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A B S T R A C T   

Typhoons are increasing in inland areas and affecting agriculture under climate change. Assessing the large-scale 
impact of typhoons on crops is essential for improving agricultural resilience. However, typhoon impacts are 
typically intricate and uncertain, depending on the different stages of crop growth and the indicators used for 
assessment. Here, we leveraged satellite data to examine the spatial-temporal patterns of typhoon-induced im
pacts on maize during the milk stage in Northeast China in 2020. We found that land surface water index (LSWI) 
showed a significantly higher negative relative change of 161.5% in regions severely affected by typhoons, 
surpassing that of normalized difference vegetation index (NDVI, 19.7%), near-infrared reflectance of vegetation 
(NIRV, 31.7%), and enhanced vegetation index (EVI, 25.2%), suggesting the outperformance of LSWI in moni
toring the impact of typhoons on maize. Based on LSWI, we revealed the spatial-temporal distribution of typhoon 
impacts. Specifically, significant impacts on maize growth were observed in central Northeast China, particularly 
in Heilongjiang (49% of maize fields) and Jilin provinces (53% of maize fields). Furthermore, week-long lagging 
typhoon impacts on maize growth were generally found but lasted until the end of the maize growing season. We 
also found the typhoon impacts were partially mitigated by spatial and temporal compensations. Regions with 
above-average maize growth offset the losses experienced in areas severely affected by typhoons. Additionally, 
better maize growth in the early stages enhanced its resilience against subsequent typhoon impacts. Despite the 
mitigating effects on maize production, typhoons may increase the risk of maize mold, which warrants further 
investigation. Given the projected increase in future climate extremes, this study provides valuable insights into 
the rapid assessment of typhoon impacts using satellite data and cloud computing and supports decision-making 
in crop management for sustainable agricultural production.   

1. Introduction 

Typhoons, a kind of tropical cyclone occurring in the northwest 
Pacific, is one of the most dangerous and devastating extreme weather 
events (EWEs) (Needham et al., 2015), which have severe impacts on 
terrestrial ecosystems and human welfare (Patrick et al., 2022). They are 
usually accompanied by sustained high winds, intensive rainfall, high 
storm surges, and coastal inundation, and influence regional ecological 
and agricultural sustainability (Fan et al., 2021), such as reducing grain 

yield (Fischer and Stapper, 1987), increasing drying costs, decreasing 
grain quality, and slowing down harvest (Berry et al., 2004). Typhoons 
particularly affect taller crops such as maize. Lodging that occurs during 
the milk, dough, and dent stages may result in aborted kernels, reduced 
grain quality, and reduced kernel weight (Abendroth et al., 2011; Nleya 
et al., 2016). Even at the physiological maturity stage, lodging caused by 
natural disasters can lead to yield losses (Nleya et al., 2016). Recent 
studies indicated the frequency and intensity of cyclone activities would 
increase in higher latitudes in the coming decades in the context of 
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irreversible global climate change (Elsner et al., 2008), which would 
further threaten terrestrial ecosystems and regional food security (Lesk 
et al., 2016). 

The assessment of the impacts of typhoons has been traditionally 
based on field surveys and aerial photography (Kupfer et al., 2008; 
Wang and Xu, 2009), which can provide detailed information on vege
tation damage along the track of typhoons (Imbert, 2018). However, 
field observation-based studies are often constrained to a local scale 
because they are time-consuming and expensive (Hoque et al., 2016). 
Remote sensing is a cost-effective technique for understanding typhoon 
impacts on vegetation at the regional scale (Smith et al., 2014). For 
example, the high temporal resolution of MODIS data makes it ideally 
suited for rapidly assessing typhoon disturbance, and it has frequently 
been used in the analyses of the impacts of typhoons and hurricanes on 
vegetation (de Beurs et al., 2019; Rossi et al., 2013). 

Remote sensing-based assessments of typhoon impacts have shown 
limited attention to crops in previous studies, with a predominant on 
forests (Rossi et al., 2013; Wang et al., 2010; Zhang et al., 2013). 
Vegetation Indices (VIs) derived from satellite images have been widely 
used to examine the severity and extent of vegetation disturbances (Jing 
et al., 2014; Tortini et al., 2017), and the main VIs include normalized 
difference vegetation index (NDVI) (Abbas et al., 2020), enhanced 
vegetation index (EVI) (Wang and D’Sa, 2009), land surface water index 
(LSWI) (Zhou et al., 2017), and near-infrared reflectance (NIRV) (Wang 
et al., 2020). NDVI, NIRV, and EVI are both greenness-related VIs, and 
their disturbance detection is based on changes in chlorophyll content 
(Huete et al., 1994), which are the most frequently used indices for 
detecting vegetation disturbance under typhoons. Moreover, NIRV, the 
product of total scene NIR reflectance (NIRT) and the normalized NDVI, 
can estimate crop biomass accumulation of terrestrial vegetation and 
consistently untangles the confounding effects of background bright
ness, leaf area, and the distribution of photosynthetic capacity with 
depth in canopies (Badgley et al., 2017). It has been used for global and 
regional-scale crop biomass accumulation estimations (Badgley et al., 
2019), crop growth monitoring (Wu et al., 2020), and natural disaster 
assessment (Smith et al., 2020). While, LSWI, a water-related vegetation 
index (Xiao et al., 2004), is more sensitive to the leaf water content and 
vegetation modifications (Anderson et al., 2004; Hardisky et al., 1983). 
It has proven to be a superior indicator to NDVI and EVI in assessing 
typhoon impacts in forests in previous studies (Gang et al., 2020; Wang 
et al., 2010). Previous research using the above VIs to study the in
fluences of typhoons on vegetation is mostly focused on forests rather 
than crops (Tortini et al., 2017; Zhang et al., 2013). In terms of the 
impacts of EWEs on crops, most of the concerns are drought events 
(Wang et al., 2020; Wolf et al., 2016). The sensitivities of these different 
kinds of VIs to typhoon impacts on crops remain unclear, despite the risk 
of typhoons on crops increasing with global warming (Kossin et al., 
2014). 

Spatial patterns of disturbances are vital to assess the impacts of 
typhoons on vegetation. Previous studies showed significant correla
tions between the distance to the typhoons and forest structural loss at 
the regional scale as the wind speed decreases away from typhoons 
(Negrón-Juárez et al., 2014; Schwartz et al., 2017). Typhoon strength 
decreases as it moves inland, and decreases at a larger radius from the 
eyewall of the typhoon (Negrón-Juárez et al., 2014), which is also 
further modified by terrain (Philippopoulos and Deligiorgi, 2012). On 
the other hand, the temporal dynamics of disturbance on vegetation are 
also worthy of concern in assessing the impacts of EWEs. For instance, 
the warmer springs can alleviate the impacts of summer heatwave and 
drought on vegetative photosynthesis, resulting in no significant de
clines in crop biomass accumulation across most of Europe during the 
main vegetative growing season (Wang et al., 2020). Furthermore, the 
spatial and temporal impacts may work together on the final disturbance 
patterns of the impacts of EWEs on vegetation. Wolf et al. (2016) found 
that increased carbon uptake in the eastern United States during the 
warm spring of 2012 compensated for large reductions by the summer 

drought in the Midwest, which mitigated the impact on net annual 
carbon uptake. Therefore, the spatial-temporal patterns of disturbance 
are significant for understanding vegetation dynamics concerning 
typhoon influence on the entire region (Stanturf et al., 2007). Unfortu
nately, few studies focused on the overall spatial-temporal patterns of 
typhoon impacts on vegetation. 

As an increasingly important grain bowl in China, Northeast China 
produces more than one-third of the maize production in China. Un
fortunately, three typhoons (Bavi, Maysak, and Haishen) hit Northeast 
China (Table S1), covering most of the maize planting areas from August 
27th to September 8th in 2020, which coincided with the maize milk 
stage (Figs. 1 and 2). The typhoon impacts on maize aggravates the 
uncertainty of food security in China created by the ongoing pandemic 
of coronavirus disease 2019 (COVID-19)—with breaks in food supply 
chains, food shortages, and food price spikes predicted (Ma et al., 2021). 
A timely, unbiased, and transparent assessment of the impacts of the 
three typhoons on maize is extremely important but still unavailable. 

The objective of this study is to investigate the overall impacts of the 
three typhoons on maize growth and production in Northeast China in 
2020 through the utilization of high precision maize map and four VIs 
(NDVI, EVI, NIRV, and LSWI) as well as the cloud platform Google Earth 
Engine (GEE). Specifically, we aim to address the following questions: 1) 
Which proxy is more sensitive to typhoon impacts on maize? 2) How 
many maize fields in Northeast China were affected by typhoons, and 
what were the seasonal and spatial patterns of typhoon impacts? 3) Was 
maize yield largely impacted by typhoons in 2020? This study expects to 
provide an unbiased assessment of the typhoon impacts on maize in 
Northeast China in 2020 and develop a framework for future rapid 
monitoring of typhoon impacts on agricultural production. 

2. Materials and methods 

2.1. Study area 

Northeast China includes three provinces (Heilongjiang, Jilin, and 
Liaoning) and four municipalities in eastern Inner Mongolia (hereafter 
referred to as eastern Inner Mongolia), covering a vast area of 1.2 × 106 

km2 (about 13% of China’s territory). The region has a cold temperate 
and humid/sub-humid climate. The average annual precipitation is 
approximately 500–800 mm, which mostly falls in July and August. The 
annual accumulated air temperatures above 0 and 10 ◦C vary from 
2000–4200 ◦C⋅day and 1600–3600 ◦C⋅day, respectively. The number of 
frost-free days varies between 140 d and 170 d. One crop per year is 
cultivated under such thermal conditions in this region. The impacts of 
typhoons in Northeast China have been largely overlooked due to their 
lower frequency than in tropical regions; however, the increasing fre
quency of typhoons in the context of climate change (Emanuel, 2005) 
and global wind speeds recovery in high latitudes (Zeng et al., 2019) are 
increasingly threatening regional food production and security. 

2.2. Data 

2.2.1. Spatial distribution and phenology of maize 
We used the recent 10-m crop-type maps with an overall accuracy of 

86% in Northeast China during 2017–2019 (You et al., 2021) as the base 
maps of our study region. This high-quality maize map can provide 
detailed information on maize while helping to filter out the distractions 
of other crops. We overlaid the three years of maize maps to generate the 
maize layer as our study region considering the impact of land use 
changes. We then resampled it to the 500-m spatial resolution to match 
the Moderate Resolution Imaging Spectroradiometer (MODIS) data 
(Fig. 1a). Fig. 1b showed that maize in Northeast China is mainly 
distributed in plain areas. 

The maize phenology data is derived from the China Meteorological 
Science Data Center (CMSDC) (http://data.cma.cn/). The growth period 
of maize is from mid-May to early October in Northeast China (Fig. 2). 

Q. Zhang et al.                                                                                                                                                                                                                                  

http://data.cma.cn/


European Journal of Agronomy 156 (2024) 127169

3

When the three typhoons happened, the maize was going through the 
milk stage (Table S1, Fig. 2). During this period, maize would go through 
the milk, dough, and dent stages, which are all important periods for 
rapid accumulation of starch and nutrients (Abendroth et al., 2011; 
Nleya et al., 2016). 

2.2.2. Satellite-based VIs from MODIS 
We selected three kinds of spectral indices for assessing the distur

bance of vegetation, including three greenness indices (NDVI, NIRV, and 
EVI) (Abbas et al., 2020; Rossi et al., 2013), one water-related index 
(LSWI) (Zhou et al., 2017). The 500-m nadir bidirectional reflectance 
distribution function-adjusted reflectance (NBAR) dataset 
(MCD43A4.006) of MODIS was used to generate the time series of VIs, 
which has been proven to outperform others for vegetation dynamics 
monitoring (Li et al., 2018; Schaaf et al., 2002). Here we procured all 
accessible MCD43A4 Collection 6 NBAR data spanning the years 
2017–2020. The maximum value composites were used to synthesize the 
data to the 8-day temporal resolution to mitigate the impacts of bad 
observations. All data processing was conducted in the GEE platform. 
NDVI, EVI, NIRV, and LSWI were calculated by using the following 
formulas: 

NDVI =
ρnir − ρred

ρnir + ρred
(1)  

EVI = G⋅
ρnir − ρred

ρnir + C1⋅ρred − C2⋅ρblue + L (2)  

NIRV = ρnir⋅NDVI (3)  

LSWI =
ρnir − ρswir

ρnir + ρswir
(4)  

where G, C1, C2, and L are coefficients for the MODIS EVI algorithm 

(G=2.5, C1=6, C2=7.5, and L=1), and ρnir, ρred, ρblue, and ρswir represent 
the surface reflectance for the near-infrared, red, blue, and shortwave- 
infrared bands, respectively. 

2.2.3. Typhoon tracks and related meteorological data 
We acquired the routes of the three typhoons to track the typhoons 

across Northeast China in 2020 from the Typhoon Network of the 
Central Meteorological Observatory (Fig. 3a). The three typhoons 
entered Northeast China on August 27th (day of year (DOY) 240), 
September 3rd (DOY 247), and September 8th (DOY 252), 2020, and 
stayed for 9 hours, 27 hours and 5 hours, respectively. We also used 
total precipitation and maximum wind speed data from the CMSDC to 
represent the meteorological anomalies caused by the three typhoons. 

2.2.4. In-situ UAV survey during the typhoons 
To timely understand the impacts of typhoons on maize, we observed 

five plots of maize near the typhoon tracks by the Unmanned Aerial 
Vehicle (UAV) from September 9th to September 15th, 2020 (after 
Typhoon Haishen) (Fig. 3a). The sample sites were selected from the five 
counties which have been reported with typhoons’ impacts. The UAV 
images clearly show the distribution of maize lodging in these sites 
(Fig. 3), which could be regarded as the in-situ observation evidence for 
assessing typhoon impacts on maize. 

2.2.5. Maize area and yield from National Bureau of Statistics 
The maize area and yield data were collected from the National 

Bureau of Statistics (http://www.stats.gov.cn/), including the maize 
area and yield from 2017 to 2020 for each city in Northeast China. 

2.3. Methods 

The framework was developed for rapidly assessing the overall im
pacts of typhoons on maize growth and production (Fig. 4). We first 

Fig. 1. The distribution of maize fields and topography in Northeast China.  

Fig. 2. The calendar of maize in Northeast China. The capital letters “E”, “M”, and “L” represent the first ten days, the middle ten days, and the third ten days of the 
month respectively. 
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compared the sensitivity of VIs at the site and the regional scales to 
obtain the prior indicator. Then we used it to quantify the maize fields 
that have been affected in Northeast China and verified with the mete
orological anomalies caused by the typhoons. Finally, we analyzed the 
seasonal and spatial variations of maize disturbance from typhoons and 
tried to answer whether maize production has been primarily affected 
due to the typhoons in Northeast China in 2020. 

2.3.1. Detecting the sensitivity of VIs to typhoon impacts on maize 
Here we used the relative change of VIs (ΔVIs (%)) to indicate the 

sensitivity of different VIs to typhoon impacts on maize, which has been 
widely used to quantify vegetation disturbance (Peereman et al., 2020; 
Wang and Xu, 2018). The ΔVIs (%) with an 8-day temporal resolution 
for each pixel in 2020 were derived relative to the multiyear means from 
2017–2019, as there were no EWEs in Northeast China during the three 
consecutive years (Fig. 5a,b). The ΔVIs (%) of the UAV sample sites and 
the entire study area were calculated by averaging the pixels. The 
calculation formulas are as follows: 

VIAnomaly = VI2020 − VIBaseline (5)  

ΔVIs(%) =
VIAnomaly

VIBaseline
(6)  

where ΔVIs (%) represents the sensitivity of VIs to typhoon impacts. The 
VIAnomaly denotes the difference of VI (NDVI / EVI / NIRV / LSWI) be
tween 2020 and baseline (2017–2019). The VI2020 and VIBaseline refer to 

the VI value in 2020 and the mean VI value from 2017 to 2019, 
respectively. The higher absolute values of ΔVIs (%) mean higher 
sensitivity of one proxy to typhoon impacts. 

2.3.2. Seasonal and spatial variations of typhoon impacts on maize 
The impacts of typhoons on the development of maize at a seasonal 

scale should be considered, although the three typhoons occurred at the 
end of August and early September when the maize was growing during 
the milk stage in this region (Fig. 2, Table S1). The impacts of typhoons 
(e.g., lodging) may affect the crop biomass accumulation of maize. The 
NIRV, which is highly correlated with crop biomass accumulation, has 
been used to analyze the spatial and temporal dynamics of vegetation 
growth (Badgley et al., 2019; Wang et al., 2021). Here, we first acquired 
the monthly NIRV data derived by averaging the 8-day data. Then we 
calculated the anomaly of all maize pixels in different months to assess 
the seasonal and spatial variations of maize growth during the main 
growing season from June to September. 

2.3.3. Quantifying the impact of typhoon impacts on maize yield 
We employed the generalized additive model (GAM) to investigate 

the association between maize yield and typhoon impacts. The analysis 
was implemented using the “mgcv” package in R. The GAM is a general 
method to deal with the nonlinear relationship between the response 
variable and independent indicators (Hastle and Tibshirani, 1986; Hu 
et al., 2021). It can balance flexibility and interpretability, and it readily 
contributes to each independent variable of the maize yield. Specifically, 

Fig. 3. The tracks of the three typhoons and the location of five UAV sample sites. (a) The relative position of the UAV sample sites and the typhoon routes. (b) The 
in-situ photographs of the landscape of site 1. (c) The original UAV composite image of site 1. (d) The affected maize areas of site 1. Other original UAV composite 
images and the corresponding affected areas can be referred to in Fig. S1. 
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we used GAM incorporating cubic regression smoothing spline to model 
the nonlinear effects of typhoon impacts on maize yield. The constructed 
model is as follows: 

ΔYield(%) = s
(
ΔLSWIBefore(%)

)
+ s

(
ΔLSWIAfter(%)

)
(7)  

where ΔYield (%) is the relative change of maize yield in 2020. 
ΔLSWIBefore (%) is the relative change of LSWI before the typhoons (May 
11 to August 26), representing the state of maize growth before the ty
phoons in 2020. ΔLSWIAfter (%) is the relative change of LSWI after the 
typhoons (September 9 to October 10), representing the state of maize 
growth after the typhoons in 2020. The s donates the cubic smoothing 
spline function. The Akaike’s Information Criterion (AIC) value and R2 

were used as a guide for the goodness of fit of the model. 

3. Results 

3.1. Sensitivity of the four VIs to detect the impact of typhoon impacts on 
maize 

We analyzed the sensitivity of the four VIs in detecting typhoon 
impacts on maize at the five UAV sample sites. In site-1, during the 
typhoon period, the maximum wind speed appeared on DOY 244 in 
2020 and reached 13.5 m/s (5.4 m/s higher than the baseline, Fig. 5a), 
consistent with an increase in precipitation on the same day (107.1 mm 
in 2020 and 88.3 mm higher than the multiyear means from 2017–2019, 
Fig. 5b). We found that all the four VIs (LSWI, NDVI, NIRV, and EVI) 
began to decrease during the first 8-d after the typhoons (Fig. 5c–f). 
These decreases continued to enhance until the end of the growing 
season, with the most significant reductions happening at the end of 
September (Fig. 5c–f). Among these four indicators, LSWI showed a 
higher relative change (-161.5%) than NIRV (-31.7%), NDVI (-19.7%), 
and EVI (-25.2%), as shown in Fig. 5, which indicated that LSWI has the 

highest sensitivity for detecting the typhoon impacts on maize. The re
sults from the other four UAV sites also show consistent conclusions 
(Figs. S2–5). 

Regional-scale analyses also indicated a higher sensitivity of LSWI 
than others. Fig. 6 shows that LSWI experienced a much larger decrease 
than NIRV, NDVI, and EVI after the typhoons. At the beginning of the 
typhoons (240–247d), there was no obvious difference in the decline of 
the VIs values. Specifically, LSWI showed an 8.4% reduction (Fig. 6a,e), 
and NIRV, NDVI, and EVI values reduced by 5.8% (Fig. 6b,f), 2.2% 
(Fig. 6c,g), 4.5% (Fig. 6d,h), respectively. The advantages of LSWI in 
detecting the impact of typhoons on maize growth gradually appeared 
after the typhoons. LSWI values declined by 69.1% (Fig. 6a,e) at the end 
of September (272–279d), which is a much more significant decrease 
than NIRV (24.5%, Fig. 6b,f), NDVI (16.5%, Fig. 6c,g), and EVI values 
(20.4%, Fig. 6d,h). 

Although these VIs had different sensitivities for detecting the im
pacts of typhoons on maize growth, the area of disturbance identified by 
different proxies was similar. It was about 39.1% (LSWI), 37.9% (NIRV), 
31.2% (NDVI), and 34.0% (EVI) of the maize regions at the beginning 
(DOY 240), and 72.1%, 75.6%, 70.0%, and 75.1% of the maize regions 
at the peak (DOY 272) of disturbances (Fig. 7), indicating the agreement 
among their estimates. 

3.2. Area and intensity of typhoon impacts on maize in Northeast China 

Given the higher sensitivity of LSWI mentioned above, we used it to 
examine the area and intensity (i.e., moderate, severe, and extreme 
impacts) of typhoon impacts on maize in the study area (Fig. 8). During 
2017–2019, the mean LSWI values were above zero in most regions of 
the study area, especially in Heilongjiang and Jilin, even reaching above 
0.4 (Fig. 8a), while a significant decline in LSWI values happened in 
these two provinces after the typhoons in 2020 (Fig. 8b). Specifically, for 
the entire study area, 15% (2.4 million ha) of the maize area was shown 

Fig. 4. The framework for rapidly assessing the overall impacts of the typhoon on maize.  
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as moderate impacts (< − 0.5σ) as indicated by LSWI, 16% (2.4 million 
ha) as severe impacts (< − 1.0σ), and 41% (6.7 million ha) as extreme 
impacts (< − 1.5σ) (Fig. 8d). 

The typhoon impacts on maize varied in different provinces. 
Approximately 74% (4.2 million ha, Fig. 9a) and 83% (4.4 million ha, 
Fig. 9b) of the maize area suffered from typhoon impacts in the Hei
longjiang and Jilin, respectively, which were much more than Liaoning 
(60%, 1.9 million ha, Fig. 9c) and eastern Inner Mongolia (56%, 1.1 
million ha, Fig. 9d). Meanwhile, the typhoon impacts in Heilongjiang 
and Jilin were stronger. Approximately 49% (2.7 million ha, Fig. 9a) and 

53% (2.8 million ha, Fig. 9b) of the maize areas in the Heilongjiang and 
Jilin respectively are affected by extreme impacts (< − 1.5σ), while only 
25% (0.8 million ha, Fig. 9c) and 15% (0.3 million ha, Fig. 9d) of that in 
Liaoning and eastern Inner Mongolia respectively. 

We also considered the meteorological anomaly of maximum wind 
speed and total precipitation during the period of the three typhoons 
(Bavi, Maysak, and Haishen from August 27th to September 8th) to 
determine the typhoon impacts on the maize area (Fig. 10). The distri
bution of typhoon impacts on maize area was consistent and located in 
the estimates from the meteorological anomaly. For example, according 

Fig. 5. The meteorological anomalies and the relative change of VIs (ΔVIs (%)) of the UAV sample site-1 during the maize growing season. (a,b) Temporal variations 
of the 8-day maximum wind speed (a) and total precipitation (b) in 2020 and baseline (2017–2019) and their anomalies. (c–f) Temporal variations of the 8-day LSWI 
(c), NIRV (d), NDVI (e), and EVI (f) in 2020 and baseline (2017–2019) and their relative changes, respectively. The coordinates of the weather station and the UAV 
sample plot center are 126.340555◦ E, 45.568566◦ N, and 126.643937◦ E, 45.425799◦ N, respectively. The three vertical dashed lines indicate the entry time of the 
three typhoons (DOY 240, DOY 247, and DOY 252) respectively. The shade of light grey is the range in ± 1 standard deviation in baseline (2017–2019). 
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to the meteorological anomaly, 42% (indicated by maximum wind 
speed, Fig. 10d) –81% (characterized by total precipitation, Fig. 10h) of 
the maize area suffered from extreme typhoon impacts, and a total of 
approximately 62%–85% (Fig. 10d,h) of the regions suffered from 
typhoon impacts. The areas of LSWI-based typhoon disturbance in
tensity levels were in the ranges of that according to the meteorological 
anomaly (Figs. 8 and 10). 

3.3. Seasonal and spatial patterns of typhoon impacts on maize growth 

We used NIRV, which is highly correlated with crop biomass accu
mulation, to examine the seasonal and spatial patterns of maize growth 
in 2020. Despite suffering from the strong typhoon impacts, we did not 
find significant reductions in maize growth across the whole study re
gion in 2020 compared to that in the baseline years (2017–2019) 
(Fig. 11). NIRV was better than the baseline years from June to August in 
more than 40% of the study area (mainly in the central region), while 
approximately 50% of the study area (also in the central region) suffered 
maize damage in September (Fig. 12). This suggested that maize growth 
in the previous period (June to August) was generally better than the 
baseline years, and even though it declined after the typhoons 

(September), it was the same as the baseline years. We also found that 
the regions severely affected by typhoons are mainly concentrated in the 
central regions of Northeast China, while the eastern, western, and 
northern areas are unaffected or minimally affected by the typhoons 
(Fig. 12). This suggested a spatial-temporal compensation effect: the 
better maize growth in the east, west, and northwest of the study area 
compensates for the poorer maize growth in the central region, and the 
early stages of maize growth may contribute to increased resilience of 
maize against subsequent typhoon impacts. The spatial-temporal pat
terns of the NIRV anomaly provide additional insights into the overall 
influence of typhoon impacts on maize (Fig. 12). 

3.4. Impacts of typhoon on maize yield 

To quantify the impacts of typhoon on maize yield, we employed the 
ΔLSWI (%) to predict the impacts of typhoon on maize yield and 
establish the relationship between ΔLSWI (%) and ΔYield (%) utilizing 
GAM (Fig. 13). The results indicate that the impacts of typhoon can 
result in a reduction of the maize yield by up to 5% (Fig. 13). This 
suggests that the impacts of typhoon on maize yield in the region during 
2020 was constrained due to their occurrence late in the maize growth 

Fig. 6. Spatiotemporal patterns of ΔVIs (%) in 2020 compared to the baseline value during 2017–2019. (a–d) Relative change of LSWI (a), NIRV (b), NDVI (c), and 
EVI (d) from Typhoon Bavi to the end of the maize growth period. Numbers beneath each figure show the mean change percent for all pixels with reduced VI value. 
(e–h) Frequency of different gradients of LSWI (e), NIRV (f), NDVI (g), and EVI (h) in the corresponding periods. 
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cycle, specifically at the milk stage. Regions experiencing higher levels 
of typhoon impacts exhibited greater yield damage (Fig. 12). The ty
phoons primarily affected the milk and subsequent physiological 
maturity stages (Figs. 5 and 6, Table S1), during which starch and 
nutrient accumulation was nearly complete. 

4. Discussion 

4.1. Sensitivity of different proxies for assessing typhoon impacts 

With the rise in global mean temperatures, the frequency and in
tensity of EWEs are also increasing (Emanuel, 2005). Crops face 
heightened vulnerability to the disruptions caused by typhoons, nega
tively impacting crop yields (Lai, 2017). However, our understanding of 
the impacts of typhoon on agricultural systems remains limited. Satellite 
offers the potential to deepen our understanding of maize lodging on a 
larger spatial-temporal scale. By utilizing satellite data with high tem
poral and spatial resolutions, readily accessible at no cost, the precise 
and prompt detection of crop lodging allows for rapid monitoring of 
maize lodging after typhoons. Satellite-based VIs have been widely 
employed to monitor the dynamics of land surface and vegetation 
growth (de Beurs et al., 2019; Gang et al., 2020), but rarely have been 
focused on the impact of typhoons on crop growth. 

In this study, we explored the potential of three greenness indices 
(NDVI, NIRV, and EVI) and one water-related index (LSWI) for assessing 
the impact of typhoons on maize based on high-quality crop maps. Maize 
lodging results in the complete fracture of maize stems or roots, 
impeding water absorption and maize growth, typically manifested by a 
decline in vegetation indices. Our results indicate that LSWI serves as a 
robust indicator of typhoon impacts on maize in Northeast China 
(Figs. 5–7). This is because NDVI, NIRV, and EVI are typically associated 
with vegetation chlorophyll content (Cheng et al., 2006; Huete et al., 
2002). In comparison to changes in leaf chlorophyll content induced by 

typhoon disturbance, these indices may exhibit delayed and less sensi
tivity (Zhou et al., 2017). Conversely, water-related vegetation indices, 
such as LSWI, calculated based on the normalized ratio between NIR and 
shortwave infrared (SWIR) bands (Xiao et al., 2004), prove to be more 
sensitive to leaf water content (with a high liquid water absorption rate) 
and water stress than vegetation greenness-related indices. (Jackson 
et al., 2004; Wagle et al., 2014). These findings agree with previous 
studies which found that LSWI, also called Normalized Difference 
Infrared Index, is a more sensitive indicator of typhoons’ or hurricanes’ 
influence on forest ecosystems (Wang et al., 2010). Previous studies also 
indicated that vegetation dynamics can be better detected by 
NIR-SWIR-based vegetation indices than the NIR-Red-based ones (Cec
cato et al., 2001; Sader et al., 2003). 

Some other indices related to vegetation photosynthesis may also be 
worth considering, such as satellite observations of solar-induced chlo
rophyll fluorescence (SIF). SIF provides novel measurements to monitor 
crop growth conditions and stress responses (Porcar-Castell et al., 2014), 
and many studies have demonstrated that SIF is more sensitive to the 
photosynthetic rates of plants than other remotely sensed vegetation 
parameters (Guanter et al., 2014) and it has been widely used in 
monitoring drought restrictions on vegetation photosynthesis (Song 
et al., 2018; Wang et al., 2020). However, current SIF products at low 
spatial resolutions do not seem to be suitable for our study. This problem 
is expected to be solved with the advent of better spatial and temporal 
resolution SIF products, which are anticipated from several new satellite 
instruments such as TROPOMI (Guanter et al., 2015), and the GeoCARB 
instrument (Rayner et al., 2014). 

4.2. Lagging impacts of typhoon impacts on maize 

Our investigation revealed that the impact of the typhoon on maize 
lagged by at least one week and gradually intensified and lasted for a 
long time until the end of the maize growth season (Fig. 6). Initially, at 

Fig. 7. The 8-day time series of the percentage of the area moderately (< − 0.5σ and ≥ − 1.0σ), severely (< − 1.0σ and ≥ − 1.5σ) and extremely (< − 1.5σ) influenced 
by the three typhoons. (a–d) The proportion of stress area caused by the three typhoons indicated by LSWI (a), NIRV (b), NDVI (c), and EVI (d). The σ is the standard 
deviation in baseline (2017–2019). 
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the onset of the typhoon, around 39% of the maize fields exhibited an 
8% decline in LSWI, while towards the end of the maize growth period, 
approximately 72% of the maize area displayed a substantial 69% 
decrease in LSWI (Figs. 6a and 7). This lagging impact can likely be 
attributed to two factors: the delayed response of maize to physiological 
changes and the time lag in VI responses. On one hand, certain maize 
plants may not immediately lodge when the typhoons strike, but rather 
slightly bend initially and then lodge later. This delay could be attrib
uted to the impact of heavy rainfall, which can lead to root failure by 
weakening the soil strength (Fan et al., 2021), and when combined with 
strong winds, it increases the self-weight moment of the crop on the stem 
base (Sylvester-Bradley et al., 1990). Both of these factors significantly 
elevate the risk of lodging, causing maize plants to lodge after the 
typhoon, thereby affecting the overall yield (Chauhan et al., 2019). On 
the other hand, VIs may exhibit lagging responses to the physiological 
changes in vegetation. Numerous studies have shown that VIs tend to lag 
by at least approximately 8 days after a shift in precipitation anomaly 
(Kong et al., 2020; Wang et al., 2003). This delayed response adds to the 
complexity of assessing the actual impact of the typhoon on vegetation 
health. The observed lagging impact serves as a warning to continuously 
monitor crop growth even after typhoon events, as the full extent of the 
damage may not be immediately evident and could have longer-term 
implications. 

4.3. Spatial-temporal compensations for typhoon impacts on maize 

The spatial distribution of typhoon-induced impacts on maize 

exhibits significant heterogeneity in both spatial patterns and seasonal 
variations (Figs. 12 and 13), which suggests the spatial-temporal 
compensation mechanism. On the one hand, maize growth during 
June, July, and August of 2020 surpassed that of the baseline years 
(2017–2019) (Figs. 5 and 12). This earlier phase of nutrient accumula
tion and maturation contributed to bolstering the capacity to withstand 
the adverse impacts of typhoons in the later stages of the growing season 
(Ciampitti et al., 2011; Nleya et al., 2016). Consequently, this 
compensatory mechanism partially alleviated the decline of maize 
yields caused by the typhoons. On the other hand, the eastern, western, 
and inland northwest regions of Northeast China exhibited better maize 
growth, as indicated by the NIRV, compensating for the damage inflicted 
on maize in the central region due to typhoons (Fig. 8). This compen
satory effect is attributed to the diminishing impact of typhoons on 
maize as it moves further inland (Chambers et al., 2007), and as the 
distance from the center of the typhoon route increases (Ayala-Silva and 
Twumasi, 2004; Zhang et al., 2013). 

The spatial heterogeneity in the relative change in maize yield was 
also consistent with the spatial compensation for the impact of typhoons 
on maize (Fig. 14 and Fig. S6). According to the statistics, the areas with 
significant decreases in maize yield were mainly concentrated in the 
central part of Northeast China in 2020, including Liaoyuan, Siping, 
Changchun, Daqing, Songyuan, and Baicheng City (Fig. 14 and Fig. S7). 
Maize yield in other regions of Northeast China was largely unaffected 
and even much higher than the baseline years. It should be noted that 
some unaffected regions also suffered from the lower yield including 
southern Liaoning and Hunlenbuir city (Fig. 14 and Fig. S7), possibly 

Fig. 8. The area and extent of the typhoon impacts on maize indicated by LSWI in Northeast China in 2020. (a,b) Spatial distributions of LSWI value in Northeast 
China in baseline (2017–2019) and 2020. The maximum LSWI value at the end of the maize growth period (272–279 days) in 2017–2019 was used as the baseline. 
(c) Spatial distribution of the LSWI anomaly in Northeast China in 2020. The insets in a–c are the corresponding frequencies. (d) The area moderately (< − 0.5σ and ≥
− 1.0σ), severely (< − 1.0σ and ≥ − 1.5σ), extremely (< − 1.5σ) and other (≥ − 0.5σ) influenced by the three typhoons. The percentage of the four types was shown at 
the top of the panel. 
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because the potential flooding could have caused damage to yield there 
(Mirza, 2011). Several other factors may also influence maize yield. 
Maize varieties resistant to lodging have enhanced stem diameter co
efficients and increased basal internode shattering strength, improving 
their resilience against strong winds and mitigating potential yield losses 
(Tong et al., 2020). Additionally, lowering stem density mitigates 
resource competition, particularly for sunlight, and decreases the 

likelihood of lodging. (Van Roekel and Coulter, 2011). Rotary tillage 
enhances lodging resistance by lowering the center of gravity and 
reinforcing root anchoring strength (Bian et al., 2016). 

Despite the impact of typhoons on final maize yield exhibit limita
tions in Northeast China (Fig. 13), persistent precipitation and water
logged fields following the occurrence of typhoons can result in varying 
degrees of yield reduction and quality degradation for maize crops. This 

Fig. 9. The difference in typhoon impacts on maize indicated by LSWI on various provinces in Northeast China during the three typhoons (240–252 days) in 2020. 
(a–d) The area moderately (< − 0.5σ and ≥ − 1.0σ), severely (< − 1.0σ and ≥ − 1.5σ), extremely (< − 1.5σ), and other (≥ − 0.5σ) influenced by the three typhoons in 
(a) Heilongjiang, (b) Jilin, (c) Liaoning, and (d) eastern Inner Mongolia. The percentage of the four types was shown at the top of each panel. 

Fig. 10. Spatial patterns of meteorological anomaly in Northeast China during the three typhoons (240–252 days) in 2020. (a,b) Maximum wind speed in baseline 
(2017–2019) and 2020, respectively. (c) Anomaly of maximum wind speed during the three typhoons. (d) The frequency of the maize area is affected by the 
maximum wind speed. (e,f) Total precipitation in baseline (2017–2019) and 2020, respectively. (g) Anomaly of total precipitation during the three typhoons. (h) The 
frequency of the maize area is affected by the total precipitation. The insets in a–c and e–f are the corresponding frequencies. 
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is due to abnormal maize growth, slowed kernel dewatering, the pres
ence of moldy and germinating cobs, and increased challenges in the 
harvesting process (Niu et al., 2016; Tripathi et al., 2005; Webber et al., 
2020). Previous studies have highlighted the negative effects of maize 
lodging, which can further exacerbate the situation by promoting mold 
development and adversely affecting corn quality (Lindsey et al., 2021; 
Rajkumara, 2008; Turner et al., 2021). Consequently, a higher propor
tion of mold-infested kernels may be present in the harvested maize 
(Jiao et al., 2014). However, our study did not investigate the potential 
effects of maize mold due to the lack of post-harvest data on maize 
kernel mass, which needs to be examined in future studies. 

4.4. Uncertainty and implications 

Previous research has primarily utilized the difference between pre- 
and post-typhoon VI images to assess the impact of typhoon events on 
vegetation disturbances (Abbas et al., 2020; Negrón-Juárez et al., 2014). 
This approach raises concerns regarding the selection of the 
post-typhoon image for evaluating vegetation disturbance and dis
tinguishing it from seasonal variations in vegetation. To avoid these 
problems, we compared the VIs in 2020 with the multi-year average 
(2017–2019, no EWEs) to determine the extent of typhoon-induced 
impacts on maize. Nevertheless, it is important to note that the natu
ral fluctuations in maize growth across different years, which result in 
minor variations in VIs unrelated to typhoon impacts, may introduce 
potential misinterpretations when quantifying the affected maize area, 
even when using a relatively conservative threshold (＜-0.5σ). It is 
crucial to underscore that when employing satellite-based VIs to 
monitor the impact of typhoons on crops, special attention must be paid 
to the crop growth stages, as this can significantly influence the efficacy 
of VIs. In our study, the typhoon occurred during the milk stage of maize 

Fig. 11. Temporal variation of NIRV during the maize growing season in the 
whole of Northeast China. The upper panel shows the temporal variations of the 
8-day NIRV in 2020 and baseline (2017–2019) and the bottom panel shows the 
NIRV anomaly. The three vertical dashed lines indicate the entry time of the 
three typhoons respectively. The shade of light grey is the range in ± 1 standard 
deviation in baseline (2017–2019). 

Fig. 12. Spatiotemporal patterns of NIRV anomaly during maize main growing period. (a–d) Spatial patterns of NIRV anomaly in (a) June, (b) July, (c) August, and 
(d) September in 2020 compared to baseline (2017–2019). The insets in a–d are the corresponding frequencies. (e) The monthly time series of the area ratio of 
different influence gradients. 

Fig. 13. Contribution of typhoon impacts on maize yield based on GAM.  

Q. Zhang et al.                                                                                                                                                                                                                                  



European Journal of Agronomy 156 (2024) 127169

12

when its physical height was nearly at the maturity stage, but nutrient 
accumulation was still somewhat deficient. Therefore, the lodging 
caused by the typhoon affects crop nutrient accumulation by influencing 
processes such as water uptake in maize. If the typhoon occurs when the 
crops are already fully mature, VIs may struggle to differentiate between 
lodged and non-lodged crops, requiring further investigation. 

The commencement and conclusion of typhoon seasons are generally 
comprehended, but the occurrence of typhoon events themselves re
mains unpredictable. Consequently, coordinating ground surveys across 
the studied landscape becomes challenging due to the uncertainty of 
disturbances and the location of clouds on satellite images. The collec
tion of ground-truthing data for previous disturbance events was 
arduous. Therefore, we propose conducting regular ground surveys in 
multiple frequently affected regions to evaluate the impacts of distur
bances on crops whenever feasible. These ground-truthing surveys 
would enhance the assessment of typhoon impacts on agricultural 
yields. 

5. Conclusions 

The impact of three consecutive strong typhoons on maize produc
tion in Northeast China has raised concerns about food security amidst 
the COVID-19 pandemic. Conflicting reports from various agencies and 
media outlets have further added to public confusion. This study aimed 
to assess the overall impacts of these typhoons on maize in Northeast 
China using high-quality maize maps and satellite-based VIs. The anal
ysis revealed that LSWI was more effective than other chlorophyll- 
related proxies (such as NDVI, NIRV, and EVI) in monitoring the ef
fects of typhoons on maize growth. The LSWI showed a significantly 
higher negative relative change of 161.5%, surpassing the correspond
ing values of 19.7% for NDVI, 31.7% for NIRV, and 25.2% for EVI. Based 
on the LSWI results, it was found that a considerable maize field (11.5 
million ha) had been affected to varying degrees, with Jilin (4.4 million 
ha) to Heilongjiang (4.2 million ha), Liaoning (1.9 million ha), and 
eastern Inner Mongolia (1.1 million ha). The impact of typhoons on 
maize growth exhibited a delayed response, persisting for a long time 
until the conclusion of the maize growing season. Interestingly, there 
was no noticeable decrease in maize growth for the entire Northeast 
China after the 2020 typhoons compared to the baseline years 
(2017–2019), which could be attributed to spatial-temporal 

compensations. This study provided valuable knowledge and a frame
work for rapid assessment of typhoon impacts by using optimal remote 
sensing indicators, including the identification of affected areas and 
patterns, as well as potential impacts on maize production. 
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Frankenberg, C., Landgraf, J., 2015. Potential of the TROPOspheric monitoring 
instrument (TROPOMI) onboard the Sentinel-5 Precursor for the monitoring of 
terrestrial chlorophyll fluorescence. Atmos. Meas. Tech. 8 (3), 1337–1352. https:// 
doi.org/10.5194/amt-8-1337-2015. 

Hardisky, M., Klemas, V., Smart, M., 1983. The influence of soil salinity, growth form, 
and leaf moisture on the spectral radiance of. Spartina Alter. 49, 77–83. 

Hastle, T., Tibshirani, R., 1986. Generalized additive models (with discussion). Stat. Sci. 
1, 336–337. 

Hoque, M.A.-A., Phinn, S., Roelfsema, C., Childs, I., 2016. Assessing tropical cyclone 
impacts using object-based moderate spatial resolution image analysis: a case study 
in Bangladesh. Int. J. Remote Sens. 37 (22), 5320–5343. 

Hu, S., Xiong, C., Liu, Z., Zhang, L., 2021. Examining spatiotemporal changing patterns of 
bike-sharing usage during COVID-19 pandemic. J. Transp. Geogr. 91, 102997 
https://doi.org/10.1016/j.jtrangeo.2021.102997. 

Huete, A., Justice, C., Liu, H., 1994. Development of vegetation and soil indices for 
MODIS-EOS. Remote Sens. Environ. 49 (3), 224–234. https://doi.org/10.1016/ 
0034-4257(94)90018-3. 

Huete, A., Didan, K., Miura, T., Rodriguez, E.P., Gao, X., Ferreira, L.G., 2002. Overview 
of the radiometric and biophysical performance of the MODIS vegetation indices. 
Remote Sens. Environ. 83 (1), 195–213. https://doi.org/10.1016/S0034-4257(02) 
00096-2. 

Imbert, D., 2018. Hurricane disturbance and forest dynamics in east Caribbean 
mangroves. Ecosphere 9 (7), e02231. https://doi.org/10.1002/ecs2.2231. 

Jackson, T.J., Chen, D., Cosh, M., Li, F., Anderson, M., Walthall, C., Doriaswamy, P., 
Hunt, E.R., 2004. Vegetation water content mapping using Landsat data derived 
normalized difference water index for corn and soybeans. Remote Sens. Environ. 92 
(4), 475–482. https://doi.org/10.1016/j.rse.2003.10.021. 

Jiao, J., Wang, L., Wang, L., Xiang, H., Jiang, L., 2014. Causes and prevention measures 
to moldy grain of Maize in Heilongjiang Province. Chin. Agric. Sci. Bull. 30 (30), 
228–233. 

Jing, Y., Li, J., Weng, Y., Wang, J., 2014. The assessment of drought relief by typhoon 
Saomai based on MODIS remote sensing data in Shanghai, China. Nat. Hazards 71 
(2), 1215–1225. 

Kong, D., Miao, C., Wu, J., Zheng, H., Wu, S., 2020. Time lag of vegetation growth on the 
Loess Plateau in response to climate factors: estimation, distribution, and influence. 
Sci. Total Environ. 744, 140726 https://doi.org/10.1016/j.scitotenv.2020.140726. 

Kossin, J.P., Emanuel, K.A., Vecchi, G.A., 2014. The poleward migration of the location 
of tropical cyclone maximum intensity. Nature 509 (7500), 349–352. 

Kupfer, J.A., Myers, A.T., McLane, S.E., Melton, G.N., 2008. Patterns of Forest Damage in 
a Southern Mississippi Landscape Caused by Hurricane Katrina. Ecosystems 11 (1), 
45–60. https://doi.org/10.1007/s10021-007-9106-z. 

Lai, L.-W., 2017. The relationship between extreme weather events and crop losses in 
central Taiwan. Theor. Appl. Climatol. 134 (1-2), 107–119. https://doi.org/ 
10.1007/s00704-017-2261-z. 

Lesk, C., Rowhani, P., Ramankutty, N., 2016. Influence of extreme weather disasters on 
global crop production. Nature 529 (7584), 84–87. https://doi.org/10.1038/ 
nature16467. 

Li, Z., Huang, C., Zhu, Z., Gao, F., Tang, H., Xin, X., Ding, L., Shen, B., Liu, J., Chen, B., 
Wang, X., Yan, R., 2018. Mapping daily leaf area index at 30 m resolution over a 
meadow steppe area by fusing Landsat, Sentinel-2A and MODIS data. Int. J. Remote 
Sens. 39 (23), 9025–9053. https://doi.org/10.1080/01431161.2018.1504342. 

Lindsey, A.J., Carter, P.R., Thomison, P.R., 2021. Impact of imposed root lodging on corn 
growth and yield. Agron. J. 113 (6), 5054–5062. https://doi.org/10.1002/ 
agj2.20848. 

Ma, N.L., Peng, W., Soon, C.F., Hassim, M.F.N., Misbah, S., Rahmat, Z., Yong, W.T.L., 
Sonne, C., 2021. Covid-19 pandemic in the lens of food safety and security. Environ. 
Res. 193, 110405. 

Mirza, M.M.Q., 2011. Climate change, flooding in South Asia and implications. Reg. 
Environ. Change 11 (1), 95–107. https://doi.org/10.1007/s10113-010-0184-7. 

Needham, H.F., Keim, B.D., Sathiaraj, D., 2015. A review of tropical cyclone-generated 
storm surges: global data sources, observations, and impacts. Rev. Geophys. 53 (2), 
545–591. 
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