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Abstract—Traditionally, spectral mixture analysis (SMA) fails
to fully account for highly similar ground components or endmembers. The high similarity between weed and crop spectra hampers
the implementation of SMA for steering weed control management practices. To address this problem, this paper presents an
alternative SMA technique, referred to as Integrated Spectral Unmixing (InSU). InSU combines both magnitude (i.e., reflectance)
and shape (i.e., derivative reflectance) related features in an automated waveband selection protocol. Analysis was performed
on different simulated mixed pixel spectra sets compiled from in
situ-measured weed canopy, Citrus canopy, and soil spectra. Compared to traditional linear SMA, InSU significantly improved weed
cover fraction estimations. An average decrease in fraction abundance error (Δf ) of 0.09 was demonstrated for a signal-to-noise
ratio (SNR) of 500 : 1, while for a SNR of 50 : 1, the decrease
was 0.06.
Index Terms—Derivatives, endmember similarity, hyperspectral, spectral mixture analysis (SMA), stable feature selection,
weighted least squares (LS).

I. I NTRODUCTION

T

HE SUCCESSFUL delineation of weed patches in
agricultural fields creates a potential for the site-specific
application of herbicides, resulting in subsequent ecological
and economic benefits [1]. In this light, hyperspectral remote
sensing has commonly been considered as an effective technique as variations in plant canopy spectral responses are
indicative to changes in weed growth patterns [2], [3]. Remotely
sensed images allow for a systematic and global coverage
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of the targeted area, which is a crucial benefit over laborintensive and generally sample-based in situ monitoring systems [2], [4].
However, the success of remote-sensing-based agricultural
weed detection is limited [3]. Most of the applied classification
algorithms and vegetation indices suffer from the spectral admixture of ground components (e.g., crop and soil) other than
the object of interest, in this case, weeds [2], [3]. To address
this problem, some authors proposed the use of linear spectral
mixture analysis (LSMA) [3], [5]. LSMA is a comprehensive
image analysis technique that allows for subpixel classification
[6]. Its potential is huge as the approach was shown effective
in removing soil background effects from images containing
mixed reflectance spectra (e.g., [7]–[11]). However, in a post
emergence crop setting, conventional LSMA techniques still
fail to fully differentiate among the highly similar spectral
characteristics of weeds and crops (e.g., [2], [3], and [12]–
[14]). Only a limited number of reports on the application
of LSMA in agricultural remote sensing are available, and
they only report suboptimal classification results [3], [5], [9],
[15]. The residual errors in fraction estimates are generally
attributed to the high spectral similarity between weeds and
crops, and the spatial and temporal changes in (bio)physical and
(bio)chemical conditions of the different land cover types [5],
[9]. Additionally, the multiple scattering of photons between
different surface components violates the linearity assumption
of mixture models and, as such, induce residual errors in LSMA
[9], [16], [17]. Nevertheless, the majority of vegetation monitoring studies neglects the effect of multiple scattering. LSMA
is still applied given the simplicity and the relative accuracy of
the linear models [9], [15].
The main objective of this paper is to present an alternative
LSMA technique to address the ground component or endmember similarity problem. In our modified approach, original and
derivative reflectance data are considered simultaneously in one
single analysis. As such, an improved description of both the
magnitude and shape of ground component spectra becomes
feasible. An automated waveband selection protocol tracks the
spectral features with the lowest similarity. The selected subset
is incorporated in the analysis to improve subpixel fraction
estimates. The algorithm was used to estimate weed cover
fractions from a set of simulated data sets compiled from
various mixtures of in situ-measured weed canopy, Citrus tree
canopy, and bare soil spectra.
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II. T HEORETICAL B ACKGROUND

B. Endmember Variability

A. LSMA
In LSMA, the observed spectrum r for any given pixel in the
scene is expressed as

r = Mf + ε

with

m


fj = 1 and 0 ≤ fj ≤ 1

(1)

j=1

where M is a matrix in which each column corresponds to
the spectral signal of a specific ground cover class or endmember, and f is a column vector [f1 , . . . , fm ]T that denotes the subpixel cover fractions occupied by each of the
m endmembers [6]. The part of the spectrum that cannot be
modeled is expressed as a residual term ε. The coefficients in
(1) are constrained to 1) sum to one and 2) be nonnegative in
order to obtain physically interpretable cover fraction estimates
[18], [19].
The success of LSMA depends on the accuracy of the selection of the endmember spectral signatures [20]. Endmember
spectra can either be extracted from the imagery itself (e.g.,
[21]–[26]) or derived from spectral libraries built from field
or laboratory measurements [7]–[9]. Endmember spectra from
field or laboratory measurements can be controlled well and
measured accurately, yet, they may not match those in the
image due to differences in sensors, atmospheric effects, and
illumination conditions [20], [27]. The image endmember approach has its advantages and problems as well. Image endmembers are often obtained from the pure endmember pixels
in the image to be unmixed. This is ideal since endmembers,
as such, are selected as they are actually presented in the
area. However, obtaining image endmembers’ signatures can
sometimes be difficult as the selection of image endmembers
requires the availability of pixels comprised purely of each
dominant cover type [20]. Image endmember extraction techniques therefore often fail to account for the spectral variability present within the different ground cover or endmember
classes. This problem is less pronounced by using spectral
libraries built from field measurements [7]–[9]. It is acknowledged that in remote locations, the collection of field spectra is
sometimes not feasible. However, in an agricultural setting, it
is likely feasible. In [26], an interesting technique is presented
to construct endmember bundles from image data expressing
as such the spectral variability within the different endmember
classes.
Once the endmembers and their spectral signatures have been
determined, subpixel cover distribution maps can be generated
using approaches such as Gramm–Schmidt orthogonalization
[28], maximum-likelihood [13], or least squares (LS) regression analysis [19]. This latter approach is used in this paper.
Subpixel endmember fractions for the corresponding vector f
are obtained by minimizing the following equation:
n

i=1

εi =

n

i=1

⎛
⎝

m


⎞2
(Mi,j × fj ) − ri ⎠

j=1

where n is the number of available spectral bands [19].
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(2)

The most profound source of error in LSMA lies in the lack
of the ability to account for sufficient temporal and spatial
spectral variability [7], [19], [26]. In a conventional LSMA
approach, image-wide endmember spectra are defined. The
natural variability within endmember classes is, as such, not
accounted for, and this results in significant fraction estimate
errors. Over the past decades, different approaches to negate
the “fixed endmember” restriction have been presented and
successfully tested in both natural and urban environments
(e.g., [11], [14], [26], and [29]–[34]).
The following two types of variability are commonly distinguished: 1) the variability within an endmember class (intraclass variability) and 2) the similarity among endmember
classes (interclass variability) [35]. The intraclass variability
is linearly and negatively correlated with the accuracy of
subpixel fraction estimates provided by LS spectral unmixing
[13], [19]. In vegetation monitoring studies, the high similarity
among reflectance spectra of different vegetation types [35],
[36] provides an additional difficulty to obtain accurate classification results. Similarity between endmembers leads to a
high correlation between the columns in the endmember matrix
(M ), which, in turn, leads to an unstable inverse matrix and
a dramatic drop in estimate accuracy [13], [19], [37], [38].
The problem has been discussed by several authors [7], [8],
[12], but only limited solutions have been proposed. Asner
and Lobell [8] used a spectral tying transformation to emphasize endmember specific absorption features. Tying involves
subtraction of reflectance at one waveband (the tie point)
from all other wavebands. Although successful in semiarid
regions [8], the approach failed to improve the decomposition
of soil–vegetation mixtures under moist soil conditions [11]. In
addition, no attempts were made to separate spectral mixtures
composed of different vegetation types.
C. Derivative SMA
Derivative analysis has previously been revealed as an interesting approach to deal with spectral similarity. The derivatives
of a spectrum highlight changes in the shape of the original
spectrum and are not sensitive to the spectral magnitude [31],
[37]. First-derivative spectra are informative on the slope of
the original spectra while second derivatives allow identifying
inflection points [39].
The integration of derivative analysis and LSMA was proposed by Zhang et al. [31], who presented derivative spectral
unmixing (DSU), in which derivative endmember spectra were
used to emphasize the interclass variability while reducing the
intraclass variability. In DSU, the linear mixture model (1) is
rewritten as
dt ri
dt Mi
=
f
×
+ε
dit
dit

(3)

where (dt ri /dit ) and (dt Mi /dit ) are the tth derivative of
the spectrum of the mixed pixel and the endmember matrix M at wavelength i, respectively. A DSU approach using
second-derivative endmember spectra was successfully applied
to map the distribution of rock-encrusting lichen communities
in Jasper, Canada [31]. Recently, a similar approach using first
derivatives was applied to estimate the partial abundance of
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Fig. 1. Schematic overview of the InSU. First, an endmember spectral data set, either extracted directly from hyperspectral data itself or derived from field or
laboratory measurements, is collected for each of the target endmembers. (i) Both original reflectance and derivative spectra are calculated. (ii) An automated
protocol selects the most appropriate spectral features allowing for the best possible separation among the presented endmembers. (iii) The selected set of optimal
spectral features is used in a weighted LS mixture analysis to generate from the hyperspectral data (mixed pixels, bold square) the corresponding subpixel spatial
distribution maps.

spectrally similar iron-bearing oxide/hydroxide/sulfate minerals in complex (simulated) mixtures [37]. Despite its potential,
no reports were found on the validation of DSU in other
ecosystems.
D. Integrated Spectral Unmixing (InSU)
To optimize the discrimination between endmember spectra,
we propose to integrate both original and derivative reflectance
data in one SMA. This approach, referred to as InSU, is founded
on the following three key elements: 1) an adapted mixture
model; 2) a weighted LS inversion algorithm; and 3) an automated waveband selection protocol. A schematic overview of
the proposed algorithm is shown in Fig. 1. The next paragraphs
give a theoretical background on each of the elementary steps.
1) Mixture Model: The integrated mixing model is the same
as reflectance/derivative mixing models described in (1) and (3)
apart from the LS regression estimator that will rely on both (1)
and (3) to estimate f . Consequently, the mixture model could
be defined as




ri
Mi
(4)
=
f
×
t
t
d ri
d Mi + εi .
dit

dit

Both first and second derivatives can be included in the model.
First derivatives are calculated as (dt Mi /dit ) = ri − ri+1 and
second derivatives as (d2 Mi /di2 ) = (dri /di) − (dri+1 /di).
2) Weighted LS: Inversion of the mixture model implies
the minimization of the LS error (LSE). Typically, the LSE
is equally weighted for all wavebands or spectral features,
assuming equal important contributions on LSE [19]. Although
some authors question this approach even when only original
reflectance features are used [14], the assumption certainly does
not hold when reflectance and derivative spectra are included in
one analysis. ni=1 εderivative,i compared to ni=1 εreﬂectance,i
is relatively small (i.e., a factor 1000 and 1 000 000 for first and
second derivatives, respectively). This implies that the LS estimator, which minimizes ( ni=1 (εreﬂectance,i + εderivative,i ))

[see (2)] within the constraints of (1), is mainly determined by
the original reflectance features, while the contribution of the
derivatives to the LS solution is negligible to nonexistent.
To circumvent this problem, model inversion was performed
using a weighted LS regression approach, adapted from [14]. A
weighing vector w is introduced into (4) and is used to equalize
the contribution of the derivative and original reflectance features in the mixture analysis. w scales the reflected energy in
feature (dt ri /dit ) as follows:
w = r̄

dt r̄
dit

(5)

where r̄ and (dt r̄/dit ) are the spectrum-wide averages of the
original and tth-derivative reflectance of the considered mixture, respectively. w preserves endmember variability among
endmember classes but gives reflectance and derivatives an
equal weight in LSE calculations.
3) Feature Selection: According to [8], [10], and [34], the
variability within endmember classes can be significantly reduced if one focuses on a subset of wavelengths or spectral features. Based on this assumption, an automated feature selection
algorithm [34] is used to select a spectral subset that provides
optimal cover fraction estimations. The spectral features most
sensitive to spectral endmember variability are removed from
the analysis, and this tends to increase the overall accuracy. A
detailed description of the algorithm can be found in [34], but
the concept can be summarized in two steps.
First, the features’ sensitivity toward spectral variability is
assessed using the InStability Index (ISI) criterion [14], [34].
ISI is defined as the ratio of the intraclass (i.e., the sum of
the endmember class standard deviations) to the interclass endmember variability (i.e., average Euclidean distance between
the class means), i.e.,
ISIi =

m
m−1
 
σi,z + σi,j
2
m × (m − 1) z=1 j=z+1 |xmean,i,z − xmean,i,j |
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Fig. 2. Schematic overview of the automated feature selection algorithm. Based on the available spectral endmember data sets, the sensitivity of each spectral
feature is determined by calculating the ISI. (i) ISI accounts for both the variability within and the similarity among endmember classes. (ii) All spectral features
are ordered according to increasing ISI values. (iii) The difference in ISI among consecutive features (dISI,i ) is calculated and then (iv) evaluated against the
tradeoff point q (i.e., 0.015) (DISI,i ). (v) DISI,i models the trend in classification accuracy, and its maximum indicates the number of features needed for optimal
cover fractions estimations.

where xmean,i,z , xmean,i,j , σi,z , and σi,j are the mean reflectance or derivative spectra and standard deviations at wavelength i for endmember classes z and j, respectively, and m
represents the number of endmembers in the scene. Note that
ISI requires information on intraclass variability. The available
endmember data set, as such, should be representative of the
spectral variability present within the scene.
Second, spectral information is inevitably lost by removing
features from the analysis. Therefore, if the aim is to obtain
optimal cover fraction estimates, then a tradeoff is required
between the number of spectral features included in the analysis (i.e., information) and the average ISI of the considered
features (i.e., endmember variability, noise). The tradeoff protocol, illustrated in Fig. 2, is summarized as follows: 1) All
available spectral features are ordered according to increasing
ISI values. 2) The relative change in ISI between successive
features (dISI,i ) is calculated and evaluated against a tradeoff
point. The tradeoff point is the value of dISI,i at which fraction
estimate accuracy does not change when additional spectral
features are removed from the mixture analysis. For dISI,i < q,
accuracy drops when additional features are removed, and the
opposite is true for dISI,i > q. Previous research indicated 0.015
(i.e., q) to be a robust tradeoff point [34]. 3) The accumulated
dq,i (i.e., difference between q and dISI,i ) curve is calculated
(DISI,i ). dq,i quantifies the amplitude by which fraction estimate accuracy increases/decreases by removing additional
spectral features from the mixture analysis. The actual SMA
accuracy is not known in an operational application, although
previous research [34] demonstrated a consistent resemblance
between the trend in DISI,i and the SMA accuracy for a set
of urban and natural environments under differing conditions.
Consequently, DISI,i models the trend in SMA accuracy and its
maximum indicates the number of features needed for optimal
cover fraction estimations.
In InSU, the selected set of stable spectral features can be
composed of both original and/or derivative (both first and
second order) reflectance values.

III. E XPERIMENTAL M ETHODOLOGY
AND S IMULATED D ATA
A. Hyperspectral Data Sets
In situ-measured weed canopy (i.e., Lolium sp., Echium sp.,
and Plantago sp.), tree canopy (i.e., Citrus sinensis and Citrus
reticulata), and bare soil spectra (i.e., Albic Luvisol [40]: sandy
texture, organic carbon of 0.53%, and gravimetric moisture
content θ ranging between 15% and 30%; Haplic Arenosol
[40]: sandy texture, organic carbon of 1.91%, and θ ranging between 0% and 5%), measured in citrus orchards near
Wellington, South Africa (33◦ 35 00 S; 18◦ 55 30 E), were used
to generate simulated data. Simulated data are frequently used
to evaluate analysis techniques since they inherently provide
correct validation data [32], [33], [37]. Spectral measurements,
approximately 100 for each cover class, were performed within
1 h of local solar noon on clear sky days using a full-range
(350–2500 nm) spectroradiometer (ASD, Boulder, CO) with a
25◦ foreoptic. The spectroradiometer has a spectral resolution
of 3 nm [full-width at half-maximum (FWHM)] and a 1.4-nm
sampling interval across the 350–1050 nm spectral range. The
FWHM and the sampling interval for the 1051–2500 nm spectral range are 20 and 2 nm, respectively. Resulting data were
interpolated during collection by the ASD software to produce
values at each nanometer interval. The reflectance data were
calibrated using a white spectralon panel with nearly 100%
reflectance at all wavelengths (Labsphere Inc., North Sutton,
NH). Soil and weed canopy measurements were taken from
nadir at a height of 1 m above the surface while tree canopy
spectra were measured from nadir at 2 m above the tree top
using a cherry picker. The major water absorption regions,
sensitive to changing atmospheric water vapor content, were
excluded, resulting in 1800 wavebands available for analysis.
Mixed spectra were calculated according to (1). Endmember
combinations and subpixel cover fractions were randomly assigned to each pixel [21], [33]. The following three scenarios,
each containing 10 000 simulated mixed pixel spectra, were
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generated: 1) scenario I: a mixture of C. sinensis and Lolium sp.;
2) scenario II: a mixture of C. sinensis, Echium sp., and
Arenosol soil; and 3) scenario III: a mixture of C. reticulata,
Plantago sp., and Luvisol soil. In each scenario, a flat 1%
reflectance spectrum was used as a surrogate for shading and
shadowing effects [11], [14], [41]. In actual imagery, some of
the image pixels will not contain all endmembers. Therefore,
a set of 1000 mixtures was added to each scenario. The added
mixtures were generated using the same approach as outlined
above, yet, each time randomly excluding at least one of the
endmembers.
Fig. 3 shows the presented variability (i.e., reflectance and
derivatives) for each endmember class. The similarity between
weed and tree spectra, as such, becomes evident.

D. Simulated Airborne Visible Infrared Imaging Spectrometer
(AVIRIS) Data

B. Experimental Methodology
The performance of InSU to map the spatial distribution
of weed patches in Citrus orchards was evaluated against the
LSMA and DSU approaches. The abundance error (Δf )
[33], the root mean square error (RMSE) [14], and the coefficient of determination (R2 ), slope, and intercept of the
estimated versus real (i.e., ground truth) cover fractions in a
scatterplot were used to assess the subpixel weed cover classification accuracy [11]. The DSU approach was subdivided into
the following: 1) D1 SU, in which only first derivatives were
used and 2) D2 SU in which only second derivatives were used.
Higher order derivatives are more sensitive to high-frequency
noise (see Section III-C) [37]. Therefore, the following two
different InSU approaches were tested: 1) InSUD1,R , in which
original reflectance spectra and first derivatives were integrated
and second derivatives were excluded, and 2) InSUD1,2,R , in
which reflectance, first and second derivatives spectra were integrated. Further, the LSMA, DSU, and InSU approaches were
tested with (LSMA∗ , DSU∗ , InSU∗ ) and without (LSMA,
DSU, InSU) applying the feature selection algorithm summarized in Section II-D3. This allowed a proper and individual
evaluation of the feature selection protocol and the integration
of reflectance and derivative data.
C. Effects of Noise and Smoothing
It is common knowledge that derivative analysis greatly
enhances high-frequency noise. Because of ambient and instrumental errors, this type of noise is inherent to hyperspectral
data. As a result, the performances of DSU approaches (such
as InSU) will depend on the signal-to-noise ratio (SNR) of
the available spectral data [31], [37]. To determine the usefulness of InSU, it is essential to quantify its robustness against
noise.
Therefore, noise was added to the simulated hyperspectral
data sets described in Section III-A using a standard normal
distribution of randomly generated numbers, i.e.,
rn,i = ri + A ×

assumed reflectance for the spectrum. SNRs of 50 : 1, 200 : 1,
and 500 : 1 were used, assuming a 50% absolute reflectance
(i.e., A). The selected range of SNRs was assumed appropriate to mimic the noise observed in hyperspectral images
[33], [42].
Spectral smoothing preprocessing is a commonly accepted
technique to (partly) circumvent the noise problem in derivative
analysis. Prior to derivative analysis, a Savitzky–Golay smoothing filter (filter size = 50 wavebands) was therefore applied
on the data [43], [44]. This approach is based on a simplified
polynomial LS procedure. To further determine the usefulness
of InSU, the combined effect of the smoothing filter size, the
SNR, and the SMA accuracy was evaluated.

e(0, 1)
SNR

(7)

where r is the reflectance at wavelength or spectral band i, e is
a randomly generated number from a normal distribution with a
mean of zero and a standard deviation of one [33], and A is the

Most airborne and spaceborne sensors have fewer bands
compared to ground-based spectroradiometers. In an additional
simulation, the spectra from the ASD sensor were, therefore,
resampled to match the wavebands of the AVIRIS data [45].
AVIRIS collects data in the spectral range of 400–2500 nm
sampled by 224 spectral channels with a nominal 10 nm sampling [42]. Additionally, the 1998 AVIRIS waveband-specific
SNR profile, reported by Green et al. [42], was introduced
based on (7) to generate a typical AVIRS noise-degraded signal.
These simulations allowed a more realistic evaluation of the
robustness of InSU.
IV. R ESULTS
Fig. 4 summarizes Δf , RMSE, and R2 , slope, and intercept of the modeled versus observed weed cover fractions
in a scatterplot for each of the tested SMA approaches. Results are shown for the different noise levels (SNR: no noise,
500 : 1, 200 : 1, 50 : 1) as well as for the simulated AVIRIS data
(Section III-C).
Despite being robust for ambient and instrumental
noise, the traditional LSMA approach provided the least
accurate weed cover fraction estimates (Δf = [0.08, 0.17],
RMSE = [0.09, 0.16], R2 = [0.23, 0.32], slope = [0.58, 0.96],
and intercept = [0.07, 0.11]) in all scenarios and for all
noise levels. Improvements were obtained when combining
derivative analysis and LSMA (DSU; Δf = [0.05, 0.12],
ΔΔf = ±0.05; RMSE = [0.07, 0.12], ΔRMSE = ±0.04;
R2 = [0.41, 0.72], ΔR2 = ±0.25; slope = [0.58, 1], Δslope =
±0.15; intercept = [0.02, 0.09], Δintercept = ±0.03). For
noise-free data, no clear conclusions could be drawn regarding
the relative performance of D2 SU compared to D1 SU (Fig. 4).
However, overall, the observed decrease in accuracy with
decreasing SNR was most pronounced for D2 SU (Fig. 4).
For SNRs > 50 : 1, the integration of original reflectance
and derivative endmember spectra in a single analysis improved weed cover estimation in each scenario (InSU, Fig. 4)
compared to LSMA. For most scenarios and noise levels, this
was also true compared to DSU, except for some cases where
the accuracies of DSU and InSU were the same (Fig. 4).
In scenarios I and III, the integration of the original reflectance and first- and second-order derivatives (InSUD1,2,R )
was preferred over the integration of just the reflectance and
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Fig. 3. (Top) Mean and 95% confidence interval of the original reflectance features for each endmember class; the mean difference in the (middle) first-derivative
and (bottom) second-derivative spectra among the endmember classes. The 95% confidence intervals are also indicated.

first derivatives (InSUD1,R ). In scenario II, both approaches
provided similar accuracies (Fig. 4). For the simulated AVIRIS
data, improvements in integrating magnitude- and shaperelated information were observed for each scenario (Δf =
[0.04, 0.07], ΔΔf = ±0.02; RMSE = [0.06, 0.08], ΔRMSE =

±0.02; R2 = [0.57, 0.72], ΔR2 = ±0.07; slope = [0.80, 0.91],
Δslope = ±0.06; intercept = [0.03, 0.08], Δintercept = ±0.01),
and overall, the accuracies of InSUD1,2,R were higher than
those of InSUD1,R , except for scenario II, in which both
provided approximately the same results (Fig. 4).

Authorized licensed use limited to: UNIVERSIDAD DE LA SERENA. Downloaded on October 26, 2009 at 07:46 from IEEE Xplore. Restrictions apply.

3636

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 47, NO. 11, NOVEMBER 2009

Fig. 4. Fraction abundance error (Δf ), RMSE, the coefficient of determination (R2 ), and slope and intercept of the modeled versus observed weed cover
fractions in a scatterplot for different SMA approaches, different SNR levels (no noise, 500 : 1, 200 : 1, 50 : 1), and different scenarios. The SMA models that
incorporate the waveband selection technique, as described in Section II-D3, are marked with an asterisk (∗ ). At the bottom of the plots, the number of spectral
features used in the mixture analysis (n) is shown. Results are also shown (in gray) for the simulated AVIRIS data (Section III-D). n should be divided by 10
to obtain the number of wavebands used in the analysis of the simulated AVIRIS data. (a) Scenario I: C. sinensis, Lolium sp., shade. (b) Scenario II: C. sinensis,
Echium sp., Arenosol, shade. (c) Scenario III: C. reticulata, Plantago sp., Luvisol, shade.
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The automated ISI-driven feature selection
algorithm
∗
∗
(LSMA∗ , D1 SU∗ , D2 SU∗ , InSUD1,2, R , InSUD1,R )
was proposed to improve the separability between weed
and tree spectra (Section II-D3; Fig. 2). Compared to the
traditional approaches using all wavebands (Δf = [0.04, 0.17],
RMSE = [0.05, 0.16], R2 = [0.22, 0.78], slope = [0.58, 1.02],
and intercept = [0.02, 0.11]), the implementation of the feature
selection algorithm (Δf = [0.02, 0.13], RMSE = [0.01, 0.13],
R2 = [0.29, 0.96], slope = [0.45, 1.02], and intercept =
[−0.02, 0.08]) resulted in an average increase of ±0.18 in
R2 and decrease of ±0.03 and ±0.02 in Δf and RMSE,
respectively (Fig. 4).
For the noise-free
data, the highest accuracies were achieved
∗
for InSUD1,2,R compared
with the results of LSMA∗ , D1 SU∗ ,
∗
D1,R∗
2
D SU , and InSU
(Fig. 4). However, with
decreas∗
ing SNRs, there was a shift toward InSUD1,R . Yet, for
the simulated AVIRIS data, the overall highest ∗accuracy
in each scenario was obtained for the InSUD1,2,R (Δf =
[0.03, 0.05], RMSE = 0.06, R2 = [0.62, 0.77], slope = [0.85,
0.95], and intercept = [0.01, 0.03]).
For each∗ scenario, the spectral
features selected for use in
∗
InSUD1,2,R and InSUD1,R are highlighted as black and gray
dots, respectively, at the bottom of Fig. 5. The number and type
of wavebands or spectral features selected by the automated
ISI-driven feature selection algorithm depend on the considered scenario and the available spectral information (Fig. 5).
According to Somers et al. [34], wavebands were selected in
groups of 50. For the first scenario, which is a mixture of
weed, tree canopy, and shade spectra, the 100 most stable
∗
spectral features (lowest ISI) were selected by InSUD1,2,R . All
of the selected features were shape related because both first
and second derivatives were included. The original reflectance
spectra, as such, did not contribute and could as well have
been discarded. The selected wavebands were spread over the
500–1700 nm domain, and the analysis resulted in improvements over the traditional DSU and LSMA approaches
(Fig. 4).
∗
If no second derivatives were used (InSUD1,R ), the number
of selected features increased to 150. Most of them were first
derivatives, yet, 20 wavebands (around 680 nm) were selected
from the original reflectance spectra, resulting in an increase
in weed cover estimate accuracy over D1 SU∗ and LSMA∗
(Fig. 4). Despite the presence of a soil component, similar weed
cover estimate accuracies were achieved for scenarios II and III
(Fig. 4). In the second scenario,
250 wavebands were selected
∗
for use in InSUD1,2,R . Again, only shape-related spectral
features, spread
over the 450–1600 nm domain, were used.
∗
InSUD1,R selected 700 wavebands, most of them first derivatives. However, approximately 150 wavebands were selected
from the original reflectance in the SWIR2 (2050–2400 nm),
resulting in an increase in weed cover estimate accuracy compared to D1 SU∗ and LSMA∗ (Fig. 4). In the third
scenario,
∗
only 50 wavebands were used by InSUD1,2,R . Yet, the selected subset contained both original and first- and secondderivative reflectance features, most of them∗ from the visible
(VIS: 350–700 nm) domain. For InSUD1,R , the number of
stable features increased to 200. The 90 bands selected from the
original reflectance spectra were mainly centered
at 520 nm. ∗
∗
Fig. 6 assesses the robustness of InSUD1,2,R and InSUD1,R
against ambient or instrumental noise. The combined effect
of the SNR, the smoothing filter size, and the SMA accuracy
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Fig. 5. ISI plotted against wavelength for each scenario. Results are shown
for the (top) original reflectance spectra and the (middle) first-derivative and
∗
(bottom) second-derivative spectra. The features selected by the InSUD1,2,R
∗
D1,R
and InSU
approaches are highlighted as black and gray dots at the bottom
of the plots, respectively.
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∗

∗

Fig. 6. Combined effect of smoothing filter size, SNR, and the coefficient of determination (R2 ) of the InSUD1,2,R and InSUD1,R approaches estimated
∗
∗
versus real weed cover fractions. The dotted horizontal lines indicate the accuracy levels (R2 ) for LSMA, LSMA∗ , InSUD1,2,R , and InSUD1,R as applied on
noise-free data (Table I). (a) Scenario I. (b) Scenario II. (c) Scenario III.

is shown. From Fig. 4, it was already clear that the accuracy
of InSU∗ dropped as the SNR decreased, and
that this drop
∗
was more pronounced for the InSUD1,2,R . By increasing
the smoothing filter size, the accuracy clearly increased. A
critical point was reached after which SMA accuracy drops
again (Fig. 6). These points were similar for all scenarios but
shifted toward larger filter sizes when the SNR decreased. The
following general conclusions valid for the three investigated
scenarios could be drawn.
1) For a SNR of 500 : 1, the optimal filter size was∗
50 wavebands, and
the average accuracy for InSUD1,R
D1,2,R∗
and InSU
are, respectively, Δf = (0.04, 0.03),
RMSE = (0.05, 0.04), R2 = (0.88, 0.89), slope = (0.92,
0.95), and intercept = (0.03, 0.02).
2) For a SNR of 200 : 1, the optimal filter size was 75∗
wavebands, and∗ the average accuracy for InSUD1,R
and InSUD1,2,R are, respectively, Δf = (0.06, 0.07),
RMSE = (0.06, 0.07),
R2 = (0.83, 0.77),
slope =
(0.91, 0.88), and intercept = (0.04, 0.03).
3) For a SNR of 50 : 1, the optimal filter size was∗
100 wavebands, ∗and the average accuracy for InSUD1,R
and InSUD1,2,R are, respectively, Δf = (0.08, 0.10),
RMSE = (0.07, 0.08), R2 = (0.70, 0.65), slope = (0.84,
0.82), and intercept = 0.06.
4) For filter sizes ranging between 25 and 175 wavebands,
and SNRs of 500 : 1 and 200 : 1, InSU∗ provided the most
appropriate weed cover fraction estimates compared to all
other tested LSMA approaches (Figs. 4∗ and 6). A tendency toward first derivatives (InSUD1,R ) was observed
for higher noise levels.

V. D ISCUSSION
For all scenarios and all noise levels, the traditional LSMA
approach provided the least accurate weed cover fraction estimates (see Fig. 4). As commonly accepted, this is explained by
the high similarity between weed and tree spectra, evident from

Fig. 3, resulting in unstable model inversion (e.g., [2], [12]–
[14], [19], [37], and [38]).
The intraclass and interclass endmember variability was
quantified using ISI [see (6)], and results are plotted in Fig. 5.
A comparison between Figs. 3 and 5 shows that the wavebands
or spectral features with high ISI values (Fig. 5) correspond to
spectral features displaying a high similarity between, and/or a
high variability within, endmember classes (Fig. 3). The opposite is true for low values. Lower ISI values for the derivatives
(Fig. 5), therefore, illustrates that derivative analysis (DSU)
resulted in a reduced similarity among the endmember classes
compared to analysis of the original reflectance data, which, in
its own, explains the improved weed cover estimates using the
DSU approaches (Fig. 4). Debba et al. [37] also demonstrated
lower correlation coefficients for pairs of derivatives compared
to the original spectra of iron-bearing oxide, hydroxide, and sulfate minerals. Moreover, improved estimates of abundance of
the spectrally similar minerals were shown for DSU compared
to LSMA. Nevertheless, a decreased accuracy with decreasing
SNR was observed for the DSU approaches, and the decrease
was more pronounced for the D2 SU (Fig. 4). These results
corroborate those of Debba et al. [37], who also found that for
a SNR of approximately 50 : 1, the use of first derivatives in
DSU was preferred over the use of second derivatives, while
the opposite was true for noise-free data.
The automated ISI-driven feature selection algorithm
was included in the mixture analysis (LSMA∗ , D1 SU∗ , D2 SU∗ )
(Section II-D3; Fig. 2) to further improve the results of DSU.
For a SNR up to 200 : 1, clear improvements over the traditional
approaches using all wavebands were observed (Fig. 4). These
improvements corroborate the results of [34] and reinforce
the basic assumption that subpixel fraction estimates can be
improved considerably by focusing on a subset of “stable”
spectral features [8], [10], [34]. Overall, for the noise-free data,
the highest accuracies were achieved for the second derivatives
(D2 SU∗ ), while for SNRs < 200 : 1, the highest accuracies
were observed for the first derivatives (D1 SU∗ ) (compare results of LSMA∗ , D1 SU∗ , and D2 SU∗ in Fig. 4). In [31], a similar
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approach using second derivatives was successfully tested to
map the distribution of rock-encrusting lichen communities.
These authors, however, manually selected wavelengths to optimize the separability among endmembers. The relevance of
the current results, therefore, is not only situated in validating
the approach and highlighting the potential of using derivative
spectra in mixture analysis. This study provides an additional
improvement to the algorithm by adding an automated protocol
for wavelength selection.
Further improvements in weed cover estimates using SMA
were obtained by integration of original reflectance and
derivative data in a single unmixing analysis (InSU) (Fig. 4).
For noise-free data, the integration of original and first- and
second-derivative data (InSUD1,2,R ) was preferred. Yet, for
SNRs of 200 : 1 or higher, the gain of including second derivR
atives in the analysis decreased, and InSUD1, performed better. As previously reported, higher order derivatives are more
sensitive to high-frequency noise compared to lower order
derivatives [37].
Similar to LSMA and DSU, the performance of InSU was
further improved by including the automated ISI-driven
feature selection algorithm (InSU∗ ) (Fig. 4). The number,
type, and position of the selected wavelengths differed among
scenarios and depended on the available spectral information
(Fig. 5). Nevertheless, most of the selected wavebands were
extracted from the VIS (350–700 nm) and near-infrared (NIR:
750–1050 nm) domain, indicating an improved separability
among the endmembers in this spectral domain (Fig. 5). This
corresponds to the results of previous studies [10], [36], [46]
and could in the VIS domain be explained by slight changes in
pigment concentration between both vegetation types caused by
species-specific characteristics or unbalanced nutrient supplies
[34]. These results further indicate that despite the presence of a
dry (scenario II) or relatively wet (scenario III) soil component,
the VIS and NIR domains are critical in extracting proper
information on the subpixel distribution of weed patches. This
contradicts the results reported by Asner and Lobell [8], who
identified the SWIR2 (2050–2500 nm) region to be most appropriate to discriminate between soil and vegetation. The use of
derivatives and the presence of similar vegetation types in addition to a soil component, as such, invalidate this assumption and
make the VIS and NIR domains more appropriate for separation
of the vegetation endmembers. Additional experiments with
mixtures of different vegetation and soil types are, however,
required to generalize this assumption.
As demonstrated in Figs. 4 and 6, derivative analysis and,
as such, InSU and InSU∗ , suffers from ambient and instrumental noise. Thus, proper smoothing operations are critical.
As expected, without additional preprocessing (no or minor
smoothing) InSU failed to provide acceptable weed cover
fraction estimates for all noise levels (Fig. 6). By increasing
the smoothing filter size, the accuracy clearly increased and
eventually reaches a critical point after which SMA accuracy
drops again (Fig. 6). The subsequent drop in accuracy is explained by the loss of spectral details in derivative spectra when
the smoothing filter window exceeded a certain size [32]. The
critical points were similar for all scenarios but shifted toward
greater filter sizes when the SNR decreased. Overall, for filter
sizes > 25, and a SNR of 200 : 1 or better, InSU∗ provided the
most appropriate weed cover fraction estimates in all scenarios
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(Figs. 4 and 6). All DSU approaches suffered from noise effects
similar to InSU and a tendency toward improved accuracies for
the first derivatives, compared to the second derivatives, was
observed (Fig. 4). Whether or not to use higher order derivatives
in InSU is, as such, highly dependent on the quality of the
spectral data. Smoothing filters can to some extent circumvent
noise problems in DSU and InSU.
The robustness of InSU was further evaluated based on
simulated AVIRIS data. The spectral bands of the ASD
sensor were resampled, and typical AVIRIS noise degraded
signals were generated (Section III-C). Model comparison
(Fig. 4) showed that in general, similar conclusions could
be drawn for the simulated AVIRIS data compared to the
previous simulations performed in this study. Compared to the
traditional LSMA and DSU approaches, improvements in weed
cover estimates were achieved by 1) applying the automated
ISI-driven feature selection algorithm and 2) integrating the
original and derivative reflectance data. For all scenarios, the
∗
InSUD1,2,R , integrating both original and first- and secondderivative spectra in an automated waveband selection protocol,
provided the best results. A smoothing filter of ten AVIRIS
wavebands, which corresponds to approximately 50 ASD
wavebands, was used prior to analysis. Still, the results of
∗
InSUD1,2,R are prone to noise effects. It should, however,
be recalled that, as is the case for AVIRIS [42], wavebandspecific SNR profiles are available for most commonly used
airborne and spaceborne sensors. Therefore, we propose to
incorporate this information in the InSU approach as an
additional criterion for waveband selection. From the analysis
in Fig. 4, it was clear that for SNRs < 200 : 1, the accuracy
of InSU dropped drastically. Therefore, AVIRIS wavebands
with a SNR below this threshold were excluded from analysis.
Subsequently, the remaining wavebands were exploited for
derivative analysis and were included in the feature selection
protocol as described in Section II-D-3. Results demonstrated
∗
that the accuracy of InSUD1,2,R in scenarios I, II, and
III significantly increased to R[2I,II,III] = [0.81, 0.89, 0.67],
RMSE[I,II,III] = [0.05, 0.04, 0.04], Δf[I,II,III] = [0.03, 0.03,
0.04], slope[I,II,III] = [0.89, 0.96, 0.86], and intercept[I,II,III] =
[0.02, 0.01, 0.02]. These results are promising, although
continued research should validate and optimize this approach
on actual imagery. Taking these observations into mind, it
can be concluded that InSU∗ , although sensitive to noise,
provides an interesting tool for a dynamic and accurate sitespecific weed patch monitoring. Complementary information
is provided by integration of different shape-related (i.e.,
first and second derivatives) and magnitude-related spectral
features, while maximum separability between endmembers is
achieved by selecting stable features (low ISI). However, the
nature and amount of features to provide optimal weed cover
fraction estimates clearly depend on the spectral characteristics
of the presented endmembers (species composition, age
class, biophysical, and biochemical status, etc.). For the
first scenario, all of the selected features were shape related
because both first and second derivatives were included in
the InSU∗ analysis (Fig. 5). The original reflectance spectra,
as such, did not contribute and could as well have been
discarded. However, this is not always the case. In scenario III
for example, original reflectance features as well as first- and
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TABLE I
COEFFICIENT OF DETERMINATION (R2 ) AND THE SLOPE AND INTERCEPT OF THE MODELED VERSUS OBSERVED WEED COVER FRACTIONS FOR
DIFFERENT SMA APPROACHES AND DIFFERENT SCENARIOS. THE SMA APPROACHES WERE EVALUATED USING ALL THE AVAILABLE
ENDMEMBER SPECTRA (100%) AND A RANDOM SELECTION OF 50% AND 25% OF THE AVAILABLE SPECTRA, RESPECTIVELY.
RESULTS ARE SHOWN FOR THE DATA WITH A SNR OF 500 : 1

second-order derivatives were selected in the optimal spectral
subset. Decisions on whether to exclude original or derivative
spectra from the analysis are therefore difficult to make
manually as this is case sensitive and prone to the spectral
characteristics of the presented endmembers. Despite this,
the automated ISI-driven feature selection algorithm allows
InSU∗ to automatically adapt to the spectral characteristics of
the presented endmembers and allows, in variable situations,
selecting the optimal set of spectral features (original or
derivative reflectance) for accurate fraction estimates. This is
specifically important for weed detection as spectral discrimination efficiency of weeds and crops is consistently affected by
consecutive phenological developmental stages [47]. Important
to highlight is that similar to most LSMA approaches, an
appropriate spectral endmember library is vital for a proper
functioning of the technique (e.g., [7], [8], [11], [14], [20], and
[30]). Results in Table I show an overall drop in R2 , between

the modeled and observed weed cover fractions, as the spectral
endmember library size decreases. Similar conclusions could
be drawn for the slope and intercept (Fig. 4). The ISI-driven
spectral feature selection algorithm requires proper information
on the intraclass variability. A detailed statistical analysis on
the minimum or optimal library size in relation to the presented
intraclass variability is required. In this light, continued
research should focus on validating the approach using actual
imagery and spectral libraries built from automated endmember
selection techniques such as those proposed in [21] and [26].
In particular, the technique described in [26] is interesting as
it allows constructing endmember bundles from image data
expressing as such the intraclass endmember variability.
Alternatively, lookup tables [48] linking phenological
development stages and the spectral variability of weed
and crop canopies could be used. Such an approach, however,
requires an extensive set of reliable field measurements.
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VI. C ONCLUSION
This study has successfully tested an alternative SMA approach that allows for the discrimination between weed and
crop canopy spectra. General traditional approaches fail to do
so because of the high spectral similarity among the different
vegetation types. The approach presented in this paper, referred
to as InSU, combines both shape (first and second derivatives)and magnitude (original reflectance)-related spectral features
in an automated waveband selection protocol. Analysis of
simulated mixtures of in situ-measured Citrus canopy, weed
canopy, and soil spectra markedly illustrated improved weed
cover fraction estimates for InSU over traditional approaches.
The added value of incorporating derivative analysis in LSMA,
as such, was demonstrated. Consistent results were observed for
different scenarios, highlighting that InSU provides a powerful
tool as a dynamic weed development monitoring technique. Although the algorithm needs validation in field situations (e.g., to
address the influence of nonlinear mixing effects and imageryspecific SNRs) [49], a promising tool is presented that might
also be relevant in other ecosystems or application domains in
which highly similar endmembers need to be separated.
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