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1

1 Abstract

2 This paper analyzes the impacts of improved day-ahead solar forecasts on costs and dispatch in the 
3 solar-rich Southeast U.S. It uses a high-solar, high-storage resource portfolio in which solar generation 
4 capacity accounts for 45% of total installed capacity (34%-36% of generation) and energy storage 
5 capacity (43 GW) is equivalent to 33% of peak demand. In a base scenario, improved day-ahead solar 
6 forecasts reduce production costs by $87 million per year ($0.13 per MWh load, 2023$). This level of 
7 savings is within the range or lower than earlier studies of solar forecast improvements at lower levels of 
8 solar generation (< 25% of total generation). In this study, solar expansion was accompanied by two 
9 important sources of flexibility for managing solar forecast error: energy storage and day-ahead solar 

10 curtailment. The analysis finds that regional coordination complements day-ahead solar forecast 
11 improvements while natural gas commitment flexibility is a substitute for forecast improvements. Day-
12 ahead solar forecast improvements reduce reserves required to manage forecast error by 30%. Fewer 
13 reserves to manage large, infrequent solar forecast errors could be an important benefit of improved 
14 solar forecasts.

15 Keywords: Solar PV, solar forecast, energy storage, system flexibility

16

17 1. Background
18 Since the mid-2010s a growing number of studies have examined the benefits of improved solar 
19 forecasts, from both solar plant operator and system operator perspectives. Studies from a solar plant 
20 operator perspective examined reduced penalties, imbalance costs, or reserves requirements from 
21 improved forecasts, covering diverse geographic contexts: Australia [1], California [2,3], Spain [4,5], and 
22 in U.S. organized markets [6]. These studies found significant benefits (lower penalties, imbalance costs, 
23 required reserves) to market participants that, in many cases, increased linearly with increases in solar 
24 forecast accuracy. 

25 Studies from a system operator perspective have examined the change in system costs or market costs. 
26 Martínez-Anido et al. [7,8] examined the impacts of uniform (25% to 100%) improvements in solar 
27 forecasts for solar penetrations ranging from 4.5% to 18% in ISO-NE. The study found that 
28 improvements in day-ahead solar forecasts reduced real-time generation from faster start combustion 
29 turbines and steam plants, startup and shutdown costs, ramping, and curtailment, leading to production 
30 cost savings that ranged from $0.11-$1.42/MWh, with the range driven mainly by the level of forecast 
31 improvement and the level of solar generation. Total benefits increased with solar forecast 
32 improvements and solar generation levels, but there were diminishing returns to forecast 
33 improvements. 

34 Hodge et al. [9] studied the impacts of solar and wind forecasting improvements (uniform 20% and 40% 
35 improvements) with different levels of wind and solar generation (0% to 56%, up to approximately 25% 
36 solar) and different levels of energy storage (100 MW/400 MWh and 200 MW/800 MWh) for a generic 
37 118 bus system with San Diego Gas & Electric (SDG&E) loads and generation mixes from the California 
38 Independent System Operator (CAISO, higher gas) and Midcontinent Independent System Operator 
39 (MISO, higher coal) regions. The study found that improved solar and wind forecasts led to $0 to $7 
40 million in annual production cost savings across scenarios ($0.04-$0.28/MWh, assuming an annual load 
41 of 25 TWh for SDG&E), with higher savings in higher renewable scenarios and in many cases with higher 
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2

42 forecast improvements. In most cases, storage reduced the value of renewable forecast improvements 
43 but only between the “no storage” and 100 MW scenarios. 

44 Goodarzi et al. [10] analyzed historical data to examine the impact of wind and solar forecast errors on 
45 energy imbalances and spot market prices in Germany. The analysis found that higher wind and solar 
46 forecast errors tend to increase imbalances and spot prices, though wind forecast errors had a larger 
47 impact than solar forecast errors. Wang et al. [6] used 2012-2019 day-ahead and real-time market prices 
48 to calculate the costs of solar forecast errors in different U.S. independent system operator (ISO) 
49 markets, with day-ahead solar forecasts calculated using the North American Mesoscale (NAM) model 
50 and a persistence algorithm. The analysis found that the cost of solar forecast errors in different ISOs 
51 was generally less than $1/MWh, that costs were higher in ISOs with more solar, and that solar forecast 
52 improvements had diminishing returns. 

53 Hobbs et al. [11] used synchronous (concurrent with each hour in the same year) and asynchronous 
54 (errors taken from different times) solar reforecasts and a multi-stage production simulation model to 
55 examine the cost of solar forecast errors and the impact of forecast improvements in the Southern 
56 Company service territory with approximately 15% solar generation. The study found $10 million in 
57 annual costs ($0.06/MWh) from solar forecast errors, $7 million in savings ($0.04/MWh) from a 50% 
58 reduction in forecast cost error, and diminished returns to forecast error improvements. Cui et al. [12] 
59 studied the reliability benefits of improved solar forecasting on multiple time scales (day-ahead, hour-
60 ahead, five-minute, sub-five-minute), focusing on reliability metric improvements rather than costs. The 
61 study found that a 10% improvement in solar forecast accuracy led to a 9%-13% reduction in control 
62 performance score (CPS) violations. 

63 There has been little to no documentation of the cost of solar forecast improvements. Since the early 
64 2010s there has been an understanding within the U.S. electricity industry that the cost of developing 
65 and implementing wind and solar forecasting systems would be small relative to benefits [13]. Drawing 
66 on U.S. examples, Gandhi et al. [14] report that thus far the cost of wind and solar forecasting systems 
67 has been low. For instance, CAISO charges wind and solar plant owners $0.10/MWh (per MWh of wind 
68 and solar generation) to use its wind and solar forecasting systems [15], which implied forecasting costs 
69 per unit load of $0.03/MWh in 2023 [16]. However, the cost of improving solar forecasts is less well-
70 understood. 

71 To summarize these studies, improvements in solar forecasts generally benefit both plant operators and 
72 the broader transmission system (system operator perspective), though as Luoma et al. [2] noted plant 
73 operators (market participants) may not always have an incentive to submit accurate forecasts in their 
74 market offers. From a system operator perspective, the cost of solar forecast error, and the benefit from 
75 improving solar forecasts, was between $0.04/MWh-$1.42/MWh with the resource mixes studied. The 
76 benefits of improved solar forecasts increased with higher levels of solar, but in most cases the systems 
77 studied had solar generation levels of less than 20%. More system flexibility appeared to reduce the 
78 benefits of improved solar forecasts in some studies [6,9], but the relationship between solar forecasts 
79 and flexibility was not studied systematically. Solar forecasts appeared to have a significant impact on 
80 storage operations in the Hodge et al. [9] study but the relationship between solar forecasting and 
81 storage operations was also not studied in depth.

82 This study focuses on a system operator perspective. It builds on prior studies but extends the analysis 
83 in several ways. First, it examines the operational impacts of an improved solar forecast in a system with 

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5638086

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



3

84 higher levels of solar (45% of installed capacity) and energy storage (43 GW, 33% of peak demand) than 
85 have been previously studied. It focuses on a solar-rich region (Southeast U.S.) that has very little wind 
86 generation but instead has a diverse mix of coal, hydro, natural gas, and nuclear generation. Second, this 
87 study considers base and improved solar forecasts that are structurally different from one other, rather 
88 than assuming uniform improvements in forecast accuracy. Third, it more explicitly studies the 
89 relationship between the benefits of solar forecast improvements and system flexibility, including the 
90 flexibility to import from and export to neighboring systems and the flexibility of natural gas generation. 
91 Fourth, it uses a more realistic characterization of day-ahead and real-time operations and reserves than 
92 in most previous studies, with hourly day-ahead scheduling that constrains 15-minute real-time dispatch 
93 and solar forecasts rather than solar profiles in day-ahead lookaheads.

94 2. Methods
95 This section describes the geographic focus of the study, the resource portfolios used in the analysis, 
96 methods for solar forecasts and forecast errors, methods for calculating forecast error reserves and 
97 reserve amounts, methods for production simulation, and the modeling scenarios used in the analysis. 

98 2.1 Geographic Focus and Resource Portfolios
99 This study focuses on four regions in the solar-rich Southeastern U.S., covering Alabama, Georgia, 

100 Kentucky, North Carolina, South Carolina, and Tennessee. The four regions include DUK (Duke Energy 
101 Carolinas, Duke Energy Progress Energy Carolinas, Dominion Energy South Carolina, and South Carolina 
102 Public Service Authority), LGEE (Louisville Gas & Electric and Kentucky Utilities), SOCO (Southern 
103 Company), and TVA (TVA) (Figure 1). They approximately capture but do not match up perfectly with 
104 balancing (control) areas and thus we refer to them as ‘balancing regions’ in this analysis. 
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105  
106 Figure 1. Map of Southeast Study Region

107 The resource portfolios we use in the analysis are from the medium PV high storage (MPHS) scenario in 
108 Kahrl et al. [17], which is a future year (2035) scenario. We chose the MPHS scenario because it has high 
109 levels of both solar PV and storage capacity, relative to current capacity, but still has a significant 
110 amount of coal, natural gas, and nuclear generation. The MPHS portfolios were developed for using the 
111 ReEDS model [18], a national capacity expansion model, and contain least-cost resource mixes that were 
112 developed using a consistent set of assumptions across all four regions. In total, the four regions have 
113 137 GW of installed solar photovoltaic (PV) capacity (45% of total installed capacity) and 43 GW / 292 
114 GWh of energy storage (33% of coincident peak demand, 0.04% of annual energy consumption). 
115 Appendix A.1 has additional detail on the resource portfolios.

116 2.2 Solar Forecasts
117 The analysis compares two day-ahead solar forecasts: (1) a less accurate forecast, using a simple day-
118 ahead persistence (PST) forecast, and (2) a more accurate forecast, based on the North American 
119 Mesoscale (NAM) forecast system. NAM is a numerical weather prediction model produced by the U.S. 
120 National Centers for Environmental Prediction (NCEP) that is commonly used in solar forecasting studies 
121 [3,6,12]. We chose these forecasts to meet two main study design criteria: (1) use of publicly available 
122 data, (2) structural differences between the less and more accurate forecasts rather than uniform 
123 improvements. Persistence forecasts have been used as the base (less accurate) forecast in studies 
124 where the more accurate solar forecast is not based on uniform improvements [6].

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5638086

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



5

125 We use NAM to develop forecasts and real-time solar profile data (see Appendix A.2). We calculate the 
126 simple day-ahead persistence forecast by assuming that available solar in hour h of a future day (Sd+n,h, n 
127 days into the future) is equal to the current day’s available solar in hour h (Sd,h). For instance, the 
128 persistence forecast for a day-ahead forecast will be Sd+1,h = Sd,h, the second day in a 24-hour lookahead 
129 will be Sd+2,h = Sd,h, and so on (see Section 2.4 for a description of lookahead periods). For the NAM 
130 forecasts, we develop forecasts for day-ahead (24-hour-ahead) and the day-ahead lookahead periods 
131 (48 and 72 hours ahead of the forecast interval) using the methods described in Appendix A.2.

132 Although forecast accuracy can be difficult to compare across studies, forecast accuracy improvements 
133 in previous studies provide a useful benchmark for this study (Table 1). The forecast accuracy 
134 improvements in this study are on par with those in Hodge et al. [9] and Hobbs et al. [11] and are 
135 consistent with improvements in reported monthly solar forecast errors in CAISO, which were 3.5%-
136 6.0% in 2018-2019 and improved to 2.2%-4.1% in 2021-2022 [19,20]. Zhang et al. [21] present a more 
137 extensive list of metrics for comparing solar forecasts and forecast improvements. Appendix A.3 
138 provides additional forecast error results.

139 Table 1. Total Normalized Mean Absolute Errors (NMAE) and Normalized Root Mean Square Errors 
140 (nRMSE) in this Study Relative to Other Studies

Metric Value
Including zero values Excluding zero values

This study
NMAE 5.5% 9.7%

Persistence forecast
nRMSE 10.8% 14.4%
NMAE 2.8% 4.9%

NAM forecast
nRMSE 5.8% 7.7%

Hodge et al. [9]
Base forecast NMAE 2.0%-2.4%
20% forecast improvement NMAE 1.5%-1.9%
40% forecast improvement  NMAE 1.1%-1.4%
Wang et al. [6]
Persistence forecast nRMSE 15.0%-23.6%
NAM forecast nRMSE 13.4%-20.8%
Hobbs et al. [11]
Base forecast NMAE 5.3%
Forecast error reduced by half NMAE 2.7%

141 Notes: Total refers to Southeast region wide. In this study, we normalize errors by installed capacity rather than 
142 maximum generation. Including nighttime hours (zero solar values) reduces error metrics relative to excluding 
143 nighttime hours. NMAE metrics in Hodge et al. [9] include zero values. Wang et al. [6] exclude zero values. Hobbs 
144 et al. [11] did not specify whether zero values were included, though we assume here zero value periods were 
145 excluded as base NMAE (5.3%) roughly match the NMAE in the NAM forecasts in this study (4.9%).

146 2.3 Forecast Error Reserves
147 Increasing reserves to manage solar forecast error can improve system balance [22]. We hold three 
148 kinds of operating reserves in production simulation modeling, based on the approach in previous 
149 studies [23,24,25]: (1) day-ahead and real-time spinning and non-spinning contingency reserves, each 
150 3% of load; (2) day-ahead spinning and non-spinning forecast error reserves to manage day-ahead solar 
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6

151 and wind forecast error, equivalent to 1 and 2 standard deviations of day-ahead forecast errors, 
152 respectively; and (3) day-ahead and real-time regulation reserves, equivalent to 1% of load plus reserves 
153 to manage 3 standard deviations of 15-minute forecast errors. For more on the reserve calculation 
154 methods, see [17].

155 We calculate forecast error-related reserves exogenously using solar and wind profile data. In the 
156 model, we hold all three kinds of reserves in the day-ahead simulations but release the day-ahead 
157 forecast error reserves (2) in the real-time simulations. We pool (share) day-ahead forecast error 
158 reserves (2) across the Southeast region due to the high level of reserve requirements, assuming they 
159 would be pooled in practice. We allow solar and wind generation to provide spinning and regulation 
160 reserves [24] and energy storage to provide all reserves. 

161 Table 2 shows annual average day-ahead forecast error reserve (2) requirements. The average reserve 
162 levels in Table 2 are high relative to the amount of operating reserves that system operators currently 
163 tend to hold due to the high levels of solar generation in this study. Relative to the persistence forecast, 
164 the NAM forecast reduces spinning and non-spinning reserves required to manage day-ahead forecast 
165 error by around 30%. 

166 Table 2. Annual Average Day-Ahead Load Following Reserve Requirements with Persistence (PST) and 
167 NAM Forecasts

Forecast Average spinning reserves 
(MW, % load)

Average non-spinning reserves 
(MW, % load)

PST 12,766 (16%) 25,533 (33%)
NAM 8,789 (11%) 17,579 (22%)

168 Notes: The reserve requirements in Table 2 are pooled across the Southeast region. Pooled reserves are calculated 
169 for the four balancing regions as a whole by using the sum of solar and wind profiles for the four balancing regions 
170 to calculate solar and wind forecast errors. We include wind resources in the reserve calculations for 
171 completeness, but most of the solar and wind forecast error is driven by solar resources because solar installed 
172 capacity (137 GW) is much larger than wind (6 GW).

173 2.4 Production Simulation
174 We use two-stage production simulation modeling to mimic day-ahead scheduling and real-time 
175 dispatch processes. All production simulation in this analysis uses the PLEXOS energy modeling software. 
176 We simulate the day-ahead and real-time stages separately. Figure 2 shows the structure for each stage. 
177 For the day-ahead stage, the model solves each day sequentially, passing each unit’s commitment status 
178 (on or off), up and down times, schedule, and battery state-of-charge (SOC) to the next day. Each day’s 
179 forecast includes at least a one-day lookahead. For instance, with a two-day day-ahead lookahead (two 
180 days after the next day), the day-ahead simulation for January 2 uses 24-hour-ahead (January 2), 48-
181 hour-ahead (January 3), and 72-hour-ahead (January 4) forecasts that would have all been generated on 
182 January 1. The model solves for the entire period (in this case, January 2 to 4) but only keeps the results 
183 of the day being simulated (January 2).
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184
185 Figure 2. Illustration of day-ahead and real-time simulations

186 Once the day-ahead simulations are complete, the model solves 15-minute real-time dispatch for each 
187 hour sequentially. The model passes day-ahead commitment and dispatch results for that hour and 
188 commitment, up and down time, dispatch, and battery SOC from the previous hour to that hour’s real-
189 time simulation. Each hourly real-time simulation contains a multi-hour lookahead. For instance, a 12-
190 hour lookahead from hour beginning (H.B.) 00:00 means that the model solves for the period from 00:00 
191 to 13:00 but only keeps the results of the dispatch interval (00:00-01:00).

192 The model allows users to specify both the time horizon and resolution of lookahead periods for day-
193 ahead scheduling and real-time dispatch. For solar forecasts, both the forecast horizon and its resolution 
194 impact operations [27,28]. In this analysis, we use base lookahead configurations and then consider 
195 longer day-ahead and real-time lookahead periods as sensitivities. In the base case day-ahead 
196 simulations, we use a 24-hour day-ahead lookahead (one day lookahead after day-ahead) with 4-hour 
197 time resolution. In the base case real-time simulations, we use a 12-hour lookahead (12-hour lookahead 
198 after the real-time interval) with 4-hour time resolution. In sensitivity cases, we alternately examine a 
199 48-hour day-ahead lookahead with 4-hour time resolution and a 24-hour real-time lookahead with 4-
200 hour time resolution. All of the day-ahead lookaheads use solar forecasts (NAM or persistence) rather 
201 than solar profile data. The real-time lookaheads use solar profile data rather than solar forecasts, 
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202 assuming perfect foresight. Load and wind use profile data for both day ahead and real time, thus 
203 assuming perfect foresight rather than forecasts.

204 Figure 3 illustrates the time horizon and resolution of lookaheads for solar. For day D (January 1 in the 
205 figure), the day-ahead solar forecast is hourly and covers January 2 (D+1). For day D+2 (24-hour 
206 lookahead), the day D solar forecast covers January 3 in 4-hour blocks. In the longer day-ahead 
207 lookahead sensitivity, the day D solar forecast covers January 4 (day D+3, 48-hour lookahead) in 4-hour 
208 blocks. In real-time, each hour has 4 15-minute intervals with actual available solar data and, in the base 
209 case, uses a 12-hour lookahead in 4-hour blocks. The longer real-time lookahead sensitivity adds an 
210 additional 12 hours to the real-time lookahead, in 4-hour blocks.

211
212 Figure 3. Illustration of solar forecasts and profiles in day-ahead and real-time lookaheads

213 Different types of generation units have different limits on the extent that they can be turned on and off 
214 and re-dispatched in real-time. For nuclear, hydro, and distributed PV generation, we do not allow real-
215 time re-dispatch of day-ahead schedules. For coal, gas combined cycle (GCC), biomass, and other steam 
216 generation, we do not allow real-time commitment (or de-commitment) but allow real-time re-dispatch. 
217 In a flexible gas scenario, we allow GCC generation to be committed and de-committed in real-time. For 
218 simple cycle gas combustion turbines (GCT), wind, utility-scale PV and energy storage, we allow both 
219 commitment/de-commitment and re-dispatch in real-time. 

220 We limit the production simulation modeling to the four balancing regions in the Southeast. We 
221 consider two scenarios for how the four balancing regions interact. In a low coordination scenario, we 
222 assume relatively high ($32/MWh, 2023$) hurdle rates among balancing regions and require all 
223 balancing regions to hold their own operating reserves, though we allow forecast error reserves to be 
224 pooled across regions. In a high coordination scenario, we remove hurdle rates ($0/MWh), allow 
225 forecast error reserve sharing, and allow all operating reserves to be held in any of the four balancing 
226 regions. 
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227 2.5 Modeling Scenarios
228 The analysis considers three scenarios and two sensitivities (Table 3). The Base scenario uses a 24-hour 
229 hour day-ahead lookahead, a 12-hour real-time lookahead, does not allow GCC units to be turned on or 
230 off in real-time, imposes a $32/MWh hurdle rate between regions, and requires that each balancing 
231 region hold its own reserves. The High Coordination (HighCoord) scenario is the same as the Base 
232 scenario except that it removes hurdle rates between regions and optimizes reserve location throughout 
233 the Southeast region. The Flexible Gas (FlexGas) scenario is the same as the Base scenario except that 
234 allows GCC units to be turned on and off in real-time dispatch. The Longer Day-Ahead Lookahead 
235 (LongDALook) sensitivity is the same as the Base scenario but uses a longer day-ahead lookahead. We 
236 also examine a Longer Real-time Lookahead (LongRTLook) sensitivity in Appendix B.4.

237 Table 3. Scenarios and Sensitivities Examined in this Analysis

Scenario
Base  24-hour day-ahead lookahead

 12-hour real-time lookahead
 Fixed day-ahead GCC commitment
 $32/MWh hurdle rates
 Balancing regions hold reserves

HighCoord Same as Base except:
 $0/MWh hurdle rates
 Optimized reserve location

FlexGas Same as Base except:
 RT GCC commitment

Sensitivity
LongDALook Same as Base except:

 48-hour day-ahead lookahead
LongRTLook Same as Base except:

 24-hour real-time lookahead
238

239 3. Results
240 This section is organized into six sub-sections by topic area: (1) production costs, (2) unit commitment 
241 and dispatch, (3) emissions, (4) operations during days with the worst forecast errors, (5) reserve 
242 violations and capacity needs, and (6) the day-ahead lookahead sensitivity. In most cases, we report 
243 results for the four balancing regions as a whole rather than for each balancing region individually. 

244 3.1 Production Costs
245 Table 4 shows production costs by component, total costs (sum of component costs), and total unit 
246 costs (cost divided by annual load), for each of the three scenarios and the NAM and persistence (PST) 
247 forecast cases. Improved forecast accuracy in the NAM case reduces production costs by $87 million per 
248 year ($0.13/MWh [2023$], or by 0.9%) in the Base scenario and $230 million per year ($0.34/MWh, or 
249 by 2.5%) in the HighCoord scenario (more import and export flexibility), but increases production costs 
250 by $41 million per year ($0.06/MWh, or by 0.5%) in the FlexGas scenario (higher GCC flexibility). 
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251 Table 4. Production Costs (2023$) by Scenario for NAM and Persistence (PST) Forecast Cases

Base HighCoord FlexGas
NAM PST NAM PST NAM PST

Start costs (M$) $1,223 $1,323 $1,437 $1,669 $1,335 $1,297
Fuel costs (M$) $6,999 $6,976 $6,687 $6,665 $6,593 $6,575
VO&M costs (M$) $901 $911 $794 $814 $863 $878
Total costs (M$) $9,124 $9,211 $8,918 $9,148 $8,791 $8,750
Total unit costs ($/MWh) $13.32 $13.45 $13.02 $13.36 $12.83 $12.77

252

253 Figure 4 shows total production cost changes (NAM minus PST) by production cost component, 
254 generation type, and scenario. In the Base scenario, cost savings are mainly due to lower GCC start costs 
255 and coal fuel costs, which outweigh the increase in GCC fuel and GCT start and fuel costs. In the 
256 HighCoord scenario, cost savings are mainly due to lower GCC start costs and coal and GCT fuel costs, 
257 which outweigh the increase in GCC fuel costs. In the FlexGas scenario, cost increases are mainly due to 
258 higher GCC fuel and start costs, which outweigh the decrease in coal fuel and start costs. The overall 
259 cost increase in the FlexGas scenario is likely due to sub-optimal coal and gas commitment with the 
260 NAM forecast (Appendix B.2).

261
262 Notes: Other includes oil and gas steam units and biomass units.

263 Figure 4. Changes in production costs in NAM relative to PST (NAM minus PST) by generation type and 
264 scenario

265 The changes in costs shown in Figure 4 have complex drivers, due to the multi-day horizon for startup 
266 and shutdown decision-making and the structural differences between the NAM and PST forecasts. To 
267 explore cost drivers, we performed a simple regression of daily cost changes (NAM – PST) on daily solar 
268 availability, load levels, forecast improvements, and seasons using the Base scenario (see Appendix B.1 
269 for a more detailed description). Daily cost changes are significantly correlated with daily solar 
270 availability (higher cost savings on low solar days [p < 0.01]), load levels (higher savings on high load 
271 days [p < 0.01]), PST forecast error (higher savings with higher absolute errors [p < 0.01]), forecast 
272 improvements (higher savings with higher forecast improvements [p < 0.01]), and with some seasons 
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273 (higher savings in spring [p < 0.05] and summer [p < 0.01]). However, these variables explain only a 
274 limited amount of the variability in daily cost changes (adjusted R2 = 0.29).

275 Beyond correlations, it is difficult to find clearer patterns and draw more general conclusions about the 
276 relationship between production cost changes and solar forecast characteristics. Figure 5 shows changes 
277 in daily production costs between the NAM and PST forecasts for low solar days, high load days, and all 
278 other days as a function of forecast improvements in NAM for the Base scenario. Daily forecast 
279 improvements generally, but not always, reduce daily costs. Larger changes in daily costs do not 
280 disproportionately occur on low solar or high load days relative to other days.

281
282 Notes: Q1-Q4 indicate the four quadrants. Cost increase means that daily costs in the NAM case are higher than 
283 daily costs in the PST case. Higher forecast error means that daily forecast error in the NAM case is higher than 
284 daily forecast error in the PST case. Low solar and high load days are defined using an 80% exceedance probability. 
285 Daily forecast error improvement is the reduction in the absolute forecast error between the NAM and PST cases. 

286 Figure 5. Change in daily production costs in the Base scenario as a function of daily forecast error 
287 improvement (NAM-PST) for low solar days, high load days, and other days

288 3.2 Unit Commitment and Dispatch
289 We define over-forecast days as days in which actual daily solar (MWh per day) is less than forecasted 
290 daily solar, and under-forecast days as days in which actual daily solar is greater than forecasted daily 
291 solar. Appendix B.2 describes unit commitment and dispatch results for the HighCoord and FlexGas 
292 scenarios

293 Figure 6 shows changes in real-time average daily dispatch (top panels) and day-ahead and real-time 
294 average daily starts (total MW, bottom panels) between the NAM and PST forecasts in the Base 
295 scenario. On days with a PST over-forecast (actual solar < forecast, lefthand side of Figure 6), in the NAM 
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296 case the model de-commits less GCC capacity day-ahead than the PST case during the middle of the day 
297 and commits less GCC capacity from 14:00 to 18:00 (hour ending). As a result, in the NAM case the 
298 model has more GCC capacity available to manage lower than expected solar availability but curtails 
299 more solar due to higher total minimum generation levels. With less GCC generation available during 
300 the real-time evening solar ramp, in the PST case the model discharges more storage, reduces storage 
301 charging, and dispatches more GCT units than in the NAM case in the mid- to late-afternoon. In the NAM 
302 case, the model starts less GCC capacity in hour 24:00 than in the PST case, which is difficult to attribute 
303 to specific forecast events. 

304 On days with a PST under-forecast (actual solar > forecast), in the NAM case the model absorbs and 
305 stores more solar generation (less curtailment) than in the PST case, discharges more storage from 
306 01:00-07:00 due to higher solar generation, and starts and dispatches more GCT generation in the 
307 evenings and mornings. As a result, the NAM case has less GCC, coal, and hydro generation and commits 
308 less GCC capacity than in the PST case. It is important to keep in mind that the differences in GCC starts 
309 all occur on a day-ahead time horizon, because GCC cannot be committed or de-committed in real-time 
310 in the Base scenario, and thus should be seen as a day-ahead response to different forecasts rather than 
311 a real-time response to forecast errors.

312
313 Notes: A positive (negative) value for generation, storage discharge, and curtailment means that they are higher 
314 (lower) in the NAM case than in the PST case. A positive (negative) value for storage charging means that it is lower 
315 (higher) in the NAM case than in the PST case. If storage losses (not shown) were included, the hourly differences 
316 between the NAM and PST cases would exactly balance. Curtailment is shown though it is not part of the NAM 
317 minus PST energy balance because the figure shows actual solar generation rather than available solar energy. 
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318 Figure 6Error! Reference source not found.. Changes in average daily dispatch (top plots) and starts 
319 (bottom plots) between the NAM and PST forecasts for PST over-forecast and under-forecast days, 
320 Base scenario

321 Table 5 shows changes in annual real-time generation, storage charging, and curtailment between the 
322 NAM and PST cases for the Base scenario. The largest changes are in GCC generation (+3.1 TWh in NAM 
323 relative to PST) and coal generation (-3.0 TWh). As illustrated in Figure 6, changes in coal and GCC 
324 generation are the result of interactions involving solar, storage, GCT, and hydropower generation 
325 rather than direct substitution.

326 Table 5. Annual Generation (TWh/yr) in the NAM and PST Cases, Change in Annual Generation (∆, 
327 NAM-PST), and Percentage Change (%∆) in Annual Generation, Base Scenario

Coal GCC GCT OTH NUC HYD WND PV STD STC CURT
NAM 59 117 10 5 216 32 22 237 66 77 68
PST 62 114 9 5 216 33 22 236 65 76 69
∆ -3.0 3.1 0.6 0.1 0.0 -1.6 0.2 0.9 1.2 1.5 -1.1
%∆ -5% 3% 6% 2% 0% -5% 1% 0% 2% 2% -2%

328 Notes: OTH is other thermal, including oil and gas steam and biomass; NUC is nuclear; HYD is hydropower, WND is 
329 onshore and offshore wind; PV includes distributed PV; STD and STC are storage discharge and charge, 
330 respectively; CURT is curtailment.

331 3.3 Emissions
332 NAM carbon dioxide (CO2) emissions are lower than PST emissions in all three scenarios (Table 6). Lower 
333 emissions are primarily due to coal to natural gas switching, as described in the previous two sections. 
334 Emission reductions were larger than expected. To provide a sense of relative scale, production cost 
335 savings in the Base scenario are equivalent to $58/tCO2 of emission reductions.

336 Table 6. NAM and PST CO2 Emissions by Scenario (MtCO2)

Scenario NAM PST NAM – PST
Base 112.5 114.0 -1.5
HighCoord 99.2 102.9 -3.7
FlexGas 108.3 110.5 -2.2

337

338 3.4 Operations During Days with the Worst Forecasts
339 Figures 7 and 8 show average day-ahead and real-time dispatch, solar availability, and storage charging 
340 in the Base scenario during the 10% of days with the worst PST daily under- and over-forecasts. The top 
341 panels show daily average generation, whereas the bottom panels show the difference between the 
342 NAM and PST cases. In Figure 7 (under-forecast), real-time solar availability in the PST case is 
343 significantly larger than that in day-ahead. In the PST case, the model addresses solar forecast error 
344 primarily by increasing solar curtailment, increasing storage charge and discharge, and reducing GCC 
345 generation. The NAM forecast is significantly more accurate on average during these days. The main 
346 difference between PST and NAM (bottom-most panel) in day-ahead is in curtailment and storage 
347 charge and discharge. Real-time differences between NAM and PST are relatively small, despite the 
348 large difference in solar forecast errors.  
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349

350
351 Figure 7. PST and NAM average daily generation, solar availability, and storage charging in the days 
352 with the 100 worst under-forecast hours, and differences between PST and NAM

353 In Figure 8 (over-forecast), in the PST case solar availability is significantly lower in real-time than in day-
354 ahead. In the PST case, the model addresses solar forecast error primarily by reducing day-ahead 
355 scheduled curtailment and, to a lesser extent, by reducing storage charging and increasing coal and GCC 
356 generation in the middle of the day and GCT generation throughout the day. The NAM forecast is more 
357 accurate on average during these days. Day-ahead, the main difference between the PST and NAM cases 
358 is in curtailment and storage charging. Real-time differences are small relative to day-ahead differences. 
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359

360
361 Figure 8. PST and NAM average daily generation, solar availability, and storage charging in the fays 
362 with the 100 worst over-forecast hours, and differences between PST and NAM

363 These results illustrate the important role that curtailment plays in responding to solar forecast error in 
364 high-solar systems. Across scenarios, real-time curtailment ranged from 15% to 20% of available solar, 
365 wind, and hydro generation. In the Base scenario, curtailment occurred in 66% and 69% of hours in the 
366 NAM and PST cases, respectively, and 32%-39% in the HighCoord and FlexGas scenarios. When 
367 curtailment is already scheduled day-ahead and there is an over-forecast, higher real-time curtailment 
368 can help to manage forecast error (Figure 7). When there is an under-forecast, reduced real-time 
369 curtailment can help to manage forecast error (Figure 8).  

370 3.5 Reserve Violations and Capacity Needs
371 Table 7 shows day-ahead reserve violations for the NAM and PST cases in the Base scenario. Due to 
372 large day-ahead non-spinning forecast error reserve requirements (see Section 2.3), day-ahead reserve 
373 violations were frequent and large in the PST and, to a lesser extent, in the NAM case. In both cases, 
374 most day-ahead reserve violations were in non-spinning reserves. Real-time reserve violations were 
375 small in both NAM and PST, with no significant difference between them (see Appendix B.3).
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376 Table 7. Day-Ahead Reserve Violations in NAM and PST, Base Scenario

Forecast 
error 
spinning

Forecast 
error non-
spinning

Contin-
gency 
spinning

Contin-
gency non-
spinning

Regulation

NAM
Frequency (number of hours, % 
annual hours)

42
(0%)

355 
(4%)

19 
(0%)

533 
(6%)

1 
(0%)

Total violations (GW-h/yr) 38 2,397 12 335 0
Max violation (GW) 9 27 4 4 0
Average violation (MW-
h/event, % reserves)

903 
(10%)

6,753 
(27%)

626 
(17%)

628 
(18%)

476
(7%)

PST
Frequency (number of hours, % 
annual hours)

266 
(3%)

1,543 
(18%)

157 
(2%)

1,696 
(19%)

0 
(0%)

Total violations (GW-h/yr) 84 13,848 29 758 0
Max violation (GW) 12 53 4 4 0
Average violation (MW-
h/event, % reserves)

314
(2%)

8,975 
(21%)

187 
(6%)

447
(15%)

0
(0%)

377 Notes: Total amount (in GW-h per year) is the sum of all reserve violations during the year. Average lost is the 
378 average amount of reserves lost per violation event, in absolute (MW per hour or MW-h) and relative (share of 
379 reserves) terms.

380 3.6 Extended Day-Ahead Lookahead
381 The use of a 48-hour rather than a 24-hour lookahead period in the longer day-ahead look ahead 
382 (LongDALook) sensitivity results in slightly lower production cost savings with the improved NAM 
383 forecast ($80 million per year in savings) compared to the Base scenario ($87 million per year in savings 
384 [Table 8]). The dynamics behind this counterintuitive result can be seen in the production cost results. 
385 The longer day-ahead lookahead lowers costs in both the NAM and PST case, relative to the Base 
386 scenario, but start cost reductions are larger in the NAM case, fuel costs reductions are larger in the PST 
387 case, and total cost reductions are larger in the PST case. Thus, the NAM-PST difference between costs 
388 in the LongDALook is lower than in the Base scenario, though the difference is small.

389 Table 8. Annual Production Costs (Million 2023$) and CO2 Emissions (MtCO2) in the Base Scenario and 
390 LongDALook Sensitivity

Base LongDALook
NAM PST NAM PST

Start costs (M$) $1,223 $1,323 $1,198 $1,320
Fuel costs (M$) $6,999 $6,976 $6,977 $6,925
Variable O&M costs (M$) $901 $911 $901 $911
Total costs (M$) $9,124 $9,211 $9,075 $9,155
CO2 emissions (MtCO2) 112.5 114.0 113.0 114.2

391

392 The longer lookahead in the LongDALook sensitivity leads to negligible changes in real-time solar and 
393 storage utilization relative to the Base scenario. In both NAM and PST, differences in annual storage 
394 charge and discharge, solar generation, curtailment, and average hourly storage SOC are all within 1%. 
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395 Differences in hourly average storage discharge between the LookDALook sensitivity and Base scenario 
396 are relatively small (within 8%). This implies that, at these levels of storage, solar, GCC, and GCT 
397 capacity, multi-days-ahead solar forecasts have a limited impact on storage utilization and optimization. 

398 The cost savings from a longer day-ahead lookahead with higher solar forecast accuracy (LongDALook 
399 NAM versus LongDALook PST, with $80 million in cost savings per year) are higher than the cost savings 
400 from a longer lookahead with the same level of forecast accuracy (LongDALook NAM versus Base NAM, 
401 with $49 million in cost savings per year; LongDALook PST versus BaseLook PST, with $55 million in cost 
402 savings per year), suggesting that the accuracy of the lookahead period does significantly impact the 
403 results. 

404 4. Conclusions
405 In the Base scenario, annual production cost savings from higher solar forecast accuracy are $87 million 
406 per year ($0.13/MWh [2023$], or a 0.9% reduction in costs). These cost savings are within the range of 
407 savings in the Hodge et al. [9] and Hobbs et al. [11] studies ($0.04/MWh-$0.28/MWh) and lower than in 
408 the Martínez-Anido [7,8] study ($0.11-$1.42/MWh) (see Section 1). In earlier studies, solar generation 
409 was less than 25% of total generation, versus 34%-36% across scenarios in this study. At the higher 
410 levels of solar and storage in this study, the value of improved solar forecasting did not increase in 
411 absolute terms relative to studies with less solar and storage.

412 Higher system flexibility can increase or decrease the value of forecast accuracy depending on the type 
413 of system flexibility. With more regional flexibility (lower hurdle rates, optimized reserves) in the 
414 HighCoord scenario, production cost savings from solar forecast improvements are $230 million per year 
415 ($0.34/MWh, 2.5% reduction in costs relative to the Base scenario). However, with more GCC 
416 commitment flexibility (real-time gas commitment), higher solar forecast accuracy increases production 
417 costs by $41 million per year ($0.06/MWh, 0.5% increase in costs). 

418 Solar curtailment and energy storage play a central role in managing day-ahead solar forecast error. On 
419 days with the worst persistence forecast errors, the model manages forecast error-driven imbalances 
420 between day-ahead and real-time mainly through changes in day-ahead solar curtailment and storage 
421 charge and discharge operations. Changes in day-ahead curtailment are an important strategy for 
422 managing solar forecast error because solar curtailment occurs frequently. In the Base scenario, 
423 curtailment occurs in 66% (NAM) and 69% (PST) of hours. If solar capacity expansion is accompanied by 
424 higher levels of energy storage and more frequent curtailment, as in this study, solar development will 
425 bring its own source of flexibility for managing solar forecast error.

426 Because of the flexibility provided by solar curtailment and storage, differences in real-time dispatch and 
427 costs between the NAM and persistence forecasts are mostly in thermal generation. On an annual basis, 
428 the main differences are in GCC (3%-11% absolute difference across scenarios), coal (5%-11%), and GCT 
429 (0%-29%) generation rather than in solar generation (0%-1%), storage charge and discharge (0%-2%), 
430 and curtailment (2%). GCC starts are the most important driver of production cost differences between 
431 solar forecasts and between scenarios. 

432 Lower reserve capacity to manage solar forecast error is an often overlooked but potentially significant 
433 benefit of improved solar forecasts. In this study, the NAM forecast reduces reserves needed to manage 
434 solar forecast errors by 30%. With a less accurate forecast, reserves needed to manage two standard 
435 deviations of infrequent, large solar forecast errors may exceed planning reserves. If so, an improved 
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436 solar forecast may reduce the capacity cost of reserves to manage forecast error, a benefit that could be 
437 larger than production cost savings. The capacity value of improved solar forecasts will be specific to 
438 system operators, depending on their risk tolerance, and would ideally be assessed through capacity 
439 expansion models and resource adequacy programs.
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517 Appendix A. Additional Methods
518 A.1. Medium PV High Storage Scenario Resource Portfolios
519 Figure A.1.1 shows the medium PV high storage (MPHS) resource portfolios for each of the four 
520 balancing regions. The MPHS portfolios are from Kahrl et al. [17] and are for the year 2035. In total, the 
521 four regions have 137 GW of installed solar photovoltaic (PV) capacity (45% of total installed capacity) 
522 and 43 GW / 292 GWh of energy storage (33% of coincident peak demand, 0.04% of annual energy 
523 consumption). More than 70% of installed storage capacity is 6-hour batteries (36%), 8-hour batteries 
524 (21%), and 12-hour pumped hydro storage (15%). Three of the four balancing regions (DUK, TVA, SOCO) 
525 have substantial nuclear (27 GW total) and hydropower (13 GW) generation, and three regions (LGEE, 
526 SOCO, DUK) have substantial coal (17 GW) generation. All four regions have significant amounts of 
527 simple cycle (24 GW) and combined cycle (36 GW) natural gas generation. 

528
529 Notes: DPV is distributed PV; B2, B4, B6, and B8 are battery storage with 2, 4, 6, and 8-hour duration; PHS is 
530 pumped hydro storage; CAES is compressed air energy storage; NUC is nuclear; GCC is natural gas combined cycle; 
531 GCT is natural gas combustion turbine; OGS is oil and gas steam; BIO is biomass; HYD is hydropower; OFWD and 
532 ONWD are offshore and onshore wind.
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533 Figure A.1.1. Installed capacity by balancing region for the high-solar, high-storage scenario used in 
534 this study

535 A.2. Solar Data Development
536 We use the North American Mesoscale (NAM) forecast system to develop day-ahead forecasts and real-
537 time profile data. We use the nodes in the ReEDS model as locations for NAM forecasts and profiles. 
538 NAM predicts weather and solar irradiance for up to 84 hours ahead at 12 km spatial resolution and 1-
539 hour temporal resolution. NAM is run 4 times each day at 00:00, 06:00, 12:00, and 18:00 coordinated 
540 universal time (UTC). Each NAM run is initialized with a six hour spin-up period, during which measured 
541 meteorological data is assimilated into the model before running the forecast. We combine the six 
542 closest forecast values (zero to five hours ahead) from each NAM run into a continuous time series for 
543 real-time solar profiles. For instance, the 06:00 UTC cycle output from January 2, 2012, was used to 
544 obtain the six data points corresponding to the 06:00-11:00 UTC hours for that day. Similarly, we 
545 combined the forecasts from 24-29 hours ahead into a continuous day-ahead forecast time series. We 
546 use the System Advisor Model (https://sam.nrel.gov/) to convert solar irradiance to power.

547 Our initial plan was to use NAM to develop day-ahead forecasts for each balancing region in the study 
548 area and use data from the National Solar Radiation Database (NSRDB) for “actual” 15-minute (real-
549 time) solar profiles (interpolated from 30-minute data) and for calculating persistence forecasts. 
550 However, differences between NAM day-ahead forecasts and NSRDB 15-minute solar data were large, 
551 even after de-biasing the NAM data, leading to forecast errors for the NAM forecast that were 
552 significantly higher than the persistence forecast. To obtain better consistency between day-ahead 
553 forecasts and real-time data, we chose to use NAM to generate both the day-ahead forecasts and 15-
554 minute solar profiles. We then calculated persistence forecasts using the NAM 15-minute solar profiles.  

555 A.3. Forecast Errors
556 The day-ahead solar forecast errors in this study have several desired characteristics. (1) Forecast errors 
557 are lower for the total region (2.8% NAM / 5.8% PST NMAE) than for individual balancing regions (3.7%-
558 4.6% NAM / 7.9%-11.1% PST NMAE) (Table A.3.1). (2) The difference between NAM and persistence 
559 forecast errors (forecast improvements) is not uniform across the daily solar cycle (Figure A.3.1). (3) 
560 Forecast errors and forecast improvements are complex. Examples of forecast complexity are that NAM 
561 forecast errors do not have the same sign as persistence errors (26% of hours), that in some hours the 
562 persistence forecast performs better than the NAM forecast (17% of hours), and that many days have 
563 large hourly under-forecasts and over-forecasts that occur on the same day. For the last of these, in 23% 
564 of days with the NAM forecast and in 12% of days with the persistence forecast the daily sums of hourly 
565 under-forecast errors and over-forecast errors are within 50% of each other, indicating that the daily 
566 over- and under-forecasts are close in magnitude. 

567 Table A.3.1. Solar Forecast Error Metrics for Balancing Regions

DUK LGEE SOCO TVA Total
NAM forecast
NMAE 3.7% 4.6% 4.6% 4.1% 2.8%
nRMSE 7.9% 11.1% 10.5% 9.4% 5.8%
Persistence forecast
NMAE 7.0% 8.3% 7.3% 7.5% 5.5%
nRMSE 13.9% 17.4% 15.5% 15.6% 10.8%
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568

569
570 Figure A.3.1. Average daily NAM and persistence forecast errors (under-forecast and over-forecast).

571 Table A.3.2 shows day-ahead (24-hour-ahead) and day-ahead lookahead (48 and 72 hours ahead of the 
572 forecast interval) solar forecast errors for the persistence and NAM forecasts, with both hourly and 4-
573 hour block (sum of 4 hours) forecast errors for the longer-term lookahead forecasts. The longer-term 
574 forecast errors are significantly higher than the 24-hour-ahead forecast errors, as expected. The 4-hour 
575 block errors, which are what the production simulation model optimizes for, are significantly higher than 
576 hourly errors for the longer-term forecasts. The NAM forecast provides a nearly 50% improvement in 
577 forecast accuracy for the 24-hour-ahead forecast but only a 40% improvement for the longer-term 
578 forecasts.

579 Table A.3.2. 24, 48, and 72-Hour-Ahead Solar Forecast Errors (NMAE)

Forecast Time resolution Persistence forecast NAM forecast
24-hour-ahead Hourly 5.5% (9.7%) 2.8% (4.9%)

Hourly 10.1% (16.6%) 6.0% (10.6%)
48-hour-ahead

4-hour block 38.3% (55.8%) 22.8% (33.3%)
Hourly 6.1% (10.8%) 10.3% (16.9%)

72-hour-ahead
4-hour block 38.9% (56.7%) 23.2% (33.9%)

580 Notes: The NMAE metrics in this table include periods with zero values (values excluding zero values are in 
581 parentheses).

582 Appendix B. Additional Results
583 B.1. Cost Driver Regression
584 To explore drivers of changes in costs, we regressed the change in daily costs between NAM and PST 
585 (NAM – PST) against daily solar availability (PVi for day i), daily load (LDi), daily PST forecast error (FEi), 
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586 daily forecast improvement (FIi), and dummy variables for spring (SPi), summer (SUi), fall (FAi), and 
587 winter (WIi).

𝐷𝐶𝑖 = 𝛼 + 𝛽1𝑃𝑉𝑖 + 𝛽2𝐿𝐷𝑖 + 𝛽3𝐹𝐸𝑖 + 𝛽4𝐹𝐼𝑖 + 𝛽5𝑆𝑃𝑖 + 𝛽6𝑆𝑈𝑖 + 𝛽7𝐹𝐴𝑖 + 𝛽8𝑊𝐼𝑖 + 𝜀 Eq. (B.1)
588

589 Table B.1.1 shows coefficients and p-values from the regression. The adjusted R2 value was 0.29, 
590 suggesting that these variables do not explain a large amount of the variance in daily changes in costs 
591 between the NAM and PST cases.

592 Table B.1.1. Regression Results

Variable Coefficient P-value
Daily solar availability (PV) 0.0014 0.00000
Daily load (LD) -0.0010 0.00006
Daily PST forecast error (FE) -0.0012 0.00000
Daily forecast improvement (FI) -0.0020 0.00000
Spring (SP) -0.3313 0.01278
Summer (SU) -0.4463 0.00931
Fall (FA) -0.1138 0.35044
Winter (WI) -0.0288 0.84709

593

594 B.2. Unit Commitment and Dispatch for the HighCoord and FlexGas Scenarios

595 HighCoord Scenario

596 Figure B.2.1 shows changes in real-time average daily dispatch (top panels) and day-ahead and real-time 
597 average daily starts (total MW, bottom panels) between the NAM and PST cases in the HighCoord 
598 scenario. On days with a PST over-forecast (actual solar < forecast, lefthand side of Figure B.2.1), the 
599 results are structurally similar to but larger than those in the Base scenario. On days with a PST under-
600 forecast, the main difference between the NAM and PST cases is in solar generation, storage charge and 
601 discharge, and hydro generation. Differences between the HighCoord and Base scenarios are due to 
602 lower hurdle rates, which create differences between the NAM and PST cases both in day-ahead 
603 schedules and real-time dispatch. In the HighCoord scenario, both the NAM and PST cases have 6% 
604 more solar generation than in the Base scenario, which is likely an important driver of differences 
605 between the two scenarios.
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606
607 Notes: A positive (negative) value for generation, storage discharge, and curtailment means that they are higher 
608 (lower) in the NAM than in the PST case. A positive (negative) value for storage charging means that it is lower 
609 (higher) in the NAM than in the PST case.

610 Figure B.2.1. Changes in average daily dispatch (top plots) and starts (bottom plots) between the NAM 
611 and PST cases for PST over-forecast and under-forecast days, HighCoord scenario

612 Table B.2.1 shows changes in annual real-time generation, storage charging, and curtailment between 
613 NAM and PST for the HighCoord scenario. Changes in coal, GCC, and GCT generation are larger than in 
614 the Base scenario. The large increase in GCC generation in the NAM case (+12.3 TWh) corresponds to 
615 lower coal (-5.7 TWh), GCT (-3.1 TWh), solar (-1.2 TWh), and oil and gas steam (-0.5 TWh) generation 
616 relative to the PST case. The NAM case has higher storage discharge (+1.4 TWh) but less solar 
617 generation, implying that higher storage discharge is being charged mainly by GCC generation. The NAM 
618 case has higher curtailment than the PST case (+1.2 TWh).

619 Table B.2.1. Annual Generation (TWh/yr) in the NAM and PST Cases, Change in Annual Generation (∆, 
620 NAM-PST), and Percentage Change (%∆) in Annual Generation, HighCoord Scenario

Coal GCC GCT OTH NUC HYD WND PV STD STC CURT
NAM 46 120 8 6 216 31 22 250 72 77 55
PST 52 108 11 5 216 33 22 251 70 76 54
∆ -5.7 12.3 -3.1 -1 0.0 -1.4 0.0 -1.2 1.4 1.5 1.2
%∆ -11% 11% -28% -10% 0% -4% 0% 0% 2% 2% 2%

621 Notes: OTH is other thermal, including oil and gas steam and biomass; NUC is nuclear; HYD is hydropower, WND is 
622 onshore and offshore wind; PV includes distributed PV; STD and STC are storage discharge and charge, 
623 respectively; CURT is curtailment.
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624 FlexGas Scenario

625 Figure B.2.2 shows changes in real-time average daily dispatch (top panels) and day-ahead and real-time 
626 average daily starts (total MW, bottom panels) between the NAM and PST cases in the FlexGas scenario. 
627 Changes in generation and starts are significantly smaller in the FlexGas scenario than in the Base 
628 scenario, which implies that enabling more flexibility in GCC commitment narrows the differences 
629 between the NAM and PST cases. On days with a PST over-forecast, differences in coal and GCC 
630 commitment drive differences in storage dispatch and hydro generation. On under-forecast days, in the 
631 NAM case the model absorbs more solar generation, discharges more storage in the mornings, has less 
632 hydro generation, and commits and dispatches GCCs rather than coal generation. The changes in coal 
633 commitment in the FlexGas scenario are identical to those in the Base scenario. The main difference in 
634 commitment between scenarios is with GCC units.

635
636 Notes: A positive (negative) value for generation, storage discharge, and curtailment means that they are higher 
637 (lower) in NAM than PST. A positive (negative) value for storage charging means that it is lower (higher) in NAM 
638 than in PST.

639 Figure B.2.2. Changes in average daily dispatch (top plots) and starts (bottom plots) between the NAM 
640 and PST cases for PST over-forecast and under-forecast days, FlexGas scenario

641 Table B.2.2 shows changes in annual real-time generation, storage charging, and curtailment between 
642 the NAM and PST cases for the FlexGas scenario. Changes in generation, storage charging, and 
643 curtailment are generally on par with those in the Base scenario, with slightly higher GCC generation, 
644 less coal generation, and less storage discharge in the NAM case. The main contributor to differences in 
645 production costs between the FlexGas and Base scenarios is differences in GCC and coal starts and start 
646 costs rather than differences in annual generation. The reason why the NAM case has slightly higher 
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647 costs than the PST case in this FlexGas scenario likely has to do with sub-optimal coal and gas 
648 commitment in the NAM case. In some situations, the model may de-commit coal and commit gas units, 
649 based on the NAM forecast and its reserve requirements, when the cost optimal solution, per the PST 
650 forecast and its reserve requirements, would have been to keep coal units online. Coal commitment in 
651 the NAM case is identical in the FlexGas and Base scenarios. Because differences in between the NAM 
652 and persistence forecasts are not uniform across time and commitment decisions incorporate multi-day 
653 forecasts, it is difficult to isolate when and why sub-optimal commitment may be occurring. Extending 
654 the lookahead period in the FlexGas scenario did not change this result. Solar forecasting and coal unit 
655 commitment is an important area for future study.

656 Table B.2.2. Annual Generation (TWh/yr) in the NAM and PST Cases, Change in Annual Generation (∆, 
657 NAM-PST), and Percentage Change (%∆) in Annual Generation, FlexGas Scenario

Coal GCC GCT OTH NUC HYD WND PV STD STC CURT
NAM 61 107 7 4 216 32 23 249 72 77 68
PST 65 103 7 4 216 33 23 248 72 76 69
∆ -3.7 3.8 0.0 0.1 0.0 -1.6 0.1 1.4 0.3 1.5 -1.1
%∆ -6% 4% 0% 3% 0% -5% 0% 1% 0% 2% -2%

658 Notes: OTH is other thermal, including oil and gas steam and biomass; NUC is nuclear; HYD is hydropower, WND is 
659 onshore and offshore wind; PV includes distributed PV; STD and STC are storage discharge and charge, 
660 respectively; CURT is curtailment.

661 As a one-off sensitivity, we ran the FlexGas scenario with an extended day-ahead lookahead period (48 
662 hours beyond the day-ahead interval), to observe whether the NAM case would still have higher 
663 production costs than the PST case. Cost savings in the PST case (relative to the NAM case) increased in 
664 this scenario (from $41 million in the FlexGas scenario to $54 million in this sensitivity), suggesting that 
665 extending the day-ahead lookahead period may not address the issues that are driving higher NAM case 
666 production costs in the FlexGas scenario.

667 B.3. Real-time Reserve Violations
668 Table B.3.1 shows real-time reserve violations for the Base scenario. The frequency and magnitude of 
669 real-time reserve violations are small and are similar between the NAM and PST cases.

670 Table B.3.1. Real-Time Reserve Violations in the NAM and PST Cases, Base Scenario

Contingency 
spinning

Contingency non-
spinning

Regulation

NAM
Frequency (number of 
intervals, % intervals)

50
(0.1%)

21
(0.1%)

94
(0.3%)

Total violations (GW-h/yr) 4 8 6
Max violation (GW) 2 5 2
PST
Frequency (number of 
hours, % annual hours)

59
(0.2%)

12
(0.0%)

91
(0.3%)

Total violations (GW-h/yr) 3 3 4
Max violation (GW) 2 5 1

671
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672 B.4. Extended Real-Time Lookahead
673 The use of a 24-hour rather than a 12-hour lookahead period in the longer real-time lookahead 
674 (LongRTLook) sensitivity results in significantly higher production cost savings ($152 million per year in 
675 savings) relative to the Base scenario ($87 million per year in savings) (Table B.4.1). The longer real-time 
676 lookahead reduces costs in both the NAM and PST cases. In both cases, higher solar generation (less 
677 curtailment, +10 TWh/yr solar generation in NAM and +8 TWh/yr in PST) displaces mostly GCC and GCT 
678 generation (-5 TWh/yr in NAM, -6 TWh/yr in PST). Incremental solar generation is higher in the NAM 
679 case, which explains the additional cost savings from higher forecast accuracy (NAM minus PST) with the 
680 extended real-time lookahead.

681 B.4.1. Annual Production Costs (Million 2023$) and CO2 Emissions (MtCO2) in the Base Scenario and 
682 LongRTLook Sensitivity

BaseLook LongRTLook
NAM PST NAM PST

Start costs (M$) $1,223 $1,323 $1,025 $1,133
Fuel costs (M$) $6,999 $6,976 $6,719 $6,746
Variable O&M costs (M$) $901 $911 $868 $884
Total costs (M$) $9,124 $9,211 $8,612 $8,764
CO2 emissions (MtCO2) 112.5 114.0 108.2 110.3

683

684 Our real-time lookaheads use perfect foresight (actual rather than forecasted values). The results in 
685 Table B.4.1 suggest that extending the real-time lookahead period may increase the cost savings from 
686 day-ahead solar forecast improvements, but they do not shed light on whether an improved solar 
687 forecast would enhance the benefits of a longer real-time lookahead. 
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