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Summit Summary

The Summit on Feb 23 was held at Filoli, Woodside, a beautiful historical
landmark of California. The Summit covered a rich variety of US-China
energy & climate topics around policies, markets, technologies,
investment and entrepreneurship. More than twenty executive-level
speakers shared insightful remarks and offered candid dialogues.

Day 2 was at Stanford, which covered a great variety of energy topics
with Al application, such as grid operation, predictive maintenance, EV
integration, climate risk modeling, battery charging, and so on, with lots
of interesting discussions.

Keynote Speakers at a Glance
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Highlight Keynote Speakers - 1

Al for Power System Operation and Control
- Zhiwei Wang, President of GEIRI North America
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Power systems are facing grand challenges from increasing dynamics
and stochastics from both the generation and the demand sides, e.g.,
high penetration of renewables and electronic load. This has caused
great difficulty in designing and implementing optimal real-time control.
Tremendous efforts have been spent in the past on computational
methods and advanced modeling techniques that provide faster and
better situational awareness, based on measurements from advanced
grid sensors, PMU as an example. However, as grid operators are heavily
involved in the decision-making procedure, the entire process has not
been made fully automated, limiting the potential of such applications.
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That is, not only does the ‘grid’ need to perceive faster, it also needs to
think and act faster. Towards this end, sub-second autonomous control
schemes must be developed, which cannot be achieved using the
conventional approaches. Meanwhile, Al has been on the top 10
technology buzzwords list for 3 consecutive years and already started to
flourish in many areas, e.g., autonomous driving, image recognition,
robotics, etc. There is a strong desire within the power engineering
community to learn their success stories and develop Al-powered grid
controllers/dispatchers. Over the past few years, the GEIRINA team has
built up an autonomous grid controller using deep reinforcement
learning, the Grid Mind. Combined with Grid Eye, the grid monitoring
and situational awareness platform, Grid Mind has demonstrated
promise in helping address the pressing issues modern power systems
faces. In particular, the Grid Mind framework can serve as the
autonomous driver of the power and energy systems and is able to
optimally dispatch and control the system in real time. This talk
summarized this developmental effort while focusing on the key
technologies utilized for the Grid Mind framework, how deep learning,
an Al representation learning technique, is combined with reinforcement
learning, an Al optimal control mechanism, to solve the power system
modeling and control problem. This talk also discussed the R&D
development roadmap for the GEIRINA team along this direction, as well
as other potential applications based on this core technology.
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Highlight Keynote - 2

Machine vision for methane emissions detection using an
infrared camera

- Jingfan Wang, PhD candidate in Chemical Engineering in Stanford
University

In a climate-constrained world, it is crucial to reduce natural gas methane
emissions, which can potentially offset the climate benefits of replacing
coal with gas. Optical gas imaging (OGI) is a widely-used method to
detect methane leaks, but is labor-intensive and cannot provide leak
detection results without operator’s judgement. In this paper, we
develop a computer vision approach to OGl-based leak detection using
convolutional neural networks (CNN) trained on methane leak images to
enable automatic detection.

First, we collect ~1 M frames of labeled video of methane leaks from
different leaking equipment for training, validating and testing CNN
model, covering a wide range of leak sizes ( 5.3-2051.6 gCH4/h) and
imaging distances (4.6-15.6 m). Second, we examine different
background subtraction methods to extract the methane plume in the
foreground. Third, we then test three CNN model variants, collectively
called GasNet, to detect plumes in videos taken at other pieces of
leaking equipment. We assess the ability of GasNet to perform leak
detection by comparing it to a baseline method that uses optical-flow
based change detection algorithm. We explore the sensitivity of results
to the CNN structure, with a moderate-complexity variant performing
best across distances. We find that the detection accuracy (fraction of
leak and non-leak images correctly identified by the algorithm) can reach
as high as 99%, the overall detection accuracy can exceed 95% for a case
across all leak sizes and imaging distances. Binary detection accuracy
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exceeds 97% for large leaks (~710 gCH4/h) imaged closely (~5-7 m). At
closer imaging distances (~5-10 m), CNN-based models have greater
than 94% accuracy across all leak sizes. At farthest distances (~13-16 m),
performance degrades rapidly, but it can achieve above 95% accuracy to
detect large leaks (>950 gCH4/h). The GasNet-based computer vision
approach could be deployed in OGI surveys to allow automatic vigilance
of methane leak detection with high detection accuracy in the real world.
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Highlight Keynote - 3

Fleet Management of Internet of Things
- Yang Bai, Senior Software Engineer of Google

"Further aggregation of these
distributed resources with a cloud
based controller and coordinator
allows major impact on the grid."

Residential energy resources at the grid edge is an essential piece to the
great transformation of energy systems and 100% renewable integration.
Powered by Artificial Intelligence, smart thermostats like Nest are able to
perform massive computation local on device and/or in the cloud to
enable personalized planning, optimization and forecasting.
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Highlight Keynote Speakers - 4

Scalable and Robust State Estimation from Abundant but

Untrusted Data

- by Ming Jin, postdoctoral researcher in the Department of Industrial
Engineering and Operations Research at University of California,
Berkeley

Convex vs. Nonconvex Optimization

* Convex problems: fast
and reliable solvers

Convex Non-convex * Nonconvex problems:
might get stuck at a
local solution

* But many real-world
problems are
Global solution nonconvex!

Local solution

Ming lin, UC Berkeley

Power system state estimation is an important problem in grid operation
that has a long tradition of research since 1960s. Due to the non-
convexity of the problem, existing approaches based on local search
methods are susceptible to spurious local minima, which could
endanger the reliability of the system. In general, even in the absence of
noise, it is challenging to provide a practical condition under which one
can uniquely identify the global solution due to its NP-hardness.
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In this study, we propose a linear basis of representation that succinctly
captures the topology of the network and enables an efficient two-stage
estimation method in case the amount of measured data is not too low.

Convex vs. Nonconvex Optimization

* Convex problems: fast
and reliable solvers

Convex Non-convex * Nonconvex problems:
might get stuck at a
local solution

Local solution
* But many real-world
problems are
Global solution nonconvex!

Ming Jin, UC Berkeley

State Estimation with Abundant Data
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Based on this framework, we propose an identifiability condition that
numerically depicts the boundary where one can warrant an efficient
recovery of the unique global minimum. Furthermore, we develop a
robustness metric called “mutual incoherence,” which underpins the
theoretical analysis of global recovery conditions and statistical error
bounds in the presence of both dense noise and bad data. The
proposed method demonstrates superior performance over existing
methods in terms of both estimation accuracy and bad data robustness
for an array of benchmark systems. Above all, it is scalable to large
systems with more than 13,000 buses and can achieve an accurate
estimation within a minute.

Empirical performance of rejecting bad data

* RTE test network with 2848 buses
* Computation time <30 sec using standard CVX package
* Robust up to 1K bad data and 1% dense noise level

* High detection accuracy for bad data
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