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Abstract

The distribution of food resources is a key factor in habitat selection. Herbivorous waterfowl
prefer early-stage growing plants (from the onset of plant growth to the peak in nutrient
biomass) as these offer higher energy intake rates. This plant development stage is not fully
captured by commonly used satellite-derived vegetation indicators, which focus on plant
biomass (e.g., Enhanced Vegetation Index, EVI) or active plant growth (e.g., the differential
EVI between current and a previous date, diffEVI). To improve mapping suitable grazing
areas for herbivorous waterfowl, we propose a new satellite-based plant growth indicator of
early-stage plant growth (ESPG). We assume herbivorous waterfowl prefer plants at an early
development stage during the growing season and select plants with a relatively later end of
ESPG during the non-growing season. We use satellite tracking data of 20 greater white-
fronted geese (Anser albifrons) wintering in the Yangtze River floodplain to validate our
predictions. We build generalized linear models for goose distributions during the growing
and non-growing seasons and compare the performance of ESPG to commonly used plant
growth indictors (EVI and diffEVI). During the growing season, ESPG can explain 53% of
variation in the goose distribution, outperforming EVI (27%) and diffEVI (34%). During the
non-growing season, only the end of ESPG significantly influences goose distribution,
explaining 25% of the variability (ESPG: AUC = 0.78; EVI: AUC = 0.58; diffEVI: AUC =
0.58). The newly-developed plant growth indicator ESPG could be used to improve models
of herbivorous waterfowl distributions and hence support efforts toward waterfowl
conservation and wetland management.

Keywords
Geese; Distribution; Yangtze River floodplain; MODIS; Nutrient biomass; Plant phenology
Graphical abstract
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1. Herbivorous waterfowl select early-stage growing plants to maximize energy intake.
2. A newly-proposed ESPG metric outperforms other plant growth indicators.

3. ESPG could improve bird distribution modelling and support wetland management.
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1. Introduction

Food provides the principal energy for activities crucial to individual survival and
population recruitment (Newton, 1980). Food availability is regarded as a key factor in
species habitat choice (Dussault et al., 2005; Hutto, 1985; Johnson and Sherry, 2001).
Herbivorous waterfowl tend to alter their distribution according to spatial and temporal
variations of food availability at both site (Pedrana et al., 2011; Wu et al., 2014) and flyway
levels (Si et al., 2015a; Si et al., 2015b; van der Graaf et al., 2006). Therefore, accurate
measurements of food availability are critical for wetland management and waterfowl
conservation.

Herbivorous waterfowl are selective feeders due to their limited digestion capability,
preferring young and nutritious plants (Bos et al., 2005; Mattocks, 1971; Prop and Vulink,
1992). Food intake rates increase as plants develop and add biomass; however, digestibility
decreases because the fractional content of less-digestible fibrous material increases as plant
tissues mature (Hassall, 2001; Mowat et al., 1965; Riddington et al., 1997). Hence birds must
balance forage quantity against quality to maximize their nutrient intake.

Satellite-based vegetation indicators have been developed to measure the ‘greenness’ of
the vegetation canopy (Garroutte et al., 2016; Kerr and Ostrovsky, 2003; Pettorelli et al.,
2005). The Normalized Difference Vegetation Index (NDVI) is most frequently used, for
example for investigating shifts in the duration of the growing season (Piao et al., 2006), and
calculating the rate of greenup and senescence of vegetation (Reed and Ohlen, 1994).
However, NDVI is sensitive to soil background brightness, as well as atmospheric
contaminants, and is saturated at areas with a high vegetation biomass (Jiang et al., 2008).
To overcome these problems, the Enhanced Vegetation Index (EVI) has been proposed to
improve the monitoring of vegetation productivity (Jiang et al., 2008). NDVI and EVI has
been frequently used as the surrogate of food to predict the distribution and movement of
avian herbivores (Gottschalk et al., 2005; Si et al., 2015b). Positive effects have been found
between these indicators and bird abundance or richness (Guan et al., 2016; Wu et al., 2014).
Furthermore, Bridge et al. (2015) proposed an indicator based on the differential EVI
(diffEVI), defined as the change in EVI on monthly time scales, to measure increases in
vegetation biomass. Their results showed that painted buntings (Passerina ciris) maximize
consumption of new plant growth during their autumn migration.

Traditional satellite-derived indicators are widely used in bird ecology, because their
calculation is straightforward and many standard products are freely available. For example,
NDVI is defined as the ratio of the difference between near-infrared reflectance and red
visible reflectance to their sum. Vegetation index products like 250-m Moderate Resolution
Imaging Spectroradiometer (MODIS) NDVI and EVI and 1-km Advanced Very High
Resolution Radiometer (AVHRR) NDVI are free to download. However, NDVI and EVI
only quantify the biomass but not the vegetation quality, and a greater value of NDVI or EVI
represent a higher amount of biomass and more advanced plant development (Guan et al.,
2016; Pedrana et al., 2011; Somveille et al., 2018). Though diffEVI considers the amount of
newly grown plants (Bridge et al., 2015; Li et al., 2017; Zhang et al., 2018), it cannot take
the plant quality properly into account, as plant digestibility decreases when biomass
increases. Therefore, none of these metrics can accurately quantify the potential foraging
areas for herbivorous waterfowl.

The forage maturation hypothesis suggests that the highest nutrient intake rate is defined
by the intersection of food ingestion and digestibility constraints, corresponding to plant
development stages with low to intermediate biomass (Drescher et al., 2006; Fryxell, 1991;
Si et al., 2011). Furthermore, taller and more mature plants are more difficult for birds to
crop, chew and swallow (Durant et al., 2003; Heuermann et al., 2011). Therefore, herbivorous
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waterfowl prefer early-stage plant growth (ESPG) with low or intermediate biomass, since
such plants offer the highest nutrient intake rates (Fig. 1). We define the start of ESPG as the
onset of the plant growth and the end of ESPG as the time when plants reach peak nutrient
biomass, with the latter quantified as the highest amount of nitrogen per unit area (Si et al.,
2015a; van der Graaf et al., 2006).
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Fig. 1. The maximum nutrient intake rate under forage ingestion and digestion constraints
and its relationship with the early-stage plant growth (ESPG) period. ESPG is defined as
extending from the onset of plant growth (OPG) to the peak in nutrient biomass (PNB, the
highest amount of nitrogen per unit area).

In order to capture the dynamic change of vegetation development, it is necessary to
acquire satellite images with relatively high spatial and temporal resolutions, especially for a
high temporal resolution. The high spatial-resolution imagery, such as 30-m Landsat and 10-
m Sentinel-2, are frequently contaminated by clouds, resulting in a relatively low temporal
resolution of available images. The biweekly 250-m MOIDS and 1-km AVHRR vegetation
index products also have a relatively low temporal resolution. Considering the trade-off
between the temporal and spatial resolution, we adopt the 250-m 8-day EVI calculated using
MODIS surface reflectance products.

In this study, we propose a new satellite-based indicator of ESPG to map the
spatiotemporal variation in suitable foraging area for herbivorous waterfowl. We hypothesize
that waterfowl prefer plants at an earlier development stages during the growing season and
select plants with the latest ESPG during the non-growing season. Using satellite tracking
data of greater white-fronted geese (Anser albifrons) on the Yangtze River floodplain, we
build generalized linear models to predict goose distributions using ESPG, EVI, and diffEV],
respectively. We then compare the performances of these indicators during both the growing
and non-growing seasons.

2. Materials and Methods

2.1. Study area

The middle and lower Yangtze River floodplain are composed of six drainage basins,
the Hanjiang River, the Yichang-Hukou middle mainstream section, Dongting Lake, Poyang
Lake, the lower mainstream section, and Tai Lake (Fig. 2), with an area of about 8 x 10° km?.
The plain experiences a subtropical monsoon climate, with an annual mean precipitation of
1000-1400 mm and an annual mean temperature of 14-18 °C (Xie et al., 2017). In addition

to the two main freshwater lakes of Poyang and Dongting Lake, numerous smaller freshwater
4
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lakes, ponds, and reservoirs are distributed across the plain. In total, these water bodies
comprise about 25% of the freshwater lake area in East Asia (Wang et al., 2014). The
hydrological characteristic of summer flooding and winter drought produces extensive
seasonal wetland meadows. The dominant plant families are Cyperaceae (e.g., Carex spp.)
and Gramineae (e.g., Triarrhena lutarioriparia and Phalaris arundinacea). Grass-eating
waterfowl mainly forage on Carex spp., such as Carex heterolepis (Zhao et al., 2012).
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Fig. 2. Satellite tracking locations for greater white-fronted geese (Anser albifrons) from
autumn 2015 to spring 2016 in the middle and lower Yangtze River floodplain. The land
cover map is based on 30-m Finer Resolution Observation and Monitoring of Global Land
Cover (FROM-GLC) data for 2010. The six drainage basins are (1) Hanjiang River, (2)
Yichang-Hukou middle mainstream section, (3) Dongting Lake, (4) Poyang Lake, (5) the
lower mainstream section, and (6) Tai Lake.

2.2. Data

2.2.1. Remote sensing data

MODIS Terra surface reflectance products (MOD09Q1) for the period of 2015-2016
were acquired from an open online gateway (https://e4ftl01.cr.usgs.gov) to calculate EVIL.
The dataset consists of 8-day level-3 products at a spatial resolution of 250 m. To extract the
start and end of the thermal growing seasons of the seasonal wetland meadows, we also adopt
MODIS Aqua level-3 land surface temperature (LST) products (MYDI11A2) for 2015-2016
from the same gateway, which are provided at a 1-km spatial resolution and an 8-day
temporal resolution. LST affects vegetation growth more directly than the air temperature as
it is derived from the thermal-infrared radiance, and measures the canopy temperature at
vegetated areas and the soil temperature at barren areas (Wan and Dozier, 1996). Land use
information for bird locations and downstream analyses is based on 30-m Finer Resolution
Observation and Monitoring of Global Land Cover (FROM-GLC) data for 2010, acquired
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from http://data.ess.tsinghua.edu.cn/data/temp/China_ LC update v5/(Gongetal., 2013; Yu
etal., 2017).

2.2.2. Bird tracking data

During 30 January-2 February and 7-16 December 2015, twenty greater white-fronted
geese are captured and fixed with a solar-powered GPS-GSM (Global Positioning System-
Global System for Mobile Communications) neck transmitter at Poyang Lake, Jiangxi
province, China (29.15°N, 116.10°E). A total of 10 IBIS series loggers (22g, Ecotone
Telemetry, Gdynia, Poland) and 10 HQNG series loggers (26g, Hunan Global Messenger
Technology Co. Ltd., Xiangtan, China) are used. The weight of these transmitters represents
less than 1% of the average body weight among the tracked geese (2122 + 226 g, mean +
standard deviation). The transmitters are set to record GPS positions every two hours.
Detailed capture and deploy methods have been provided by Si et al. (2018). From the
autumn of 2015 to the spring of 2016, a total of 13,819 locations are collected over the
Yangtze flood plain (Table S1). All tracking data are archived in Movebank
(www.movebank.org) under ID 52997422, study ‘2015 Tsinghua waterfowl (Yangtze)’.

2.3. Methods

2.3.1. Preprocessing satellite imagery
We calculate a two-band Enhanced Vegetation Index to characterize plant growth (Jiang

et al., 2008) by equation:
Evi-25 — 2K (1)
U N+24R+1

where N and R represent surface reflectance in the near-infrared and red bands, respectively.
To reduce noise, a Savitzky-Golay fitting method with a window size of 4 is used to smooth
the EVI time series via TIMESAT software (Eklundh and Jonsson, 2015; Jonsson and
Eklundh, 2002, 2004). Based on quality control information provided with the satellite
imagery, observations with cloud contamination are assigned a weight of zero and
observations without cloud contaminations a weight of one.

Permanent water and permanent non-vegetated areas are removed from the maximum
flood area to better isolate potential foraging area. We first generate a dynamic 8-day water
mask for 2015-2016 from surface reflectance data using an automated procedure that can
deal with mountain and cloud shadows, as well as spectral mixing at the water-land boundary
(Jietal.,2015). The maximum flood area is then derived by stacking these 8-day water masks
together. Pixels classified as water for the whole year (46 images) are defined as permanent
water. Pixels with the smoothed EVI values less than 0.2 (Bhandari et al., 2012) for the whole
growing season are defined as permanent non-vegetated areas. The potential foraging area is
then obtained by removing the permanent water and non-vegetated areas from the maximum
flood area. Using EVI to remove non-vegetated areas is independent of the following
analyses, thereby would not influence the comparison of three indicators (ESPG, EVI, and
diffEVI) as we only evaluate their ability in predicting bird distribution in the potential
foraging areas.

The start and end of the growing season for seasonal wetland meadows on a floodplain
are determined by water levels and local temperature. To explore changes in water levels
during 2015-2016, water area is defined as the sum of water pixels in each 8-day water mask.
As the spring growing season for wetland meadows ends when flooded, we consider the date
with the largest water area to be the end of the spring growing season. A seven-order
polynomial fit is then performed between the water area and the corresponding Julian day to
obtain a fit to the annual cycle (the water time-series curve). As the autumn growing season

6
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starts when floods recess, the maximum negative rate of change in this curve (the date of
fastest flood recession) is considered as the start of the autumn growing season.

It has been suggested that vegetation can only germinate when daily average
temperatures are at least 5°C for five consecutive days (Frich et al., 2002). We therefore
interpolate the 8-day land surface temperature data to obtain a daily time series for each pixel,
and identify when the daily temperature dipped below 5°C for five consecutive days in
autumn 2015 (the end of the autumn growing season per pixel), as well as when the daily
temperature exceeded 5°C for five consecutive days in spring 2016 (the start of the spring
growing season per pixel). The end of the autumn growing season for the Yangtze River
floodplain is defined as the median of the end dates for all pixels in the study area. The start
of the spring growing season in 2016 is similarly defined as the median of the start dates for
all pixels in the study area. According to these definitions, the autumn 2015 growing season
extended from 13 August to 25 November, and the spring 2016 growing season from 26
February to 13 June.

2.3.2. Deriving the spatiotemporal distribution of early-stage plant growth (ESPG)

To identify the onset dates for plant growth and the peaks in nutrient biomass for the
autumn and spring growing seasons, we calculate the change rate (CR) in the EVI time series
by equation (2):

EVI,., -EVI,

CR=———— )

where n ranges from 1 to the last EVI imagery of the growing season and d is the time interval
between two consecutive images. Given the 8-day temporal resolution of the EVI imagery,
the value of d is set to eight. The onset of plant growth is defined as the date with the highest
positive rate (Reed and Ohlen, 1994; Si et al., 2015a). After the onset of plant growth, the
date that vegetation growth ceased is defined as the first time the change rate is equal or less
than zero. The peak in nutrient biomass is then calculated as the middle date between the
onset of plant growth and the date that growth ceased (Si et al., 2015a). Dates between the
onset of plant growth and the peak in nutrient biomass are considered as ESPG, and the value
of the ESPG indicator is set to 1 (suitable foraging area). Otherwise the value of the ESPG
indicator is set to O (unsuitable). We then generate 8-day ESPG indicator maps for both
growing seasons to support downstream analyses.

2.3.3. Preprocessing bird tracking data

A series of data preprocessing steps are executed for the bird tracking data (Fig. 3).
Greater white-fronted geese are mainly diurnal feeders (though some night feeding has been
reported under bright moonlight (Ely, 1992)). Therefore, we first consider only non-flight
tacking locations during daytime, where daytime is defined as the period from one hour
before sunrise to one hour after sunset. Sunrise and sunset times are calculated based on the
geographic coordinates of each tracking location using algorithms provided by the National
Oceanic & Atmospheric Administration (NOAA)
(https://www.esrl.noaa.gov/gmd/grad/solcalc/). The selection of specific plant conditions
does not apply to cropland or water pixels, so we exclude tracking points corresponding to
these land cover types from further analysis (only 1% of tracking locations were cropland).
Locations on snow/ice and under cloud cover are also removed from the analysis.
Furthermore, to avoid pseudo-replication, only one bird record is kept when multiple records
correspond to the same pixel (Zhang et al., 2018).
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Fig. 3. The flow chart of preprocessing bird tracking data and comparing the performance of
early-stage plant growth (ESPG) with enhanced vegetation index (EVI) and the differential
EVI (diffEVI). GLM: generalized linear model; AUC: Area Under the Curve of the Receiver
Operation Characteristic metric.

2.3.4. Comparing the performance of ESPG with EVI and diffEVI

For the growing and non-growing season, we adopt ESPG and the end of ESPG as a
proxy for food availability. We also calculate other proxies, including EVI and diffEVI, and
evaluate the ability of each proxy to predict the goose distribution. EVI is generated from the
8-day surface reflectance product. DiffEVI is calculated by subtracting the value of EVI one
month prior from the current value (Bridge et al., 2015).

We build a generalized linear model (GLM) with a log-link function using ESPG, the
end of ESPG, EVI, and diffEVI respectively, to predict goose distributions during the
growing and non-growing seasons (Fig. 3). We first generate pseudo-absence data to
facilitate building the model. We apply the kernel density method to estimate the goose
utilization distribution (UD) using the package ‘adehabitatHR’ in R 3.3.3. Then, pseudo-
absences with a number of equal to the number of presences are randomly generated within
the 90% contours of the UD (Li et al., 2017) under the constraint that no pseudo-absence
point is created in areas corresponding to water, clouds or ice or within 1 km of a presence
point. Since all presence data are associated with a specific date, dates are allocated randomly
within the growing or non-growing season for each pseudo-absence point. Accounting for
plant conditions in surrounding pixels, we generate a 250-m buffer around each presence or
pseudo-absence point and extract vegetation conditions from the 8-day vegetation maps
corresponding most closely to the timing of that point. If at least one pixel of the ESPG map
within the buffer equals one, we regard that location as under early-stage plant development.
For the end of ESPG, EVI and diffEVI, we use the median values within the buffer. We
repeat this procedure 1000 times to minimize any influences of randomly generating pseudo-
absence points, thus creating 1000 GLM models for each indicator during the growing season,
and 1000 models for the non-growing season. When constructing each GLM model, 80% of
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the points are chosen randomly to train the model and the remaining 20% of the points are
used for model validation.

We evaluate model performance using the Area Under the Curve (AUC) of the Receiver
Operation Characteristic (ROC) metric. Models with an AUC value less than 0.7 are regarded
as poorly fitted (Li et al., 2017; Swets, 1988) and discarded from the analysis. We then use
the well-fitting models for each indicator to estimate the mean and standard deviation of each
model parameter. We assess the relative utility of each plant growth indicator using the R-
squared metric as an estimate of the amount of variance in the response variable explained
by the given predictor. Response functions for plant growth indicators with significant effects
(p <0.05) are constructed by using the prediction model to estimate the response value (and
the 95% confidence interval) across the range of interest.

3. Results

3.1. Spatiotemporal distribution of early-stage plant growth

Spatiotemporal 8-day ESPG maps for herbivorous waterfowl in the middle and lower
Yangtze River floodplain were generated during the growing season from 2015 August to
2016 June (Fig. S1). ESPG showed similar spatial and temporal variations at the key sites,
Dongting Lake (Fig. 4) and Poyang Lake (Fig. 5). Following the flood recession, ESPG
increased steeply from late August to mid-September during the 2015 autumn growing
season. The area of ESPG reached its maximum extent on 21 Augest for about 406 km? at
Dongting Lake, and on 6 September for about 1438 km? at Poyang Lake. During the 2016
spring season, ESPG availability was greatest during the period from late February to late
March. The maximal ESPG area was found on 13 March at both Dongting Lake (545 km?)
and Poyang Lake (450 km?). The area of ESPG decreased rapidly with the increase of
flooding area from the middle April.

3.2. Performance of different plant growth indicators

During the growing season, ESPG, EVI and diffEVI could all successfully predict the
spatial distribution of greater white-fronted geese in the middle and lower Yangtze River
floodplain (AUC > 0.7, p < 0.05, Table 1). The probability of bird occurrence was highest
when ESPG was available (Fig. 6a), while EVI was negatively related and diffEVI was
positively related with goose occurrence (Fig. 6b-c). ESPG can explain 55% of the variance
in the goose distribution during the growing season, which is more than by the other
indicators (27% for EVI and 34% for diffEVI; Table 1).

During the non-growing season, only the end of ESPG had a significant relationship
with goose distribution (AUC = 0.78, p < 0.05; Table 1). The model suggested that geese
preferred to forage during the wintering and spring-staging periods in areas with a later end
of ESPG (Fig. 6d). EVI and diffEVI could not accurately predict the goose distribution during
this period (AUC < 0.7, Table 1).



13 Aug. 2015 21 Aug. 2015 29 Aug. 2015 6 Sep. 2015 14 Sep. 2015 22 Sep. 2015 30 Sep. 2015

) [ s A

0A 20 40
L1 Ikm
Legend

Il ESPG

[ Water body

3 N = =7 2 & . -

317 — : _ .
318  Fig. 4. Spatiotemporal distributions of early-stage plant growth (ESPG) and water bodies at Dongting Lake in the middle and lower Yangtze River

319  floodplain during the 2015 autumn and 2016 spring growing seasons.

10



13 Aug. 2015 21 Aug. 2015 29 Aug. 2015 6 Sep. 2015 14 Sep. 2015 22 Sep. 2015 30 Sep. 2015

AR K

9 Nov. 2015 25 Nov. 2015

x { :
8 Oct. 2015 16 Oct. 2015

’ i t . ‘”[ : .—,‘—; o Y B ' f‘: - ::‘- : o
Frayd ga S I '
- ¥ N . 7& - ..{ - i ) oY g o
e N L e S G0 e
26 Feb. 2016 5 Mar. 2016 13 Mar. 2016 21 Mar. 2016 29 Mar. 2016 6 Apr. 2016
o T
R =i K

8 May 2016
0 40 80
km
Legend

. = ESPG
[ Water body

320
321  Fig. 5. Spatiotemporal distributions of early-stage plant growth (ESPG) and water bodies at Poyang Lake in the middle and lower Yangtze River
322  floodplain during the 2015 autumn and 2016 spring growing seasons.

11



323
324
325
326

327
328

329
330

331
332
333

334

335
336
337
338

Table 1. The performance of the early-stage plant growth (ESPG), enhanced vegetation index
(EVI), and the differential EVI (diffEVI) metrics in predicting the distribution of greater white-
fronted geese (Anser albifrons) in the middle and lower Yangtze River floodplain (mean + standard
deviation of 1000 models with randomly-assigned absence points; see text for further details).

Period Variable AUC p R?
ESPG 0.83 +£ 0.01 <0.001 £ <0.001 0.55 £+ 0.03
Growing season EVI 0.72 £ 0.02 <0.001 £ <0.001 0.27 £+ 0.03
diffEVI 0.79 £ 0.04 <0.001 + <0.001 034 + 0.04
N . End of ESPG 0.78 + 0.02 <0.001 + <0.001 0.25 + 0.02
Oz-eirs?gmg EVI 0.58 + 0.03" - -
diffEVI 0.58 + 0.02° - -
* Indicating that AUC values for all 1000 models were less than 0.7.
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Fig. 6. Relationships between goose occurrence and plant growth indicators during the growing
season (a-c) and non-growing season (d). Grey areas indicate 95% confidence intervals. ESPG:
early-stage plant growth; EVI: enhanced vegetation index; diffEVI: difference between EVI at

the current time and EVI one month prior.

4. Discussion

We propose a new indicator of early-stage plant growth (ESPG) to identify suitable foraging
areas for herbivorous waterfowl. We determine the spatiotemporal distribution of ESPG in the
middle and lower Yangtze River floodplain. We then compare the performance of ESPG with the
traditional plant growth indicators (EVI and diffEVI) for predicting the waterfowl distribution
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using satellite-based goose tracking data and generalized linear models. We find that the model
based on ESPG best predicts the bird distribution during the growing season, while the end of
ESPG is the only indicator that significantly influences bird distribution during the non-growing
season.

Satellite-derived ESPG is a powerful proxy indicator of suitable forage areas for herbivorous
waterfowl. ESPG represents plants in the stage between the onset of plant growth and the peak in
nutrient biomass, and therefore accounts for both the quantity and quality of forage. Nutrient intake
rates for herbivorous waterfowl increase substantially during this stage. Continued increase in the
fiber content of leaves and stems means that plants become less palatable and less digestible after
this period, resulting in sharp decreases in nutrient intake rates (Drescher et al., 2006; van der Wal
et al., 1998). Geese might consistently graze on one forage area to prolong the early-stage plant
growth period (Bos et al., 2004; Fryxell, 1991; van der Graaf et al., 2005). Furthermore, areas
grazed by livestock would be more preferred by geese, since grazing could create fresh new plant
with a lower height and a higher quality (van der Graaf et al., 2002). EVI and diffEVI are also
linked to goose distribution, in accordance with previous findings (Li et al., 2017). However, when
other environmental variables (e.g., climate, topography and human disturbance) are incorporated
in models for predicting bird distributions, EVI and diffEVI are relatively unimportant (Li et al.,
2017), in some cases even contributing less than 1% (Zhang et al., 2018). We suggest that including
ESPG in herbivorous waterfowl species distribution models could help to improve the predictive
power of such models.

During the non-growing season, geese favored areas with a later end of ESPG. As winter
approaches and temperatures drop, plants at almost all development stages cease growth and start
to deteriorate. Plants with a later peak in nutrient biomass means are relatively young and fresh,
and may therefore sustain a relatively higher quality during winter. However, a higher biomass
during the non-growing season does not necessarily correspond to a higher quality of forage. If all
plants have reached maturity before the start of the non-growing season, a higher biomass (i.e., a
lower deterioration level) might indicate a relatively higher quality (Fig. 7a). Yet, plants that have
not reached maturity but ceased growing solely because of the advent of low temperatures (i.e.,
plants with a later end of ESPG), might have a relatively higher quality despite a lower total
biomass (Fig. 7b). Traditional plant growth metrics (EVI and diffEVI) mainly depict biomass
variation or accumulation and hence are unsuitable indicators of potential foraging land during the
non-growing season. The date of ESPG should be included among core environmental data layers
when predicting distributions of herbivorous waterfowl, especially during the non-growing season.
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Fig. 7. Schematic figures illustrating seasonal variation of plant biomass. Plants at three sites (S1,
S2 and S3) cease growth at different times. When entering the non-growing period, S2 has a
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relatively higher biomass and quality in comparison to S1 (a), while S3 has a relatively lower
biomass but a higher quality in comparison to S1 (b). Ty indicates the start of the non-growing
season. Grey solid circles indicate the end of early-stage plant growth (ESPG).

Herbivorous waterfowl populations are vulnerable to wetland degradation and loss, and can
be regarded as a sensitive bioindicator of the health of wetland ecosystems (de Boer et al., 2011;
Kays et al., 2015). Our study supports the hypothesis that herbivorous waterfowl select early-stage
growing plants due to a trade-off between forage quantity and quality. The generated
spatiotemporal distributions of suitable forage area maps are critical for real-time monitoring and
instantaneous intervention. Targeted measures could be applied to the core foraging areas to
increase the habitat quality. For example, shortages of suitable food during the growing season
could be improved by mowing plants to prolong the ESPG period and create young and high-
quality food for herbivorous waterfowl. The proposed plant growth indicator ESPG identifies
plants at a stage suitable for consumption by herbivorous waterfowl and is therefore a superior
indicator for predicting waterfowl distributions relative to previously-proposed forage surrogates
derived from satellite data. Spatiotemporal distribution modelling of herbivorous waterfowl could
be improved using ESPG, and thereby provide important information for a better understanding of
the impact of a fast-changing environment on these species, and offer more effective protection
measures to safeguard waterfowl populations. In the future, when new satellite data with higher
spatial and temporal resolutions become available, EPSG could be even more accurately captured
and applied in herbivore conservation.

5. Conclusions

Herbivorous waterfowl balance food quantity and quality by foraging on plants in the early-
stage growth period to achieve higher rates of nutrient intake. Comparing the performance of a
newly-proposed indicator of early-stage plant growth (ESPG) to those of traditional plant growth
indicators (EVI and diffEVI), we find that ESPG (and the end of ESPG) outperform other
indicators in predicting goose distributions during both the growing and non-growing seasons.
ESPG could be used to monitor the spatiotemporal distribution of suitable foraging area for
herbivorous waterfowl, and could be integrated in species distribution models to improve the
accuracy of bird distribution predictions. The ESPG metric is easy to use and is a potentially
valuable tool for waterfowl conservation and wetland management applications.
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