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Abstract

Land subsidence is occurring in the agricultural plain of Thessaloniki, Greece, and satellite Synthetic Aperture Radar
interferometry (InSAR) provides a powerful means of measuring such deformation with high spatial resolution. However,
variations in the backscattering properties of the surface, driven by changes in vegetation or soil moisture over cultivated
areas, introduce decorrelation. Spatial filtering techniques, such as multilooking, can improve the signal-to-noise ratio
in agricultural terrains; however, the resulting filtered signal contains cumulative phase errors that may bias deformation
estimates. This bias manifests as a systematic non-zero closure phase over closed loops of multilooked interferograms.
In this study, we investigate the influence of crops on coherence and closure phase in the region. Our analysis shows that
coherence is anticorrelated with the rate of closure phase accumulation, although this relationship does not fully capture
the observed variations. We further demonstrate that phase errors accumulate more rapidly over irrigated fields. By
extracting seasonal patterns and comparing them with crop cycles, we find that the error exhibits a seasonal component
following crop growth stages, which could be misinterpreted as ground deformation.

1 Introduction

Ground levelling and GPS measurements have revealed
land subsidence in the Thessaloniki plains in Greece [1].
This is most likely due to the withdrawal of groundwa-
ter for crop irrigation [2]. Therefore, precise estimation
of ground motion in the region can help to map land sub-
sidence and provide information about groundwater stor-
age variations, particularly in irrigated areas. This is of
crucial importance for water management in this semi-arid
climate.

Interferometric Synthetic Aperture Radar (InSAR) is
widely employed to measure surface deformation from
satellite observations, offering centimetre-level precision
and temporal resolutions in the order of several days. How-
ever, changes in the backscattering properties of the ground
can introduce cumulative errors in the measured interfer-
ometric phase that can be misinterpreted as deformation.
The resulting bias in deformation timeseries can reach a
few centimetres per year in vegetated regions, affecting all
radar frequencies (C-band and L-band) [3]. Because the
phase error associated with each interferogram, also called
‘inconsistency’ or ‘fading signal’, is poorly constrained
mathematically, we quantify the closure phase, which is re-
lated to the phase errors of three interferograms in a closed
loop [4].

The biased distribution of the phase error has been linked
to different physical processes and is associated to non-
zero closure phase. De Zan et al. [3] associate this error
to the variable dielectric constant induced by soil moisture

variations and the volume scattering linked to perpendicu-
lar spatial baseline and skewed vertical scattering profiles.
Ansari et al. [4] show that soil-moisture-induced dielectric
variations alone are unable to reproduce the full closure
phase signal. The phase bias is expected to be greater on
crops than on urban pixels [5]. Yuan et al. [6] show that
considering the dielectric properties of the canopy, rather
than that of the soil [7], can reproduce part of the phase
error signature attributed to crops, as does introducing a
term linked to the variation of the Normalised Difference
Water Index (NDWI) in the decorrelation model [8]. These
studies on the effect of crops [6, 8] cover a period of time
of one year or less limiting the extraction of recurrent sea-
sonal effects.

The focus of this study is a region around the city of Thes-
saloniki in Central Macedonia, Greece, where the lowlands
are predominantly occupied by agriculture. In order to in-
vestigate the long-term and seasonal impact of crops on
InSAR phase errors, and to complement existing studies,
we compile 5 years of Sentinel-1A/B images [9] with a 6-
day recurrence interval. We study the mean InSAR closure
phase statistics in relation to coherences, land cover types
and the Normalised Difference Vegetation Index (NDVI),
and outline spatio-temporal patterns in closure phase over
the Thessaloniki plains. While the ultimate objective of
distinguishing fading signals from deformation remains
unattained, new observations on closure phase and coher-
ence enhance our understanding of the potential origins of
these signals.



Thessaloniki

Figure 1 Maps of the Thessaloniki region (a) Land cover map using the classification of [11]. The ‘urban fabric’
showed here encompasses both discontinuous and continuous classes. (b) Mean closure phase for the whole stack of
interferograms. (c) Normalised Difference Vegetation Index (NDVI) for a summer date. (d) NDVI for a winter date.

2 Methods

2.1 Data and processing
We process 292 Sentinel-1 SAR images, from January
2017 to December 2022, from the ascending track 102,
with a 6-day revisit period. We build and filter interfer-
ograms using ISCE-2 [10] with a small baseline subset
(SBAS) strategy, that is we construct all interferograms
with temporal baselines inferior to four satellite revisit pe-
riods. We multilook the full-resolution interferograms us-
ing a window of 14 pixels in azimuth and 70 pixels in
range, following a common strategy to improve the signal-
to-noise ratio. The resulting multilooked pixels have an ap-
proximate ground resolution of 200 metres in azimuth and
160 metres in range. With these wrapped interferograms,
we build all possible triplets.

We resample the land covers from the 2018 CORINE Land
Cover [11] dataset (Figure 1a) on the interferogram grid,
attributing the most represented class to each pixel. Out of
the 37 classes present on the study zone, we focus on the
two predominant crop types: ‘permanently irrigated land’
and ‘non-irrigated arable land’. We also select ‘continuous
urban fabric’ for reference. For the statistical analysis and
the timeseries, we randomly select 1,000 pixels per land
cover class. The same set of pixels is used for all interfer-
ograms.

Sentinel-2 multispectral images are used to compute the
Normalised Difference Vegetation Index (NDVI), defined
as NIR−RED

NIR+RED with NIR the reflectance of the near in-
frared band and RED that of the red band. We compute

NDVI values for 1 random cloudless image per season for
the year 2021 (Figure 1c, d).

2.2 Metrics: closure phase and coherence
A full-resolution (SLC) interferogram is constructed by
computing the complex conjugate multiplication of two
coregistered SAR images zi and zj . Multilooking consists
in a boxcar spatial averaging of the SLC phase ϕij to give
a phase ϕ̄ij . For a closed loop of three multilooked inter-
ferograms Iij , Ijk and Iik, also called triplet, we define the
closure phase as

Ψijk ≡
(
ϕ̄ij + ϕ̄jk − ϕ̄ik

)
mod 2π (1)

Its values are wrapped between −π and π and are not zero
in particular. This operation is a convenient phase calibra-
tion, as all the propagative effects, like ground displace-
ment or atmospheric delays, cancel out so that the residual
Ψijk is the sum of ’inconsistencies’ within the three inter-
ferograms.

The interferometric coherence γij is the normalised corre-
lation between the two coregistered SAR images (zi and
zj) within a defined spatial window. Here, the coherence is
computed between the L single look pixels inside a multi-
looking window and defined as:

γij =
|
∑L

ziz
∗
j |√(∑L

ziz∗i

)(∑L
zjz∗j

) . (2)

For random, uncorrelated values, the coherence is 0, mean-
ing that the set of pixels gives no interferometric informa-



tion. In contrast, a coherence of 1 indicates strong corre-
lation and meaningful interference. Statistically, the co-
herence is related to the variance of the closure phase, as
demonstrated by analytical [3] and empirical [12] studies:
lower values imply greater dispersion of the closure phase.

In the following, we speak about timeseries for variables
associated with different time dimensions: the coherence,
associated to an interferogram (2 dates), and the closure
phase, associated to a triplet (3 dates). For each ith date, we
associate the corresponding 6-days-baseline interferogram
Φi,i+1 and coherence γi,i+1, when existing, and select the
closure phase of the minimal baseline triplet Ψi,i+1,i+2.

3 Results and Discussion

3.1 Non-zero mean closure phase on crops
Figure 1a shows the coverage of the selected classes: non-
irrigated and permanently irrigated crops, as well as the
urban fabric. Figure 1b shows a dominant positive mean
closure phase, implying an excess of phase in the selected
short-baseline triplets, equivalent to an apparent movement
away from the satellite (e.g. subsidence). For all crops, the
mean closure phase has a value of about 0.05 rad (∼3°) for
short baseline triplets, implying that the sum of the two 6-
day interferograms systematically exceeds the phase of the
12-day return interferogram. This phase excess accumu-
lates over time and will impact the estimated deformation
if it is unaccounted for.

Moreover, a delimitation between irrigated land and non-
irrigated arable land is visible in the mean closure phase.
The mean value is 0.06 rad with a variance of 0.77 rad2

over irrigated land, compared to a mean of 0.05 rad with
a variance of 0.31 rad2 over non-irrigated land. Therefore,
the mean closure phase over irrigated land is more hetero-
geneous and slightly larger. This contrasts with the urban
fabric, which appears to have a zero-mean closure phase,
even when situated amongst agricultural land, in line with
other studies [12]. The urban fabric thus provides a stable
reference for comparison.

To isolate the systematic errors in the closure phase time-
series from the random contributions, we compute the cu-
mulative sum of the closure phase, averaged for each land-
cover class. This gives an approximation of the potential
error accumulation in the deformation timeseries if the in-
terferometric network consisted of small-baseline interfer-
ograms only. Over five years, the cumulative sum on non-
irrigated crops shows an increase rate of about 2.8 rad/year
(Figure 2a), which is roughly equivalent to 1.2 cm/yr in
the line-of-sight (LOS) when converted using the Sentinel-
1 wavelength. Error accumulates even more rapidly on ir-
rigated crops, with a slope of 3.8 rad/year (∼ 1.7 cm/yr).
The phase accumulation on urban ground is very small but
non-zero. Selecting the ‘continuous’ urban fabric class ex-
cludes most large vegetated areas but some parks and trees
remain. Furthermore, the spatial averaging of the interfer-
ogram and the resulting down-sampling of the land cover
map may introduce uncertainty. Nevertheless, we consider

continuous urban fabric a reference, as its rate is about 2%
of the crop rate. These rates appear to be fairly stable over
time, with only small variations, which we discuss in the
next section.

3.2 Seasonal variations
In order to observe temporal variations of the growth rate
in closure phase accumulation, the mean trend for each
land cover is subtracted [13], and the resulting curves are
shown on Figure 2b-d. Increases are accelerations and de-
creases are decelerations of the overall accumulation. We
compare it to the variations in coherence of the 6-day inter-
ferograms and compute the Pearson correlation coefficient.

Both the coherence and the detrended cumulative clo-
sure phase show significant seasonality on all croplands
(Figure 2b, c). Coherence is minimal in the summer and
maximal in the winter. The detrended cumulative closure
phase tends to shows inverse variations compared to coher-
ence, as confirmed by the negative correlation coefficients
(-0.40 and -0.34): more error is accumulated in the sum-
mer and deceleration occurs in the winter. In contrast to
croplands, urban fabric coherence scarcely shows any sea-
sonality. Although the urban closure phase contains some
seasonal contribution, it is much smaller than that observed
in cropland areas.

The seasonal signals of irrigated and non-irrigated land dif-
fer. The coherence varies, with a larger amplitude on the
irrigated land, reaching lower values in summer.
This distinction between irrigated and non-irrigated land
is also visible in the NDVI (Figure 1c, d), with distinct
seasonal patterns. For irrigated crops, the NDVI is very
low in winter, suggesting bare soil, and very high in sum-
mer, indicating green leaves on the crops. For non-irrigated
crops, however, the NDVI is around 0.3 in winter and de-
creases to around -0.5 in summer. We interpret this as in-
dicating that some non-irrigated crops are planted before
winter (reasonably high winter NDVI) and harvested early
in summer, or simply dry out during this period (low sum-
mer NDVI). The contrast in NDVI variations between sum-
mer and winter for permanently irrigated land is consistent
with the pronounced seasonal variation in coherence evo-
lution. Additionally, the coherence varies more asymmet-
rically for non-irrigated land: it increases slower than it
decreases, which is not observed for irrigated crops.

Beyond seasonality, local minima in coherence in winter
can be associated with snow, which falls more or less every
year. The snow cover generally does not last; however, an
important snow episode in January 2019 corresponded to a
longer local minimum of coherence across all land covers.
Furthermore, the correlation coefficient ≥ −0.4 suggests
discrepancies in the anticorrelation between the coherence
and the detrended cumulative closure phase. For exam-
ple, the peak in the detrended cumulative closure phase on
summer 2020 cannot be explained by an anomaly of co-
herence. Can we therefore detail the role of coherence in
closure phase accumulation, and is a small amount of co-
herence enough to produce an increase in the cumulative
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Figure 2 (a) Cumulative sum of the mean closure phases for the series of short baseline triplets, for each class of pix-
els. The x-axis is the date of the 1st SAR acquisition of the triplet. (b, c, d) Timeseries of the mean coherence for the
6-days interferograms corresponding to each SAR acquisition date, and detrended cumulative closure phase for respec-
tively (b) non-irrigated crops, (c) irrigated crops and (d) continuous urban fabric. r is the Pearson correlation coefficient
between the two series. The snowflake shows the snow episode of 2019.

rate of closure phases ?

3.3 The role of coherence
Figure 3 shows the joint distribution of the closure phase
and coherence for the three studied cover classes in sum-
mer and winter. As expected from the timeseries, the ur-
ban fabric displays a similar distribution throughout the
year, characterised by high coherence and a closure phase
close to zero. In contrast, both cropland categories have
very different behaviours in summer and in winter, with
a positively biased closure phase affecting pixels of low
coherence. Moreover, the lateral spread of closure phase
values highlight the expected increase of the variance with
decreasing coherence.

Overall, the mean closure phase increases as coherence de-
creases down to 0.15. For lower coherence values, indi-
cating near-complete decorrelation, the theoretical limit is
that the closure phase approaches a random uniform cir-

cular variable, with no associated bias. This behaviour is
illustrated by irrigated crops in summer, where the point
density in low-coherence regions reveals this sharp tran-
sition between small non-zero coherences and completely
decorrelated data.
When the coherence drops drastically, the single-look in-
terferometric phase within the multilooking window be-
comes pure random noise. However, this does not preclude
continuity of the multilooked phase at lower resolution. It
is therefore important to consider the full range of coher-
ence values, especially since Figure 3 suggests that small
but non-zero coherence is associated with larger biases.
Conversely, high coherence (> 0.75) appears to guarantee
low closure phase variance with a zero mean, as observed
in continuous urban areas.

Therefore, we emphasise that only pixels with moder-
ately low coherence are affected by non-zero mean closure
phase; however, the converse is not guaranteed. Random
processes can reduce coherence to this range without gen-
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Figure 3 Distribution of the 6-day coherences of each
pixel of the selected cover classes in summer and winter,
as a function of the closure phase of the minimal baseline
triplets built with the interferogram. The mean closure
phase for each bin of coherence is represented in red.

erating excess closure phase [14]. This highlights the need
to examine the underlying dephasing mechanisms respon-
sible for both coherence variations and closure phase accu-
mulation.

3.4 Crop growth cycle
Seasonal coherence variations differ between irrigated and
non-irrigated crops in two ways. Irrigated crops show a
minimum coherence that is delayed (occurring in July in-
stead of May) and larger (falling to less than 0.2 when
non-irrigated crops reach 0.33). This pattern aligns with a
similar delay in the annual maximum of the closure phase.
We attribute these differences to crop types [15], whose
growth schedules may require irrigation during the driest
summer months (July and August). This interpretation is
supported by agricultural statistics for the region.

Using statistics on the land occupation for Central Mace-
donia [16] over the study period, we estimate that wheat
represents about 70% of non-irrigated crops, with most of
it likely being winter wheat [17]. In contrast, irrigated
crops are more diverse: the dominant crop, cotton, ac-
counts for only 40% of the total. We therefore consider
the growth cycles of cotton and winter wheat to be the pri-
mary drivers of the observed coherence variations in irri-
gated and non-irrigated areas, respectively, although other
crops are also present in these categories.

Figure 4 shows the mean annual coherence over the 2017-
2022 period, highlighting its temporal variation as a func-
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Figure 4 Mean annual coherence, computed on the
5 years of the study, for non-irrigated arable land (in
green) and permanently irrigated land (in blue). The ac-
tual coherences of each year are plotted behind in lighter
colours. The winter-wheat (non-irrigated, in green) and
cotton (irrigated, in blue) crop cycles for Greece are
shown respectively on the top and the bottom. ‘H’ is the
harvesting phase.

tion of the month of the year. The crop cycles of cotton
and winter wheat are also indicated. Based on crop calen-
dars for Greece [18], we simplify these cycles into three
main phases (growth, maturation and harvest) which are
expected to coincide with distinct dynamics in terms of
backscattering properties.
When comparing the coherence patterns with the crop cy-
cles, we are able to associate variations to corresponding
phases, despite the uncertainty surrounding the exact plant-
ing and harvest dates. The drop in coherence during the
growth phase of both crop types is linked to an increase in
the number of scatterers and the development of a skewed
velocity profile during stem elongation [6]. The end of the
decrease coincides with the start of the maturation phase
for both crop types, during which budding, flowering and
ripening occur. This corresponds to an increase in coher-
ence for the irrigated areas. In non-irrigated areas, we ob-
serve two phases: coherence levels off from early June to
mid-July, after which it starts to increase.

Lastly, we would expect decorrelation during harvest but
nothing significant is observed in the timeseries. This
could be due to the local differences in harvest dates, which
would smooth a potential anomaly. It could also be linked
to the growth of spring wheat in the region, which is har-
vested later. In general, comparisons between the crop cy-
cle and our metrics would benefit from field information
and more precise calendars.

Consequently, we demonstrated the overall alignment be-
tween crop calendars and coherence variations, which
seems to be in line with what is qualitatively expected from



plant growth and backscattering effects. Plants will con-
tribute as a temporary scattering mechanism that adds up
to the permanent ground scattering, evolving depending on
height, density, and probably water content. The anticorre-
lation of coherence with the detrended cumulative closure
phase confirms that plant growth is the relevant process that
explains the variations in closure phase accumulation on
small-baseline interferograms, in agreement with [3, 6].

4 Conclusions and perspectives

In the Thessaloniki region, the mean closure phase is pos-
itive across all crop types. Based on land cover classifi-
cations, we distinguish between irrigated and non-irrigated
crops and find that phase errors accumulate more rapidly
over irrigated areas. We extract a seasonal component in
the error signal that is negatively correlated with coher-
ence. While low coherence (< 0.6 and > 0) appears to be
a prerequisite for a non-zero mean closure phase, it is not
sufficient on its own to explain it. Temporal comparisons
between coherence and local crop cycles demonstrate that
vegetation growth contributes to the seasonality of the error
signal. Notably, a clear contrast between irrigated and non-
irrigated areas is observed, consistent with patterns seen in
snapshots of the vegetation index (NDVI).
These findings are based on interferograms with short tem-
poral baselines (≤ 12 days), which are generally the most
coherent and can be combined through time-series analysis
to reconstruct deformation histories. However, our results
highlight the need for caution over agricultural areas. The
bias affecting deformation time series, resulting from the
cumulative non-zero phase error identified here, likely in-
cludes both a linear and a seasonal component, which may
be misinterpreted as hydrogeological deformation.

In practice, these results support interferometric network
selection strategies that explicitly account for the physical
origin of the bias in order to minimise its impact. In par-
ticular, constructing short-baseline interferograms during
periods of limited vegetation growth, especially over irri-
gated crops, would help mitigate errors. Conversely, lower-
ing coherence thresholds or increasing coherence through
strong multilooking may increase the rate of error accumu-
lation over time.

These preliminary results suggest several directions for im-
provements. Access to more detailed local crop cycle in-
formation, typically derived from NDVI timeseries, could
provide a clearer picture of its impact on coherence varia-
tions and facilitate the selection of optimal acquisition pe-
riods when building interferometric networks. The analy-
sis could also be extended to additional land cover classes,
such as fruit orchards and olive groves, to provide a more
comprehensive view of the interactions between the clo-
sure phase and vegetation.
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