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Abstract. Aridity indices have been widely used in climate classification. However, there is 17 

not enough evidence for their ability in identifying the multiple climate types in areas with 18 

complex topography and landscape, especially in those areas with a transition climate. This 19 

study compares a traditional meteorological aridity index (AI), defined as the ratio of 20 

precipitation (P) to potential evapotranspiration (PET), with a hydrological aridity index, the 21 

Evaporative Stress Index (ESI) defined as the ratio of actual evapotranspiration (AET) to PET. 22 

in the Heihe River Basin (HRB) of the arid northwestern China. PET was estimated using the 23 

Penman-Monteith and Hamon methods. The aridity indices were calculated using the high 24 

resolution climate data simulated with a regional climate model for the period of 1980-2010. 25 

The climate classified by AI shows a climate type for the upper basin and a second type for the 26 

middle and lower basin, while three different climate types are found using ESI, each for one 27 

river basin, indicating that only ESI is able to identify a transition climate zone in the middle 28 

basin. The difference between the two indices is also seen in the inter-annual variability and 29 

extreme dry / wet events. The magnitude of variability in the middle basin is close to that in 30 

the lower basin for AI, but different for ESI. AI had larger magnitude of the relative inter-annual 31 

variability and greater decreasing rate from 1980-2010 than ESI, suggesting the role of local 32 

hydrological processes in moderating extreme climate events. Thus, the hydrological aridity 33 

index is better than the meteorological aridity index for climate classification in the arid Heihe 34 

River Basin.  35 
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1 Introduction36 

The Koppen climate classification is the most widely used climate classification system at 37 

large geographic scales and is constructed based on the properties of ecosystems, latitude, and 38 

average and seasonal precipitation and temperature (Peel et al., 2007). Aridity indices are 39 

another useful tool to classify climate of a region 40 

(https://en.wikipedia.org/wiki/Climate_classificationin). Aridity indices measure water deficit 41 

over long periods (e.g., 30 years or longer). There are many similarities between aridity indices 42 

and drought indices that measure water deficit over short periods (such as months, seasons, 43 

and years). Both types of indices combine one or several variables (indicators) into a single 44 

numerical value (Wilhite and Glantz, 1985, Zargar et al., 2011).   Both can be categorized into 45 

different types such as meteorological and hydrological indices, which could be simply 46 

considered as a lack of water due to anomalous atmospheric and land-surface conditions, 47 

respectively.  48 

Precipitation, temperature and humidity are atmospheric conditions often used to estimate 49 

meteorological indices. Among various drought indices, Percent of Normal (PN) and 50 

Standardized Precipitation Index (SPI) (McKee et al., 1993) are simply based on precipitation 51 

and can be used to measure anomalies of a period over various lengths.  Palmer Drought 52 

Severity Index (PDSI) (Palmer, 1965) and Keetch-Byram Index model (Keetch and Byram, 53 

1968) are based on water supply and demand estimated mainly using precipitation and 54 

temperature (Guttman, 1999).  Both PDSI and KBDI depend on precedent daily or monthly 55 

values, making them specifically useful for a persistent event like drought. Among various 56 

aridity indices, the Budyko-type aridity index (AI) (Budyko, 1974) uses annual averages of 57 

precipitation and potential evapotranspiration (PET), which is mainly determined by 58 

temperature.  59 

Land-surface conditions are streamflow, runoff, actual evapotranspiration, etc. Among 60 

various hydrological drought indices, Streamflow Drought Index (SDI) (Nalbantis and Tsakiris, 61 

2009) and Surface Water Supply Index (SWSI) (Shafer and Dezma, 1982) use streamflow as 62 

well as reservoir storage and precipitation to monitor abnormal surface water (Narasimhan and 63 

Srinivasan, 2005). Standardize Runoff Index (SRI) (Shukla and Wood, 2008) is standard 64 

normal deviate associated with runoff accumulated over a specific duration. The Evaporative 65 

Stress Index (ESI) defines dryness degree based on the ratio of actual evapotranspiration (AET) 66 
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to PET over both short and long periods. A relatively low ESI indicates water limitation to 67 

plants and the actual rate is way below the PET. In contrast, a relatively high ESI indicates 68 

freely available water with the AET rate approaching or close to the PET. The ESI has been 69 

long used to evaluate the irrigation need for crop growth and land classification (Yao, 1974). 70 

The ESI has been used recently to evaluate water stress using remotely sensed hydrological 71 

and ecological properties (Anderson et al., 2016).  AET is one of the hydrological properties 72 

used in aridity analysis (Maliva and Missimer, 2012). However, ESI applications for climate 73 

classification have yet been conducted.  74 

ESI can also be used for drought monitoring. Many studies have compared it with other 75 

drought indices in different climatic environments. Otkin et al. (2013) compared the ESI with 76 

drought classification used by the U.S. Drought Monitor (USDM) (Svoboda et al., 2002) and 77 

found that the ESI anomalies led the USDM drought depiction by several weeks and large ESI 78 

anomalies therefore were indicative of rapidly drying conditions.  This finding was coincident 79 

with the droughts occurred across the United States in recent years. Choi et al. (2013) compared 80 

the ESI with the Palmer drought severity index (PDSI) in a watershed of the Savannah River 81 

branch in southeastern United States during 2000-2008. They found that the ability of the ESI 82 

to capture shorter term droughts was equal or superior to the PDSI when characterizing 83 

droughts for the watershed with a relatively flat topography dominated by a single land cover 84 

type. However, the differences between the meteorological and hydrological indices in 85 

capturing the spatial patterns under complex topography and environments, especially with a 86 

transition zone, are not well characterized and understood. It should be valuable to compare 87 

the roles of ESI with meteorological aridity indices in climate classification.  88 

     Large river basins at continental and sub-continental scales usually encompass multiple 89 

climate types related to complex topography and landscape. Climate is more humid in the 90 

upper basin near the river origins with high elevations and forest and / or permanent snow 91 

cover than the lower basin with low elevations and less vegetated lands. Climate could be 92 

extremely dry in parts of a watershed under a prevailing atmospheric high pressure system. 93 

The sub-continental Colorado River watershed, for example, is dominated by cold and humid 94 

continental climate in the upper basin of the Rocky Mountains and cold semi-arid or warm 95 

desert climate in the lower basin of the southern inter-mountains. 96 
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This feature of multiple climate types is also seen in some smaller basins. The Heihe River 97 

Basin (HRB) in northwestern China, for example, has an area of 130, 000 km2 with annual 98 

precipitation varying dramatically from about 500 mm in the upper basin of the Qilian 99 

Mountains with forest-meadow-ice covers in the south to less than 100 mm in the lower basin 100 

of the Alxa High Plain with Gobi and sandy lands in the north. Climate types change from cold 101 

and humid continental to arid desert, accordingly.  102 

The relative high precipitation in the humid upper basin supports forests and meadows and 103 

provides source water lower reach of the Heihe River. In contrast, water is a major limitation 104 

factor in arid lower basin. In addition, more extreme weather conditions, especially droughts, 105 

occur in arid lower basin.  In the Colorado River basins, the reconstructed data show decadal 106 

periods of persistently low flows during the past centuries (Woodhouse et al., 2010). The 107 

drought severity in the new millennia has been the most extreme over a century (Cayan et al., 108 

2010). The reconstructed precipitation series in the HRB indicates that droughts were much 109 

more frequent and lasted longer than floods in the past two centuries (Ren et al., 2010). 110 

Droughts occurred more often in the dry lower basin than the humid upper basin (Li, 2012).  111 

The watersheds with varied topography and landscape may have a transition climate zone 112 

between the two zones. In the HRB, for example, the Koppen climate classification, one of the 113 

most widely used climate classification techniques at large geographic scales and constructed 114 

based on the properties of ecosystems, latitude, and average and seasonal precipitation and 115 

temperature, shows polar tundra or boreal climate in the upper basin of the mountain regions 116 

in the south, arid desert climate in the lower basin in the north, and a transition zone of steppe 117 

climate in the middle. Identifying this transition zone and understanding its unique climate 118 

features are of both scientific and management significance. The complex topography in upper 119 

basin and harsh climate in lower basin make both regions unsuitable for human living. The 120 

transition zone however is relatively flat in comparison with the mountain region and less arid 121 

in comparison with the dryland region. It therefore provides a favorable condition for industrial 122 

and agricultural development. Also, the environmental conditions in this region are more 123 

dynamical and localized because of human induced rapid and fragmental landscape changes.  124 

This study is to understand the capacity the meteorological aridity index, AI, and the 125 

hydrological aridity index, ESI, in identifying the transition climate zone in the HRB. It was 126 

made mainly by comparing the spatial patterns and regional averages. Their temporal 127 
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variations were also analyzed to understand the differences in the seasonal and inter-annual 128 

variability and long-term between the meteorological and hydrological aridity indices. The 129 

data from a high-resolution regional climate modeling were used.  130 

 131 

2 Methods 132 

2.1 Study region 133 

The study region was the HRB and the adjacent areas (Fig. 1). The Heihe River origins from 134 

the Qilian Mountains in the northern edge of the Tibet Plateau and flows northward to the 135 

China-Russian border. The HRB spans between 98°~101°30′E and 38°~42°N. The upper HRB 136 

is within the mountains elevated 2300~3200m mainly covered with forests and mountain 137 

meadows. The middle HRB is along the Hexi Corridor elevated 1600~2300m mainly covered 138 

with piedmont steppe grass, crops, and residence and commercial uses. The lower HRB is in 139 

the Alxa High-Plain elevated below 1600m mainly covered with Gobi and desert sands.  140 

Annual precipitation is over 400mm in the upper basin, with the maximum of 800mm at 141 

extremely high elevations, about 100~250mm in the middle basin, and below 50mm in many 142 

lower basin areas. The annual precipitation in the upper basin has high seasonal variability, 143 

and nearly 70% of the total annual rainfall occurs from May to September (Gao et al., 2016). 144 

The upper basin generates nearly 70% of the total river runoff, which supplies agricultural 145 

irrigation and benefits the social economy development in the middle and lower basin reaches 146 

(Yang et al., 2015; Chen et al., 2005). Annual mean temperature is about   ̶ 4oC in the upper 147 

basin, 7oC in the middle basin, and nearly 9oC in the lower basin. 148 

 149 

2.2 Aridity indices 150 

The meteorological aridity index is defined as AI = P / PET, where P and PET are daily 151 

precipitation and potential evapotranspiration, respectively. AI is a variant of the index 152 

originally defined by Budyko (1974), which is the ratio of annual PET to P.  The average AI 153 

values were used to classify the arid, semi-arid, semi-humid (sub-humid), and humid climate 154 

with the ranges of AI ≤ 0.2, 0.2 <AI ≤ 0.5, 0.5 < AI ≤1.3, and AI > 1.3, respectively (Ponce et 155 

al., 2000).  156 

 157 

 158 
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 159 

Figure 1. The study region of the Heihe River Basin (red box) in China and the Koppen climate 160 

classification (from Peel et al., 2007).  161 

 162 

The hydrological aridity index is defined as ESI = AET / PET, where AET is daily actual 163 

evapotranspiration. The ranges of average ESI values of ESI ≤ 0.1, 0.1 < ESI≤ 0.3, 0.3 < ESI 164 

≤ 0.6, and ESI > 0.6 were used to classify the arid, semi-arid, semi-humid, and humid climate, 165 

respectively (Yang, 2007). This approach agrees with Anderson (2011), which showed that the 166 

ESI values varying gradually from 0 to 1 correspond to several USDM drought levels from 167 

exceptional to no drought for each month from April to September across the continental U.S. 168 

Two methods were used to estimate PET (mm/d).  One was the energy balance based FAO-169 

56  Penman-Monteith Equation (Allen et al. 1998): 170 

𝑃𝐸𝑇𝑝 =  
0.408𝛥(𝑅𝑛−𝐺)+𝛾

900

𝑇+273
𝑢2(𝑒𝑠−𝑒)

𝛥+𝛾(1+0.34𝑢2)
                                                                                  (1) 171 

where 𝑅𝑛 and G are net radiation and soil flux on the ground (MJm-2d-1); T is air temperature 172 

(oC); es and e are saturation and actual water vapor pressure (kPa); u2 is wind speed at 2m above 173 

the ground (ms-1); Δ is the rate of change of es with respect to T (kPa/oC); γ is the psychrometric 174 

constant (kPa/oC). The other method is the temperature based on Hamon formula (Hamon, 175 

1963): 176 

𝑃𝐸𝑇ℎ =  
k×0.165×216.7×N×𝑒𝑠

𝑇+273.3
                                                                                                     (2) 177 
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where k is proportionality coefficient = 1; N is daytime length.  es is in 100 Pa here. 178 

Monthly PET, precipitation and actual evapotranspiration, obtained based on daily values, 179 

were used to calculate the aridity indices.  It was assumed that daily PET=0 if daily T<0oC. 180 

Their monthly PET was not used if PET=0 for more than 10 days in a month. In this case, no 181 

aridity indices were calculated for the month. It was also assumed that daily ground energy 182 

was in balance, so Rn ̶ G=H+L×AET, where H and L are sensible heat flux and potential heat 183 

constant. 184 

The data used in calculation and evaluation of the aridity indices are listed in Table 1. 185 

 186 

Table 1. The data used in calculation and evaluation of the aridity indices. H, AET, P, T, and 187 

e (RH) are sensible heat flux, actual evapotranspiration, precipitation, temperature, wind speed, 188 

and water vapor pressure (relative humidity). HRB stands for Heihe River Basin. 189 

Source Parameter  Time  Period      Space               Reference 

Simulation  H, AET,  1980-2010, HRB, 3 km   Xiong and Yan (2013) 
P,T, u, e  daily 

frequency 

resolution  

Observation P,T,RH 1980-2010, 3 sites in  China National Met Sci 

SSciSciSciSciMeteorological 

Sciecne Infstructure 

 daily 

frequency 

HRB Infrastructure (data.cma.cn) 

 190 

2.3 Regional climate modeling 191 

The climatic and hydrological data used to calculate the aridity indices were created from a 192 

regional climate modeling using the Regional Integrated Environmental Model System 193 

(RIEMS 2.0) (Xiong and Yan, 2013). The simulation was conducted over the period of 1980-194 

2010. The horizontal spatial resolution was 3km. A unique feature with this simulation was 195 

that the model’s parameters, including soil hydrological properties, were recalibrated based on 196 

observations and remote sensing data over the HRB that greatly improved the model’s 197 

performance. The model evaluation indicated that the model was able to reproduce the spatial 198 

pattern and seasonal cycle of precipitation and surface T. The correlation coefficients between 199 

the simulated and observed pentad P were 0.81, 0.51, and 0.7 in the upper, middle, and lower 200 

HRB regions, respectively (p<0.01).  201 

The historical T and P observations during the simulation period at Yeilangou of the upper 202 

basin (38.25oN, 99.35oE, 3300m above the sea level), Zhangye of the middle basin (38.11oN, 203 
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100.15oE, 1484m), and Dingqing of the lower basin (40.3oN, 99.52oE, 1177m) were used to 204 

compare with the simulations.  205 

 206 

3 Results 207 

3.1 Simulated climate and hydrology  208 

The spatial pattern of the simulated annual T averaged over the simulation period is featured 209 

by the large changes between basin reaches, increasing from about -15oC in the tall mountains 210 

of the upper basin to over 10oC in the deserts of the lower basin (Fig. 2). The simulated average 211 

annual P shows an opposite gradient, decreasing from about 2.5 mm/d in the mountains to less 212 

than 0.25 mm/d in the deserts (Fig. 2). The simulated average annual AET has a similar pattern 213 

to precipitation (Fig. 2). The spatial variability is much larger within the upper basin than the 214 

lower basin.   215 

An interesting feature is that both T and P in the middle basin are very close to their 216 

corresponding values in the lower basin but much different from those in the upper basin; the 217 

AET difference between the middle and upper basin reaches however is much small. 218 

 219 

 220 

Figure 2.  Spatial distributions of simulated air temperature (T, oC), precipitation (P, mm/d), 221 

and actual evapotranspiration (AET, mm/d) averaged over 1980-2010. The Heihe River basins 222 

are shown in the left panel.  223 

 224 

As expected, the regional AET values averaged over the simulation period are higher in 225 

summer than in winter (Fig. 3). In the upper basin, for example, T increases from about -15oC 226 

in winter to 10oC in summer, P increased from about 0.25 to 4 mm/d, and AET from about 0.25 227 
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to 2.5 mm/d. Again, T and P are close between the middle and lower basin reaches all seasons, 228 

and AET is close between the middle and upper basin reaches during winter and spring. While 229 

AET is close between the middle and lower basin reaches during summer and fall, the 230 

differences between the middle and upper basin reaches are much smaller than the differences 231 

in T or P.  232 

 233 

 234 

Figure 3. Seasonal variations of simulated air temperature (T, oC), precipitation (P, mm/d), and 235 

actual evapotranspiration (AET, mm/d) in three basin reaches averaged over 1980-2010. 236 

 237 

The inter-annual variability of regional T and P is similar between the middle and lower 238 

basin reaches (Fig. 4). A few dry years (e.g., 1990, 2001, and 2008) and wet years (e.g., 1981, 239 

1989, 2002, and 2007) can be found. The amplitude of variability is larger for P than T, 240 

especially in the upper basin. The variability of AET is also similar between the lower and 241 

middle basin reaches, but it differs from that in the upper basin during some periods (e.g., 242 

around 1985). The differences in AET between the middle and upper basins are much smaller 243 

in the magnitude than those for the meteorological properties.  244 

The above features of close values and similar inter-annual variability in the simulated T 245 

and P between the middle and lower basin reaches are also seen in the observations (Fig. 4). 246 

The simulated T in all basin regions and P in the middle and lower basin reaches are close to 247 

the observed ones. However, the simulated P is about 0.4 mm/d higher (about 1.6 mm/d for 248 

simulation vs. 1.2 mm/d for observation). The weather site in the upper basin is located in 249 

relatively flat and low valley, while the simulation grids have many points at high elevations 250 

where P is larger than at the valley locations.  251 
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 252 

Figure 4. Inter-annual variations of simulated air temperature (T, oC), precipitation (P, mm/d) 253 

and actual evapotranspiration (AET, mm/d), and observed air temperature (T, oC) and 254 

precipitation (P, mm/d)   in three basin reaches over 1980-2010. 255 

 256 

The SPI for 12-month timescale also shows generally similar inter-annual variations over 257 

the analysis period between the simulated and observed precipitation in the three basins (Fig. 258 

5). In the upper basin, for example, the observed wet spells occurred around 30, 50, 120, 230, 259 

290, 340, and 360 months, while the dry spells occurred around 20, 30, 70, 100, 180, 200, 260, 260 

and 300 months. The simulation reproduces most of the wet and dry spells. However, the 261 

simulation is too wet during about 40-80 months and largely misses the dry events during 240-262 

260 months.  263 
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 264 

Figure 5. The Standardized Precipitation Index (SPI) for 12-month timescale over the analysis 265 

period. The left and right are observation and simulation. From top to bottom are the upper, 266 

middle, and lower basins, respectively. The horizontal number is month from the beginning of 267 

the analysis period.  268 

 269 

The simulated P increases around 50% over the simulation period, statistically significant 270 

at p<0.01in all basin reaches (Table 2). The simulated AET also increases, but at a smaller 271 

degree of around 20% and p<0.01 only in the upper basin. The simulated T shows increasing 272 

trends, but insignificant in all reaches.  The simulated P trends are close to the observed ones 273 

in the middle and lower basin reaches, but opposite to that in the upper basin. The simulated T 274 

underestimates the observed warming, which was about 2oC at p<0.01. 275 

 276 

 277 

 278 
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Table 2. Mann-Kendall trends from 1980 to 2010 of simulated temperature (T), precipitation 279 

(P), and actual evapotranspiration (AET) and observed temperature (Tobs), precipitation (Pobs). 280 

The bold and italic numbers are significant at p<0.01 and p<0.05, respectively.  281 

Variable Upper Middle Lower 

T(oC) 0.4 0.4 0.4 
P (%) 53.0 63.7 47.9 

AET (%) 21.4 16.6 27.1 

Tobs (
oC) 1.9 2.0 0.7 

Pobs (%) -10.7 74.6 62.5 

 282 

3.2 Spatial patterns of aridity indices 283 

PET calculated using the Penman-Monteith method is mostly 1.7-2.25 mm/d in the upper basin 284 

(Fig. 6). It increases to above 3 mm/d in the middle and lower basins. There is little difference 285 

between the two regions. The meteorological aridity index, AI, shows a similar pattern but 286 

opposite gradient (Fig. 6). It is as large as 1.4 in the upper basin, but reduced to less than 0.2 287 

in two other basin regions, indicating increasing aridity from the upper to lower basin. The 288 

hydrological aridity index, ESI, has the same gradient as AI, but with different spatial pattern 289 

(Fig. 6). It is as high as 0.9 in the upper basin and reduced to mostly below 0.1 in the lower 290 

basin. However, the values in the middle basin is as high as 0.6, much larger than that in the 291 

lower basin. 292 

P and AET are the highest in the upper basin and the lowest in the lower basin, while T and 293 

PET have an opposite seasonal cycle. This explains why AI and ESI are larger in the upper 294 

basin than the middle or lower basin.  295 

 296 

 297 
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Figure 6. Spatial distributions of potential evaporation (PET, mm/d), Aridity index (AI) and 298 

Evaporative Stress Index (ESI) with PET estimated using the Penman-Monteith method. 299 

Averaged over 1980-2010. The Heihe River basins are shown in the left panel. 300 

 301 

PET calculated using the Hamon method has the same pattern as the one using the Penman-302 

Monteith method, but with smaller magnitude (Fig. 7). PET is mostly about 1 mm/d in the 303 

upper basin and increases to about 1.5-1.75 mm/d in the middle basin, and further to 1.75-2.25 304 

mm/d in the lower basin.  305 

The different spatial patterns between AI and ESI seen above are also found for the Homan 306 

method. AI is mostly above 0.6 in the upper basin (Fig. 7). It is below 0.2 in the middle and 307 

lower basins without apparent differences between the two regions. In contrast, while ESI 308 

remains large values of mostly above 0.9 in the upper basin and low values of below 0.2 in the 309 

lower basin, the values in many areas of the middle basin are 0.4-0.9, much different from 310 

those in the lower basin (Fig. 7). 311 

 312 

 313 

Figure 7. Spatial distributions of potential evaporation (PET, mm/d), Aridity index (AI) and 314 

Evaporative Stress Index (ESI) with PET estimated using the Hamon method. Averaged over 315 

1980-2010. The Heihe River basins are shown in the left panel. 316 

 317 

 3.3 Climate classification  318 

The annual PET averages over 1980-2010 calculated using the Penman method are 2.12, 3.91, 319 

and 4.76 (Table 3 and Fig. 8). The corresponding AI values are about 0.9, 0.12, and 0.04, falling 320 

into semi-humid, arid, and arid climate. The corresponding ESI values are 0.63, 0.22, and 0.07, 321 
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falling into humid, semi-arid, and arid climate. The annual PET averaged over 1980-2010 322 

calculated using the Homan method are 1.25, 2.33, and 2.65 mm/d for the upper, middle, and 323 

lower basin reaches. The corresponding AI values are about 1.3, 0.18, and 0.07, falling into 324 

humid, arid, and arid climate. The corresponding ESI values are 0.78, 0.31, and 0.13, falling 325 

into humid, semi-humid, and semi-arid climate.  326 

Thus, the climate across the HRB classified using AI has two types of semi-humid (the 327 

Penman method for PET) or humid (the Homan method) in the upper basin, and arid in both 328 

middle and lower basin reaches. In contrast, the climate classified using ESI has three types of 329 

humid in the upper basin, semi-arid (the Penman method) or semi-humid (the Homan method) 330 

in the middle basin, and arid (the Penman method) or semi-arid (the Homan method) in the 331 

lower basin. This indicates that only the hydrological aridity index is able to identify the 332 

transition climate zone in the middle basin.  333 

The difference between AI and ESI in classifying climate is related to the similar feature 334 

with the meteorological variables. Annual P is 555 mm in the upper basin, which is 335 

substantially different from 69-139 mm in the middle and lower basins. The mean T is -4.0oC 336 

in the upper basin, which is well below 6.9-8.7oC in the middle and lower basin reaches. The 337 

corresponding PET values fall into two groups, 299 mm in the upper basin and 672-767 mm 338 

in the middle and lower basin reaches.  This explains why the AI falls into two groups. In 339 

contrast, AET is 226, 161, and 80 mm, substantially different not only between the middle and 340 

upper reaches but also between the middle and lower reaches. This explains why the ESI falls 341 

into three groups. 342 

 343 

Table 3. Regional average (AVE), standard deviation (SD), and coefficient of variation (CV) 344 

for potential evapotranspiration (PET, mm/d), aridity index (AI), and evaporative stress index 345 

(ESI). 346 

PET 

method 

Basin 

reach 

PET AI ESI 
AVE SD CV AVE SD CV AVE SD CV 

Penman-

Monteith 

Upper 2.12 0.12 0.06 0.90 0.32 0.35 0.62 0.07 0.11 
Middle 3.91 0.21 0.05 0.12 0.06 0.50 0.22 0.06 0.26 

Lower 4.76 0.29 0.06 0.04 0.03 0.64 0.07 0.03 0.41 

Hamon Upper 1.25 0.04 0.03 1.30 0.37 0.29 0.78 0.05 0.07 

Middle 2.33 0.11 0.05 0.18 0.08 0.43 0.31 0.06 0.19 

Lower 2.65 0.16 0.06 0.07 0.04 0.56 0.13 0.04 0.31 
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 347 

Figure 8. Seasonal variations of simulated potential evapotranspiration (PET, mm/d), Aridity 348 

Index (AI), and Evaporative Stress Index (ESI) (from left to right). The top and bottom panels 349 

are for the Penman-Monteith and Hamon method, respectively. 350 

 351 

3.4 Temporal variations of aridity indices  352 

3.4.1 Seasonal cycle 353 

For the Penman-Monteith method, PET is the highest in summer and smallest in winter (Fig. 354 

8). Note that winter PET in the upper basin is not shown because T is below zero on too many 355 

days. The amplitude in the middle basin is close to that in the lower basin, but much larger 356 

than that in the upper basin. Different from the upper basin where AI and ESI are also the 357 

largest in summer, AI is the largest in fall, while ESI is the largest in winter in the middle basin 358 

(as well as lower basin).  The seasonal variations of PET, AI and ESI estimated using the 359 

Homan method are similar to those using the Penman method. 360 

The seasonal AI and ESI cycles are related to those of the meteorological and hydrological 361 

conditions. T, P and AET (Fig. 3), and PET (Fig. 8) all increase from winter to summer. In the 362 

upper basin, the increases in P and AET from spring / fall to summer are larger than the 363 

corresponding increases in PET, leading to larger AI and ESI values in summer. In the middle 364 
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as well as lower basin, however, PET increases substantially from spring / fall, leading to 365 

smaller AI and ESI in summer than in spring / fall.  366 

 367 

3.4.2 Inter-annual variability  368 

PET in the middle basin calculated using the Penman-Monteith method shows similar inter-369 

annual variability over the period of 1980-2010 to that in the lower basin, but much different 370 

from that in the upper basin (Fig. 9). The standard deviation (SD) increases from the upper 371 

(0.12) to middle (0.21) and to lower basin (0.29) (Table 2). The coefficient of variation (CV) 372 

(the ratio of the standard deviation to the average), a statistical property often used to measure 373 

relative variability intensity, however, is comparative among the reaches.   374 

 375 

 376 
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Figure 9. Inter-annual variations of potential evapotranspiration (PET, mm/d), Aridity Index 377 

(AI), and Evaporative Stress Index (ESI). P and H indicates the Penman-Monteith and Hamon 378 

method, respectively.  379 

       380 

The SD values of both AI and ESI decrease from the upper to middle and to lower basin. 381 

However, SD of AI (ESI) in the middle basin is much closer to that in the lower (upper) basin. 382 

The CV values have opposite gradient to SD, increasing from the upper to middle and to lower 383 

basin. In addition, CV differs mainly not between the basin reaches but between aridity indices: 384 

AI is larger than ESI. 385 

 386 

3.4.3 Long-term trends 387 

PET shows little trends over the simulation period (Table 4). In contrast, aridity indices 388 

increased dramatically, by 60% or more for AI and 15-50% for ESI. The trends are significant 389 

at p<0.01 in the upper and middle basin reaches and p<0.05 in the lower basin. The results 390 

indicate a less dryness condition in the HRB, which is the more remarkable in the middle than 391 

upper basin and in the meteorological than hydrological aridity index. Increase in precipitation 392 

is a major contributor. 393 

 394 

Table 4. Mann-Kendall trends from 1980 to 2010 of potential evapotranspiration (PET), 395 

Aridity Index (AI), and Evaporative Stress Index (ESI) (in%). P (H) indicates the Penman-396 

Monteith (Hamon) method. The bold and italic numbers are significant at p<0.01 and p<0.05.  397 

Index Upper Middle Lower 

PET-P  -7.3 -2.7 0.3 
AI-P  72.5 98.6 80.9 

ESI-P   24.8 51.4 47.8 

PET-H  0.0 2.7 3.6 

AI-H  62.6 84.3 66.3 

ESI-H  16.2 40.8 40.5 

 398 

3.5 Extreme events 399 

The aridity indices for 4 simulated dry years (1982, 1990, 2001, and 2008) and 4 wet years 400 

(1981, 1989, 2002, and 2007) (Figs.10-11) and the averages over the dry or wet years (Fig. 12) 401 

were analyzed. The annual AI values using the Penman-Monteith method are 0.4-0.5 for the 402 
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first two dry years and 0.7-1.0 for the last two years in the upper valley (Fig. 12). The average 403 

over the 4 years is about 0.65. In comparison, the average is about 0.9 over 1980-2010 and 1.4 404 

over the 4 wet years. The values are very small in spring (except in 1982) and occasionally in 405 

fall (1990). The annual AI values in the middle and lower basin reaches are below 0.2 for 406 

individual dry years and average. The small values are found for individual seasons except 407 

falls of the last two years in the middle basin. In compassion, the annual values are 0.4 or above 408 

in 3 falls of the 4 wet years.  409 

The annual ESI values using the Penman-Monteith method are 0.5 or larger in the upper 410 

valley. The average over the 4 years are nearly 0.6. In comparison, the average is about 0.62 411 

over 1980-2010 and 0.7 over the 4 wet years. The values are comparable from spring to fall, 412 

though relatively smaller in spring. This is different from AI. The annual ESI values are about 413 

0.2 in the middle and below 0.1 in the lower basin for individual dry years and average. Thus, 414 

the values are apparently different between the middle and lower basin reaches. This is another 415 

difference from AI. The lowest values mostly occur in summer in both basin reaches. In 416 

compassion, the annual values are 0.25-0.35 in the middle basin and 0.1 or larger in 3 of the 4 417 

wet years in the lower basin.  418 

Same results can be found for the Hamon method, that is, substantially smaller AI than 419 

normal, especially in spring but no much ESI changes from normal and between seasons in the 420 

upper basin, and no much AI change from normal and wet events (small in all cases) in the 421 

middle and lower basin reaches but much smaller ESI than wet events and different between 422 

the two basin reaches, though slightly larger AI and ESI values. The results suggest that ESI is 423 

better representative of extreme dry conditions in the middle basin, but less sensitive to aridity 424 

in the upper basin. 425 

 426 
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 427 

Figure 10. Seasonal variations of simulated Aridity Index (AI), and Evaporative Stress Index 428 

(ESI) using the Penman-Monteith and Hamon methods (left to right) for the dry years of 1982, 429 

1990, 2001, and 2008 (from top to bottom). 430 

 431 
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 432 

Figure 11. Seasonal variations of simulated Aridity Index (AI), and Evaporative Stress Index 433 

(ESI) using the Penman-Monteith and Hamon methods (left to right) for the wet years of 1981, 434 

1989, 2002, and 2007 (from top to bottom). 435 

 436 
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 437 

Figure 12. Seasonal variations of simulated Aridity Index (AI), and Evaporative Stress Index 438 

(ESI) using the Penman-Monteith and Hamon methods (left to right) for averages over the dry 439 

years of 1982, 1990, 2001, 2008 (top) and (bottom). 440 

 441 

4 Discussion  442 

4.1 Supports to the integrated water–ecosystem–economy study in the HRB 443 

The HRB is a typical inland river basin with a strong contrast in topography, landscape, climate, 444 

and human activities from the headwater to end point along its drainage system. 445 

Comprehensive monitoring, modeling, and data manipulation studies have been conducted for 446 

several decades to understand the hydrological and ecological processes and interactions in the 447 

HRB (Cheng et al., 2014). The middle HRB is a special region with dynamic land cover and 448 

use changes due to human activity. Different from the upper HRB regions where climate 449 

change has been the controlling factor for hydrological and ecological processes, surface water 450 

condition is extremely important in the middle HRB where irrigated farmland is the largest 451 

land use and natural oases have been gradually replaced by artificial oases (Li et al., 2001, 452 

Cheng et al., 2014). According to our study, hydrological index ESI should be a better indictor 453 

than the meteorological index AI for water supply and demand conditions in the middle HRB. 454 

Zhang et al. (2014) found that the streamflow from the upper to middle HRB has risen due to 455 

climate change, but the streamflow from middle to lower HRB has reduced. They attributed 456 

this reduction to increasing water consumption by human activities in the middle HRB. Our 457 

study indicates less dryness trend in the middle HRB and therefore supports the analysis that 458 
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climate change was not a major factor for the reduction. Sun et al. (2015) found an increasing 459 

trend in vegetation growth in the middle HRB and attributed it to irrigation. Our study shows 460 

less drying trend in this region, suggesting that more net water was another contributor to the 461 

increasing vegetation growth.  462 

 463 

4.2 Importance of land-surface processes 464 

The water shortage and frequent droughts are the biggest environmental threat to the 465 

ecosystems and human activities in the HRB as well as entire northwestern China. This 466 

comparison study provides evidence for the importance of water and energy interactions 467 

between land process and the atmosphere and between upstream and downstream in 468 

determining climate types in an arid climate. Because the ESI values are related to AET that is 469 

controlled by land-surface properties and management practices (e.g., rainfall-fed crops vs 470 

irrigated crops; natural wetlands vs cultivated drained croplands), our results suggest the land-471 

surface processes play an important role in affecting aridity conditions. The landscape in the 472 

HRB, especially its transition zone, has changed remarkably in the past several decades due to 473 

urbanization, farming, and grazing activities (Hu et al., 2015). The irrigation may have caused 474 

the lower basin more water stressed (higher ESI than AI) since stream water from Heihe is 475 

intercepted and rivers go dry downstream. The ESI should reflect this change since it is 476 

calculated partially based on the land-surface hydrological conditions. Urbanization, farming, 477 

and grazing would reduce vegetation coverage. This would further reduce evapotranspiration 478 

and increase runoff. Irrigation would play opposite roles. The RIEMS model uses the 479 

Biosphere and Atmosphere Transfer Scheme (BATS) (Dickinson and Henderson-Sellers, 1993) 480 

to simulate the land-surface hydrological processes. The vegetation and soil properties 481 

measured in the HRB in 2000 were used to replace the universal BATS specifications, which 482 

improved precipitation simulation (Xiong and Yan, 2013). However, the above disturbance 483 

over time were not included in the simulation that provided the data for this study. Numerical 484 

experiments with this model are needed to provide quantitative evidence for the hydrological 485 

effects of the disturbances.  486 

 487 

4.3 Role in moderating climate  488 
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The magnitude of AI (ESI) inter-annual variability in the middle basin is (is not) very close to 489 

that in the lower basin, another evidence for the unique capacity of ESI in separating the climate 490 

zones between the middle and lower basin reaches. The magnitude of the relative inter-annual 491 

variability differs mainly between AI and ESI, larger with AI. In addition, both AI and ESI in 492 

the HRB decreased dramatically from 1980 to 2010, at greater rate with AI. Thus, the aridity 493 

conditions described using ESI is less variable, suggesting the role of local hydrological 494 

processes in moderating extreme climate events.  495 

 496 

4.4 Future trends 497 

One of the hydrological consequences from the projected climate change due to the greenhouse 498 

gas increase is more frequent and intense droughts in watersheds of dry regions. In the 499 

Colorado River Basin, global warming may lead to substantial water supply shortages 500 

(McCabe and Wolock, 2007), and the climate models projected considerably more drought 501 

activities in the 21st century (Cayan et al., 2010). In the HRB, the climate of the upper HRB 502 

will likely become warmer and wetter in the near future (Zhang et al., 2016), consistent with 503 

the historical records. Correspondingly the basin-wide evapotranspiration, snowmelt, and 504 

runoff are projected to increase over the same period. Many aridity indices, including the AI, 505 

have been used to project future aridity trends (Paulo et al., 2012). However, most of the recent 506 

ESI studies are based on historical remote sensing for monitoring short-term drought 507 

development, which limits the application of this index to climate change impact research. Due 508 

to the unique ability with the ESI in identifying the transition climate zone as shown in this 509 

study, it would be valuable to explore its potential for future aridity projection study and 510 

compare with that of the AI. 511 

 512 

4.5 Uncertainty and future research 513 

The regional climate simulation which generated data for this analysis has many uncertainties 514 

(Xiong and Yan, 2013). One of the contributing factors is the very limited number of 515 

meteorological, hydrological, and ecological measurement sites. A large-scale, multiple-year 516 

field experiment project has been conducted in the HRB, which have been generating extensive 517 

datasets (Wang et al., 2014). These data are being used to improve the regional climate 518 

modeling, which will in turn generate new high-resolution data for further aridity analysis. 519 
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Furthermore, the regional climate modeling has been expanded into the middle 21st century, 520 

providing data for calculating the aridity indices and comparing their future trends. 521 

Comparisons of other meteorological and hydrological aridity indices are also a future research 522 

issue.  523 

 524 

5 Conclusions 525 

This study has found that the ESI climate classification agrees with the Koppen climate 526 

classification (Peel et al., 2007).  By this system, we found that the climate types are different 527 

among the upper, middle, and lower HRB. In contrast, there is no difference between the 528 

middle and lower HRB regions when the AI is used. The comparison results from this study 529 

therefore suggest that only ESI is able to identify a transition climate zone between the 530 

relatively humid climate in the mountains and the arid climate in the Gobi desert region. We 531 

conclude that the hydrological aridity index ESI is a better index than the meteorological aridity 532 

index AI for climate classification in the HRB with a complex topography and land cover. 533 

Selection of the most appropriate aridity index facilitates climate characterization and 534 

assessment, risk mitigation, and water resources management in the arid region. 535 
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