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Figure 8. Time of start of the growing season in the South Tyrol region, using S-1 oy 1 (a) and 5-2 NDVI
(b) time series. The SAR map is masked above 2100 m of altitude while only a non-vegetated area mask
is applied on the optical one. In the bottom panel a detail of the maps of meadows areas around domef
1500 station, obtained with S-1 (c) and S-2 (d).

4.2.2. Harvest

In our study, first we automatically detected the harvest time in all the sensors, we compared
them visually with images from PhenoCams, and finally we retrieve S-1 and S-2 harvest time maps.
Figure 9 shows the detected timings of mowing for each sensor. In domef 1500 and vimes 1500 areas
(Figure 9a,c) both optical sensors catch two mowing events; conversely, S-1 VH backscatter recognizes
an individual event in between. In Figure 9d, S-2 detects two events instead of one due to a heavy
snowfall corresponding to the day of acquisition of the optical satellite.
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Figure 9. Detection of the harvest time (red line) using S-2, SRS, and S-1 time series. In the upper panel
domef 1500 (a) and domef 2000 (b), in the bottom panel vimes 1500 (c) and vimef 2000 (d).

Table 7 illustrates the results from the S-1, S-2, and SRS compared with the harvest time detected
from PhenoCames. S-1, as shown in Figure 10a, compared to both ground sensors and S-2, is delayed in
the definition of the first mowing event, in low altitude stations. Conversely, S-1 is in advance in areas
at 2000 m a.s.l., except for domef 2000, where S-1 and S-2 give the same result. In terms of percent error
(Figure 10b), the results of S-1 are less accurate compared to S-2, except for the area domef 2000.
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Table 7. Harvest time retrieved by PhenoCams, SAR and optical sensors.

Area Phenocam (DOY)  S-2(DOY) SRS (DOY) S-1(DOY)
domef 1500 198 and 252 205 and 248 201 and 238 220
domef 2000 230 220 230 220
vimes 1500 188 and 250 189 and 252 191 and 254 208 and 268
vimef 2000 210 221 and 271 220 195
Day Of Year of the mowing event Error (%) of the mowing event
10 I
5
i
i
5
10
domef_1500 domef__ 2000 vlmef 2000 vimes_1500 domef_1500 dcmef_ZOODA vimef_2000 vimes_1500
rea
Sensor | PhenoCam M SRS M S-1 W S2 Error (%) © [S-1,P] M [S-1,SRS] W [S-2,P] W [S-2,SRS] W [S-1,5-2]
(@ (b)

Figure 10. First mowing event detected by the different sensors: in (a) the different color bars represent
the results of each sensor; in light blue are shown in (b) the percent error between S-1/PhenoCams
([S-1,P]) and S-1/SRS ([S-1,P]), in orange between S-2/PhenoCams ([S-2,P]) and S-2/SRS ([S-2,SRS]),
while in purple the difference between S-1/S-2 ([S-1,5-2]).

Figure 11a,b illustrates the harvest time between DOY 180 and DOY 221 of meadow areas close to

the station vimes 1500. The first map (a) is obtained from Sentinel-1 VH time series, while the second
map (b) is generated from Sentinel-2 NDVI. The SAR map shows a harvesting time between DOY 201

and

220 for most of the meadow areas (green and yellow color); conversely, the optical map presents

an earlier harvest among DOY 180 and 200 (pink and violet color). Except for the area where the
mowing is beyond DOY 220, the two maps give a result that do not correspond, with a shift in time of
the SAR result. SAR and optical time series give a corresponding result from DOY 221, as we can see
in orange on the maps.
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Figure 11. Harvest maps of the first mowing event generated from S-1 and S-2 (summer 2016).
The maps show a detail of the surrounding vimes 1500 area: on the left panel (a) the map obtained
from oy backscatter; on the right panel (b) the map obtained from Sentinel-2 NDVI.
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5. Discussion

Our investigation revealed that time series of Sentinel-1 C-band allows phenological dynamics
detection in different vegetation land-cover types. As shown in previous studies [58,59], VV and VH
polarizations have a clear seasonal dynamic, with a peak that might correspond to the maximum of
biomass production. It seems also possible to discriminate the signal of different vegetation classes.
Moreover, the results achieved in the current study suggest that the backscatter of mountain meadows
has a high dynamic range.

In pastures class, backscattering profiles are stable in VH polarization, while changing trend was
observed in the VV channel. It might be possible that the contribution of bare soil and vegetation
structure (short and thin leaves) for this class increases the sensitivity to variations in the water content
of soil, instead of vegetation cover, as demonstrated in [60]. Furthermore, at high altitudes, there are
limitations on SAR ¢ VH sensitivity: the presence of low biomass with narrow leaves might increase
the absorption effect, causing a flat trend in the backscatter coefficients [61].

Conversely, the VH channel better describes meadow phenology. As previously demonstrated [62],
the correlation between ¢ coefficients and NDVI is stronger in the VH channel in meadows areas,
due to the volume scattering of vegetation. Similar results were found in [63], where ¢° VH sharply
raises during the phase of green-up, it is stable during the vegetation reproduction, and decreases
rapidly due to the harvest. The cross-correlation between S-1 ¢® VH backscatter and S-2 NDVI
for the season 2016, shows a positive correlation for the selected areas. Moreover, the Pearson’s
product-moment correlation between S-1 and the SRS ground sensor reveals that in areas where the
cloud cover limits S-2 data acquisition, backscattering coefficients can support the phenological phase
detection. Our analyses were limited to one year, 2016. Since, time series contain a combination of
seasonal, gradual and abrupt changes [64], a decomposition analysis should be applied to longer time
series. A seasonal-trend analysis could therefore be useful in further studies when multiple years of
Sentinel data will be available.

To derive useful quantitative information regarding the contribution of the vegetation to the SAR
backscatter, we used the WCM. This semi-empirical model represents the power backscattered by the
whole canopy as the incoherent sum of the contribution of the vegetation and soil [65]. Including NDVI
in the model allows understanding the vegetation contribution to the VH channel. As emphasized
by [66], in the VH channel, the vegetation contribution to the backscattering coefficient is higher than
the soil component, when the vegetation is well developed [67].

The results of the comparison between the values predicted by the WCM and ¢ VH time series
show that the model is adequate to describe vegetation in mountainous areas. The statistical results
are in line with previous studies for both Adjusted R? and Root-Mean-Square Error [68,69]. Moreover,
the altitude does not seem to interfere with the simulation, giving a RMSE of 1.63 dB in an area at
2000 m a.s.l. Furthermore, through the analysis of R?, sigmay is more influenced by the vegetation
growth than SWC. Hence, our results confirm that VH C-band SAR data combined with optical data
may be applicable to estimate the vegetation phenology in mountain meadows.

To obtain the best mapping results, we evaluated different filter techniques, based on previous
studies [70,71]. It is important to underline that in the validation phase, there are significant limitations
in comparing satellite sensors and ground observation [72]. Whereas the NDVI is a direct measure
of radiation absorption by the canopy [19], PhenoCam visual analysis, has different sources of
uncertainties, especially to track when the first leaves appear from the surrounding vegetation and the
mixture of senescence leaf colors [49,73,74]. For this reason, we evaluated the accuracy of our results
through both the NDVI ground sensor (SRS) and PhenoCam images. The two results were in good
agreement, with a mean of 1.5 day of difference for the SOS and 2 days for the senescence. Phenocams
resulted essential to detect the harvesting time, by directly observing the mowing operations.

All four filters clearly describe the trend of the growing season in each area and none show
better performance compared to the others. As expected, each filter applied to SRS NDVI time series
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approximates well the seasonal phenology, even though, despite BISE noise-reduction techniques,
the mowing events interfere with the detection of the EOS.

The days of difference of S-1 with respect to the dates extracted from the PhenoCams and SRS
sensor increase with the altitude of the areas. For the SOS, at 1500 m a.s.l., the distance between the
field data and the SAR data is compatible with the time of acquisition of the satellite. Conversely, in the
areas at 2000 m, the distance in days exceeds the temporal resolution of the SAR satellite. The same
tendency is repeated for the EOS, where, however, the difference increases with respect to the ground
data. The optical data follows the trend of the SAR, with fewer days of difference. In this context, the
percent error ranges between —10% in the worst scenario and 8% in the best one for S-1 and ground
sensors; —7% and 2% of error respectively, for S-2 and ground sensors. In this analysis we do not
consider the SOS extracted from both S-1 and S-2 time series in the area domef 2000; this exception is
determined by the fact that in this area:

e aheavy snowfall in April, corresponding to the day of S-1 acquisition, caused a signal drop and
consequently errors in filter modeling;

e in the optical domain, during the period January-October 2016, only 13 images were cloud free in
this area.

Although the results of S-1 are in most cases less accurate than those of 5-2, we expect that applying
our detection method on flat areas and /or with different vegetation cover and leaves structure, we
could have consistent results among SAR and optical sensors. Furthermore, we think that by increasing
the temporal resolution, with the S-1B and S-2B acquisitions, the accuracy in the phenology estimation
process would increase for both sensors.

In the mapping process, since from our comparative test the filters perform equally well, to have
an identical approach in the optical and microwaves domains, and for simplicity reason, we applied
a Linear Filter to both the time series. In both maps the growing season follows an altitude-based
gradient, with an early start of vegetation growth at valley floors, anticipated in the wider areas,
which is gradually delayed at high altitudes and especially in narrow valleys. For the vegetation
that is covered by snow several months during the year, i.e., above 2500 m a.s.l., the green-up starts
between the end of May (DOY 147) and the start of August (DOY 210). The map obtained from the
oy shows less sensitivities at high altitude, where the vegetation decreases in height and biomass.
Furthermore, the presence of bare soil strongly influences the SAR signal. The optical map shows
an earlier start at the bottom of the valleys (around DOY 60-70), compared to the SAR detection
(around DOY 80-90) and emphasizes the green-up gradient going from low to high altitude. When
we zoomed in the map, the S-1 backscatter gave a delay in the SOS of around 10 days in some areas.
However, the S-1 backscatter seems to be more sensitive than the S-2 NDVI, diversifying more SOS
periods. The comparison between the SOS maps of South Tyrol, obtained from S-1 and S-2, illustrates
that SAR data can be used to detect the onset of the growing season in meadow areas. However,
as demonstrated in the vegetation type analyses, the same procedure is not applicable to pasture areas.
In this class the oy time series, with a flat trend, does not allow the phenology detection. A sensitivity
analysis of VV channel and the ratio VV/VH needs to be further investigated to understand a possible
contribution to phenology detection of pasture class. In addition, both maps should be validated at
different altitude and on different vegetation cover types (i.e., forest classes).

In mountain regions, there is a transition from fertilized to unfertilized meadows and pastures.
Grasslands located at low altitudes or in the valley are usually mowed several times during the
growing season. With increasing elevation, agriculture is less intensive, and the mountain meadows
are mown once a year and mostly grazed in autumn [75]. Our areas of interest located at 1500 m a.s.1.
are usually mowed twice a year, while those at 2000 m a.s.1. only once. Starting from the assumption
that optical sensors well describe the radiation changes related to physiological conditions of plants,
but they do not explain modification of the vegetation geometry [33], we expected to obtain a better
harvest time detection with SAR time series. However, the S-1 GRD products were missing for the
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season 2016 because of an onboard anomaly recorded between 8 June and 14 July [47]. This led to
errors in the definition of the first mowing event. In terms of percent error, the results of S-1 are less
accurate compared to S-2, with a range of error between —11% to 11% in the areas at lower altitude.
Conversely, when there is only one mowing, in August at high altitudes, S-1 data give promising
results (percent error between —8% to 4%) as well as S-2 (percent error between —5% to 4%). In these
areas the mowing maps follow, indeed, the same trend. This demonstrates that S-1A instrument
unavailability caused errors in the first mowing detection. Concurrently, the result suggests that in the
presence of time series without missing data, S-1 gives results similar to S-2, allowing to overcome the
problems of cloud cover in optical images. Having consistent data is indeed decisive in the definition
of a mowing event. Furthermore, the advances/delays in the harvesting time detection are derived by
the averaging of the selected areas which include different time of mowing. An example is shown in
Figure 12 where in (a) at the top left we can see the start of mowing operations on DOY 220 and in (b)
the end of them on DOY 235. Therefore, even in the case of mowing detection, using images from S-1B
and S-2B, would improve our results.

Optical remote sensing provides a powerful tool to monitor phenology in mountain ecosystems
and, our investigation has shown that SAR data might be effective in meadows phenology detection as
well as complementary to the optical information. However, to test the applicability of the method on
different vegetation classes more validation points are needed as well as a threshold’s optimization. We
cannot expect to obtain the same results in microwave and optical domains, due to different physical
mechanisms: the first based on the structure, roughness, dielectric constant, and slope/orientation
of scattering surfaces [22,76], and the second one on the reflectance properties of leaves, illumination
angle, leaf orientation, and background [77]. In this context, our approach aims at understanding the
behavior of the backscattering coefficients in meadow areas to complement the optical data with SAR
images to reduce missing information caused by clouds contamination and atmospheric effects in the
optical domain.

(@ (b)
Figure 12. Images from the PhenoCam at the domef 2000 station. In (a) the DOY 220: at the top left the
start of the mowing. In (b) DOY 235 the mowing right in front of the PhenoCam.

6. Conclusions

The paper describes multitemporal Sentinel-1 C-band and Sentinel-2 NDVI application on
mountain meadows monitoring. The main aim was to test the feasibility of phenocycle phases
retrieval from SAR time series and compare the results with the optical sensors, in the perspective of
data integration.

From our analysis:

e  The statistical analysis of ¢ time series showed that the SAR signal can detect phenological cycles
in different vegetation cover types.
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e  The significant correlation, with a negligible shift in lags, between oy and the NDVI from optical
sensors, allowed the extraction of the phases of start, maximum and EOS, in addition to the
mowing period.

e SAR data can be used to detect the phenological phases in meadows areas, with an accuracy
compatible with the temporal resolution of S-1 until 1500 m a.s.1.

This result appears promising in the SAR-Optical data integration process for phenology detection.
However, it needs to be confirmed for different altitudes and vegetation types. The data unavailability
during the mowing period led to errors in the definition of the first harvest time. For this reason, future
studies should be considered Sentinel-1B and Sentinel-2B acquisitions to increase the data consistency.
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