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Abstract

Speaking Truth to Power

by

Noah Klugman

Doctor of Philosophy in Electrical Engineering and Computer Science

University of California, Berkeley

Associate Professor Prabal Dutta, Chair

Professor Eric Brewer, Co-chair

Electricity is increasingly considered to be a human right. In much of the world, however,
basic data about power outages and voltage quality is not available, making it difficult to
ensure reliable service. Smart meters are difficult to deploy and slow to be adopted in
lower-resourced areas, the same areas where frequent outages and voltage sags most impede
economic growth.

In this work, I present evidence that by aggregating simple, noisy measurements from
networked sensors installed at outlets in households and businesses, we can detect both
large and small power outages and power-quality issues, enabling a utility-independent, agile,
high-resolution, and low-cost system well suited for deployment in under-instrumented areas.

I design, deploy, and operate a large network of sensors—called PowerWatch—at outlets in
households and businesses across Accra, Ghana. I show that this deployment, when coupled
with cloud-based analytics, matches utility-reported rates of high- and medium-voltage outages
at a fraction of the cost. Further this methodology provides a good estimate of low-voltage
outages, potentially filling a critical data gap present in most countries.

The deployment methodology developed allows for longitudinal data to be gathered inde-
pendently from the utility. Utility engineers are not required for sensor installation, and
permission is not required as utility property is not impacted. I describe a number of novel
measurement and analysis opportunities enabled by this independent deployment method-
ology, many of which are being piloted by nLine, the company I co-founded to continue
improving this work.

Data from PowerWatch is being used by multiple governments and research institutions,
including as a primary source for the Monitoring and Evaluation of the $315 million USD,
MCC-led Ghana Power Compact.
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\My holy of holies is the human body, health,
intelligence, talent, inspiration, love

and absolute freedom { freedom from violence and falsehood,
no matter how the last two manifest themselves."

also

\Reason and justice tell me there's more love for humanity
in electricity and steam than in chastity or

vegetarianism."

| Anton Chekhov
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2.40 Discussions about climate change impact willingness to pay. Figure
captured from \Discussion Sways Participants On Climate Change," by NORC
at the University of Chicago[193]. Across all demographic groups considered, a
discussion on climate change improved willingness to use less electricity and pay
more in taxes and energy costs. . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

2.41 People do not buy into a bad grid. Figure is screen capture from[10]. . . . 49
2.42 Cost incurred by hotels due to grid outages. Figure is a screen capture

from \The Impact of Power Outage `Dumsor' on the Hotel Industry: Evidence
from Ghana" [202]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.43 Two-way mobile communication o�ered by Kenya Power and Light
Company (KPLC) [205]. I took this picture in Kenya in 2016. Based on
conversations with KPLC, this service was provided based on demand. It also
allowed KPLC to collect data from their participants. . . . . . . . . . . . . . . . 51

2.44 An estimated 300K to 1.5M people search \power outage" each month
in the United States. Figure is a screen capture from the Moz Keyword Explorer
[206]. We see a large monthly volute for the search term \power outage" and that
this volume is driven by tra�c to outage maps at large utilities [206]. . . . . . . 52

2.45 Voltage problems change purchasing patterns. Figure is a screen capture
from Jumia, a popular online retailer in Kenya, after a keyword search for \fridge
guard" [209]. These devices provide stability for important appliances and are often
necessary purchases. On December 17, 2021, the day this Figure was captured, 1
USD was 113 KSh [210]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

2.46 Research framework compiled from survey of recent academic publica-
tions. From "Electric grid reliability research" in Energy Informatics [215]. This
framework was built from a review of 503 recent papers on electricity reliability.
The authors explain: \The �rst theme, energy e�ciency, drives the evolution
of smart energy-saving systems. The second theme, renewable-energy supply,
drives the advancement of smart grids. Finally, the third additional theme, service
reliability, drives smart-grid reliability and resiliency" [215]. . . . . . . . . . . . 55

2.47 Upcoming research and development needs to modernize the grid. Figure
is a screen capture from the U.S. Department of Energy \Quadrennial Technology
Review 2015"[216]. This table contains the steps needed to transition to a modern
grid in the US as well as and the research directions required to take these steps
[216]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
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2.48 Table to support cost/bene�t analysis of applications often consid-
ered bene�cial for addressing climate change. Table from \Guidebook for
Cost/Bene�t Analysis of Smart Grid Demonstration Projects," by the Electric
Power Research Institute for the U.S. Department of Energy[49]. The blue
\Bene�ts" columns describes, from the utility perspective, economic, reliability,
environmental, and safety bene�ts available. The purple \Application" categories
describe di�erent applications often proposed as part of a climate change solution
[244]. Of the three applications, Electricity Storage has the most indicated bene�t
to reliability. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

2.49 Electricity plays a signi�cant role in emissions. Figure from the U.S. Envi-
ronmental Protection Agency[242]. Better e�ciency will reduce energy that is
generated only to be lost on the network, potentially helping to reduce this share
over time. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

2.50 Africa contributes around 3% of global CO2 emissions. Figures from
\Each Country's Share of CO2 Emissions" published by the Union of Concerned
Scientists [250]. Emissions causing climate change largely stem from outside of
Africa and South America. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

2.51 A striking number of countries in Africa do not report per capita energy
consumption from renewable generation. Figure from Our World In Data
[258]. Data on renewable usage is critical for ensuring long-term sustainability
and can not be another generation of technology away if aggressive climate and
social justice goals are to be met (many of which are targeting countries in Africa
speci�cally) [4, 5, 184]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.1 An ad for the Ghana Power Compact. This ad, funded by the Ghana Power
Compact, was one of many placed around Accra to raise awareness and support
for the work underway [272]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.2 Treatment and Control Sites Distribution of treatment and control sites across
Achimota district. Locations were chosen in part based on information about
where SMEC will be injecting new transformers during their low-voltage line
bifurcation project. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.3 Overview of deployment. To support the goals of the deployment, our team
selected sites that were being improved by the Ghana Power Compact and selected
control sites. The technology was deployed in both sites along with surveys at the
beginning and end of the deployment. This deployment strategy allowed us to
meet our goals of evaluating the impact of grid improvements on power reliability
and the socioeconomic impact of that reliability on consumers. . . . . . . . . . . 72
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3.4 The data
ow for the deployment. While traditional surveying methods have
a linear data 
ow where data is exported for later analysis, the integration of
continuous sensing in the deployment generated feedback loops which created
more places where state was stored and greater need to communicate this state,
and ampli�ed issues with errors during surveying. We implemented a deployment-
management system to alleviate these problems. Red arrows show data 
ows
that we �rst attempted to perform manually and later automated or facilitated
with a deployment management tool. Blue arrows show data 
ows that we
automated from the beginning because we anticipated their complexity before the
medium-scale deployment. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.5 Some of the deployment meta systems. In (a) we see a method used to ensure
�eld o�cers received and properly notated a participant's phone number, a critical
step because this was how incentives were transferred and sensor maintenance
was scheduled. In (b) we see an blank view into the deployment-management
system, where �eld o�cers could view the state of the deployment in real time
and autonomously schedule participant check ups. . . . . . . . . . . . . . . . . 74

3.6 A typical site. We deployed 3 PowerWatch in each site, and data can be grouped
so that only data collected in this site is analyzed. Sites are selected using criteria
described across Evaluation Design Reports of Mathematica Policy Research [212]
and UC Berkeley [213] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

3.7 PowerWatch Deployment Area. Sensors were deployed in three of 26 districts
in Accra. The deployment covered an area of approximately 130 square kilometers.
This deployment was subsequently increased to 1,400 sensors and a much wider
area bynLine, a startup I co-founded. . . . . . . . . . . . . . . . . . . . . . . . 76

3.8 Deployment methodology of sensors. By randomly sampling households and
�rms under a transformer, sensors can detect high-voltage (HV), medium-voltage
(MV), and a signi�cant portion of low-voltage (LV) outages. Sensors might not
detect single phase outages, as in the bottom outage of (d), because our sampling
did not guarantee sensors were distributed across all possible phases in practice,
due to both the di�culty of identifying the phase(s) to which a service was
connected and manual phase switching by a household or �rm. Sensors estimate
the average frequency and duration of outages, which include both single-phase
and service-level outages. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

3.9 Field o�cers in uniform. Branding and messaging was especially important
as the quality of our sample depends on long term positive relationships with
participants. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.1 PowerWatch as deployed. (a) PowerWatch PCB with cellular radio, SD card,
and sensing circuits. (b) Assembled PowerWatch sensors with QR code scanned at
installation to associate the sensor with a participant. (c) A �eld o�cer installing
a PowerWatch sensor at a household outlet. . . . . . . . . . . . . . . . . . . . . 80
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4.2 PowerWatch System Architecture. PowerWatch measures the grid by plugging
in at outlets in homes or businesses, transmitting data about power quality over
the cellular network, and clustering the data based on temporal and spatial
characteristics of power outages. . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.3 Evolution of PowerWatch with each deployment. PowerWatch revision
A consisted of an o�-the-shelf compute/communication module and enclosure
(A.1) and paired with a custom sensor front-end (A.2). Data from this revision
informed the need for a better enclosure and more casing in revision B, which
consisted of a custom sensing and communication board (B.1), enclosure with
externally plugged power supply (B.2), and a separate grid voltage and frequency
sensor (B.3). While the separate grid voltage and frequency sensor allowed for
easier assembly, its complications led us to build revision C, a completely-encased
custom sensor which plugs directly into the wall, to sense grid voltage and frequency.82

4.4 Early Engineering Dashboard. This is accessed using a web browser. The
table towards the top of the screen lists all sensors, the time since the last data
received, the total time it has been deployed, and its current battery life. The
bottom graph shows a time series representation of all PowerWatch devices. The
orange line is all of the devices. The green line is all devices that believe the power
is on. The blue line is all devices that believe the power is o�. There are two
outages present in this view, which can be seen as a spike in the blue line as more
devices report that the power is o� and a dip in the green line as less devices
report power is on. While not the most aesthetically pleasing, it allowed us to
handle medium to large scale deployments. . . . . . . . . . . . . . . . . . . . . . 84

4.5 PowerWatch data visualization Figure is screen capture from nLine's data
visualization system[290]. With the goal of supporting non-technical users, this
dashboard was developed to allow for spatial and temporal queries to be trivially
run, visualized, and analyzed across the PowerWatch dataset.nLine has since
performed multiple training's with utility and regulator stakeholders in Ghana on
using this tool and will be making it available over the next year. . . . . . . . . 85

4.6 Two testbeds. In (a) we see an early, small test bed, and in (b) we see our
testbed from two years later. As the technology has developed, supporting systems
had to improve (see Chapter 6) and opportunities for further optimization like
the tighter timing shown in Figure 4.8 arose frequently. . . . . . . . . . . . . . . 86

4.7 Time range of testbed outages. A testbed of sensors and programmable outlets
generated two hundred outages of various sizes in a controlled setting. We observed
the precision of outage timestamping, noting that for any given outage sensors
may report that the same outage occurred up to 100 s apart. This allowed us
to parameterize clustering algorithms used to detect outages in the �eld. Newer
�rmware reduces temporal variance to less than 10 s. . . . . . . . . . . . . . . . 87

4.8 Time range of testbed outages with improved �rmware. Improved �rmware
decreased the variance to closer to what would be expected, although leaving
room for improvement in �rmware optimization. . . . . . . . . . . . . . . . . . . 87
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4.9 Number of sensors reporting throughout the deployment. Failures are
either user unplugs (sensed by the accelerometer), sensors dying due to unsensed
unplugs (such as those that occur when the wall switch is 
ipped), or unknown
failures (likely also due to participants unplugging or turning o� the sensors, as we
observed no hardware or long-term software failure in collected sensors). Initial
deployments occurred in June 2018, with some sensors retrieved in December 2018.
Additional sensors were deployed in February and April 2019. Field sta� actively
attempted to maintain reliability from April to June 2019, greatly reducing the rate
of sensor failure. Even without �eld sta� support, the rate of failure lessened over
time, demonstrating that our deployment methodology is sustainable if properly
over-provisioned. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.10 Packet Reception Rate (PRR). PRR was calculated by comparing each
sensor's expected reporting interval and sequence numbers with data received.
Jumps in sequence number, or periods sensors did not report when expected,
indicated a transmission failure due to lack of cellular connection or bugs in
the �rmware. Sensors were not included after permanent failure, and PRR was
increased by local queuing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.11 Time to acquire �rst successful GPS �x. Note CDF axis stops at 0.8. From
462 sensor deployments, over 17% achieved a �x within the �rst hour after their
deployment began, and over 29% within the �rst day. Over 65% achieved a �x
within 30 days. The remaining 11% that achieved a �x were spread over 300
additional days. In 23.2% of the deployments the sensors never achieved a GPS �x.90

5.1 PowerWatch captured an outage reported in the news. PowerWatch sen-
sors and clustering algorithms perfectly captured a power outage event (\dumsor")
reported by GhanaWeb, a popular news source, to have occurred \around 21:00"
on March 14, 2019 [301]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

5.2 PowerWatch captured a period of instability under investigation by the
Public Utilities Regulatory Commission of Ghana (PURC). (a) is a screen
capture of a public notice posted by PURC about the launch of an investigation
into a period of disruption that occurred from 06/02/21 to 06/09/21. (b) shows
data collected by PowerWatch. On the left of the display, SAIDI and SAIFI from
the same week-long period the prior year (06/02/20 to 06/09/20) is shown to be
much less than SAIDI and SAIFI from the week under investigation. . . . . . . 94

5.3 Distribution of times between individual sensor unplug reports. Over
40 % of sensor unplugs occurred within 100 seconds (102) of another unplug report.
Additionally, the 
at section in the middle of the graph indicates that sensor
unplug reports occurred largely in two modes: those highly correlated in time
with other unplug events, and those occurring much more randomly in time. We
believe the temporal correlation is due to outages, and that the presence of this
correlation can be used to separate true unplug events from those not caused by
grid failure. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
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5.4 Voltage, frequency, and number of WiFi networks before and after an
outage. We time-aligned and averaged the voltage, frequency, and number of
WiFi networks observed by PowerWatch sensors during small (clusters of 3 sensors)
and large (clusters of 40 sensors) power outages and restorations. Sensors were
\near" an outage if they were in the same site as a sensor in the outage. Voltage
and frequency were not measured for sensors experiencing an outage. As cluster
size increased, we observed that sensors not near an outage detected changes in
frequency and voltage in response to the change in demand associated with an
outage or restoration event. The change in number of nearby WiFi signals was
similar{decreasing on outage and increasing on restoration. Together these signals
corroborated that outages detected by PowerWatch were true outages. . . . . . 97

5.5 Comparison of PowerWatch S-SAIFI to the utility-reported SAIFI in
quarter 3 of 2018. Our large outage clusters closely compared to the combined
medium- and high-voltage SAIFI reported by ECG, while low-voltage outages
(small outage clusters) sensed by PowerWatch greatly exceeded low-voltage SAIFI
reported by ECG. This provides evidence of the extent of under-sampling by the
utility at the low-voltage level of the grid. . . . . . . . . . . . . . . . . . . . . . 99

5.6 Calculated S-SAIDI � one standard deviation as sites are removed
from the dataset between June and August 2019. To evaluate whether
PowerWatch covered a su�cient sample of the grid to compute a representative
S-SAIDI, we removed sites from the dataset in 30 rounds and observed the e�ect
on S-SAIDI. We saw that as sites were removed, standard deviation of S-SAIDI
remained relatively low and the mean value of S-SAIDI dropped slightly. . . . . 101

5.7 Coverage dropout study from June to August 2019. To evaluate the outage
detection coverage of PowerWatch, we performed a dropout study, removing sites
from our dataset and observing the impact of those removals. Speci�cally, we
looked at the number of \additional sensors" that had been part of an outage
cluster prior to the dropout, but which were no longer after a site was dropped.
Intuitively, if removing a site causes many outages to either not be formed or
shrink signi�cantly in size, that would indicate that the site was essential to detect
the correct extent of an outage and that we might be undersampling. During this
time period, with no sites removed, there were 1,383 reports from sensors involved
in outages of size� 3; 1,030 reports from sensors involved in outages of size> 3
and � 10; and 3,969 reports from sensors involved in outages of size> 10. We
observed that for outages containing more than three sensors, nearly 20 sites could
be removed from our dataset before we started missing reports from additional
sensors. This indicated we had deployed su�cient sensors to detect medium- and
high-voltage outages, but, as expected, we did not have a high degree of coverage
on the low-voltage network and needed to rely on sampling to estimate its reliability.102
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5.8 Number of sensors reporting outages in a densely-instrumented site. To
better understand the limits of our low-voltage sampling, we deployed 25 sensors
in a single site (under a single transformer) for two months and observed the
results. We saw two groups of outages: larger outages, which impacted all or a
signi�cant portion of the site, and smaller outages, which might be a single phase
or smaller. Larger outages comprised about 60% of the outages at this site, while
smaller outages made up about 40%. This suggested that our primary deployment
strategy of three sensors per site detected many, but not all, low-voltage outages. 103

5.9 All outages PowerWatch detected from June 2018 to September 2019.
The outages are visualized on a timeline where the y axis shows the size of the
outage (as the number of sensors impacted) on a log scale. Small perturbations
are added to the location of the lines to make it easier to distinguish outages of
the same size. PowerWatch detected 3,123 outages with an average duration of
1.7 hours. The longest outage lasted over 48 hours. The largest outage impacted a
nearly-80 km2 area, representing two-thirds of our deployed sensors. . . . . . . . 104

5.10 The number of hours respondents experienced below the target voltage
band (207 Vrms) per day. These measurements contain both the periodic 2
minute measurements as well as measurements taken on outage and restoration
across 420 PowerWatch detects that 18% of voltages sensed are outside the desired
range. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.11 Frequency in sample is unstable. We see that while a majority of our samples
are within the acceptable range around the nominal 50 HZ, there are still a
signi�cant number of readings that represent deviations beyond the acceptable
range of 49.8 to 50.2 HZ. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.12 The average voltage (V) for participants, by month, in each district
of Accra with PowerWatch sensors. Includes data collected by the initial
PowerWatch deployments described in this work and in the 2019 COMPASS paper
[308], textitas well as additional data, analysis, and text produced bynLine
from a commercial deployment of about 1,400 PowerWatch in Accra [279, 290].
Sensor voltage levels are averaged per participant, then collected and plotted as
box plots for each month in each district. Outlier bars represent minimum and
maximum average voltages, the green triangle represents the mean of the dataset,
and the orange line represents the median. Seasonal trends are observed, as well
as long-term voltage level improvements in Achimota and Kaneshie, especially
for the lower quartile of participants. More analysis is necessary to attribute the
underlying cause of these improvements. . . . . . . . . . . . . . . . . . . . . . . 106
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5.13 Daily Hours Undervoltage per Respondent (hours below 207 Vrms) vs
Time (year-month) by District of Accra This includes data collected by the
initial PowerWatch deployments described in this work and in the COMPASS
2019 paper[308] textitas well as additional data, analysis, and text produced
by nLine from a commercial deployment of around 1400 PowerWatch in Accra
[279, 290]. The average number of hours per day under the target voltage (207
Vrms) experienced by participants every month in each district. The number of
hours per day under target voltage is calculated every day for each participant,
then collected and plotted as box plots each month in each district. Outlier bars
represent minimum and maximum average hours, the green triangle represents
the mean, and the orange line represents the median of the dataset. Hours under
target voltage better captures the performance of the grid under peak load than
the average voltage. As with the average voltage, seasonal trends are observed, as
well as long-term voltage stability improvements in Achimota and Kaneshie. More
analysis is necessary to attribute the underlying cause of these improvements.
Mampong has notably stable voltage with the exception of a few outliers, with
nearly all Mampong participants receiving voltage consistently within the target
range. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.14 Lorenz curves show us power-quality fairness across our participants.
Work in progress from \Disaggregated power quality data reveal systemic inequality"
by Adkins et al. (including myself )[309]. Lorenz curves for the four power-reliability
and -quality metrics across the analysis sites exhibit inequality similar to those
reported in other countries, and over larger geographic regions in Sub-Saharan
Africa [78]. We note that as power quality worsens, so to does inequality of that
measurement. We hypothesize that this is due to low power quality consistently
impacting speci�c pieces of infrastructure. . . . . . . . . . . . . . . . . . . . . . 108

5.15 Heterogeneity in socioeconomic and power-quality indicators. Work in
progress from \Disaggregated power quality data reveal systemicinequality" by
Adkins et al. (including myself )[309]. Examples of power reliability, population,
and demographic data split into analysis sites. The presence of inequality in
power-reliability and -quality metrics is clear, and some visual correlation can be
drawn between power measurements and demographic indicators. . . . . . . . . 109

5.16 Exploring \reliability climates" and the impact of aggregated metrics
like SAIDI and SAIFI. Work in progress from \Disaggregated power quality
data reveal systemic inequality," by Adkins et al. (including myself )[309]. This
�gure shows the error between per-site number and duration of outages and SAIFI
and SAIDI metrics aggregated to the district level. We note that the distribution
of sites below the mean is wider than those above the mean, indicating that a
relatively small proportion of the population experiences signi�cantly worse power.109
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6.2 The PowerWatch assembly line. Over the course of four weeks, 10 undergrad-
uates worked 110 person-hours to assemble 295 PowerWatch sensors. They were
responsible for assembling the plug; screwing together the enclosure; attaching
the circuit board; connecting the battery, antenna, SIM card and SD card; and
provisioning the device with base �rmware. They worked from team-created
assembly manuals and training materials. . . . . . . . . . . . . . . . . . . . . . . 118

7.1 COVID-19 vaccine doses administered per 100 people. Figure is a screen
capture from \Our World In Data" [328]. The vaccination gap across Africa is
striking and brings to mind similar patterns in �gures about grid reliability like
Figure 2.51 and Figure 2.12. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
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5.1 Number of powered sensors within the convex hull of an outage. Across
all sizes of outages, very few powered sensors|at most 2|fall within the convex
hull of a detected outage. This gave us con�dence that outages detected by
PowerWatch were true outages as we would not expect sensors within an outage
area to be powered beyond anomalies such as the presence of a generator or
concave grid shapes where separately-powered infrastructure encroached into the
convex hull of an outage. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.2 Co-reporting rates and voltage correlation scores of sensors under
the same infrastructure. We identi�ed sensors under the same infrastructure
using maps available for a subset of the grid. We found that sensors under the
same infrastructure experience higher rates of outage co-reporting. Similarly, a
correlation on the �rst-di�erences of the reported voltage increased for sensors
located under more-local infrastructure. This provided evidence that electrical
connections were discernible from our data stream, and that applications such
as automated topology detection and subsequent root-cause analysis might be
possible even without maps of the grid. . . . . . . . . . . . . . . . . . . . . . . . 96

5.3 Equality of power reliability and quality metrics when comparing across
four population weights and various demographic metrics. Work in
progress from \Disaggregated power quality data reveal systemic inequality," by
Adkins et al. (including myself )[309]. We evaluate the ratio between the highest
and lowest quartiles (75-25) and the Gini index for four population weights and a
variety of demographic metrics. For all demographic metrics, sites are weighted by
census population, then ordered by the demographic metric before performing the
analysis. Therefore, the census population results serve as a baseline for all demo-
graphic metrics further down the table (marked with a *), and no demographic
metric can exceed the inequality of this �rst row. We pull out several key �ndings
from this analysis: (1) power quality is more unequal than power reliability; (2)
low levels of inequality are observed in our dataset with respect to number and
duration of outages; and (3) demographic metrics that are intuitive predictors of
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6.1 Pain points of di�erent scales. At each scale of deployment we ran into pain
points|complexities that we perceived to be more di�cult than would be expected
by a simple increase in deployment size. We encountered many at the transition
to medium scale, when local capacity needed to be built, expenses to operate the
technology increased, lack of technical reliability became much more apparent,
and systems that could once be human-operated had to be automated. Large scale
brought new problems, the most notable being the inability to track deployment
state without automated deployment management tools. . . . . . . . . . . . . . 112
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Chapter 1

Introduction

Electricity has fundamentally and dramatically impacted human history. While the oldest
living generation in the United States may remember their �rst grid connection, their
grandchildren likely can't imagine a life without access to lights, refrigeration, television,
computers, and modern medicine. Each of these essential services depends on electricity.
Reliable and a�ordable electricity has become such a prerequisite for economic growth and
personal well-being that there are increasing calls for electricity to be considered a fundamental
human right [1].

If a reliable grid is something that should be available everywhere, it follows that the data
needed to ensure grid reliability should also be available to quantify the quality of the service.
Basic data about the duration and frequency of power outages helps decision-makers estimate
the cost of power outages to the economy and to society as a whole, and take informed actions
to improve the reliability of the power supply [2]. Further, this data empowers citizens and
allows them \to hold electricity providers accountable" [2]. About 80% of countries collect
data on the frequency and duration of power outages, but of those, only two thirds publish it
[2]. Unsurprisingly, wealthier regions are more likely to both collect and publish this data,
re
ecting an economic barrier to entry (shown in Figure 1.1).
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(a) Percent calculating SAIDI and SAIFI (b) Percent publishing SAIDI and SAIFI

Figure 1.1: Although many countries collect data on power outages, very few make
that data public, especially those located in Sub-Saharan Africa. Figures remade
from \Digitalization and the Use of Technology in the Electricity Sector," published by the
World Bank Malaysia Hub in 2020[3]. In (a) we can see that High Income OECD economies
are nearly twice as likely to be calculating SAIDI and SAIFI than economies in Sub-Saharan
Africa. In (b) we see that this data is even less likely to be published|only 2/3 of the
population calculating SAIDI and SAIFI in (a) publish data. This reluctance to publish is
seen even in the wealthiest economies. When researchers, regulators, and rate payers can not
access this data, it limits the important roles they play in ensuring reliability [4, 5].

This dissertation presents a scalable and cost-e�ective method for measuring grid reliability
as experienced by customers, that is, at households and businesses anywhere on earth. Here,
by grid reliability, we mean whether the power is on or o�, and if on, the voltage and
frequency at the customer site. But data alone isn't enough to ensure grid reliability; that
requires proactive actions from stakeholders. To maximize the likelihood that the data
collected will inspire such actions, this work also describes techniques for deploying reliability
sensors, extracting insights from the data stream, and presenting the right insights back to
stakeholders.

1.1 The Importance of Reliability

Electric grids power economic activity throughout the world. However, frequent power outages
and voltage 
uctuations leave many consumers and businesses with only a fraction of the
bene�ts of electri�cation [6{9]. Neglecting reliability is associated with a reduction in the
demand, utilization, and social bene�t of electricity [10].

There is often a line drawn between the needs of developing regions and those of more
developed ones, but regardless of GDP, the need for reliable electricity is palpable. Grid
reliability is intuitively important. Every reader will have experienced at least moderate
inconvenience due to a power outage at some point in life. While even infrequent power
outages and voltage swings have signi�cant costs, a grid that is systemically unreliable|a
reality in much of the developing world and an emerging reality in developed countries (see
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(a) (b)

Figure 1.2: Poor grid reliability quickly impacts popular culture. Picture (a) shows a
recent article about the best tools to purchase for power outages from popular New York
Times-owned recommendation blog Wirecutter [16]. Picture (b) is a photo I took of a billboard
beside a major highway running through downtown San Francisco. Once you start looking, it
is easy to �nd signs in popular media that energy reliability is something people care about.

Section 2.7)|can have consequences that range from the destruction of appliances to the
destabilization of governments [5, 11{13].

We do not need to look beyond the Electrical Engineering and Computer Science De-
partment at UC Berkeley to observe serious problems caused by grid unreliability. Berkeley
residents began experiencing \public safety power outages" in 2019, designed to help prevent
wild�res. These power outages led to class cancellations [14]. In her 2020 blog post from the
Haas Energy Institute at UC Berkeley, Catherine Wolfram described early results of survey
work conducted at UC Berkeley exploring the costs of the public safety shut-o�s. Along with
high monetary costs from increases in generator purchases (nearly 15% of respondents paid
on average$1800 for a generator in the 6 months following the �rst outages), the survey
found serious non-monetary costs, including \an elderly woman who was hospitalized after
she fell grasping for her 
ashlight in the dark" and \a couple who couldn't access their cell
phone to report a medical emergency during the outage" [15].

Elsewhere in the United States, power outages have dramatically impacted health, safety,
and economic development. The largest grid failure in the U.S. is still occurring in Puerto
Rico, four years after Hurricane Maria hit in 2017 [17]. Due to a nearly unbelievable series of
factors, including limited resources, political and bureaucratic missteps, and blatant corruption
[18], much of the island remains plagued by unreliable grids and high cost per kilowatt [19].
Recently, in October 2021, nearly 4,000 people protested, wearing T-shirts that read, \Go to
hell, Luma" (the private utility company tasked with improving the grid in 2018) [20]. The
protesters \clapped or banged on pots while walking behind huge speakers on pickups that
blasted slogans such as, `My power went out, damn it, and now my fridge will be ruined'
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