other regions, while the WRF model produced 
higher biases and RMSEs in northeast China compared to 
other regions. Clearly, each RCM performed better in dif-
ferent regions.
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The AEM and BMA ensemble simulations were both 
significantly correlated (p  <  0.05) with observations in 
almost all of the grid cells, with correlation coefficients 
above 0.7 in most, and above 0.8 in more than half, of the 
cells (Fig. 3). In comparing the ensemble simulations’ tem-
peratures with those produced by the single-model simula-
tions, the correlation coefficients were higher in most grid 
cells (>70 %) of the ensemble simulations. In particular, the 
correlation coefficients were improved in those grid cells 
where the single-model simulations had low correlation 
coefficients. Relatively low correlation coefficients were 
only found in parts of Shandong, Henan, and Heilongjiang 
provinces. The biases and RMSEs of the ensemble simu-
lations’ temperatures were lower than those of the single-
model simulations; they were below 0.4 °C in the ensem-
ble simulations. Moreover, the BMA simulations produced 
lower biases and RMSEs than the AEM simulations in over 
55 % of the grid cells.

3.2 � Effects of LUCC on the climate in northeast China, 
as simulated by the three RCMs and their ensemble 
simulations

3.2.1 � Changes in annual mean temperature during the 
20‑year period

The LUCC in northeast China mainly comprised of an 
expansion of cropland and shrinkage of grassland and for-
est (Table 2). In the RegCM3 simulations, the annual tem-
perature increased with a range of 0.05–0.15 °C, while the 
temperature decreased with a range of −0.1 to −0.4  °C 
in the WRF simulations (Fig. 4). However, the changes in 
the WRF simulated temperatures mainly occurred in the 
LUCC regions. In the RIEMS simulations, the temperature 
decreased in over 80 % of the grid cells and the range of 
variation in the RIEMS simulations was the largest of the 
three RCMs at between −0.5 and −1.5 °C. For the AEM 

Fig. 2   Spatial patterns of the system biases of annual temperatures (°C; mean of 1981–2000)
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and BMA ensemble simulations, the temperature decreased 
by about 0.5 and 0.2 °C, respectively, in over 80 % of the 
grid cells.

3.2.2 � The interannual variation of regional mean 
temperatures in the 20‑year period

Over the 20-year period, the temperature decreased the 
most in the RIEMS simulations (−0.50  °C) compared 
to the other RCMs (Fig.  5). The WRF and RegCM3 
simulated temperatures changed by between −0.05 and 
0.1  °C over the 20-year study period. Although differ-
ent trends were detected among each of the individual 
models, the ensemble AEM and BMA simulations 
showed that the regional mean temperature decreased 
over the past 20 years as a result of LUCC in northeast 

Fig. 3   Statistical results of the simulated annual temperature by the three RCMs (RegCM3, WRF and RIEMS) and their ensembles (AEM and 
BMA): correlation (upper panels); bias (middle panels, °C); and RMSE (lower panels)

Table 2   Changes in area of land use types during 1980–2000

The negative numbers represent a reduction in area, while the positive 
numbers represent an increase in area

Land use type Area of changed land 
use types (103 km2)

Dryland cropland and pasture 56.7

Cropland/grassland mosaic 6.3

Cropland/woodland mosaic 23.4

Grassland −12.6

Savanna −22.5

Deciduous broadleaf forest −7.2

Mixed forest −34.2

Herbaceous wetland −6.3

Barren or sparsely vegetated −3.6
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China. The AEM simulated temperature decreased 
more than the BMA temperature. Considering that the 
BMA ensemble CTL simulation produced the lowest 
biases of the CTL experiment simulations, the changes 

in the BMA simulated temperature were more similar 
to the observed changes in temperature. The changes 
in regional annual mean temperature of the BMA were 
around −0.11 °C.

Fig. 4   Differences in annul mean temperature (°C) during the 20 years from 1981 to 2000 between the CTL and NE simulations

Fig. 5   Annual variation of 
regional mean temperature (°C) 
over the 20-year study period
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3.2.3 � Changes in the surface energy budget during the 
20‑year period

An increase in evapotranspiration (ET) in northeast China 
was detected by the three RCMs. Evapotranspiration 
increased by around 0.1 mm/day in the RegCM3 and WRF 
simulations, while it increased by around 0.2  mm/day in 
the RIEMS simulations. The increase of ET in northeast 
China was also detected in the AEM and BMA simulations 
(Fig. 6); however, ET increased more in the AEM ensemble 
simulation than in the BMA one.

A decrease in net radiation NR as a result of LUCC was 
detected in northeast China by all three RCMs (Fig. 7); it 
decreased by around 3  W/m2 in the RegCM3 and WRF 
simulations and 2 W/m2 in the RIEMS simulation. There 
was an obvious decrease in NR in more regions of the 
RIEMS simulation than in the other two RCMs’ simula-
tions. The ensemble simulations of NR also showed that 
the NR decreased in response to LUCC in northeast China 
(Fig. 7); it decreased by 5 W/m2 in the AEM simulations 
and 2  W/m2 in the BMA simulations during the 20-year 
period.

4 � Discussion and conclusion

In the present study, the effects of LUCC on climate were 
simulated by three RCMs (RegCM3, WRF and RIEMS) 
and the level of improvement attained by using ensemble 
methods was investigated. Two experiments (CTL and 
NE) were designed and run by the three models. The CTL 
experiment was used to compare the simulations of the dif-
ferent models and illustrated the improvements in results 
that were attained when using the ensemble methods. The 
NE experiment was designed to evaluate the effects of 
LUCC on the climate in northeast China, based on the three 
RCM simulations and their ensemble simulations.

The temperatures were simulated well by the three 
RCMs in the present study; however, their performances 
differed, depending on the specific region. For instance, 
RegCM3 performed better over southeast China, but worse 
over northeast China, in comparison to the simulations 
produced by RIEMS. Therefore, it is difficult to evalu-
ate which model is the best at simulating the effects of 
LUCC on climate. This is in agreement with the results of 
many previous studies, in which it has been shown that the 

Fig. 6   The effects of LUCC on evapotranspiration (mm/day) as simulated by the three RCMs (RegCM3, WRF and RIEMS) and their ensemble 
simulations (AEM and BMA)
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temperatures simulated by different RCMs produce differ-
ent results (Déqué et al. 2012; Fu et al. 2005; Mearns et al. 
2012). Therefore, large uncertainty exists in simulating the 
climate using any one RCM.

To circumvent this problem, ensemble methods were 
used to improve upon the simulations of each individual 
model. MME simulations have been proven to perform bet-
ter than single models in many studies (e.g. Weisheimer 
et  al. 2009; Annan and Hargreaves 2010). This is also 
evidenced by the results of the present study, in that the 
ensemble simulations had higher correlation coefficients 
and lower biases and RMSEs, when compared to observa-
tion data, than the single-model simulations. The improve-
ment in the correlation coefficients was similar for the 
BMA and AEM simulations; however, the BMA simula-
tions had lower biases and RMSEs than the AEM simula-
tions. This suggests that the BMA simulation was more 
similar to the observation data, and therefore showed the 
best skill in simulating temperature.

The effects of LUCC on the climate in northeast China 
were investigated by comparing the CTL and NE simula-
tions. An increase in the annual mean temperature was sim-
ulated by RegCM3 in the west of northeast China, while a 

decrease in annual mean temperature was produced in the 
RIEMS and WRF simulations. The opposing trend simu-
lated by RegCM3, as compared to the other two RCMs, 
was probably caused by the high biases of RegCM3 in 
the west of northeast China. Therefore, in this region, the 
change in temperature may have been incorrectly simu-
lated by RegCM3, which clearly demonstrates the problem 
of using any one RCM to simulate the effects of LUCC on 
climate.

The results of the CTL experiment showed that high 
biases existed in the individual model simulations, and 
the ensemble simulations had low biases, compared with 
the observations. The AEM method equally weighted the 
simulations of the three RCMs, while the BMA method 
gave higher weights to the RCM that performed better. In 
the NE experiment, the AEM simulation was dominated 
by the behavior of the RIEMS model. However, the BMA 
simulation integrated the simulations from the three mod-
els, so the changes in BMA simulated temperatures were 
more similar to the real temperature changes. This is in 
agreement with the results of the CTL experiment, which 
showed that the BMA simulation performed better than the 
AEM simulation.

Fig. 7   The effects of LUCC on net radiation (W/m2) as simulated by the three RCMs (RegCM3, WRF and RIEMS) and their ensemble simula-
tions (AEM and BMA)
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The LUCC in northeast China during the 20-year study 
period mainly manifested in expanding cropland and 
shrinking grassland and forest areas. Pielke et  al. (2007) 
showed that the effects of LUCC on climate varied with 
the changes in the conversion type, both spatially and 
temporally. Thus, it is difficult to explain the mechanisms 
when several different conversions between vegetation 
types occur (e.g., savanna to cropland, and mixed forest 
to cropland). However, quantitative results of LUCC were 
obtained by running the RCMs in the present study. Irri-
gation increased after land use changed from grassland 
and forest to cropland; as a result, more water was avail-
able, so the ET rates increased due to LUCC. This increase 
in ET brought heat from the surface to the upper atmos-
phere, leading to the decrease in temperature. In addition, 
NR decreases when forest is replaced by cropland, increas-
ing the albedo (Betts 2000; Matthews et al. 2004; Jackson 
et  al. 2008). Therefore, the temperature could also have 
decreased because of the decrease in NR. Thus, the LUCC 
in northeast China is likely to have indirectly caused the 
decrease in temperature observed. The effects of LUCC on 
climate in the NE experiment showed that the temperature 
decreased annually by about 0.11 °C in the BMA simula-
tions. This is in agreement with other relevant studies on 
LUCC in China (Gao et al. 2007; Ge et al. 2014), and thus 
we can state that LUCC in northeast China has contributed 
to reducing the warming trend in eastern China.

In conclusion, the three different RCMs used in the 
present study simulated different effects of LUCC on the 
regional climate, even though the same LUCC was mod-
eled. The ensemble of the RCM simulations produced bet-
ter results than each RCM individually. Of the ensemble 
simulations, the BMA simulations performed better than 
the AEM simulations and provided the most similar results 
to the observations when simulating the effects of LUCC 
on climate. However, it is important to note the limitation 
that the effects of LUCC on climate were only simulated 
by three RCMs in this study; it took a large amount of time 
to run the three RCMs to simulate the effects of LUCC on 
climate over 20  years. Nevertheless, the ensemble results 
would have been more meaningful if more RCMs had been 
used. An extended study of this type should be carried out 
in future follow-up work.
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