
remote sensing  

Article

Detection of Crop Seeding and Harvest through
Analysis of Time-Series Sentinel-1 Interferometric
SAR Data

Jiali Shang 1,*, Jiangui Liu 1,*, Valentin Poncos 2, Xiaoyuan Geng 1, Budong Qian 1, Qihao Chen 1,
Taifeng Dong 1 , Dan Macdonald 1, Tim Martin 1, John Kovacs 3 and Dan Walters 3

1 Ottawa Research and Development Centre, Science and Technology Branch, Agriculture and Agri-Food
Canada, Ottawa, ON K1A 0C6, Canada; xiaoyuan.geng@canada.ca (X.G.); budong.qian@canada.ca (B.Q.);
qihao.chen@canada.ca (Q.C.); taifeng.dong@canada.ca (T.D.); dan.macdonald@canada.ca (D.M.);
tim.martin@canada.ca (T.M.)

2 Kepler Space Inc., 72 Walden Dr., Ottawa, ON K2K 3L5, Canada; poncos@kepler-space.com
3 Department of Geography, Nipissing University, North Bay, ON P1B 8L7, Canada;

johnmk@nipissingu.ca (J.K.); danw@nipissingu.ca (D.W.)
* Correspondence: jiali.shang@canada.ca (J.S.); jiangui.liu@canada.ca (J.L.)

Received: 29 April 2020; Accepted: 11 May 2020; Published: 13 May 2020
����������
�������

Abstract: Synthetic aperture radar (SAR) is more sensitive to the dielectric properties and structure of
the targets and less affected by weather conditions than optical sensors, making it more capable of
detecting changes induced by management practices in agricultural fields. In this study, the capability
of C-band SAR data for detecting crop seeding and harvest events was explored. The study was
conducted for the 2019 growing season in Temiskaming Shores, an agricultural area in Northern
Ontario, Canada. Time-series SAR data acquired by Sentinel-1 constellation with the interferometric
wide (IW) mode with dual polarizations in VV (vertical transmit and vertical receive) and VH
(vertical transmit and horizontal receive) were obtained. interferometric SAR (InSAR) processing
was conducted to derive coherence between each pair of SAR images acquired consecutively in time
throughout the year. Crop seeding and harvest dates were determined by analyzing the time-series
InSAR coherence and SAR backscattering. Variation of SAR backscattering coefficients, particularly
the VH polarization, revealed seasonal crop growth patterns. The change in InSAR coherence can
be linked to change of surface structure induced by seeding or harvest operations. Using a set of
physically based rules, a simple algorithm was developed to determine crop seeding and harvest dates,
with an accuracy of 85% (n = 67) for seeding-date identification and 56% (n = 77) for harvest-date
identification. The extra challenge in harvest detection could be attributed to the impacts of weather
conditions, such as rain and its effects on soil moisture and crop dielectric properties during the harvest
season. Other factors such as post-harvest residue removal and field ploughing could also complicate
the identification of harvest event. Overall, given its mechanism to acquire images with InSAR
capability at 12-day revisiting cycle with a single satellite for most part of the Earth, the Sentinel-1
constellation provides a great data source for detecting crop field management activities through
coherent or incoherent change detection techniques. It is anticipated that this method could perform
even better at a shorter six-day revisiting cycle with both satellites for Sentinel-1. With the successful
launch (2019) of the Canadian RADARSAT Constellation Mission (RCM) with its tri-satellite system
and four polarizations, we are likely to see improved system reliability and monitoring efficiency.
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1. Introduction

There is an increasing need for continuous monitoring of crop growth conditions and its response
to environment and management activities for the development and assessment of best management
practices (BMP). The Food and Agriculture Organization (FAO) of the United Nations has set out the
2030 Agenda of transforming the world through food and agriculture [1]. With an increasing emphasis
on sustainable agriculture, the metrics of land management activities throughout the life cycle of
crop production become even more important, especially in the context of climate change. In-season
information on the onset of key stages of crop production, from soil preparation, seeding to harvest,
as well as crop residue management, is of great value to a wide range of user communities, including
producers, agri-food, and renewable energy industry, commodity trade board, and crop modelers.
Information on land management activities is also key to evaluating environmental footprint resulted
from crop production [2–4].

Earth observation (EO) data have long been used for land cover and land use mapping. In particular,
free-access optical satellite data, such as Moderate Resolution Imaging Spectroradiometer (MODIS)
and Landsat data, have been extensively used for agricultural applications at local, regional and global
scales. The most frequent applications are using EO data for crop type mapping using various image
classification methods. Because crops are affected by seasonal growth patterns, continuous observation
is needed to track the growing conditions, particularly during critical phenological stages. The short
revisit time of the MODIS sensor allows for crop emergence detection and seeding date estimation [5–7],
however the spatial resolution of the data is relatively coarse for field-level applications. Given the
many benefits of the optical sensors, there are still three inherent shortcomings, e.g., data acquisition is
susceptible to interference by weather conditions (e.g., cloud cover), data is insensitive to crop structure
and soil disturbances, and signal saturates when vegetation biomass is high. These shortcomings limit
the operational applications of optical EO in agriculture, because fields are frequently managed and
crops vary continuously throughout the growing season [8–10].

In contrast, radar has the capability of acquiring data day-and-night and under all-weather
conditions due to the use of an active radiation source in the microwave frequency range. Since radar
is sensitive to target’s structural and dielectric properties [11–13], it can be very useful in capturing
field management activities impacting surface structures and also for detecting crop phenological
stages [14–16]. Many successful applications in using radar, especially synthetic aperture radar (SAR),
have been reported in the literature. For instance, Canada has been using RADARSAT-2 SAR data
for its national annual crop inventory mapping since 2013 [17,18]. Other than crop type classification,
SAR has also been extensively used to monitor the growth conditions, track the phenology cycles,
and retrieve biomass [14,19,20] of crops. While this information is valuable, other land management
information related to the life cycle of crop production is also urgently needed by a wide range of
user groups [9,12,13]. For instance, information on seeding date is needed by crop modelers and
commodity groups and crop insurance companies, information on plant flowering is needed by
beekeepers, and information on harvest status is needed by transportation department to arrange
shipping logistics.

In addition to using SAR backscattering coefficients obtained on a few isolated dates, incoherent
change detection techniques using time-series SAR data have been increasingly explored for monitoring
land surface dynamics [21–23]. On top of this, SAR interferometry (InSAR) is a mature technique that
exploits the backscattering coefficients as well as the phase difference between two SAR observations
acquired from similar acquisition geometry [23–25]. The spatio-temporal similarity of interferometric
phase is a measure of stability of backscattering characteristics from the targets (crops, ground surface).
If the targets are affected by certain events so that their backscattering characteristics are modified,
the spatio-temporal similarity between two image acquisitions decreases. The technique that exploits
these similarity levels to characterize changes on the ground is called coherent change detection
(CCD) [26–28].
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InSAR gained recognition in the early 1990s and has been widely used in mapping land surface
deformation and displacement over the past two decades [29–32]. Unlike the past generations of SAR
systems, e.g., ERS-1/2 and ENVISAT ASAR, the Sentinel-1 constellation consists of two C-band SAR
satellites with the advantage of shorter revisit time for its interferometry mode (regular revisit time
12 days with one satellite, and 6 days with both satellites), and the data is freely available [33,34].
The shorter revisiting cycle allows for more accurate determination of the timing of change.

Past applications of InSAR have focused on the detection of land deformation, landslides,
and infrastructure stability where there is no significant vegetation cover in the areas under study. More
recently, researchers started applying the CCD technique to wetland studies by taking advantage of the
SAR specular reflectance separating open surface water and land surface, and also the double-bounce
backscattering mechanism present in flooded vegetation [35–37]. In comparison with wetland studies
however, the study of croplands using InSAR will be more challenging due to the larger variability
of crops and events to be detected, and similar backscattering mechanisms of different crops [38–40].
Recently, a study was conducted by Kavats et al. [40] to determine crop harvest status in northern
Kazakhstan using Sentinel-1 SAR data through the detection of a changing InSAR coherence level and
the decrease of VH, assuming that harvest transformed a crop field into a bare soil condition.

The objective of this study is to detect field activities that can induce plant structural changes,
such as field preparation for seeding and crop harvest. Using time-series Sentinel-1 data, this current
research focused on the determination of crop seeding and harvest dates over an agricultural region in
northern Ontario, Canada. The intentions are twofold: (1) to evaluate the performance of coherent and
incoherent SAR change detection techniques in detecting the occurrence of agricultural field activities,
and (2) to explore the capability of time-series C-band SAR data acquired by the Sentinel-1 satellites for
field-scale change detection.

2. Materials and Methods

2.1. The Study Site and Field Data

The study is conducted over an agricultural area in Temiskaming Shores, Ontario, Canada
(Figure 1). It resides in the Clay Belt at the border between northeastern Ontario and northwestern
Quebec. Despite of the long snowy winter and unpredictable rainfalls in a relatively short growing
season, the fertile clay soil, climate warming, transportation services and inexpensive lands, have
promoted the expansion of agriculture in the region [41]. Major crops include oats, barley, soybean,
mixed grain, corn, canola, and hay. Field data were collected from both landowner interviews and
planter/harvester recording in the 2019 growing season, which include crop types, and 67 fields for
seeding dates and 77 fields for harvest dates (Table 1). Spatial distribution of the fields is illustrated in
Figure 1. In addition to the crop fields, three forest areas were also identified for comparing their SAR
signatures with that of the annual-crop fields. Seasonal meteorological data were also obtained from
the Earlton Climate Station maintained by Environment and Climate Change Canada (ID = 6072230).
Figure 2 shows daily precipitation (mm), daily mean air temperature (◦C), and snow depth on the
ground (cm).

Table 1. Number of fields observed for 2019 growing season (n = 84).

Crop Oats Barley Canola Soybean Spring Wheat Peas Total

Seeding 19 9 3 9 20 7 67
Harvest 23 12 5 8 22 7 77
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Figure 2. Meteorological condition of the study area in 2019, obtained from the Earlton Climate Station
(ID 6072230), Ontario, Canada: (a) daily precipitation; (b) mean daily temperature and snow depth
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2.2. SAR Data and Processing

Interferometric SAR data in SLC (single look complex) format was acquired by the C-band
Sentinel-1, the two-satellite SAR constellation system, using the interferometric wide (IW) mode with
dual polarizations (VV and VH), for every 12 days. The imagery has a swath of 250-km and spatial
resolution of 5 × 20 m. Except for March 7, all images between February 23 and December 8 during the
2019 growing season were acquired, resulting in a total of 24 images. Image acquisition dates are also
marked in Figure 2a.

InSAR processing includes the following steps:

1. One scene was selected as a master and the terrain observation with progressive scans SAR
(TopSAR) bursts relative time information was extracted. The study region was covered by seven
bursts from the IW2 sub-swath.

2. For each scene in the data stack, the times of the seven master bursts were used to detect the
corresponding bursts in each slave scene.

3. The data corresponding to the master bursts was extracted in complex format from each ESA
data file into the TopSAR data format.

4. The master scene was co-registered to a 30 m SRTM (Shuttle Radar Topography Mission) Digital
Elevation Model (DEM).

5. A first co-registration using amplitude correlation was applied between the master and each of
the slave scenes.

6. Each co-registered slave scene was re-projected/distorted into the slant-range space of the master
scene using the DEM in order to increase the spatial similarities between the scenes.

7. A second co-registration between the master and each of the re-projected slave scenes, using both
amplitude and interferometric phase, was conducted iteratively until the spatial error falls below
0.001 pixels, required to eliminate phase bias induced by the Doppler effects.

8. The co-registered bursts with the phase ramps removed were mosaicked into standard SLC format.
9. Interferograms and coherence were created using a 3 × 3 pixels window for coherence estimation.

The pixel slant-range sampling corresponds to one look (2.33 m in slant range and 13.4 m in
azimuth), with a total spatial sampling of 7 m in slant range and 40 m in azimuth, equivalent to a
ground sampling of 12 × 40 m.

10. Common band filtering and spatial phase filtering to minimize phase noise and increase
interferometric coherence were applied.

11. Orthorectification and geocoding to desired projection, i.e., UTM (Universal Transverse
Mercator)-17N.

The repeat-pass InSAR processing was conducted for each pair of the temporally consecutive
SAR images along the whole growth season. Through the processing, time-series InSAR coherence
and SAR backscattering coefficients at VV and VH polarizations were generated. InSAR processing
and a sigma-nought calibration were conducted using the Gamma software.

2.3. Data Extraction and Analysis

To study the potential of C-band InSAR data for monitoring crop growth and detecting crop field
operations (e.g., seeding or harvest), SAR data, including averages of the backscattering coefficient in
VV and VH polarizations, and the VV interferometric coherence, were extracted at the field level within
polygons of field boundaries from all SAR acquisitions throughout the season. To prevent interference
from headland and different land cover or crop type of neighbouring fields, the polygons were shrunk
inward by 50 m using the ArcGIS system software (Esri, CA, USA). It is assumed that the fields were
under uniform management condition at any time of SAR image acquisition, although occasionally
this may not be true. A dataset consisting of time-series field-level SAR data was then established
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for visual interpretation and algorithm development to determine the dates of field activities such as
seeding and harvest.

3. Results

3.1. Seasonal Variation Patterns of InSAR Coherence and SAR Backscattering Coefficient

Seasonal variation of InSAR coherence, SAR backscattering coefficient in VV and VH polarizations
are shown in Figures 3–5 respectively, for all the observed crop fields and the three patches of forest.
For convenience, the dates of the coherence data in Figure 3 represent the acquisition date of the earlier
SAR image in each InSAR image pair. It is observed that coherence for the three forest patches remained
at a low level (~0.2) throughout the season, whereas that of crop fields showed a wide dynamic range
with clear seasonal patterns. The coherence of crop fields was low (0.2–0.3) in the early (before May)
and the late (after late October) season. It was at a higher level during the start (May–June) and the
end of the growing season (September–October), with a relatively higher coherence at the start of the
season than at the end of the season. Coherence generally dropped to a lower level in the mid-season.Remote Sens. 2020, 12, x FOR PEER REVIEW  
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2019: (a) crop fields and (b) forest.

The VV and VH backscattering coefficients of the crop fields also exhibited apparent seasonal
patterns, with a relatively lower level at the start and the end of the growing season, and a higher
level in the middle of the season (August). This trend was more apparent for VH than for VV
polarization, and was in accordance with the general seasonal growth cycle of the crops. Large
fluctuations throughout the season and great variability among fields were also observed, more for the
VV polarization than for VH polarization. For the forest patches, the variation of VV and VH was
relatively small throughout the season, with an average of −8.5 dB and dynamic range <3.2 dB for VV,
and average −14.3 dB and dynamic range <3.9 dB for VH. VV and VH for the forest were higher than
that of the crop fields at the start and the end of the growing season. In April, the backscattering of



Remote Sens. 2020, 12, 1551 7 of 18

crop fields was remarkably lower than the rest of the time and that of forest, apparently due to wet
snow during spring snow melt.
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3.2. Relationships between Time-Series SAR Signatures and the Timing of Field Activities

The focus of this study was to estimate crop seeding and harvest dates through change detection
based on the analysis of time-series InSAR data. This is built on an assumption that surface roughness
or structural conditions of crop fields can be altered by seeding or harvest operations and captured
by time-series SAR backscattering and InSAR coherence. However, SAR signals are also affected by
other factors, such as soil moisture, precipitation, canopy structural changes associated with plant
growth, as well as radar acquisition geometry, although not an issue for Sentinel-1 since by design the
interferometric acquisition geometry is kept constant. When interpreting time-series SAR data for crop
seeding and harvest date estimation, we took the following aspects into consideration:

(1) VV is mainly related to surface roughness (either soil or upper canopy of the plant), thus can be
inspected to infer information on tillage types during the seeding or harvest period when contribution
from living plant tissues is relatively small.

(2) For C band, VH is mainly responsive to volumetric scattering and is positively related to the
amount of plant tissues; therefore, its signal level is low during seeding to early season and during
harvest period. VH tends to reach the highest at full vegetative development stage. This is because
the VH polarization mainly reflects the interaction of microwave with the interior parts of the canopy
(e.g., volume scattering; Tsyganskaya, et al. [42]), although a double bounce component has been
observed by Hong and Wdowinski [43] for flooded vegetation.

(3) InSAR coherence reflects the local phase spatial similarity of two SAR images, which was
evaluated within a spatial window of 3 × 3 pixels from an interferogram in this study. A high
coherence obtained from a pair of SAR images indicates no change during the period between the
two acquisition dates, whereas a low coherence indicates a change has occurred. The coherence levels
of two consecutive InSAR pairs can be inspected to infer a change due to field operations. If two
interferograms are created from three consecutive SAR scenes, the following scenarios could happen:

• high-high: no change;
• high–low: change in second InSAR period;
• low–high: change in first InSAR period;
• low–low: continuous change.

It is noted that low coherence in general is not necessarily indicative of a change at all time since
geometric decorrelation can happen for vegetated surface even when there is no temporal change.
As examples, Figure 6a–d depicts time-series InSAR data and the observed seeding and harvest dates
for barley, canola, soybean and oats fields, and Figure 7 shows the corresponding post-harvest field
photos taken on October 9, 25, 10, and 8, respectively. Pre-harvest photos were taken in the barley
and oats field only, on September 16 and August 26, respectively. These four crops are selected for
illustrations here because they have quite distinct structures during their life cycles. Average VV
and VH and InSAR coherence of the three fields exhibit temporal patterns similar to that outlined
in Figures 3–5. For the four crops, the VH showed a greater difference between the mid-season and
the start/end of the season. This variation pattern followed the variation of amount of fresh biomass
present in the field during the growing season, i.e., increase at the growing phase and decrease at the
senescent phase. The VV showed a greater dynamic range at the early (May–June) and late (October)
growth periods than the VH, possibly because it responded more to vertical structures (such as stems
that start developing in the spring and drying up in the fall).
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Using the aforementioned interpretation rules, the seeding date for the barley field was determined
to be between May 6 and 18, because coherence of the pair of SAR images acquired on these two dates
was much lower (~0.23) than that of the next image pair (~0.56), acquired between May 18 and 30
(Figure 6a), which indicated that a great change (i.e., seeding) had happened between the first time
window. The harvest date for the field was between August 10 and 22 because there was a big increase
in coherence from 0.22 for the August 10 and 22 image pair to 0.44 for the August 22 and September 3
image pair, suggesting that the change (harvest) happened in the first time window. This is in conformity
with the observed seeding date on May 18 and harvest date August 15, respectively. In accordance
to the low coherence for the August 10–22 InSAR pair, the VH dropped greatly during this period.
The low-high coherence transition was also observed afterwards, between September 3 and September
15, and between September 27 and October 9. By referring to the field photo (Figure 7a), we speculate
that residue removal might have happened during this period. For the canola field, the observed
seeding date was within the time window (May 5–18) determined from time-series InSAR coherence,
whereas the observed harvest date (September 9) was earlier by one satellite repeating cycle than the
window with the largest InSAR coherence increase (September 15–27 from 0.21 to 0.69) (Figure 6b).
It is possible that there is inaccuracy in the reported harvest date by the producer. The smaller InSAR
coherence increase during the mid-season is not well understood and will require further study with the
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support of detailed field observations. For the soybean field, the observed seeding date (May 13) was
within the SAR image pair May 6–18, whereas the harvest was captured by the third InSAR coherence
increase after late July, i.e., the SAR pair September 27–October 9 (Figure 6c). VH could be inspected
to preclude the SAR pairs of July 29–August 8 and September 3–15, based on their relatively higher
backscattering coefficients. For the oats field (Figure 6d), VH was large on May 6 and decreased to a
lower level on May 30, while coherence increased from May 6 to May 18, and dropped to the lowest
level on May 30. This suggests that seeding could have happened during the May 30–June 11 time
window, in conformity with the observed seeding date on June 6. It is likely that the field either had
cover crop or significant amount of standing residue left from the previous season before seeding.
The observed harvest date (September 25) was between the September 15 and 27 time windows. Given
the small increase of InSAR coherence (0.04) and a relatively higher level of VH (−14.2 dB) and VV
(−9.4 dB), harvest could be during this period, but with less confidence in interpretation.

3.3. Determination of Crop Seeding and Harvest Dates

Although detailed field information was not available to allow a more robust and definitive
interpretation of the time-series InSAR signatures, yet the examples of these four crop fields showed
great promise for using InSAR data to determine the dates of crop seeding and harvest. Two scenarios
have been given in previous section to detect the occurrence of change in a field using InSAR coherence,
i.e., transition of coherence level from high to low or vice versa. The second scenario is more proper for
this study because a relative high coherence is anticipated to last during a period of time after crop
seeding but before significant plant development and after harvest when crop fields become more
coherent. The following algorithm was thus developed:

(1) Find all candidate InSAR pairs from the beginning to the end of the season, each with an
increase of coherence larger than a given threshold value δ◦ = 0.05.

(2) Determine the time period for seeding activity, with the first candidate date set starting from
May 1 to mid-July.

(3) Determine the time period for the harvest activity, with the first candidate date starting from
August 1 to end of October.

The threshold of 0.05 was determined based on inspecting the time-series InSAR coherence of
example fields. The searching windows for seeding and harvest activities were determined based
on local knowledge of general crop phenology in the study region. The period of spring snowmelt
(in April) could cause false alarm of seeding activity, thus was excluded from the searching window
as seeding can only take place after snowmelt. Due to the more complex situation associated with
harvest operation, an additional compound condition was added using VH:

(3a) If VH decreases by more than 2 dB during the same period, or less than 2 dB and is lower
than −19 dB at the end of the period, then accept the candidate; otherwise switch to the next candidate
and evaluate this additional condition again.

Results using the above algorithm at the field level are reported in Table 2. The accuracy for correct
detection of seeding date was 85% (n = 67) and 56% for harvest date (n = 77). For some fields, the observed
seeding or harvest dates differed from the detected dates by one satellite acquisition cycle (12 days,
the “±1 Cycle” column on Table 2). This could possibly be related to the fact that field operations such
as seeding could sometimes last for several days or longer for a single field. In the case of harvesting,
it can even span more than 10 days to complete a field due to various constraints. When these fields are
counted, the detection rate increases to 91% for seeding and 88% for harvest. In total, this study failed to
detect six fields for seeding and nine fields for harvest, either because no valid change was detected or
the detected date was different from the observed date by more than one satellite acquisition cycle.

3.4. Assessment of Time-Series SAR Data for Seeding and Harvest Date Mapping

To illustrate the change due to field operations, colour images were generated and shown in
Figure 8 for the period at the beginning of the season in May (May 6 and 18, May 18 and 30) and at the
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end of the growing season in late September to early October (September 15 and 27, and September 27
and October 9). The images to the left-hand side are made of two InSAR coherence images as the red
and green channel, and a blank image (no variance) as the blue channel. The images to the right-hand
side are made of the three VH backscattering coefficient as red, green and blue channel. From the
images on the left, a field with red color is most likely representing no change during the first pair of
SAR acquisition period (hence high coherence) and a change during the second pair of SAR acquisition
period (low coherence), whereas green colour likely means that change happened during the first
period but no change in the second period. Yellow colour means that coherence is consistently strong
and that no structural change happened during both periods. Progression of seeding and harvest
in a region can thus be visually evaluated this way through sequential color composition of InSAR
coherence images. Images composited with the VH (Figure 8b,d) do not show contrast colour for the
changes, but they do highlight the difference between agricultural fields and forests, particularly for
the spring image in which crop fields are shown with dark tone, reflecting low biomass or low surface
roughness conditions of crop fields in contrast to forests.

Table 2. Results for seeding and harvest detection.

Correct ±1 Cycle Fail Total %Correct

Seeding 57 4 6 67 85
Harvest 43 25 9 77 56
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Figure 8. Mapping of change through InSAR coherence at the start May 6–May 18–May 30 (a,b)
and end lower, September 15, September 27, and October 9 (c,d) of the season. Maps to the left are
generated using two consecutive InSAR coherence images and one blank image as RGB channels (a,c),
and maps to the right are made using the three VH backscattering intensity images sequentially as
RGB channels (b,d).
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To further demonstrate the capability of time-series InSAR coherence and VH backscattering
coefficient for identification of crop seeding and harvest dates, the aforementioned algorithm was
applied to the SAR data to map crop seeding date at the pixel level. First, crop pixels were identified
using a simple threshold approach, i.e., average VH in April < −25 dB and average VH on July 29
and August 10 >−21 dB. This step can effectively exclude the forest (higher VH in April) and water
(lower VH in mid-season) pixels in subsequent analysis. Residual speckle noise has caused certain
degree of false identification shown as crop pixels on non-agricultural lands. The mapping results are
shown in Figure 9 covering five periods for both seeding (Figure 8a,b) and harvest (Figure 8c,d) dates,
determined by SAR acquisition dates. The proportion of pixels being identified as seeded or harvested
during each time period is also given in Figure 9.
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In the study area, crops were seeded mostly in May to early June, with only about 10% of the fields
seeded later than June 11. For harvest event, about 16% happened during the period from August 10
to 22, mostly wheat and some other summer cereal crops. For harvest, about 30.2% of the fields were
harvest between the two satellite acquisitions from August 22 to September 15. Due to heavy rain at
the time of the satellite overpass on September 3, the SAR image was contaminated and hence not
used in the analysis. Another 30% of harvest happened between September 27 and October 9, and the
rest of the 13% were harvest after October 9.

4. Discussion

Detection of changes due to field operations using InSAR coherence is challenging because a
decreased coherence can also be the result of temporal decorrelation caused by natural events, including
rain, snow, wind, seasonal changes in vegetation development, and also geometrical decorrelation
(from tall and dense vegetation such as forests) [44–46]. In this study, we determine crop seeding
and harvest through the detection of a sharp change in InSAR coherence, assuming that surface
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structure will remain stable for a period of time after these two types of field operations, inducing
a low coherence for the pair of SAR images spanning the period within which the event happened.
However, this cannot always be successful under at least two cases: 1) no-till seeding, for which
high coherence could be anticipated because soil surface is not subject to significant interference by
the operation, and 2) harvest with substantial amount of residue left standing in the field; in which
case, there is low coherence even after harvest. The situation could be further complicated if different
management practices are involved after crop harvest: 1) soil tillage at different time with different
machine types that can induce different levels of surface roughness; 2) different treatments of crop
residues, e.g., residue left standing, chopped and spread, or removed for other purposes at different
rates; 3) incorporation of cover crops in the cropping system for soil protection. It was noted in the
study area that cover crops developed to a substantial level in some of the summer crop fields after
harvest. This reality, although providing challenges in detecting seeding and harvest dates through
CCD, also presents an opportunity for the detection of other field operations and crop management
practices, such as ploughing.

High coherence can be observed during the mid-season for crops, which may induce ambiguity
for the determination of seeding and harvest dates. For instance, the soybean field shown in Figure 6c
and has a relatively high coherence (~0.5) in mid-August although the high VH indicated large volume
scattering from plant canopy. This may be linked to certain canopy structure characteristics and
deserves further investigation. This also illustrates the added value of SAR backscattering to the
interpretation of crop field activities. In fact, combination of VV and VH has also been found to be
useful for crop type discrimination and biophysical parameter estimation [47–49]. This issue could be
alleviated with a shorter revisiting cycle of InSAR acquisition because field disturbances can be better
resolved in time.

Physical environment conditions, such as snow and rain, can influence not only SAR backscattering
signatures but also InSAR coherence [50–52]. Low coherence at the beginning and end of season
was observed when snow cover was present on the ground and the thaw or freezing process started.
According to meteorological records of the nearby station (Figure 2b), snow cover ended at the end of
April and started in early November in 2019, thus soil surface (or plant) conditions during these periods
will not be captured by the time series SAR data, and SAR data contributed less to interpretation of crop
field operations. Although acquisition of radar data is less impacted by weather condition than that of
optical sensors, meteorological events can still introduce changes to a certain degree, either in structure
or in dielectric property, that are not due to field operations or crop growth dynamics. This can be
observed from perturbation of VV and VH intensities during the days reported with precipitation in
the later growing season. As shown in Figures 4 and 5, there was an upward spike on September 3 and
27 (Figures 4 and 5), with reported daily precipitation of 33.4 mm and 2.9 mm, respectively (Figure 2).
Thus, change detection through time-series SAR data analysis should take into consideration climate
conditions at the time of SAR image acquisition.

In this study, a simple algorithm has been developed for the detection the timing of crop seeding
and harvest through analysis of time-series InSAR coherence and SAR backscattering coefficients.
It is noted that a sigma-nought calibration has been applied on SAR backscattering to ensure signal
consistency across space and over time. This is suitable for our study area because of the following
reasons: (1) the agricultural land is relatively flat so that variability of SAR signal due to within-field
variability of micro-topography or soil variability is small compared with that due to surface structural
changes induced by agricultural management practices; (2) with the InSAR acquisition configuration of
Sentinel-1, the incidence angle for a given ground area is relatively constant over time, so that angular
effects is minimized; (3) the method proposed in this study mainly relies on exploitation of field-level
temporal signatures of the time-series SAR backscattering and InSAR coherence. Nevertheless,
converting SAR signals to backscattering coefficients as a normalization measure is preferred in most
applications. In this study, only 77 fields were surveyed for harvest and 66 of them were recorded with
seeding dates. Although the sampling sites were limited for a robust statistical modeling, it is sufficient
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for analysis based on physical principles, as shown by interpretations of the time-series signatures.
An automated procedure could be developed based on the simple rules presented in Section 3.2,
however more systematic field observations are needed in order to capture not only seeding and harvest
events, but also other events such as pre-planting seedbed preparation, post-harvest residue removal,
and fall tillage. The transition between seeding/harvest operations and different field conditions due
to other treatments will be different. A larger number of samples will be needed to characterize the
signatures of different combinations of field treatments, crop types, and seeding/harvest in order to
develop a more robust procedure for automated information extraction.

SAR backscattering coefficients have been exploited intensively for soil and crop parameter
retrieval in the literature. Time-series SAR data and InSAR coherence will bring in new dimensions of
information for agricultural studies, particularly in detecting but not limited to changes associated with
field operations. With two satellites, the Sentinel-1 constellation can acquire data with interferometric
capacity at a six-day revisiting cycle. It is anticipated that the Canadian tri-satellite RADARSAT
Constellation Mission at four-day repeat time can provide improved capability for agricultural studies.

5. Conclusions

This study investigated the potential of time-series C-band synthetic aperture radar (SAR) data
acquired by the Sentinel-1 constellation with interferometric wide mode for determination of crop
seeding and harvest dates. Interferometric SAR (InSAR) processing was conducted for each pair of SAR
images acquired consecutively in time throughout the 2019 growing season. Preliminary results show
through visual interpretation that time-series SAR backscattering revealed the seasonal development
cycle of crop growth, while the change in InSAR coherence levels, either a loss of coherence from a high
level or a remarkable gain of coherence from a lower level, was associated with substantial change in
surface structure of a crop field induced by agricultural land management activities such as seed-bed
preparation in the spring or harvest in the fall. This information can be used to deduce the dates on
when these field activities happened. However, the loss of coherence can also be associated with other
factors, such as temporal decorrelation due to environmental conditions or vegetation development,
thus deriving these field activities through InSAR coherence change detection should be integrated
with incoherence change detection through the analysis of time-series SAR backscattering as well.
Change detection analysis based on time-series SAR data obtained by Sentine-1 and the RADARSAT
Constellation Mission can be a research/operation tool for detecting other crop (such as lodging) and
field activities that induce sudden and substantial structural changes.

Given the encouraging results from this study, however, the authors also acknowledge the
limitations of the reported research. In subsequent study, detailed field observations and in
situ measurements concurrent with Sentinel-1 overpass will be collected throughout the growing
season from pre-planting to postharvest to better identify all factors contributing to changes in SAR
backscattering and InSAR coherence.
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