Technical Report

Department of Computer Science
and Engineering
University of Minnesota
4-192 Keller Hall
200 Union Street SE
Minneapolis, MN 55455-0159 USA

TR 15-004

Environment and Solar Map Construction for Solar-Powered Mobile Systems

Patrick A. Plonski, Joshua Vander Hook, Volkan Isler

April 16, 2015





http://www.tcpdf.org

Environment and Solar Map Construction for
Solar-Powered Mobile Systems

Patrick A. Plonski, Joshua Vander Hook, and Volkan Isler

Abstract—Energy harvesting using solar panels can significantly in-
crease the operational life of mobile robots. If a map of expeted solar
power is available, energy efficient paths can be computed. divever,
estimating this map is a challenging task, especially in coplex envi-
ronments. In this paper, we show how the problem of estimatig solar
power can be decomposed into the steps of magnitude estimati and solar
classification. Then we provide two methods to classify a pi®n as sunny
or shaded: a simple data-driven Gaussian Process method, dra method
which estimates the geometry of the environment as a latentaviable.
Both of these methods are practical when the training meas@wments are
sparse, such as with a simple robot that can only measure solpower at
its own position. We demonstrate our methods on simulated, andomly
generated environments. We also justify our methods with masured solar
data by comparing the constructed height maps with satelli images of
the test environments, and in a cross-validation step whereve examine
the accuracy of predicted shadows and solar current.

I. INTRODUCTION

Mobile robots are useful for outdoor environmental moriitgr
However, their lifetimes are usually limited by the energgnsity
of batteries. One method to improve the system lifetime obifeo
robots is through the use of solar photovoltaic panels. kamgple,
the solar-powered NASA Mars rovédpportunity has remained in
operation for more than 10 years, far longer than would haenb
possible from only the initial energy in its batteries.

In a complex environment, shadows cast by objects or teoamn
affect the incoming power available from the panels. To mmézé
system life, therefore, it can be useful to plan energy-efficpaths
along which more insolation can be harvested. As demosstrat
in [1], a short deviation in path or sample position can resul
dramatically increased insolation. To plan these enevggra paths,
the robot needs a map of available solar power, or insolatear
the operating environment.

Fig. 1. The two experimental platforms used to validate dgorithm. These
platforms were developed for an environmental monitoripgliaation which
is presented in [2].

term, the method does not have a model for how shadows should
move in response to the known change in sun angle. Even if the
correct shadow boundaries are known, it is challenging terdene
the future shadow profile without knowledge of the shadowticgs
objects. Therefore, to accomplish longer-term predictiome present
a new classification strategy which infers the underlyingrgetry
of the environment as a latent variable, based only on recbrd
insolation measurements. Our method for using effectieelsingle
mobile light sensor to build a coarse model of the envirortincenld
be of independent interest, beyond its utility for solaiireation.

We validate our method in simulation. We also implement our
method on two different mobile robotic systems (Figure 1d werify
the algorithm by building an estimate of shadow-castingectsj in
two representative environments: an urban park and a lakelate.
The constructed maps are used to predict insolation at wlidhh
positions and times with good accuracy.

Il.  RELATED WORK

Information about solar energy collected from the envirentrhas
been used to inform path planning, usually for long-term siois
planning. In open environments (e.g. in Antarctica [3] ortba open

In this work we propose a two-step process to estimate thecean [4]) the energy is primarily a function of the robotiatation.

insolation at unobserved future position that a solar pedeanbot
might visit. In the first step, we estimate the magnitude of th
solar power collected by the robot with current system andtiey
conditions. In the second step, we estimate the classditati other
future positions for the robot, and combine the likelihodden with
the estimated power conditioned on class to achieve our $iolalr
power predictions.

If there is an accurate prior map of the shadow-casting tbjiec
the environment, it is straightforward to perform raytragirom the

Therefore insolation is constant at a certain time of dayé solar
panels are mounted horizontally.

The problem changes in a complex environment that contain
objects or terrain which can block the sun. Estimating armidang
shaded areas can increase system lifetime, but the prolilestimat-
ing how collected insolation will vary across a domain haseieed
limited attention. A notable exception is the TEMPEST nussievel
path planner [5] which calculates the position of the sun #rah
performs raytracing on known nearby terrain to build a sotep

angle of the sun at any time of day and determine if a candidatenat can be used to estimate the net energy cost of a path.

robot position will be in the sun or the shade. Lacking a prior

map, existing approaches use sophisticated sensors su¢bBARL
to directly observe the 3d geometry. In this work we are gg&d in
techniques that have minimal hardware overhead, requthiag the
robot need measure only its own position and the amount ofatisn

it receives. An example application where minimal hardwaneseful

is the use of simple, low-cost robots.

In this work we present two methods which use only positiod an
insolation to estimate solar classification. We have preslip used
Gaussian Process (GP) regression as a simple data-drivinodrte
estimate the insolation at a position [1]. Here we extens théthod
to allow shadows that vary in time. Although the maps produce
by regression provide accurate estimates of shadows inhbg s
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Given that sensing the terrain in high detail is a difficulska
in [1] we examined the problem of learning the solar map usinly
measurements of position and solar insolation. We used s&aus
Process regression to estimate the insolation collecteaatiserved
locations. When used for short-term prediction, it was festo
achieve energy gains by planning solar-aware paths. Howéve
assumption of spatially-correlated shadows fails ovegdartime
scales. The method did not have the ability to account forefaive
change in sun angle between the time of the training measumsm
and the time of the planned path.

To obtain a shadow map that intelligently adjusts for timelay,
we need to estimate the geometry of the environment. Mapihiisg
geometry is a similar problem to that of estimating occugamaps
for path planning purposes. Existing methods for occupanagping
(e.g. [6], [7], [8]) require range detection to directly serthe presence
or absence of objects. It is unclear if these approacheseartbnded



to our sensing model which uses only measurements of sol@erpo
associated with positions and times.

In the computer vision literature, shadows are occasigpnedéd to
learn about the scene. Abrams et al. [9] used a series of srtagen
from the same position throughout a clear sunny day to estiltie
geometry of an outdoor scene. Their approach, howeverjresginat
the boundaries of a shadow can be accurately estimated yairaa
slice. This is often not the case when the only solar measmem
come from the same position as the robot.

It is possible to start with a conservative estimate of thgab

The rest of this work is laid out as follows: In Section IV, we

address the first step of our method. In Section V we show how
estimation can be achieved using existing GP regressidmitpees
without environment reconstruction. In Sections VI and Wk
present our new environment construction and estimatiothads.
In Section VIII we demonstrate the feasibility and suitapibf our
new reconstruction method for an example simulated apjita
In Section IX we qualitatively and quantitatively compates tGP
regression with our new method using real solar data ceitebtly
mobile outdoor robots.

in the environment and use shadow carving techniques (sach a

[10]) to converge over time upon a correct estimate of gepmet
of shadow-casting objects in the environment. However,nadigen
sparse information (as from a robot that can only observelatisn

at its own position), shadow carving results in an estimdtshade
almost everywhere.

Our main contribution in this work is a new method of solar
estimation that uses previous insolation measurementsgy aldgth
expectations about the environment to construct a map adritieon-
ment geometry. With this map and a calibration step, themes&d
insolation can be computed for any position at any time. Assg
the robot can localize itself, the proposed method requicesensors
except a current sensor attached to the solar panel.

In this section we present our problem statement and théneutl
of our approach. Our goal is to estimate the insolation thiithe
received by a mobile robot in a workspace at any specifiedtiiposi
and time, given that past measures of insolation have bemmded
in the same workspace.

Let the prior points visited by the robot B¢ = {x1,x2, -+ ,Xn},
where eachx; is a vector containing the position and time of the
visit. The robot records the insolatian at each point to form the
set of measuremengs. We make the simplifying assumption that the
surface is flat, and we do not consider elevation changes ages
in relative orientation of the solar panel with respect te gun. A
variable tilt of the solar panel and elevation changes cardsly
accounted for, as long as they are known parameters.

We can formally state our problem as follows:

Problem Statement:Given solar insolation measuremeptst points
X, estimate solar insolatioyy.. at pointsX..

A PPROACH

IV. CALIBRATION

In this section we justify our approximation of solar estiioa
as primarily a classification problem, and we present outhoteto
transition between insolatiop (measured in current from the panel)
and classificatiorr € {sunny,shaded} for any time of day. This
is used as the first step of the pipeline, whins converted toZ,
and then it is again used as the last step of the pipeline, wh&n)
is converted toF[V.].

A. Background

First we provide a brief overview of the relevant factors olas
photovoltaic power generation for our system. For a morepem
hensive presentation of photovoltaic power as it relatesnabile
robotics, see [1].

In this work we focus primarily on clear conditions (with no
clouds). This is because these are the conditions wherg@é#tialsand
temporal variability in solar power is the highest. In fulbyercast
conditions, it is unimportant to learn the geometry of theimmment.

In partly cloudy conditions, the techniques described is plaper will

need a preprocessing step that can distinguish betweemhdde sf a
cloud and the shade of an object on the ground. This is a taaknte
the scope of this paper.

Here is how we estimate how the energy from a solar panel will
change during a day. There are well-known equations to miéter
the solar zenith and azimuth angles from GPS position and 6
day [11]. When a solar panel is held to a fixed voltage, theecirr
from the panell can be approximated as proportional to the number
of photons that impact the cell [12]. Radiation to a panel ban
decomposed according to its source angle in the followingmesa
If it comes directly from the solar disk it is direct insolai. If it

In this work we take advantage of the fact that on a clear daycomes from elsewhere in the sky it is diffuse insolation. eTkeld

the majority of positions can be approximated as entirelynguor
entirely shaded, and split solar prediction into separalibmation and
classification problems. Calibration estimates the povedlected in

and Jordan [13] showed that it is possible to estimate foeardalay
the degree of attenuation a ray of sun experiences travéiirgigh
the atmosphere (this attenuation is greater when the swowisr lin

the sun or the shade at any time of day given current system arithe sky because the radiation has to travel through moresgineoe)

weather conditions, and classification estimates theiliket that a
particular point is in the sun. The proposed method of saladiption
can be described with the following three step process:

Solar Prediction Method:

Calibration — from solar magnitudes) and timestamps,
estimate calibration parameters that determine the itisnla
in sun and shade, and classjf¥yto the solar label seE such
that eachz; € {sunny, shaded}

Environment Reconstruction — from the label setZ and the
measurement position¥, build a model of the shadow-casting
objects in the environment, denotéfl

Estimation — use H along with the environmental model to
estimate the probabilitp(z.) that pointx. can see the sun.
From this probability and the calibration parameters, iobtiae
final solar prediction for that ray.. Repeat until all we have
all predictions)x.

from an assumed optical depth. They also showed that thasdiff
insolation on a clear day is proportional to the direct radig with
the parameter that relates them varying with dust and watgorvin
the atmosphere.

In the special case where the solar panel is horizontal, e ca
parameterize the direct currefit and diffuse currenf; using three
constants: the optical depth and scaling factor€”, and Cy. The
formulas are the following:

_ =k
[T = C’T . e cos(0)

@)

Iy =Cy-cos(0) - ol 2)

In the above) represents the zenith angle of the sun. If the entirety
of the solar array can see the sun, the total solar cufteat I, +Iy.
If at least one cell in each series string is fully shaded= I;. This
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Fig. 2. An illustration of the construction of the upper hegH" (dotted
lines) and lower height§<¢ (solid line) in a one-dimensional environment.
The robot moves from left to righfTop: The first measurement sunny
indicated by the plus sigrMiddle: It encounters &haded region. Bottom:

It again encounters sun. The lower height n#dp is increased in the least
number of cells which will explain the shade measurementste Nhat the
gray region betweer{! and #* is considered unknown: it may contain an
object or not.

situation is common when the array of solar cells is small garad
with the shadow casting objects.

In our previous work [1] we treated the solar field as contirsidn
this work we approximate every position in the environmeneiher
fully in the sun or fully shaded. This can be easily justifieden the
shadows cast by objects are significantly larger than a esiaglar
cell, as was the case for all of our experiments. Furthermae
approximate diffuse insolation as constant, and neglectréflected
insolation term. These approximations greatly simplify mytracing
task, and, as we show in Section IX, they have only a smalceffe
on the insolation estimate for a sunny day.

If the robot has a tilted panel, or more than one panel, the aas
estimating insolation from solar angle becomes more complad
might depend on the rotation of the robot. This is similariyet if
the robot is operating on a slope. However, on a clear dayeasy
to tell if a particular panel is in the sun or the shade, as lasghe
panel faces the sun.

B. Calibration Procedure

To classify the training set we compufie for each measurement
time in X and compute th&, for all measurements assuming that
they are allsunny, and assumingc = 0.2 (this is given as a
representative default for the United States in [11]). Weetéhe

90th percentileC; as the representative and classify a measurement
as sunny if it has C, closer to the representative than to zero.

Everything else is classified ahaded.

To go from labels back to continuous estimates we perform
numeric optimization to find the’,, C¢, and k£ that minimize the
mean error between theoretic and measured solar currehtjrbthe
sun and in the shade. When there is not a large measurement ti
window it can be difficult to determine the béstwithout overfitting,
S0 it can remain set &t.2.

V. GAUSSIAN PROCESSCLASSIFICATION

a

m

Consider the information available to a robot as it movesugh
the environment and measures its insolation, as shown uré&@y We
can use well-established astronomical calculations tosfoam any
x; into a rayr; that points from the ground to the position of the sun
[11]. If the robot measures direct sunlight & sunny), we knowr;

did not intersect any object and we can safely assume notshjec
alongr;. If z; = shaded it is apparent; must have intersected with
some object in the environment. However, the location arsection
is unknown. This is an important asymmetry: each measurewfen
sun specifically eliminates candidate object positiong, &wsingle
measurement of shade provides very little information.

One method we could use to represent the environment is the
following: Populate the domain with voxels from the ground u
to the maximum object height and then attempt to learn which
ones cast shadows by eliminating voxels tlsatnny rays pass
through and reinforcing a voxel if we can determine thatheaded
ray was specifically shaded by it. This is similar to the skado
carving used in [10]. While voxel-based methods allow caoapéd
objects to be reconstructed, they scale poorly to larger@mvients.
Moreover, for most environments, the vast majority of polesivoxel
arrangements are disconnected and impossible; the volkels tao
much descriptivity.

A common way to infer more from each particular measurement
is by using Gaussian Process regression to associate reessus
with other nearby positions in space and time.

What if we model the shadow-casting objects directly with a
Gaussian Process? O’Callaghan et al. [6] modeled occuphirantly
using Gaussian Processes, but it is unclear how this sorff@feince
can be performed when we only use solar measurements. Riegres
methods including GP regression rely on defining similabigyween
measurement positions (constructing a covariance maimixGP
terminology). If we measure that some rgyresults inz; = sunny,
we can reasonably expect that rays passing close wll result in a
similar sunny measurement. However, i = shaded, the shadow-
casting object could have been anywhere alengTherefore little
can be confidently said about a raythat has a different angle than
r;, evenr; andr; intersect.

Because rays of different angles have low covariance, werén
the latent variable of environment geometry, and model thlars
map directly as a spatio-temporal Gaussian Process on tfaeswf
the earth. We model the solar map with two spatial dimensants
one temporal dimension for time of day. When the differentets
of day have been sufficiently sampled, this method can pedurc
accurate time-varying map, even though it has no knowledgeita
what exactly causes the shadow movement. For longer tinessca
another dimension can be added to allow for deviation inrsoigles
and terrain throughout the year.

Gaussian Processes are usually used for regression, babisin t
work we are interested in classification. In our previous kwvfi]
we treated the solar field as a continuous GP. Here we showvihat
can simplify the problem by estimating only the labelsany and
shaded given previously observed labels. We rely on our calibratio
method to convert observed continuous measuremgntgo labels

Z as a preprocessing step for classification, and to convertathel
estimatesZ™* back into continuous estimatég*. There are many
different methods to use the techniques of GP regressioghizae
classification, and we used one of the simplest, called-Egsires
classification [14]. In this method, the labels are assigihedvalues
+1 and regression is performed as usual, treating the field as a

Before we present our main method of solar estimation whichGaussian Process (all points are jointly Gaussian). Tteembtain
reconstructs the geometry of the environment we will degail first ~ p(z; +1]X, Z), we compute the likelihood that the Gaussian
approach to estimate sun and shade, which models the sofaasna random variable described by the mean and variance atill take
a spatiotemporal Gaussian Process. a positive value. Some sources (e.g. [14], [6]) suggestthiwbutput



mean and variance should be “squashed” through a sigmoild wit

tunable parameters but we found that the cumulative digtdb
function of the regression output was sufficiently expressi

GP regression requires a method to obtain a covariancexnutri
all the measurement positions. We used an anisotropic oversi
the stationary exponential covariance function, so thatcibvariance
between the values of the process at positionandx; was described
by the following formula:

k‘(XZ‘,X]’)
ot exp (V/(xi — x;) dag0s, 0, 0) (i —%,) ) + o2 (3)

Whereafc is the prior varianceg? is the noise variance, is the
inverse length parameter in space, @ads the inverse length param-
eter in time. The only remaining hyperparameter is the pm@an
1g. We optimize these hyperparameters to maximize the posteri
likelihood of the measurements we have received condiiarethe
model.

TABLE I. HEIGHTMAP CONSTRUCTION PARAMETERS
Name | Description
« Controls likelihood of sun when a ray is unobstructedy
B Controls likelihood a ray will remain sunny when it travelsdugh#
¥ Regularization cost per instances/of > 0
I3 Regularization cost per unit df’
hAmax The maximum height of any object in the domain

detected. Recall that we can use well-established asticaboalcu-
lations to transform any measurement positigrinto a measurement
ray r; which starts at the spatial position ®f and points towards the
position of the sun at the time of; We start with a fading function
which describes the likelihood that a particular ray willersect the
environment before it reaches the robot on the ground, tonédd
on the modeled heights of the blocks in the squares:

p(zi = sunny|r;, H) =

GP regression is a good option when there are very few measure

ments, and little can be deduced about the environment geprire
addition, GP regression can be expected to perform well vthen

environment has been densely sampled in space and timeydeeca

in such a situation it is fully descriptive of the real solaps.

However, as we will show, environment reconstruction caovigie

significantly more accurate solar maps in medium-term sanos,

particularly when the time for which we want a map is not close
times in the training set.

VI.
In this section we detail our environmental model and theraigm

ENVIRONMENT RECONSTRUCTION

D

s;€8(ry)
h(sj)>h(r;Ns;)

exp | —a—f3 [[ri N 85l

4)

In Equation 4S(r;) denotes the set of all squares whighpasses
directly above,r; N s; denotes the line segment portion wf that
lies directly aboves;, h(r; N s;) denotes the mean height of this
line segment, andlr; N s;|| is the length of this line segment. The
parametersy and 3 are chosen based on how well our heightmap
model matches the environment. If the environment is p#yfec
described by a heightmap of resolutidn « can be taken as 1 artl
as 0 (though in practice the algorithm to fit the heights wdrkger

we use to estimate the geometry of the environment using soldf it slightly relaxed). However, if the shadow casting atfe do not

measurements.
Modeling the environment as an unstructured set of voxétsval
too much descriptivity. Previously we used the fact thatallgu

exactly fill the squares3 should be selected in accordance with the
probability of occlusion per unit distance a ray travelsotigh an
offending square of the heightmap. Similarly, if we expdwre are

shadows are bigger than the robot, and move slowly, so thay casome shadows which are not explained by the modeshould be

be well-estimated without sampling every point in the sgatnporal
process. However, there is an additional piece of structiuaé we
can use. Instead of using voxels we can represent our envaohn
geometry with a heightmap (i.e. the geometry is a terrai)is T
is a powerful assumption which is reasonable in practiceabse
most shadow-casting objects have decreasing cross sactirea at
greater distance from the ground. Even when objects dotigfgahis
property (such as arches or trees), knowledge of the uppeiope
is often sufficient to plan energy-efficient paths: the robat plan
to wait on the sun-facing side of an object rather than under i

The terrain-based, or 2.5D, representation provides aernert
method to represent uncertainty: We maintain a continucasinmum
height h*(s;) € H" and a minimum height‘(s;) € H* for each
discrete square; with edge lengthi.. The set of all squares &. See
Figure 2 for an illustration of the constructed minimum anadamum
heights on a simple line. We allow for violations in the témra
assumption and errors from quantization by allowing a pripo
of sun rays to pass uninhibited through any particular ierpdock,
with a likelihood that decreases the farther it must travel.

A. Lower Heights

First we will present our method for constructing the loweigt
map #H*; once we have this constructing the upper height mgp
is fairly straightforward. Refer to Table | for a list of theuameters
we use when constructing the lower height map.

The process of constructing’ is a selection of the most likely

set based on the probability of an unexplained shade ray.

Assuming independence between sun and shade measurewents,
can express the negative log likelihood of any set of obsens as
the following cost functionf:

JRZH) =Y
rER

>

SjES(Ti)
h(s;j)>h(r;Ns;)

a+p [[ri M sl

when z; = sunny
(%)

—log —a—pf

>

s;€8(ry)
h(sj)zh(riﬂsj)

when z; = shaded

1—exp [Irs N sl

Note that in Equation 5, the cost of a ray of sun is linear in the
length it travels through offending estimated heights; dntcast, the
cost of a ray of shade is very large if it is unoccluded but kjyic
drops to near zero if it travels through a block. This mathiraby
captures the asymmetry in the information gained from measents
of sun compared with shade.

For the lower heights, we make a normalizing assumptionttieat
most likely explanation of any set of measurements is a snuafiber
of short blocks, rather than the reverse. We express thisepbrwith

arrangement of lower heights that explains the shadows we ha an energy functiory defined as follows:



n*(s;)
’y—l—é‘h‘Z s:) whenhf(s;) >0
g(%‘)-Z{ () wenst (5 © Y
s 0 otherwise B 0s;)
]’u Si_
Now to find the cost of a lower heightmap we simply siirandg. \0\ -1--(-9]--1-):

This allows us to balance the tasks of minimizing misclassiion,
and minimizing the complexity of the environment. This fework
implicitly models the prior of lower height estimates asepdndent
and identically distributed, with a likelihood that decsea exponen- P

: - ) =hf(sj41) .
tially with height. _ T
The problem of finding the}’ that minimizesf(R, Z,H’) +

Sj+1 S Sj—1

v (i)

g(H") is challenging because our objective is clearly non-conviée

solve it by initializing all#* to 0 and iteratively greedily selecting the Fig. 3. The probability the ray; is unoccluded in square; is a function of

single height change which results in the greatest costtiny until  the upper height is;, the lower height irs;, the mean height of; in s, and

we arrive to a local minimum. To prevent the accretion of sgveeal ~ the distance|r; N s;|| thatr; must travel above square;. The probability
biects into an estimated sinale verv tall obiect. we defi imum that the rayr; is unoccluded in all of the square¥r;) that it passes above

o) . . g y Ject, nea is the product of independent probabilities.

allowed object heightiqz .

There exists an optimai‘ such that each nonzeid (s;) € H*

is equivalent to somé(s; N r;) wherer; € R. Therefore finding  and the lower height map; therefore they are also easy to aEmp
the optimal greedy height change is a matter of iteratinguh the  \ve use the same, .. as before as the maximum upper height. Our
list of rays that intersect each square. To perform thisnaighition  onJy normalization is the following: when there is a rangehefghts
we first sort the heights of all the rays that intersect eacksy As  jith the same minimum cost, we select height as the talleshen
each ray can intersect at m(@t(\/E) squares, there are a total range.

of O (|R|,/|S|) elements to be sorted, so the time complexity is

O (|R|\/IS| (log(|R]) +1og(|S])) ). Then the time for each itera-
(| V18] (g ([R]) & D)) The methods described in the previous section allow us te con

tion is proportional to the sum of all lists of rays! (IRI\/W)- In struct an upper bound/* and lower bound*‘ heightmap of our

practice we found that the number of iterations was smallgaed  environment. In this section we describe how to obtain frémse

with |S|, because few squares were adjusted more than once. Wipper and lower heightmaps an estimate of sun probabilitgngt

comparison, GP regression requires a matrix inversionNiing all  x;, and a corresponding estimated sun value. As previoushstare

measurements we wish to use, at time @0¢{R|’). Therefore, the by transformingx; into r;, the ray from the same position on earth

proposed heightmap method can be expected to scale mu@r betiyhich points towards the sun.

than GP regression to situations involving a large numbérarfing We define a new fading function, similar to Equation 4. Wheaya r

measurements. passes above a squasgthat hash’(s;) > 0, we treat the probability
In our terrain representation we assume that the robot ®era distribution of height ins; as uniform betweer’(s;) and h*(s;).

on the ground plane at all times; thus a possible explandtioany  Whenh* = 0, there is a high likelihood that there is no object in the

shade measurement is that the robot is contained withinasquth  square. We model this by using a differéhparameter when the ray
non-zero height. This may seem counter-intuitive but itésessary  passes above squares that hate= 0.

VIl. ESTIMATION

because some of the objects we must reconstruct, such asreaeh We describe the discontinuity between a ray slightly belofv
their maximum rad|u§ at a height other than their bottom, smdre  and slightly above by using the ramp functié(-). Our full fading
approximated by their upper envelopes. function is the following:
B. Upper Heights p(zi = sunny|r;, HY, HY) =

Why do we need more than one heightmap? With our map of lower exp(—a
heights, we have an estimate of the smallest, simplest amvient h(ri N's;) — h'(s;)
that could have cast shadows similar to those which we hasereéd. — b Z (1 -R ( 1 (s;) — he(3;) )) [l N 5]

This map potentially neglects information that could hawerb 55 €S(r)
gained fromsunny measurements: the geometry constructed for an hlrins;)<h®(s;)

Lig
unobserved position is the same as that constructed forigpothat Fe)>0
has been consistently sunny. Moreover, there are potigntals of -8 Z (1 — M) l|r: O 5]
2 g J
shade which are inconsistent wifli‘, because the complexity cost 5, €5(r) h(s;)
would have been too much to account for them. We improve our h(riNs;)<h™(s;)
model for both of these situations by maintaining an uppamidoon hf(s;)=0
square heights.
The upper bound for a particular square is realized in the cas @)
when all other squares are at their lower bound, becausdethigs See Figure 3 for an illustration of the variables in Equafion
the most shade that needs to be explained. Therefore, weedbén Equation 7 has three hyperparameterswhich controls the prior

upper height in each squase as the height, which minimizes the  probability of sun,3;, which controls the likelihood of occlusion
descriptivity cost functiory (R, Z, H  Uh"(s;)), whereH* Uh™ (s;) when passing above a square that has a block in it, @pndvhich
is the lower height map but with the block in squareaised up tah*. controls the likelihood of occlusion when passing above aasg
All upper heights are independent, conditioned on the nmeasents  that does not have a block estimated in it. The relationskipvéen



/1 and B2 is an estimate of the likelihood that an unobserved
square will contain a block. The three hyperparameters roema
the true descriptivity of the model, so they are ideally @rmthrough
optimizing the likelihood of measurements that have beérolg of
the training set.

We have presented in this section a method to estimate th
likelihood that a ray of sun at any angle will intersect aneabpefore
it reaches a solar panel on the ground. This estimate isstensiwith
the input upper and lower bounds on object heights. It alsotha
property that the estimated likelihoods are minimally etiéel when
the resolution of the gridi. is changed, if object heights are held
constant (the only change is because of improved heighttigagion
of the sample ray). By combining the likelihood estimate wrf svith
the sun and shade insolation estimated in Section IV, thected
value of insolation can be obtained for any time and position

®)

The method also performs well in practice, as we will see in
Sections VIII and X,

Ely"la"] = E[ly|z"] + p(z"|z") E[I,|2"]

VIII.

A particularly interesting application for our solar esttion al-
gorithm is that of a low-complexity robot operating in a t¢awed,
unknown environment for a long time. The robot can travehglo
an arbitrary trajectory and it should be possible to estmihe
environment and the solar map for any time. From this eséntiag
robot can plan its future trajectory accordingly.

To show that our approach is suitable for this application we
performed simulations where we generated random sampie jrat
randomly generated environments. Then we compared ourithlgs
sun likelihood estimates with a ground truth simulated shadap
across the environment.

We generated our simulated terrain environments in thevitlg
manner: Each 40x40 heightmap was constructed out of 50d®dru
square objects with edge length between 1 and 5 units andhtheig
between 1 and 20 units. Over these objects were overlayed2bes
“holes” (portions with height zero) with edge lengths betwel
and 10 units. Hole positions as well as object positions agights
were all integers selected uniformly with replacement. Aaraple
simulated heightmap is shown in Figure 4.

We generated 200 such ground truth heightmaps and for each o
simulated 10 days of observation, using sun angles deriveih f
Minneapolis on the vernal equinox March 20, and the 9 dayav.aft
On each day there were 5 cuts from a random position on a btoder
a random position on one of the remaining 3 borders. Each ast w
performed at a random time of day between 8:00 and 16:00 satait
time, and it consisted of solar samples which wer&l units apart
from each other. After each day, our reconstruction algorimade an
estimate of the 0.5-unit resolution solar map at a randore tm the
11th day, March 30, with the time of the final map fixed in the eam
way as the times of the cuts.. We compared these estimatadsaps
with the ground truth and the maps estimated by the Gaussaress
method. An example ground truth map with improving dailyrastes
is shown in Figure 5, and the performance of the two stratetie
shown in Figure 6.

For heightmap reconstruction we used the fading parametets
—1log(0.95) = 0.05129 and 8 = —log(0.005) = 5.2983. These
could be set strictly because the simulation environmentcineal
the reconstruction assumptions.was set less strict thafi because,
for reconstruction purposes, unexplained shade rays wenh iess
bad than unexplained sun rays. The regularization parasatere
set with respect to the neg log likelihood of an unexplainkdde

SIMULATIONS

measurementy = —5log(1 —exp(—a)) = —510g(0.05) = 14.979,
and ¢ = v/20. This ensured that it would require at ledsshade
measurements to create a block, and an additionsthade squares
to raise it up to theh,,.. which was20 units. For classification
we fixed the fading parameters as = —1log(0.99) = 0.01005,

8 = —log(0.05) = 2.9957, and B2 = —log(0.6) = 0,5105.
These were fixed a priori because for the first few days theme we
insufficient measurements to fit them properly with crossdedion.
The GP hyperparameters however were optimized to the dtga af
each day.

We quantitatively examined the performance of our two solar
estimation methods by plotting the Receiver Operator Giteristics
(ROC) of the estimates for the 11th day. Each ROC curve de=sri
the proportion of sun and shade correctly found as the €ieeisdn
threshold is adjusted. As the number of days in the trainetgis
increased, the estimates become more accurate. See Figarea7
chart of the daily improvement of the estimates.

We found that in a cluttered urban-type environment, rettansng
the geometry of the environment was highly beneficial ovedefing
the shadow map directly with a time-varying Gaussian Praces
After three observation days, the reconstruction methaopaed
on average better than GP regression for every confideneshibid.
After only one observation day, when very few objects couéd b
accurately placed, the observed constraints on objecthtseiigom
sunny measurements allowed raytracing to predict future sunny
positions with much greater accuracy than with GP regrasdiext
we will see how the methods performed in a challenging reatav
situation.

IX. EXPERIMENTS

To validate our heightmap approach we used measurements of
solar current associated with time and GPS coordinates ristieat
heightmaps for two different environments. Then we usedsehe
heightmaps to estimate full solar maps at various times. \ditq-
tively compared the heightmaps with the true environmesuts, we
performed cross validation to show that our approach couddlipt
solar measurements that were withheld from the trainingWetalso
performed the same cross validation with GP regression watida
combination classifier which uses both of the methods astsnpu

We used solar data collected at the McNamara Alumni Center on

une 9, 2012 and solar data collected at Lake Como on Septembe
6, 2012. Both environments are near Minneapolis, MN, US#] a
in both environments the primary shadow-casting objectewees.
Solar maps were constructed by measuring the short-ciccuirent
of two 20 watt Solartech Powkmphotovoltaic panels connected in
parallel; this quantity is proportional to the amount of gowhat can
be obtained from the panels.

A. Parameters Used

We selectedi. = 2.5m based on the tradeoff between the size of
the trees we encountered and GPS error. We selécted = 30m
at the Alumni Center as an upper limit on the height of mostdre
in Minnesota. At Lake Como we uséd,,., = 40m to allow for the
fact that the trees on the shore were elevated from the sudhthe
lake.

For reconstruction, we used fading parameters —log(0.9) =
0.1054, B = =183 — 0.2773/m. This ensured that, for recon-
struction purposes, a ray would be considered more likedglshhan
sun after passing through a single shading square, it iegdassough
it at near its greatest width. The regularization paranseteand &

Iwww.solartechpower.com
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Fig. 5. Top row: the simulated measurements received aftéy &d 6 days of observation Middle row: the GP estimatesltf day solar after 2, 4, and 6 days
of observation. Bottom row: the reconstruction estimate$lth day solar after 2, 4, and 6 days of observation. Eachilabed cut across the environment was
performed at a random time of day. This was the same envirohain Figure 4, and the ground truth solar map is the same thsi figure. The GP method
can only make use of information at times of day close to tme tive are interested in (13:32), but the reconstruction adetises all measurements. After 6
days the constructed solar map is close to the ground truém #hough the constructed lower heightmap is conservatiyelacing objects. This demonstrates
that it is unimportant to learn the precise heights, as lagu estimated geometry casts shadows which are simildmosetcast by the true environment.
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very little sun, so its shade predictions are not very inftime. However, after 6 days, almost all of its predictioms eonfident and accurate.
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for every threshold.

were set with respect to the neg log likelihood of an unexgldishade
measurementy,, = — log(1 — exp(—a)) = —log(0.1) = 2.303. At
the Alumni Center we used = 15g, and§ = % At Lake
Como we usedy = 5g, and¢{ = hii’—aux We used less regularization
at Lake Como because we were able to restrict the locatiohaafcsv
casting objects to occur near the shoreline which could bmated
well from satellite imagery.

To obtain the classification fading parameterss:, and 52, we
sought to maximize the cross-validation performance ontathss
was held out of the heightmap construction step. We usedegriad
descent starting from the reconstruction fading pararee@enerally
the method was overly confident in its predictions, becauwse rof

B. McNamara Alumni Center

The McNamara Alumni Center is a roughly 80m by 80m field at
the University of Minnesota in Minneapolis that containghini it
a few scattered trees. We mounted photovoltaic panels dreilty
on a Clearpath Husky A280and densely sampled the solar field of
the environment on June 9th, 2012. We sampled the enviranaien
three times of day, starting at 13:42, 16:23, and 18:20 CDan{l
Daylight Time, which has solar noon close to 13:00). Then wedu
our greedy heightmap construction algorithm with all of ttega we
had collected and estimatgd® and H* for the McNamara Alumni
Center. See Figure 8 for a comparison of the satellite imdgbeo
environment with the estimated lower heights, and an estidhsolar

the held out measurements were very far away from measutemenmap for 15:05 using both raytracing and GP regression. @bsbat

used in construction.

In general, the heightmap construction method is robustremge
of parameters. Adjustingv has little effect. Adjustings changes
whether a square will be raised for an object that doesn’tklo
all rays that pass through the square: whens increased fewer
squares are used to fit any particular shadow casting obj¢sen
regularization is too strict, heightmap construction gfally degrades
towards shadow carving, with the upper heights shouldemoge of
the predictive power. The danger comes when regularizasidoo
lax, and objects are confidently predicted at incorrecttjmrs.

The GP regression hyperparameters were optimized withegrad
descent, using the full data set (even for cross validatidh)s is
because the time length paramet¢¥; was challenging to observe
when there were only two measurement times.

As a preprocessor step to both reconstruction algorithms, w

combined nearby measurements if they were closer than 0-3 M&stimatedH? and H*

the two north-south lines of trees in the center of the stgdlhage
were correctly placed in the heightmap, as were the two stess
in between and the stray tree to the east. There were two &gta
placed in the eastern part; these were shade measuremaintstid
not be affiliated with any of the real trees so they were ief@rto
come from small nearby objects.

C. Lake Como

Lake Como is an urban lake in Como Park in St. Paul, Minnesota,
with a ring of trees around its perimeter. We mounted phdtai®
panels horizontally on an Oceanscience Q-Baat densely sampled
the solar field of Lake Como’s northeastern edge in the mgrioin
September 16th, 2012. We sampled at three times of dayngfaati
08:32, 09:49, and 11:04 CDT. Then we used our greedy heightma
construction algorithm on all of the data we had collected ame
for the part of Lake Como we had observed.

ters from each other and also adjacent in time, as in [1]. ThiSye ook advantage of our prior knowledge of the shorelineraade

helped compensate for GPS error, and it helped measurenoebés
more independent from each other, which is an assumptianttiba
heightmap construction method relies on. In cross valdatve used
an additional post-processing step to compensate for GBS ¥hen

we wished to know the estimated solar likelihood at a pasitive

sampled the estimate at 13 nearby positions and used theggesa
to construct a solar likelihood conditioned on a GPS err@cdbed

by a 2d independent Gaussian wjth= 0, 0% = 1m?.

The classification fading parameters and GP hyperparasnttat
were fit to our test environments are shown in Table II.

the approximation while constructing the lower heightmbpt tall
shadow-casting objects were within 5m of the shoreline asualty
placed from satellite imagery. See Figure 9 for a comparisothe
satellite image of the environment with the estimated loheights,
and an estimate of the 08:30 solar map using both raytracidgc®
regression. Observe that the correct number of trees weaceglat
approximately the correct positions.

2www. clearpathrobotics.com
Swww.oceanscience.com
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TABLE II. H YPERPARAMETERSFIT TO TESTENVIRONMENTS
Trial Environment | of on 1/05 1/64 ne | o B1 Ba
McNamara Alumni Center| 1.0100 0.0339  4.3619m  0.4537 hours 0.23E3).0070/m 0.8460/m  0.3313/m
Lake Como 0.9341 0.2989  8.0595m  0.8144 hours  0.31B60.0698/m  0.8903/m  0.5472/m
D. Cross Validation . Full Alumni Results
We desired a quantitative evaluation of our approach so we pe 09 | ——
formed cross validation on each data set in turn, for bothrenv ' /
ments. For each cross validation trial we left out a thirdhef data set, 0871 P T
constructed height maps from the other two sets, and thepad 0.7 t
the predicted label& with the observed labels... We also compared 506 |
the projected solar magnitudes in the sun and the shade héth t = )
observed magnitudes. ‘E S B
As in our simulations, we examined the ROC plots using en- 2041
vironment reconstruction and GP regression. We also plothe o3zl /
performance of a combination method which simply takes teamof GP method
the outputs of the two methods. This combination method eaexo 0-2 '(f Helghimap metnod
pected to perform well because its two inputs use compleliéfigrent 0.1p
approaches to regularization and therefore can be coesid#most 0

independent, conditioned on the input. See Figures 10 ®ipthbts.
We can conclude from these that our environment recongtruct
method performs better than GP regression on the timengusolar
field, even when our terrain assumption is violated. Thiseicabise it
allows shadows to be intelligently interpolated and exitaied. We
can also conclude that the combination method performgib#tan
either of its two inputs.

Finally, in Figure 11 we compare the test insolation magtagu
with the curves of estimated insolation throughout the daypro-
jected from the data set. We found that almost all measurenvegre
close to either the sun or shade curve. The mean cross vafidat
magnitude error (distance to whichever class was closexst)0n0660
amperes at the McNamara Alumni Center and 0.1301 ampereskat L
Como. The projected solar magnitudes were far more accatate

Alumni Center than at Lake Como; this could be because at Lake

Como the sun angle was generally lower. In general this detretes
the utility of using a classification step instead of attangptto
estimate the full continuous insolation field.

X. CONCLUSION
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Fig. 10. Receiver Operator Characteristic plots for the ®a&iimation
methods, showing the proportion of true sun and shade tleatcairectly
classified on the withheld third data set. At the Alumni Ceried Lake Como,

In this work we presented a new method to predict the SOIarthe reconstruction method outperformed GP regressiorhéd\®fumni Center

power received by a photovoltaic panel in an uncertain and-co
plex environment. Our method uses only previous measursmen
of insolation obtained from the environment. It does notuies

a detailed three-dimensional environment model as inputmr
sophisticated sensors to build such a model. The methodroots

a probabilistic heightmap of the environment and then perfo
raytracing to estimate the probability that any point at &me will
receive sunlight. We tested the method in simulation andwia t
environments, and demonstrated that it qualitatively qggens better
than spatiotemporal Gaussian Process regression.

GP regression and heightmap approximation can be conditisoe
different approaches to enforce structure: the former rassuthat
shadow casting objects are large, and the latter assumethélyaare
well-approximated by blocks of varying height sitting ore thround.
A natural avenue of future work is examining whether theseftwms
of normalization can be used simultaneously, such as byr@nfp
smoothness in the heightmap estimates, in an efficient manne

When constructing the heightmaps, all measurement raysosre
sidered independent observations, and therefore equdbymative
about the position of objects. However, in reality, measwaet rays
from different angles are more jointly informative abou fiositions
of objects than measurement rays from the same angle. Thid co

we gained little by using the combination method; this talisthat there were
few test points that GP predicted better than reconstmuctitowever at Lake
Como GP regression was better than reconstruction at the @nthe ROC
curve, where we are seeking for points that can be estimatidvery high
confidence. The combined method allowed generally more edfettpoints to
be found than with either GP regression or by using the heighs alone.

potentially be modeled irf by using a covariance function between
different measurement rays so that the cost when a partisglare
misclassifies rays from the same angle is lessened.

Other future work includes extending the proposed method to
handle tilted solar panels, weather, and non-constantt rlbwation.
It could also be interesting to examine the use of additicealsors
that fit in the simple robot framework, such as bump sensars, o
inexpensive cameras. Currently we can account for lod#izarror
in classification by sampling a set of nearby points; it cobll
interesting to see if we gain by accounting for localizatemor at
all stages of the algorithm, in a principled way. Finallywnshat
we have addressed the estimation component, it could belusef
plan exploration paths to the most information about the whject
positions and sizes. In [15], we address a simple versionhisf t
exploration problem, where the task is to find the height abjects
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The measured solar current for our trials plottedirag time of

day, with best fit curves estimating the current that can Hieated in the

sun and in the shade. There are three curves showing theagstiar leaving

out each of the data sets. At the Alumni Center the three sumgeee almost
perfectly, but this is not the case at Lake Como. The averaggsc/alidation
error at the Alumni Center was 0.0660 amperes, and at LakeoQbmvas

0.1301 amperes. For planning purposes, the estimated tudgris close to
the true magnitude.

using the shortest exploration path, and assuming a cdrstarangle.
We present an online exploration algorithm that has(og n)
competitive ratio with the optimal offline solution.
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