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ABSTRACT

Accurate information about phenological stages is essential for canola field management practices such
as irrigation, fertilization, and harvesting. Previous studies in canola phenology monitoring focused
mainly on the flowering stage, using its apparent structure features and colors. Additional phenological
stages have been largely overlooked. The objective of this study was to improve a shape-model method
(SMM) for extracting winter canola phenological stages from time-series top-of-canopy reflectance
images collected by an unmanned aerial vehicle (UAV). The transformation equation of the SMM was
refined to account for the multi-peak features of the temporal dynamics of three vegetation indices
(VIs) (NDVI, EVI, and Cleq-eqge)- An experiment with various seeding scenarios was conducted, including
four different seeding dates and three seeding densities. Three mathematical functions: asymmetric
Gaussian function (AGF), Fourier function, and double logistic function, were employed to fit time-
series vegetation indices to extract information about phenological stages. The refined SMM effectively
estimated the phenological stages of canola, with a minimum root mean square error (RMSE) of 3.7 days
for all phenological stages. The AGF function provided the best fitting performance, as it captured multi-
ple peaks in the growth dynamics characteristics for all seeding date scenarios using four scaling param-
eters. For the three selected VIs, Clieq-eqge achieved the greatest accuracy in estimating the phenological
stage dates. This study demonstrates the high potential of the refined SMM for estimating winter canola

phenology.
© 2022 Crop Science Society of China and Institute of Crop Science, CAAS. Production and hosting by
Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-NC-
ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Phenology information is essential for understanding seasonal
crop growth dynamics and performing crop management |[3].

Canola (Brassica napus L.), the third largest oilseed producing
crop in the world, is a source of edible oil and feed protein and a
feedstock for biofuel production [1]. China is one of the top canola
producers, accounting for 15.6% of total sown area and 17.4% of
global production (FAOSTAT: https://www.fao.org/faostat/en).
Winter canola accounts for about 90% of canola production in
China, and is generally planted in rotation with rice, maize, soy-
bean, and other grain crops for maximum farmland use efficiency.
In 2019, the winter canola-sown area and yield accounted for
50.9% and 38.6% of the oil crop of China [2]. Timely and accurate
information about canola development is desirable for making
field management decisions to optimize production.

* Corresponding authors.
E-mail addresses: xieziang1@yeah.net (Z. Xie), syfeng@yzu.edu.cn (S. Feng).

https://doi.org/10.1016/j.cj.2022.03.001

Insufficient water or inadequate light conditions during the flower-
ing stage of canola can result in pollination failure [4,5], and exces-
sive soil water during the rice tillering period can increase the
number of ineffective tillers (inability to grow and ear forming)
[6]. Accurately identifying key crop phenological stages is essential
for management activities such as irrigation scheduling, fertiliza-
tion, and harvesting [7-10]. Phenology dates are also necessary
input parameters for crop growth models and remote sensing data
assimilation [11-13].

Crop phenological monitoring has relied mainly on manual
observation or automated recording, both of which are labor and
cost-intensive. With rapid advances in remote-sensing technology,
detection of regional crop phenological stages using time-series
remote sensing data has been shown to be feasible and effective.
The advantage of using remote sensing data is the effective capture
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of spatial-temporal variability of growth dynamics using sensors
with varying revisiting frequencies and spatial resolutions [14].
Observations can be categorized into frequency, resolution, and
target based on sensor type. Numerous remote sensing techniques,
including microwave [15], solar-induced chlorophyll fluorescence
(SIF) [16], and synthetic aperture radar (SAR) [17], have been used
to identify vegetation phenology.

There is no universally accepted method for determining the
phenological stages of all crop types. Vegetation index (VI), an indi-
cator by spectral calculation of two or more bands of light, is com-
monly used to highlight vegetative properties. The main optical
remote-sensing-based phenology detection methods can be classi-
fied into three groups: 1) threshold methods, which assume that a
phenological stage starts when the VI reaches a specific value,
including “fixed” and “dynamic” thresholds (e.g., ratio, mean, and
median of time-series VI) [18-20]; 2) change-detection methods,
which detect the characteristic points on time-series VI curves,
such as maximum, minimum, inflection points, and derivatives to
determine phenological stage dates [21-23]; and 3) geometrical
model fitting, which aims not only to smooth time-series VIs but
to align the derived VI curves with ground-observed phenological
stages. The typical method used is the shape-model method
(SMM), a two-step filtering approach initially proposed by Saka-
moto et al. [24]. The SMM assumes that the positions of crop phe-
nology stage dates on the time-series VI curve are stable and that
the VI curve can be linearly scaled to accommodate other growth
dynamics.

Previous canola phenology studies focused mainly on detecting
the flowering stage, owing to the apparent variation of canopy
spectral signatures at this stage [25-28]. Fang et al. [29] used VIs
to estimate the flowering ratio of canola. Wan et al. [30] estimated
the number of flowers of oilseed rape by combining VI and image
classification. d’Andrimont et al. [4] monitored the peak flowering
period of canola based on Sentinel-1/2 satellite remote sensing
data with a temporal accuracy of 1-4 days. Han et al. [31] devel-
oped a new spectral index (Normalized Rapeseed Flowering Index)
using Landsat 8 and Sentinel-1/2 data to identify canola peak flow-
ering dates in Germany. However, accurate detection of canola
phenological stages is challenging. In contrast to those of other
crops, the temporal profiles of VIs of winter canola show short-
term sharp fluctuations with multiple peaks [32]. Delaying seeding
for winter crops also shortens the growth period [33]. These vari-
ations may render threshold and change-detection methods
inapplicable.

The SMM has been successfully applied to a wide variety of crop
types (including wheat, maize, soybean, and barley) by capturing
specific phenological events throughout the growth period [34].
Sakamoto et al. [24] used the SMM to estimate the phenological
stages of maize and soybean using MODIS (Moderate Resolution
Imaging Spectroradiometer) remote sensing data, achieving the
minimum root mean square error (RMSE) of 2.9 days for the silking
stage. Zeng et al. [35] incorporated a temperature response func-
tion into time-series VI to estimate the phenological stages of
maize and soybean. Sakamoto [36] improved the ability of the
SMM to detect and estimate phenological information for various
crops by refining the calibration procedure of SMM. Zhou et al.
[37] coupled cumulative temperature with a shape model using a
double logistic function to predict winter wheat phenology and
obtained the RMSE, ranging from 1.0 day at maturity to 10.3 days
at tillering stages. Yang et al. [38] used the SMM for estimating rice
phenology, and achieved an RMSE of 4.0 days (68.8% of the mean)
and a mean absolute error of 0.32 day. The satisfactory accuracy
achieved by these studies suggests that the SMM may be generic
for detecting crop phenology with simple seasonal dynamics of
VIs (e.g., one peak). Few studies address extracting phenology from
complex curves.
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To our knowledge, no studies have addressed the estimation of
winter canola phenological stages using the SMM. Most previous
phenological monitoring studies were performed in the same
region, where the seeding date was consistent locally, resulting
in similar crop growth dynamics. The versatility of applying SMM
to a canola crop, whose growth is highly variable is unclear.

The main objective of this study was to develop a refined shape
model for time-series VI to estimate winter canola phenological
stages. A modified SMM was used to account for the features of
the temporal dynamics of canola (such as bimodality). Time series
of three typical VIs and three filtering functions were employed to
fit the growth curves represented by the seasonal VIs.

2. Materials and methods
2.1. Study area and experimental design

The study was performed at an ecological experimental sta-
tion, located in the Jianghuai Plain of eastern China (32°21'N,
119°24’E, 5 m above sea level). This region is characterized by a
subtropical monsoon climate, with a mean annual air tempera-
ture of 14.8 °C and precipitation of 1063 mm. The soil texture
of the experimental field is loamy with an average field capacity
of 0.35 cm® cm 3, permanent wilting point of 0.13 cm® cm 3, and
dry bulk density of 1.49 g cm>. The available carbon, nitrogen,
phosphorus, and potassium in the 0-20 cm surface layer were
102 g kg ', 097 g kg'!, 16.3 mg kg~ !, and 151.2 mg kg !,
respectively.

A field experiment was designed and conducted during the
2020-2021 growing season, with 12 seeding scenarios. Two
factors, seeding date and density, were considered in the
experiment. For the seeding date, four time periods: early (ES,
September 21), normal (NS1, October 6; and NS2, October 21),
and late (LS, November 6) seeding were administered according
to the local common seeding calendar. Three seeding densities:
low density (LD, 12.5 x 10 plants ha™'), medium density (MD,
25 x 10* plants ha™'), and high density (HD, 37.5 x 10* plants
ha~!) were adopted for each of the four seeding dates. Thus,
the experiment consisted of 12 treatments with three replicates,
totaling 36 plots.

The plot size was 5 m x 5 m, consisting of 13 plant rows and a
2-m buffer between adjacent plots. The experiment followed a
split-plot design, with seeding date as the main plot and seeding
density as the subplot. Basal fertilization at the rates of
180 kg N ha~!, 90 kg P,0s ha~!, 120 kg K,0 ha!, and 15 kg B
ha~! was applied before seeding. All seedlings were thinned man-
ually by the 5-leaf stage to achieve the designed density. Other
field management such as weed, pest, and disease control followed
local practices.

2.2. Data collection and preprocessing

2.2.1. Ground-based observations of canola phenology

Days after seeding (DAS) and ground-based phenology observa-
tions of winter canola for all plots were simultaneously recorded
multiple times throughout the growing season. In general, the
growth cycle of canola can be divided into several phenological
stages, as defined by the Biologische Bundesanstalt, Bundessorte-
namt and CHemical Industrie (BBCH) scale [39], including leaf
development, stem elongation, inflorescence emergence, flower-
ing, development of fruit, and ripening. Crop development is
strongly dependent on the environment, with high variation
among geographical regions. In China, winter canola is usually
seeded in September and October and undergoes a lengthy (>2
months) leaf and stem development period. The growth can be
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further divided into six phenological stages: seedling, overwinter-
ing (withered-leaf stage), bolting, flowering, podding, and ripening
stages [32,40]. The DAS and phenological stages of the experiment
are summarized in Table 1, and the Red, Green, and Blue (RGB)
composites for various phenological stages are shown in Fig. 1.

2.2.2. Spectral image acquisition and preprocessing

Aerial images covering all plots during winter canola growth
periods were acquired with a multispectral sensor (Rededge-MX,
MicaSense Inc., Seattle, WA, USA) mounted on a DJI Inspire 2
unmanned aerial vehicle (DJI Inc., Shenzhen, Guangdong, China).
The Rededge-MX camera features five sensors with a 1280 x 960
pixel imaging frame size and a field of view of 47.2°. The five sen-
sors acquire images in five spectral bands (blue, green, red, red-
edge, and near-infrared), with central wavelengths (bandwidths)
of 475 nm (32 nm), 560 nm (27 nm), 668 nm (14 nm), 717 nm
(12 nm), and 842 nm (57 nm). An image of a calibrated reflectance
panel was captured immediately before and after each flight, to be
used to convert raw pixel values to reflectance. The flight path was
set at 75% overlap for both along-track and cross-track directions
to ensure adequate coverage and post-flight mosaicking. The flight
altitude was set to 20 m above the ground, with the camera sensors
pointing vertically downwards to achieve a spatial resolution of
1.4 cm. The exposure time was adjusted automatically in response
to the irradiance detected by a down-welling light sensor (DLS)
mounted on top of the UAV. The flights were carried out at solar
noon under cloudless and windless conditions. The UAV flights
were repeated every 5 to 10 days throughout the entire growing
season.

After each flight, calibrated and georeferenced reflectance spec-
tral images were generated by radiometric correction and geomet-
ric correction. An orthomosaic image covering the entire
experimental area was generated and each plot’s region of interest
(ROI) was manually defined. To avoid interference from edge
effects, the edge area of each plot was excluded from subsequent
analysis. The plot-based reflectance spectra of the five bands were
extracted from the ROI for VI calculation.

2.3. Methodology of the shape-model method

2.3.1. Time-series vegetation indices

VIs are commonly used to describe vegetation growth condi-
tions, and an algebraic combination of two or more spectral bands
can enhance signatures of target vegetation properties while sup-
pressing signals from other sources [41]. Three representatives of
VIs were chosen. The normalized difference vegetation index
(NDVI) reveals the greenness of vegetation and is commonly used
for retrieving leaf area index (LAI), photosynthetic capacity,
chlorophyll, and biomass [42]. The enhanced vegetation index
(EVI) is similar to the NDVI but has been devised to improve
sensitivity at high plant biomass and to suppress canopy
background signal and atmospheric influences [43]. Red-edge
chlorophyll index (Clied-edqge), using red-edge reflectance, was
developed primarily for estimating chlorophyll content and
indicating photosynthesis [44].

Table 1
Observation of winter canola growth development from the early-seeding scenario.

Growth stage BBCH-scale Days after seeding Numbers of images
Seedling 10-19 1-76 11

Overwintering 20-39 77-136 8

Bolting 50-59 137-159 2

Flowering 60-69 160-188 5

Podding 71-79 189-229 5

Ripening 80-99 230-238 2
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2.3.2. Building shape models

Seasonal time-series VI profiles of plants reveal their phenolog-
ical development. In contrast to those of wheat, maize, and soy-
bean [24,37], the VI curves of winter canola present multiple
peaks throughout the growing season (Fig. 3). The shape of time-
series VI is directly related to the seeding date. The flowering stage
presents a unique feature on the time-series VI curve: the VI con-
tinuously decreases until the canola reaches the flowering stage
and then drops to a minimum at the blooming stage, behavior that
can be easily detected using the threshold method [27]. In the pre-
sent study, the phenological stages from seeding to flowering were
the targets. As shown in Fig. 2, time-series VI curves before the full
flowering period exhibit double peaks that have not been reported
in the literature (description and explanation are presented in sec-
tion 3.1 and 4.1). Based on this signature, the two mathematical
models of asymmetric gauss function (AGF) [45] and Fourier series
function (FF) [46] were used to match the seasonal VIs dynamics.
Because the double logistic function (DLF) has been widely used
in fitting single-peak profiles [47], it was also applied. The formulas
are as follows:

DAS—h

2
AGFy;s = je’(%sf) + ke (%

)y (1)

FFys = [ + Z;m,— x €0s (ipDAS) + n; x sin (ipDAS) (2)

Vlmax V]max 3
1 + ela—bDAS) 1 + elc—dDAS) 3)

where DAS is days after seeding. For the AGF model, j and k deter-
mine the amplitude of a VI curve, f and h are the central locations of
peaks, and g and i are the widths of the peaks. For the FF model, I is a
constant associated with the level of base bare soil VI value and p is
the fundamental frequency of the signal. For the DLF model, b and d
are related to the maximal variation rate of VI for the vegetative
stage (increase) and reproductive stage (decrease), and a and c are
related to the times of the maximum rates.

To generate a shape model able to represent the majority of the
cases of the time-series VI, the data from the early seeding to flow-
ering stage with three density treatments contained the most
intensive observations and were thus used as a calibration dataset
for building the shape model. Thus, a total of nine plots with obser-
vation data collected during 26 field surveys, from seeding to flow-
ering, were used to construct the canola shape model. The
remaining three seeding dates of the 27 plots were used for model
evaluation.

DLFy;s =

2.3.3. Transforming the shape model to target VI curves

For the shape model, the shape of the VI curve is assumed to be
crop-specific and unaffected by environmental conditions and
management practices [38]. The shape model is not identical to
the fitting function, but rather a linear transformation, which
allows the model to be scalable and flexible to fit any time-series
VI profile. Two aspects are addressed by the linear transformation.
First, as mentioned above, the time-series VI exhibits a double peak
pattern; however, the shape of the two peaks is variable (described
in Section 3.1), necessitating the modulation of each peak indepen-
dently. The canola growth cycle is shortened when the seeding
date is delayed. Consequently, the x-direction (x: DAS) of the
time-series VI needs to be stretched or compressed by the linear
transformation.

To transform the shape model into a target VI curve, a refined
transformation equation was proposed as shown in Eq. (4). In con-
trast to the original function with three parameters (xscale, yscale,
and tshift) suggested by Sakamoto et al. [24] and Zeng et al. [35], a
parameter in the y-direction was added in this study to enable the
transformation equation to regulate the shape of each peak. Fig. 2
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Fig. 1. RGB images showing phenological stages of winter canola in the experiment.

—o— Shape model h(x) —o— Target VI curve f(x)

A Predefined points A Estimated points
X, Predefined phenological date
X.. Estimated phenological date

xscale/tshift

Vegetation indices

Days after seeding X

Fig. 2. Simplified schematic description of the procedures of the SMM. The
horizontal black arrows represent the modulated direction of the parameters xscale
and tshift. The vertical red arrows represent the controlled direction of the
parameters yscale; and yscale,.

illustrates the schematic procedure of the SMM and the functions
of each parameter. The xscale and tshift parameters compress and
translate the shape model in the x direction. The yscale; and
yscale, parameters adjust the magnitude of the VI. The h (x)
denotes the shape model, while the subscript h;, (x) represents
two components of the model. The function g (x) refers to the
shape model h (x) geometrically transformed in the x (DAS) and
y (VIs) directions using these four scaling parameters. Scaling
parameters can be determined by matching the established shape
model to the target VI curves (fitted by DLF, AGF, and FF) based on
the RMSE (Eq. (5)). The search ranges for each parameter were
defined as follows: 0.1 < yscale; < 1.5, 0.1 < yscale, < 1.5, 0.5 < xs-
cale < 1.6, and — 70 < tshift < 70. After the optimal parameters fit-
ting were thus determined, the phenological stage dates for each
plot were estimated from predefined phenological dates (Xy) and
the xscale and tshift parameters from Eq. (6). The predefined
phenological stage-starting dates of the seedling, overwintering,

Podding - I: Flowering 4—'

bolting, and flowering stages were DAS 9, 77, 137, and 160, respec-
tively. The DAS at each of the corresponding growth stages was
estimated and evaluated. The performance of the SMM for estimat-
ing canola phenological stage dates was evaluated by the coeffi-
cient of determination (R?) and RMSE.

g(x) = yscale; x hy(xscale x Xy + tshift) + yscale,
x hy(xscale x Xo + tshift)

SIf(x) - g®))

minimizing — RMSE = 3 (5)

Xest = xscale x (Xo + tshift) (6)

where h (x) is the established shape model and h;, (x) represents
two parts of the model, namely h (x) = h; (x) + hy (x). In the AGF
model, h; (x) :je’(%w)2 and hy(x) = ke~ (

3. Results
3.1. Seasonal variation of VIs under different seeding date scenarios

Great differences in the dynamics of the three VI curves were
observed among the four seeding date scenarios (Fig. 3). The
growth period was reduced from 230 to 185 days with the delay
of the seeding date (about 15 days in the seeding interval). The
number of days from seeding to flowering stage decreased from
175 to 140 days. Canola plants, in general, have three major com-
ponents during the growth cycle: leaves, flowers, and pods. The
growth dynamics, using NDVI as an example, can be described
below.

NDVI rose dramatically following seed germination in the early
seeding scenario (ES) and peaked around DAS 30. It began to
decline and continued until the end of the overwintering stage
(around DAS 120). In the spring, winter canola began to green up
again, and the NDVI increased to the second peak, a sign showing
the beginning of the flowering period (DAS 160). With the progres-
sion of the flowering stage, NDVI dropped to a minimum at full
bloom, and then increased again as the flowers faded and pods
started to grow. This variation pattern is similar to that reported
in Shen et al. [27] and Behrens et al. [48]. Although all seeding sce-
narios in our study showed consistent growth dynamics with three
peaks in VI curves, apparent differences in geometrical patterns
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Fig. 3. Dynamics of three VIs during the canola growing season with four seeding dates and three density scenarios. The ES, NS1, NS2, and LS represent early seeding, two
normal seeding and late seeding, respectively. The LD, MD, and HD represent low density, medium density, and high density, respectively. (Similarly hereinafter).

were observed. With the seeding date delayed, VI decreased signif-
icantly after the first peak, to levels even lower than those
observed at the later stage. Compared with the NDVI, EVI and
Clred-edge Can alleviate the saturation issue at high LAI values. The
data of the EVI and Clieg.eqge are more scattered, which is
advantageous for diagnosing multiple seeding densities.

3.2. The shape models with the three functions

Three functions, AGF, FF, and DLF, were used to capture the
variation of three VIs from the seedling to flowering stages.
Results of optimal fitting indicated that all three fitting functions
were capable of fitting the dynamics of the time-series VIs

(Fig. 4). For the NDVI and EVI, although all fitting functions
resulted in excellent accuracy with RMSE < 0.1, only AGF and
FF captured the bimodal feature of the VI curves. In comparison
to NDVI and EVI, the bimodal profile was more pronounced on
the Clied-edge, greatly reducing the interpretation capability of
the DLF. For the Clied-edge, the AGF performed admirably, with
an R? of 0.92 and an RMSE of 0.1. The FF was ranked second,
and the amplitude of the fit curve was slightly less than that
of AGF. The DLF model gave the lowest R?> and RMSE values of
the three models. The parameters of each function [Egs. (1),
(2), and (3)] were determined by optimal fitting, and the shape
model was prepared for transformation by Eq. (4) to describe
the changes caused by differences in seeding date.

1.0 1.0 2.0
R* RMSE
0.8 1 0.8 1.6 1 g [asF 092 010
° o FF 0.88 0.17
858, DLF 0.69 0.21
_ 0.6 0.6 - o 1.2
0.4 1 0.4 O 08+
R> RMSE
——AGF | AGF 088 0.09 AGF 092 0.08
0214dfe  — (| FF 093 006 %27¢/e | FF 093 007 0
{ ——DLF | DLF 091 0.06 ] DLF 093 0.06
O T T T T T T T 0 T T T T § T ] 0 T T T T T T T
0 30 60 90 120 150 180 0 30 60 90 120 150 180 0 30 60 90 120 150 180

Days after seeding

Days after seeding

Days after seeding

Fig. 4. Establishment of the shape models for three VIs based on three fitting functions. The AGF, FF, and DLF represent asymmetric Gaussian function, Fourier function, and

double logistic function, respectively.
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3.3. Comparison of the functions for transforming VI curves

According to the performance of three shape models for canola
growth matching, only the AGF method preserved the shape signa-
ture for all the target curves, despite a few cases of suboptimal
accuracy (Fig. 5). In most cases, AGF has a greater capability of
revealing VI variability associated with phenological changes. The
inadequate results of AGF occurred mainly in situations where
the amplitude difference between the peaks and troughs was
small, such as NDVI (NS1 and NS2) and EVI (NS1 and NS2). Com-
pared with the AGF, the FF showed inconsistent performance.
The FF method retained shape features only for the second seeding
date scenario (NS1), owing to the similarity of crop growth dynam-
ics of the first seeding date scenario (ES). Still, the FF was unable to
capture the dynamics of the time-series VIs, especially the second
peak. The DLF method was incapable of capturing the VI dynamics.
We note that the fitting accuracy was not exactly equal to the esti-
mation accuracy of the DAS and phenological stage dates, as the
estimated value was calculated by Eq. (6) and not retrieved from
the fitting function.

Table 2 summarizes the optimal scaling parameters of the
transformation function (Eq. (4)). As mentioned previously, the
parameters xscale and tshift primarily modulated the shape model
in the time domain, whereas yscale; , focused on the amplitudes of

The Crop Journal 10 (2022) 1353-1362

VI. Taking the result of Clied_cage-AGF as an example, the values of
xscale were slightly > 1, indicating that the growth cycles of the
three later seeding date scenarios were shorter than those of the
first seeding date scenario, so that an elongation was required to
maintain the shape model’s time span. Positive values for tshift
indicated that all shape models must be shifted to the right to
approach the target curve. The values of tshift increased gradually
for the three later seeding scenarios, denoting that the total growth
periods were shortened further with the delay of seeding date. The
values of yscale; were all < 1 and decreased successively, suggest-
ing that crop growth was influenced by delayed seeding date, so
that the canopy could not reach the level of the first seeding date
scenario before overwintering. By contrast, the values of yscale,
were all > 1, indicating that the crop developed more for the later
seeding scenarios after the overwintering period.

3.4. Evaluation of phenological stages and DAS estimation

According to the mean accuracy of the estimated phenology, the
shape model based on the AGF achieved the highest accuracy, with
RMSE ranging from 2.4 to 6.8 days at different growing stages
(Table 3). Thus, maintaining the shape features of the growth curve
is important for phenology matching and detection even though the
parameters of yscale;, were not involved in the phenological
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Fig. 5. Performances of shape models for describing time-series VIs under three fitting functions. The NS1, NS2, and LS represent two normal seeding and late seeding,
respectively. The AGF, FF, and DLF represent asymmetric Gaussian function, Fourier function, and double logistic function, respectively.
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Table 2
Optimum scaling parameters used in fitting functions.
Fitting function Treatment NDVI EVI Clred-edge
xscale tshift yscale, yscale, xscale tshift yscale, yscale, xscale tshift yscale, yscale,
AGF NS1 1.00 10.05 0.72 0.87 1.09 -4.30 0.62 0.65 1.04 6.60 0.84 1.24
NS2 1.09 7.35 0.55 0.99 1.13 3.66 0.33 0.83 1.09 11.00 0.49 1.44
LS 1.00 28.36 0.17 0.73 1.00 30.00 0.35 0.95 1.03 26.00 0.35 1.22
FF NS1 0.94 13.22 0.29 0.49 0.92 4.74 0.35 0.54 1.03 4.27 0.39 0.59
NS2 0.34 68.31 0.18 0.38 047 6.08 0.25 0.45 0.50 0.22 0.28 0.48
LS 0.28 0.46 0.25 0.45 0.18 6.90 0.69 0.89 0.50 0.00 0.24 0.44
DLG NS1 0.81 10.91 0.57 0.37 0.78 8.36 0.63 0.43 0.60 25.25 0.25 0.55
NS2 035 23.02 0.52 0.32 0.30 28.31 0.55 0.35 0.50 13.84 0.22 0.52
LS 0.13 0.48 0.64 0.44 0.07 0.95 -14.61 19.74 0.40 0.27 0.46 0.26
Table 3
Accuracy assessment of the estimated phenological stage dates against the ground-based observations by the root mean square error (RMSE) for three VIs in three fitting
functions.
Fitting function  Treatment = NDVI EVI Clred-edge
SD ow BT FL Whole  SD ow BT FL Whole  SD ow BT FL Whole
AGF NS1 5.4 49 4.2 34 4.8 43 3.6 6.0 34 4.3 2.9 4.8 34 4.0 3.8
NS2 4.6 4.6 6.6 4.2 4.9 26 44 55 6.6 4.4 2.4 2.7 5.4 3.0 33
LS 2.6 3.7 4.5 4.4 3.7 33 5.0 6.3 2.7 4.5 3.0 3.5 6.8 2.5 4.0
FF NS1 6.2 7.6 7.9 5.0 6.7 38 10 12 15.8 9.3 4.2 8.3 7.4 43 6.2
NS2 135 489 74.9 933 54.2 224 587 814 95.1 59.9 261 578 803 953  62.7
LS 43.7 788 108.1 130.6 88.5 451 865 1199 1429 96.8 365 642 866 1004 689
DLG NS1 56 227 274 28.8 19.6 40 215 286 36.7 20.7 10.0 357 50.1 58.8 36.3
NS2 235 626 88.3  106.3 65.3 23.1 668 958 114.7 70.0 202 511 735 88.5 56.7
LS 471 884 1248 150.1 100.7 486 947 1324 1586 106.7 385 707 971 1138 76.7

SD, seedling stage; OW, overwintering stage; BT, bolting stage; FL, flowering stage; Whole, entire growing period of canola.

calculation (Eq. (6)). As shown in Fig. 6, the AGF model performed
well throughout the growth period. The FF model displayed consid-
erable variability in estimating DAS for different seeding scenarios,
with RMSE ranging from 3.8 to 142.9 days. Adequate accuracy was
obtained only for the NS1 seeding scenario, owing to similar dynam-
ics of the ES scenario. In contrast, poor performances were observed
in NS2 and LS scenarios, with large underestimation of the simulated
DAS. The DLG model produced unacceptable results for all seeding
scenarios, with the maximum RMSE 158.6 days. The results indi-
cated that the AGF model, which is good at revealing crop growth
variation, has a greater capability of estimating crop DAS and pheno-
logical stage dates than that of the FF and DLF model.

Results of the global estimation accuracy evaluation showed no
significant differences were observed among the three VIs when

using the AGF-based model (Fig. 7). The greatest estimation errors
for all three VIs appeared at the bolting stage. Comparable perfor-
mance was observed in NDVI and EVI, with the respective RMSEs
of all stages being 4.6 and 4.4 days. Clred-edge Showed slightly higher
estimation accuracy for the phenology stages (seedling, RMSE
2.8 days; overwintering, RMSE 3.7 days; flowering, RMSE 3.2 days;
all stages, RMSE 3.7 days) but not the bolting stage (RMSE 5.4 days).

4. Discussion
4.1. Effects of seeding date on crop phenology

Seeding date is the most important factor determining a crop’s
growth process if abiotic and biotic stresses are not considered.

= Seedlingstage ¢ Overwinteringstage v Boltingstage =* Floweringstage AGF-SMM
Seedling stage Overwintering stage Bolting stage Flowering stage FF-SMM
= Seedling stage ¢ Overwinteringstage v Boltingstage =* Flowering stage DLF-SMM
180 (a) NDVI 1809 (p) Evi 1801 ) B ey &
11 ¥
2 ***** <=15d
S 120 120 120 "
= | R <=+10d
3
© »
S X3
£ 60 Py 60 - ok
] . 8 v*
_;': a1 ; eo ©® (L
/,""/'/i!// - " ‘ ok
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Fig. 6. Comparison of the DAP and periods of canola in three VIs and the fitting functions used between ground-based observation and UAV-derived estimation. The AGF, FF,
and DLF represent asymmetric Gaussian function, Fourier function, and double logistic function, respectively.
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Our study revealed that seeding date exerts a large effect on crop
growth dynamics (Fig. 3). For the time-series VIs curves, crops like
wheat, maize, soybean, and rice show a typical single peak and pla-
teau [22,38,49]. Ma et al. [50] and Zhou et al. [37] suggested that
multiple peaks were abnormal fluctuations and noise that should
be eliminated or abandoned. However, with the similar growth
dynamics proposed by Behrens et al. [48], all the time-series VIs
curves for canola in this study displayed typical multi-peak fea-
tures. The multi-peak situation is attributed to the effect of air
temperature on crop growth and spectral response to crop canopy
change.

With delay in seeding date, temperatures before wintering
gradually decreased, resulting in a slowing of canola growth rate.
Within 0-60 DAS following the first and second seeding date
scenarios (ES and NS1), the daily mean temperature was
approximately 20 °C, leading to apparent rapid growth of VIs
(Fig. 3). In contrast, in the third and fourth seeding scenarios, the
temperature dropped to about 5 °C, slowing canola growth, and
the canopy was unable to reach the same growth level as that of
the ES and NS1 scenarios. Similar observations were also reported
for other winter canola studies [32,40], noting that winter canola
should enter a “dead leaf” period during the winter. In contrast
to other crops (e.g., wheat, maize, and soybean) that reaching the
higher VI values at reproductive growth stages, canola has
conspicuous flower petals that dominate the canopy for about
30 days [51]. Yellow petals contribute to the reflectance in green
and red bands during the flowering stage by absorbing blue light
(~450 nm) from carotenoids [26,52,53], resulting in the reduction
of VI values.

Comparing seeding scenarios, total growing days were
decreased by around 45 days (Fig. 3). Studies in grain crops showed
that late seeding could shorten the growth period [33,54]. This was
demonstrated for canola by Lilley et al. [55], as well as the present
study. Moreover, the effects of late seeding on crop growth were
more pronounced as cold soil further restricted the growth of the
small plants, even though comparable values of the three VIs were
achieved for the seeding scenarios when entering the reproductive
growth stage (flowering stage).

4.2. Performance of the enhanced shape model for fitting canola
growth dynamics

Considering the distinctive signatures of temporal VIs, three fil-
tering methods and a refined transformation equation were incor-
porated to estimate canola phenological stages. The modified SMM
effectively established a specific growth curve that can be used to
fit the target VI curves with a set of optimal parameters. The
average estimation accuracy for all phenological stages based on
Clred-edge-AGF was 2.8 to 5.4 days (Fig. 7). In comparison, Sakamoto
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et al. [24] used the SMM to estimate maize and soybean phenolog-
ical stage, with RMSEs ranging from 2.9 to 7.0 days and 3.2 to
6.9 days, respectively. Zeng et al. [35] modified the SMM estimate
maize and soybean phenological stages and obtained a mean RMSE
of 1.9 to 4.3 days for maize and 1.9 to 4.9 days for soybean. Zhou
et al. [37] coupled cumulative degrees with the shape model of a
double logistic function for predicting winter wheat phenology,
with minimum RMSE ranging from 1.0 day at maturity to 10.3 days
at tillering stage. Compared with the flowering monitoring studies
by d’Andrimont et al. [4] (RMSE = 1-4 days), Han et al. [31] (corre-
lation coefficient > 0.7), and McNairn et al. [56] (correlation
coefficient = 0.91-0.96), this study showed comparable accuracy,
with RMSE ranging from 3.2 to 4.6 days (AGF-based). The shape
model ensured acceptable accuracy not only for the flowering
stage but also for other stages.

The accuracy of the SMM in estimating phenological stages was
determined by matching the geometrical shape features of the
temporal VIs series rather than fitting accuracy. For example, in fit-
ting of the EVI target curve for the NS1 scenario (Fig. 5), the R? and
RMSE of AGF-based fitting were respectively 0.78 and 0.11, values
lower than those of the FF (R?> = 0.84; RMSE = 0.08) and DLF
(R? = 0.88; RMSE = 0.06) functions. Although the AGF-based curve
still retained the characteristics of the VI development, the FF and
DLF failed. Finally, the global estimation accuracy of the AGF-based
function achieved the RMSE of 4.4 days, considerably superior to
that of others (RMSE > 60 days) (Fig. 7).

4.3. Comparison of vegetation indices for estimating phenology

Comparable results were obtained for the three VIs based on the
AGF function, corroborating the assertion of Sakamoto et al. [24]
that the SMM paid more attention to the geometrical features of
crop growth than to the values of the VI curve. Zhou et al. [37] eval-
uated the capability of a temperature-based shape model in five
VIs for identifying wheat phenology and confirmed that the
method played a dominant role in prediction accuracy rather than
the type of VI used. For the estimation accuracy in this study, each
VI gave wins and losses at different phenological stages and under
different seeding scenarios (Table 3). The estimation accuracies for
all stages using the Cliedeqge Were slightly greater than those of
NDVI and EV], as time-series Clied-eqge had more noticeable changes
than those of NDVI and EVI, owing to a tendency toward less sat-
uration at high biomass (Fig. 3). Gitelson et al. [44], Gong et al.
[57], and Ma et al. [50] concluded that the Clied-edqge Was appropri-
ate for assessing photosynthesis capability and could be used for
monitoring crop growth. Thus, the curve features were highlighted
when winter canola growth progressed into the overwintering and
flowering period during which the crop photosynthetic rate
decreased.
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Other indices have been used in the literature to reduce inter-
ference or to highlight specific features. Sakamoto et al. [24], Gitel-
son [58], and Yang et al. [38] preferred the use of the Wide
Dynamic Range Vegetation Index (WDRVI) over the NDVI to detect
crop characteristics. Sulik and Long [25] and d’Andrimont et al. [4]
suggested that the Normalized Difference Yellow Index (NDYI)
could effectively detect canola peak flowering dates owing to its
sensitivity to increased yellowness. Han et al. [31] reported that
the Normalized Rapeseed Flowering Index (NRFI) outperformed
the NDYI in catching peak flowering as soil water contents
decreased, and canola during the flowering stage was observed in
the short-wave infrared band (2100-2300 nm).

Considering that this study relied on high-temporal-frequency
observations, for which data may not be available owing to unfa-
vorable weather conditions and longer revisit cycles of some satel-
lites, e.g., Sentinel-2 (5 days) and Landsat 8 (16 days), the
performance of estimated DAS under different observations was
depicted in Fig. 8. To capture the uncertainty associated with the
observations, 200 samples of 15, 10, and 5 observations from the
original data (ES scenario) were randomly extracted. As observa-
tion frequencies decreased, the median of the estimated RMSE
for the seeding scenarios increased, and the distributions of the
three assumed frequencies expanded gradually. This result was
in agreement with Yang et al. [38], who reported that the perfor-
mance of an SMM degraded when fewer observation data were
used. For low frequency (e.g., 5 times), the estimation accuracy of
DAS was determined by the observation period. The optimal accu-
racy of RMSE was as high as 1 day for different seeding scenarios
when the shape model could match the observation series. In con-
trast, when the observation series were concentrated or scattered,
with poor matching to the shape characteristics of crop develop-
ment, errors could exceed 100 days.

5. Conclusions

We introduced a refined shape model method (SMM) for
detecting winter canola phenology and tracking days after seeding
(DAS) based on time-series UAV remote sensing data. We found
that the refined SMM could be used to estimate canola phenology
effectively, with the minimum error of RMSE (3.7 days) for all
stages. In a comparison of the performances of the asymmetric
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Gaussian function (AGF), Fourier series function (FF), and double
logistic function (DLF) for interpreting time-series VIs of canola,
the AGF function provided the highest ability to describe multi-
peak signatures for all seeding date scenarios with four scaling
parameters, whereas the FF and DLF models were not useful. Com-
parable performance of AGF-based function was observed for NDVI
and EVI, with RMSE of 4.5 days. The Clieq-edge Showed a slightly
higher estimation accuracy for the phenology stages (seedling,
RMSE 2.8 days; overwintering, RMSE 3.7 days; bolting, RMSE
5.4 days; flowering, RMSE 3.2 days; all stages, RMSE 3.7 days).
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