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Executive Summary of CRADA Work:

Recent research has highlighted the potential for solar to act as a zero-marginal-cost and zero-
emission flexibility resource on the bulk power system when operated with advanced control
systems [1], [2]. To increase the performance of these systems, leading technologies, including
machine learning (ML) and hierarchical inverter set point allocation, have been developed by
Latimer Controls, Inc. to estimate the headroom of large PV plants for grid operation and
control; however, these technologies lack comprehensive validation under real-world application
scenarios. Latimer Controls, Inc. received two voucher awards for research at a national
laboratory from the Department of Energy American Made Solar Prize Round 6. The National
Renewable Energy Laboratory (NREL) was selected to collaborate with Latimer staff to conduct
a performance evaluation of Latimer PV control software. The NREL team will develop a
hardware-in-the-loop (HIL) testbed to perform testing and validation of the Latimer PV control
technology in a de-risked yet realistic testbed environment. Latimer and NREL worked together
to analyze the test data, draw conclusions from the results, and disseminate the resulting
scientific findings.

In this CRADA work, we propose to test and validate the real-world application of the Latimer
Control solution in an HIL environment. We evaluate the performance of different flexible solar
technologies in responding to automatic generation control signals in a closed-loop fashion. In
particular, a data-driven potential high limit (PHL) estimation is developed for large solar plants
to accurately estimate their headroom so that they have fast and short-time regulation and control
capability to participate in grid services and respond to grid signals in real time (e.g., AGC). This
PHL estimation algorithm is embedded in a hardware power plant controller (PPC) and tested
with an IEEE-39 bus system model developed in RTDS. To account for the varying cloud
conditions and diverse inverter dispatches, we developed a 135-MW PV plant with detailed
modeling of 27 individual PV modules and inverters using RTDS. The real-world
communications used in such big plants, such as ModBus TCP/IP for inverter level and DNP3
for plant level, were developed to emulate the real-world applications in big PV plants.

The ML-based PHL estimation method is tested under nine separate weather scenarios against
the ‘reference-control’ solution, hereafter referred to as the baseline solution. The baseline
method reserves a subset of inverters (reference group) to operate at their PHL at all times and
dispatches only the remaining inverters (control group) at curtailed levels to fulfill the flexibility
need [3]. Despite being successfully piloted by NREL in California in 2017 and Chile in 2020,
there exist two gaps in the state of the art to fully unlock the flexibility of PV plants: a. There is a
trade-off between the PHL estimation accuracy and the flexibility range. b. There lacks
granularity in the PHL estimation to capture the variation across inverters. The Latimer solution
seeks to address these gaps by applying machine learning methods to improve PHL estimation
accuracy while accounting for variability at every inverter.
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Performance metrics were taken from the 2023 Georgia Power CARES utility-scale RFP. The
results demonstrate that the ML-based approach outperforms the traditional baseline method in
PHL estimation accuracy for 7 of 9 scenarios. The average PHL error across the nine scenarios
was 7.40% for the ML-based method, 2.06% less than the 9.46% PHL error average across
scenarios that was exhibited by the baseline method. Additionally, the PHL error was below 5%
for at least 95% of the testing interval for 3 of 9 tested intervals with the ML approach, whereas
it did not achieve this metric for any of the baseline tests. Overall, simulation results indicate the
superior performance of an ML-based approach compared to the conventional baseline
reference-control approach, showcasing its potential to support grid stability and operational
efficiency. This laboratory HIL testing using real PPC, representative power system simulation
models in real-time with detailed PV plant and inverter models, and real-world communication
protocols gives us confidence that this machine learning based PHL estimation algorithm works
well in the hardware PPC and therefore de-risks future field commissioning. The end goal of this
project is to advance grid technology to address the grid operation challenges brought by solar
plant’s variability and uncertainties in power generation [1], [2].

Summary of Research Results:

This project delivered three tasks to complete the controller CHIL evaluation of the machine
learning-based PHL estimation algorithm.

Task 1: Finalize the Latimer PHL estimation algorithm

1.1 Latimer will work with NREL to finalize the Latimer PHL estimation algorithm
embedded in OPAL-RT to make sure the target performance of the PHL estimation is achieved
before we move to the next step.

Explanation: NREL provided Latimer Controls with comprehensive results from a series of tests
that evaluated the Flexible Solar Management System’s (FSMS) performance in an HIL
platform. This evaluation was used to inform final revisions to the Latimer PHL estimation
algorithm prior to closed-loop CHIL testing with industry-standard PPC hardware. The platform
for these initial tests was built using RTDS and Opal-RT. RTDS handled the electromagnetic
transients (EMT) PV plant modeling at 50 micro-second intervals and acted as the system
operator. The 135 MW PV plant modeled in RTDS consisted of 27 individual PV modules, each
paired with a 5-MW/0.48-kV current-regulated voltage source inverter, which were aggregated
to connect with a 345-kV point of common coupling through two step-up transformers.
Meanwhile, Opal-RT functioned as a prototype plant controller, hosting the Latimer control
software as well as the baseline ‘reference-control’ software. Data for testing was taken from 1-
second-resolution data from the Oahu Solar Measurement Grid data set. Within this data set, 15-
minute windows from one characteristically sunny day and one characteristically partly cloudy
day were chosen for evaluation. The following performance targets were set:

1. Mean PHL Estimation Error: <5%.

2. Perform equal or better than the baseline method in PHL estimation error, dispatch error,
over-curtailment, and headroom deviation.
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Initial testing results clearly demonstrated the precision of the FSMS; however, the accuracy of
the FSMS PHL estimation was consistently incorrect due to unknown testbed system variables.
As a result, Latimer Controls updated the FSMS PHL estimation system using adaptive transfer
functions which satisfied the performance targets (Table 1 adapted from [1]). Overall, the mean
PHL estimation error decreased by 70% as compared to the baseline method (from 9.7% to
2.9%) using the Latimer PHL estimation method.

Table 1: Performance Comparison for the Partially Shady Day [1]

PERFORMANCE COMPARISON FOR THE PARTIALLY SHADED DAY

Constant Absolute Percentage Hot
generation headroom headroom restarting
Al-based Baseline Al-based Baseline Al-based Baseline Al-based Baseline
Morning ramp 0.25 5.41 0.32 1.79 0.20 3.56 0.32 592
Dispatch error (DE?) Noon peak 1.63 4.55 0.84 2.05 1.32 3.61 2.94 7.24
Evening drop 0.26 0.15 0.12 0.06 0.22 0.07 0.30 0.33
Morning ramp 0.20 2.16 0.32 1.79 0.20 3.56 0.32 592
Overcurtailment (OC?) Noon peak 1.24 3.76 0.84 2.05 1.32 3.61 2.94 7.24
Evening drop 0.09 0.14 0.12 0.06 0.22 0.07 0.30 0.33
Morning ramp - 0.14 212 0.00 0.45 - -
Headroom deficiency (HD*)  Noon peak - - 1.70 1.64 0.88 0.72
Evening drop - - 1.62 0.01 0.36 0.00

These tests also found that of the 24 runs, 75%, 79%, and 50% of the time, the Latimer solution
outperformed the baseline solution in terms of maintaining dispatch precision, avoiding over-
curtailment, and satisfying the headroom requirement. The results of this test culminated in the
publication of a paper, Hardware-in-the-Loop Evaluation for Potential High Limit Estimation-
Based PV Plant Active Control, which was accepted for publication and presentation at IEEE
PES GM 2024. The results of this test also met or exceeded the set performance targets for
moving on to additional CRADA tasks [1].

Task 2: Integrate the Latimer PHL estimation into a PPC and set up the CHIL platform

2.1 Latimer Controls will provide a PPC and a software engineer from Latimer Controls will
program the PPC to integrate the PHL estimation algorithm.

Explanation: The Latimer Controls team worked with Schweitzer Engineering Labs to procure
an RTAC-3532 PLC device, which was used interchangeably alongside NREL’s SEL RTAC-
3555 for the duration of this project as the PPC. In lieu of providing a dedicated software
engineer from the Latimer Controls team, the Latimer team worked with NREL’s Emanuel
Mendiola to integrate the PHL estimation algorithm onto the PPC hardware by translating the
FSMS control algorithms into IEC 61131 compliant Structured Text (ST). An additional
CRADA agreement was signed between Latimer Controls and NREL in order to onboard
Emanuel as the engineering lead for the RTAC integration. The SEL RTAC and its location
within the CHIL testbed are illustrated in Fig. 1 [2].
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Fig. 1: Laboratory CHIL setup [2]

2.2 NREL will establish the CHIL platform at ESIF to evaluate the Latimer control software
embedded in the PPC. NREL will work with Latimer Controls’ software engineer to configure
the communication protocols to include utility grid service signals, SCADA systems, direct
inverter control, etc.

Explanation: The NREL team built a CHIL testbed at ESIF to compare the performance of the
Latimer and baseline control methods using RTDS for system modeling and control and an
industry standard SEL-RTAC as the power plant controller. Within this framework, the RTDS
simulated the IEEE 39-bus power system, the PV inverters, and the AGC, while the RTAC
performed the baseline plant control and the ML-based plant control for the PV inverters in the
simulated PV plant. The inverter dispatch set points, the AGC plant-level set point, and the
measurements between the RTDS and RTAC were transmitted via industry-standard Modbus
Transmission Control Protocol (TCP)/Internet Protocol (IP) and Distributed Network Protocol 3
(DNP3) communication. This testbed is illustrated in Fig. 2, taken from [2].
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Fig. 2: lllustration of the CHIL framework for both the ML-based and baseline plant control
schemes (four inverters are plotted for illustrative purposes) [2]

The communication and IO for the testbed were configured in the following manner. The system
operator (simulated in RTDS), the RTAC plant controller, and the simulated inverters
communicate through DNP3 and Modbus TCP/IP. Every 1 second, the 27 simulated PV
inverters send DC voltage and current measurements to the RTAC plant controller in the ML-
based solution and the AC-side active power measurements for the 14 selected reference
inverters in the baseline solution through Modbus. The Modbus interface in the RTAC is set up
as a Modbus client. Table 3 enumerates the input registers in the Modbus map the RTDS uses to
send the inverter current and voltage measurements to the RTAC for the ML-based solution, and
Table 2 enumerates the input registers for the baseline solution. Table 5 enumerates the holding
registers in the Modbus map that the RTAC uses to send the power set points to the simulated
inverters in the RTDS for the ML-based solution, and Table 4 enumerates the holding registers
for the baseline solution. All input registers are polled by the RTAC at a 1-second poll period,
and the RTAC writes the inverter power set points to the holding registers at a rate of 1 second
for both solutions. All the Modbus holding and input registers are 16-bit signed integers. Table
2-5 reproduced from [2].
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At 6-second intervals, the RTAC plant controller updates the system operator with a plant-level
PHL estimation in exchange for a plant-level set point over DNP3 communication. The DNP3
interface in the RTAC is set up as a DNP3 client. Table V enumerates the signals exchanged
over DNP3 between the RTAC and RTDS. For both the ML-based and the baseline solutions,
the RTDS writes the plant reference set point (P Reference) to the analog inputs of the DNP3
map that the RTAC receives, and the RTAC writes the PHL estimation (PHL Estimation) to the

analog outputs of the DNP3 map that the RTDS receives. The DNP3 analog inputs and outputs
are 32-bit floats [2].

Table 2: Input Registers: Baseline Solution

Register Address Register Name

0 Ps_PV1_out
6 Ps_P\')-’;’_out
7 Ps_PV9_out
8 Ps_PV11_out
15 PsfP\}.i 8_out

Table 3: Input Registers: ML Solution

Register Address  Register Name

0 Idc_PV1
1 Vdc_PV2

52 Idc_PV27

53 Vdc_PV27

Table 4: Holding Registers: Baseline Solution

Register Address Register Name

0 Psetpoint_PV8

1 Psetpoint_PV10
2 Psetpoint_PV19

10 Psetpoint_PV27

Table 5: Holding Registers: ML Solution

Register Address Register Name

0 Psetpoint_PV1
1 Psetpoint_PV2
25 Psetpoint_PV26
26 Psetpoint_PV27

Tables 2-5: Enumeration of Input and Holding Registers for Baseline and ML Solutions [2]
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2.3 NREL will develop an emulated energy management system (EMS) to issue the AGC
signal for the closed-loop testing.

Explanation: A centralized AGC module was introduced to maintain the system frequency. This
is illustrated in Fig. 3, taken from [2]. It calculated the difference between the actual and nominal
system frequencies, which was then translated into an adjustment ratio through a proportional-
integral controller. The resulting factor was then multiplied by a participation factor (operating
headroom) to generate the final generation adjustment for the AGC provider, i.e., the PV plant in
our study. Note that we intentionally disabled the AGC responses from all conventional
generators and left the PV plant as the only AGC supplier. This represents a forward-looking
scenario in which renewable resources replace the role of flexible resources from conventional
generators.

The PV plant was initialized with an economic dispatch of 87.5 MW in each simulation scenario
but deviated from this value in response to the system AGC request and available solar
irradiance. In the 39-bus model, Load 8 was selected to follow a load fluctuation profile, which
acts as a trigger for the AGC control to have the PV plant supply realistic normal load
fluctuations. The 87.5-MW economic dispatch allowed us to evaluate the accuracy of the PHL
estimation for both the ML-based and baseline solutions because there is a theoretical 47.5-MW
maximum reserve power, which fluctuated with the available irradiance. In addition, this allowed
us to evaluate the performance of the ML solution and the baseline solutions under a 100-MW
load step-up scenario performed at Load 7 of the 39-bus model, in which the load steps from
233.8 MW up to 333.8 MW, which was the focus of this study [2].

o~ . H] _dmrmil @ Paeita 1 » Po
controller

fromial | —

1
PHLestimation > ? \_IJ

P actual » T

-1

curtail_sign

Fig. 3: AGC Module [2]

2.4 NREL will work with Latimer Controls’ software engineer to integrate the PPC with the
software model in RTDS and get ready for the next step.

Explanation: Emanuel Mendiola of NREL worked with Simon Julien of Latimer Controls to
translate the Latimer Control scheme to IEC 61131 compliant structured text, integrate the
translated code on the SEL-RTAC, and embed the RTAC in the CHIL testbed. Communication
between the RTDS and the RTAC was established through GTNET cards on the RTDS [2].
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Task 3: Perform HIL simulation to evaluate the performance of Latimer PHL estimation

3.1 Latimer Controls will work with NREL to define the test plan, including the testing
scenarios and performance metrics.

Explanation: Latimer Controls consulted with electric utility industry contacts to validate a
testing plan for the CRADA. A testing plan was developed in which the performance of both the
Latimer and baseline solutions were evaluated under nine separate weather scenarios, as shown
in Table 6 (adapted from [2]), with each encompassing a 9-minute simulation in which, 250
seconds into the simulation, the 100-MW load step-up (load connected to Bus 7) occurred. The
cloudy scenarios are weather conditions involving constant cloud cover. The sunny scenarios are
weather conditions involving no cloud cover. The transition scenarios are weather conditions
involving intermittent cloud cover. For each weather condition, we took a 9-minute time window
in the morning when the sun is rising (morning ramp-up), in the afternoon when the sun
irradiance is strongest (peak), and in the evening when the sun is setting (evening ramp-down).

Table 6: Weather Scenarios [2]

Scenario Weather Time of Day
Scenario 1 Cloudy Morning Ramp-Up
Scenario 2 Cloudy Peak
Scenario 3 Cloudy Evening Ramp-Down
Scenario 4 Sunny Morning Ramp-Up
Scenario 5 Sunny Peak
Scenario 6 Sunny Evening Ramp-Down
Scenario 7 Transition Morning Ramp-Up
Scenario 8 Transition Peak
Scenario 9 Transition Evening Ramp-Down

Three performance metrics were applied to quantify the comparison between the two
approaches. These metrics were informed by the Georgia Power 2023 CARES request for
proposals (RFP), the first RFP in the United States that requires utility-scale renewable assets to
report real-time PHL estimations and respond to plant-level AGC set point requests [2].

3.2 NREL will perform the HIL testing according to the test plan and collect all the data.

Explanation: NREL performed all CHIL testing in an expedient manner. Data for each test scenario
was collected and shared with the project team. The test plan was followed.
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3.3 NREL will work with Latimer Controls to analyze all the data and Latimer Controls will
do the technology benefit analysis.

Explanation: NREL and Latimer Controls worked together to analyze the data collected during
the closed-loop CHIL testing and validation of the Latimer PHL estimation methods. The
following performance metrics for evaluation of PHL estimation were taken from the Georgia
Power CARES RFP:

Mean of the PHL percentage absolute errors (PAEs)

4. Frequency of PAE being lower than 5%: measures the percentage of time when the PAE
is below 5%

5. AGC set point performance (MW): measures the root mean square error (RMSE)
between the actual and reference power generation

In the RFP, the PAE must be below 5% for 95% of the time intervals and the RMSE must remain
below 5 MW for an asset to remain in good standing with the utility operator.

These plant control performance metrics were captured and recorded for both the baseline and
Latimer solution in Table 7. System frequency metrics of max, min, range, and standard
deviation were also collected for both solutions and recorded in Table 8. Both tables are taken
from [2].

Table 7: Plant Control Performance Metrics Under Both Solutions [2]

Frequency of PHL

PHL . AGC Set Point
Scenario Coan] PAE mean PAE being RMSE
Solution lower than 5%
(%) (MW)
(%)
Scenario 1 ML 6.93 0.00% 0.10
Baseline 7.98 0.00% 0.02
Scenario 2 ML 8.80 0.00% 0.20
Baseline 9.63 0.00% 0.14
Scenario 3 ML 20.96 0.00% 0.17
Baseline 6.83 0.00% 0.01
Scenario 4 ML 8.17 0.00% 0.31
Baseline 15.06 0.00% 0.80
Scenario 5 ML 3.13 100% 1.16
Baseline 9.45 0.00% 0.70
Scenario 6 ML 3.99 98.88% 0.33
Baseline 6.96 0.00% 0.77
Scenario 7 ML 7.50 1.27% 1.76
Baseline 14.76 0.00% 0.93
Scenario 8 ML 2.01 96.66% 4.05
Baseline 9.74 6.83% 3.18
Scenario 9 ML 5.12 60.16% 0.32
Baseline 4.69 55.39% 0.19
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Table 8: System Frequency Metrics Under Both Solutions [2]

Scenario ;: ontFo] Max Min Range Standard Deviation
olution
Scenario 1 ML 60.036 59.928 0.1077 0.0187
Baseline 60.036 59.928 0.1077 0.0187
Scenario 2 ML 60.032 59.926 0.1057 0.0184
Baseline 60.030 59.925 0.1045 0.0189
Scenario 3 ML 60.035 59.928 0.1073 0.0186
Baseline 60.035 59.928 0.1073 0.0186
Scenario 4 ML 60.042 59926 0.1171 0.0178
Baseline 60.029 59.915 0.1140 0.0175
Scenario 5 ML 60.075 59.930 0.1449 0.0113
Baseline 60.073 59.932  0.1409 0.0130
Scenario 6 ML 60.032 59.924 0.1087 0.0196
Baseline 60.030 59.924 0.1066 0.0199
Scenario 7 ML 60.022 59914 0.1072 0.0211
Baseline 60.025 59.925 0.1000 0.0222
Scenario 8 ML 60.045 59.880 0.1655 0.0265
Baseline 60.032 59.888 0.1441 0.0260
Scenario 9 ML 60.035 59.927 0.1068 0.0180
Baseline  60.035 59.928 0.1068 0.0180

During the simulation period for Scenario 5: peak sunny weather, the PAE never goes beyond
5% for the ML-based case, but for the baseline case, the PAE is always above 5%. Further, the
ML-based solution outperforms the baseline solution in this scenario by reducing 67% of the
PAE mean. Although the RMSE is 66% higher in this scenario for the ML-based solution, both
solutions meet the RMSE metric from the RFP.

NREL and Latimer Controls found that both solutions do not perform well in low-power, low-
irradiance scenarios, such as the ramp-up, ramp-down, and cloudy scenarios; however, the ML-
based solution achieves a superior PAE in all scenarios except Scenario 3 and Scenario 9,
compared to the baseline solution. Both solutions perform the best in the higher irradiance
scenarios, such as the sunny and transition scenarios, with the ML-based solution achieving
better performance; however, in perhaps the most difficult case for PHL estimation, in Scenario
8: peak transition weather, where irradiance variability is the highest, the ML-based solution
achieves a PAE within 5% for 96.66% of the testing interval, whereas the baseline solution is
within 5% during only 6.83% of the testing interval. In Scenario 8, the ML-based solution also
reduces 79.4% of the PAE mean, but it increases the AGC set point RMSE by 27.4% compared
to the baseline solution. The ML-based solution achieves an RMSE under 5 MW, in compliance
with the RFP, for all scenarios.

Latimer and NREL also analyzed data collected regarding system frequency trajectories under
both solutions. Results from this analysis illuminated that the system frequency remains stable
under both types of control, with the baseline solution performing slightly better than the ML-
based solution as the frequency varies within a narrower range [2].
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The technology benefit analysis was not conducted due to a lack of time and resources to
complete this element of the JWS in the prescribed time frame. We leave this task for future
work.
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