IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 52, NO. 11, NOVEMBER 2014

6829
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Abstract—A Minimum Variance (MV) wind speed estimator
for Global Navigation Satellite System-Reflectometry (GNSS-R)
is presented. The MV estimator is a composite of wind estimates
obtained from five different observables derived from GNSS-R
Delay-Doppler Maps (DDMs). Regression-based wind retrievals
are developed for each individual observable using empirical
geophysical model functions that are derived from NDBC buoy
wind matchups with collocated overpass measurements made by
the GNSS-R sensor on the United Kingdom-Disaster Monitoring
Constellation (UK-DMC) satellite. The MV estimator exploits the
partial decorrelation that is present between residual errors in the
five individual wind retrievals. In particular, the RMS error in
the MV estimator, at 1.65 m/s, is lower than that of each of the individual retrievals. Although they are derived from the same DDM,
the partial decorrelation between their retrieval errors demonstrates that there is some unique information contained in them.
The MV estimator is applied here to UK-DMC data, but it can
be easily adapted to retrieve wind speed for forthcoming GNSS-R
missions, including the UK’s TechDemoSat-1 (TDS-1) and NASA’s
Cyclone Global Navigation Satellite System (CYGNSS).
Index Terms—Delay-Doppler map, global navigation satellite
systems (GNSS)-reflectometry, minimum variance (MV) estimator, ocean surface wind speed.

I. I NTRODUCTION AND BACKGROUND

T

HE ocean surface wind is a crucial parameter that affects
maritime operations and ship routing, determines the energy exchange at the air-sea interface, and influences the ocean
circulation and climate in general. Surface winds also have a
strong influence on the genesis, development and intensification
of extreme events like Tropical Cyclones (TC) or hurricanes.
For all these reasons, it is important to monitor the ocean
surface wind on a global basis for operational oceanography,
climate studies, and weather forecasting.
While in situ instruments like buoys and ships provide nearcontinuous measurements of the surface wind vector, their
spatial sampling is insufficient to provide a global and synoptic
map of surface winds. Global coverage with adequate temporal
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resolution can only be achieved through the use of satellites
and, in particular, through sensors operating at microwave
frequencies, that can measure the surface wind vector day and
night, and can penetrate through clouds and rain (provided
the wavelength is long enough). Scatterometers [1]–[7], Radar
Altimeters [8]–[10] and Synthetic Aperture Radar (SAR) [11]–
[13] are all active radar sensors with the capability of measuring sea surface wind speed. Scatterometers in particular, like
QuikScat, ASCAT and OSCAT, are specifically designed to
measure near-surface winds over the ocean by measuring the
backscattered radar cross section and relating it to the wind
speed - usually through an empirical Geophysical Model Function (GMF) [14]–[17]. They typically operate in the 2–5 cm
range of wavelengths, which makes the radar backscatter very
sensitive to small-scale capillary waves generated by the wind,
but also makes more challenging the retrieval in heavy precipitation conditions, such as those experienced during TCs.
Radar altimeters are also used for wind speed retrieval, although
they have much more limited spatial coverage than wide-swath
imaging scatterometers [8]–[10]. SAR can provide wind measurements at high spatial resolution, and, for those operating
at suitable wavelengths, even in the presence of rain [11]–
[13]. Wind speed measurements are also obtained by passive
microwave radiometers, through measurement of the excess
surface emissivity caused by surface roughness and foam
[18], [19].
GNSS-Reflectometry (GNSS-R) is a relatively new remote
sensing technique which exploits pre-existing signals of opportunity transmitted by Global Navigation Satellite Systems
(GNSS) such as the GPS, Galileo and GLONASS constellations to form a bistatic radar [20]–[40]. The direct signal is
received through a zenith antenna, to pin-point the position
of the transmitting and receiving satellites and to provide a
timing reference, and the signal scattered from the surface of the
ocean is received through a downward pointing antenna. The
scattered signal contains detailed information about the ocean
surface roughness statistics, from which local wind speed can
be retrieved [25], [30], [37].
The main advantages of GNSS-R lie in the global availability
of GNSS signals, which provides a dense coverage over the
Earth and offers the potential for significant improvements in
spatio-temporal sampling of the ocean winds and waves. The
receiver needed to capture the surface reflections is small and
cheap, low-weight/low-power, and can be easily accommodated
on small satellites or satellites of opportunity, thus reducing the
cost of a mission and allowing for constellations of multiple
GNSS-R receivers. As a final remark, GNSS signals operate at
L-band. Their longer wavelength than traditional ocean wind
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scatterometers is advantageous for observations through heavy
precipitation, which has only a minor effect. This makes them
particularly well suited for observing phenomena such as tropical cyclones [41], [42]. Scattering from the ocean at longer
wavelengths is influenced by both the smaller capillary waves
that are well coupled to local winds, and by longer (e.g., swell)
waves which are less so. This can introduce some decorrelation
between variations in the scattered signal at L-band and the
local wind field.
GNSS-R measurements are usually processed into the form
of so-called Delay-Doppler Maps (DDMs), which are 2-D
maps of scattered power from the surface as a function of the
difference in propagation time and Doppler shift of the scattered
signal relative to the direct signal. DDMs are formed through a
cross-correlation of the received scattered signal with a locally
generated and time-synchronized replica of the C/A code of
the transmitted signal, for varying delay-Doppler coordinates
[28]. Such cross-correlation is usually done over 1 ms, and
is heavily affected by speckle noise, so that a large number
of incoherent accumulations of consecutive cross-correlation
values is necessary to mitigate the noise. The typical incoherent
accumulation time for spaceborne DDMs is 1 second [30].
DDMs typically exhibit a distinctive horseshoe-like shape due
to the space-to-DD coordinate transformation and consequent
reshaping of the spatial distribution of scattered power. A
prominent maximum at the apex of the horseshoe represents
the power scattered from the specular reflection point (SP),
and the extremities of the horseshoe shape represent the power
scattered from the area surrounding the SP, referred to as the
glistening zone. In general, stronger winds tend to decrease
the power near the SP in the DDM and increase the extent of
the glistening zone [37]. GNSS-R works in a regime of forward
specular reflection, which has a complementary behavior with
respect to backscattering, since the strongest reflection occurs at
low winds, whereas the backscattered power tends to increase
with increasing winds.
In the last 20 years, a number of airborne campaigns and
ground-based platforms have successfully been deployed to
acquire GNSS-R signals scattered from the ocean surface [21]–
[23], [26], [27], [29], [31], [40]. The first spaceborne GNSSR measurements were made in 2000 onboard the space shuttle
SIR-C, but at a relatively low altitude of about 200 km [24].
The GNSS-R experiment carried onboard the Surrey Satellite
Technology Ltd (SSTL) UK-DMC satellite [43], is recognized
as the first experiment to successfully measure and process a
number of surface scattered signals [28], [30], [33], [37]–[39].
The UK-DMC satellite was decommissioned in 2011, but a
number of new spaceborne GNSS-R missions are expected to
launch in the near future. The most important ones are: a) the
UK TechDemoSat-1 (TDS-1) [44], [45], due to be launched in
late 2013, which will provide a spaceborne platform for the
demonstration of several new instrument concepts, and will
host the next generation of SSTL’s GPS-Reflectometry Receiver (called SGR-ReSI), and b) The NASA CYclone Global
Navigation Satellite System (CYGNSS) Earth Venture mission,
made up of a constellation of 8 microsatellites, which aims
to measure sea surface winds in Tropical Cyclones (TC) and
hurricanes, with a particular focus on their inner core [41], [42].

II. UK-DMC E XPERIMENT
The UK-DMC satellite, launched in 2003, was placed in a
sun-synchronous orbit with an altitude of ∼680 km. The GNSSR experiment, which shared the platform with a number of other
instruments, lead to about 50 measurements of scattering from
the ocean surface, plus a number of additional measurements
over land, snow and ice [28], [30], [39], [43].
The payload for the GNSS bistatic experiment was made up
of a GPS receiver, a solid state data recorder and an additional
downward pointing antenna, which was added to the two standard space pointing (zenith) antennas. The downward pointing
antenna had a peak gain of 11.8 dBi and was tuned to capture
the GPS signal on the L1 carrier at 1575 MHz. The zenith
antenna is Right Hand Circularly Polarized to capture the direct
GPS signal; the nadir antenna is Left Hand Circularly Polarized
(LHCP), since the transmitted signal reverses its polarization
when scattered by the sea surface [46]. The nadir antenna’s
3 dB footprint is 28◦ along track and 70◦ cross track, covering
an area of about 200 × 1000 km2 . The nominal orientation for
the antenna was 10◦ behind the satellite, although in some cases
the antenna was oriented in a different way to accommodate
specific requests to target given areas for acquisition. The solid
state data recorder performed raw data sampling of the downconverted signals from both the zenith and nadir antennas, and
was able to store up to 20 seconds of continuous data. The
Intermediate Frequency (IF) raw sampled data were recorded
on-board by a solid state data recorder and then telemetered to
the ground for post-processing to generate the DDMs [28], [30].
The UK-DMC mission collected more than 60 GPS-R acquisitions, mainly around the US coast (Hawaii, Alaska, Gulf
Stream region) over a period of several months between 2004
and 2005, but with some later data-sets up until 2011, when
UK-DMC was taken out of service. Approximately 50 GPS-R
acquisitions over various types of surfaces were obtained over
the ocean, ∼30 of which were programmed to be located within
100 km and 1 hour of meteorological and wave buoy stations
by U.S. National Data Buoy Center (NDBC). NDBC buoys are
capable of measuring wind speeds over a dynamic range of
0 m/s to 62 m/s, with a resolution of 0.1 m/s, and with an
accuracy that depends on the type of payload on the buoy,
usually being either 1 m/s or the greater of 1 m/s and 10% of
the measured winds [52].
Each acquisition contains reflections from different GPS
satellites (PRNs) occurring simultaneously in different directions with respect to the receiver, making a total of ∼300
reflections. Each reflection is made up of 13–19 seconds of raw
data, and for this reason we also call it a raw data stream. The
raw data stream is subsequently processed to produce a DDM
stream, with one DDM every 1 second. A few recent studies
have highlighted the possibility to retrieve wind [28], [30], [38]
and Directional Mean Square Slopes (DMSS) [33] using UKDMC data. These studies show overall good agreement with
collocated information from the NDBC buoys.
The entire set of UK-DMC GPS-R acquisitions has recently been processed and catalogued, using improved and
advanced signal processing methods [39]. In this paper, a number of these acquisitions have been selected, based on spatiotemporal collocation with NDBC buoy ground-truth wind speed
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measurements, and forming the UK-DMC data set used for this
study. Five versions of a wind speed retrieval algorithm have
been applied to the data set, based on five different quantities
derived from the DDMs, referred to as DDM observables. The
wind estimates from these observables are combined together
by a Minimum Variance (MV) wind speed estimator, which is
shown to deliver improved wind speed retrieval performances
relative to each individual observables.
III. D ESCRIPTION OF S PACEBORNE DATA S ET
The UK-DMC data set used for this study consists of 29
collocated NDBC buoy overpasses, where each overpass consists of a 13–19 second raw data stream and an NDBC buoy
measurement. The spatio/temporal collocation criteria adopted
for this selection were 100 km maximum spatial distance
between the buoy and the SP, and 1 hour maximum temporal
distance between the buoy and UK-DMC acquisition. These
collocation criteria are typical of those used to validate satellite
wind and wave measurements where wind and sea state can
change rapidly both in space and time [10]. Table I shows the
information about each UK-DMC overpass, along with all the
relevant buoy information. The buoy-measured wind speed is
extracted from the historical standard meteorological database
from the NDBC website, where an average wind speed value is
reported every hour.
The DDMs generated for this study were formed from the
combination of two processes, tracking the SP and then measuring the signal power as a DDM around this point. The full
description of this process is contained in [39] and here the
outline of the approach is given.
The processing tool used to produce the DDMs is based on
a software-defined radio GNSS receiver extended for GNSS reflectometry. This tracks the reflection by calculating an estimate
of the SP delay and Doppler from the transmitter, receiver positions and the earth geoid. This is open-loop so the prediction
is not updated by measurements of the resulting DDM which
avoids introducing tracking offsets due to noise in the DDM.
The process flow, shown in Fig. 1, starts with raw samples
from the zenith antenna, which use the standard GNSS receiver
techniques of acquisition followed by signal tracking. The
navigation solution is formed from the tracking pseudoranges
and the GPS transmitter ephemerides. The UK-DMC data sets
are too short to contain sufficient sub-frames in the navigation
message so the ephemerides are provided as an additional input.
The navigation solution results in the positions and velocities
of the transmitters and receiver. Then for each transmitter
the SP location is calculated on the Earth’s surface, which is
modeled as a geoid with undulations as an approximation for
the true sea surface. The propagation delay is calculated from
the path: transmitter to SP to receiver. The Doppler is calculated
from the rate of change of this path. These path delay and
Doppler estimates are passed to the open-loop correlators as
carrier frequency, code frequency and code phase to center
the DDM on the SP. The software receiver time-synchronizes
the raw samples at the first sub-frame in the broadcast data
message. This results in the DDM processing starting from a
maximum of 6 seconds into the start of the collection.
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Following the tracking the DDM processing is performed.
Each DDM pixel is the result of a matched filter of the raw
samples by the GPS L1 C/A signal offset from the SP code
delay and carrier frequency. The calculation for a single pixel is
shown diagrammatically in Fig. 2. Following coherent matched
filtering, the incoherent sum is performed to average the noise
from the weak and relatively incoherent reflections and reduce
speckle noise. This calculation approach is computationally
intensive as each pixel requires the replication of these calculations. The DDMs were instead processed in the frequency
domain to reduce computational complexity and to provide
similarity to the approach to be performed in real-time on the
TDS-1 and CYGNSS GNSS-R receivers.
The processing approach described in [39] is performed
such that the Doppler pixels are calculated through spectrum
estimation computed by Fourier transform. In Fig. 3 the process
is shown, firstly the carrier of the specular path is removed
through a down-conversion such that 0 Hz corresponds to the
Doppler of the specular path. This is followed by a set of delaychannels that multiply the signal by the C/A code with delay
spaced to provide a resolution of 0.2 chips between DDM rows.
Each of these delay-channels then has a demodulated signal at
a small range of residual Doppler that corresponds to the spread
from the sea surface.
To reduce the computational complexity of the spectrum
estimation stage, the signals are filtered and down-sampled
to reduce the bandwidth of the calculated DDM. In this case
the filtering is provided by a first-order Cascaded Integrator
Comb filter and the decimation reduces the sample rate from
5.71 MHz to 32 kHz. A 1 ms coherent integration is formed by
taking 32 of the decimated samples. Then the Fourier transform
is over-sampled by zero-padding the input to make up a 4 ms
block of samples, resulting in 250 Hz resolution. Each
coherent DDM is then incoherently accumulated for either
50 milliseconds or 1 second, depending on the requirements of
the DDM observable (see Section IV).
Some of the 29 overpasses were filtered out from the analysis
by quality control tests. The buoys for two overpasses had missing wind speed values at the time of the UK-DMC acquisition,
so those overpasses were removed. The spatial uniformity of
the wind field during each overpass was used as a second filter,
so that the differences in time and space sampling between the
buoy and satellite would not introduce significant errors. The
uniformity was tested by examining the time dependence of
the GPS-R measurements during each overpass. In particular,
the average scattered power in the near vicinity of the SP,
referred to as the Delay-Doppler Map Average, or DDMA
(see Section IV-A for an exact definition), was examined and
overpasses for which the DDMA was not reasonably constant
were removed. Fig. 4 shows the DDMA time series for each
of the 27 overpasses with collocated buoy data. Three of the
27 overpasses (overpasses A, B and C) were removed for wind
non-uniformity. Fig. 4 also highlights one case (labeled as D) in
which the wind speed is no longer uniform after the 15th second
of the time series. For this reason, we truncate this raw data
stream after 15 seconds. A final two overpasses were filtered
out which had the highest and lowest values of wind speed of
the remaining overpasses. They were removed to reduce the
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TABLE I
OVERPASS D ETAILS OF UK-DMC DATA S ET U SED FOR T HIS A NALYSIS , T OGETHER W ITH I NFORMATION F ROM C OLLOCATED NDBC B UOYS .
T HE L ABELS “LATstart/LONstart” AND “LATend/LONend” I NDICATE THE L ATITUDE /L ONGITUDE ,
R ESPECTIVELY, OF THE I NITIAL AND F INAL SP OF E ACH DATA S ET

uncertainty in the relationship between scattered power and
measured DDM caused by the Automatic Gain Control (AGC)
circuitry in the GPS receiver. The effects of AGC signal conditioning are largest at the highest and lowest winds. This is
corroborated by the fact that, when these two overpasses were
included, they exhibited the two largest wind retrieval errors. The
total number of UK-DMC overpasses used for the retrieval algorithms presented in the next section was reduced from 29 to 22.

IV. W IND S PEED R ETRIEVAL A LGORITHMS F ROM
S URFACE S CATTERING O BSERVABLES
Five wind speed retrieval algorithms are developed, based
on different quantities derived from the DDMs. We refer to
them as DDM observables. The observables include the DelayDoppler Map Average (DDMA), the Delay-Doppler Map Variance (DDMV), Allan Delay-Doppler Map Variance (ADDMV),
Leading Edge Slope (LES), and Trailing Edge Slope (TES).
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Fig. 1.

Data flow for processing DDM stream aligned by open-loop tracking.

Fig. 2.

Single pixel of a DDM, using the time-domain approach.
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In each case, the retrieval algorithms follow a common statistical inversion approach that uses an empirical GMF derived
from NDBC buoy wind matchups against their respective DDM
observable. The steps taken to develop each retrieval algorithm
are as follows:
a) All available DDM observables and collocated buoy
winds are assembled;
b) An empirical GMF is constructed from the matchups
using least squares regression analysis;
c) The GMF is used as the basis for the mapping from DDM
observable to estimated wind speed;
d) The Root Mean Square (RMS) difference between the
estimated wind and the NDBC ground truth wind speed
is computed as the RMS error in the retrieval.
This type of wind retrieval algorithm is often used in scatterometry [47] and SAR [48], where empirical GMFs are
derived from a large collocation study between observed scatterometer backscatter measurements together with in situ buoy
and/or Numerical Weather Prediction model data. In our case,
the retrieval algorithms are demonstrated using a small data set
of wind matchups, since only a handful of UK-DMC GPS-R
acquisitions were collocated with NDBC buoys. Future
GNSS-R missions (like CYGNSS) will make use of a large
data set of collocated wind speed information from different
sources (including buoys, model outputs, aircraft measurements
and satellite cross-overs) which will help construct a robust
empirical GMF model for each observable.
In the subsections that follow, we provide the definition
and description of 5 observables derived from DDMs, and
implement and apply the described retrieval algorithm to each
of them.
A. Delay-Doppler Map Average (DDMA)
The Delay-Doppler Map Average (DDMA) is the average scattered power computed over a specified delay-Doppler
window of the DDM around the SP. The DDMA can be
written as
DDMAY (Δτ, Δf, ti ) =

Fig. 3. Computation of DDM row through the process of downconversion,
demodulation, and followed by spectrum estimation.

Each of these observable is introduced here for the first time
as a means of extracting wind speed information from the
DDMs. One observable that has been used previously, the
DDM Volume [32], considers the spatial extent of the spread in
forward diffuse scattering due to ocean roughness, and has been
used to extrapolate wind and wave information from GNSSR data, both from fixed platforms [35] and from aircraft [40].
The DDM Volume is not considered here due to our interest in
limiting the spatial extent of the region over which the DDM
is examined, which determines the spatial resolution of the
retrieved wind speed.

M
N
1 
Y (tm , fn , ti ) (4.1)
M N m=1 n=1

where Δτ = τM − τ1 and Δf = fN − f1 are, respectively the
delay and Doppler ranges over which to compute the DDMA,
and Ȳ (τm , fn , ti ) is the scattered power value minus the noise
floor, at the delay and Doppler coordinates τm and fn , of
the 1-second DDM at time τi . The delay, Doppler and time
coordinates are in this case all discrete quantities. The DDMA
exploits the region in the DDM that is most sensitive to varying
wind speed, namely the scattered power at and around the SP
(see Fig. 5).
Two important parameters that characterizes the DDMA, as
well as the other observables described below, are:
a) The location of the SP in the DDM, to be used as the
center for DDMA calculation;
b) The delay and Doppler ranges over which to average the
DDMA.
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Fig. 4. Plot of 50-ms DDMA versus time, for all of the 27 UK-DMC overpasses collocated with NDBC buoys.

Fig. 5. Illustration of a DDM and of the area where the DDMA is calculated.

The open-loop tracking algorithm used to compute the DDM
aligns the zero-delay and zero-Doppler to its best estimate of
the SP position. The resultant DDM can have an actual SP
position offset due to differences in path length between the
modeled earth geoid and the true ocean surface, as well as other
delays such as are due to atmospheric refractivity. Here, we
compute the SP location in the DDM as the position of Most
Probable Maximum. The location is estimated as the position
with the highest number of occurrences of the maximum power
value, across the total number of 1-second DDMs for each data
stream.
The choice of the delay and Doppler ranges is a tradeoff
between the improvement in signal-to-noise that results from
averaging across more of the diffuse scattered signal in the
glistening zone, versus the improvement in spatial resolution
that results from only averaging over a limited region. A more

detailed examination of the correspondence between spatial
resolution and the delay and Doppler ranges selected for all of
the observables is provided in Section IV-F.
The DDMA is calculated from DDMs after an estimate of its
noise floor has been subtracted. The noise floor is estimated
directly from each DDM by averaging over a region where
there is no scattered signal (specifically, at delay values between
−6 chips and −3.4 chips before the SP), and is then subtracted
from each DDM pixel. For UK-DMC DDMs, we estimate the
noise floor as the average over the full Doppler range (i.e.,
10 kHz) and over the first 3 chips (i.e., the first 16 rows of the
DDM). This region has been verified to contain only noise in
all the UK-DMC overpasses under examination. A single value
for the noise floor is computed for each overpass using all of
the 1-second DDMs.
From these DDMs, the DDMA is calculated as the average
scattered power over a delay range of 0.75 chips and a Doppler
range of 2 kHz. The Doppler range is symmetrically chosen
about the SP, while the delay range is chosen from −0.2 chips,
to +0.55 chips, where 0 chips is referenced as the delay of
the SP. The delay range begins one delay sample before the
SP, rather than at the SP itself, since the samples adjacent to
the SP still contain a good amount of the scattered power from
the SP pixel, due to the power spreading caused by the Woodward Ambiguity Function (WAF). The DDMA is computed for
each 1-second DDM, resulting in a stream of between 13 and
19 DDMA values for each UK-DMC overpass.
In order to generate an empirical GMF relating the DDMA
to ocean surface wind speed, the individual 1-second DDMs
are averaged together for each of the overpasses. This reduces
the noise present in the training data used for the GMF and
it normalizes the number of samples present at each wind
speed. Averaging in this way does not significantly smooth the
response of the DDMA to wind speed because of the filtering
that was applied to remove the cases of non-uniform winds.
The resulting scatterplot of DDMA and collocated NDBC buoy
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Fig. 6. Scatterplot of (top left) DDMA, (top right) DDMV, (center left) ADDMV, (center right) LES, and (bottom center) TES observables, versus collocated
wind speed, along with the best-fit linear empirical GMF.

wind training data for the GMF is shown in Fig. 6 (top left).
The red line is the empirical GMF, derived as a least squares
first order polynomial fit to the data. In this case, and for the
other observables as well, we opt for a simple linear function as
the GMF, since higher order polynomial fits and other types
of functional forms did not provide a significantly better fit.
The correlation coefficient (r) and explained variance (R2 ) of
the linear fit are −0.44 and 0.19, respectively. The fairly low
value of explained variance is in part due to the need to filter
the dynamic range of wind speeds considered (due to the AGC

issue), which limits the total variance of the winds. This, in
turn, causes the unexplained variance in the scatter plots (due to
retrieval errors and other noise effects) to be a higher fraction of
the total than would be expected given a wider dynamic range of
wind speeds. We anticipate that these results will improve when
the restriction on the dynamic range of winds can be lifted with
future GNSS-R missions.
The winds from each 1-second DDMA sample are then
estimated using the empirical GMF. The performance of
the retrieval is measured as the Root-Mean Square (RMS)
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TABLE II
RMS W IND S PEED R ETRIEVAL E RROR FOR E ACH OF F IVE DDM
O BSERVABLES AND FOR THE C OMPOSITE MV E STIMATOR

difference between the estimated winds and the NDBC ground
truth winds, or


L 
2
1 
l
l
U10(est)
− U10(true)
.
(4.2)
RMSERR = 
L
l=1

The RMS error in the DDMA retrieval is found in this way to
be 2.01 m/s (see Table II).

where the individual time samples, ti , are now every 50 ms
and the < > operator is the average over the full population. The individual UK-DMC overpasses last between 13
and 19 seconds, resulting in 260 < I < 380 DDMs in each
population.
The DDMV is computed using the same delay and Doppler
ranges, Δτ and Δf , as was the DDMA in Section IV-A,
hence the spatial resolution is the same. A scatterplot of the
DDMV observable versus NDBC buoy wind speed is shown
in Fig. 6 (top right), together with the best-fit linear GMF. The
best-fit figures of merit are r = −0.36 and R2 = 0.13. In the
scatterplot, the overall trend is for the DDMV to decrease with
increasing wind speed, which suggests that the scaling of the
DDMV by the magnitude of the DDMA is the dominant source
of explained variance, whereas the increase in speckle with
wind speed is only a secondary explanation. This is corroborated by the fairly high correlation between the errors in the two
wind retrievals based on these observables (see Section V). The
RMS error in the DDMV retrieval is 2.08 m/s (see Table II).
C. Allan Delay-Doppler Map Variance

B. Delay-Doppler Map Variance (DDMV)
The Delay-Doppler Map Variance is defined as the variance
of the population of DDMAs measured during a buoy overpass.
The incoherent averaging time of the DDMs from which the
DDMA are computed is reduced from 1 second to 50 ms in
order to enhance the sensitivity of the observable to the wind
speed.
The DDMV exploits the speckle noise that is present in the
DDM, in particular its dependence on the surface roughness
and wind. Speckle is here no longer considered as noise, but
as an additional source of information about the wind speed.
For flat surfaces, or surfaces characterized by very low wind,
the glistening zone in the DDM of scattered power reduces to a
concentrated peak near the SP and with reduced speckle. For a
wind roughened surface, the sea surface facets are tilted and oriented in different directions, generating more scattered power
away from the SP, and also more speckle from the random
fluctuations caused by constructive/destructive interference of
the signal scattered from different facets. These fluctuations,
which generate the speckle noise, grow stronger with increasing
winds. As a consequence, the intensity of speckle noise, as
characterized by the variance, is related to the wind speed.
Speckle noise is a short time scale process that is accentuated by
performing shorter, 50 ms, incoherent averaging of the DDMs.
It should be noted that the variance of the DDMA scales with its
magnitude, so that the dependence of the DDMV observable on
wind speed will include a component that is correlated with the
DDMA observable as well as a component due to the speckle
itself.
The DDMV is computed as the variance of the DDMA
values calculated from the population of 50 ms DDMs for each
overpass, or
1
{DDMAY (Δτ, Δf, ti )
I i=1

The Allan DDM Variance (ADDMV) is defined as the
variance of the population of differences between consecutive
DDMAs measured during a selected interval of time. The
ADDMV used here as a DDM observable is computed using an
incoherent integration time of 50 ms, similarly to the DDMV
observable, or
ADDMV(Δτ, Δf ) =
×

I 


1
I −1

DDMAY (Δτ, Δf, ti ) − DDMAY (Δτ, Δf, ti−1 )

2

i=2

(4.4a)
where
DDMAY (Δτ, Δf, ti ) = DDMAY (Δτ, Δf, ti )
− DDMAY (Δτ, Δf ) .

(4.4b)

The Allan variance is used to characterize the short time scale
variability of random processes by cancelling out longer term
variations that are common to consecutive samples [49]. In our
case, the objective is the removal of slowly varying changes
such as might be due to receiver gain drifts or wind speed nonuniformity in order to better isolate the speckle component of
the variations. The ADDMV is computed using the same delay
and Doppler ranges, Δτ and Δf , as the DDMA and DDMV,
so it also has the same spatial resolution. A scatterplot of the
ADDMV observable versus the NDBC buoy wind speed is
shown in Fig. 6 (center left), together with the best-fit linear
GMF. The best-fit figures of merit are r = −0.45 and R2 =
0.21. The RMS error in the ADDMV retrieval is 1.99 m/s (see
Table II).

I

DDMV(Δτ, Δf ) =

− DDMAY (Δτ, Δf )}2

D. Leading Edge Slope (LES) of Integrated Delay Waveforms
(4.3)

The Leading Edge Slope (LES) is defined as the slope of
the leading edge of the Integrated Delay Waveform (IDW). The
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Fig. 7.
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Illustration of best-fit linear function for the (left) leading edge and the (right) trailing edge of an IDW.

IDW is obtained by incoherently integrating the DDM over
a specified range of Doppler frequencies, giving the scattered
power as a function of delay only. The IDW resembles the
backscattered waveform used in conventional radar altimetry
[50], which are also characterized by a leading edge with a
slope from which the Significant Wave Height (SWH) of the
ocean surface can be estimated. The LES can be written as
⎧
2⎫
2
⎨ 
⎬
I(τk , Δf, ti )−(ατk +c)
α(Δτ, Δf, ti ) = arg min
⎩
⎭
α,c
k=1

I(τk , Δf, ti ) =

N
1 
Y (τk , fn , ti )
N n=1

(4.5)

where Δτ = τ2 − τ1 is the delay interval over which the LES
α is calculated. An example of the IDW and the best-fit linear
function along its leading edge is illustrated in Fig. 7 (left). The
LES is calculated using IDWs obtained from 1-second incoherent integration DDMs. The Doppler range is kept the same for
all the observables, to maintain consistency in spatial resolution
among the wind estimates from the different observables. The
delay range of the IDW over which the slope is computed is also
kept equal to that used for the other observables, and centered
at the central point of the leading edge of the waveform.
The portion of the leading edge of the IDW where the slope is
calculated is centered around the point of maximum slope in the
leading edge, i.e., the point with maximum derivative. However,
there is in some cases some ambiguity in identification of such
point, especially when the waveforms are particularly noisy.
We then compute the coefficients of the first order polynomial
function that best fits the IDW, over the portion of the leading
edge chosen to calculate the LES, and select the slope of this
function (i.e., the first of the two coefficients obtained from the
fit) as our LES observable. A scatterplot of the LES versus
NDBC buoy wind speed is shown in Fig. 6, (center right),
together with the best-fit linear GMF. The best-fit figures of

merit are r = −0.44 and R2 = 0.20. The RMS error in the LES
retrieval is 2.00 m/s (see Table II).
E. Trailing Edge Slope (TES) of Integrated Delay Waveforms
The IWV also has a trailing edge whose slope responds to
changes in the wind speed. The Trailing Edge Slope (TES)
is calculated as the slope of the waveform region extending
from the waveform peak to 0.75 chips from the peak, where the
position of the peak in the waveform is computed as the delay
value with the most probable maximum in the DDM. Similarly
as the LES, the TES is computed as the slope of the best-fit
line to the waveform in the region specified. An example of the
best-fit linear function at the trailing edge of the IDW is shown
in Fig. 7 (right). Mathematically, the TES can be expressed as
⎧
2⎫
4
⎨ 
⎬
J(τk , Δf, ti )−(βτk +d)
β(Δτ, Δf, ti ) = arg min
⎩
⎭
β,d
k=3

J(τk , Δf, ti ) =

N
1 
Y (τk , fn , ti )
N n=1

(4.6)

where δτTES = τ4 − τ3 is the delay interval over which the
TES slope is calculated. As with the LES, the TES is estimated
for each 1-second DDM of each overpass. A scatterplot of the
TES observable versus NDBC buoy wind speed is shown in
Fig. 6 (bottom, center), together with the best-fit linear GMF.
The best-fit figures of merit are r = −0.65 and R2 = 0.42. The
RMS error in the TES retrieval is 1.70 m/s (see Table II).
F. Spatial Resolution
The spatial resolution of each observable depends on both the
delay-Doppler range used to calculate the observables, and on
the WAF, which spreads the power coming from a given delayDoppler pixel (i.e., a given spatial area) to adjacent pixels. For
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Fig. 8. Iso-delay lines at 0.75 chips and iso-Doppler lines at 2 kHz for all of the geometries encountered during the UK-DMC overpasses. In each case, the
geometry illustrated is for the first second of the data stream.

regions of the DDM that do not include the SP, there is also an
ambiguity due to the fact that each pixel contains contributions
from two different regions in space as a result of the double
intersection of an iso-Doppler line with an iso-delay line [37].
However, the observables considered here are not affected
by this ambiguity. The delay-Doppler region over which our
observables is calculated (0.75 chips and 2 kHz) is large enough
that the WAF spreading is a second order correction to the

spatial resolution. For that reason, it is neglected here. Fig. 8
shows plots of the iso-delay contours at 0.75 chips and the
iso-Doppler contours at 2 kHz over a 200 × 200 km2 area, for
the 22 overpasses considered. The choice of delay and Doppler
ranges are seen to be consistent with one another, since the isoDoppler lines tend to intersect the edges of the iso-delay ellipses. This guarantees that all available scattered power within
the iso-delay ellipse will be included in the processed region of
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the DDM. Decreasing the Doppler range would remove some
of the scattered power and increasing it further would only add
more noise, but not scattered signal, to the processed region.
Each plot specifies the incidence angle in its title, which is the
angle between the forward scattered signal and the local normal
to the surface. The iso-delay ellipses tend to increase in size
at higher incidence angles, which degrades (i.e., enlarges) the
spatial resolution.
If the Doppler range is properly set, the major and minor
axes of the iso-delay ellipse determine the spatial resolution.
With a 0.75 chip delay range, the major axis ranges between
34 km and 84 km, while the minor axis ranges between 34 km
and 44 km. These dimensions set the instantaneous scattering
area of the observables. An effective spatial resolution must
additionally include the smearing of the instantaneous ellipse
due to spacecraft orbital motion. In the case of UK-DMC, this
amounts to approximately 6 km/s of beam smearing by the
instantaneous ellipse in the ground track direction.
V. M INIMUM VARIANCE E STIMATOR
The five individual estimates of the wind speed can be combined together to produce a Minimum Variance (MV) estimator.
A MV estimator exploits the degree of decorrelation between
the errors in the individual estimates to minimize the RMS
error in its wind speed estimate [51]. The advantage of such
an estimator lies in the fact that its RMS error will always be
better than or equal to the lowest RMS error in the retrieved
wind speeds among the individual observables. The lower the
correlation between errors in pairs of individual estimators,
the better the RMS error performance of the MV estimator.
The MV estimator is built as a linear combination of the original
estimators, according to
uMV = m · u

(4.7)

where u is the vector of individual estimates and m
 is the
vector of coefficients. The coefficients are obtained by requiring
that the MV estimator be unbiased (i.e., the expected value
of its retrieval is equal to the true quantity to be estimated)
and by minimizing its variance. The estimator is derived in
the Appendix. The coefficients of the linear combination are
given by
⎞−1
⎛
N 
N

⎠ C −1 1
c−1
(4.8)
m=⎝
i.j
i=1 j=1

where 1 is a vector of ones, C −1 is the inverse of the covariance
matrix between the individual retrieval errors, and c−1
i.j are its
elements. The variance of the MV estimator is given by
⎞−1
⎛
N 
N

2
⎠ .
σMV
=⎝
c−1
(4.9)
i.j
i=1 j=1

The MV estimator requires knowledge of the covariance
matrix of the individual retrieval errors. The covariance is
estimated empirically from the errors in overpass retrievals.
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TABLE III
C ORRELATION B ETWEEN THE R ETRIEVAL E RRORS
BY E ACH PAIR OF O BSERVABLES

The covariance matrix can be factored into two component
matrices, as
C = SRS

(4.10)

where S is a diagonal matrix of standard deviations of the
retrieval errors for each observable (i.e., the square root of
the diagonal elements of the covariance matrix), and R is the
matrix of correlation coefficients, whose elements are always
between −1 and 1. The five standard deviations and the correlation matrix are listed in Tables II and III. A visual illustration
of this correlation is provided in Fig. 9, where scatter plots
of retrieval errors by pairs of observables are shown for the
pairs of observables with the highest (0.99) and lowest (0.88)
correlation coefficients. The highest correlation exists between
DDMA and LES retrievals, while the lowest correlation exists
between DDMV and TES retrievals. In general, retrieval errors
by the TES observable have the lowest correlation with those
by the other observables.
Fig. 10 shows a scatter plot of the wind speed retrieved by the
MV estimator versus the ground truth buoy wind speed.
The RMS error in the MV estimator was evaluated directly as
the RMS difference between retrieved and ground truth winds,
using eq. (4.2), and analytically using eq. (4.9). In both cases,
the error is equal to 1.65 m/s. The MV retrieval error is lower
than that of each of the 5 individual observables. Table II
summarizes the RMS errors in the retrievals using each of the
five individual observables as well as the RMS error using the
composite MV estimator.
The same 22 data samples are used for both the training data
from which the GMFs are derived for the five observables, as
well as for the RMS error performance assessment. It would be
preferable to use independent data sets, but our approach was
driven by the limited number of data samples available from
the UK-DMC mission. As a means of demonstrating that the
reported retrieval performance is not a result of artificial tuning
of the retrieval to the particular data samples, we repeated
the retrieval analysis after splitting the data into 11 training
samples and 11 samples used for performance assessment.
After doing so, the RMS wind speed retrieval error for the
minimum variance estimator changes slightly, from 1.65 m/s
when all 22 samples are used for both training and performance
assessment, to either 1.45 or 1.70 m/s when the samples are
split into two independent subsets. The two RMS error values
depend on which subset is used to train and which to assess.
The changes are likely due to the standard error in the estimate
of the RMS retrieval error, and are associated with the small
population size.
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Fig. 9. Scatterplots of wind speed retrieved using two different DDM observables. (Left) The highest correlation in the retrieval errors (99%) is between the
DDMA and LES retrievals. (Right) The lowest correlation (88%) is between the DDMV and TES retrievals.

Fig. 10. MV wind speed estimate versus NDBC buoy ground-truth winds.
The RMS difference between them is 1.65 m/s.

VI. D ISCUSSION
The DDMs from which all 5 observables were derived are
calibrated in units proportional to the received power at the
UK-DMC satellite. With conventional backscatter radars, it is
common to develop remote sensing retrieval algorithms that
depend on the normalized radar cross section (NRCS) of the
surface. The NRCS is derived from the received power by
correcting for its dependence on transmit power, transmit and
receive antenna gain, scattering area, and propagation path loss.
This is done in order to isolate and emphasize the component
of variance in the received power that is explained by variations
in the surface conditions.
In our case, the presence of an Automatic Gain Control
(AGC) circuit in the UK-DMC receiver precluded the advantages of a conversion from received power to NRCS. The
AGC circuit made corrections to the receiver gain in order
to keep the signal being digitized within the limited analog
to digital converter range. The UK-DMC data samples with
the highest and lowest wind speed ground truth values were
removed from our consideration in order to limit the dynamic
range of the scattered signal. In this way, the scattered power
becomes only a relatively small component of the total signal
and the AGC response is dominated by changes in the system
noise power (receiver noise + Earth brightness temperature +

interference). The detrimental impact of AGC on the dynamic
range of observable winds, and the uncertainty it introduces into
the measurement of absolute scattered power (as opposed to relative signal-to-noise ratio), have motivated the option to disable
AGC and replace it with manual, ground controlled, gain adjustments in the upcoming GNSS-R missions: TechDemoSat-1
and CYGNSS.
One other distinction should be noted between the UKDMC measurements and those expected by TechDemoSat-1
and CYGNSS. UK-DMC telemetered raw sampled IF data to
the ground, which allows for DDMs to be generated with any
temporal sampling. In particular, 1-second samples were used
for the DDMA, LES and TES observables and 50-millisecond
samples were used for the DDMV and ADDMV observables.
While both TechDemoSat-1 and CYGNSS will have a similar
“raw IF” data mode, and will thus be capable of generating
the same set of 5 observables, that mode can only be operated
on orbit with a limited duty cycle due to the large data rates
involved. In the case of CYGNSS, nominal, full-time operation
(i.e., 100% duty cycle) will only be possible if the DDMs are
generated on board with 1-second temporal resolution and are
then telemetered to the ground. This “DDM” data mode will
only support generation of the DDMA, LES and TES observables. Application of the MV estimator to this reduced set of
three observables results in an RMS error retrieval performance
of 1.68 m/s, which is only slightly degraded relative to the full
5-observable version.
The correlation between retrieval errors using the individual
observables is in general quite high. This is partly to be expected because they are all derived from the same DDM and
from the same region of it near the SP. In the case of the DDMA
observable, additional correlation is to be expected with both
the DDMV and ADDMV since the latter two observables are
sensitive to the speckle noise present in the scattered signal
and speckle is known, on average, to be proportional to the
scattered power. However, their correlations are below 100%
because the proportionality is only true on average, but not for
noisy individual estimates of the power and variance statistics.
Both the DDMA estimate of scattered power and the variancebased observable estimates related to speckle are derived from
finite sample populations and, hence, are noisy. The observed
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decorrelation values indicate that the standard errors in their
estimates are not completely correlated, so including all of
them in the minimum variance estimator helps to reduce the
aggregate error. Some of the correlation is also due to the
way the data samples used in this study were selected and
processed. Pre-filtering was applied to the overpass data set to
remove cases with highly non-uniform wind fields, in order to
improve their correspondence with the collocated NDBC buoy
measurements. This likely contributed to the high correlation
that existed between DDMV and ADDMV retrievals. Both
of these observables are measures of the variability in the
signal, with the DDMV responding to variability on all time
scales and the ADDMV responding only to short time scale
processes. Their high correlation suggests that the short time
scale processes are dominant, which is to be expected given the
pre-filtering that was applied. When this wind speed retrieval
algorithm is applied later to a wider variety of non-uniform
data, it can be expected that the correlation between DDMV
and ADDMV retrieval errors will decrease and their unique
contributions to the MV estimator will improve.
VII. C ONCLUSION
A Minimum Variance (MV) wind speed estimator is constructed from five observables derived from GNSS-R Delay
Doppler Maps (DDMs). The observables exploit properties
of the DDM that respond to variations in the ocean surface
wind speed. The observables include the Delay-Doppler Map
Average (DDMA), the Delay-Doppler Map Variance (DDMV),
Allan Delay-Doppler Map Variance (ADDMV), Leading Edge
Slope (LES), and Trailing Edge Slope (TES). Each of these
observable is introduced here for the first time as a means of
extracting wind speed information from the DDMs. The observables are calculated, and the wind speed retrieval algorithms
tested, using spaceborne GPS-R DDMs, collected during the
UK-DMC mission. Ground-truth winds are provided by NDBC
buoys that are collocated with the UK-DMC measurements.
A simple wind retrieval algorithm is developed individually
for each observable using an empirical GMF that is derived
by linear regression of the observable against the groundtruth wind speed. The MV estimator is constructed as a linear
combination of the wind estimates from each observable. It
shows improved performance, in terms of RMS difference
between estimated and ground-truth wind, compared to the
retrieval by each individual observable. The improvement is
not large because the correlation between observables is high.
However, what partial decorrelation does exist is fully exploited
by the MV estimator to lower the overall RMS error, which is
1.65 m/s when all the five observables are used, and 1.68 m/s
when only the observables derived from 1-second DDMs
are used.
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—Vector quantities are designated by variables with a vector
arrow above them, e.g., m.

—Estimated quantities are designated by variables with a “hat”
above them, e.g., û.
—Matrices are designated by upper case, boldfaced variables,
e.g., C.
The Minimum Variance (MV) estimator, ûMV , is constructed
as a linear combination of individual wind speed estimates, or
ûMV = m
 · û

where m
 is a vector of linear combination coefficients and û
a vector of the individual wind speed estimates. In our case,
they are derived from the five DDM observables: DDMA,
DDMV, Allan DDMV, LES and TES. The coefficients in
the MV estimator are properly normalized by the following
constraint:
m
 · 1 = 1

Notation:
—Scalar quantities are designated by lower case variables,
e.g., 1.

(A2)

where 1 is a vector of all ones.
Let C be the covariance matrix for errors in the individual
wind speed estimates, or
(A3)
Cij = (ui − utrue )(uj − utrue )
where ui is the wind speed estimated from the ith DDM
observable and utrue is the true wind speed. The variance of
the MV estimator is given by


2
σMV
= (uMV − utrue )2 .

(A4)

Substituting (A1) into (A4), expanding the square, and using
the expression (A3) for the elements of the covariance matrix,
(A4) can be rewritten as
2
σMV
=m
 ·C ·m
 .

(A5)

2
Minimization of σMV
with respect to the elements of m,
 subject
to the constraint given by (A2), is performed using the Method
of Lagrange Multipliers, or


2
∇ σMV
+ λm
 · 1 = 2C · m
  + λ · 1 = 0
(A6)

where λ is the Lagrange multiplier. Solving for m
 in (A6) gives
m
 =−

λ −1 
C · 1.
2

(A7)

Substitution of (A7) into (A2) solves for the Lagrange multiplier as
⎛

A PPENDIX
D ERIVATION OF M INIMUM VARIANCE (MV) E STIMATOR

(A1)

λ = −2 ⎝

N 
N


⎞−1
−1 ⎠
Cij

(A8)

i=1 j=1
−1
where Cij
is the ijth elements of the inverse of the covariance
 The final form
matrix C −1 , and N is the dimensionality of m.
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of the solution for the minimum variance coefficients is found
by inserting (A8) into (A7), giving
⎛
⎞−1
N 
N

−1 ⎠
m
 =⎝
Cij
C −1 · 1.
(A9)

[17]
[18]

i=1 j=1

[19]

Substituting (A9) in (A5) gives an expression for the variance
of the MV estimator as
⎞−1
⎛
N 
N

2
−1 ⎠
σMV
=⎝
Cij
.
(A10)
i=1 j=1

Note that the derivation presented here is valid for an arbitrary
number, N , of individual estimators.

[20]

[21]
[22]
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