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ABSTRACT

In recent years many remote sensing instruments of various pespeave been
employed in an attempt to better characterize important gegphp$ienomena. Satellite
instruments provide an exceptional opportunity for global long-term wdusans of the
land, the biosphere, the atmosphere, and the oceans. The collecesredatsed for
estimation and better understanding of geophysical parameterasuahd cover type,
atmospheric properties, or ocean temperature. Achieving accutetatess of such
parameters is an important requirement for development of mdalelsoapredict global
climate changes. One of the most challenging climate @s@aoblems is estimation of
global composition, load, and variability of aerosols, small airborneclearthat reflect
and absorb incoming solar radiation.

The existing algorithm for aerosol prediction from satellite olm®ns is
deterministic and manually tuned by domain scientist. In contoastomain-driven
method, we show that aerosol prediction is achievable by completéhydiaaen
approaches. These statistical methods consist of learning of rayniggression models
to predict aerosol load using the satellite observations as inpe@suvwements from
unevenly distributed ground-based sites over the world are used as@gmoynd-truth
outputs. Although statistical methods achieve better accuracy gtamuhistic method
this setup is appropriate when data are independently and identsdtiputed (11D).
The IID assumption is often violated in remote sensing where ddiaitetemporal,
spatial, or spatio-temporal dependencies. In such cases, theomadisupervised
learning approaches could result in a model with degraded accuracy.

Conditional random fields (CRF) are widely used for predictinguwuwariables
that have some internal structure. Most of the CRF researdbelbasdone on structured

classification where the outputs are discrete. We propose an@iEl for continuous
iii



outputs that uses multiple unstructured predictors to form itsire=satand at the same
time exploits structure among outputs. By constraining the featnotions to quadratic
functions of outputs, we show that the CRF model can be convenientiseapzd in a
Gaussian canonical form. The appeal of proposed Gaussian Conditional Réietisn
(GCRF) model is in its conceptual simplicity and computatioffatiency of learning
and inference through use of sparse matrix computations. Experimesulis provide
strong evidence that the GCRF achieves better accuracy thatrictored models. We
improve the representational power of the GCRF model by 1) introgldlbe adaptive
feature function that can learn nonlinear relationships between inmlitsugputs and 2)
allowing the weights of feature functions to be dependent on inputs. TRé& &Calso
readily applicable to other regression applications where teeseneed for knowledge

integration, data fusion, and exploitation of correlation among output variables.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Understanding processes of the Earth’s atmosphere, land, andoégneatest
importance to human society. In recent years many remote samsingnents of various
properties have been employed in an attempt to betterotbaza important geophysical
phenomena. The collected remote sensed data are used for estimati better
understanding of global dynamics of geophysical parameters suldné cover type,
humidity, clouds, aerosols, greenhouse gases, or ocean temperahisvirdy accurate
estimations of such parameters is an important requiremene¥atappment of models
able to predict global climate changes. The report by thergovernmental Panel on
Climate Change (IPPC) [1] points out that the estimation of global composition, haad, a
variability of aerosols is one of the largest unknowns in climate change studies.

Aerosols are small airborne particles that reflect and absatiming solar
radiation. Numerous ground and satellite based instruments areyechjfdo monitoring
aerosols whose observations could differ in spatial, temporal anttaépesolution,
coverage, and quality. Aerosols are characterized by Aerosol Dpegth (AOD), a

guantity which represents total attenuation of radiation from theftdpe atmosphere



down to the surface. The nontrivial process of obtaining aerosol é&ssifram the
instrument’s raw observations is called the AOD prediction. There@af the aerosol
remote sensing creates significant methodological challengeslafiar mining. This
research focuses on AOD prediction, although the developed methodsareaadily
applicable to a larger class of remote sensing problems.

Chapter 2 contains background information related to remote sensaegospls.
To clarify challenges in AOD prediction, Section 2.1 and Se&i@rdescribe the aerosol
remote sensing instruments and the physics of AOD predictiono®et8 introduces
deterministic satellite-based AOD prediction that relies on dorkaowledge. This
section also points out potential flaws of deterministic predi&ection 2.4 describes the
data fusion from different sensors. Finally, Section 2.5 definesipteulevaluation

measures used for assessment of prediction quality.

1.2. Main contributions

In contrast to domain-driven methods, in Chapter 3 we demonstratethshte
AOD prediction is achievable by a completely data-driven appri@a8h This statistical
method consists of training a nonlinear regression model using Higesatbservations
as inputs and ground based AOD as outputs. Section 3.2 shows how to corSfiuct A
predictor that works well over a range of accuracy measuresedef Section 2.5. We
propose an approach that builds an ensemble of neural networks, @ael twvith
slightly different measure. The outputs of the ensemble arauezhas inputs to a meta-
level neural network that produces the actual AOD predictions. Restubiw that the

proposed ensemble works well over all considered accuracy measureg the same



time is more accurate than the deterministic algorithm. tti@e3.3 we study a budget-
cut scenario that requires a reduction in a number of ground-basedss&keadevelop
an iterative method that removes sensors one by one from locatiores ABE can be
predicted most accurately using training data from the rengpisites. Extensive
experiments provide strong evidence that sensors selected hsipgoposed algorithm
are more informative than the competing approaches that seteszirs at random or that
select sensors based on spatial diversity. In Section 3.4 we praposgthod that
automatically discovers homogeneous spatio-temporal partitions thtloeeiglompetition
of regression models. We show that spatio-temporal partitioningnvetidby building
specialized predictors results in increased prediction accwiaey compared to learning
a single predictor on all the data and to learning specializedcfedion the data
partitions used in deterministic algorithm.

Although statistical methods from Chapter 3 achieve better axguthan
deterministic method this setup is appropriate when examplemdependently and
identically distributed (1ID). The IID assumption is often violatledemote sensed data,
where examples exhibit sequential, temporal, spatial, or sgatipetral dependencies. In
such cases, the traditional supervised learning approaches couldnresuttodel with
degraded prediction accuracy. Conditional random fields (CRF) atelywused for
predicting output variables that have some internal structure. Make &@RF research
has been done on structured classification where the outputs astedist Chapter 4 we
propose a CRF probabilistic model for structured regression that msktiple
unstructured predictors to form its features and exploits struettm@ng outputs. By

constraining the feature functions as quadratic functions of outputshaeve in Section



4.3 that the model can be conveniently represented in a Gaussian daioomd®]. In

Section 4.5 we improve the representational power of the resultingi@a@3F model
by 1) introducing the adaptive feature function that can learn nanlire¢ationships
between inputs and outputs and 2) allowing the weights of feature funt¢tohe

dependent on inputs. The appeal of proposed model is in conceptual $ymgohdi
computational efficiency of learning and inference through use ofsesparatrix

computations. Results presented in Section 4.4 and Section 4.5 provide sidemge
that the proposed GCRF model achieves better accuracy than ictofsdl models. The
proposed method is also readily applicable to other regression appkcahere there is
a need for knowledge integration, data fusion, and exploitation of @torelamong

output variables.



CHAPTER 2

REMOTE SENSING OF AEROSOLS

2.1. Remote sensing

Remote sensing is defined as the acquisition of information about act obje
without being in physical contact with it [10]. A typical souoferemote sensing data is
electromagnetic radiation which is emitted or reflected frima observed object.
Information about our environment could be obtained by imaging the Sun’s
electromagnetic radiation that propagates through the atmesgRemote sensing of
AOD relies on the concept that solar radiation is modifiedabgosols as it travels

through the atmosphere.

2.2. Ground and Satellite Based Instruments

There are two major types of instruments that collect aeretated data: 1)
satellite instruments, such as MODIS and MISR [11], POLOER, TOMS [13],
SeWiFS [14], AVHRR/2 [15], and CALIPSO [16]; and 2) ground-basedunsnts,
represented by AERONET [17]. The MODerate resolution Imagingct&peeter
(MODIS) is an instrument aboard NASA Terra and Aqua sateliitas are part of the
NASA'’s coordinated fleet of satellites often referred to astfiEObservation System’s

(EOS) [18]. Terra’s orbit is descending (southward) the equator obgeiwe location
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Figure 2.1.Global distribution of AERONET sites.

around 10:30 AM local time. Aqua’s orbit is ascending (northward) twerequator
observing the location around 1:30 PM local time. MODIS measadiation in the
spectrum region from 0.44m to 14.235um [18]. The AErosol RObotic NETwork
(AERONET) [17] is a federation of more than 200 operational sun/a#liometers
located at various places over the globe. Figure 2.1 shows that AER®@IStruments
are relatively dense over industrialized regions, while thespaese elsewhere; oceans
are severely underrepresented, but this is not a problem becansa pesdictions over
oceans are of much higher quality than over land. Satellite instrarpentide global
coverage with high spatial resolution, have relatively low tentipesmlution, and allow

for moderately accurate AOD predictions. Ground-based instrumentditnéteel spatial
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Figure 2.2.Coverage map of satellite and ground based instruments. Redsadméslite

instrument MODIS; blue circles — ground based instrument AERONET.

coverage, provide relatively large temporal resolution (fewsomegnents per hour), but
allow for highly accurate predictions. As a result, AERONETdjgteons are typically
treated as ground-truth and used to validate quality of satellite-basedipredict

To illustrate the difference in coverage and resolution betgemmd-based and
satellite-based instruments, Figure &bws AOD predictions of MODIS aboard Terra
satellite and AERONET over the continental USA on SeptemBer2005. AOD
predictions from 12 active AERONET sites are shown as blue circles dmit shifts in
space each day and the cycle is repeated every 16 days. In Eiguferra satellite
passed over the US three times. Red dots correspond to AOD predimions1ODIS
who observes the Earth in tracks (swaths) 2,330 km wide. Withrges avath MODIS

observes every location daily. Each red pixel is of size 10 x fOHawever, there are
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Figure 2.3.Physics of remote sensing of aerosols.

many holes within each red track with missing predictions caugguegsence of clouds
or unfavorable topography or land cover.

Figure 2.2 describes a typical satellite instrument whielasures the incoming
Sun’s electromagnetic radiation. As it can be seen, the solatioadinteracts with the
atmosphere, the Earth’s surface, and again with the atmosphere tslqraghi to the
satellite instrument. To predict AOD using satellite obs@aa, one needs to accurately
determine the exact amount of radiance reflected from thesghere (Path 2 in Figure

2.3) as it conveys information directly related to AOD. In thisecaadiance reflected



from the surface (Paths 1, 3 and 4 in Figure 2.3) is consideradises The radiance
observed by the instrument depends on properties of atmosphere aas vgeiiface.
Therefore, predicting the AOD is a highly non-linear and noi®plpm. Accuracy of
satellite based AOD prediction is one of the major limitingdiecinfluencing climate

change studies [11].

2.3. Domain-driven AOD Predictors

Most operational aerosol prediction algorithms are constructedn\asse
operators of high-dimensional non-linear functions derived from forsiandlation
models according to the domain knowledge of aerosol physical prop&pesational
algorithms used to predict AOD from MODIS observations are baseaghatching the
atmospheric component of the observed reflected radiation to the teidhuédues stored
in lookup tables. The atmospheric component is obtained by removing ¢oe @fthe
surface and is dominantly influenced by aerosol optical propertiese Saerosol
properties and abundance change through time and over space, usingg ansitgl
would not be able to fully describe the aerosol optical properties awgobal scale.
Recently developed operational AOD prediction algorithm, called Q@d&es domain
knowledge for spatio-temporal partitioning of the Earth. Figure 2.4esepts spatial
partitioning of the globe over the four seasons [18]. For each spatpmtal partition,
CO005 consults the look-up table constructed by forward simulations of the physazll m
of aerosol optical properties. For each component aerosol, the correspoadiatye
properties are computed using wavelength, illumination, and view geomigimation.

The results are recorded in a look-up table. By using a modifiedrimixing theory, the
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Figure 2.4.Domain based global spatio-temporal partitioning of dominant “fine”
aerosol properties. Blue — absorbing; red — non absorbing; white — neutral.
a) December, January, February; b) March, April, May; ¢) June, July, August; d)

September, October, November.

radiative properties of a mixture are calculated during tlegligiion process. These
simulated data are then compared to actual observations for the agprepene type
(land or ocean). According to a set of goodness-of-fit critbased on the domain
knowledge, the matched aerosol model in the look-up table is used for AOD

computation. The simplified flow of C0O05 algorithm is summarized in Table 2.1 [18].
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Table 2.1.Domain based C005 AOD prediction algorithm

1. Lookup tables: one for “coarse” and three for “fine” aerosols (absorbing,
non-absorbing and neutral). Tables contain the amount of multispectral
radiances Rreflected from the atmosphere that satellite would obseryat R
0.44, 0.66 and 2idm were obtained by forward-simulations on seven discrete
values of AOD (0, 0.25, 0.5, 1, 2, 3, 5), nine solar zenith angles, sixteen sensor
zenith and relative azimuth angles.

2. Input s: multispectral satellite observationg,Rview angles, elevation,
spatio-temporal coordinates.

3. AOD prediction

3.1. Determine fine aerosol model based on spatio-temporal coordinates.

3.2. Interpolate lookup tables to observed geometry (eliminates dependence
on geometry, FAOD) becomes function of AOD)
3.3. For each discrete AOD find the amount of surface reflection @3
and T are parameters obtained during forward simulation)
Rs2.(AOD) = (Ra2 {AOD) - Rsar2.) / (S2.1* (Ra2.(AOD) - Reatz.9 - T2.1)

3.4. Determine surface reflectance at 0.44 and Qrég@oefficients C
depend on observation)

Rs0.6{AOD) = C; - Rs2(AOD) + G

Rs0.4{AOD) = Gz - Rso.6dAOD) + C4

3.5. For each discrete AOD an both models (fine and coarse) add surface
reflectance to reflectance,Rat 0.44, 0.66 and 2uin

R(AOD) = R(AOD) + T- R{(AOD) / (1-S- R{AOD))
3.6. For each discrete fine/(fine+coarse) rgto-0.1, 0, 0.1, ...1.1

Riota(AOD) =1 - Riine(AOD) + (1 -n) - ReoarséAOD)

3.7. Interpolate B:at 0.44um and find AOD (R - linear interpolation
between reflectance; AOD - logarithmic interpolation between optical
depths). Interpolations ofsRfor eachn give thirteen AODY).

3.8. Interpolate AOD{) and find Rsw.64n) at 0. 66um. Difference between
Resto.6(n) and Rato.6 represents fitting error.

4. OUTPUT: AOD that corresponds to minimal fitting error.
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Potential drawbacks of deterministic prediction methods include 1h hig
computational cost due to inversion of nonlinear forward models; 2) déwlopment
due to manual construction of the postulated physical models; 3) difficin describing
complex radiance-aerosol relationships in all realistic saenand 4) inaccuracies that

are due both to the instrument limitations and imperfections in the predictiorttatysri

2.4. Data Fusion

Given a data set that consists of satellite observations and WNER@OD
measurements, a regression model can be trained to use sabséteations as inputs
and predict the labels which are AERONET AODs. For that ressdeallite observations
need to be collocated and merged with AERONET measurenlenthis study we
consider data from MODIS, an instrument aboard NASA'’s Terra and Aqubtestel

MODIS has high spatial resolution (pixel is as small as 25056 nf) and
achieves global coverage daily. On the other hand, AERONET siteatesi at fixed
geographical locations, acquire data at intervals of 15 min on &v€rags gives rise to
the need for both spatial and temporal data fusion (Figure 2.5). Tl fosethod
involves aggregating MODIS pixels into blocks of size 50 x 50 kmd spatially
collocating them with an AERONET site. The MODIS observatiores said to be
temporally collocated with the corresponding AERONET AOD preafistiif there is a
valid AERONET AOD prediction within 30 minutes of the sateltiteerpass. The data

collocated in this way can be obtained from the official MODIS website ofANAS].
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Figure 2.5.Spatio-temporal collocation of MODIS and AERONET data. A is an
AERONET site with AOD predicted within a short time before and after tiedisa
overpass (circle dots). The square regions are MODIS observations in a fyraxXisiie

A at the satellite overpass time.

We extracted satellite-based observations, by consulting inputeeté©ODIS
operational prediction algorithm. The radiances at four wavelemgths taken from the
MODIS range 0.44-2.1um, as these are sufficient to describe aerosol properties. We
used average and standard deviation of radiances within 50 x %askimputs. We also

collected solar and sensor angles and surface elevation.
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Deterministic algorithm predicts AOD at 0.5H. Since AERONET instruments
do not provide AOD value at that wavelength, we performed lineaipoitgion in the

log scale of AERONET AOD at 0.44m and 0.6Gum to get AOD at 0.550m [18].

2.5. Evaluation Measures

To demonstrate the need for multiple evaluation measures let lyzerhe
accuracy of currently operational NASA’'s MODIS prediction alipon C005 [18]. A
scatter plot of CO05 AOD prediction vs. ground based AOD prediatigeiiod of three
years from 2005 to 2007 over whole globe is presented in Figure 2.6. Baid |
represents the perfect prediction, while dashed lines represent heandfan area
within which predictions are acceptable to domain scientists. Lavgelute errors are
more tolerable when predicting large AOD than when predictingl #x@D. Therefore,

a fraction of data points inside the bounded aF¢®AQ is a suitable accuracy measure.
Mean squared erroMSE measure is also used for AOD prediction, but it is not as
informative because 1) prediction error increases with AOD, 2jldison of AOD is
skewed towards small values, and 3) there are many outlesgldition toFRAC and
MSE, domain scientists are also interested in the relative sqeared that considers
larger absolute errors more tolerable when predicting largP &@n when predicting

small AOD.
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Predicted AOD

True AOD

Figure 2.6.Scatter plot of predicted vs. true AOD. Solid line — ideal predictions.

Dashed lines - boundaries of acceptable predictions.

Given vectott = [ty, to, ..., tn] ' of N true output values (i.e. true AOD values) and

vectory = [y, V2, ..., yn]| of the corresponding predictions, the standard mean squared

error MSB is defined as

MSE:%ZN:(yi —t,)%. (2.1)

A closely related téMSEis root mean square errd®NISE defined as
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RMSE= \/%i(yi ~t, ) (2.2)

RMSEis in the same units as the data wiMIEE is in square units of datRMSEmay
give better understanding of errors thASE

The coefficient of determinatiofR}) is defined as

R? :1—(%(;4 -t )Zj/[i(t——ti )Zj , (2.3)

i=1 i=1
wheref represents the mean value of vec¢td® value describes fraction of the variance
that the predictor successfully explains. The highéss 1, whileR® of the model that
simply predicts the output variable mean isR0.0f some poor predictors can even be
negative.
Another related measure, which is insensitive to the correcthlas, is

correlation coefficientGQORR

corr (-9 -0)f S Ee -], e

where y represents the mean of vecyor

We also consider several domain-specific measures. Geodsiesttwved both
theoretically and empirically that, taking into consideration thgsigal constraints of
remote sensing of aerosols, the desired absolute AOD predictorskauld be between
0.05 and 0.1 for small AOD and that it could increase to 15-20% x AORriye AOD

[18]. Thus, the AOD prediction is considered successful if the absolute error is
|y, —t]| < 005+ 01%; . (2.5)

We may now define the fraction of successful predicti&isAO as
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Table 2.z. C005 Vs AERONET prediction accuracy

Model R? CORR = FRAC
C005 0.70 0.87 0.28 64.8%
FRAC:INMOC%, 2.6)

wherel is the number of predictions that satisfy relation (2.5).

Domain specific relative squared err®SF is defined as

2
1q y —t.
RSE=— —= 1 |, 2.7

N ,Zﬂ:[ 005+ 015 J (2.7)

RSEvalues less than 1 indicate that AOD predictions are satisfadthe closeRSEis
to 0 the better performance of a predictor is. A related meaguaccuracy is relative

coefficient of determinatiorR?) defined as

R =1- (itmj } [i( oo;+ 015, ﬂ (@8)

whereft, = Zvviti /ZWi , W, = (005+ 015;,)?, represents the weighted mean of vector

t. R? is derived according to general definition of ¢méént of determination [20]. The
highestR? is 1, whileR.? of the model that predicts the output weighted mrisd.

Let us analyze the accuracy of the operational Afp&liction algorithm called
CO005 whose scatter plot is presented in FigureThé.values of four different accuracies
are shown in Table 2.2. C005 has an excellent preioce based cBORR However R

tells us that there is a significant portion ofigace which C005 was unable to explain.
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Furthermore, domain specifR? accuracy is small which indicates lower than @eksir
accuracy. Finally,FRAC measure shows that more than 35% of predictionsoar

insufficient accuracy.



CHAPTER 3

UNSTRUCTURED DATA-DRIVEN PREDICTORS

3.1. Background

A data mining approach for regression is basedeaming relationships between
inputs and the output variable. In the standardessgon setting we are given a data set
with N training examples,D = {(x;,Vi),i =1..N}, where x,e XcR" is an M
dimensional vector of inputs aryde R is a real-valued output variable. The objective of
regression is to learn a non-linear mapdifrom training dateéD that predicts the output
variabley as accuratelgs possible given an input vectorTypically the following data-
generating model is assumed

y=f(X)+&,6~N(00?%), (3.1)
where ¢ is Gaussian additive noise with constant variante In AOD prediction
application inputsx are multivariate observations collected from altitg instrument
spatio-temporally collocated with the correspondg@und-based AERONET AOD
valuesy.

Neural networks are often a regression model ofcehim data-driven prediction
of atmospheric properties [21], [22]. Neural netkgrhave been trained to predict

AERONET AOD over continental US [23] and whole gd3], [5] using inputs derived

19
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from satellite data. Comparing to the domain-ba&&@D predictions, neural network
AOD predictions were significantly more accurate.
In following sections we present methods for savepecific problems in AOD

prediction application.

3.2. Prediction across Multiple Accuracy Measures

3.2.1. Introduction

Ideally, one would like to have a predictor thabypdes good accuracy with
respect to multiple accuracy measures. The contjgitss that predictors which perform
well on one measure may not perform well on otheasares. An important challenge is
to train a predictor where the objective is notimpt performance on a single measure,
but robust performance across several measures.

To construct a model that is accurate with resp@¢tRAC MSE and relative
squared error measures defined in Section 2.5 rem@ope to train an ensemble of neural
networks, each with a different relative error nirasand to combine their predictions.
We explored different methods for combining ensempedictions: 1) average of
ensemble outputs, 2) a neural network which takesgmble outputs and provides final
AOD prediction and 3) weighted average of ensenthifputs according to a gating
neural network that approximates probability oig&arAOD. Proposed predictors were
compared to neural network models optimized fangle accuracy measure as well as to

the operational MODIS AOD prediction algorithm C005
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First stage Second stage
Neural Network
—p{specialized in predictin
small AOD
OSl
Neural Network Osk
—specialized in predictin >
small AOD
Input data ? 3 AOD prediction
Neural Network Ou
—specialized in predictir >
large AOD
- OLK
Neural Network ‘
—{specialized in predictin
large AOD

Figure 3.1.Architecture of the proposed two-stage ensembl&@D prediction.

3.2.2. Adaptive Cost Function

Neural networks are typically trained by minimiziDSE This kind of cost
function treats all errors equally regardless & tutput value. Earth scientists prefer
small relative errorsrather than smakbsolute errors Hence,MSE function is not the
most appropriate cost function for this applicaticks a more general choice we
introduce a function defined as thedative error (REL,,) between predicted and ground

truth AOD

_1 I i
RELs =N ;(m bti] ’ 8.2
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wherea andb are positive user defined parameters. Here, thel l&f penalization of
prediction errors can be controlled by tuning patersa andb. Note thatREL g is
equivalent taMSEwhile RELy o5 0.15iS equal ttRSE

We employREL,, as a cost function for training neural networks.ewh is
small, bt is dominant and so the emphasis is on reducingtio of predicting small
AOD. On the other hand, whenis large, errors for small and large AOD have Emi
importance. Sensitivity of a neural network optiatian tot; also depends on parameter
b — for largeb the network becomes more sensitive to the err@adenwhen predicting

small AOD.

3.2.3. Ensembles with Adaptive Cost Functions

Minimization of REL,, cost function witha = 0.05andb = 0.15 directly leads to
the optimization of domain specific measures meeib in the Section 2.5 -
maximization ofFRAC and minimization oRSE However, a neural network trained in
this way would have decreas®tSE accuracy. We are interested in construction of a
model that is accurate with respect to all accuraegsures.

RELy 05,0.150ptimized neural networks will be more accuratewOD is small,
while MSEoptimized networks will work better when AOD isrga. However, the
problem arises because it is not known in advarteetiver the AOD value is small or
large. If we used the model which has the abibtdécide whether AOD value is large or
small, the accurate prediction of medium level A@dues would still be the problem.

More specifically, such a model would either ovémeate or underestimate AOD
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depending on whether it was “classified” as largesmall, respectively. To solve this

problem we propose a two-stage approach:

1. Constructing an ensemble 2K neural networks among whie¢h are specialized
in predicting small AOD while the remainikgare specialized in predicting large
AOD. This is achieved by using different valuepafameters andb. Since the
distribution of AOD is skewed to the small AOD, lkesign all component
networks are trained to penalize errors at smalDABowever, intensity of this
penalization varies per component network.

2. Combining outputs of the component networks to iobtn integrated AOD

prediction.

The architecture of the proposed system is illtestran Figure 3.1. All first-stage
component networks are trained using the sameata@s, Os,..., Osk correspond to
networks specialized for smaller AOD, whil&;, O,,,..., Ok correspond to networks
specialized for larger AOD. Those outputs are irgtgl at the second stage using one of

the following methods.

3.2.3.1. Integration by Averaging

Here, the final AOD prediction is obtained as agenaverage oDs and O_

neural networkswWe will refer to this approach as AVERAGE.
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3.2.3.2. Integration by a Meta Neural Network

Here, predictions 0Os andO, neural networks are used to train a second-stage
meta neural network. The meta neural network igmopéd to minimizeRELy o5 0.15 We

will refer to this two stage structure as META.

3.2.3.3. Integration by a Gating Neural Network

In the GATING approach, the first-stage network® dinearly combined
according to the weights assigned by a gating nétwb gating neural network is built
as a binary classifier that predicts whether AOBn®ll or large. If the gating network
Oc predicts large AOD, (i.€ is close to 1) larger weights are assigned taheeural
networks specialized for predicting large AOD. ®e bther handDg close to 0 gives
larger weights t@s networks. FinallyOg near 0.5 means that large and small AOD are
equally likely, and weights dDs andO, are equal. To avoid bias sum of all weights is set
to 1. The final AOD prediction is then computed as

K. 0 1-o0
y:Z(?GOLi +T605i)’ (3-3)
i=1

whereO.; andOs; are outputs of first-stage networks.

To train the gating network we assign large andlistabels to AOD values.
Domain knowledge suggests that AOD values that lass than 0.15 should be
considered small [18]. To prevent problems relatdtth training on imbalanced data,
instead of using 0.15, we use median AOD valuehashreshold AOD values larger

than threshold are considered as large while timairéng ones are considered as small.
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3.2.4. Experimental Results and Discussion

We used collocated data in years 2005-2007. Spatigboral cross-validation
was applied in all experiments. First, we split ABRET locations into 5 subse$ i =
1...5, and create five data sdi, i =1...5, each with data points from one of the
AERONET subsets. Then, we split edghinto D;>® containing data from 2005 and 2006
and D;” containing data from 2007. We reserved onéDgf datasets for testing and
merged data from the remaining 4 dataﬁﬁ@. j #1, for training. The trained predictor

was tested on 3 datasets

(TEST1) D;>® — data collected during 2005 and 2006 at the imosit
unobserved during training;

(TEST?2) {D,-7,j # i} — data collected during 2007 at the locationsenbsd
during 2005 and 2006;

(TEST3) D;’ — data collected during 2007 at the locations sapked

during training.

The procedure was repeated five times, for vajued...5, and the average accuracy
over the 5 runs was reported. It is expected tH&B T3 is the most challenging for

prediction.
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Table 3.1.Satellite-Based Vs. AERONET AOD prediction accyran TEST3

(unobserved locations, unobserved time).

Model R? CORR R/? FRAC
C005 0.65 0.86 0.13 63.9%
SingleMSE 0.74 0.87 0.40 66.2%
SingleREL 0.68 0.85 0.55 69.3%
EnsembleMSE ~ 0.76 0.88 0.45 68.9%
EnsembleREL 0.67 0.86 0.56 70.6%
DIFFREG 0.65 0.84 0.07 66.8%
AVERAGE 0.75 0.88 0.54 70.5%
META 0.75 0.87 0.50 69.5%
GATING 0.76 0.88 0.53 70.9%

Table 3.2.Gating Vs. AERONET AOD accuracy on different tests: TEST1 —
unobserved locations, observed time; TEST2 — obsgdncations, unobserved time;

TEST3 — unobserved locations, unobserved time.

Test set R? CORR R? FRAC

TEST1 0.76 0.88 0.55 71.4%
TEST2 0.79 0.89 0.61 73.5%
TEST3 0.76 0.88 0.53 70.9%
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3.2.4.1. Benchmark Methods

Deterministic algorithm C005. The primary benchmark for comparison with our
predictors was the most recent version of the MO@i&rational algorithm CO005.

Single neural networks. As a baseline data mining algorithm we used single
neural networks trained to predict AERONET AOD fratODIS observations. Two
different single neural network models were evadafThe first network is trained by
minimizing a standardMSE cost function (SingleMSE), while the second networ
minimized our noveREL, , measure (SingleREL). Parametarandb were fixed toa =
0.05andb = 0.15

Simple ensembles of neural networkdiVe also compared the proposed methods
to two ensemble algorithms. Each ensemble consistéd neural networks. Outputs of
the 10 neural networks were used as inputs to ¢oensl-level neural network. In
EnsembleMSE approach, neural networks were traim#dg MSE cost function. In
EnsembleREL the cost function for all networks W& 05 0.15

Ensemble of networks specialized for low and high AODIn DIFFREG
approachK =5 neural networks were trained using a portiotraihing data with small
AOD, while anotherK networks were trained using data with large AOD. permit
smooth transition in input space, overlapping betwivo training datasets was allowed.
Small AOD was defined as AODthkresholds while large AOD was defined as
AOD > threshold-g, wheree was 0.05. All networks were trained to minimM&E and
the two sets of networks were integrated usinggdwing neural network described in

previous section.
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3.2.4.2. Results on TEST3

Ensemble neural networks having 13 inputs, 10 meuno a single hidden layer,
and one in the output layer were used in all expenis. Sigmoid activation function was
used in hidden neurons while the linear activationction was used for the output
neuron.

Average accuracies of the proposed AVERAGE, MET# &ATING predictors
and of six benchmark algorithms usiR CORR R.?, andFRAC measures are reported
in Table 3.1. These results were obtained on thst glmllenging TEST3 data. We note
that averaging of coefficient of determination measover 5 different cross validation
experiments might be misleading since those messiseend on standard deviation of a
particular test set. However, variation Rt in five sets used in these experiments was
negligible and so we decided to also report aveRigeet us look at the results in more
detail.

Operational prediction algorithm C005. C005 accuracies are shown in the first
row of Table 3.1. As discussed in Section 2.5, CO8% an excellent performance based
on CORR but R? accuracy reveals that it was not able to explaiarge portion of
variance. Also, domain specifi®® and FRAC measures indicate that C005 based
predictions are of insufficient accuracy.

Single neural networks.SingleMSE and SingleREL accuracies are in romsd a
3 in Table 3.1. Both single neural networks werearaccurate in predicting AOD than
the operational C005 algorithm on all accuracy mess However, their performance

was quite different over individual accuracy measurSingleMSE was more accurate
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with respect td??, andCORR while SingleREL was a better choice with resped®,
andFRACmeasures.

Simple ensembles of neural networksEnsembleMSE and EnsembleREL
accuracies are listed in rows 4 and 5 of Table Bath predictors outperformed C005 in
all accuracy measures. Also, they were more acutsn single neural networks.
However, neither ensemble achieved consistentlip kbiccuracy on all four measures;
EnsembleMSEachieved better accuracy than EnsembleREL withemsmp R? and
CORR while EnsembleREL was better accordingrfoandFRAC measures.

Ensemble of specialized neural networksDIFFREG accuracies are listed in
row 6 of Table 3.1. This benchmark method was quitsuccessful, with accuracies
below SimpleMSE and just slightly better than C005.

Ensembles with adaptive cost neural networksin AVEARGE, META, and
GATING predictors, five neural networks of the em&ée were specialized for prediction
of small AOD. This was achieved by usiREL, cost function witha = 0.05and b
changing fromb = 0.03to b = 0.15 in the steps of 0.0Bnother five neural networks in
the ensemble were specialized for prediction afdakOD by using = 1 andb changing
fromb = 0.03to b= 0.15 in the steps of 0.03

Results for AVERAGE, META and GATING adaptive coshsembles are
presented in last 3 rows of Table 3.1. All 3 pramli® were robust across all accuracy
measures. GATING ensemble with a second-level gateural network was slightly
more accurate than the alternatives. On standassunes R andCORR GATING was
as good as the most successful benchmark methabdese measures (EnsembleMSE)

and it had similar accuracy with the best benchnrmagthod EnsembleREL on domain
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specific measureRF andFRAQ). This result shows that it is possible to simmatausly
achieve high accuracy on disparate measures uding-kevel ensemble neural network

architecture.

3.2.4.3. Results on TEST1 and TEST2

Accuracies on TEST1 and TEST2 experiments werg tdhsistent with TEST3
results reported at Table 3.1. Our experiments sdawat if a certain method was more
accurate than an alternative method on TESTS3, é mvast often also more accurate on
TEST1 and TEST2. In particular, in all three te&®ATING method was the most
accurate over all four measures. The results of IB&Tmethod over three types of tests
are compared in Table 3.2.

Experiments over three types of tests showed thatethods were most accurate
when tested on data at unobserved time but ovefigusy seen locations (TEST?2).
Predicting AOD at unseen locations during the sawe years (TEST1) was a more
challenging objective but not as difficult as prisig AOD at unseen locations and in an
unseen year (TEST3). These results suggest thatirirdata temporal correlation was
stronger than spatial correlation, but also thah kands of correlation could be exploited

to improve quality of AOD predictions.
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3.3. Reduction of Ground Based Sensor Sites

3.3.1. Introduction

Ground based stations are often located withouigaraus statistical design.
Decisions are typically based on practical circameeés (e.g. overrepresentation in urban
regions and industrialized nations) and accordingdmain experts’ assumptions about
the importance of specific sites. Furthermore tttal number of sensor sites depends on
financial constraints. Costs related to equipmieiation, and the availability of trained
staff often dictate the number of sites and th&bgl distribution. As shown in Figure
2.1, AERONET sites are not uniformly distributeceothe globe. The highest density is
within the U.S. and Europe. On the other hand,inental Asia, Africa, and Australia are
poorly covered. Given these circumstances, the amago evaluate performance of the
current design of AERONET sensor network and tolyaplpta mining techniques to
assist in future modifications of the sensor nekwor

A specific scenario considered assumes that tleeee pending budget cut for
maintenance of the existing AERONET sites. The ahje is to shut down a fraction of
the AERONET sites while making sure that the wtitif the remaining sites is as high as
possible. We make a simplifying assumption that afi@mal costs for each AERONET
site around the globe are equal.

Common to most selection techniques originatingnftbe spatial statistics is a
tendency to overlook the time dimension of datdectéd by the sensor network. For the
problem of selecting a subset of data collectid@ssiwe consider series of observations

and propose to optimize AERONET sensor selecti@eda@n the concept of prediction
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accuracy. The intuition behind our proposal isightiorward. Each AERONET site

provides a time series which can be used in trgiaimegression model to predict future
AOD. Sites that can be removed are those whosewaisms are best predicted by the
model built on data from the remaining sites. The&fgrmance of the proposed approach
is compared with the random site selection and withclassical selection principle of

selecting spatially dispersed sites.

3.3.2. Determining an Appropriate Output Transformation

The assumption of constant variance is a basiciregant in constructing a
traditional model defined in Section 3.1. In mam@ges there is strong reason to suspect
that the error variance is not constant. Varianeilkizing transformations of output
variable are often useful in these cases [24]. fhength of transformation depends on

its curvature. Square root and logarithmic tramsftions are popular in practice. In
square root transformation, a regression modelghedicts Z =+/Y is trained and the
prediction is provided a¥ =72 while in logarithmic transformatiorZ =log(Y¥) and

Y =exp@) . Square transformation is considered as a relgtinéd [24] comparing to

the logarithmic and is often applied when varian€eesiduals increases linearly with
predicted variable. In the experimental section seepared both of them with the

standard approach that does not transform the bugpiable.
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3.3.3. Selection of Informative Sensor Sites

Let us assume that a mission objective is to dllasen a fraction (33% or 66% in
our experiments) of AERONET sites as to reduce mpidoased data collection costs.
Given such a budget cut situation, question ofiot@rest is how to selett (<K) of the
currently availabl&K AERONET sites such that this subset captures a$ mmfiormation
as possible compared to the entiresef AERONET sites. The goodness criterion for a
selection is accuracy of a regression model builkabeled data from the retained sites.

Intuitively, it appears that the selection of sitieat are spatially dispersed would
be a better choice than a random elimination. Suspatial selection might be aided by
domain experts - they would prefer to keep reprasise sites around the globe that
cover a variety of meteorological and environmentaiditions. However, regardless of
the experts’ effort, spatial representatives setbédhis way may not be optimal with
respect to the quality of the resulting regressnmuelf.

The sites selected by a domain expert are likelypaospatially diverse. To
approximate the decision-making process of domeuers, for benchmarking purposes
we use the spatial selection strategy based orakgatance among sites. In the first step
two sites that are closest to each other are datednOne of them whose removal better
preserves global coverage is excluded from th&seb decide which one is going to be
removed, we are consulting the nearest neighbotisose two sites. The site which has
the closer second nearest neighbor is removed.pfocedure is iteratively repeated until
the desired number &fsites is reached.

Our proposed strategy for selectionlosites out oK is accuracy-based. At the

first step, the regression moddk trained on the data from the entire set of ARED
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sites. At successive steps, every location is takérand a model is built on data from
the remaining sites. BY we denote AOD prediction obtained by a model &dion
whole dataset and b§’> AOD prediction obtained by a model trained $¥% sites that
exclude examples from sif The intuition is that if AODs from sit§ can be estimated
with a model which has not seen that site, thenSsitan be considered as redundant and
therefore can be removed. To quantitatively defredundancy, we measure the
difference in AOD prediction accuracy between thadel trained on the whole dataset
and model trained on a dataset without examples §iteS. The difference in prediction
accuracy is measured at data from §tas a sum of squared differences in predicted

AODs computed over all points from sie
SSE=) (% - ¥")*. (3.4)
t

A site that is removed is the one with the smalB&Eas its AOD is the easiest to
estimate given data from the remaining sites. Oacsite is removed the proposed
procedure is repeated. It continues by compariegréduced models to the model built
on the entire data, where data from the most rgcemcluded site are used for

calculatingSSEbased loss.

3.3.4. Experimental Results and Discussion

Collocated data are distributed over entire glob21d AERONET sites during
years 2005 and 2006. To assess efficiency of tlposed methods, we performed
training on 2005 data and used 2006 data for tpskiowever, during that time period

measurements from AERONET sites were not unifordiggributed, neither temporally
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or spatially. There were many more points from Jtméugust than from January to
May. Also, at some cloudy locations it was not assto measure AOD and those
locations contained a small number of data poifdsmaintain uniformity of the training
dataset, in each training session we randomly teele80 sites in year 2005 as the initial
setS Only 70 randomly chosen observations from eacthoée AERONET site were
retained and remaining ones were removed. Findilly training set consisted of 2,100
data points distributed over 30 AERONET sites eadmtaining 70 collocated
observations. As the test set, we randomly samplegoints from each site in 2006.
Sites with less than 50 valid observations werelueberd. The constructed test set
contained 3,500 data points distributed over 70 @BRRT sites each having 50
collocated observations. It is worth mentioning #i@ong 70 test sites, 30 were the same
as in the training set, while 40 sites were notnsdering training. To evaluate the

proposed approach, we repBftaccuracy on the test set.

3.3.4.1. Determining an Appropriate AOD Transformation

To validate the assumption that error varianceoisconstant, we performed the
following experiment. Thirty sites in 2005 were sba randomly. Three regression
models, one with data preprocessed by the squatdremsformation (NNSQ), one with
data preprocessed by the log transformation (NNL2BY the other without the
transformation (NN), were trained on the selectathset and compared on the test set.
As a regression model we used a neural network teithhidden neurons trained to

optimize standarMSEfunction.
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Table 3.2 R statistics on 2006 data for neural network modgtisout (NN) or with log
(NNLG) or square root (NNSQ) transformed outputhelagilt on ten different sets of 30

randomly selected sites using 2005 data.

R2
Model
Mean Std Median Min Max
NN 0.659 0.086 0.671 0.459 0.742
NNLG 0.664 0.091 0.703 0.444 0.721
NNSQ 0.746 0.042 0.754 0.644 0.789

This procedure was repeated ten times for diffesets of 30 randomly selected
sites. We reporR accuracy achieved on the fixed test set covetieg70 sites during
2006. To estimate sensitivity of constructed modeldistribution of the initial 30 sites,
we report mean, standard deviation, median andnmoimi and maximum o in those
ten iterations. The results are presented in T&Be These results provide strong
evidence that the neural networks trained to pte®l@D squared root (NNSQ) are more
accurate than those trained to predict raw AOD (NNpg-AOD (NNLG). Additionally,
the presented results reveal that prediction acgusasensitive to the choice of the initial
set of S sites. Although each time the selected 30 sites g®bally distributed covering
all parts of the world, in some cases accuracy midpsignificantly. A possible
explanation could be that some of those sites mav®y data that negatively influence

model performance.
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c) predictions with square root transformation.
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To better illustrate the effect of the square toanhsformation, we show variance
of prediction errors as a function of predictionsHigure 3.2. As can be seen, if the
transformation is not used, the error variancarigd when large AODs are predicted. On
the other hand, when the strong log-transformaigonsed, the error variance is large
when small AODs are predicted. Finally, when square transformation is used, error
variance is practically constant and does not deépen the value of predicted AOD.
Thus, minimizingMSE assuming constant variance (as in (3.1)) is jestiffor the

square-root transformed AOD.

3.3.4.2. Selection of Informative Sites

We are considering a scenario when current opeedt®BRONET sites have to
be reduced by 33% or 66%. In all experiments, \aetexi from a set of 30 AERONET
sites and applied the proposed method and the ttemnatives (spatial and random
selection) to identify a subset of 20 or 10 AERONS&ifes to be retained. The NNSQ
models were trained on labeled data from 2005.€Bb the goodness of the identified
subset we tested the NNSQ models on 70 sites f@b6 fas described in the beginning
of Section 3.3.4.).

The R results averaged over 10 repetitions are presentdeigure 3.3a. We
noticed that in some cas& drops significantly when spatial and random seect
strategies are used. Therefore, we also reportanedilues ofR® after 10 repetitions
(Figure 3.3b). In our experiments, the proposedul@ay-based selection achieved
consistently better results than the alternativdso, accuracy of the proposed site

reduction method did not change much even afteoverg 20 of the 30 AERONET
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Figure 3.4.A0D predictions at site ‘BSRN_BAO_Boulder’ by NNSfdels trained

on entire and reduced dataset.

sites. Interestingly, on average, the spatial selecstrategy performed slightly worse
than the random selection strategy.

Let us now consider the effect of the proposedssreduction method on
predictions at the site ‘BSRN_BAO_Boulder’ (40°NMQ5°W). Sensor platform is on the
rooftop of the building which is located on theliniglains about 15 miles east of Boulder,
CO, USA. Surrounding farmers’ fields make sateliteD retrieval easier in some yearly
seasons. Satellite predictions are more accurage green regions which are often
considered as dark [18] and therefore do not havefuence on observed radiation.
Time series of AOD predictions at this site foriregke placement of 30 training sites are

presented in Figure 3.4. NNSQ model trained ondaiced dataset was able to predict



41

ground-truth AOD slightly less accurately than thedel trained on data from all 30
sites. In terms of? accuracy, NNSQ trained on a reduced dataset ahRv= 0.64
while NNSQ trained on non-reduced dataset achie®d= 0.72 at the site
‘BSRN_BAOQO_Boulder'. The conclusion is that accurd@sed reduction retains most of
the accuracy of the model built on non-reducedsgita

In Figure 3.5 and Figure 3.6 we illustrate siteuatbn for one initial placement
of 30 AERONET sites. Spatial-based selection of SEET sites nicely covers whole
globe but it is not necessarily optimal for datasein AOD prediction problem as we
already noticed (Figure 3.3). On the other handnesaegions of the world were
underrepresented when an accuracy-based principke applied (Figure 3.6b). The
accuracy was retained to a certain extent althaghite from East US or from middle

Asia was selected.
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Figure 3.5.a) Initial set of 30 AERONET sites b) spatial-ldhseduction to 20 sites c)

accuracy-based reduction to 20 sites.
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Figure 3.6.a) spatial-based reduction to 10 sites b) acctipased reduction to 10 sites.
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3.4. Spatio-temporal Partitioning for Improving Prediction Accuracy

3.4.1. Introduction

In different spatio-temporal regions relations amadne inputs can be different.
Therefore, a single global predictor constructeidgushe entire dataset could be biased
toward the dominant distribution while being lesswate on data points that do not
follow the dominant distribution. If both space e are partitioned in such a way that
the observed inputs in each spatio-temporal sulet the same distribution, training
specialized predictors on the identified subsets wa beneficial. Applying those local
predictors on the corresponding spatio-temporaltitipars would increase overall
prediction accuracy as compared to the accuradg\asth by applying a single predictor
on the entire dataset.

When the data generating process changes as aofuétiime and location, the
same values of observed inputs could result in d#fferent output values at various
spatial-temporal regions. Therefore, proximity ire tinput space does not necessarily
mean the data points should belong to the samedodpatporal partition. In this
situation, unsupervised clustering algorithms ao¢ suitable for discovering spatio-
temporal partitions.

The method for spatio-temporal partitioning exptbie this Section is inspired
by competition-based algorithm for learning fronatsal data generated by a mixture of
distributions [25]. In this approach multiple regg®n models are learned on disjoint
spatial partitions followed by repartitioning basad competition between models where

a data point is assigned to the model which hasitjieest prediction accuracy on it. The
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competition process is iterated as long as it léadke accuracy gains. The method was
successfully applied for discovering homogeneog®ns in heterogeneous spatial data.
A similar idea was successfully exploited for imyrg accuracy of nonstationary time
series prediction through competition based on tipaetitioning [26]. The novel
challenge addressed in this Section is how to déhl the distributional change that
occurs over both spatial and temporal dimension.

The hypothesis we investigated is that, due tovémeability of aerosol, AOD
predictors specialized to specific spatio-tempoegions should result in the increased
AOD prediction accuracy. We argue that the existitognain-based spatio-temporal
partitioning used in CO05 algorithm is not necefsdhe best choice because of the
fundamental differences in the nature of data-arigad domain-based AOD prediction
approaches. For example, while the domain-baseatitdms such as CO05 eliminate
surface effects from the satellite observationsaapreprocessing step, data-driven
algorithms use the observations directly as thetspThe goal is to develop a method
that automatically discovers a successful spatialporal partitioning for AOD
prediction through the competition of regressiondeis as an alternative to the domain

based partitioning of space and time.

3.4.2. Statistical Foundation

When the data generating process changes over tnmdespace, prediction
accuracy can be significantly improved by learnemghumber of regression models
specialized for certain spatio-temporal partitiasscompared to a single (global) model

learned on whole dataset. Let us assume that sé-4patporal dataset is a union kéf
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disjoint partitionsP;, i = 1,... K, where the number of partitions and their spatiagoral
locations are not known in advance. The data géngraprocess foP; can be represented

as
Y = fi(Xy) +€e,.6, ~ N©O,c%),steP, (3.5)

wheref; is the regression function of partitiéhy xs; andes; are the input vector and the
error term of observation at locatienand timet. Domains of the observed inputs at
different partitions generally overlap, which medhat the same vector can produce
quite different outputs at different partitions.

Without any prior knowledge about the spatio-tempgartitions, learning a
global prediction model over the entire dataset l[dawesult in learning the global

regression function defined as

h'(x) = argmin E,, [(Y — h(x)?], (3.6)

h(x)
for any givenx. TheMSEof the global prediction modél on the data from partitioR;,
mse, can be expressed as [25]

mse = noise + bias
noise = E, [€’] (3.7)
biag = E; [(h" (x) - f;(x))°],

over the domai; that corresponds to the partitiBn The ternnoise corresponds to an

unavoidable error which would be obtained by allpcadictor specialized for partition

P; and the ternbias corresponds to the bias of the global predictiamdeh on the data
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from partition P;. If spatio-temporal partitions were already knowme bias from the

previous equation would be eliminated by learningcal model on each partition.

3.4.3. Competition Based Spatio-temporal Partitioning

As we showed in Section 3.4.2, introducing loca&daction models can improve
prediction accuracy when data generating procesBeterogeneous. We propose a
method that discovers the appropriate spatio-teatpartitions.

We first describe an algorithm by ignoring infornoatiabout location and time of
data points. The algorithm relies on the compaetittanong specialized predictors for
each point in the datasé. It starts by randomly dividing the entire dataseb K
disjoint subset®;, i = 1.. K, whereK is the number of the specialized prediction madels
A specialized predictdv; is trained on each subdat i = 1...K. The resulting predictors
are competing for points from dataggtsuch that all the points that are best predicted
with predictorM; are assigned to subdet The competition procedure is repeated until
convergence. The described competition algorithnoise-sensitive because it can easily
lead to assignment of points near in space andtbrdéferent subsets. This is clearly an
undesirable behavior and we need a mechanismraas this from happening.

Our solution is to group the data into spatio-terapoells that contain multiple
data points close in space and time and to rurcohgpetition procedure over the cells
instead of the individual points. Similarly to tbgginal algorithm, the cell is assigned to
the prediction model that achieves the smallesta@ee prediction error over the data
points in the cell. After reassigning all cellspguetition procedure is iteratively repeated

until there is no improvement in prediction accyrac
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ATime Latitude

ATime Latitude

>

Figure 3.7.The simple example of partitioning procedure. papure — three spatial
locations, data points are assigned to two modelg and white. Bottom picture —

reassigned models.

The choice of the cell size is important becausestimall cells are sensitive to
noise while the large cells could be heterogenebughe first case, the partitioning
procedure would be unstable and the resulting afieed predictors would be just the
artifacts of the procedure. In the second casepénttioning would be too constrained
and would result in highly similar specialized potdrs. To achieve the best possible

partitioning several choices for time period lengitould be considered.
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Let us demonstrate on a simple example how theogezp method operates. In
the Figure 3.7, in the top picture, all spatio-temgb data points from three locations are
assigned to one of the two models — ‘gray’ or ‘whitn our example entire time interval
is divided into three parts. Therefore, there are rspatio-temporal cells. Models are
trained and predictions for all data points areapted. Data points in a cell are assigned
to the model achieving better accuracy. The rewyltpartitioning results in the
temporally more homogeneous partitions. The coripetprocedure iterates until stable

solution is found.

3.4.4. Experimental Results and Discussion

The primary benchmark AOD predictor for comparisath our approach is the
most recent version of the MODIS operational altpon, C005, as validation studies
show that version CO05 is significantly more actairan the previous version C004
[18]. However, at the time of study, CO05 predictiovere available only for the first
eight months of 2005. In order to give a more catgkvaluation of our partitioning
algorithm, we compared our algorithm with C004 jredns that were available during
the longer period, between April 2003 and Noven#i#)5. The C004 data set consisted
of 23,903 data points containing MODIS observatiog904 AOD predictions, and
collocated AERONET AOD measurements from 129 AERO@NEes over the globe.

Neural networks were trained on 16,328 collocatsd goints, collected between
April 2003 and November 2004. The remaining 7,5&&goints, from December 2004
to November 2005, were used as test set for acgc@stonation. It should be noted that

the test data covered the consecutive four sedhahsvere not seen during training. By
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dividing dataset in this way, we avoided the probl& memorizing training data, which
would have occurred if the training-test split voesformed randomly. The memorization
would occur because of the temporal correlationA@D values that can remain
significant over periods of up to a few weeks.

Neural networks with one hidden layer and one neumcthe output layer were
used throughout all experiments. The sigmoid atttmafunction has been used for all
hidden neurons while the linear activation functwas used for the output neuron. The

neural networks were trained usiM$Efunction as a cost function.

3.4.4.1. Experiments on Predictors Specialized for CO05 Spatio-temporal Ri&ons

CO005 utilizes domain knowledge for spatio-tempgaatitioning of the Earth. For
each spatio-temporal partition, CO05 consults tduk4up table constructed by forward
simulations of the physical model of aerosol optwaperties.

C005 defines four aerosol models corresponding revgent atmospheric
conditions over several characteristic spatio-ter@p@gions of Earth (Figure 2.4) [18].
The partitioning was obtained by studying obseoratifrom AERONET ground-based
instruments and combining this information with ttlenatology domain knowledge.
One of those four models is invariant through temel can be applied globally while the
other three models, used to adjust the global matidend on the location and time.

When defining aerosol models as a function of laceéind time, the assumption was that



d) September, October, November

Figure 3.8. AERONET sites assigned to the spatio-temporal fsasfeoperational C005

AOD prediction algorithm. Three models are représgiby white, gray and black colors.
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aerosol properties would not change a lot duringhr@e-month season. For each
AERONET site and each season, the percentage afpdatts best described by each of
three models was determined. This was used torasggdominant aerosol type to each
AERONET site during each season. The resulting patationing used in C005 divides
the world into three spatial-temporal regions ttiéfer based on the location and the time
of the year as summarized at Figure 2.4 and Fig\&e

To test whether spatio-temporal partitions defimedperational C005 algorithm
could be used in data-driven AOD prediction apphoage trained neural networks
specialized for the three regions presented in rEigRl8. Each of the three neural
networks was trained on data belonging to one efpértitions (white, gray, or black)
depicted in Figure 3.8. We used data between A}H03 and November 2004 for
training, while the test set was taken between Bées 2004 and November 2005.

The results are presented in Table 3.4. While thipeance achieved was better
than the performance of C004 algorithm, considemtigaccuracy measures, it was

surprisingly worse than the performance of a simgleral network predictor.

3.4.4.2. Experiments with Predictors Trained on Spatio-temporal Partions

Discovered by Competition

The previous results indicate that domain-basedtipaing is not suitable for
learning specialized AOD predictors. Instead, weliad the proposed competition
method to find spatio-temporal partitions.

To run the procedure, we have to choose an apptepsize of spatio-temporal

cells. Each cell is defined as a time intervald@specific AERONET site. We evaluated
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several cell size choices, empirically. The largestporal size we considered wias 12
months as the aerosol concentration is periodit wearly cycles. In addition, we
considered smaller temporal sizesTet 6, T = 4 andT = 1 months. Cell temporal size is
fixed during the competition procedure. The contmetistarts withK = 2 models. In the
first step, the entire dataset is divided randomty K equal sized subsets. Next, neural
network predictors were trained on each of the swsets. Data from each AERONET
site were partitioned into the consecutive, didjdiemporal cells of sizel. Given
predictions of the competing predictors on all egle®s within a cell, the cell is assigned
to the model achieving the smallest prediction reridtne competition iterated until a
stable solution was found. The experiment was tedefor a number of different
parameter valueX and T. Finally, all possible partitioning were evaluated the
independent test set and the best one was choseea fisal solution.

There were several additional issues that had tddeessed. First, we wanted to
avoid making evaluations of the competing predgton the training data. Instead of
training competing neural networks on the complietming data set, we applied 4-cross-
validation procedure. Data from each month werétmared into 4 weekly intervals; one
week was used for validation, while the remainimgé weeks were merged and used for
training.

Second, the cost function for training the neuralworks in the competition
procedure had to be determined. Due to an abunddrméliers in the training data, the
standard MSE function was not the most appropriate choice bseatihe training

procedure would be dominated by the outliers andoitild be difficult to find a stable
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Table 3.4 Different predictors Vs. AERONET AOD accuracy.

T

Model (month) MSE R CORR RSE  FRAC
C004 - 0.034 0.46 0.79 5.36 52%
NN, Single - 0.021 0.67 0.82 1.95 60%
NN on C005 - 0.023 0.63 0.80 2.40 61%
NN, 2 models 12 0.017 0.73 0.85 1.80 65%
NN, 2 models 6 0.015 0.75 0.87 1.55 68%
NN, 2 models 3 0.19 0.70 0.84 1.76 64%
NN, 2 models 1 0.017 0.73 0.85 1.82 65%
NN, 3 models 12 0.19 0.70 0.84 1.83 65%
NN, 3models 6 0.018 0.72 0.85 1.77 67%
NN, 3models 3 0.018 0.72 0.85 1.70 66%
NN, 3models 1 0.022 0.65 0.82 2.23 67%

solution. To overcome this problem we ustfl, o5 0.15from (3.2) as a cost function. As
we showed this function is less sensitive to thiers.

Third, prediction models compete for the cells basa the prediction error,
which has to be defined. To avoid the possibilinatt outliers could dominate the
competition procedure, we used aver&J¥ey s 0.15error over the cell to determine the
winning model. The model that achieves minifR&lLy o5 0.15was considered the winner.
Finally, the neural network predictors were built the discovered spatio-temporal
partitions. Those networks had to be trained ugegstandard/SE cost function, since
networks trained wittRELy0s0.15aS a cost function tend to underestimate large AOD

values.



55

Figure 3.9.AERONET spatio-temporal partitions obtained by petition procedure)

two partitions for winter-spring months, b) two figons for summer-fall months.

The competition procedure was applied on the empthitraining data from
between April 2003 and November 2004. The learnetictemporal partitions were
evaluated on the test data between December 2@D#avember 2005. The results for

the differentK andT values are presented in Table 3.4.
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Based on the results from Table 3.4, we can coeclticht the proposed
competition-based spatio-temporal data partitiorapgroach resulted in large accuracy
improvements. The best results were obtained fibiszze of six monthsT = 6), where
one interval covered winter-spring months and aogummer-fall months, and for
spatio-temporal partitioning that results in tweslized predictors{ = 2).

The resulting spatio-temporal partitions are shawigure 3.9. From Figure 3.9,
we can see that during the winter-spring monthswhele U.S. was assigned to the same
partition, while during the summer-fall months sotdeS. sites moved to the other
partition. Also, AERONET sites in Africa did not aige their assignment during the
year. It is interesting to mention that average Af@Ohe ‘gray’ partition is 0.13 with
standard deviation 0.12 while average AOD in wigtetition is 0.29 with standard
variation 0.35. Although it might appear that thempetition procedure discovered
partitions based on the average AOD values, thedatd deviation suggests that the

underlying process is more complicated.



CHAPTER 4

STRUCTURED DATA-DRIVEN PREDICTORS

4.1. Introduction

Traditional supervised learning models, like neuratiworks (NN), are powerful
tools for learning non-linear mappings. Howeverchsumodels mainly focus on the
prediction of a single output and could not explatationships that exist between
multiple outputs. In structured learning, the motidrns a mappind: X"—R" to
simultaneously prediall outputs giverall input vectors. For example, let us assume that
the value ofy; is dependent on that gf, andyi.1, as is the case in temporal data. Let us
also assume that inpwg is noisy. A traditional model that uses only imf@tion
contained irx; to predicty; might predict the value fof to be quite different from those
of yiu and yi;1 because it treats them individually. A structurptedictor uses
dependencies among outputs to take into accourny;tisamore likely to have value close
to yi.1 andyi+1 thus improving final predictions. In structureceing we usually have
some prior knowledge about relationships among d¢hputs y. Mostly, those
relationships are application-specific where th@ethelencies are defined in advance,

either by domain knowledge or by assumptions, apdesented by statistical models.

57
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4.2. Related Work

There has been a rich body of work in spatial gtiaf that aims to exploit the
correlation in structured data. Previous studieg],[228] showed that the Spatial
AutoRegression model (SAR), a generalization of linear regression model that
accounts for spatial autocorrelation, improvessifesition and prediction accuracy for
many spatial datasets. An extension of the GausBiacesses (GP) framework to
structured outputs was proposed in [29]. In thgiregch by assuming outputs to be
linear combinations of latent functions, GP priare placed over each of the latent
functions. In geostatistics this approach is kn@srLinear Model of Coregionalization
(LMC) [30]. LMC achieves better prediction accuragcyer the models that do not
account for spatial correlation. Twin Gaussian Bsses (TGP) [31] is a recently
proposed structured prediction method that captmesonly the interdependencies
between inputs, as classical GP do, but also thelatons among outputs. TGP was
successfully applied for recovery of 3D human pestemation from an image. However,
original TGP is impractical for large size probleras it requires the inversion of
covariance matrices. This was overcome by TGPKNitl ieduces input set to K nearest
neighbors of test set.

Relationships among outputs can be represented raghigal models. The
advantage of the graphical models is that one cakenuse of sparseness in the
interactions between outputs and develop efficieatning and inference algorithms. In
learning from spatial-temporal data, the Markov @®an Fields [32] and the more
recently proposed Conditional Random Fields (CR¥) fare among the most popular

graphical models. Originally, CRF were designed dtassification of sequential data
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[33] and have found many applications in areas sashcomputer vision [34] and
computational biology [35].

CRF for regression is a less explored topic. Thad@mnal State Space Model
(CSSM) [36], an extension of the CRF to a domaithwhe continuous multivariate
outputs, was proposed for regression of sequethai@. It is an attractive discriminative
alternative to Linear Dynamic Systems (LDS), a gatiee model also known as the
Kalman filter. Unlike LDS, CSSM is an undirected aab that makes no independence
assumptions between outputs, which results in aenflexible modeling framework.
Continuous CRF (CCRF) [37] is a ranking model th&es into account relations among
ranks of objects in document retrieval. In [38¢amditional distribution of pixels given a
noisy input image is modeled using the weighted dcatic factors obtained by
convolving the image with a set of filters. Feattwactions in [38] were specifically
designed for image de-noising problems and areaaatily applicable to regression.

Most CRF models represent linear relationships eetwattributes and outputs.
On the other hand, in many real-world applicatitms relationship is highly complex
and nonlinear and cannot be accurately modeled lmear function. CRF that models
nonlinear relationship between observations angutsithas recently been applied to the
problem of image de-noising [38]. Integration of EBnd Neural Networks (CNF) [39-
41] has been recently proposed for classificatimblems to address these limitations by
adding a middle layer between attributes and ostpthis layer consists of a number of
gate functions, each acting as a hidden neuronh,cture the nonlinear relationships.

As a result, such models can be much more expeettsan CRF.
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4.3. Gaussian Conditional Random Fields

4.3.1. Continuous Conditional Random Fields Model

Conditional Random Fields (CRF) provide probahdistamework for exploiting
complex dependence structure among outputs by tifirecodeling the conditional
distribution P(y|x). In regression problems, the outguts associated with input vectors
X = (X1,... Xn) by a real-valued function callessociation potential @.,yi,x), wherea is
K-dimensional set of parameters. The larger the valueis the morey; is related tox.
Usually,A is a combination of functions. We can use as masga@ation functions as we
find necessary to model input-output relations @tad In generalA takes as input all
input datax to predict a single outpuy, meaning that it does not impose any
independency relations among inpxts

To model interactions among outputs, a real valiuedtion calledinteraction
potential (B,yi,y;,x) is used, wher@ is anL dimensional set of parameters. Interaction
potential represents the relationship between tpuds and in general can depend on an
input x. Different applications can have different inteéi@t potentials. For example, in
the AOD prediction problem, interaction potenti@ncbe modeled as a correlation
between neighboring (in time and space) outputs. [&fger the value of the interaction
potential, the more related outputs are.

For the defined association and interaction padésjticontinuous CRF models a
conditional distributionP(y|x), y = (y1...yn), according to the associated graphical

structure (an example of the structure is showFigare 4.1.)



61

Figure 4.1.Continuous CRF graphical structuxeinputs (observationsy-outputs;

dashed lines-associations between inputs and auulid lines-interactions between

outputs.
PO/ 1Y) = 5 o X0 A0+ B39, @)

wherej~i denotes the connected outpytandy; (connected with solid line at Figure 4.1)

and whereZ(x,a,p) is normalization function defined as
N
Z(x,0,B) = [expQ Ale, Y, %) + 21 (B, Vi, Y, X)dy. 4.2)
y i=1 j~i

The learning task is to choose values of parametarsdff to maximize the conditional

log-likelihood of the set of training examples
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L(a,B) =D log P(y |x)
(4.3)

(.5) = arg max (L (a. ).
This can be achieved by applying standard optinomaalgorithms such as gradient
descent. To avoid overfitting, we regularizerJ) by addinga®2 andp?2 terms to log-
likelihood in formula (4.3) that prevents the paedens from becoming too large.
The inference task is to find the outpyt$or a given set of observationsand

estimated parametessandp such that the conditional probabil®@y|x) is maximized

y= arggnaX(P(y X)) - (4.4)

Learning and inference in models with real valuedpots pose quite different
challenges than in the discrete-valued case. Th&t mgportant difference is that the
normalizing functionZ is an integral instead of the sum. Discrete valoestiels are
always feasible ag is a finite number defined as a sum over finitelgny possible
values ofy. On the contrary, to have a feasible model wit valued outputsZ must be
integrable. Proving directly thatis integrable might be difficult due to the comyite of
association and interaction potentials.

In CRF applicationsA andl could be defined as linear combinations of a et o

fixed features in terms @f andp [33]

A, y;,x) = iak f (Vi %)
(4.5)

I(B!yi'yj X) = Zﬂ|g|(yi1yj , X)-
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The use of features to define the model is conwriiecause it allows us to
include arbitrary properties of input-output paingo the compatibility measure. This
way, any potentially relevant feature could be udeld to the model because parameter

estimation automatically determines their actulva@nce by feature weighting.

4.3.2. Feature Functions

Construction of appropriate feature functions inFCR a manual process that
depends on prior beliefs of a practitioner abouatifbatures could be useful. The choice
of features is often constrained to simple consértw reduce the complexity of learning
and inference from CRF. In general, to evalutgx) during learning and inference, one
would need to use time consuming sampling methddeever, ifA andl are defined as
quadratic functions ofy, we will show thatP(y|x) becomes multivariate Gaussian
distribution and that learning and inference canabeomplished in a computationally
efficient manner.

In the following, we describe the proposed featuretions that lead to Gaussian
CRF. Let us assume we are givemnstructured predictor&(x), k=1,...K, that predict
single outputy; taking into accounk (as a special case, ontycan be used as). To
model the dependency between the prediction anglguie introduce quadratic feature

functions

fe (%) = (¥ R (x))* k=1..K. (4.6)
These feature functions follow the basic princifde association potentials in that their
values are large when predictions and outputs indas. To model the correlation

among outputs, we introduce the quadratic featunetion
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9, (v, Y. x)=—e"SP )y, - y,)?, ¥ =1if (i,j) € G, " = 0, otherwise, (4.7)

that imposes that outpugsandy; have similar values if they have an edge in traplgyr
G. It should be noted that using multiple graghscan facilitate modeling of different
aspects of correlation between outputs (for examgtatial and temporal)s;®(x)
function represents similarity between outpytsindy;, that depends on inputs The

largerS;"(x) is, the more similar the outpugsandy; are.

4.3.3. Gaussian Canonical Form

In this section, we show th&(y|x) for CRF model (4.1), which uses quadratic
feature functions defined in Section 4.3.2, candpgesented as a multivariate Gaussian

distribution. The resulting CRF model can be writses

N

P(y [x) = %exp(—zzak(yi RO =22 5678 ()i -y)?).  (4.8)

i=1 k=1 ij I=1
The exponent in (4.8), which we denote Egsis a quadratic function in terms gf

Therefore P(y|x) can be transformed to a Gaussian form by reptiesgh as
E= _%(y —n)'E Ny -p)= —%yTE’ly +y X 'n + const. (4.9)
To transformP(y|x) to the Gaussian form, we determ@endp by matching (4.8) and
(4.9). We first represent the quadratic termsyoin the association and interaction
potentials asy'Qy and-y'Q.y, respectively, and combine them to get
= 2Q1+Q)). (4.10)
By combining the quadratic termsyfrom the association potential, it follows tlea4 is

diagonal matrix with elements
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K
Zak’i =]
Qy =" (4.11)
0,i # j.
By repeating this for the interaction potential,fallows that Q, is symmetric with

elements

S A0S (x),i = |

Q = (4.12)
-3 BeS (0. # .

1=1

To getp, we match linear terms i with linear terms in the exponent of (4.8) andaait
p=2Xb, (4.13)

whereb is vector with elements
K
b =20 R (x)). (4.14)
k=1

By calculatingZ using the transformed exponent, it follows
Z(a,B,x) = (27)""?[Z|"* exp(cons) . (4.15)

Since expgons) terms fromZ andP(y[x) cancel out, we finally get

Py [X)= eXp(-%(y—u)TE‘l(y—u)), (4.16)

-
@ 1™
whereX and p are defined in (4.10) and (4.13). Therefore, tesuiting conditional
distribution is Gaussian with meanand covarianc&. We observe th& is a function
of parameters andp, interaction potential graplts;, and similarity function§, while p

is also a function of inpute We call the resulting CRfhe Gaussian CREGCRF).
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4.3.4. Learning

The learning task is to choogeandp to maximize the conditional log-likelihood,

(a, f}) =argmaxL(a,pB)), whereL(a,p) = Z log P(y |X) . (4.17)
ap

Models with real valued outputs pose quite difféerehallenges than in the discrete-
valued case. Discrete valued models are alwayghfedmwecausé is finite and defined as
a sum over finitely many possible valuesyofOn the contrary, to have a feasible model
with real valued outputsZ must be integrable. Proving thatis integrable in general
might be difficult due to the complexity of assdma and interaction potentials. Let us
analyze the feasibility condition for GCRF model.drder for the model to be feasible,
the precision matri£™ has to be positive definit& " is defined as a double sum®f
and Q.. Q. is a symmetric matrix with a property that thea@bte value of a diagonal
element is equal to the sum of absolute valuesonfciagonal elements from the same

row

|Q2ii = Z|Q2ij |- (4.18)

ji
By Gershgorin's circle theorem [42], a symmetrictirais positive definite if all
diagonal elements are non-negative and if matrtkagonally dominant. Therefore, one
way to ensure that GCRF model is feasible is toosepthe constraint that all elements of
o andp are greater than 0. In this setting, learning ¢emstrained optimization problem.
To convert it to the unconstrained optimization, adopt a technique used in [37] that
applies the exponential transformation @wandf parameters to guarantee that they are

positive
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a, =e" fork=1,...K
(4.19)
B =¢€" forl =1,...L,

whereu andv are real valued parameters. As a result, the nawnization problem
becomes unconstrained.

All parameters are learned by the gradient-baseuination. To apply it, we
need to find the gradient of the conditional ldgelihood. Let us start from the

expression for l0g
1 Ty -1 1
logP==>(y-m)"Z7(y—p) - loglx]. (4.20)

The first term in (4.20) is a product of three ntas of dimensions [1 K], [N x N], and
[N x 1], respectively. Hence, the product is scfaowing that tracdr of a matrix has
nice properties such d3(ABC) = Tr(BCA) = Tr(CAB), Tr(AB) = Tr(BA) for matrices
A, B, andC, when these products are defined, @andcalarn = scalar, we can replace the

first term with its trace and applyr(ABC) = Tr(BCA). Therefore,
1 71 T 1
IogP:—ETr(E (y-p)(y—n) )—Elog|2|. (4.21)

The derivative of lody| = Tr(A™dA), derivative of trace is trace of derivative, anyl

treatingZ™(y- p)(y- p)" as a product &£ and quadratic formy¢ p)(y- p)', we get
dlogP——Tr(d= (y—)y )" 22 (y-wek )Tz ). (4.22)

Equation (4.22) can be simplified by using thedwaling expressions for the derivative of

an inverse matrix
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Z=—X.d="-X
du” =d(Zb)" =(dZ-b+X-do)’
=(ZdZ'Z-b+X-do)" (4.23)
=(-Zd='p+X-do)’

—(db—d= )T "

By replacing (4.23) in (4.22) and using the faett®'=X, asX is symmetric, we obtain

dlogP =2 TH(e *(y—)(y —)" ~22 *(y—)(eb" —" e )2)
(4.24)

+%Tr(2‘l X.dz - X).
By applying again the algebra of traces, we get
dIogP=—§(y—u)sz-l(y—u)+(de—quz-l)(y—u)+§Tr(dz-1~2). (4.25)

From (4.25) we can calculate derivativelegP/oax anddlogP/op. The expression for

ologP/day is
ologP 1 oxt oxt
e (S Ly ( o E Ny
oa, 2 o, oa,
(4.26)
-1
Pl
2 a,
To calculatedlogP/op;, we usedb/d=0 to obtain
-1
OlogP _ 1y pyr = T ), (4.27)

op 27 M op op,
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Gradient ascent algorithm cannot be directly appitea constrained optimization
problem [37]. Here we use previously defined expiaétransformation ol andp and
then use gradient ascent. Specifically, we maxinogelikelihood with respect toi =
logox andv; = logs instead toax and . As a result, the new optimization problem
becomes unconstrained. Derivatives of log-likeldhdonction and updates efs andf

in gradient ascent can be computed as

u, =loge,, Vv, =logp

e _gae 0L L oL L
TR T au, ologa, | oa,

(4.28)

Vnew_vold _}_77& i_ oL _ﬂ oL
‘ ‘ ov, ' ov, dlogj B

wherey is is the learning rate.

The negative log-likelihood is a convéxnction of parametera andp and its
optimization leads to globally optimal solution. $bow that negative log-likelihood is
convex, let us derive negative log-likelihood fr¢i8). Negative log-likelihood is equal

to

—IogP=—E+IogjeEdy, (4.29)
y

where E is defined in (4.9). Logarithm of an inedgof exponential is convex if E is
concave [43]. E is linear function of parametersand p which means it can be
considered as concave and convex at the same Tineeefore, negative likelihood is
convex function with respect to parameterand . Exponential function is bijective so

the change of variables toandv does not affect convexity.
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4.3.5. Inference

In inference, since the model is Gaussian, theigtied will be expected value,
which is equal to the meanof the distribution,

y =argmaxP(y |x) = Zb. (4.30)
y

Vectorp is a point estimate that maximizB§y|x), while £ is a measure of uncertainty.
The simplicity of inference that can be achievethgisnatrix computationss in stark
contrast to a general CRF model defined in (4.4) tisually requires advanced inference
approaches such as Markov Chain Monte Carlo oetbeliopagation. Moreover, by
exploiting the sparsity of precision matrix Q, whis inherent to spatio-temporal data,
the inference can be performed without the neezhloulateX explicitly which reduces
computational time to even linear with the dimenaldy of y (depends on the level of

sparsity).

4.3.6. Computational Complexity and Memory Requirenants

If size of the training set iN and gradient ascent lasi iterations, the
straightforward matrix computation results@T-N°) time to train the model. The main
cost of computation is matrix inversion, since dgrthe gradient-based optimization we
need to findZ as an inverse &™. However, this is the worst case performance.eSinc
matrix £ is typically very sparse (it depends on the impaseighborhood structure),
the training time can be decrease®(d-N?).

Let us assume thar' is sparse. Instead of calculatiAgZ-dx™ directly, we can

solve the systenrt™™A= dx™. To solve the system, we first conv&t to a banded
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matrix using the Reverse Cuthill-McKee algorithmi][4A banded matrix is a sparse
matrix with all elements around the main diagonkhen, we apply the Cholesky
transformation ta&&™* and we ge™=LL ", whereL is banded lower triangular matrix.
For each columm; of dZ™* we solvel vi=; for v and therl"a;=v;, for &, whereg; is the
i-th column ofA. This process needs to be repeated for each cobimdn The total
computation time depends on the neighborhood sireiaif the interaction potential in
Gaussian CRF. For example, [45] indicates that tissaling is O(T-N*?) if the
neighborhood is spatial arf@(T-N) if it is spatio-temporal. As we eventually need t
calculate the trace of matriR, only element fromg that corresponds to the main

diagonal should be stored. Therefore, memory reqents are proportional @(N).

4.3.7. An extension of the GCRF by Indicator Functins

Multiple predictors R, may have large variability in prediction accuracy
depending on the underlying conditions. For examppleaerosol application a certain
algorithm might be preferred over specific landfates while it might underperform
elsewhere. This issue can be addressed by enhaheirigature functions (4.6) and (4.7)

as

(Y1) = =3, 0¥, — R, (0)%, k =1..K
(4.31)

Oim (¥ Y} X) = =8, (0’ S 00y, — )1 =1..L,
wheredn, arethe indicator functionshat have value 1 if some conditions are satisdied
0 otherwise. The effect of indicator functions ondeal (4.8) is in replacingy with sum

Erom(X)amk @andp) with sumX,0n(X)Smi. By introducing indicator functions we essentially
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partition the whole data set into smaller subsetsepresents belief iR in different
subsets, corresponding to different prediction damts. p represents level of correlation

in different subsets.

4.3.8. An extension of the GCRF to Handle Missin@bservations and Partially

Labeled Outputs

By utilizing previously defined indicator function$&Gaussian CRF can be
extended to handle missing observations unlike Sangprocess based approaches [46]
that deal with missing observations externally egitioy ignoring such data or by
interpolating the missing observations. We intraacspecial type of indicator function
from (4.31), wheré, = 1 if all observations needed to applyare available and = 0
otherwise. In this case, precision mai@xmight becomesingular as we are decreasing
the values on main diagonal a@dmay not be strictly diagonally dominant any madre.
order to avoid potential numerical problems w@zhwe introduce a constant functi®y
that, for example, predicts mean valueyodn labeled data and is always activgi$
fixed to 1).

We also propose an extension of GCR¥ i partially labeled, namely if part of
observations is labeleg,() and another part is unlabeled)). Having the Gaussian CRF
model with joint probability ¥ yu) from (4.8), whergn=[p." py']" and Q=[Q.. Qvu;
QuL Quu), we can calculate the conditional probabilityuolabeled data as

P(yulye,X) ~ Gaussiafu’,Q)

wherep =py +Quu™ QuL (Y — ), Q = Quu. (4.32)
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This directly solves the problem of inference.Hbsld be observed that the conditional
probability distribution utilizes all the availabileformation for prediction. This approach
is closely related to semi-supervised learning maplgs using Gaussian random fields
[47]. In [47] a Gaussian random field is built ¢re ttop of the partially labeled graph. All
available information was utilized by conditioninmobserved variables on observed
ones. GCRF approach is different in the sensatthaturally estimates parameters along

with utilizing unlabeled data.

4.3.9. An extension of GCRF to Discrete Outputs

Relaxation of discrete outputs to continuous outpphce may bring many
appealing properties [47]. Discrete output modeguire approximate learning and
inference approaches (such as Markov Chain Montk)3dan structures which are more
complex than one dimensional chain. In contrastuch models, GCRF offers closed
form solution for learning and inference on anysiture through matrix multiplications.
Furthermore, defining correlations directly on di&e outputs may introduce
unnecessary noise to the model in many applicatlis action tracking in social
networks [48]. As it is suggested in [48] to avoittoducing unnecessary noise it may be
beneficial to define correlations on a latent ammbius variable space that follows
GCRF.

Without losing generalization we assume thadare discrete binary outputs (the
approach can be easily extended to multi-label wigjp Then, we assume eaghis
conditionally independent givehand we assign eaghto a continuous latent varialae

as



P(y, | z,X) = e 2 (4.33)

c can be learned along with other parameters ofrrtbdel or set by cross-validation.
Continuoug follows GCRF

P2IX) = expl (2-p) Q(z-p). (4.34)
(ZE)N/Z‘Q—l‘ 2

The joint conditional probability density functiafy andz can be defined as

LIY| By |\ T Y| | Ry
1 S0 D e (5 H D
P(y,z|X) = P(y | z,x)P(z| x) = G 0L e 2[ } m HM , (4.35)
joint
where
ny Qyz
Qjoint =
sz sz
(4.36)
1 . 1 .
252" ] T2t !
Quij = v Quzp = Quy » Q,=Q+Q,,
0, # | 0,i#]j
and
b
L’i V}Q,&m {b} (4.37)

whereby = 0 andb;, is defined in (4.14).

In order forP(y,z|x) to be valid we need to prove th@pin: iS positive definite
matrix. We observe thaQjin: is [2N x 2N] block matrix. LetS,, be the Schur
complement oRyy in Qjint, NamelySyy = Q. - Qyz' Qyy ' Qyz. Qioint is positive definite if

and only if Qyy, and Sy, are both positive definite [490,y is positive definite as a
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diagonal matrix with all positive elements on a mdiagonal. Knowing tha®y, = - Qyy,

andQ,; = Q + Q,y the Schur complement becon®s = Q + Q,y - Q,,Q,, ' Qyy =Q +
Qyy - Qyy = Q which is positive definite from (4.34). Therefdgn: iS positive definite.
Parameters of the joint distribution with a lateatiable can be learned by the
Expectation-Maximization (EM) algorithm [50]. EMgalrithm starts with an initial guess
of parameterst andp and then iteratively updates them by an expectgtnestep) and
maximization (M-step) until convergence. In the tBpsthe EM algorithm finds an
estimate of the posterior probability ofgiveny, x and all parameters. If the current

parameter estimates ar&’ andp®, the E-step can be defined as
Ezly,x,0,B™) =pn, -Q;Q, (y—n,). (4.38)
The EM algorithm updates parameterandp in M-stepto maximize

(a™",p"")=argmaxE,, (log P(y,z | x,a*,p)). (4.39)
ap

The conditional expectation can be expressed ash@simplicity we will assume that

o®® andp® are known and we will omit them from the equatjons

E,y (logP(y,2)) =
-E, (—%(H—L’iy })TQM (BHH) ~2109] Q|
1 . 1 .
:Ez|y(_§(y_uy) ny(y_uy)_a(y_uy) Qyz(z_uz) (440)
1 : 1 .
_E(Z_uz) QZY(y_”y)_E(Z_uZ) sz(z_uz))

1 4
—ElogIQjoim I
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=—%(y—uy)TQW(y—uy)—%(y—uyfo.yz(E(z|y>—uz)
1 : 1 ]
_E(E(Zly)_"’z) Qyz(y_"’y)_EEzw((Z_uz) sz(z_uz))

1 1
~51091 Q1
We have

Ez|y ((Z_uz)Tsz (Z_uz)) =

(4.41)
=E, (2'Q,2) -1, Q,E(Z]Y) ~E(Z|Y) Q,n, +1, QH,.
Then by using linear algebra apparatus we get
E,, (2'Q,,2) =Tr(E,,(2'Q,,2))
=E,, (Tr(Q,,zz"))
=Tr(Q,.E, (22")) (4.42)

=Tr(Q,(Q, +E@Iy)EzIy)"))

=N+E(z|y)Q,E(z]y)".
SinceN is constant and does not depend on parametarsl § we can omit it. If we

replace (4.42) in (4.41) and then (4.41) in (4 W8)will get
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(anew,l}neW) —

1)
_ = y 4.43
argmax( ({E( | )} LJ) Q joint ({E( Iy)} Lj) (4.43)
—%log Qi D).

(4.43) is identical to (4.20) and we can apply shene gradient ascent technique to find
optimal values ofe and p. EM algorithm iterates between (4.38) and (4.48jilu
convergence.

Inference can be done as in [47], [48]. Sigcandz are unknown, we can first
calculate marginal expectation farTo find discretey we find an average value pbver
positive exampleg' and an average value pfover negative examplel. We decide

about they as

0lz-2Klz -2
i = (4.44)
1, otherwise

4.3.10. Related Work Revisited: Spatial Statistics

Given spatial random variablg kriging can be represented as multivariate
Gaussian distributioiGaussiaue,X) whereX is a covariance matrix that accounts for
spatial correlation [51]. Whep is constant, we get the ordinary kriging, or Gaarss
process (GP) model. In universal krigipgs a linear function of attributes p = p'x,
wheref is a parameter vector. Learning consists of Gtttovariance kernel fat and

learning B. In inference universal kriging provide predicsofor x; given a set of
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neighboring locations wherg are known. The main difference between the GCRF an
universal kriging is that universal kriging paraeretes covariance matrix directly which
is usually full while GCRF parameterizes inverseat@nce matrix which is usually very
sparse. Therefore, GCRF through the linear algelmaaratus permits learning and
inference on much larger data than kriging doessoAlduring inference partial
information from neighboring locations cannot badiad directly by universal kriging.
As we showed in Section 4.3.8, GCRF can handlespatiservations by using indicator
functions.

Markov random field (MRF) and the related condiibautoregressive (CAR)
and simultaneous autoregressive (SAR) models [$@] generative approaches that
represent posterior through joint probabilRy|x) ~ P(y,x) = P(xly)P(y) by modeling
prior P(y) and conditionaP(x|y). Correlation betweey is modeled by(y) as MRF. For
computational tractabilityP(x|y) is often assumed to have a factorized formjyp(=
ITiPly;). MRF has several important limitations when coregao GCRF. The first is
limited representational power due to the condélomdependence assumption for
P(xly). GCRF model®(y|x) directly without any assumptions about inpytsSecond,
P(y) does not depend on inpwsThis means that correlations between outputslait@
independent. On the other hand, GCRF models ctae$athat can vary with input data

providing more flexibility than MRF.

4.3.11. Limitations of Proposed Approach and Futuréirections

Learning of GCRF parameters brings set of challengée simple gradient

ascent algorithm that we used to learn paramefde<&F is acceptable if the number of
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a1

v

0 | B1
a) b)
Figure 4.2.Valid parameter space for two dimensional prenisiatrix a) by diagonal

dominance criterion b) by definition of positivefidée matrix.

parameters in GCRF is small. In learning of GCREhwarge number of parameters
standard gradient ascent algorithm will have exélgrslow convergence. In future work
we will consider the conjugate gradient approactt tas successfully applied in many
similar problems [53]. Another issue to be addrésse¢hat simultaneously learning of all
may lead to serious overfitting. Although we sugeget.-norm we may need to explore
other approaches like-norm regularization [54].

A diagonal dominance criterion, which is satisfled GCRF if all parameters are
larger than 0, is sufficient but not necessary d@rdfor positive definites. It is also
know that diagonal dominance criterion is too coveseve [45]. Let us examine on a
simple example how restrictive diagonal dominamttenion is. We assume model with

only two outputs. Two dimensional precision mat#@n be parameterized as
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A atph

which is in agreement with parameterization of @@RF model. Diagonal dominance
criterion gives us conditions for positive defisitg + ; > 0 and3; > 0. This implies that
the parameter search space is restricted to0 and; > 0. On the other hand, sufficient
and necessary conditions for positive definite®gisa; + f1 > 0 and ¢, + B1)* - p1° > 0.
Valid parameter spaces are presented in Figure Big&gonal dominance criterion
reduces the search so that negative interactiotvgebe outputs are not allowed. This
condition may be too strong in some applications ¢xample social networks). Instead
of relying on diagonal dominance criteria we wifleuconvex optimization apparatus to

perform searches in broader parameter space [55].
4.4. Gaussian Conditional Random Fields for Regress in Aerosol Prediction

4.4.1. GCRF Model for AOD Prediction

In the following we describe in detail the propo$&dF for regression in remote
sensing, using the AOD prediction as the motivagrgmple. As we showed in Chapter
3 given a data set that consists of satellite efasens and ground based AOD
measurements, a statistical prediction model (S&) be trained to use satellite
observations as attributes and predict the labblshnare ground-based AODs. We also
showed in Chapter 2 that the deterministic AOD fmtezh models (DP) are based on

solid physical principles and tuned by domain dts¢h GCRF model is able to ingrate



81

SP and DP through the association potential. Toefibe association potential, i.e. the

dependency between the predictions and target A@Dntroduce two feature functions

fl(yi ’Xi) = _(yi - SF{Xi ))2
(4.46)

fo(¥;,%;) ==(y; = DP(x,))?,
where for a given observation, SP§&) and DPX;) are outputs of statistical and
deterministic models, respectively. These featuretions follow the basic principle for
association potentials (their values are largernmmre accurate predictions). Learned
parameters of the linear combination of these features
A, Y;, %) = =, (Y, = SRAX;))” = a,(y, = DP(x))*, (4.47)

provide some insight on how much to trust the & DPprediction algorithms. For
example, larger; places large penalty on mistakes of SP model arahiindicator of
large quality of this predictor.

To improve expressiveness of the CRF model we doire various indicator

functions. Here are some examples of possible atolidunctions

1 if x, belongsto NorthAmerca
0, (x;) =
0, otherwise
(4.48)
1 if x, isadatapointof highquality
52 (Xi) =
0, otherwise.

Association potential now becomes

Ao, y;,X;) = i(aljé‘j i)y — Sp(xi))2 +0‘21'51' X))y — DP(Xi))Z)’ (4.49)
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where J is number of indicator functions. By introducingdicator functions we
essentially partition the whole data set into serafiubsets. Learned represents our
belief in SP and DP in different subsets, corredpuanto different prediction conditions.

To model the interaction potential we introducedeafunction
(%) X) =W (¥ - ¥;)". (4.50)
In AOD prediction problem data are irregularly sdmapin both space and time. Weight
wi; is positive number representing a measure of spatnporal proximity between data

pointsi and| (closer points are given larger weight). The cspomding interaction

potential is

I(ﬂ’yiiyjix):_ﬁlvvij(yi_yj)z' (4.51)

4.4.2. Experimental results and discussion

4.4.2.1. Data

For this experiment we collected MODIS Terra obagons collocated with
AERONET Level 2.0 points. In addition to averagel @tandard deviation of radiances
at four wavelengths in 50 x 50 Krhlocks, solar and sensor angles, and surfacetilrva
we extracted information about the spatio-tempéwehtion of each data point (time,
longitude and latitude) and a quality of observai{iQA) assigned to each point provided
by domain scientist. There are four levels of diesifrom lowest quality QA = 0 to
highest quality QA = 3. We collected 28,374 datasodistributed over entire globe at

217 AERONET sites during years 2005 and 2006.
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4.4.2.2. Evaluation

To assess the efficiency of the proposed methodgesformed training on 2005
data and used 2006 data for testing. Because wedraeural network (NN) on 2005
data and then use its predictions as inputs to @RFapplied a nested cross-validation.
First, we split AERONET locations into 5 subsetd areated five data sebs, i = 1,...5,
each with data points from one of the AERONET stshseyear 2005. We reserved one
of D; datasets for testing and merged data from the remgp#é4 dataset®;, j # i, for
training. The trained NN predictor was tested®n The procedure was repeated five
times, for valueg = 1,...5. Finally, we get five NN models and NN pidins for all

points in training set.

4.4.2.3. Benchmark Methods

Deterministic prediction algorithm CO005. The primary benchmark for
comparison with our predictors was the most regerdgion of the MODIS deterministic
algorithm CO005.

Statistical prediction by neural network. As a baseline statistical algorithm we
used a neural network trained to predict AERONETDAom all MODIS attributes
except location information and quality flag. Theural network has a hidden layer with
10 nodes and an output layer with one node. Inedestcross-validation experiments we
trained 5 neural networks. When tested on 2006 dagaised a single network trained on

the whole training set.



84

4.4.2.4. The GCRF model

Integration of models. We first consider the case when interaction padedbes
not exist § = 0). NN and CO05 predictions are inputs to CRF. paditioned the world
into five regions: North America, South Americar&pe, Africa, and Asia and Australia.
Asia and Australia were treated together due tsthall number of data points in each of
them. Then, we defined five indicator functionscéunction indicates belonging to one
of five regions. We determined tem parameters corresponding to CO@8d NN
predictions over these regions. Results are predentTable 4.1. Over all regions GCRF
achieved better accuracy than either BiINCOO5alone. Values of obtainedparameters
suggest that we should trust Nhbre in the North America (ratio ofs is NN:C005=
24:13 approximately) while in Africa we should @005 a little bit more (ratio af's
iIs NN:CO05 = 8:9 approximately). Also, GCRF impreveomain-based accuracy
measurd~RAC(Table 4.2).

Second, we check how much we should rely on NN@@@5 over observations
with different qualities. We partitioned data irftur subsets having quality flags QA =
0, 1, 2, and 3. We introduced four indicator fume$ to indicate belonging to each of
subsets. We determined eighparameters corresponding to CO&¥ad NN predictions
over these subsets. Results are presented in BableFor all data qualities GCRF
achieved better accuracy than either N CO005 alone. As expected, error of the
deterministic predictor CO05 decreases as datatyuatreases. Values of obtained
parameters also suggest that we should trustféié for low data quality QA = 0 (ratio

of a’s is NN:C005 = 21:10 approximately) while for hightalguality we should equally
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trust to CO05 and NN (ratio afs is NN:C0O05 = 16:16 approximatelyifRAC is also
improved by GCRF, Table 4.4.

Integration of spatio-temporally correlated models.Here we consider the case
when interaction potential does exigt£ 0). NN and CO05 predictions are inputs to
GCRF. To model interaction potential we need tangefveightsw; in (4.51). After
analysis of spatial and temporal AOD autocorrefaiibigure 4.3) we decided to define
spatial-temporal neighbors as a pair of observatiomhere temporal distance
temporalDis(i,j) is less than 60 days and spatial distaspagialDist(i,j) is less than 100
km. As a measure for temporal distarteenporalDistwe used absolute difference
between timestampsandt; temporalDis(i,j) = i - tj. As a measure for spatial distance
spatialDist we used haversine formula [56] that gives a dc#aalong great circle
between two points specified by longitudes andudés on a sphere. We used weighted

distance for definingv;j, weights are multiplication of Gaussians

spatialDig (i, })? temporalDat(i, j)?
202 207 H H
e s ! I~ ]
w; = (4.52)
0,otherwise

whereoss = 50 ands; = 10 were determined based on spatial and temporadlation.
Taking into account spatio-temporal correlation ammmparing to the GCRF
model with § = 0) when the world was partitioned into five raggpwe get better results
globally and over all regions separately exceptcafiwhere two models were equally
good and Asia&Australia where the latter model vibaster (Table 4.1). This result

suggests that level of spatio-temporal correlaiomlifferent in different regions, and
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each region should have its owng was estimated to 0.049, which does not indicate

significant correlation, but it is still enoughitaprove single-output based predictors.
Including spatial-temporal correlation in the moddlen data were partitioned

based on quality also improves final prediction [€a4.3), § was estimated to

0.06.
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Table 4.1.RMSEof C005, NN, and NN+GCRF using features defineer dive

regions, without/£ = 0) and with spatio-temporal correlatigh 0).

RMSE
Region
C005 NN GCRF,p=0 GCREF, g#0

Whole Globe 0.123 0.112+0.001 0.107+0.000.105+0.001
N. America 0.098 0.085+£0.001 0.083+0.00D.081+0.001
S. America 0.140 0.110+£0.005 0.104+0.008.098+0.002
Europe 0.080 0.080+0.001 0.073+0.000.072+0.001
Africa 0.172 0.154+0.001 0.152+0.0010.149+0.001
Asia & Aus. 0.161 0.156+0.001 0.145+0.001 0.148+0.001

Table 4.2.FRACof C005, NN, and NN+GCRF using features defineer dive

regions, without£ = 0) and with spatio-temporal correlatighA 0).

_ FRAC
Region
C005 NN GCRF,p=0 GCREF, p#0
Whole Globe 0.65 0.667+0.002 0.704+0.008.708+0.004
N. America 0.64 0.667+0.008 0.71+0.01 0.71%+0.01
S. America 0.55 0.56%0.01 0.58+0.02 0.60+0.02
Europe 0.76 0.762+0.005 0.807+0.00®.812+0.006
Africa 0.53 0.560+0.006 0.568+0.0070.577+0.006

Asia & Aus. 0.64 0.66+x0.01 0.71+0.01 0.70+0.01
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Table 4.3.RMSEof C005, NN, and NN+GCRF using features defineer dour
subsets of data of different quality (QA = 0 low&3A = 3 highest), withoufs(= 0)

and with spatio-temporal correlatiof#£ 0).

RMSE

Region

C005 NN GCRF,p=0 GCRF, p#0
Entire set 0.123 0.112+0.001 0.107+0.000.105+0.001
QA=0 0.151 0.128+0.002 0.123+0.0010.121+0.001
QA=1 0.130 0.108+0.001 0.109+0.0010.107+0.002
QA=2 0.118 0.110+0.002 0.104+0.0010.101+0.001
QA=3 0.105 0.104+0.002 0.097+0.0010.096+0.001

Table 4.4.FRACof C005, NN, and NN+GCRF using features definegr dour
subsets of data of different quality (QA = 0 low&3A = 3 highest), withoufs(= 0)

and with spatio-temporal correlatiof#£ 0).

_ FRAC
Data quality
C005 NN GCRF,p=0 GCREF, p#0
Entire set 0.65 0.667+0.002 0.705+0.004.709+0.004
QA=0 0.59 0.60+0.01 0.64+0.01 0.64+0.01
QA=1 0.58 0.623+0.006 0.65+0.01 0.652+0.005
QA=2 0.64 0.65+0.01 0.686+0.0070.689+0.007

QA=3 0.70 0.714+0.007 0.755+0.003).761+0.002
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4.5. Neural Gaussian Conditional Random Fields

In this section we further enhance GCRF model twease its representational

power.

4.5.1. Adaptive Feature Function

The expert predictorBy in feature functions of the GCRF model are devedope
externally, before model learning. For example, riaral network used in Section 4.3
was trained by minimizing mean squared ermiSE, which is not necessarily an
optimal strategy with respect to maximizing the-lidglihood of the Gaussian CRF.
Motivated by the recently proposed Conditional NeFields [41], we will consider

using the adaptive feature function defined as

fa(¥i,%) = =(y; = R, (x,w))?, (4.53)
whereR;(X,w) is a function of weightsv that can be trained simultaneously with other
GCRF parameters.

Ra(x,w) will be trained directly with the goal of maxinmg the log-likelihood
such that it complements the existing prediciRsLet us assume that predicty(x,w)
is a feed-forward neural network. Training of thetwork, by keeping other CRF
parameters constant, can be done by maximizintptkkelihood of GCRF. To apply a
gradient-based method for learning weights we need to find the gradient of the

conditional log-likelihoodblogR/0R, and use it in back-propagation algorithm to learn
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4.5.2. Parametersy and p as Functions

As defined in (4.5), Gaussian CRF assigns weightand p to the feature
functions. Considering that feature functions tog fissociation potential are defined as
squared errors of unstructured predictors, the obleveightsa is to measure their
prediction uncertainty. Since it is likely that thjeality of different predictors changes
with x, we enhance GCRF such that parametgrand f are replaced with the
uncertainty functionsy(0y, X) andp(yi, X), wheref, andy, are the parameters. We allow
using feed-forward neural networks for the uncattefunctions.

ak(Bx, X) models the varying degree of importance of predidRc over
different conditions. Similarlygi(y;, X) models varying importance of correlation
between outputs. As a resudi,from becomes dependent on inputs thus allowing for
error heteroscedasticity (error depends xn Conditional distribution of the
enhanced GCREF is still Gaussian as in (4.16).

Since both adaptive feature and uncertainty funstiare assumed to be feed-

forward neural networks, we call the resulting midde Neural GCRF

4.5.3. Learning and Inference in Neural GCRF

For the Neural GCRF (NGCRF) we find paramet@rsy, w) by maximizing the
log-likelihood. To ensure feasibility of the modelye apply an exponential

transformation o andp parameters as

o, =e"OM fork=1,..K a,=e"%" g =iV (4.54)
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Table 4.£. Pseudocode for NGCRF learning

1. Learn O, v) k=1,..K, [ =1,.. L not taking into accouriR,
2. Initialize 0,
3. Repeat until convergence

3.1. Learn predictdr, using (4.43)

3.2. Apply gradient-based optimization to le@rn

whereu andv are differentiable functions with respect to partars andy. To apply
the gradient-based method for learning, we neefthtbthe gradient of the conditional
log-likelihood. The derivatives of I&gwith respect t®, y, andw are

ologP _0dlogP da, du,
00, da, 0ou, 006,

ologP _0OlogP op, ov,
oy, op,  ov, 9y,

(4.55)

ologP _ 0OlogP oR,
ow R, ow

TermsologP/dox andologP/op, are defined in (4.26) and (4.27). Asandp are functions
of x, these derivatives are diagonal matrices. From J4.65ollows da/ou=ax and
opilovi=pi. Termsou/o6 andovi/oy depend on the chosen functiap@ndv,.

The gradient of log with respect tov depends on the functional form B¥.
SinceX™ does not depend d®y, dlogP/6R, becomes

ologP
OR

a

=2al(y-p). (4.56)
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We observe that an update for the adaptive predittes proportional to the difference
between true output and the mean of NGCRF distdbufThis means thd®, will be
updated only if NGCRF is not able to predict thépoti correctly andR, will be updated
more aggressively when the error is larger. Thésiffes our hypothesis th&, will work
as a complement of the existing unstructured ptexic

We propose the iterative procedure in Table 4.5ldarning model parameters
according to update equations derived earlierigigiction.

To avoid overfitting, which is a common problem foraximum likelihood
optimization, we add regularization terms 10, S, y to the log-likelihood. In this way,
we penalize large outputs @fandg as well as large weigh@sandy.

Since the NGCRF model is Gaussian, inference #tickd to GCRF.

4.5.4. Experimental Results and Discussion

45.4.1. Data

For this experiment we the same data as in Sedti&rin addition to average and
standard deviation of radiances at four wavelen@thS0 x 50 km blocks, solar and
sensor angles, and surface elevation we extrantednation about the spatio-temporal
location of each data point (time, longitude antitude) and a quality of observation
(QA) assigned to each point provided by domainrdise The QA flag has four possible
values, from the lowest quality QA = 0 to the higthquality QA = 3. Our data set had
28,374 observations collected during 2005 and 26100817 AERONET sites over the

globe.
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45.4.2. Benchmark Methods

Deterministic prediction algorithm (C005). The primary benchmark for
comparison with our GCRF predictors was the mosent version of the MODIS
operational algorithm C005.

Statistical prediction by a neural network (NN). As a baseline statistical
algorithm we used a neural network model trainedptedict AOD from MODIS
observations excluding information about location A flag. The neural network was
trained to minimize the mean squared error of ti@DAprediction. It has been shown
previously that neural network achieves higher emmyithan C005. The neural network
had a hidden layer with 10 nodes and an outputr lay#h one node. In the nested 5-
cross-validation experiments we trained 5 neurahokks on 2005 data. When tested on
2006 data, we used a single network trained oerlitiee training set.

Structured prediction by GCRF. We use the GCRF model defined in Section
4.3 Association potential utilizes C005 and NN. &0fhd NN are the deterministic
prediction algorithm and neural network predictafided above. In addition, we
partitioned data into four subsets correspondinguality flags QA =0, 1, 2, and 3. For
unstructured predictolS005andNN, we created feature functions over these subsets b
enhancing GCRF with the indicator functidhat have value 1 if some condition QA is
satisfied and O otherwise. Spatial-temporal neighl®fined as a pair of observations

within certain spatio-temporal are used to defimeinteraction potential.
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4.5.4.3. The Neural GCRF Model for Aerosol Predictn

In addition to the feature functions of GCRF expdal in Section 4.3, Neural
GCRF used an adaptive feature function with premhcmodel R,), being a neural
network with 10 hidden nodes. Its weightfollowed the definition in (4.57).

We also used functions instead of parameterdsnstead of defining manual
partitions of the dataset using the QA flag, weduak observations as inputs to the
functions. We defined as an exponential function of linear combinatiohgputs. To

incorporate the potential bias, one input was veetth all ones.
o, (0,x) = X (4.57)
wherex,' was a vector with all onexz,3,4,gi, were quality flags.

To model spatio-temporal correlation, we used apand temporal distance

between andj as two inputs for thg function. Similar to (4.57), we defingdas
Bly x)=eX"", (4.58)

wherex," was a vector with all ones;" represented spatial distance betwieandj and

X3 represented their temporal proximity.

45.4.4. Results

RMSE error of four models is presented in Table 4.6emhsmaller numbers
mean more accurate predictioRRAC accuracy of these four models is also shown in
Table 4.6 where larger numbers correspond to bpteglictions. We can see that in our
experiments NN was more accurate than operatioB@b@lgorithm. GCRF showed an

improvement in accuracy over both NN and C005 aiynig advantage of combination of
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Table 4.¢. RMSEandFRACof C005, NN, GCRF and NGCRF on data with four gyal

flags Vs AERONET prediction accuracy

C005 NN GCRF NGCRF
RMSE 0.123 0.112 0.105 0.102
FRAC 0.65 0.68 0.71 0.74

0.16

0.15

0.14

0.13

RMSE

0.12

0.11

© ——— o))
L

0 1 2 3 4
Iteration

Figure 4.4.NGCRF convergence.

models and spatio-temporal correlation in dataaliin Neural GCRF achieved even
better accuracy by utilizing nonlinear weights,aalaptive statistical model, and learning
instead of assuming the level of correlation betwegeighboring observations.
Convergence of NGCRF was achieved after a smalbeurmof iterations as illustrated in
Figure 4.3 where it is shown how tRMSEaccuracy changed on training data during

iterative learning over 4 iterations.



CONCLUSION

Structured learning, as a fairly new research argaachine learning, had great
success in classification, but its application egression problems has not been explored
sufficiently. In this paper, we proposed a Gaus§l&t model that is able to combine the
outputs of unstructured regression models, sugbresrained neural networks or other
available predictors, and exploit the correlati@tween output variables. The proposed
neural GCRF extends the GCRF model, by trainingadditional neural network to
further improve accuracy by maximizing the log likeod of the GCRF model and by
introducing uncertainty functions that can accolantchanging quality of the baseline
predictors as a function of inputs.

The proposed method was applied to a challengingpte sensing problem of
predicting aerosols from satellite-based obseraatid he obtained results provide strong
evidence that the GCRF and Neural GCRF can be ssfttly applied to the remote
sensing problem where a small improvement of ptedicquality could be very
beneficial to many geophysical studies that rely ADD predictions. The proposed
method is also readily applicable to other regmssipplications where there is a need
for knowledge integration, data fusion, and explioin of correlation among output

variables.
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