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ABSTRACT
EffiSenseSee is a means to identify energy-inefficient lighting in-
frastructure lingering in our built environment. When light bulbs
convert incoming AC power into visible light, a carefully designed
camera can “see” some of the original AC signal in the varying
light intensity. Using a large corpus of over 60 bulbs, we show
that based solely on analysis of subtleties in observed light out-
put, previously unseen bulbs can be classified as energy-efficient
or energy-inefficient with over 95% accuracy. With 89% accuracy,
EffiSenseSee can group bulbs into incandescent, halogen, CFL, or
LED—the four primary categories measured by regulatory bod-
ies. We then investigate how to bring this technology “out of the
lab.” In an outdoor setting with a commodity camera, EffiSenseSee
identifies inefficient bulbs with 74% accuracy.

CCS CONCEPTS
• Human-centered computing → Ubiquitous and mobile com-
puting systems and tools; • Computer systems organization→
Embedded and cyber-physical systems; • Computing methodolo-
gies → Computer vision.
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1 INTRODUCTION
One of the greater successes in policy and global energy reduction is
the transition to energy-efficient lighting technologies. Down from
15-25% in 2011, today lighting accounts for just 8% of the energy
use across the residential and commercial sectors in the United
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States [1, 2]. For commercial buildings, their limited incandescent
population has fallen to under 5%. However, they also have a limited
LED penetration of only 17%; older, fluorescent tube lighting still
represents nearly 70% of commerical building lighting power [3].
Residential surveys suggest that 45-52% of their fixtures are now
powered by energy-efficient CFL or LED bulbs [4, 5]. At the same
time, these same studies estimate 28-43% of residential lighting still
comes from inefficient incandescent or halogen bulbs.

This lingering population of inefficient bulbs may not neces-
sarily be as bad as it sounds. The incandescent bulb in the home
attic or rarely-visited machine room likely sees well-under 1% on-
time. Replacing such bulbs would actually be an environmental
net-negative, as the carbon spent to manufacture the new bulb
would take decades to be surpassed by the efficiency gains of such
a lightly-used item [6].

Today, then, we must ask two questions to guide replacement
policies and incentives: where are the inefficient bulbs that remain,
and howmuch are they actually used? Answering this first question
is labor-intensive. The state-of-the-art approach is a mix of con-
sumer self-reporting, opaque supply-side monitoring, and costly
surveys where highly trained operators inspect representative sam-
ples of residential and commercial buildings [3–5]. Answering the
usage question is intractable with such a manual approach. Indeed,
the “uncertainty about the baseline and the need for ongoing re-
search” is explicitly identified as a challenge in NREL’s Residential
Lighting Evaluation Protocol [7].

What if instead we could automate these measures? Imagine if
all the cameras in Smart City infrastructure could tell whenever and
wherever an inefficient bulb is running. As a first step, we present
EffiSenseSee, a classification engine that uses commodity cameras to
automatically identify energy-inefficient bulbs. EffiSenseSee tackles
the first of the two challenges – autonomously identifying powered-
on inefficient bulbs. This is a critical building block towards future
wide-area measures of the penetration and longitudinal utilization
of inefficient bulbs in our built environment.

The key idea in EffiSenseSee is the analysis of “Bulb Response
Functions” (BRFs). First discussed by Sheinin et al., BRFs are a
description of how a light bulb transforms incoming AC power
into light [8]. BRFs are stable, intrinsic properties of bulbs. Prior
work has shown they can act as “fingerprints” to uniquely identify
a bulb. Indeed, if a bulb’s BRF is known, it can even be reversed to
infer properties of the incoming AC based on light output [9]. With
EffiSenseSee, we consider the case that BRFs are not known a priori.
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(a) BRF of incandescent. (b) BRF of CFL. (c) BRF of halogen. (d) BRF of LED.

Figure 1: Example of smoothed Bulb Response Functions (BRFs) for three different bulbs of each type we study: incandescent,
compact fluorescent light (CFL), halogen, and LED.While similar to the eye, differences among electronic components andmanufacturing
details can cause reliable patterns that identify bulb fingerprints.

We aim to discover new, previously unseen bulbs and autonomously
identify them as efficient or inefficient bulbs.

We posit that design of energy efficient bulbs means they will
have characteristically different BRFs. Consider the operation of
an incandescent bulb. At its heart, it is simply a resistor period-
ically impeding grid power, getting hot while doing so, and as a
consequence emitting light. In contrast, a CFL must charge a bal-
last and ionize gases, which emit ultraviolet light, which causes
the coating on the bulb to fluoresce and emit visible light. LEDs
are similarly complex, usually with solid state power electronics
converting AC into constant voltage or constant current sources.
As Figure 1 shows, BRFs of different types of bulbs do look distinct.

The next question, then, is how to build a classifier that can
autonomously label BRFs. We consider signal processing, statistical,
and machine learning methods and find that k-Nearest Neighbors
(kNN) is a suitable approach. While we are predominately inter-
ested in the binary question, ‘is this an inefficient bulb?,’ we also
attempt more nuanced bulb type detection. When the Energy In-
formation Administration (EIA) and other bodies survey lighting
infrastructure, they report four bins: incandescent, halogen, CFL,
and LED [10]. As a secondary goal then, we investigate whether our
classifier can autonomously collect this data. While it is reasonably
good at distinguishing efficient bulbs (i.e. separating CFLs from
LEDs), in outside-the-lab settings, the difference between incandes-
cent and halogen bulbs proves too subtle to reliably distinguish.

With the classifier in hand, we have two other challenges to form
a complete system. First, we must find a means to collect BRFs. Here,
we lean on prior work. To collect high-resolution BRFs for training,
we capitalize on oscilloscope-collected data from Shah et al. [9],
while for inference in the wild we leverage the rolling-shutter-
based ACam from Sheinin et al. [11]. We discuss the tradeoffs in
these two collection methods in Section 4.1. In our evaluation, we
demonstrate empirically that it is possible to harmonize these two
approaches, and that normalized BRFs can be used interchangbly,
without retraining, no matter how they were collected.

The second challenge is to adapt to new environments (i.e. pre-
vent double counting and recognize unprecedented BRFs). As a first
exploration in this space, we do not attempt to handle continuous
motion; a system to reliably extract BRFs in a moving scene is (at
least) one whole paper of its own merit. However, we do expect that
the camera may move between BRF captures. This means we must

be able to distinguish between a new bulb and one that EffiSens-
eSee has previously seen. To identify bulbs over time and across
scenes, we can use BRF fingerprints. As we do not have a database
of fingerprints a priori, however, we must construct one on-the-fly.
For this, we develop a novelty detection engine, which is able to
answer the question, ‘is this a new bulb?’ with 85% accuracy.

With these challenges addressed, we implement and evaluate
EffiSenseSee. We develop a feature-engineering-based approach to
classify and distinguish between highly similar, sinusoidal wave-
forms from light bulbs. EffiSenseSee is a methodology to distinguish
between bulb types and their relative efficiency, which no system
to-date can do from BRFs. We first establish that we can build a
classifier, which is able to accurately classify bulbs solely from
their BRFs. We then show that a model trained on in-lab, cleaned
oscilloscope data can be used directly to identify inefficient bulbs
using BRFs collected with a camera, in both indoor and outdoor
settings. Finally, we test the novelty detection engine. While it is
reasonably accurate, a system implemented at-scale will likely need
to supplement novelty detection with metadata such as GPS loca-
tion and magnetometer orientation for robustness. We then close
with a discussion of future directions for EffiSenseSee and the most
promising paths for improving performance.

In sum, this paper makes the following contributions:

• We validate prior work in BRF capture and then newly demon-
strate that captures from high-fidelity oscilloscope data and
cleaned rolling-shutter data can be interchanged in machine
learning models.

• We develop a classification engine to accurately label previously
unseen bulbs as inefficient or efficient, based solely on BRF data;
we also demonstrate type classification across incandescent, halo-
gen, CFL, and LED bulb classes.

• We create a new novelty detection algorithm, which can distin-
guish between previously unseen bulbs and bulbs which have
simply moved in the observed scene to enable robust accounting.

2 RELATEDWORK
Most prior work that analyzes light bulb output targets localization
applications. Bulbs in the built environment form a sort of star chart,
with buildings mapped and labeled during system setup. Devices
in the space extract various features as labels to infer which ‘stars’
they are looking at.
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For example, Kuo et al. label bulbs directly. They show that
�smart� LED lights can be programmed with high-frequency �icker
(2-7 kHz) which is imperceptible to the human eye but recoverable
by exploiting the �rolling shutter� used by most CMOS cameras [12].
We do not control the bulbs we study and cannot inject such labels.

Newer approaches show that labels can be inferred from intrinsic,
physical properties unique to each bulb. Zhu et al. use RGB values
from camera sensors to �ngerprint the irradiance characteristics of
light bulbs [13]. While this no longer requires bulb modi�cations
to provide labels, it is still only capable ofre-identifying bulbs. The
approach does not provide a means to classify unseen bulbs.

While classi�cation is not the purpose, the LiTell localization
system does give a classi�cation primitive. Zhang et al. found that
most �uorescent bulbs have a weak-but-unique, per-bulb character-
istic �icker; the rolling shutter can be used here as well to capture
oscillations between 80 and 160 kHz as labels [14]. Unfortunately,
non-�uorescent bulbs do not have such �icker. As we are interested
in classifying all bulbs, we seek a di�erent approach.

Ladeira et al. use and test various machine learning algorithms
to predict a light bulb's type, brand, and power from light bulb
characteristics [15]. Here, they rely on spectrometry to capture
bulb intrinsics (and only from a range of 2-5 m). This technique is
not easily adaptable to general purpose devices for cost-e�ective,
wide-area measurement. Additionally, the work primarily targets
mercury and sodium bulbs. Again, we seek a more general approach
across all bulb types.

3 BULB RESPONSE FUNCTIONS
At a high level, light bulbs take as input a periodic, time-varying
signal (i.e., AC power) and output a periodic, time-varying signal
(i.e., light). That is, there exists aBulb Response Function(BRF) that
expresses how each bulb transforms input power into output light.

Sheinin et al. �rst described BRFs in their Computational Imaging
work, where they showed that BRFs are consistent over time and
used them to build a database of bulbs to match [8]. While used
only for �ngerprinting speci�c bulbs, they observed that BRFs
tended to `look di�erent' for di�erent bulb types. This observation
is the foundation of our work. As example, Figure 1 shows BRFs
we captured from four di�erent bulb types. We ask whether there
is su�cient consistency in BRFs for a given class of bulbs that new,
previously unseen bulbs can be accurately classi�ed.

4 E�SenseSee DESIGN
E�SenseSee has three steps that present design questions. The �rst
is BRF acquisition, where we explore both high-�delity oscilloscope-
based capture and a rolling-shutter design suitable for commodity
cameras. The second is predictive labeling, where we identify and
select characteristics of BRFs to classify bulb type. The third is
where we must determine whether we have encountered a given
BRF before to avoid double-counting of bulbs in the real world.

4.1 BRF Capture
To capture BRFs, we explore both high-�delity, oscilloscope-based
collection and deployment-friendly, rolling-shutter-based design.
We begin with a database of BRFs from Shah et al. [9] to simplify im-
plementation and enable reproducibility of our results. In Section 6,

(a) Rolling shutter on an illuminated wall and recovered BRF.

(b) Video-based acquisition for when the light covers a small propor-
tion of the scene and recovered BRF.

Figure 2: Working demonstration of BRF extraction using a
rolling shutter camera in two di�erent scenarios. In (a), the
BRF is extracted from the image of a smooth wall illuminated by a
bulb [9, 11]. In (b), a video-based approach enables BRF recovery
when the bulb is in the scene through temporal sampling [11].

we discuss our process for transitioning from indoor to outdoor
data collection and analysis with Sheinin et al.'s camera setup [11].

4.1.1 Oscilloscope.We discuss in detail how Shah et al. extracts
BRFs, which is originally based on Sheinin et al.'s work [11]. To
"see" AC, the system must capture the �uctuations in light emitted
by a bulb. This requires quantizing the analog intensity of a light
bulb powered by the electric grid. A phototransistor-based chip�
Sparkfun's TEMPT6000�can convert light into voltage. This voltage
is then sampled through an oscilloscope to quantize the light.

The post-bulb views of an AC waveform are Bulb Response
Functions (BRFs). This is shown in the incandescent, CFL, halogen,
and LED examples in Figure 1. Each waveform shown in Figure 1
represents two and a half cycles; each color represents a unique
bulb. For each unique light bulb, the dataset contains approximately
ten di�erent instances of two-and-a-half cycle waveforms. There
are over 60 unique light bulbs recorded [9], which we utilize in this
study. In total, the dataset contains over 600 waveforms.

4.1.2 Rolling Shu�er Camera.High �delity collection of BRFs is
also possible using images captured by a rolling shutter camera.
In a rolling shutter camera, consecutive rows of the image sensor
are exposed after a speci�c inter-row delay, which is of the order
of 20-30 microseconds. This inter-row delay provides a temporal
sampling rate high enough to capture a bulb's BRF in a single image
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