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Abstract—This paper presents a detailed examination of
fluctuating input noise power levels on the analog to digital
convertor (ADC) sampling hardware of the NASA CYGNSS
instruments and the associated impacts on the level 1 NBRCS
estimation performance. The impact of external noise variations
on both the CYGNSS science and navigation channels are
quantified with respect to how the fluctuating received power
impacts the low level ADC sampling distribution and subsequent
NBRCS estimation. This work demonstrates that there are clear
quantifiable geo-spatially dependent noise variations linked to
GNSS space based augmentation systems (notably QZSS and
WAAS) and that these additional noise sources significantly alter
the digital sampling distribution of the CYGNSS instruments,
actively degrading the level 1 NBRCS estimation if not corrected.
A derivation of the theoretical correction for both the science and
navigation channel ADC sampling variations is presented which
is later tuned based on empirical performance metrics in an
effort to minimize the induced calibration errors. The impacts
of the enhancements outlined in this work on CYGNSS level
1 calibration are evaluated using 1 year of observations before
and after the digital sampling corrections, using model ECMWF
wind and Wavewatch III MSS surface validation data sets.
Index Terms—Calibration, GNSS, GPS, Reflectometry, Bistatic
Radar, CYGNSS

I. I NTRODUCTION AND BACKGROUND
LOBAL Navigation Satellite System (GNSS) Reflectometry (GNSS-R) consists of measuring bistatic surface
reflections from GNSS transmitters for the purpose of Earth
remote sensing.[1], [2], [3].
A number of advantages of GNSS-R are achieved through
their L-band operating frequencies which provide reasonable
penetration through thick vegetation canopies, insensitivity to
heavy rain and cloud cover. Practically, the passive nature of
the instruments which act as receivers of navigation signals
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of opportunity can be achieved at relatively low-cost using
commercially available materials with their short procurement
times. This allows for the design and launch of multiple
receiver constellations which can achieve superior spatial
and temporal coverage, compared to single satellite missions.
These factors have contributed considerable to the proliferation of GNSS-R measurements for a variety of applications
including soil moisture retrieval [4], [5], [6], [7], biomass
estimation [8] and inland water body mapping [9], [10], [11],
[12], [13], [14] and ocean surface altimetry [15]. Additionally,
these systems continue to play an increasing role in remote
sensing of the ocean wind and waves [16], [17], [18], [19]
and improving hurricane forecasting [20], [21], [22] where the
relationship between the forward scattered GNSS signals and
ocean conditions can be retrieved based on well established
physical relationships between surface winds, ocean surface
roughness and the incoherent surface scatter [23], [24].
An example of this is NASA’s 2016 Earth Venture constellation of 8 Low Earth Orbit (LEO) receivers, the Cyclone
Global Navigation Satellite System (CYGNSS) mission [25],
each hosting a primary delay-Doppler Mapping Instrument
(DDMI) [26] payload enabling the constellation’s use for
GNSS-R Earth remote sensing. The operation of the CYGNSS
receivers is that of a spaceborne passive radar system with
each the constellation’s eight observatories forming a specular
bistatic geometry together with a GPS transmitter whose
Earth reflected L1 C/A codes are received by either of the
observatories two nadir science antennas, port and starboard,
and cross-correlated with local code replicas. The different
forward paths associated with received surface scatter give rise
to delay diversity while the motions of the receiver, transmitter
and reflecting surface lead to Doppler diversity such that the
received surface scatter is mapped from the spatial domain
to delay-Doppler space giving rise to the fundamental GNSSR measurement, the delay-Doppler Map (DDM). CYGNSS’s
standard Level-1 DDMs span 17 delay bins (with ≈0.25µs
per-pixel sampling) and 11 Doppler bins (with ≈500 Hz, perpixel sampling).
The individual CYGNSS instruments each contain 4 parallel
channels, with each channel capable of tracking a single
surface reflection. Combined, the 8 CYGNSS satellites, each
tracking 4 observations in parallel, are capable of a total of 32
DDMs per processing interval (initially configured at 1 second,
then commanded to a shorter 0.5 second in 2019 to improve
along track surface resolution). These level 0 observations
are initially computed in uncalibrated units of raw counts.
To derive the observable of most relevance for the mission’s
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Fig. 1. Analog to digital signal processing chain (left to right) of CYGNSS instrument. Analog signal is digitally sampled after a commandable voltage gain
(Av2 ) in the instrument front end electronics.

core objectives, the Normalized Bistatic Radar Cross Section
(NBRCS), a smaller cropping window is used to integrate
surface scatter within ±1 delay pixels and ±2 Doppler pixels
about the specular bin to form the delay-Doppler Map Average (DDMA) that is normalized by an estimate of effective
scattering areas to form the CYGNSS NBRCS. This process
is preceded by two levels of calibration, ‘L1A’ and ‘L1B’, that
aim to convert the initial ‘Level-0’ DDMs from their units of
raw counts to power Level-1 DDMs in units of watts and later
to bistatic radar cross section (BRCS) DDMs in units of m2 ,
respectively, through accounting for a variety of instrument
and reflection-geometry related factors. This includes accounting for transmitter effective isotropic radiated power (EIRP)
which has recently been shown to be highly dynamic thereby
necessitating its direct tracking through each of the eight
observatories’ zenith antennas [27], [28], receivers’ antenna
gains, signal forward paths’ ranges, low noise amplifier (LNA)
temperature, instrument gain and fluctuating observations of
noise levels. For a more comprehensive overview see [29].
While the accurate estimation of all of the aforementioned
calibration parameters is crucial for the successful calibration of CYGNSS data and its subsequent use for science
applications, this paper is primarily concerned with providing
a comprehensive analysis of the latter term; presenting an
examination of the dynamic external noise environment the
eight satellite constellation operates in, its effects on input
noise power levels and the cascading effects this may have on
Level-1 calibration if not adequately accounted for.
On-orbit GNSS-R measurements both from the CYGNSS
mission and the TechDemoSat-1 (TDS-1, [30]) satellite
showed significant global spatial variation in the received
observation noise floors, previously presented in [31] and [32],
respectively. It was believed that this was due to both: a)
natural external antenna noise fluctuations and, b) nuisance
signal reflections from other GNSS systems, notably from
GNSS Space Based Augmentation Systems (SBAS) [33],
[34], [35]. These results demonstrated that transmissions from
other GNSS satellites (those not used to perform the GNSSR remote sensing measurement) can significantly alter the
observation noise. In the case of CYGNSS, the observed noise
is used directly in the level 1 calibration, and as we will show
in this analysis, uncertainty in the noise level can introduce
significant errors in the NBRCS estimates.
The next Section provides an overview of the ADC sampling design of the CYGNSS instrument and identifies key
terms used in subsequent analysis. Section III presents a
summary of the magnitude and spatial distribution of on-orbit
observed CYGNSS noise, highlighting regional anomalies

in uncorrected noise floor estimates and their impacts on
CYGNSS’s ADC sampling hardware. These effects are further
explored in Section IV, presenting a quantitative assessment
of the errors introduced to the level 1 CYGNSS NBRCS
estimates and a theoretical correction (with minor empirical
tuning) to the CYGNSS science observation noise levels.
Section V performs an analysis and correction for digital
sampling errors on the CYGNSS direct channel GPS effective
isotropic radiated power (EIRP) estimates used in the level
1 calibration. Section VI presents a before and after error
assessment of the corrected CYGNSS level 1 NBRCS data
products. Section VII includes a summary and discussion of
the results.
II. OVERVIEW OF A NALOG TO D IGITAL S AMPLING
D ESIGN OF CYGNSS I NSTRUMENT
This paper focuses solely on the specific details of the
CYGNSS instrument digital sampling design and does not
consider alternative sampling strategies. For a more information on the general theories underlying analog to digital
sampling strategies additional reference sources should be
consulted, such as [36] or for the specific case of GNSS
receivers [37].
A. Analog to Digital Sampling of Input Noise Levels
The CYGNSS instrument input signal processing chain is
illustrated in Figure 1. After capture of the off-air signal by the
receive antenna, the signal enters the LNA and is processed
through a cavity filter and initial fixed voltage gain stage
Av1 . Following this initial amplification stage, the received
signal travels to the instrument front end where additional
down-conversion and filtering is applied. This includes added
amplification by a commandable voltage gain Av2 which
permits adjustment of the analog signal level into the ADC.
It is noted, that numerous GPS receivers configure the front
end into an Automatic Gain Control (AGC) mode in order to
autonomously adjust Av2 , thereby securing an ideal Normal
sampling distribution (See Figure 2). However, the need for
knowledge of the precise input power level for a science
observation prohibits this convenience, and necessitates that
G2 remains at a constant commanded value for the CYGNSS
receivers.
The need to manually command the front end gain settings,
adds the requirement that the input signal levels be compatible
with the 2-bit ADC digital sampling thresholds (which are
fixed within the front end), at states ±1 and ±3 in the case of
CYGNSS. This is demonstrated in Figure 2 for three cases.
The left column shows an example G2 which is too high
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(increased magnitude of real analog voltage samples). In this
case, the sampled input signal falls disproportionally into bin
1 (below lower threshold) and bin 4 (above high threshold).
This results in a non-ideal inverted sampling distribution as
shown directly below.
Alternatively, if G2 is commanded too low (shown in the
right column) the sampling shifts to bin 2 and bin 3 (on either
side of the zero voltage reference), and results in a peaked
sampling distribution. Ideally, G2 should be commanded to a
level which results in a near-ideal Normal (Gaussian) sampling
distribution of the 4 bins, as shown in the center column.
As the sampling distribution deviates from the Normal
(Gaussian) shape, a small and gradual degradation in the
downstream processed retrieved signal power levels arises
[38]. It is important to note that GNSS signals when sampled
off-air are typically at levels well below the input noise
floor [39] and are subsequently detected using a coherent
(spread spectrum) processing technique [40] in the digital
signal processor such that the sampling distribution in a GNSS
receiver is driven mostly by the input noise level (directly
linked to the cascaded system gain Av1 + Av2 ).
III. C HARACTERIZATION OF CYGNSS O N -O RBIT
D IGITAL S AMPLING P ERFORMANCE
A. Sampling Distributions of CYGNSS Satellites
It is convenient to define a single metric to quantify the
digital sampling distribution. We have chosen to do this in a
parameter called the Bin Ratio (BR), which is defined as,
BR =

b2 + b3
b1 + b4

(1)

where, b1, b2, b3, b4 are, respectively, the number of counts
accumulated into each of the four digital sampling bins, -3, -1,
+1 and +3 respectively over a short time interval (see Figure 2
for a simulated illustration of the four sampling bin behavior)
that in the case of the CYGNSS receivers is 1 second. In
reference to Figure 2, the bin ratio for the inverted distribution
(left) is BR = 0.62, for the Normal/Gaussian distribution
(center) is BR = 2.15, and for the peaked distribution
BR = 4.52. The low and high BR examples present limiting
scenarios for illustration.
The bin ratio distributions for each of the eight CYGNSS
observatories’ starboard, port and zenith antennas as observed
on-orbit are shown in Figure 3, with statistics summarized in
Table I. The observed ranges of the CYGNSS instruments
generally fall between sightly below 1.00 to slightly above
2.15, which is a (non-ideal) but acceptable range.
Discussion of CYGNSS Bin Ratio Distributions: The statistics summarized in Table I make clear that the CYGNSS input
channels are associated with non-ideal BR distribution, all
having means BR below the 2.15 value corresponding to a
Gaussian distribution. This is expected to be an artifact of
the initial commanded front end gain settings being slightly
higher than the value that ensures an optimal BR distribution,
but nonetheless still at acceptable levels for remote sensing applications (as indicated by wind speed retrievals from

Param./FM
Star. BR
Star. σ(BR)
Port BR
Port σ(BR)
Zen. BR
Zen. σ(BR)

3

1
1.14
0.20
1.49
0.29
1.17
0.10

2
1.58
0.27
1.34
0.25
0.99
0.09

3
1.66
0.29
1.11
0.19
1.64
0.14

4
1.53
0.29
1.66
0.32
1.01
0.08

5
1.68
0.23
1.47
0.29
1.64
0.16

6
1.31
0.22
1.40
0.23
1.35
0.09

7
1.55
0.26
1.46
0.21
1.25
0.11

8
1.82
0.31
1.56
0.26
1.16
0.09

TABLE I
S UMMARY OF CYGNSS BIN RATIO DISTRIBUTIONS ACROSS ALL
OBSERVATORIES AND INPUT CHANNELS . BR DENOTES A BIN RATIO MEAN
AND σ(BR) DENOTES A BIN RATIO STANDARD DEVIATION .

CYGNSS that meet mission requirements [41]). There are two
potential problems with the current CYGNSS front end gain
configuration, should the BR distribution become too extreme
(i.e. vary significantly from Gaussian, to levels below 1.0 or
above 3.0, for example); a) the 2-bit digital sampling distribution starts encroaching towards a 1-bit sampling configuration
which results in known captured signal power losses [37], and
b) as will be demonstrated below, the further the bin ratio
from nominal the larger the (non-linear) correction needs to
be to standardize the input to a common reference, which can
potentially introduce increased calibration uncertainty.
As the bin ratio falls below 1.00, the corrections become
more severe, which motivates the re-commanding of new
values of G2 for instrument channels with lower distribution
means. It is the long term goal of the CYGNSS mission to adjust these marginally low BR channels to shift the distribution
upward towards the nominal reference. In fact, this on-orbit
operation was performed for the CYGNSS FM 3 port channel
in late 2020, resulting in a notable shift up toward nominal
levels. However, these adjustments, often cause subtly and
unduly large shifts in the downstream NBRCS distributions
and ocean wind speed retrievals and have the potential to
degrade legacy version of the CYGNSS level 1 calibration and
wind speed retrievals beyond acceptable bounds. Therefore,
as this proposed ADC correction is integrated into future
CYGNSS level 1 calibration versions and downstream bias
corrections are recalculated, it is expected that on-orbit gain
adjustments to the out-of-family input channels (i.e. CYG01
and CYG06 starboard channels in addition to CYG03 port
channel) will be rolled out.
B. Observed Noise Fluctuations in CYGNSS Observations
The presence of external noise fluctuations on CYGNSS
observations was initially presented in [31] where correlation
between the received on-orbit noise levels and observation
geometries that resulted in SBAS satellite reflections in the
CYGNSS science antenna main beams was established. Both
the U.S. Wide Area Augmentation System (WAAS) and the
Japanese Quasi-Zenith Satellite System (QZSS) exhibited noticeably significant impacts (note the low BR mean in the
region of Japan due to QZSS, as well as low BR in the north
and south Pacific due to WAAS in Figure 4).
The satellites of the GPS SBAS constellations use distinct
pseudo-random noise (PRN) codes for each transmitter, and
the correlation of two distinct L1 Coarse/Acquisition (C/A)
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Fig. 2. Simulated examples of short time sequences of analog noise voltage with respect to digital sampling thresholds and their resulting digital sampling
distributions. (Left Column) for an analog signal strength that is too high for the given gain setting (inverted distribution); (Middle Column) for an ideal
balance between signal strength and gain setting, resulting in a bin ratio of 2.15; and (Right Column) for a signal strength that is too low for the given gain
setting (peaked distribution).

Fig. 3. CYGNSS on-orbit bin ratio distributions for (left) the ocean observations of the starboard input science channels and (center) the port input science
channels. (right) All observations on the zenith navigation channels for all eight CYGNSS observatories.

PRN codes results in a power level that appears similar to
a noise contribution that is approximately 24 dB lower than
the correlated “signal” obtained from the auto-correlation of a
code with itself [37]. The close co-existence in frequency of
a large number of GNSS transmissions is believed to be the
underlying cause of the noise floor fluctuations. Regardless,
Figure 4 illustrates the potential of significant regional calibration and wind speed retrieval errors if the variable noise power
levels incident on the instrument digitiser are not corrected.

IV. I MPACT OF B IN R ATIO VARIATIONS ON S CIENCE
O BSERVATIONS AND P ROPOSED C ORRECTION

To demonstrate the impact of fluctuating bin ratio on the
primary CYGNSS level 1 (NBRCS) and Level 2 (wind speed)
products, a 1-year long CYGNSS data record was analyzed
across all observatories for both port and starboard science
channels.
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Fig. 4. CYGNSS on-orbit geospatial bin ratio distributions for (top) starboard
input science channels and (bottom) port input science channels. The regions
of low BR in both antenna orientations correspond to increased noise levels
due to SBAS reflections (primarily QZSS and WAAS).

A. Quantifying Bin Ratio Induced Errors on NBRCS
Figure 5 illustrates the positive correlation of NBRCS and
BR over a full year year of CYGNSS data (2019). Bin ratio
estimates over this year long data record are computed using
Equation 1 and the NBRCS is the mean value across all
CYGNSS observatories within narrow ∆BR = 0.05 bins.
The surface MSS and wind speed reference data are based on
temporal and spatial match-ups from ECMWF ocean surface
wind speed (in 0.25 m/s bins).
It is important to note that there is some uncertainty in the
ECMWF model wind speed estimates which will couple into
this analysis. However, it is believed that ECMWF re-analysis
winds are a reasonably reliable reference source and suitable
for this application. The estimated uncertainty in the ECMWF
winds has been estimated to be on order of 0.5 m/s RMSE
globally [42], [43].
Additionally, WaveWatch III (WW3) wave mean square
slope model [44] has been used as a surface reference. To
account for the CYGNSS observation frequency, an L-band
adjusted spectral tail ([45], [46]) has been applied to the WW3
outputs and the surface isolated over narrow MSS conditions
(in 0.0005 width bins). The accuracy of this L-band spectral
tail corrected model MSS is unknown and the subject of ongoing research. Yet, these data provide a more direct surface
link to the CYGNSS L-band observations than the near surface
wind speeds and are included as a secondary comparison
source.
In the idealized scenario of no calibration errors or uncertainties, NBRCS estimates should be independent of all
instrument quantities with no correlation to bin ratios. The
clear correlation of NBRCS on BR present however, makes
clear the effects of SBAS driven fluctuating input noise power
levels on CYGNSS ADCs and how this may compromise the

Fig. 5. Mean NBRCS estimates vs science channel bin ratio for a wide
range of ocean conditions without digital sampling correction. (Above) Over
a range of surface MSS conditions (ref. WW3) and (Below) over a range of
wind conditions (ref. ECMWF)

accuracy of the constellation’s level 1 calibration if not accounted for in the CYGNSS wind speed estimation algorithms
that rely on NBRCS in their retrievals [47], [48]. The examples
summarized in Figure 5 demonstrate the need for a digital
sampling correction based on the observed BR.
B. Theoretical Digital Noise Floor Correction
The input noise power is the dominant component of the
pre-correlated GPS signal received at the instrument ADC
converter. Thus, a correction to the observed noise floor can
be performed to mitigate received power uncertainty due to
BR fluctuations driven largely by external noise variations.
The steps for generating a theoretical noise floor correction
function are outlined in Figure 6.
The correction is designed as an adjustment to the perobservation estimated CYGNSS level 0 noise counts. The received signal power counts in the CYGNSS level 1 calibration
are estimated after subtraction of the estimated noise floor CN
([29], [49]); that is the difference of the total counts (C) and
noise counts: C − CN . As a result, by correcting the noise
counts, we are directly adjusting the downstream estimated
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where, Vref = σref results in a Normal voltage distribution
with zero mean. The reference voltage PDF is given by (5).
−x
1
exp 2
2πσref
2σref

nref (x) =

(5)

Next, the reference sampling thresholds are computed using
the 1-sigma reference voltages such that,
VL = −Vref ,VN = 0,VH = Vref

(6)

The bin counts b1, b2, b3, b4 for the input reference noise level
can be obtained by integrating the cumulative distributions
of a set of noise samples based on the reference ADC
sampling thresholds (VL , VN , VH ) set at the reference noise
level (generated at Vref ), as follows,
Z VL
b1ref =
nref (x)dx
(7)
−∞
VN

Z
b2ref =

nref (x)dx

(8)

nref (x)dx

(9)

nref (x)dx

(10)

VL
VH

Z
Fig. 6. Summary of steps in the generation of the theoretical noise floor
correction.
Parameter
BW
Z0
Av
NF
Tref
Tant
µ
σ

Value
2e6 Hz
50 ohms
46 dB
2.5 dB
99.4 K
40 to 400 K
0
Calculated

VH

Thus, the digital sampled input power reference at the ideal 2bit sampling BR = 2.15 can be estimated using Cooper 2-bit
weights [50] as (11).
Dref = 9(b1ref + b4ref ) + (b2ref + b3ref )

level 1 power levels, including the normalized bistatic cross
section (NBRCS) estimate.
Table II contains the CYGNSS instrument assumptions used
during the correction derivation.
As per Figure 6: Initially, an ideal digitally sampled reference power is estimated. The reference instrument temperature
is calculated from the reference instrument noise figure (N F )
as,
(2)

which is then added to the antenna reference temperature
(Tref ), and used to calculate the reference power,
(3)

Next, the reference power level is converted to the voltage level
received at the instrument ADC converter using the instrument
cascaded voltage gain and characteristic impedance,
Vref = Av

p

Pref Z0

(4)

(11)

Subsequently, by varying the input antenna noise temperature
(Tant ), and the associated real sampled noise voltage levels,
we can quantify the changes in the digitally sampled input
power levels received over a full range of external antenna
noise conditions. The corresponding terms for the input noise
power and voltage over variable external antenna noise levels
can be expressed as,
Pnoise = k(Tant + Tinst )BW
Vnoise = Av

p

Pnoise Z0

(12)
(13)

where Tant covers a range of input noise temperatures (see
Figure 6, Table II). Vnoise is the noise voltage standard
deviation (σnoise ) at the variable input noise power levels.
The variable input signals will exhibit Normal distributions as
per the examples shown in Figure 2, and expressed as,
nnoise (x) =

Pref = k(Tref + Tinst )BW

∞

b4ref =

INSTRUMENT PARAMETERS USED IN DERIVING NOISE FLOOR
CORRECTION .

Tinst = (N F − 1)290

VN

Z

Comment
Inst. Bandwidth
Inst. Impedance
Total Inst. Voltage Gain
Inst. noise figure
Reference Temperature
Antenna Temperature
Noise Distribution Mean
Noise RMS Voltage

TABLE II
CYGNSS

b3ref =

−x
1
exp 2
2πσnoise
2σnoise

(14)

The input noise is then digitized at the reference voltage levels
(Equation 6), resulting in a 2-bit digital sample distribution
expressed as,
Z VL
b1noise =
nnoise (x)dx
(15)
−∞
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Fig. 7. Theoretical and empirically adjusted digital sampling noise floor
corrections applied to CYGNSS v3.1 level 0 noise levels.

VN

Z
b2noise =

nnoise (x)dx

(16)

nnoise (x)dx

(17)

nnoise (x)dx

(18)

VL
VH

Z
b3noise =

VN

Z

∞

b4noise =
VH

The resulting bin ratio (BR) and the two bit digital power at
the variable input noise levels are calculated as,
BRnoise =

b2noise + b3noise
b1noise + b4noise

Dnoise = 9(b1noise + b4noise ) + (b2noise + b3noise )

(19)

(20)

Finally, the noise floor vs BR correction (Γ) is calculated as
the ratio between the reference digitally sampled power and
the resulting sampled power in the presence of external noise,
Dref
(21)
Dnoise
This correction is applied to CYGNSS level 0 noise counts
for each observation during the standard level 1 calibration
procedure. The resulting bin ratio noise floor correction curve
is shown in Figure 7.
Importantly, errors in the instrument assumptions in Table
II do not impact the resulting correction curve as the reference
and variable noise input functions pass through the same
hardware channel. Therefore, instrument hardware parameter
contributions cancel at the point of taking the correction power
ratio as in (21).
Γref (BRnoise ) =

C. Empirical Optimization of Theoretical Correction
Upon application of the derived correction (Eq. (21) and
Figure 7), it was observed that the results could be improved
slightly by adding a small multiplicative scaling factor to the
theoretical correction. With the final noise floor correction
applied being,

Fig. 8. Determination of empirical correction factor to theoretical noise floor
correction curves. (Top) Mean RMSD error vs correction factor with respect to
MSS and wind speed. (Bottom) Mean NBRCS slope magnitude vs correction
factor with respect to MSS and wind speed.

Γemp (BRobs ) = Γref (BRnoise )X

(22)

Following, the correction to the CYGNSS level 0 observation
noise floor is expressed as,
corrected
CN
= CN Γemp (BRobs )

(23)

where CN is the raw level 0 noise counts, BRobs is the per
observation bin ratio, calculated as in Equation 19.
A single scaling factor (X) was determined for all nadir
channels across all CYGNSS observatories using multiple
NBRCS related performance criteria, including,
1) Minimize the relative variations of NBRCS under similar
surface conditions across BR. Calculate the root mean
square difference of mean NBRCS in narrow MSS and
wind speed bins across bin ratio.
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2) Maximize the consistency of the NBRCS under similar
surface conditions across BR. Achieved by minimizing
BRCS
the ∆N∆BR
slope within narrow MSS and wind speed
bins.
The mean RMSD and mean magnitude of the NBRCS
slope over a range of correction scale factors (X) are shown
in Figure 8. These RMSD and slope values are computed
over a range of MSS and wind speed bins. In all cases, a
clear minimum is evident. The optimal scale factor to the
correction was determined by averaging the four minimums:
RMSD(MSS), RMSD(wind), slope(MSS), slope(wind). This
resulted in a final value of X = 1.20. A scale factor of
X < 1.0 indicates the derived correction is too severe (that is,
the derived correction over-estimates required correction at a
given bin ratio), while X > 1.0 implies it is too light (that is,
the derived correction under-estimates required correction at a
given bin ratio), while a scale factor of 1.0 is the un-adjusted
theoretical curve, Γref ).
The theoretical correction function and the empirically
tuned theoretical correction function are both shown in Figure
7. It is important to note that the untuned theoretical correction
is likely to contain errors due to interactions with downstream
corrections in the CYGNSS v3.1 data products. Over the
course of the development of the v3.1 algorithm, the optimal
correction factor fluctuated between roughly 0.7 and 1.3, depending on independent changes being designed for other level
1 calibration terms (e.g. zenith and receive antennas, NBRCS
area normalization, GPS Block de-biasing). Therefore, the
optimal correction factor of 1.20 is valid only within the
greater context of the CYGNSS v3.1 level calibration.
V. I MPACT AND C ORRECTION OF D IGITAL S AMPLING ON
CYGNSS T RANSMITTER P OWER E STIMATES
Recent iterations of the CYGNSS level 1 calibration algorithm (v3.0 and later) use real-time observations from the
CYGNSS navigation antennas to estimate the EIRP of the GPS
transmitters ([27], [28]). Like the nadir instrument channels,
the zenith channels also operate in a fixed gain mode, with
the bin ratio distributions having been previously presented in
Figure 3(right).
A. Algorithm for Correcting Direct Channel Signal Levels
The CYGNSS zenith observations consist of integrated signal plus noise counts only, without a reference noise floor. This
prohibits the application of the nadir noise floor correction
to the zenith channel observations. Therefore, the observed
zenith signal plus noise counts need to be corrected directly
before a real-time EIRP estimate is formed [28]. Note that a
decrease in the noise floor in the nadir calibration is equivalent
to an opposite adjustment to the total signal plus noise counts
([29], [49]). As such, the reference digital sampling correction
function can be adjusted for application to the zenith signal
plus noise counts as,
ΛZ
ref (BRnoise ) = 1 + (1 − Γref (BRnoise ))

(24)

Like the nadir digital sampling correction, the zenith correction
can also be optimized using empirical tuning factor(s) to
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ensure consistency of the EIRP estimation as a function of
natural bin ratio fluctuations. Due largely to the spread of
zenith bin ratio PDFs with means under that associated with
an ideal Gaussian distribution (BR = 2.15, see Table I),
applying a single correction across all zenith observations
was not possible and individual per-observatory corrections
are required (25).
Z
Z
ΛZ
emp (BRobs ) = Λref (BRnoise )Y (F M )

(25)

Z
where BRobs
is the observed bin ratio on the zenith channel
and Y (F M ) is the per CYGNSS flight module (FM) empirical
correction scale factor. The corrections are then applied to
provide the corrected input signal plus noise counts needed in
the EIRP estimation algorithm [28],

CZcorrected = CZ ΛZ
emp (BRobs )

(26)

where CZ is the uncorrected zenith direct signal plus noise
counts for each CYGNSS observation and CZcorrected is its
corrected counterpart.
The per-FM zenith digital correction functions are shown
in Figure 9. To better illustrate the need for an increased
empirical correction factor (Y (F M )) as the BR of the
distributions decreases, the per-FM corrections are shown
only between their 5% and 95% bin ratio limits, to better
illustrate the correction values where the on-orbit observations
occur for each CYGNSS FM. As a given zenith bin ratio
distribution approaches that of an ideal Gaussian distribution
with BR = 2.15, only modest empirical adjustments are
needed. An example of this is CYG05 requiring a scaling by
a factor of 0.93 (i.e. a reduction of 7% relative to the untuned
theoretical corrections) and thereby in near-perfect alignment
with the reference zenith power correction curve shown in
Figure 9. In contrast, as the bin ratio distribution diverges from
this ideal reference PDF, a need for significantly increasing the
correction ‘weights’ at a given bin ratio is evident. An example
of this is CYG04 having a zenith BR = 1.01 necessitating a
scale of of 5.50.

B. Zenith Signal Correction Performance
The zenith signal digital corrections are evaluated with
respect to the consistency of EIRP estimation across BR
by each CYGNSS FM. An example of the before and after
correction EIRP estimation across BR for CYGNSS FM 3 is
shown in Figure 10. Before the digital sampling correction is
applied there is a clear positive linear trend in the EIRP over
a large range of BR (the bin ratio limits over which 95% of
data occurs for a given FM). After the correction is applied the
EIRP estimation is significantly more consistent (i.e. flatter)
over the same BR range, reducing the maximum EIRP slopes
by ≈92%. The pre-correction and post-correction estimated
EIRP root-mean-square-difference (RMSD) presented on a
per-FM basis are listed in Table III. EIRP is in units of Watts.
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Parameter
Empirical Scale Factor, Y (F M )
Zenith BR Mean
EIRP RMSD, Uncorrected
EIRP RMSD, Corrected

FM 1
3.15
1.17
113.97
23.91

FM 2
4.25
0.99
123.88
28.99

FM 3
1.35
1.64
96.76
20.91

FM 4
5.50
1.01
101.19
16.18
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FM 5
0.93
1.64
72.69
22.83

FM 6
4.40
1.35
130.30
23.40

FM 7
2.40
1.25
101.17
24.21

FM 8
3.45
1.16
102.86
19.57

TABLE III
S UMMARY OF CYGNSS ZENITH CHANNEL BIN RATIO

DISTRIBUTIONS AND

EIRP

PRE - CORRECTION AND POST- CORRECTION PERFORMANCE .

Fig. 9. CYGNSS FM specific zenith digital correction functions. Reference
nadir correction is flipped around the 1.0 axis to accommodate the opposite
signal plus noise counts correction. Scale factors are derived and applied
to each FM individually. Corrections are shown for each FM over the 5%95% range of observations where they are applied. This clearly demonstrates
the deviation from the reference correction as the BR distribution shifts
downward.

Fig. 11. NBRCS estimates vs science channel bin ratio over a range of
ocean conditions with noise floor correction. (Top) With respect to surface
MSS conditions (ref. WW3) and (Bottom) over a range of near surface wind
conditions (ref. ECMWF)
.

Fig. 10. Example zenith mean EIRP estimation over the BR range containing
95% of zenith observations for CYGNSS FM5. The pre-correction estimates
(dotted line) clearly show a positive trend with BR that is largely mitigated
with the digital sampling correction (solid line).

VI. E RROR A SSESSMENT OF CYGNSS D IGITAL
S AMPLING C ORRECTIONS
Initial analysis of the CYGNSS error budget was performed
in [29], with the on-orbit performance assessed in [51] for the

level 1 NBRCS and in [41] for level 2 wind retrievals.
These studies were performed before the design and implementation of the above digital sampling corrections, which are
expected to improve the previously published results.
This research is focused on the errors in the CYGNSS
calibration due solely to digital sampling effects on the science
and zenith antennas. The magnitude of these errors was
assessed based on their impact to the NBRCS and EIRP estimations, respectively. A complete CYGNSS v3.1 calibration
error analysis is being performed which includes all level 1
calibration parameters as part of a separate publication.
The corrections proposed here are based on the assumption
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Surface Conditions
Wind Total (5-20 m/s)
Low Winds (5-7 m/s)
Medium Winds (7-12 m/s)
High Winds (12-20 m/s)
MSS Total (0.020-0.035)
Low MSS (0.020-0.025)
Medium MSS (0.025-0.030)
High MSS (0.030-0.035)

BRCS
NBRCS RMSD (linear)
NBRCS Slope (| ∆N∆BR
|)
Uncorrected
12.90
9.34
19.50
13.91
13.75
9.90
10.64
7.80
12.86
9.30
15.04
10.80
12.59
9.09
10.93
7.99

10
BRCS
NBRCS RMSD (linear)
NBRCS Slope (| ∆N∆BR
|)
Corrected
2.79
1.48
4.19
2.24
1.60
0.38
3.11
1.93
1.89
0.84
2.06
0.99
1.35
0.26
2.19
1.19

TABLE IV
S UMMARY OF CYGNSS

PRE - CORRECTION AND POST- CORRECTION NBRCS ROOT MEAN SQUARE DEVIATIONS ACROSS WIND SPEED ( REF.
AND MSS ( REF. WW3) SURFACE CONDITIONS .

that the BR is solely an internal instrument characteristic
and it should not introduce undue uncertainty to the observed NBRCS or EIRP estimates. We would expect the same
NBRCS estimates under the same surface conditions across
all values of BR, as well as consistent EIRP observations
independent of the instrument digital sampling distribution.
The summary that follows is an analysis of the effectiveness
of the digital sampling corrections as implemented on the
CYGNSS v3.1 calibration algorithm.
Figure 5 clearly shows this is not the case without the
digital sampling correction. With the above nadir and zenith
digital sampling corrections, the CYGNSS NBRCS estimates
as a function of BR and MSS and wind speed conditions
significantly improve. The post-correction NBRCS vs BR
performance is shown in Figure 11 across ranges of MSS and
wind speed bins.
A summary of the results of this analysis is included in
Table IV. These statistics are generated using all CYGNSS
data from 2019, with temporal and spatial co-locations data
from ECMWF (U10 wind speed) and WaveWatch III (L-band
corrected MSS) used as the validation reference dataset.
VII. C ONCLUSIONS AND D ISCUSSION
This paper has described and quantified in detail the impact
of fluctuating instrument noise levels on the digital sampling
configuration of the CYGNSS instruments and the impact to
the level 1 NBRCS estimates. A theoretical correction to the
observed noise floor was derived based on the received 2-bit
sampling distribution and fixed instrument front end gain settings. The theoretical noise floor correction was then adjusted
empirically to minimize the errors and ensure consistency of
the estimated NBRCS across a range of wind and MSS surface
reference conditions obtained from global wind (ECMWF) and
wave (WW3) models. Subsequently, an inverted version of
the digital sampling correction was applied to the received
navigation signal levels, and empirically adjusted for each
CYGNSS observatory to minimize errors in the estimate of
the GPS transmitter EIRP levels used in the level 1 calibration.
The resulting corrections were evaluated with 1-year of
CYGNSS data, over a significant range of observed external
noise fluctuations and shown to significantly improve the
CYGNSS level 1 NBRCS calibration performance. The precorrection NBRCS RMSD error due to noise induced BR
variation was estimated as (mean) 12.90 between ECMWF

ECMWF)

reference wind levels of 5-20 m/s, and (mean) 12.86 over
Wavewatch III L-band corrected MSS values of 0.020-0.035.
After the application of the digital sampling corrections the
errors were reduced to (mean) 2.79 for the wind validation
and 1.89 for the MSS surface reference. This represents a
78% and 85% improvement in RMSD estimation of the level
1 NBRCS, respectively.
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