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Abstract: Baseflow is the part of streamflow that is mainly replenished by groundwater. The
protection of the biological environment and the growth of its water resources greatly depend on
the spatial and temporal evolution of baseflow. Therefore, the Baizhiao (BZA) and Shaduan (SD)
catchments of the Jiaojiang River Basin (JRB) in the Zhejiang province of China were selected as study
areas. The ABCD model and Eckhardt method were used to calculate baseflow and baseflow index
(BFI). The temporal and spatial evolution patterns of baseflow were analyzed through statistical
analysis and the Mann–Kendall test. The results showed that the ABCD model performs well in
simulating overall hydrological processes on the monthly streamflow at BAZ and SD stations with
NSE (Nash–Sutcliffe Efficiency) values of 0.82 and 0.83 and Pbias (Percentage Bias) values of 9.2%
and 8.61%, respectively. The spatial–temporal distribution of the BFI indicates the higher baseflow
contribution in upstream areas compared to downstream areas at both stations. The baseflow and
BFI had significant upward trends at the BZA and SD stations in the dry season, while their trends
were not uniform during the wet period. These findings are essential guidance for water resource
management in the JRB regions.

Keywords: monthly-scale hydrological modeling; baseflow simulation; ABCD model; Eckhardt
method; spatial and temporal analysis

1. Introduction

Baseflow is a relatively stable streamflow component, mainly originating from sub-
surface streamflow or delayed portions of streamflow [1–3]. Baseflow can provide the
necessary support for streamflow replenishment [4] and play a crucial role in supplement-
ing groundwater in the basin [5]. Current global climate change and human activities
have increased uncertainty in the hydrological cycle [6,7]. Many studies have analyzed
the response of streamflow to climate change and human activities [8,9]. As a relatively
stable water source, baseflow is essential in mitigating the impacts of seasonal and climatic
variations on water resources [10,11]. A better understanding of groundwater replenish-
ment and discharge processes can be achieved through temporal and spatial baseflow
analysis, supporting the scientific and rational utilization of groundwater resources [12].
Therefore, gaining in-depth insights into the temporal and spatial evolution patterns of
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baseflow in watersheds is crucial for maintaining ecological flow [13,14], managing water
resources [15], and studying the patterns of drought evolution [16–18].

Currently, scholars use various baseflow simulation methods [19–21], mainly includ-
ing numerical simulation methods [22,23], isotope methods [24], and water balance meth-
ods [25]. For example, Song et al. [26] quantitatively assessed the contributions of direct
streamflow and baseflow to nitrogen loading in the Western Lake Erie Basins in China
using numerical simulation methods, which can provide critical information for regional
water resource management. Fillo et al. [24] used isotopic techniques to investigate how
lawn watering affected baseflow in Denver, USA. They investigated the effects of lawn
irrigation on baseflow in semiarid metropolitan regions and concentrated on examining
the isotopic ratios of water molecules. Murray et al. [27] conducted an in-depth analysis of
monthly baseflow trends in watersheds within Canada using the water balance method.
This study aimed to explore the effects of climate change on baseflow, providing critical
insights into the changes in hydrological cycles in Canada.

Water balance models can estimate relationships such as precipitation, snowmelt,
evaporation, streamflow, and groundwater recharge [28]. The ABCD model, as a four-
parameter hydrological model, uses precipitation and potential evapotranspiration as
inputs to estimate changes in evapotranspiration, streamflow, soil moisture, and ground-
water storage [29]. These four variables play crucial roles in simulating the hydrologi-
cal processes of a watershed. Model parameter calibration is essential in applying the
ABCD model, optimizing model parameters based on observed data to improve predictive
accuracy. Standard parameter calibration methods include trial and error by Bayesian
methods [30–32], which effectively adjust model parameters to adapt to the characteristics
of different watersheds [33–35].

The choice to study the Jiaojiang River Basin is motivated by its significant importance
for water resource management and ecological conservation despite facing challenges
such as insufficient mainstream monitoring stations and lacking hydrological data for sub-
watersheds. In recent years, the basin has experienced water scarcity due to the impacts of
climate change and human activities. Therefore, this research aims to apply the monthly
water balance four-parameter hydrological model (ABCD model) to (a) calculate streamflow
in data-scarce watersheds, (b) simulate baseflow in each sub-watershed, and (c) assess the
temporal and spatial evolution patterns of baseflow within the watershed. This study
also aims to (d) provide a more scientific basis for future water resource management and
ecological conservation as a powerful tool for technical support for regional water resource
assessment and management.

2. Materials and Methods
2.1. Study Area

The JRB is one of the eight essential river basins in the Zhejiang Province, China. It
borders the East China Sea to the east and is situated between 120◦17′6′′ E to 121◦41′00′′ E
longitude and 28◦32′2′′ N to 29◦20′29′′ N latitude, covering an area of 6603 km2 [36], as
shown in Figure 1. The basin falls within a subtropical monsoon climate zone characterized
by four seasons, mild temperatures, and abundant rainfall. The average annual precipi-
tation is 1652 mm, and the average evaporation is 1237.9 mm (observed using a φ20 cm
evaporation pan). Precipitation distribution is higher in mountainous areas than plains,
with the southern part receiving more rainfall than the northern part. The southwestern
and northwestern mountainous regions have the highest precipitation, while the lowest
precipitation occurs in the coastal plain area of JRB. In recent years, water scarcity in the
Jiaojiang River Basin has been caused by climate change and human activities. Therefore,
studying the temporal and spatial evolution patterns of baseflow within the basin can offer
technical support for regional water resource assessment and management.
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Figure 1. Schematic of the study area.

2.2. Data

This study selected streamflow data from two hydrological stations, namely, BZA
and SD, in the JRB and conducted an analysis. The chosen data period for both stations is
unified from 1990 to 2020. The daily precipitation and evaporation pan observation data
for 24 meteorological stations within the JRB used in this study were sourced from the
China Meteorological Science Data Sharing Service website (http://data.cma.cn, accessed
on 1 May 2021).

2.3. Methodology

This study employed the Eckhardt [37] method for separating streamflow to obtain
baseflow. The simulation of baseflow results is evaluated based on the BFI. Streamflow
was simulated based on the ABCD model, and the temporal and spatial baseflow evolution
patterns were analyzed through statistical analysis and the Mann–Kendall test [38], as
shown in Figure 2.

http://data.cma.cn
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Figure 2. Study methodology flow chart. 
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Figure 2. Study methodology flow chart.

2.3.1. Baseflow Separation Using Digital Filtering Method

The digital filter distinguishes between high-frequency and low-frequency signals
because the rapid response qualities of direct streamflow are comparable to high-frequency
signals, while the sluggish response characteristics of baseflow are similar to low-frequency
signals [39]. Streamflow processes can be divided into direct and baseflow according to
this split. Eckhardt [37] developed a general form for some filtering techniques, such as
the Chapman–Maxwell method [39] and Lyne–Hollick approach [40], building on earlier
research on digital filtering techniques.

bi = Abi−1 + Byi (1)

In the equation, bi represents the baseflow for time i, yi represents the total net flow
for time i, and A and B are functions of the recession coefficient α.

Assuming a linear relationship between the outflow and storage of the aquifer, the
coefficients A and B can be expressed in terms of two variables: the recession coefficient (α)
and the maximum BFI (BFImax). A more universally applicable digital filtering equation is
obtained through derivation, known as the Eckhardt Digital Filtering Method.

bt =
(1 − BFImax)αbt−1 + (1 − α)BFImaxQt

1 − αBFImax
(2)

where α is the filtering parameter, BFImax is the maximum of BFI, and Qt is the measured
streamflow at time t.

According to the research findings of Eckhardt, the parameter BFImax can take empiri-
cal values under different hydrogeological conditions: for unconsolidated porous aquifers
with perennial rivers, BFImax is taken as 0.80; for unconsolidated porous aquifers with
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seasonal rivers, BFImax is taken as 0.50; and for weakly permeable aquifers with seasonal
rivers, BFImax is taken as 0.25. The value of α has a relatively small impact on the calculation
results and can generally be set between 0.95 and 0.98.

To implement the Eckhardt method without conducting a hydrogeological investi-
gation, Fan et al. [13] proposed a reverse filtering method using recession constants to
calculate BFImax:

bt−1 =
bt

α
(bt ≤ Qt) (3)

Perform reverse iteration operations on daily flow based on the equation, and then ob-
tain BFImax by dividing the maximum possible total baseflow by the total flow. Fan et al. [13]
applied reverse filtering to generate different BFImax parameters for 1815 watersheds, which
reflects the soil heterogeneity and the spatial variability of hydroclimatic variables.

2.3.2. Baseflow Index

The baseflow index (BFI) represents the contribution of baseflow to the total stream-
flow [41], and the following equation expresses it:

BFI =

∫ t2
t1

Qb(t)dt∫ t2
t1

Q(t)dt
(4)

where Q represents the total streamflow volume in cubic meters per second (m3/s); Qb is
the baseflow volume in cubic meters per second (m3/s); t is the time step; and t1 and t2
represent the starting and ending times, respectively.

2.3.3. The Low-Flow Index Method

The Low-Flow Index is an important indicator reflecting the characteristics of ground-
water supply to river streamflow. Q90 and Q50 represent the flow rates occurring with
frequencies equal to or greater than 90% and 50%, respectively. These flow rates are de-
termined using the daily flow duration curve [42]. The product of the Low-Flow Index
(Q90/Q50) and the annual total streamflow were taken as the observed value of the annual
baseflow to compare with the above baseflow separation estimation results.

2.3.4. ABCD Model

The watershed storage area is conceptualized as layers of soil and groundwater
according to the ABCD model [29] (Figure 3). Evapotranspiration losses happen when
precipitation reaches the soil layer, and the amount of evapotranspiration varies with soil
moisture content in a nonlinear empirical manner. There are two components to streamflow:
baseflow is released from groundwater, and direct streamflow is the total surface streamflow,
followed by subsurface flow from precipitation and soil water. Groundwater can be
replenished by soil water seeping downhill. Many studies [31,32] have used the ABCD
model to simulate watershed streamflow in various regions and have obtained good
simulation accuracy.

Within a finite time step (monthly or yearly), the mass balance equation for soil
water is:

Si − Si−1 = Pi − Ei − Ri − Di (5)

where i represents the time step; Si−1 and Si are the soil water storage at the beginning and
end of the time step; and Pi, Ei, Ri, and Di represent the precipitation, evapotranspiration,
groundwater recharge, and direct streamflow within the time step, respectively.

In the ABCD model, the actual evapotranspiration (E) is a function of precipitation
(P) and soil water storage (S) [29]. It defines two state variables for this purpose, namely,
effective water content (Wi) and potential evapotranspiration (Yi). They can be expressed
by the following equations:

Wi = Pi + Si−1 (6)
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Yi = Ei + Si (7)

Assuming a nonlinear functional relationship between Yi and Wi, the following
is established:

Yi(Wi) =
Wi + b

2a
−

[(
Wi + b

2a

)2
− Wib

a

]0.5

(8)

where both a and b are parameters. The range of a is 0 ≤ a ≤ 1, reflecting the sensitivity of
Yi to changes in Wi, and b represents the maximum possible value of Yi:

Si = Yiexp(E0i/b) (9)

where E0i represents the potential evapotranspiration.
Utilizing Equations (3) and (4), Equation (1) can be rewritten as:

Ri + Di = Wi − Yi (10)

For the allocation of Ri and Di, the ABCD model further assumes:{
Ri = c(Wi − Yi)

Di = (1 − c)(Wi − Yi)
(11)

where c is the third parameter of the model.
The ABCD model simplifies the groundwater layer as a linear reservoir, which can be

expressed as:
Fi = dGi (12)

where d is the fourth parameter of the model.
Substituting Equation (9) into Equation (2), we obtain:

Gi =
[c(Wi − Yi) + Gi−1]

(1 + d)
(13)

Thus, the total streamflow of the watershed Qi = Di + Fi.
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2.3.5. Model Performance Evaluation

We employed a Genetic Algorithm (GA) for parameter calibration in this study. GA
aims to find the optimal solution to a given problem, analogous to Darwin’s theory of
evolution, where individual traits are preserved in a population. GA preserves a candidate
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solution set (also known as individuals) tailored to the specific problem. These candidate
solutions are iteratively evaluated to create the next generation of solutions. Solutions
with better traits are more likely to be selected and pass on their characteristics to the next
generation of candidate solutions. As generations progress, the candidate solution set can
better address the current problem.

We utilized GA to optimize the parameters of our model to maximize its fit with
observed data. Initially, we defined a fitness function to assess the quality of each parameter
set. We then initialized a population containing multiple parameter sets as candidate
solutions. Subsequently, we iteratively evaluated these candidate solutions and selected
the best based on their fitness values to generate the next generation. New solutions were
created in each generation through crossover and mutation operations and added to the
next generation’s population. After multiple iterations, we obtained a set of optimized
parameters that maximized the model’s fit with the observed data.

The normalized dimensionless NSE (Nash–Sutcliffe Efficiency) [43] compares the
variance of the measured and simulated data to determine the fit quality. The NSE value
range is −1 to negative infinity. Better simulation results and increased model reliability are
indicated by a higher NSE value closer to 1. On the other hand, a lower NSE value, nearer
0, denotes worse simulation outcomes with more significant modeling process mistakes,
and the overall dependability of the simulation findings is reduced. The model is deemed
untrustworthy if the NSE is noticeably less than 0.

Expressed mathematically as:

NSE = 1 − ∑T
t=1

(
Qt

o − Qt
m
)2

∑T
t=1

(
Qt

o − Qo
)2 (14)

where QO refers to observed values, Qm refers to simulated values, Qt denotes a specific
value at time t, and Qo represents the overall mean of observed values.

The Percentage Bias (Pbias) [44] represents the percentage difference between the
measured and simulated water flows compared to the corresponding inferred natural
water flow. The closer the Pbias is to 0, the better the model performance.

Pbias =
n

∑
i=1

Qsi − Qoi
Qoi

× 100 (15)

where Qoi is the observed flow on the i-th day; Qsi is the simulated flow on the i-th day; Qo
is the mean observed flow for the days in question; and n is the length of observed data.

2.3.6. Mann–Kendall Test

The World Meteorological Organization suggests the widely used non-parametric
Mann–Kendall test [38]. Since Mann and Kendall first put it forth, many studies have
used it to examine patterns in time series data of various variables, including temperature,
rainfall, streamflow, and water quality. The sample does not need to follow a particu-
lar distribution for the Mann–Kendall test to be valid, and it is unaffected by a small
number of outliers. Computing appropriately for non-normally distributed data such as
meteorological, hydrological, and other types is straightforward.

The null hypothesis H_0 in the Mann–Kendall test states that the time series data
X = (x1, . . . , xn) is made up of n independent random variables with identical distributions.
The alternative hypothesis H1 is a two-sided test in which the distributions of xk and xj are
different for every k, j ≤ n, and k ̸= j,. The test statistic S is calculated as follows:

S =
n

∑
k=1

n−1

∑
j=k+1

sgn
(
xk − xj

)
(16)
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Here, sgn() is the sign function, defined as follows:

sgn
(

xk − xj
)
=


0

(
xk − xj

)
> 0

1
(
xk − xj

)
= 0

−1
(

xk − xj
)
< 0

(17)

The statistic S follows a normal distribution with a mean of 0, and the variance Var(S)
is calculated as follows:

Var(S) =
n(n − 1)(2n + 5)

18
(18)

When n > 10, the standard typical statistic is calculated using the following formula:

Z =


S−1√
Var(S)

S > 0

0 S = 0
S+1√
Var(S)

S < 0

 (19)

If Z > 1.96 or Z < −1.96, at a significance level of α = 0.05, we reject the null hy-
pothesis H0, indicating enough evidence to support the alternative hypothesis H1. If
−1.96 ≤ Z ≤ 1.96, at a significance level α = 0.05, we accept the null hypothesis H0 [38].

3. Results and Discussions
3.1. Streamflow Simulation Using ABCD Model

The ABCD model parameters for the BZA and SD hydrological stations are shown in
Table 1. The parameter values for the two neighboring basins are relatively close. Once
the parameters and initial values were determined, the optimized model parameters were
used to optimize the simulated flows from 1990 to 2010. In addition, the initial values of S
and G were further optimized to obtain the best simulation results from 2011 to 2020. The
correlation with measurements is shown in Figure 4. The simulated results for the BZA and
SD hydrological stations have NSE values of 0.82 and 0.83, respectively, and Pbias values
of 9.2% and 8.61%. The overall deviation of the water quantities derived from the ABCD
model from the observations at the BZA and SD hydrological stations is positive, which
suggests that the model slightly overestimates the actual observed values of the mean
hydrological processes. The NSE is more than 0.8, and the Pbias is less than 10%, which
indicates that the ABCD model is a good fit and can be used for hydrological simulation
in JRB [45].

Table 1. The ABCD model parameters for two hydrological stations.

Station A B (mm) C D Soil Water
Storage (mm)

Groundwater
Storage (mm)

BZA 0.98 220.43 0.37 0.72 50.64 578.29
SD 0.96 283.69 0.30 0.60 27.50 675.55
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3.2. Baseflow Simulation Applying Eckhardt Digital Filtering Method

Table 2 illustrates the ABCD model parameters for the BZA and SD hydrological
stations. There are slight differences in the parameter values between the two adjacent
basins, with the parameter values for BZA consistently higher than those for SD. The
parameters at the daily scale exhibit significant fluctuations in both basins. Hence, monthly
scale parameters were adopted for excellent stability and reliability in modeling.

Table 2. Baseflow and streamflow characteristics at two hydrological stations.

Station

Average
Daily

Streamflow
(m3/s)

Average
Daily

Baseflow
(m3/s)

Maximum
Daily

Baseflow
(m3/s)

Median
Daily

Baseflow
(m3/s)

Average
Monthly

Streamflow
(m3/s)

Average
Monthly
Baseflow

(m3/s)

Monthly
Maximum
Baseflow

(m3/s)

Median
Monthly
Baseflow

(m3/s)

BZA 71.55 35.92 396.14 22.73 70.99 35.82 158.42 28.48
SD 39.33 21.81 195.80 15.31 41.36 21.72 85.72 16.82

The baseflow simulation was conducted for the SD and BZA watersheds using the
ABCD model, followed by baseflow separation using the Eckhardt digital filtering method.
To validate the baseflow separation estimation results, we used the product of the Low-
Flow Index (Q90/Q50) and the annual total streamflow as the observed value of the annual
baseflow. This observed value was compared with the baseflow calculated using the ABCD
model. The NSE and Pbias were then used to validate the baseflow calculated by the
ABCD model. Subsequently, the simulated results were evaluated using the observed
streamflow multiplied by the low-flow index (Figure 5). The NSE values for baseflow
simulation at the BZA and SD stations were 0.81 and 0.85, respectively. The Pbias values
of baseflow simulation for the BZA and SD stations were 8.65% and 5.90%, respectively,
indicating a slight underestimation of the observed values by the model. The baseflow
separation results showed that this method could effectively simulate baseflow, which can
provide a fundamental reflection of the annual variation within the watershed. Moreover,
this approach could be utilized to analyze and research the spatiotemporal evolution of
baseflow in the SD and BZA stations [46].
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Figure 5. Watershed observation and simulation of yearly Baseflow verification in the (a) BZA and
(b) SD stations.

3.3. Division of Wet and Dry Periods by BFI Value

Figure 6 illustrates the variation of monthly BFI based on the results of the digital
filtering method to derive BFI values. The BFI variation pattern at the BZA and SD
stations remained consistent throughout the year, with the maximum BFI occurring in
December and the minimum in August. The flow in rivers decreased as the seasons
changed and rainfall decreased. River replenishment has increasingly relied on subsurface
runoff, which has increased the supply of subsurface runoff. Consequently, the BFI has
increased as the percentage of subsurface runoff to river replenishment has decreased. This
has resulted in an increase in groundwater recharge, which has decreased the amount
of groundwater contributing to river flow and raised the BFI. During the summer, river
recharge is primarily dependent on precipitation and groundwater. The groundwater input
to river flow increases proportionately with rainfall, lowering the BFI [47].
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According to the monthly BFI results at the BZA and SD stations, the variation of
monthly BFI is shown in Figure 7. By comparing multi-year average BFI values, the period
from October to April was identified as the dry season, while May to September was
considered the wet season for the watershed. As a result, the rainy season was defined as
the months with BFI below average and the dry season as those with BFI above average [48].
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3.4. Spatial and Temporal Distribution Characteristics of Baseflow

The monthly baseflow and BFI statistical analysis for the BZA and SD watersheds
from 1990 to 2020 are shown in Figure 8. As indicated in Figure 8, the BFI did not exhibit
significant differences due to variations in watershed area, suggesting that the model
performed well in capturing the baseflow process. The watershed area considerably
impacted baseflow discharge, increasing baseflow as the area expanded. Numerous outliers
in the baseflow for both BZA and SD suggested significant fluctuations in monthly flow
rates [47].
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The baseflow in the JRB exhibited a significant geographical gradient trend, increasing
from southwest to northeast. There was a notable gradient difference in baseflow among
different regions within the basin, ranging from below 0.27 m3/s to over 3.27 m3/s. This
may be attributed to the typically higher elevation or complex terrain in the southwest,
which could have led to a more concentrated water flow, forming high-value areas of
baseflow. Conversely, the lower terrain in the northeast may have resulted in relatively
lower baseflow. The terrain gradient could have accelerated the flow of water, influencing
the distribution of baseflow across different basin regions. The seasonal variations and
distribution of precipitation in the subtropical monsoon climate could have induced spatial
variations in baseflow. Monsoonal climates are often characterized by distinct wet and
dry seasons, which may have contributed to differences in baseflow within the basin [44].
Higher terrain in the southwest might have been more susceptible to the influence of mon-
soon rains, while the northeast could have been relatively drier. WNW winds might have
created differences in moisture transport within the basin, resulting in spatial variations in
baseflow [46]. Specific wind directions might have transported moisture to specific areas of
the basin, affecting precipitation and thus influencing baseflow formation. These factors
collectively may have contributed to the spatial variation of baseflow within the basin.

Figure 9 showed the BFI, baseflow modulus, and average annual baseflow distribution
for all Sub-watersheds at BZA and SD basins during all, wet, and dry seasons. The BZA
watershed has a spatial trend in the baseflow modulus, with larger values in the upstream
areas and smaller values in the downstream areas. The baseflow modulus in the upstream
regions exhibits a broader range of fluctuations, ranging from 140 to over 220 (L/km·s),
while it is relatively minor in the downstream areas. Geological conditions and hydrological
processes in the upstream areas may have influenced the spatial differences in the baseflow
modulus. However, the baseflow modulus was significant in upstream and downstream
areas, with a relatively large fluctuation range maintained between 100 and 180 (L/km·s) in
the SD watershed. The study suggests complex hydrological processes governing baseflow
in the entire SD watershed. Factors such as relatively flat terrain similarly affect the basin’s
baseflow formation. With comparatively more significant values in the upstream areas
ranging from below 0.66 to over 0.68, the BFI in the BZA watershed is generally smaller.
By contrast, the BFI in the SD watershed is often more significant, fluctuating within an
overall range of 0.68 to 0.74. Precipitation, evaporation, terrain, and other complicated
elements within the basin may have impacted the spatial differences in the BFI among
different locations [49–51].

Figure 10 illustrates the overall baseflow trend in the JRB. Both the BZA and SD areas
exhibit significant increases in baseflow, with a slight increase in the baseflow index up-
stream of BZA and a slight decrease downstream. During the wet season, the baseflow in
BZA generally decreases significantly, while the baseflow index in BZA increases signifi-
cantly, and the SD area shows an overall significant decrease. In contrast, during the dry
season, the baseflow and baseflow index in all areas exhibit significant increases. The trends
of average baseflow discharge and BFI for all sub-basins during the wet and dry seasons
indicate an annual increase in baseflow, suggesting the basin is building up groundwater
reserves. Groundwater responds slowly to changes due to its lengthy recharging cycle.
Therefore, the increase in baseflow can indicate substantial groundwater recharge in earlier
periods, contributing to steady growth in groundwater reserves [52]. Furthermore, the
yearly increase in the BFI has demonstrated an upward tendency in the baseflow proportion
relative to the overall streamflow. Due to the subtropical monsoon climate and topography
of the JRB, there may be a more significant percentage of groundwater recharging with
total streamflow, as shown by this rise in the BFI. There were notable seasonal and regional
variations in temperature and precipitation distribution.
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Figure 11 illustrates the correlation analysis between evaporation, precipitation, and
baseflow for all sub-basins. Surface runoff and groundwater infiltration may be impacted
by changes in precipitation patterns and temperature distribution brought on by climate
change. Long-term climate patterns may have increased groundwater recharge and base-
flow generation. Groundwater recharge and circulation may have been significantly im-
pacted by the basin’s geological features [53]. Precipitation and baseflow are generally
positively correlated, while the BFI is negatively correlated. The differences between the
wet and dry seasons are not significant overall. Evaporation is generally positively corre-
lated with the baseflow and BFI. During the wet season, evaporation negatively correlates
with the baseflow and strongly positively correlates with the BFI. During the dry season,
evaporation positively correlates with the baseflow and weakly positively correlates with
the BFI. Overall, the baseflow in the BZA is more positively correlated with evaporation
than in the SD. The SD area is generally more negatively correlated with the BFI than the
BZA area. There is not much difference in the correlation of evaporation with the baseflow
and the BFI between the two basins.
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The genesis of baseflow may have been impacted by different groundwater flow
patterns in the aquifers due to variations in the geological structure and rock types found
in the JRB [51]. During the rainy season, baseflow increased somewhat, while the patterns
varied by region. During this time, the BFI somewhat dropped, suggesting a decline
in the proportion of groundwater in the overall streamflow. During the rainy season,
there was a noticeable increase in streamflow discharge, which may have approached the
maximum baseflow discharge. This implied that while the percentage of baseflow reduced
during heavy rainfall, surface streamflow contributed comparatively more to the overall
streamflow. Throughout the dry season, baseflow showed a significant increasing trend,
whereas the rise of BFI remained pretty stable. One possible explanation for the sharp rise
in baseflow during the dry season is a combination of reduced precipitation, comparatively
low evapotranspiration, and steady groundwater recharging. The percentage of baseflow
in the overall streamflow grew during this period, indicating the growing importance of
groundwater in preserving the basin’s hydrological balance [54].

The study is constrained by limited runoff data, which may introduce uncertainties in
the simulation accuracy and the absence of measured baseflow data, leading to uncertainties
in the baseflow simulation. Future research could include field experiments for validating
baseflow simulations and conducting attribution analysis to identify critical factors, such
as climate change and human activities, influencing baseflow changes in the watershed.
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4. Conclusions

This study utilized monthly streamflow data from the BZA and SD stations in the
JRB to simulate baseflow (BFI) using the Eckhardt method and the ABCD model. In
addition, it has achieved baseflow simulation in data-scarce basins based on a monthly
scale hydrological model. The primary findings from this study are as follows:

(1) The simulated findings show that the NSE values for the BZA and SD stations are 0.82
and 0.83, and the Pbias values are 9.2% and 8.61%. According to available data, the
ABCD model generally replicates monthly hydrological processes but overestimates
the streamflow at the BZA and SD basins.

(2) Using the Eckhardt method to separate baseflow, the NSE values of baseflow simula-
tions at the BZA and SD stations were 0.81 and 0.85, respectively. The Pbias values
were 8.65% and 5.90%, respectively, which indicates that the model slightly overesti-
mates baseflow in the BZA and SD stations. According to the BFI spatial distribution,
there is a trend toward greater values in the upstream regions and lower values in
the downstream regions. The BFI rises yearly, and the monthly hydrological model’s
baseflow exhibits a relatively fast expansion pattern.

(3) The increasing trends of baseflow were relatively small during the wet season but more
significant during the dry season, highlighting the impact of seasonal variations on
baseflow simulation in the monthly-scale hydrological model. The baseflow modulus
in the upstream regions shows a broader range of fluctuations from 140–220 (L/km·s)
and 100–180 (L/km·s) at the BZA and SD stations, respectively. Geological conditions
and hydrological processes in the upstream areas may have influenced the spatial
differences in the baseflow modulus.

This study provided a detailed analysis and validation for baseflow simulation in
data-scarce basins using monthly-scale hydrological models. These findings are essential
for gaining deeper insights into applying monthly-scale hydrological models in data-scarce
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basins, scientifically managing water resources, providing environmental protection, and
adapting to climate change.
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