
Research Paper

The relative influences of hydrologic information and dams’ hydropower 
scheduling decisions on electricity price forecasts

Henry Ssembatya a,b , Jordan D. Kern c,* , Nathalie Voisin d,e,** , Scott Steinschneider f ,  
Daniel Broman d

a Department of Civil, Construction, and Environmental Engineering, North Carolina State University, Raleigh, NC 27695, United States
b Department of Forestry and Environmental Resources, North Carolina State University, Raleigh, NC 27695, United States
c Department of Industrial and Systems Engineering, North Carolina State University, Raleigh, NC 27695, United States
d Pacific Northwest National Laboratory, Richland, WA 99352, United States
e Department of Civil and Environmental Engineering, University of Washington, Seattle, WA 98195, United States
f Department of Biological and Environmental Engineering, Cornell University, Ithaca, NY 14853, United States

A R T I C L E  I N F O

Keywords:
Hydrologic forecasts
Hydropower optimization
Power systems
Electricity markets

A B S T R A C T

Price dynamics in wholesale electricity markets are driven by supply and demand. In markets with hydroelectric 
dams, the timing and amount of hydropower offered can influence prices in similar ways to wind and solar 
power. Unlike variable renewable energy, however, the supply of hydropower in wholesale markets is a function 
of both water availability and operational decisions at dams. Dam operators maximize revenues in wholesale 
markets by aligning generation with the periods of highest expected prices, and these scheduling decisions may 
in turn influence prices. Here, we examine the relative importance of two types of information in predicting 
forward electricity prices: a) water availability at dams, in the form of short-to-medium-range hydrological 
forecasts; and b) hourly scheduling decisions at dams. Using softly coupled hydrologic, hydropower scheduling, 
and power systems models spanning the U.S. Western Interconnection, we quantify the importance of hydrologic 
forecast accuracy in correctly predicting wholesale electricity prices and compare this with the influence of dam 
operators’ own hourly scheduling decisions on realized market prices. We find that aligning hydropower gen
eration schedules with the periods of high forecasted prices causes larger, inadvertent price forecast errors than 
imperfect hydrologic forecasts. This suggests that knowledge of how water is managed by dam operators within 
the week is more important than weekly inflow forecast errors when predicting forward electricity prices. Our 
findings have implications for optimal hydropower scheduling by region. Specifically, accounting for price ef
fects is critical in markets dominated by hydropower capacity.

1. Introduction

Price dynamics in wholesale electricity markets are driven by fluc
tuations in supply and demand. For operators of generators and/or 
storage with sufficient control and flexibility, using short-to-medium 
term forecasts of electricity prices to inform the timing of electricity 
generation can help increase revenues. Among dispatchable generator 
classes (i.e., coal, natural gas, nuclear, and hydropower), hydroelectric 
dams are uniquely positioned to benefit from accurate price forecasts. As 
generators, dams are often operationally flexible within short-to- 
medium time frames (e.g., within a week) (Bakken et al., 2022), even 

while their overall generation of electricity is limited by water avail
ability and requirements to meet other critical functions, including flood 
control, water supply, and environmental flows (Hamlet et al., 2002; 
Delaney et al., 2020). The combination of operational flexibility and 
resource constraints incentivizes hydroelectric dams to operate as 
“peaking” resources, (Rheinheimer et al., 2016; Anindito et al., 2019) i. 
e., to align power generation with periods of the highest market prices or 
marginal system cost, not unlike energy storage devices that exploit 
price arbitrage opportunities (Sbaraglia et al., 2024).

Electricity price forecasts are subject to different sources of error 
stemming from uncertainty in availability of supply (e.g., wind and solar 
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generation) and demand (i.e., electricity load). The standard deviation 
of short-term forecast errors typically range from around 2–4% for load 
and 11–14% for wind (Lu et al., 2013; Hodge et al., 2025). Similar to 
wind and solar power, hydropower is a low marginal cost resource, and 
(all else equal) high volumes of low marginal cost electricity has a 
price-reducing effect in markets, and vice versa (Dimanchev et al., 2021; 
Levin et al., 2025). This raises an important—and to date, unanswered– 
question: what is the importance of hydrologic forecasts in predicting 
electricity prices? Uncertainty regarding inflow of water at hydroelectric 
dams largely determines the amount of hydropower that can be pro
duced within a week (Cassagnole et al., 2021; Arsenault and Côté, 
2019). This uncertainty is thus a plausible source of price forecast error 
in electricity markets. But there is a key difference between the role of 
hydro, wind, solar, and load forecasts in predicting prices: hydroelectric 
dams are controllable (Ding et al., 2021; Egré and Milewski, 2002). 
Profit-maximizing hydroelectric dams are well documented users of 
electricity price forecasts (Cassagnole et al., 2021; Helseth et al., 2023). 
On timescales of hours to weeks, dams can use storage capacity 
(Vardanyan and Hesamzadeh, 2014; Koh and Galelli, 2024) to control 
the timing of outflows (power generation) (Northwest Power and Con
servative Council, 2025; Ahmad and Hossain, 2020). Depending on the 
dam (i.e., its capacity and the market in which it participates), we hy
pothesize that these generation scheduling decisions may exert as strong 
an influence on prices as uncertainty in actual reservoir inflows – or 
perhaps stronger. To our knowledge, no previous work has compared 
the relative importance of uncertainty in reservoir inflows and dam 
operator decisions in determining wholesale electricity prices.

In this paper, we directly compare these two types of information and 
their respective impacts on the quality of electricity price forecasts. We 
utilize two sets of weekly streamflow data (“perfect” and “persistence” 
forecasts) for 267 dams across the U.S. Western Interconnection (WI), 
spanning the period 2000–2019 (Broman et al., 2025). These data (along 
with historical time series of load, wind and solar power) are passed 
through a direct current optimal power flow (DCOPF) model of the bulk 
power grid representing the U.S. WI (Akdemir et al., 2024). to create 

forecasts of hourly electricity prices. We pass the electricity price fore
casts through a dynamic programming model (Broman et al., 2025) that 
optimizes hourly hydropower scheduling decisions (excluding pumped 
storage hydropower) to maximize revenue for each hydropower facility 
individually. The DCOPF model is re-run with these revenue-optimized 
hydropower schedules. This second run of the DCOPF clears the market 
given the committed hydropower generation schedules, yielding 
“actual” prices. We then compare the relative influence of streamflow 
forecast errors on electricity prices to the inadvertent, price-making 
effects of hydropower scheduling decisions.

2. Methods

Our experimental design is summarized in Fig. 1. We make use of 
perfect and persistence reservoir inflow forecasts for 267 dams across 
the U.S. WI. Perfect forecasts represent actual streamflow, while 
persistence forecasts assume that the forecast inflows on the current day 
d through the end of the week are the same as the inflows on the pre
vious day (d-1). This represents a “naive” inflow forecast and a lower 
bound on medium-range inflow forecast skill. The forecast data span the 
period 2000 through 2019 (20 years), with weekly (7-day) rolling ho
rizons, and with the first week of each year set to the first Tuesday of that 
year.

The hydroelectric dams in this region fall into two categories: run-of- 
river, or storage. Run-of-river facilities typically have limited (< 3 days) 
storage capacity and less flexibility regarding water storage and release 
decisions over long periods. Storage facilities are generally larger, can 
store meaningful quantities of water for weeks to seasons, and can 
schedule generation with greater flexibility from their reservoirs over 
longer timeframes (IHA, 2024). In this work, we define storage facilities 
as those with reservoirs found in the Global Reservoir and Dam Dataset 
(Lehner et al., 2011).

Perfect and persistence inflow forecasts are passed through an offline 
reservoir operations model (STARFIT), which estimates weekly releases 
at individual reservoirs. Using a statistical approach, these weekly 

Fig. 1. Schematic of the experiment design showing data inputs, contributing models, and outputs.
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releases are converted to available weekly hydropower generation and 
upper/lower bounds on hourly generation (Stark et al., 2023; Turner 
et al., 20, 2024). These values are then passed through a calibrated 
DCOPF model (DCOPF1) alongside a time series of hourly load, solar, 
and wind power. The DCOPF model optimally schedules hourly hydro
power generation within the week to minimize global system costs, in 
the process of creating hourly forecasts of electricity prices. These 
forecasted prices, together with corresponding hydrologic forecasts, are 
then fed to a hydropower scheduling model (FIScH) (Broman et al., 
2025). FIScH is a dynamic programming (DP) model that optimizes 
weekly hydropower potential into hourly hydropower generation to 
maximize revenue while also adhering to non-powered water manage
ment objectives (ensuring end-of-week reservoir storage is at or near a 
desired storage target) (Broman et al., 2025).

Hourly hydropower generation schedules produced by FIScH are 
then fed into a second instance of the DCOPF model (DCOPF2), which is 
simulated under the exact same conditions as the first instance 
(DCOPF1), except for one: we force DCOPF2 to use the optimal hourly 
hydropower schedules for each dam identified by FIScH. We can then 
compare the two types of price forecast errors: 

a) εflow: differences in hourly electricity price forecasts created by 
DCOPF1 under perfect vs. persistence hydrologic forecasts

b) εscheduling: differences in hourly electricity prices from DCOPF1 vs. 
hourly prices from DCOPF2

The former (a) allows us to evaluate the influence of inflow forecast 
quality on price forecasts. The latter (b) enables us to assess how 
“actual” prices deviate from forecasted prices after optimized generation 
decisions at individual hydro plants (scheduled via the FIScH model) are 
incorporated into the market (DCOPF2).

2.1. Inflow Forecast Datasets

Consistent and long-duration inflow datasets covering the Western 
U.S. do not exist for all our study locations, and therefore we use 
simulated flows. We leverage continental U.S. (CONUS)–wide integrated 
hydrologic simulations developed as part of the Secure Water Act (Kao 
et al., 2024) to produce naturalized runoff and regulated inflow for all 
267 hydropower facilities. The Variable Infiltration Capacity (VIC) hy
drologic model (Liang et al., 1994) simulates runoff using the Daymet 
meteorological forcing data (Thornton et al., 1997) as inputs and cali
brated parameters from Naz et al (Naz et al., 2016). Runoff simulated by 
VIC is then used as inputs into mosartwmpy (Thurber et al., 2021), a 
Python instance of MOSART-WM (Voisin et al., 2013, 2017) that rep
resents river routing and water management at a 1/8th degree resolu
tion across the CONUS. The mosartwmpy model simulates reservoir 
inflows and storage, accounting for the effects of water management and 
water use. Persistence inflow forecasts are created from these simula
tions by using the previous day’s inflow value and assuming that it re
mains constant over the 7-day forecast horizon. A more detailed 
description of the data development process behind the creation of the 
forecast datasets can be found in Broman et. al (Broman et al., 2025).

2.2. STARFIT and Hydropower Model

Time series of reservoir inflows produced by mosartwmpy are passed 
through an offline weekly reservoir operations model (STARFIT) 
(Turner et al., 2021) that contains data-driven reservoir release policies 
for the 267 hydropower facilities in this study to estimate end-of-week 
storage targets, and weekly releases. Weekly total hydropower genera
tion, and the hourly minimum and maximum hydropower generation 
for each dam are developed statistically as described in (Stark et al., 
2023; Turner et al., 2024; Bracken et al., 2025). These factors are 
determined using historical hydropower generation data for each facil
ity and empirical relationships between weekly total and hourly 

minimum and maximum hydropower generation using hourly hydro
power data from several facilities in the Pacific Northwest. A more 
detailed description of the hydropower scheduling workflow is provided 
in Broman et. al (Broman et al., 2025).

2.3. Initial DCOPF model run (DCOPF1)

Weekly values of total hydropower generation and hourly min/max 
generation for each dam are then fed to a DCOPF model of the U.S. WI 
(Akdemir et al., 2024). Alongside hydropower information, inputs to the 
DCOPF model include perfect information regarding hourly electricity 
demand (load), wind, and solar availability (Bracken et al., 2023). The 
model optimally schedules electricity generation at all “dispatchable” 
generators (thermal power plants and hydropower generators) using a 
single, globally cost-minimizing objective. Nuclear plants are assumed 
to be running at full plant capacity. Outputs from the DCOPF model 
include the optimal generation schedule for every power plant 
(including hydroelectric dams) and hourly nodal locational marginal 
prices (LMPs), which are the “shadow costs” (dual variable values) of the 
nodal balance constraints (Kirchoff’s current law) (Akdemir et al., 
2024). LMPs can be thought of as a proxy for the wholesale price of 
electricity at each node in the bulk power network.

The DCOPF we use in this study was developed and extensively 
validated in (Akdemir et al., 2024). It has an ability to capture historical 
price dynamics in key Western markets. GO WEST is part of the larger 
family of GO models, a group that also includes GO ERCOT (Ssembatya 
et al., 2024), and GO EAST, collectively covering the three U.S. grid 
interconnections. The DCOPF model simulates grid operations assuming 
a one-week (168-hour) operating horizon. The model iteratively simu
lates the entire year as 52 separate weeks. The solution of each weekly 
problem is subject to constraints such as meeting hourly electricity de
mand, Kirchoff’s laws, transmission lines’ thermal capacities, generator 
capacities, and ramp rates.

The DCOPF is initially solved twice, once using weekly hydropower 
inputs produced under perfect inflow forecasts, and a second time using 
persistence inflow forecasts. This produces two separate hourly forecasts 
of electricity prices at every node in the DCOPF model. Differences be
tween these two forecasted prices allow us to quantify the impact of 
hydrologic forecast errors on electricity price forecast errors. In Fig. 1, 
we refer to this initial use of the DCOPF model to simulate electricity 
prices as “DCOPF1”. “DCOPF1 Perfect” refers to price forecasts pro
duced using perfect inflow information, and “DCOPF1 Persistence” 
refers to price forecasts produced using persistence inflow forecasts.

2.4. Forecast informed scheduler for hydropower model (FIScH)

After producing forecasts of electricity prices using DCOPF1, those 
forecasted prices are passed to a DP optimization tool that simulates the 
profit-maximizing actions of individual hydropower plants. The opti
mization model, called the Forecast Informed Scheduler for Hydropower 
(FIScH) (Broman et al., 2025), takes the same inflow forecasts that feed 
STARFIT, and it uses the same flow-to-power transfer functions. FIScH 
also uses STARFIT-simulated end-of-week storage targets. FIScH opti
mizes an hourly reservoir release and storage schedule to maximize 
revenue at each individual dam. The output is an hourly hydropower 
schedule for the forecast horizon for each dam.

Each hydropower producer’s constrained revenue maximization 
objective is defined as follows: 

argmax
∑T

t=1
GtLt (1) 

Where, T is the operating or planning horizon in hours, Gt is the 
power production in hour t (MWh), and Lt is electricity price (locational 
marginal price, or LMP) in hour t ($/MWh). A week is selected for the 
planning horizon as it corresponds to real-world practice by hydropower 

H. Ssembatya et al.                                                                                                                                                                                                                             Energy Reports 15 (2026) 109203 

3 



operators and allows non-powered objectives to be parameterized by an 
end-of-week storage target. The hydropower producer must choose 
optimal values of Gt, which correspond to reservoir releases. This choice 
is subject to a basic, weekly hydrologic mass balance at the reservoir: 

Se = Sb +
∑168

t=1
[It − Rt − Nt ] (2) 

Where, Se is the target reservoir storage at the end of the week, Sb is the 
reservoir storage at the beginning of the week, It are forecasted reservoir 
inflows in hour t, Rt is the powered reservoir release in hour t, and Nt is 
the non-powered reservoir release in hour t (spill). Here, Gt = f(Rt, Se), i. 
e., power production in a given hour is a function of powered water 
releases (Rt, which are constrained by maximum turbine throughput) 
and hydraulic head (which is controlled by reservoir elevation and 
tailwater elevation, i.e., a function of Se).

FIScH identifies the optimal values of Gt, constrained by Se = K; that 
is, reservoir storage at the end of period T must equal a level (K) pre- 
specified by the STARFIT model, given beginning-of-week reservoir 
storage level (Sb) and forecasted reservoir inflows (

∑168
t=1 It).

2.5. Feedback to DCOPF model (second run; DCOPF2)

In the final step of our modeling chain, we pass the hourly schedules 
of hydropower generation at each dam optimized by FIScH back into the 
DCOPF model, which “clears” the electricity market. We refer to this 
step as “DCOPF2”. This step represents the “actual” operations of the 
electricity market, given committed hydropower generation schedules. 
The only difference between “DCOPF1” and “DCOPF2” is that in 
DCOPF1, the system operator schedules hourly hydropower generation 
given weekly hydropower forecasts according to its cost-minimization 
objective. In DCOPF2, on the other hand, the hydropower schedule is 
fixed to mirror the optimal release decisions identified by FIScH that 
represent individual hydropower operators.

2.6. Model outputs and analysis

Our analysis centers around a comparison of LMPs, and specifically, 
errors in LMP forecasts. First, we compute the difference between 
forecasted LMPs from DCOPF1 based on perfect hydrologic information 
(“DCOPF1 Perfect”) and forecasted LMPs from DCOPF1 produced using 
persistence forecasts (“DCOPF1 Persistence”). This first comparison, 
termed “εflow” (see Fig. 1), quantifies the errors in market price forecasts 
due to imperfect hydrologic forecast accuracy. As marked in Fig. 1, this 
comparison is simplified as (x1 − x2) where x1 and x2 are hourly fore
casted LMPs from DCOPF1 under perfect and persistence hydrologic 
forecasts, respectively.

Second, we compute the difference between forecasted LMPs pro
duced using perfect streamflow forecast information (“DCOPF1 Per
fect”) and “actual” prices that result from DCOPF2 (“DCOPF2 Perfect”). 
This second comparison, termed “εscheduling”, quantifies the impact of 
hydropower scheduling decisions on price forecast errors. In Fig. 1, this 
portion of work is labeled (x1 − y1), where y1 are hourly LMPs from 
DCOPF2 produced under perfect hydrologic forecasts. We compare 
trends and distributions of “εflow” and “εscheduling” by year (hydrologic 
conditions), season, and location in the bulk power network.

Finally, we evaluate how electricity price forecast errors impact 
revenue forecasts. We compare expected revenues calculated by FIScH 
with actual revenue earned by hydropower producers after they have 
committed to hydropower generation schedules in the cleared market 
(DCOPF2). Note that we also made a comparison between (x2 − y2) (see 
Fig. 1) to assess how the results would change if only persistence fore
casts were used. The findings from this evaluation were very similar to 
those of (x1 − y1), so we report those findings in the Supplemental 
Information.

Two additional methodological choices require mention. First, the 

only input variable to the DCOPF models that changes from year to year 
is hydrologic information. All other DCOPF model inputs (hourly values 
of load, solar, wind generation) were kept constant at the 2019 levels for 
all 20 years in the experiment. This allowed us to attribute results spe
cifically to hydrologic information. Second, because the FIScH model 
does not have a hard constraint for weekly total release and DCOPF1 
does have such a constraint, there were certain years when the total 
hydropower generation from FIScH exceeded the total hydro generation 
from DCOPF1. Since this experiment entails a comparison between 
hourly hydropower generation from DCOPF1 and FIScH, we scaled the 
hourly generation from FIScH, such that the weekly total generation 
from FIScH (and DCOPF2) matched the weekly total from DCOPF1.

3. Results and discussion

We begin by comparing the distributions of price forecast errors 
caused by streamflow forecast quality (εflow) to errors caused by hy
dropower scheduling decisions (εscheduling), using their respective 
“spreads” (or standard deviations) as a measure of error severity. We 
then analyze how hydrologic conditions, seasonality, and geography 
affect price forecast errors. Finally, we discuss the influence of price 
forecast errors on revenue expectations.

3.1. Comparing the Sensitivity of LMP Errors due to Streamflow Forecast 
Quality and Hydro Scheduling Decisions

Fig. 2 shows the distribution of hourly LMP differences (or errors in 
LMPs) from the εflow and εscheduling collected across all 100 nodes of the 
DCOPF model over the entire period of record (2000–2019). In total, 
each violin plot entails 17,472,000 data points. Alongside each violin 
plot in Fig. 2 are the percentiles of the distribution (that is, minimum, 
25th, 50th, 75th percentile, and maximum). The LMP errors in εflow 

range from − 3.6 $/MWh to 4.8 $/MWh, while the errors from εscheduling 

vary between − 32.0 $/MWh to 14.5 $/MWh. These results indicate that, 
while there is no systematic bias in price forecasts (P50 = zero for both 
sources of error), errors in LMPs from hydropower facilities’ scheduling 
decisions (εscheduling) are much larger in range than the LMP errors from 
inflow forecast quality (εflow). Even if the inflow forecast quality were 
significantly improved, actual power prices in the market would still 
deviate considerably from forecasted prices due to price effects caused 
by hydropower operators’ strategic scheduling decisions. In other 
words, the inadvertent influence of hydropower facilities’ scheduling 
decisions overwhelms the value of improved hydrologic forecasts, at 
least in terms of forecasting market electricity prices.

An additional experiment was designed to determine whether the 
uncertainties in LMPs due to production decisions (εscheduling) are a result 
of events at individual nodes or due to changes at surrounding nodes. We 
found that LMP differences were influenced more by decisions by pro
ducers at nearby, surrounding nodes—meaning that an individual dam 
may have little control over/knowledge of how these price forecast er
rors play out. The workflow and detailed findings are shown in the 
Supplemental Information.

3.2. The influence of hydrologic conditions and seasonality of price 
forecast errors

Fig. 3 compares the standard deviation (spread) in LMP errors across 
hydrologic years. In Fig. 3a, each box plot shows the standard deviation 
in εflow (colored green) or εscheduling (colored orange) for all 100 nodes of 
the DCOPF model. Consistent with Fig. 2, the spread in LMP errors 
resulting from hydropower dispatch scheduling (εscheduling) is larger than 
the spread in errors caused by hydrologic forecast errors (εflow) by up to 
one order of magnitude. Given that the WI derives a considerable frac
tion (20–25%) of its electric generation from hydropower (Somani et al., 
2021), it is perhaps unsurprising that the decisions of hydropower 
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Fig. 2. Comparing the differences in LMPs for all hours (8736), nodes (100), and years (20) between using εflow (differences between LMPs forecasted under perfect 
vs. persistence streamflow forecasts) and εscheduling (differences between forecasted and “actual” LMPs).

Fig. 3. a) Standard deviations of LMP forecast errors caused by hydrologic forecast errors (εflow) and scheduling decisions (εscheduling) for each hydrologic year; 
uncertainty shown in box plots is across 100 nodes in the DCOPF model. b) Standard deviations of LMP forecast errors caused by hydrologic forecast errors (εflow) and 
scheduling decisions (εscheduling) averaged across all 100 nodes, plotted against the annual hydro generation.
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producers regarding the timing and magnitude of hydropower genera
tion can influence errors in electricity price forecasts.

Another key takeaway from this analysis is that the spread in LMP 
forecast errors varies meaningfully across years. The years 2001 and 
2015 stand out as having the highest spread in εscheduling. In Fig. 3b, we 
show the spread in εscheduling for each year (y-axis; averaged across all 100 
nodes), and plot the result against the total annual hydropower gener
ation per year (x-axis). Again, the years 2001 and 2015 stand out as 
those with the highest average standard deviations across nodes (y-axis), 
and these are the two driest years in the record. Conversely, wetter years 
(2006, 2011, 2012, 2017) tend to have lower spreads in εscheduling. Thus, 
drier conditions appear to increase the sensitivity of price errors to hy
dropower production decisions. This may be because during dry years, 
there is less hydropower available (forcing the system operator to make 
use of more expensive, fossil fuel alternatives). Under these conditions, 
changes in short-term hydropower scheduling decisions may cause 
appreciably larger changes in prices when compared to wetter years 
with greater hydropower availability.

Fig. 4 analyzes the spread of LMP errors by season. Each data point 
represents the average standard deviation across all 100 nodes in the 
DCOPF model. Here we again observe that the spread in εscheduling is 
larger than the spread in εflow. In general, the largest spread in εscheduling 

occurs during winter, while the summer season generally experiences 
the most variability year-to-year. In dry years (2001 and 2015), for 
example, the summer had the highest spread in εscheduling,while in many 
other (wetter) years, summer had the lowest.

Figure S3 in the Supplemental Information provides some important 
context for these results. The daily spread in εscheduling typically increases 
around mid-summer, when most regions in the WI experience peak 
seasonal electricity demand. Some parts of the WI also experience high 
demands in winter (Voisin et al., 2006). On the other hand, snowmelt, 
which accounts for a large proportion of runoff in the WI (Rheinheimer 
et al., 2016; McCabe and Clark, 2005; Rosenberg et al., 2011), typically 
peaks in late spring/early summer. Thus, late summer and winter are 
high demand periods with relatively less hydropower available; as a 
result, they typically exhibit higher overall LMPs. These conditions 
make it more likely that short-term shifts in hydropower production 
stemming from revenue-maximization in the FIScH optimization will 
cause larger price changes (forecast errors).

3.3. The Spread in LMP forecast errors varies across the bulk power 
network

Fig. 5 shows the 100-node topology of the DCOPF model with each 
node colored to indicate the spread in LMP errors. Results here are 
averaged across hydrologic years. Fig. 5a shows the spread of εflow by 
node, while Fig. 5b shows the spread of εscheduling by node. Again, the 
spread in εflow is generally much smaller $/MWh (0.1–0.2) than the 
spread in εscheduling $/MWh (0.6–1.3). Yet, both plots show a common 
spatial pattern: the spread of LMP errors is highest in the Pacific 
Northwest (PNW).

This is likely due to the very large amount of installed hydropower 
capacity in the PNW (Somani et al., 2021). Outside of the PNW, the LMP 
spread is highest in the coastal California subregion and lower towards 
the inland subregions. Together, these results point to an intuitive 
conclusion: in markets where hydropower meets a larger fraction of 
demand, advanced knowledge of hourly hydropower production de
cisions– and, to a lesser extent, daily reservoir inflows—probably carries 
more information that is useful in predicting electricity prices. How 
useful would this information be in practice? To put things in perspec
tive, the average modeled wholesale price across the WI is $17.5/MWh. 
Averaged across all hydrologic years, the node with the largest standard 
deviation in εscheduling experiences errors with a spread of around 
$1.3/MWh. In the next section, we explore how electricity forecast er
rors translate to revenues.

3.4. “Optimal” production decisions generally result in lower-than- 
expected revenues

In the final piece of our analysis, we computed the difference be
tween forecasted hydropower revenues (hydropower revenues esti
mated by FIScH) and the “actual” revenue realized by the same dams. 
The latter we calculate as the hourly hydropower schedules optimized 
by FIScH valued using the prices “cleared” by DCOPF2. In both cases, 
perfect streamflow forecasts are used. The difference between forecasted 
and actual revenues is calculated for every dam in every hour of the 
simulation period (2000–2019). In Fig. 6, the differences between 
forecasted and actual revenues (caused by hydropower scheduling de
cisions) are plotted by year. In the figure, positive values indicate 
greater-than-expected revenues, while negative values represent lower- 
than-expected revenues. A majority of years (all except for years 2006 

Fig. 4. Comparing the results by season and by year of the spread (standard deviation) in LMP differences between εflow (errors due to hydrologic forecast errors), and 
εscheduling (differences resulting from scheduling decisions optimized by the FIScH optimization model).
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and 2016) experienced negative revenue values, with the largest being 
in the year 2010 (-$13.8 million). Averaged across all years, the 
monetized value of forecast errors was -$7.5 million/year (representing 
about 0.3% of total revenues).

When we evaluate revenue differences at the nodal level, geography 
plays an important role. Fig. 7 tracks nodal differences in forecasted and 
actual hydropower revenues during a representative year (the year 
2000). We observe similar patterns across most years; analogous visu
alizations for all years in the experiment can be found in the Supple
mental Information (Figure S7 and S8). Fig. 7a shows the revenue 
difference in dollars, while Fig. 7b explores the percentage difference. 
From Fig. 7a, it is observed that revenue changes at the majority of the 
nodes outside of the PNW are modest (closer to zero). Within the PNW, a 
few nodes drive the vast majority of the revenue forecast errors across 
the entire system.

Fig. 7b reveals that the positive and negative percentage differences 
between forecasted and actual revenues are spread across the WI. 

Nonetheless, these differences are modest everywhere (+/- 1%), even in 
the PNW. Overall, the trend is towards lower-than-expected revenues, 
with that trend driven largely by the influence of a few large dams in the 
PNW.

4. Limitations and key assumptions

Some limitations of our approach are worth noting. Across all 20 
simulation years (2000–2019) only hydrologic information varies year- 
to-year; all the other hourly inputs to the DCOPF model, such as solar 
and wind generation, and load, were intentionally set to historical 2019 
values as an experimental control.

Our simulations do not consider the operations of pumped storage 
hydropower. Additionally, while our modeling represented 267 large 
conventional dams in the WI (about 95% of conventional installed ca
pacity in the WI), many smaller dams were excluded for the analysis. In 
some cases, this was due to a lack of data, and in others due to 

Fig. 5. The 100 node topology of the DCOPF model showing the standard deviation in LMP errors ($/MWh). a): εflow(errors in prices due to hydrologic forecast 
errors). b): εscheduling (differences resulting from scheduling decisions optimized by the FIScH optimization model).

Fig. 6. Monetized value of price forecast errors caused by hydropower scheduling decisions optimized by FIScH.
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computational limitations. For a small number of dams, FIScH could not 
find an optimal solution to the scheduling problem within the time 
constraints allocated by our high-performance computing resources, so 
they were left out of the DCOPF2 runs. To reconcile this, the DCOPF2 
weekly nodal hydro totals were scaled to match the weekly totals from 
DCOPF1.

In addition, unlike the first instance of the DCOPF model (DCOPF1), 
which constrains weekly total hydropower production based on input 
from STARFIT (the weekly reservoir operation model), FIScH does not 
strictly enforce an upper bound on weekly total hydropower generation. 
Instead, it penalizes deviating from the end-of-week storage target. As a 
result, total hydropower generation scheduled by FIScH was not equal to 
the totals in DCOPF1. So, we scaled the FIScH outputs of hourly hy
dropower generation such that the weekly totals from both models 
matched. If the FISCH outputs of weekly hydropower generation had not 
been scaled, there would be a slight decrease in the average DCOPF2 
prices and the standard deviation of εscheduling relative to the reported 
values, due to an increase in low marginal cost hydropower supply, 
which would slightly decrease prices on average.

Other limits of our analysis concern the representation of in
stitutions. In reality, competitive wholesale electricity markets in the U. 
S. are multi-stage, including both forward (day-ahead) and real-time 
markets for electricity. Data availability and computational resources 
are current challenges to those improvements. We assume load and 
renewable generation are deterministic and known with perfect fore
sight (thus, no need for two markets).

5. Conclusions

In this study, we examined how the role of short-to-medium range 
hydrologic forecast errors may propagate into electricity price forecast 
errors across an entire interconnect. We compare this effect to electricity 
price errors caused by hydropower operators’ scheduling strategies. 
Aiming to maximize revenue, individual dams align generation sched
uling with hours with the highest forecasted prices. This behavior 
inadvertently causes prices in those same hours to decrease (and in
crease in others), causing price forecast “errors” that can be roughly 10x 
larger than the errors caused by inaccurate (persistence) forecasts of 
daily reservoir inflows. Variance in price forecast errors is influenced by 
season and hydrologic conditions (larger in winter/summer of dry 
years), and by geography (highest at a small number of large dams in the 
Pacific Northwest).

Our modeling framework and experimental results could be useful to 
system planners and operators. Overall, our results suggest that 
improving near-term streamflow forecast accuracy is unlikely to lead to 
improved day-ahead electricity price forecasting. Rather, revenue 

optimization decisions should potentially take greater account of the 
influence of scheduling decisions, which more strongly affect price and 
revenue projections.
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