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Abstract 
Discovering  the three  dimensional  structure  of an 
object  is  important  for  a variety  of  robot  tasks. Single 
sensor  systems  such as  machine  vision  systems cannot 
reliably  compute  three  dimensional  structure in uncon- 
strained environments.  Active,  exploratory tactile 
sensing can be  used  to complement passive stereo 
vision data to derive  robust surface and feature 
descriptions of  objects. The control for tactile sensing 
is provided by the  vision system which  provides 
regions of interest that the tactile system can explore. 
The  descriptions of surfaces and features are accurate 
and can be  used in  a later matching  phase  against a 
model data  base of objects to  identify  the object and 
its position  and orientation in  space. 

1. INTRODUCTION 
Robotic  systems are  being  built to perform  complex  tasks 

such as  object  recognition,  grasping, manipulation  and  assembly. 
A common  thread in all these  tasks is the  ability  to  understand 
the three dimensional  geometric  and  topological structure of  the 
objects involved. The first step  in discovering the underlying 
three  dimensional structure of an object  through sensing is to 
compute depth and orientation  at  each  point on the  object,  or 
what has been  termed by Marr [IO] as a  “2%  D”  sketch. 
Currently, there are  several  sensing systems  that can derive  depth 
from a scene.  Among  these  are laser range  finders [17,9, I], 
photometric stereo [7] and  binocular stereo [3]. Determining 
which sensor  to use is chiefly  determined by  the task  domain. 
Laser imaging is potentially hazardous and  has  difficulty  with 
shiny  metal  reflective  surfaces. At present, it is a more  expen- 
sive  depth sensing  technology  than  the other methods  mentioned 
above. Photometric  stereo puts great demands on the  illumina- 
tion in the scene and on properly  understanding  the  reflectance 
properties  of  the objects to  be  viewed. In choosing a  system  to 
sense  depth  in  general, unconstrained  environments, binocular 
stereo has  the  advantage  of low  cost and  ability  to  perform over 
a wide  range  of  illuminations  and object  domains. It is also a 
well  understood  and simple  ranging method,  which motivates its 
use in  a generalized  robotics  environment  where  many different 
task  and object  domains may  be in effect.  However,  used as a 
single  robotics  sensing system, stereo has clear deficiencies. If 
there is a  lack of detail  on the object, only sparse  depth measure- 
ments  are  possible. If  too  much  detail is present,  the  matching 
process between  image  events  can easily  become  confused. 
Detail also causes a marked degradation  in performance  as the 
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potential match  space increases.  To overcome the  limitations  of 
such a  sensor  system  a  useful approach is to  use  multiple  sen- 
sors. Multiple  sensors  can be  used in  a complementary fashion 
to extract  more  information  from an  environment  than a  single 
sensor [16,12].  Tactile sensing is a good  choice for  a comple- 
mentary sensor to vision in  a generalized  robotics  environment 
for  a number of reasons. Touch is able  to directly  measure  the 
properties of  objects we desire:  their position  and  surface  orienta- 
tion. It also can  sense visually  occluded  areas  of a  scene, mak- 
ing it more useful  than the other ranging devices mentioned. 
Lastly, it  is a  low  cost sensor that  is required for tasks  such as 
grasping and  manipulation,  making it a necessary  part  of a 
robotic  system. 

A  system using  passive stereo vision  and  active  exploratory 
tactile sensing  to recognize  common kitchen items such as  mugs, 
bowls,  pitchers and  plates has  been  built and is described in 
detail  in [2]. A key component of  this  system  are  modules  that 
create surface and feature descriptions  of  objects. This paper 
describes  the  procedures used to generate  the surface and feature 
descriptions and reports results  achieved  with  the  method for  a 
number of real objects. 

The experimental  hardware is shown  in  figure 1. The 
objects to  be  recognized  are  rigidly  placed on the  worktable  and 
imaged by a pair  of CCD cameras. The tactile  sensor is mounted 
on a 6 degree of freedom PUMA manipulator  that  receives  feed- 
back from the tactile sensor allowing it to  move across the  sur- 
faces of objects reporting  contacts. The sections  below  describe 
how  the  vision  and touch  are  integrated  into robust  surface  and 

Figure 1. Experimental hardware. 
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Large Calibration Target

A  Head

Microsoft Kinect

5-Megapixel Global Shutter
Color Gigabit Ethernet
Camera (1-Megapixel on
SE)

Environment Stereo
Camera: Wide-Angle Global
Shutter Color Stereo
Ethernet Camera (NOT on
SE)

Manipulation Stereo
Camera: Narrow-Angle
Global Shutter Monochrome
Stereo Ethernet (NOT on
SE)

LED Texture Projector
Triggered with Narrow-Angle
Stereo Camera (NOT on
SE)

B  Above the Shoulders

Tilting Hokuyo UTM-30LX
Laser Scanner

Microstrain 3DM-GX2 IMU

C Forearm

Global Shutter Ethernet
Camera

D Gripper

Three-Axis Accelerometer

Fingertip Pressure Sensor
Arrays (NOT on SE)

Calibration LED

E  Base

Hokuyo UTM-30LX Laser
Scanner

Sensors

Gigabit Ethernet

32 Gigabit Backplane Switch

Multi Gigabit Connection to
Each Server

All Cameras on Gigabit
Network

EtherCAT Network

1kHz Control to All Motors

Exposure Triggering of
Forearm Cameras,
Environment Stereo,
Manipulation Stereo, and
Texture Projector to Better than
1 ms

Wireless

Dual-Radio WiFi

Dedicated Service Access
Point

Bluetooth Access Point

Networks

Batteries

1.3 kWh Lion Battery Pack

2 hrs Approximate Runtime

Onboard Power Supplies

Power Supplies Can Charge
and Run the Robot at the
Same Time

Power Board

Full Software Control and
Diagnostics Over Ethernet

High Speed Circuit Breakers

Run-Stops

Run-stops instantly disable all
the motor drivers while still
leaving all the sensors, servers
and motor board diagnostics
running.

Built in run-stop button on the
back of the robot.

Wireless run-stop can be worn
on a belt or put next to a
keyboard.

Power System

Sensor Modularity And Extensibility Mechanical Modularity

Scarce	
  No	
  Longer!	
  

IROS	
  2014,	
  Gregory	
  D.	
  Hager	
  



Not	
  Just	
  On	
  Robots	
  

IROS	
  2014,	
  Gregory	
  D.	
  Hager	
  

Networked	
  Surveillance	
  Cameras	
  

Consumer-­‐grade	
  RGBD	
  for	
  gaming	
  	
  	
  



Algorithms	
  Depend	
  on	
  Data	
  
Es@ma@ng	
  uncertain	
  spa@al	
  rela@onships	
  in	
  robo@cs.	
  Smith,	
  Self,	
  Cheeseman,	
  1990	
  
Uses	
  Kalman	
  filters	
  from	
  Sonar	
  

IROS	
  2014,	
  Gregory	
  D.	
  Hager	
  



From	
  Sound	
  to	
  Light	
  

Video	
  courtesy	
  Dieter	
  Fox	
  

Fox,	
  Dieter.	
  "KLD-­‐sampling:	
  Adap@ve	
  par@cle	
  filters	
  and	
  mobile	
  robot	
  localiza@on."	
  
Advances	
  in	
  Neural	
  Informa3on	
  Processing	
  Systems	
  (NIPS)	
  (2002).	
  

Montemerlo,	
  Michael,	
  et	
  al.	
  "FastSLAM:	
  A	
  factored	
  solu@on	
  to	
  the	
  simultaneous	
  
localiza@on	
  and	
  mapping	
  problem."	
  AAAI/IAAI.	
  2002.	
  

IROS	
  2014,	
  Gregory	
  D.	
  Hager	
  



The	
  Power	
  Algorithmic	
  Innova@on	
  

M.	
  Bosse	
  and	
  R.	
  Zlot,	
  Keypoint	
  Design	
  and	
  Evalua@on	
  for	
  Place	
  Recogni@on	
  in	
  2D	
  Lidar	
  
Maps,	
  Robo@cs	
  and	
  Autonomous	
  Systems,	
  57(12),	
  December	
  2009.	
  

1222 M. Bosse, R. Zlot / Robotics and Autonomous Systems 57 (2009) 1211–1224

Fig. 11. Online map merging: A map consisting of seven datasets collected
throughout Brisbane and its suburbs overlaid on a Google Maps image. The total
trajectory length is approximately 165 km, and the final map consists of 7190
submaps and 1.5 million keypoints. The map was built using a Bkd-tree data
structurewith an ✏ of 10. Grid lines are spaced by 1 km.We observe small alignment
errors on some of the more hilly roads, as well as on parts of the freeway (near
the center of the map) where high speeds combined with flat noise barriers on the
roadside can make scan matching more difficult.

computers to be shutdown as well. Upon resumption of operation,
the vehicle may have moved considerably before the computer
system can be rebooted and the localization system resumed. The
place recognition system can be used to globally relocalize the
vehicle on these occasions.

Fig. 12 demonstrates results from the global relocalization
system running for 6 h and 48 min spread over 5 days, with a
total path length of 51.3 km resulting in 1786 submaps modeling
the industrial environment. A prior basemap was constructed
from a separate dataset and consists of 261 submaps covering
the majority of the site. The figure illustrates the 27 relocalization
events that occurred over the course of the run; the first generated
submap was correctly matched to a known place 21 (78%) times.
On some occasions a reliable match could not be produced for the
first generated submap, in which case subsequent submaps were
tried: on two such occasions the second submap was successful;
twice a correct match was found for the third submap; and
once each a fourth and fifth attempt were required. We also
compared each query map with the basemap, and recorded an
overall match detection rate of 77.5%, and false alarm rate of 0.43%.
The 13 false alarms of 2996 total matches were all in areas of
perceptual aliasing and were successfully identified by the pose
graph optimization. While some missed detections are expected
with our system, additional errors may be due to significant
changes in the environment that occurred over the course of the
year between the recording of these datasets.

6. Conclusions

In this article, we have presented a general methodology for
analyzing keypoint design for place recognition. Our procedure
proposes a series of tests which have been applied to three
keypoint selection heuristics and six keypoint descriptor models.
The evaluation metrics described are intended to be used for
comparing distinct algorithms as well as for tuning individual
parameters. Results from experiments in several large-scale
mapping problems verify that the information garnered from the
test metrics provides useful insight into the design of algorithms
for solving the place recognition problem.
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Fig. 12. Results from the global localization system running in an industrial
environment over 6.8 h of operation. Map adjacency structure is indicated by filled
elements, which signify that two submaps are adjacent. Vertical lines indicatewhen
a query submap has been matched to a particular place in the basemap, which
occurs whenever the vehicle is restarted from an unknown location. The color of
the match line indicates whether recognition occurs upon the construction of the
first query submap, or a subsequent (up to the fifth) query submap.

In addition to the evaluation metrics, we have presented a pro-
cedure for improving a chosen keypoint descriptor model by non-
linear normalization and dimension reduction. The normalization
moves the descriptors to a more uniform metric space, further-
more the subsequent dimension reduction determines the best
linear combination of descriptor elements for maximizing the sep-
arability of a validation set. Results from our evaluations demon-
strate that the novelmoment grid descriptor is the best performing
keypoint descriptor model for place recognition as compared to a
variety of other models inspired from the previous literature.

The results of our tests also give us some intuition into how
one might go about designing good keypoints. Simply adding
dimensions, for example, by increasing the resolution of histogram
bins, does not help; the models will just fit more noise if each
dimension is not supported by a reasonable portion of the data
points. It is not essential that the descriptor dimensions are initially
directly comparable, since it is possible to normalize nonlinear
effects with sufficient training data. However, it is important
to first minimize nonlinear dependencies between descriptor
dimensions since the Gaussian assumptions in the likelihood ratio
test only compensate for linear dependencies.

We have also described and evaluated a full place recognition
system in which the keypoints are used within a nearest neighbor
voting framework to identify candidate submap matches. In
a previous study [21], we identified kd- and Bkd-trees as a
powerful and efficient search algorithmwithin this framework and
demonstrated that we can safely speed up the database search
significantly by using very coarse approximations. Because each
submap match is identified through several keypoint matches, the
accuracy of the k-nearest neighbor queries is only required to be
good enough to find a few salient keypoint matches to recognize
a place. A series of increasingly accurate map match verification
steps are also introduced to refine the estimate of relative poses
between matched submaps and to eliminate any false positives
that might occur.
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Visualizing and Understanding Convolutional Networks

Layer 2

Layer 1

Layer 3

Figure 2. Visualization of features in a fully trained model. For layers 2-5 we show the top 9 activations in a random subset
of feature maps across the validation data, projected down to pixel space using our deconvolutional network approach.
Our reconstructions are not samples from the model: they are reconstructed patterns from the validation set that cause
high activations in a given feature map. For each feature map we also show the corresponding image patches. Note:
(i) the the strong grouping within each feature map, (ii) greater invariance at higher layers and (iii) exaggeration of
discriminative parts of the image, e.g. eyes and noses of dogs (layer 4, row 1, cols 1). Best viewed in electronic form.
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Fig. 23: Detection AP by class over the years. For
each year and class we plot the AP obtained by the best-
performing method at that class in that year.

cal VOC 2007 dataset (for which ground truth is also
publicly available for the test set). We have carried out
a similar analysis on the top three performing methods
from both 2009 and 2012.

For false positives (FPs), Hoiem et al (2012, Sec. 2)
looked at four kinds of errors. These are: localisation,
where the target category is detected with a misaligned
bounding box (with overlap between 0.1 and 0.5, while
the threshold for a correct detection is set at 0.5); con-

fusion with similar objects, where the groups of similar
objects are taken to be {all vehicles}, {all animals in-
cluding person}, {chair, diningtable, sofa}, {aeroplane,
bird}; confusion with other VOC objects, describes re-
maining false positives which have at least 0.1 over-
lap with an object with a non-similar label; all other
FPs are classified as confusion with background. Let the
number of true positives of class j in the test set be
Nj . Following Hoiem et al (2012), we consider the top
ranked Nj detections for class j, and compute the per-
centage that are correct, and the four kinds of errors
(localisation, similar objects, dissimilar objects, back-
ground). These results are plotted as pie charts by
Hoiem et al (2012, Fig. 2).

Figure 25 plots these results for three groups (an-
imals, vehicles, furniture) and four individual classes
from both 2009 and 2012. For 2012, the three top per-
forming methods were OXFORD, UVA_HYBRID, and
UVA_MERGED. There is a marked trend that the
percentage of background errors has increased between
2009 and 2012, while in general the confusions with
similar and dissimilar objects have decreased.

Following Hoiem et al (2012) we also examined the
impact of object characteristics (object size, aspect ra-
tio and truncation) on false negatives. Object size was
measured by the bounding box area. Objects in each
class were partitioned into five size categories, depend-
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Fig. 26: Overall segmentation accuracy over the
years. The histograms indicate the number of methods whose
mean segmentation accuracy score fell in specific ranges in
each year.

ing on the object’s percentile size within its category:
extra-small (XS: bottom 10%), small (S: next 20%),
medium (M: next 40%); large (L: next 20%) and extra-
large (XL: top 10%). For aspect ratio (defined as bound-
ing box width divided by height), objects were cate-
gorised as extra-tall, tall, medium, wide and extra-wide,
using the same percentiles. For truncation, the Pascal

VOC annotation of truncated/not-truncated was used.
For object size the results are plotted in Fig. 24. For
all classes we observe trends similar to those noted by
Hoiem et al (2012) in that the normalised precision (see
Eq. 6) increases as function of size, except that there
is sometimes a drop for extra-large objects, which are
often highly truncated. In general (data not shown) per-
formance with respect to aspect ratio is better for less-
extreme aspect ratios, and it is better for non-truncated
objects than truncated ones (except that the top three
methods in 2009 and 2012 all prefer truncated over non-
truncated cats).

6.3 Segmentation

Fig. 26 shows histograms of the mean segmentation ac-
curacy scores achieved on the segmentation task by the
methods in the different years. Notice that the highest
accuracy achieved has increased at a steady and signif-
icant pace from each year to the next.

Fig. 27 shows, for each class, the accuracy of the
best-performing method in each year on that class.
For most classes the accuracy of the best performing
method has increased between 2009 and 2012, although
often not monotonically with the year. In particular, in
the final years from 2011 to 2012 there was substantial
improvement in all classes except bus. This gives hope
that there is scope for further improvement in years to
come, although note from Table 17 that there was an
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Tactile-Object Recognition From
Appearance Information

Zachary Pezzementi, Student Member, IEEE, Erion Plaku, Caitlin Reyda, and Gregory D. Hager, Fellow, IEEE

Abstract—This paper explores the connection between sensor-
based perception and exploration in the context of haptic object
identification. The proposed approach combines 1) object recog-
nition from tactile appearance with 2) purposeful haptic explo-
ration of unknown objects to extract appearance information. The
recognition component brings to bear computer-vision techniques
by viewing tactile-sensor readings as images. We present a bag-
of-features framework that uses several tactile-image descriptors,
some that are adapted from the vision domain and others that are
novel, to estimate a probability distribution over object identity
as an unknown object is explored. Haptic exploration is treated
as a search problem in a continuous space to take advantage of
sampling-based motion planning to explore the unknown object
and construct its tactile appearance. Simulation experiments of
a robot arm equipped with a haptic sensor at the end-effector
provide promising validation, thereby indicating high accuracy in
identifying complex shapes from tactile information gathered dur-
ing exploration. The proposed approach is also validated by using
readings from actual tactile sensors to recognize real objects.

Index Terms—Animation and simulation, force and tactile sens-
ing, recognition, sampling-based motion planning.

I. INTRODUCTION

TACTILE-FORCE sensors, which consist of an array of
individual pressure sensors, are becoming common parts

of modern manipulation systems. It is generally expected that
a new robotic-hand design will include tactile-force sensors
embedded in each fingertip and possibly along other surfaces of
the hand. The current generation of tactile sensors is also much
more capable than previous generations. Resistive sensors are
commercially available at resolutions as high as 40 × 40 per
square inch [1], capacitive sensors offer greatly increased force
resolution and repeatability, and recent optical gel sensors [2]
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Fig. 1. Depiction of a chess piece being explored by our simulated (dark blue)
robotic arm and (purple) tactile-sensor system. Note that the tactile-exploration
method does not know the position, orientation, or the geometry of the object.
(Yellow patches) Sensor placements at which local controllers converged and
a local appearance feature that was extracted and recorded. The corresponding
tactile images are shown to the right. (a) Tactile exploration in simulation. (b)
Tactile images.

offer remarkably high resolutions that depend primarily on the
camera being used, size, and other methodological tradeoffs
between spatial and depth resolution.

Given the advancement and ubiquity of tactile-force sensors,
it becomes important to be able to extract as much information as
possible from these sensors about the task at hand. In this study,
we use the object recognition task as a benchmark for evaluation
of the quality of various ways of interpreting tactile-force-sensor
readings. We develop a method to distinguish between objects
using only the responses of tactile sensors and compare several
representations of tactile information for this purpose. The ef-
fectiveness of the method is demonstrated by recognizing a set
of complex 3-D objects in simulation and a set of raised letters
both in simulation and using real sensors.

Our general approach is to interpret tactile-sensor readings
as “tactile images,” which measure a patch of the surface of
an object. In previous work, we characterized a set of tactile
sensors from Pressure Profile Systems (PPS) [3] and developed
a simulator to emulate that class of tactile sensors’ response in
interactions with rigid objects [4]. Tactile sensors were found to
be modeled well as camera systems that detected depth infor-
mation, which is modified by a point-spread function dependent
on the thickness of a covering material. Now, we use the same
sensor model, but expand the simulation to include the full
robotic exploration task, with tactile sensing as the sole form of
feedback, as illustrated in Fig. 1.

1552-3098/$26.00 © 2011 IEEE
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  CHAPTER 3. GEOMETRY-BASED TACTILE RECOGNITION

Figure 3.8: Reconstruction of letters from tactile images. Pixels are colored by probabil-
ity of occupancy in log-odds form. This probability can be seen to be high (denoted by
“hot” colors) on the letters themselves, to be low (“cool” colors) in the surrounding area
where measurements were taken, and to decay to the (greenish) prior probability in the
surrounding un-sensed area where no sensor readings were taken.

along with the pose of the sensor in the object coordinate frame, TO
S . We assume that we

also have, for each measurement, an estimate of the pose of the sensor in the robot frame,

TR
S , from the robot forward kinematics. These frames are illustrated in Fig. 3.9. Assuming

both the robot base coordinate system and the object remain fixed in the world, the problem

reduces to estimating the (constant) transformation between robot and object frames, TO
R

since we can recover TO
S as TO

R TR
S . For our manual sampling method, TO

R was defined to

be the identity transformation at map building time—i.e. the object frame is simply the

robot frame. In the two-dimensional case, TO
S can be decomposed into two translation

components and an angle, giving x = [C, tx, ty,� ].
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Fig. 11. Performance of top three descriptors and vectorize on Princeton set while varying covering thickness. (a) MN. (b) MNTI. (c) PF. (d) Vectorize.

Fig. 12. Performance of top three descriptors and vectorize on Princeton set while varying sensor resolution. (a) MN. (b) MNTI. (c) PF. (d) Vectorize.

the exploration and recognition process remains effective, even
if the object pose is perturbed after each sensor reading.

5) Varying Covering Thickness: Next, the effects of vary-
ing the thickness of the sensor’s covering were investigated.
In simulation, changing the covering thickness has two effects:
Thicker coverings increase the “viewing volume” of the sen-
sor, thus allowing the detection of larger ranges of depths; they
also increase the variance of the Gaussian-point-spread func-
tion associated with the covering, thus ultimately resulting in
blurrier images. We would expect the former effect to definitely
help performance, whereas the latter seems more likely to be
detrimental.

The experimental results are shown in Fig. 11. It seems that
the benefits of a larger viewing volume far outweigh any draw-
backs from the point spread, as recognition rates are consistently
higher with thicker coverings using any descriptor.

6) Varying Sensor Resolution: The results of varying the
resolution of the sensor are shown in Fig. 12. Three resolu-
tions were chosen to correspond respectively to the PPS sensors
(6×6), the rough sensing resolution of the human finger over
an equivalent area, which is based on the density of Merkel
receptors in the fingertip (14×14), and the sensing density of a
high-resolution resistive sensor available from Tekscan [1] over
that area (26×26).

Surprisingly, these results show that increasing the sensor res-
olution does not generally increase performance in this frame-
work with any of the descriptors tested. In fact, high resolutions
often hurt performance. We believe this is due to the highly non-

linear process of the discretization of the tactile image signal,
particularly under the effects of small translations.

In fact, let us consider the situation of comparing two tactile
images, i.e., A and B, of nearly the same area of an object’s
surface; however, there is a small displacement in the sensor
position where A and B were taken. At low resolutions, small
translations of the sensor with respect to the object surface result
in little change to what portion of the surface lies within the
area of a single sensing element. At high resolutions, however,
a small translation can cause each individual pixel to be sensing
a completely new patch of surface. When comparing A and
B, therefore, one would expect low-resolution versions to be
more strongly correlated on a pixel-by-pixel basis than high-
resolution versions of the same images.

These translation effects can be mitigated in the handling of
the images, but at the obvious cost of increased complexity. One
place to address the issue is in the choice of the descriptor to
use. The MNTI descriptor was derived from MN to be robust
to translation effects. Indeed, this descriptor shows less of a
decrease in performance than MN or PF as resolution increases,
but the effect remains, and it still dominates any gains from the
increased information content of these higher resolution images.

7) Robustness to Noise: Fig. 13 shows the performance of
the top three descriptors under the influence of noise. During
training and testing, each tactile image was corrupted with uni-
formly distributed zero-mean additive noise, with magnitude
equal to 10%, 20%, or 40% of the sensing range, e.g., for values
normalized to the sensing range, an input value of 0.5 may range
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Continuous noise is usually intrinsic to the device's operation 
and internal electronics. Appliances like grinders, fans and 
hair dryers that make use of a motor create voltage noise 
synchronous to the frequency of AC power (60 Hz in the 
USA) and its harmonics (120Hz, 180Hz, etc.) due to the 
continuous making and breaking of electrical contact by the 
motor bushes. In contrast, modern SMPS based electronic 
devices generate noise that is synchronous to their power 
supply’s internal oscillator. 

 In contrast to traditional linear power regulation, a SMPS 
does not dissipate excess power as heat, but instead stores 
energy in an inductance and switches this stored energy in 
from the line and out to the load as required, thus wasting 
much less energy. The key to a SMPS’s smaller size and 
efficiency is its use of a power transistor to switch the stored 
energy at a high frequency, also known as the switching 
frequency. The switching frequency is much higher than the 
60Hz AC line frequency because at higher frequencies the 
inductors or transformers required are much smaller [7]. 
Typical SMPS operate at tens to hundreds of kHz. The 
switching waveform is adjusted to match the power 
requirements of the appliance it is powering. 

 
Figure 1: (Left) Circuit model of a SMPS with placement of the 
voltage probe. (Right) Frequency domain analysis at the voltage 

from probe showing EMI at 10 kHz. 

A CFL’s power supply employs the same fundamental 
switching mechanism to generate high voltages necessary to 
power the lamp. The switching action, which is the 
cornerstone of a SMPS’s operating principle, generates a 
large amount of EMI centered in frequency around the 
switching frequency. This phenomenon can be understood by 
modeling a simple DC-DC SMPS circuit that uses the same 
fundamental switching topology (See Figure 1). 

The large inductor L_PowerLine mimics the power line 
inductance. The SMPS is plugged into the power line. To 
measure the conducted EMI, we place a voltage probe V on 
the power line, which is analogous to having the single 
sensor plugged into the power line with a SMPS based 
device operational somewhere else. The switching frequency 
fc for the model is governed by the PER (period) parameter 
of the V_Switching component. We arbitrarily set it to 10 
kHz. Figure 1 shows a frequency domain plot of the noise at 
probe, which clearly shows that the power supply emits EMI, 
which is conducted over to the power line and is most 
prominent at the switching frequency fc (10 kHz here) and its 
harmonics. This is the same behavior that we observe when a 
SMPS based appliance is turned on in the home.  

In the US, the Federal Communications Commission (FCC) 
sets rules (47CFR part 15/18 Consumer Emission Limits) for 
any device that connects to the power line, which dictates the 
maximum amount of EMI a device can conduct back onto 
the power line. This limit is 66 dBuV for frequency range 
between 150 kHz to 500 kHz, which is nearly -40dBm across 
a 50 ohm load. The ElectriSense data acquisition system is 
sensitive enough to capture noise from -100 dBm to -10 dBm 
across a frequency range of 36kHz – 500kHz. 

 
Figure 2: Frequency spectrogram showing device actuation in a 

home. 

Figure 2 shows a frequency domain waterfall plot showing 
appliances being turned on and off. As is evident from the 
graph, when the device is turned on we see a narrowband 
continuous noise signature that lasts for the duration of the 
device’s operation. Also note that the noise center is 
strongest in intensity and then extends to lower and higher 
frequencies with decaying intensity, which can loosely be 
modeled with a Gaussian function having its mean at the 
switching frequency. This behavior can be attributed to the 
error tolerance of the components that make up the switching 
circuit core, as well as the characteristics of the power 
supply's load. If all the components were ideal, we would see 
a single narrow signal peak at the switching frequency. The 
error tolerance of SMPS components also allows for 
distinction between otherwise identical devices, such as a 
variety of units of the same model of CFL bulb. Finally, the 
power line itself can be thought of as a transfer function 
(difference in the inductance between the sensing source and 
the appliance) and provide additional discrimination among 
multiple similar devices. We show this experimentally later 
in this paper.  

 Dimmers also produce continuous noise due to the triggering 
of their internal triac switches, which can be used to detect 
and identify incandescent loads they control. In contrast to 
the narrowband noise produced by SMPS, a dimmer 
produces broadband noise spanning hundreds of kHz, which 
could be modeled as a Gaussian having very large variance. 
A detailed treatment of dimmers and differentiating between 
identical devices is presented later. 
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100% accuracy suggesting that similar make and model 
devices produce similar signature irrespective of the home or 
building they are in, implying the feasibility of crowd 
sourcing to obtain device signatures. 

Temporal Stability of Noise Signatures 
For any signature or fingerprint-based classification system, 
temporal stability is important. The classifier must perform 
well for months (or ideally, years) without requiring frequent 
re-training, which necessitates that the underlying features to 
remain stable over time. 

To show the stability of our noise signatures over time, we 
chose devices from our long-term deployment dataset, in 
particular those that met two criteria: (1) devices were fixed 
in their location during the duration of the deployment and 
(2) they were not altered in any way, for example light bulbs 
were not replaced. For these devices, we extracted randomly 
selected EMI signature vectors spread over the period of the 
6-month evaluation. 

 
Figure 8: Variation of features over 6 months for four devices 

shown in the feature space. Note that no cluster overlaps. 

Figure 8 shows the temporal stability or variation of the 
signatures over time for four randomly chosen devices by 
visualizing the feature vectors in the feature space. We 
observed that the long-term temporal variation was similar to 
what we observe in the short-term temporal variation in these 
devices and that none of the clusters overlapped. 

To better understand how temporal variation effects the 
classification accuracy over time, we generated test sets for 
each device consisting of all events that happened more than 
one week prior to the last day of the deployment and a 
training set consisting of events from all devices that 
happened in the last week. This setup ensured that, if the 
EMI signatures in the test set deviated more than the distance 
between the device clusters that the classifier had computed, 
we would see misclassifications. We observed 100% 
accuracy with KNN classifier on our results, which indicate 
that the devices are largely stable over a long period of time. 
It is important to note that this long-term experiment was 
straddling the summer and winter seasons.  

DISCUSSION AND NEW INSIGHTS 
Using EMI for electrical event detection is a promising 
approach. In this section, we provide additional detail and 
insights that can shed some light on improving our overall 
approach as well the limitations and challenges we 
uncovered. This paper is primarily focused on event 
detection, but the EMI signal also provides rich information 
about the state of particular devices (i.e., the setpoint of a 
dimmer switch, the mode of a washing machine, the 
changing of TV channels, etc). 

Multiple Similar Devices 
Having a number of similar devices is a common occurrence 
in a home, such as having multiple TVs or, more commonly, 
lights that all use the same brand CFL bulbs. This can cause 
problems, especially if similar devices cannot be grouped 
into a single group. For example, grouping two ceiling lights 
in a bedroom may be acceptable, but grouping lights that are 
in different rooms or floors may not be. There are two 
potential solutions to this. 

First, the tolerances in components that make up the 
switching circuitry of a device can introduce enough 
variability in switching frequency such that the mean of the 
Gaussian fits observed on the power line are also shifted. 
Figure 9(a) shows a subset of the spectrum observed by our 
system showing the spectra of the noise generated by four 
CFL lamps of the same model that were purchased as a pack 
of four, thus ensuring that they came from the same 
manufacturing batch. Note that the spectra do not overlap 
even among the same batch of CFLs.  

Our current hardware is able to discern these subtle features 
only when observed in isolation, i.e., a line isolation 
transformer was used to create a noise free power line for this 
particular experiment. With higher ADC resolution and a 
larger FFT, this shortcoming may be overcome. Thus, 
increased resolution may give us better differentiability. 

Second, as the conducted EMI travels through the power line, 
it is affected in several ways, but most prominently the signal 
is attenuated as a function of the line inductance between the 
source of noise and the point of sensing. Thus, two identical 
devices generating identical EMI may look different at the 
sensing source depending on where the devices are attached 
along the power line, which we observed in our in-home 
experiments. 

To confirm this, we plugged a device in two different 
locations in a home and logged the raw spectrum data as 
sensed by our system. Figure 9(b) shows a spectrum of a 
small section of this data. The difference in amplitude can be 
used to differentiate between similar devices located in 
various parts of the home. This suggests that we might have 
found a way to determine the number of fixed devices 
present in the home (i.e., the number of CFL lights in the 
house or the number of a particular type of TV).  
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Some	
  Challenges:	
  	
  
Create	
  InformaFon	
  AbstracFons	
  

•  Create	
  “informa@on	
  APIs”	
  that	
  can	
  answer	
  
context-­‐relevant	
  ques@ons	
  

Where	
  are	
  my	
  kids?	
  
Is	
  someone	
  watching	
  TV?	
  
Is	
  my	
  2	
  year	
  old	
  near	
  the	
  stairs!	
  
Did	
  I	
  leave	
  the	
  stove	
  on?	
  
Is	
  someone	
  unexpected	
  in	
  the	
  house?	
  
Who	
  has	
  the	
  car?	
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Challenges:	
  Implica@ons	
  for	
  Society	
  

•  How	
  do	
  we	
  know	
  what	
  informa@on	
  	
  
we’re	
  sharing	
  and	
  with	
  whom?	
  

•  What	
  can	
  be	
  inferred	
  and	
  
by	
  whom	
  and	
  for	
  what?	
  

•  What	
  privacy	
  and	
  security	
  abstrac@ons	
  are	
  
prac@cal	
  	
  for	
  systems	
  that	
  operate	
  in	
  the	
  physical	
  
world?	
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In	
  Summary	
  

•  Think	
  expansively	
  –	
  healthcare,	
  home,	
  
workplace	
  

•  Think	
  generally	
  –	
  fundamental	
  concepts	
  that	
  
apply	
  widely	
  

•  Think	
  openly	
  –	
  the	
  more	
  we	
  share,	
  the	
  befer	
  
we	
  become	
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