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Abstract: Peatlands of northern temperate and cold climates are significant pools of stored
carbon. Understanding seasonal dynamics of peatland surface height and volume, often referred
to as mire breathing or oscillation, is the key to improve spatial models of material flow and gas
exchange. The monitoring of this type of dynamics over large areas is only feasible by remote sensing
instruments. The objective of this study is to examine the applicability of Sentinel-1 synthetic aperture
radar interferometry (InSAR) to characterize seasonal dynamics of peatland surface height and water
table (WT) over open raised bog areas in Endla mire complex in central Estonia, characteristic
for northern temperate bogs. Our results show that InSAR temporal coherence, sufficient for
differential InSAR (DInSAR), is preserved in the open bog over more than six months of temporal
baseline. Moreover, the coherence which is lost in a dry summer, make a recovery in autumn
correlate with WT dynamics. The relationship between the coherence from a single master image and
the corresponding WT difference is described by the second degree polynomial regression model
(Root Mean Squared Error RMSE = 0.041 for coherence magnitude). It is also demonstrated that
DInSAR phase is connected to bog surface dynamics and reveals differences between bogs and for
ecotopes within a bog. These findings suggest that InSAR long term temporal coherence could be
used to describe seasonal bog WT dynamics and differentiate between mire types and ecotopes
within a bog. Moreover, DInSAR analysis has the potential to characterize seasonal mire surface
oscillation which may be important for assessing the capacity of water storage or restoration success
in northern temperate bogs.
Keywords: Sentinel-1; synthetic aperture radar; interferometry; change detection; raised bog;
bog breathing; water table; soil moisture; surface motion

1. Introduction
Peatlands are an important storage buffer in the global carbon cycle. While covering only ∼3% of
the world’s land area, they store about 20–30% of the global soil carbon [1–4]. This is equivalent to
more than half of the carbon currently in the atmosphere [5], as much carbon as all terrestrial biomass,
and twice the carbon stock of all forest biomass of the world [6]. Peatlands are known as pools of
carbon but the balance between their ability to be net sequester or emitter of greenhouse gases (GHG)
is delicate, depending on water regime which is highly vulnerable both to climatic changes and direct
human impact [1,7–9]. The major fraction of all peatlands is located in northern temperate and cold
climates [6]. Sustainable use, conservation and restoration of peatlands, to preserve organic soils from
further degradation, are presently key environmental priorities at European level [10] in regard to
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global importance in context of GHG emissions, habitat loss and water quality [5,11–13]. To monitor
peatlands, the remote sensing holds several advantages over in situ approaches in terms of cost,
accessibility and spatial coverage [14,15], whereas Synthetic Aperture Radar (SAR), relative to optical
and infrared remote sensors, is favourable because of the ability to penetrate vegetation canopies and
the independence of observation of solar illumination or clouds [16–18]. Only SAR provides a large
spatial coverage at a regular resampling interval which is weather-independent and cheap enough to
be widely exploited [14,15].
Considering that the conventional Differential SAR Interferometry (DInSAR) technique only
employs two SAR images at the time, there is a potential for relatively easy use of DInSAR in
near-real-time routine monitoring work [19]. Nevertheless, the conventional two image DInSAR
is known to have significant limitations in terms of spatial–temporal decorrelation and signal
contamination due to troposphere/ionosphere—called atmospheric delays [19]. Therefore, it is mainly
limited to the areas with very good coherence or used as a basis for time series analysis of InSAR
data [20], known also as Persistent Scatterer Interferometry (PSI) [21] or multi-temporal InSAR [19],
which enables overcoming these two limitations [19–21]. However, many PSI techniques account for
linear motion which notably complicates estimation of all phenomena characterized by non-linear
deformation behaviour [20,21]. On the other hand, non-linear methods suffer the limitation caused by
the ambiguous nature of the phases [21].
Northern peatlands are often small and heterogeneous, thus posing challenge for SAR in terms
of spatial resolution [15,17,22], also due to loss of temporal coherence caused by vegetation [23–25].
However, SAR Interferometry (InSAR) has proven feasibility for monitoring long-term elevation
changes in northern peatlands. It has been demonstrated by deploying the Intermittent Small Baseline
Subset method (ISBAS) on ERS-1/2 and Sentinel-1 C-band data [25–28], Small Baseline Subset method
(SBAS) on Envisat ASAR C-band data [23] and Persistent Scatterers method (PS-InSAR) on Envisat
ASAR C-band and ALOS PALSAR L-band data [24]. Alongside measuring long-term elevation
changes, better understanding of seasonal oscillation of peatland surface and volume, known as bog
breathing [29,30], is needed to improve spatial models of material flows (dissolved carbon, nutrients)
and gas exchange (CO2 , N2 O, CH4 ) [31]. Bog breathing is related to the sponge-like nature of peat
which can adsorb water and trap gases and causes the peat surface to follow dynamics of the water
table (WT) [29–31].
Though coherence magnitude (|γ|) and interferometric phase (ϕ = arg(γ)) are two major products
of InSAR processing (please note that term coherence is usually used in the sense of coherence
magnitude), the data of low coherence are usually considered to provide little or no value [32].
However, the temporal and spatial variation of coherence also provides useful information about
hydrological conditions and vegetation cover, allowing delineation of the area inundated with surface
water and distinguishing different wetland types and assessing short and long-term changes [18,32,33].
Nevertheless, coherence has not been applied to capture water table dynamics in peat or changes in
soil humidity in peatlands and only SAR backscatter intensity [32,34,35] or phase measurements [32]
have been tried previously. Addressing soil moisture estimation with InSAR coherence has been
rare in any case [36–38]. However, the approximation of coherence decay to soil moisture differences
was demonstrated by De Zan et al. [36] in bare agricultural fields with L-band airborne SAR data.
Barret et al. [38] in 2012 did not manage to demonstrate a robust correlation in agricultural soils for
C-band and recommended using shorter repeat cycles, such as are available today with Sentinel-1,
to overcome the predominance of vegetation caused decorrelation over any soil moisture changes.
Thus, the objective of this study is to address the research gap and examine feasibility of Sentinel-1
InSAR to capture the seasonal vertical oscillation of peat surface and ground water table in the
northern raised bog. So far, there have been only a few non-exhaustive trials from different peatland
types [24,27,32]. Regarding the non-linear nature of seasonal surface oscillation and high InSAR
coherence of the open bog as reported by [25,39], the time series of conventional DInSAR image pairs
are deployed in this study.
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2. Study Area and Material
2.1. Study Area
Endla Nature Reserve (10,161 ha) is situated in central Estonia (58.88°N, 26.18°E). The reserve
protects a diverse system of wetland habitats, the Endla mire complex and springs. Approximately
half of the territory is covered by mires. The most prominent objects of the Endla Nature Reserve are
the raised bogs, characteristic for northern temperate bogs. The largest bogs are Linnusaare (1250 ha),
Endla (1100 ha) and Kanamatsi bog (690 ha), while smaller Männikjärve bog (208 ha) is located to the
east of Linnusaare bog (Figure 1). The bogs are of limnogeneous origin with ecotopes of elongated
ridges, pools, hummocks, lawns. and hollows microforms. The thickness of the peat is 3–6 meters,
occasionally more than 7 m.

Figure 1. Main bog massifs in Endla mire complex with open and wooded bog area delineated.
The hydrological monitoring transect of gauges and wells at Linnusaare and Männikjärve bogs are
marked by black dots. Peatlands are defined as areas with peat depth >30 cm. The following land cover
types are differentiated: open bog (tree height <1.3 m or canopy cover <0.3), wooded bog (tree height
1.3–10 m and canopy cover >0.3), restored bog and bog pools (area >100 m2 ). Ridges-pool ecotope from
central part of Männikjärve bog is shown in a photograph.

The open bogs are mainly Sphagnum-dominated ridge-hollow-hummock ecotopes, whereas in
the central parts ridge-pool ecotopes are dominant with Pinus sylvestris trees (up to 5 m) growing
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abundantly on ridges between the pools. Marginal areas of bogs are wooded (Pinus sylvestris) or
covered by bog forest (tree height 15–20 m) resulting mainly from drainage by the ditch network or
surrounded by forest covered transitional bogs or fens.
Long term (1881–2018) mean annual air temperature at Tooma Mire Station is 4.5 °C. In February,
the mean monthly air temperature is −6.8 °C and in July 16.8 °C. Monthly precipitation is unevenly
distributed with minimum in winter and spring (<40 mm), maximum in summer and autumn
(51–88 mm). The long term mean annual precipitation is 660 mm. Measured evapotranspiration
during the vegetation period (May to October) in 2018 from bog and pool surface were 266.8 and
462.1 mm, respectively. Bog surface freezes normally in December and thaws in end of April [40].
The growing season spans from April to October. The bog water table is highest during snowmelt
(April). Due to high discharges and evapotranspiration, the water table lowers rapidly in May and
June, reaching the minimum level usually in July or August. In autumn precipitation induced pore
water recharge increases the water table but it does not reach the spring maximum. In December the
bog surface freezes and precipitation in the form of snow establishes snow cover. The frozen surface
hinders infiltration of snowmelt water until the surface thaw in spring, causing secondary minimum
in the water table in winter.
2.2. Water Table and Meteorological Data
The water table data were collected at Tooma Mire Station by the Estonian Environment Agency.
The time series of Tooma Mire Station are collected on a routine basis along hydrological monitoring
transects on Männikjärve bog since 1950 and the east–west transect was extended onto Linnusaare
bog at the end of 1970. Water table is monitored automatically daily both by staff gauges in pools and
sampling wells in peat, thus ensuring temporal concurrence to the SAR data. The sampling wells and
staff gauges are anchored to the sediment underlying the peat layer. Water table is defined relative to
the absolute surface height, corresponding to the average surface of the ecotope around the sampling
well [40]. In this study, the average daily water table data from 24 October 2017 to 18 December 2018
were used and only the wells and staff gauges situating in the area classified as bog (open or wooded)
were considered.
The meteorological data are provided by the Estonian Environment Agency. Meteorological
observations were conducted from May to October at the meteorological station in the central part of
Männikjärve bog and year-around at the main station on mineral soil located 1 km south-east. We used
summarised daily precipitation value and air temperature measured at 6 p.m. local time, being closest
to the SAR acquisition time, from the period of 24 October 2017 to 18 December 2018.
2.3. Land Cover Data
Peatlands have been distinguished based on Estonian Soil map (1:10,000) where all types of
histosols were extracted with soil depth >30 cm. The land cover classification is based on the land
cover maps from the Estonian Topographic Database provided in the Estonian Land Board Geoportal.
The following land cover types were used: open bog, wooded bog, forest, and bog pools. The criteria
for the open bog is tree height <1.3 m or canopy cover <0.3, wooded bog with tree height 1.3–10 m
and canopy cover >0.3, forest with tree height >10 m and canopy cover >0.3, and bog pools with area
>100 m2 were distinguished [41].
2.4. SAR Data
Our dataset comprises 18 Sentinel-1 (C-band) VV-polarization Interferometric Wide swath mode
(IW) Single Look Complex (SLC) images acquired by satellite Sentinel-1A in ascending orbit (relative
orbit number 160) covering 13 × 13 km2 in Endla mire complex from 24 October 2017 to 18 December
2018. The images were acquired with an incident angle about 39° and pixel spacing in range (rg) and
azimuth (az) of 2.33 × 13.88 m and spatial resolution about 3.1 × 22.4 m (rg × az) in sub-swaths
IW2 [42]. The acquisition time is around 15.56 UTC, corresponding roughly to 18.00 EET and 19.00
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EEST (the Eastern European Summer Time being the local time for most of the acquisitions used in
our study).
The dataset covers the growing season. Winter images from November 2017 to March 2018 are
omitted because of the snow cover. The minimum and the maximum temporal baseline from the
common master image of 28 May 2018 is 12 days and 216 days, respectively. The interferometric
baselines vary between −82 and 106 m with respect to the common master image of 28 May 2018
(Table 1). VV data are used in the processing as the sensitivity to variations in soil moisture has been
reported to be stronger in co-polarized mode, whereas vegetation volume scattering dominates in
cross-polarization [43–45].
Table 1. Sentinel-1 Interferometric Wide swath mode (IW) Single Look Complex (SLC) acquisitions used
in this study and corresponding weather data (sum of daily precipitation (mm) and air temperature
(°C) at 6 p.m. local time, all acquisitions obtained in ascending geometry, relative orbit number 160.
Temporal and InSAR baseline are given relative to the single master image of 28 May 2018 (shown in
bold) used in processing (either in coherence magnitude or DInSAR displacement estimation).
Date
24 October 2017
22 April 2018
16 May 2018
28 May 2018
9 June 2018
21 June 2018
3 July 2018
15 July 2018
27 July 2018
8 August 2018
20 August 2018
1 September 2018
13 September 2018
25 September 2018
7 October 2018
31 October 2018
24 November 2018
18 December 2018

Baseline (Day)

InSAR Baseline (m)

Processing

Precip. (mm)

Air Temp. (°C)

−216
−36
−12
0
12
24
36
48
60
72
84
96
108
120
132
156
180
204

−37
−69
26
0
−43
−44
19
23
40
26
−82
−80
12
75
57
−69
106
61

coherence
coherence
coherence/DInSAR
single master
coherence/DInSAR
coherence/DInSAR
DInSAR
DInSAR
coherence
DInSAR
coherence
DInSAR
DInSAR
coherence
DInSAR
coherence/DInSAR
coherence/DInSAR
coherence

0
0
0
0
0
0.3
0
0
0
1.1
3.6
0.5
0
0
3.9
0.4
0.7
5.4

−0.4
5.9
20.0
21.9
16.9
20.3
17.8
28.9
25.1
25.4
16.1
19.8
16.9
9.5
5.4
8.9
−0.3
−4.4

3. Methods
3.1. Coherence Estimation
We created 11 Differential Interferometric Synthetic Aperture Radar (DInSAR) [46] coherence
image pairs which cover the growing season with roughly a monthly step. All the pairs are calculated
from the single master image acquired on 28 May 2018 (no precipitation). The master image was
chosen to ensure the highest InSAR coherence over the full stack while being as close as possible to
the maximum water table after the snow melt in spring. Images before 28 May 2018 did not show
sufficient coherence. After InSAR processing, the outputs were masked based on the land cover data
and thereafter related to in situ water table data.
Coherence processing was executed with the European Space Agency’s (ESA) SNAP software
version 6.0.0 [47]. The guidelines for Sentinel-1 TOPS DInSAR processing [48–50] were followed for
coherence estimation in SNAP. The SNAP processing chain consisted of: S1 TOPS Coregistration
with ESD, Coherence estimation (integrated with Topographic Phase Removal), TOPS Deburst and
Range-Doppler Terrain Correction. SRTM 1 sec and bilinear interpolation were used for coregistration
and terrain correction; the shifting window size for the coherence estimation is 3 in azimuth and 10 in
range direction (3 × 10 pixels); no multi-looking was applied; EPSG:3301 (Estonian Coordinate System
of 1997) was used.
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3.2. DinSAR Processing
We used SARProZ software package [51] and Matlab for the conventional DInSAR processing to
create 11 image pairs with the common master image from 28 May 2018. The analysis was performed in
SAR slant range pixel coordinates in order to preserve phase values as much as possible. A 3 × 10 pixel
window was used for coherence calculation, while for phase filtering with Goldstein filter [52] a larger
15 × 30 pixel filtering window was used. The interferograms were flattened with local Topographic
Phase Removal, in order to present only LOS altitude differences. A temporal long term interferometric
stack containing 11 date pairs over the growing season of 2018 was produced with reference to 28 May
2018. The stack contains, coherence amplitude images, interferometric phase images and unwrapped
height difference images as well as masks for the open bog land cover type in SAR image coordinates.
3.3. Data Analysis
The InSAR coherence time series of the growing season were analyzed in R software (version
3.6.1) to identify spatio-temporal dynamics of coherence to identify factors (water level, land cover,
precipitation, temperature) which affect decorrelation. The Shapiro–Wilk test was used to analyse
data distribution, the Mann–Whitney U test (also known as the Wilcoxon rank-sum test) was used to
compare samples, and the Spearman’s rank-order correlation was applied for not normally distributed
data to evaluate correlation, and regression analysis to estimate relationship between variables were
applied. All computed statistics were considered to be statistically significant if p value < 0.05.
For non-linear regression model, Root Mean Squared Error (RMSE) was calculated.
In first stage, the open bog, wooded bog, bog pools and forest were extracted according to the
land cover classification [41]. Subsequently, the pixels spatially corresponding to the sampling wells
were extracted form InSAR coherence images and correlated with the water table measurements.
Also, mean coherence of the open bog land cover class was related to the mean WT in the wells.
WT dynamics have been reported to be relatively uniform in the open bog justifying modelling it as a
unit [30,53]. Therefore, despite the availability of WT measurements from limited locations, we used
their mean to represent the whole open bog area as separate time series of water measurements
are strongly correlated (ρ = 0.928–0.995, p < 0.05). The aggregation of pixels of a coherence image
aims to represent the whole site [44] and to reduce the influence of randomness of individual pixel
values [44,54]. Segmentation into objects has been advised for target objects much larger than one
image pixel [54,55].
Thereafter, correlation and regression analysis were performed to examine the relationship
between the time series of temporal coherence and the water table measurements and between
coherence and meteorological data (air temperature, precipitation variations). Based on the coherence
thresholds chosen according to our data and the literature [28,50,56], the spatial correlation between
land cover and pixels of high coherence (≥0.5 and upper decile of the open bog pixels) and low
coherence (≤0.25 and lower decile of the open bog pixels) was mapped. Also, the spatial DInSAR
analysis was carried out. The unwrapped long term displacement maps were compared to land cover
and water level data to evaluate capability of DInSAR to capture the bog breathing. Correlation and
regression analysis ware used.
4. Results
4.1. Seasonal InSAR Coherence in Endal Mire Complex
Our results show that the mean InSAR coherence of the open bog is significantly higher compared
to other natural land cover classes (wooded bog, bog pools, forest) (p < 0.05) being the only element
in landscape that is comparable to larger roads and built up areas in terms of retaining coherence.
Also the bog pools and forest differ (p < 0.05). The wooded bog is statistically similar to bog pools and
forest. The open raised bogs sustain coherence over the full growing season (snow free period from
April to December 2018) and also over the winter (October 2017 to May 2018).
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

Figure 2. Long term InSAR coherence (|γ|) in Endla mire complex from 24 October 2017 to 18 December
2018 (a–k) related to a single master image (28 May 2018) and an optical satellite image of the area in
relation to land cover types (l).

Moreover, the open bog display temporal variance in coherence—better correlated with the master
image in the spring and the preceding and following autumn, while displaying low coherence in the
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summer, though the latter has shorter temporal baseline (Figure 2). All the open bogs in the Endla mire
complex follow this dynamic and display the strongest average decorrelation in July when the water
table is the lowest and backscatter therefore most affected by aeration of the peat layer. Precipitation
and temperature might have effect on interferometric coherence (e.g., [57]). The reduction in coherence
in December can be attributed to snowfall (total amount of precipitation water 5.4 and 1.0 mm) on
18 December and a day earlier, respectively. Other than that, the coherence does not display correlation
to precipitation and the air temperature is not correlated either (Figure 3). The restored open bog site
does not follow the pattern of coherence recovery characteristic to the natural open bog, probably due
to the fact that the peatland restoration process e.g., damming ditches was still in progress in 2018
and water level dynamics was affected by different processes. Therefore this area is excluded from
further analysis.
(a)

(b)

Figure 3. Air temperature (a) and sum of daily precipitation (b) are not significantly correlated with
the magnitude of InSAR coherence in the open bog. The single master image of 28 May 2018 (no
precipitation) has been used in coherence estimation.

Any other natural land cover type do not display a comparable recovery in coherence as seen in
Figure 4. The coherence of bog pools display only a slight recovery later in autumn. For the wooded
bog, the lowest coherence values occur similarly to the bog pools in August and September and the
coherence pattern may indicate slight signs of recovery in later autumn. The coherence of forested
land fluctuates steadily around low values.

Figure 4. Long term seasonal InSAR coherence by different natural land cover classes. Seasonal
recovery of coherence is characteristic only to the open bog. Other land cover classes associated with
bog (wooded bog and bog pools) display no or only marginal signs of recovery.

4.2. Seasonal Water Table Dynamics in Peat in Endla Mire Complex and Long Term Coherence
The water table recorded by sampling wells in peat and staff gauges in bog pools behave
differently. The lowest WT in the wells in both Linnusaare and Männikjärve bog were observed
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with no exception in July (Figure 5a). Water level dynamics in all sampling wells were strongly
correlated (ρ = 0.928–0.995, p < 0.05), whereas in Linnusaare bog ρ is 0.958–0.975 and in Männikjärve ρ
is 0.928–0.986. Nevertheless, the magnitude of the WT dynamics relative to bog surface is different in
sampling wells (observed WT between 12 and 79 cm below the ground, corresponding to the seasonal
water level range of 29–51 cm). The water table in bog pools measured by staff gauges located in central
parts of bog experienced seasonal change in WT in range of 36–43 cm (correlation ρ = 0.861–0.994).
The lowest WT measured by the staff gauges in the pools occur in August when the WT in the sampling
wells in peat have already turned to rise (Figure 5b). The phenomenon of staff gauges lagging behind
wells is partly related to relatively large quantity of of non- or less-transpiring biomass (litter, reduced
transpiration from trees, Vaccinum and Ericaceae sheltering the ground) in second half of the summer
sheltering the ground, resulting in higher resistance to evaporation compared to the open surface of
pools [58,59]. Also, in July when the water table in the wells is the lowest, the mean coherence of
the open bog area (calculated relative to a single master image of 28 May 2018) is the lowest as well.
The larger is the difference form from the reference water level (corresponding to the day of the master
image, 28 May 2018) the lower is the coherence.
(a)

(b)

Figure 5. Water table (WT) depth from the ground in sampling wells in the open bog (a) and mean
WT measured in wells and by staff gauges in bog pools related to mean coherence of the open bog (b).
The master image for coherence estimation and reference for WT is 28 May 2018 (b). Min WT (a)
stands for minimum observed WT in study period. Wells of Männikjärve bog are indicated with filled
markers, Linnusaare bog with hollow markers (a). The lowest WT in peat coincides with the lowest
mean coherence among the SAR image pairs.

However, correlating the water level in sampling wells directly to coherence of the corresponding
pixel does not display clearly correlated pattern. Even if the coherent-most nearby pixel (let it be called
adjusted well pixel) is chosen instead, patterns are not related between the coherence time series of the
individual pixel and water table in the corresponding well in this spatial scale. The decorrelation results
from variances in micro relief and size of microtopes several times less than the pixel size, vicinity of
pools or presence of trees which causes randomness at a single pixel level. Though, by averaging
all the pixels extracted as described (coherent-most nearby pixels to the wells and thus representing
ecotope), the correlation appears to follow again the same dynamics as simple averaging over the
whole open bog does (Figure 6a). The correlation between the time series of mean coherence in the
open bog and the mean coherence of the adjusted well pixels is 0.845 (p < 0.05), correlation between
the coherence of open bog and the well pixels is 0.745 and 0.682 between well pixels and adjusted
well pixels.
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(a)

(b)

Figure 6. Mean coherence of the pixels marking the location of sampling wells compared to mean
coherence of the entire open bog area (a) and the regression between mean coherence of the open bog
and mean water table in wells (b). The common master image for coherence estimation is 28 May
2018. An image pair is indicated by acquisition date of the slave image. The well pixels are pixels
which correspond to the exact location of the wells. The nearest-most pixels to the wells with highest
average coherence are called adjusted well pixels as they are approximate locations of the wells (a).
The dynamics of the most coherent pixels (adjusted well pixels) agree with the mean of the open bog (a).
18 December (marked with a triangle), being subjected to snowfall, has been omitted from calculation
of the regression model (b). RMSE is 0.041 for |γ|.

The second degree polynomial regression model (Figure 6b) describes the relationship between
the coherence and water table (RMSE = 0.041 for |γ|). Coherence of 18 December 2018 is omitted from
calculation of regression as an outlier because its low coherence value is due to two consecutive days
of snowfall. The WT changes above the reference water level (28 May 2018) relate to higher coherence
values compared to WT changes below the reference, as the image pair of 16 May–28 May displays
higher coherence than 9 June–28 May despite having larger WT difference at equal temporal baseline.
Similarly, 25 September displays lower coherence compared to 31 October though the difference from
the reference WT is notably smaller for the image in September (Figure 5b). This indicates that the
direction of the water table change may be important to be considered and a linear regression model
may not be applicable. Alternatively, if to presume the direction of the change is not important and
both increase and decrease in soil moisture produces the same coherence loss [36], the linear model
with the absolute values of water table difference could be meaningful (R2 = 0.333, p = 0.081).
4.3. Spatial Dynamics of Long Term Coherence for Areas of High and Low Coherence
Masking in only the pixels of higher mean coherence (|γ| ≥ 0.5 threshold set according to our data
and the literature [28,50,56]; upper 10% percentile of the open bog pixels) reduces the number of pixels
containing backscatter from trees or neighbouring pools (pools themselves are masked out by default).
The pixels of higher mean coherence are concentrated to the most homogeneous hummocks dominated
ecotope with low micro relief and no pools and hollows (Figure 7). In central parts of the bogs the
highest coherence is observed for regions dominated by hummocks and lawns, only occasionally in
areas dominated by extensive hollows. The temporal dynamics of pixels of higher mean coherence
and the dynamics of averaged coherence of the open bog are strongly correlated (0.900, p < 0.05).
The lowest coherence (|γ| ≤ 0.25; lower 10% percentile of the open bog pixels) occurs in the vicinity of
pools and ridge areas with higher tree canopy cover in central parts of the bogs and in bog margins
close to the wooded bog or peatland forests (Figure 7). The temporal dynamics of pixels of lower mean
coherence and the dynamics of averaged coherence of the open bog are strongly correlated (0.873,
p < 0.05). Correlation between the dynamics of pixels of lower and higher mean coherence is 0.736
(p < 0.05).
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Figure 7. The location of coherent and non-coherent pixels in the landscape near the transect of water
level measurements in Männikjärve bog and south-eastern part of Linnusaare bog in Endla mire
complex. Pixels with the mean coherence ≥0.5 and ≤0.25 over the full stack are marked with red and
orange points, respectively. Sampling wells are labeled with the well ID in a white circle and staff
gauges with gray circle. Land cover classes are the same as in Figure 1.

In addition, we experimented with only those pixels which remain coherent over a given threshold
value in each image. Although the open bog area does not contain any persistent scatterers as there are
no pixels with a value over 0.65 through all images in period 24 October 2017–18 December 2018, there
are only 62 pixels in the open bog land cover class maintaining coherence over 0.5 in each of the images
of the full stack. Nevertheless, the results from such extraction of the open bog pixels which maintain
coherence over 0.5 in every image of the stack follow the temporal dynamics of coherence change
similar to method of simply averaging pixels value over the open bog land cover class (correlation
0.891, p < 0.05). However, such a reduction of available pixels for analysis is a notable undesirable
aspect of strict coherence-based thresholding.
4.4. DInSAR Phase Measurements over the Open Bog
As previously shown, SAR images stay coherent over open bog areas for over half a year.
This allows deriving the phase differences by using DInSAR technique, allowing potential high
accuracy estimation of bog surface vertical movements, so-called bog breathing. The DInSAR phase
errors introduced by atmosphere are still a known limitation though in most weather conditions the
atmosphere induced errors should stay relatively constant over a few kilometers [60–62]. On the other
hand, the surface of the bog cannot move arbitrarily. Thus, the possible displacement shall always
be moderate and continuous, as the bog surface is always continuous. Following those assumptions,
phase unwrapping can be performed locally in smaller area and displacement estimates can be
derived. Another challenge for DInSAR phase estimation is the low signal and low coherence for
open water areas (bog pools) and trees. Considering the above mentioned factor, we used coherence
weighted phase filtering (Goldstein Phase Filtering [52]), unwrapped the phase and calculated DInSAR
displacement maps over the growing season (snow free period May 2018 to November 2018) as shown
in Figure 8.
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Figure 8. DInSAR displacement (mm) maps for open bogs in Endla mire complex from 16 May 2018
to 24 November 2018 (a–k), derived relatively to a single master image (28 May 2018), and an optical
satellite image of the area (l) in relation to land cover types. All displacement images (a–k) are leveled
to a single height point selected from Kanamatsi bog (area in upper left corner of the image).
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The reduction of coherence in summer months caused by lower water table, further amplified
by presence of bog pools and ridge areas with higher tree canopy cover are noticeable, especially in
August when the phase map is the noisiest and cannot be relied upon. The DInSAR performed best
locally in bogs without open water and ridge areas with higher tree canopy cover, such as Kanamatsi
bog. Displacement maps reveal membrane-like dynamics for the bog surface, where the central area of
the bog surface has larger elevation changes (deformations up to 2 cm relative to the tie-point used)
while the border areas have smaller changes. This is in good agreement with the structure of the bogs
and expected bog surface vertical movement due to changing water content in porous peat matrix in
the middle part of the raised bog [63–65]. DinSAR phase image can have biases over larger area and
therefore absolute height difference is difficult to be measured. However, for smaller areas it can be
assumed that some areas are not moving and movement can be locally calibrated.
Based on our preliminary results (Figure 8), it can be concluded that DInSAR is able to capture
seasonal peat surface dynamics in open bogs while the other land cover classes do not maintain
sufficient coherence for successful implementation of the method. To analyse the vertical dynamics
of the peat surface, we studied the vertical bog surface profile along a cross-section of Kanamatsi
bog. Kanamatsi bog is chosen for method demonstration due to its smallest concentration of bog
pools reducing InSAR coherence. The bog pools and tree growth in surrounding ridges cause phase
decorrelation and discontinuities in otherwise continuous reliable phase surface of the open bog
area. To avoid or keep as low as possible such discontinuities and to form a uniform field for phase
reconstruction we selected an open bog best suitable for DInSAR from the area. The Kanamatsi bog
has the most homogeneous land cover (hummocks dominated ecotope) and few pools compared to
the other bogs in the mire complex. Only in Kanamatsi bog, being almost without trees and pools,
a continuous reliable phase surface formed also in middle parts of the bog, which could be related
to a tie point. Despite the water table has not been measured in Kanamatsi the average WT from
nearby Linnusaare and Männikjärve bogs can be used for comparison, and as shown in Figure 8 the
general seasonal pattern of the vertical displacement in Kanamatsi is in good accordance with these
bogs. Figure 9a shows the profile and the DInSAR displacement map for Kanamatsi bog in September.
Bog surface elevation change profiles were extracted from all displacement images from period 16 May
2018–24 November 2018 (Figure 9b). The atmospheric effects were accounted for by a simplified
approach of using a tie-point from the profile which was assumed to be the zero displacement in all the
images. This tie-point is taken from the bog margin where peat layer is shallow and bulk density high,
tree growth already occurs and which is away from dynamic area in the middle of the bog with thick
layer of porous water filled peat with low bulk density. Using such a local tie point, the displacement
profiles from different image pairs can be bundled and simple comparison with water level changes
can be made. Regarding the direction and amplitude of the displacement, the DInSAR image stack
with single master is internally coherent. The displacements (calculated independently for every image
pair) agree in general terms with each other (Figure 9b). Exception here is 8 August which had the
lowest water table in the sampling wells out of all the SAR acquisition dates we processed and when
the coherence was so low that it was not possible to derive reliable phase estimate.
To visualise the bog surface height seasonal dynamics, we chose a point on the profile and show
the displacement as a single point time series in Figure 10a related to the mean water level change from
the sampling wells (Figure 10b). The relationship is described by the linear regression model (R2 = 0.59;
the image pair of 28 May–8 August as an outlier omitted). The result is indicative as it depends
on tie-point and transect placement. However, the behavior of displacement of the point in general
agrees with the expected bog breathing which follows the dynamics in water table, showing surface
subsidence in the centre of bog for dry summer and uplift in autumn when peat pores recharge with
rain water. August, because of its low phase correlation can be considered to be an outlier. The figure
indicates also that the range of phase center dynamics on the peat surface is only in magnitude of one
tenth of the water level change. Kanamatsi bog with its consistent displacement pattern over entire
season (decorrelated August excluded) suggests that the observed displacement is real.
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Figure 9. Kanamatsi area of open bog DInSAR displecement map (28 May–1 September 2018) (a) with
a cross-section (red line) along which the elevation profiles were calculated; a black circle marks the
location of control point for the single point time series (time series is shown in Figure 10). The temporal
behaviour of the displacement along the transect is depicted on the right (b). As seen, central area of
the bog has bigger dynamics along the profile than areas close to the edge of open bog. In principle,
the profiles of displacement can have random offset due to atmospheric effects. However, here the
profiles are leveled to a common tie-point. The vertical red dotted line marks the location of control
point for the single point time series (time series is shown in Figure 10).

(b)
(a)

Figure 10. (a) Elevation changes (mm) of a chosen control point during the growing season in Kanamatsi
bog (location of the point is shown in Figure 9a by a black circle and a red dotted line in Figure 9b) from
16 May to 24 November 2018 related to a single master image (28 May 2018) along with the mean water
table change in the sampling wells (blue dotted line). The image pair 28 May–8 August, is marked as
an outlier due to very low coherence. (b) The linear regression between the same elevation changes
(mm) and water level measurements (cm). The outlier is not included in the estimate.

5. Discussion
Our results show sustained interferometric coherence and capability for DInSAR phase
measurements in open raised bogs over more than half a year. This is in accordance with some previous
research [25,39] while other studies have reported the loss of coherence in peatlands, including the
open bog, assigned to vegetation growth [26] resulting in gradually decreasing average coherence over
time [23,24]. However, the Sphagnum and low shrubs dominated vegetation in the open raised bog
is temporarily homogeneous, constituting of insignificant seasonal herbaceous growth or deciduous
vegetation. Seasonal herbaceous growth could have significant impact on coherence merely in the
vicinity of drainage ditches associated to the lowered water table in peat and in fens. The effect of
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the drainage becomes minimal in 80 m from the ditch [30] but may extend further depending on the
type of drainage [66] and mire type [53]. That corresponds to around 6 pixels in our case (14 × 14 m
ground resolution). However, ditch affected areas are also the areas of advanced tree growth [67,68],
thus being generally masked out as the wooded bog in our study.
We also demonstrated that besides sustaining InSAR coherence over a longer time period, there is
a temporal variance in coherence over the open bog. To the best of our knowledge, such a recovery
of long term temporal coherence in natural vegetated landscapes, except form decorrelation caused
by snow cover or due to temporal inundation (for example [33,69]), has not been shown previously.
The return of short term temporal coherence (with respect to a single master image) to higher values
has been reported in agricultural fields where soil moisture and coherence displayed similar temporal
behaviour [70]. However, we showed the variable nature of long term coherence in the peatland
to be following the water table dynamics. Previously, the close relationship between changes in
SAR backscatter intensity σ0 and ground water table in peatlands has been demonstrated [32,34,35].
Herewith, Kasischke et al. [71] found the correlation of σ0 to groundwater depth existed only in open
fens but not in a forested fen, which is in accordance with our results for the bog. Also, the phase
changes have been tried to be related to peatland ground water table dynamics [32]. Nevertheless,
the approach of relating WT in peat through consequent soil moisture content [30,34] to coherence
is novel. In general, interferometric coherence is known to be influenced by temporal decorrelation,
volumetric decorrelation, ground changes and soil moisture, rising a legitimate doubt about possibility
of direct quantification of the soil moisture from the coherence [72]. However, due to the stable nature
of the vegetation in the open bog, we consider such a study worth to be undertaken and the results,
whether quantitative or qualitative, are possibly beneficial for monitoring seasonal dynamics of water
content in bogs could improve models of GHG exchange in peatland soil-atmosphere system.
The different methods we tested in this study to relate peat WT dynamics to InSAR coherence over
a landscape scale gave comparable results, hence the simplest model of averaging coherence of all the
pixels in domain could be optimal. The open bog land cover mask, if not available from a predefined
land cover classification, could be derived from ancillary remote sensing sources [73,74] or, based on the
findings of this paper, the InSAR coherence could be used for discrimination. Despite demonstrating
the correlation between coherence and the peat WT dynamics in the open bog, we did not find it to
be linear. That may indicate slow temporal decorrelation and importance of direction of water table
change over the mere absolute value of change as peat moisture reacts differently during pore water
discharge and recharge, in regard to coherence retention. Nevertheless, the images from late autumn
(31 October, 24 November) with WT notably higher than the reference (28 May 2018) show better
correlation than 25 September image with only slightly lower WT than the reference, while the latter
has also a shorter temporal baseline. Also, the image pairs with 28 May 2018 as master image display
higher coherence values than comparable pairs with 16 May or 9 June as master despite the latter have
smaller WT difference (9 June–25 September; 16 May–31 October; 16 May–24 November). All that
indicates that in regard to coherence retention, more important than the sole WT change (relative to the
reference WT of master image) could be the initial WT depth of the chosen master image or the initial
soil moisture. Accordingly, the soil moisture model for bare agricultural lands by De Zan et al. [36]
showed the magnitude of coherence and phase changes to depend on the image taken as a reference.
However, further analysis is required to identify factors related to choosing the optimal master image.
SAR mostly does not receive backscatter directly from the ground water table but records soil
humidity that has a close relationship to WT [32,35]. The relationship for backscatter intensity σ0 in
peatlands has been found to be weaker or partly disappearing in summer, possibly in relation to the
reduced capillary water rise at deeper water table [35]. Furthermore, peat acts differently depending
on whether the water content is decreasing or increasing [65]. Firstly, the bog surface tends to be
higher when drying out (spring and summer) and lower when pores are recharging (in autumn) at the
comparable peat water table [65]. However, coherence magnitude is insensitive to displacements [75].
Secondly, when the water saturated peat dries, pores are filled with air but when pore water recharge
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happens in autumn and the water table is restored, some pores stay filled with air [76]. The lower soil
moisture content causes lower dielectric constant [44,77] which in turn results in weaker σ0 [38,78] and
deeper vertical propagation of the radar signal into the soil [36,78,79]. Soil moisture induced changes
in signal penetration depth up to 60 mm have been shown for C-band SAR [80]. Nevertheless, changes
merely in penetration depth do not contribute to the phase changes but only to coherence loss [36].
However, no quantitative research of SAR penetration into peat is so far available [44].
The moisture-dependency of phase changes and coherence loss [81] were shown to be linked to
soil moisture content in agricultural lands [36,82,83], whereas if vegetation is present the water status
of plants also contributes [72,84]. Furthermore, as decrease in soil moisture causes a decrease in the
optical path to the sensor [85], during dry summer months the real surface subsidence may be masked
by spurious drying-induced uplift corresponding to 20–30% of the radar wavelength [70,75]. The latter
could partly explain why the summer image pairs show smaller displacement than the 28 May–13
September image pair in the single point time series form Kanamatsi bog. It could also contribute
to explanation why 28 May–8 August, which corresponds to the lowest average WT, performs as an
outlier among bog surface profile and in the single point time series. In our test site, the WT in peat
fluctuated between 12–79 cm below the surface, indicating the potential of both bog breathing and
differences in humidity, possibly to contribute to the dynamics of phase changes. However, as we
do not possess in situ data of peat surface oscillation, our study cannot neither reveal the accuracy
of displacement estimation nor the magnitude of contribution from soil moisture to phase changes
obtained by the DInSAR method.
Reliable phase measurements for estimating seasonal oscillation of peat surface (or WT table
dynamics in peat) in northern raised bogs have not been demonstrated previously. The seasonal surface
oscillations in magnitude of up to ∼2 cm presented by Zhou et al. [24], using Stanford Method for
Persistent Scatterers (StaMPS) [86] were encouraging, though not validated with in situ measurements
and showing disparity between ascending and descending orbits. However, Rawlins et al. [27]
demonstrated the usability of Intermittent Small Baseline Subset (ISBAS) technique [87] for long-term
peatland deformation monitoring, Cigna et al. [28] concluded with the need for further research to
also gain reliable non-linear deformation results with ISBAS. Kim et al. [32], using the Small Baseline
Subset (SBAS) technique [88,89], did not succeed in phase unwrapping in the low vegetated shrub
land in the Great Dismal Swamp, though they associated the phase changes with the groundwater
table induced changes in soil moisture.
The DInSAR of our study produced promising preliminary results as we recorded displacement
dynamics up to 3 cm for Kanamatsi bog. A disadvantage is that we do not have in situ surface
oscillation measurements to compare with in this particular bog. However, if to speculate that the
phase actually did gauge the bog surface oscillation, the DInSAR results may be realistic in regard to
the WT data (average range of seasonal WT change 42 cm) and what is know of bog breathing in other
sites. The bog breathing has been shown to normally constitute 2.6–11 cm [65,66,90]. Oscillation is
know to be largest in sites with shallowest water table, whereas drier sites suggest loss of elasticity [65].
Geographically close Umbusi bog in central Estonia had measured surface oscillation in the range
of ∼5 cm in 2015 and 2016 [66]. Thus, our relatively small range of vertical surface oscillation, up to
3 cm relative to the tie-point we used, recorded in Kanamatsi profile could rather be an underestimate,
while the narrow oval shape of the bog could indeed contribute to smaller surface oscillation. In other
bogs in the Endla mire complex, more circular and domed in shape, the magnitude of seasonal surface
deformations the DInSAR recorded could also be underestimated. The recorded modest deformation
values have to be attributed partly to the shading effect of the forest. The possible tie-points for
unwrapping (where no deformation occurs) lie on the border of the bog where stable mineral land
occurs. These tie-points and the adjacent peatland area are normally covered by forest and stay shaded
by canopy, being decorrelated and therefore not suitable for reliable phase estimates with C-band
InSAR. Hence, for reliable deformation results tie-points should be located at open peatland area
with shallow organic soil or at mineral soil adjacent to the open bog. First promising results with

Remote Sens. 2020, 12, 1566

17 of 22

DInSAR derived bog surface displacements and its consistent behaviour through the vegetation period
signify the potential of the method. Perspective of monitoring bog surface oscillation as a metric for
assessing the capacity of water storage in bogs or restoration success [65] with InSAR encourages
further research [24]. Further validation of DInSAR method could be carried out over an area with
existing in situ oscillation measurements and a stable (or known) tie-point.
6. Conclusions
Understanding seasonal dynamics of peatland surface and volume, often referred to as bog
breathing, and spatial dynamics of WT are key to improving spatial models of material flow at
landscape level. The objective of this study was to examine the applicability of Sentinel-1 Interferometry
(InSAR) to characterize seasonal dynamics of peatland surface and water table (WT) in peat over open
raised bog areas in Endla mire complex in central Estonia, characteristic for northern temperate bogs.
Our dataset comprised 18 Sentinel-1 (C-band) Interferometric Wide swath mode (IW) Single Look
Complex (SLC) VV-polarized images acquired by satellite Sentinel-1A in ascending orbit (relative
orbit number 160) from 24 October 2017 to 18 December 2018. The dataset covered the growing
season. Two small baseline InSAR stacks of 11 image pairs related to a common master image (28 May
2018) were computed, respectively for estimation of coherence magnitude and surface deformation.
Correlation and regression analysis were performed to examine the relationship between the time
series of temporal coherence and the WT measurements and meteorological data in the open bog.
DInSAR analysis was carried out to identify the surface deformation over the season.
Our results show that relatively high interferometric temporal coherence, sufficient for differential
interferometric (DInSAR) analysis, was preserved in open bogs with temporal baseline over six months.
The magnitude of the coherence was related to peat WT dynamics. While the coherence decreased
steadily through spring and summer when WT was dropping, it made a recovery in autumn when
the WT re-achieved the spring level. The relationship between mean WT and coherence averaged
over the entire open bog can be described by second degree polynomial regression model (Root Mean
Squared Error RMSE = 0.041 for |γ|). It was found that more important than sole ground water table
change relative to the reference WT of master image could be the initial peat WT depth of the chosen
master image reflecting the initial soil moisture content and peat properties determining the pore
water discharge and recharge. However, further work on understanding the mechanism for master
image selection is needed. Inside the open bog, the pixels of higher coherence are concentrated to the
most homogeneous hummocks dominated ecotope, while the lowest coherence occurs in the vicinity
of pools and ridge areas with higher tree canopy cover and in bog margins close to the wooded bog or
peatland forests. DInSAR analysis indicates seasonal bog oscillation and differences between bogs and
for ecotopes within a bog. The relationship between surface oscillation and mean WT is described by
linear regression model (Root Mean Squared Error R2 = 0.59) in Kanamatsi bog. However, our analysis
did not eliminate atmospheric effects on phase, and in situ levelling data are also required to calibrate
DInSAR estimates locally.
Our findings suggest that the InSAR long term temporal coherence could be used to describe
seasonal ground water table dynamics in open bogs during vegetation periods and differentiate
between mire types and ecotopes. We also conclude that DInSAR analysis has the potential to gauge
seasonal vertical bog surface movements and volume change, due to sufficient long term coherence
between SAR scenes. Further development of the DInSAR-based application should be undertaken in
locations where the ground water table and soil humidity measurements and bog surface oscillation
data are available. Also a improved temporal resolution is required to reveal details of the dynamics.
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