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1 Introduction

Uncertainty is a defining problem in the understanding of earth systems, especially for water resources (Guillaume
et al., 2017). The word “uncertainty” can have a variety of meanings (Montanari, 2007; Beven, 2016). Typically, we
only understand processes in the confines of laboratory experiments, on a very fine scale in the field, or in vague
generalities. This is often the case because the processes are not well understood, or there is not enough data at the
appropriate resolution or over a sufficient extent. Scaling issues occur at both spatial and temporal resolution leaving
the scientist with imperfect knowledge of a system and poorly defined errors when evaluating it.

Common approaches to address uncertainty are to collect more data, combine a variety of datasets, and/or to
model the systems. There are highly monitored study areas with much data (e.g., Stottlemyer and Troendle, 1999;
Western et al., 1999; Tromp-van Meerveld et al., 2008; Kampf and Burges, 2010; Winstral and Marks, 2014), but
they are few and far between. This has led to efforts that combine a variety of datasets, especially from remote
sensing (e.g., Kim et al., 2015; Dozier et al., 2016). Most efforts now include a modeling component.

The famous statistician George Box wrote that “all models are wrong, but some are useful” (Box and Draper,
1987). Models are often used without a complete representation of all of the processes. While the simple solution is
often preferred (Sober, 2015), some models, such as the Rational Method (Kuichling, 1889), are so simplistic this
limits the applicability. Some models are used without a full evaluation of the underlying assumptions and are
considered a black box (Borgonovo et al., 2017). Model performance can be difficult to evaluate, especially where
we have little to no information available for model evaluation (Hrachowitz et al., 2013).

There are various different modeling approaches to address and evaluate uncertainty (Nearing et al., 2016).
Probabilistic approaches can be applied to analyze data (e.g., Zargar et al., 2012) or to run a model, such as Monte
Carlo random (Hastings, 1970) or Latin hypercube (McKay et al., 1979) parameter selection. Ensemble model
approaches use the range of observed data as input to produce probabilistically output of possible realizations
(Twedt et al., 1977). As Pliny the Elder stated “the only certainty is that nothing is certain,” which has led various
assessments of hydrological uncertainty (e.g., Hrachowitz et al., 2013; Carsteanu et al., 2016).

This special column of Frontiers of Earth Science started as a symposium on Uncertainty in Water Resources and
Environmental Sustainability that was held at Southwest University in Chongqing, China on October 26th, 2016. The
focus was any part of the globe with a physical, ecological, or social science perspective, or any combination thereof.
The goals of this special column were to provide insight into methods of quantifying uncertainty, the estimation of
uncertainty in regions that have not been extensively studied, and the incorporation of uncertainty in models. One
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invited paper (Nearing and Gupta, this issue) and eight regular papers appear in the issue. The papers are divided
into the topics of modeling, snow, and other applications. The first Special Issue on the theme of Water and
Environmental Sustainability focused on Headwaters Regions and appeared in 2017 (Fassnacht et al., 2017).

2 Overview of special column papers

This special column begins with a concept paper (Nearing and Gupta, this issue) that defines the term uncertainty in
the context of hydrological modeling, and ergo other systemmodeling, comparing the idea of multi-model ensembles
to a theoretical information science approach. The authors make the important point that a sensitivity analysis
performed within a model does not assess uncertainty, but rather only assesses that specific model formulation. This
is contrary to Saltelli and Funtowicz (2014) who unfortunately equate the two. Nearing and Gupta (this issue) do
highlight that a model sensitivity analysis is relevant to understand the architecture and possibly the limitation of a
particular model. They also encourage the recommendation by Saltelli and Funtowicz (2014) that models need to be
more rigorously tested and evaluated, especially when used to inform policy. The paper by Nearing and Gupta (this
issue) presents a philosophical approach to modeling that may enable the conceptualization and creation of robust
models to address more complex systems.

Two papers focused on modeling. Four uncertainty analysis algorithms were applied in the Soil and Water
Assessment Tools (SWAT) eco-hydrological model to quantify different source of uncertainties (especially parameter
uncertainty) and evaluate their performance (Rafiei Emam et al., this issue). These four algorithms were Generalized
Likelihood Uncertainty Estimation (GLUE), Sequential Uncertainty Fitting (SUFI), Parameter Solution method
(ParaSol) and Particle Swarm Optimization (PSO). The results suggested using SUFI-2 initially to set the parameter
ranges, and further use PSO for final analysis (Rafiei Emam et al., this issue).

The uncertainties associated with land surface processes were investigated through comparisons of two land
surface models with a coupled atmosphere-land modeling system (Suzuki and Zupanski, this issue). These
platforms were used with a maximum likelihood ensemble filter data assimilation for 24-hour prediction simulations in
Siberia in 2013. Results of this study show that the inclusion of a multiple snow-layer model is beneficial for reducing
the uncertainties associated with snow depth and change in snow depth. Four other papers analyzed different
aspects of uncertainty associated with snow.

To better constrain snow depth sampling strategy for the purpose of remote sensing ground-truthing, Fassnacht et
al. (this issue) analyzed fine resolution snow depth field measurements with 30 m pixels over 1 km2 areas. They
found that using only three measured snow depths resulted in large errors for some of these pixels and that between
3 and 6 point measurements was optimal to achieve an acceptable error of 5%. One location was measured for two
years prior to peak accumulation, showing little to no inter-annual consistency in the mean and standard deviation.

Two papers investigated snow measurements through remote sensing. O’Leary et al. (this issue) focused on the
Cascade Mountains in the Western USA to assess the onset of snowmelt. Using the MODerate-resolution Imaging
Spectroradiometer (MODIS) data, they derived snowmelt timing maps to assess that the 2015 snowmelt began 41
days earlier than the 2001 to 2015 mean, and a quarter of their study domain melted out more than two months
earlier than average.

Evaluating both MODIS and Visible Infrared Imaging Radiometer Suite (VIIRS) data, Appel (this issue) quantified
uncertainty in estimating fractional snow covered area (SCA) from multiple sensors. The Normalized Difference
Snow Index (NDSI) was used to estimate fractional SCA. The MODIS and VIIRS based snow maps, at a 500 and
375 m resolution, respectively, were compared to the 30-m binary SCA derived from Landsat data.

The uncertainty of snowpack sublimation estimates using the bulk aerodynamic flux equation was quantified
through modeling sublimation for three water years at West Glacier Lake watershed in Wyoming (Hultstrand and
Fassnacht, this issue). A Monte Carlo analysis evaluated the sensitivity of modeled sublimation to uncertainties
within the input variables and parameters, resulting in a mean cumulative uncertainty of 41%. The measurement
height, aerodynamic roughness length, and relative humidity were the three parameters that accounted for 74% to
84% of the sublimation uncertainty.

A gross primary productivity (GPP) dataset derived from MODIS was used by Huang et al. (this issue) to assess
global maize croplands. Point data from seven eddy covariance (EC) flux tower sites in China, France, Germany,
and USA were used as ground-truth to assess the GPP data. A light use efficiency model was recalibrated with the
EC data and applied with meteorological variables to improve the global GPP estimates. The occurrence of a
continuous rainy season at the German EC site created noise that was identified to further improve the calibration.

The sediment distribution downstream of the Three Gorges Reservoir (TGR) on the Yangtze River was
investigated from 1987 to 2014 to capture conditions prior to and after reservoir impoundment in 2003 (Li et al., this
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issue). Results of this study display the control that reservoir discharge has on sediment transport. Since the TGR
impoundment sediment transport has decreased. Sediment discharge increases as distance from TGR increases
indicating sediment transport being fed by riverbed scouring with varying dynamics in the downstream reaches since
impoundment.
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