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Highlights

e InSAR time-series analysis for measurement of ground motion on a raised peatland.
e InSAR is critically influenced by soil moisture changes and temporal baselines.
e Short-term coherence (< 1 year) is mainly controlled by soil moisture changes.
e A wildfire on the raised peatland caused little perturbance of InNSAR measurements.

e Backscatter intensity and InSAR phase represent different parts of the peat column.
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Abstract

Interferometry of Synthetic Aperture Radar (InSAR) can potentially contribute to the cost-effective
regional or global monitoring of the degradation and restoration of peatlands. However, there are
uncertainties about the links between InSAR results and peatland ecohydrological parameters,
especially soil moisture. Here, we analyse the relationships between the temporal evolutions of
InSAR coherence, ground displacements, and in-situ soil moisture measurements for a temperate
raised bog at Ballynafagh, Co. Kildare, Ireland, in the period 2017-mid-2021. We also investigate the
effects of a wildfire in June-July 2019 on those relationships. InSAR-derived ground displacements
from Sentinel-1 C-band radar data indicate long-term subsidence of the intact and Active Raised Bog.
Superimposed on the long-term displacement trends are annual oscillations that are linked to
variations in rainfall and temperature and that are in phase with changes in soil moisture. We show
that InSAR coherence is directly related to the change in soil moisture, with large changes causing
coherence decrease or loss. The wildfire removed a 10-20 cm thick mossy vegetation layer across 60-
70 % of the intact bog area. The radar backscatter intensity increased after the wildfire, but the InSAR
coherence, the InSAR-derived surface displacements and the soil moisture were not noticeably
affected. We therefore infer that C-band radar waves attenuate in the active vegetation layer, but
penetrate through it into the upper few 10’s of cm of the underlying peat. The radar backscatter occurs
primarily at this level in the peat, where its coherence is controlled by the soil moisture. These
findings underpin application and interpretation of radar for monitoring of peatlands, even if affected

by wildfires, which are forecast to increase in both frequency and intensity due to global warming.
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1. Introduction

Peatlands are one of the largest carbon sinks on Earth: an estimated 20-30 % of global soil carbon is
to be stored in peat, despite fens and bogs covering only a small percentage of the world’s land surface

(Drésler et al., 2008; Gorham, 1991; Kdchy et al., 2015; Renou-Wilson et al., 2019; Yu et al., 2010).

However, the role of peatlands in greenhouse-gas (GHG) emissions on global emissions is still
unknown or poorly quantified, and so closing this knowledge gap has been become a priority in the

context of mitigating global warming (Hiraishi et al., 2014; Leifeld & Menichetti, 2018; Roulet,

2000). In addition, peatland restoration is a focus of current mitigation efforts, (Renou-Wilson et al.,

2019), both to maintain the capacity of peatland to be GHG sinks, and also to preserve their endemic

flora and fauna, (Parish et al., 2008). Peatlands have been monitored traditionally through in-situ

measurements of various key ecohydrological parameters, (e.g., ground level, soil moisture,
temperature, groundwater levels, water balance, etc.) and GHG emissions. However, our ability to
extend such monitoring of peatlands to regional, national or global scales is a challenge. In Ireland,

for example, approximately 15 % of the island — ¢. 12,700 out of 84,400 km 2 - is covered by peat

soils (Connolly & Holden, 2009). Globally, 2.84 % of the world land area, amounting to 4.23 million

km?, is peatland (Xu et al., 2018).

Spatial remote sensing has complemented in-situ measurements, providing quantification of

peatlands over large areas for several years, (e.g., Connolly & Holden, 2009; Connolly et al., 2007;

Jones et al., 2009). Satellite data allow estimates of many ecohydrological parameters to be

processed, with worldwide coverage, high accuracy and low cost (data being increasingly open-

source and free of charge to end-user), (Lees et al., 2018). For example, methods using the backscatter

intensity of synthetic aperture radar (SAR) have been developed to estimate soil moisture at medium
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spatial resolutions (~1 km), (e.g., Balenzano et al., 2012; Balenzano et al., 2021; Paloscia et al., 2013;

Peng et al., 2021; Wagner et al., 2013), and have been generalised to peat soil parameters, (Asmul et

al., 2018; Bechtold et al., 2018; Kim et al., 2017; Millard & Richardson, 2018; Millard et al., 2018;

Takada et al., 2009). In recent years, Interferometric Synthetic Aperture Radar (InSAR) has been used

to estimate peat surface displacements, (Alshammari et al., 2020; Fiaschi et al., 2019), which are

known to be linked to peatland ecohydrological conditions, (Regan et al., 2019). For tropical

peatlands, this has led to newly proposed methods for estimating GHG emissions on very large scales

from InSAR data, (Hoyt et al., 2020; Zhou, 2013; Zhou et al., 2016).

Ostensibly, peatlands are an unusual target for the successful use of InSAR time-series methods to
derive surface displacement. Vegetated target areas are prone to strong decorrelation of the radar

phase over successive radar acquisitions, (Zebker & Villasenor, 1992). This is especially problematic

at shorter radar wavelengths (e.g. X-band or C-band), for which penetration of the vegetation by the
radar waves is progressively inhibited. Decorrelation in such areas is linked to transient
backscattering conditions in the vegetation and/or to variations in underlying soil properties,

especially soil moisture (Nesti et al., 1995). Peatlands such as raised bogs or blanket bogs are

characterised by a relatively thin (5-50 cm) active vegetation layer, referred as the acrotelm, which
when in good condition is dominated by sphagnum mosses. Such vegetation could present more stable
backscattering dynamics than other vegetation types (e.g. grasslands), and thus be a factor in the
unusually high coherence at peatlands. On the other hand, coherence at peatlands has been noted to

decline during seasonal dry periods as the groundwater table declines (Tampuu et al., 2020). Thus

soil moisture could exert a complementary or overriding control on coherence, but links between in-

situ soil moisture measurements and InSAR data have been lacking.
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A further complication is that peatlands can be affected by wildfires. Depending on burn duration and
intensity, wildfires can cause significant damage to both the active vegetation and the underlying peat,

(Wilkinson et al., 2020). In this case, wildfires can potentially change a peatland’s ecohydrological

state and its ability to sequester carbon (Kettridge et al., 2012; Reddy et al., 2015). For example,

Hooijer et al. (2014) defines different relationships between GHG emissions and peatland surface

displacements depending on peat conditions (burnt, drained, etc.). Khakim et al. (2020) also shows

an increase in peatland subsidence after severe wildfire on tropical peatlands. Understanding of the
impact of wildfire on InSAR results for peatlands is thus important for both application and

interpretation, but to date has received little if any attention.

In this study, we analyse C-band satellite InSAR products, including coherence maps, temporal
evolutions of displacements and SAR intensity from Sentinel-1 IW data for a temperate raised bog
where soil moisture was measured in-situ over the same time period. The occurrence of a large fire
on the bog in June-July 2019 presents an opportunity also to understand the effects of wildfire and
sudden peatland vegetation loss on the InSAR products such as coherence and displacement. We first
introduce the studied peatland and present the spatial observations from remote sensing via both
multispectral and SAR data. We then analyse the links between in-situ soil moisture data and the
InSAR parameters, as well as their variations due to the fire. Our results provide new insights into
the level at which radar backscattering occurs in a temperate raised peatland and into the impacts of
wildfire on InSAR in such a setting. Furthermore, these results highlight key elements for time-series
InSAR computation on peatlands to optimise coherence, which will improve the wider application of

this remote sensing method to the study of peatlands.
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2. Methods

2.1. Study site

Ballynafagh bog is a temperate raised peatland located in Ireland (Co. Kildare), (see Figure 1). The
bog is a Special Area of Conservation (SAC), as defined by the European Union’s Habitats Directive
(Council Directive 92/43/EEC of 21 May 1922). Regional hydrological data suggest that Ballynafagh
Bog SAC receives average precipitation of 785 mm.yr! (1981-2010), with an estimated
evapotranspiration rate of ~ 528 mm.yr’!, leaving an average effective precipitation of 257 mm.yr!:
data from MET Eireann (MET), the Irish meteorological service. With an average elevation of 85 m
(a.s.l.), the bog has been geomorphologically classified as a basin bog (Kelly, 1993). It is an Irish
midland eastern type raised bog, occurring at the eastern limit of the range of raised bogs in Ireland

(Cross, 1990). The area is underlain by muddy Carboniferous limestones, interbedded with calcareous

shales. The subsoils are predominantly clay-rich glacial tills.

644000m 646000m 648000m 650000m 652000m

M Sentinel-2 L1C False Colour 2019-06-27, b) Central ecotope: North-West looking
Central station
Sub-Marginal station
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Figure 1: Ballynafagh bog. a) The study area and its surroundings in a Sentinel-2 L1C False Colour image
acquired on 2019-06-27, a few days before the wildfire. Coordinates in meters for UTM zone 29U. The blue
triangle and red triangle mark the locations of the Central and Sub-Marginal monitoring stations, respectively.
The inset shows the location of the study area in Ireland (from Google Earth images). b) Post-fire field image,
taken on 2019-07-19, of the area around the Central monitoring station. c) A post-fire field image, taken on

2019-07-19, of the Sub-marginal monitoring station.

Nearly half the original bog extent within the SAC has been subject to cutting and harvesting of peat
in historical times. The uncut high bog has an area of 70 ha and a cutover area of 90 ha. Large drains
were installed across the bog throughout the past century for both manual and mechanical peat
extraction. Although peat cutting no longer occurs on this site (ceased approximately 2010), no
physical restoration measures have been carried out on site. In addition, a significant proportion of

the bog was damaged by fire during the mid-1990’s.

Field mapping in 2013, following the classification of Kelly and Schouten (2002), sub-divided the

bog surface into several ecotopes (Figure 2 a). These are areas of similar vegetation type, ecological

condition and microtopography, (Fernandez et al., 2014; Kelly & Schouten, 2002). The ecotopes are

named Central, Sub-central, Sub-marginal and Marginal, in order of decreasing prevalence of
sphagnum mosses and increasing prevalence of heathers and other bushy vegetation. The sphagnum-

dominated Central and Sub-central ecotopes represent areas of Active Raised Bog (Fernandez et al.,

2014), i.e. bog that “still supports significant areas of vegetation which are normally peat forming”.
These ARB areas, with a net accumulation of peat, covers 6.48 ha (9.25 %) of the uncut (high) bog
area, while the remaining 63.58 ha (90.75 %) of the high bog area consists of non-peat accumulating
ecotopes. A Pinus Contorta plantation occurs in the North-West of the bog, which occupies 10.02 ha

(20 %) of the high bog area and forms a semi-open canopy. The Face Bank ecotope corresponds to

Page 8 of 40



This manuscript is a non-peer reviewed preprint and has been submitted for publication in Remote Sensing of Environment. Please note that subsequent

versions of this manuscript may have different content. Please feel free to contact any of the authors; we welcome feedback.

148 the edge of the high bog where recent cutting has occurred and is characterised by a sharp surface

149  gradient from the high bog to the adjacent lower-lying area of cut-over peat.
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Figure 2: Maps of ecotope and remote sensing data for Ballynafagh bog. a) Ecotopes of Ballynafagh bog with

the NIR Sentinel-2 LIC image on 2019-06-27 as background; b) InSAR estimate of peatland surface

Page 9 of 40



151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

This manuscript is a non-peer reviewed preprint and has been submitted for publication in Remote Sensing of Environment. Please note that subsequent

versions of this manuscript may have different content. Please feel free to contact any of the authors; we welcome feedback.

displacements rates in satellite LOS for the period 2017-2021 with NIR Sentinel-2 L1C image on 2019-06-27
as background, c)-d) Sentinel-2 L1C false colour images acquired before (on 2019-06-27) and after (on 2019-
09-18) the wildfire in July 2019. Spectral bands are Red: 665 nm, Green: 560 nm, Blue: 490 nm, e)-f) NDVI
from Sentinel-2 L1C images acquired on 2019-06-27 and 2019-09-18 (655 nm and 842 nm), with the outline

of burnt areas in red. Coordinates are in meters for UTM zone 29U.

2.2. In-situ monitoring data

Two soil moisture monitoring stations were installed in the high bog at Ballynafagh in 2017 (Figure
1). The sensors are METER GS3’s which measure the dielectric permittivity, and by calibration, the
soil moisture of the medium in which the sensor is installed. The sensors were planted at 15 cm depth
below the peat surface, following excavation of a shallow hole, which was subsequently back filled
using the excavated material. The sensors were installed in Central and Sub-marginal ecotopes on the
high bog. They were logged using METER EM50 data loggers from 2017 to 2020, and subsequently
using METER ZL6 data loggers. The change in data logger type was made to reduce the possibility
of power loss, as occurred on a few occasions in 2018 and 2019. The ZL6 data loggers are solar
powered and, since their installation, data has been continuously monitored every 30 minutes. In
addition, a piezometer pinned to 1.5 m-depth (with 0.5 m screen) was installed at the Sub-marginal
station in March 2019 and functioned with a continuous logging of water table depth until end of

October 2020, (sensor: HYDROS 21; logger: METER ZL6).

A post-fire inspection on the 19 of July 2019 revealed that the two monitoring stations had escaped
any significant damage by the wildfire. The Central station was located at the southern extremity of
ac. 20 m by 10 m “island” of preserved or lightly damaged vegetation (Figure 1 b). The Sub-marginal
station was located within the domain of intact vegetation a few metres from the border of main burn
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area (Figure 1 ¢). Where impacted, the fire resulted in the removal of almost all surface vegetation on
the high bog. It was noted, however, that although the bog surface appeared completely scorched, the

fire did not appear to affect the peat below 3-5 cm depth.

Time series of daily and hourly precipitation, soil temperature (to 10 cm depth), potential
evapotranspiration and evaporation are provided by MET Eireann for the Casement station (Lat.
53.303 and Lon. -6.437). This station is twenty kilometres from Ballynafagh bog. Other
meteorological stations are closer to the bog, but these record only daily precipitation and atmospheric
temperature, whereas Casement station records data hourly and monitors the full range of soil
parameters. Since the temperature and precipitation data from Casement station and from the MET
stations closest to Ballynafagh bog are very similar (see Supplementary Material), we use the
Casement data as a proxy for the local meteorological and soil conditions for the area around

Ballynafagh bog.

2.3. SAR data processing

During a SAR acquisition, the satellite emits radar waves that reflect (backscatter) off ground targets
and the same satellite measures the return waves. The result is an image containing a complex number
in each pixel in radar geometry. The modulus of the complex image (with a normalisation of pixel
size - topography) and represents the power of the backscattered signal and is termed the intensity.
The argument of the complex image is termed the phase and is related to: (1) the propagation time of
the radar waves between the satellite and the ground; (2) the pixel phase, related to the geometry and

dielectric properties of the ground targets.

The phase information within a single image is not usable because of spatial randomness of the pixel

phase, but the difference of phases within two SAR images of the same target area can be calculated
Page 11 of 40
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to obtain the changes in propagation time. In this case, the phase difference is directly linked to any
ground surface displacement that occurred between the two image acquisition dates, as well as to
other contributions from topography, satellite orbits, changes in atmospheric conditions, noise, etc.
The image obtained by phase differencing is called an interferogram. The stability (i.e. similarity) of

the pixel phases between the two SAR acquisitions is termed the coherence (Zebker & Villasenor,

1992). Loss of coherence can be called decorrelation.

The InSAR method for calculating surface displacements consists of firstly accurately repositioning
the one image with respect to the other image (coregistration), and then subtracting or minimising the
contributions of all the other sources of phase variation, especially topography and atmosphere

(Massonnet & Feigl, 1998). The resultant image is termed a differential interferogram, and hence the

method is commonly termed D-InSAR. To obtain the time series of surface displacements - i.e., the
evolution of displacements for consecutive SAR acquisitions - an inversion can be done upon a
network of differential interferograms. The interferograms can computed either relative to one
reference image (single reference network) or relative to several reference dates (multi-reference

network) (e.g., Casu et al., 2006; Ferretti et al., 2001). The time elapsed between the acquisitions of

the SAR images used to generate each interferogram is termed the temporal baseline. A good network
design usually minimises the temporal baselines to maximise coherence (i.e. minimise temporal

decorrelation).

For this study, InNSAR coherence and displacement estimations were derived by processing the
Sentinel-1 Single Look Complex (SLC) images acquired in Interferometric Wide Swath mode (IW)
in Ascending pass. All available acquisitions between 4% January, 2017 and 18" June 2021 (~4.5
years) were used. Images acquired during periods of light snow cover are included in the dataset, but

any effects on the results from snow cover are within noise. The coregistration was performed by
Page 12 of 40
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using the GAMMA® software and the Shuttle Radar Topography Mission (SRTM) Digital Elevation

Model (DEM), (Farr et al., 2007; Scheiber & Moreira, 2000; Wegmiiller et al., 2015; Wegniiller et

al.. 2016).

From our coregistered SLC stack, the conversion of radar phase to displacement was achieved by
using the GAMMA Interferometric Point Target Approach (IPTA) with a multi-reference network of
interferograms, which included both single-look and 10/2 multi-look images (kernel-based image

averaging to increase signal-to-noise ratio at lower spatial resolution), (Werner et al., 2003). The

interferogram network for displacement estimation was created as follows: if N is the index of a SAR
acquisition, all N-1, N-2, N-3 interferograms are used together with the N-3 months and N-1 year
interferograms, (see Supplementary material). In parallel, coherence maps were computed by using a
10 pixels/2 pixels multi-look (same windows as used in IPTA approach) and a 5 pixels/5 pixels
estimation kernel (in Radar geometry). Geocoding of images was done with a spatial resolution
compatible with the SAR resolution (~ 30 metres). To investigate the variation of coherence around
the two in-situ monitoring stations, we used the same estimation parameters, regarding the multi-look
kernel and kernel for estimating the coherence, and the coherence was filtered by using a mean kernel
of 3 pixels/3 pixels, centred on the pixels containing each station. Thus the coherence around each

in-situ stations represents an average value for a ground area of dimension ~ 75 x 125 m.

2.4. Multispectral data processing

To map fire-related vegetation changes at Ballynafagh, we used Sentinel-2 multispectral images at
L1C level (without atmospheric correction on radiance measurements) that were acquired before and
after the wildfire event. The multispectral bands were cropped and False-Colour, NDVI and IR

images were created (band combinations are given in the caption to Figure 2). Without changing the
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coordinate reference system, the spatial resolution of the optical images is 10 metres. From the post-
fire NDVI image, we extract the outlines of burnt areas by using segmentation with a minimum
threshold of NDVI = 0.2 and a maximum threshold of NDVI = 0.4. Only burnt areas with an area of
at least 25 pixels and non-burnt areas of a minimum of 5 pixels (respecting 4-connected pixels) are

selected.

3. Results

3.1. InSAR-derived surface motion velocities

Figure 2 b shows the estimated linear velocity of peatland surface motion over the 4.5-year
observation period. Each coloured point corresponds to a pixel that displays suitably high coherence
and low phase uncertainty throughout the observation period. Overall, point coverage is good across
the high bog area, especially in the sphagnum-dominated or sphagnum-rich ecotopes (Central, Sub-
central and Sub-marginal). Point retrieval is more challenging in the much of the areas of marginal
ecotope, face bank and the cut-over peat. Based on the expected vertical motions for this target, and
a conversion factor of 1.3, we can transform the Line of Sight (LOS) displacement to vertical
displacements, such that a negative value implies subsidence, and a positive value implies uplift. In
general, we consider an absolute velocity of more than 1 mm.yr! to be significant (Fiaschi et al.,

2019).

The InSAR velocity data indicate that during the observation period most of the high bog area,
straddling the Central, Sub-central, and Sub-marginal ecotopes, has undergone subsidence at average
rates of up to -9 mm.yr!. Several other areas within and just outside the SAC boundary are apparently

affected by uplift at average rates of up to +5 mm.yr'!. These areas include a northern part of the high
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bog classified mainly as Marginal ecotope, as well as zones of cut-over (i.e., harvested) bog to the
west. The obtained InSAR-derived velocities are thus dichotomous and somewhat heterogenous, but

they overall display a broad consistency in space across the bog.

3.2. RGB and NDVI mapping of the wildfire-affected areas

Sentinel-2 L1C False Colour images with minimal cloud coverage (and similar colour dynamics)
show that the burnt areas in the central part of the bog are identifiable by lighter colours in the post-
fire image (Figure 2 c-d). By comparing these maps with Figure 1 b-c, we can also see that the Central
station is surrounded (preserved on its “island”) by burning and that the Sub-marginal station is
located at the edge of the burnt area. Furthermore, the NDVI images (c.f., Figure 2 e-f) allow a more
precise delimitation of the burnt areas: the NDVI there decreases from a pre-fire value of
0.534+0.03(10) to a post-fire value of 0.334+0.04(1c). In other areas that from field inspection were
demonstrably unaffected by the fire, such as the northern part of the high bog (NDVI > 0.5), little or
no change in NDVI occurs between the pre-fire and post-fire images. The red contours on Figure 2 d
represent the boundaries of areas affect by the fire as derived from the NDVI thresholds. These
contours collectively encompass an area of 0.47 km?, which means that about 60-70 % of the high

bog area has been affected and damaged by the wildfire.

From other RGB, IR and NDVI images in the Sentinel-2 time series (see Supplementary Materials),
we estimate that the wildfire began after 30™ June, 2019 and reached its final extent by 7% July, 2019.
We are not able to identify the start and end dates of the fire more precisely from the Sentinel-2 data
because of cloud cover in many of the multispectral images. Field observations confirm that the

wildfire had stopped burning sometime before 19 July, 2019.
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3.3. Temporal relations between in-situ soil parameters and InSAR-derived displacements

The time series of peat surface displacements around the Central and Sub-marginal in-situ monitoring
stations (average radius of 25 m) show long-term linear subsidence trends, of -3.7+0.2(10) mm.yr!
and -1.5+0.2(10) mm.yr!, respectively (Figure 3 a-b). Superimposed on these long-term trends are
roughly annual oscillations in surface displacement of up to +£10 mm. Maximum uplift typically
occurs between January-March (winter), whereas maximum subsidence typically occurs in June-

August (summer).
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Figure 3: Time series of in-situ and remotely-sensed parameters. a)-b) Temporal evolutions of LOS
displacements, soil moisture for the Central station (in a)) and the Sub-marginal station (in b)), with the
groundwater levels. ¢) Temporal evolutions of rain precipitation and soil temperature for Casement MET
station (Lat. 53.303 and Lon. -6.437) located 22 km from Ballynafagh bog,; d) Temporal evolutions of potential
evapotranspiration, evaporation, and soil moisture deficits (calculated by using a ‘poorly drained’ model) for

Casement MET station. The estimated duration of the 2019 wildfire event is displayed as a green bar.

The temporal evolution InSAR-estimated surface displacement at Ballynafagh bog closely tracks the
temporal evolution of soil moisture and groundwater levels measured in-situ (Figure 3 a-b). Soil
moisture is highest — typically at saturation (or at sensor detection limit) — during the winter and early
spring months. Soil moisture decreases to its lowest values during the summer months. Average
groundwater level at the Sub-marginal station is 8§ cm below the ground surface, (see Figure 3 b). In
winter, the groundwater levels reach up 4 cm below the ground surface, and declines up to 32 cm in
summer. Groundwater and soil moisture changes are positively correlated in time. Also the InSAR-
derived displacements are near synchronous with both groundwater and soil moisture variations.
Although the timescale of seasonal soil moisture and groundwater level decreases is similar to the
timescale of seasonal subsidence estimated from InSAR, the recovery of soil moisture and
groundwater to high levels is much sharper — i.e. occurs over a much shorter timescale — than the
seasonal upswing in surface displacement. Finally, the magnitudes of changes in groundwater and

ground surface levels are in ratio of 10:1.

The seasonal variations of in-situ soil moisture and InSAR-estimated surface displacement at
Ballynafagh bog closely track the meteorological data and soil condition estimates at the regional
Casement MET station. The largest amplitudes of surface oscillations at both of the Ballynafagh

stations are coincident with periods of low to no rainfall for several weeks (i.e. drought conditions)
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in Summer 2018 and Summer 2020 (Figure 3 c). These drought periods were characterised by
comparably long periods of elevated soil temperatures (Figure 3 c), as well as correspondingly high

estimates of evaporation, evapotranspiration and soil moisture deficits (Figure 3 d).

The period of the wildfire in 2019 (green bar in Figure 3) is coincident with a period of low soil
moisture at Ballynafagh bog (Figure 3 a-b). A sharp decrease in soil moisture (0.8 to 0.7 over 4-5
days) can be noted at the Sub-marginal station just before the wildfire. The wildfire occurs also near
the summer peak of temperature and a period of rapidly increasing soils moisture deficits as estimated
at the regional Casement MET station. It is worth noting that the summer of 2019 was not the warmest
or driest in the period from 2017-2021. Ostensibly, conditions may have been more favourable for

wildfires in 2018 and 2020, but ignition did not occur.

3.4. Evolution of SAR intensity and InSAR displacement for burned and non-burned areas

Since areas immediately around the monitoring stations seems to have undergone partial burning, we
here show data for two areas within the same ecotope (sub-marginal) located further inside the burned
and non-burned areas of the peatland. The purpose is to test for contrast in the behaviour of the SAR
and InSAR data in the burned and non-burned areas. Data within a 50-m radius of a point in the burnt
area (red point in Figure 2) and a point in the non-burnt area (black point in Figure 2) are shown in

Figure 4.
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Figure 4: Time series of SAR intensity and displacement for the burnt and non-burnt areas. a)-b) Temporal
evolutions of LOS displacements for burnt area (in a)) and non-burnt area (in b)). ¢) Temporal evolution of
SAR intensity for burnt and non-burnt areas. The estimated duration of the 2019 wildfire event is displayed as

a green bar.

The InSAR displacement time series for both points located show no clear effect due to the wildfire
(Figure 4 a-b). The long-term absolute velocities appear to be lower at these points than those
observed at the in-situ stations (-0.9+0.2(1¢) mm.yr! and -0.4+0.2(10) mm.yr! respectively), while
the annual oscillations are very similar (Figure 3). The variations in long-term velocity and in the

magnitude of annual oscillations further show that the InSAR-derived displacements are dichotomous
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and heterogenous within the bog. However there is no shift or variation in the burnt area displacement

time series that is coincident with the wildfire.

On the other hand, the temporal evolutions of the mean SAR backscatter intensity (o) for the burnt
and non-burnt areas differ significantly after the wildfire (Figure 4 c¢). Before the fire, the intensity
evolutions of both areas are very similar. After the wildfire period, the relative magnitudes of the
annual SAR intensity fluctuations remain equal for both burned and non-burned areas. The SAR
intensity of the burnt areas increases overall, however, and it becomes consistently about 2-3 dB

higher than that of the preserved areas.

3.5. Evolution of InSAR Coherence

Figure 5 shows the changes in coherence over Ballynafagh bog in the days before and after the
wildfire. Overall, the coherence on the bog is high to moderately high for the temporal baselines
considered here. There is not a systematic pattern of spatial or temporal change in the coherence that
one can relate to the wildfire. The maps with lowest coherence are formed when one SAR image of
the pair was acquired on a rainy day — for example, the coherence maps spanning June 23 - July 5%,
June 23 - July11™, July 23" - August 4" and July 29" - August 4. Low coherence thus appears to
be simultaneous with differences in precipitation, in groundwater levels, and hence differences in soil
moisture, between the pair of SAR image acquisitions. Conversely, high coherence is associated with

similar precipitation and soil moisture conditions for the SAR acquisition pair.
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Figure 5: Timeline of InSAR coherence maps and soil moisture at Ballynafagh Bog. The upper section shows
the temporal evolutions of soil moisture, and groundwater levels as measured at Ballynafagh Bog and hourly
precipitation as measured at the Casement MET station. The lower section shows coherence maps for pairs of
SAR images, the acquisition dates of which are given by the bars either side of each coherence map. The rows
of coherence maps are arranged from top to bottom in order of decreased temporal baseline. In the greyscale
coherence maps, black is low coherence and white is high coherence. The red contour is the outline of the

areas affected by the wildfire.

To illustrate the variation of coherence with soil moisture over the entire observation period, we show
a coherence matrix for the areas immediately around both monitoring stations (Figure 6 a). Each point
in this matrix represents the coherence in each pair of images in the stack at the Central (upper left)
or Sub-marginal (lower right) monitoring stations. The image acquisition dates for the pair are given

on the horizontal and vertical axes. We make three main observations from the matrix.
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Figure 6: Matrix of coherence for all possible SAR image pairs during the observation period a) for the in-
situ monitoring stations in Ballynafagh bog and b) for the burnt and non-burnt areas as described in Figure

4. For the part a), the upper left triangle of the matrix represents coherence values for the area immediately
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around the station in the Central ecotope. The lower right triangle, on the other side of the solid black diagonal
line, represents values for the area around the station in the Sub-marginal ecotope. For the part b), there is a
similar layout for the burnt and the non-burnt areas. The matrix plot axes give the acquisition dates of the two
SAR images in each pair. The dashed black lines are isochrons that represent where the temporal baselines of
image pairs. For comparison to the temporal evolution of the coherence, the temporal evolution of in-situ soil
moisture at both stations is displayed on the plots alongside the matrix in part a). The purple lines crossing
the matrix and the plots mark the start and end of the wildfire. Overall, as expected, coherence decreases with
increased temporal baseline. For a given temporal baseline, however, coherence is higher when soil moisture
conditions are similar for each acquisition in an image pair, and coherence is lower when soil moisture

conditions differ substantially.

Firstly, coherence decreases as the temporal baseline of the image pair increases. This is a
consequence of temporal decorrelation and is typical of vegetated target areas. This is the main factor
controlling coherence on the long term. Secondly, there are abrupt decreases in coherence associated
with large differences in soil moisture. These soil moisture-related coherence decreases are
superimposed on the background trend of decreased coherence with increased temporal baseline.
Coherence loss due to soil moisture difference is particularly pronounced where one SAR image in a
pair was acquired during the summers of 2018 or 2020, when large decreases and fluctuations of soil
moisture occurred during drought conditions. Under these drought conditions, high coherence (>0.7)
interferograms are formed only from image pairs with a temporal baseline of less than 2-3 weeks.
Thirdly and from Figure 6 b, the wildfire does not cause a noticeable instantaneous and short-term
perturbation on the observed values of coherence compared to the overriding effects of temporal

decorrelation and soil moisture difference. The post-burning coherence of the burnt area seems to
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become slightly higher for longer temporal baselines (>1 year) compared to that of the non-burnt

area, but it is unclear if this is a significant change.

4. Discussion

4.1. Link between displacements and peat soil parameters

Estimated surface displacements, backscatter intensity and in-situ soil moisture at the raised peatland
of Ballynafagh all follow similar temporal fluctuations, with an annual periodicity resulting from dry
(spring-summer) and wet (autumn-winter) periods. On the raised bogs, in the absence of human
interference, the peat-condition is controlled mainly by short-term seasonal and long-term climatic
variation (temperature, rainfall and insolation), which control evapotranspiration and water table

levels (Heikurainen et al., 1964). Then, groundwater levels are the driving force of soil moisture. In

this case, soil moisture can be a proxy of water-table levels and vice versa, (see Figure 3 b).

The long-term displacement trends of subsidence at Ballynafagh bog could be related to internal peat
processes, such as peat compaction and oxidation, and potentially to long-term variations in deeper

hydrogeological conditions within or under the peatland, (Ewing & Vepraskas, 2006; Regan et al.,

2019). 1t is this long-term part of the displacements that Hooijer et al. (2010), and later Hoyt et al.

(2020), propose to use to estimate GHG emissions from InSAR motions on tropical peatlands, (Zhou,

2013; Zhou et al., 2016).

The short-term (i.e., annual) oscillations in displacement are consistent with annual variations of
surface elevation that are commonly measured in-situ on raised peatlands elsewhere. These short-

term variations of the peatland surface elevation are termed bog or mire ‘breathing’, and they are
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controlled by annual rise and fall in groundwater levels (Fritz et al., 2008; Howie & Hebda, 2018;

Zhou et al., 2010). As such, variations in soil moisture and estimated displacements at Ballynafagh

bog are likely to be an expression of short-term (annual) water-table changes.

Backscatter intensity also shows a seasonal variation that closely mimics that of the estimated surface
displacement (Figure 4). The simplest interpretation of this relationship is that backscatter intensity
is reduced as the water table falls and soil moisture is reduced - especially in the drought periods.
This interpretation is supported by previous work demonstrating a strong positive correlation between

backscatter intensity and soil moisture (Dobson et al., 1992). However, the more gradual recovery of

both displacement and backscatter intensity compared to the sharper recovery of soil moisture suggest
that the radar response is governed not only by soil moisture in the upper unsaturated domain of the
peat. The slow recovery of intensity and displacement can be attributed to a slow recovery of the
groundwater level after the drought periods. Groundwater levels in the active area of healthy raised
bogs such as Ballynafagh typically lie at about 8 cm below the ground surface. As demonstrated here,
however, they can drop to several 10s of cm below the surface during drought periods. The backscatter
from the peat thus seems to be controlled not only by moisture content in the unsaturated uppermost
peat but also by the total saturated volume of the upper 10-30 cm of the organic soil. Future work
with co-located piezometers and soil moisture sensors at variable depths in the peat could test this

hypothesis.

4.2. Implications of soil moisture changes for InSAR computations

An important observation in our study is that the coherence on a raised peatland can increase over
time. This compensates for typical temporal decorrelation on longer temporal baselines (> 1-2 years,

and, to our knowledge, this is only observable on peat targets for these durations). The coherence

Page 25 of 40



406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

This manuscript is a non-peer reviewed preprint and has been submitted for publication in Remote Sensing of Environment. Please note that subsequent

versions of this manuscript may have different content. Please feel free to contact any of the authors; we welcome feedback.

oscillates with the annual frequency with respect to the first coherence value. Indeed, the coherence
remains high several months after the master acquisition (about 3 months), decreases for durations of
about 6 months, then increases 1 year after the first acquisition, and so on (Figure 6). Thus, it is

possible to observe medium or high coherence for 1- or even 2-years temporal baselines.

We can easily define that, (after simplifications), (Zhang et al., 2008):

Yobserved = YTemporal X YSoil Moisture X YNoise » (1)

with y the InNSAR coherence. With a coherence of 0.7 on the 1-2-years interferograms and equation
1, we can interpret that Ypemperar 1S also higher than 0.7, which demonstrates that temporal
decorrelation is extremely low on peatlands: probably the lowest compared to other vegetation targets,

(Tampuu et al., 2020). In our study case, we show that soil-moisture-related coherence (Vs Moisture )

is the main factor controlling the recovery of coherence on interferograms with long temporal

baselines (>1-2 years), (cf. Figure 6).

Conventional and improved InSAR approaches, suitable for peatland applications, are based on
interferogram networks selected to minimise temporal and perpendicular baselines, and hence the

coherence of the interferogram stack, (e.g., Alshammari et al., 2020; Alshammari et al., 2018; Bateson

et al., 2015; Casu et al., 2006; Cigna, Novellino, et al., 2014; Cigna, Sowter, et al., 2014; Hooper,

2008; Sowter et al., 2013; Werner et al., 2003). Figure 7 shows the probability of having a coherence

higher than 0.5 with respect to the temporal baselines, for each season when the first acquisition
(master acquisition) is acquired and for the Sub-marginal station. Due to the temporal evolution of
the soil moisture, we can observe that each season offers different evolutions of the probabilities, with
two end-members for the winter and summer seasons. In winter and due to the link between the

coherence and the soil moisture change, the probability oscillates are caused by the high stability of
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the soil moisture with the master date. On the contrary, when soil moisture changes for a short period
in summer, the probability of having a high coherence is lower, and more controlled by temporal
decorrelation. This is particularly true for interferograms with 6-month temporal baselines for which
the probability of having an incoherent interferogram is very high. Thus, the coherence is related to
the selection of the master date on peatlands: i.e., it seems more robust to select a master acquisition
(or super single master regarding the InSAR correlation) in spring in order to maximise the coherence

of the whole stack.
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Figure 7: Relations between the probability to have a coherence superior to 0.5 at the Sub-marginal station as
a function of temporal baseline, and the season of master acquisition. The dashed lines correspond to 95%
confidence levels. The probabilities are estimated using empirical cumulative distribution function (ecdf):

P(y = 0.5) = 1 — ecdf(0.5).

According to the proposed InSAR phase and coherence models, the InSAR phase should also be

modified by soil moisture (e.g., De Zan et al., 2014). However, we are not able to extract this phase
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due to the peat surface displacements. In addition, we do not observe significative non-zero closure
phases in our interferograms for which we have identified changes in soil moisture. This seems
expected because the observation of closure phases is defined by our ability to multi-look and filter

the SAR/InSAR data, (Eshqi Molan & Lu, 2020b; Molan et al., 2020). In contrast, high residuals of

phase are observed during the InSAR processing. These phase residuals map perfectly to the spatial
extent of the bog, and they are unrelated to potential atmospheric delay. The InSAR phase in C band
that is interpreted as displacement could therefore include part of unobserved soil moisture phase on
the peat targets. This could modify the results during the inversion of displacements and cause an
underestimation of the amplitudes of the annual oscillations (in the case of peatlands), (Zwieback et

al., 2017). Consequently, InSAR-derived displacement should in future be compared with ground-

based displacement measurements to estimate artefacts due to soil moisture on InSAR-derived

displacements.

4.3. Interpretation of SAR/InSAR products related to soil moisture changes on raised peatland

The relationships between changes in soil moisture (and vegetation) and SAR/InSAR estimates have
been well documented since the beginning of the InSAR studies, whether it is SAR intensity, INSAR

phase, coherence or closure phase, (e.g., Barrett, 2012; De Zan & Gomba, 2018; De Zan et al., 2014;

De Zan et al., 2015; Nesti et al., 1995; Zhang et al., 2008; Zwieback et al., 2015a, 2015b, 2017).

However, the wildfire affecting Ballynafagh bog provides an opportunity to further identify the

physical meaning of the SAR/InSAR estimates.

Our results for Ballynafagh bog demonstrate that SAR backscatter intensity should be carefully
interpreted if used as a proxy for soil moisture where wildfires occur, such as on peatlands. Broadly,

SAR intensity is correlated positively with soil moisture at Ballynafagh as expected, (Dobson et al.

Page 29 of 40



459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

This manuscript is a non-peer reviewed preprint and has been submitted for publication in Remote Sensing of Environment. Please note that subsequent

versions of this manuscript may have different content. Please feel free to contact any of the authors; we welcome feedback.

1992). The average increase of SAR intensity observed after the wildfire, however, is clearly related
to the removal of the mossy vegetation layer by wildfire. The SAR intensity increases in the burnt
areas corresponds to the NDVI reduction there (Figure 2 e-f), which we attribute to fire-related
vegetation removal (Figure 1 b-c). In support of this interpretation, we note that outside the SAC area
containing the bog, similar reductions of NDVI can be seen also in fields within which grass or cereal
crops were recently harvested (Figure 2 e-f). Intensity changes are therefore an integration of two
layers on the peatlands (mossy and upper peat layers). Without accounting for effects of wildfire,

SAR intensity potentially yields overestimations of soil moisture.

InSAR coherence has recently emerged as an alternative means of estimating soil moisture, (De Zan

& Gomba, 2018; Zwieback et al., 2015b). The aim of InSAR coherence investigations are twofold:

(1) to estimate soil moisture at a finer spatial resolution and (2) to correct InSAR-derived

displacements, as proposed by Zwieback et al. (2017). However, estimating soil moisture from InSAR

coherence and phase appears to be complex and statically unsustainable on conventional soils, (Eshqi

Molan & Lu, 2020a). Our InSAR application on a peatland shows a good relationship between peat

parameters and the InSAR parameters, which means that InNSAR coherence could be an appropriate
tool for organic soil moisture estimation in the case of relatively healthy raised peatlands. Moreover,
our results demonstrate that INSAR coherence is not affected by changes to vegetation wrought by
the early-July 2019 wildfire unlike SAR intensity, INSAR coherence could be more robust to estimate

soil moisture on peatlands affected by wildfire.

4.4. Penetration of C-band radar beam into temperate raised peatland

The lack of effect of the 2019 wildfire on the InSAR coherence and displacement at Ballynafagh can

be interpreted as evidence that the satellite-derived C-band radar waves penetrate into the upper
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several cm of the peat (Nolan & Fatland, 2003). From Figure 8 which shows a schematic

interpretation, the propagation of radar beams is shown for the “pre-fire” and “post-fire” periods.
Before the fire, the radar beam firstly penetrates thought the 10-20 cm thick mossy vegetation,
attenuating backscatter intensity (approx. -3 to -2 dB). Then the radar waves continue to propagate
into the upper few 10’s of cm of the underlying peat, where the intensity further decreases and the
radar phase (i.e., InNSAR phase and coherence) is affected by changes in soil moisture. After the fire
and without the 10-20 cm mossy vegetation layer, the intensity increases on average as the vegetation-
related attenuation is reduced, but it varies in a positive relationship with the variation of soil moisture

in the peat layer.
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Figure 8: Schematic representation of InSAR propagation in peat associated with climatic controls on soil

moisture changes, for active raised bog or healthy areas of bog.

In contrast. the INSAR phase and coherence are unaffected by the removal of the vegetation, although
they also vary with soil moisture variation. In this case, we interpret that there is a decoupling of the
SAR and InSAR measurements on the peatlands. This is because the intensity changes relate to the
changes in both soil moisture and vegetation, whereas the InSAR estimates (phase) are not affected
by the mossy layer. Therefore, the vegetation layer contributes negligibly to the medium (level)
controlling the backscattered radar phase in this raised peatland. Consequently, the SAR and InSAR

parameters represent the layers of the peatland.
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5. Conclusions

In summary, our study explored the full range of InSAR products and their relationships to in-situ
soil moisture and groundwater level measurements over a temperate peatland affected by a wildfire.

We draw four main conclusions.

Firstly, the InSAR-estimated peat surface displacements display annual oscillations (“bog breathing’)
that are synchronous and positively correlated with the seasonal (dry/wet) evolutions of soil moisture
and groundwater levels. Thus, peat surface displacements should be an indicator of short-term

variations in ecohydrological parameters, such as groundwater levels.

Secondly, SAR intensity positively correlates with absolute values of soil moisture. Thus, SAR

intensity oscillates on seasonal timeframes: it increases in wet periods and decreases in dry periods.

Thirdly, InSAR coherence negatively correlates with changes in soil moisture. Consequently, InNSAR
coherence is low for large soil moisture changes, and is high for small soil moisture changes between
two SAR acquisitions. Moreover, the designing of InSAR stack should take into account the
relationship to optimise the coherence of the InNSAR stack, and avoid coherence loss due to sharp soil

moisture changes especially across dry periods.

Fourth, the wildfire highlighted how SAR and InSAR estimates relate to different attributes for raised
peatlands: (1) SAR intensity is affected by both changes in soil moisture and vegetation; (2) InNSAR
coherence is affected by only soil moisture changes. Consequently, SAR and InSAR data from C-

band radar sensor reveal information on different levels in the peat column.

These findings can underpin the application and interpretation of radar in monitoring of peatland soil

parameters in general and in areas affected by wildfires. Future work should therefore focus on ground

Page 33 of 40



519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

This manuscript is a non-peer reviewed preprint and has been submitted for publication in Remote Sensing of Environment. Please note that subsequent

versions of this manuscript may have different content. Please feel free to contact any of the authors; we welcome feedback.

validation of InSAR displacements from in-situ measurements in order to verify the accuracy of
InSAR results and to identify the possible magnitude of bias caused by soil moisture on displacement

observations.

Data availability
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scripts used to analyse the observations are available from the corresponding authors.
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