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Abstract: Hailstorms are a frequent natural weather disaster in the Canadian Prairies that can cause
catastrophic damage to field crops. Assessment of damage for insurance claims requires insurance
inspectors to visit individual fields and estimate damage on individual plants. This study computes
temporal profiles and estimates the severity of hail damage to crops in 54 fields through the temporal
analysis of vegetation indices calculated from Sentinel-2 images. The damage estimation accuracy of
eight vegetative indices in different temporal analyses of delta index (pre-and post-hail differences)
or area under curve (AUC) index (time profiles of index affected by hail) was compared. Hail
damage was accurately quantified by using the AUC of 32 days of Normalized Difference Vegetation
Indices (NDVI), Normalized Difference Water Index (NDWI), and Plant Senescence Radiation Index
(PSRI). These metrics were well correlated with ground estimates of hail damage in canola (r = —0.90,
RMSE = 8.24), wheat (r = —0.86, RMSE = 12.27), and lentil (r = 0.80, RMSE = 17.41). Thus, the time-
series changes in vegetation indices had a good correlation with ground estimates of hail damage
which may allow for more accurate assessment of the extent and severity of hail damage to crop land.

Keywords: hail-to-crop damage; Sentinel-2; remote sensing; precision agriculture; time-series analysis;
vegetation index

1. Introduction

Hailstorms are a frequent natural disaster, but a challenge to forecast, in the Canadian
Prairies that can cause catastrophic damage to field crops. The specific atmospheric and
geographic features of Western Canada are conducive to hailstorm activity, resulting in
‘hail belt” regions [1,2]. In the warmest months of June and July, the cool dry air flowing
from the Rocky Mountains encounters the hot moist surface air on the Prairies, resulting in
an updraft of warm air. When the strong updrafts carrying moisture hit the high-altitude
cold air, water droplets condense and freeze, creating hailstones. The Prairies represent
80% of Canadian farmland and suffer significant hail-to-crop damage and economic losses
annually. The average annual agriculture loss by hail is about CAD 200 million [3]. In 2020,
the Canadian Crop Hail Association (CCHA) reported the total hail insured payment on
12,100 claims was almost CAD 250 million [4]. Julian et al. [1] investigated anthropogenic
climate change over North America in the present and future. The study anticipated a more
frequent occurrence of large hailstorms over the Canadian Rockies and Northern Plains in
the future. With such numerous hailstorms, assessment of hail damage is challenging to
the conventional on-farm inspector system, which requires assessing damage on individual
plants within multiple locations of each damaged field.

In North America, the hail damage to field crops is generally categorized: (1) direct
plant stand loss, (2) leaf defoliation, (3) stem cut-off, and (4) grain loss [5-7]. The first
damage assessment is normally conducted 7-10 days after hail occurs and involves counting
plants and identifying the damage on individual plants at multiple locations within each
field. The hail assessment requires careful, accurate, and reliable analysis to help farmers
make decisions for replanting, harvest, and arriving at fair economic compensation for
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insurers. Conventional hail evaluation is typically used to meet the requirement, but it is
considered time-consuming and labor-intensive. For these reasons, a less labor-intensive
approach to estimate crop hail losses should benefit policymakers, insurance companies,
and farmers.

Previous studies have found potential for using vegetation indices for estimation of
hail damage in crops [8,9]. Hail damage causes physical defoliation and reduction in leaf
chlorophyll, carotenoid, and polyphenol content [10]. Spectral indices, such as Normalized
Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), and
Plant Senescence Radiation Index (PSRI), were found to be sensitive to crop stress [11-13].
Sosa et al. [14] used five Sentinel-1 microwave indices and five Sentinel-2 multispectral
indices to detect the changes in vegetation caused by hail.

Satellite remote sensing provides a planet perspective to detect the dynamic changes in
the field to regional scales, which could provide an inexpensive and more reliable approach
to estimate hail damage in crops. In recent years, Sentinel-2 data have gained the attention
of the remote sensing community for cropland mapping due to: (1) high spatial (10 m),
temporal (5 days), and spectral resolution (13 bands); (2) free and open access; and (3)
available for cloud computing (Google Earth Engine, GEE) [15].

The primary remote sensing techniques commonly used in hail damage evaluation
include change detection and time-series data analysis [16-18]. Change detection analyzes
the variability in two or multiple images for a specific area over a distinct time period.
Spectral indices before and after an event are extracted and compared. The index difference
is computed; a classification method, such as thresholding, is used to classify and generate
damage maps. For example, ANDVI from Landsat 8 imagery was used to detect crop hail
damage [17]. Time-series data analysis has been used intensively in recent years for change
detection. Time-series data analysis involves temporally dense monitoring of land surface
dynamics over a defined period [19]. In crop damage assessment, the difference of temporal
patterns of damage and non-damage (temporal integration) is computed to estimate hail
damage and its severity. Sosa et al. [14] calculated the rate of index change (standard
deviation) by differentiating each of the time-series obtained in each plot. The k-mean
unsupervised classification on vegetation indices was used to detect the homogeneous hail
damage zone on 91 plots. There was 87% damaged area strictly classified to similar degrees
of damage. The area under curve (AUC) is frequently used to combine time-series disease
progress into a single value and estimate disease progression’s effect on crop yield [20].
Our research group [21] has used AUC to measure the flowering duration and estimate
crop yield in canola. Hail damage is a spatially discrete event and causes further different
crop damages. So, it should be possible to assess hail damage severity by computing the
area under the curve for a time-series of vegetative indices in hail-damaged fields, whereby
measuring the realistic crop damage, crop growth restriction, and crop recovery.

Despite the increasing interest in using remote sensing for hail damage mapping, the
major focus was on hail-strike locations, patterns, and damaged areas. Studies on modeling
hail damage severity compared with the actual crop yield loss at a field scale are limited.
Previous studies have assessed hail damage severity by using the estimated biomass and
predicted yield models to quantify the yield loss by hail in the simulating hailstorm field
experiments [22,23].

The main objectives of the study were (1) to explore NDVI and associated temporal
profiles of the dominant crop types in the hail-damaged area, (2) to estimate crop damage
using series data analysis and change detection methods, (3) to identify a suitable time
frame on hail event for crop damage assessment, and (4) to compare the accuracy of AUC
and delta temporal analysis for hail-to-crop damage severity assessment.
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2. Materials and Methods
2.1. Study Site and Data Collection
2.1.1. Study Site

The hailstorm event occurred in an area near Assiniboia, Saskatchewan, Canada
(49.6328° N 105.9921° W) on 4 July 2020. The hailstorm resulted in 28-mm sized stones
and lasted over 20 min during which 25 to 40 mm of rain also occurred. The storm track
was approximately 78.8 km and ended near Glenbain, Saskatchewan. Our field study was
conducted at the starting point of the hail event and covered an area of 3402 hectare (ha). In
our study region, crops in the hailstorm-affected area consisted of canola, chickpea, durum
wheat, lentil, oat, and pea. Three crops accounted for most of the area affected by the
hailstorm, durum wheat, canola, and lentil (Table 1). Wheat was in shot-blade (43%) to
heading stages (35%), canola was in the flowering stage (62%), and lentil was in vegetative
(39%) to flowering stages (54%) [24].

Table 1. On-field survey information for crop damage assessment.

Damage Range Area Area Proportion .
Crop Types %) (ha) %) Number of Sites
Canola 8-72 777.7 229 12
Wheat 4-80 2299.7 67.6 36
Lentil 8-80 324.5 9.5 6
Total 3402.0 100 54

2.1.2. Hail Damage Survey

A field survey on crop damage was conducted using a legal land survey map de-
scription of fields surveyed using Section Township Range system (reference) designate
fields of individual crops that were farmed by one enterprise. Thus, the smallest crop
damage assessment unit was one field of contiguously farmed land (Figure 1). The land
unit (field) was normally % of a section (64 ha) although the actual size ranged from 61 to
65 ha. Crop damage assessment was conducted approximately one month after the event
by Municipal Hail Insurance (www.smbhi.ca). The hail damage to crops was determined
using proprietary methods which involve the sampling of individual plants at multiple
locations and determining damage based on vegetative and reproductive loss of plant
tissue.

2.1.3. Satellite Data

Sentinel-2 imagery courtesy of the European Space Agency was used in this study. The
dataset was obtained through Google Earth Engine (GEE): ee.ImageCollection (“COPER-
NICUS/S2_SR”). The imagery included 12 spectral bands (from visible, near-infrared,
to shortwave infrared) with different spatial resolutions (10 to 60 m) with a tile size of
100 x 100 km. The product provides bottom of atmosphere (BOA) reflectance images, and
a cloud probability band is available for shadow and cloud masking. From the region of
interest, all archived images having cloud cover less than 10% and the acquisition date
ranging from 1 July to 5 August 2020 (about one month after hail event) were acquired
into a data collection. From the collection, pre-processing steps include cloud and shadow
masking, mosaicking, index calculation, resampling (10 m), and extracting index values
to polygons. All these steps were integrated into GEE using Java script to form a time-
series data per polygon per index. Detailed information on image band characteristics and
acquisition dates used in this study is presented in Tables 2 and 3, respectively.
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Figure 1. Study area at Assiniboia, Saskatchewan (A), Canada (B); the whole coverage area of the

storm event captured by Radarsat ((C), in the bright colour) and the region of interest in the red

rectangle; crop damage sample locations from selected quarter sections (D).

Table 2. Sentinel-2 data band characteristics.

Sentinel-2 Bands Central Wavelength Bandwidth Spatial Resolution
(nm) (nm) (m)
Band 2—Blue 4924 66 10
Band 3—Green 559.8 36 10
Band 4—Red 664.6 31 10
Band 5—Red edge 704.1 15 20
Band 8—NIR! 832.8 106 10
Band 11—SWIR? 1613.7 91 20

NIR!: Near infrared; SWIR?: Shortwave infrared.

Table 3. Image acquisition dates.

Date Julian Date
1 July 2020 20183
3 July 2020 20185
6 July 2020 20188
11 July 2020 20193
16 July 2020 20198
26 July 2020 20208
28 July 2020 20210
5 August 2020 20218
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2.2. Methods

All field survey data with crop type and hail damage severity (hereafter damage) and
remotely sensed data from Sentinel-2 were used as inputs. The workflow to pursue our
research objectives involves (1) data pre-processing of the field boundary map and remotely
sensed data, (2) vegetation index extraction, (3) time-series data analysis, and (4) regression
test for crop damage estimation (Figure 2).

[ Sentinel 2A Time series ]

Quarter section l

map

Change detection

oy

Index extraction Temporal profile —_—

Field boundary

exploration (NDVI) =
Time series data
Google Earth Engine l
| Field data ! Linear coefficient
calibration

Figure 2. Flowchart of data processing and crop hail damage estimation methods using area under
the curve (AUC) and change detection.

2.2.1. Pre-Processing

Field boundary was created using a quarter section shapefile as the basic map [25].
Information from the field survey (crop type and damage percentage) was then updated
in an associated attribute table. The map editing tool of ArcGIS Pro was used to ex-
clude non-cropland features, such as water bodies, roads, or buildings. Object features
with crop types other than wheat, canola, and lentil were filtered out. Field area (ha),
field code, and geometry properties (x and y coordinates) were also updated using the
WGS_1984_UTM_Zone_13N coordinate system. This shapefile was then uploaded into
GEE and used as the region of interest for remote sensing data collection.

Pre-processing remotely sensed data involved cloud and shadow masking for a cloud-
less time-series dataset. Two Sentinel products (Sentinel-2 Multispectral Instrument Level-
2A surface reflectance (52_SR) and Sentinel-2 Cloud Probability (or S2cloudless)) were
used as input and data processing workflow was adapted from the GEE community [26].
Accordingly, the two data products were collected and joined using the acquisition index
(‘system: index’). Images with high cloud coverage (60%) or pixels with high cloud prob-
ability (50%) (the threshold values set by users) were masked out for a cloudless 52_SR
collection. Since the study area is located at the edge of the image frame (or tile), two tiles
may cover parts of the study area for each acquisition date (image duplication). Therefore,
image mosaic by acquisition index or date was applied to merge the two image tiles into
one. Additionally, space (field boundary) and time (1 July to 5 August) filters were also
applied to reduce data collection time. At the end of this step, a dataset containing nine
images within field boundaries was created and stored for the subsequent processing steps.
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2.2.2. Vegetation Index Extraction

Eight vegetative indices were used and grouped into two categories: water content
and plant health to differentiate the hail in the satellite image (calculation formulas showed
in Table 4). NDVI is the most well-used index in agriculture and correlates to plant nitrogen
content, health, and yield [27]. Green Normalized Difference Vegetation Index (GNDVI) is
similar to NDVI with a substitution of the green band for the red band [28], and the index
is more sensitive to crop chlorophyll content than NDVI. It were included in crop damage
assessment and yield prediction [29,30]. The Modified Soil-Adjusted Vegetation Indices
(MSAVI2) use an additional parameter with red and NIR bands to address some of the
limitations of NDVI when applied to areas with a high degree of exposed soil surface [31,32].
The Plant Senescence Radiation Index (PSRI) can estimate chlorophyll and was developed
to evaluate the stage of leaf senescence but is also sensitive to new growing plants [13,33].
The Enhanced Vegetation Index (EVI) has been used in assessing canopy area and the
canopy light interception of active photosynthetic radiation [34].

Indices of water content use Green, NIR, and SWIR bands. Moisture Stress Index
(MSI) captures the reflectance of the water in the leaf cell and is sensitive to increasing leaf
water content. Welikhe et al. [35] measured the vegetation responses of MSI to estimate
soil moisture at 20 cm depth and mapped the spatial distribution of water during the
crop-growing season. Green Normalized Difference Water Index (NDWIg) was originally
developed to delineate open water features by McFeeter [36]. The index has been using for
crop yield prediction, crop evapotranspiration, and water stress [37]. Similarly, Normalized
Difference Water Index (NDWI) use NIR and SWIR normalized differences by Gao et al. [11].
NDWI was found better than NDWIg to discriminate the water features mixed with
vegetation [38]. The mean value per field for each vegetative index was calculated on each
image date and exported as an attribute table for time-series data analysis.

Table 4. Spectral indices calculated from Sentinel-2 data used in this study for crop hail damage

estimation.
Index Formula Target Reference
Plant Health Indices
NIR — Red
Normalized Differential Vegetation Index (NDVI) NIR + Red Plant health [27]
Cé'een Normalized Difference Vegetation Index NIR = Green Chlorophyll content 28]
(GNDVI) NIR + GVCC}%
Modified Soil Adjusted Vegetation Index (MSAVI2) (2 NIR 1 - sqrt((2 x N ;R +1)" —8x (NIR — Red))  Uneven growth [31]
Red — Green
Plant Senescence Radiation Index (PSRI) Rededge Leaf chlorophyll [13]
NIR — Red
Enhanced Vegetation Index (EVI) 25 x NIR + (6 x Red — 7.5 x Blue) + 1)) Canopy light interception  [39]
Water Content Indices
Moisture Stress Index (MSI) % Leaf water content [40]
IR
Gree;l1\] — NIR
Green Normalized Difference Water Index (NDWIg) Green + NIR Crop water content [36]
Normalized Difference Water Index (NDWI) M Crop water content [11]
NIR + SWIR

2.2.3. Crop Damage Estimation by AUC of Vegetation Index

To access the temporal effect of hail damage on the three target crops, fields with
the three different crop types (wheat, canola, and lentil) characterized by low and high
damages were used to generate temporal profile plots for visualization (May to September).

Over the study area, eight image dates were collected and constructed in a time-series
data. Average index values per field were extracted over time (1 July to 5 August), forming
a time-series data for each field. Then, the Area Under the Curve (AUC) was calculated per
index (hereafter AUC index) per field [40]. This resulted in generating a single AUC index
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using multiple input values of a specific index over a period of time per field (polygon).
As in Figure 3, AUC is calculated by a definite integral between the two points (y = f(x)
with x = a and x = b). The relationship between crop damage and the AUC index could be
positive or negative depending on the index pattern over time. For instance, the higher
crop damage, the lower the AUC index of NDVI. The AUC was calculated in MATLAB
(version 9.7, 2019, MathWorks, Natick, MA, USA). Overall, AUCs of 9 indices over 54 fields
were calculated. Correlation coefficients (r) were calculated to understand the relationship
between the crop damage and time-series data (AUC).

y
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Figure 3. Area under the curve (AUC) concept for hail crop damage estimation. The x-axis shows
timeline; the y-axis shows index value; the orange line is index pattern in the function of time (y = f(x));
a denotes the hail-event date; a to b defines crop damage assessment in a time frame (in days).

2.2.4. Crop Damage Estimation by Delta Indices between the Pre- and Post-Hail

The difference of vegetation index between pre-and post-hail is an alternative approach
to assess hail-to-crop damage. Plant health and water content vegetation indices had the
best prediction results of crop damage by AUC and were then selected to calculate the
delta indices. In this study, NDVI and NDWI, which have been used successfully for crop
damage estimation by hail, were used [17]. Crop damage estimation was based on the
normalized difference between before and after index maps using the following equation:

NDVIbefore — NDVIafter

ANDVI =
NDVlpefore + NDVIater

)

NDWlpetore — NDWlgier
NDWlpefore + NDWlyger

This method compared the change in vegetative index either two days (hereafter
ANDVIg1.96 or ANDWIj;_g6) or seven days (hereafter ANDVIj;.11 or ANDWIjp;.11) following
the hail event (on 4 July). For each field, the average of the damage estimation was
summarized and saved. All steps were executed in Google Earth Engine. Figure 4 shows
NDVI maps before (Figure 4A) and after (Figure 4B) the hailstorm event.

ANDWI = )
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Figure 4. The satellite-based NDVI raster layers of 3 days before (A) and 7 days after the hailstorm
(B) with the sample borders and crop damage labels in percentage (%). The crop hail damage was
assessed on 54 sites by an insurance survey.

2.2.5. Validation

Correlation coefficients (r) and Root Mean Squared Error (RMSE) were used to validate
the assessment quality between crop damages observed from fields and the damages
estimated from remote sensing data. Correlation coefficients (r) ranges from 0 to 1 and
indicates how well the data fit the goodness of fit line. It is also known as the coefficient of
determination, and the value was calculated by Equation (3). RMSE is an absolute measure
of fit indicating the error between the observed and the predicted data points. RMSE is
calculated by Equation (4), and the lower value indicates the better fit.

n(X(xy) — (Xx)(Ly))

r = 2 2 )
Vg2 = (£0?) [nLy? - (£y)?)]
RMSE = —?—1(Zi_xi)2 @)

x: observed value; y: associated predicted value; 7 : the number of observations.

i: simulation index with an increment of 1.

For each crop type, the index with the highest r and lowest RMSE was used and
presented graphically. The equation was also used to generate a thematic map of hail
damage.

3. Results
3.1. Crop Damage and Temporal Profiles

The crop reflectance affected by the severe hailstorm identified differences in vegeta-
tive index reduction and recovery rates between crop species. Figure 5 illustrates NDVI
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temporal profiles of high damaged fields in canola (72%), wheat (84%), and lentil (80%)
compared to low damaged areas (4-11%). The severe damage in crops caused the apparent
reduction in the NDVI temporal profiles. The NDVI trajectory of the high damaged fields
dropped dramatically after the hail event and then started to recover (after ~10 days). By
contrast, we found a slight drop on the day of the hailstorm, and crops recovered fast in
the NDVI trajectory in the low-damage fields (Figure 5).

0.8 A < 72%Damage
0.6 --8% Damage
0.4
—Hail event
0.2
0
1
--84% Damage
- 08 B B &
E 0.6 --4% Damage
0.4
Z —Hail event
0.2
0
! Lentil
enti
0.8 C
o8R0
06 80% Damage
04 --11% Damage
0.2 —Hail event
0
9 o
XS 4

Date in 2020
Figure 5. An example of NDVI temporal profiles shows two fields of the low (red) and high damaged

area (blue) on (A) canola, (B) wheats, and (C) lentils throughout the growing season. The legend of
figures represented the crop damaged assessed by the insurance inspector, for example 72% damage
is the crop damage assessed by ground measurements from individual field.

Canola and wheats experienced a longer damaging effect than lentils, where the lowest
NDVI occurred on the eighth day following hail. In comparison, the lowest NDVI on canola
and wheat was recorded on day thirteen. Furthermore, the crops also differed in recovery
rate. The crossing point after the hail between the high and low damage NDVI trends in
each crop indicates plant recovery, with wheat vegetation recovering faster than canola
and lentil crops. Wheat recovered approximately 24 days after the hail, whereas recovery
of canola and lentil occurred 32 days after the hail. Figure 5 shows examples of NDVI
temporal profile on canola, wheat, and lentil. The figure suggests that one month after the
hail event could be the suitable time frame for time-series data collection, in which the
significant damage due to a hail event can be thoroughly captured.

3.2. Crop Damage Estimation Using AUC Approach

This section presents the hail damage estimation by AUC of eight individual vegetation
indices in two different time windows, 32-day data, and 12-day data. Using different
datasets on three crops, different hail damage estimators are presented in Tables 5 and 6.
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Table 5. The correlation coefficient (r) between crop damage (%) and area under curve (AUC) of
vegetation indices, that the total area of AUC occurring 32 days after the hail, in canola, wheat, lentil

fields.
Indices for AUC Canola Wheat Lentil
(32 Days) r RMSE r RMSE r RMSE
EVI —0.86 9.70 —0.83 13.25 —0.78 18.04
GNDVI —0.89 8.69 —0.85 12.74 —0.76 19.05
MSAVI —0.88 8.76 —0.81 14.26 —0.79 17.58
MSI 0.88 8.88 0.85 12.79 0.78 18.21
NDVI —0.90 8.24 —0.82 13.63 —0.78 18.20
NDWIg 0.89 8.69 0.85 12.74 0.76 19.05
NDWI —0.89 8.57 —0.86 12.27 —0.76 18.62
PSRI 0.86 9.52 0.81 14.17 0.80 17.41

Table 6. The correlation coefficient between crop damage (%) and area under curve (AUC) of
vegetation indices, that the total area of AUC occurring 12 days after the hail, in canola, wheat, and

lentil fields.
Indices for AUC Canola Wheat Lentil
(12-Day) r RMSE r RMSE r RMSE
EVI —0.45 16.81 —0.79 14.57 —0.69 21.01
GNDVI —0.68 13.88 —0.81 13.95 —0.68 21.25
MSAVI —0.68 13.80 —-0.77 15.18 —0.71 20.24
MSI 0.60 15.09 0.76 15.53 0.66 21.60
NDVI —0.68 13.83 —0.79 14.73 —0.69 20.93
NDWIg 0.68 13.88 0.81 13.95 0.68 21.25
NDWI —0.60 15.09 —-0.77 15.28 —0.65 22.01
PSRI 0.56 15.54 0.77 15.20 0.74 19.55

Correlation coefficients (r) between AUC and crop damage on the 32-day data (Table 5),
show that the maximum r and the least RMSE varied with crop type and indices. Although
NDVI was the best estimator for canola damage (r = — 0.90 and RMSE = 8.24), NDWI
was the best estimator for hail damage on wheat (r = — 0.86 and RMSE = 12.27). The
best estimator for lentil damage was PSRI (r = 0.80 and RMSE = 17.41). The best linear
relationship between crop damage and selected AUC indices, as well as the prediction
equations for each crop are shown in Figure 6.

Canola Wheat Lentil

1004 100+ 100+

y=164-145x R>=0.81

y=100-129x R’=0.74 y=107+724x R’=064

9 9 &
9&" 75+ < 754 & 751
2 o)
g g 7
© 504 E 504 E 50+
o he} %
© = —
o ol =
o] o =
254 £ 254 S 254
[u]
O = -
: "
0 0 0
0.4 0.6 0.8 1.0 1.2 0.00 0.25 0.50 0.75 1.00 0.0 0.4 0.8 1.2
AUC of NDVI AUC of NDWI AUC of PSRI

Figure 6. Correlation of the measured crop damage and the AUC of 32-day data for selected indices
on canola (left), wheat (center), and lentil (right).

The capability of these models depends on many factors, including the time window
for data collection. In this case, a shorter time window (12 days) was used to compare
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with the previous time window (32 days). The same indices were calculated, and the
correlation coefficient between 12-day AUC and crop damage (%) was computed (Table 6).
On canola, the greatest correlation of -0.68 can be achieved from some AUC indices (GNDV],
MSAVI, DNVI, and DNWIg), while the lowest associated RMSE for the crop is with MSAVI
(13.80). On wheat, GNDVI and NDWIg estimators give the greatest correlation (—0.81) and
RMSE (13.95). PSRI is the best estimator for lentil damage with r and RMSE of —0.74 and
19.55, respectively. Compared to the 32-day AUC assessment (Table 5), the 12-day AUC
assessment (Table 6) resulted in lower r and higher RMSE values.

Overall, hail crop damage and AUC indices can be described by a linear relationship.
The 32-day dataset provides a stronger relationship between the crop damage and AUC
indices on each crop. NDVI, NDWI, and PSRI are relatively greater for hail damage
estimation compared with other indices in canola, wheat, and lentil, respectively. Figure 7
illustrates crop damage measured versus predicted.
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Figure 7. Correlation of the measured crop damage and predicted crop damage using the AUC of
32-day data on canola (left), wheat (center), and lentil (right).

3.3. Crop Damage Estimation Using Delta Indices

The delta index, the difference before and after the hail event, was calculated for hail
damage estimation. Table 7 shows the two metrics (r and RMSE) that assess the estimation
accuracy. In Table 7, the column name is denoted as the index difference between the dates
(e.g., ANDVIy;_gg = before and 2 days after hail, and ANDVIy;_1; = before and 7 days after
hail). In all crops, the 12-day delta indices had a higher r and lower RMSE values than the
7-day delta indices. The NDVI had a more precise damage assessment than the NDWL
The ANDVIj;_1; is the best estimator for canola damage with r and RMSE of 0.89 and 8.44,
respectively. In contrast, ANDWIj; 11 has r = 0.83 and RMSE = 10.03 for canola. On wheat
and lentil, the difference of estimation RMSE between two indices is greater, where NDVI
had a 7% lower RMSE than NDWI in both crops. ANDVI can be a robust approach for crop
damage assessment if limited satellite imagery is available after a hail event. As shown in
Figure 8, highly damaged regions can be captured (red region) using 7-day ANDVI, but
12-day ANDVI shows a higher potential of capturing the total damage than in the lower
right corner of the map, in which Figure 8B shows a new red region. This could be delayed
or longer-term impacts of the hail damage. Additionally, the figures reveal that the change
detection approach may not fully capture low damage.
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Table 7. The correlation coefficient and RMSE between crop damage (%) and the delta indices, that
was the index difference of before and after the hail in the 7-day and 12-day datasets in canola, wheat,

and lentil fields.
Delta Canola Wheat Lentil
Index r RMSE r RMSE r RMSE
ANDVlIj1_06 0.38 16.8 0.76 15.49 0.7 20.5
ANDVIy1.11 0.89 8.44 0.77 15.24 0.77 18.44
ANDWIy.06  0.13 18 —0.11 23.89 0.24 28.08
ANDWIp1.11 0.83 10.03 0.35 22.52 0.47 25.58
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Figure 8. The raster layers by 7-day ANDVI (A) and 12-day A NDVI (B) of the study area with
field measured crop damage (%). The labelled value in each grid was the crop damage % manually
assessed by insurance survey.

Comparing the hail-to-crop damage assessments by AUC and delta approaches in
three crops, the 32-day AUC had the highest r and lowest RMSE, followed by the 12-day
delta index, 12-day AUC, and 7-day delta index. A trend showed that the AUC approach
had less vegetation index impact than the delta approach. The difference of RMSE amongst
eight indices by 12-day AUC assessment is 3%, 1.5%, and 2.5% in canola, wheat, and lentil,
respectively. The 32-day AUC had a more subtle difference amongst the vegetation indices,
which was 1.5%, 2%, and 1.6% RMSE difference in canola, wheat, and lentil. In comparison,
the estimation accuracy of the delta index varied highly with the vegetation indices in each
crop. The difference of RMSE between 12-day NDVI and 12-day NDWI is 1.5%, 7%, and
7% in canola, wheat, and lentil, respectively.
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4. Discussion

The current study used Sentinel-2 to estimate hail damage in 54 fields (3402 hectares)
of canola, wheat, and lentil crops near Assiniboia (49.6328° N 105.9921° W) on 4 July 2020.
The crop damage due to hail was variable among the three crops. The effect of hail on
vegetation indices was longer in canola and wheat compared to lentil. Wheat was found to
recover at 33 days after the hail; whereas canola and lentil showed a delayed recovery.

Differential crop tolerance could be the reason for varying vegetation index correlation
between crops. The correlation of the vegetative indices and crop damage showed no
optimal vegetative index that best estimated all hail-crop damage with NDVI, NDWI, and
PSRI all having the greatest r and the lowest RMSE in canola, wheat, and lentil, respectively.
All vegetation indices use NIR-reflectance, which has been reported to be highly sensitive
to the changes in the canopy structure and surface wetness due to hailstorm [41].

It is interesting, though perhaps not unexpected, that the mesophyll in the leaf struc-
ture is sensitive to hail. Both the NDWI and PSRI reflect the changes of the mesophyll in the
plant leaf. PSRI tracks the carotenoid to chlorophyll ratio in plants [13]. In the plant leaves,
carotenoid absorbs the blue-green to green wavelengths; although chlorophyll absorbs
blue and red wavelengths. Since the leaf defoliation or scarred leaves by hail reduced the
chlorophyll absorption of blue and red wavelengths, the ratio of carotenoid to chlorophyll
in the chloroplast in the mesophyll increased; the PRSI would be raised after hail [42].
Hail also affects the water content of the spongy mesophyll, which is the site of gaseous
exchange. Tartachnyk et al. [43] found that the stomata in the leaf closed during hail and
remained closed for several hours, which further decreased water evapotranspiration rate.
Araki et al. [44] showed that rice had sharply reduced CO, exchange rate and mesophyll
conductance in a flooded environment, and inhibited gas exchange resulted in high water
content in the spongy mesophyll. The amount of water available in the internal leaf struc-
ture essentially controls the spectral reflectance in the SWIR interval of the electromagnetic
spectrum, and SWIR reflectance is negatively related to leaf water content [45]. Therefore,
the NDWI index increased as hail appeared, and the leaf stomata remained closed in plants
that were highly damaged.

NDVI has been used in previous hail damage assessments using remote sensing [17,46,47].
The index is sensitive to plant health and is used to identify vegetation stress. Ref. [8]
detected hail areas by: (1) classifying the anomaly pixels in the NDVI layer compared to the
background and (2) passing them through kernel filters of the histogram to determine dam-
aged or undamaged areas. However, NDVI is general to plant health; thus, confounding
factors, such as flooding stress, leaf damage by plant disease, nutrient deficiency, and others
could influence this index [48]. Moreover, NDVI may not be suitable for hail occurring near
crop maturity.

Several studies have used methods such as quantifying the change of indices between
pre- and post-hail or undamaged vs. damaged area to map the hailed area and separated
different damage severity classes [41,49,50]. Zhao et al. [46] calculated the delta indices of
pre- and post-hailstorm NDVI from HJ-1 multispectral images (30 m) to map hailed areas
and, subsequently, categorized the damage into broad classifications of serious, moderate,
and light, with a Kappa coefficient (k) of 0.78. Choudhary [41] calculated the percentages
changes in NDVI and Normalized Difference Tillage Index (NDTI) between pre- and post-
hail and estimated the affected area to five damage severity classes with an accuracy of
86.7%. Our study calculated the delta NDVI from a similar calculation but computed a finer
level of damage severity with a coefficient correlation of 0.77~0.89. Additionally, the 12-day
ANDVI indices also showed more accurate estimation than the 12-day AUC in canola and
lentils. Corresponding to the fact that the canola and lentil did not recover as rapidly as
wheat, the delta index was useful to assess the direct hail damage.

The comparison between the different hail damage approaches provided some inter-
esting points. The present study calculated the AUC of the changed vegetative indices
to estimate the hail severity. The crop damage estimation showed that the 32-day AUC
had the highest r and lowest RMSE compared with the 12-day AUC, 12-day delta index,
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and 7-day delta index. The protracted AUC analysis captures both the direct damage
and plant recovery in the temporal profile; in contrast, the delta approach only measured
the direct damage. Another relative improvement of the AUC approach is fitting various
vegetation indices. The difference of RMSE amongst the vegetation indices in the 12-day
AUC assessment is minor compared to the 12-day delta assessment. Hence, the AUC
approach’s estimation accuracy varies less with the vegetation indices.

Instead of comparing the plant reflectance variation by hail, another hail damage
assessment compares the estimated plant biomass and yield with the potential yield from
the previous years. Gobbo et al. [51] estimated the biomass and yields in 90 hectares of hail-
damaged corn with a precise —4.9~3.4% difference compared to the insurance company’s
estimates. The author found the spatial variability within the field confounded the model
and underestimated the actual biomass by 15.1%. The predicted yield model could only
evaluate severe damage (no grain production), whereas the yield loss for moderate and
low damage could not be estimated in the large-scale fields (8574 hectares) [46]. The results
of the study showed that changes in vegetation indices had a reasonably good correlation
with crop inspector assessments. We believe that the ground survey from an insurance
inspector is still essential and, when combined with index-based methodologies, more
accurate estimations are possible.

We think that the ground survey from an insurance inspector is still essential for moni-
toring crop growth stages, evaluating potential yield, and providing aid to farming distress.
The crop-damage assessment by satellite-based imagery can assist inspectors having quick
overview on damage extent, as well as severity. Suitable vegetation indices explored from
this study could support decision making in locating survey sites. Combining ground
surveys with satellite imagery techniques makes more accurate and timely compensation
possible.

Although crop damage by hail can be assessed, the study still has some limitations.
First, the sample size is small, especially on lentil (six data points). As field data were
collected from a single hail event, hail event time associated with crop growing stage
has not been taken into consideration. Secondly, satellite data were collected from one
source (Sentinel-2), so spatial and temporal resolution imagery can still be increased;
environmental factors that contributed to the development of crops over time have not
been included. Therefore, further research should focus on field data collection so that
more sophisticated models, such as machine learning, can be used. This is possible as
field data collection on crop damage by hail is conducted annually by the Municipal Hail
Insurance. More satellite data sources, such as Sentinel-1, PlanetScope, Landsat, will be
included to enhance data quality, as well as prediction power. Some satellite-based data
on precipitation, temperature, soil moisture, evapotranspiration will be included so that
damage prediction on a larger spatial scale is possible.

5. Conclusions

This study explored the capability of using Sentinel-2 data within a cloud computing
platform for field crops damaged by a hailstorm. The hail damage on canola, wheat, and
lentil over time can be monitored using Sentinel-2 time-series data. The temporal profiles
of NDVI show that crop damaged by hail recovered after about one month. The area under
the curve one-month dataset could accurately quantify the hail-affected crop with direct
damage and plant recovery without obstructiveness of cloud cover. The 32-day AUC of
NDVI, NDWI, and PSRI were well correlated with ground estimates of hail damage in
canola (r = —0.90, RMSE = 8.24), wheat (r = —0.86, RMSE = 12.27), and lentil (r = 0.80,
RMSE = 17.41). In comparison, the delta approach is robust and comparable to AUC
approach. Still, it could be constrained or susceptible to the availability of the free cloud
images over broader areas after a hail event. The cloud computing system of Google Earth
Engine allows for retrieval and processing time-series data of cloud mask indices from
Sentinel-2 without difficulty. It is expected that the outcomes from this study will allow
companies to provide more reliable information on hail damage to farmers and the extent
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of the damaged area. As the data were collected from a single hailstorm event with a
limited number of investigated fields, future studies are necessary to validate the proposed
methodology over a larger area using multiple crop species at different growing stages.
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