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ABSTRACT: The technique of derivative analysis, developed initially in the field of analytical chemistry, has 
been applied in the analysis of high spectral resolution data. However, it is widely known that derivative 
analysis is sensitive to noise in the data; hence, effective noise removal is needed if derivative analysis is to be 
applied successfully. Various methods of noise removal are described in the literature. A newly developed 
method based on the wavelet transform appears promising, though there is little practical guidance on its use. 
In this study, the investigation of several important parameters that govern wavelet-based de-noising is under-
taken. The optimal parameter settings are then evaluated for use in derivative analysis using field spectroradi-
ometer data and in mapping vegetation cover for land degradation studies from DAIS 7915 airborne imaging 
spectrometry (IS) data using spectral red edge parameters. Results indicated that wavelet-based de-noising is 
useful in reducing noise and thus facilitating derivative analysis, though some limitations were encountered. 

1 INTRODUCTION

Vegetation state, distribution, and abundance are 
important indicators for land degradation problems 
in arid and semi-arid areas (Seixas 2000). A number 
of spectral parameters can be used in vegetation 
studies, such as the spectral red edge parameters. 
The ‘red edge’ refers to the steep increase in reflec-
tance adjacent to the chlorophyll absorption band in 
the transition zone between red and near infra-red 
regions of the spectrum (Dias 2002). The red edge is 
normally located between 680 and 750 nm (Horler et
al. 1983) and relates to phenology and health status 
of vegetation (Patel et al. 2001). An increase in chlo-
rophyll concentration will broaden the chlorophyll 
absorption feature and will result in the shift of the 
position of the red edge towards longer wavelengths, 
and vice versa (Horler et al. 1983).

The analysis of red edge parameters has been a 
subject attracting interest from researchers, with 
studies ranging from local to global scales. Local-
scale studies are normally carried out using labora-
tory and field spectrometers. The advent of airborne 
and spaceborne imaging spectrometers provides the 
potential of deriving the red edge parameters in a re-
gional to global scales (Dawson 2000). 

Imaging spectrometers (IS) provide data in con-
tiguous bands that allow much more detailed analy-
sis of the shape of the spectral reflectance curve of a 
target compared with the use of the broad-band mul-
tispectral data. New techniques of analysis have 

been introduced in order to allow the more effective 
extraction of information from IS data. Among oth-
ers, the technique of derivative analysis, which was 
developed by analytical chemists, has been shown to 
be applicable to the analysis of IS data.

The spectral red edge parameters can be extracted 
via derivative analysis (Dawson and Curran 1998), 
which implies that the results are insensitive to the 
influence of unwanted factors such as background 
soil reflectance, atmospheric effects and variations 
in illumination (Horler et al. 1983). However, the 
major drawback in the application of derivative-
based techniques is the high sensitivity of the ap-
proach to any noise content in the data, as the de-
rivative calculation amplifies the high-frequency 
noise (Bruce and Li 2001). Thus, the use of deriva-
tive analysis requires the application of some noise 
removal technique to the data before the derivative 
is computed. 

Several methods have been used to smooth noisy 
signals, including the Fourier transform, the 
Savitzky-Golay local polynomial, the mean filter, 
Gaussian functions, and so on. However, these 
methods have characteristics that could reduce their 
effectiveness in dealing with noisy signals. In recent 
years, a new method known as wavelet shrinkage 
has been introduced to the scientific community. It is 
said to offer a more efficient and statistically rigor-
ous approach to signal processing. Among the ad-
vantages of the wavelet shrinkage method is that it 
can be used to reduce the level of noise while pre-
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serving the significant features of the original data 
(Depczynski et al. 1999). However, practical guid-
ance on the use of the wavelet-based de-noising is 
hard to find (Horgan 1998) and the use of wavelet 
transform in the analysis of IS data is very limited 
(Bruce et al. 2001). 

The objectives of this paper are therefore:

1) To investigate the optimal parameters for wave-

let-based de-noising. 

2) To explore the feasibility of using wavelet-based 

de-noising and derivative analysis for the analy-

sis of field spectroscopy and airborne imaging 

spectrometry data. 

3) To test the applicability of the technique utilising 

red edge parameters in mapping vegetation in a 

semi-arid wetland area that is experiencing land 

degradation problems.  

The first stage of the work involved a simulation 
study carried out using synthetic data to determine 
the factors that affect the performance of the wave-
let-based de-noising technique. This study also had 
the aim of providing practical guidance on the use of 
the wavelet-based de-noising technique in remote 
sensing. Further analysis was carried out to deter-
mine the effects of noise removal on derivative 
analysis of field spectroradiometer data. In the sec-
ond stage of the study, the utility of the wavelet-
based de-noising procedure for derivative analysis of 
IS data was assessed in terms of the mapping of the 
vegetation distributions and conditions in the study 
area using the spectral red edge properties of the 
vegetation.

2 STUDY AREA AND DATA 

2.1 Study area 

The study area is located within the area of La Man-
cha Alta in central Spain. The wetland area of La 
Mancha Alta is regarded as one of the most impor-
tant areas for migrating and wintering waterfowl in 
Spain (Oliver and Florín 1995). Its semi-arid envi-
ronment makes it susceptible to land degradation 
processes. The region, which was once famous for 
various types of wetlands, is now left with many de-
stroyed wetlands due to drainage, over-pumping, 
and water-table decline (Grove and Rackham 2001). 
The exploitation of water resources has contributed 
to losses of wetland. Oliver and Florín (1995) report 
that 62.5% of La Mancha wetland areas are in the 
process of disappearing or have already disappeared, 
with only 2.8% of the wetland areas in a well-
preserved state. 

2.2 DAIS 7915 airborne imaging spectrometry 

data

The IS data used in this study was collected by the 
Digital Airborne Imaging Spectrometer (DAIS) 
7915 airborne sensor. This instrument uses four 
spectrometers to measure radiant and emitted energy 
in 79 wavebands in the range 0.4 – 12.6 µm. The 
German Aerospace Centre (DLR) carried out the 
data acquisition plus radiometric, atmospheric, and 
geometric correction. The spatial resolution of the 
geometrically corrected image is 5 m. A DAIS over-
flight of the study area was conducted in June 2000, 
at the behest of the Autonomous University of Ma-
drid (UAM), Madrid, Spain.

2.3 Field spectroradiometer data 

The field spectroradiometer data used in this study 
was acquired during a field spectroradiometer cam-
paign conducted in La Mancha, Spain in June 2001 
using ASD FieldSpec Pro Spectroradiometer loaned 
by the Natural Environment Research Council 
Equipment Pool for Field Spectroscopy (NERC 
EPFS) hosted by the University of Southampton. 
The main objective of the fieldwork was to collect 
representative reflectance spectra of a range of 
ground cover types in the 0.35 to 2.5 µm region of 
the spectrum in order to develop a spectral library of 
the major ground features in the study area. The data 
measurement was carried out with the research 
group of Professor José Gumuzzio of UAM, Madrid. 
This spectral library will be useful for the subse-
quent analysis and feature identification using air-
borne IS data.

2.4 Synthetic data 

The synthetic data used is a form of sine wave func-
tion with known properties (Figure 1). The sine 
function simulates a data set that has the properties 
of a stationary smooth signal with no high frequency 
components.  

Users of the wavelet transform must specify in 
advance the nature of the filter functions that are to 
be used. These functions are known as ‘mother 
wavelets’, and they differ in terms of their symmetry 
and smoothing properties. The synthetic data were 
used to assess the effects of the use of a range of dif-
ferent mother wavelets (Daubechies 4, Daubechies 
12, Daubechies 20, Coiflet 12, and Symmlet 4). A 
second analysis investigated the properties of two 
different methods of noise thresholding, known as 
hard and soft thresholding. Thirdly, as the wavelet 
transform is hierarchical in nature, the effects of 
noise estimation using different levels of resolution 
were considered. The experience gained from these 
experiments allowed the specification of a number 
of guidelines, which were then used in noise re-
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moval and derivative analysis of the field and air-
borne spectroscopy data. 

Figure 1. The sine wave used in the simulation study. 

3 METHODOLOGY

3.1 Derivative analysis 

Tsai and Philpot (1998) review the use of derivative 
analysis in remote sensing. According to De-
metriades-Shah et al. (1990), derivative analysis is 
able to deal with the problems of quantitative remote 
sensing analysis in an efficient and elegant way. 
However, remote sensing data (particularly aircraft 
data) are acquired under uncontrolled conditions, 
such as changing view and illumination geometry, 
atmospheric effects, and spatial resolution factors 
that result in degradation of the data due to addition 
of high frequency noise (Bruce and Li 2001) that 
complicates the use of derivative, as the technique is 
highly sensitive to noise in the data.  

The first derivative measures the slope of the 
spectral reflectance curve at a given point. If the 
wavelength is denoted by x and the magnitude of 
spectral reflectance by y, then the derivative at any 
point on the curve between xmin and xmax is written as 
dy/dx. The simplest way to calculate the derivative 
for discrete (digital) data is to use the method of dif-
ferences:
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dx
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1

1
                                                     (1) 

Higher-order derivatives are obtained by repeat-
ing the process on the derivative of the immediately 
lower order. However, due to the increasing sensitiv-
ity of derivatives to noise and other small random 
variations in the data as the derivative order in-
creases, it is generally accepted that lower order de-
rivatives are more suitable for operational remote 
sensing applications (Cloutis 1996). As the advan-
tages of the use of derivatives are offset by the in-
troduction of significant noise in the derivative spec-
trum, it is necessary to reduce the noise in the 
original signal before the derivative is calculated. 

3.2 Wavelet-based de-noising 

Electronic signals are affected by noise of some 
form, thus, before any useful analysis can be per-
formed, it is preferred that the noise is suppressed in 
order not to interfere with the information content. 
Noise can originate from various sources such as in-
strumental instability, data acquisition processes, in-
terfering natural phenomena, and so on. Thus, 
smoothing or de-noising is normally a necessary pre-
processing step before any subsequent analysis util-
ising the signals is performed. This process can 
greatly help direct human interpretation and enhance 
subsequent computer-based analysis.  

Various methods of signal de-noising have been 
used prior to derivative calculation. One of the most 
popular methods is the Savitzky-Golay procedure, 
which is used by Demetriades-Shah et al. (1990). 
The significant advantage of wavelet-based de-
noising compared to other smoothing (low pass fil-
ter) methods such as Savitzky-Golay, for instance, is 
that wavelet-based de-noising explicitly estimates 
the noise variance in order to discriminate effec-
tively between noise and signal components of the 
data.

Noise reduction is one of the many applications 
of wavelet analysis. Wavelet analysis is also a popu-
lar tool in performing data compression and fast 
computation (Bruce et al. 1996). Wavelet analysis is 
appropriately used in problems that traditionally rely 
on Fourier techniques. For more complicated signals 
of the non-stationary type, the use of Fourier trans-
form is not applicable. The wavelet transform, on 
the other hand, is well adapted to non-stationary sig-
nals, such as those generally encountered in remote 
sensing (Ranchin and Wald 1993).

We are particularly interested in the application 
of wavelet-based de-noising methods. Our de-
noising method is based on the use of the discrete 
wavelet transform (DWT). DWT de-noising in-
volves three major steps: transformation of the noisy 
signal to the wavelet domain, thresholding the wave-
let coefficients, and inversely transforming the de-
noised wavelet coefficients back to the original sig-
nal domain. The second step is highly critical and 
involves several tasks, such as the selection of the 
wavelet type, the application of the suitable thresh-
olding methods and the level of resolution at which 
the de-noising is to be applied. Thresholding, which 
is an integral part in the second step, is a way of 
suppressing or shrinking those wavelet coefficients 
that are below a particular threshold value. Noise is 
associated with these small coefficients, and thus no 
important information is lost. The de-noised signal is 
constructed from the remaining wavelet coefficients. 
For a data series of length n the first level n/2 detail 
coefficients are selected, and their median absolute 
deviation (MAD) is calculated by (i) determining the 
median of the absolute values of the n/2 selected de-
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tail coefficients (MED1) and (ii) the median of the 
absolute deviations (MAD) from MED1. Following 
Donoho (1995), a Universal Threshold t is defined 
as:

674502 ./MAD)nlog(t                                   (2) 

where n is the data series length.
The synthetic data as shown in Figure 1 was con-

taminated with a selected autocorrelated gaussian 
noise with a mean of zero and user-specified vari-
ance and autocorrelation. The first step in the wave-
let-based de-noising is the selection of the mother 
wavelet and then the level of resolution. Next, one of 
hard or soft thresholding was chosen. Each experi-
ment was run 30 times using the same initial data 
but with different levels of additive random noise 
having the same statistical characteristics in order to 
estimate the variability of the results.

The Walker Error (WE) measure (Walker 1999)
is used as the measure of performance of the differ-
ent parameters compared. This measure was calcu-
lated by taking the wavelet coefficients of the raw 
data without noise (f) and the wavelet coefficients of 
the de-noised data (g) and calculating the mean of 
the absolute differences between f and g. The num-
ber of wavelet coefficients is represented by n.

WE = 
n

gf
                                                      (3) 

3.3 Red edge parameters mapping 

A methodology of mapping the red edge parameters 
related to vegetation distribution and health monitor-
ing related to stress developed is shown as in Figure 
2. In the first step, the non-vegetation pixels are first 
masked using a simple vegetation ratio of the form 
(IR/R), where IR is a near infrared band and R is a 
red band. In this study, the ratio of IR/R of DAIS 
band 18 and band 10 is used with threshold value of 
1.6. The use of the reflectance ratio would then en-
hance the spectral contribution of green vegetation 
while minimising the contribution of the surround-
ing soil signals. Then a derivative image is generated 
after the wavelet-based de-noising was applied to the 
original reflectance image. The algorithm then 
searches for the red edge position by locating points 
on the spectra of individual pixels at which the first 
derivative shows a local maximum that coincides 
with a ‘zero crossing’ in the second derivative. The 
position of the red edge wavelength is linearly inter-
polated from the centre waveband positions immedi-
ately preceding and immediately following the zero 
crossing in the second derivative curve.

When this procedure is applied on a pixel by 
pixel basis to all non-masked pixels in the image, the 
result is a red edge position (REP) image that depicts 

the spatial variability in the position of the red edge 
wavelengths.

Figure 2. The overall steps in the red edge position (REP) 

mapping methodology. 

4 RESULTS AND DISCUSSION 

4.1 Simulation study 

Figure 3. Mean Walker Error (WE) measure against different 

noise levels (0%, 15% and 30%) for different wavelets. 
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Figure 4. Mean WE of hard and soft thresholding for different 

noise levels using Daubechies 20 wavelet. 

Figure 5. Mean WE against resolution level for different noise 

levels. 

The graph of mean WE versus noise levels in Figure 
3 indicates that the Daubechies 20 mother wavelet 
gives the best de-noising result. The comparison be-
tween hard and soft thresholding type Figure 4 indi-
cates that hard thresholding performs better than soft 
thresholding in de-noising. The graph in Figure 5 
shows the mean WE plotted against different resolu-
tion (decomposition) suggests that the best de-
noising result is achieved at moderate resolution lev-
els.

Based upon results of these experiments, we con-

clude that: 

a) The Daubechies 20 mother wavelet was 

found to give the most acceptable result. 

b) Hard thresholding performs better than soft 

thresholding in the examples reported here. 

c) The resolution level to which the de-noising 

is applied should be moderate. 

These findings were used in the analysis of both the 

field and airborne data. 

4.2 Field spectroscopy 

Based on the guidelines obtained from the simula-
tion study reported above, wavelet-based procedures 
were used in noise removal and derivative analysis 
of the field spectroscopy data. The wavelet-based 
method was applied using a Daubechies 20 mother 
wavelet and hard thresholding with resolution level 
of five. 

Figure 6. The first derivative of a green vegetation spectrum 

before de-noising. 

Figure 6 shows the first derivative curve of a sin-
gle vegetation spectrum measured using the field 
spectroradiometer before de-noising. Figure 7 shows 
the first derivative curve after the de-noising proce-
dure was applied. The effects of noise reduction are 
clearly apparent, though some spurious ‘bounce’ ef-
fects are noticeable at both ends of the spectrum. 
These are edge effects. 

Figure 7. The effects of applying the wavelet-based de-noising 

on the vegetation spectrum first derivative. 

After some experimentation, involving visual 
analysis of first derivative spectra, it was found that 
the Universal Threshold value was too low, meaning 
that not all of the noise in the data was removed. 
This conclusion was also reached by Loizides 
(1996), who noted that the Universal Threshold can 
‘underfit’ the data. Further experimentation indi-
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cated that the Universal Threshold value should be 
multiplied by a factor of 12 in order to achieve a 
visually satisfactory de-noising and first derivative 
curve. However, as noted above, artefacts in the 
form of oscillations at both ends of the de-noised 
data curve are apparent (Figure 7). These oscillation 
effects are amplified further in the first derivative 
spectrum. This effect is the result of the ‘pseudo-
Gibbs’ phenomenon (Coifman and Donoho 1995). 
The affected regions with the oscillations are dis-
carded, and eliminated from further analysis.  

4.3 Airborne imaging spectrometry 

The impact of land degradation can be seen in vege-
tation activity and the growth conditions. The meth-
odology shown in Figure 2 should allow the map-
ping of the spatial distribution of vegetation as well 
as giving some indication of the correlation of vege-
tation conditions with the state of the land degrada-
tion. The map of the spatial distribution of vegeta-
tion and the variations due to the different red edge 
position is shown in Figure 8.  In general this clearly 
indicates the lack of green vegetation in the area. 
This lack of vegetation coverage is the most obvious 
and general indication of the magnitude of land deg-
radation effects in the study area. 

The red edge wavelength variation map shown in 
Figure 8 produced using the methodology described 
in section 3.3 provides details of vegetation distribu-
tion and status. The area shown in blue in Figure 8 
represents the red edge position at the shortest wave-
length (710 – 720 nm). This is the most stressed 
vegetation. The areas depicted in green, red and fi-
nally yellow indicate increasing red edge wave-
lengths. It is hypothesised that the red edge position 
correlates with the growth or physiological condi-
tions of the vegetation. The red and yellow areas are 
mostly located in close proximity to the water 
sources in the area. The areas shown in blue are 
those where the chlorophyll content of the vegeta-
tion is relatively low, or where the vegetation is un-
der stress from anthropogenic or natural causes.  

The use of the derivative-based red edge wave-
length procedure appears to be effective in mapping 
both the spatial distribution and the status of vegeta-
tion. The major distribution of vegetation is mostly 
around the permanent sub-saline lake in the upper 
left of Figure 8. Vegetation density is lower in other 
areas. This distribution might indicate lack of water 
or increased salinity, resulting in soil degradation. 
The lack of vegetation cover for surface protection 
will accelerate the processes of land degradation due 
to soil erosion or salinisation.

The actual area of vegetation might be underesti-
mated by the methodology since vegetation in semi-
arid areas may have adapted to the harsh environ-
ment, thus have reduced red edge features. 

Figure 8. The spatial distribution of vegetation mapped using 

the proposed methodology overlaid on the DAIS image in 

grey-scale. Theoretically, REP moves to longer wavelengths 

with increasing chlorophyll concentration (refer to the colour 

representation in the CD-ROM).  

The relatively broad spectral bandwidth of the 
DAIS data of 15-30 nm may also not be able to de-
tect subtle changes in the red edge position. A spec-
tral bandwidth of 10 nm or less is required for the ef-
fective detection of subtle red edge parameters 
(Clevers 1999). The detection and monitoring of 
vegetation in semi-arid area is generally not very 
successful due to the sparseness of vegetation and 
the lack of vegetation red edge features due to the 
adaptation of the vegetation to the dry environment 
(Okin et al. 2001). The combination of low vegeta-
tion cover with the effects of a dominant soil back-
ground results in inability to properly detect the 
presence of vegetation due to the weak vegetation 
signal.

Nevertheless, more detailed ground information 
is required in order to determine the exact relation-
ship between the red edge position map and the ex-
tent of land degradation in the study area. 

5 CONCLUSIONS 

Based on the simulation study conducted in the 
course of this study, the following guidelines for the 
use of the wavelet-based de-noising technique are 
suggested:
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    Scale
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a) Mother wavelet: the longer the wavelet filter 
vector the smoother will be the output. The se-
lection of the mother wavelet should also depend 
on the properties of the input signal and on the 
desired outcome. 

b) Thresholding type: it was found that hard thresh-
olding performs better than soft thresholding.

c) Resolution level: the decomposition level at 
which de-noising is applied should be moderate.  

d) Proper treatment of the boundary problem is re-
quired, otherwise the pseudo-Gibbs phenomenon 
will affect the usability of the results. 

In our study, the use of wavelet-based de-noising 
results in amplified ripples at both end of the deriva-
tive spectrum derived from the field spectroradiome-
ter. Nevertheless, the procedure has obviously re-
duced instrumental noise and produced a more easily 
interpretable derivative spectrum in the regions of 
interest, as shown by a comparison of Figures 6 and 
7. Red edge wavelength mapping is less successful 
due to the sparseness of the vegetation cover; how-
ever, the technique shows the potential to be applied 
for large scale vegetation monitoring using airborne 
or spaceborne imaging spectrometry data.  

The issue of sub-pixel mixing is also an important 
topic as there is a need to determine whether the 
variation in red edge wavelength are due to changes 
in stress level or due to changing soil/vegetation 
proportions within a pixel. The results of analytical 
work such as that reported here are best interpreted 
in terms of variation from a mean or average condi-
tion, rather than in absolute terms. By repeating the 
analysis on a seasonal or annual basis will allow 
trends to be recognized. Any signs of stress could be 
used as an indicator of the effect of human activities 
or natural causes. 

Other red edge parameters such as the red edge 
peak magnitude and area under the peak of the first 
derivative curve at the red edge position should be 
investigated for their usefulness in assessing vegeta-
tion conditions that could be related to stress or land 
degradation. Future work could include a detail col-
lection of ground information such as chlorophyll 
content, vegetation type and the level of land degra-
dation to establish a relationship between those vari-
ables.

The effects of the wavelet-based de-noising pa-
rameters on different types of signals need to be in-
vestigated further. It is also planned to extend the 
method for the monitoring and mapping of vegeta-
tion in a more highly vegetated area. All in all, the 
new wavelet-based technique is shown to be promis-
ing in noise removal and derivative analysis of re-
mote sensing data.
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