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ABSTRACT 

The Microwave Interferometric Reflectometer (MIR) is an 
airborne GNSS-R instrument developed by Universitat 
Politècnica de Catalunya.  In 2018, it was flown twice over 
the agricultural Yanco area, New South Wales, Australia, 
once after a very dry period, and a further time the day after 
a strong rain event. This rain event resulted in many crop 
fields being entirely flooded, producing a saturation in the 
GNSS-R reflectivity value. In this work, the received data set 
is processed to identify the optimum integration time with the 
goal to minimize pixel blurring. This issue is assessed for 
airborne conditions, and then extra-polated to the spaceborne 
case. The presented results show that the blurring of the 
GNSS waveform is produced even from an airborne sensor 
with short integration times. Following the determination of 
an optimal integration time for the platform in use, the surface 
roughness term in the reflectivity equation can be isolated due 
to the signal saturation during very wet surface conditions. 
The final results from the two channels (L1 C/A and L5) are 
subsequently presented. In this case, it is shown that most 
reflectivity variations in GNSS-R measurements are linked to 
surface roughness and Speckle noise fluctuations rather than 
soil moisture changes. 

Index Terms— GNSS-R, roughness, soil moisture 

 
1. INTRODUCTION 

Soil moisture is a key geophysical parameter in the water cy- 
cle. Data from NASA’s CyGNSS mission [1, 2] has proven 
that GNSS-R can be used to estimate soil moisture from space 
following different approaches (Table 1 from [3]), such as us- 
ing time series [4], averaging multiple measurements [5] in 
lower resolution cells (i.e.   36 km), or using artificial neu- ral 
networks (ANN) [6, 7], which can provide a higher spa- tial 
resolution. However, none of the algorithms provides the 
maximum achievable spatial resolution from Global Naviga- 

tion Satellite System - Reflectometry (GNSS-R): ∼ 500 m, 

 
the size of the first Fresnel zone from space. Most algorithms 
make us of either spatial or temporal averaging, which limits 
the spatial resolution of the GNSS-R product. This effect is 
observable across other remote sensor technologies such as 
microwave radiometry, where an increase in the spatial res- 
olution leads to a decrease of the radiometric sensitivity (i.e. 
larger noise). 

The GNSS-R limitations for soil moisture retrieval using 
data from a single-pass are discussed in [8], where even mea- 
suring the surface roughness and the vegetation in situ (i.e. 
using a laser profiler and a multi-spectral imager), it was im- 
possible to retrieve surface soil moisture analytically. Fur- 
thermore, the level of soil moisture also affects the penetra- 
tion depth of the GNSS signal [9], and therefore the effective 
surface roughness varies with soil moisture, as well as with 
frequency, and other factors. As a function of where in the 
soil layer the reflection takes place, the effect of the surface 
roughness can provide a signal drop of up to 18 dB, for a local 
RMS surface height up to 4 cm using [10]: 

 
Γ(θ) = R(θ)2γ2exp(−4k2σ2cos2(θ)), (1) 

where Γ is the reflectivity, R is the amplitude of the Fres- 
nel reflection coefficient, θ is the local incidence angle, γ ac- 
counts for the vegetation attenuation, k is the wave number 
(i.e. 2π/λ), and σh is the RMS surface height. 

 
2. INTEGRATION TIME CONSIDERATIONS 

 
To address the issue discussed above from a different perspec- 
tive, GNSS-R data collected by the Microwave Interferome- 
ter Reflectometer (MIR) is analyzed here. MIR is a dual-band 
(L1 and L5) GNSS reflectometer that was designed to work 
as interferometric GNSS-R [11], but raw data is sampled at 
32 MS/s, and stored at 1 bit [12]. The data set selected to 
conduct this analysis comprises one flight over Yanco, Aus- 
tralia, 2018. The flight took place on May 1st, the day after a 
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strong rain event, where the average soil moisture was   0.27- 
0.33 m3/m3 [13]. The region is constantly monitored by the 
OzNet hydrological monitoring network [14], and the flight 
was carried out at an altitude h = 500 m, and at a velocity 
vplane = 75 m/s. 

One of the fixed parameters of different GNSS-R sensors 
is the incoherent integration time. One second of incoherent 
integration is typically used in the airborne case [8], but also 

ring in the L1 C/A waveform, and even the appearance of 
multiple peaks in the L5 waveform. In the airborne case, the 
blurring is produced by two effects: the change in the small 
scale of the facets that produce the reflection, and the blur- 
ring of the waveform due to chip length. The first one is 
mitigated by having an integration time smaller than the chip 
length over the platform velocity according to Eq. 2. 

in the spaceborne one, e.g. SGR-ReSi instrument of TDS-1 
[15], CyGNSS [1], or the BuFeng-1 mission [16]. This large 

Tintmax 
   Lchip  

= . (2) 
vplatform 

integration time has been discussed in [17, 18], and it seems 
that it is an order of magnitude above the limit to prevent the 
auto-correlation function to be blurred if no retracking is im- 
plemented. However, it has been proven that using shorter 
integration times is key for the retrieval of other geophysical 
parameters, such as swell waves [19]. 

To assess the impact of different integration times, the 
complex waveform of the reflected signal has been retrieved 
at 1 ms coherent integration time for both L1 C/A and L5 sig- 
nals.   Up to 1 second of complex waveforms are appended in 
a vector, and the covariance matrix computed in the Tint axis. 
Note that N is the number of 1 ms coherently integrated 
segments used to generate the covariance matrix (i.e. Tint = 
1000 ms means N = 1000). 

Figures 1 and 2 show the covariance matrices at L1 and 
L5 respectively for three different integration times: Tint 
=100, 200, and 1000 ms. 

The second effect depends on the size of the first Fres- nel 
zone (lFr ), where the specular reflection occurs. In the 
airborne case flying at h = 500 m, this is lFr 10 m. There- 
fore, the maximum integration time to prevent multiple Fres- 
nel zones to overlap for L1 C/A is 130 ms. In the L5 case, the 
blurring starts to appear at 100 ms, and the waveform is 
almost unrecognizable for longer integration times (i.e. 1000 
ms). Similarly, this is also occurring when the GNSS-R re- 
ceiver moves more than the size of the first Fresnel zone. 

Applying the same reasoning for the satellite case, the first 
Fresnel zone is always larger than 300 m in L1 C/A and 30 
m in L5. Therefore, for the spaceborne case the maximum 
integration time is limited by the platform velocity as in Eq. 
2, and introduced in [17, 18]. In this case, 40 ms for L1 C/A 
and 4 ms for L5 signals. Therefore, in a generic way, the 
maximum integration time will be set by Eq. 3. 

Tintmax = 
min |Lchip, LF r | 

. (3)
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Fig. 1: Covariance matrices at L1 C/A at three integration 
times, 100, 200, and 1000 ms. The delay axes corresponds to 
the code displacement in meters, converted from the 1-sample 
displacement (in seconds) multiplied the sampling rate (Hz) 
and by the speed of light (m). 

 
 

Fig. 2: Covariance matrices at L5 at three integration times, 
100, 200, and 1000 ms. 

 
As it can be seen, longer integration times produce a blur- 

3. SURFACE ROUGHNESS IMPACT IN SOIL 
MOISTURE RETRIEVAL 

Despite choosing the most appropriate integration time for the 
current setting, the non-blurred reflection is still affected by 
the signal fading produced by the random phase introduced 
by each of the scatterers across the rough surface. This at- 
tenuation is the unresolved unknown in Eq. 1 that needs to 
be compensated for in order to analytically compute the soil 
moisture from the reflectivity. To assess this problem, data 
over a crop field with a Normalized Difference Vegetation In- 
dex of 0.2-0.3 has been selected. Figure 3 shows the prob- 
ability density function (PDF) of the reflectivity of the area 
under study. 

Following [10], and from the analysis of this flight in [13], 
the reflectivity values are saturated because of the high soil 
moisture values. Therefore, the variability in the reflectivity 
values seen in Fig. 3 is mostly produced by the surface rough- 
ness effect, and not by soil moisture variations. 

As it can be seen, despite the reflectivity should be satu- 
rated because of high soil moisture values, it is not the case, 
and the responsible is the surface roughness. 

A saturated reflectivity Γ  -5 dB (i.e. average reflectiv- ity 
plus 1 sigma of the PDF in Fig. 3) is considered for both 
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Fig. 3: Reflectivity PDF over the area of study calculated 
at Tint = 20 ms. 

 

 

Fig. 4: Surface roughness estimation at L1 C/A using Tint 
= 20 ms. 

 
 

L1 C/A and L5 signals, and σh is isolated from Eq. 1. As- 
suming a negligible vegetation attenuation γ 0, σh can be 
computed for each incidence angle, as shown in Fig. 4. 

Accordingly, the average surface roughness (σh) is 1.23 
cm at L1 C/A and 1.4 cm at L5. Surface roughness values up 
to 4 cm are derived from this computation, which means an 
attenuation up to 18 dB. In this case, the impact of a large sur- 
face roughness led to incorrectly retrieved soil moisture val- 
ues. Therefore, a wet area could be identified as dry because 
of the large local surface roughness. The only way to get rid 
of this effect is, as shown in [3], to perform a spatio-temporal 
averaging of the reflectivity in order to “smooth” the surface 
roughness to a biased value. 

In [13], the effect of increasing the averaging time is stud- 
ied using an ANN as the soil moisture recovery algorithm. 
Results show that there is a clear trade-off between the spatial 
resolution and the radiometric sensitivity. As seen in Fig. 5 
(adapted from [13]), an increase in the averaging time leads 
to a poorer spatial resolution, but a much better radiometric 
sensitivity. Moreover, the use of additional statistical parame- 
ters, such as the standard deviation of the reflectivity, shows a 
certain level of correlation as a proxy to correct the roughness 
and the Speckle noise ([3, 13]) of the reflectivity values. 

Fig. 5: Standard deviation of the error of the ANN retrieval al- 
gorithm of MIR with respect to 20 m Sentinel-2/SMOS down- 
scaled soil moisture product. 

 
4. CONCLUSIONS 

This work has presented the effect of increasing the integra- 
tion time in both L1 C/A and L5 GPS signals, reaching a limit 
where re-tracking is required. This limit depends on either the 
first Fresnel zone or the signal chip length. Whichever is 
smaller sets the limit for the integration time without re- 
tracking. Despite setting the optimum integration time, the 
non-blurred waveform is still significantly affected by the sur- 
face roughness. In this case, assuming a constant reflectivity 
because of the saturated soil moisture content, the reflectivity 
variability is linked to the surface roughness, which can be es- 
timated, and compensated for to obtain a good soil moisture 
estimate. Results will be presented at the conference. 
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