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Analysis of uncertainties affecting clay contents predictions obtained from airborne
VNIR/SWIR Hyperspectral data

Gomez C.}, Drost A.P.A', Roger J-M
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(cecile.gomez@ird.fr)
2 |IRSTEA, UMR ITAP, Montpellier, France

Abstract:

Visible, Near-Infrared and Short Wave Infrared (VNIR/SWIR, 350-2500 nm) hyperspectral
imaging spectroscopy may provide estimated soil properties maps. The performance of the
estimations is usually assessed with figures of merit such as the Standard Error of Calibration,
the Standard Error of Prediction or the Ratio of Performance Deviation. All of these
parameters are estimated during model building and validation stages to evaluate global
model performance. Beyond these global indicators, evaluation of uncertainty affecting each
prediction is a major trend in analytical chemistry and chemometrics, but not yet in
hyperspectral imagery. Several approximate expressions and resampling methods have been
proposed for the estimation of prediction uncertainty when using multivariate calibration from
laboratory spectra. Based on these works, this paper proposes a mapping and analysis of the
uncertainties affecting predictions obtained from VNIR/SWIR airborne data, using several
methods. An application to real VNIR/SWIR airborne data related to clay content allowed us
to compare these different methods. A focus on different specific cases yielded some insights
on the uncertainty sources and showed that uncertainty analysis could guide the user to better

sampling, better calibration and finally better mapping.

Keyword:
Airborne hyperspectral imagery ; VNIR/SWIR spectroscopy ; uncertainty ; Multivariate

calibration; Clay content mapping;
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1- Introduction

Since two decades, laboratory Visible, Near-Infrared and Short Wave Infrared (VNIR/SWIR,
350-2500 nm) spectroscopy has been proven as a good alternative to costly physical and
chemical laboratory soil analysis for the estimation of a large range of soil properties (e.g.
Ben-Dor & Banin, 1995, Viscarra Rossel, 2006, Cénikt al., 2009). These works opened

the way to VNIR/SWIR hyperspectral imaging spectroscopy for estimating soil properties.
VNIR/SWIR hyperspectral imaging spectroscopy may provide a global view of the area under
study at high spatial resolutions, and may provide characterization of several soil properties
simultaneouslyBen Dor et al. (20028tarted this research way, with multivariate caliora
statistics applied to remotely-sensed data. Since then, the VNIR/SWIR hyperspectral imaging
spectroscopy benefits from an increasing number of methodologies developed in lab soil
property prediction studies, including Partial Least Square RegressionG@igez et al.,
20089, Support Vector Machine Regression (e.g. Stevens et al.,, 2010), Multiple Linear
Regression (e.gBayer et al., 2012), Stepwise Multiple Linear Regression (euget al.,

2013) and Regression Rulgsu@liman & McBratney, 2008). And several studies have been
successfully conducted to map soil properties such as Clay, Calcium Carbonate, Iron, Soil
Organic Carbon... (e.gBen-Dor et al., 2007, Selige et al., 2006, Gomieale 2008Db,
Gomez et al., 2012a, Stevens et al., 2010).

Nevertheless, whatever the regression methods, the number of samples in the
calibration database, the scales of study or the studied soil properties, the quality of the
mapping results are expressed by using the performance of the models with global figures of
merit such as standard error of calibration (SEC) and standard error of prediction (SEP),
respectively referred to as Root Mean Squared Error of Calibration (RMSEC) and Root Mean
Squared Error of Prediction (RMSEP). The coefficient of Determination (R2?) and the Ratio of
Performance Deviation (RPD) are also used as a measure of multivariate model prediction
accuracy. The ratio of performance to interquartile (RPIQ), which is the ratio of the
interquartile (1Q = Q3—Q1) to the RMSEP has been recently proposed as an alternative to the
RPD to better take into account the shape of the distributieto(-Maurel et al., 2010). All
of these parameters are estimated during model building and validation stages to evaluate
global model performanceselige et al. (2006used the Partial Least Square Regression
(PLSR) method with 72 soil samples in their calibration database to map Sand content over 7
km2, from HYMAP VNIR/SWIR hyperspectral data. Gomez et al. (201&ed the PLSR
method with 95 soil samples in their calibration database to map Clay content over 300 kmz?,
from AISA-DUAL VNIR/SWIR hyperspectral data. And both researches expressed the
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quality of their mapping results by using the performance of their PLSR models (calculation

of the figures of merit) associated to a visual pedological expertise of the soil maps. Finally,
some researches added a geostatistical analysis to study the spatial structure of the predicted
soil property (e.gSchwanghart & Jarmer 2011, Gomez et al., 2012a

Added to the global performance indicators, visual pedological expertise and
geostatistic analysis, the accuracy, precision, trueness and uncertainty of each new prediction
should have to be provided, in association to the predicted values, to better characterize the
quality of the maps of predictions. In this paper, we chose the following definitions, also
described byZeaiter et al., 2004. The “accuracy” of new predictions is the distagteeen
the predicted value and the “true” value® 5725-1:1994). And the “uncertainty” of new
predictions is defined as “a parameter associated with the result of a measurement that
characterizes the dispersion of the values that could reasonably be attributed to the
measurand” (AFNOR NFX07-001:1994), and is related to the variance of the preditigon.
accuracy and the uncertainty are two uncorrelated indicators of quality of the predictions. A
predicted value can be close to the “true” value (high accuracy), but associated to a high
uncertainty (high variance). And inversely, a predicted value can be far to the “true” value
(low accuracy), but associated to a low uncertainty (low variance). The accuracy would be the
more interesting criteria to obtain, but the estimation of the accuracy for each new prediction
is still an inaccessible scientific challenge.

The uncertainty of new predictions has been firstly studied’liytak et al. (1993)
Denham (1997)andHoskuldsson (1988)ho assumed the hypothesis of negligible errors in
predictors. Those works were expanded-byper and Kowalski (199%ho included errors in
the predictors under the general errors-in-variables model. A drawback of their approach is
that the original expression is derived under the assumption that the errors in the predictors
have constant variance (the homoscedastic case).Rater and Bro (200roposed a new
expression which accommodated for heteroscedastic and correlated errors. But in fact, the
expression was derived under the assumption that the errors in predictors are identically and
independently distributed (i.i.d.) and the authors conjectured that it applied to most types of
heteroscedasticity. More recentlysernandez-Ahumada et al. (201proposed a new
expression for the variance of the prediction adapted to any linear calibration models, like,
e.g. PLSR. This formulation respects the specificities of spectrometry and particularly the
spectral error structure which is induced by the high colinearity of the variables.

Based on these works, this paper proposes an analysis process of the uncertainty

affecting predictions obtained from VNIR/SWIR airborne data. A bootstrap procedure allows
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the calculation of a variance of predictions of each VNIR/SWIR airborne spectrum, which
would represent the sum of all the sources on uncertainty and would be considered as the
“true” variance. In addition, the distance between the spectral predictors and the spectral
calibration samples are calculated as two uncertainties expressions: i) in a Principal
Component Analysis (PCA) space (Mahalanobis Distance) and ii) in the multivariate model
space (Leverage). Finally, the expression for the variance of prediction proposed by
Fernandez-Ahumada et al. (2018 adapted to the VNIR/SWIR airborne data. The aati@pot

of this formula allows taking into account the spatial dimension of these remote sensing data
and allows the spatialisation of the total variance of predictions, and each term of the formula:
1) variance of predictions due to the multivariate moilelariance of predictions due to the
spectra andii) interaction between these two effects. The proposed analysis process uses the
spatial dimension of the VNIR/SWIR airborne data to express the uncertainties in the form of
maps.

This process of uncertainty analysis has been performed on recent study of a clay
content mapping by VNIR/SWIR AISA-Dual airborne data over a Tunisia &rea¢z et al.,
2012b). First, all the uncertainty expressions are cbailand analyzed on a validation
database. Secondly, all the uncertainty expressions are calculated, mapped and analyzed on a
test area and different specific cases highlighted some specific interest of these uncertainty

expressions.
2. Materials

2.1 Notations
In the following paper, capital bold characters will be used for matricesApgmall bold
characters for column vectors, eag.will denote the T column ofA; row vectors will be
denoted by the transpose notation, a:gLowercase non bold italic characters will be used
for scalar variables, e.g. indicedUppercase non bold italic characters will be used for scalar
constants, e.g the number of samedf needed, matrix dimensions will be indicated, &.g
(NxP). The trace of a square matrixvll be noted trf).

2.2 Site description
The study area is located in the Cap Bon region in northern Tunisia (36°24’'N to 36°53'N;
10°20’E to 10°58’E), 60 km east of Tunis, Tunisiagire 1). This 300 km2 area includes the
Lebna catchment, which is mainly rural (>90%) and devoted to cereals in addition to legumes,

4
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olive trees, natural vegetation for breeding and vineyards. It is characterized by rolling areas,
with an altitude between 0 and 226 m. The climate varies from humid to semi-arid, with an
inter-annual precipitation of 600 mm and an inter-annual potential evapotranspiration of 1500
mm. The soil pattern of the Lebna catchment arises mainly from variations in lithology. The
changes in the landscape between Miocene sandstone and marl outcrops induce large
variations in the physical and chemical soil properties (mafnofe et al., IRD production).
Furthermore, the distance between successive sandstone outcrops decreases steeply along a
sea-mountain direction, which results in variations in the soil property patterns as well
(Gomez et al., 2012b). The soil materials were redistributed latetatg séhe slopes during
the Holocene, which add to the complexity of the soil patterns. The main soil types are
Regosols, Eutric Regosols (9.6%) preferentially associated with sandstone outcrops, Calcic
Cambisol, and Vertisol preferentially formed on marl outcrops and lowlands. The
southeastern region of the study area has a flatter landscape with sandy Pliocene deposits
yielding Calcosol and Rendzina.

[Figure 1]

2.3 WNIR/SWIR hyperspectral data
On November 2, 2010, an AISA-Dual hyperspectral airborne image was acquired for the
study area with a spatial resolution of 5g(re 1b). The area of the image is approximately
12 km x 24 km. The AISA-Dual spectrometer measured the reflected radiance in 359 non-
contiguous bands covering the 400- to 2450-nm spectral domain, with 4.6 nm bandwidths
between 400 and 970 nm and 6.5 nm bandwidths between 970 and 2450 nm. The
instantaneous field of view (IFOV) was 24 degrees. The radiance units were converted to
reflectance units using ASD spectrometer measurements of uniform surfaces (parking lots,
asphalt, concrete) that were collected at the same time during the over flight. An empirical
line correction method was used to calibrate each flight line to the reflectance. Topographic
corrections were performed using a digital elevation model built from the ASTER data and
ground control points. In this study, we removed 1) the spectral bands in the blue part of the
spectral domain (between 400 and 484 nm) due to noise in these bands and 2) the spectral
bands between 1339 and 1464 nm as well as between 1772 and 2004 nm due to vibrational-
rotational H20O absorption bands. Consequently, 280 AISA-Dual spectral bands were
retained.
When the image was acquired (November 2010) the bare soils represented 46.3 % of the

study area. The rest of the area was covered by green vegetation, consisting mainly of olive
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trees, native forests, green plants and vineyards. To isolate the bare soil areas, pixels with
normalized difference vegetation index (NDVI) values over an expert-calibrated threshold
were masked: a value of 0.20 was determined after considering twenty parcels that had been
visually inspected on the field. Water areas were also masked using an expert-calibrated
threshold: pixels with a reflectance of less than 8% at 1665 nm were removed. Finally, urban
areas were masked using a map of urban areas. A first clay content predicted map over the
Lebna Catchment was obtained from a multivariate PLSR model using these AISA-Dual
airborne data (Gomez et al., 2012b).

In this paper, the attention will be focused on a test area for the analysis of the
uncertainty maps. This test area is a 6.67 km? area centered on the Kamech catchment, which
had high percentage of bare soils during the image acquisition and exhibited contrasting soill
patterns [figure 1b, Figure 2). The bare soils represent 49.2% of the test arel)Z0
AISA-Dual pixels. Over this area, six pixels have been selected to study in detail the
expressions of uncertainty affecting predictions proposed in this paper. Three of these test-
pixels are located on the center of bare soil fields and three other test-pixels are located on the
boundary of fieldsKigure 2).

[Figure 2]

2.4 Soil samples data base
129 soil samples were collected on the Lebna catchment. Of these samples, 58 were collected
in October 2008, 30 in October 2009, and 41 in November 2010. All of the samples were
composed of five sub-samples collected to a depth of 5 cm at random locations within a
10x10 m square centered on the geographical position of the sampling plot, as recorded by a
Garmin GPS instrument. All of these soil samples were collected in fields that were bare
during the hyperspectral data acquisition in November 2010, between 20 and 180 m of
altitude. After homogenizing the sample, approximately 20 g was devoted to soil property
analysis. The initial samples were air-dried and sieved with a 2 mm sieve prior to being
transported to the laboratory for analysis. The determination of clay content (granulometric
fraction < 2 um) wasletermined according to the method NF X 31-{BZize and Jabiol, 1995).
The clay content of the 129 soil samples varies between 46 and 777g/kg and follows a normal
distribution.

3. Prediction Model: PLSR
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The Partial Least Square Regression (PLSR) methadd( et al.; 2001) was used to establish
relationships between the soil clay content and the VNIR/SWIR hyperspectral imaging data.
The spectroscopic and chemometric analyses were implemented in R (Version 1.17).

Prior to quantitative statistical analysis, the reflectance was converted into “pseudo
absorbance” (log [1l/reflectance]). Noise reduction was achieved through standard pre-
treatments: a Savitzky—Golay filter with second-order polynomial smoothing and window
widths of 30 nm $avitzky and Golay, 1964) for noise removal, plus a Standard Normal
Variate correctionRarnes et al., 1993) for additive and multiplicative effect removal.

The dataset was split into a calibration set (97 = 3 /4 of the total database, denoted as
BD_Calib) and a validation set (32 = 1 /4 of the total database, denoted as BD_Valid). For
each PLSR model, the reference values were sorted in an ascending order. Thei)method
starts by selecting the sample with the lowest reference value and put it in a calibratipn set,
then the next three samples are put in the validation sehan)the procedure is continued by
alternately placing the following in the validation set and the next three samples in the
calibration set. Because a limited number of samples were available, a leave-one-out cross-
validation procedure was adopted to verify the prediction capability of the PLSR model for
the calibration setWold, 1978). Each timd\-1 samples were used to build the regression
model from allN samples within the dataset. Based on this model, the value for the soil
property of the sample not used in developing the model was predicted. This procedure was
repeated for all N samples, resulting in predictions for all of the calibration samples.

Outliers are commonly defined as observations that are not consistent with the
majority of the dataGhiang et al., 2003; Pearson, 2002), such as observations that deviate
significantly from normal values. An outlier can be defined as (i) a spectral outlier, when the
sample is spectrally different from the rest of the samples or (ii) a concentration outlier, when
the predicted value has a residual difference significantly greater than the mean of the
predicted values. One method for identifying spectral outliers uses the principle of the
Mahalanobis distancéark and Tunnell, 1985) applied to PCA-reduced data. In the present
study, a value of 3 based on the Mahalanobis distance was selected for the identification of
outliers. An analysis was carried out to detect outliers for all of the samples in the calibration

set, and the detected spectral and concentration outliers were deleted from the calibration set.

In this paper, we only provide a brief description of the PLSR model that is fully
detailed inWold et al.(2001). The PLSR model is developed from a trainsaty of N
observations (number of spectra in the calibration dataset) KviXhvariables (number of

7
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wavelengths in the spectra) denoted (k=1,...,K), and M Y-variables (number of soll
property) denotey,, (m = 1,...M). These training data forms the two matridesndY of
dimensions (N x K and (v x M) respectively. As all the factorial methods, the mai
principle of PLSR is: i) to find a subspace of the spectral sR&cen which the spectra are
projected, yielding a matrix dfl scores T (N x k; ii) to perform a linear regression between
T andY. The first step is carried out iteratively, by searching loadingadv, respectively
from RX and RM such asov?(Xu, Yv) is maximal. The scoreE are thus given byr=XU.
The linear regression betwedn and Y produces an estimafé= T(T'T)"'TY, so that
replacingT by XU finally yields: Y = XU(U’X’XU)~1U’X’Y. The final regression coefficients
are given byb = U(U'X’XU)~1U’X’Y. In the case wher¥ contains only one respondejs a
K-vector, usually called “b-coefficients” which is generally analyzed as a spectrunk The

columns of U also are-Kectors and are called latent variables.

The prediction performances of PLSR models were evaluated using the coefficient of
determination Ry and R,y of predicted against measured values in the calibration and
validation set respectively. The root mean square errors of calibration (RMSEC) and the root
mean square errors in the validation set (RMSEP) were also analyzed for all the models. The
ratio of performance to deviation (RPD), which is the ratio of the standard deviation in the

validation set to the RMSEP, was used as an index of model accuracy.

4. Measurements of uncertainty affecting predictions
The estimation f the yvalue for a new sample x can be written as:
y = f(Xc, Yc, Model, x) (2)
whergXc, Yc) contains the calibration spectra and the calibratsponsesylodel represents
the calibration action, including preprocessing, choice of dimensions, etc. Thus, each
prediction relies on a chain of operations, each of them adding a source of uncertainty:
- Uncertainty on spectra was assumed to be identical for calibration and test spectra. It
is mainly due to the device repeatability (Ud) and to the spatial positioning (Us)
- Uncertainty on reference lab values (Uy)
- Uncertainty on model building (Um) may originate from 2 main causes, with Um =
Uc + Ul The first one (Uc) is related to the choice made for building the calibration

set. The second one (Ul) is related to the choice of model dimension.
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In this study, the following choices were made: Ud was considered negligible in comparison
with Us and Uy was neglected. Us was modeled as a variance-covariancemetrxputed

onthe 9 point neighborhood af Uc and Ul were modeled and merged in a unique variance-
covariance matriz, computed by means of bootstra&pron, 1983.

Seven expressions related to the uncertainty affecting predictions were computed, as

described in the following sections.

4.1. Bootstrap procedure
A bootstrap procedure was performed to obtain a variance value which integrated all the
sources of uncertainty previously describedjure 3adescribes the workflows and can be
summary as:

1% step: Ndrawing with replacement of Bamples among the calibration dataset.

29 step: For each of th selected samples, the associated AISA-Dual spectrum was
randomly sampled among a grid of 3x3 pixels, centered on the location of the
selected samples. To favor the central pixel, the sampling followed a normal
distribution in line and column, with a standard deviation of 0.6.

3 step: Drawing the number of latent variable, from 3 to 7, following a normal
distribution centered on 5 with a standard deviation of 0.97.

4™ step: For each new AISA-Dual spectrunfor which is looked for the clay content
estimated value, the associated AISA-Dual spectrum was randomly sampled among a
grid of 3x3 pixels, centered on the pixelTo favor the central pixel, the sampling
followed a normal distribution in line and column, with a standard deviation of 0.6.
This 4" step is the same for the validation datsBBt Valid, than for the entire
image.

These four steps were dorie times, producingR bootstrap (training) data sets and so
producing R PLSR models,R prediction values for each new pixels arfd X K) b-
coefficients. In this study the number of iteratidghsvas 999. Predicted outcomes by cross-
validation and corresponding performance indicatoks, Rnd RMSEC were calculated for
the calibration set at eadR bootstrap iteration. Predicted outcomes and corresponding
performance indicators’R, RMSEP, and RPD were also calculated for the validation set, at

each of the RFbootstrap iterations.

4.2. Expressions of the uncertainty using bootstrap
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300 Bootstrap was used to obtain a variance vahae(y)gs, where no assumptions were
301 considered. At the end of theiferations, the varianaear(y) gs of the Rpredictions for each

302 pixel of the AISA-Dual image was calculatediqure 3). In case of the bootstrap would
303 integrate all the sources on uncertainty (on spectra, reference lab values, model building), the
304 variance var(y)gs would represent the sum of all the sources on uncertainty and would be
305 considered as the “true” variance, following:

306 var(y)gs = Ud + Us + Uy + Um (2)

307

308 4.2 Expressions of the uncertainty using spectral distance

309 a. Mahalanobis Distance

310 The Mahalanobis distancéMD) may be used to detect the outliers that are observations
311 sitting at the periphery of the data cloud, which can have a stronger influence than average on
312 the fitted model. In the framework of linear regression, the farer a sample from the center of
313 the model, the higher its prediction uncertainty. TM® of a spectrum is calculated

314 independently of the bootstrap procedurey(re 3b), as the distance of this spectrum to the
315 center of the calibration set, in a PCA-reduced dimension. Siibeof a VNIR/SWIR

316 spectrunx is calculated from the calibration database, folfayvi

317 MD(x) =  (x—D)'S "1(x~ ) (3)

318 Wherex (K x 1) is a VNIR/SWIR spectrumjt (K x 1) is the mean of th&l calibration

319 VNIR/SWIR spectra an&® (K x K) is the variance-covariance matrix of tNecalibration

320 spectra. The principle of the Mahalanobis distance is described in detaithknand Tunnell,

321 1985. Generally, MD value superior to 3 is considered to reflect an outlier with regard to the
322 calibration set Ilark and Tunnell, 1985). Th#¥ID is related to the uncertainty on model
323 building (Um), over the hypothesis that the PCA space is close to the PLSR space.

324

325 b. Leverage

326 The leverage (Hmay be also used to diagnose how atypical a new vector of predictor is. The
327 leverage value of a spectrutnis the distance of this spectrum to the center ot#tibration

328 set, within the multivariate model. The leverage measures the variation within the multivariate
329 model, so theH measurement is dependent on the model, contrary to the Mahalanobis
330 distance. Although theH measurement is dependent on the model, it is calculated
331 independently of the bootstrap procedufeg(re 3b). The leverage of a VNIR/SWIR

332 spectrumx is calculated followingNlartens, 1991):

10
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H(x) = tx, (T,T)_l ty (4)
Wherex (K x 1) is a VNIR/SWIR spectrumt, (K X 1) is the score vector of for the
multivariate model, and’ (N x A) is the X-scores matrix of the multivariate model (see

section 3). The leverage is related to the uncertainty on model building (Um).

4.3 Expressions of the uncertainty using the Fernandez-Ahumada et al. (2012)

formula
a. Total Variance of predictions
As a measure of uncertainty of the estimations by PLSR model, a variance model, proposed
by Fernandez-Ahumada et al. (201has been applied in this study. This proposal for
variance modeling is based on the EIV-model initialy proposed-hyer and Kowalski
(1997), which considers all sources of uncertainty affectpigdictors, the dependent
variables and model coefficients. The difference between the classical EIV-model and the
new variance model proposed byrnandez-Ahumada et al. (2018 )that the latter model is
constructed based on assumptions related to the predictors, the spectral bands. The
formulation is described in detail irernandez-Ahumada et al. (20,Llapd can be resumed
by:
var(amumada = (1 +2)b'Eb + 28z + (1+2) r(5,E,) + 22 (5)

Wherey is the predictionz is the centerea spectrum used for the predictidm,is the K-
vector of the b-coefficients of the modé\,is the number of the calibration samplEg,is the
variance-covariance matrix of the b-coefficierfg,is the variance-covariance matrix of the
spectrum x, an@?,;, is the laboratory variance,.

The four terms of equation (5) from left to right are related'ig: the hyper spectral
data uncertaintyT2) the model coefficients uncertain®y3) the dependency between spectral
and model uncertainties afid) the laboratory reference measurement uncertainty. Tédrm
is constant all over the image and is certainly small with regards to the three other terms. So

in this study the variance model was confined to the first three terms, formulated by:

var(Mapumada = (1+ %) b'Exb + 2Epz + (1+2) tr(5Ep)  (6)

Each term of the equation (6) and their calculation are described in the following sections.

b. Variance of predictions due to the spectrum x
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The first term of the formula ofernandez-Ahumada et al. (20X(denotedT1, Figure 39
expresses the variance of predictions caused by the uncertainty of hyperspectrafatata
each pixel:

T1=(1+=)b'E,b @)
WhereN is the number of samples in the calibration bas the model coefficients (here the
mean of theR b-coefficients vectors obtained in the bootstrap procedure),Xang a
variance-covariance matrix that describes the uncertainty of the spectiarthis study, the
variance-covariance matr, of the spectrum x was calculated following:

Zy = cov(G(x)) )
WhereG(x) is a(9 X K) matrix where each line is a spectrum belongs togtiek of 3x3
pixels centered on the spectramSo the matriX, (K X K) attempts to reflect the influence
of surrounding areas on reflection values of the center pixebxie 39.
Since especially reflectance values of vegetated or surrounding bare soil parcels are
hypothetically influential for the variance of the clay content, the algorithm used the full
image, i.e. the variance-covariance magixof a pixel at the edge of a parcel, and also
included spectral information of the pixels that are normally masked because they are
considered vegetated area. The térinis related to the uncertainty on spectra due to the
spatial positioning (Us). It reflects how the uncertainty of the spectrisramplified by the

model.

c. Variance of predictions due to the PLSR model

The second term of the formula BErnandez-Ahumada et al. (201denotedT2, Figure 39
expresses the variance of predictions due to the uncertainty on the multivariate model:

T2 =27'3,z 9)
Wherez is the centered spectrum »fandX, is the variance-covariance matfiK x K) of
the b-coefficients. In this study, the variance-covariance m&jnxas calculated using the b-
coefficients obtained at each of thet&ations of the bootstragigure 33, following:

X, = cov(B) (10)
WhereB is the matrix(R x K) where thé™line contains the b-coefficients of tH2iteration
of the bootstrap. This second term is considered as a distance between the spectrum and the
model center, weighted by the model noise. It depends mainly on three factors: (i) the length
of the centred spectm which is related to the classical concept of leverage, (ii) the norm of

X, and (iii) the colinearity betweemn and X;,,. The termT2 is related to the uncertainty on
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model building (Um). It reflects how the uncertainty of the model is amplified by the

spectrum X.

d. Variance of predictions due to the intersection of the multivariate model
and the spectrum variances
The third term of the formula dfernandez-Ahumada et al. (20XdenotedT3, Figure 39
expresses the intersection of the variance of predictions due to the multivariate model and the

spectrum Xx:

T3 = (1 + %) tr(Z,Zp) (11)
The quantitytr(2,X,) measures the common part of the instance®, @nd X, (Fernandez-
Ahumada et al., 2012). A low value of the tefi®dwould signify that the uncertainty of the
model andhe spectrumy;,, andZ, respectivelyare different and could cancel each other out.
A high value of the termi3 would signify that the uncertainty of the model #melspectrum,
X, and X respectively, are similar and could be accumulated.

[Figure 3]

5. Results

5.1 Global performances of the models — preliminary results
The VNIR/SWIR spectra extracted from the AISA-DUAL image at the locations of the 97
soil samples of the calibration data set were used to build PLSR-based prediction models.
Only one spectral outlier was identified among the 97 calibration data. So all the PLSR
models have been built from 96 VNIR/SWIR spectra. Moreover, the VNIR/SWIR spectra
extracted from the AISA-DUAL image at the locations of the 32 soil samples of the
validation data set were used to validate the PLSR-based prediction models.

Following the classes of RPD defined Gigang and Laird (2002a correct prediction
was obtained by PLSR model from the 96 AISA-DUAL spectra for clay content prediction,
with Ra and RPD values greater than 0.7 and 1.4, respectively, and with RMSEP around
94gkg (Table 1). A correct prediction was also obtained by bo@gzSR models with Ry
and RPD values greater than 0.5 and 1.4, respectively, and with RMSEP around 109 g/kg
(Table 1).

[Table 1]

5.2 Uncertainty analysis on validation data set
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The seven uncertainty expressions described in section 4 have been firstly calculated for the
32 samples of the BD_Valid. The correlations between these uncertainty expressiadas (
2) and their ranges-(gure 4) have been studied.

The variance modefar(¥y) ahumada 1S Very highly correlated t62 (R~ 1, Table 2).

So the most part ofar(9) anumade 1S due to the uncertainty on the multivariate model.
Moreover, the variancear(y)gs of the R predictions for each AISA-DUAL spectra of the
validation data set is highly correlated to the variance mod€) anumada @nd to the term

T2 (R =0.91,Table 2). So the “true” variance of predictions, exprefgeadr(y)gs is mostly

due to the uncertainty on the multivariate model, and in minority to the uncertainty on the
spectra.

The correlation between the “true” variance of predictions(y)gs and the
Mahalanobis DistanckID is modest (R = 0.52Table 2). As the Mahalanobis Distance is
related to the uncertainty on model building (Um), over the hypothesis that the PCA space is
close to the PLSR space, this low correlation is coherent. Indeed the PCA space is not the
same than the PLSR space, so the Mahalanobis Distance does not represent correctly the
uncertainty on model building (Um).

The absence of correlation between the “true” variance of predictio$)gs and
the Leveraged reveals thaH represents a minor part of Um. The leverbigs an adaptation
of the formula ofvar(9) in classical linear regressions factorial regressions. In classical
linear regressions, the only source of uncertainty is associayegddoar(9) = z’' (X'X) ! z,
becausevar(b) = (X’X)"! . The leveragél uses this formula in the latent variables space. So
H is a simplified version off2, which express the uncertainty on model building over the
hypothesis that the only source of uncertainty comes froim this case of spatialisation of
uncertainties from VNIR/SWIR hyperspectral data, this expressiohtkk uncertainty seems
to be inadequate or, a minima too limited to express reality of source of uncertainty on model
building.

Finally, we can observe that uncertainty value3 bfwere lower compared to values
of T2 which is 200 times superior, and the range offthevalues was also lowrigure 9.

And no correlation appears between the uncertainty expressions and the residues (R<0.4,
Table 2).

Thresholds corresponding to the"9Bercentile of variance distributions were set, so

that abnormally high values can be filtered. Values of 3, 0.2, 5000, 5000 and 5000 were

calculated forMD, H, T2,var(y)gs and var(y)anumada respectively Kigure 4). These
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thresholds have been used in next sections to study and identify some area associated to high
uncertainties.

[Table 2]

[Figure 4]

5.3 Uncertainty mapping on Kamech area
The higher values of the seven uncertainty expressions were gathered on the East part of the
area, which may correspond to some isolated housesk(rectangle on Figure paJrban
pixels have been masked in the pre-treatment of the AISA-DUAL data, using an urban vector
layer of the region which took into account the bigger towns of the region. But some isolated
houses, not referenced in the urban map of the region, could be missed by this mask pre-
treatment and seem to be identified by each of these uncertainty ifnaps (G and 6). Over
the 10750 studied pixels, only 108 pixels had the combinaior> 3,H > 0.2, T2 > 6000,
var(y)gs > 5000 andvar(y) apumada > 5000. So the thresholds defined from the validation
database may be used to mask some missed no-soil area.

The higher values oF1 (except those on the urban area) were located at the boundary
of the fields Figure 63 which is coherent. Indeed these high valuesTafwere the
consequence of the calculation Xf which used the grid of3 x 3) pixels centered of the
studied pixel associated to the spectanif the studied pixel associated to the spectris
located on the boundary of the field, ¥g will include the heterogeneity of the boundary
(field, ditch, road or path).

The new maps of uncertainty expressions, using the thresholds defined from the
validation database, offered more detaig(re 7). Two parts of the Kamech area have high
values ofvar(y)gs, H, T2 andvar(9) ahumada: ON€ field on the south of the area and the band
North-East South-West highlighted by black boxe&imure 7d. These areas are covered by
cultivated fields, mostly bare during the hyperspectral flight. A low proportion of dry
vegetation may be missed by the masking pre-treatment and may modify the signal that we
consider as “soil signal”. As well soil humidity can modify the signal and no mask can be
done to classify and remove specific humid area. As no ground truth exists on both areas, no
explanation can be affirmed. But these areas of high uncertainty of prediction could be
considered as interesting sites for a next and additional sampling.

High values ofvar(y)gs were also observed at the boundary of the figtdsu(e 73.

As the bootstrap includes a random sample of the spectra among the pixels of the grid of

(3 x 3) pixels centered of the studied pixe(Figure 3), thevar(y)gs uncertainty expression
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integrates the spectral heterogeneity of the studied pixels. The map dfiteewven restricted
to a small range, did not highlight particular areas with high uncertainties (map not shown).
So the uncertainties seem to be due to the PLSR models, more than to the spectral
heterogeneity of the neighborhood. T (9)gs andvar(y) ahumada Maps which are very
similar (Figure 7a and d) confirm the high correlation found between botertanty
expressions from the validation databaseb(e 2). So the uncertainty expression developed
by Ahumada-Fernandez et al. (2012) expressed here the same trends than the “tru&’ varianc
[Figure 5]
[Figure 6]
[Figure 7]

5.4 Analysis of selected pixels
To understand the sources of uncertainty and their links, the uncertainty expressions of 6 test-
pixels were analyzed-(gure 2). Three of them are located on the center of bdreetds for
which homogeneous surface conditions might be supposed. And three of them are located on
field boundaries for which heterogeneous surface conditions might be supposed.

The pixelPix_Soill has low values of uncertainties, whatever the expresdiandH,
T1,T2,T3,var(y)gs andvar(y) anumada. 'able 3. This pixel may represent the ideal pixel, a
“no risky” pixel. It is located in the center of a bare soil field, in an area with stable surface
conditions which involves stable spectral conditions. The uncertaMiieandH are weak,
which means that the spectrunof Pix_Soill might be close to spectra of the calibration data
base (verified but not shown). The uncertaifly of Pix_Soill is weak with a low value of
tr(Zy) (0.2), which means that the neighbor spectra are weakly variable (verified but not
shown), and the uncertainBy on the spectrum x is not amplified by the model coefficibnts
Finally, the uncertaintyf2 of the model is weak with a less intense specttuand it is not
amplified by the model variance covariance maljx

The pixelPix_Urban has high values of uncertainties, whatever the expressi@ns (

H, T1,T2,T3,var(y)gs andvar(y) asnumada, ' able 3). This pixel which is located in an urban
area, represents an “incorrectly masked” pixel. The uncertaibtizandH are high, which
means that the spectrurmof Pix_Urban might be far from spectra of the calibration data
base. Indeed, the albedoRik_Urbanspectrum is twice as high as spectra of the five others
test-spectraHigure 8) and the shape of this spectrum does not corresp@nsoil spectrum,

which can explain the high values of uncertainty expres#ibsH andT2. Located in an
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urban area with unstable surface conditions on 15x15m, the neighbor speRixaldfban
are more variable which explain ttatand T1 are high.

The pixel Pix_BoundaryFieldlhas high T1, whereas the six other uncertainty
expressions are weaK gble 3). This pixel which is located at the boundary betwes
fields with different surface soil conditions (due to plowed, rugosity, dry and/or green
vegetation ...) may represent a “to be monitored” pixel. The high valti¢ afich is related
to the neighbor spectra variability and the amplificatio®,oby the model coefficientb, is a
logical result of this location.

The pixel Pix_Soil2, even though located in a center of bare soil fieldipasSoill
(Figure 2), has higiT2 andvar(9)gs, whereas the five others uncertainty expressions are
weak (Fable 3). So high uncertainties linked to the PLSR modetsrevealed for the clay
prediction of this pixelPix_Soil2. As seen in section 58, is a simplified version off2,
which expresses the uncertainty on model building (Um) over the hypothesis that the only
source of uncertainty comes frgmFor this pixel, the term2, which takes into account the
colinearity betweerz andX,, reveals more uncertainty than classical expregsigmhich is
under the threshold of 0.Z,able 3). So the spectrum associated to the pixdPix_Soil2,
although associated to low spectral distandeand MD to the calibration soil spectra, is
highly sensitive to the PLSR models.

The pixelPix_Soil3 has moderafEl uncertainty, whereas the six others uncertainty
expressions are weaklgble 3J, as obtained forPix_BoundaryFieldl. This moderate
uncertaintyT1 leads to focus the attention to the neighbor spett(&,) is around 0.5 so
superior to the value obtained fd?ix_Soill, which means that the neighbor spectra of
Pix_Soil3 are more variable than neighbor spectmixfSoill. Moreover the uncertainy,
onthe spectrunx of Pix_Soil3 is more amplified by the model coefficiehthanuncertainty
X, on the spectrunx of Pix_Soill. This amplification is due to higher albedo of neighbor
spectra oPix_Soil3, compared to the calibration soil spectra

The pixel Pix_BoundaryField2, even though located in supposed heterogeneous
surface conditiondhas low values of uncertainties, whatever the expresdddsHi, T1, T2,

T3, var(y)gs andvar(¥) ahumada, 1able 3), as obtained fétix_Soill. Due to the location at
the boundary of fields, highdrl are expected d&&x_BoundaryFieldl. This low uncertainty
T1 is due taa weakdifference of soil surfaces conditions, in particular a weak difference of
vegetated conditions, between both fields on both sid€sxoBoundaryField2. Indeed, the

NDVI values of the masked pixels of the grid centered onRixe BoundaryField2are
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563 included from 0.21 to 0.28, whereas those of the no-masked pixels of this grid are included
564 from 0.18 to 0.19. For the comparison, the NDVI values of the masked pixels of the grid
565 centered on the Pix_BoundaryFieldl are included from 0.21 to 0.FxaBoundaryField2)

566 whereas those of the no-masked pixels of this grid are significantly lower (from 0.11 to 0.15),
567 indicating different vegetated conditions.

568 [Figure 8]

569 [Table 3]

570

571 6. Discussion

572 Values of uncertainty expressidr2, which is related to the uncertainty on model building
573 (Um), are higher than values of uncertainty expression T1, which is related to the uncertainty
574 on spectra due to the spatial positioning (Uspi(re 4). These high values of uncertainty
575 linked to model building (Um), may be explained by the modest performance of the PLSR
576 model. Indeed as described in section 5.1, the clay prediction model obtained from the 96
577 AISA-DUAL spectra is characterized by’ \R and RPD values around 0.7 and 1.4,
578 respectively, and RMSEP value around 94g/kgl(e 1). So, these prediction models provide
579 correct clay estimations, but cannot be qualified as accurate models. These model
580 performances are in accordance with literature in which soil property estimated from
581 VNIR/SWIR hyperspectral imagery data are less accurate than those estimated from Lab
582 VNIR/SWIR data (e.g. Stevens et al., 2006, Lagacherie et al.).2008

583 The pixel Pix_Soill is representative of the “no risky” pixels. The uncertainty
584 expressions obtained for tR&x_Soill(low values whatever the uncertainty expressiarile

585 3) may be obtained for all the pixels of the AISA-DUAhage, if the mask process (section

586 2.3) would be well done. Although this mask process was done carefully in this work,
587 respecting field expertise to characterize the vegetated areas, using urban maps to identify the
588 urban areas, and using spectral knowledge to remove water areas, the mask is inaccurate and
589 some studied pixels do not correspond to soil. The pikelUrbanis representative of these

590 “incorrectly masked” pixels. The uncertainty expressions obtained foPithéJrban (high

591 values whatever the uncertainty expressichle 3) might be also obtained for all the pixels
592 located in urban area, over roads and vegetated areas... From this result, we could imagine a
593 new mapping process in four steps: 1) application of the process describedrim 3 for a

594 soil property mapping over all the pixels, whatever the pixel compositions, associated to the
595 uncertainty expressions calculation 2) analysis of the uncertainty expressions, would allow to
596 identify the “no-soil” pixels, which correspond to those associated to the seven uncertainty
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expressions superior to the thresholds, 3) mask of these “no-soil” pixels and 4) new
application of the process describedrigure 3for a soil property mapping over the “soil”
pixels, associated to the uncertainty expressions calculation. At this stage, an analysis of the
uncertainty expressiorkl, T2 andvar(y)gs allows to identify the “to be monitored” pixels.

This might allow new and better monitored soil sampling over the field, to take into account
in the calibration database more soil variability.

Another alternative of this new mapping process (or an additional first step) would be
to build first, the maps dfl andMD uncertainty expressions. Rejecting all pixels wviitland
MD superior to a threshold defined by validation data study would allow masking major parts
of urban areasHgure 5). Both maps could be obtained faster than otheertamty
expressions maps, because no bootstrap is needgdg 3). This alternative would improve
the mask process.

The VNIR/SWIR hyperspectral airborne imaging has been one of the emerging
technologies selected for soil mapping and predicting soil properties by the Global Soil Map
project GSM (www.globalsoilmap.net).{gacherie & Gomez, 2014). Indeed, the GSM
project has proposed the construction of a new digital soil map of the world at a the spatial
resolution of 90 m to assist in decision making for a range of global issues such as food
production, climate change and environmental degraddtiorBfatney et al., 200Fanchez
et al., 2009). Digital Soil Mapping (DSM) approaches were regel@veloped for using the
estimated soil properties maps restricted to bare soils, allowing the exhaustive mapping of
some topsoil properties, based on block co-kriging methbdsatherie et al, 2012) and
subsurface properties, based on statistical functipaggcherie et al, 20).3An improvement
of the mask process thanks to the uncertainty maps, which is an unavoidable and recurrent
step in remote sensing, might avoid misleading results and might improve results of these
DSM approaches. Moreover, the uncertainty maps could be used to weight each pixel of the
estimated soil properties maps, in the DSM approach, still to avoid misleading results and

improve results.

7. Conclusion

The quality of a soil property map obtained by VNIR-SWIR hyperspectral imagery is usually
assessed with an analysis of the regression model performances (calculation of the figures of
merit whatever the model: PLSR, MLR ...) associated to a visual pedological expertise of the
soil property map and sometimes to geostatistical analysis to study the spatial structure of the

predicted soil property. This paper shows the benefits of prediction uncertainties maps to
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better mask the no-soil pixels, better define the soil sampling and so the calibration data set
and better characterize the quality of the mapping results. In this way, this study uses twice
information contained in the airborne hyperspectral datiie spectral information to create
an estimated clay map, amdl the spatial information to produce prediction uncertainties
maps. To reinforce these conclusions and the guideline, it would be interesting and important
to enlarge this study to additional soil properties (one-to-one and also together in prediction
models), additional multivariate models, and additional pedological context.

In order to use the estimated soil property map as input data in environmental models
(soil vulnerability to erosion, wheat yield in water limited situations...), the prediction
uncertainties maps might provide confidence level on the input data. As well, in order to use
the estimated soil property map as input data in Digital Soil Mapping approaches to
exhaustive mapping, the prediction uncertainties maps might provide weighting information.

Finally, future hyperspectral satellite sensors (HYPXIM, PRIMSA, ENMAP and
HyspIRI) will offer huge coverage of Earth surface. Using uncertainty maps on these data

would help to build correct calibrations without too much sampling effort.
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