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Abstract:



Global warming has resulted in increasingly frequent and severe drought and/or precipitation events. Severe drought limits crop water availability and impacts agricultural productivity and socioeconomic development. To quantify drought-induced yield loss during the main crop stages in Liaoning province, China, aspects of drought episodes (magnitude, duration, and frequency) were investigated during the period 1960–2015 using the Standardized Precipitation Index (SPI) and the Standardized Precipitation Evapotranspiration Index (SPEI), respectively. Then the relationship between the SPI/SPEI and the standardized yield residuals series (SYRS), and the drought-induced yield loss were analyzed for maize, rice, sorghum, soybean, and millet. Liaoning underwent a province-wide increase in temperature, reduced precipitation, and reduced reference crop evapotranspiration. As expected, Liaoning experienced province-wide meteorological drying trends during the main crop growth stages, while the drought frequency, duration, and magnitude were not as serious as revealed by using the SPI. As compared to the SPI, the SPEI considering potential evapotranspiration explained 39%–78% yield variability of SYRS and evaluated the drought-induced yield loss more accurately. The increased drought frequency mainly affected the rain-fed crops (maize, sorghum, soybean, and millet), while it did not reduce irrigated rice production. No major impact was exerted on the rain-fed crops caused by mild drought. However, severe drought (SPEI < −1.0) markedly reduced yield performance, in particular at the anthesis-silking stage for maize, the jointing-booting stage for sorghum, the flowering-podding stage for soybean, and the sowing-milking stage for millet. It is concluded that the SPEI is a more useful measure for the identification of drought episodes and the assessment of drought impact on agricultural production in Liaoning province.
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1. Introduction


The global climate has undergone significant and unprecedented changes during the past 100 years. There is increasing evidence that global warming has resulted in increasingly frequent and severe drought and/or precipitation events [1]. Drought is one of the most complex and damaging natural disasters that impacts agricultural productivity and socioeconomic development [2,3]. Many areas of the world still suffer from drought-induced crop failure and water shortage problems, particularly in rainfed agriculture regions [4,5].



Liaoning province is located in East Asia’s monsoon region and has one of the largest climate change rates in the world [6]. Drought is a major problem in this area, which has been responsible for great losses of regional agricultural production. The socioeconomic activities of Liaoning province are predominantly rain-dependent. Liaoning has experienced an unprecedented severity in the intensity, extent, and duration of extreme events (e.g., drought) [7,8]. Therefore, it is imperative to quantify the drought risk and its drought impact on main crop yields, which benefit farmers by mitigating or adapting to drought-induced impact on agricultural systems.



Drought indices, such as the Palmer Drought Severity Index (PDSI) [9], the Standardized Precipitation Index (SPI) [10], etc., have great potential for characterizing agricultural impacts associated with droughts [11,12]. Among the various drought indices, the PDSI is one of the most widely used measures. The PDSI’s main advantage lies in its sensitivity to changes in climatic water balance, which makes comprehensive assessments for both precipitation and evapotranspiration anomalies, and soil water-holding capacity [13]. Nevertheless, the PDSI is weaker at demonstrating the effects of the short-term drought, and lacks the multi-scalar character essential for assessing drought [3,14]. Additionally, drought assessment in snowmelt regions or during the winter months (e.g., parts of Liaoning in April) is not available, for all snows are assumed as rain [15]. The SPI is a relatively easy index for assessing the variability of dryness/wetness conditions, and is widely used by meteorologists and climatologists around the world [16], due to its limited input data requirements, multi-scalar characters, and simplicity of calculations. However, in the context of current global warming, the changes of the atmospheric evaporative demand cannot be neglected in drought research, even though precipitation is the main driver of drought severity [15,17]. The main disadvantage is therefore that the SPI uses only precipitation, without taking into account temperature and evapotranspiration [18]. Recently, the Standardized Precipitation- Evapotranspiration Index (SPEI) [13] has been proposed for detecting and monitoring drought. The index combines the sensitivity of the PDSI to changes in evaporation demand under a warming climate and the multi-temporal nature of the SPI with the simplicity of calculation [2,13]. Rising temperature plays an important role in explaining the recent trends in the development of natural vegetation and crops, and agricultural productions [13,19]. Liaoning province is characterized by increased temperature and reduced precipitation, which usually resulted in more frequent and severe drought episodes [15,20,21]. However, Liaoning province experiences a decline in the reference crop evapotranspiration (ET0) with a gradual warming trend [22]. Therefore, it is essential to combine the reduced precipitation with reduced ET0 to better understand the drought characteristics and the spatial–temporal variabilities of Liaoning province under a warming climate using the SPEI.



Previous studies have revealed drought characteristics in Liaoning province using different drought indices [15,20,21,23]. However, most of these studies focus on the spatial–temporal variabilities of drought episodes, and only a limited number of studies have addressed the impact of drought on main cereal crops, in particular using the SPEI index. Therefore, the objectives of this study are (1) to detect and characterize the temporal–spatial distribution of drought variability (drought frequency, magnitude and duration, and significant level) using the SPEI index for Liaoning province during the main crop growth stages; and (2) evaluate the drought-induced decline and yield sensitivity of maize, rice, sorghum, soybean, and millet in Liaoning province, China.




2. Materials and Methods


2.1. Study Region


Liaoning province, with a total area of 148,000 km2, lies between 38°43′ and 43°26′ N latitude and 118°53′ and 125°46′ E longitude in China (Figure 1). Liaoning is also known as “the Golden Triangle” from its shape and strategic location, and consists essentially of a central lowland, flanked by mountains to the east and west. Based on the topographical and hydrographic characteristics, Liaoning is comprised of Northeastern Mountain and Liaodong Peninsula in the east (also collectively referred to as Eastern Mountain), Western Highland, and a Central Plain zone [24]. The Northeastern Mountain sub-region is dominated by the Changbai Mountain and Qianshan ranges, which extends into the sea to form the Liaodong Peninsula. Cultivated land area (4.09 million hectare) accounted for 27.65% of the total land area, of which about 80% are distributed in the Central Plain zone and Western Highland. The annual mean air temperature ranges from 7 to 11 °C and the frost-free period lasts from 130 to 200 days. The prevailing cereal crops include maize, rice, sorghum, soybean, and millet in this agro-climatic region. Precipitation is the highest in the Eastern Mountain, and lowest in the Western Highland, while the Central Plain receives a moderate amount of rainfall. The average annual rainfall is 500–1000 mm, and more than 85% is received during the main crop growth stages (April to October).


Figure 1. Spatial distribution of the 56 meteorological stations in Liaoning province, China.
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2.2. Meteorological Data and Drought Identification


Meteorological data were provided by the Northeast Regional Meteorological Center, China Meteorological Administration (CMA). The datasets covering the selected 56 meteorological stations (Figure 1) in Liaoning province included the daily minimum, mean, and maximum air temperatures, relative humidity, wind velocity (at 10 m height), sunshine duration, pan evaporation, and precipitation during the period 1960–2015. The homogeneity and reliability of the meteorological data were checked and controlled as described by Liu et al. [25]. In order to identify and characterize the evolution of drought episodes, the SPI series was computed based on monthly precipitation series following the methodology of McKee et al. [10]. The monthly accumulative precipitation was estimated by summing the daily precipitation data. The SPI series was fitted to a gamma probability distribution and normalized to a standard normal probability distribution, as described by McKee et al. [10]. The SPEI [13] has been proposed for identifying drought episodes. The calculation procedures for the SPEI were similar to the SPI, but the P-ET0 (precipitation reference crop evapotranspiration) series was fitted to the log-logistic distribution to calculate the SPEI. The SPEI is an extension of the SPI, which attempts to rectify a shortcoming of the SPI—its calculation is only based on precipitation data [17]. For the SPEI, the FAO56 Penman–Monteith method was employed for monthly reference crop evapotranspiration (ET0) estimation, which is recommended by many international organizations such as the FAO [26]. Both the SPI and SPEI for different month lags were implemented using the SPEI package [27] in R software.



The threshold of 0 in both the SPI and SPEI series (representing 50% of the probability distribution of the standardized variable) was used to identify and explore individual drought episodes, which considered that all the negative values were related to dry conditions [28]. The drought duration was the longest period of consecutive months with the values <0 and the sum of the index values was the drought magnitude [29,30]. The drought frequency was the number of months with values <0 during the main crop growth stages. The inverse-distance-weighted (IDW) algorithm was used to generate contours over Liaoning province with a power of 2.0, 12 grid points, and variable radius location from the point measuring stations via the ArcGIS desktop software. (Esri, Redlands, CA, USA)




2.3. Trend Analysis


The rank-based Mann–Kendall trend (MK) test was used to identify the existence of a possible tendency of drought episodes. A trend-free pre-whitening procedure described by Yue et al. [31] was applied to eliminate the effect of autocorrelation of data series before applying the MK test. The Theil–Sen estimator [32,33] was used to quantify the magnitude of trends. Both the calculations of the MK trend test and the Theil–Sen estimator were implemented by the rkt package [34] in R software.




2.4. Yield Data


The main cereal crop yields of maize, rice, sorghum, soybean, and millet from 1985 to 2014 at the province level were collected from the Bureau of Statistics of Liaoning, China. Maize is the largest grain crop in Liaoning, accounting for about 66.7% of the total cereal crop grain production in the province, followed by rice (25.7%), sorghum (1.6%), soybeans (1.3%), and millet (1.0%) with 3.5% for various other cereal crops [35]. Previous studies [17,36] have indicated that the fluctuations in crop yield series are mainly caused by (1) non-climatic factors, such as new varieties, fertilizers, and water management practices, which has tended to create a growing trend in the yield; (2) the agro-meteorological conditions (e.g., dryness and wetness episodes) during the growing season; (3) the yield sensitivity to dryness/wetness conditions; and (4) residual error. Yield fluctuations due to non-climatic factors were removed by the de-trend method and the residuals of the de-trended yield (the variation resulting from climate) were used [36,37]. In this study, the quadratic polynomial trend was applied to de-trend yield series. The standardized yield residuals series (SYRS) is computed as:


[image: there is no content]



(1)




where [image: there is no content] is the residuals of the de-trended yield, [image: there is no content] is the mean of the residuals of the de-trended yield, and [image: there is no content] is the standard deviation.



Relative yield loss is computed as:
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(2)




where [image: there is no content] is the yield series. [image: there is no content] is used to evaluate the crop sensitivity to drought as quantified by the SPI and SPEI at a one-month lag for each month of the growing season.



The Pearson correlation method was used to explain the linear relationships between SYRS for each the main cereal crop yield (maize, rice, sorghum, soybeans, and millet) and the SPI/SPEI series during the main crop growth stages (April to October). The drought–yield relationship was estimated by a multiple regression analysis, and the SYRS fluctuation for the main cereal crops were modeled as functions of seven SPI/SPEI series (April to October) at a one-month lag.





3. Results


3.1. Temporal and Spatial Variability of Monthly Precipitation, ET0, and SPEI


Figure 2 provides the evolution of the monthly regional precipitation (P), ET0, water deficit (P-ET0), and SPEI series at a one- to 12-month lag from 1960 to 2015 for Liaoning province. The mean monthly precipitation ranged from 5.2 mm (January) to 190.0 mm (July), with the mean annual precipitation being 669.0 mm, and 92.7% of this total received during the main crop growth stages (April to October) (Figure 2a). However, a province-wide trend was observed for precipitation decrease during the main crop growth stages (Figure 3b). The results demonstrated that 98% (55) of the meteorological stations had decreasing precipitation during the main crop growth stages (−2.8 to −47.9 mm·decade−1). Among the 56 selected stations, 10 stations exhibited decreasing trends (p < 0.05), which mainly occurred in the Western Highland (five); the other five stations were located in the northern part of Liaodong Peninsula, and in the Central Plain (Figure 3b).


Figure 2. (a) Monthly precipitation (P, mm); (b) reference crop evapotranspiration (ET0, mm); (c) water deficit (P-ET0, mm) series; and (d) the SPEI series calculated at different time scales.
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Figure 3. (a) Spatial distribution of temperature (°C·year−1); (b) precipitation (mm·year−1); (c) ET0 (mm·year−1) trends and the significances for the 56 meteorological stations in Liaoning province, China. The Theil–Sen approach was used to estimate the magnitude of time-series trends, while the Mann–Kendall non-parametric test was used to quantify the significance.
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The spatial distribution of mean temperature during the main crop growth stages indicated increasing temperatures for 100% of meteorological stations (0.21 ± 0.08 °C·decade−1), with 93% stations having significant warming trends (p < 0.05, and 82% stations at p < 0.01 level) (Figure 3a). However, in contrast to the increased temperatures, 91% of stations had ET0 declines during the main crop growth stages, with 61% showing a decreasing trend (p < 0.05), which mainly occurred in the Western Highland and Central Plain. The ET0 trend magnitudes gradually increased from the southeast to the northwest of the province and varied from −2.04 mm·year−1 to 0.62 mm·year−1. Over the last 56 years, the mean monthly ET0 ranged from 14.6 mm (January) to 116.6 mm (May). Moreover, the mean annual ET0 was 775.9 mm, with 83.3% occurring from April to October (Figure 2b). The calculation of P-ET0, averaged over the stations in Liaoning province, identified a higher temporal frequency with negative differences (73%) than that observed with positive differences (27%) (Figure 2c). Positive values of the P-ET0 mainly occurred in July and August, suggesting that the two largest rainfall months, July and August, are relatively moist, while the negative value implied potentially increased risk for meteorological drought for the other months. In order to assess the drought, the SPEI was calculated at one- to 12-month lags for Liaoning province (Figure 2d). The main persistent dry periods were identified during 1979–1984, 1999–2005, and 2007–2011, while the prevailing wet persistent periods were observed during 1973–1977, 1985–1988, 1994–1996, and 2012–2014. Feng and Wu [38] confirmed our findings and indicated that the reduced yields that occurred during 1999–2005 resulted in large economic and societal losses.




3.2. Spatiotemporal Variability of Drought


Liaoning experienced a province-wide drying trend during the main crop growth stages during the last five decades, while the drought frequency, duration, and magnitude were not as serious as revealed by the SPI. The drought duration is the extent and persistence of the drought, whereas the magnitude of drought is the intensity of the drought [39]. The drought episodes, including the accumulated SPI and SPEI, drought frequency (SPI/SPEI < 0.0), drought duration, and drought magnitude during the main crop growth stages, were all detected by using both SPI and SPEI indices at a one-month lag (Figure 4). Accumulated SPI-1 indicated a province-wide decreasing trend (−0.297 per decade), with five stations having a reduced SPI-1 (p < 0.05 level) (Figure 4a). However, when using the SPEI index, only about half of Liaoning showed a decreasing trend (ranging from −0.088 to 0.266 per decade), and none of the 56 selected stations had a significant decrease (Figure 4b). Similarly, drought frequency detected by SPI during the main crop growth stages had an increasing trend for 96% of meteorological stations, with three being significant (Figure 4c). In comparison, the SPEI results only showed a 61% increasing trend without significant change (Figure 4d). In addition, the magnitude of the SPEI drought frequency trends (ranging from −0.159 to 0.171 per decade) was also lower than those for the SPI (−0.088 to 0.266 per decade).


Figure 4. Spatial distribution of drought trends in accumulated SPI-1 (standardized precipitation index at one-month lag) and SPEI-1 (standardized precipitation-evapotranspiration index at one-month lag) (a,b); drought frequency (number of droughts per year) (c,d); drought duration (number of months per year) (e,f); and drought magnitude (g,h) during main crop growth stages detected by using the SPI (a,c,e,f) and SPEI (b,d,f,h) indices and the significances for the 56 meteorological stations in Liaoning province, China. The Theil–Sen approach was used to estimate the magnitude of time-series trends, while the Mann–Kendall non-parametric test was used to quantify the significance.
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The drought duration is the longest period of consecutive months with values <0 and the sum of the index values is the drought magnitude [29,30]. The drying trends in both drought duration (Figure 4e) (−0.070 to 0.372 month per decade, 80% nonsignificant and 11% significant increasing trends) and drought magnitude (Figure 4g) (−0.404 to 0.038 per decade, 88% nonsignificant and 9% significant increasing trends) detected by SPI were higher than the SPEI drought duration (Figure 4f) (−0.093 to 0.292 per decade, 80% nonsignificant and 0% significant increasing trends) and drought magnitude (Figure 4h) (−0.026 to 0.011 per decade, 71% nonsignificant and 0% significant increasing trends).




3.3. Long-Term Fluctuation of the Main Cereal Crop Yields


The temporal evolution and quadratic trend of yield at the province level for maize, rice, sorghum, soybeans, and millet during the period 1984–2014 is shown in Figure 5. According to the Liaoning Statistic Yearbook [35], rice is produced more than any other cereal crop (8.0 t·ha−1), followed by maize (5.0 t·ha−1), sorghum (5.0 t·ha−1), soybeans (2.1 t·ha−1), and millet (2.8 t·ha−1). Maize, rice, and sorghum yields all showed quadratic relationships with the year, with an initial increase and a subsequent decline (Figure 5a–c). The contributing factors to the initial increased yield were attributed to be improved cultivars, increased irrigation, and improved farming practices, whereas the subsequent reduced yield were possibly explained by the limitations of meteorological and geographical environment [40], and soil degradation and poor productivity induced by improper fertilizer managements [41]. In contrast, both soybeans and millet showed a sustained improvement in grain yield (Figure 5c,d), due largely to the development of new varieties and improved farming practices, particularly for soybeans.


Figure 5. The temporal evolution and the quadratic trend of yield (t·ha−1) at the Liaoning province level for (a) maize; (b) rice; (c) sorghum; (d) soybeans; and (e) millet from 1985 to 2014. The confidence bands around the quadratic polynomial regression curve were generated by the 95% confidence intervals.
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3.4. Drought Impact on the Main Cereal Crop Yields


In order to maximize the probability to explain yield variability, multiple regression analysis was conducted in order to model the relationship between the SYRS and the seven SPEI series (April to October) at different month lags. The coefficients of determination (r2) for each of the main cereal crops at different time scales are shown in Figure 6a. The percentages of the planting area (Figure 6b) were used as weighting coefficients, and the weighted arithmetic mean of the coefficient of determination (r2) was determined at each time scale (Figure 6c). The highest weighted r2 was achieved at the time scale of one-month SPEI lag. Results indicated that the SPEI series of the main cereal crops at one-month lag was the best fit and explained the greatest amount of yield variability for the main cereal crops during the period 1985–2014. Similar results were also reported by Panu and Sharma [42], who indicated that the one-month time scale was best for monitoring the effects of a drought in agriculture. This also explained why the one-month time scale of SPI and SPEI was used to identify the spatiotemporal variability of drought above.


Figure 6. (a) The coefficients of determination (r2) for each of the main cereal crops (maize, rice, sorghum, soybeans, and millet); (b) the percent planting area for the main cereal crops in Liaoning province; and (c) the weighted arithmetic mean of r2 for the crops at different time scales.
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Correlation coefficients (Pearson correlation) between the SPI-1 and SPEI-1 series (April to October), and the SYRS of maize, rice, sorghum, soybeans, and millet are provided in Table 1. The correlation coefficient between the SYRS of maize and the SPEI-1 from sowing to harvest stages ranged from −0.18 to 0.47, with the maximum correlation (r = 0.47, p < 0.05) occurring during the initial reproductive stages (the silking stage in June). This strong correlation between SYRS and SPEI occurs, since maize is particularly susceptible to water shortage at this stage [17]. Severe drought during this stage would cause a considerable yield loss, while the negative correlation during the seedling and milking stages was attributed to the drought not having a significant effect on yield during these two stages. In these stages, water requirements are lower and excess moisture could adversely affect crop production. These results agreed with the SPI-1 data (Table 1) and the multivariate regression analysis (Table 2). However, the SPEI multivariate regression model explained higher maize yield variability (39%), and had higher regression coefficients for June (0.50) and July (0.49) than the 35% yield variability and regression coefficients of 0.35 in June and 0.32 in July for the SPI model, suggesting that SPEI, which takes ET0 into consideration, can evaluate the drought-induced yield impact more accurately for maize.



Table 1. Correlation coefficients of the SPI-1 and SPEI-1 series (April to October), and the standardized yield residuals series (SYRS) for maize, rice, sorghum, soybeans, and millet in Liaoning province for the period 1985–2014.







	
Month

	
Maize

	
Rice

	
Sorghum

	
Soybeans

	
Millet






	
SPI-1




	
April

	
0.28

	
0.09

	
−0.07

	
0.29

	
0




	
May

	
−0.24

	
−0.34

	
0.17

	
0.05

	
0.39 *




	
June

	
0.45 *

	
0.01

	
0.36

	
0.2

	
0.23




	
July

	
0.36

	
−0.24

	
0.52 **

	
0.31

	
0.51 **




	
August

	
−0.1

	
−0.23

	
0.33

	
0.57 **

	
0.50 **




	
September

	
0.15

	
0.04

	
0.21

	
0.02

	
0.18




	
October

	
−0.02

	
−0.16

	
−0.05

	
−0.01

	
−0.11




	
SPEI-1




	
April

	
0.07

	
0.00

	
−0.14

	
0.17

	
−0.08




	
May

	
−0.15

	
−0.26

	
0.19

	
0.19

	
0.42 *




	
June

	
0.47 *

	
−0.03

	
0.37 *

	
0.29

	
0.28




	
July

	
0.27

	
−0.32

	
0.54 **

	
0.30

	
0.56 **




	
August

	
−0.18

	
−0.21

	
0.36

	
0.51 **

	
0.53 **




	
September

	
0.02

	
−0.21

	
0.15

	
0.10

	
0.20




	
October

	
−0.04

	
−0.13

	
−0.03

	
−0.08

	
−0.11








* Denotes significance at p < 0.05; ** denotes significance at p < 0.01. Columns shaded in light gray indicate the specific growth season for each of the main cereal crops.








Table 2. Linear estimates of regression coefficients for the standardized yield residuals series (SYRS) of maize, rice, sorghum, soybeans, and millet in response to the SPI-1 and SPEI-1 series.







	
Month

	
Maize

	
Rice

	
Sorghum

	
Soybean

	
Millet




	
SPI-1

	
SPEI-1

	
SPI-1

	
SPEI-1

	
SPI-1

	
SPEI-1

	
SPI-1

	
SPEI-1

	
SPI-1

	
SPEI-1






	
Intercept

	
0.00

	
−0.02

	
0.01

	
0.03

	
0.00

	
−0.05

	
0.00

	
−0.03

	
−0.01

	
−0.06




	
April

	
−0.02

	
−0.01

	
/

	
/

	
/

	
/

	
/

	
/

	
/

	
/




	
May

	
−0.25

	
−0.25

	
−0.41

	
−0.34

	
0.08

	
0.01

	
−0.14

	
−0.12

	
0.28

	
0.22




	
June

	
0.35

	
0.50 *

	
−0.02

	
0.04

	
0.37 *

	
0.47 *

	
0.30

	
0.40

	
0.32 *

	
0.39 *




	
July

	
0.32

	
0.49

	
−0.21

	
−0.26

	
0.39 *

	
0.56 *

	
0.15

	
0.30

	
0.33

	
0.54 *




	
August

	
−0.02

	
−0.02

	
−0.08

	
−0.11

	
0.30

	
0.40 *

	
0.66 **

	
0.77 **

	
0.41 *

	
0.53 *




	
September

	
0.10

	
0.07

	
0.16

	
0.11

	
/

	
/

	
−0.08

	
−0.13

	
−0.03

	
−0.11




	
October

	
/

	
/

	
−0.23

	
−0.35

	
/

	
/

	
/

	
/

	
/

	
/




	
R2

	
0.35

	
0.39

	
0.25

	
0.21

	
0.45

	
0.47

	
0.48

	
0.78

	
0.55

	
0.59




	
p

	
0.06

	
0.03

	
0.31

	
0.44

	
<0.01

	
<0.01

	
<0.01

	
<0.01

	
<0.01

	
<0.01








* Denotes significant regression coefficients at p < 0.05; ** denotes significance at p < 0.01.








Rice is an irrigated cereal crop in Liaoning province. The drought impact on rice yield was regulated and reduced by extensive irrigation via a large number of irrigation systems. The considerable agro-irrigation activities are probably the main cause of the relatively lower correlation (Table 1), and lower coefficient of determination for both SPI and SPEI (Table 2). The relative positive response of rice yield to drought conditions may be as explained by Liu et al. [43] and Yin et al. [21], who indicated that climate warming has made the crop growing season longer in Northeast China, which results in some high-yielding varieties with a longer growth duration.



In addition to maize, sorghum, soybeans, and millet are all rain-fed crops. The SPI and SPEI correlation coefficient from the sowing to the harvest of these crops all had positive correlation coefficients (Table 1), suggesting that drought consistently reduced yield each month. The strong correlation between SYRS of sorghum and the SPEI occurred from the jointing to booting stage, with significant positive correlations of 0.37 for June and 0.54 for July. This was observed since water deficit in these stages would adversely affect plant growth and panicle differentiation, resulting in reduced sorghum yield. The highest SPEI correlation coefficient for soybeans was achieved at the flowering and podding stages, as these stages were the most sensitive to water deficits. Millet has one of the lowest water requirements of the grain crops, but, interestingly, our results indicated that millet had the greatest number of significant correlation coefficients. Results indicated that millet yield was more vulnerable to drought in Liaoning province. This observation was supported by the same number of significant correlation coefficients detected by the SPI series. The strong correlation for millet may be caused in part by its shallow root system. The other reason may be that millet, in Liaoning, is usually planted on low-fertility, drought-prone highland without irrigation (drought-sensitive fields), which increases its dependence on natural precipitation, although it is a low water consuming crop.




3.5. Contribution of Drought to Yield Losses for Rainfed Cereal Crops


The effect of drought on agriculture is mainly reflected in the reduction of crop yields [17]. In order to analyze the contribution of drought on yield losses, it is important to calculate the incidence and magnitude of drought during the main crop growth stages and then to quantify the yield losses in response to these rates. The relative yield losses for the main cereal crops in response to the drought are presented in Table 3. The differences in relative yield losses between mild drought (the SPEI-1 from 0.0 to −1.0) [44] and relatively severe drought (SPEI-1 ≤ −1.0) were evident when comparing the two sub-tables in Table 3, except for irrigated rice. The low amounts of yield losses with mild drought conditions suggested that no impact was exerted on the main cereal crops by mild drought. In contrast, severe drought limited crop water availability and markedly reduced yield, despite the lower frequency (10%–16.7%). For example, the highest maize yield losses (19.6%–25.8%) were recorded when severe drought occurred (17.7%) during the crop risk period (June–July). Severe drought in May, June, and July, with a frequency of 13.3%, 10.0%, and 13.3%, caused the highest sorghum yield losses (18.8%, 21.1%, and 19.5%). For both soybean and millet, the drought-induced yield losses consistently occurred from May to August. About 1.9%–27.9% soybean yield losses were recorded when severe drought occurred from the sowing to the seeding stage, with the largest loss being at the flowering-podding stage for soybean (27.9%), whereas 1.8%–25.0% millet yield losses were caused from the sowing to milking stage.



Table 3. Quantification of the yield crop losses due to drought impact (0 > SPEI-1 ≥ −1.0 and SEPI-1 ≤ −1.0) during the main crop stages at the country level for the 1985–2014 farming years.







	
SPEI-1

	
Month

	
Frequency of Drought (%)

	
Relative Yield Variation (%)




	
Maize

	
Rice

	
Sorghum

	
Soybeans

	
Millet






	
−1.0 to 0.0 (Mild drought)

	
April

	
20.0

	
6.7

	

	

	

	




	
May

	
30.0

	
−0.5

	
−2.5

	
−10.3

	
4.2

	
−9.2




	
June

	
23.3

	
4.6

	
1.9

	
3.4

	
−3.9

	
−2.6




	
July

	
40.0

	
3.2

	
1.8

	
−4.0

	
0.8

	
−3.8




	
August

	
36.7

	
6.0

	
2.8

	
−2.6

	
0.2

	
−6.9




	
September

	
43.3

	
0.8

	
2.5

	

	
0.4

	
−1.9




	
October

	
30.0

	

	
5.1

	

	

	




	
≤−1.0 (Severe drought)

	
April

	
16.7

	
−18.6

	

	

	

	




	
May

	
16.7

	
10.7

	
6.2

	
7.9

	
−1.9

	
−1.8




	
June

	
13.3

	
−19.6

	
−1.7

	
−18.8

	
−4.8

	
−11.8




	
July

	
10.0

	
−25.8

	
4.9

	
−21.1

	
−19.5

	
−25.0




	
August

	
13.3

	
−10.8

	
−0.9

	
−19.5

	
−27.9

	
−23.0




	
September

	
6.7

	
4.9

	
0.8

	

	
4.3

	
8.1




	
October

	
10.0

	

	
−0.7

	

	

	












4. Discussion


Liaoning experienced a province-wide warming trend (93% stations, p < 0.05) during the main crop growth stages. These results were consistent with previous studies [1,15,21]. However, in the context of current global warming, 91% of stations had ET0 declines during the main crop growth stages, with 61% showing a decreasing trend (p < 0.05). Our assessment agreed with the finding reported by Gao et al. [22], who indicated a decrease in ET0 over the Liao River basin (part of which was in Liaoning province), despite province-wide temperature increases. This is because the decreases in wind velocity and sunshine duration over Liaoning have a higher negative impact on ET0 than the positive impact of increased temperature [45]. A global review by McVicar et al. [46] also indicated declining ET0 trends under a warming climate in different regions of the world.



Global warming and reduced precipitation are thought to be accelerating the hydrological cycle, which has resulted in increased occurrences of droughts [15,20,21]. Yu et al. [8] found that the regional mean precipitation during the crop-growing season in Northeast China had decreased significantly from 1960 to 2009 and drought occurrence and severity had increased since 1996. Our results confirm the decreased precipitation and the SPI results suggest a province-wide increase in drought frequency, drought duration, and drought magnitude during the main crop growth stages over the past five decades, accounting for 96%, 91%, and 91% of stations, with 5%, 11%, and 9% passing the p < 0.05 significance level, respectively. Despite the relatively small percentage of significant changes, the evidence of a province-wide increase identified by the SPI confirms previous studies. However, for the SPEI, there are only 61%, 80%, and 71% of stations, showing a province-wide increase trend in drought frequency, drought duration, and drought magnitude, respectively, while none of them was statistically significant (p < 0.05). The discrepancies between the SPI and SPEI results are mainly attributed to declines in ET0 considered by SPEI alleviating water deficit [47]. Comparing the two indices, the results of the SPI disregarded the ET0 impact on drought, which considerably overestimated the severity of drought episodes in Liaoning province in the context of a gradual warming trend.



The increased meteorological drought experienced in Liaoning during the main crop growth stages mainly affected rainfed crops (maize, sorghum, soybeans, and millet), including the drought-resistant millet, although its impact on rice yield was regulated and reduced by extensive irrigation systems. Bannayan et al. [48] reported that rainfed crop production is very vulnerable to drought conditions and usually suffers from its occurrence. Our results indicated that the risk periods of drought-induced yield loss were the anthesis-silking stage for maize, the jointing-booting stage for sorghum, the flowering-podding stage for soybean, and the sowing-milking stage for millet. Thus, for a successful cultivation of these crops in Liaoning province, irrigation is critical and necessary during these stages.



Drought is not the only cause of crop yield loss during the main cereal crop growth stage. Increasing evidence suggests that excessive planting area expansion and exploitation of groundwater in Liaoning province, coupled with meteorological drought, has contributed to soil water deficiency and available water decrease, which reduces the yield potential. According to the China Meteorological Administration [49], the maize and rice acreage rapidly expanded during the last five decades in the Northeast Farming Region of China. For example, compared to 1970, the 2011 maize acreage increased 1.4-fold and rice increased 4.5-fold. The explosive growth in the demand for water resources for increased acreages of maize and rice under the warming meteorological environment, in particular rice, would further exacerbate the drought-induced impact on agricultural production [50]. Irrigation is critical during drought risk periods. However, fully adequate irrigation for all the rainfed crops (maize, sorghum, soybeans, and millet) is not a viable solution to drought-induced yield loss, because limited water resources and increasing demand for pumping make irrigation more expensive, which in turn causes agriculture in Liaoning to be more dependent on natural precipitation. Rice consumes high amounts of water, two to three times more than other cereal crops [51]. Reducing the amount of rice planted is one way to alleviate the water deficit. However, large reductions in the rice planting area would become an obstacle to meeting the growing food demand, as rice is the staple food for 65% of people in China and plays a critical role in food security. Therefore, the most economically and sustainably desirable solution would be to develop new breeding varieties of crops with decreased sensitivity to water deficits, and combine them with improvements in irrigation technologies.



The SPI, a precipitation-based drought index, relies on two assumptions: (1) precipitation is the main driver of drought and (2) the other variables, such as temperature and ET0, are stationary [13]. In this study, Liaoning underwent reduced precipitation, but also increased temperature and reduced ET0, which made the assumptions of the SPI invalid, which then affected its assessment for the impact of drought conditions. Although the SPI correlation coefficient was in agreement with the SPEI correlation coefficient, the SPEI multivariate regression model consistently explained higher yield variability, and had higher regression coefficients than those of the SPI model across most rainfed crops at province level (Table 2). These results suggest that the SPEI, with potential evapotranspiration consideration, will estimate the drought-induced yield impact more accurately that the SPI in warming weather conditions. Vicente-Serrano et al. [13] stated that a crucial advantage of the SPEI was its multi-scalar characteristics and comprehensiveness, which enable identification of different drought types and effects in the context of global warming. Our results indicated that, compared to the SPEI, the SPI disregarded the effect of the reduced ET0 and warming weather on drought conditions, which would result in inaccurate estimation of the drought-induced yield loss in Liaoning province. Wang et al. [18] analyzed the performance of five climate-based drought indices in Northern China, including SPI and SPEI, and confirmed that the SPEI is more advantageous for drought monitoring due to its multiscalarity and effective characterization of agricultural droughts. However, Li et al. [15] indicated that the SPEI (using the Thornthwaite equation) overestimated the drought detection in the upper Nen River compared to the SPI. This discrepancy may have been caused by the Thornthwaite equation used in the SPEI calculation rather than the FAO56 Penman–Monteith method. Therefore, our results suggest that the SPEI using the FAO56 Penman–Monteith method is a more useful measure for the identification of drought episodes and the assessment of drought’s impact on agricultural production in Liaoning province.




5. Conclusions


In this study, we provide an overall assessment of drought episodes (drought magnitude, drought duration, drought frequency, and significant level) using the SPI and SPEI during the period from 1960 to 2015 for Liaoning province. Drought impact on the main cereal crops (maize, rice, sorghum, soybeans, and millet) was determined. During the last 56 years, Liaoning underwent a province-wide temperature increase, with reduced precipitation and reference crop evapotranspiration. As expected, both SPI and SPEI indices revealed that Liaoning experienced a province-wide drying trend during the main crop growth stages, while the drought frequency, duration, and magnitude were not as serious as revealed by the SPI, mainly due to the decreased ET0. Increased drought episodes in Liaoning during the main crop growth stages mainly affected rainfed crops (maize, sorghum, soybeans, and millet), while their impact on rice yield was regulated and reduced by extensive irrigation systems. No major impact was exerted on the main cereal crops by mild drought, but severe drought (SPEI < −1.0) reduced the yield of rainfed crops, in particular the anthesis-silking stage for maize, the jointing-booting stage for sorghum, the flowering-podding stage for soybean, and the sowing-milking stage for millet. With the decreased potential evapotranspiration, SPEI explained 39%–78% of the yield variability, and could evaluate the drought-induced yield impact more accurately than the SPI in Liaoning province.
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