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Abstract

This paper starts with a brief review of scattering statistics theory for diffusely scattered radar signals. Following, global navigation
satellite systems reflected (GNSS-R) signals are used to demonstrate the results of non-coherent signal averaging on the mean and stan-
dard deviation of the signal power fluctuations. The retrieved signal fading statistics of GNSS-R signals detected in low Earth orbit have
been analyzed as a function of consecutive uncorrelated measurements (or looks) and instrument antenna gain and compared to the the-
oretical description presented by Ulaby, Moore and Fung for a radar remote sensing configuration. The results of this analysis include
empirically determined error distributions that provide a reference to asses the potential accuracy of GNSS-R model based retrieval
methods, and to what extent increasing the instrument antenna gain will improve the retrieval accuracy. Additionally, in assessing
the potential of using GNSS-R signals for ocean remote sensing, it is useful to compare the signal characteristics with those of existing
radar altimeter instruments. With this in mind, a fitting accuracy and parameter retrieval analysis has been undertaken using observed
fading noise from successful space based altimeters. The noise observed on real waveforms has been added to a simulated ideal waveform
with the intent to study the accuracy of ocean observables using a Monte Carlo simulation. By adding observed noise to ideal model
waveforms in this way, it is possible to quantitatively asses the fitting errors with respect to noise variance contained in the least-squares
model fitting sensing technique. Finally, the key differences between the traditional approach and the GNSS-R approach are then ana-
lyzed with regard to identifying the critical adjustments required in using GNSS-R signals for ocean remote sensing.
� 2010 COSPAR. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

One of the crucial open questions in using GNSS-R sig-
nals for remote sensing, particularly with regard to altime-
try applications, is the effect that fading noise on the
detected power profile will have on the parameter retrieval
accuracy. As summarized in the next section, signal fading
due to diffuse scattering from a rough surface is a well
known phenomenon that is traditionally mitigated using
incoherent signal averaging. In essence, fading noise is an
additional distortion added to the retrieved signal which
corrupts the true shape of the power profile with random
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noise (or noise independent from the traditional electronic
instrument noise). In attempting to perform remote sensing
using a theoretical model, as is the case in traditional altim-
etry, there will also be imperfections in the model which
will introduce errors independent of the noise on the signal.
In other words, the expected signal return and how it
relates physically to the surface will never be perfect. Nev-
ertheless, theoretical models have been proven to provide a
valid approximation for predicting surface parameters
from radar power return profiles.

In order to perform a detailed analysis on signal fading
in the GNSS-R case, several signals sampled at a raw inter-
mediate frequency (IF) have been post-processed exten-
sively on the ground. In the first case, two signals were
selected for the fact that reasonable in-situ information
rved.
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was available and the signals provided good examples of
the calm sea and rough sea general cases. The second group
of three signals were selected as they all exhibited weak
received power levels and presented samples to demon-
strate the dependance of signal statistics on signal to noise
ratio, and by inference antenna gain.

This processing generated detailed fading statistics as a
function of both delay across the surface and incoherent
averaging duration or number of averages looks (where
each look normally consists of a coherent 1ms correlation).
The statistics of these signals exhibited the expected fading
behavior for an ocean scattered signal. For consecutive
uncorrelated returns, the single-look power distribution
was clearly of an exponential form, which gradually chan-
ged to a chi-square distribution as consecutive waveforms
were incoherently averaged together. After incoherent
averaging times comparable to those used in traditional
altimetry returns, the fading noise reduced to acceptable
levels for use in surface parameter retrieval. As in the tra-
ditional altimetry case, parameter retrieval using GNSS-
R signals can be performed using a model fitting technique.
A reasonable understanding of how accurate the fitting
procedure is can be explored using traditional altimetry
waveforms and models.

The challenge of understanding the statistical properties
of surface scattering has been an important subject in
remote sensing research since its beginnings. Several dec-
ades ago (Fischer, 1972) published a description of the sta-
tistical distribution of measurements as received from a
space orbiting instrument. Following, a more detailed
explanation of the phenomenon was presented in Ulaby
et al. (1982) which is used as the basis of the analysis pre-
sented here. In the case of scattered GNSS signals, early
work on the statistical properties of scattered GNSS sig-
nals, and their connection to retrieval accuracy, was put
forward in Zuffada and Zavorotny (2001) and Hajj and
Zuffada (2003). This work concentrated on the signals lead-
ing edge, which as they suggested and the analysis below
shows, has different noise characteristics from the trailing
edge. Additional significant work which included theoreti-
cal analysis of GNSS altimetry was published by Rius and
Cardellach (2010) using measurements from aircraft.

An interesting GNSS altimetry application, not ana-
lysed in detail here, is the possibility under certain condi-
tions of making altimetry measurements using the
coherent carrier phase (Jin and Komjathy, 2010). This
technique has been successful under conditions where the
reflected signal contains a large coherent component, for
example at a very sharp grazing angles (Beyerle et al.,
2002; Cardellach et al., 2004). Importantly, as part of their
analysis, the noise statistics as a function of grazing angle
where observed giving valuable insights into the dynamic
statistical nature of a reflected GNSS signal.

In the case of traditional altimetry, the parameter retrie-
val accuracy using theoretical modelling has been analyzed
in Challenor and Srokosz (1989). However, within a theo-
retical evaluation it is often difficult to grasp how errors in
the model fitting are affected by fading noise quantitatively.
An alternative methods for looking at this problem is the
use of a numerical simulation, or more specifically, a
Monte Carlo simulation using empirically observed noise
profiles and a truth model waveform. Tools for performing
this analysis have been developed as part of the develop-
ment of the altimetry re-tracking software for the Envisat
altimeter (Cipolini et al., 2009). This is a common tech-
nique used in traditional altimetry to re-process the
detected power waveforms on the ground to fine tune the
parameter retrievals. Using a simulated altimeter waveform
and added Gaussian noise, error estimates due to the
model fitting technique for various parameter retrievals,
including ocean surface height and significant wave height,
can be generated.

In order to make a useful statement concerning the
model fitting errors observed using altimetry waveforms
to what could be expected in the case of GNSS bistatic
remote sensing, the key differences between the signals
needs to be understood. The primary difference is that an
altimetry signal is a frequency compressed “chirp” on the
order of nanoseconds resolution (Chelton et al., 1989)
while a GNSS signal is continuous signal with a pseudo-
random ranging code modulated on the carrier. The rang-
ing code chip duration ranges from approximately 293 m in
the case of GPS L1 C/A to as short as 29.3 m in the case of
GPS L5, GPS L1 P(Y) and a number of Galileo signals.
Achieving the equivalent accuracy as that of the much
shorter altimetry pulse will require a significantly altered
processing strategy for GNSS-R signals (Jin et al., 2005).

The validity of this analysis applies generally to signals
that meet the following conditions. First, that the signal
has been incoherently scattered from the surface, in other
words the surface scattering is diffuse with minimal or no
coherent phase present in the detected signal. Using the
general rule of thumb presented in (Beckmann and Spizz-
ichino, 1987) the surface height differences that constitute
a rough surface in the GPS C/A code case works out to
be 4.8 cm for a grazing angle of 30�, 2.7 cm for 60� and
2.4 cm for 90� (perpendicular to the surface) (Gleason,
2006). Second, this analysis was performed only on GPS
C/A code signals. As discussed later, GNSS signals with
higher chipping rates can expect additional improvements.
However, this analysis can be applied to various antenna
gains, including those greater or less than from the signals
presented here, based on the theoretical formulas presented
in Ulaby et al. (1982).

The experimental configuration of the signals presented
here was as follows. The receiver antenna has a peak gain
of 11.8 dBiC and is off pointing 10� behind the satellite,
opposite to the normal satellite velocity vector. A detailed
description of the receiver antenna pattern can be found in
Gleason (2006). The signals were sampled at approximately
5.58 samples per C/A code chip, or at roughly 0.18 chips
per sample. This analysis shows that a significantly higher
sampling rate would be required to perform accurate altim-
etry measurements with GPS L1 C/A code. For all signals
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presented here the coherent processing interval was 1ms
with the incoherent averaging interval varying and stated
explicitly for each of the signals presented below.
Fig. 1. Exponential power distribution of 1000 of 1 ms looks for the
March 23rd 2004 signal. Shown with best least squares fit exponential
function.
2. Signal fading

Fading is of critical importance in remote sensing appli-
cations that involve diffuse scattering from rough surfaces.
Fading occurs as a result of constructive and destructive
interference between transmitted radiation reflecting off
different facets within the glistening or scattering zone. If
we think of a single measurement or look at the surface
(before any incoherent averaging takes place) and the
ocean surface being frozen during the coherent collection
interval, the effects of fading become easier to understand.
Assuming the ocean is reasonably rough with respect to the
incoming signal wavelength, the different heights and ori-
entations of the waves over the glistening zone will shift
the phases of the incident radar wave randomly. Some of
these paths will destructively interfere and others will con-
structively interfere with the result being a randomly fluctu-
ating power level received at the antenna of the satellite
based instrument. If you were to take just one sample or
look, the chances of obtaining an accurate measurement
of the true signal power would be quite low due to this nat-
ural signal fluctuation. Fading is mitigated in remote sens-
ing applications by incoherent averaging of consecutive
uncorrelated looks until the underlying signal power profile
can be accurately determined. A good review of diffuse sig-
nal scattering statistics in included in Ulaby et al. (1982),
upon which the following analysis is based.

For the looks to be considered uncorrelated, the reflect-
ing surface or the viewing geometry needs to change suffi-
ciently so that the conglomeration of received phases at
the instrument is distinctly different from the look before
it. At low Earth orbit (LEO) altitudes the high velocity
of the receiver (on the order of several km/s) results in a
rapidly changing viewing geometry and a relatively quick
decorrelation time between looks at the surface. The peak
coherent correlation time of the signals detected from space
have been estimated for GNSS-R signals to be on the order
of 1 ms (Lowe et al., 2002; Gleason, 2006). If the receiver is
moving faster the coherent correlation time will shorten
and if it slows it will lengthen. But even in the case of a sta-
tionary receiver the sea surface movement will change suf-
ficiently to decorrelate samples eventually. Starting from
standard rough surface scattering theory, the expected sin-
gle look probability distribution of a power-detected signal
is expected to take the form of an exponential (Ulaby et al.,
1982, Eq. (7.74)),

pðPÞ ¼ 1

P
e
�P
P ð1Þ

for values of

P > 0
where, p(P), the single look power probability distribution
function (PDF); P, the processed signal power; P , the mean
value of the processed signal power.

The signal power returned at each look is calculated as
the total power returned after a single coherent detection
at a given delay, minus the average noise power. The indi-
vidual 1ms signal powers are then normalized by the mean
signal power calculated over all looks at the same delay.
The normalized processed signal power at each look can
be expressed as,

hP s
ni ¼

P s
n

P s
ð2Þ

where, hP s
ni, the normalized signal power returned at delay

s and look n; s, the signal delay; n, the look number (1, 2, 3,
etc.); P s

n, the signal power at delay s for a single look mea-
surement n; P s, the mean signal power over all looks at a
given delay s.

Attempting to state it simply; hP s
ni is the signal power

after a single coherent look at a given delay, normalized
by the mean processed signal power over all looks. The val-
ues of hP s

ni for 1000 consecutive looks are then distributed
to yield the probability distribution of the processed signal
power, p(P).

Using consecutive 1 ms looks, the distribution of the
normalized power returned in the presence of noise can
be shown to fit an exponential curve. As an example, the
exponential probability distribution of a scattered GNSS-
R signal is shown below at the maximum signal power
delay in Fig. 1. Importantly, this phenomenon is valid only
for a diffusely scattered signal, as discussed in the introduc-
tion. This behaviour will not be observed under very calm
conditions or at low elevation angles where a significant
coherent signal is present.

What is of primary importance is our ability to measure
the signal power accurately from one look or measurement
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to the next. In the normalized case above, we require that
all the measurements fall as close as possible to 1 with
the variance of the measurements around 1 being a good
indication of the measurement integrity. For any given
look in the above distribution the chances are quite low
that it will fall near the mean signal power (which is 1
due to the normalization). However, the standard devia-
tion of the individual measurements around the mean is
expected to decrease as a function of the number of inco-
herently averaged looks. Given that the standard deviation
is equal to the mean for an exponential distribution, the
resulting formula follows (Ulaby et al., 1982, Eqs. (7.75b)
and (7.85)),

r ¼ Pffiffiffiffiffi
M
p ¼ r1ffiffiffiffiffi

M
p ð3Þ

where, M, the number of averaged looks or summations;
r1, the standard deviation using the distribution of single
looks.

Eq. (3) was derived in the ideal case, in the absence of
noise. However, when the presence of noise is considered
in the analysis, the standard deviation as a function of
looks includes an additional term based on the signal to
noise ratio. The expression for the standard deviation of
the total received signal (signal plus noise) is (Ulaby
et al., 1982, Eq. (7.100)),

rr ¼
Pffiffiffiffiffi
M
p 1þ 1

C

� �
ð4Þ

We are interested in the standard deviation of the signal
power only, which follows directly from Eq. (4). The result-
ing expression for the standard deviation of the signal
power as a function of the number of looks and the signal
to noise ration is (Ulaby et al., 1982, Eq. (7.107b)),

rs

P
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 1

C

� �2 þ 1
C

� �2

M

s
ð5Þ

The signal to noise ratio (SNR), C is defined as the
amount the averaged processed signal power exceeds

the averaged processed noise power, C ¼ P
P noise

, where the

noise power is calculated in the delay region before the
start of the signal and the signal power is the total aver-
aged power minus the averaged noise power. As Eq. (5)
shows, after a certain point, increasing C will not signif-
icantly reduce the standard deviation of the measure-
ments, acting in effect as a limit on the achievable
improvement of the measurement standard deviation.
For values of C below unity the measurement accuracy
can be increased with increased power levels (with higher
gain antennas, for example), but for values above unity
the advantage decreases rapidly.

Finally, to achieve accurate surface sensing, it is desir-
able that consecutive measurements after incoherent aver-
aging are consistent, or that nearly the same ocean
surface is returning comparable values of signal power.
The statistics between averaged measurements is our final
indicator of the accuracy being achieved. The processed
signal power after averaging M consecutive looks can be
expressed as,

hP s
Qi ¼

P s
Q

P s
Q

ð6Þ

where, hP s
Qi, the normalized signal power for measurement

Q and delay s; s, the signal delay; Q, the measurement
number, each of M consecutively summed looks; P s

Q, the
signal power for measurement at delay s; P s

Q, the mean sig-
nal power over all measurements Q at a given delay s.

There are M independently summed looks in each mea-
surement Q. The incoherent averaging process is expected
to change the power distribution from exponential to chi-
square as more and more summations are accumulated
with the standard deviation decreasing according to Eq.
(3). This is demonstrated in the following sections using
reflected GNSS signals, where the signal power measure-
ments used in the standard deviation calculations are calcu-
lated as per Eq. (6).
3. Fading statistics of GNSS-R signals

Two space detected GNSS-R signals have been pro-
cessed in detail to examine their fading error characteris-
tics. The first was collected on March 23rd 2004 over the
ocean under calm conditions; the second signal was col-
lected over the ocean under rough conditions on September
3rd 2004. For further details on the delay and Doppler
power profiles of several ocean, land and ice reflected sig-
nals consult (Gleason et al., 2009; Gleason et al., 2005).
The signals are shown in Fig. 2a and b over a range of
delays across the surface. The delay waveforms for each
of these signals are shown below for use as a reference, each
of which was processed using 1ms coherent looks and 2 s of
incoherent averaging.

As mentioned above, the coherent correlation time of
1ms used in processing a GNSS-R signal fortuitously
agrees with the estimated scattered signal coherence time
(Lowe et al., 2002; Gleason, 2006). However, we believe
this is an area where more research is needed to better
understand the affects of signal coherence on the processing
and the final power waveforms. It is widely known that the
signal coherence time will vary as a function of the scatter-
ing surface and sea roughness, and although using 1 ms will
work as a first approximation, a better understanding of
this phenomenon will help optimize the signal processing
techniques in the future. For the signals described below,
a 1 ms coherence correlation time was used to process indi-
vidual looks throughout.

It is possible to quantify the noise on these signals by
estimating the standard deviation of the fluctuations in
the received waveforms. For the two signals presented
above, the standard deviations of the noise at the peak



Fig. 2. Delay waveforms of the four example Earth reflected signals. (a)
March 23rd 2004 over a calm ocean, (b) September 3rd 2004 over a rough
ocean.

Table 1
The signal power distribution standard deviations at the maximum signal
power delay bin after 1000 looks. The signal to noise ratio (SNR), wind
speed and wave heights are added for reference.

Date Wind speed
(m/s)

Waves
(m)

SNR C
(dB)

Std

March 23rd 2004 �3 N/A 1.36 1.60
September 3rd 2004 10.5 2.8 m �5.39 3.74
no signal (Noise) – – – 17.47

Fig. 3. Standard deviations vs. number of summations for each of the
three example signals. (a) March 23rd 2004, (b) September 3rd 2004. The
continuous curves show the expected decrease as per Eq. (3).

Table 2
Standard deviation of processed signal power at the signal peak, tmax,
computed for different numbers of independently averaged samples at the
peak delay.

Date r1 r5 r10 r20 r50 r100 r200

March
23rd 2004

1.6395 0.7858 0.5732 0.4339 0.2637 0.1697 0.1113

September
3rd 2004

4.3134 1.8329 1.2420 0.8432 0.5445 0.2927 0.1901
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signal delays without any incoherent averaging are listed in
Table 1.

The difference in received power from 1 millisecond to
the next can differ significantly as expected, where even
for a strong signal under calm conditions, significant power
fluctuations occur. As more and more looks are averaged
into the received waveform the signal power distribution
changes from an exponential to chi-square (with corre-
spondingly decreasing standard deviations).
The reduction in the standard deviation varies in both
its rate of decrease with summations and the lowest stan-
dard deviation being converged upon between the different
cases. The values shown in Table 2 were measured at the
signal peak power delay. Note that there are approximately
5.58 samples per C/A code chip and the peak delay often
falls between samples. The number of summed looks in
the following tables are shown as a subscript to standard
deviation r.
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It is known that the standard deviation will decrease
with the number of averaged samples as per Eq. (3).
Fig. 3 illustrates the reduction in the signal power standard
deviation vs. the number of samples M using the values in
Table 2. The expected decrease in the standard deviation is
plotted relative to the single look standard deviation, r1.
The standard deviations decrease in a manner that is con-
sistent with Eq. (3).

The two sample signals, as well as two additional refer-
ence signals (one over ocean swell and another over land)
are shown together after 200 summations in the delay
region around the specular reflection point in Fig. 4. All
the signals have been aligned such that a C/A code delay
of �1 is the best estimate of the delay at the start of the
raising edge. Following, 0.0 would represent the specular
point delay. It is understood that the specular reflection
point will fall to the left (or earlier) than the peak signal
power, which will occur somewhere to the right of center
(Zavorotny and Voronovich, 2000; Zuffada and Zavor-
otny, 2001). However, the point of lowest standard devia-
tions will provide the most favourable statistics for
measurements. Notably in Fig. 4, the delay where the min-
imum standard deviations were observed corresponds
roughly to the specular point delay (0.0 on the x-axis),
which would be on the rising edge. The exception is the
December 7th signal which was scattered from land, were
the lowest standard deviation is even earlier on the rising
edge. This would suggest that the optimal measurement
statistics occur very close to the specular point delay on
the rising edge.

The above examples were all collected under different
ocean conditions and reflection geometries and as expected
the summation process shows subtle variations in the over-
Fig. 4. Standard deviations as a function of delay after 200 of 1 ms
summations for the three example signals. The C/A code spread between 1
and 1 represents the first iso-range ellipse on the surface. Calm ocean
(March 23rd), rough ocean (September 3rd), ocean with swell (March
21st) and land (December 7th) (see Gleason (2006), for color image).
all results. The March 23rd signal under calm ocean condi-
tions showed slightly lower overall standard deviations as a
function of the summations than the rough sea signal of
September 3rd. The signal collected under conditions of
ocean swell was comparable to the rough sea case while
the signal collected over land exhibited significantly larger
errors at delays away from the specular reflection point.

The simplest way to improve the measurement accuracy
in all these cases is to average for longer and longer inter-
vals to further reduce the standard deviation as per Eqs. (3)
and (5). The minimum standard deviations will be limited
by the Cramer–Rao lower bound, determined by the min-
imum achievable variance of the signal noise over the lon-
gest allowable incoherent averaging interval (Kay, 1993).
4. Signal statistics dependence on signal to noise ratio

Fischer (1972) has implied that the statistics of the signal
will not benefit from a higher gain antenna. However, as
described above, when C is less than unity, the signal power
standard deviation rs is affected significantly by increasing
C, which can be improved with a higher gain antenna.
According to Eq. (5), this will only provide a improvement
up to the point where C becomes significantly positive. This
can be investigated using additional GNSS-R signals.
Three signals have been identified that were collected under
similar ocean conditions but received at different signal to
noise ratios. The first two signals, those collected on July
22nd and 24th of 2005 were collected at almost identical
incidence angles while another signal collected on Novem-
ber 21st 2005 was collected at a much lower incidence
angle.

The wind and wave height information as estimated by
the National Oceanic and Atmospheric Administration’s
National Data Bouy Center (NOAA, 2010) and measure-
ments of the signal to noise ratio C are shown in Table 3.
The values of C will determine the signal power standard
deviation values for rs, as per Eq. (5). As the values of C
for all three signals are significantly below unity we should
expect a reasonable improvement as C increases.

My primary assertion here is that the statistics depend
on C and that C is directly affected by the antenna gain.
One can reasonably assume that for any given signal, if
you raise the antenna gain by 1 dB, the C will raise by 1
dB, independent of everything else. This simplifies the
Table 3
GNSS-R data collections under similar ocean conditions but detected at
different power levels. Additionally, the November 21st 2005 signal was
collected at a significantly lower incident angle, which is believed to be
related to the lower C observed.

Date Wind
(m/s)

Waves
(m)

Angle
(deg)

C
(dB)

Gain
(dB)

July 22nd 2005 8.0 2.1 32.5 �7.84 1.5
July 24th 2005 8.0 2.3 32.0 �2.38 9.8
November 21st

2005
10.0 2.2 2.5 �5.30 10.8



Table 4
Standard deviations of processed signal power at the delay, tmax,
computed for different numbers of independently averaged samples. The
value of M is shown as a subscript on r.

Date r1 r5 r10 r20 r50 r100 r200

July 22nd
2005

6.1544 2.7186 2.0178 1.3853 0.7758 0.6092 0.3550

July 24th
2005

2.9475 1.4150 1.0026 0.7362 0.5305 0.3932 0.2704

November
21st 2005

3.9546 1.8399 1.2195 0.8985 0.6393 0.4078 0.2444

Fig. 6. Standard deviations as a function of delay after 200 summations
for the three example signals. The C/A code spread between 1 and 1
represents approximately the first iso-range ellipse on the surface. The July
22nd 2005 signal was averaged over 3 s. The July 24th and November 21st
2005 signals were averaged over 2 s. Signal to noise ratios [upper -7.84]
[middle 5.30] [lower 2.38] (see Gleason (2006), for color image).

214 S. Gleason et al. / Advances in Space Research 46 (2010) 208–220
analysis and allows us to use C alone to examine the signal
statistics.

The results of repeating the fading analysis on the above
three signals is shown in Table 4, where several values of
the standard deviations and number of summations are
listed. The decrease in standard deviation at the signal peak
delay as a function of summations is clearly evident.

The decrease in standard deviation as a function of aver-
aged samples is plotted below in Fig. 5 for all three cases at
the peak power delay. From the plot below we can observe
that at the estimated peak power delays the July 22nd sig-
nal (with lower antenna gain) has a higher standard devia-
tion (i.e. larger measurement error) than the July 24th and
November 21st signals (with higher antenna gains).

Plotting the signals together across a wider range of
delays better illustrates the standard deviations dependence
on delay for the three sample signals. Fig. 6 shows all three
signals after 200 summations in the delay region around the
signal peak.

The results on the signal rising edge approaching the
peak are similar for all three signals. It is estimated that
the peaks of the signals could be in error by a sample in
Fig. 5. Standard deviations as a function of consecutive summations for
the July 22nd, July 24th and November 21st 2005 signals. The stars are the
data points of Table 4 and the solid curves are the expected exponential
decrease per Eq. (3). Absolute signal to noise ratios [upper �7.84] [middle
5.30] [lower 2.38] (see Gleason (2006), for color image).
either direction resulting in a greater separation between
respective curves. On the trailing edge (delays >0), as the
signal power is decreasing, there is a noticeable increase
in measurement integrity with increasing antenna gains.
At delays far from the peak, as the signal weakens, the
increased signal to noise ratio C does help considerably.

Increasing the instrument antenna gain (in an effort to
increase C) and fine tuning the processing to better match
the optimal coherent correlation time will both aid to
improve parameter retrieval accuracy with respect to the
signals shown above. However, a low or medium gain
antenna is probably sufficient for a scatterometer based
empirical parameter retrieval (and even desirable due to
their large surface footprint). For more demanding appli-
cations such as ocean altimetry, increasing the antenna
gain with respect to that of the signals presented here
(where the instrument antenna gain was 12dB) will increase
the measurement accuracy, particularly under rough sea
conditions. As predicted by Eq. (5), when the signal to
noise ratios are significantly less than unity an increase in
antenna gain will result in increased measurement accu-
racy. The rate of improvement will increase according to
Eq. (5), with little or no advantage in increasing the value
of C to significantly more than unity (Ulaby et al., 1982).
5. Comparison of GNSS-R with traditional altimetry

5.1. Traditional altimetry model summary

Spaceborne radar altimetry has been a valuable tool in
environmental remote sensing for nearly 30 years. At pres-
ent, radar altimeters such as Jason-1 and Envisat are pro-
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viding continuous measurements over the Earth’s oceans
on a daily basis. The underlying concepts of their operation
have been documented in detail by Chelton et al. (1989).
The traditional altimetry method has been designed around
the practical difficulties of transmitting and receiving very
short duration (on the order of nanoseconds) pulses. To
overcome this challenge, all recent altimeters have resorted
to using long duration chirps with the same frequency con-
tent as the idealized pulse (Chelton et al., 1989). Conse-
quently, the instrument predicts the anticipated return of
the transmitted chirp and produces a second chirp at this
time. The mixing of these two signals result in a combina-
tion which is a function of the frequency misalignment.
Using discrete Fourier Transforms (DFT) on board the
satellite to convert the signal into the time domain and then
incoherently averaging several returns results in the final
received waveforms, such as those shown in Figs. 7 and
Fig. 7. Example of EnviSat Ku-band altimetry normalized waveform
fitting under rough sea conditions. Signal shown has been averaged over
100 looks on-board the satellite (see Table 5).

Fig. 8. Example of EnviSat Ku-band altimetry normalized waveform
fitting under calm sea conditions. Signal shown has been averaged over
100 looks on-board the satellite (See Table 5).
8. For these examples, the pulse compression technique
results in a received bin width of 3.125 ns. The features
of this waveform contain information on the scattering sur-
face, in particular the sea surface height is a point on the
waveform raising edge and the significant wave height is
a function of the slope of the leading edge. These parame-
ters are normally estimated by fitting a theoretical model to
the received waveform, as described next.

5.2. Sensing ocean parameters

The received waveform is often compared with the
return signal power time profile predicted by Brown
(1977) to sense the surface. This predicted waveform is
the convolution of three terms: The point target response
PPT, the flat surface response PFS and the probability dis-
tribution function q(f) of the heights of the reflecting sur-
face. The resulting power signal response, including the
convolution of these three terms is shown below. For more
details on the basic form see Quartly and Srokosz (2001) or
including an expanded version of q(f) to include terms such
as ocean wave skewness see Challenor and Srokosz (1989),

P ðtÞ ¼ P PT ðtÞ � P FSðtÞ � qðfÞ ð7Þ

Assuming that the emitted pulse can be approximated by a
Gaussian function, and if the PDF of the reflecting facets is
also Gaussian, the waveform will resemble those of Figs. 7
and 8. Referring to these figures, taken under different
ocean conditions, the best-fit model waveforms where ar-
rived at using a least squares fitting procedure. It should
be noted that least-squares is only one of many possible fit-
ting techniques, maximum likelihood or weighted least
squares are others. Least squares was chosen for this anal-
ysis based on its wide use and simple implementation.

According to the theoretical basis of the Brown model,
when the sea conditions are rough, this will be reflected
in a more gradual slope of the raising edge as seen in
Fig. 7, as contrasted to the sharper raise shown under the
calm conditions illustrated in Fig. 8. This degree of rough-
ness is reflected in the leading slope by the significant wave
height (SWH) model input parameter. Importantly, the
“center” of the raising edge gives an estimation of the sea
surface height. This is effectively using the returned radar
pulse to make a range measurement off the reflecting sea
surface. The estimate of the surface height t0 is often con-
sidered the primary observable of a radar altimeter.

The accuracy of the resulting parameter estimation can
be estimated based on the received signal statistics (Chall-
enor and Srokosz, 1989). However, as a reference truth
for comparison with real measurements is not available,
there is some uncertainty as to how well the model fitting
procedure is estimating ocean characteristics. Inaccuracies
in the surface parameter retrieval will fall primarily into
two categories: (1) errors in the fitting procedure and (2)
errors in the underlying model assumptions. This analysis
will concentrate on model fitting errors only, while possible
errors in the model itself have been examined in Challenor
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and Srokosz (1989). The first step in assessing the accuracy
of using a least squares fitting procedure is to obtain quan-
titative numbers for the statistical properties of the received
waveforms, as was performed in detail for the GNSS-R
case above.
5.3. Typical altimetry waveform noise statistics

Both of the received waveforms shown in Figs. 7 and 8
contain fading or speckle noise, even after incoherently
averaging 100 looks. This noise will degrade the parameter
estimation to some degree, and the noise itself will be a
function of the number of non-coherent samples averaged
together as per Eqs. (3)–(5). The fading noise statistics of
several retired and operational ocean altimeters was ana-
lysed by Quartly and Srokosz (2001). Unlike the bistatic
case described above, the data waveforms from altimeters
do not provide a flexible option for the number of non-
coherently averaged samples. Instead the number of looks
in the average waveform is established before-hand by the
instrument configuration. Table 5 gives a good summary of
the multiple altimeters, including bin width and number of
averaged waveforms for each instrument.

Incoherent averaging of waveforms must be performed
using statistically independent looks. In the case of tradi-
tional altimetry this is a function of the pulse repetition fre-
quency (PRF). For example, the PRF of the EnviSat Ku-
band altimeter is 1800 Hz, or slightly longer than 1 pulse
Table 5
Operating characteristics of several altimeters, taken from Quartly and
Srokosz (2001).

Altimeter Launch
date

Alt
(km)

Freq
(GHz)

PRF
(Hz)

No.
bins

bin
(ns)

No.
looks

Seasat 27 June
1978

800 13.5 1020 60 3.125 100

Geosat 12 March
1985

800 13.5 1020 60 3.125 100

ERS-1 17 July
1991

784 13.8 1020 64 3.03 50

ERS-2 21 April
1995

784 13.8 1020 64 3.03 50

TOPEX
Ku

10 August
1992

1334 13.6 4500 128 3.125 2 � 228

TOPEX
C

10 August
1992

1334 5.3 1200 128 3.125 4 � 60

Poseidon 10 August
1992

1334 13.65 1700 60 3.125 86

GFO 10
February
1998

800 13.5 1020 128 3.125 100

Jason-1
Ku

December
2001

1334 13.6 1800 104 3.125 90

Jason-1
C

December
2001

1334 5.3 300 104 3.125 15

Envisat
Ku

January
2002

784 13.6 1800 128 3.125 100

Envisat
C

January
2002

784 3.2 450 64 6.25 25
every half a millisecond. This assumes that in the duration
of 0.55 ms the sea surface from which the radar pulse
reflects must contain different reflecting facets that are sta-
tistically independent. The orbit design of EnviSat ensures
that this is the case. In the case of the GNSS-R signals dis-
cussed above, consecutive looks were averaged together at
1 ms intervals (or a PRF of 1000 so to speak), and given the
different orbit geometry (which determined the rate at
which the instrument traverses the surface) this was
assumed to be sufficient (Gleason, 2006).

5.4. Retrieval accuracy demonstration using monte carlo

simulation

A Monte Carlo simulation was performed to assess the
potential fitting accuracy for a traditional altimetery wave-
form under both calm and rough sea conditions. Initially, a
truth waveform was generated using a Brown model signal
power profile, under both rough (SWH = 8 m) and rela-
tively calm (SWH = 2 m) conditions. The waveform sam-
pling and bin width was based on the EnviSat Ku-band
waveform, containing 128 bins at 3.125 ns separation.

After the generation of the truth waveform, the follow-
ing steps were run over 1000 iterations in a Monte Carlo
simulation.

1. Gaussian noise, applied roughly as per Fig. 7 of Quartly
and Srokosz (2001) for the Poseidon altimeter, was
added on a sample by sample basis across the entire
truth waveform. Special attention is made to the chang-
ing of the noise level between the bins before the start of
the waveform raising edge and the remainder of the
returned signal power in later bins.

2. The simulated waveform with added noise was then fit
using a non-linear least squares fitting technique. A
sparse variant of the Levenberg–Marquardt algorithm
contained in the levmar C fitting routines (Lourakis,
2010) was used to fit the simulated waveform to an ideal
Brown model.

3. Upon convergence of the least squares fitting, we com-
pared the estimated values for the sea surface height
with the simulated truth waveform.

Examples of the simulated truth signal, the simulated
truth signal with added noise and the resulting best-fit
waveform are shown in Fig. 9a and b for calm and rough
seas respectfully.

The sea surface height parameter estimation results of
the Monte Carlo simulation are shown in Fig. 10a and b
for the calm and rough sea cases. As expected the error
distribution for the fitting process is approximately
Gaussian with zero mean. Additionally, the errors are
greater in the rough sea case which is caused by the
“stretching” of the raising edge. This stretching is even
more exaggerated in the GNSS-R case where the rising
edge of the signal spans approximately 30–300 m depend-
ing on the signal used.



Fig. 9. Simulated waveforms with noise, resulting Brown model waveform
fit and simulated waveform without noise (truth reference). (a) Truth
waveform generated with significant wave height of 2 [truth is slightly
above model], (b) truth waveform generated with significant wave height
of 8 [truth is slightly below model].

Fig. 10. Monte Carlo sea surface height error distribution for calm and
rough sea cases. (a) Truth waveform generated with significant wave
height of 2, (b) truth Waveform generated with significant wave height of
8.
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5.5. Comparison between traditional altimetry and GNSS-R

waveforms

In order to obtain insights into if the parameter retrieval
error distribution achieved for altimetry could be replicated
for a GNSS-R signal, the key differences between the two
signals need to be studied. It must be kept in mind that
GNSS signals are designed for use in terrestrial navigation
applications where a direct line of sight is assumed between
the satellite and the receiver. As such, certain design con-
siderations beneficial to navigation, but not necessarily
ocean remote sensing, are inherent in the signals
themselves.

The Table 6 presents a quick comparison of the EnviSat
Ku-band altimeter and an instrument designed for using
GNSS-R signals, illustrating some of the key differences.
Each of the differences listed in Table 6 is briefly discussed
below.
5.5.1. Frequency
It is well established that there are difficulties in using

L-band to sense ocean surface wind. This is primarily due
to the L-band wavelength (19 cm in the case of the GPS
L1 C/A signal) being too long to sense immediate changes
in ocean waves, and hence surface wind speed consistently.
Higher frequency wind instruments, such as QuickScat,
have demonstrated this point (Freilich, 1999). However,
an L-band signal will sense a large portion of the ocean sur-
face waves, which in itself is a valuable observable. The
potential of a GNSS-R instrument to sense ocean waves
has been demonstrated from a space platform in Gleason
(2006), where the difficulties in attempting to robustly sense
wind using L-band were also encountered.

Conversely, L-band does not present any inherent
obstacles to performing altimetry measurements. Addition-
ally, L-band is known to have significant advantages in
applications such as soil moisture sensing and sensing
ocean salinity. The radiometer to be used on the European



Table 6
Comparison of EnviSat radar altimeter with a GNSS-R instrument.

Parameter EnviSat GNSS-R signal

Frequency (GHz) Ku-band
(13.575)

L1 (1.57542 GHz)

S-band (3.2) L2 (1.2276 GHz)
L5 (1.17645 GHz)

Sampling bin width (ns) Ku-band (3.125) Variable
S-band (6.25)

Effective width of
rising edge

�10 m �293 m (GPS L1 C/A
code)
�29.3 m (GPS L5, L1
P(Y))
See Fig. 11

PRF (pulse repetition
frequency)

Ku-band (1800) Approximately 1000

S-band (450) Using 1 ms looks
No. incoherently

averaged
waveforms

Ku-band (100) Variable

S-band (25) (suggested 100–200)
Transmit and received

power levels
Known Very weak

Not known exactly by
users

Measurement biases Corrected Corrected
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Space Agency’s Soil Moisture and Ocean Salinity (SMOS)
mission includes an L-band instrument (ESA, 2010).
Fig. 11. Leading edge of an example (a) Brown model altimetry waveform
and (b) a Zavorotny–Voronovich model GNSS-R waveform.
5.5.2. Sampling bin width and width of rising edge

An important consideration in analyzing the noise on an
ocean reflected waveform is to consider the statistical inde-
pendence of the noise between sampling bins. In other
words, from sample to sample in the data waveforms of
Figs. 7 and 8, the fading noise must be uncorrelated. Or
again, the ocean facets that return the power to bin X must
be different than the facets that return power to bin X + 1.

If the sampling rate is kept the same with respect to an
altimetry signal this will result in minimally a 29.3 times
worse accuracy for GPS C/A code signals, or 2.93 times
worse for GPS L5 or L1 P(Y) signals for example. How-
ever, for the case of a GNSS-R signal with an approxi-
mately 293 m “pulse”, an extreme over-sampling of the
raising edge will be required in order to obtain sufficient
bin resolution. These samples must be statistically indepen-
dent for the least squares fitting technique to arrive at an
unbiased estimate. It can be observed by examining the
bistatic waveform model that the power in consecutive
samples is highly correlated due to the spreading symbol
(Zavorotny and Voronovich, 2000). Additional details on
this and other inherent characteristics of GPS signals can
be found in Misra and Enge (2001). However, as this is
accounted for in the model generation, the underlying
noise from sample to sample on the received signal power
will be determined by the facets on the scattering surface
and should be statistically independent, as is the case for
an altimetry pulse. Therefore, in attempting altimetry with
a GNSS-R signal the practicalities of sampling the raising
edge at approximately the same resolution as an altimeter
must be achieved.

The second significant challenge in making an altimetry
measurement with a GNSS-R signal is overcoming the
additional stretching of the rising edge. Fig. 11 below
shows a side by side comparison of a typical altimeter
waveform with a GNSS-R waveform over the duration
of the leading edge. As could be observed from the two
altimetry Monte Carlo simulations, the retrieved accuracy
is degraded by the stretching of the rising edge due to the
increasing sea roughness. In the GNSS-R case the signal
is significantly longer by design. The GNSS-R case can
be viewed roughly as trying to perform waveform fitting
on an extremely exaggerated altimetry waveform. This
drop in accuracy is due to the fitting being more sensitive
in the horizontal axis as the slope of the waveform
increases. This issue presents a serious challenge and will
require innovated fitting techniques to preserve the accu-
racy of the retrievals with a leading edge that can extends
up to 400 m.
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5.5.3. Pulse repetition frequency

The pulse repetition frequency (PRF) is the rate at
which a traditional altimetry instrument transmits chirps.
The PRF is designed so that consecutive chips return looks
that are uncorrelated with each other. These looks are then
averaged into the final power waveform profile used during
the model fitting process. In the case of a GNSS-R signal,
the signal power is spread across a frequency bandwidth
and needs to be despread to recover the signal power,
which is intentionally below the noise floor. In the case
of the GPS L1 C/A code the correlation interval is 1ms,
which is the normal coherent integration time needed to
despread the signal power. Correlating for less than 1ms
would result in a large loss of received power and make
remote sensing with the signal problematic. Fortuitously,
it has been estimated in Lowe et al. (2002) and Gleason
(2006) that 1ms is on the order of the scattered signal
coherence time. Therefore, assuming a 1 ms coherent corre-
lation interval, a PRF of effectively 1000 would be reason-
able for a GNSS-R instrument. Importantly, by altering
the instrument orbit the scattered signal coherence time
can be increased or decreased by design. As mentioned,
shorter coherent correlation intervals result in a rapid
power drop off, but longer correlation intervals could in
theory increase the power SNR through higher correlation
gains. As an example, assuming the satellite orbit has been
designed so the signal remains coherent for 2 ms, a 2 ms
coherent correlation would result in an effective PRF of
500.

5.5.4. Number of averaged waveforms
Figs. 3 and 5, as well as Table 5, illustrate that there is

some flexibility on the number of looks that can be incor-
porated into the average waveforms used in model fitting.
Referring to Table 5, for traditional altimeters these
include values as low of 25 for the EnviSat S-band wave-
forms, with a more typical value of 100 for the EnviSat
Ku-band altimeter. For the GNSS-R case, the optimal
number will be as the noise standard deviation curves begin
to plateau, after which averaging will provide only minimal
improvements. Figs. 3 and 5 show that typically after 100
looks are incoherently averaged the noise standard devia-
tions are starting to flatten out as per Eq. (3). Incoherent
averaging beyond 100 in the GNSS-R case would yield bet-
ter results in some conditions but would come at the cost of
decreased measurement resolution.

5.5.5. Power levels

The transmit power levels of the GNSS signals, as
broadcast from the satellites, as well as the exact transmit
antenna pattern are not accurately known by the instru-
ment. Additionally, the signal power level at the receiver
is well below the ambient noise floor. These factors present
problems for any parameter estimation based on an abso-
lute power estimate, such as the traditional r0. Using r0 for
empirically determining ocean waves, as attempted in Glea-
son (2006), requires detailed monitoring of the instrument
automatic gain control (AGC) levels and good knowledge
of the transmitting and receiving antenna patterns. To
make matters worse, the basic transmit power level of a
GPS signal fluctuates and is not openly published. Con-
sider that a typical GPS receiver has very little interest in
the absolute signal level, it may desire “more” power but
the level itself is not used. Therefore, alternative methods
need to be put in place to estimate the transmit signal
power, such as monitoring the direct GNSS signal on the
same instrument (note that the travel paths and viewing
angles are different, so this will provide only an approxima-
tion), or creating a GNSS satellite power and antenna data
base which is frequently updated and publicly accessible. In
model based applications as described above, where the
ocean sensing is attempted using the predicted signal shape
only, the signal can be normalized, effectively obscuring the
original power levels.

5.5.6. Measurement bias

Lastly, the estimated ocean height will be relative, in
that there will be unknown (but hopefully slowly varying)
biases on the range measurements (particularly due to the
ionosphere and troposphere which can be several meters
in magnitude). These errors will need to be corrected in
post-processing as in the case of a traditional altimeter,
where abrupt or unmodelled changes in the atmospheric
delay of a GNSS-R signal (where every path for every sig-
nal is different) could introduce unexpected errors in the
tracked ocean surface point.

6. Summary

This paper has presented a detailed analysis of the fad-
ing noise present on GNSS-R signals and how it can be
mitigated using incoherent averaging and increasing signal
power (to an extent). The resulting noise on the raw power
waveforms will introduce errors during the estimation of
ocean parameters. The errors introduced by signal fading
into the least-squares fitting techniques have been simu-
lated using fading statistics from exist radar altimeters,
resulting in error distributions that generally reveal the
expected accuracies of a radar altimeter. Following, the
key differences between a radar altimeter and a GNSS-R
instrument were discussed. For the case of making an
ocean surface height measurement the key difference which
affects the least-squares fitting procedure was found to be
the elongated leading edge which increases by over an
order of magnitude with respect to an altimeter waveform.
This will present serious challenges to observing the ocean
surface height using traditional model fitting techniques for
GNSS-R signals. These difficulties arise due to the (a)
increased sampling that will be required to obtain a compa-
rable bin resolution with respect to useful altimeter bin
widths and (b) the stretching of the leading edge is intro-
ducing a pseudo-roughness effect that will degrade the fit-
ting accuracy and need to be overcome with innovative
techniques.
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The full range of GNSS-R applications have not been
examined here and many are not faced with these obstacles,
although each application has its challenges. For example,
using GNSS-R signals to sense sea roughness (and under
stable conditions surface wind) remains possibly the most
feasible and worthwhile application. Additionally, study
of how ice and land surface can be sensed using the
GNSS-R technique is still in its relative early stages (Glea-
son, 2006). The difficulties in performing GNSS-R altime-
try should not come as a surprise, for it could be
expected that a signal designed primarily for terrestrial
navigation will not meet all the requirements of a radar
altimeter (where the designs of radar altimeters have been
fine tuned over several decades). Altimetry will always be
possible with a GNSS-R signal, it will just be a question
of obtaining accuracies that are useful to the oceanography
and remote sensing communities. An a final thought, we
can look to another GNSS remote sensing application.
GNSS radio occultation measurements have been shown
to be extremely useful in environmental and meteorological
applications, which were well outside the original signal
design intentions. GNSS radio occultation measurements
are being regularly incorporated into environmental mod-
els (Ao, 2009). In the future it is likely that GNSS-R remote
sensing will also achieve greater success, but exactly in
what areas is still being worked out.
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