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Abstract
The extensive rare earth open-pit mining in the Taojiang River basin in southern China have produced a large area of bare 
land during the last several decades. We assessed the effects of the bare land on surface runoff, groundwater, and evapo-
transpiration (ET) using the Soil and Water Assessment Tool (SWAT). A total of nine parameters were calibrated using 
data from 2001 to 2005 and were validated using data from 2006 to 2009, with the observed daily streamflow data as the 
baseline scenario. The R2 and the Nash–Sutcliffe efficiency index ranged between 0.75 and 0.85 through the simulation 
periods. Moreover, two historic and four hypothetical land-use scenarios were investigated. Based on the capacity to affect 
surface runoff, groundwater, and ET, the ranking of land-use types was, from highest to lowest: rare earth bare land, urban 
land, pasture land, and forest land. Still, due to the relatively small area involved, the rare earth mining did not significantly 
deteriorate the local hydrological cycle from 2005 to 2015. Protecting the forest, paying attention to urban development, 
and enhancing infiltration in urban areas should be the top priorities in achieving sustainable development. The presented 
methodology provided a reliable impact assessment of the water balance components of large-scale open-pit mining activities.
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Introduction

The mining industry is the foundation of modern industry, 
providing most of the energy and raw materials for the global 
economy (Mudd 2007). The rare earth elements (REEs) are 
essential resources that are widely used in modern industry. 
REEs refers to the 15 metallic elements of the lanthanide 

series, coupled with the chemically similar yttrium, and 
occasionally scandium. These elements are typically split 
into two sub-groups, the cerium sub-group of “light” rare 
earth elements (LREEs), which includes La to Eu, and the 
yttrium sub-group of “heavy” rare earth elements (HREEs), 
which include the remaining lanthanide elements, Gd to Lu, 
as well as yttrium. Scandium, when it is classified as a rare 
earth element, is not included in either the LREE or HREE 
classifications (Jordens et al. 2013; Simandl 2014). The 
demand for REEs has spiked in recent years due to their 
increasing usage in numerous high-technology applications, 
including high strength permanent magnets, phosphors for 
electronic displays, applications in a variety of renewable 
energy technologies, and as alloying agents in metals (Gupta 
and Krishnamurthy 2013; Jordens et al. 2013). Each of these 
applications requires specific rare earth elements; the lantha-
nides are not interchangeable (Jordens et al. 2013).

It is said that rare earths are actually not rare. This is 
true for LREEs, but HREEs are much less common (Jordens 
et al. 2013; Kanazawa and Kamitani 2006), and are mostly 
mined from ion-adsorption type REE deposits (Jordens et al. 
2013; Simandl 2014; Yang et al. 2013). These deposits were 
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first discovered in 1969 in Zudong, Longnan County, in 
southern Jiangxi Province, China. Initially, it was not con-
sidered as a mineral phase because it did not behave like any 
other known rare earth mineral phases. Ion-adsorption type 
REE deposits were formed by in situ chemical weathering 
of REE-rich host rocks (mainly granitoids) under conditions 
of prolonged weathering with limited erosion, and subse-
quent adsorption and enrichment onto clay minerals during 
the migration of rare earth mineral solutions (Gupta and 
Krishnamurthy 2013; Yang et al. 2013). The minerals are 
therefore also called weathering crust elution-deposited rare 
earths (Yang et al. 2013) or ion adsorption clay (Gupta and 
Krishnamurthy 2013; Jordens et al. 2013; Kanazawa and 
Kamitani 2006; Simandl 2014).

Most of the known examples of this type of REE deposit 
are located in southern China, especially in southern Jiangxi 
province, although similar deposits are found in areas with 
comparable climate and bedrock geology, such as Laos, 
northern Vietnam, Thailand, Indonesia, and Madagascar 
(Maulana et al. 2014; Sanematsu et al. 2013; Simandl 2014). 
The deposits are generally found in small mountains with 
a humus topsoil layer of 0.3–1 m, a full-regolith layer of 
5–30 m (the main ore body, containing 0.03–0.15% REE 
in general), a semi-regolith layer of 2–3 m and a bedrock 
layer. Unlike other rare earth minerals, which are in solid 
state mineral phase, ion-adsorption rare earth minerals occur 
as an adsorbed trivalent cation that is readily extracted by 
a simple leaching technique with an aqueous electrolyte 
solution (sodium chloride or ammonium sulfate) via an ion-
exchange process:

Therefore, the extraction of ion-adsorption rare earths 
is carried out by surface/mountaintop mining followed 
by tank or heap leaching (Yang et al. 2013). Despite an 
extremely low ratio of ion-adsorption rare earth reserves 
(2.9% of China’s total rare earth reserves), this type of 
rare earth accounted for 26% of China’s total rare earth 
production between 1988 and 2007 and has reached 35% 
(roughly 50,000 t) since 2009 (Yang et al. 2013). Using 
traditional surface/mountaintop mining and heap leach-
ing techniques, it is estimated that the production of 1 t 
of rare earth oxide from ion-adsorption rare earth ores 
entails the removal of 300 m2 of vegetation and topsoil 
and the disposal of 2000 t of tailings into adjacent valleys 
and streams, and produces 1000 t of wastewater contain-
ing high concentrations of ammonium sulfate and metal 
contaminants.
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Predictably, rare earth mining activities affect ground-
water quantity and quality (Li et al. 2013), change land-
use type (Mccullough and Etten 2011), excavate the stra-
tum (Lai et al. 2006), disturb the hydrological cycle, and 
affect the whole ecosystem (Kruse et al. 2012; Palmer 
et al. 2010). Removal of vegetation and topsoil, the result-
ing changes in topography, and soil compaction reduce 
infiltration and storm runoff absorbing capacities, lead-
ing to increased frequency and magnitude of flooding 
and other geological disasters during storm periods. As 
a result, surface/mountaintop mining for ion-adsorption 
rare earth ores has become an important driver of land-
use change and degradation in southern China, causing 
permanent loss of ecosystem, severe soil erosion, air 
pollution, biodiversity loss, and human health problems 
(Tang and Li 2000; Yang et al. 2013).

The ecosystem’s vegetation landscape and land-use 
type affect hydrological processes such as precipitation 
interception, evapotranspiration (ET), rainfall infiltra-
tion, groundwater recharge, and surface runoff (Kundu 
et al. 2017). The vegetation deterioration and land-use 
change caused by mining activities inevitably change the 
local hydrological conditions and modify surface runoff, 
groundwater, and ET (Poff and Zimmerman 2010).

Human activities and land-use and cover change 
(LUCC) impact the hydrological cycle (Li et al. 2017; 
Wu et al. 2017). The Soil and Water Assessment Tool 
(SWAT) is an eco-hydrological model with a strong physi-
cal basis (Griensven et al. 2006) that simulates the process 
of rainfall-runoff, sediment yield, and pollutant-nutrient 
transportation at different basin scales (White et al. 2011). 
SWAT was invented by the U.S. Dept. of Agriculture 
(USDA) in the early 1990s and has now been extensively 
used for assessing water resources (Baker and Miller 2013; 
Can et al. 2015; Jayakrishnan et al. 2005; Narsimlu et al. 
2013), tackling water environment challenges (Abbaspour 
et al. 2007; Jha et al. 2007; Ng et al. 2010), and finding 
alternative water management solutions (Kaur et al. 2003; 
Saha and Zeleke 2015; Volk et al. 2016) all over the world.

As mentioned above, the first ion-adsorption type REE 
deposit was discovered in Zudong in this area in 1969, and 
this area has been mined ever since (Ruan et al. 2012). The 
original forest has been transformed into bare land in and 
around the mining area. Based on the SWAT model and 
the single factor scenario analysis method, we chose the 
Taojiang River basin to: (1) assess the impacts of LUCC 
and large-scale rare earth mining activities on the water 
balance components during the last decade, and (2) find 
reliable guidelines for the sustainable development of the 
Taojiang River basin.
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Materials and Methods

Study Area

The  Taoj iang  River  bas in  (24°29 ′–25°54 ′N, 
114°10′–115°19′E) covers an area of 7861 km2 and is 
located in the south of the Jiangxi Province, China. The 
Taojiang River rises in the Jiulian Mountains, which is the 
junction of the Jiangxi and Guangdong provinces, flows 
from southwest to northeast and feeds the Ganjiang River, 
which is a tributary of the Yangtze River (Fig. 1). The 
mainstream length of the Taojiang River is 272 km and 
the annual average runoff is 55 × 108 m3. The elevation 
of the Taojiang River basin ranges from 59 to 1391 m, 
averaging 484 m.

The Taojiang River basin is dominated by a subtropi-
cal monsoon climate. The average annual temperature is 
about 19.9–20.9 °C, the mean annual humidity is around 
75%, and the mean annual number of rainy days is approx-
imately 200 days. The annual average precipitation ranges 
from 1400 to 1800 mm, 50–60% of which occurs from 
April to July. The streamflow of the Taojiang River varies 
significantly by season due to the interaction of the high 
solar radiation and monsoon weather patterns. Thus, this 
area frequently suffers from flooding during the monsoon 
period.

The southern Jiangxi Province is located in the central 
Nanling Range in the Cathaysia Block, where the basement 

is composed of 1.9–1.8 Ga sedimentary rocks and Neopro-
terozoic to Early Paleozoic metamorphic rocks. Due to the 
early Paleozoic (Caledonian) orogeny, late Ordovician to 
middle Devonian strata are absent (Hu and Zhou 2012), 
and thus the metamorphosed basement is overlain uncon-
formably by the late Devonian to Triassic strata marine 
sedimentary cover. A profound feature of south China is 
the giant Mesozoic igneous province, which forms a swath 
more than 1300 km wide across the whole Cathaysia Block 
and the eastern part of the Yangtze Block (Li and Li 2007). 
The granitic rocks in this province range in age from Juras-
sic to Cretaceous, notably the early (180–125 Ma) and late 
(110–85 Ma) Yanshanian periods. These igneous rocks 
were probably formed by the westward subduction of the 
Pacific oceanic lithosphere beneath the Eurasian continent 
(Hu and Zhou 2012). It is noteworthy that the Yanshanian 
granitoids are not only associated with the world-class 
W-Sn-Nb-Ta mineralization (Chengyou et al. 2012; Hu 
and Zhou 2012; Mao et al. 2013) but are also the main par-
ent rocks of the HREE ore deposits (Bao and Zhao 2008; 
Ishihara et al. 2010; Wu et al. 1990; Yang et al. 2013).

Unlike the upper part of the Taojiang River basin, which 
is mountainous, the middle and lower reaches is hilly, except 
for the plain distributed in the two Cretaceous red basins 
in Longnan and Xinfeng Counties. The exposed strata in 
the basin are mainly composed of folded basement (Z-O), 
marine sedimentary cover (D-T1), Cretaceous red layer 
(K2), and Quaternary (Q) (Fig. 1). The quaternary system 
(Q) is distributed along the Taojiang River valley and its 

Fig. 1   Geological map (left), elevation map (middle), and geographical map (right) of the Taojiang River basin
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tributaries. The Cretaceous red clastic rocks (K2) are mainly 
distributed in the syncline basins in the Quannan, Longnan, 
and Xinfeng counties. The sedimentary cover (D-T1), com-
posed of neritic molasse formation, embedded with carbon-
ate rock and coal seams, were bands or islands on the edge 
of the basin. The folded basement (Z-O) is originally a thick 
sub-flysch formation, which metamorphosed into epimeta-
morphic sandstone and slate.

Extensive Yanshanian granitoids, as well as minor Cal-
edonian ones, intruded into the folded basement and out-
cropped at the low mountains and hills around the red 
basins in the Taojiang River basin, they cover 2644.8 km2 or 
33.65% of this total area. Coupled with the moderate undu-
lating temperature, the warm and humid climate caused the 
strong chemical weathering of the granitoids, which led to 
a well-developed weathering crust with a thickness of up to 
40 m. As a result, a large number of HREE deposits, includ-
ing the well-known Zudong deposit, formed in the basin 
(Bao and Zhao 2008; Ishihara et al. 2010; Wu et al. 1990; 
Yang et al. 2013; Zhang et al. 2015). The granitic weather-
ing crust is loose sandy soil, mainly composed of clay and 
quartz; therefore, once the surface vegetation is peeled off 
by human activities, it can easily be eroded away.

Data

Key SWAT input data include daily climate and precipita-
tion data, daily streamflow data, and the digital elevation 
model (DEM), land-use map, and soil map (Table 1). Three 
weather stations, 29 precipitation gauges, and three stream-
flow monitoring stations exist within the basin (Fig. 1). 
Daily streamflow data were acquired from 2001 to 2009 
from the three streamflow monitoring stations to test the 
SWAT model during the baseline simulation periods.

Daily meteorological data (1960–2015) were processed 
into average monthly statistics to create the SWAT weather 
generator for the study area. Daily maximum and minimum 
air temperature, relative humidity, solar radiation, and wind 
speed measurements were obtained from the three climate 

stations. Daily precipitation measurements from the 29 
gauges (Fig. 1) were also used for the SWAT simulations.

Land-use types were reclassified into eight categories: 
rare earth bare land (BARE), urban land (URBN), pas-
ture land (PAST), forested land (FRST), agriculture land 
(AGRL), rice paddies (RICE), water (WATR), and wetland 
(WETL). BARE (Fig. 2) was separated out and simulated 
using the barren crop parameters provided with the SWAT 
model. Detailed land-use maps are shown in Fig. 2 for 2005, 
2010, and 2015. This was used as the basis for the baseline 
scenario and two historical land-use scenarios presented 
below.

SWAT Model Setup

The SWAT simulated the main hydrological processes: pre-
cipitation, evaporation, infiltration, surface runoff genera-
tion, and aquifer recharge (Li et al. 2015). The basin hydro-
logical cycle (simulated by the SWAT) can be separated 
into two major phases: (1) the land phase and (2) the water 
routing phase. The land phase determines the quantity of 
water input. The water routing phase simulates water move-
ment along the stream channel network; this network, which 
interconnects numerous sub-basins, was derived based on 
topography. Sub-basins were then divided into hydrological 
response units (HRUs) with unique land-use, soil, and slope 
characteristics. The runoff produced in each HRU was cal-
culated and summed up with others in the same sub-basin. 
It was then routed to the corresponding reaches and to the 
basin outlet along the stream channel network, which con-
tained ponds and reservoirs (Arabi et al. 2008).

ArcSWAT version 2012.10_1.18 was used in this 
research; it is one of the major releases of SWAT version 
2012 (SWAT2012). The basin was divided into 27 sub-
basins (and 327 HRUs) based on eight land-use types, 27 
soil classes, and four slope classes (0–3%, 3–5%, 5–8%, and 
> 8%). This discretization considered the original distribu-
tion of land-use, soil, and slope, while keeping a reason-
able number of the HRUs. Meteorological data, land-use 

Table 1   Key input data used to test the SWAT model for the Taojiang River basin

Data Resolution Source

Climate 3 stations (Fig. 1) The China Meteorological Data Sharing Service System website (http://data.cma.cn)
Precipitation 29 gauges (Fig. 1) Hydrological data yearbook of The People’s Republic of China
Streamflow 3 stations (Fig. 1) Hydrological data yearbook of The People’s Republic of China
Digital Elevation Model 

(DEM) map
30 m (Fig. 1) Geospatial Data Cloud site, Computer Network Information Center, Chinese Acad-

emy of Sciences (http://www.gsclo​ud.cn)
Land-use map 30 m (Fig. 2) Data Center for Resources and Environmental Sciences, Chinese Academy of Sci-

ences (RESDC) (http://www.resdc​.cn)
Soil map 1000 m Harmonized World Soil Database (HWSD, v1.2) (http://webar​chive​.iiasa​.ac.at)

http://data.cma.cn
http://www.gscloud.cn
http://www.resdc.cn
http://webarchive.iiasa.ac.at
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properties, and soil databases were edited and processed into 
the model to provide the required data for the study area.

Generally, testing of the SWAT and other similar mod-
els was performed by dividing the observed data into two 
groups based on time periods: one for calibration and 
another for validation. The calibration process was divided 
into two steps (Arnold et al. 2012): (1) basic water balance 
and total flow calibration, and (2) temporal flow calibration. 
The SWAT model used a series of parameters to describe 
the complicated hydrological characteristics of the modeled 
basin. During the calibration stage, a baseflow filter program 
(Arnold and Allen 1999) was used to calculate the propor-
tion of groundwater and surface components vs the total 
streamflow, making use of the observed daily streamflow 
records. To ensure the accuracy and promote the efficiency 
of the process, a hybrid method was adopted during the cali-
bration process. This was followed by manually specifying 
a parameter value or range. Then the SWAT-CUP (version 
5.1.6.2) software was used to employ a sequential uncer-
tainty fitting algorithm (SUFI-2) and Latin hypercube sam-
pling one-at-a-time (LH-OAT), in order to conduct an auto-
matic calibration and sensitivity analysis (Jung et al. 2010; 
Wu and Chen 2015).

The year 2000 was chosen as a warm-up period to ini-
tialize the model parameters and reach a reasonable value. 
Historical streamflow data from 2001 to 2005 were the used 
for calibration, and data from 2006 to 2009 were used for 
validation. Because SWAT is a deterministic model with a 
strong physical foundation, the output results are change-
less while the input data is constant (Mccarty et al. 2016). 
Then the single factor scenario analysis method, which fixed 

other factors and only changed the land-use type data, was 
employed to study the relative changes of the certain results 
between each scenario. Figure 3 shows a typical flow chart 
of the calibration, validation, and scenario setting process 
(Zhang et al. 2011).

Model Evaluation Method

The competence of the SWAT used in the study area was indi-
cated by the determination coefficient (R2), the Nash–Sutcliffe 
efficiency coefficient (NSE), and the percent bias (PBIAS) 
(Gyamfi et al. 2016). The R2 (which ranges from 0 to 1) is 
the square of the correlation coefficient and indicates the 

Fig. 2   Land-use maps of the Taojiang River basin for 2005 (left), 2010 (middle), and 2015 (right)

Separate surface runoff & baseflow

Basic water balance & total flow calibration

Surface runoff calibration Baseflow calibration

Adjust GW_REVAP,REVAPMN,GWQMN,etc.Adjust CN2,SOL_AWC,ESCO,etc.

Temporal flow calibration Adjust CH_K,ALPHA_BF,etc.

Baseflow valibration

Set two real LUCC scenarios

Surface runoff valibration

Set four hypothetical LUCC scenarios

Results disscussion

Fig. 3   Flowchart of the calibration, validation, and scenario setting 
process
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consistency between the observed and simulated values. The 
R2 is calculated as:

A weakness of using the R2 statistical indicator is that the 
R2 value can come close to 1 due to systematic over- or under-
prediction. To accurately evaluate the performance of the 
SWAT model, the NSE (ranging from -∞ to 1) was presented. 
A recent study suggested that the NSE needed to be larger 
than 0.50 to estimate streamflow in basin scales (Moriasi et al. 
2015). The Nash–Sutcliffe coefficient (NSE) is calculated as:

The PBIAS indicates the average deviation degree of the 
simulated results from the observed data. The optimal PBIAS 
value is 0, with lower absolute values indicating a more accu-
rate model performance. Positive and negative PBIAS values 
indicate under- or over-estimation bias, respectively. PBIAS 
is calculated as:
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where n is the number of time steps; Qobsi and Qsimi is the 
observed and simulated streamflow at time step i; and Qsimave 
and Qobsave is the average simulated and observed streamflow 
across all the time steps.

Description of LUCC Scenarios

Table 2 shows the proportions of land-use change for each 
scenario including the eight land-use classes. This study 
investigated six different LUCC scenarios to assess the 
impacts of rare earth mining on the hydrology of the river 
basin (Table 2). The six scenarios included two historical 
scenarios (2010 and 2015) and four hypothetical scenar-
ios. These hypothetical scenarios are rare earth bare land 
(BARE) entirely converted to (1) urban land (URBN), (2) 
pasture land (PAST), and (3) forested land (FRST), respec-
tively, and (4) rare earth mines entirely dedicated to mining. 
The use of two historical scenarios investigated the tendency 
of LUCC during the last decade. The goal of the first three 
hypothetical scenarios was to determine the hydrological 
impact rank of the different dominant land-use types. The 
last scenario was an extreme scenario used to quantify the 
maximum hydrological impacts of overall rare earth mining 
activities in the Taojiang River basin.

To ensure the reliability and accuracy of the model’s 
results, the calibrated parameters, meteorological data, 

Table 2   The area and 
percentage of land-use types 
that were simulated in different 
scenarios

BARE rare earth bareland, URBN urban land, PAST pasture land, FRST forest land, AGRL agriculture land, 
RICE rice paddies, WATR​ water, WETL wetland

Land-use type BARE URBN PAST FRST AGRL RICE WATR​ WETL

Baseline (historical, 2005)
 Area (km2) 66.3 82.1 247.2 6072.5 525.1 816.6 42.3 8.6
 Percentage (%) 0.84 1.04 3.14 77.25 6.68 10.39 0.54 0.11

Scenario 1 (historical, 2010)
 Area (km2) 63.9 85.2 247.9 6066.7 527.6 817.9 42.7 8.6
 Percentage (%) 0.81 1.08 3.15 77.18 6.71 10.40 0.54 0.11

Scenario 2 (historical, 2015)
 Area (km2) 54.7 101.7 274.6 6039.3 525.6 813.4 42.7 8.6
 Percentage (%) 0.70 1.29 3.49 76.83 6.69 10.35 0.54 0.11

Scenario 3 (hypothetical)
 Area (km2) 0 148.3 247.2 6072.5 525.1 816.6 42.3 8.6
 Percentage (%) 0 1.89 3.14 77.25 6.68 10.39 0.54 0.11

Scenario 4 (hypothetical)
 Area (km2) 0 82.1 313.4 6072.5 525.1 816.6 42.3 8.6
 Percentage (%) 0 1.04 3.99 77.25 6.68 10.39 0.54 0.11

Scenario 5 (hypothetical)
 Area (km2) 0 82.1 247.2 6138.7 525.1 816.6 42.3 8.6
 Percentage (%) 0 1.04 3.14 78.10 6.68 10.39 0.54 0.11

Scenario 6 (hypothetical)
 Area (km2) 2644.8 66.4 182.9 3910.5 404.1 614.1 30.7 7.0
 Percentage (%) 33.65 0.84 2.33 49.75 5.14 7.81 0.39 0.09
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landscape characteristics, and soil data used for the baseline 
simulation were also used for the six scenarios. This pro-
vided a consistent comparison between the baseline and the 
six LUCC scenarios for the simulation period of 2001–2009, 
which was also the time period used for the baseline model.

Scenarios 1 and 2 are the actual land-use conditions for 
2010 and 2015, respectively, based on the land-use maps for 
those 2 years (Fig. 2). Remote sensing data indicated that 
land-use changes in the river basin occurred at a moderate 
rate, resulting in a continuous decrease in rare earth bare 
land. First, it decreased slightly from 0.84 to 0.81% between 
2005 and 2010; then, it decreased from 0.81 to 0.70% 
between 2010 and 2015. The total forest land area also 
decreased from 77.25 to 77.18% between 2005 and 2010; 
and then from 77.18 to 76.83% between 2010 and 2015. The 
total pasture area followed the opposite pattern, increasing 
from 3.14 to 3.15% between 2005 and 2010, and further 
increasing from 3.15 to 3.49% between 2010 and 2015. 
Agricultural land and rice paddy areas increased slightly 
from 6.68 to 6.71% and from 10.39 to 10.40%, respectively, 
between 2005 and 2010; they then decreased slightly from 
6.71 to 6.69% and from 10.40 to 10.35%, respectively, 
between 2010 and 2015. The remote sensing data further 
suggested that the total proportion of urban area gradually 
expanded from 1.04 to 1.29% between 2005 and 2015. The 
proportion of urban area increased at approximately 0.01% 
annually from 2005 to 2010, and then increased at approxi-
mately 0.04% annually from 2010 to 2015.

In order to seek further insight into the impacts of rare 
earth mining activities on the Taojiang River basin’s water 
budget, four hypothetical scenarios (scenario 3–6) were pro-
posed. Scenarios 3–5 represent three hypothetical scenarios 
that compared the influence of rare earth bare land and other 
dominant land-use types on the water budget. Specifically, 
the total rare earth bare land was completely changed to 
urban land (scenario 3), pasture land (scenario 4), or forest 
land (scenario 5) in each scenario (Table 2). To account for 
potential impacts of “extreme” rare earth mining activity 

on the basin’s water budget, the granitoid area (2644.8 km2) 
(Fig. 1) was completely converted to rare earth mining area 
in scenario 6. This increased the area of rare earth bare land 
from 66.3 to 2644.8 km2, and the increased the percentage 
from 0.84 to 33.65%.

Results and Discussion

Parameters Calibration Results

Table 3 displays the sensitivity rank of the SWAT model 
parameters during the calibration process. The most sensi-
tive parameter is the initial curve number for moisture con-
dition II (CN2). Surface runoff in the SWAT is calculated 
using a modified Soil Conservation Service (SCS) curve 
number (CN) equation, which considers precipitation, 
land-use, and soil conditions (Lee et al. 2014). The CN2 
value reflects the basin characteristics before rainfall, and 
this indicates that the parameter is important for calculating 
surface runoff (Feyereisen et al. 2007). Similar results were 
reported in a previous study that showed that the most sensi-
tive parameters controlling surface runoff and groundwater 
recharge were CN2 and GWQMN, respectively (Kushwaha 
and Jain 2013).

SWAT Performance

The simulated and observed daily streamflow data from 2001 
to 2005 (calibration period) and from 2006 to 2009 (valida-
tion period) from the three gauging stations are shown in 
Fig. 4. Although the model obviously underestimated the 
peak value during the wet season, and overestimated stream-
flow during several time periods in the dry season, it worked 
well overall for the entire simulation period. The R2 and 
the NSE exceeded 0.80 in all three gauges during the cali-
bration period, and the corresponding R2 and NSE values 
exceeded 0.75 during the validation period (Fig. 4; Table 4). 

Table 3   The sensitivity rank of model parameters

Parameter Definition Unit Rank Calibrated result

CN2 Initial SCS runoff curve number for moisture condition II Dimensionless 1 Multiply original values by 0.86
GWQMN Threshold depth of water for occur return flow mm H2O 2 415.32
ESCO Compensation factor for soil evaporation Dimensionless 3 0.06
SOL_AWC​ Available water capacity of the soil layer mm H2O/mm soil 4 Multiply original values by 0.97
ALPHA_BF Groundwater recharge alpha factor 1/days 5 0.07
CH_K2 Effective hydraulic conductivity for main channel alluvium mm/h 6 53.93
GW_REVAP Groundwater re-evaporation coefficient Dimensionless 7 0.04
CH_K1 Effective hydraulic conductivity for tributary channel alluvium mm/h 8 48.68
REVAPMN Water threshold depth in the shallow aquifer for occur re-evapora-

tion
mm H2O 9 265.73
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According to the performance evaluation criteria recom-
mended by Moriasi et al. (2015), this equates to “Good” 
performance. All of the absolute PBIAS values were com-
puted to be less than 10% across the entire simulation period 
(Fig. 4; Table 4), and the negative PBIAS values mean that 
the estimated values were generally slightly greater than 
the observed values. The results indicate that the calibrated 
model can be used to predict streamflow during the simula-
tion period, and to analyze the relationship between LUCC 
and the Taojiang River basin’s water balance.

The probable cause of the model error is the inhomo-
geneous space-temporal distribution of precipitation within 

the year, due to the huge elevation difference of the study 
area and the sub-tropical monsoon climate. Notice that peak 
runoff typically occurred in a day when the runoff was far 
greater than in adjacent days. The model did not replicate the 
peak runoff, possibly because the weather and precipitation 
stations were not uniformly distributed, and failed to capture 
the short-term torrential rain that caused the flood.

Hydrological Response to Real LUCC Scenarios

The hydrological impacts of the two real LUCC scenar-
ios are shown as plots of average monthly surface runoff, 

Fig. 4   Precipitation and daily streamflow results during the simulation periods at the Taojiang River basin from the a Julongtan, b Chayuan, and 
c Dutou hydrological station

Table 4   Statistical results of 
model simulation periods

The determination coefficient (R2), the Nash–Sutcliffe efficiency coefficient index (NSE), and the percent 
bias (PBIAS)

Hydrological station Calibration (2001–2005) Validation (2006–2009)

R2 NSE PBIAS R2 NSE PBIAS

Julongtan 0.85 0.83 − 3.7 0.79 0.79 − 5.4
Chayuan 0.82 0.81 − 4.5 0.79 0.78 − 6.1
Dutou 0.81 0.80 − 7.8 0.76 0.75 − 9.4
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groundwater recharge, and ET from 2001 to 2009 (Fig. 5). 
It is also shown in the average monthly values of the same 
three water balance components in Table 5 for the baseline 
and two historical scenarios (2010 and 2015). The plots of 
the water balance components in Fig. 5 revealed that very 
slight impacts in water balance were predicted between the 
2005 baseline and the 2010 historical land-use (scenario 
1), and that somewhat larger impacts occurred between the 
2005 baseline and 2015 (scenario 2). Based on the monthly 
averages listed in Table 5, the scenario 1 surface runoff 
increased 0.08%, groundwater recharge decreased 0.05%, 
while ET decreased 0.04% relative to the baseline.

Larger impacts were predicted for scenario 2: a 0.16% 
increase in the surface runoff, a 0.11% decrease in the 
groundwater recharge, and a 0.13% ET decrease between 
the baseline and scenario 2. These results are consistent with 
existing research showing that moderate land-use changes 
produced minor changes in the water budget.

Because of measures to control rare earth exploitation, 
production, and export, as well as the local government’s 
attention to the ecological environment of the mines, the 
scale of rare earth mining has been continuously decreasing 
during the last decade (2005–2015) in the Taojiang River 
basin, despite the increased price and demand for REEs. The 
rare earth bare land area decreased from 66.3 to 54.7 km2, 
and the area proportion decreased from 0.84 to 0.70%. 
Meanwhile, the rapid expansion of the local economy has 
led to fast expansion of the cities. The urban area increased 

from 82.1 to 101.7 km2, and the area proportions increased 
from 1.04 to 1.29%, with an annual increase rate of about 
0.01% and 0.04% for the first and second half of the last dec-
ade, respectively. Meanwhile the forest area decreased from 
6072.5 to 6039.3 km2, and the area proportion decreased 
from 77.25 to 76.83%, with an annual decrease rate of about 
0.02% and 0.07% for the first and second half of the last 
decade, respectively. The areas and proportions of the other 
dominant land-use types were unchanged (Table 2).

The rare earth mining activities has had an important 
impact on the hydrological cycle for the Taojiang River 
basin. The increase in surface runoff shown in Fig. 5 for 
scenario 1 is attributed mainly to the decrease in forest area 
between 2005 and 2010. Similar impacts are implied by the 
even stronger responses predicted for scenario 2 (2015 land-
use), during which the urban area proportion increased at 
a rate of 0.04% per year, while the mining area proportion 

Fig. 5   Comparison of main water balance components between the baseline scenario and scenarios 1–2 for a surface runoff, b groundwater 
recharge, and c evapotranspiration

Table 5   Simulated average monthly water balance components for 
historical scenarios at the Julongtan hydrological station for 2001–
2009

Scenarios Surface runoff 
(mm)

Groundwater 
recharge (mm)

Evapotran-
spiration 
(mm)

Baseline 38.06 18.75 55.63
Scenario 1 38.09 18.74 55.61
Scenario 2 38.12 18.73 55.56
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decreased at a rate of 0.02% per year and the forest area 
proportion decreased at a rate of 0.07%. Thus, the increase 
in surface runoff (Fig. 5) for scenario 2 is attributed mainly 
to the loss of forested land and the urban expansion between 
2010 and 2015.

Due to the decrease in mining activities, updates of min-
ing techniques, and contemporaneous reclamation practices, 
the rare earth bare land has continued to decrease during the 
last decade. The rapid development of urban land and con-
tinuing decrease of forested land is responsible for an over-
all deterioration of the Taojiang River basin’s water budget, 
with an increased surface runoff and decreased groundwater 
recharge and ET.

Hydrological Response to Hypothetical LUCC 
Scenarios

Figure 6 graphically compares the average monthly water 
balance components over the 2001–2009 simulation period 
for the baseline and hypothetical LUCC scenarios (scenarios 
3–6). The long-term average monthly values of water bal-
ance components for the baseline and hypothetical scenarios 
are listed in Table 6.

The predicted impacts were generally linear relative 
to the baseline levels (Fig. 6). Based on the long-term 
average monthly values shown in Table 6, surface run-
off decreased by 0.16%, 0.37%, and 0.58%; groundwater 
recharge increased by 0.27%, 0.43%, and 0.64%; and ET 

increased 0.27%, 0.31%, and 0.65% from baseline to sce-
nario 3, 4, 5, respectively.

It is evident that the forest land has the strongest water-
holding and evaporation capacity, and that bare land has 
the weakest water holding and evaporation capacity. 
Therefore, the rank for negative hydrological impacts for 
the four main land-use types is, from highest to lowest: 
BARE, URBN, PAST, and FRST.

The total conversion of the granitoid area to rare earth 
bare land (scenario 6) resulted in a surface runoff increase 
of 20.76%, a groundwater recharge decrease of 18.99%, 
and an ET decrease of 24.07% (Table 6; Fig. 6). This 
reveals the potential maximum hydrological impact of an 
“extreme” rare earth mining scenario. The hypothetical 
results for scenarios 3–5 (Table 6; Fig. 6) showed smaller 

Fig. 6   Comparison of main water balance components between the baseline scenario and scenarios 3–6 for a surface runoff, b groundwater 
recharge, and c evapotranspiration

Table 6   Simulated average monthly water balance components under 
hypothetical scenarios at the Julongtan hydrological station

Scenarios Surface runoff 
(mm)

Groundwater 
recharge (mm)

Evapotran-
spiration 
(mm)

Baseline 38.06 18.75 55.63
Scenario 3 38.00 18.80 55.78
Scenario 4 37.92 18.83 55.80
Scenario 5 37.84 18.87 55.99
Scenario 6 45.96 15.19 42.24
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hydrological impacts predicted than the historical changes 
in scenarios 1 and 2 (Table 5; Fig. 5).

By comparing the scenario 3–5 results, it can be inferred 
that forested and pasture land amplify soil infiltration, result-
ing in less surface runoff and more groundwater recharge 
than urban land and rare earth bare land. The decrease in ET 
is due to the decreased vegetative cover area, which results 
in decreased transpiration.

Table 7 showed that streamflow increased slightly in 
the Taojiang River basin during 2005–2015. However, the 
two historical scenarios (scenarios 1 and 2; Table 5; Fig. 5) 
showed that the overall trend of surface runoff increased 
due to the combination of rare earth mining activities, urban 
development, and forest degradation; this also indicates that 
the ecological environment had deteriorated.

Combined with the discussion pertaining to hypothetical 
scenarios 3–5 (Table 6; Fig. 6), it can be inferred that rare 
earth bare land exerts the most severe hydrological impact; 
it produced the most surface runoff, the least groundwater 
recharge, and the least ET. The rare earth mining technol-
ogy removes the vegetative cover and top soil. The bare land 
surface was hard and dense after mining, and the porosity 
was less than the original soil surface. This means that the 
precipitation that falls onto this area has difficulty infiltrating 
into the soil profile and tends to produce more surface runoff 
than groundwater recharge.

Although the urban land has a larger scale of imperme-
able surfaces (such as waterproof roofs and cement pave-
ments), the greenbelt along the roads, the green zones, and 
the parks scattered in the urban cities provide considerable 
urban green space. Compared to bare land, urban land inter-
cepted and collected more precipitation to infiltrate the soil 
profile, had greater ET, and provided more groundwater 
recharge.

Unlike urban land, which contains considerable imperme-
able interfaces, pasture and forested land are covered with 
vegetation all year round. The surface soil is rich in roots and 
is loose and, thus, precipitation easily infiltrates. Transpira-
tion by the vegetation that grows in these two types of land-
use constantly transfers water from the soil and groundwater 
to the external environment. Thus, pasture and forest land 
produces less surface runoff, more groundwater recharge, 
and more ET than urban land. In addition, forested land has 
greater vegetation coverage, bigger leaf areas, and deeper 
root growth depth than pasture land, and therefore, produces 

less surface runoff, more groundwater recharge, and more 
ET.

These conclusions derived from the hypothetical sce-
narios are consistent with previous research from different 
areas across the world (e.g. Hua et al. 2008; Krause 2002; 
Weber et al. 2001). Thus, it can be concluded based on the 
results of this study and others that more forested and pas-
ture land leads to less surface runoff; inversely, surface run-
off increases and ET decreases as the area of bare land and 
urban land increases.

Conclusions

This study of various land-use scenarios shows that the 
hydrological impact of extensive rare earth mining activities 
has significantly changed the water balance components of 
the Taojiang River basin. We used a historical and hypotheti-
cal scenario method based on a modeling approach, which 
is a widely accepted way to research how LUCC affects the 
main water balance components of the hydrological process. 
The established SWAT model duplicated the local hydro-
logical phenomena well. The research confirms that SWAT 
can be used to assess the hydrological impacts of rare earth 
mining activities with satisfactory accuracy.

The study found that the water balance in this basin has 
degraded from 2005 to 2015. The rank of capacity to gener-
ate surface runoff of the four dominant land-use types was, 
from highest to lowest: rare earth bare land, urban land, pas-
ture land, and forested land. Due to the relatively small area 
involved, the rare earth mining activities were not enough 
to significantly deteriorate the local hydrological cycle from 
2005 to 2015; therefore protecting the forest should be con-
sidered as the top priority in the future to achieve sustain-
able development. In addition, urban land also exerts a great 
impact on the water balance. Considering that the expansion 
of the urban area and population is an inevitable trend, mini-
mizing the loss of forested land and enhancing infiltration in 
the urban areas should be the top priorities to mitigate the 
stress of urban land on the hydrological cycle.

The results provide important references for the sustain-
able development of rare earth mining activities in the Taoji-
ang River basin and other similar mining regions. Notice that 
water quality is also a key component of the total water envi-
ronment and that this study only focused on water quantity. 
Future work need to research the influence of urban growth 
and rare earth mining activities on both water quantity and 
quality, and reappraise the total water environment impacts 
of rare earth mining activities on the Taojiang River basin.
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