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Abstract: In arid regions, C3 vegetation is assumed to be more sensitive to precipitation and CO2 
fertilization than C4 vegetation. In this study, normalized difference vegetation index (NDVI) is 
used to examine vegetation growth in the arid Lower Heihe River Basin, northwestern China, for 
the past three decades. The results indicate that maximum NDVI (MNDVI) of the area increases 
over the years and is significantly correlated with precipitation (R = 0.47 and p < 0.01), not 
temperature (R = −0.04). The upper limit of C3 vegetation cover of the area shows a yearly rising 
trend of 0.6% or an overall increase of 9% over the period of 25 years, primarily due to the CO2 
fertilization effect (CO2 rising 14%) over the same period. C3 dominant areas can be potentially 
distinguished by both MNDVI asynchronous seasonality and a significant relation between MNDVI 
and cumulative precipitation. This study provides a potential tool of identifying C3 vegetation from 
C4 vegetation and confirms the CO2 fertilization effect in this arid region. 
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1. Introduction 

As an important indicator in global climate change, vegetation plays a central role in bridging 
land surface and atmosphere [1]. Global vegetation changes could be the results of a chain-reaction 
of climatic changes [2]. Typically, climatic factors, CO2 fertilization, and land-use change have been 
considered as three primary elements that influence the vegetation coverage in this planet [1,3,4]. 
Among these factors, temperature and precipitation are the two most important [5,6]. Investigating 
vegetation response to precipitation and temperature anomalies, particularly during droughts, is of 
great importance in arid regions, because ecosystem and hydrologic processes in those areas are 
mostly dependent on vegetation conditions [7,8]. On the other hand, the significant increase of 
atmospheric CO2 concentration (from below 300 ppm to almost 400 ppm) in the past 200 years, 
primarily caused by human activities [9], has resulted in an observable impact on terrestrial 
vegetation variations [10]. In past decades, rising CO2 concentrations played a dominant influence on 
the structure (i.e., floristic composition, canopy cover, height, etc.) of vegetation in cold, arid, and high 
altitude areas [11]. Remote sensing has been an essential tool for mapping land use/cover and for 
inferring phenological characteristics of vegetation [1]. The normalized difference vegetation index 
(NDVI) derived from remote sensing data is sensitive to vegetation’s chlorophyll content [12], 
nutrient levels [13], and water content as well as the underlying soil characteristics [14,15]. Therefore, 
NDVI serves as an effective and simple indicator to evaluate vegetative characteristics on earth’s 
surface. This makes monitoring of photosynthetic vegetative activity in large areas a reality. The 
correlation of an appropriate indicator for monitoring vegetation cover variations with climate factors 
(e.g., temperature and precipitation) and CO2 concentration is key to building better global vegetation 
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models [3,4,16,17]. Particularly, time-integrated NDVI is commonly used for growth status, spatial 
density distribution [18–20], and phenology of plants [21,22]. Many studies between NDVI and 
climatic factors have been conducted in past decades. For example, Ichii et al. (2002) identified a 
significant correlation between NDVI, temperature and precipitation in the northern and southern 
semiarid regions [23]. Maselli et al. (2009) demonstrated that both NDVI annual averages and 
seasonal variations are strictly dependent on rainfall patterns, particularly in arid zones [24]. Song 
and Ma (2011) identified that rainfall is the most important climatic factor that closely correlates with 
NDVI, particularly in arid environments [25]. 

However, the relationship between CO2 concentration and vegetation cover is too complex to 
decipher, since it is not easy to isolate the direct biochemical role of CO2 concentration as a single 
factor from other variations such as water, temperature, nutrients, and land use [6,26–28]. 
Photosynthesis is the process by which plants use sunlight to bond CO2 and H2O together to make 
O2 and sugar. In arid environments, water use is a limiting factor in determining the photosynthesis 
efficiency. Especially, at low precipitation levels, the upper limit of vegetation coverage is linearly 
increased with precipitation levels [29]. In addition, this upper limit is independent of vegetation and 
climate type [30,31]. Donohue et al. (2013) demonstrated that CO2 concentration plays a key role in 
setting the upper limit of vegetation cover in arid environments [17]. Despite of the year-to-year 
variation in precipitation, the upper limit edge of vegetation cover (Ev) increases with the CO2 
concentration due to the rise of water use efficiency of photosynthesis (Wp), which is also referred as 
the CO2 fertilization effect [17]. However, whether or not this type of CO2 effect is transferable to 
other environments of cold and/or arid is still questionable. 

C3 carbon fixation is one of the three pathways for carbon fixation in photosynthesis, along with 
C4 and Crassulacean acid metabolism (CAM) [32]. Most plants use C3 photosynthesis pathway 
where the CO2 is first incorporated into a three-carbon compound. However, this type of 
photosynthesis is not well-suited to all environments. In arid environments, for example, some plant 
species use an adaptation, which is C4 photosynthesis that CO2 is first incorporated into a four-carbon 
compound. Vegetation following the C3 and C4 photosynthetic pathways can differ greatly in their 
exchanges of carbon dioxide, water and energy with the atmosphere [33]. It has been suggested that 
changes in the atmospheric CO2 level would more likely influence the photosynthetic activities of C3 
than of C4 [34]. Increasing CO2 enhances the response of C3 plants but not C4 plants, because the 
ambient CO2 concentration is enough to satisfy the needs of the unique photosynthetic pathway in 
C4 plants [35–37]. 

In order to accurately determine the CO2 fertilization effect, C3 plant areas should be first 
mapped. Since C3 species are more active than C4 species in the spring and autumn seasons, the 
green-up date of C3 species is earlier or later than C4 species [33]. Numeric methods have been used 
to summarize the temporal profiles of vegetation indices including the identification of key dates 
(e.g., date of onset of greenness or date of maximum greenness) and trends [38,39]. Two most 
common methods are normally used to distinguish C3 and C4 based on their asynchronous 
seasonality [39]. The first one is based on the normalized cumulative NDVI (NCNDVI) [40]. 
According to a comparison study of remote sensing and in situ data in south Dakota, USA, 27.5% is 
a threshold NCNDVI value to distinguish high C3 cover area (coverage is larger than 50%) from C4 
cover area [33]. The second one is based on the appearing date of maximum NDVI (MNDVI) with an 
assumption that C4 plants green mostly in warmer seasons and C3 plants in colder seasons [41]. 

In this study, the Lower Heihe River Basin (LHRB), a typical arid region in Northwestern China, 
is used as a test bed to examine whether and how the vegetation cover has changed under the rising 
CO2 concentration. The plants in LHRB include C3 plants (Hedy sarum scoparium, Tamarix chinensis 
Lour, Poplar, Soybean, and Potato) and C4 plants (Haloxylon ammodendron, Calligonum mongolicum 
Turcz, and Maize) [42]. It has been implied that a precipitation difference has a great effect on C3/C4 
ratios, because C3 plants are more sensitive to precipitation than C4 plants [43]. Therefore, in this 
study, we propose a method using the correlation coefficient between NDVI and precipitation as a 
potential indicator to separate C3 from C4 plants. The results are compared with those derived from 
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the two common methods. The CO2 fertilization effect is therefore examined based on the edge 
change of maximum vegetation cover in C3 dominate areas. 

2. Study Area 

The Heihe River Basin (HRB) is the second largest inland watershed in China. The lower reach 
of the basin (LHRB) has been intensified due to the water scarcity and has posed a threat to the 
sustainability of agricultural production and provision of essential ecosystem services such as 
primary production and soil conservation [44,45]. Since precipitation in LHRB (~37 mm annually) is 
far less than the water needed for growth of crop and other vegetation in the region, water from the 
Upper Heihe River (primarily from snow and glacier melts) plays a key role in sustaining the 
agricultural ecosystem as well as other ecosystems along the river path [46]. However, the river’s 
supply of water to the lower reach has declined sharply due to climate change and unreasonable 
water utilization in the middle reach of the river basin during past decades and has led to serious 
vegetation deterioration, shrinkage of natural oases, intensified desertification and frequent 
sandstorms [47]. This has threatened the provision of ecosystem services essential to human well-
being of local people [48]. In the 1980s, the predominant natural vegetation in LHRB were Populus 
euphratica (C3), Tamarix ramosissima (intermediate C3/C4), Haloxylon ammodendron (C4), Sophora 
alopecuroides (C3), and sparse Nitraria tangutorum Bobr (C3) [47]. In recent decades, over-extraction of 
the groundwater has caused a decline in the water table of the region, resulted in the withering of 
Populus euphratica in large areas [44]. Due to the desertification, Reaumuria soongorica (C3) and 
Passerina passerina (C4) became two dominant species in the desert regions of LHRB [49]. Their height 
and crown diameter change widely with habitats. Both species are super-xerophytic desert plants 
[50]. Typically, the NDVI value in LHRB is as low as 0.1, which is very sensitive to weather conditions 
such as precipitation [51]. 

The LHRB lies between 97.13°–102.12°E and 39.87°–42.79°N (Figure 1), with a total land area of 
approximately 7.71 × 104 km2. It is a typical arid region, with the annual precipitation of ~37 mm and 
the maximum annual evapotranspiration exceeding 1000 mm [52]. Most part of the LHRB is covered 
by unused land (e.g., sandy land and Gobi desert) and low-coverage vegetation lands. The unused 
land and low-coverage vegetation accounts for 83% and 14% of the total land area in 2008, 
respectively [53]. 

3. Data and Methodology 

3.1. Precipitation Data 

We use Asian Precipitation Highly-Resolved Observational Data Integration Toward Evaluation 
(APHRODITE) data for the study. This is the only long-term (1951 onward) continental-scale daily 
gridded product (25 km cell size) for Asia including the Himalayas, South and Southeast Asia and 
mountainous areas in the Middle East. The products are available on a regional basis 
(http://www.chikyu.ac.jp/precip). Considering the growing season ends at the end of September and 
precipitation after September has no influence on the vegetation growth of the current year, we only 
calculate the cumulative precipitation from June to September as the growing season precipitation. 
The precipitation data from 1981 to 2007 is used in this study. One hundred and seventy eight 
APHRODITE grid cells covering the LHRB (Figure 1) are used to examine the interrelationships 
between precipitation (P), air temperature (Tair), and NDVI. 
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Figure 1. Lower Hehei River Basin (LHRB) (green area), northeast of the Tibetan Plateau (TP), with 
six weather stations: Eqinaqi (elevation of 940.5 m), Jikede (965.6 m), Wutonggou (1591 m), Dingxin 
(1177.4 m), Jinta (1270.2 m), and Jiuquan (1477.2 m). The land cover types are from Chinese Western 
Data Center (http://westdc.westgis.ac.cn/) [53]. The 178 grid cells (25 km × 25 km) of precipitation data 
with cell identification number (ID) used in the text are shown with red lines. 

3.2. NOAA/AVHRR-NDVI Data 

Corrected from the Pathfinder NDVI of Advanced Very High Resolution Radiometer (AVHRR) 
data, the Global Inventory Modeling and Mapping Studies (GIMMS)-NDVI data set with a resolution 
of 8 km × 8 km has become one of the most commonly used NDVI data sets [54]. Two MNDVI values 
(maximum value of the first 15 days and maximum value of the remaining days of the month) each 
month from 1981 to 2012 are used in this study [55,56]. 

Since the resolution for APHRODITE (25 km × 25 km) is much coarser than that of AVHRR 
vegetation index (8 km × 8 km), i.e., each APHRODITE grid cell including 16 (4 × 4) AVHRR grid cells 
(Figure 2), the weighted average NDVI for each APHRODITE cell is calculated based on these 16 
AVHRR data. The maximum NDVI of each APHRODITE grid cell during the growing season (April 
to September) of each year is defined as the maximum NDVI (MNDVI) of the cell for the year. 
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Figure 2. The overlap between APHRODITE (large red cells) and AVHRR NDVI data (small cells), 
resulting in 16 small cells in each large cell. 

3.3. Air Temperature Data 

Air temperature (Tair) of the LHRB is obtained from six weather stations: Eqinaqi (at elevation of 
940.5 m), Jikede (965.6 m), Wutonggou (1591 m), Dingxin (1177.4 m), Jinta (1270.2 m), and Jiuquan 
(1477.2 m), downloaded from Chinese Western Data Center (http://westdc.westgis.ac.cn/). The 
elevation range of those stations is between 940.5 m and 1591 m, with mean of 1118.7 m. 

3.4. Correlation between Climate Factors and NDVI 

The MNDVI values are correlated with the climate factors (mean air temperature in the same 
month of the MNDVI and cumulative precipitation of two months, i.e., the month of the MNDVI and 
the month before) at the 178 grid cells, by using Pearson’s correlation method for the period of 1981 
to 2012. For correlation between air temperature and MNDVI, only the grid cells corresponding with 
the six weather stations are included for analysis, since there are no temperature data in other cells. 
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3.5. Discrimination of C3 and C4 Vegetation based on Different Methods 

3.5.1. Method 1-Based on Normalized Cumulative NDVI 

The seasonal profile of NDVI in each APHRODITE grid over the period is used to derive a 
cumulative NDVI distribution over each year. First, we define the normalized cumulative NDVI 
(NCNDVI) as the percentage of cumulative NDVI in the first six months over the total cumulative 
NDVI in a year as shown in Equation (1) [33]. 

100(%) ×=
yearainNDVIcumulativetotal
monthssixfirsttheinNDVIcumulativeNCNDVI  (1) 

Based on Foody and Dash (2007) in the North America, strong relationships between the 
grassland composition (C3 and C4) with the NCNDVI were observed (R2 = 0.59). The NCNDVI 
increases as the fractional C3 rises. NCNDVI of 27.5% is a value corresponding to 50% of C3 in the 
grassland. This empirical value indicates that areas with NCNDVI higher than 27.5% are C3 dominant; 
otherwise, C4 dominant. 

3.5.2. Method 2-Based on Date of Maximum NDVI 

Table 1 is a look-up table showing the half month numbers, i.e., two NDVI values in each month. 
The half month of appearance of MNDVI is determined for all the grid cells of each year. Based on 
the occurring dates/months of MNDVI, it is possible to differentiate the C3 and C4 plants in LHRB. 
Since C3 plants are cool-season plants and C4 plants are warm-season plants, if the MNDVI in a given 
area/grid cell occurs in spring season (March to May) or autumn season (September to November), 
we identify the given area/grid cell as a C3 dominant area; otherwise, if the MNDVI occurs in summer 
season (June to August), we identify this given area/grid cell as a C4 dominant area [41]. 

Table 1. Look-up table of half month numbers. 

 Half Month No. Half Month No. 
1st half of January 1 1st half of July 13 
2nd half of January 2 2nd half of July 14 
1st half of February 3 1st half of August 15 
2nd half of February 4 2nd half of August 16 

1st half of March 5 1st half of September 17 
2nd half of March 6 2nd half of September 18 
1st half of April 7 1st half of October 19 
2nd half of April 8 2nd half of October 20 
1st half of May 9 1st half of November 21 
2nd half of May 10 2nd half of November 22 
1st half of June 11 1st half of December 23 
2nd half of June 12 2nd half of December 24 

3.5.3. Method 3-Based on Correlation Between MNDVI and Precipitation 

The third method, proposed in this study, is based on different sensitivity of C3 and C4 
vegetation toward the cumulative precipitation in the month of MNDVI and the month before. It is 
based on correlation coefficients between MNDVI and accumulative precipitation that is performed 
in each grid cell from 1981 to 2007 for all years. Based on the assumption that C3 plants are more 
sensitive to precipitation than C4 plants, for a given grid cell, the higher the correlation coefficients 
between MNDVI and precipitation, the more likely C3 plants are dominating the given area. That is 
to say that, if the MNDVI in a given area/grid cell is significantly (p value < 0.01) correlated with the 
cumulative precipitation of the two months, the given area is then defined as a C3 dominant area; 
otherwise, the area is defined as a C4 dominant area. 
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3.6. Quantification of the CO2 Fertilization Effect 

Water use efficiency could be considered as the increase of leaf weight or area with a unit 
increase of precipitation. Thus, by plotting MNDVI of C3 vegetation against the corresponding 
precipitation, the slope of the regression line would be approximately considered as the water use 
efficiency. CO2 effect is the increase of water use efficiency of photosynthesis (Wp) as the rising of CO2 
concentration, which is based on the Equation (2) developed by Wong et al. (1979) [57], ݀ ௣ܹ௣ܹ ≈ ௔ܥ௔ܥ݀ − ݒݒ12݀  (2) 

where Ca is the atmospheric CO2 concentration, v is the leaf-to-air water vapor pressure difference. 
The CO2 fertilization effect is the increase of Wp as the rise of CO2 concentration over time. 

The CO2 fertilization effect is calculated only based on C3 plants. The upper limit edge of 
vegetation cover (Ev edge) is defined as the slope of a linear regression line of MNDVI of C3 plants 
against cumulative precipitation in the month of the MNDVI and the month before. In order to 
minimize the impact of year-to-year “transient” effects (e.g., soil water storage change and the 
response lag of changes in precipitation), we perform the analyses using sequential three-year 
periods (yielding nine three-year averages between 1981 and 2007). This gives nine separate estimates 
of Ev. Finally, we test whether the slope of the Ev regression has changed over time. 

4. Results 

4.1. Characteristics of Temporal Variations of NDVI 

As shown in Figure 3a, for an average of annual cycle of NDVI during 1981 to 2012, there is only 
one broad peak from April to September and the peak appears at the beginning of July and quickly 
drops down to the lowest value at the end of October. This broad period of April to September 
corresponds to the growing season for most C3 and C4 vegetation. 

 
Figure 3. (a) Box chart of the monthly mean NDVI of the 22 years from 1981 to 2012 in LHRB and  
(b) the maximum NDVI (MNDVI); (c) average air temperature; and (d) cumulative precipitation 
between June and September from 1981 to 2012 in LHRB. 
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The MNDVI in a growing season shows a slight increase from 1981 to 2012 (Figure 3b). In the 
same period, the mean air temperature in the growing season shows a strong increase (0.06 °C/year, 
R2 = 0.55, p value < 0.01) (Figure 3c), while the cumulative precipitation (June to September) shows 
strong fluctuations in the range of 16 mm to 37 mm with a slight increase during the period (Figure 
3d). Precipitation is positively correlated with MNDVI (R = 0.47, p value < 0.01), while there is no 
significant correlation between air temperature and MNDVI (R = −0.04). This indicates that in an 
LHRB area, precipitation is a significant controlling factor of vegetation growth (although only ~22%), 
but temperature itself is not a direct factor. 

4.2. Discrimination of C3 and C4 Vegetation Based on Three Methods 

As shown in Figure 4a (Method 1), the NCNDVI values for all the grid cells range from 14.2% to 
37.1%, with most of them higher than 30% (i.e., the majority of the grid cells with grid cell identification 
numbers (IDs) from 1 to 150, the northern area of the LHRB). Based on the 27.5% criteria (i.e., 
NCNDVI > 27.5% as C3 dominant vegetation), the C3 or C4 dominant grid cells/areas are mapped in 
Figure 5a). As shown in Figure 4b (Method 2), majority of the grid cells with IDs smaller than 100 
(the northern area of the LHRB) have MNDVI values either in (I) the 9th to 10th half months (i.e., the 
month of May) or (II) the 17th and18th half months (i.e., the month of September), corresponding to 
MNDVI of C3 vegetation. The rest of them correspond to the MNDVI of C4 vegetation, as mapped 
in Figure 5b. As shown in Figure 4c (Method 3), the correlation coefficients range from −0.3 to 0.8. 
Therefore, the areas with significantly high correlation (R > 0.47, p value < 0.01) are selected as the 
potential C3 species areas (Figure 5c). 

 
Figure 4. (a) The normalized cumulative NDVI (NCNDVI), (b) the maximum NDVI (MNDVI);  
and (c) the correlation coefficient between MNDVI and precipitation in the 178 grid cells (note: grid 
cell number is the grid cell ID as shown in Figure 1). 
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Figure 5. Potential C3 dominant areas determined by (a) normalized cumulative NDVI (method 1), 
(b) maximum NDVI (method 2); and (c) significant correlation with precipitation (method 3); and  
(d) overlapping C3 dominant areas of (b) and (c). 

The results based on the three methods have a common feature: C3 plants are more prevalent in 
the northern part of LHRB than in the southern part of LHRB. Usually, C3 plants favor the cold 
environment (colder in the higher latitudes); therefore, the overall trend of C3 and C4 distributions 
of these three methods seem reasonable. Noting that the coverage of C3 dominant areas based on 
method 1 is much larger than that of the other two methods. The overlapping C3 dominant areas 
based on the methods 2 and 3 are shown in Figure 5d, which is used to quantify CO2 fertilization 
effects. 
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4.3. Quantification of CO2 Fertilization Effect 

Although the fluctuation of the slope of upper limit edge of vegetation cover (Ev) is observed, 
the overall trend shows a yearly rising of 0.6% over 25 years (Figure 6a). The Figure 6b is a plot of 
MNDVI against corresponding cumulative precipitation for the year 1981 (black) and year 2007 (red). 
The relative increase is about 9% (Figure 6b), which is close to the 14% increase of global CO2 
concentration (from satellite estimations) over the same period [58]. 

 
Figure 6. (a) Trend of Slope of Ev from 1981 to 2007 and (b) Slope of Ev in 1981 (black) and 2007 (red), 
with a relative increasing rate of 9%. 

5. Discussion 

In this paper, we examine the relationship between NDVI and precipitation/temperature in 
LHRB, as well as their spatial distributions. The results are as follows: (1) The NDVI value reaches 
the maximum from April to September; (2) C3 species could be distinguished from C4 species by 
both NDVI asynchronous seasonality and correlation coefficients between MNDVI and precipitation; 
(3) C3 species show statistically significant correlation between MNDVI and precipitation from 1981 
to 2007; and (4) the change of slope of Ev (9%) is attributed to the CO2 fertilization effect, i.e., the 14% 
increase in CO2 concentration over the same period of time. 

Comparing the results determined by these three methods used in this study (Figure 5), it is 
found that the C3 vegetation mapped by method 1 seems to be too much. Realizing that method 1 is 
based on a semi-empirical threshold value (NCNDVI larger than 27.5%) estimated in USA, the direct 
application of this value to the study area could be questionable. Although time-integrated NDVI has 
been used as one of the most useful parameters to represent the greenness of the growth cycle and 
has been effectively mapped the C3/C4 composition of grasslands, the generality of the methodology 
has never been proven outside the central North America [59]. Considering that the seasonal response 
of C3 and C4 species to climate drivers (such as precipitation and temperature), the North American 
prairie would be different from that in northwestern China. The climate condition in LHRB is also 
quite different from the North America, the approach (i.e., the threshold value) to map C3 and C4 
grasses developed in North America could be the least accurate in LHRB. In particular, most of the 
“C3 dominant areas” determined by the method 1 (i.e., mapped C3 grid cells in Figure 5a) show poor 
correlation with precipitation (i.e., mapped C4 grid cells in Figure 5c). 

Both methods 2 and 3 are based on the site specific characteristics of C3 and C4 plants. The 
results based on method 3 show that there are only a small portion of areas in the north part of LHRB 
would be C3 plants. Most of these areas also match the C3 plants areas determined by the second 
method, which is based on the asynchronous seasonality (maximum greenness date). Thus, the 
combination of these two methods would give the most reliable discrimination of C3 and C4 
dominant areas. Thus, the overlapping C3 dominant areas between the method 2 and method 3 are 
defined as the potential C3 areas (Figure 5d) for studying the CO2 fertilization effect. However, 
further ground investigation is needed to justify the validation of these results. 
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As we mentioned earlier, precipitation only explains ~22% of NDVI increase, the increasing CO2 
may explain the remaining over 70% of NDVI increase. Burges et al. (1991) discovered that the size 
and dry weight of most C3 plants and plant components would increase under rising CO2 
concentration because relatively more photo-assimilation is partitioned into structural components 
(stems and petioles) during vegetative development in order to support the light-harvesting 
apparatus (leaves) [60]. These results can be explained reasonably by three assumptions: (a) the C3 
plant areas chosen by the combination of methods 2 and 3 are under sustained CO2 fertilization effect; 
(b) the change rate of CO2 concentration is constant in the LHRB area from 1982 to 2012; and (c) the 
LHRB area is so limited in water availability that the change in CO2 concentration might be 
predominantly expressed through transpiration, with little change in assimilation. This result also 
provides strong support for our hypothesis that the Ev edge of C3 vegetation is, in large part at least, 
determined by CO2. By implication, analyzing the changes in the Ev edge provides a means for 
assessing the CO2 fertilization effect as it has historically occurred across the globe’s warm and arid 
landscapes. 

If we simply consider that the maximum NDVI as a function of precipitation and CO2 
concentration, the most effective analysis technique is to remove the effects of variability in 
precipitation, taking a derivative of NDVI, which is equivalent to Ev. Across the study area and time 
period, the precipitation-induced greening cannot fully explain the increase of the slope in the Ev. To 
evaluate the CO2 fertilization effect, we only consider the C3 dominated areas and make sure of 
linearity between maximum NDVI and precipitation level. Although our result indicates the CO2 
fertilization effect on the increased greenness in LHRB, other factors in plant growth such as 
availability of nutrients (nitrogen and phosphorous) could also be important [61,62]. Future field 
study is required to warrant the availability of nitrogen and phosphorous in the LHRB area. 

6. Conclusions 

As an important supplement for the previous study of CO2 fertilization effect in warm and arid 
areas, we have demonstrated the increase of water use efficiency of photosynthesis with rising CO2 
concentration in the Lower Heihe River Basin (LHRB), a typical cold and arid area in China. The 
extremely arid climate condition of LHRB makes it an ideal place for studying CO2 fertilization effect. 
Our result indicates that the increasing CO2 level may explain over 70% of NDVI increase. C3 
dominant areas can be potentially distinguished by both MNDVI asynchronous seasonality and 
significant relation between MNDVI and cumulative precipitation. This finding could facilitate better 
understanding of the impact of climate change on vegetation variation in arid or semi-arid areas. 
However, validation of the methods in other interesting areas (such as the Chihuahua Desert in 
Mexico and USA) is eagerly needed. 
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