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The recent advances in sensing technology and machine learning have offered

new opportunities in hydro-climate research with tremendous data and highly

complex, nonlinear models. However, a model tends to lose interpretability

when it becomes complex, which can degrade its transferability under out-of-

sample conditions. Therefore, the tradeoff between model complexity (accu-

racy) and interpretability must be considered. In this dissertation, I implement

some interpretable data-driven approaches through a typical chain of uncer-

tainty propagation in three major sectors of climate, hydrology, and water re-

source management. My research serves as an early effort to quantify uncer-

tainty from two major sources, climate forcing and hydrological responses, and

to incorporate them into water resource management.

I first examine the feasibility of a regularized regression model in uncov-

ering teleconnections between regional precipitation and large-scale climates

from both physical and statistical perspectives. Next, we explore the potential

of a Bayesian estimation method as a cheap surveillance tool for monitoring dy-

namics of rainfall-runoff responses for small watersheds. Finally, we adopt the

evolutionary multi-objective direct policy search framework to quantitatively

compare how forcing data of different resolutions can alter water system op-

timization. Based on these projects, we figure that 1) data-driven approaches

can guide exploration of physical knowledge and 2) computational costs can be



reduced by using physical constraints.
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CHAPTER 1

A GENERAL INTRODUCTION

‘Without data you’re just a person with an opinion.’ These words of Dr. W. Ed-

wards Deming, the master of continual improvement of quality, have gained

dramatically increasing popularity these days, and reflect a prevalent trend

of people attaching more importance to data-based facts across many fields.

The statement is particularly relevant in science where people want facts rather

than opinions. Concurrently, a significant growing interest has been observed

in data-driven approaches (Figure 1.1). Generally speaking, a data-driven ap-

proach is determined by or dependent on the collection or analysis of data. Ap-

plications of data-driven approaches include but are not limited to prediction

[3], causal inference [4], decision making [5], visualization [6], etc. Also, data-

driven analysis is often used interchangeably with statistical analysis in research

since both analyses attempt to uncover patterns by collecting and interpreting

data. More recently, ’data-driven’ is being linked to some intangible aspects as

people start creating a ’data-driven’ culture in companies [7], schools [8], and

even societies [9].

Data-driven approaches have a long history in solving water-related prob-

lems, of which only a very brief introduction can be offered here. In this dis-

sertation, their applications are categorized into three major sectors including

climate, hydrology, and water resource management. In the climate commu-

nity, statistical techniques have played an important role since the birth of cli-

matology when very little knowledge of physical modeling was available. Some

earliest work can date back to 1800s when scientists tried to study climate in a

descriptive way by comparing simple statistics of climate variables (e.g., sample
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Figure 1.1: Frequency as measured by interest over time of the term ’data-
driven’ being searched on google worldwide over Jan 2011 to
Aug 2021. Interest over time is a rescaled metric of popularity
over time. A value of 100 is the peak popularity while a value
of 50 indicates the term is half as popular. Data source: Google
Trends (https://www.google.com/trends).

mean and standard deviation) [10]. Development of climate science was accel-

erated around 1860s when observations became more reliable [11]. The more

readily available data also boosted development of related statistical techniques

since it requires more sophisticated methods for information extraction and pro-

vides opportunities for statistician to elaborate their innovated approaches [11].

Since then, a diverse of data-driven approaches have been implemented in ex-

ploring hidden associations between climate variables and investigating under-

lying physical processes. Some well-established and widely-used approaches

include regression [12], correlation [13], analysis of variance (ANOVA) [14],

eigenvalue techniques [15], frequency analysis [16], etc. And for more com-

prehensive details about statistical classics in climate research, one can refer to

Von Storch and Zwiers [10] and Von Storch and Navarra [11].

Application of data-driven approaches has followed a similar path in the

field of hydrology. Statistical frequency analysis was first introduced into hy-

drology in early 1900s by Fuller [17], and was followed by the famous unit
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hydrograph model [18]. The early efforts were focused on using linear and

empirical relationships between hydrological observations (e.g., precipitation,

runoff) due to limited knowledge of physical processes and data scarcity. Later

on, thanks to advances of sensing technology, observations became available for

variables that were impossible to measure (e.g., surface fluxes) [19], and more

refined methods were developed for aid understanding of nonlinear interac-

tions between variables [20, 21]. Even in present days when physically-based

modeling is the primary way for causality analysis in hydrology, data-driven

approaches provide many essential functions in interpreting model results like

uncertainty propagation [22], sensitivity estimation [23], and parameter identi-

fication [24].

Research in water resource management has a relatively short history com-

pared to the other two sectors. Multi-unit and multi-purpose water resource

systems were studied in a systematic and quantitative way for the first time in

1950s in the Harvard Water Program (HWP) led by a group of engineers and

economists [25, 26]. While many studies in climate and hydrology are based

on dynamic models governed by physical laws (e.g., general circulation models

[27] and distributed hydrology models [28]), such tools are lacking in the com-

munity of water resource management. Even though some of the systems to be

optimized are based on physical models, they are often treated like black box

models and are being replaced by more cost-effective surrogates [29]. And the

nature of optimization problems in water resource management makes data-

driven techniques like sampling a vital part , especially in managing systems

under deep uncertainty [30].

In past few decades, a broad range of water-related problems are becoming
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more challenging due to rapidly changing climate and more extreme weather

events. The Intergovernmental Panel on Climate Change (IPCC) just released

its 6th assessment report (AR6) which suggests that human-induced climate

change is affecting many weather and climate extremes across the globe and

the scale of recent climate changes is unprecedented [31]. These facts greatly

amplify uncertainties in model estimations of climate and hydrology variables

[32, 33] and put question marks on empirical models based on an assumption of

stationarity [34]. In addition, societal preferences are being reshaped by grow-

ing awareness of changing climate [35], which adds extra complexity to prob-

lems in water resource management by increasing dimensionality of objectives

and decision variables. On one hand, new objectives and constraints are pro-

posed in dimensions of environmental and social impacts [36, 37]; On the other

hand, water resource systems are integrated and coordinated with other sys-

tems for efficient and sustainable operations [38, 39].

A recent boom in machine learning and sensing techniques has equipped

us with new data-driven tools to tackle these challenges. And thanks to ad-

vances in computational power, highly complex models (e.g., deep neural

networks) are successfully implemented in uncovering relationships between

hydro-climate variables [40] or developing accurate emulators [41]. However,

machine learning is not a panacea and correlation does not necessarily imply

causation. A risk must be considered that models often become harder or even

impossible to interpret when they get more complex [42]. To test these complex

models against well-established physical knowledge then becomes hard, and

lack of interpretability can sometimes be problematic when applying models

on out-of-sample conditions [43]. Spurious correlations is an example of poten-

tial issues [44, 45] and a more detailed definition of spurious correlation can be
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seen in Simon [46]. Therefore, more consideration must be put on the tradeoff

between accuracy and interpretability when development data-driven models

depending on research purpose. A noteworthy potential solution is to inform

data-driven models with physical constraints so as to 1) avoid spurious patterns

[47] and 2) to limit function spaces to explore [48].

In this dissertation, data-driven approaches that have good interpretability

and are informed by or tested against physical constraints are examined across

the sectors of climate, hydrology, and water resource management:

Chapter 2: We investigate the predictability of East African short rains at long

(up to 12 month) lead times by relating seasonal rainfall anomalies to climate

anomalies associated with the predominant Walker circulation, including sea

surface temperatures (SST), geopotential heights, zonal and meridional winds,

and vertical velocities. The underlying teleconnections are examined using a

regularized regression model that shows two periods of high model skill (0–3-

month lead and 7–9-month lead) with similar spatial patterns of predictability.

We observe large-scale circulation anomalies consistent with the Walker circu-

lation at short lead times (0–3 months) and dipoles of SST and height anomalies

over the Mascarene high region at longer lead times (7–9 months). These two

patterns are linked in time by anticyclonic winds in the dipole region associ-

ated with a perturbed meridional circulation (4–6-month lead). Overall, these

results suggest that there is potential to extend forecast lead times beyond a few

months for drought impact mitigation applications.

Chapter 3: Skillful long-lead climate forecast can be based on teleconnections

between regional climate and large-scale circulations. Recent innovations in ma-

chine learning provide powerful tools in exploring linear/nonlinear teleconnec-
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tions between climate variables. However, while it is hard to give physical inter-

pretation of the more complex models, the simple models can be vulnerable to

over-fitting, especially when dealing with the highly “non-square” climate data.

In Chapter 3, as a compromise of interpretability and complexity, we test a reg-

ularized and interpretable regression model coupling pooling and elastic net.

Performance of the model is evaluated in estimating the Three-Rivers Headwa-

ter Region wet-season precipitation using sea surface temperatures (SSTs) on

Pacific Ocean and Indian Ocean at lead times of 0–24 months. The model shows

better long-term predictive skill when compared against some commonly used

regression methods including the Ordinary Least Squares, Empirical Orthog-

onal Function, and Canonical Correlation Analysis regressions. A correlation

analysis indicates that the high skill relates to persistent regional correlation pat-

terns between the predictand precipitation and predictor SSTs. Furthermore,

flexibility of the model is demonstrated using its logistic regression version,

which shows good predictive skill around a long lead time of 22 months. Con-

sistent clusters of SSTs are found to contribute to both models. Two SST indices

are defined based on the major clusters of predictors and are observed to be sig-

nificantly correlated with the predictand precipitation at the corresponding lead

times. In conclusion, the proposed regression model demonstrates great flexi-

bility and advantages in dealing with collinearity while preserving simplicity

and interpretability, and shows potential as a cheap preliminary analysis tool to

guide further study using more complex models.

Chapter 4: Understanding dynamics of hydrological responses is essential in

producing skillful runoff forecast. This can be quantitatively done by tracking

changes in hydrology model parameters that represent physical characteristics.

In Chapter 4, we implement a Bayesian estimation method in continuously es-
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timating hydrology model parameters given observations of rainfall and runoff

for small watersheds. The method is coupled with a conceptual hydrology

model using a Gamma distribution-based Instantaneous Unit Hydrograph. The

whole analytical framework is tested using synthetic data as well as observa-

tional data from the Fall Creek watershed. The results show that the Bayesian

method can well track the hidden parameters that change inter-annually. Then

the model is applied to examine temporal and spatial variability of the rainfall-

runoff responses and we find 1) a systematic shift in the rainfall-runoff response

for the Fall Creek watershed around 1943 and 2) a statistically significant re-

lationship between rainfall-runoff responses and watershed sizes for selected

NY watersheds. Our results demonstrate potential of the Bayesian estimation

method as a rapid surveillance tool in monitoring and tracking changes of hy-

drological responses for small watersheds.

Chapter 5: Advances in sensing technology and machine learning offer new

opportunities in reservoir management under a changing climate by provid-

ing highly-accurate hydroclimate observations and forecasts. However, such

high-resolution data may not be accessible in less developed areas and water

managers may be limited to data of poor resolutions. In Chapter 5, we at-

tempt to address effects of this mismatch on system optimization performance

in a quantitative way by managing a multi-reservoir system using forcing data

of different resolutions (i.e., perfect versus binary). The analysis is illustrated

using the upper Yellow River reservoir system where a series of 12 reservoirs

serves to supply water for downstream cities and agricultural districts while

providing electric power to the Northwest Grid and load-balancing capacity for

other renewable energy (e.g., photovoltaic and wind). Representative policies

that approximate actual operations are developed using the Evolutionary Multi-
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Objective Direct Policy Search approach and their performance in maximizing

hydropower production, load balancing capacity and minimizing water deficit

are evaluated. Switching from binary data to perfect data only leads to negli-

gible improvement in expectation objectives but significantly improved robust-

ness under altered conditions of initial water storage and flow distributions. By

further decomposing time-varying sensitivities of the policies, we observe that

both policies heavily rely on variability in water storage in making release deci-

sions while the policy trained with perfect data can incorporate more informa-

tion from flow, which makes them less sensitive to climate uncertainty. Overall,

our study suggests that benefits of using high-resolution hydroclimate infor-

mation can be concentrated in improvements of policy robustness and stability

rather than expectation performance for large hydropower systems operating

on relatively long timescales.
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CHAPTER 2

SEASONAL PREDICTABILITY OF EAST AFRICA SHORT RAIN

2.1 Introduction

Food security has been and continues to be a major challenge in Eastern Africa.

This region is particularly vulnerable to extreme weather events like droughts

and floods, because the regional economy and food production are largely de-

pendent on rainfed agriculture. As an example, the 2011-2012 drought caused

a disastrous food crisis that impacted more than 13 million people in the Horn

of Africa, killing between 50,000-100,000 people [49]. These impacts perpetuate

a cycle of poverty [50] and highlight the critical need for improved climate re-

siliency in the region. Towards this end, this study seeks to improve seasonal

predictions of rainfall in East Africa, with a particular focus on extended lead

times (> 6 months), to enable early warning systems and mitigative actions that

can help reduce the impacts of major droughts and floods.

Eastern African rainfall seasonality is bimodal, with two distinct rainy pe-

riods termed the ‘long rains’ (Mar-Apr-May, MAM) and the ‘short rains’ (Oct-

Nov-Dec, OND or Oct-Nov, ON). Inter-annual variability of rainfall from the

two seasons are relatively independent [51], with higher variability in the short

rains but more total rainfall during the long rain season [52]. Further, inter-

annual variability in the short rains is more closely related to external forcing

[53, 54]. This motivates our focus on improving the predictability of the East

African Short Rains (EASR) in the present study.

There is a well-established teleconnection between EASR and forcing from
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large-scale circulation over the Indian Ocean basin. Under normal conditions,

the short rains are influenced by a Walker circulation cell characterized by sur-

face westerlies over the Indian Ocean, ascending air over Indonesia, upper-level

easterlies, and descending air over East Africa [55]. Intensification of this cir-

culation can result in drier conditions in East Africa. This cell, and by exten-

sion East African rainfall, can be modulated by underlying sea surface temper-

ature anomalies (SSTAs) in the Indian Ocean. Saji et al. [56] related tropical

East African rainfall anomalies to the Indian Ocean dipole (IOD), a gradient in

SSTAs with positive events defined by warm waters off the coast of East Africa

and cold waters near Indonesia. Black et al. [57] identified a similar relationship

but found it to be strongly nonlinear, with rainfall anomalies only associated

with extreme and persistent SSTA events that reverse the normal zonal SST gra-

dient for several months. Under these situations, strong easterly winds in the

northern-central Indian Ocean weaken the westerly surface flow that normally

transports moisture away from East Africa. The anomalous easterlies can even

reverse the full Walker cell, enhancing convergence and convection over East

Africa and leading to greater rainfall in that region during boreal autumn.

The dynamical pathways were further explored by Ummenhofer et al. [58],

who used ensemble simulations to show that the warm western SST pole of

the IOD has a larger role than the eastern cold pole in promoting stronger east-

erly winds from the Indian Ocean and moisture convergence over East Africa.

Bahaga et al. [59] also confirmed the dominant role of the western pole of the

IOD using AGCM simulations, which demonstrated that the warm western

pole initiated a Gill-type response. In Hastenrath et al. [60], the important role

of upper-level atmospheric motion was addressed: the summer warming and

high stand of upper-tropospheric topography over south Asia enables strong
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upper-tropospheric easterlies over the northern-central Indian Ocean in the fol-

lowing boreal autumn, while lack of such a mechanism in boreal spring leads to

less predictability of the long rains. A more recent study by Nicholson [61] uti-

lizing a 139-year rainfall record showed that the links between the Walker cell

and the East African short rains were significantly weaker during certain his-

torical periods (e.g., 1920-1960) and stressed the time dependence of the links.

The non-stationary correlation between Indian Ocean SSTs (e.g., IOD) and EASR

was further investigated by Bahaga et al. [62], which suggests that more inter-

annual variability of the EASR was explained by the Indian Ocean SSTs in recent

years.

Many studies have demonstrated the potential for seasonal prediction of the

EASR based on the above teleconnection patterns [52, 54, 63, 64, 65]. Much of

the prediction skill appears linked to dynamics internal to the Indian Ocean,

and in particular, measures of the Walker cell across the Indian Ocean. While

there is some predictability associated with dynamical fields, the east-west SSTA

gradient provides superior prediction skill up to three months lead time. Mu-

tai et al. [52] developed a regression model using the Jan-Aug-Sept (JAS) and

OND principal components associated with (VARIMAX) rotated empirical or-

thogonal functions (EOFs) of the global SSTs, which yielded correlation coef-

ficients of [0.56 - 0.78] in the testing period at a lead-time of 1 month. Has-

tenrath et al. [54] used a stepwise regression model with multiple predictors

that are measures of the Walker cell (e.g., surface and upper-level zonal winds,

vertical air motion, SST gradient, and pressure difference), and produced cross-

validated correlation coefficients within the range of [0.02, 0.74] at a lead-time

of 1 month. Nicholson [64] used a similar regression framework and achieved

cross-validated r scores of 0.7 at a lead-time of 2 months primarily using atmo-
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spheric predictors, and r scores within [0.6, 0.71] at a lead-time of 5 months us-

ing mainly SST predictors. Other work [63, 66] also suggests that ENSO plays a

limited role in controlling modulations in the Walker cell over the Indian Ocean,

and thus has less value for seasonal forecast development compared to direct

observations of the Indian basin circulation. Also, Bahaga et al. [62] disentan-

gled the IOD and ENSO influence on the EASR, showing that the ENSO influ-

ence is mediated by an in-phase occurrence of IOD.

To the best of our knowledge, the longest lead times of skillful seasonal fore-

casts have been limited to around 3-5 months. These lead times are related to

measures of the Walker cell used in forecast development, which are first ob-

served as SSTAs over the East Indian Ocean that develop in June [67]. These

lead times, while useful, may not be long enough to enable decision makers

to effectively execute mitigative actions. For example, if water managers knew

that there was a high likelihood of drought in the short rains prior to or during

the previous long rain season (6-8 month lead), they could prepare by reducing

the allocation of water supplies provided by the long rains to mitigate water

shortages later in the year. Similarly, long lead times are needed for use in crop-

ping decisions. This motivates the question of whether we can extend seasonal

forecast lead times of the East African short rains by focusing on large-scale

climate processes that trigger subsequent perturbations in the Walker cell.

We posit that a focus on the Mascarene High and its relationship to inter-

annual variability of EASR presents a promising approach for this extension.

The Mascarene High (MH) is a semi-permanent subtropical ridge in the south-

ern hemisphere off the coast of Madagascar, and has been shown to have great

impacts on variability of the Asian Monsoon [68, 69]. Black et al. [57] proposed
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that anomalies in the MH could initiate a perturbed meridional circulation cell,

that in turn could influence the Walker circulation and by extension EASR. The

link between the MH and EASR was further studied by Manatsa et al. [70], who

used correlation and composite analyses for flood and drought events based

on observations and reanalysis data to explore the connection and found that

EASR variability is strongly linked to the zonal displacement of the MH. When

the MH eastern ridge is anomalously displaced to the west (east), the south east

trade winds over the Southern Indian Ocean strengthen (weaken), which alters

the SST pattern and leads to suppressed (enhanced) convection over East Africa.

However, importantly, the seasonally lagged relationship between anomalies in

the MH, the Walker circulation, and EASR has not been sufficiently studied to

determine if there is potential to extend forecast lead times of EASR. This re-

search gap is a major motivation of the present paper.

In this study, we first explore potential predictors from a predictor pool con-

sisting of multiple climate fields over the Indian Ocean using a regularized re-

gression model. Instead of only using spatially averaged rainfall as the predic-

tand, the regression analysis is repeated for rainfall at every grid cell to exam-

ine spatial variability of the predictive skill. Then, regression coefficient maps

are compared with Indian Ocean basin composites prior to historical extreme

EASR events to better understand the predictive signals being identified by the

regression models. Using a cross-validated procedure and additional lead-lag

analyses on larges-scale climate fields, we assess the robustness of the regres-

sion models and the resulting insights. Based on these results, we propose a

theory on the potential for extended predictability of EASR.
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2.2 Data

Monthly rainfall data between 1981 to 2017 is collected from the Climate Haz-

ards Group InfraRed Precipitation with Station data (CHIRPS) [71] for its fine

spatial resolution and relatively long temporal coverage. The gridded rainfall

data incorporates satellite imagery (0.05◦ x 0.05◦ resolution) and in-situ station

data and is re-interpolated to grids of 0.5◦ in this study. The CHIRPS rainfall

performed very well when compared against in-situ observations, likely be-

cause of its direct inclusion of rain gauge data and microwave images during

calibration [72]. This study focuses on the equatorial East African region (land

area in [5◦S-5◦N, 33◦E-47◦E]), similar to the short rains area used in Bahaga et al.

[62]. This region has a well-defined rainfall regime with consistent, bimodal

seasonality [73]. Average rainfall between Oct and Nov is used to characterize

the short rains in this study. Previous studies of the short rain season have ei-

ther used rainfall over the OND [52, 51, 62] or the ON [54, 53, 63, 61] period

to represent the short rains. Our preliminary analysis (Figure A.1) suggested

that predictability was slightly higher for the ON than for the OND rainfall,

and when regressions were built separately using Oct, Nov, and Dec rainfall,

there was little connection between Dec rainfall and large-scale climate fields.

Therefore, we selected ON rainfall as our short rain index to better isolate the

predictive signal.

The distribution of the EASR is highly skewed, which can overly empha-

size a few extreme wet events in statistical analysis of the data. Therefore, the

standardized precipitation index (SPI) is used based on a fitted gamma distribu-

tion [74]. The EASR series at all grid cells were first averaged and then the SPI

was calculated based on the spatial average. Extreme events are defined as the
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events with absolute values of SPIs larger than 1 based on the spatial-averaged

EASR SPI, which is shown in Figure 2.1.

 

Figure 2.1: The spatial-averaged EASR SPI series from 1981 to 2017

The monthly gridded SSTs (1◦ latitude by 1◦ longitude) over 1980-2017 are

collected from the Hadley Centre Sea Ice and Sea Surface Temperature data set

[75]. Only SSTs in the Indian Ocean basin are used here since previous stud-

ies suggest the influence of SSTs on the EASR is ’local’ [58, 59]. The Indian

Ocean basin domain is based on the ocean boundary definition from the Na-

tional Oceanic and Atmospheric Administration (NOAA). Several other climate

fields (2.5◦ x 2.5◦ resolution) over the region of [65◦S-35◦N, 20◦E-150◦E] are also

taken from the NCEP/NCAR Reanalysis II product over the period from Jan

1980 to Dec 2017, including 850h Pa geopotential height (height or HGT), 850

hPa (low) and 200 hPa (upp) zonal/meridional winds (u/v winds), and 500

hPa vertical motion in the atmosphere (omega). Standardized anomalies are

computed for all variables except rainfall by first subtracting the monthly clima-

tology and then dividing by the local standard deviation to reduce the effects of

the dominant seasonal cycle and varying amplitudes at different latitudes. This

step is done locally at each grid cell.
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2.3 Methods

Linear models between the EASR SPI and several gridded climate variables

(SST, height, u/v wind, and omega anomalies) at different lead times are devel-

oped using elastic net regression [76]. Elastic net is a penalized regression that

is a balance between ridge [77] and the Least Absolute Shrinkage and Selection

Operator (LASSO) [78] regression and promotes group selection, i.e., the inclu-

sion or exclusion of groups of strongly correlated variables in the model. This

approach helps manage collinearity and avoid over-fitting by selecting predic-

tors among a large candidate set but retains groups of potentially important pre-

dictors instead of arbitrarily assigning the effect to a single variable (i.e., LASSO

regression). A general form is given by

(α, β) = argmin
{

1
2N

N∑
i

(
yi − α −

∑
j

β jxi−t, j

)2

− λP(β)
}

(2.1)

where the penalty term P(β) is given by

P(β) =
1 − k

2

∑
j

β2
j + k

∑
j

|β j| (2.2)

Here, yi is the EASR SPI at time i; xi−t, j is the value of a climate variable at

grid cell j at time i − t; (α, β) are the estimated regression coefficients; and λ

is a non-negative regularization parameter. The parameter k controls the bal-

ance between ridge and LASSO penalties and is set to 0.01 in this study after

preliminary testing of model performance with different k values. Models with

different values of k (i.e., 1, 0.1, 0.01) yield similar model skill and a smaller k is

used for better visualization (models with larger k would assign effects to very
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few predictors, leading to very sparse coefficient maps). Based on this param-

eterization, the model selects several groups of gridded climate variables from

the original data fields that are representative of the larger spatial patterns of

climate related to the short rains.

The hyperparameter λ is typically chosen using a J-fold cross validation (CV)

basd on the training data [78, 79]. However, to repeat the CV for every climate

variable and every lead time is not feasible given the computation expense. In

addition, a constant λ helps ensure the degree of shrinkage is the same across

each variable and lead time, making it easier to compare the results. Therefore,

for each of the climate variables we fix the value of λ for all lead times. We first

select λ using a 10-fold cross validation for 0 lead-time based on all of the data

between 1981-2017. This step is repeated separately 100 times for each climate

variable to account for variability introduced through the random selection of

fold. The values of λ are then collected and the median values are selected and

used in the following analysis. We note that sensitivity tests suggest that the

regression model has low sensitivity to the value of λ.

With the hyperparameters (i.e., k and λ) determined, the models are fitted

and tested 200 times using shuffled data, where in each iteration 27 randomly

selected years are used for model training and the remaining 10 years are used

for model testing. This cross-validation procedure is used to assess the robust-

ness of regression model results. The spatial-averaged EASR SPI is used as the

predictand and the analysis in this step is conducted separately for each indi-

vidual climate variable using the corresponding λs. Also, to account for spatial

variability of the predictability, the regression is repeated using SPI at every

grid by fitting the model using only SST as the predictor. These models are
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only fitted over 1981-2009 and tested over 2008-2017. All results are evaluated

in terms of the distribution of model skill, reported in the Spearman’s correla-

tion coefficients (CC). The statistical significance of the regression coefficients

is not straightforward to calculate using a regularized regression, and so is not

reported [80].

The elastic net regression will lead to a small number of selected grid cells

for a subset of climate predictors that are most related to the EASR at different

lead times. The spatial patterns of these selected climate predictors are also com-

pared against climate composites to ensure the models are consistent with those

composite patterns. According to our definition of EASR extremes, there are 6

wet extreme events (1982, 1994, 1997, 2006, 2011 and 2015) and 5 dry extreme

events (1981, 1983, 1998, 2005, 2010) in the 1981-2017 record. We composite SST,

height, u/v wind and omega anomalies 0-12 months prior to these extreme dry

and extreme wet events. We examine composites on the difference between wet

and dry events and separately for each type of event, to consider asymmetric

controls on wet and dry events that are driven by different processes [57, 61].

A bootstrapping significance test is applied in the composite analysis, in which

1000 composite means of 6 randomly selected years (for the wet composite)

and 5 randomly selected years (for the dry composite) are collected and their

difference are calculated (i.e., 1000 composite differences). Based on these boot-

strapped composites, only the results that are statistically significant at the 90%

confidence level are shown.

Finally, a lead-lag analysis is conducted to further examine the patterns

found in the regression and composite analyses. We define indices of large-scale

climate fields for several of our covariates in key regions of the Indian Ocean
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basin identified in the previous analyses, and then examine the lead-lag corre-

lations of these indices with each other and with other indices from previous

studies used to characterize the Walker circulation. The goal of this analysis is

to help develop a better understanding of the causal chain of climate processes

that lead to long-lead predictability of the EASR.

2.4 Results & Discussions

2.4.1 Model skill with shuffled data using spatially-averaged

SPI

Regression model skill for the testing period using shuffled data is shown in

Figure 2.2. For all climate variables, consistent decreasing trends in accuracy

are observed for out-of-sample predictions as lead time increases from 0 to 5/6

months, with median CC values above or around p = 0.1 significance for con-

current (lag-0) predictions to around zero skill at a lead time of 6 months. We

note the level of skill exhibited by the elastic net regression at lead times of 0-6

months is similar to that from the multiple linear regression by Nicholson [64].

Interestingly though, at longer leads (6-10 months) and for some climate pre-

dictors, out-of-sample prediction performance increases to levels comparable to

lead times of 0-2 months, before dropping again to non-significant levels at lead

times of 11-12 months. When SSTAs are used as predictors and at a lead time of

8 months, even the 25th percentile of prediction skill is above the 0.1 significance

level. At a lead time of 10 months, the median CCs are around the significance

level for models using height, omega and 200 hPa u wind; at a lead time of
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12 months, the median CCs are above the significance level for models using

height and omega.

Figure 2.2: Model skill, shown here as a Spearman correlation between
model predictions and observations, as a function of lead time
for the testing period using shuffled spatially-averaged EASR
SPI. The model predictors are anomalies of: (a) SST, (b) 850 hPa
HGT, (c) 500 hPa OMEGA, (d) 850 hPa u wind, (e) 200 hPa u
wind, (f) 850 hPa v wind, and (g) 200 hPa v wind. The 25th –
75th ranges are plotted in green lines; the median CCs are plot-
ted in red diamonds. The one-tailed p = 0.1 significance level
is plotted in the black dashed line.

2.4.2 Spatial variability of predictive skill

Spatial variability of the predictive skill is examined by repeating the regression

analysis for SPI at each grid cell. Only SST is used as the predictor and the data

are not shuffled in this analysis. Model skill as a function of lead time is shown

in Figure 2.3. Consistent patterns are observed: at lead times of 0-5 months,

model skill drops from above the 0.1 significant level to around zero skill; at a

lead time of 8 months, model skill rises above that observed at a 0-lead. To make

visualization of the results easier, we divide the lead times into ranges roughly
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based on behavior of the prediction skill: 1) S1: lead times of 0-3 months; 2) S2:

lead time of 4-6 months; 3) S3: lead times of 7-9 months; and 4) S4: lead times

of 10-12 months. Prediction skill maps for our study area during the 4 seasonal

lead times are shown in Figure 2.4. During S1 and S3, at most grid cells (83% and

80% for S1 and S3, respectively), significant prediction skill is observed for least

one month within the season. However, only 54% and 62% of the grid cells are

found to have significant prediction skill during S2 and S4, respectively. More

grid cells with significant prediction skill are distributed along the coast for S4

and further inland for S2. Similar spatial patterns are observed for S1 and S3,

in which only some grid cells around the central region are found to not have

significant prediction skill. The gap region with relatively poor predictive skill

overlaps with the eastern part of the East African Highlands. While the poor

predictive skill could be physically based, we cannot rule out the possibility

that it is resulted from the elevation-associated bias in the rainfall data [72].

We do note that consistent patterns of predictive skill were observed when the

analysis was repeated using rainfall from the Global Precipitation Climatology

Project (GPCP) (Figure A.2).

2.4.3 Comparison between climate composites and regression

predictor patterns

The predictive skill at lead times of 7-9 months is notable because the anomalous

Walker circulation has not yet been initiated [67], suggesting there is some other

mechanism besides the tropical Walker Cell acting as a source of predictability.

To better understand this source and determine how it propagates into shorter
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Figure 2.3: Distribution of regression model skill at each EASR SPI grid
cell and for different lead times. The model is fit to SST data
between 1981-2007, and correlation coefficients are shown for
the testing period (2008-2017). The 25th – 75th ranges are plotted
in green lines; the median CCs are plotted in red diamonds.
The one-tailed p = 0.1 significance level is plotted in the black
dashed line.

lead times, spatial distributions of regression coefficients for each period are ex-

amined in Figure 2.5 and 2.6. The coefficients are fitted using the full series of

the spatially-averaged ESAR SPI between 1981-2017 and the regression analysis

is done individually for each climate variable. Results from the u wind and v

wind models are combined to produce coefficient maps for lower (850 hPa) and

upper (200 hPa) winds. The coefficients represent sparse selection of predictor

variables under elastic net regression from the large candidate set for the entire

domain and highlight those regions that provide the best source of predictabil-

ity at different lead times. It is worth mentioning here that the regularization

procedure is designed to select only a small subset of grid cells to be included

in the final model as a way to control for collinearity amongst the full covariate

set. Therefore, the set of regression coefficients can be used to identify ‘hotspots’

where a certain climate variable most strongly contributes to the teleconnection,

but the coefficients should not be interpreted as representing the true spatial ex-
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Figure 2.4: Maps of the best intra-season prediction skill for different lead
time ranges. The regression analysis is conducted for periods
of: (a) S1 (lead times = 0-3 months), (b) S2 (lead times = 4-6
months), (c) S3 (lead times = 7-9 months), and (d) S4 (lead times
= 10-12 months), and the best intra-season skill is defined as the
highest CC score for the testing period within the correspond-
ing season. The grid cells with significant prediction skill (one-
tailed p = 0.1) are marked with red dots.

tent of significant relationships between the climate fields and EASR. Hence,

the coefficient maps are compared against composite maps (Figure 2.7-2.8) of

wet-dry years that include no regularization and therefore present the telecon-

nection patterns more continuously.

During S4, negative (cold) SST coefficients are observed off the coast of the

Horn of Africa while positive (warm) SST coefficients are observed near the

Sumatra region, resembling a negative-phase Walker circulation (Figure 2.5d).

Other characteristics of this negative phase are also observed: positive (subsid-
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Figure 2.5: Coefficient maps for anomalies of (a-d) SST, (e-h) HGT, (i-l)
OMEGA during periods of S1 (a, e, i), S2 (b, f, j), S3 (c, g, k),
and S4 (d, h, l). Coefficients values are shown in color.

ing) omega coefficients are observed over East Africa (Figure 2.5l) and wester-

lies are observed over the tropical Indian Ocean for the 850 hPa winds (Figure

2.6d). All these factors contribute to less convection over East Africa and less

transport of water vapor from ocean to land, which result in a drier short rain

event. This suggests that dry short rain seasons tend to precede wetter seasons

in the following year, which is supported by the negative autocorrelation of the

EASR SPI at a 1-year lead-time (Spearman’s rank correlation yields -0.47 for 36

samples, one-tailed p-value < 0.005).

S3 has notably high prediction skill observed before the initiation of the per-

turbed Walker circulation. In the SST coefficient map (Figure 2.5c), clusters

of positive (warm) coefficients are observed around the Mascarene High area

over the southern Indian Ocean and negative (cold) coefficients are sparsely dis-

tributed over the central and northern Indian Ocean. Positive height coefficients

are also observed in areas slightly further to the north (Figure 2.5g). During S2,
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Figure 2.6: Coefficient maps for anomalies of (a − d) 850 hPa wind and
(e − h) 200 hPa wind during periods of (a, e) S1, (b, f) S2, (c,
g) S3, and (d, h) S4. Coefficients of the u winds are visualized
using zonal arrows, with an eastward arrow denoting a posi-
tive coefficient; coefficients of the v winds are visualized using
meridional arrows, with a northward arrow denoting a posi-
tive coefficient. Amplitudes of the coefficients are represented
using the lengths of the arrows. For each atmosphere level (i.e.,
850 hPa and 200 hPa), the u and v wind coefficient maps are
combined by adding the two vector fields.

the model ceases to select SST predictors, as the SSTA and height features associ-

ated with the perturbed MH fades out and the modulated Walker cell is not fully

developed (Figure 2.5b). Instead, the model emphasizes southerlies around the

Eastern Indian Ocean near the Sumatra region for 850 hPa winds (Figure 2.6b).

A plausible explanation for the drop in model skill during the transition period

of S2 is that the climate variables chosen by the model (i.e., winds) are noisy,

both in terms of measurement (i.e., reanalysis model) error and possibly with re-

spect to geographic location, and therefore are more difficult for the regression

model use when predicting EASR. Patterns of coefficients during S1 are very

consistent and well described by the Walker circulation theory: positive (warm)

SST coefficients (Figure 2.5a) and negative (uplifting) omega coefficients (Figure
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2.5i) are observed in the western basin and opposite coefficients for the eastern

basin; negative coefficients are observed over the tropical Indian Ocean for low-

level winds (Figure 2.6a). The Eastern Indian Ocean is dominated by positive

height coefficients (Figure 2.5e). Another relevant point is that the southerlies

for low-level winds around the Eastern Indian Ocean persists from S2 to S1 (Fig-

ure 2.6b-2.6a).

We note that for all seasons, regression coefficients for omega are rather

noisy (Figure 2.5i-l) and predictive skill using this variable is erratic (Figure

2.2c). Additional analysis (not shown) suggests these effects are a result of the

spatial heterogeneity in the omega field, which can lead to instability in the re-

gression model fit and predictions (as compared to smoother fields like SST and

HGT).

Results from the composite analysis for the difference between historical ex-

treme wet and dry events are shown in Figure 2.7 and 2.8. These are consis-

tent with the patterns seen in the individual coefficient maps but aid in high-

lighting the important features. During the previous short rain season (S4, Fig-

ure 2.7d and 2.8d), anomalous tropical westerlies at low levels and easterlies

at high levels are observed and associated with a tropical Indian Ocean SSTA

gradient, with cold waters in the west and warm anomalies in the eastern In-

dian Ocean. The Sumatra region is dominated by negative omega anomalies,

or enhanced uplifting, which is consistent with the local warm water pool and

negative height anomalies at that time. The low-level pressure gradient and up-

lifting over Sumatra are also associated with anomalous surface westerlies that

advect moist air away from East Africa, reducing the short rains.

During S3 (Figure 2.7c and 2.8c), a second dipole of SST anomalies appears
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Figure 2.7: Composite maps for the difference between historical extreme
wet and dry events for SST (shading), 850 hPa HGT (contour)
and 850 hPa winds (arrows) for (a) S1, (b) S2, (c) S3, and (d)
S4. Results are only shown if significant when compared to a
bootstrapped 90% confidence interval.

over the central and southern Indian Ocean southeast of Madagascar (the Mas-

carene High area). A similar dipole pattern of height is observed. The warm

SST pole is also dominated by anomalously positive height with a low-level

anti-cyclonic wind pattern forming around it. During S2 (Figure 2.7b and 2.8b),

the dipole of SST dissipates, and cold water continues to accumulate over the

tropical Eastern Indian Ocean.

During S1 (Figure 2.7a and 2.8a), the anomalous easterly winds at low levels

on the northern extent of the anticyclone reach the equator and strengthen. Over

this same timeframe, cold water keeps accumulating over the tropical eastern
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Figure 2.8: Composite maps for difference the between historical extreme
wet and dry events for 500 hPa OMEGA (shading), 850 hPa
HGT (contour) and 200 hPa winds (arrows) for (a) S1, (b) S2,
(c) S3, and (d) S4. Results are only shown if significant when
compared to a bootstrapped 90% confidence interval.

Indian Ocean near the Sumatra region, with mild, warm SSTAs in the western

basin. Anomalously positive height anomalies dominate the tropical eastern

Indian Ocean around Sumatra prior to the short rain season. Positive omega

anomalies (subsiding air) are also observed over Sumatra while negative omega

anomalies (uplifting air) are observed over the Horn of Africa. At high levels,

the tropical region is dominated by anomalous westerlies. These anomalous

conditions are all consistent with perturbations to the Walker circulation that

have been proposed previously as controlling factors for the short rains and

useful measures for seasonal forecast development [52, 54, 63, 64].
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Similar composite maps are also examined for wet extreme and dry extreme

composites separately. Overall, the average structures of the wettest and dri-

est seasons appear relatively symmetric and represent opposite phases of the

‘Wet-Dry’ composite maps. Some noticeable differences are that in the wet-only

events, the dipole of SSTAs is much more significant than that in the dry-only

events, when the SSTAs over the Mascarene High area are relatively muted. In

general, the long-lead progressions averaged over wet and dry short rain sea-

sons tend to mirror each other.

Based on the analysis above, extreme short rain events appear associated

with dipoles of SST and height anomalies and an anticyclone-like wind pattern

at long lead-times (S3, 7-9 months in advance). We interpret the dipole of SST

and height anomalies that peak during S3 as the manifestation of an intensified

Mascarene High. The eastern branch of that circulation advects cold water to

the eastern Indian Ocean near Sumatra from high latitudes, while the western

branch of the low-level high advects equatorial warm water further south. As

the dipole mode dissipates during S2, we draw on the theory proposed by Black

et al. [57] to explain how processes maintain or even enhance the cold-water

pool over the eastern Indian Ocean. We hypothesize that the local cold-water

pool in that region modulates the Hadley circulation, perturbing meridional

winds at a larger scale. This perturbed meridional circulation induces anoma-

lous southerlies that keep transporting cold water to the eastern Indian Ocean

from high latitudes. This process is also consistent with our observations during

S2 and S1 when anomalous southerlies are observed over the eastern tropical In-

dian Ocean in the ‘Wet-Dry’ composites, along with subsiding air over Australia

near 30◦S. The enhanced cold pool around Sumatra then exerts a positive feed-

back to the anomalous Walker circulation, which provides the strongest source
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of predictability for the short rains 0-3 months (S1) in advance.

2.4.4 The lead-lag analysis between large-scale climate indices

To further test the proposed causal chain, three indices are defined based on

key features of the regression coefficient maps and climate composites from the

analyses above (Figure 2.9). These include a long-lead SST dipole index (SL), a

long-lead pressure dipole index (HL), and a long-lead meridional wind index

(VL). The SL is defined as the difference between spatially averaged SSTs in two

regions: (50◦S − 35◦S , 40◦E − 80◦E; S Lp) and (0◦ − 20◦N, 50◦E − 100◦E; S Ln). The

HL is defined as the difference between spatially averaged 850 hPa geopotential

heights in those same two regions. The SL and HL are used to represent dipoles

in SSTs and heights that emerge with an anomalous Mascarene High during

S3. The VL is defined as the spatially averaged 850 hPa meridional wind in

the region (15◦S − 5◦N, 90◦E − 100◦E; VL) and is used to quantify anomalous

southerlies that transport cold water from higher latitudes during S2-S1. As a

measure of the Walker circulation during S1, a short-lead SST dipole index (SS)

based on Hastenrath et al. [54] is defined as the difference between averaged

SSTs in (5◦S − 10◦N, 45◦E − 55◦E; S S p) and (15◦S − 5◦S , 90◦E − 110◦E; S S n).

Figure 2.10 shows the lead-lag correlations of these different climate indices.

Here, correlations in the upper left (lower right) are associated with situations

when the index on the vertical-axis leads (lags) the index on the horizontal-

axis. Figure 2.10a demonstrates a strong statistical coupling between the Mas-

carene High-related dipole in SSTs (SL) and heights (HL) at lead times between

6-10 months prior to the short rains. The correlations indicate that anoma-
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Figure 2.9: Regions used to define large-scale climate indices used in the
lead-lag analysis, including the long-lead SST dipole index
(S Lp and S Ln), the long-lead height dipole index (HLp and
HLn), the long-lead meridional wind index (VL), and the short-
lead SST dipole index (S S p and S S n).

lies in heights precede those in SSTs by between 1-3 months, suggesting that

the SST anomalies are forced by atmospheric anomalies. The comparison be-

tween SL and VL in Figure 2.10b highlights that the long-lead dipole in SSTs

for much of the year preceding the short rains, but especially at a lag of 7-10

months (December-March), is related to anomalous southerly winds in August

and May (2 and 5 months prior to the start of the short rains, respectively). Fig-

ure 2.10c then shows that those southerly winds exhibit strong concurrent or
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slightly lagged relationships with the short-lead SST dipole (SS) that provides a

measure of the anomalous Walker cell. This is consistent with the theory that the

Walker circulation is enhanced during S1 by persistent southerlies transporting

cold water from higher latitudes to the eastern Tropical Indian Ocean. We also

see that the SS and VL indices are correlated in August and May (for VL lead-

ing SS and vice versa), suggesting a link between the southerly winds and the

enhanced Walker cell during the transitional S2 season. Finally, we note that

the long-lead SL index is highly correlated to the short-lead SS index, with the

correlation reaching 0.58 when the SL index leads the SS index by 8 months (not

shown).

Figure 2.10: Correlation coefficients (Pearson’s) at varying lead times prior
to the short rain season between (a) SL and SS, (b) SL ans HL,
(c) SL and VL, and (d) VL and SS. The significant correlations
are marked with black circles (one-tailed p = 0.001). A ‘(-1)’ in
the axis label indicates the month from the previous calendar
year.

2.5 Conclusions

In short, we propose a causal chain of physical processes that explains the high

predictive skill of EASR anomalies at lead times of 7-9 months (S3) (explained

here for wet events):
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1) A strengthened Mascarene High first appears and forms dipoles of SST

and height anomalies during lead times of 7-9 months (Figure 2.5c, 2.5g and

2.7c);

2) The associated dipole mode triggers an anticyclone-like wind anomaly

that advects cold water to the Eastern Indian Ocean region from high latitudes

during lead times of 4-6 months (Figure 2.6b, 2.6c, 2.7b and 2.7c);

3) The cold water over the East Indian Ocean perturbs the local Hadley cir-

culation, which further perturbs the meridional circulation at larger scales, en-

hancing the cold-water pool at lead times of 4-6 months [57];

4) The cold-water pool modulates the Walker circulation by inducing anoma-

lous easterlies, bringing moist air to land, and enhancing uplift and convection

over East Africa at lead times of 0-3 months (Figure 2.6a, 2.6a and 2.7a).

These patterns are identified by a regularized regression model, in which

high predictive skill is observed for lead times of 0-3 months (S1) and lead times

of 7-9 months (S3). Maps of regression coefficients show that certain groups of

predictors were selected for those two lead times: at lead times of 0-3 months

(S1), the model selected cold water over the Sumatra region and anomalous

easterlies at 850 hPa, while at lead times of 7-9 months (S3), the model selected

the dipole of SSTAs with a warm pole over the Mascarene High area and a

cold pole over the northern and central Indian Ocean. Consistent patterns are

also observed in the composite analysis, in which large-scale climate fields prior

to historical extremes are examined and compared. A set of lead-lag analyses

also supported the proposed causal chain. Our findings of high predictability

at lead times of 7-9 months suggest that there is significant potential to extend
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lead times in forecast models for East Africa, which could prove valuable for

water management in the region.

While the results of this empirical study are promising, this study was lim-

ited to 37 years of observations. There is evidence that teleconnection between

the Indian Ocean and EASR are non-stationary [61, 62]. Therefore, further anal-

ysis using general circulation model (GCM) based experiments is needed to con-

firm the dynamic pathways linking the two stages of high predictability and

different climate fields. Such an experiment would require a modeling exer-

cise that activates or suppresses SST and pressure anomalies associated with

the Mascarene High, and then determines whether the activation of Mascarene

High anomalies in the model are associated with the dynamic pathways in the

Indian Ocean basin we identify in this study. This effort is left for future work.
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CHAPTER 3

LONG-TERM FORECAST OF TRHR WET-SEASON PRECIPITATION

3.1 Introduction

Skillful long-lead (seasonal to annual) climate forecast is of great importance in

managing large water systems. Examples include but are not limited to making

water transferring plans for multi-reservoir systems running at annual to inter-

annual time scales [81, 82], informing long-term agricultural decision making

[83, 84], and developing early warning system for disaster mitigation [85, 86].

While local climate variability always fails to persist through such long lead

times, the prediction can be made possible using long-lead teleconnections be-

tween regional climate and large-scale circulations. Anomalies of large-scale at-

mospheric circulations can be anchored by ocean memory due to massive heat

capacity of ocean water and be released to perturb other circulations at a much

later time [87, 88]. These perturbations can therefore be indicated by sea surface

temperature anomalies (SSTAs). There are already well-established SST-based

climate indices that have seen good use in long-lead climate forecasts such as

the Niño SST indices [89, 90, 91], the Pacific Decadal Oscillation (PDO) [92, 93],

the Tropical Northern Atlantic (TNA) and the Tropical Southern Atlantic (TSA)

indices [94] and etc.

Approaches commonly used in developing long-term prediction models

based on large-scale teleconnections can be roughly categorized into two

classes: 1) physically-based simulation and 2) statistical models. While the

physically-based simulation is widely used in investigating causality chains of

climate processes, it is usually computationally intensive and requires expertise
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for parameter calibration [95, 96]. Its statistical counterpart, in the meantime,

provides an easy access to examining statistical associations between climate

variables which could be further used to develop prediction models. The statis-

tical models are becoming increasingly popular thanks to advances of sensing

technology and internet which makes tremendously more data available at ex-

ceptionally high temporal and spatial resolutions [97]. Early efforts of statistical

modelling are featured by qualitative analysis comparing time series of differ-

ent climate variables [98, 10]. Most early work relied on insights of expert re-

searchers and were done with data of rather limited sizes. Recent innovations

in machine learning have developed powerful tools for examining linear/non-

linear associations between climate variables in massive volumes in a more au-

tomated way. Just to name a few examples here: Kernelization is used to extend

study domain from linear associations to nonlinear associations [99, 100]. Data

processing tips like pooling and convolution are used to enhance model robust-

ness by discarding/smoothing noises [101, 102]. Of the many machine learning

approaches, neural network has become extremely popular across a wide range

of spatial scales (local-global) [103, 104, 105, 40, 106]. Ham et al. [40] even suc-

cessfully extended lead time of skillful ENSO forecast to one and a half years

using a convolution neural network trained on historical simulations, which

beat many state-of-the-art dynamical systems in terms of correlation skill for

the Niño 3.4 Index. However, even though efforts are being made to improve

model interpretability [107, 108, 109], tools for explaining the machine learning

models are still insufficient [107], and to find physical interpretation of these

models is usually hard or even impossible due to high model complexity. In

this study, we looked at a generalized regularized regression method (i.e., elas-

tic net) coupled with pooling as a compromise between model interpretability
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and complexity, and examined its performance in predicting regional seasonal

precipitation based on large-scale SST anomalies.

Regression has been broadly used in climate research and related fields.

Typical applications include 1) change point detection [110, 111], 2) develop-

ing forecast models [112, 104, 113] and 3) identification of covariates with high

predictive skill [114, 115]. Not only can a regression model identify linear rela-

tionships between climate variables at a given temporal basis (e.g., monthly or

annual), but also it has good interpretability for guiding further research using

more complex, nonlinear statistical methods or physically-based modeling ex-

periments. These two features make regression especially popular in exploring

teleconnections between regional climate and large-scale circulations. Hurrell

[116] used a multivariate linear regression model to link changes in northern

hemisphere temperature to extratropical climate indices. Krishnamurti et al.

[112] developed a superensemble method for improving weather and climate

forecast skills by using coefficients from multiple regressions. Wakabayashi

and Kawamura [114] extracted four major teleconnection patterns in predicting

Japan summer climate anomalies by combining the empirical orthogonal func-

tion (EOF) and regression. Van Oldenborgh and Burgers [117] developed a syn-

thetic precipitation generator with regression models using the Niño 3.4 Index

as the sole regressor to examine decadal variation in global ENSO-precipitation

teleconnections. Yang and DelSole [118] used the regression coefficient maps

to explore teleconnections between ENSO and fields of different climate fields.

More recently, Zhang et al. [119] examined teleconnections between the Arctic

sea ice decline and major climate indices using a quantile regression analysis.

Only a few examples are listed here for context, as our intent is to test a gener-

alized regression model with regularization in long-term seasonal precipitation
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forecast instead of doing a fully review applications of regression in climate re-

search.

However, over-fitting and over-parameterization are important issues for

most regression analysis. These issues are particularly pertinent in climate re-

search, since remote sensing data is usually highly ’non-square’ (i.e., the total

number of time series largely exceeds the length of the time series). Therefore,

it typically is necessary to reduce effective dimensionality of the problems. Two

commonly used approaches have been: 1) to select only a few dominant fea-

tures/patterns (e.g., the Principal Component Analysis, PCA [114, 120, 121] or

the Canonical Correlation Analysis, CCA [122, 118]); 2) to use only a few well-

established climate indices [117, 123, 124, 119]. However, both methods have in-

trinsic disadvantages: Traditional dimensionality reduction methods like PCA

and CCA try to decompose the global covariance structure of predictors (PCA)

or between the predictand and predictors (CCA) and can miss important re-

gional patterns while most climate indices are only defined by prior knowledge,

which could limit the domain where we want to explore potential teleconnec-

tions.

In the past few decades, regularization has become increasingly popular

in dealing with multicollinearity in regression. Two regularization approaches

commonly used with regression are the L-1 norm (the least absolute shrinkage

and selection operator, LASSO [78]) and the L-2 norm (the ridge regression [77])

regularizations. Other popular regularization approaches include the Akaike’s

Information Criterion (AIC) [125] and the Bayesian Information Criterion (BIC)

[126]. Both L-1 and L-2 norm regularizations have shown good performance

in alleviating or avoiding over-fitting in regression models in climate research
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[115, 127, 128, 129, 121]. Yet, it should be noted that the ridge regression does

not directly provoke sparsity of the regression model while the LASSO regres-

sion tends to assign non-zero value to only one of many correlated predictors

which can make the model difficult to interpret. Lack of interpretability of the

lasso model is also pointed out in a recent paper from Stevens et al. [130] where

a graph-guided variation is used as an extra regularization to improve robust-

ness of the regression model in predicting Southwestern US winter precipita-

tion. Here, we propose to use the elastic net regression [76] which linearly

combines the LASSO and ridge regression regularizations. While the LASSO

regularization guarantees sparsity of the model, the ridge regression regulariza-

tion helps improve visualization of the regression coefficient map and therefore,

interpretability of the model [131]. On top of that, a pooling layer is added be-

fore developing the regression model. The pooling layer is commonly used in

machine learning for reducing spatial dimensions [132, 133, 134]. And this ex-

tra pooling layer should help improve model robustness by avoiding a realistic

problem that major ’hot’ regions defining large-scale circulations are not fixed

to certain spatial grids naturally.

The proposed model is tested to predict the Three-Rivers Headwater Re-

gion (TRHR) wet-season precipitation using the Pacific Ocean and Indian Ocean

SSTs. The TRHR, located in the eastern Tibetan Plateau (TP), is often called

China’s Water Tower as from it flow the three major rivers of China: the Yellow

River, the Yangtze River, and the Lancang (Mekong) River. Consequently, the

TRHR plays a critical role in providing invaluable ecological goods and services

as well as other resources like energy and food. While great efforts have been

devoted to studying teleconnections between precipitation over the broader TP

and large-scale climates [135, 136, 137, 138], quantitative studies focusing solely
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on the TRHR are rather limited and only look at short lead times [139, 140]. In

this study, we extend the forecast lead time up to 24 months and compared per-

formance of elastic net against some widely-used regression methods including

OLS multi-linear regression, the EOF regression, and the CCA regression. The

precipitation is predicted in true amplitudes and binary states (wetter or drier

than normal) to demonstrate flexibility of the model. Here, we seek a model that

is computationally tractable for fast decision making support for stakeholders

while retaining a relatively direct physical interpretation to aid further investi-

gation of the underlying physical processes.

3.2 Data

We base our analysis on monthly precipitation data from Jan 1981 through Dec

2019 as collected from the Climate Hazards Group InfraRed Precipitation with

Station data (CHIRPS). The original gridded precipitation data incorporates

satellite data with in-situ station data, with a resolution of 0.05◦ by 0.05◦ [71].

In this study, we spatially averaged the TRHR precipitation over a rectangu-

lar area masking 89◦E to 103◦E and 31◦N to 37◦N as shown in Figure 3.1a. The

monthly climatology for the spatially averaged precipitation is monomodal and

shows that over 80% of the annual precipitation falls during the 5-month period

of May-Sept, which we define as the wet season in this study (also known as the

growing season for the TRHR [141]).

The CHIRPS precipitation is double checked against station-based precip-

itation (1988-2017) collected from the China Meteorological Administration

(CMA). 55 stations with missing data ratio lower than 20% within the study
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region are selected and a time series of arithmetically averaged precipitation is

compared against that from the CHIRPS precipitation. Systematic shifts are ob-

served around 2000 for both precipitations though the shift is less significant for

the station-based precipitation. While difference in the shifts can be due to a

non-uniform distribution of selected CMA stations, we do not want to diverge

into this topic. Instead, the shift is removed by separately standardizing pre-

cipitation over 1981-2000 and 2001-2019. The standardization is done by sub-

tracting the mean and dividing with the standard deviation. The standardized

CHIRPS precipitation shows good consistency with the station-based precipi-

tation as plotted in Figure 3.1b with a Pearson’s correlation coefficient of 0.67

for 39 samples (p-value < 0.01). A binary time series of TRHR precipitation is

defined for the multinomial regression model and the two states are defined

as: 0 or dry for negative standardized precipitations, and 1 or wet for positive

standardized precipitations.

SST is selected as the primary predictor since it can indicate perturbations in

large-scale atmospheric circulations ’anchored’ in ocean memory [87, 88]. Also,

the SST field is less spatially heterogeneous compared to other commonly-used

climate variables including geopotential height, vertical velocity of atmosphere

(OMEGA) and wind velocities [131], which can help improve robustness of the

regression models. Monthly SST data is collected from the Hadley Centre Sea

Ice and Sea Surface Temperature (HadISST) data set with a spatial resolution of

1◦ by 1◦ [75] over Jan 1979 - Dec 2019. Only SSTs from the Pacific Ocean and

Indian Ocean basins are used to limit our study to regional processes and the

basin ranges are based on the definitions from the National Oceanic and Atmo-

spheric Administration (NOAA) via https://www.nodc.noaa.gov/woce/

woce_v3/wocedata_1/woce-uot/summary/bound.htm. Similar positive
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Figure 3.1: (a) The study region of TRHR (black box) as plotted in an el-
evation map based on ETOPO-5 [1] and (b) time series of the
spatially averaged precipitation from CHIRPS (red) and CMA
(blue) after standardization.

shifts are observed for most parts of the Pacific Ocean and Indian Ocean as seen

in Figure B.1. To be consistent with the standardization of precipitation, the SSTs

are also standardized separately for 1979-2000 and 2001-2019 to remove effects

of the trends. This step is to ensure that model skill as measured by correlation
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coefficients in the later sections will not be biased by the trends. The only dif-

ference here is that standardization of the SSTs is done locally at each grid cell

and uses monthly climatology means and standard deviations to remove the

dominant seasonal cycle.

3.3 Methods

3.3.1 The regularized regression

Here, we propose a two-step generalized regression model with regularization

for dealing with collinearity when developing linear prediction models. The

model first reduces dimensionality of predictors with a pooling layer, which

is a commonly used method for down-sampling input representations. Then

a regularized regression model is fitted using the pooled predictors to estimate

real-valued or categorical predictand. A schematic is shown in Figure 3.2. In the

pooling step, a new grid (in green) is defined by some characteristic values (e.g.,

maximum or median) of the smaller grids. An extra step of standardization is

used to remove the systematic shift in precipitation around 2000 and to rescale

precipitation and SSTs (since they have different amplitudes). In this study, we

compared model performance using different pooling approaches (i.e., maxi-

mum/median/minimum pooling) with a squared window of four grid cells by

four grid cells.

The regularized regression is given by Equation 3.1 with predictors x, pre-

dictand y, and regression coefficient (β, β0) (β0 is the intercept). Flexibility of this

formula is achieved by using different deviance functions (Dev) for predictands
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Figure 3.2: A schematic of the proposed the regression model coupling
max pooling and elastic net

of different types. For example, the mean squared error (MSE) function is used

for estimating real-valued predictands and the log-likelihood function is used

for categorical predictands [142]. The elastic net regression is adopted here and

the regularization term uses a linear combination of L-1 and L-2 norms of the

regression coefficients as shown in Equation 3.2.

(β, β0) = min
β,β0

(Dev(x, y; β, β0) + λPα(β)) (3.1)
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Pα(β) =
1 − α

2
∥β∥22 + α∥β∥1 (3.2)

There are two hyperparameters in the model: α and λ. α balances the reg-

ularization between L-1 and L-2 norms of the regression coefficients β and is

set to 0.01 for better visualization [131]. λ is usually decided using a k-fold

(e.g., 5-fold) cross validation (CV) [78] and the λ value associated with the min-

imum cross-validated deviance function value (e.g., minimum MSE value for

true-amplitude predictands) is used (often referred to as the MinMSE λ). How-

ever, this procedure can be computationally burdensome since we have to re-

peat the CV for all lead times. Therefore, a constant λ is firstly determined using

the training set data at 0-month lead and is used for all lead times. A prelim-

inary study demonstrates that significant predictive skill spikes in the testing

period are not sensitive over a rather broad range of λ values as shown in Fig-

ure B.2. For the true-amplitude predictand, the Pearson’s correlation coefficient

(CC) and the Nash–Sutcliffe efficiency (NSE) score are used for model perfor-

mance evaluation. For the binary predictand, an accuracy score S is defined as

given by Equation 3.3 where 1 is an indicator function and ŷ is the predicted

probability of y being 1 (i.e., wet).

S =
1
N

N∑
i=1

{
yi · 1(ŷi ≥ 0.5) + (1 − yi) · 1(ŷi < 0.5)

}
(3.3)

3.3.2 Other regression models

Performance of the elastic net is compared against some commonly used regres-

sion methods in the two-step scheme including the OLS mutil-linear regression
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[116], the EOF regression [114], and the CCA regression [143]. All regression

methods use the same pooled SSTAs as predictors. Even though pooling can

alleviate the issue of over-fitting, dimensionality of the pooled predictors is still

highly non-square (39 years x 1343 grid cells). The OLS and CCA regression

seek for a linear combination of predictors that maximizes its correlation with

the predictand and does not regularize the model complexity. The EOF regres-

sion first projects the original predictors onto some ’dominant’ basis vectors

(often referred to as EOFs) by decomposing the covariance matrix of the predic-

tors, and then uses the EOFs as the new predictors. It can implicitly regularize

the model complexity by using only a few EOFs that explain most variance of

the original predictors. The EOF is implemented such that the original (pooled)

SSTAs are projected onto a set of orthonormal time series which constitute the

new predictors. It should be noted that it impossible to develop a prediction

model this way since we are using data from testing set to construct the basis

vectors. Here, the most dominant 50 EOFs accounting for over 88% variance

of the original SST data are used as the new predictors in the EOF regression

model.

3.3.3 The correlation analysis

A correlation analysis is designed to measure if any correlation patterns be-

tween the predictand precipitation and the predictor SSTAs persist through

time. We propose a new correlation metric L to quantitatively measure per-

sistence of any correlation patterns: for a certain lead time, we first compute

lagged correlations between the TRHR precipitation anomalies and SSTAs at

every ocean grid cell for 1981-2000 and reshape the correlation map into a col-
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umn vector denoted by M1; then this step is repeated for 2001-2019 to com-

pute the column vector M2; at last, L is defined by the correlation coefficient

between the vectorized correlation maps M1 and M2. L is bounded by a up-

per limit of 1, which represents an extreme scenario where correlations between

TRHR anomalies and SSTAs are perfectly consistent before and after 2001. Un-

der such scenario, a good regression model trained on data during the training

period of 1981-2000 should produce significantly high predictive skill during

the testing period of 2001-2019. However, L being close to zero does not nec-

essarily mean no predictive potential for regression models. Since L measures

persistence of the global correlations between the predictand and predictors, a

regression model could select as predictors some regional clusters of SSTAs that

have persistent correlations with the predictand precipitation. The metric L is

used here to estimate how much degradation of performance is resulted from

over-fitting by comparing against the testing period predictive skill from the

regression models.

3.4 Results & Discussions

3.4.1 Comparison of regression models

Performance of the regularized regression models in predicting the TRHR pre-

cipitation in true amplitudes is examined in this section. The period of 1981-

2000 is set as the training period while 2001-2019 is set as the testing period

to be consistent with the standardization procedure. Since both pooling and

regularization are designed for effective dimensionality reduction and thus to
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avoid over-fitting, we first justify using the extra step of pooling by comparing

predictive skill of the regularized regression models with and without pooling.

A comparison of testing period correlation coefficients is shown for regression

models without pooling and with maximum, median, and minimum pooling

in Figure 3.3. Two spikes are observed at lead times of 13-14 months and 21-24

months and similar model skill patterns are observed using randomly split data

(in Figure B.3). Significant improvement in model skill is shown for lead times

of 13-14 months when pooling is used and at the lead time of 13 months, the pre-

dictive skill drops to below p-value = 0.1 significance level using non-pooled

SSTAs. For lead times of 21-24 months, consistent improvement, though less

significant, is observed. The improvement could be due to the fact that while

there exist some consistent large-scale circulation patterns, the signals may not

be fixed to certain grid cells depending on the spatial resolution and projec-

tion coordinate system. Therefore, the model robustness can be improved by

including signals from neighboring grid cells with pooling. However, though

not examined here, one must be careful with choosing the pooling window size

since displacement of some circulation patterns can be important indicators of

climate anomalies [144, 70] and this information may not be resolved when the

pooling window is too large. It should be noted that λ is re-calibrated for the

regression models using non-pooled SSTAs. And the statistical significance for

the regularized regression is not straightforward to calculate and thus is not

reported [80]. The maximum pooling is used in the following analyses.

Model skill for the testing period data as measured by NSE scores is reported

in Figure 3.4. Consistent patterns are observed as two spikes of NSE scores are

found around lead times of 14 and 22 months. However, even at those two

lead times, the predictive skill is barely satisfactory. By further looking at com-
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Figure 3.3: Comparison of the predictive skill in the testing period from
the elastic net regression models with no pooling (dark blue),
max pooling (light blue), median pooling (green) and mini-
mum pooling (yellow). The p-value = 0.1 significance level is
plotted in the black dashed line.

parison between the observed and estimated precipitation, we figured that the

elastic net model markedly underestimated amplitudes of predictands. How-

ever, the extent of shrinking is consistent across the training and testing periods

(as shown in Figure B.4a). Thus, in practice, one could ’learn’ how much the

amplitude is shrunk by looking at the training data and can then rescale test-

ing period estimations. The rescaled estimations show significantly improved

NSE scores: NSE = 0.36 for lead time of 14 months and 0.38 for lead time of 22

months (as shown in Figure B.4b). A plausible explanation is that the elastic net

regression sacrifices accuracy in amplitude estimation for model robustness by

selecting only a few predictors and shrinking amplitudes of regression coeffi-

cients. This effect is more significant with highly non-square data as in our case

since greater regularization must be applied. Therefore, amplitude-based mea-

sures such as NSE and the root mean square error (RMSE) may not be applicable
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for model skill evaluation. The rescaling method discussed above is not recom-

mended since the model is designed to be biased for improved robustness. In

following analyses, the Pearson’s correlation coefficient is used as the primary

measure of model skill.

Figure 3.4: Predictive skill for the testing set as a function of lead time re-
ported in NSE scores

We then justify the use of regularization by comparing predictive skill of the

regression models with and without regularization. Comparison of the model

skill from the elastic net, OLS, EOF and CCA regression models are shown in

Figure 3.5. Statistically significant positive predictive skill is only observed for

the elastic and CCA regressions models. The elastic net models show two spikes

of good predictive skill at lead times of 13-14 months and 21-24 months. Statis-

tically significant positive skill is observed for the CCA regression models only

at the lead time of 18 months while that of the elastic net regression almost

hits the p-value = 0.1 significance level at the lead time of 19 months. Overall,

the elastic net regression shows more potential in addressing linear associations
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between the TRHR precipitation anomalies and the SSTAs. While statistically

significant positive skill are only found at rather long lead times, this does not

necessarily mean that there is no connection between the TRHR precipitation

and large-scale climate fields at shorter lead times. We are limiting our analysis

to only using SSTs from the Pacific and Indian Oceans which is only one sector

of the complex large-scale circulations including a wider range of variables like

geopotential heights, humidity, vertical velocity of atmosphere (OMEGA) and

horizontal winds etc. Furthermore, we are limiting our analysis in the frame

of linear models as we only compare different types of regression models here.

Instead of developing accurate forecast models, our intent is to examine how

pooling and regularization would improve performance of the linear models at

rather low costs. The better performance of elastic net is understandable here

since it explicitly regularizes model complexity and provokes sparsity in regres-

sion coefficients by using the L-1 norm regularization.

Figure 3.5: Prediction skill for the testing set of 2001-2019 measured by cor-
relation coefficients as a function of lead times for elastic net
(red), OLS (blue), EOF (green), and CCA (yellow) regression
models. The p-value = 0.1 significance level is plotted in black
dashed lines
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3.4.2 Source of high model skill

A correlation analysis is conducted to measure at a certain lead time, how well

a linear model based on the global correlation between the TRHR precipitation

and the SSTs can perform. The potential predictive skill is estimated by the new

correlation metric L defined earlier as L measures how the time-shifted global

correlation patterns persist from 1981-2000 (the training period) to 2001-2019

(the testing period). A comparison between L and the predictive skill of the

elastic net model at varying lead times is shown in Figure 3.6. Spikes in L are

observed at lead times of 7, 14, 18, and 22 months. Three of the spikes coincide

with good predictive skill from the elastic net model (i.e., lead times of 14, 19,

and 22 months) while only one of the spike coincide with good skill from other

regression models (i.e., lead time of 18 months for the CCA regression model).

To estimate how much potential are realized for each model, correlation coef-

ficients are computed between L and model skill from regression models over

lead times of 0-24 months and are reported in Table 3.1. The only statistically

significant correlation is found for the elastic net model (0.82 for 25 samples, p-

value < 0.01) while rather low correlations are found for other regression mod-

els. The results suggest that the OLS, EOF, and CCA regression model do not

perform well even when there exist persistent correlations between the predic-

tand precipitation and the predictor SSTs.

Possible explanations are proposed here based on algorithms of the regres-

sion methods. For the OLS and CCA regressions, the models could be over-

fitted to noisy predictor signals for high training skill as both methods decom-

pose the covariance between the predictand precipitation and predictor SSTs to

seek a linear combination that either minimizes the MSE (for OLS) or maximizes
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Figure 3.6: Comparison between predictive skill from the elastic net model
(bars) and Ls (a blue diamond line) at varying lead times. The
statistical significance levels are not shown here as we are com-
paring correlation coefficients calculated using samples of dif-
ferent lengths (20 for the predictive skill and 39 for the Ls).

Table 3.1: Correlations between L and prediction skill at varying lead
times for different regression models

Model CC

Elastic Net 0.82

OLS 0.01

EOF -0.07

CCA -0.11

the correlation (for CCA). Thus, the models can perform poorly on test period

samples. As for the EOF regression, the EOF re-constructs the predictors by pro-

jecting the global covariance of the SSTs onto some dominant orthonormal basis
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vectors (EOFs). There are two limiting factors: 1) the assumption of orthogonal-

ity may not be appropriate for some physical variables like SST; 2) any regional

persistent correlation patterns between the TRHR precipitation and the SSTs

could be lost if they do not make significantly large contribution to the global

covariance. Technically, we are not predicting the TRHR precipitation with the

EOF regression models since data of the full study period (1981-2019) is used

for constructing the new set of predictors (i.e., EOFs).

Interestingly, comparably high predictive skill are observed for the elastic

net models at lead times of 14 and 22 months while persistence of the global

correlation is much lower at the lead time of 14 months as indicated by L. We

specifically looked at the correlation maps between the TRHR precipitation and

the SSTs before and after 2000 for the lead times of 14 and 22 months as shown in

Figure 3.7 and 3.8, respectively. For the lead time of 14 months: before 2000, the

correlation map features a cluster of positive correlations [180E-210E, 45S-15S]

to the east of Australia and an extended band of positive correlations over the

mid-north Pacific Ocean [120E-210E, 15N-30N]. Scattered and less significant

positive correlations are observed over the northern Indian Ocean and to the

west of South America; After 2000, the correlation map is dominated by two ma-

jor clusters of positive correlations to the east of Australia [180E-210E, 45S-15S]

and to the west of South America [260E-280E, 60S-15S], and one major cluster

of negative correlations over the southwestern Indian Ocean [30E-60E, 60S-30S].

Less significantly positive correlations are observed over the north-western Pa-

cific which overlaps with the extended band before 2000. For the lead time of

22 months, both correlation maps before and after 2000 are dominated by large

clusters of positive correlations over the northern Indian Ocean [60E-90E, 15S-

15N] and eastern tropical Pacific Ocean [210E-270E, 15S-0]. The major difference
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Figure 3.7: Correlation maps between the TRHR precipitation and the
SSTs over the training period of 1981-2000 (top) and the test-
ing period of 2001-2019 (bottom) at the lead time of 14 months

is that clusters of positive correlations over the southern-eastern Pacific and the

mid-western Pacific [120E-150E, 15N-30N] get enhanced in correlation ampli-

tude and extended in spatial coverage. A comparison between Figure 3.7 and

3.8 suggests a higher level of persistence in the global correlation between the

predictand precipitation and the predictor SSTs at the lead time of 22 months,

which is consistent with the greater value of L in Figure 3.6. However, a smaller
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Figure 3.8: Correlation maps between the TRHR precipitation and the
SSTs over the training period of 1981-2000 (top) and the test-
ing period of 2001-2019 (bottom) at the lead time of 22 months

value of L does not necessarily mean low predictive potential for a linear model

as some regional persistent correlation patterns can be utilized (e.g., the posi-

tive correlation cluster to the east of Australia at the lead time of 14 months).

The correlation maps are further compared with regression coefficient maps in

Section 4.3 as we attempt to interpret the high model skill of the elastic net re-

gression.
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3.4.3 An alternate multinomial regression model

In this section, the binary precipitation is predicted using the multinomial re-

gression version (i.e., the elastic net logistic regression) of our model. While

new machine learning techniques like the classification and regression tree

(CART) can have better model skill in multi-class prediction of climate variables

[145, 146], the elastic net logistic regression is tested to demonstrate flexibility

and consistency with different types of deviance functions. The multinomial

regression may have more use in practical application since amplitudes of the

predictand tend to be underestimated because of the regularization [131]. The

logistic regression is implemented by simply replacing the MSE function with

the log-likelihood function for Dev [142]. Though the logistic regression is a spe-

cial case of the multinomial regression, the model should be easy to generalize

for predictand of more than two categories by separately fitting a regularized

Poisson regression for each category, of which the coefficients are used to esti-

mate coefficients of the multinomial regression model [147].

To extend the sample size, the leave-one-out cross validation is used (the

testing sample size is thus increased from 19 to 39 here). The leave-one-out CV

is not used in the previous analysis for predicting real-valued predictand since

the Pearson’s correlation coefficient is used for performance evaluation and the

leave-one-out CV could result in bias for violating continuity in data. Accuracy

reported in the S scores as a function of lead time is shown in Figure 3.9. A

consistent spike of high accuracy (over 70% accuracy) is observed at around

lead times of 22 month. While a local maximum of accuracy is observed at the

lead time of 14 months, it is not statistically significant. A major reason could be

that the S score is not an equivalent measure of the correlation coefficient as we
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Figure 3.9: Accuracy of predicting the wet-dry state of TRHR precipitation
at varying lead times as reported in S scores. The baseline skill
using a null model of totally random guess is plotted in a black
dashed line. The bootstrapped p-value = 0.1 significance level
is plotted in a blue dashed line (10,000 samples for each lead
time).

used in Figure 3.3 and 3.5. An example of high correlation but low S is when a

model can well predict extreme events but do poorly for less extreme events.

Consistency between the regression models using predictand and deviance

function of different types is further examined by comparing maps of the regres-

sions coefficients at lead times of 14 and 22 months as shown in Figure 3.10 and

3.11, respectively. For the lead time of 14 months, both models feature a major

cluster of positive coefficients to the east of Australia while more non-zero coef-

ficients are observed for the logistic regression model over the southeastern Pa-

cific Ocean and the Indian Ocean. As for the lead time of 22 months, both maps

are dominated by a large cluster of positive coefficients over the eastern tropical

Pacific Ocean. While positive coefficients are observed over the northern Indian
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Figure 3.10: Maps of regression coefficients from the elastic net models us-
ing true-amplitude (top) and binary (bottom) predictand pre-
cipitation at the lead time of 14 months

Ocean for both models, the coefficients are more sparsely distributed when the

true-amplitude predictand is used. More non-zero coefficients are found for the

logistic regression models at both lead times, which could be due to a less op-

timal regularization as we only did the cross validation on a relatively sparse

sequence of λs with a lead time of 0 month. But overall, the major clusters of

non-zero regression coefficients are consistent across the models. And this is
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Figure 3.11: Maps of regression coefficients from the elastic net models us-
ing true-amplitude (top) and binary (bottom) predictand pre-
cipitation at the lead time of 22 months

also confirmed by the results that statistically significant correlations are found

between the vectorized coefficient maps of the two models. The correlation co-

efficients are 0.45 for the lead time of 14 months and 0.44 for the lead time of 22

months (1343 samples), and are 0.35 for the lead time of 14 months (327 sam-

ples) and 0.40 for the lead time of 22 months (359 samples) when only non-zero

coefficients are considered.
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Figure 3.12: Lagged correlations between the TRHR precipitation and the
SST indices. The p-value = 0.01 significance level is plotted in
the black dashed line.

The comparably high predictive skill at the lead time of 14 months is easy

to interpret if we compare the coefficient maps from Figure 3.10 and 3.11 to

the correlation maps from Figure 3.7 and 3.8. Though less persistence is ob-

served for the global correlation at the lead time of 14 months, the elastic net

model managed to select the regional persistent cluster of positive correlations

to the east of Australia. At last, two SST indices are defined based on the con-

sistent patterns across the two regression models: the SST index 1 is defined by

mean SST over the domain of [180E-200E, 42S-18S]; the SST index 2 is defined

by mean SST over the domain of [240E-272E, 22S-2N]. Lagged correlations be-

tween the TRHR precipitation and the SST indices computed using non-pooled

and pooled SSTs are plotted in Figure 12. Statistically significant positive cor-

relations are observed at the corresponding lead times and highly consistent

results are shown for non-pooled and pooled SSTs. The results suggest that

the proposed framework managed to select certain regional SSTs that are per-

sistently correlated with the predictand precipitation. Though correlation does
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not necessarily imply causation, the elastic net regression models show good

potential here in guiding further research with its highly interpretable and flex-

ible models.

3.5 Conclusions

In this paper, we tested a generalized regression model with regularization cou-

pled with pooling in predicting the TRHR wet-season precipitation at lead times

of 0-24 months using the Pacific and Indian Ocean SSTs. The regression is first

tested using true-amplitude predictand and is compared against some widely-

used regression models including the OLS, CCA, and EOF regressions. Signif-

icantly good predictive skill are observed using the elastic net regression mod-

els for certain long lead times which are further examined using a correlation

analysis. The results demonstrate that the elastic net regression achieves good

performance in identifying and using consistent correlation patterns while the

other three regression models show relatively poor performance. Low model

skill at shorter lead times can be due to the fact that only SST is used as the

sole predictor while teleconnection signals can propagate through other climate

fields chronologically. A multinomial elastic net regression model is then used

to demonstrate flexibility and consistency of the proposed framework. Consis-

tent model skill and regression coefficient maps are observed even when pre-

dictand and deviance functions of different types are used. By comparing the

lagged correlation maps and regression coefficient maps, we find that the elas-

tic net models manage to select regional persistent correlation patterns as the

contributing predictors. The other widely-used regression models are heavily

based on global covariances either between the predictand and the predictors or
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within the predictors, and thus are vulnerable to over-fitting. At last, two SST

indices are defined based on the major clusters of non-zero coefficients from the

elastic net models and are found to be significantly correlated with the TRHR

precipitation at the corresponding lead times. Overall, the proposed framework

demonstrates good interpretability in identifying covariates with high predic-

tive skill and the potential in guiding further investigation using more complex,

nonlinear statistical models or physically based modeling experiments.
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CHAPTER 4

BAYESIAN SURVEILLANCE FOR RAINFALL-RUNOFF RESPONSES

4.1 Introduction

Skillful runoff forecast is of great importance in informing decision making in

water resource management across various sectors including but not limited to

hydropower plant operation [148], agriculture resource planning [149], and dis-

aster mitigation [150, 151]. At long timescales (e.g., seasonal to inter-annual),

runoff amplitudes are usually largely determined by rainfall amplitudes. But at

short timescales (e.g., hourly to weekly), some key variables for defining high-

frequency water disasters (e.g., flooding) like timings and rates of peak flow

are also determined by the rainfall-runoff responses as controlled by the local

hydrological properties [152, 153]. To understand dynamics of rainfall-runoff

responses can aid the decision making of water managers by reducing uncer-

tainties in the runoff forecasts/estimations [154, 155].

The past decades have witness significant advances in sensing technology,

which are making massive volumes of earth observation data available at ex-

ceptionally fine resolutions in space and time [156, 157]. However, these ob-

servational data are highly concentrated in some easy-to-measure variables like

rainfall and runoff. Though it is hard to directly measure the variable rainfall-

runoff response or its hidden variables, such information can be inferred from

observations of rainfall and runoff. Past studies already show that some param-

eters of physically-based hydrology models can reflect physical properties of

watersheds like river morphology [158] or land use types [159]. These proper-

ties can determine the rainfall-runoff response and thus tracking estimations of
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the corresponding parameters can help us learn dynamics of the local responses

[160]. Based on this fact, the problem of learning non-stationary rainfall-runoff

responses can be refined to estimating time-varying parameters of physics-

informed hydrology models given observations of some easy-to-measure vari-

ables like rainfall and runoff.

Most methods designed for model calibration are suited for this job and they

can be roughly categorized into two classes: 1) the Maximum Likelihood Esti-

mation (MLE) method that searches for the optimal parameter values that max-

imize the likelihood function for a given set of observations [161, 162]; and 2)

the Bayesian method (also often referred to as the Maximum a Posteriori (MAP)

method) that estimates the probability distribution function (PDF) of parame-

ters given observations [163, 164]. Either method has its own advantages and

represents different perspectives of approaching a problem. MLE is often de-

scribed as the frequentists’ methodology while MAP is often described as the

Bayesian’s methodology [165]. For situations where information of prior dis-

tributions and sources of uncertainty are known, the Bayesian method is the

preferable option since it can simultaneously estimate parameters and quantify

the associated uncertainties [166]. In addition, for high-dimensional problems,

the simulated PDF can converge to the true PDF at a controllable rate using

Bayesian methods [167] while the computational cost can increase exponen-

tially as the number of parameters increases when using MLE methods (e.g.,

grid search methods) [168]. These advantages make the Bayesian method suit-

able for inferring parameters of hydrology models here since most hydrology

models use not multiple but many parameters [169].

Bayesian estimation models has already been widely used in calibrating hy-
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drology models. Some early effort can date back to 1970s when Vicens et al.

[170] attempted to reduce parameter uncertainties by using informative prior

PDFs based on regional information. This work focused on fusing information

from prior knowledge and sample observations and resembles a lot of studies in

data assimilation and filtering (e.g., the famous Kalman filter by Kalman [171]).

Since then, the Bayesian estimation method has gained rapidly increasing pop-

ularity in uncertainty quantification for hydrology model parameters. Yeh [24]

described the parameter identification procedures in groundwater hydrology

as an inverse problem and introduced the Bayesian solution using examples of

the composite objective function [172] and the Kalman filter. Kitanidis [173]

compared information fusion processes in a Bayesian analysis with different

prior and likelihood distributions (e.g., when the normality assumption is not

satisfied). Further sophisticated Bayesian methods are applied in tuning hy-

drology models. Bates and Campbell [163] tested a Markov Chain-Monte Carlo

scheme in inferring parameters for a conceptual rainfall-runoff model. Morad-

khani et al. [155] implemented the ensemble Kalman filter in iterative hierar-

chical scheme to simultaneous estimate hyperparameters and state variables

given observations of rainfall and runoff. Thanks to the rapid development of

computation technology, a lot more simulation-based techniques are developed

and tested in learning hydrology model parameters like the particle filter and

its derivatives [174, 175, 176]. While all these previous studies have validated

the Bayesian estimation method in calibrating hydrology models, most of them

are done in a context of data assimilation or uncertainty quantification. Even

when Moradkhani et al. [155] managed to estimate time-varying parameters

and the associated uncertainties, they highlighted their method as a potential

tool to update hydrology simulations and decompose uncertainties from dif-
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ferent sources. Here, we want to address the opportunity of using Bayesian

estimation methods in learning dynamics of rainfall-runoff responses. And this

can be quantitatively done by iteratively feeding the analysis with batches of

rainfall and runoff observations collected from different historical periods or

different watersheds.

In this paper, we propose to test an analytical framework for monitoring

changes in hydrological responses by tracking estimations of hydrology model

parameters given rainfall and runoff observations. The framework is based on a

Bayesian estimation method and is specifically designed for small watersheds.

For large watersheds, a lot of information would be lost by aggregating spa-

tially highly-heterogeneous hydrological properties into a few parameters and

this would lead to huge uncertainties in parameter estimations. The model is

tested using both synthetic and observational data of rainfall and runoff, and

is applied to investigate temporal and spatial variability of rainfall-runoff re-

sponses.

4.2 Data

The analytical framework is first validated using synthetic rainfall and runoff

data generated from historical records of the Fall Creek watershed. Fall Creek

is a fourth-order stream that flows through Ithaca, NY and drains to Cayuga

Lake. The watershed of Fall Creek has a relatively small drainage area of 324

km2 and consists of mixed forested and agricultural areas [177]. Like most

other NY watersheds, the Fall Creek watershed is dominated by a saturation-

excess process and runoff is usually only generated when and where soils are
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highly saturated [178, 179]. The watershed is chosen for having relatively

long records of ground-based precipitation and runoff observations at a daily

timescale. Runoff data is collected from the National Water Information System

(NWIS) of the United States Geological Survey (USGS) [180]. The runoff station

(USGS 04234000 Fall Creek) is located at [42°27’12”N, 76°28’22”W] and has a

continuous record from February 1925 to the current year. Rainfall data is col-

lected from the Global Historical Climate Network-Daily (GHCN-D) database

that integrates station-based observations from numerous sources in producing

daily climate records with quality assurance [181, 182, 183]. The rainfall station

(GHCND:USC00304174) is maintained by Cornell [42°26’57”N, 76°26’57”W]

and has a continuous record from April 1925 to the current year. And data

over 1925-2017 is used in the model validation part.

After the model validation, the framework is also tested on other NY

watersheds. We try to examine the spatial variability of rainfall-runoff re-

sponses in this part and therefore, collect data for many small watersheds

but over a shorter study period. 102 watersheds are selected and their in-

formation can be found in the Supplementary Materials. Daily runoff data

is collected from the USGS with a temporal coverage of 1979-2006. Consid-

ering no rainfall stations can be found near some of the USGS stations, grid-

ded rainfall is used as collected from the Climate Prediction Center (CPC)

Unified Gauge-Based Analysis of Daily Precipitation over CONUS provided

by the NOAA/OAR/ESRL PSL, Boulder, Colorado, USA, from their website

at https://psl.noaa.gov/data/gridded/data.unified.daily.conus.html. Quality

control is performed on gauge records from multiple sources over 30,000 sta-

tions to provide a suite of unified precipitation products in the CPC data project

[184, 185, 186]. The CPC gridded rainfall has a spatial resolution of 0.25 o longi-
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tude by 0.25 o latitude and for each USGS station, rainfall from the nearest grid

cell is used.

Since we want to focus on monitoring changes in local hydrological re-

sponses at a inter-annual timescale in this study, the predominant effects of

seasonality are removed by limiting each ’batch’ to only one boreal summer

period (June-July-August). And instead of separating individual storm events

before fitting the hydrology model, data over the whole summer period is

used which essentially averages the parameter estimations over multiple storm

events. Each summer period can be adaptively extended by moving the start-

ing date earlier so that effects of prior storm events will not be missed. The

extension is limited to [0, 10] days and stops when runoff at the starting date

is smaller than some thresholds (e.g., the 50th percentile value of runoff over

the whole summer period). A summer period is dropped if it includes missing

values or has significantly high runoff rate at the starting date even after the ex-

tension procedure. This step is to guarantee consistency in lengths of summer

periods and thus in comparing model performance across different periods. The

main reason is because even at the same statistical significance levels, the abso-

lute value of a model skill metric (e.g., the Pearson’s correlation coefficient used

in this study) can change when the sample size changes.
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4.3 Methods

4.3.1 Synthetic Data Generator

A two-step synthetic data generator is developed here to 1) sample rainfall

based on historical records and 2) to produce runoff with some given noise lev-

els for a typical summer period (i.e., 92 days). The rainfall events are first as-

signed using a Markov chain that transitions between the rainy (R) and sunny

(S) states. The transition probabilities are estimated based on the historical Fall

Creek rainfall events during the selected summer periods and the transition

matrix is shown in Table 4.1. The initial state follows a Bernoulli distribution

estimated based on the rainfall data at the starting dates of the selected summer

periods such that P(R0) = 0.49 and P(S 0) = 0.51.

Table 4.1: The transition matrix estimated using historical rainfall events
during the selected summer periods for the Fall Creek water-
shed

Current \ Previous Sunny Rainy

Sunny 0.66 0.51

Rainy 0.34 0.49

After generating a time series of rainfall ’indicators’ that determine the rainy-

sunny state on each day, the intensities are simply sampled from historical

rainfall intensities with replacements (i.e., bootstrapping). Assume the local

rainfall-runoff response is governed by some model denoted by M such that

R̃ = M(P;Θ). R̃ is the resulting runoff and Θ is a set of hidden parameters that

are determined by physical properties and modulate the hydrological response.
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Then the noisy synthetic runoff data (Rt) can be generated by

Rt =M(Pt;Θt) + εt (4.1)

A time-invariant additive Gaussian noise is assumed such that εt ∼ N(0, σ2).

This simplifies the comparison of model skill with different noise levels as well

as computations in the Bayesian estimation model (which will be detailed in

the section 3.2). We will explore other options of noises in future work but such

assumption has already been widely used in previous studies [163, 155, 187].

And the specific form of the hydrology model M used in this study will be

described in section 3.3.

4.3.2 Bayesian Estimation Model

We denote observations of rainfall Pt and runoff Rt at time t by Dt such that Dt =

(Pt,Rt). Assuming the local rainfall-runoff response is controlled by some set of

hidden parameters Θ that cannot be easily measured, the goal of this study is

to infer Θ given some observations of D (i.e., P(Θ|D)). Since it is hard to directly

simulate P(Θ|D)), the Bayes’ Theorem is adopted as given by

P(Θ|D) =
P(D|Θ) · P(Θ)

P(D)
(4.2)

The target PDF (often referred to as the posterior PDF) P(Θ|D) can then be

estimated by calculating the likelihood PDF P(D|Θ), the prior PDF P(Θ), and

the evidence PDF P(D). The evidence PDF P(D) can be regarded as a rescaling

factor to make the resulting posterior PDF sum to one. Using the example of
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a continuous random variable of Θ, P(D) can be solved by integrating over all

possibilities of Θ as given by

P(D) =
∫

P(D ∩ α)dα =
∫

P(D|α) · P(α)dα (4.3)

Analytical solutions for the integral in Equation 3 are only available for some

specific combinations of prior and likelihood functions [188, 189]. To numeri-

cally estimate the integral is always computationally intensive and even impos-

sible for high dimensional random variables. Instead of directly solving the

Equation 2, we propose to simulate the posterior PDF using a MCMC approach

[190], which avoid computing the evidence PDF. The classic Metropolis Hast-

ings algorithm [191] is adopted here and consists of 3 major steps for construct-

ing a Markov process of which the stationary distribution (π∞) converges to the

target posterior PDF.

1. Choose a transition kernel (also sometimes referred to as a proposal dis-

tribution) q(y|x) such that q(y|x) > 0 for all x, y ∈ χ (χ is the parameter space).

2. Define an acceptance rate αx,y as given by

αx,y = min
(
1,
π∞(y)q(x|y)
π∞(x)q(y|x)

)
(4.4)

3. Repeatedly simulate the Markov process: at time k, given state xk = x

i) simulate next state of the Markov process y ∼ q(y|x),

ii) generate u from an uniform distribution u ∼ U[0, 1],

iii) if u < αx,y, set xk+1 = y; otherwise, set xk+1 = x.
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If we substitute the stationary distributions in Equation 3 with the posterior

distributions, the acceptance rate is then computed by

αx,y = min
(
1,

P(D|y)P(y)q(x|y)
P(D|x)P(x)q(y|x)

)
(4.5)

The transition kernel essentially determines how fast the Markov process ex-

plores unknown parameter space. A variety of transition kernels have been de-

veloped and tested for improving efficiency of the MCMC algorithm [192, 193].

However, since our intent is to test feasibility of the Bayesian estimation model

in tracking changes in hydrological responses rather than develop the most ef-

ficient algorithm, based on the principle of indifference [194], the commonly

used uniform distribution is assumed for the transition kernel q(y|x) such that

y ∼ U[x−∆x, x+∆x]. Assuming we have no prior knowledge of the watersheds,

a uniform distribution is also assumed for the prior distribution P(Θ) such that

Θ ∼ U[Θmin,Θmax]. The final acceptance rate can then be computed by

αx,y = min
(
1,

P(D|y)
P(D|x)

· 1[Θmin,Θmax](y)
)

(4.6)

where 1A(y) is an indicator function which returns 1 if y ∈ A and 0 if not. Com-

pared to the posterior distribution P(Θ|D), the likelihood distribution P(D|Θ) is

usually easier to estimate when the governing model is already known. How-

ever, the simulated Markov process can be trapped by local optima when using

the uniform transition kernel with small step sizes [195], and this effect is par-

ticularly significant when simulating high dimensional random variables. We

propose to initialize the Markov process with a searching procedure over some

coarse grids in the range of [Θmin,Θmax]. The size of a coarse grid is set to Θmax−Θmin
10
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and thus the total number of grids is 10p for a p−dimensional parameter vari-

able. P(D|Θ) is estimated using center parameter values of each coarse grid cell

and the parameter value that maximizes P(D|Θ) is used to initiate the Markov

process.

4.3.3 Instantaneous Unit Hydrograph Model

The Instantaneous Unit Hydrograph (IUH) model is a widely used conceptual

model for runoff estimation and has a long history of successful implementa-

tion in hydrology [196, 197, 198, 199]. And it is well-established that IUHs can

reflect some physical properties of a watershed like geomorphology character-

istics [196, 198, 200]. This fact suggests potential of monitoring changes in local

rainfall-runoff responses by tracking changes of IUHs. To study dynamics of

IUHs in a quantitative way, here we propose to use a parameterized form as

given by

h(t; λ, k, θ) = λ
1
Γ(k)θk

tk−1e−t/θ (4.7)

The formula is essentially a rescaled Gamma distribution: λ is a scaling fac-

tor that accounts for loss of water in runoff generation processes (e.g., evapo-

transpiration); and (k, θ) are shaping parameters for the Gamma distribution.

The Gamma distribution is used for its flexibility in modeling different types of

IUHs and capability of simulating the low-pass filtering effect [201, 202]. Sub-

stituting the parameterized IUH intoM in Equation 1, we can approximate the

noisy runoff by
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R(t) = R̃(t) + εt =

T∑
0

P(t − τ)h(τ; λ, k, θ) + εt (4.8)

where the resulting runoff R̃ is modeled as the convolution of rainfall and the

IUH (R̃(t) = P(t) ⊗ h(t;Θ)). T is set to 14 days in this study. The probability of

some given runoff observations conditioned on a set of parameters (λ, k, θ) can

then be easily modeled using a Gaussian distribution (R(t) ∼ N(R̃(t), σ2)) and the

acceptance rate in Equation 6 can be computed by

αx,y = min

1, exp

 −1
2σ2

N∑
t=1

(R(t) − R̃(t; h(y)))2 −
−1
2σ2

N∑
t=1

(R(t) − R̃(t; h(x)))2

 · 1[Θmin,Θmax](y)


(4.9)

The hyperparameter σ2 can be approximated by the mean squared error (MSE)

using the MLE parameter estimations [187] as given by

σ2 =

∑N
t=1(R(t) − R̃MLE(t))2

N
(4.10)

A physical interpretation of Equation 10 is that if we assume observations are

governed by the proposed model, then MSE is minimized using the MLE pa-

rameters and should represent the true noise level. In this study, we denote

the mean values of parameter samples from MCMC by the Bayesian parame-

ter estimations. We replace the MLE parameter estimations with the Bayesian

parameter estimations and Equation 10 is implemented in an iterative way:

1. The PDF of P(Θ|D) is simulated using MCMC with some arbitrarily as-

signed constant for σ2.
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2. R̃MLE is approximated using the Bayesian parameter estimations and σ2 is

updated.

3. The MCMC is repeated using updated σ2 and step 2-3 are repeated.

For simplicity, only one iteration is done and a prelim analysis shows that one it-

eration can already guarantee convergence for the approximated σ2 (R2 = 0.998

for 65 samples in comparing the approximated σ2s after one and two iterations).

4.4 Results & Discussions

4.4.1 Model Validation

Synthetic Experiment

Our analytical framework is first tested using synthetic data of summer rainfall

and runoff. For each summer period, the IUH parameters are assumed constant

and are drawn from an uniform prior distribution with ranges shown in Table

4.2. These ranges are arbitrarily assigned to cover a broad parameter space and

the same prior distribution is also used in the following analysis.

Table 4.2: Ranges of IUH parameter values [Θmin,Θmax]

Parameters λ k θ

Ranges [0, 0.6] [0, 6] [0, 10]

Model skill is evaluated using relative errors which are defined as ratios of

absolute errors of parameters and the corresponding ranges (err(Θ) = ∆Θ/
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(Θmax − Θmin)). And the model is tested with noises of different levels. To fa-

cilitate the comparison of synthetic experiments and case studies using obser-

vational data, we use a relative metric of the signal-to-noise ratio (S NR) here

rather than the absolute noise amplitudes. And S NR is simply defined as a ra-

tio of the standard deviation of noisy runoff to the standard deviation of noise

(S NR = σ(R)/σ(ε)). Figure 4.1 shows model skill as a function of S NR for three

IUH parameters (λ, k, θ). At each S NR, the synthetic experiment is repeated for

50 times. The 25th − 75th percentile ranges are plotted as shaded areas and the

median model skill are plotted in diamond lines. A comparison between model

skill of the initial grid searching (blue) and the Bayesian estimation model (red)

demonstrates that the MCMC can always improve accuracy of parameter esti-

mations when S NR is greater than 1. And when the noise is comparable to even

larger than the signal (i.e., S NR < 1), performance of both method degrades

significantly in terms of median relative errors as well as uncertainty ranges.

A reference S NR level is approximated using the ratio of standard deviation of

noisy runoff observations to that of runoff residuals. The runoff residual is cal-

culated by fitting the IUH model with Bayesian parameter estimations using the

observational data from the Fall Creek watershed. The smallest value of S NR of

all selected summer periods is also plotted in Figure 4.1 and the results indicate

a good potential performance when applying our Bayesian estimation model on

real-world observational data. For any S NR greater than the reference level, the

median relative errors should be smaller than 6% for all parameter estimations

(or smaller than 3% for (λ, k)).

77



Figure 4.1: Model skill measured by relative errors as a function of S NR
for (a) λ, (b) k, and (c) θ. Performance of the initial grid search-
ing and the Bayesian estimation model are plotted in blue and
red lines, respectively. At each S NR, the synthetic experiment
is repeated for 50 times. The 25th − 75th percentile ranges are
plotted as shaded areas and the median model skill are plotted
in diamond lines. The reference S NR based on observational
data from the Fall Creek watershed in indicated by a vertical
black dashed line. And observational data from the Fall Creek
watershed have S NR values no smaller than this reference level
for all selected summer periods as indicated by the leftward ar-
row.

Validation Using Observational Data

In addition to using synthetic data, we also examine the model performance

using observational data of rainfall and runoff from the Fall Creek watershed.

65 summer periods are selected over the whole period of 1925-2017 and IUH

parameters are estimated for each summer period. Since true parameter values

are not known here, MLE parameter estimations are used in the comparison.

The MLE parameter estimations are computed by randomly searching in the

parameter space [Θmin,Θmax] to minimize MSE between the observed and esti-

mated runoff and should represent the best possible parameter values given

our conceptual IUH model.

We first fit the IUH models using both MLE and Bayesian parameter estima-

tions and their performance in estimating runoff are compared in Figure 4.2.

78



Figure 4.2: Empirical cumulative distribution functions of model skill
measured by (a) Pearson’s correlation coefficients (CC) and (b)
Nash-Sutcliffe Efficiency (NSE) scores for runoff estimations.
Performance of models fitted using MLE and Bayesian param-
eter estimations are plotted in the red and blue curves, respec-
tively.

Very negligible difference are observed in model skills using MLE and Bayesian

parameters as measured by both CCs and NSE scores. And comparable good

model skill are observed for runoff estimations using both sets of parameters:

the median CCs are greater than 0.7 and the median NSE scores are greater

than 0.49. The good model skill should also validate the Gamma distribution-

based IUH in modeling the rainfall-runoff response in the Fall Creek water-

shed. No statistical significance levels are reported in the figure since the ef-

fective degrees of freedom depend on autocorrelations in the data [203] and

vary significantly across different summer periods (considering autocorrela-

tions in runoff/rainfall are largely affected by frequencies and intensities of

storm events.)

The Bayesian parameter estimations are then compared against their MLE coun-

terparts as shown in Figure 4.3. Great consistency are observed between the

MLE and Bayesian parameter estimations: the R2 values calculated using the
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Figure 4.3: Comparison between the Bayesian (x axis) and MLE (y axis)
parameter estimations for (a) λ, (b) k, and (c) θ. The 1:1 refer-
ence lines are plotted in black dashed lines and the coefficients
of determination (R2) for 65 summer periods are reported in the
subplot titles.

1:1 reference line are 0.95, 0.62, and 0.64 for (λ, k, θ), respectively. Of the three

parameters, the highest R2 value is found for λ. A possible explanation can be

that MSE in calculating αx,y (in Equation 9) is more ’sensitive’ to λ since it solely

determines the integral amplitude of the IUH while the shape parameters (k, θ)

only collectively determine the IUH shape. For example, different combinations

of (k, θ) can result in very similar IUH shapes and therefore, more deviations be-

tween the MLE and Bayesian estimations are expected for (k, θ).

Also, the Bayesian estimations of λ are found to be consistent with the runoff

coefficients approximated using the ratio of total amount of runoff to that of

rainfall. The R2 value calculated using the 1:1 reference line is 0.65 and the cor-

relation coefficient is 0.87 for 65 summer periods (one tailed p-value < 0.001).

On one hand, this should should validate the Gamma distribution-based IUH

in simulating the local rainfall-runoff response since λ is specifically designed

to account for the loss of water. On the other hand, the approximated runoff

coefficients can be used as the true λ values and thus the results suggest that

the Bayesian estimation model can well infer and track the time-varying hidden
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parameters.

4.4.2 Model Application

A Historical Change Point in the Fall Creek Watershed

The analytical framework is then used to study dynamics of rainfall-runoff re-

sponses in the Fall Creek watershed through 1925-2017. Since it is hard to com-

pare IUHs of different shapes in a quantitative way, we first define a metric of

the initial decay rate (IDR) as given by

IDR =
∂h/∂t

h
|t=0.05 =

(
k − 1

t
−

1
θ

)
|t=0.05 (4.11)

IDR is essentially the relative initial derivative of IUH and is estimated at t =

0.05 [day] to avoid a zero denominator. Using IDR, we can easily distinguish

two typical IUHs: the IUHs that monotonically decreases over time are defined

as the ’diffusion’ type while those with wave-like patterns are defined as the

’advection’ type. A diagram of the two IUH types is shown in Figure 4.4 and

an IUH with greater-than-zero IDR falls into the category of ’advection’ and

’diffusion’ if otherwise. The two types can have direct use in informing flooding

mitigation since they determine timings and rates of peak flow differently. Also

the two IUH types can reflect different water travel times and therefore indicate

different hydrological properties.

Time series of Bayesian parameter estimations are plotted in Figure 4.5. Sys-

tematic shifts are observed are observed around 1943 for the shape parameter
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Figure 4.4: A diagram of two types of IUHs: the ’diffusion’ type (red) and
the ’advection’ type (blue).

(k, θ): values of k drop significantly and values of θ increase by a smaller margin

after around 1943. No such change point is found for the rescaling parameter

λ. The decreasing k can turn IUHs from the ’advection’ type to the ’diffusion’

type while the increasing θ has the opposite effect. We find that historical pat-

terns of IUHs are dominated by changes in k when we compare time series of

IDR with those of summer rainfall and runoff in Figure 4.6. Before 1943, the

local IUH was dominated by the ’advection’ type and after 1943, the local IUH

switched to the ’diffusion’ type, which is consistent with the rapid drop of k

values. However, such change cannot be learned by looking at time series of

summer rainfall and runoff. And this suggests that the change could occur only

in the temporal distribution of water. Physically, this change point can indicate

that water in the Fall Creek watershed flows faster (i.e., has shorter travel time)

after 1943, which can possibly be due to changed in land uses like construc-

tion of paved roads. However, we could not find any strong support evidence

from chronicles of the Fall Creek watershed or the Ithaca city so far. Interest-

ingly, the change point coincided with relocation of the rainfall station when

Cornell moved it from the Roberts Hall (on the ground outside of the building)
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Figure 4.5: Time series of Bayesian estimations of (a) λ, (b) k, and (c) θ. The
year of 1943 when Cornell moved its rainfall station is indi-
cated by a vertical red dashed line.

[42°26’55”N, 76°28’45”W] to the College of Agriculture Experimental Farm at

the Caldwell Field [42°26’56”N, 76°27’38”W] in June 1943. While the relocation

of rainfall station can lead to changes in latency between rainfall and runoff ob-

servations, we expect the effect to be minor since 1) the rainfall stations was

only move one mile east in 1943 (for reference, a hurricane typically travels at a

forward speed of 5-20 miles per hour [204]) and 2) the station was moved again

to its current location on the Game Farm Road [42°26’57”N, 76°26’57”W] in June

1969. We did not observe any changes in IUH parameters associated with the

second relocation. But still, the Bayesian estimation model manages to identify
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Figure 4.6: Time series of (a) total summer rainfall, (b) total summer
runoff, and (c) IDR. The year of 1943 when Cornell moved its
rainfall station is indicated by a vertical red dashed line.

a systematic shift in the local rainfall-runoff response that cannot be learned by

looking at the easy-to-measure variables like rainfall or runoff.

Relationships between IUHs and Watershed Sizes

In the previous section, the Bayesian estimation model is applied to examine

temporal variability of rainfall-runoff responses. In this section, we extend its

application to examining rainfall-runoff responses of many watersheds by re-

peating the analysis for 102 NY watersheds. Considering a relatively short
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study period is used (1979-2006) here, the hydrological responses are assumed

constant and the median IDRs for each watershed are compared to investigate

the spatial patterns. A summer period is only selected when the NSE score is

better than 0.2 for the runoff estimation using the Bayesian parameters. And

only watershed with more than 5 selected summer periods are considered. This

is because the IUH cannot represent the local rainfall-runoff response when it

fails at estimating the runoff.

Figure 4.7a shows a map of median IDRs for all selected watersheds (or water-

shed with ’good’ NSE scores). While more positive IDR values are found in the

northwestern region, this pattern can be due to a non-uniform distribution of

watersheds of different sizes. To examine relationships between rainfall-runoff

responses and watershed sizes, we first define a watershed length scale simply

using the square root of the watershed drainage area. A scatter plot between the

median IDRs are watershed length scales is shown in Figure 4.7b and a positive

relationship is observed. A smaller watershed is more likely to be governed by

the ’diffusion’ type of IUH (IDR < 0) while a larger watershed is more likely to

be governed by the ’advection’ type of IUH (IDR > 0). The positive relationship

is found to be statistically significant as examined by a F test (one-tailed p-value

< 0.01). The results here appear to be intuitive since water usually needs longer

travel time to reach the outlet in a larger watershed. But the underlying physi-

cal causalities require further rigorous investigation with runoff generation pro-

cesses and channel network properties taken into consideration.
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Figure 4.7: (a) A map of median IDRs for watersheds with ’good’ NSE
scores where sizes of circles are proportional to watershed
length scales. (b) A scatter plot between watershed length
scales and median IDRs and its fitted line (black).

4.5 Conclusions

In this study, performance of a Bayesian estimation model (i.e., MCMC) is ex-

amined in inferring hydrology model parameters given observations of rain-

fall and runoff for small watersheds. The IUH conceptual model based on a

modified Gamma distribution is adopted and the whole analytical framework

is validated using both synthetic and observational data. In the synthetic simu-

lation, great accuracy is observed for Bayesian parameter estimations with rel-

ative errors smaller than 6% when the noise is smaller than the reference level.

In absence of true parameter values, the Bayesian parameter estimations are

compared against the MLE parameter estimations when observational data is

used. Comparable model skill are observed for runoff estimations using MLE

and Bayesian parameter estimations and good consistency is observed for all

parameters between the two sets. Then the Bayesian model is applied to study

temporal and spatial variability of rainfall-runoff responses by tracking param-
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eter estimations over time or different watersheds. A systematic shift is identi-

fied for the Fall Creek watershed when its IUH switched from the ’advection’

type to the ’diffusion’ type around 1943. This change point cannot be learned by

looking at the easy-to-measure variables like summer rainfall and runoff. The

underlying cause remains unknown considering the shift can be due to either

or both effects of changes in land uses and the relocation of the rainfall sta-

tion. Furthermore, rainfall-runoff responses of 102 NY watersheds are studied

but over a shorter study period. A statistically significant positive relationship

is observed between IDRs and watershed sizes, which suggests that smaller

watersheds are more likely to be governed by IUHs of the ’diffusion’ type.

Overall, our study demonstrates feasibility of the Bayesian estimation model

in monitoring dynamics of hydrological responses and detecting change points

for small watersheds by tracking the hidden variables (i.e., model parameters).

And the model shows potential as a rapid surveillance tool to aid adapting local

strategies of water resource management and disaster mitigation to changes of

rainfall-runoff responses by iteratively updating the analytical framework with

new bathes of observational data.
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CHAPTER 5

IMPACTS OF INFORMATION RESOLUTIONS ON RESERVOIR

OPERATIONS

5.1 Introduction

Reservoirs are man-made filters that modulate hydrological variables like

streamflow to meet multi-sector demands and its operation plays an essential

role in water resource management. Advantages of multi-purpose reservoirs

were first addressed by the engineering profession in early 1900s [205] and

reservoir operation optimization has since grown to be one of the most stud-

ied subject in the water resource community [206]. Most early studies focus

on maximizing the economic utility of reservoir like hydropower production

[207, 208, 209]. And correspondingly, the traditional optimization approaches

were developed for single objective formulations and are limited in scalability

to resolving multi- or many-objective problems [210]. In the recent decades, a

broader range of issues have been taken into consideration when optimizing

reservoir operations [211] and some examples include ecological requirements

[212], biodiversity conservation [213], and climate impacts [214]. The chang-

ing preferences of water managers are adding importance onto the problem of

reservoir operation optimization in many disciplines other than water resource

management. And considering an emerging global trend of carbon neutrality,

operation optimization for hydroelectric reservoirs is expected to gain more im-

portance in the future.

The problem is intrinsically stochastic since most reservoir systems rely on un-

certain hydroclimate forecasts in decision making. These hydroclimate vari-
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ables like precipitation and streamflow can have numerous sources of uncer-

tainty ranging from large-scale atmospheric circulations [215] to local changes

of land use [216], which make them highly variable in time and space. Accord-

ing to the 2021 Global Energy Review by the International Energy Agency (IEA)

[217], hydropower is expected to remain the world’s largest source of uncer-

tainty in renewable energy production.

And the problem is now being made more challenging than ever due to greater

uncertainty in forcing and increased model complexity. The Intergovernmental

Panel on Climate Change (IPCC) just released its sixth assessment report (AR6)

in which human-induced climate change is found to be affecting many weather

and climate extremes across the globe and the scale of recent climate changes is

described as ’unprecedented’ [31]. This indicates even further amplified uncer-

tainty in hydrological forcings on which reservoir operation plans are directly

based for 1) uncertainty in key climate variables like temperature and precipita-

tion can directly propagate to uncertainty in hydrological variables like runoff

and streamflow [218, 219, 220] and 2) regional hydrological properties (e.g.,

precipitation-runoff response) can be altered by climate changes and weather

extremes [221, 222, 223]. In the meantime, reservoirs are being designed and

operated for multiple purposes other than solely hydropower production (e.g.,

flood control, irrigation, and societal and ecological services) and networks of

multiple inter-connected reservoirs are being coordinated at the same time for

large water systems [224, 225, 226], which adds to the complexity of reservoir

operation by increasing dimensions of objectives as well as decision variables.

Advances in sensing technology and machine learning have provided new op-

portunities in informing decision makings for reservoir operation by narrowing

89



down uncertainties in key hydroclimate forcings like precipitation [227, 228]

and streamflow [229]. However, such innovations usually impose high require-

ments on computational performance [230] and expertise in hyperparameter

selection [231]. These conditions are much harder to satisfy in less developed

areas where proliferation of large hydroelectric dams have been seen in the past

decades and the challenge of reservoir operation optimization is particularly rel-

evant [232]. In addition, these areas usually have very limited ground stations

and must rely on remote sensing data for measuring key hydroclimate forc-

ings. But situations can be made worse by misinterpretation of remote sensing

data due to scarcity of station-based data and lack of ground validation [233].

Motivated by this imbalance between the increasing problem complexity and

uncertainty and the lack of access to highly accurate observations/forecasts, we

conduct an information sensitivity analysis here to inform this question: how

can finer-resolution forcing data potentially improve performance of reservoir

operation optimization?

Perfect forecasts of hydroclimate forcings are not possible considering the in-

trinsic uncertainties in atmospheric circulations and hydrological processes. Bi-

ased models have been developed that sacrifice model accuracy for improved

robustness [76] and multinomial models can be a good alternative option in

developing robust hydroclimate forecasts [234, 235]. In this study, we propose

to manage a complex water system with the two extreme cases of multinomial

forecasts, the perfect or true-amplitude flow data versus binary flow data. But

it should be noted that the whole analytical framework is easy to generalize for

comparing forcing data of different types of uncertainties.

The upper Yellow River multi-reservoir system is selected for its critical role in
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providing many essential services. The system consists of 12 reservoirs with a

total installed capacity of 12.6 GWh [2] and is one of the major electricity suppli-

ers for China’s Northwest Grid. The Longyangxia hydropower plant of the sys-

tem is integrated with world’s 11th largest photovoltaic plants (the Longyangxia

Dam Solar Park) and its hydropower production is directly used in load balanc-

ing for solar energy [236]. In addition to supplying water to riparian cities for

agricultural, industrial and domestic uses, releases from the system also greatly

affect water supply for two major irrigation districts of China, Qingtongxia Ir-

rigation District and Hetao Irrigation District [237]. Part of the upper Yellow

River basin is under ecological regulations of the Three-Rivers Headwater Na-

tional Nature Reserve [238]. Other functions include flood and ice control [239].

These diverse functions make operation optimization for the system a complex

and complicated problem with many conflicting objectives. Also, the area is

experiencing significant changes in climate (e.g. decreasing wet-season precip-

itation and rising air temperature) and land use [240, 241, 141] which can am-

plify uncertainty in hydroclimate forcing. And what makes acquisition of fine-

resolution forcing data harder is the fact that there are only sparsely distributed

ground stations in this area under management of the China Meteorological

Administration [242]. All these factors make the upper Yellow River reservoir

system a suitable case for investigating impacts of information resolution in in-

forming operations of large-scale hydropower systems.

Past studies have majorly used aggregated objective formulations in optimizing

operations for the upper Yellow River reservoir system which can be roughly

divided into two categories: 1) to transform some objectives into constraints

to reduce dimension of the objective space [239, 2] and 2) to use a weighted

combination of individual objectives (and constraints) as the performance indi-
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cator [243, 244]. Most aggregated objective formulations can help alleviate the

’curse of dimensionality’ [245] by reducing space of objectives to explore so as

to satisfy computational requirements [246]. However, key assumptions made

in these formulations like relative importance of competing objectives or selec-

tions of objectives to be transformed (into constraints) are largely determined by

preferences of the person who formulates the problem. Such prior knowledge

can lead to severe decision biases [247] and this risk is even further amplified

considering decision makers’ preferences are being reshaped by the increasing

environmental awareness these days [248].

The Multi-Objective Direct Policy Search (EMODPS) framework developed by

Giuliani et al. [249] not only overcomes the issues of aggregated objective for-

mulations, but also enables quantitative comparisons of policies developed us-

ing different input data under climate uncertainty. The EMODPS framework

optimizes parameters of closed loop nonlinear control policies (Direct Policy

Search, or DPS policies) in determining water system operations using a Multi-

Objective Evolutionary Algorithm (MOEA). The DPS control strategy approxi-

mates parameterized policies conditioned on a set of input variables [250, 251].

Compared to open loop inter-temporal strategies, DPS can develop adaptive op-

erating policies that have good interpretability and can be easily coupled with a

MOEA for optimization [249, 252]. While most past studies focus on optimizing

water release decisions given some specific inflow conditions (usually the his-

toric inflow) [239, 244, 2], DPS is more flexible and can guide operations under

out-of-sample flow conditions since its policies are trained under a set of uncer-

tain states of the world (SOWs) [251]. The Borg-MOEA proposed by Hadka and

Reed [253] is used as the multi-objective optimization algorithm in this study

for its enhanced effectiveness and efficiency due to its multi-operator adaptiv-
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ity [254]. Examples of successful implementations of Borg-MOEA in optimizing

water system operations can be seen in the diagnostic assessment by Reed et al.

[255].

Other than expectation objectives, policy robustness and sensitivities are also

examined as important complementary metrics of policy performance. Robust-

ness measures insensitivity of polices across a variety of futures or system char-

acteristics [256] and robustness decision making (RDM) has become increas-

ingly popular in managing water systems [257, 258, 259]. Here, the changing

climates are simulated using altered flow distributions and policy robustness

are compared when trained with flow data of different resolutions. While the

DPS control strategy can generate nonlinear, adaptive operating policies, real-

world water managers favor more simple, static rules. To enhance policy imple-

mentability, we attempt to further understand how our analytical framework

coordinate variability of different hydroclimate variables. To this end, building

on Quinn et al. [252], a time-varying sensitivity analysis (TVSA) is performed

to understand how the reservoir operations are determined differently when

when data availability changes.

5.2 Case Study Description

5.2.1 Upper Yellow River Multi-Reservoir System

The upper Yellow River basin is dominated by a semi-arid monsoon climate

[260] and about 90% of annual precipitation fall during a 6-month rainy season

of May-October [261]. As response to the water scarcity since 1960s [262], water
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Figure 5.1: (a) A map of the upper Yellow River basin [2]. The upper Yel-
low River multi-reservoir system consists of 12 reservoirs (In-
dex 2-13) with the two largest reservoirs being Longyangxia
reservoir (Index 2) and Liujiaxia reservoir (Index 13). (b) A
schematic of the simplified reservoir system. Controllable re-
leases are only assumed for LYX (sy) and LJX (s j) and all the 10
smaller reservoirs in between are lumped into one reservoir sl.

of the whole Yellow River basin has been distributed following the ’87’ Water

Allocation Plan (as proposed in 1987) which divides the typical annual avail-

able streamflow (i.e., the 50th percentile streamflow) of 58 billion m3 into two
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parts: 21 billion m3 for sustaining river eco-environments (e.g., sediment flush-

ing) and 37 billion m3 for domestic use. Operations of the upper Yellow River

reservoir system also follow this ’87’ plan of which further details can be seen

in xia2012development. Typically, water managers make annual water release

plans under the guidance of Yellow River Conservancy Commission (YRCC) on

a monthly or bi-weekly basis using streamflow climatologies, and adaptively

adjust the plan when more observational data becomes available. A map of

the basin is shown in Figure 5.1a and the system consists of 12 serial reservoirs

(Index 2-13). In this study, we focus on optimizing release decisions of two piv-

otal reservoirs, the Longyangxia (LYX, Index 2) and the Liujiaxia (LJX, Index

13) reservoirs since they are the only reservoirs with large enough capacities to

operate on a weekly or longer timescale. Maximum storage capacities are about

20 billion m3 and 5 billion m3 for LYX and LJX, respectively while the rest 10

reservoirs between LYX-LJX have a total capacity of less than 3.5 billion m3 [2].

For reference, total annual natural inflow is estimated at around 21.6 billion m3

based on flow record over 2001-2009.

5.2.2 Simplified Water Budget Model

Water releases from LYX and LJX are optimized and the rest 10 small reservoirs

in between are lumped into one reservoir to simplify water budget model of the

system. 10-day historical flow and operation data over 2001-2009 are collected

and for consistency, release decisions are being made on a 10-day basis in this

study. The lumped reservoir is assumed to have zero storage capacity (i.e., no

change of water storage) on the 10-day basis and such simplification is common

in past studies [239, 244, 2, 263]. A schematic of the lumped reservoir system is
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plotted in Figure 5.1b and the simplified water budget model is given by

dsi

dt
= qi − ri (5.1)

qi+1 = ri + qlat,i+1 (5.2)

where qi, si, ri are inflow, storage and outflow of the ith reservoir, respectively.

The inflow qi+1 is sum of outflow from the previous reservoir (ri) and lateral flow

between ith and i + 1th reservoirs (qlat,i+1). If we denote water release decisions

from the ith reservoir by di, some physical constraints applied to the system are

1) Reservoir storages of LYX and LJX are limited in their corresponding

designed ranges: si ∈ [si,min, si,max].

2) Excessive water must be discarded as abandoned water ai and is not

used in hydropower production: ai = max(0, si + qi − di − si,max).

3) Outflow ri from each reservoir cannot exceed its total available water:

ri = min(di + ai, si + qi − si,min).

Considering the water scarcity that the basin has been experiencing in the past

decades and its semi-arid climate, instead of using extra objectives for flooding

risks, we limit release decisions from ith reservoir during tth 10-day period in

time-varying ranges [di,min(t), di,max(t)] based on historical operations from 2001-

2009. The normalized release decisions Di(t) are then used as decision variables

in operation optimization and have a range of [0, 1]. The normalization is given

by

96



Di(t) =
di(t) − di,min(t)

di,max(t) − di,min(t)
(5.3)

Hydropower production for each reservoir is then approximated by product

of water head difference and volume of released water as given by Equation

4. For ith reservoir, µi is a pre-specified efficiency coefficient, ∆Hi is difference

between pre-dam and post-dam water heads, and g is the gravity constant. For

the smaller reservoirs between LYX and LJX, ∆His are set to constant water head

differences. For LYX and LJX, pre-dam and post-dam water heads are approxi-

mated using empirical polynomial functions conditioned on water storage and

outflow. Further information of reservoir specifications (e.g., µi and ∆Hi) and

the empirical water head functions can be seen in si2019revealing.

Ei = µi · g · ∆Hi ·min(di, ri) (5.4)

5.2.3 Synthetic Streamflow Generator

Key forcing variables including pre-LYX inflow (qin f ) and LYX-LJX lateral flow

(qlat) are sampled from a two-step streamflow generator. qin f contributes a major

part (∼ 80%) of total natural inflow and its normalized value (Qin f (t)) is first

generated using a modified fractional Gaussian noise (mFGN) method [264] to

maintain temporal autocorrelations. The normalization is done by 1) computing

logarithmic values of true inflow data (qin f (t)) (to reduce data skewness) and

2) subtracting climatological means (µin f (t)) and dividing with climatological

standard deviations (σin f (t)). The reverse normalization is given by Equation 5.
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qin f (t) = exp(µin f (t) + Qin f (t) · σin f (t)) (5.5)

qlat is then generated based on a good linear relationship between qin f and qin f

(R2 = 0.53 for 324 samples, p-value < 0.01 as shown in Figure C.1) which guaran-

tees a consistent spatial correlation pattern. We simply assume that qlat follows

a Gaussian distribution of which the mean and standard deviation are condi-

tioned on qin f as given by Equation 6. (β0, β1) are intercept and slope of the line of

best fit and (∆βα0 ,∆β
α
0 ) are their α confidence intervals. The 95% confidence inter-

vals are used to approximate the 4-σ uncertainty range of a Gaussian distribu-

tion. In addition, assuming precipitation is spatially uniformly distributed, qlat

is distributed to each reservoir as proportional to the corresponding drainage

area before computing the hydropower production [244].

qlat(t) ∼ N

β0 + β1 · qin f (t),
∆β0.95

0 + ∆β0.95
1 · qlat(t)

4

2 (5.6)

5.3 Methods

In this study, we contribute an analytical framework for quantitatively com-

paring impacts of information resolutions in managing a complex hydropower

system. Our methodology builds off the EMODPS framework [249] to develop

representative policies that approximate actual operations under different data

availability and assess their expectation performance, robustness under chang-

ing climates, and time-varying sensitivities. The whole framework is described

by a diagram as shown in Figure 5.2. A simplified water budget model is devel-

oped as an emulator of the complex hydropower system in section 2.2, which is
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Figure 5.2: A diagram of the analytical framework for comparing expecta-
tion performance and policy robustness in managing the Up-
per Yellow River reservoir system with true-amplitude and bi-
nary flow data.

forced by varying states-of-the-worlds (SOWs) sampled using a two-step syn-

thetic streamflow generator described in 2.3. Major utilities are addressed and

modeled as objectives in 3.1, and closed-loop DPS policies are formulated con-

ditioned on state variables in 3.2. The water system controlled by DPS poli-

cies is then optimized using the Borg-MOEA as introduced in 3.3 to develop

representative policies by comparing against historical operations (in 4.1.2). A

scenario discovery analysis is then conducted to evaluate robustness of repre-

sentative policies trained using true and binary flow data in 3.4 following her-

man2015should. And based on quinn2019controlling, a TVSA is performed in
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3.5 to understand impacts of forcing data resolutions in informing reservoir op-

erations.

5.3.1 Formulation of Objectives

As introduced in the previous section, major utilities of the upper Yellow River

reservoir system include hydropower production, load balancing for photo-

voltaic energy, supplying water for downstream cities and irrigation districts,

and mitigating ice-jam floods. These utilities are formulated here as three key

objectives to maximize total hydropower production and minimum 10-day hy-

dropower production, and to minimize a water deficit index. For each policy,

the system is simulated and optimized under forcing of synthetically generated

flow data of T = 36 10-day periods (i.e., one year) and this step is repeated for

N = 100 SOWs. Objectives across the 100 SOWs are averaged for performance

evaluation which represents a risk-neural preference of decision makers [226].

The first objective is to maximize total hydropower production (JtotE) over the

simulation horizon of one year as given by Equation 7. It should be noted that,

although the 10 smaller reservoirs between LYX-LJX are lumped into one reser-

voir to simplify the water budget model, hydropower production is separately

estimated for each individual reservoir considering their different designed wa-

ter head differences and efficiency coefficients. This is also why qlat is distributed

to each reservoir before computing the hydropower production.

MaximizeJtotE =
1
N

N∑
k=1

T∑
t=1

∑
i

Ei
k(t) (5.7)
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The second objective is to maximize minimum 10-day hydropower production

(JminE) as given by Equation 8. This objective is designed to measure reliability of

load balancing using hydropower for other renewable energy. Technically, the

reliability is function of both hydropower output and load balancing demand

(e.g., peak-to-valley output difference of renewable energy). Since only lim-

ited information of variations of the renewable energy outputs is known here,

the objective is re-framed to provide as much buffer capacity for load balanc-

ing as possible during any 10-day period. Therefore, the minimum 10-day hy-

dropower production is to be maximized and such formulation is also adopted

in si2018evaluating.

MaximizeJminE =
1
N

N∑
k=1

min
t

∑
i

Ei
k(t) (5.8)

The third objective is to minimize a water deficit index (JWD) based on some

pre-defined time-varying water demands (W t) as given in Equation 9. The water

demands are first specified at Lanzhou separately for wet and dry seasons on

a monthly basis. During the wet season (Apr-Oct), minimum streamflow is

regulated to meet water demands of riparian cities and downstream irrigation

districts according to the ’87’ Plan and is distributed based on monthly flow

climatologies [239]. During the dry season (Nov-Mar), minimum streamflow is

regulated to mainly avoid ice jam flooding [265]. Water demands at Lanzhou for

the two seasons are combined and shown in Table 5.1. These water demands are

then rescaled using a ratio of annual streamflow measured at post-LJX to that

measured at Lanzhou. A factor of safety (α) is used to avoid frequently crossing

bottom lines of water demands in reservoir operations and α is set to 1.5 in this

study.

101



MinimizeJWD =
1
N

N∑
k=1

1
T

T∑
t=1

max(0, r j
k(t) − α ·W(t))
α ·W(t)

(5.9)

Table 5.1: Time series of pre-determined water demands W(t) at Lanzhou based on
chang2014optimized,bai2015synergistic.

Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Streamflow (m3/s) 550 500 350 750 1100 900 800 750 750 800 650 600

A fourth objective is proposed to maximize relative total water storage at the

end stage (JS P, SP for sustainability penalty) as given by Equation 10. This last

objective is designed to avoid unreasonable and unsustainable decisions like

over-depletion towards end of the simulation horizon considering we limit our

simulation to only one year (i.e., reservoir operations cease after one year) in

this study.

MaximizeJS P =
1
N

N∑
k=1

sy
k(T ) + s j

k(T )
sy,max + s j,max (5.10)

5.3.2 Formulation of DPS policies

A closed loop DPS control strategy is adopted here to, instead of optimizing ab-

solute water releases given specific flow conditions, develop adaptive policies

that approximate release decisions conditioned on a set of input variables. DPS

policies have good interpretability and can inform decision making under out-

of-sample conditions used in further analysis of variance [252] and sensitivity

[251]. Gaussian Radial Basis Functions (RBFs) have demonstrated good perfor-

mance in approximating nonlinear policy functions [266, 252] and are used in
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defining DPS policies as shown in Equation 11.

Di(t) =
A∑
k

wi
k exp

− B∑
l

(xl(t) − cl,k)2

b2
l,k

 (5.11)

At time t, water release decision Di(t) for LYX (i = y) or LJX (i = j) is approxi-

mated by a linear combination of A RBFs (with weighting coefficients wi
k). Each

RBF uses information from B input variables (xl) and the corresponding centers

and radii are cl,k and bl,k, respectively. B = 5 input variables are used as defined

in Equation 12 which include normalized water storage from LYX and LJX, a

time-of-year index, normalized pre-LYX inflow and normalized LYX-LJX lateral

flow. (Qin f (t),Qlat(t)) are normal variables used in the synthetic streamflow gen-

erator and are shifted by 2 and then rescaled by 1/4 to be roughly limited by

a range of [0, 1] (Qlat(t) is the z-score of qlat(t)). To compare impacts of infor-

mation resolutions in informing reservoir operations, we design a world where

only binary flow data is available. Flow-related input variables in this world

are changed to (Bin(Qin f ), Bin(Qlat)). Bin(y) is defined to return a binary state of y

such that Bin(y) = 1/4 if y < 0.5 and Bin(y) = 3/4 otherwise.

xl(t) = (
sy(t) − sy,min

sy,max − sy,min ,
s j(t) − s j,min

s j,max − s j,min ,
t%36

36
,

Qin f (t) + 2
4

,
Qlat(t) + 2

4
) (5.12)

A rule of thumb suggests number of RBFs equal one plus sum of output and

input variables (A = 1 + 2 + 5 = 8) [267]. We repeated our simulation experi-

ment using varied As in [5,8] and observed very consistent objective values in

a preliminary study. Therefore, A is set to 5 in the following analysis for less

model complexity and potentially better model robustness. And a total number

of A(2B+2) = 60 parameters are to be optimized in this study. Sum of weighting
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coefficients is set to 1 to limit Di(t) in the range of [0, 1] (i.e.,
∑

k wi
k = 1,∀wi

k ≥ 0).

As for other constraints, we set cl,k ∈ [0, 1] and bl,k ∈ [0, 10].

5.3.3 Many-Objective Optimization

Borg-MOEA is used to search for approximate Pareto-optimal solutions

in the parameter space (wi
k, cl,k, bl,k) that minimize the objective vector

(−JtotE,−JminE, JWD,−JS P). A solution is defined Pareto optimal or non-dominant

if no further improvement can be made for one objective without degrading per-

formance for at least one other objective [268]. A set of all such solutions and its

corresponding set of objective values are often referred to as the Pareto set and

Pareto front, respectively. Borg-MOEA has shown significant advantages over

other MOEAs in solving many-objective, multi-modal problems [253, 269, 270].

It has good performance in both elite preservation by using adaptive popula-

tion sizing and diversity preservation by using ϵ−dominance archiving. Also,

a auto-adaptive multi-operator searching process adds more tractability to the

algorithm while cutting down computational costs. Since Borg-MOEA is a

stochastic optimization algorithm that uses random initialization [253], the op-

timization experiment is repeated for 50 random seeds for consistency control.

Maximum number of function evaluations (NFEs) is set to 400,000. Hypervol-

umes measured at every 100 NFEs show that a maximum of 400,000 NFEs can

guarantee convergence across 50 random seeds in our study (as shown in Figure

C.2). (Hypervolume measures ’volume’ of space dominated by an approximate

Pareto solution in the multi-objective space and is a widely-used metric of per-

formance [271].)
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5.3.4 Robustness Analysis

Robustness is used as the other important metric of performance complemen-

tary to expectation objectives. In this study, we focus on evaluating robustness

of policies with respect to two major sources of uncertainty, initial water storage

and flow distribution. Explicitly optimizing operations under varying initial

conditions of LYX and LJX water storage will greatly increase complexity of

the problem and make it hard to compare different policies. Instead, we train

DPS policies with fixed initial conditions and measure robustness of these poli-

cies under altered conditions of initial water storage. As for flow distributions,

altered SOWs are generated for both qin f and qlat by making extreme flow con-

ditions more likely following kasprzyk2013many. A flow condition is defined

extreme if its amplitude is smaller than the 25th percentile value or greater than

the 75th percentile value.

A scenario discovery approach is adopted based on herman2015should and

consists of 3 major steps: 1) train DPS policies by optimizing system opera-

tions in the original SOWs; 2) generated a broad range of SOWs with altered

conditions; and 3) re-evaluate policies in the altered SOWs. For each source of

uncertainty, 100 altered SOWs are generated using a Latin Hypercube Sampling

(LHS) method [272]. In each altered SOW, the optimization experiment is re-

peated for 100 times and a ratio of successful cases (denoted by S or S score

in the following sections) is used to measure robustness based some baseline

performance. A policy in a SOW is defined as a success only if its objective

vector fully dominates the baseline performance (which are further detailed in

Section 4.1). S scores are mapped onto corresponding altered conditions to dis-

cover under what scenarios, in the space of uncertain parameters, policies tend
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to perform and fail.

5.3.5 Time-varying Sensitivity Analysis

Last but not least, a TVSA is performed here based on [252] to understand

how information from input variables controls and coordinates release deci-

sions when driven by flow data of different resolutions. The analysis decom-

poses variances of release decisions Di(t) using a first-order Taylor-series expan-

sion as given in Equation 13, and compares contributions from individual in-

put variables and their interactions. Since a set of differentiable basis functions

(i.e., the Gaussian RBFs) are used in approximating Pareto-optimal policies, the

derivative terms ∂D
i

xm
can be analytically solved as given by Equation 14. And the

covariance terms cov(xm(t), xl(t)) can be numerically estimated using simulation

samples across different SOWs. To validate this analysis, a preliminary study is

done by comparing total variance of Di(t) estimated using simulation samples

against the sum of variances calculated using the TVSA and good linear rela-

tionships (R2 > 0.9, p-value < 0.01 for 36 samples) are observed for both policies

trained using true-amplitude and binary flow data.

Var(Di(t)|t) ≈
B∑
m

B∑
l

(
∂Di

xm

∂Di

xl
· cov(xm(t), xl(t))

)
(5.13)

∂Di

xm =

A∑
k

{
− 2wi

k
xm(t) − cm,k

b2
m,k

exp
[
−

B∑
l

(
xl(t) − cl,k

bl,k

)2 ]}
(5.14)
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5.4 Results & Discussions

5.4.1 Policy Comparison & Validation

Multi-objective Comparison

461
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Production (1e8 KWh)

0.021
Water Deficit

0.9
End-of-horizon
Water Storage

 P
re

fe
re

nc
e

Expectation Obj Comparison
201 2.8 0.185 0.3

Figure 5.3: Parallel axis plot of expectation objectives from ‘true’ (red) and
’binary’ (blue) policies for four objectives: total hydropower
production (totE), minimum 10-day hydropower production
(minE), water deficit (WD), and end-of-horizon water storage
(SP). Objective ranges are shown and a direction of increasing
preference is indicated by a downward arrow. The shading
corresponds to the expectation objective of total hydropower
production. A darker value means greater total hydropower
production.

Comparison of multi-objective performance shows that there is no significant

difference in expectation objectives for policies trained using true-amplitude
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(denoted by ’true’ policies) and binary (denoted by ’binary’ policies) flow

data. By merging Pareto-optimal solutions across all 50 random seeds using

ϵ-dominance [253], 97.2% of ’true’ policies and 93.6% ’binary’ policies are re-

tained. The expectation objective vectors (JtotE, JminE, JWD, JS P) are rescaled to

ranges of [0,1] and are compared in a parallel axis plot in Figure 5.3. Compara-

ble ranges and consistent tradeoffs between conflicting objectives are observed

for ’true’ and ’binary’ policies as plotted in red and blue lines, respectively. End-

of-horizon water storage is negatively correlated with the other 3 objectives. To-

tal hydropower production is positively correlated with 10-day minimum hy-

dropower production until it exceeds some threshold (410 KWh, or a rescaled

value of around 0.8), and further increasing total hydropower production can

lower the minimum 10-day hydropower productions. The tradeoff between

(JtotE, JminE, JWD) and JS P is easy to understand since (JtotE, JminE, JWD) are mainly

determined by total amount of water released from the system while JS P is de-

termined by how much water is saved. As for the negative correlation between

JtotE and JminE when JtotE exceeding some threshold, a possible explanation is

that since the pre-dam water head increases monotonically as the water storage

increases, to delay releasing water can increase total hydropower production

by increasing water head difference in Equation 4 while in the meantime, it can

lower 10-day minimum hydropower production during early periods. Overall,

no significant difference in expectation performance is observed for DPS poli-

cies trained using true-amplitude and binary flow data.
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Figure 5.4: Parallel axis plot of expectation objectives from ‘true’ (red)
and ’binary’ (blue) policies tested using historical flow data
over 2001-2009. Maximum and minimum objective values are
shown and a direction of increasing preference is indicated by
a downward arrow. Performance of the actual historical oper-
ations is plotted in a black line and the shading corresponds to
mean square distance between the historical performance and
DPS policy performance. The darker value means a DPS pol-
icy has more similar performance compared to historical op-
erations. The ’true’ and ’binary’ polices that have the closes
performance compared to the historical operations are defined
as the representative policies and are plotted in dark red and
blue lines, respectively.

Policy Validation

The DPS polices are then tested using historical flow data and the results indi-

cate that our simplified water budget model can well approximate actual oper-

ations. And two representative policies are defined that have the closest expec-

tation objectives compared to the historical operations. This validation exper-
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iment is necessary considering many aggressive assumptions are used in sim-

plifying the system. Some major assumptions include: 1) the system is quasi-

steady on a 10-day basis, 2) water head differences are constant for smaller reser-

voirs between LYX-LJX, 3) lateral flow is distributed as proportional to drainage

areas, and 4) LYX-LJX lateral flow is linearly dependent on pre-LYX inflow.

Here, the reservoir system is continuously operated as determined by DPS poli-

cies and driven by historic flow throughout 2001-2009. The water storage is

not reset every year, and impacts of inter-annual flow variations are considered

since variations in water storage can carry over across years. This change can

potentially degrade policy performance considering that the DPS policies are

trained with fixed initial conditions of water storage and no inter-annual vari-

ability is modeled in the synthetically generated flow data. Expectation objec-

tives over 2001-2009 using DPS policies are plotted and compared to that using

historical operations as shown in Figure 5.4. Two representative policies are

defined for cases using true-amplitude and binary flow data such that mean

squared difference in expectation objectives is minimized compared to histori-

cal performance. Though beat by historical operations in ’totE’, both representa-

tive policies have better performance in water supply (’WD’) and sustainability

(’SP’). The ’true’ representative policy even outperforms historical operations in

’minE’ but it loses in ’totE’ by a larger margin compared to the ’binary’ repre-

sentative policy. Even with the potential performance degradation due to being

tested under out-of-sample conditions, DPS policies show good performance

comparable to that using historical operations.

Operations determined by representative DPS policies are found to be highly

consistent with historical operations when we compare trajectories of reservoir
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Figure 5.5: Comparison between times series of LYX (top) and LJX (bot-
tom) reservoir outflow determined using historical operations
(black) and representative policies trained with true-amplitude
(red) and binary (red) flow data over 2001-2009.

outflow and water storage in Figure 5.5 and 5.6. Correlations coefficients be-

tween operation trajectories are reported in Table 5.2 and all correlations are

statistically significant (p-value < 0.001 for 324 samples) except for LJX water

storage. The LJX reservoir most of the time is operated at high water storage

levels near the maximum capacity while its historical operations are more con-

servative. A possible explanation is that DPS policies tend to move water from

LYX to LJX and save more buffer capacity in LYX so as to increase hydropower

production. Different sensitivities of pre-dam water head to water storage are

observed (in Figure C.3), and for the same amount of increased water storage,

pre-dam water head and thus hydropower production are increased by larger

margins for LJX. Also, our simplified system is indifferent between water stor-

age in LYX and LJX (as indicated by Equation 10). Therefore, the trained policies

will always operate LJX at high water storage levels to maximize total and 10-
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Figure 5.6: Comparison between times series of LYX (top) and LJX (bot-
tom) reservoir water storage determined using historical op-
erations (black) and representative policies trained with true-
amplitude (red) and binary (red) flow data over 2001-2009.

day minimum hydropower productions while maintaining good performance

in minimizing water deficit and maximizing end-of-horizon water storage. This

hypothesis is also supported by greater consistency observed between total wa-

ter storage (RLYX+RLJX) determined using representative DPS policies and histor-

ical operations (as seen in Figure C.4). The Nash-Sutcliffe Efficiency (NSE) [273]

scores are 0.79 and 0.67 for ’true’ and ’binary’ policies in comparing LYX water

storage (to historical operations), and are improved to 0.89 and 0.91 in com-

paring total water storage. In short, good consistency in both performance and

operation trajectories should validate our simplified water system and based on

these results, two representative policies that mimic the real-world water man-

agers are defined for further analysis.
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Table 5.2: Pearson’s correlation coefficients between the historical operations and opera-
tions determined by the representative DPS policies (for 324 samples)

Policy \ Var LYX outflow LJX outflow LYX storage

True 0.59 0.70 0.96

Binary 0.62 0.74 0.97

5.4.2 Robustness Analysis

Before jumping right into the robustness analysis, baseline performance must

be defined for discovering feasible and failure scenarios in the space of al-

tered conditions. For an easier physical interpretation, the historical perfor-

mance over 2001-2009 as shown in Figure 5.4 is adopted as the major set of

baseline performance. In each SOW with altered conditions, a policy is de-

fined as successful only when its objective vector fully dominates the baseline

objective vector. While increasing initial water storage only monotonically in-

creases available water for the system to manipulate, increasing probability of

extreme flow events can have two-sided effects since both drought and flood

events become more likely. Under altered flow distributions, a strict baseline

performance essentially measures how policies can make more use of excessive

water from flood events while a relaxed baseline performance measures how

policies avoid degradation of performance when facing more frequent drought

events (as shown in Figure C.5). The historical performance sets up a rather

strict set of criteria since it requires a ’successful’ policy to have above average

performance in all four objectives. Therefore, a relaxed set of baseline perfor-

mance is added so that robustness under altered flow distributions from both

sides can be evaluated. The two sets of baseline performance are given in Table
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5.3.

Table 5.3: Two sets of baseline performance used in computing S scores in the robustness
analysis

Baseline \ Obj totE (1e8 KWh) minE (1e8 KWh) WD SP

Strict 324.4 5.89 0.073 0.58

Relaxed 220.0 4.00 0.110 0.40

Altered Initial Conditions

Figure 5.7: Robustness reported in S scores under changing initial condi-
tions of water storage for the ’true’ (a) and ’binary’ (b) repre-
sentative policies and the difference (’true’ - ’binary’) (c). The
strict baseline performance based on the historical operations
is used. The original condition under which DPS policies are
trained is marked by a black cross.

’True’ policies are found to be more robust than ’binary’ policies under chang-

ing initial conditions of water storage. 100 initial conditions are sampled using

LHS in ranges of [0, 1] for normalized LYX and LJX water storage, and the two

representative policies are tested for 100 SOWs under each altered condition.

Comparisons of performance as measured by S scores are plotted in Figure 5.7.

’True’ and ’binary’ policies show similar patterns that the number of successful

cases increases as the total initial water storage increases and the performance
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improvement is indifferent to water distribution between LYX and LJX. This

is mainly because no objective associated with flooding disasters is explicitly

modeled in the system considering basin’s semi-arid climate and recent water

scarcity. Increasing initial water storage, and thus increasing total available wa-

ter can directly improve performance in all four objectives (JtotE, JminE, JWD, JS P).

Difference of robustness shows that the ’true’ representative policy outperforms

its ’binary’ counterpart under 55 altered conditions and only loses under 23 al-

tered conditions.

An interesting pattern observed is that the ’binary’ policy has higher S scores

than the ’true’ policy when total initial water storage is only marginally in-

creased (to about 19-20 billion m3). The improvement is found to be consis-

tent after comparing S scores of both policies under a fixed initial condition of

(RLYX = 16,RLJX = 3.2) billion m3 with more repeated simulations (i.e., 1000

SOWs). A comparison of flow trajectories suggests that under this specific ini-

tial condition, outflow from both LYX and LJX are lifted by larger margins when

determined using the ’binary’ policy, which should further minimizes water

deficit. This explanation is supported by the fact that the ’binary’ policy only

has markedly better performance in JWD and comparable performance in other

objectives when compared to the ’true’ policy. In other words, the ’binary’ rep-

resentative policy is more sensitive to changes in water storage since it releases

more water given the same amount of increased water storage. However, this

effect is less significant when we further increase initial water storage to a stage

where WD is no longer the bottleneck objective.
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Figure 5.8: Robustness reported in S scores under changing flow distribu-
tions for the ’true’ (a,d) and ’binary’ (b,e) representative poli-
cies and the difference (’true’ - ’binary’) (c,f). Both the strict
(top, or a,b,c) and relaxed (bottom, or d,e,f) baseline perfor-
mance are used. The original condition under which DPS poli-
cies are trained is marked by a black cross.

Altered Flow Distributions

Comparisons of robustness under changing flow distributions indicate that the

’true’ policy outperforms the ’binary’ policy in both making better use of exces-

sive water from flooding events and minimizing performance degradation due

to drought events. Altered flow distributions are generated by making extreme

flow events more likely by a rescaling coefficient in [1, 5] [257]. Robustness un-

der altered flow distributions for the two representative policies and their dif-

ference are plotted in Figure 5.8 based on the two sets of baseline performance.

The two-sided effects are observed for both policies as in SOWs with more fre-

quent extreme flow conditions, better and poorer S scores are observed when

compared the strict and relaxed baseline performance, respectively. The ’true’
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policy has higher S scores than the ’binary’ policy under 96 altered flow distribu-

tions when the strict baseline performance is used and under all 100 altered flow

distributions when the relaxed baseline performance is used. Also, when gener-

ating SOWs with altered flow distributions, we adjust the rescaling coefficients

rather than specify time series of inflow and lateral flow. Internal sampling vari-

ability from the SOW generator still plays an important role in determining flow

uncertainty and flow can be non-extreme even when its probability distribution

function is stretched. And this should explain why robustness under altered

flow distributions appear to be more random compared to results in Figure 5.7.

5.4.3 Time-varying Sensitivity Analysis

Sensitivities of prescribed LYX and LJX release decisions determined using the

’true’ and ’binary’ policies are plotted in Figure 5.9. Some similarities are ob-

served across the ’true’ and ’binary’ policies: 1) variations in pre-LYX inflow

play the major role in making release decisions during the early periods; 2) con-

tributions from variations in LYX storage grow through time and overtake the

pre-LYX inflow to become the predominant factor in the second half of the year.

The growing importance of S y closely relates to the fixed initial conditions of

water storage used in simulations. The variances of S y and S j are set to zero in

the starting period and only gradually increase when streamflow uncertainties

propagate to those in water storage. Therefore, little contributions are observed

from S y and S j during the early periods. It is noteworthy that S j make minor

contributions compared to S y since the LJX only accounts for 20% of total wa-

ter storage capacity of the system. These similarities can also help to explain

the comparable expectation performance between policies trained using flow
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Figure 5.9: Sensitivities of prescribed LYX (left) and LJX (right) release de-
cisions determined by the ’true’ (top) and ’binary’ (bottom)
policies. The total variances of release decisions are decom-
posed to contributions of different sources (S y in red, S j in pink,
Qin f in orange, Qlat in magenta, and interactions in blue).

data of different resolutions. The LYX water storage plays a predominant role

in decision making for both representative policies, especially during the last

half of the year. Therefore, operations and policy performance are less sensitive

to resolutions of flow data since Qin f and Qlat only make limited contributions

in informing decision making. A physical interpretation here is that the upper

Yellow River reservoir system has a massive capacity of water storage so that

it can always store water from natural inflow first and make release decision

based on water storage later.
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Figure 5.10: Variances of (a) LYX and (b) LJX release decisions estimated
using simulation samples across SOWs. Variances using the
’true’ (red) and ’binary’ policies are compared and reduced
uncertainties are observed in release decisions when the true-
amplitude flow data is used.

Here, we also want to highlight some differences in sensitives when flow data

of different resolutions are used. Variations in Qin f make more contributions

(especially during the first half of the year) and the timing of S y overtaking Qin f

is delayed when the true-amplitude flow data is used. These patterns indicate

that more information can indeed be incorporated into making release decisions

when flow data of finer resolutions is available. Also, a more significant nega-

tive portion of interactions observed for the ’true’ policy may suggest that un-

certainty in release decisions can be reduced by incorporating more information

from flow data. And this hypothesis is supported by smaller variations in re-

lease decisions determined by the ’true’ policy as shown in Figure 5.10. The re-
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sults indicate higher sensitivity of release decisions to climate uncertainty when

only binary flow data is used since the same SOW generator is used for training

and testing both sets of policies. Though not modeled as a objective in our study,

stability or inertia can be an important dimension in evaluating implementabil-

ity of a policy [251]. And the ’true’ policies show superior performance in this

dimension for being less sensitive to climate uncertainty.

5.5 Conclusions

Motivated by an emerging imbalance between increasing problem complexity

and lack of access to high-resolution data, we conduct a comparison experi-

ment as an attempt to answer this question: how will forcing data of finer res-

olution improve system optimization performance? Operations for the upper

Yellow River reservoir system are optimized under forcing of true-amplitude

and binary flow data and their performance are compared. A DPS control strat-

egy is adopted to approximate release decisions conditioned on a set of vari-

ables including water storage, flow conditions and a time-of-year index. When

compared with historical operations, comparable expectation performance and

consistent operations are observed for DPS policies trained using both true-

amplitude and binary flow data. Two representative policies are defined to

mimic real-world water managers based on historical operations over 2001-

2009. Though very negligible difference is observed in expectation objectives,

the ’true’ policy demonstrates superior robustness under altered initial condi-

tions of water storage and flow distributions as compared to its ’binary’ coun-

terpart. At last, a TVSA is used to open black boxes of the two sets of policies by

decomposing variances in release decisions to contributions from different in-
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put variables. TVSA results suggest both policies are dominated by variations

of LYX storage in making release decisions, which should explain the compa-

rable expectation performance. However, having access to high-resolution flow

data improves stability of policies by reducing uncertainties in release decisions,

which can make them easier to implement in real-world management. Overall,

our study suggests that using forcing data of finer resolutions may not neces-

sarily improve expectation performance in reservoir operations (especially for

large water systems), but it can develop more robust and stable policies un-

der changing climates. And we suggest decision makers of large water systems

consider the tradeoff between costs in data acquisition and potential returns

(i.e., marginal improvement in expected performance but significant improve-

ment in robustness) when they seek to buy high-resolution data or to develop

new monitoring/forecast systems. Also, our analytical framework can be easily

generalized to compare impacts of forcing data of different designed uncertain-

ties in informing water system management.

121



CHAPTER 6

CONCLUSIONS

Though the recent boom in sensing technology and machine learning has pro-

vided new powerful tools in hydro-climate research, a tradeoff between model

accuracy and complexity must be considered. A model usually loses its inter-

pretability and becomes hard to validate under out-of-sample conditions when

it gets highly complex, and this reflects the prevailing preference of people not

trusting black-box models. This dissertation presents applications of some in-

terpretable data-driven approaches through a typical chain of uncertainty prop-

agation in climate-hydrology-water resource management. First, regional pre-

cipitation is forecasted based on its teleconnections with large-scale climates.

Second, dynamics of local precipitation-runoff responses are diagnosed before

translating precipitation into streamflow. Last, water systems are managed as

driven by hydrological forcings of different levels of accuracy (i.e., resolutions).

On one hand, the data-driven approaches show good potential in guiding ex-

ploration of physical processes (Chapter 2 and 3). On the other hand, compu-

tational costs can be reduced and model interpretability can be improved when

physical constraints are applied (Chapter 4). Furthermore, a quantitative frame-

work is developed for comparing effects of forcing uncertainty (as indicated by

data accuracy) on water system management.

In Chapter 2 and 3, elastic net and its generalized version show good model skill

in predicting regional precipitation using large-scale climate variables. Chap-

ter 2 examines predictability of EASR based on its teleconnections with multi-

ple predictors including sea surface temperature, geopotential height, vertical

atmospheric velocity and horizontal wind speed, and two stages of high pre-
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dict skill are observed. By comparing regression coefficients with correlation

maps, the dominant role of ’Walker Cell’ in affecting EASR is rediscovered for

the short-lead stage, and a potential physical causal chain is developed to link

long-lead Mascarene High anomalies to short-lead perturbations in the ’Walker

Cell’. Chapter 3 limits predictor to sea surface temperature and investigate fea-

sibility of generalized elastic net from a statistical perspective. A comparison

against other commonly-used regressions demonstrates effectiveness of regu-

larization and noise smoothing layers (e.g., pooling and convolution) in dealing

with collinearity in the highly ’non-square’ climate data. And the generalized

elastic net manages to select persistent correlation patterns which can guide fur-

ther physical study with more complex models.

In Chapter 4, a Bayesian estimation method is used to track dynamics of re-

gional hydrological responses. The Instantaneous Unit Hydrograh based on

a modified Gamma distribution is adopted to model the local rainfall-runoff

responses and its parameters are tracked to represent hydrological properties.

The Metropolis Hastings algorithm is implemented to estimate PDFs of the pa-

rameters given observations of runoff and runoff. The case study indicates 1) a

systematic shift to shorter water travel time around 1943 for the Fall Creek wa-

tershed and 2) a statistically significant relationship between rainfall-runoff re-

sponses and watershed sizes for selected NY watersheds. These findings cannot

be learned by looking at the easy-to-measure variables like rainfall and runoff.

The Bayesian estimation method shows potential as a fast surveillance tool to

reflect rapid changes in regional hydrological responses as well as to quantify

uncertainties in hydrological models.

In Chapter 5, the EMODPS framework is adopted to evaluate effects of forcing
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data resolutions (true-amplitude vs binary) on water system management. The

complex upper Yellow River reservoir system is optimized in four objectives

including hydropower production, load balancing capacity, water supply, and

sustainability. While only negligible difference is observed in expectation objec-

tives, policies trained using true-amplitude flow data show superior robustness

and stability. By coupling a time-varying sensitivity analysis with the DPS con-

trol strategy, we can further understand how the two sets of policies coordinate

information from different hydroclimate variables, which helps interpret the

difference in policy performance. The results suggest water managers consider

the tradeoff between data acquisition costs and potential improvement in policy

robustness and stability since improvement in expectation performance can be

marginal.

In future work, I intend to integrate the three sectors in a whole framework so

that uncertainties from the two major sources, climate forcing and hydrologi-

cal models, can be quantitatively incorporated into water system management.

And I intend to design scenarios of different levels and combinations of uncer-

tainties under which policy performance and sensitivities are compared. Such

analysis should help decision makers develop more efficient plans for new sen-

sor networks or forecast model development for uncertainty reduction and sys-

tem operation optimization.
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APPENDIX A

SUPPLEMENTARY INFORMATION FOR CHAPTER 2

Figure A.1: Model skill at different lead times for the testing period (2008-
2017) using the SSTAs to predict rainfall of (a) Oct-Nov (blue)
and Oct-Nov-Dec (red) and (b) Oct (blue), Nov (red), and Dec
(yellow); (c) Scatter plot of OND rainfall against ON rainfall.
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Figure A.2: Maps of the best intra-season prediction skill for different lead
time ranges using the GPCP precipitation product. The regres-
sion analysis is conducted for lead times ranging from 0-12
months and the best intra-season skill is defined as the highest
CC score for the testing period within the corresponding sea-
son. The grid cells with significant prediction skill (one-tailed
p = 0.1) are marked with black circles.
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APPENDIX B

SUPPLEMENTARY INFORMATION FOR CHAPTER 3

Figure B.1: Difference of averaged SSTAs after and before 2000. The
anomalies are based on the whole study period of 1979-2019.
Assuming SSTAs are independent normal variables, signifi-
cant differences (p-value = 0.05 one-tailed) are marked with
black dots. 38.1% (511 of 1343 grids) show significantly pos-
itive trends while only 2.8% (38 of 1343 grids) show signifi-
cantly negative trends.
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Figure B.2: Correlation coefficients between the observed and estimated
TRHR wet-season precipitation over the testing period of 2001-
2019 using varying λs are shown in a box plot. A geometric
sequence of 10 λs in the range of [17, 53] are tested here for
developing the elastic net regression models while λ is set to 28
(the MinMSE λ from a 5-fold CV) in the paper. Major analyses
in the paper are focused on the two long-term predictive spikes
at lead times of 14 and 22 months, and the results show that
these two spikes are not sensitive over a rather broad range of
λs. The p-value = 0.1 significance level is plotted in a black
dashed line.
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Figure B.3: Box plots of testing period model skill as measured by correla-
tion coefficients with random splitting (repeated for 25 times).
The p-value = 0.1 significance level is plotted in a horizontal
black dashed line. Model performance is degraded with ran-
dom splitting. A major reason is that the regression model can
only ‘learn’ the statistical associations from the extreme precip-
itation events and the extreme events are relatively uniformly
distributed across the training and testing period in the origi-
nal splitting case (1981-2000 for training and 2001-2019 for test-
ing). Extreme events being concentrated in either training or
testing period could lead to significant degradation of model
performance. And this effect is further exaggerated when cor-
relation coefficient is used for measuring model skill.
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Figure B.4: For a lead time of 22 months, (a) scatter plot of observed
precipitation anomalies against the model estimations for the
training period (red circles) and the testing period (blue dia-
monds), and (b) comparison between observed precipitation
anomalies (red line) and the rescaled estimations (blue line).
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APPENDIX C

SUPPLEMENTARY INFORMATION FOR CHAPTER 5

Figure C.1: A scatter plot between 10-day pre-LYX inflow and total LYX-
LJX lateral flow based on observational data over 2001-2009.
The best linear fit is plotted in a black dashed line and the 95%
confidence interval (CI) linear fits are plotted in red dashed
lines.

Figure C.2: Rescaled hypervolume as a function of number of function
evaluations (NFE) for 50 random seeds
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Figure C.3: Comparison between empirical functions for estimating pre-
dam water head given water storage for LYX (red) and LJX
(blue). For the same amount of increased water storage, pre-
dam water head is always raised by a larger margin for LJX.

Figure C.4: Comparison between times series of total water storage (Rlyx +

Rl jx) determined using historic operations (black) and com-
promise policies trained with true-amplitude (red) and binary
(red) flow data over 2001-2009.
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Figure C.5: A schematic of the two-sided effects of altering flow distribu-
tions on policy robustness. Increasing probability of extreme
flow events will make both drought and flood events more
likely and thus change the original distribution of performance
(red) to a flatter distribution (blue). Robustness as measured
by the S scores (i.e., success ratios) can be improved when
compared against a strict baseline performance (vertical black
dashed line on the right) and can be degraded when compared
against a relaxed baseline performance (vertical black dashed
line on left right).
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casting using classification and regression trees (cart) model: a compara-

tive study of different approaches. Environmental earth sciences, 77(8):1–13,

2018.

[146] Liexing Huang, Junfeng Kang, Mengxue Wan, Lei Fang, Chunyan Zhang,

and Zhaoliang Zeng. Solar radiation prediction using different machine

learning algorithms and implications for extreme climate events. Frontiers

in Earth Science, 9:202, 2021.

[147] Stuart G Baker. The multinomial-poisson transformation. Journal of the

Royal Statistical Society: Series D (The Statistician), 43(4):495–504, 1994.

[148] Zhiqiang Jiang, Rongbo Li, Anqiang Li, and Changming Ji. Runoff

forecast uncertainty considered load adjustment model of cascade hy-

dropower stations and its application. Energy, 158:693–708, 2018.

[149] Reepal Shah, Atul Kumar Sahai, and Vimal Mishra. Short to sub-seasonal

hydrologic forecast to manage water and agricultural resources in india.

Hydrology and Earth System Sciences, 21(2):707–720, 2017.

[150] Florian Pappenberger, Keith J Beven, NM Hunter, PD Bates, Bingo T

Gouweleeuw, J Thielen, and APJ De Roo. Cascading model uncertainty

from medium range weather forecasts (10 days) through a rainfall-runoff

model to flood inundation predictions within the european flood forecast-

ing system (effs). Hydrology and Earth System Sciences, 9(4):381–393, 2005.

154



[151] Felix Fundel, Stefanie Jörg-Hess, and Massimiliano Zappa. Monthly hy-

drometeorological ensemble prediction of streamflow droughts and cor-

responding drought indices. Hydrology and Earth System Sciences, 17(1):

395–407, 2013.

[152] Juraj M Cunderlik and Taha BMJ Ouarda. Trends in the timing and mag-

nitude of floods in canada. Journal of hydrology, 375(3-4):471–480, 2009.

[153] Hong Xuan Do, Fang Zhao, Seth Westra, Michael Leonard, Lukas Gud-

mundsson, Julien Eric Stanislas Boulange, Jinfeng Chang, Philippe Ciais,

Dieter Gerten, Simon N Gosling, et al. Historical and future changes

in global flood magnitude–evidence from a model–observation investi-

gation. Hydrology and Earth System Sciences, 24(3):1543–1564, 2020.

[154] Alberto Montanari and Armando Brath. A stochastic approach for as-

sessing the uncertainty of rainfall-runoff simulations. Water Resources Re-

search, 40(1), 2004.

[155] Hamid Moradkhani, Soroosh Sorooshian, Hoshin V Gupta, and Paul R

Houser. Dual state–parameter estimation of hydrological models using

ensemble kalman filter. Advances in water resources, 28(2):135–147, 2005.

[156] Yan Ma, Haiping Wu, Lizhe Wang, Bormin Huang, Rajiv Ranjan, Albert

Zomaya, and Wei Jie. Remote sensing big data computing: Challenges

and opportunities. Future Generation Computer Systems, 51:47–60, 2015.

[157] Mingmin Chi, Antonio Plaza, Jon Atli Benediktsson, Zhongyi Sun, Jin-

sheng Shen, and Yangyong Zhu. Big data for remote sensing: Challenges

and opportunities. Proceedings of the IEEE, 104(11):2207–2219, 2016.

155



[158] Marwan A Hassan, Roey Egozi, and Gary Parker. Experiments on the

effect of hydrograph characteristics on vertical grain sorting in gravel bed

rivers. Water Resources Research, 42(9), 2006.

[159] Griet Heuvelmans, Bart Muys, and Jan Feyen. Evaluation of hydrological

model parameter transferability for simulating the impact of land use on

catchment hydrology. Physics and Chemistry of the Earth, Parts A/B/C, 29

(11-12):739–747, 2004.

[160] Vahid Nourani, Ahmad Fakheri Fard, Hoshin V Gupta, David C

Goodrich, and Faegheh Niazi. Hydrological model parameterization us-

ing ndvi values to account for the effects of land cover change on the

rainfall–runoff response. Hydrology Research, 48(6):1455–1473, 2017.

[161] Soroosh Sorooshian, Vijai Kumar Gupta, and James Lloyd Fulton. Evalua-

tion of maximum likelihood parameter estimation techniques for concep-

tual rainfall-runoff models: Influence of calibration data variability and

length on model credibility. Water Resources Research, 19(1):251–259, 1983.

[162] Simone Castiglioni, Laura Lombardi, Elena Toth, Attilio Castellarin, and

Alberto Montanari. Calibration of rainfall-runoff models in ungauged

basins: A regional maximum likelihood approach. Advances in Water Re-

sources, 33(10):1235–1242, 2010.

[163] Bryson C Bates and Edward P Campbell. A markov chain monte carlo

scheme for parameter estimation and inference in conceptual rainfall-

runoff modeling. Water resources research, 37(4):937–947, 2001.

[164] Tyler Jon Smith and Lucy Amanda Marshall. Bayesian methods in hydro-

156



logic modeling: A study of recent advancements in markov chain monte

carlo techniques. Water Resources Research, 44(12), 2008.
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