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Abstract

Crop growth monitoring is an important phenomenon for agriculture classification, yield esti-
mation, agriculture field management, improve productivity, irrigation, fertilizer management, sus-
tainable agricultural development, food security and to understand how environment and climate
change effect on crops especially in Russia as it has a large and diverse agricultural production. In
this study, we assimilated monthly crop phenology from January to December 2018 by using the
NDVI time series derived from moderate to high Spatio-temporal resolution Sentinel and Landsat
data in cropland field at Samara airport area, Russia. The results support the potential of Sentinel
and Landsat data derived NDVI time series for accurate crop phenological monitoring with all
crop growth stages such as active tillering, jointing, maturity and harvesting according to crop cal-
endar with reasonable thematic accuracy. This satellite data generated NDVI based work has great
potential to provide valuable support for assessing crop growth status and the above-mentioned
objectives with sustainable agriculture development.
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Introduction

Continuously increasing the world population, in-
crease the presser on agriculture land and production to
compete for the demand. Detailed and accurate infor-
mation about crop growth is very important for a specific
region for a range of scientific and development purposes
with environmental consequences (Leff et al., 2004, UN,
2015). Generally, crop growth monitoring use for agricul-
ture classification, yield estimation, agriculture field
management, improve productivity, irrigation, fertilizer
management, sustainable agricultural development, food
security and to understand how environment and climate
change effect on crops [1, 2]. A crop growth study could
quantify crop growth physiological development and
yield, with interactions among environmental characteris-
tics such as soil, weather, water, etc. Normally crops have
three major growth stage (1) vegetative stage, including
germination, seedling, tillering and jointing, (2) reproduc-
tive stage, including booting, heading and flowering, (3)
maturation stage show mature plant with grains. During
the crop growth monitoring, farming techniques and

management is also very important from the beginning to
the mature stage for the decision-making authorities to
decide on the issues of food security especially in ex-
treme weather conditions such as famine or drought. In
Russian context agriculture, land use is going under dra-
matic changes due to extreme weather conditions, socio-
economic activities and human interference in natural re-
sources as well as capitalism and rural depopulation. This
is reducing the overall willingness and interest in farming
or agriculture in Russia as extreme weather conditions
repeat in terms of frequency and magnitude. This high-
lights the urgent call for crop growth monitoring study
throughout the growing season to increase crop resilience
and reduce production risks [3].

Satellite remote sensing has been widely used in the
agriculture field for crop mapping and monitoring from
the beginning of launching Landsat series in 1972. It’s
better than conventional methods such as ground surveys
or questionnaires, in terms of spatial-temporal resolution,
coverage area, and less manual labor. Satellite remote
sensing-based crop growth monitoring has also some lim-
itations in terms of low spatial-temporal resolution and
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weather effects with less frequency of data. Still, accurate
crop growth monitoring, yield estimation, and forecast
have been challenging tasks at the individual field level
[4]. As well, temporally sensitive applications such as
timely detection of production risks from disease or se-
vere weather may be missed with these weekly products.
However, still, satellite data derived NDVI time series is
the best option for crop growth or phenological extraction
with a spatial-temporal resolution during the crop growth
period [5].

There are several methods for crop phenology identi-
fication but the most commonly used method is Normal-
ized Difference Vegetation Index (NDVI) threshold,
which was used by many researchers [6, 7]. Even for the
last long time, several national and international agencies
in many countries use NDVI as an indicator of crop con-
dition. NDVI is a strong indicator of crop development
due to the absorption of red wavelength energy in the
electromagnetic spectrum by plant chlorophyll and reflec-
tion of infrared (IR) energy by plant cell structure. So
NDVI can fully correlate with biomass by IR reflectance
and later on crop development and help to identify
changes in crop production. Earlier many studies detect
different crop stages during crop growth period with the
help of NDVI time-series such as tillering, heading and
harvesting [8]. When NDVI values changes from nega-
tive to positive direction, its show initial crop growth
stage like early phase of green leaf, peak NDVI values re-
late to highest crop growth stage and once NDVI time se-
ries curve shift from positive to negative, its determine
full mature stage of crop or start harvesting [9].

Crop growth monitoring is also essential to know the
crop phenology since phenological information affects
crop matter distribution during the growing stages [10, 11].
Phenology is an innate image of crop growth, which re-
flects from crop intermittent biological changes affected
by the climate and other environmental conditions [12].
However, few studies have optimized crop growth simu-
lation regarding the development of crop phenology
based on the NDVI time series. Satellite data derived
NDVI is also a sensitive indicator for canopy background
such as soil properties [13]. That's why since last long
time, NDVI based biophysical parameters have been used
as they are significant for different crop growth stages
and can easily detect from remote sensing data. [14] used
the NDVI time series for rice crop growth monitoring.
[15] also demonstrate that NDVI based crop yield estima-
tion accuracy depends on the different phenological stag-
es, temporal frequency, and spatial scale.

However, this study gives attention to identify all
growth stages from the beginning of germination/seeding
to fully mature plant with grains for better sustainable de-
velopment of agriculture and to filling literature gaps of
earlier studies. This research work was employed Senti-
nel-2B and Landsat 8 (OLI) data for monthly NDVI time
series based crop growth or phenology study in Samara
Airport area, Russia. This paper organized as follows:

Section 1 introduction about the study; Section 2 de-
scribes the study area; Section 3 presents material and
methodological aspects; Section 4 is highlights the results
and main findings; Section 5 discussion and finally con-
clusions are given in Section 6.

1. Study area

We choose the agriculture land of Samara Airport
area in Russia as a study area. Samara region is situated
in the South-East of the Eastern European Plain in the
middle flow of the greatest European river of Volga
(fig. 1.). Geographical coordinates are 53°12'10"N,
50°0827"E (fig. 1). The region occupies an area of
53600 square kilometers (0.31% of the territory of
Russia) and forms a part of the Volga Federal District.
The land within the city boundaries covers 46,597
hectares (115,140 acres) with population: 1,164,685
(2010 Census); 1,157,880 (2002 Census); 1,254,460
(1989 Census). Formerly a closed city, Samara is now a
large and important social, political, economic, industrial,
and cultural center in European Russia. It has a
continental climate characterized by hot summers and
cold winters. Winters are very cool with high snowfall;
the average temperature is around 5.7°C. Rainfall is
widely distributed throughout the year, falls in summer
(April to September) usually in the form of a
thundershower. The winter (December to February) rain
as a snowfall that impacts positively on winter crops. The
major crops grown in the study area are grain, sunflower,
sugar beets, potatoes, wheat, maize, mustard, onion, etc.
whereas some of the fruits are grown as cash crops. This
study area situated within Russia’s black soil (Chernozem)
grain belt, known as highly fertile land. Fieldwork was
held during the summer of 2018 and performed extensive
interviews with district administrators, farm managers and
other members of the population. Remote sensing was used
to advance our understanding of ongoing agricultural
changes in the region.

2. Material and methodology
2.1. Data

For monthly crop growth monitoring, we were ac-
quired 12 Sentinel 2B and Landsat 8 OLI images respec-
tively from January to December 2018 for the study area
from the united states geological survey (USGS) website.
We used band 8, 4, 3 and 5, 4, 3 band combinations for
RGB from Sentinel 2B bands at 10 m resolution and
Landsat 8 OLI at 30 m resolution respectively (table 1).
This help for crop cover visual assessment of the field
during cloud or shadow cover situation [16]. NDVI prod-
ucts from both satellite data were employed to extract
crop phenology information.

Sentinel 2 is an earth observation mission launched on
07 March 2017 from European Space Agency (ESA). The
mission supports a broad range of services and applica-
tions such as agricultural monitoring, emergency man-
agement, and land cover classification or water quality.
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Sentinels 2 is better than SPOT and LANDSAT in terms
of resolution and repeat the cycle as it’s have 10 to 60 m
spatial resolution with 290 km swath, 13 spectral bands
and 10 days repeat the cycle in Multispectral Imager
(MSI) sensor (table 1). Landsat 8 is an American Earth
observation satellite launched on February 11, 2013. It is
the eighth satellite in the Landsat program; the seventh to
reach orbit successfully. Originally called the Landsat
Data Continuity Mission, it is collaboration between
NASA and the United States Geological Survey (USGS).
Landsat 8 carries two sensors: (1) Operational Land Im-
ager (OLI) and (2) the Thermal Infrared Sensor (TIRS).
These two sensors provide seasonal coverage of the glob-
al landmass at a spatial resolution of 30 meters (visible,
NIR, SWIR); 100 meters (thermal); and 15 meters (pan-
chromatic). Landsat 8 has 185 km swath with 15 days re-
visit time (table 1).

ss04000 swscgoc  gsaaocec

Fig. 1. Location of the study area

2.2. Pre-processing

Digital image processing work was done by the Arc-
GIS software. First, all satellite imageries were geometri-
cally and radiometrically corrected, also remove all at-
mospheric errors such as dropouts as well as remove
clouds by filtering. Image enhancement techniques like
histogram equalization were also performed on each im-
age for improving the quality of the image. Digital topo-
graphical maps at 1:50,000 scale, were used for image
georeferencing for the thematic map and increase the ac-
curacy of the overall assessment. At this stage, 25 points
were selected as GCPs (Ground Control Point) in the
study area. Different data sources used for the GCP-
positioning were: digital topographic maps, GPS (Global
Positioning System) coordinates and other data from the
Google Earth system. After removing all errors, then de-
rive the NDVI time series for crop growth and phenologi-
cal profile from January to December 2018. All NDVI

phenological maps were testified by ground-truthing with
the help of hand-held GPS, during the study period.

Table. 1. Brief characteristics of Sentinel 2B (MSI)
and Landsat 8 (OLI) sensors

Sentinel 2B - Multispec- Central Spatial
tral Imager (MSI) bands wavelength resolution
(no.) (nm) (m)
1 — Coastal aerosol 44222 60
2 — Blue 492.1 10
3 — Green 559.0 10
4 — Red 664.9 10
5 — Vegetation red edge 703.8 20
6 — Vegetation red edge 739.1 20
7 — Vegetation red edge 779.7 20
8 —NIR 832.9 10
8A — Narrow NIR 864.0 20
9 — Water vapor 943.2 60
10 — SWIR - Cirrus 1376.9 60
11 - SWIR 1610.4 20
12 — SWIR 2185.7 20
Landsat 8 - Operational Wavelength ressg?fllt?(l)n
Land Imager (OLI) bands (um) (m)
1 - Ultra Blue 0.435-0.451 30
2 —Blue 0.452-0.512 30
3 — Green 0.533 - 0.590 30
4 —Red 0.636 - 0.673 30
5 -NIR 0.851-0.879 30
6—SWIR 1 1.566 - 1.651 30
7—-SWIR 2 2.107 - 2.294 30
8 — Panchromatic 0.503 - 0.676 15
9 — Cirrus 1.363 - 1.384 30
10— TIRS 1 10.60 - 11.19 100 * (30)
11 -TIRS 2 11.50 - 12.51 100 * (30)

* TIRS bands are acquired at 100 meter resolution,
but are resampled to 30 meter in delivered data product.

2.3. Normalized Differential Vegetation Index (NDVI)
time series

The remote sensing-based vegetation indices have been
widely used by several researchers for various studies [17].
Stressed vegetation has a higher reflectance than healthy
vegetation in the visible (0.4 —0.7 pm) region and lower re-
flectance in the near-infrared (0.7—1.1 um) region of the
electromagnetic spectrum. Based on this characteristic of
the spectral response of vegetation, Normalized Difference
Vegetation Index (NDVI) was calculated. It is a very popu-
lar tool for mapping vegetation health or condition. Be-
sides, it can be used for monitoring the continental land use
and land cover, classification of vegetation and its phenol-
ogy (Justice et al. 1985). It is also effective for monitoring
desertification [17], drought [18], estimating net primary
production of vegetation, crop growth conditions, yields,
detecting weather impacts, etc. [15]. Following the stream-
lines in methodology, after image pre-processing, all satel-
lite images were processed for the mapping of NDVI ac-
cording to the following formula:
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_ NIR —Red

NDVI = .
NIR +Red

The NDVI is an indicator of the vegetation greenness,
which measuring by the difference between NIR and
RED lights as NIR is strongly reflecting and red light is
absorbed by plants. It always ranges from —1 to +1. The
negative values of NDVI (approaching —1) correspond to
water or clouds. Values close to zero (—0.1 to 0.1) gener-
ally correspond to barren areas of rock, sand, snow or ur-
banization. Lastly, low, positive values represent shrub
and grassland (approximately 0.2 to 0.4), while high val-
ues indicate temperate, tropical rainforests or healthy and
dense vegetation (values approaching 1) [19].

NDVI is a proxy for photosynthetic activity (fig. 2) and
primary production from vegetation biomass and is a com-
mon index for monitoring vegetation health. High chloro-
phyll content (healthy plant) reflects a high amount of NIR
in compare to green light and absorbs maximum red and
blue lights. That's why plants look like green color. There is
an example that how NDVI is calculated (fig. 2).

Near: Visible Near: Visible

infrared. infrared.

50%}/ 8% 40(%&/ 30%
tf w ';a.s
ig 3.

\_;;"“ o L ey TS W
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September in mid of every month for the year of 2018. In
the study area, 25 randomly distributed sampling plots
were selected for field measurement with the help of a
global positioning system (GPS). The results were report-
ed in the form of a confusion matrix including the user’s
and producer’s accuracy [20].

3. Results
3.1 Crop phenology and crop calendar

Phenological profiles for all the crops extracted and
mapped at 10 to 30-meter resolution with Sentinel 2B and
Landsat. Both data allow us to estimate the area more
precisely and accurately. The resulted NDVI time series
represent seasonal trajectory in vegetation. All agriculture
fields have low NDVI values from January to March but
in April, its increase randomly. In the month of May-June
all crops shows very high NDVI values with highest in
July (fig. 3). From August maximum study area’'s NDVI
values start to reducing with low value in the month of
September—October and lowest in the month of Novem-
ber—December (fig. 3). The resulted from the NDVI time
series also show a distinct phenological peak (fig. 3) re-
lated to crop growth according to the crop calendar (ta-
ble 2). Three crucial phenology stages, including tillering,
heading and maturity were extracted from NDVI time-
series data to optimize the crop phenology development.
As its peak value in July and harvest in September indi-
cate that these fields are from summer crops. The trend of
NDVI time series from January to December 2018 shows
the variation of the entire year (fig. 3). All the profiles
were plotted and checked against the crop calendar of the
study area to identify the crop growth and phenology (ta-
ble 2).

Table. 2. Crop phenology with crop calendar

o PSS Ere, ™ %
>3 2L L <
- sreen ’
1 eaves
ﬂ%
"- E =
(0.50-0.08) _ (0.40-030) _
0.50+0.08) *7? (0.40+0.30) 14

Fig. 2. Example of NDVI calculation (Source: Google)

High NDVI values represent healthier vegetation
(green plants) and low NDVI values represent no vegeta-
tion, urbanization, clouds, snow or water body. Here NDVI
was computed as the ratio of responses in near-infrared
(NIR) and visible bands of the Sentinel 2B (MSI) and
Landsat 8 (OLI) based sensors. NDVI was calculated from
visible (band 4 Red) and near-infrared bands (band 8 NIR)
combinations in ArcGIS software from Sentinel 2B and
band number 4 (Red) and 8 (NIR) for Landsat data.

2.4 Accuracy

Ground truth data and google earth images as they
have high resolution with photographs were used for ac-
curacy assessment and qualitative results. We have done
field trips during the crop growing session from April to

Months Phenology Phase
January Permanent snow cover
February Snow cover
March Start melting snow
April Sowing & Emergence
May Tillering & Hibernation
June Jointing & Booting
July Flowering
August Ripening
September Harvesting
October Harvesting
November Start snow cover
December Start permanent snow cover

Table 2 represents general crop phenology with crop
calendar in the study area. We find highest average NDVI
value in July (0.45) and loweast from January to March
(0.01). In the study area maximum NDVI values reach up
to 0.84 in summer session (May to Septemebr), which rep-
resent very healthy agricluture due to highly fertile soil
(black) and fine weather condition (fig. 3). That's why this
area have high production rate. NDVI values increase rap-
idly from April, (sowing & emergence) to May (tillering &
hibernation) and its maximum increase rate was in June
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(jointing & booting) and then remained stable July (initial
heading, filling & flowering). After that NDVI decline
slowly and its decrease trend in August show ripening and
maturity and decreased more significantly in September
and October represent harvesting stage (table 2). Three
stages of crop growth have been identified by the field
work (1) Canopy closure, or the presence of visible bare
soil. This stage presents in beginning of plant, generally till
beginning of April in the study area, (2) Stem extension or
plant growth stage, this stage shows growth of plants
(stem, leaf, flowering) and soil are stop to visible. Its

shows lowest to highest NDVI values and genearlly from
May to August months in the study area, (3) Visible ears,
this is the eand of growth stage. Only full mature plants are
in this stage so heading and ripening is present without soil
visibility so only ears are visible. It’s the time of harvest
and generally in Septemebr-October (fig. 3 & table 3). In
summary, results indicate that Sentinel-2 and Landsat 8
satellite data have sufficient spatio-temporal resolution for
detecting the phenological characteristics of crop growth in
this type of fields (fig. 3 & table 3).
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Fig. 3. Crop phenology graph and table based on (a) Sentinel & (b) Landsat data in the study area with minimum,
maximum, mean and standard deviation of NDVI values

Table. 3. Crop phenology table based on (a) Sentinel & (b) Landsat data in the study area with minimum, maximum, mean
and standard deviation of NDVI values

NDVI S Jan-18 Feb-18 Mar-18 Apr-18 May-18 Jun-18 Jul-18 Aug-18 Sep-18 Oct-18 Nov-18 Dec-18
Minimum -024 -0.16 -0.10 -030 -026 -0.18 -024 -0.16 -022 -024 -036 -024

A Maximum 0.50 0.40 0.36 0.44 0.84 0.80 0.84 0.78 0.8 0.64 0.72 0.54
Mean 0.01 0.01 0.01 0.07 0.40 0.43 0.45 0.37 0.35 0.17 0.16 0.07

StD 0.05 0.04 0.03 0.06 0.18 0.17 0.17 0.16 0.16 0.10 0.12 0.06
Minimum -0.08 0 -006 -0.16 -004 -0.08 -0.14 -0.13 -0.13 -0.08 -0.06 -0.04

B Maximum 0.14 0.10 0.22 0.18 0.36 0.54 0.60 0.59 0.58 0.30 0.26 0.18
Mean 0.02 0.04 0.03 —0.01 0.15 0.28 0.29 0.28 0.25 0.09 0.06 0.04

StD 0.02 0.01 0.03 0.03 0.06 0.10 0.11 0.09 0.16 0.04 0.04 0.03
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Results also indicate the date of season start/end
(April/October) tillage and harvest, date of medial sea-
son (May, June, July) with peak maturity in July and du-
ration of seasonal length (April to October). NDVI time
series results indicate critical growth period or phenology
of crop growth in Samara airport area, Russia (fig. 3. &

table. 3). It is representing the local agricultural activities
arrangements, crop development phases and weather ef-
fect in the study area (fig. 3. & table. 3). As Russia is the
country of very high snow fall which start in the end of
October and finish in beginning of April so people start
farming in beginning of April and harvest till October.
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Fig. 4. Cropland area change graph based on NDVI values, (a) Sentinel & (b) Landsat data

3.2. Cropland area based on NDVI values

We also calculate the total cropland area based on
NDVI values and for that first, we classify NDVI values
according to table. 5.

As crop calendar and NDVI time series based crop
phenology were shown that from January to March and
November-December, the whole study area covered by
ice due to high snowfall so during this period maximum
agriculture area comes under “no agriculture” class (fig. 4
& table. 4). From April to October we find all NDVI val-
ues or classes (table. 5), during this time no and low agri-
culture classes reduce dramatically and high NDVI value

(medium, high & wvery high) class’s area increased
(fig. 4), which also illustration weather effect in the area.
With these results, we can say that climate effect on the
area as during snowfall there is no vegetation and in peak
hot weather around July find highest NDVI values means
fully mature crop. Before the beginning of snowfall at the
beginning of November, all crops were harvested and lat-
er on the area covered by snow so there was no vegeta-
tion. In winter session (December to April) we find No to
high NDVI classes’ area but in the summer session (May
to November) we find very high NDVI class with its
highest in July which has 1021.37 hectare area of the
study area (fig. 4 & table 4).
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Table. 4. Cropland area change table based on NDVI values, (A) Sentinel & (B) Landsat data

Jan-18  Feb-18 Mar-18 Apr-18 May-18 Jun-18 Jul-18 Aug-18 Sep-18 Oct-18 Nov-18 Dec-18
NDVI S A
No 2537.63 1203.17 147393 152.50 32.45 29.17 33.54 17.32 18.45 170.53 178.09 100.32
Low 3292.80 4635.5 4366.52 5603.98 2160.42 1937.12 1059.35 1749.99 2172.18 4081.6 4605.5 5681.13
Medium 11.84 4.37 2.50 86.36 1805.81 944.46 1181.92 2190.52 2086.37 1533.53 870.77 57.53
High 0.78 0.01 0.10 0.21 1299.11 2093.10 2546.87 1340.99 1321.17 56.68 178.92 4.07
V.high 54526 839.20 1021.37 544.23 244.88 0.71 9.77
Total 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05 5843.05
B
No 139.77 20.00 2295 1359.62 14.31 21.51 20.43 17.46 5.58 22.59 25.83 19.89
Low 5704.56 5824.33 5821.20 4483.71 5208.03 2406.51 1913.58 1234.51 52.29 5808.33 5811.12 5824.44
Medium 0.18 1.00 62199 2948.31 2788.38 3215.43 2899.71 13.41 7.38
High 468.00 1121.49 1375.93 1751.67
V.high 0.45 1.00 1135.08
Total 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33 5844.33
Table. 5. NDVI classification and Kappa coefficient for Sentinel 2B and Landsat OLI fia-
ta. The overall accuracy for the crop phenology mapping
NDVI classes Agriculture condition/health and monitoring was 92 % with 92 % Kappa (table 6).

<0.0 No agriculture

0.0-0.2 Low agriculture

0.2-0.4 Medium agriculture

0.4-0.6 High agriculture
>0.6 Very high agriculture

We can visually identify NDVI time-series changes in
monthly NDVI maps generated by Sentinel 2B and Land-
sat data in figure 5. In NDVI maps (fig. 5), dark green col-
or represents crop greenness or health of the crop, where
dark brown color is indicator of non-vegetation or water
and from brown to green is in-between situation (fig. 5). In
Russia, sometimes crop field leaves barren to improve soil
fertility for the next crop. That’s why in peak summer ses-
sion some field looks in brown. NDVI maps also show
man-made (close to the airport) and natural climate effects
on crop phenology as crop growth heavily influenced by
management practices such as sowing dates, irrigation, and
fertilizer application. These influenced patterns variate
from year to year as well as monthly and these changes
might impact the canonical temporal profile of the study
area crops. It is representing the local agricultural activities
arrangement and crop development phases within the study
area. In figure 5 all these things can easily identify at indi-
vidual crop field level with their edge. The spatial crop
phenology characterization could provide a supplementary
mean for conventional agro-meteorology observation. Sub-
tle shifts in the timing of crop phenology revealed in-
ter/intra annual variation of crop growth and that can be an
indicator for variation of climate, cropping system shift and
agricultural activities arrangements.

3.3. Accuracy assessment

Ground Control Points (GCP) were collect during the
fieldwork for accuracy assessment and georeferenced the
data [21]. Used google earth for accuracy assessment as it
has very high-resolution imageries with photographs. To
validate the resultant classified map, accuracy assessment
has been done with collected GPS points of crops and cal-
culated user accuracy, producer accuracy, overall accuracy

Table 6. Accuracy assessment based of field verification

Class ATl e s Others Total s
ture culture accuracy

Agriculture 35 2 1 38 0921
Non-Agri- 3 31 1 35 0885
culture
Others 0 1 26 27 0.962
Total 38 34 28 100
Producer 0921 0911 0928

accuracy

Overall 0.920

accuracy

Kappa 0.920

When we compare Sentinel and Landsat data results for
crop growth from beginning to end, both data show posi-
tive relationship but Sentinel 2B data have little bit higher
accuracy in terms of significant, a fraction of the variance
in phenological timing/dates than Landsat data. In tillering
or visible soil stage Sentinel data show continuous increas-
ing NDVI values but Landsat data results show low NDVI
values in April compared to February-March. When we
compare all NDVI classes from “No to Very High Agricul-
ture” classes, Sentinel data show all classes from May to
November but Landsat shows all classes only from July to
September which represents that Sentinel 2B data generat-
ed NDVI values are more accurate and qualitative in com-
pare of Landsat data [22]. We confirm these results during
field visit for all crop growth stage (fig. 6).

4. Discussion

Although additional data from more ecological sta-
tions and cultivars are needed to validate the presented
results in the future work, this study could be useful for
assessing crop phenology over large agricultural lands us-
ing satellite imagery given that the NDVI data could be
acquired by more high-resolution satellite data. The
method in this study would also provide a useful refer-
ence for further studies on other crops or vegetation spe-
cies. The findings from the one-year consecutive experi-
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ment demonstrated the great potential of ground-based | remote sensing for accurate detection of crop phenology.

Sentinel 06/2018

a

Sentinel 08/2018

Sentinel 11/2018

Landsat _03/2018 Landsat_04/2018

NDVI High
Fig. 5. NDVI time series maps Value Low
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A

T e -
Landsat_09/2018 Landsat_10/2018 - Landsat _12/2018
- . NDVI High
Continuation of Fig. 5 Value Low

Fig. 6. Field photographs

The future work is directed to the incorporation of
NDVI an operational system for continuous monitoring
of crop phenology. Besides, new spectral indices with op-
timized wavelengths from ASD hyperspectral data will be
exploited for crop phenology detection shortly [23].

Although the cropping area presents unique phenologi-
cal trajectory in the NDVI time-series, the summer crop
has a synchronized growth stage with other vegetation,
making it difficult to be distinguished; crop growth status
or cultivation management might be different among dif-
ferent farmlands that eventually influence the NDVI value;
and the availability of labor and farming machineries
which are highly dependent on agricultural scheduling
when sowing and harvesting comes. All these factors are
also a critical influence on other areas and sessional crops.

Our study presents the first large-scale implementation
of a flexible protocol to monitor and mapping crop growth
development and damage with limited technical skills. Our
results show that satellite remote sensing with ground-
truthing or fieldwork can capture sufficient information
about different crop growth stages or vegetation greenness
for crop phenology during crop development than other
convention methods with higher accuracy.

Conclusions

Crop growth was monitored and mapped by NDVI
time series derived from Sentinel-2B and Landsat OLI
data with ground-truthing. The results indicate that NDVI
values were variate according to the crop calendar which
also affected by the weather. NDVI can be used to detect
the dates of active tillering, middle heading and maturity.
It can be concluded that mapping crops through satellite
remote sensing data by exploring phenological patterns is
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an efficient, reliable and traceable technique compared to
other conventional methods. The dates of active tillering,
jointing and maturity could be useful for irrigation man-
agement, fertilization recommendation, and harvesting
determination, respectively. This demonstrates that rea-
sonable accurate maps of crop phenology can be generat-
ed from the Sentinel-2B and Landsat OLI time series,
which provides a novel insight for data assimilation in the
field of crop growth simulation. Consequently, this ap-
proach is well suited to be transferred to other regions or
countries to a relevant nation to an international level or-
ganization to make benefits and fulfill agriculture appli-
cation requirements from remote sensing data based time
series.
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