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Abstract

Inflow anomalies at varying temporal scales, seasonally varying storage mandates, and multi-purpose allocation requirements
contribute to reservoir operational decisions. The difficulty of capturing these constraints across many basins in a generalized
framework has limited the accuracy of streamflow estimates in Land Surface Models for locations downstream of reservoirs.
We develop a Piece Wise Linear Regression Tree to learn generalized daily operating policies from 76 reservoirs from four
major basins across the coterminous US. Reservoir characteristics, such as residence time and maximum storage, and daily
state variables, such as storage and inflow, are used to group similar observations across all reservoirs. Linear regression
equations are then fit between daily state variables and release for each group. We recommend two models — Model 1 (M1)
that performs the best when simulating untrained records but is complex, and Model 2 (M2) that is nearly as performant as
M1 but more parsimonious. The simulated release median root mean squared error is 49.7% (53.2%) of mean daily release
with a median Nash-Sutcliffe Efficiency of 0.62 (0.52) for M1 (M2). Long-term residence time is shown to be useful in grouping
similar operating reservoirs. Release from low residence time reservoirs can be mostly described using inflow-based variables.
Operations at higher residence time reservoirs are more related to previous release variables or storage variables, depending on
the current inflow. The ability of the models presented to capture operational dynamics of many types of reservoirs indicates

their potential to be used for untrained and limited data reservoirs.

Hosted file

958643_0_art_file_10798191 _rrgx60.docx available at https://authorea.com/users/597137/
articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-
regression-approach

Hosted file

958643_0_supp_10798294_rrjxqj.docx available at https://authorea.com/users/597137/
articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-
regression-approach


https://authorea.com/users/597137/articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-regression-approach
https://authorea.com/users/597137/articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-regression-approach
https://authorea.com/users/597137/articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-regression-approach
https://authorea.com/users/597137/articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-regression-approach
https://authorea.com/users/597137/articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-regression-approach
https://authorea.com/users/597137/articles/630353-generalizing-reservoir-operations-using-a-piecewise-classification-and-regression-approach

N =

NNk~ W

|

10

Title:
Generalizing Reservoir Operations using a Piecewise Classification and Regression Approach

Authors:
Lucas Ford®, A. Sankarasubramanian®

a. Department of Civil, Construction, and Environmental Engineering, North Carolina State
University, Raleigh, NC, United States of America

Corresponding Author:
Lucas Ford, lIcford2@ncsu.edu

Page 1 of 44



11
12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

Abstract:

Inflow anomalies at varying temporal scales, seasonally varying storage mandates, and
multi-purpose allocation requirements contribute to reservoir operational decisions. The
difficulty of capturing these constraints across many basins in a generalized framework has
limited the accuracy of streamflow estimates in Land Surface Models for locations downstream
of reservoirs. We develop a Piece Wise Linear Regression Tree to learn generalized daily
operating policies from 76 reservoirs from four major basins across the coterminous US.
Reservoir characteristics, such as residence time and maximum storage, and daily state variables,
such as storage and inflow, are used to group similar observations across all reservoirs. Linear
regression equations are then fit between daily state variables and release for each group. We
recommend two models — Model 1 (M1) that performs the best when simulating untrained
records but is complex, and Model 2 (M2) that is nearly as performant as M1 but more
parsimonious. The simulated release median root mean squared error is 49.7% (53.2%) of mean
daily release with a median Nash-Sutcliffe Efficiency of 0.62 (0.52) for M1 (M2). Long-term
residence time is shown to be useful in grouping similar operating reservoirs. Release from low
residence time reservoirs can be mostly described using inflow-based variables. Operations at
higher residence time reservoirs are more related to previous release variables or storage
variables, depending on the current inflow. The ability of the models presented to capture
operational dynamics of many types of reservoirs indicates their potential to be used for

untrained and limited data reservoirs.

Keywords: reservoir operation, generalized release policies, reservoir statistical modeling
Index Terms: 1834 Human impacts, 1847 Modeling, 1857 Reservoirs, 1816 Estimation and

forecasting, 1884 Water supply
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1. Introduction

More than half of the river systems across the globe are regulated by dams to provide
water for human needs (Nilsson et al., 2005) and, globally, dams hold 1/6 of the global annual
river discharge (Hanasaki et al., 2006). The role reservoirs and dams play in altering local and
regional streamflow patterns cannot be understated, nor can their role in serving modern society
for various purposes (Chalise et al., 2021). Despite the flow alteration induced by reservoirs,
dams are essential to modern life and humans have been constructing dams to help ensure water
availability for 5000 years (Tortajada et al., 2012). Today, dams help control floods, smooth
natural variation in water supply by storing water for future use, generate carbon-neutral
electricity by releasing water to turn turbines, create navigable waters for shipping, and provide
recreation benefits to society (Binnie, 2004; Ford et al., 2022).

While dams provide many benefits and are critical for socio-economic development, they
can have a significant effect on impacting in-lake and downstream water quality due to reduced
transport (Biemans et al., 2011; McCartney, 2009; Pokhrel et al., 2016). Even though dams
typically do not create large reductions in mean annual streamflow, except for decreases due to
increased evaporation, streamflow modulation due to reservoir operations tends to take place
predominantly over sub-annual time periods such as seasonally, monthly, or daily (Haddeland et
al., 2014). But, in arid regions that experience significant interannual variability in streamflow,
reservoirs (e.g., Hoover Dam) and change in management practices combine to regulate
streamflow over multiple years (Kumar et al., 2022). In addition to evaporative losses directly
from reservoirs, consumptive use, which is mostly from irrigation, also decreases the total
amount of streamflow that is eventually discharged into the oceans globally by more than 4% an
average (Haddeland et al., 2006a). Further, in arid regions, consumptive use can decrease river

discharge by as much as 30% per month in the arid western U.S (Haddeland et al., 2006b).
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Additionally, reservoirs can influence their local climate via the changes in available water and
energy that result from large volumes of impounded water. Highly regulated basins in
Mediterranean and arid climates experience more intense storms than unregulated basins due to
increased lake evaporation (Degu et al., 2011). Despite these impacts on local and basin-wide
impacts on land-surface response, most land-surface models (LSMs) do not consider sub-grid-
scale reservoir storage and operational policies in estimating the streamflow and
evapotranspiration from the LSMs.

Efforts to quantify reservoir influence on streamflow are traditionally based on basin-
level reservoir system models such as RiverWare (Zagona et al., 2001), Water Evaluation And
Planning System (WEAP) (Yates et al., 2005), HEC-ResSim (Klipsch et al., 2021), MODSIM
(Labadie, 2005), and Generalized Multi-Reservoir Analyses using Probabilistic Streamflow
forecasts (GRAPS) (Xuan et al., 2020). Though the above simulation and optimization of
reservoir systems can be very accurate for individual reservoirs/basins, they do not scale to
continental-scale LSMs due to the computational complexity in running the simulation-
optimization models within the LSMs (Voisin et al., 2013). Recently, studies have focused on
quantifying reservoir influence on local land-surface response — streamflow and
evapotranspiration — in LSMs (Hanasaki et al., 2006). Efforts to improve the representation of
reservoirs in LSMs can be broadly grouped into three categories: inflow-demand
characterization, optimization-simulation modeling, and data-driven modeling. Due to the
complexity of reservoir operations and lack of detailed release and inflow information and
generalizable operating policies, initial efforts to capture reservoir operations accurately in LSMs
have employed generic release policies largely based on inflow and demand (Hanasaki et al.,
2006) or optimization schemes (Haddeland et al., 2006a). Haddeland et al. (2006a) use a priority-

based optimization routine to estimate reservoir releases for modifying LSMs response. Recent
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efforts have leveraged data-driven methods to learn reservoir releases policies from historical
data (Chen et al., 2022; Coerver et al., 2018; Turner et al., 2020, 2021) or to derive generalized
policies for reservoirs in a specific region (Yang et al., 2016, 2021; Zhao & Cai, 2020).

The basis for inflow-demand characterization methods can be found in Hanasaki et al.
(2006) where reservoirs’ monthly release is estimated using only information regarding storage
capacity, purpose, inflow, and downstream demand. With respect to reservoir purpose, only two
categories are considered (irrigation and non-irrigation), each of which being parameterized in
slightly different ways. Though this parameterization is simple and requires little data, it reduces
the error in streamflow simulation downstream of reservoirs when compared to simulations that
do not consider reservoir operations. Voisin et al. (2013) modified the Hanasaki et al. (2006)
model by including flood control and irrigation purposes for multipurpose reservoirs and using
natural flow to derive releases rather than impounded flow. Voisin et al. (2013) also represent
demand using a crop model instead of observed withdrawals and include reservoir storage targets
to help estimate release. While these methods improve on conventional reservoir representations,
which in many cases can be as simple as treating reservoirs as weirs (e.g., National Water Model,
Barlage et al., 2018), they rely on accurate downstream demand estimates to accurately
characterize release patterns. Additionally, they do not leverage the potential benefits of
optimization-simulation or data-driven modeling to learn release patterns from historical data.

Haddeland et al. (2006a) implement an optimization-simulation model that determines the
optimal daily release from a single reservoir given information regarding storage, inflow, and
downstream demand. Each reservoir is optimized with respect to an objective function that is
designed for its specific purpose. For example, release from an irrigation reservoir is set to
minimize the difference between irrigation demand and reservoir release in each time step while

constraining release to be less than the demand. For reservoirs with multiple purposes,
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Haddeland et al. (2006a) meet irrigation demands first, then optimize for flood control, and then,
when applicable, maximize hydropower generation. While this approach provides good
agreement between observed and simulated streamflow, it is reliant on a modified Metropolis
Markov Chain Monte Carlo optimization scheme (SCEM-UA, Vrugt et al., 2003) which adds
additional computational costs (Voisin et al., 2013). The generalized and simplistic nature of
inflow-demand characterization methods make them easier to integrate into LSMs and thus are
more commonly used than optimization-simulation methods.

Data-driven approaches have recently become a popular tool for more accurate
prediction of reservoir releases due to their ability to learn relationships between various
reservoir variables and release from historical data. Machine learning methods such as neural-
networks (Coerver et al., 2018) and hidden-Markov decision trees (Chen et al., 2022) have been
successfully used to estimate historical release patterns for specific reservoirs; however, variants
of neural-network models are often criticized for their “black-box” nature that prohibits
interpretation of the drivers influencing reservoir operations. Further, this opaqueness limits the
generalization of these methods to reservoirs outside the training set since there is no functional
relationship to extend the knowledge based on a specific basin reservoir to other reservoirs in the
region (Yassin et al., 2019). Several transparent data-driven methods have also been employed to
learn release patterns for specific reservoirs. Yang et al. (2016) simulate reservoir operations for
nine major reservoirs in California by fitting a Classification and Regression Tree (CART)
model to each reservoir separately. As CART models must be grown fairly large to fully capture
complex relationships (Loh, 2011), separate CART models for every reservoir could result in
unwieldy and significant complexity while representing in LSMs. Turner et al. (2021) fit
harmonic functions to define the normal storage levels of reservoirs and then parameterize

release policies for when storage is above, below, and within the normal operating range. These
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parameterizations are based on a combination of harmonic and linear functions and can easily be
interpreted to understand the important variables and parameters that drive seasonal variations in
releases for a given reservoir. Each of the data-driven methods discussed so far fit specific
models for each individual reservoir considered for that study. Thus, even if the model form is
generalized, the actual parameterizations and their estimates are only applicable to individual
reservoirs. While this approach can result in accurate predictions for the reservoirs included in
each study, the inability to apply those methods to reservoirs not in the training set limits their
practical application in LSMs.

Turner et al. (2021) propose a solution to this limitation that relies on extrapolating
parameterizations from “data-rich” reservoirs, those that have parameterizations fit to their data,
to “data-scarce” reservoirs, those that do noet have parameterizations fit to them. The underlying
assumption of this extrapolation method is that reservoirs that are close in proximity, ideally
within the same HUC4, and have similar operating purposes will be operated similarly. This
extrapolation method is shown to be effective in many cases, but it does not perform well in
regions where there are few “data-rich” reservoirs as the extrapolation procedure relies on having
similar reservoirs close to the one being extrapolated for. Further, because there can be reservoirs
that have different operating purposes and exist in different basins that still operate very
similarly, the spatial proximity and similarity in operations assumptions made for this method
may limit its effectiveness.

Zhao and Cai (2020) fit a Hidden-Markov decision tree model (HMM) to a subset of
reservoirs in the Upper Colorado River basin, and then test the fitted model on a different subset
of reservoirs also in the Upper Colorado River basin. This spatial-split-sample validation
procedure ensures the common model is generalized to all reservoirs in the Upper Colorado,

rather than relying on specific models for every reservoir in the basin. However, the exclusion of
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reservoirs from other basins limits the model’s applicability for CONUS scale studies or models
as reservoirs in various regions can have different operating characteristics (Turner et al., 2021).
Zhao and Cai (2020) also do not consider any reservoir characteristics, such as storage capacity,
for fitting the HMM. In addition to being easy to calculate or find for many reservoirs, these
characteristic variables could help identify similar operating reservoirs across and within basins.

To summarize, the generalized methods of Biemans et al. (2011), Haddeland et al.
(2006), Hanasaki et al. (2006), Voisin et al. (2013), and Yassin et al. (2019) rely on optimization
or downstream demand estimates rather than incorporating historical data to determine optimal
parameterizations. Chen et al. (2022), Coerver et al. (2018), Turner et al. (2021), and Yang et al.
(2016, 2021) use data-driven methods to learn the operation policies for specific reservoirs.
While these methods provide an improvement in model accuracy, they require different
parameter sets for every reservoir in the study area and thus cannot generalize to other reservoirs,
with the exception of Turner et al. (2021). Zhao & Cai (2020) develop a common release model
for reservoirs in the Upper Colorado River basin, but the exclusion of other basins prevents this
method from being widely applicable. Though these are recent significant advances in
parametrizing reservoir operation, no work to date has provided a generalized parameterization
that captures reservoir operation based on historical storage and release patterns and has potential
to be applied to reservoirs regardless of basin and type.

To address these limitations, we propose a generalized release framework that leverages
data-driven methods with an emphasis on providing interpretable parameterizations based on
publicly available time series associated with reservoir operation for four major basins with
contrasting reservoir characteristics and operational patterns. Towards this, we propose a
Piecewise Linear Regression Tree (PLRT) that provides both a classification tree, which is

similar to reservoir rule curves, and also a piecewise regression that estimates the release with
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relevant predictors within the tree. The proposed PLRT is based on the model presented by
Alexander and Grimshaw (1996), with modifications in finding the predictors subspace for
classification, ensuring minimum sample size within the tree for developing the piecewise
regression, and allowing different sets of classification and regression variables. We intend to
leverage this PLRT framework to classify/group daily reservoir operations. The proposed PLRT
captures the non-linear relationship between the current states of a reservoir and reservoir
characteristics to estimate the release patterns using the time series of storage, inflow, and release
records. Our PLRT model provides reservoir-operating policies in the form of simple conditional
statements and linear equations that can be applied generally to any reservoir. The PLRT models
are trained on a wide variety of reservoirs from four major basins that vary in hydroclimatology
and operational characteristics over the CONUS to provide release parameterizations and
equations which are reservoir-agnostic and robust.

The rest of this paper is organized as follows. The study areas and methods (Section 2)
are presented along with a discussion regarding variable selection. Next, the performance of the
PLRT model is summarized (Section 3) along with the interpretation of the regression tree splits
and parameters. Finally, we discuss the strengths and weaknesses of our approach along with

potential improvements and future work.

2. Methods and Data

2.1 Study Area and Data

Daily storage and release records are obtained for 76 reservoirs from the Colorado (19
reservoirs), Columbia (11 reservoirs), Missouri (19 reservoirs), and Tennessee (27 reservoirs)
river basins (Figure 1). Operating data for the Colorado and Columbia River basins is obtained
from the HydroData and Hydromet data portals from the U.S. Bureau of Reclamation (USBR),

respectively. Data for the Missouri River reservoirs is collected from the USBRs Hydromet data
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202  portal and from the Missouri River Basin Water Management Division of the US Army Corps of
203  Engineers (USACE). The Tennessee Valley Authority (TVA) provided daily records for 27
204  reservoirs they own and operate in the Tennessee River Basin. These basins provide a wide
205  variety of reservoirs for generalizing the reservoir operation as they are multi-purpose and
206  belong to different hydroclimatic regimes ranging from humid (Tennessee and Columbia) to arid
207  (Missouri and Colorado) with the runoff being driven in different proportions by rainfall and
208  snowmelt in each basin. As can be seen in Table 1, the reservoirs considered in this study range
209  from small (700 acre-ft of storage capacity) to very large (more than 29 million acre-ft of storage
220  capacity) with average residence times (Equation 1) ranging from less than a day to more than 4

221  years.

40°N - 40°N

30°N | - 30°N
—— Major River Flowlines
Columbia HUC2
Missouri HUC2
Colorado HUC2
Tennessee HUC2
1

70°W

Maximum Storage [acre-feet]
v 700 V 1omilion Y 20 million v 29 million
1

10°W

Figure 1 — Studied basins and reservoirs. River flow lines are retrieved from NHDPlus HR (U.S.
Geological Survey, 2019) and are filtered to only include those with a stream order greater than 3.
River basin boundaries are from the USGS Watershed Boundary (U.S. Geological Survey, 2013).
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Table 1. Minimum, mean, and maximum values for storage capacity (Spmay), residence time (RT), mean
net inflow (NI), average storage fraction (S/Smax), and Pearson correlation (r(R, 1)) between daily
release and inflow for all four basins

Metric Colorado Missouri Columbia Tennessee
Simax [1000 acre-ft]

Minimum 14 1.9 12 0.7

Mean 3,447 4,368 839 879

Maximum 25,695 29,269 5,186 5,649
RT [days]

Minimum 11 1.2 0.1 0.2

Mean 470 475 13 42

Maximum 1,408 1,576 72 192
NI [1000 acre-ft / day]

Minimum 0.1 0.0 8.4 0.7

Mean 1.5 38 51 30

Maximum 7.0 14 95 119
S/Smax

Minimum 0.0 04 0.7 0.5

Mean 0.7 0.7 0.9 0.7

Maximum 0.9 0.9 1.0 1.0
r(R,NI)

Minimum 0.0 0.2 0.8 0.1

Mean 0.7 0.7 1.0 0.7

Maximum 1.0 1.0 1.0 1.0

RT = S/R 1

The data collected for each reservoir does not span the same temporal extents. Only
reservoirs with at least 5 years of continuous daily records are included in the study and the
longest continuous record is more than 58 years (Glen Canyon Dam). Across all basins, the
average length of record is approximately 25 years. More than 83% of all daily records across all
basins and reservoirs occur during or after 1990.

Many reservoir data sources report storage and release while not reporting total inflow or
evaporation. To encompass as many reservoirs as possible, net inflow (NI, ;) is calculated for
each reservoir by rearranging the mass balance equation for a reservoir (Equation 2). This is
done for all reservoirs to ensure consistency in the variables. Using net inflow also removes the
need to calculate evaporation when simulating reservoirs. From here onwards, the term “inflow”
implies “net inflow” from equation (2).
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2.2 Predictors Selection for PLRT

Initial predictors’ selection to estimate the release is driven by both a rearrangement of
the mass balance equation for reservoirs, where discharge (D, .) is a function of current and past
storage (S;,.) and inflow, and variables used in past studies. Several studies (Chen et al., 2022;
Coerver et al., 2018; Yang et al., 2016, 2021; Zhao & Cai, 2020) use past (end of time step for
previous day) storage and current inflow as predictors and (Coerver et al., 2018; Yang et al.,
2021) also use lagged storage and inflow. Yang et al. (2016) also include variables like dry/wet
year indicators, runoff indicators, snow depth in upstream mountains, precipitation, and
downstream river stage but find that the importance of each variable varies greatly across the set
of reservoirs in their study. As we aim to develop the model mimicking the operational model as
opposed to inflow prediction, we limit the input variables to storage, inflow, past release, and

quantities derived from these (e.g., lagged storage, interaction terms, rolling means).
Daily Variables

Since estimating downstream demand projection (Biemans et al., 2011; Haddeland et al.,
2006; Hanasaki et al., 2006; Voisin et al., 2013), or downstream river stage (Yang et al. 2016) is
difficult over multiple locations for large basins, we leverage the strong autocorrelation patterns
of release to attempt to capture the same information but without requiring another variable to be
collected. Across the 76 reservoirs included in this study, the mean lag-1 correlation for release
is 0.932 and the minimum is 0.770. When accounting for this relationship, there still exists a
weekly seasonal relationship (Figure S1, Partial Autocorrelation Function (PACF)); however, the
release relationship with rolling weekly mean release (0.878 average Pearson’s r) provides more

explanatory power than with weekly lagged release (0.604 average Pearson’s r).
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Further defining the state of the reservoir, the relationships between release and lagged
inflow is calculated for each reservoir and their spatial variation under each basin is summarized
for different lags (Figure 2a). There are distinct differences in the inflow-release relationship
between basins with release from reservoirs in the Missouri and Colorado River basins generally
being less related to inflow, or in some cases inversely related to inflow, than reservoirs in the
Columbia and Tennessee River basins. This is partially because arid river basins (Missouri and
Colorado) have higher inflow variability and have larger reservoirs compared to humid river
basins (Columbia and Tennessee) which experience lesser inflow variability and have relatively
smaller systems. This trend also holds true for the 14 lags considered. Additionally, the data
show that even within a basin there is a range of release-inflow relationships. This clearly
indicates that reservoir operators can respond to inflow in vastly different ways both in different

basins and within the same basin.
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Figure 2 — Release and inflow correlations for lag 0 to 14 for each reservoir, colored by basin (a).
Correlations between release and storage-based variables for each reservoir, colored by basin (b). Box
plot whiskers represent the 5™ and 95" percentiles, as noted by the example boxplot on the right. The
dashed black line in each plot indicates the zero line.

To quantify the reservoir dynamics between storage, net-inflow and release under each
basin, Figure 2b presents the Pearson correlation between release and several storage-based
variables: end of time step storage for previous day S;_;, storage and inflow interaction S;_; X
NI, and the difference between previous storage and weekly mean storage S,_, — S/_; (i.e.,
weekly storage differential). In addition to previous studies indicating the usefulness of storage-
based variables in modeling reservoir operations (Yang et al., 2016, 2021; Zhao & Cai, 2020),
these variables are included because their relationships with release can vary greatly within
basins but can be similar for reservoirs that otherwise are not similar. Similar to the inflow
relationships in Figure 2a, there are clear inter- and intra-basin differences between the release
response to current and past week storage levels with Colorado and Missouri River basins having
mostly positive responses (release increases when storage increases) while release at Tennessee
reservoirs has very little dependence on release and some Columbia River reservoirs show strong

negative relationships with storage. Regardless of the basin, the relationships between release
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and storage are nearly identical to those between release and weekly mean storage, thus weekly
mean storage is not included in Figure 2b. This similarity indicates they are redundant variables
for statistical learning models; therefore, only previous storage will be included as a predictor.

Interactions between storage and inflow (S;_; X NI;) have the potential to explain
interesting operational scenarios. As shown in Figure 2b, most of the reservoirs have a positive
correlation between the storage and inflow interaction and release. This indicates that for
situations of high inflow and high storage, which are potential flooding scenarios, release would
be higher, and the opposite holds true for low inflow and low storage scenarios. There are some
reservoirs in the Colorado and Missouri basins that exhibit relationships opposite of those just
described (i.e., release decreases when inflow and storage is high). While these account for only
five reservoirs, it highlights the operational differences that exist between reservoirs and
emphasizes the need to include this variable as a predictor.

Additionally, the difference between the previous storage and the weekly mean storage
may provide insight into reservoir storage trends. When this difference is positive, the reservoir
could be building up storage for the summer season or receiving spring flows from snowmelt and
when it is negative, the reservoir may be drawing down in anticipation of high flows. Regardless
of the basin, when the correlation between weekly storage differential term (S,_; — S7_;) and
release is substantial, it is generally negative. This aligns well with the above-discussed
dynamics — storage building up and drawing down — indicating the release would decrease when
storage is increasing and vice versa. Including this variable as a predictor for release could help
partially capture operational patterns that take place over weekly cycles.

In summary, the models developed here will use previous release (D, ;_1), previous
storage (Sy;—1), and current net inflow (NI,..) as independent variables in trying to predict

current release (D, ;). Also included as independent variables are the past week rolling means of
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release (EZ, ¢t—1) and inflow (WZ’ ¢) to capture the weekly variability in release and inflow.
Interaction between storage and net inflow (S, ;_1 X NI,.) and the difference between previous

storage and weekly mean storage (S, ., — S;/;_;) are also included as predictors.

Reservoir Characteristic Variables

While daily varying values of storage, release, inflow, and their interaction terms explain
the variability in reservoir release patterns, using physical or categorical variables can help group
reservoirs into clusters with similar operating characteristics. In this study, we attempt to use
reservoir primary purpose (categorical), multipurpose nature (binary), maximum storage (Sy max)
(positive, continuous), and residence time (RT;.) (positive, continuous) (Equation 1) as reservoir

characteristics to combine reservoirs into similar groups for modeling purpose.
2.3 Variable Standardization

As our goal is to fit a single, generalized model to all reservoirs, we standardize the
release and independent variables to ensure that reservoirs with large release values are not
implicitly given more weight during fitting. Three common standardization or normalization
methods are considered: 0 to 1 normalization, -1 to 1 normalization, and standardizing to a zero
mean, unit standard deviation distribution. Since the response generating functions in PLRTs are
multiple linear regression models, standardizing to a zero mean, unit standard deviation
distribution will match the assumptions of those models better than the other normalization
techniques. This is done for all daily varying variables, but not for any of the reservoir

characteristic variables, using Equation 3.

xre = (Xpp— X;)/s, VT ERLET, 3
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2.4 Piecewise Linear Regression Tree (PLRT)

When exploring model formulations, interpretability and parsimony were major
considerations. The interpretability provides information on converting the release estimates into
relevant operational rules/policies. Model parsimony ensures a simpler model form with no
overfitting, facilitating application even for basins with limited data. Given the reservoir mass
balance in Equation 2, a choice for a parsimonious model that can still provide satisfactory levels
of accuracy and reliability is the multiple linear regression. This formulation is shown in
Equation 4, where Y and X are the response vector and predictor matrix, respectively. B is the
coefficient vector and € is the error vector. The length of Y and € is equal to the number of
observations in the data set N and the length of B is equal to the number of predictors in the
model P, plus 1 if an intercept is included. Therefore, the dimensions of X are N rows by P + 1
columns.

Y=XB+e€ 4

While this multiple linear regression exhibits many desirable qualities, studies show that
a more complex and flexible model is better suited to capture the dynamics of reservoir
operations (Yang et al.,, 2021) even for deriving operational policies for a single reservoir.
According to Yang et al. (2021), regression tree-based models such as CART, Random Forest, or
XGBoost can efficiently and accurately capture reservoir release policies. Regression trees are
comprised of nodes and directed edges that connect those nodes (Loh, 2011). There are two
types of nodes. The first type is splitting nodes, where the data set is split by grouping the
records where a particular independent variable is less than or equal to some threshold value (7)
into one subset and the records where said independent variable is greater than the same
threshold value (7). The second type of node is leaf nodes, which occur at the end of a branch of

the tree and are where the dependent variable is estimated. Each node begins as a splitting node
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and only becomes a leaf node if the data cannot be split further, which can be due to limitations
on tree depth, minimum samples required in each node, or error reduction requirements.

In traditional regression trees, like those used in CART, Random Forest, and XGBoost,
the average of the dependent variable from the subset of the training set that is each leaf node
becomes the response estimate (equation 5, where K is the set of all observations in leaf node /)
(Yang et al., 2021). Due to this behavior, traditional regression trees can be called piecewise
constant regression trees (PCRTs). Though regression trees provide more flexibility to capture
complex relationships, to achieve accurate predictions these methods must grow very large trees
or, in the case of XGBoost, add many additional weak trees, which significantly limits their

interpretability (Loh, 2011).

To bridge this accuracy/interpretability gap between multiple linear regression and
regression trees, we implement a Piecewise Linear Regression Tree (PLRT) that is built on the
work from Alexander and Grimshaw (1996). Piecewise linear regression helps to estimate the
non-linear relationship between release and the predictors through localized linear regression
between release and the predictors within each leaf node. Similar to hidden states in Zhao and
Cai (2020), the tree groups reservoirs that operate similarly under given conditions without being
limited to specific basins or purposes. PLRT replaces the mean estimator in each leaf node in
PCRTs with a linear regression (equation 4). An illustrative example of the developed PLRTs is

provided in Figure 3 along with PCRTs.
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Figure 3 — Illustrative example of the difference between PCRT, PLRT, and Linear Regression (LR). X
is representative of an independent variable and Y is a dependent variable. Though PCRT could
approach the accuracy of PLRT as the tree is grown larger, PLRT can provide a high level of accuracy
with a very shallow tree.

As noted by Alexander and Grimshaw (1996) and Loh (2014), limited computational
power has prevented widespread usage of PLRTs despite their ability to accurately model
systems with much shallower trees than other methods. However, as access to computational
resources has become more ubiquitous (Thompson et al., 2020), the practical limits of such
algorithms have been overcome to a reasonable extent.

Similar to Alexander and Grimshaw (1996), our PLRT definition uses multiple linear
regression developing a local regression between the predictands and predictors within that tree
node. These parameters for these regressions are fit using the matrix form of the least squares

estimator (Equation 6).

B = (XTX)"1XTy 6

PLRT — Classification and Parameter Estimation Algorithm
Since there are no readily available software packages to fit PLRT models, we developed

a PLRT model in Python to develop reservoir operating policies based on the collected data from
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the four major basins. Our PLRT software implementation can be found on GitHub

(https://github.com/Icford2/py-plrt) or PyPI (https://pypi.org/project/py-plrt/). The developed

methodology in the package is based on PLRT formulation from Alexander and Grimshaw
(1996) but customized for the reservoir operation generalization. In this section, we provide the
algorithmic details on developing classification and estimation of regression parameters along
with the details on how our approach is different from the PLRT formulation of Alexander and
Grimshaw (1996).

The parameter estimation for PLRT is implemented as a recursive depth-first growing of
a binary tree where each splitting node stores information about the optimal splitting variable and
threshold as well as the resulting child nodes and each leaf node stores the optimal parameters of
the linear regression for the data in that node. Figure 4 provides the flowchart detailing the steps
involved in the general parameter estimation of PLRT. The first step of fitting a PLRT is to fit a
linear regression to the entire data set and calculate the MSE. This MSE is used to ensure that the
regressions resulting from the next steps improve the model performance enough to be valid. For
each candidate split, which consists of a splitting variable (x) and a threshold (7), the data is split
into two subgroups and regressions are fit for each. The candidate split resulting the largest
reduction in MSE is chosen as optimal, and the process repeats for each of the data subgroups
until termination conditions are met.

To implement a computationally efficient PLRT formulation, finding the optimal
splitting threshold () for each independent variable is a critical step. The method proposed by
Alexander and Grimshaw (1996) enumerates all possible thresholds for a splitting variable (x),
splits the data set for each threshold, then fits models for the resulting subsets and then selects
the threshold that results in the lowest error. Rather than enumerating all possible thresholds, we

discretize the space between the minimum and maximum x values into 1000 possible values and
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then follow remaining steps of the procedure as outlined below using Mean Squared Error
(MSE) (equation 7) as the error metric. This approximation limits the computational complexity
of the model, especially for many observations, while still providing a value that is near-optimal

or optimal.

N
1
MSE = NZ)(yi - 7
i=

Further modifying the original PLRT formulation by Alexander and Grimshaw (1996),
we allow the model to use different types of independent variables, both continuous and
categorical, for splitting the dataset for fitting the regression in each leaf node. In practice, this
means that daily variables can be used in the regression equations while splitting variables can be
those daily variables or reservoir characteristic variables. This allows categorical variables that
are constant in time to be included in the model without the need to encode it for the regression
equations.

In addition to the above-mentioned deviations from Alexander and Grimshaw (1996), our
formulation facilitates considering multiple criteria for determining valid splits. In our model, a
minimum sample size (mss) can be defined as a fraction of the number of observations in the
full data set. This is enforced when evaluating potential splitting candidates to ensure that splits
are not being made to fit small fractions of the original data set. Further, to encourage a more
parsimonious model if one is available, each node can use the persistence model (Equation 8)
instead of the multiple linear regression if its performance is near or better than that of the

multiple linear regression.

Vi =Yi-1 8
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7

[ Return PLRT generated from recursive splitting/fitting ]

Main PLRT
— Steps

Figure 4 — PLRT implementation flowchart. Successive boxes inside other boxes indicate the body of loops defined
by the bold “For each” statements. X is the matrix of independent variables, y is the dependent variable vector,
mss is the minimum sample size as a fraction of the size of y, A gy IS the maximum allowable tree depth. In
practice, the Zjes; subset is solved until the recursion termination condition is met, then the same is performed for
Zright- The “size” function provides the number of observations for its argument. The “argmin” function returns
the index corresponding to the minimum value of its argument.
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As with many data-driven statistical models, the fitting procedure of PLRTs can be tuned
by changing a set of parameters. The two most important parameters for PLRTs are the
minimum sample size (mss), as defined above, and maximum tree depth (d,,,4,). Increasing mss
results in less leaves by ensuring that each leaf is fit to a larger proportion of the data. d,, 4
limits how many splits are allowed down any single branch of the PLRT. A low d,,,,,, combined
with a high mss limits the flexibility of the model thus gives fewer total regression equations.
Increasing d,,,, and decreasing mss too much can result in a tree that is overfit to the training
data. We perform a grid search over many combinations of these two parameters to determine

the optimal tree.

2.5 Model Training and Evaluation Procedure

Since our interest is a simpler formulation that can be represented in a LHM for
simulating release over a period of time given only initial conditions and inflow, we evaluate the
performance of PLRT by maintaining the temporal relativity of records. As the training and
testing set for our generalization model should include samples from every reservoir, we
construct these sets by selecting the first 80% of each reservoir’s records for training and use the
remaining to validate the model.

To test the model performance similar to how it may be used in an LHM, we simulate
release over the testing set. Reservoirs are initialized with a week of storage, inflow, and release
values and release is then predicted from the PLRT model. Based on the estimated release, end-
of-the-day storage (S,,) calculated using the mass balance equation 2. The next time step uses
these calculated quantities along with observed inflow to generate the predictor variables values
for the next time step and the process repeats. Though in an LSM the observed inflow would not

be known, the focus of this work is to model the release patterns of reservoirs under perfect
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information on streamflow; therefore, this simulation scheme can be treated as a best-case

scenario in terms of the model’s ability to simulate release.

2.6 Model Selection

To determine what combination of parameters generate the best performing PLRT model,
we fit the model with maximum depths (d,;,4,) from 1 to 8 and minimum sample sizes (mss)
from 0.01 to 0.1, as well as 0.15 and 0.2. The chosen limits for these parameters are chosen
because higher values result in identical or worse performing models. To compare the simulation
performance across reservoirs, the nRMSE is calculated by normalizing the RMSE by the daily
mean release for each reservoir (Equation 9). The results from this parameter sweep are shown in
Figure SI-1 and the mean, median, minimum, and maximum nRMSE values for the best 10

unique trees are shown in Table 2.

N
1 |1 ~ 2
nRMSE, = == NZ(DN. - D,;) 9
T i=0

Regardless of the MSS, models with a maximum d,,,, of 1, indicating there are only two
groups that have a regression fit for them, are the worst performing. As the mss decreases, the
variation in models for different d,,,, values increase. Often, if a model improves the median
performance it comes at the cost of the worst performing reservoirs performing more poorly. An
ideal model would result in min, mean, median, and maximum nRMSE values that are nearest to
zero. Additionally, as our goal is to generalize reservoir operations, a more parsimonious model
is preferred if the performances are comparable. With these considerations, a maximum d,,4, of
5 with an mss of 0.01 results in the most performant model (M1); however, these parameters
result in 25 different regression equations, many of which are very similar. A slightly less

performant parameter combination that results in a much more parsimonious model (M2), only 7
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460  regression equations, is d,,,, of 4 and an mss of 0.10. The choice of M1 and M2 over the other
461  models in Table 2 is driven by the relative performance to model complexity tradeoff.

462 The main difference between M1 and M2 is the maximum error is larger for M2 than M1
463  however, both maximum errors are greater than 250% of the daily mean release for that reservoir
464  thus determining which one is best based on this difference is not an effective strategy.
465  Therefore, the remainder of our analysis will present results from both models to determine if
466  there are any differences in performance between the two models based on various criteria such

467  as reservoir storage, seasonality, and other attributes.

Table 2. nRMSE performance metrics for model 1 (M1) and model 2 (M2).

Model # Leaf Nodes  Mean Median Minimum Maximum
M1 (dpgyx = 5, mss = 0.01) 25 0.512 0.498 0.014 2.725
M2 (dppax =4, mss =0.10) 7 0.518 0.509 0.034 3.011
Amax =5, mss =0.10 8 0.514 0.493 0.034 3.092
Admax =5, mss =0.15 5 0.533 0.518 0.035 3.012
Admax =5, mss =0.08 9 0.528 0.528 0.035 3.027
Amax = 6, mss = 0.04 17 0.527 0.512 0.036 2.718
Amax =5, mss=0.04 15 0.520 0.498 0.036 2.804
Admax =5, mss =0.05 13 0.528 0.510 0.036 2.796
Amax =7, mss =0.04 18 0.523 0.524 0.036 2.718
Aoy =8, mss =0.04 19 0.525 0.522 0.036 2.718

468

469 To illustrate the trees generated by these two PLRT models, the optimal tree for the M2

470  parameters is presented in Figure 5. As the optimal tree for the M1 parameters is substantially
471  larger than the M1 parameters (25 final groups rather than 7), that tree is not shown here but can
472  be found in the supplementary information (SI) (Figure SI-2). Any variable in Figure 5 that is
473  lowercased indicates that it has been standardized using Equation 3. Each table presents the

474  optimal parameters for their corresponding independent variables for the regression equation
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described by Equation 4 where f3, is the intercept term. Each record is evaluated at the root node
(RT < 9.553 days) first, and if evaluated to true (false) it will follow the green (orange) arrow to

the next node.

—True———»
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\

Figure 5 — Optimal PLRT for M2 parameter combination (A4, = 4, mss = 0.10). Tables provide the
optimal parameters for the regression equation in Equation 4. Lower-case variables indicate
standardized versions of the respective upper-case variable.

Examining the tree and parameters in Figure 5 provides insight into which variables have
the most impact on release for different types of reservoirs. Release from reservoirs with low
residence time can be nearly completely characterized by inflow if they have low storage
capacity (Node 1) whereas larger reservoirs with similar residence times have less dependence
on inflow and more on previous release (Node 2). For reservoirs with larger residence times,
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there are different operating modes that are defined by current inflow and previous release.
When current inflow is in the upper 25% of the distribution (Node 3), these reservoirs’ release is
characterized largely by previous release and the difference in current and past week mean
storage.

When inflow is in the lower 75% of the distribution, there seems to be an operational
distinction that can be made between situations when the previous release is the lower third of
the distribution and when it is in the upper two thirds. For these records, when the previous
release is lower the dependence on previous release is also lower but the dependence on past
week mean release is larger. The storage and inflow interaction term positively affects release for
large reservoirs when the previous release is low, but the storage and inflow interaction term
tends to depress current release. When the previous release is higher, the parameters are similar
for smaller and larger reservoirs with the major difference being that smaller reservoirs are more
dependent on the difference between current and past week mean storage than larger reservoirs.

Smaller reservoirs are also more dependent on release.

3. Results

3.1 Model Performance Across Reservoir Attributes

To determine under which circumstances, if any, M1 and M2 perform differently, we
characterize their performance across six reservoir attributes in Figure 6. These attributes are
release and storage seasonality, calculated following the procedure described by Markham
(1970), maximum storage, mean daily release, daily release coefficient of variation (standard
deviation divided by mean), and reservoir residence time. For each attribute, the reservoirs are
divided into five groups based for each 20™ percentile of the attribute then the nRMSEs are

averaged over those reservoirs. The values that define these percentile groups are presented in
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Table 3. Across all 6 attributes, there are not substantial performance differences or trends that

can be identified between M1 and M2.

Release Seasonality Storage Seasonality

Maximum Storage Mean Release

Release CV Residence Time

<20% 20%-40% 40% - 60% 60% - 80% > 80% <20% 20%-40% 40% - 60% 60% -80% > 80%
Attribute Percentile Attribute Percentile

Figure 6 — Average nRMSE values for 20% ranges of reservoir Release Seasonality, Storage
Seasonality, Maximum Storage, Mean Release, Release Coefficient of Variation (CV), and Residence
Time. Error bars are the standard deviation of the nRMSE values for the reservoirs in each bin.

Table 3. Defining values for percentile groups for reservoir characteristics in Figure 6

Characteristic Minimum 20% 40% 60% 80% Maximum
Release Seasonality 0.008 0.126 0.171 0.224 0.396 0.823
Storage Seasonality 0.001 0.012 0.021 0.047 0.102 0.291
Maximum Storage

0.726 64.2 182 622 1,505 29,269
[1000 acre-feet] ’ ’
Mean Release

0.00 0.176 1.08 45 53.1 118.
[1000 acre-ft/day] ? 7 7 ?
Release CV 0.289 0.583 0.708 0.821 0.959 3.50
Residence Time 0.090 449 34.1 127 436 1,576

[days]

As there is no explicit representation of seasonal differences in release patterns in our
formulation, it is important to examine the performance across varying release seasonality to
understand the model limitations. For the reservoirs with a seasonality index less than 0.396 (80th

percentile), there is no substantial difference in performance. However, the mean nRMSE for
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reservoirs with a seasonality index greater than 0.396 is approximately twice as large as those
with low seasonality. Though the error is larger or reservoirs with high seasonality, the NSE’s
between high and low seasonality reservoirs is similar. This indicates that accounting for
seasonal biases in release could be enough to improve the error in highly seasonal reservoirs. The
storage seasonality displays similar trends to the release seasonality but with the upper 40%
having slightly worse performance.

There is no trend in performance observed for reservoirs with different maximum
storages; however, there is a distinct trend with mean release. Reservoirs with a high mean
release perform substantially better than those with lower mean release. This occurs despite
standardizing all the variables for the fitting and simulation process. However, as nRMSE is
normalized with the mean release, this trend could simply be due to a smaller divisor for those
reservoirs with a low mean release. The NSEs for this characteristic exhibit a slightly different
pattern but with higher release reservoirs still performing the best. The difference is that the
model captures the variability of the reservoirs with the lowest release almost as good as those
with the highest release, but those in the middle are not as well captured. From Table 3, we can
see that those in the lowest 20™ percentile release less than 176 acre-feet per day, thus leading to
an nRMSE average close to 100% but an average NSE near 0.6. So, while the highest release
reservoirs are modeled the best for both metrics, there is less to differentiate the reservoirs in the
lower 80™ percentile groups.

Regarding the coefficient of variation (CV), the lower 80% of reservoirs, which
encompass those that have a release standard deviation up to 96% of the release mean, all
perform similarly with a mean nRMSE near 50%. When the release standard deviation is greater
than the mean (upper 20%), the average nRMSE is double that for reservoirs where it is less than

the mean. Similar to release CV, reservoirs with low residence time have lower nRMSE than high
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residence time reservoirs. The nRMSE for reservoirs with a residence time greater than 34 days,
or approximately a month, is very similar and is approximately 75%.

This relationship between performance and residence time is likely driven by the
variation in the relationships between inflow and release. Since water is stored for a short period
of time in low residence time reservoirs, the inflow and release can be highly correlated. An
extreme example would be run-of-river reservoirs, where there is very little storage and thus
little operational flexibility to hold water for future uses. For high residence times, especially
those which hold water for more than a year on average, the relationship between inflow and
release can be nearly zero. This can be seen by looking the regression parameters for high
residence time reservoirs in Figure 5 that are essentially zero. After a week of simulation, the
only observed information being fed to the model is the inflow and if there is no distinct
relationship between inflow and release then the performance will deteriorate.

To summarize, there is very little to distinguish each model by examining these
attributes. There are, however, several attributes that provide insight into how the models
presented here can simulate reservoir releases. In general, attributes that are related to release
(seasonality, daily mean, CV, and residence time) exhibit more relationships with performance
than storage-based attributes. Very high seasonality, CV, and residence time are all indicators of
poorer performance than their counterparts while reservoirs with high daily mean releases tend to
have better performance.

In addition to the overall trends between reservoir attributes and model performance, the
spatial variation in these attributes provides insight into where these models perform best. Figure
7 displays the locations of the reservoirs modeled in this work where the markers are colored

according to the 20" percentile groups their attributes fall in. The attribute maps in Figure 7 are
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562 laid out in the same orientation as the attribute bar charts in Figure 6 and the 20" percentile
563  groups are the same across both figures.
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Figure 7 — Reservoir attributes 20" percentile group for each basin (I — Columbia, 2 — Missouri, 3 —
Colorado, 4 — Tennessee) (a) Release Seasonality, (b) Storage Seasonality, (c) Maximum Storage, (d)
Mean Release, (e) Release CV, (f) Residence Time.

As depicted in Figure 7(a), the reservoirs with the highest release seasonality, and thus
the worst performing, are mostly upstream tributary reservoirs in the Missouri and Colorado
river basins. This indicates that though the error for these reservoirs can be relatively large, it
likely does not contribute significantly to the total error in their respective basins. This contrasts
with the Tennessee River basin, where the downstream reservoirs have more seasonality than
upstream reservoirs. In this case, not accounting for the seasonal operational differences could
contribute significantly to the total streamflow prediction error in the basin; however, since these
reservoirs are only slightly seasonal as compared to those in the Missouri or Colorado River
basins their performance is much better (Figure 6). Interestingly, there is very little overlap
between reservoirs with high storage and release seasonality as only 20 of the 76 reservoirs are in
the same 20™ percentile group.

The distribution of maximum reservoir storages is well dispersed across four basins. The
four to six largest reservoirs in the Missouri, Colorado, and Tennessee river basins are all
modeled and make up most of the reservoirs in the top 20™ percentile group. Similar to the
seasonalities discussed in the previous paragraph, only 18 reservoirs fall in the same percentile
group between maximum storage and mean release. This dispersion contrasts with the dispersion
found for the mean release, where all 15 of the reservoirs in the top 20™ percentile group are in
the Tennessee of Columbia River basins. Since reservoirs with higher mean daily release are
modeled better, this indicates that these basins are better modeled than the Missouri and
Colorado River basins.

In the Columbia, Colorado, and Missouri basins, the coefficient of variation of release
generally decreases as you move from upstream reservoirs to downstream reservoirs. In the

Tennessee River basin, however, the release CV is much better distributed throughout the basin
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with a slight trend towards increasing CV as you move downstream. As those with larger CVs are
generally modeled worse than those with smaller CV”s, these trends indicate that our models
predict release better for downstream reservoirs in the western basins than for the upstream
reservoirs. It also indicates that performance across the Tennessee River basin is relatively
consistent.

As shown in Figure 6, there is a distinct relationship between residence time and model
performance with lower residence time reservoirs performing better than those that hold water
for longer periods. The reservoirs in the top 20" percentile in terms of residence time (greater
than 436 days) all fall in either the Colorado or Missouri river basin. In fact, 28 of the 30
reservoirs in this study with a residence time greater than 127 days (approximately one third of a
year) are in the Colorado and Missouri River basins with the other two in the Tennessee River
basin. As these basins are largely arid (Colorado) or semi-arid (Missouri) (Zomer & Trabucco,
2022), many of the reservoirs are designed to manage interannual variability in water supply thus
their operational policies are less affected by their current state.

The reservoirs in the Columbia River basin occupy the other side of the residence time
distribution with 9 of 11 reservoirs holding water for less than 34.1 days, on average. The
operations at these reservoirs are heavily dependent on the current and recent past state of the
reservoir and thus the variables included in this study provide enough information to accurately
characterize the release patterns. Similarly, most reservoirs in the Tennessee River basin have a
residence time less than 127 days, indicating their operations are also more dependent on current

and recent past data rather than over-year predictors.
3.2 Model Accuracy for Varying Simulation Time Horizons

The results thus far have been with respect to simulation over the testing set where only

the initial state of the reservoir and the inflow time series is given, the state of the reservoir for
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each subsequent time step is calculated from the previous storage and the predicted release. As
the minimum length of the time series for any given reservoir is 5 years, and 20% of the data is
set aside for testing, the minimum length of the time series used for simulation is 1 year. Though
the minimum is 1 year, more than 50% of the reservoirs tested are simulated for more than 5
years, since they have an overall time series of 25 years or more. The release parameterizations
in the leaves of the models are dependent on past storage and release; therefore, there are two
sources for error accumulation that, over long periods of time, can prevent the model from
accurately predicting future releases. Further, in many cases it is not practical nor desirable to
simulate at a daily level for periods over a year.

To understand how the model performs under varying time-horizons, we reinitialize the
model with observed storage and release values at daily, weekly, monthly (30 days), seasonally
(90 days), and semi-annual (180 days) frequencies. Reinitialization at these frequencies allows
the simulation period to be split into several smaller periods, each of which represents a time
horizon of interest, while still evaluating over the entire testing period. To reinitialize, the
observed storage, release, and inflow over the past week are used to calculate independent
variables, rather than using the calculated storage and release from previous time steps. The past
week must be used as there are independent variables that rely on seven days of data. For each
subsequent time step, the remaining observed values are used until a week of releases have been
predicted. For example, the seven day mean release will be for the second time step after
reinitialization will be calculated using the predicted release from the previous time step and
observed releases for the six days before that. For each reservoir, the percent improvement in
RMSE relative to simulation with no reinitialization is calculated for these reinitialization
frequencies and depicted with boxplots in Figure 8. The box and whisker plots in Figure 8 are

configured in the same manner as those in Figure 2.
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Figure 8 — Reservoir specific simulation nRMSE given different data reinitialization frequencies. Never
is when the entire testing period is simulated with no reinitialization.

When reinitializing less frequently, such as seasonally or semi-annually, there is very
little, if any, improvement over never simulating data. M2 sees more improvement than M2 as
the 75™ percentile nRMSE decreases more but most of the distribution remains the same as if
there was no reinitialization. The monthly frequency is when the nRMSE distribution begins to
shift away towards zero, indicating a more accurate model. At this frequency, the 50™ and 75"
percentiles are markedly lower than the cases with less frequent reinitialization. Daily and
weekly frequencies result in the largest reductions in nRMSE over all reservoirs. At the daily
level, the median nRMSE is lower than the 25" percentile for all other frequencies. Further, the
inter-quartile range for daily reinitialization is approximately one quarter of the inter-quartile
range for less frequent reinitializations, indicating a much tighter distribution of performance
around the median.

Reinitializing daily is functionally the same as just predicting release values over the
testing set as if all independent variable values are known. For the task of predicting daily
release, the errors for daily reinitialization are indicative of the models’ performances. Weekly
reinitialization is also expected to perform well due to the reliance on seven-day information for

the rolling mean variables, 57“_1 and S 7 t—1. Since all independent variables are calculated
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using data that comes from at most the previous week, a weekly reinitialization results in some

observed information being present for each simulation time step.
4. Discussion

We propose a Piece-wise Linear Regression Tree (PLRT) for generalizing reservoir
operations across four major basins and for providing an interpretable, parsimonious, and
accurate model that has potential of incorporating the developed tree-based regression equations
in an LSM. The proposed PLRT is flexible in quantifying the non-linear relationship between
the selected predictors and the release by assuming a local-linear form within the tree. Our
approach here is to combine the available storage, release, and inflow data across all the
reservoirs from the four basins and develop a tree model that learns from the similarity in
operations across them. Given that the relationship is represented in a regression form within the
tree, this has potential for implementation within the LSM in a simplified parameterized form
that can improve streamflow estimation from LSMs for controlled basins. With trees smaller
than 8 groups and regression equations built only on time-varying physical state variables, these
models can simulate reservoir releases over long periods of times (mean of 5.5 years; longest
simulation period is 16.7 years) with a median RMSE of approximately 51% of a reservoirs daily
release values and a median NSE of 0.56. Further, as there is not a specific model for each
individual reservoir, this approach can be applied to reservoirs untrained reservoirs with no
modifications thus widely increasing their applicability.

An additional benefit of using PLRTs is the ability to extract general lessons from the
regression equations in the leaves of the tree and the splits that generate those leaves. For
example, release at reservoirs with residence times less than approximately 10 days are very
strongly related to the current inflow whereas most higher residence time reservoirs do not

operate based on current inflow and, when they do, release decreases with increased inflow
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rather than increasing. Release at these higher residence time reservoirs is also better estimated
using the previous days release than lower residence time reservoirs. For reservoirs with
residence times greater than 10 days, the current storage minus the past week mean storage term
plays a significant role in explaining release patterns for high inflow periods. In this case, since
the coefficient is positive, this term works to bring the current storage back towards the past
weeks mean storage. When storage has been building up over the past week (s,_; — 5/_; > 0),
this term will increase release to attempt to level off this storage increase. The opposite is true
when storage has been declining over the past week.

One of the limitations of this approach is the inability to encode seasonal information into
the model without reducing its ability to be applied broadly to reservoirs in many different
basins. This harms performance for reservoirs with highly seasonal release patterns but could
largely be mitigated by post processing the model results for reservoirs with large swings in
seasonal operational patterns using the monthly/seasonal mean as the model captures the daily
variations well, just not the magnitude differences between seasons. Our approach seems to favor
reservoirs with large mean releases even though all values are standardized to mean zero before
fitting the models as both the nRMSE and NSE are significantly better for high release reservoirs
than low release reservoirs. This could be due to the relative amount of variation in release
patterns tends to decrease as mean release increases thus making these reservoirs slightly easier
to model. This is supported by the poor performance for reservoirs with high release CV. High
release reservoirs tend to be along the main stem of a river basin, thus modeling them well
indicates that the overall basin discharge can be significantly improved.

Finally, though the models developed here perform adequately when simulating over
long periods of time, there is much that can be gained by reinitializing at the highest frequency

possible or shortening the time horizon. For short term forecasts our approach with a daily data
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reinitialization can model reservoirs with a median nRMSE less than 15% of a reservoirs mean
release and a median NSE of 0.963. For medium range there is a slight drop off in performance
to a median nRMSE of 27.4% of daily mean release and a median NSE of 0.871 when using a
weekly reinitialization. There is little difference in model performance for sub-seasonal to
seasonal forecasts, such as monthly and beyond. This results primarily from the error in release
estimation leading towards initial storage. In reality, for long-range forecasts, given initial
storage conditions are known (Li et al., 2014), one can estimate the releases with reduced error,
which could be inferred from the assimilation frequency (Figure 8). Furthermore, in many cases
the representation of reservoirs in hydrologic models results in release patterns that match reality
substantially worse than the models developed here so it is possible that this generalized method
is still an improvement.

Though many approaches to generalized reservoir operation models require more
variables than this study, including those that are difficult to find or derive such as downstream
demand, upstream snow depth, or climatological variables, it is important to discuss the main
data requirements as a possible limitation. To accurately determine the residence time of a
reservoir, good estimates of long term mean inflow or release and long term mean storage must
be available. Additionally, as a zero-mean and unit-standard deviation standardization is used for
all independent and dependent variables used in the regressions, reasonable estimates of the long
term means and standard deviations must be calculated, usually requiring an observed time series
of at least a year. For data-scarce reservoirs, it is possible to use time-series data at coarser time
scales such as monthly or yearly and downscale the mean and standard deviation to daily levels.
Another way to address this would be to normalize data between 0 and 1. This could be done by

only knowing the maximum values of variables and assuming the minimum is zero. However,
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this would require replacing the linear regression equations with generalized linear models which
could significantly increase the computational costs of fitting the model.

Further, a recently published data set, ResOpsUS (Steyaert et al., 2022), could be used to
increase the number of reservoirs used in the fitting process. This data set contains more than
600 reservoirs with nearly 500 of them having the required time series to be used by our
approach (daily time series of storage and outflow). Incorporating the reservoirs from this data
set could make this model significantly more robust as the model would be able to learn from the
similarities and differences in the operational patterns from a wider array of reservoirs. It would
also be possible to conduct a spatial evaluation of the model, in addition to a temporal evaluation
as we have done here, by leaving out a percentage of reservoirs from each basin when fitting and
then testing on those left out. We did not pursue the spatial validation in this study, as our goal is
to develop a data-driven, interpretable, and parsimonious modeling approach that can facilitate
developing a generalized set of reservoir release equations, which can be used in LHM for

estimating the reservoir release in controlled basins.
5. Summary and Conclusions

We develop a Piece Wise Linear Regression Trees to learn generalized operating policies
for daily release from 76 reservoirs from four major basins — Missouri, Colorado, Columbia, and
Tennessee — across the coterminous US. Reservoir characteristics and daily state variables are
used to group similar observations across all reservoirs, and then linear regression equations are
fit to daily state variables by classifying the independent variables into different groups. Two
models are identified: Model 1 (M1) that performs the best when simulating untrained records
but is complex, and Model 2 (M2) that is nearly as performant as the more complex model but
more parsimonious. Of the reservoir characteristics considered, long-term residence time is

shown to be the most useful in grouping similar operating reservoirs, followed by reservoir
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storage capacity. Release from low residence time reservoirs (less than 10 days) can be mostly
described using inflow-based variables. Operations at higher residence time reservoirs are more
related to previous release variables or storage variables, depending on the current inflow and
storage capacity.

The generalized reservoir operation model developed here represents a deviation from the
current body of literature by leveraging data-driven methods to develop a single model that can
predict release from many reservoirs. Fitting on many reservoirs increases the robustness of this
model by learning from the wide array of operational characteristics that the reservoirs in this
study represent. The models accurately and reliably predict daily reservoir operations by
grouping similar reservoirs and observations and then fitting linear regression equations between
reservoir state and release. Overall, the best performing reservoirs are those with lower residence
times or high daily mean release. A particular benefit of this approach is having the potential to
apply the model to reservoirs not in the training set. The ability of these models to extract general
operational characteristics from similar reservoirs and reservoir states should allow the models to
accurately predict release from untrained reservoirs.

As the models developed here can be decomposed into a set of Boolean decisions and
regression equations, it is possible to extract information from the trees that can be used to
further improve this, or other, reservoir modeling method(s). General lessons from the optimal
models can be applied without the need to use the full PLRT models developed here. Similarly,
comparing the operational policies learned here with water supply manuals for certain reservoirs
could provide insight on how to further develop generalized reservoir operation models and

should be considered in future studies.
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6. Availability Statement

The Piecewise Linear Regression Tree (PLRT) source code can be found on Zenodo at

https://zenodo.org/record/7650071 or on GitHub at https://github.com/lcford2/py-plrt.

Additionally, it can be installed using the Python package manager “pip” using the package
name “py-plrt”. The code used to perform all analysis, the data used, and the model results can

be found on GitHub at https://github.com/Icford2/predict-release.
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