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Abstract: Documenting how ground- and surface water systems respond to climate change is cru-
cial to understanding water resources, particularly in the U.S. Great Lakes region, where drastic
temperature and precipitation changes are observed. This study presents baseflow and baseflow
index (BFI) trend analyses for 10 undisturbed watersheds in Michigan using (1) multi-objective
optimization (MOO) and (2) modified Mann–Kendall (MK) tests corrected for short-term autocorre-
lation (STA). Results indicate a variability in mean baseflow (0.09–8.70 m3/s) and BFI (67.9–89.7%)
that complicates regional-scale extrapolations of groundwater recharge. Long-term (>60 years) MK
trend tests indicate a significant control of total precipitation (P) and snow- to rainfall transitions
on baseflow and BFI. In the Lower Peninsula Rifle River watershed, increasing P and a transition
from snow- to rainfall has increased baseflow at a lower rate than streamflow; an overall pattern
that may contribute to documented flood frequency increases. In the Upper Peninsula Ford River
watershed, decreasing P and a transition from rain- to snowfall had no significant effects on baseflow
and BFI. Our results highlight the value of an objectively constrained BFI parameter for shorter-term
(<50 years) hydrologic trend analysis because of a lower STA susceptibility.

Keywords: streamflow; chemical mass balance; baseflow index; objective hydrograph separation;
groundwater–surface water interaction; recursive digital filter; watershed; Great Lakes

1. Introduction

Considered to be in the “bullseye” of climate change, watersheds in the U.S. Great
Lakes Basin, and in the state of Michigan in particular, have undergone dramatic hydro-
logic transformations [1]. Despite the documented increases in temperature and extreme
precipitation events [2–4], resulting effects on water balance parameters (e.g., total precipi-
tation, evapotranspiration, groundwater recharge) have shown to be highly complex [4–8],
as evidenced by the spatiotemporal variability of precipitation, streamflow, groundwa-
ter, and lake level trends [5,8–10]. Of the hydro-climate time series data used for trend
evaluations of water balance parameters, baseflow (defined as the streamflow component
sourced from groundwater) is usually not included. This likely reflects the uncertainty
associated with the various estimation procedures [11,12] or data shortage from unreg-
ulated/undisturbed watersheds [7,13,14]. Nevertheless, baseflow constraints are of key
importance in the assessment of water quality and stream biodiversity in droughts [15–22],
as well as in the calibration of hydrologic models of groundwater recharge [6,23–26].
Moreover, a comparison of the concurrent trends of hydrograph components through
the baseflow index (BFI = ratio of mean baseflow over mean streamflow) allows for
an assessment of the relative impacts of climatic stressors on groundwater and surface
water resources.

Baseflow is commonly estimated from streamflow records using hydrograph sep-
aration techniques such as graphical-, recession-curve-, chemical mass balance (CMB)-,
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and/or recursive digital filter (RDF)-based methods. Although widely accepted, each of
these methods relies on subjective input parameters such as the choice of algorithm to
draw connecting lines in the streamflow hydrograph [27–29], the distinction of recession
periods [30,31], the selection of appropriate groundwater and surface runoff end-member
chemistries [18,32,33], or the choice of filter parameters in the RDF methods [11,34–36].
While some guidance exists for method implementation and choice of input parameters
based on hydrogeologic regime and data availability [29,34,36–38], uncertainty is generally
not addressed based on the informed choice of input parameter range applicable to a
specific setting, but rather through the use of multiple methods run on default parame-
ters [11,12,25,36].

A recent study [39] presented a new objective hydrograph separation approach
that accounts for both saline and dilute baseflow sources of variable residence times.
The approach combines RDF and CMB methods through multi-objective optimization
(MOO), where the first objective aims to reproduce measured, daily stream specific con-
ductance (SC), and the second objective minimizes the occurrences in which the measured
stream SC exceeds the baseflow SC end-member. This end-member varies in time and is
generated through linear interpolation of stream SC on baseflow days determined by the
RDF in the optimization. The method has been successfully implemented for an alpine
headwater stream in eastern California, but its utility for analyses of lowland streams,
such as those of the U.S. Great Lakes Basin, has not yet been tested.

The purpose of this investigation is to evaluate how recent changes in temperature,
total precipitation, and associated snow- to rainfall transitions in the U.S. Great Lakes
region have individually affected baseflow and surface runoff components of the stream
hydrograph. This is accomplished through a sequence of steps in which we (1) establish
multidecadal baseflow and BFI records for various stream gages through multi-objective
optimization (MOO), and (2) evaluate these records through a series of Mann–Kendall
(MK) trend analyses, corrected for short-term autocorrelation effects via pre-whitening,
variance correction, and block bootstrapping techniques. We focus this study on the U.S.
state of Michigan (Figure 1) because of the availability of daily streamflow and stream SC
records from pristine and largely undisturbed watersheds. However, the investigation
steps outlined in this study could be extended to comparable settings, adding to the existing
efforts to quantify climate change effects on sustainable groundwater yields.

Figure 1. State of Michigan, land use and U.S. Geological Survey (USGS) stream gages that fit
outlined selection criteria for undisturbed streams.
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2. Materials and Methods
2.1. Study Area and Datasets

The state of Michigan is located in the Great Lakes region of the northern United States
(Figure 1). Approximately 58% of the state consists of forest and woodland. Agriculture
and developed urban land cover are primarily concentrated in the state’s more populated
Lower Peninsula. Much of the surficial geology of Michigan is a result of Late Wisconsin
glaciation, resulting in generally low relief topography and a nearly ubiquitous surficial
layer of outwash, till, and lacustrine and/or moraine deposits [40].

This study was conducted on watersheds and gaging stations (Table 1) selected
from available U.S. Geological Survey (USGS) water data for the nation network [41].
Selection criteria were as follows: (1) availability of consecutive daily discharge and SC
data for >1 year; (2) data spanning a time frame extending until >2010; (3) absence of major
diversions or regulations through, e.g., dams, inflow from reservoirs, irrigation return flows
or hydro electrical power plants; and (4) limited (i.e., <5%) urbanization or agriculture
land use/land cover upstream of the stream gauge. For a reliable MK trend analysis,
gages furthermore had to (5) exhibit a record of at least 50 years of daily streamflow
records. All selected gages are unevenly distributed across the state, due mainly to flow
regulation as well as urban/agricultural development in the state’s Lower Peninsula
(Figure 1). Of the 10 gages that fit selection criteria 1 to 4, only two, Ford and Rifle River,
fit selection criterion 5.

Table 1. Site locations and data records.

USGS Gage ID Lat. Long. Streamflow
Record

Stream SC
Record

Missing Data
Streamflow (%) Missing Data SC (%)

Boardman R
above Brown

Bridge Road near
Mayfield

44◦39’24” 85◦26’12” 1997-09-10–
current

1997-11-05–1998-
09-30 0 9.09

Falls River near
L’Anse 46◦44’05” 88◦26’35” 2014-07-01–

current
2014-09-30–2020-

03-03 0 14.5

Ford River near
Hyde 45◦45’18” 87◦12’07” 1954-10-01–

current
1975-09-24–

current 0 29.8 a

Gomanche Creek
at Indian Road

near L’Anse
46◦45’04” 88◦21’42” 2007-10-01–2013-

09-29
2007-10-01–2013-

09-29 0 35.9

Rifle River near
Sterling 44◦04’21” 84◦01’12” 1937-01-13–

current
1975-08-28–

current 0 12.4 b

Salmon Trout
River near Big

Bay
46◦46’56” 87◦52’39” 2004-12-01–

current
2004-12-01–2020-

07-29 0 13.5 c

East Branch
Salmon Trout

River near Dodge
City

46◦47’09” 87◦51’08” 2005-10-01–
current

2005-12-06–
current 0 1.95

Silver River near
L’Anse 46◦48’15” 88◦19’01” 2001-10-01–

current
2005-10-15–2013-

09-29 0 35.2

Silver River
Upstream of East

Branch near
L’Anse

46◦43’16” 88◦19’48” 2008-10-01–2013-
09-29

2008-09-30–2013-
09-29 0 35.2

Yellow Dog River
near Big Bay 46◦42’49” 87◦50’26” 2004-12-01–2016-

10-17
2004-12-22–2017-

01-23 0 1.86

SC, specific conductance. a Calculation excludes no SC data period 1980-09-29 to 2011-04-25. b Calculation excludes no SC data period
1981-10-01 to 2011-06-07. c Calculation excludes no SC data period 2005-09-30 to 2013-06-28.

Daily discharge data of all considered gages reveal a seasonality related to precipitation
and snowmelt trends, with peaks usually occurring between March and April and troughs
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in August through September. Daily SC data reveal an opposite pattern with the lowest
values in spring, likely reflecting dilution from snowmelt, and the highest in summer/fall,
consistent with more intense evapotranspiration and baseflow. There is a remarkable SC
scatter among the different sites with mean values ranging from as low as 58.6 µS/cm at
Yellow Dog River to as high as 420 µS/cm at Rifle River. This range in SC data could reflect
the spatial variability of watershed bedrock and aquifer mineralogies. All Upper Peninsula
rivers, with the exception of Ford River, drain Archean-age igneous and metamorphic
rocks and associated sediments [42]. These lithologies consist primarily of low-solubility
aluminosilicate minerals, which should produce low-SC stream- and groundwater [43,44].
By contrast, Ford, Boardman, and Rifle rivers drain larger proportions of more soluble
carbonate/dolomite units of the Michigan Basin (e.g., Bayport Limestone, Niagara/Clinton
Formations, etc.), which could explain the higher SC values of those streams. The overall
SC variability attests to the importance of establishing temporally and spatially constrained
and locally representative SC source end-members for a reliable hydrograph separation.

2.2. MOO Modeling of Baseflow
2.2.1. Conceptual Approach

This study estimates baseflow through optimization of the Lyne and Hollick (LH)
RDF [45] (Equation (1)) via CMB benchmarks (Equation (2)) as follows:

qi = kqi − 1 +
1 + k

2
(yi − yi−1); with yi = bi + qi (1)

SCyi =
SCbibi + SCqiqi

yi
(2)

where bi, qi, and yi denote baseflow, quickflow (i.e., surface runoff), and total discharge
on day i, respectively, and k is the RDF parameter. SCbi and SCqi are specific conductance
values of the baseflow and quickflow sources on day i, and SCyi represents the modeled
stream SC value on day i. The approach is based on the assumption that when yi = bi,
SCbi = SCyi and when yi > bi, SCbi > SCyi > SCqi.

Two minimizing objective functions (F1, F2) are considered for the solution of
Equations (1) and (2). The first gages the model’s performance of reproducing stream
SC (SCy) via the normalized Nash–Sutcliffe efficiency index (nNSE) [46] as follows:

F1 = 1− nNSE,with nNSE = 1− 1

(nt + 1)2 and nt =
Standard Deviation

RMSE
(3)

The second objective function, F2, minimizes the occurrence of unrealistic events in
which the measured river SCy exceeds an interpolated baseflow SCb end-member. To
avoid optimization toward a local optimum (i.e., F2 = 0) by converging on a very low
baseflow output (high k parameter) and short optimization period, F2 compares the sum
of unrealistic SCyi > SCbi events to that of the more realistic SCbi > SCyi events as follows:

F2 =
n

∑
i=1

(SCy > SCb)i −
n

∑
i=1

(SCb > SCy)i (4)

Only optimization results for non-baseflow days (yi > bi, SCyi 6= SCbi 6= SCqi) were
considered. Periods of missing SC data (Table 1) were excluded, as were SC interpolation
segments falling on a baseflow day coinciding with a missing SC record.

For the LH RDF in Equation (1), we followed the approach of [39] and (1) set the initial
condition as y = q; (2) passed the LH RDF over the data up to three times (i.e., forward,
backward, forward); (3) replaced the time step i −1 with i+1 when running the backward
pass; (4) substituted yi after the first pass by the computed baseflow calculated from the
previous pass; (5) assigned baseflow to be equal to the current yi if qi is smaller than zero;
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and (6) applied ≥60 days flow prior to and at the end of the SC time series to resolve issues
of “warm up” and “cool down” as the RDF is passed through the dataset [34].

The parameters k (Equation (1)) and SCq (Equation (2)) are adjustable continuous
variables determined via optimization. SCb (Equation (2)) was generated via linear inter-
polation of SCy records for consecutive baseflow days (i.e., y = b, q = 0) determined by the
RDF in a given pass scenario in the optimization. This approach assumes that, when base-
flow equals streamflow, the stream SC (SCy) is representative for inflowing groundwater
(SCb). The interpolation of SCy for all baseflow days is assumed to generate a baseflow SCb
time series that is representative for groundwater on baseflow days and when streamflow
exceeds baseflow. Because of the baseflow and baseflow day timing dependency on k
and RDF pass number, each iteration of k and pass number in the optimization translates
into changing baseflow day occurrences, associated SCb values, and period of daily SCb
interpolation. k optimization bounds were determined from trial runs for individual stream
sites and were set from 0 (highest possible number of baseflow days) to an upper bound of
>0.999 that was manually derived for each site to ensure >1 baseflow days.

To account for seasonality with potential differences in contributions from dilute
snowmelt in spring vs. more saline surface runoff in summer/fall, SCq was set as an
adjustable parameter for three distinct seasonal time frames [47,48], i.e., November through
February, March through June, and July through October. SCq optimization bounds were
set from a low of 0 µS/cm to an upper bound corresponding to the lower 25th percentile of
the measured stream SC in the specific season. The selection of the lower 25th percentile
over the absolute minimum reflects the influences of outliers, measurement error, as well as
a priori uncertainty regarding the representativeness of the specific seasons for the studied
river system.

2.2.2. MOO Algorithm

This study applied the Mixed Integer Distributed Ant Colony Optimization (MI-
DACO) algorithm [49] programmed in MATLAB. MIDACO is based on probability density
functions that generate samples of iterates, referred to as ants or individuals [50,51] for the
decision variables (in this study: k and SCq) to be optimized. The ants cooperate on finding
solutions to the problem through communication mediated by artificial pheromone trails.
The seed operator introduces random changes into iterates, thereby, assisting in the search’s
escape from local optima. Performance evaluations against other genetic algorithms such
as Nondominated Sorting Genetic Algorithm (NSGA-II) [52,53] and Multi-Objective Parti-
cle Swarm Optimization (MOPSO) [54] indicate MIDACO to compare favorably [55,56].
This and the demonstrated performance on CPU time-expensive problems [57–59] support
the utility of the algorithm for multiyear datasets as used in this study.

2.2.3. MOO Performance Evaluation

MOO generates not one unique solution, but a set of nondominated trade-off or
compromise solutions (i.e., Pareto optimum solutions; see Figures 2 and 3) from which one
optimum can be selected [60–62]. MIDACO applies a Utopia–Nadir balance decomposition
concept [59] to concentrate the search effort for the optimum trade-off solution on a
particular segment of the Pareto front (Figure 2). The utopia (U) represents the global
optimum (i.e., minimum) of the respective objective, while the nadir (N) corresponds to
the worst possible (i.e., maximum) objective function. The search for a trade-off solution
on the Pareto front is based on the average distance of a solution with respect to the U and
N points of each objective. In MIDACO, the search is focused with the balance parameter
(Figure 2). Set to zero, as done in this study, MIDACO will identify the trade-off solution on
the central (or middle) part of the Pareto front to yield the best equally balanced solution
among all objectives [49].
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Figure 2. Illustration of the Utopia (U)–Nadir (N) balance decomposition concept for the selection of
a trade-off solution in multi-objective optimization (MOO) (modified after [56]). The applied balance
value of 0 indicates equal importance of both objectives.

Figure 3. Pareto optimum fronts of the two-pass (2p) and three-pass (3p) MOO scenarios for all
10 stream gages. Selected trade-off solutions are highlighted in green.

Another performance evaluation challenge relevant to this study is that there is
no clear consensus on the optimum number of applied RDF passes. Running the RDF
over multiple passes (forward, backward, forward, etc.) attenuates peaks and generates
smoother baseflow hydrographs [63] and a lower total number of baseflow days [39],
but this may come at a trade-off of missing short-term baseflow peaks typical for more
flashy systems [11]. Based on previous baseflow analyses [11,39,64,65] that showed that
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both two-pass and three-pass implementations provide the best calibration results, we
used outputs from both two-pass and three-pass model optimizations as a measure of
uncertainty. All outputs were evaluated based on nNSE statistics (Equation (3)) of obtained
trade-off solutions (Table 2).

Table 2. MOO results for trade-off solutions.

Site and Model
Scenario a F1 F2 k (–)

SCq
Nov–Feb
(µS/cm)

SCq
Mar–Jun
(µS/cm)

SCq
Jul–Oct
(µS/cm)

Mean
Baseflow

(m3/s)
BFI (%) b

Boardman 2p 0.11 −120 0.96 248 159 242 3.16 91.6
Boardman 3p 0.10 −117 0.96 248 159 242 2.95 85.4

Falls 2p 0.14 −660 0.74 77 73 103 1.33 74.6
Falls 3p 0.14 −698 0.88 89 83 115 1.14 63.8

Ford 2p 0.17 −961 0.36 216 194 223 9.22 90.0
Ford 3p 0.19 −1169 0.56 246 219 259 8.19 79.9

Gomanche 2p 0.14 −545 0.41 104 84 113 0.09 84.1
Gomanche 3p 0.17 −545 0.10 111 98 126 0.10 86.4

Rifle 2p 0.16 −1576 0.25 247 235 327 8.68 90.6
Rifle 3p 0.18 −1653 0.27 309 280 354 8.34 87.1

Salmon Trout 2p 0.21 −448 0.50 69 43 58 0.16 91.8
Salmon Trout 3p 0.26 −411 0.66 69 53 63 0.15 87.7

East Branch
Salmon Trout 2p 0.14 −1896 0.79 77 55 88 0.47 84.9

East Branch
Salmon Trout 3p 0.14 −2067 0.99 85 62 91 0.39 69.1

Silver 2p 0.10 −816 0.72 66 46 76 1.49 74.3
Silver 3p 0.12 −898 0.71 76 55 84 1.35 67.3

Silver Upstream
2p 0.16 −519 0.27 20 25 29 0.61 84.6

Silver Upstream
3p 0.15 −482 0.90 32 41 50 0.37 51.2

Yellow Dog 2p 0.19 −1694 0.89 28 13 46 0.62 72.1
Yellow Dog 3p 0.21 −1620 0.83 33 17 47 0.61 70.6

a 2p/3p indicates the use of either the two-pass or three-pass Lyne and Hollick recursive digital filter (RDF) in the MOO. b Baseflow index
= mean baseflow to mean streamflow ratio.

2.3. Mann–Kendall Trend Analysis
2.3.1. Conventional MK Test

The nonparametric MK test was used to determine the statistical significance of time
trends for modeled baseflow, streamflow, and BFIs for the Ford and Rifle rivers for a
concurrent study period 12/01/1955–09/08/2020. As a first step in the test, datasets were
reclassified into monthly, seasonal, and annual mean datasets to analyze short-term and
long-term fluctuations (e.g., multiyear, decadal, and multidecadal events). The seasonal
classification was based on the previously discussed three time frames of November
through February, March through June, and July through October. Annual data refer to
water years, which represent the 12-month period from October 1 through September 30,
designated by the calendar year in which it ends.

After reclassification, the S statistic was calculated to predict an upward or downward
trend of identically and independently distributed data as follows [66]:

St =
n−1

∑
c=1

n

∑
d=c+1

sign(Xd − Xc) (5)
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where Xc and Xd correspond the ranked values of the data, n is the length of the data
record and

sign(Xd − Xc) =


1 when Xd > Xc
0 when Xd = Xc
−1 when Xd < Xc

(6)

Next, the variance of S (σ2) was calculated assuming identically distributed data with
a zero mean [67]:

σ2 =

{
n(n− 1)(2n + 5)−

n

∑
c=1

tc(c)(c− 1)(2c + 5)

}
/18 (7)

where tc is the sum of t, which is the number of tied values to the extent of c [47]. Finally,
the standardized MK statistic, Z (Equation (8)), was computed as a measure of significance
of the trend [68]:

Z =


St−1√
σ2 if St > 0

0 if St = 0
St+1√
σ2 if St < 0

(8)

If |Z| > Zα/2, where α represents the chosen significance level (in this study: 5% with
Z0.025 = 1.96), then the null hypothesis is invalid, implying that the trend is significant and
either positive (positive Z) or negative (negative Z).

2.3.2. Modified MK Test

Although the traditional MK test is appropriate for time series that are independent
and identically distributed, autocorrelation (i.e., the persistence of previous observations)
can cause an inflation of p-values resulting in increased type I errors; that is, accepting a
trend as significant when, in fact, no trend exists [5]. The effect of long-term autocorre-
lation [69] was not considered a major concern for this study (<65 years of streamflow).
However, short-term autocorrelation (STA) is of potential concern in trend analysis of
monthly, seasonal, and annual mean hydrologic data [70]. In this study, we screened data
for STA using the Ljung–Box test [71] from the R stats package. Following the approach
of [5], we considered STA statistically significant for p-values ≤ 0.1 for lags ≤ 3 in the
time series.

STA was accounted for in a modified MK analyses using six correction measures as im-
plemented in the modifiedmk R package [72], specifically: pre-whitening (pw),
bias-corrected pre-whitening (bcpw), trend-free pre-whitening (tfpw), variance correction
after Hamed and Rao [73], variance correction after Yue and Wang [74] (hereafter referred
to as vcHR98 and vcYH04, respectively), and block bootstrapping (bbs). Detailed descrip-
tions on individual correction measures are provided elsewhere [73,75–79]; but briefly
summarized, the pw, tfpw, and bcpw approaches are all based on the assumption that the
time series of hydrological variables can be adequately described by an autoregressive
process of order one, i.e., AR(1). In tfpw, a linear trend component is removed from the
original data prior to pre-whitening [79], while in bcpw, ordinary least squares are used to
bias-correct the lag-1 serial correlation coefficient [80]. The vc approach detrends data using
Sen’s slope and the lag-1 autocorrelation coefficient of the ranks of the data. It calculates
effective sample size using the ranks of significant serial correlation coefficients, which are
used to correct the inflated (or deflated) variance of the test statistic. The vcHR98 method
uses only significant lags of autocorrelation coefficients in calculating the effective sample
size, whereas the vcYH04 approach uses correlation coefficients for all lags [72]. In bbs,
predetermined block lengths are used in resampling the original time series, thus retaining
the memory structure of the data. The test statistic is then calculated for each sample,
and its probability distribution is estimated. Because any existing trend will be eliminated
due to shuffling, the derived distribution is that of the test statistic for trend-free data [78].
Assuming a confidence interval of 95% and a sampling size of 2000 [81], the hypothesis of
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no trend is rejected if the trend of the original data series is outside the 5% and 95% per-
centiles of the ranked trends of the resamples. Block lengths are automatically selected in
modifiedmk using the number of contiguous significant serial correlations and a default eta
(η) parameter of 1 as per [77]. Results of all MK tests are listed in Supplementary Table S1.

3. Results and Discussion
3.1. Baseflow Results

The results of the MOO models are shown in Figure 3 and Table 2. Pareto opti-
mum fronts for all 10 USGS gages clearly highlight the opposing nature of the objective
functions, as an optimized F1 (Equation (3)) is accomplished by an increased error in F2
(Equation (4)) and vice versa. Pareto optimum fronts furthermore exhibited nonconvex,
as well as disconnected segments (Figure 3), which is consistent with the nonlinear na-
ture of the optimization problem [62]. All trade-off solutions reveal a seasonality in the
calibrated SCq that follows the expected pattern of more saline composition in the dry
period July through October and more dilute SCq in the snowmelt period March through
June (Table 2). Importantly, all calibrated SCq values were well below the optimization
bounds, i.e., the lower 25th of the seasonal SCy. These observations and the good to very
good nNSE (i.e., 1−F1) statistics [46] of the trade-off solutions indicate that the applied
modeling approach describes the watersheds well (see, e.g., Figure 4a).

Figure 4. (a) Calibrated model outputs of streamflow, baseflow, stream SC, and baseflow SC for the
two-pass (2p) scenario at Falls River, Michigan. (b) Close-up results showing the pattern of modeled
baseflow and baseflow SC, which depends on the timing and stream SC value on consecutive
baseflow days (vertical lines) determined through the optimization. Note the underprediction of
modeled baseflow SC (i.e., SCb < SCy) on several occasions (e.g., February 2020), which increases the
error in objective function 2.

The two-pass scenario generally yields superior results for objective function 1 but is
outperformed by the three-pass scenario for objective function 2. This can be explained
by the attenuating effect of an RDF pass number increase from 2 to 3 on the baseflow
hydrograph that results in (1) lower occurrences of baseflow days, (2) less pronounced
baseflow responses to short-term discharge peaks, and (3) lower overall occurrences of
SCy exceeding SCb. This is accomplished at the trade-off of potentially missing several
short-term or “flashy” baseflow SCb dilution events required for a better objective function
1 calibration. On the other hand, short-term SCb dilutions are well reproduced by the
two-pass scenario at the cost of not representing many of those as dilute quick flow peaks,
and thus not capturing all SCy peaks underneath the SCb interpolation line (Figure 4b).
There is a tendency for the MOO to counteract the attenuating effect on baseflow amounts
from increasing the LH RDF pass number from 2 to 3 by decreasing the k parameter.
This pattern is one of the key advantages of the applied method over traditional baseflow
quantification measures, as it limits the uncertainty in the baseflow and BFI outputs to
relatively narrow ranges (e.g., BFI = 70.6–72.1% at Yellow Dog River).

Mean baseflow estimates obtained from both the two-pass and three-pass MOO
scenarios vary between 0.09 ± 0.001 m3/s at Gomanche Creek and 8.70 ± 0.51 m3/s at
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Ford River. BFIs range from 67.9% ± 16.7% at the Silver River upstream to 89.7% ± 2.04%
at Salmon Trout River. Seasonal patterns of baseflow are similar for all gages, with the
lowest values in the annual dry period of late summer/early fall (August–October) and the
highest values in the spring snowmelt period (March–May) and in the fall/early winter
(November–December). The latter distinct “fall bump” in baseflow (Figure 5) that follows
snowmelt recession is attributed to a reversal in the hydraulic gradient as stream levels
and rates of evapotranspiration drop [33,82]. The lag between the annual streamflow and
mean baseflow maxima is relatively short, ranging from 0 days at Falls River, Gomanche
Creek, and Rifle River to up to 10 days at Salmon Trout River East Branch.

Figure 5. Mean daily streamflow (y) and baseflow (b) hydrographs for Silver River Upstream (a) and
Silver River Downstream (b) gages. Note the distinct “fall bump” in baseflow starting around Day of
the Year 250.

Using concurrent data for the Silver River watershed, for which data from two stream
gages were analyzed, mean baseflow increases downstream from 0.49 to 1.38 m3/s while
the mean BFI decreases downstream from 0.68 to 0.70. This spatial pattern is consistent
with hydraulic loading toward the lowlands, which increases baseflow volume but not the
BFI due to the cumulative effects of tributary inflow. Additionally, the thicker unsaturated
zone at the higher-altitude upstream site should result in less pronounced head reversals
and, thus, a lower “fall bump” in baseflow (Figure 5a,b).

There is a strong positive correlation (Pearson R = 0.97, p < 0.001) between our MOO-
derived baseflow estimates and previous estimates [83] derived upon the more standard-
ized HYSEP program [27] which applies simple graphical methods for baseflow quantifica-
tion (Figure 6). It is, however, not clear to what degree deviations from the regression line in
Figure 6 should be attributed to methodological differences or comparison of streams with
data from different time periods. To the authors’ knowledge, there is no clear information
about the specific dataset length of the HYSEP-based estimates. We, however, have found
striking temporal patterns in our estimates that could very well explain the deviations
from the trendline. As an illustration, for the two streams for which long-term data are
available—Ford and Rifle rivers—there is a near 30-year SC data gap from 1980/1981
until 2011 (Table 1). Mean baseflow estimates for the Ford and Rifle rivers change from
7.82–7.88 m3/s, respectively, if the concurrent streamflow and SCy dataset of 1975–1981 is
used, to values of 9.29–9.94 m3/s, respectively, if the concurrent dataset of 2011–2020 is
used. This and the remarkable variability in streamflow and SC values of the sites consid-
ered highlight the dynamic characteristics of this setting and the associated challenge of
reliable hydrologic trend analysis in this area.
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Figure 6. Regression of MOO-derived mean baseflow (this study) vs. mean baseflow obtained via the
HYSEP program [83]. Error bars reflect range obtained by MOO for two- and three-pass scenarios.

3.2. Autocorrelation Results

For both long-term monitoring sites, significant STA is documented, particularly in
the higher-frequency (monthly/seasonal) baseflow and streamflow time series (Table 3).
As typically seen in hydrologic data [70], STA is positive (Ljung–Box statistics > 0) for all
timeseries, in that, high values are followed by high values and low values are followed
by low values. Interestingly, STA is most significant in baseflow, followed by streamflow
and BFI (Table 3). This observation is consistent with the stronger memory effect of slower
moving groundwater and baseflow as compared to streamflow (and BFI) that are more
influenced by sudden, quickflow responses to short-term rain events [84]. Comparing
results for a concurrent time period from both sites, STA is slightly more pronounced at
Rifle River (mean lag 1 to lag 3 Ljung–Box test statistic: 58.7, p = 0.04) than at Ford River
(mean lag 1 to lag 3 Ljung–Box test statistic: 45.9, p = 0.09). This observation is consistent
with the higher overall BFI value for the Rifle River (Table 2).

The presence of STA generally mandates large sampling sizes (i.e., multidecade moni-
toring durations) for hydrologic trend analysis [70]. However, the lower degree of STA in
the BFI time series (Table 3) indicates that the BFI parameter may be a useful alternative
over streamflow or baseflow data for trend analyses over shorter time frames.



Water 2021, 13, 564 12 of 19

Table 3. Ljung–Box (L-B) test results for 1956–2019 time series.

USGS
Site Data Time

Series

L-B Test
Statistic
lag 1

p-Value
Lag 1

L-B Test
Statistic
Lag 2

p-Value
Lag 2

L-B Test
Statistic
Lag 3

p-Value
Lag 3 STA b

FORD
RIVER
NEAR
HYDE,
MI

Streamflow
Monthly 104 <0.1 105 <0.1 136 <0.1 yes
Seasonal 8.60 <0.1 17.2 <0.1 105 <0.1 yes
Annual 2.15 0.14 2.84 0.24 3.20 0.36 no

Baseflow
Monthly 109 <0.1 110 <0.1 139 <0.1 yes
Seasonal 7.56 <0.1 16.1 <0.1 102 <0.1 yes
Annual 1.99 0.16 2.64 0.27 3.05 0.38 no

BFI a
Monthly 48.0 <0.1 49.7 <0.1 54.4 <0.1 yes
Seasonal 9.49 <0.1 24.1 <0.1 72.8 <0.1 yes
Annual 0.86 0.35 2.64 0.27 3.30 0.35 no

RIFLE
RIVER
NEAR
STER-
LING,
MI

Streamflow
Monthly 168 <0.1 177 <0.1 185 <0.1 yes
Seasonal 7.28 <0.1 17.9 <0.1 101 <0.1 yes
Annual 3.63 <0.1 4.84 <0.1 5.15 0.16 no

Baseflow
Monthly 193 <0.1 206 <0.1 213 <0.1 yes
Seasonal 7.51 <0.1 18.6 <0.1 105 <0.1 yes
Annual 3.44 <0.1 4.41 0.11 4.80 0.19 no

BFI a
Monthly 24.5 <0.1 24.9 <0.1 27.2 <0.1 yes
Seasonal 1.45 0.23 5.96 <0.1 52.8 <0.1 no
Annual 4.04 <0.1 8.85 <0.1 10.0 <0.1 yes

a Baseflow index = mean baseflow to mean streamflow ratio. b STA = short-term autocorrelation based on the highest p-value of lag
1–3 analyses.

3.3. MK Test Results

Despite the concurrent data, proximity of the monitoring stations (~313 km), and the
largely undisturbed nature of both watersheds, MK trend analysis reveals strikingly con-
trasting results for Ford and Rifle rivers (Supplementary Table S1 and Figure 7). For Ford
River, all analyses yielded no significant trend, with the exception of annual BFI analyzed
via the vcYH04 method (Z value = 2.09). For Rifle River, nearly all MK tests revealed statis-
tically significant trends, i.e., positive for streamflow and baseflow (Z value = 1.74 to 15.9;
mean value = 3.67) and negative for BFI (Z value = −1.94 to −14.7; mean value = −4.26).
Trends were most significant in the monthly and least significant in the annual time series.
Among the different methods applied for Rifle River, the vcHY04 method produced the
most significant results while the pw method produced the least significant Z values.

Even though numerous studies have tested appropriate MK approaches for addressing
potential effects of STA, these approaches are not universally accepted, and studies have
applied multiple correction methods as a measure for uncertainty [68,85]. We have no
preference for any of the applied correction methods and, thus, rely on the results of all
procedures as a measure for uncertainty. Nevertheless, the annual BFI trend at Ford River
from the vcYH04 method is considered a Type I error because (1) it was the only statistically
significant result and (2) the variance correction approach has shown to be particularly
prone to such errors at small sampling sizes, i.e., annual data as compared to seasonal or
monthly time series [78]. We, therefore, conclude no significant climate change effects on
streamflow and groundwater recharge in the Upper Peninsula Ford River watershed. In the
Lower Peninsula Rifle watershed, increases in baseflow (and by implication, groundwater
recharge) are observed, albeit at a lower rate than the surface runoff component (decreasing
BFI). The more attenuated increase in baseflow suggest groundwater recharge to be less
impacted by climatic drivers than surface runoff components; the latter likely contributing
to the reported flood frequency increases in the region [2,10].
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Figure 7. Annual trends in streamflow (left panel), baseflow (mid panel) and BFI (right panel) for
Ford River (a) and Rifle River (b) long-term monitoring sites. Z values reflect results from block
bootstrapped Mann–Kendall (MK) test. Significant trends are highlighted in red. Note the consistent
trends for BFI and inconsistent trends for streamflow and baseflow for the different time periods:
1956–2019 (this study) and 1960–2015 [5].

To further evaluate the potential causes for the trends (and lack thereof), results were
compared to previously reported trend analyses for climatic parameters in the region, i.e.,
1960−2015 total precipitation (P), minimum temperature (Tmin), and maximum tempera-
ture (Tmax) [5], as well as 1960−2009 total snowfall (SF) and snow depth (SD) [86]. For these
climatic parameters, there were also strikingly different results between Michigan’s Upper
and Lower Peninsula. The former exhibited a significant decline in P coupled with signifi-
cant upward trends in Tmin and SF and no significant trends in Tmax and SD. The reported
trends are generally indicative for evapotranspiration rate (ET) increase [87], extended
growing season length [88], a transition from rain to snow precipitation [86], larger accu-
mulation of spring snowmelt pulses [3] and shifts in snowmelt-related streamflow timing
to earlier dates [85]. These patterns have apparently not caused any significant baseflow
or BFI trends; however, despite the concurrent decrease in P, which should exacerbate
streamflow and baseflow declines caused by more intense ET. As will be discussed at more
detail later, the lack of Ford River stream- and baseflow trends is likely associated with
the high-water-flow years 1960, 2017, and 2019 (see Figure 7a, left and middle panels),
which were not accounted for in the P, Tmin, Tmax, SF, and SD trend analyses.

In the Lower Peninsula, P and Tmin increased, SD decreased, and no significant trends
were reported for Tmax or SF. In contrast to the Northern Peninsula, these findings are
generally more indicative for a snow- to rain transition [86], as well as a lower accumula-
tion of snowpack storage and a lower snowmelt pulse [3]. In the Rifle River watershed,
these patterns apparently led to increases in baseflow and streamflow; the latter increasing
at a higher rate, as evidenced by the decreasing BFI. A compounding factor on these trends
in the Rifle watershed could be the documented increasing frequency and intensity of heavy
rain events, which reportedly have contributed to more frequent flooding [2] and appar-
ently favor the surface runoff over the baseflow component. Interestingly, the significant
upward trend in Tmin, and by association ET, in the Lower Peninsula also does not appear
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to exert significant effects, as it is insufficient to offset the upward trend in P. Time series
major ion and stable isotope data may provide further insights as to the specific effects of
ET changes on the stream hydrograph [89–91].

3.4. Transferability of Results

It is important to note that the previously published P, SF, SD, Tmin, and Tmax trends we
used for the comparison with baseflow and BFI trends were derived upon slightly shorter
study periods and should, as such, be treated with caution for longer-term implications.
The importance of this limitation is well exemplified when comparing our annual mean
streamflow MK test results to those previously reported (Figure 7). For their study period
1960−2015, [5] discerned a statistically significant downward trend in streamflow for Ford
River and an insignificant upward trend in streamflow for Rifle River. We were able to
reproduce these results through the traditional and modified MK tests for this particular
time frame. However, extending the time period to include the years 1956, 1957, 1958,
1959, 2016, 2017, and 2018 completely changes these results (Figure 7), with Ford River
streamflow trends becoming insignificant and Rifle River trends becoming significant,
even if STA is accounted for (as shown by the block bootstrapped Z values shown in
Figure 7). This change in MK trend test results for the Ford River is likely associated
with the fact that both tails of the 1956−2019 time period, specifically the water years
1960, 2017, and 2019, coincide with the highest flow water years of the study period.
While a change in the study period from 1960−2015 to 1956−2019 alters calculated annual
streamflow and baseflow trends for both rivers, there is no change in the BFI trend in that it
remains insignificant for Ford River and significant (i.e., negative) for Rifle River (Figure 7).
This persistence again highlights the value of the BFI parameter, if objectively constrained,
for a refined hydrological trend analysis for watersheds where streamflow or baseflow
statistics indicate no significant trend.

As a first step to discern potential long-term BFI trends across the study area, i.e.,
in the remaining eight stream sites that meet selection criteria 1 through 4 (see Section 2.1),
a linear regression analysis was conducted against concurrent monthly BFI data from the
long-term record stream sites, Ford and Rifle Rivers (Figure 8). The results show a strong
effect of spatial autocorrelation, in that, stream gages closest to the long-term sites show
stronger positive correlation coefficients for monthly BFI and vice versa. This suggests
that the MK test results for Ford River (no trend in BFI) could also apply to the other
sites located in the Upper Peninsula, while Rifle River MK test results (negative BFI)
are potentially also valid for Boardman River; the sole other gage considered from the
Lower Peninsula. Interestingly, of all sites considered, only the Silver River Upstream gage
exhibited a strong and significant (Pearson R > 0.5, p-value <0.01) correlation with data
from both Ford and Rifle rivers. This suggests somewhat of an intermediate BFI pattern
in Silver River in relation to the long-term monitoring sites and should be investigated
further. Conversely, the Salmon Trout East Branch site shows only a moderate (Pearson
R < 0.5; p < 0.01) correlation for both sites, which indicates a more localized response to
temperature and precipitation change. However, because this correlation analysis relies on
concurrent BFI data covering different time spans, a comparison of correlation statistics
between different sites should be treated with some caution [92]. Moreover, despite the
variability of recession properties across the study catchments, recent work has shown that
streamflow (and potentially also BFI) spatial correlation among neighboring watersheds
can be overwhelmed by the spatial variability of frequency and intensity of effective rainfall
events [93]. A detailed analysis of watershed-specific trends in P, SF, SD, Tmin, and Tmax
and a comparison with associated BFI patterns may provide more valuable predictors for
trends in ungaged watersheds.
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Figure 8. Pearson R correlation coefficients for concurrent monthly BFI of stream sites against long-
term monitoring sites. Samples plotting close to the Rifle River end-member could be affected by a
similar long-term trend of increasing baseflow and decreasing BFI.

4. Conclusions and Implications

This study highlights the value of MOO for objective baseflow modeling and long-
term hydrologic trend analysis in lowland streams. One key advantage of the hydrograph
separation method presented in this paper is that it accounts for difficult-to-measure spatial
and temporal variations in baseflow and quickflow chemistry (i.e., SC). Our study specifi-
cally emphasizes the importance of site-specific determinations of MOO parameters k, SCq,
and SCb rather than the application of non-distributed parameters for one region. As such,
our results should be treated as cursory estimates of baseflow trends in undisturbed parts
of the state that should be refined and validated not only with new daily flow and SC
geochemical data for MOO, but also with estimates from other, independent baseflow
quantification approaches [94].

The MK trend analysis reveals an important finding, i.e., decreasing P, increasing
Tmin, and a shift in P from rain- to snowfall in the state’s Upper Peninsula exerted no
significant effects on baseflow or BFI, while increasing P, Tmin, and a transition from
snow- to rainfall in the Lower Peninsula have increased baseflow and decreased the
BFI. The latter observation suggests an attenuated effect on groundwater recharge that
should be considered carefully in future groundwater availability projections. Unlike the
streamflow and baseflow parameters, the trend for BFI is persistent for both a shorter-term
(1960−2015) and longer-term (1956−2019) dataset. This finding in conjunction with the
lower degree of STA effects supports the value of the BFI parameter in trend analysis over
shorter (i.e., <50 year) time frames.

Future research should address extrapolation of our baseflow and BFI values to
ungaged watersheds for more refined regional assessments of climate-change-induced
trends. Studies should furthermore test the utility of the presented MOO approach to
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calibrate and validate soil water balance models in complex watersheds with pronounced
spatiotemporal variability in the stream hydrograph and SC.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Table S1:
Mann–Kendall test results.
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