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ABSTRACT 

 

IMPROVING THE PREDICTABILITY OF HYDROLOGIC INDICES IN 

ECOHYDROLOGICAL APPLICATIONS 

 

By 

 

Juan Sebastian Hernandez Suarez 

 

Monitoring freshwater ecosystems allow us to better understand their overall 

ecohydrological condition within large and diverse watersheds. Due to the significant costs 

associated with biological monitoring, hydrological modeling is widely used to calculate 

ecologically relevant hydrologic indices (ERHIs) for stream health characterization in locations 

with lacking data. However, the reliability and applicability of these models within 

ecohydrological frameworks are major concerns. Particularly, hydrologic modeling’s ability to 

predict ERHIs is limited, especially when calibrating models by optimizing a single objective 

function or selecting a single optimal solution. The goal of this research was to develop model 

calibration strategies based on multi-objective optimization and Bayesian parameter estimation 

to improve the predictability of ERHIs and the overall representation of the streamflow regime. 

The research objectives were to (1) evaluate the predictions of ERHIs using different calibration 

techniques based on widely used performance metrics, (2) develop performance and signature-

based calibration strategies explicitly constraining or targeting ERHIs, and (3) quantify the 

modeling uncertainty of ERHIs using the results from multi-objective model calibration and 

Bayesian inference. The developed strategies were tested in an agriculture-dominated watershed 

in Michigan, US, using the Unified Non-dominated Sorting Algorithm III (U-NSGA-III) for 

multi-objective calibration and the Soil and Water Assessment Tool (SWAT) for hydrological 

modeling. Performance-based calibration used objective functions based on metrics calculated 

on streamflow time series, whereas signature-based calibration used ERHIs values for objective 



 

functions’ formulation. For uncertainty quantification purposes, a lumped error model 

accounting for heteroscedasticity and autocorrelation was considered and the multiple-try 

Differential Evolution Adaptive Metropolis (ZS) (MT-DREAM(ZS)) algorithm was implemented 

for Markov Chain Monte Carlo (MCMC) sampling. In relation to the first objective, the results 

showed that using different sets of solutions instead of a single optimal introduces more 

flexibility in the predictability of various ERHIs. Regarding the second objective, both 

performance-based and signature-based model calibration strategies were successful in 

representing most of the selected ERHIs within a 30% relative error acceptability threshold 

while yielding consistent runoff predictions. The performance-based strategy was preferred since 

it showed a lower dispersion of near-optimal Pareto solutions when representing the selected 

indices and other hydrologic signatures based on water balance and Flow Duration Curve 

characteristics. Finally, regarding the third objective, using near-optimal Pareto parameter 

distributions as prior knowledge in Bayesian calibration generally reduced both the bias and 

variability ranges in ERHIs prediction. In addition, there was no significant loss in the reliability 

of streamflow predictions when targeting ERHIs, while improving precision and reducing the 

bias. Moreover, parametric uncertainty drastically shrank when linking multi-objective 

calibration and Bayesian parameter estimation. Still, the representation of low flow magnitude 

and timing, rate of change, and duration and frequency of extreme flows were limited. These 

limitations, expressed in terms of bias and interannual variability, were mainly attributed to the 

hydrological model’s structural inadequacies. Therefore, future research should involve revising 

hydrological models to better describe the ecohydrological characteristics of riverine systems. 
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1 INTRODUCTION 

 

One of the major concerns in the twenty-first century is the increasing pressure on water 

resources worldwide. Nearly 80% of the global population are exposed to high levels of threat to 

water security (Vörösmarty et al., 2010). In addition, freshwater ecosystems are deeply 

fragmented by built infrastructure, with only 23% of rivers longer than 1000 km arriving 

uninterrupted to the ocean (Grill et al., 2019). Unfortunately, this crisis is not only limited to 

water quantity but also is expanded to water quality. According to the United Nations World 

Water Assessment Programme (WWAP-UN), over 80% of global wastewater is discharged to 

waterbodies without any treatment (WWAP-UN, 2017). Moreover, most agriculture and urban 

runoff are delivered to freshwater and marine ecosystems without any water quantity and quality 

control (Eckart et al., 2017; Mateo-Sagasta et al., 2018). Summed to climate change, all these 

factors have increased the occurrence of waterborne disease. In addition, the resulting 

biodiversity and ecosystem losses imperil valuable ecosystem services necessary to sustain 

human societies (Hipsey et al., 2015; Pham et al., 2019). 

In the United States, the Clean Water Act was enacted in 1972 to restore and maintain US 

waters' chemical, physical, and biological integrity. In river systems, chemical integrity can be 

associated with instream water quality. Meanwhile, physical integrity can be described in terms 

of water quantity, physical habitat, and stream’s geomorphology. Likewise, biological integrity 

is expressed in terms of abundance, composition, and diversity of freshwater organisms. Since 

these three components support biotic systems necessary for human and environment well-being, 

the paradigm comprising these concepts is known as stream or river health (Karr, 1999; 

Maddock, 1999). Stream health is generally measured using bioassessments, which have gained 

popularity for supporting water quality management, complementing chemical and 
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microbiological criteria (US EPA, 2011). Particularly, fish and benthic macroinvertebrates are 

commonly used as biological indicators. Fish are suitable for monitoring broad habitat 

conditions, streams connectivity, and long-term effects, whereas benthic macroinvertebrates are 

preferred when assessing local conditions and short-term effects (Herman and Nejadhashemi, 

2015). 

Stream health monitoring is usually done sparsely in time and space (Einheuser et al., 

2012). Knowing the stream health condition of every single stream within a watershed is 

desirable for environmental management and policymaking. However, extensive biological 

monitoring is costly, time-consuming, and impractical for large areas. Therefore, modeling 

techniques have been developed to extend available information to locations with lacking 

biological data (Woznicki et al., 2016a). Stream health models generally use landscape attributes 

(e.g., land use/cover, slope, soils, geology) and instream physical and chemical characteristics 

(e.g., temperature, streamflow, nutrients, sediments, substrate) as explanatory variables to predict 

instream biological responses (Einheuser et al., 2012; Sowa et al., 2016). Streamflow is 

considered a master variable that dictates patterns and processes occurring in rivers and streams, 

including water quality, physical habitat formation, and life cycles of living organisms (Walker 

et al., 1995). Therefore, by studying the streamflow behavior over time (i.e., streamflow regime), 

it is possible to approximate the overall stream health condition (Poff et al., 1997; Richter et al., 

2003). 

The streamflow regime is generally described using metrics or indices related to five 

major facets: magnitude, duration, frequency, timing, and rate of change of flows (Sofi et al., 

2020). Magnitude refers to the volume of water passing through a fixed location per unit of time. 

Based on this facet, streamflow can be classified as high, average, or low flow. Streamflow plays 
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different roles depending on its magnitude (Sofi et al., 2020); for instance, low flows maintain 

instream water quality conditions, define the longitudinal stream connectivity, enable fish and 

nutrients to move, and allow natural selection by purging invasive species (Poff et al., 1997). 

Meanwhile, high flows give shape to streams, flush away pollutants, and maintain lateral 

connectivity, favoring floodplains, wetlands, and riparian vegetation (Poff et al., 1997). Duration 

is the length of time associated with a flow event being read horizontally in a hydrograph. This 

facet influences the persistence of aquatic and riparian species and controls fish growth potential 

and development under flooding events (Bunn and Arthington, 2002). Frequency refers to how 

often a streamflow magnitude occurs over a specific period of time, and it is generally described 

using Flow Duration Curves (FDC). This facet is important for controlling aquatic and riparian 

species’ life cycles and productivity (Bunn and Arthington, 2002). For example, frequency 

regulates how often fish can move upstream or to floodplains for migration or reproduction (Poff 

et al., 1997). Timing is the degree to which flow events are temporally autocorrelated, indicating 

that the system has memory. For instance, certain rivers always experience high flows in spring 

and low flows in summer. This facet works as a trigger the system needs to start a process (e.g., 

fish spawning). Additionally, timing helps to maintain species diversity (Bunn and Arthington, 

2002). Finally, the rate of change describes how fast the system goes up and down. This facet 

influences species persistence and coexistence and controls the establishment of nonnative 

species (Poff et al., 1997; Sofi et al., 2020). In summary, there are many indices describing the 

aforementioned streamflow regime facets (Olden and Poff, 2003), and they are known as 

ecologically relevant hydrologic indices (ERHIs). 

Calibrated hydrological models are used to predict streamflows beyond monitoring 

stations. Consequently, ERHIs can be estimated in ungauged locations using results obtained 
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