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ABSTRACT: Net primary productivity (NPP) is an important component of
the carbon cycle and a key indicator of ecosystem performance. The aim of this
study is to construct a more accurate regional vegetation NPP estimation model
and explore the relationship between NPP and climatic factors (air temperature,
rainfall, sunshine hours, relative humidity, air pressure, global radiation, and
surface net radiation). As a key variable in NPP modeling, photosynthetically
active radiation (PAR) was obtained by finding a linear relationship between
PAR and horizontal direct radiation, scattered radiation, and net radiation with
high accuracy. The fraction of absorbed photosynthetically active radiation
(FPAR) was estimated by enhanced vegetation index (EVI) instead of the
widely used normalized difference vegetation index (NDVI). Stress factors
of temperature/humidity for different types of vegetation were also considered
in the simulation of light use efficiencies (LUE). The authors used EVI datasets
of Moderate Resolution Imaging Spectroradiometer (MODIS) from 2001
to 2011 and geographic information techniques to reveal NPP variations in
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Wuhan. Time lagged serial correlation analysis was employed to study the
delayed and continuous effects of climatic factors on NPP. The results showed
that the authors’ improved model can simulate vegetation NPP in Wuhan effectively, and it may be adopted or used in other regions of the world that need
to be further tested. The results indicated that air temperature and air pressure
contributed significantly to the interannual changes of plant NPP while rainfall
and global radiation were major climatic factors influencing seasonal NPP
variations. A significant positive 32-day lagged correlation was observed
between seasonal variation of NPP and rainfall (P , 0.01); the influence of
changing climate on NPP lasted for 64 days. The impact of air pressure, global
radiation, and net radiation on NPP persisted for 48 days, while the effects of
sunshine hours and air temperature on NPP only lasted for 16 and 32 days,
respectively.
KEYWORDS: NPP; PAR; EVI; FPAR; Time-lagged serial correlation
analysis

1. Introduction
Net primary productivity (NPP), the difference between photosynthesis or gross
primary productivity and autotrophic respiration, is an important variable in biological and chemical carbon cycle and a key ecological indicator of the sustainable
development of terrestrial ecosystem. Therefore, study on NPP is one of the key
focuses on global carbon balance and climate change in scientific community
(Potter et al. 2003; Tao and Zhang 2010). Many experiments have been carried out
since the late 1980s, and a series of achievements has also been made. However, the
majority of the literature has been focused on the global or national scale, and NPP
is highly variable in space and time because of the differences or inconsistencies
in natural and anthropogenic factors (Loescher et al. 2003; Matsushita et al. 2004;
Peng et al. 2008). A clear and concise description for the correlation between
regional NPP and climate change is still crucial for the research on the relationship
between climate change and carbon cycling processes.
NPP is sensitive to many controls, and climate plays a major role in NPP spatial
and temporal variation (Zhao et al. 2006). Climatic factors affect vegetation NPP in
a variety of ways during photosynthesis: for example, lower rainfall or cloudiness
may decrease NPP by lowering soil moisture in dry regions, while increased
cloudiness may also decrease NPP by reducing the availability of photosynthetically active radiation (PAR) in moist regions (Beer et al. 2010). Therefore,
climate-based ecosystem models have been developed as a means of quantifying spatiotemporal variations in NPP, which can be basically classified into
three types: (i) statistical methods, such as the Miami model (Foley 1994);
(ii) parametric models, such as the Global Production Efficiency Model (GLOPEM) (Cao et al. 2004); and (iii) process models, such as the Biome Biogeochemical Cycles Model (BIOME-BGC) (Running et al. 2004). These methods
have been widely applied for estimating the annual or seasonal terrestrial NPP
fluxes in different areas, and many researchers have focused on comparing the
results from different models for model validation (Cramer et al. 1999; Hemming
et al. 2011).
Satellite remote sensing provides consistent and systematic observations of
vegetation and ecosystems and plays an increasing role in characterization of
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vegetation structure and seasonal dynamics of terrestrial NPP (Donmez et al.
2011). Thus, these NPP models can also be used to examine the effect of climate
variability on NPP (Nayak et al. 2012). Cao et al. (2004) studied the interannual
variations and trends in global terrestrial NPP from 1981 to 2000 using GLOPEM. Mohamed et al. (Mohamed et al. 2004) explored the patterns of interannual variability of NPP in relation to potential causal factors. Fang et al.
(Fang et al. 2001) also examined the relationship between interannual variability in NPP and precipitation across China with the Carnegie–Ames–Stanford
Approach (CASA).
However, because of a complex climate system and vegetation conditions, these
NPP models may not be appropriate in all regions and the process parameters
should be optimized, such as PAR fraction (Gong et al. 2012). Moreover, it is clear
that the normalized difference vegetation index (NDVI) suffers several limitations,
including sensitivity to atmospheric conditions, sensitivity to soil background, and
saturation of NDVI values in multilayered and closed canopies, so the NDVI-based
vegetation NPP estimation should also be modified (Xiao et al. 2006; Zhang et al.
2009). In addition, we still lack a clear understanding of the quantitative relationship between climate change and NPP in central China, although a great
deal of related research work has been launched in China. The purpose of this
paper is to map the interannual and seasonal characterization of NPP and climate variables using our improved NPP estimation method that optimized
the parameter of PAR, fraction of absorbed photosynthetically active radiation
(FPAR), and light use efficiencies (LUE) and extend the lagged cross-correlation
analysis method to study the delayed and continuous effects of seasonal climate
on NPP for different kinds of vegetation with a temporal resolution of 16 days in
Wuhan.

2. Study area and data
2.1. Study area
Geographically situated between 298589–318229N and 1138419–1158059E,
Wuhan lies in central China (Hubei Province) with the Yangtze River and Han
River flowing across the city, which was made up by three parts: Wuchang,
Hankou, and Hanyang (Figure 1) (Chen and Masser 2003). The typical subtropical
monsoon climate here is influenced by its geographic location close to Yangtze
River, which is characterized by well-marked seasons with cold and dry winter,
abundant rainfall, and sunshine in summer. It is generally higher than 308C in
summer with extreme maximum temperature of 44.58C; thus, Wuhan was called as
one of China’s four furnaces (Hao 2006). The statistics showed that annual grass
vegetation (AGV) was the dominant land-cover type (about 70% of study area),
and the percentage of buildup was about 6% in 2010 (Zhu and Lin 2008; Gong
et al. 2012). It is a transition area between subtropical evergreen broadleaf vegetation and temperate deciduous broadleaf vegetation with Masson’s pine, fir, and
oak distributing in this area (Figure 2), and evergreen broadleaf vegetation (EBV),
deciduous broadleaf vegetation (DBV), and annual broadleaf vegetation (ABV)
took up 3%, 3%, and 4% of the whole area, respectively (Cen et al. 2008; Kabba
and Li 2011). With increasing requirements on improving the ecological

Unauthenticated | Downloaded 01/09/23 09:14 AM UTC

Earth Interactions

d

Volume 17 (2013)

d

Paper No. 4

d

Page 4

Figure 1. Location of the study area: (a) location of Hubei Province in China,
(b) location of Wuhan in Hubei Province, and (c) the geographical distribution pattern in Wuhan.

environment, we studied the NPP variations and their relationship with climate to
get an overall understanding of the vegetation ecosystem in Wuhan.
2.2. Data and preprocessing
The main daily meteorological datasets from six measurement sites (Figure 2)
used in this study were obtained from China Meteorological Data Sharing Service
System, including air temperature, rainfall, sunshine hours, relative humidity, air
pressure, horizontal direct radiation, global radiation, and surface net radiation.
PAR, global radiation, direct solar radiation, scattered radiation data, etc., from
2009 to 2012 were measured by the Kipp & Zonen radiation measurement system
that has been calibrated strictly in September 2010. Each climatic variable was
checked carefully and averaged every 16 days.
The Moderate Resolution Imaging Spectroradiometer (MODIS) sensor on board
the Terra and Aqua satellites has 36 spectral bands; 7 spectral bands are primarily
designed for study of vegetation and land surface: blue (459–479 nm), green (545–
565 nm), red (620–670 nm), near infrared (841–875 nm and 1230–1250 nm), and
shortwave infrared (1628–1652 nm and 2105–2155 nm) (Gobron et al. 2000).
MODIS 16-day composite data at 250-m spatial resolution (MOD13Q1) from 2001
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Figure 2. Spatial distribution of vegetation covers in Wuhan (ENV, EBV, DNV, DBV,
ABV, AGV, and GV).

to 2011 were downloaded from the National Aeronautics and Space Administration (NASA) website (http://modis.gsfc.nasa.gov/); each composite MOD13Q1
pixel was temporally filtered to the closest nadir view angle with the least cloud or
cloud shadow and the lowest aerosol loading (Zhao et al. 2005). The MOD12Q1
land-cover product was used to classify the vegetation types with four land-cover
classification schemes and then assigned the maximum LUE (emax) for different
vegetation types according to a newly simulated result in China (Zhu et al. 2006),
which have been used widely in China (Zhou et al. 2010). All the climatic and
remote sensing data were interpolated and resampled to get the same spatial resolution with MOD13Q1 by universal kriging and image resampling methods
(Nencini et al. 2007; Falivene et al. 2010). Using Environment for Visualizing
Images (ENVI) and ArcGIS software, a 16-day composite enhanced vegetation
index (EVI) was acquired after converting all the MODIS data to geographic coordinate system and World Geodetic System 1984 (WGS84) data, which were used
to further calculate FPAR.

3. Methodology
3.1. Modeling and mapping NPP
Accurate estimation of NPP is critical for understanding the carbon dynamics
within the atmosphere–vegetation–soil continuum and the response of the terrestrial
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ecosystem to climate (Wang and Zhao 2008). It is considered that integration of
light use efficiency and process model algorithms is a potentially effective
approach to estimate global and regional NPP using remote sensing data and
ecological/biophysical processes (Liu et al. 2001). Vegetation NPP may predominantly be affected by two variables of absorption photosynthetic active
radiation (APAR) and light use efficiency e (Nemani et al. 2003),
NPP(x, t) 5 APAR(x, t) 3 e(x, t),
APAR(x, t) 5 PAR(x, t) 3 FPAR(x, t) ,

(1)

where PAR is incident photosynthetically active radiation in a time period (day or
month), FPAR is the fraction of PAR absorbed by vegetation canopy, and e(x, t)
represents the actual radiation conversion efficiency. We can see from above that
PAR, FPAR, and e(x, t) are most crucial parameters in NPP estimation, and we try
to improve the accuracy of each variable in regional scale in following parts.
3.1.1. Estimation of PAR

PAR refers to the solar radiation spectrum in the wavelength range of 400–
700 nm that plants use for the photosynthetic process, which is a key variable
required by almost all terrestrial ecosystem models (Janjai and Wattan 2011). At
present, a worldwide routine network of PAR measurements is not yet established,
PAR was estimated by the relationship between global radiation and PAR, and the
widely used PAR fraction was about 0.5 (PAR is half of global radiation) (Potter
et al. 2003; Piao et al. 2006). In fact, PAR used by vegetation canopy is lower than
half of the global radiation, and PAR fraction varies with space and time, which is
not suitable for regional NPP simulation (Gitelson et al. 2012). So we developed a
new method for regional PAR calculation by finding a relationship between PAR
and horizontal direct radiation, scattered radiation, and surface net radiation. It is
known that PAR changes greatly under different weather conditions, so we divided
the daily measured datasets from September 2009 to July 2012 into two parts with
daily global radiation 120 W m22 being the cutoff point to establish a more reliable and accurate PAR estimation model. Linear regression between modeled
and observed PAR every day from September 2009 to July 2012 in Wuhan
(Figure 3) with the relative error only being 4.6 W m22, and the correlation
coefficient was obtained; we also compared our simulated PAR with measured
data every month in 2010, which can prove the accuracy of the new model
(Figure 4),

0:39QD 1 0:27QH 1 0:13QN 1 2:76 Qg , 120 W m22
,
(2)
PAR 5
0:26QD 1 0:28QH 1 0:25QN 1 5:05 Qg . 120 W m22
where Qg is daily global radiation; QD is daily scattered radiation; QH is horizontal
direct radiation that can be inferred from QH 5 QR 3 sinh (QR represents the
measured direct solar radiation and h is sun elevation angle); and QN is surface net
radiation, which also can be obtained by the formula QN 5 Qg 1 Q# 2 Q" 2 Qs
(Q#, Q", and Qs represent downward longwave radiation, upward longwave radiation, and reflected shortwave radiation, respectively).
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Figure 3. The linear correlation of modeled PAR and measured data.

3.1.2. Estimation of FPAR

FPAR measures the proportion of PAR that is absorbed by vegetation canopies in
the spectrum of 400–700 nm. It is a key parameter for global vegetation (GV) and
crop yield modeling (Lobell et al. 2002). For decades, numerous studies have
focused on estimating FPAR by leaf area index that is closely correlated with
satellite-derived vegetation indices: for example, NDVI, which is calculated as a
normalized ratio between red band rred and near-infrared band rnir (Wardlow and
Egbert 2008),
NDVI 5

rnir 2 rred
.
rnir 1 rred

(3)

In remote sensing analysis, FPAR is usually estimated as a linear or nonlinear
function of NDVI (Field et al. 1998; Kalfas et al. 2011): for example, researchers

Figure 4. The monthly comparison chart of modeled and observed PAR in 2010.
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discovered an NDVI–FPAR relationship from NASA MOD15 (Myneni et al.
2002),

0
NDVI , 0:075
FPAR 5
.
(4)
min(1:163 3 NDVI 2 0:043 93, 0:9) NDVI . 0:075
These NDVI-based NPP models have been applied at regional and global scale
using Advanced Very High Resolution Radiometer (AVHRR) or MODIS products.
However, it is well known that NDVI has several limitations, including saturation
in a multilayer closed canopy and sensitivity to both atmospheric aerosols and the
soil background (Huete et al. 2002). In addition, vegetation canopies are composed
of photosynthetically active vegetation (PAV; mostly green leaves) and nonphotosynthetically active vegetation (NPV; mostly senescent foliage and branches), and
NPV has a significant effect on FPAR at the vegetation canopy level. Moreover,
individual green leaves also have some proportion of NPV at the leaf level, depending on leaf age, species, and leaf morphology (Asner et al. 1998; Hanan et al.
2002). Thus, vegetation FPAR should be
FPAR 5 FPARPAV 1 FPARNPV .

(5)

FPARPAV represents the fraction of PAR absorbed by PAV that is only used for
vegetation photosynthesis, which is a key point in FPAR estimation (Xiao et al.
2005). To overcome above shortcomings and obtain FPARPAV accurately, EVI was
developed (Huete et al. 1997), which was defined as
EVI 5 G 3

rnir 2 rred
,
rnir 1 (C1 3 rred 2 C2 3 rblue ) 1 L

(6)

where G 5 2.5, C1 5 6, C2 5 7.5, and L 5 1; the blue band was mainly used for
atmospheric correction in aerosols and variable soil and canopy background. Note
that EVI is linearly correlated with the green leaf area index and sensitive to canopy
variations (Boegh et al. 2002). Xiao et al. (Xiao et al. 2004) developed a linear
function between FPARPAV and EVI for modeling GPP and NPP, which has been
successfully implemented in different areas, such as the Amazon, North America,
and East Asia (Xiao et al. 2005; Wu et al. 2008),
FPARPAV 5 a 3 EVI ,

(7)

where the coefficient a is 1.0 in Xiao’s first version of the Vegetation Photosynthesis Model (VPM), representing the simplest case of parameterization. VPM
clearly divided FPAR into FPARPAV and FPARNPV, which was a critical issue in
satellite-based vegetation modeling (Xiao et al. 2004). In this paper, we adopted
this method to estimate vegetation FPAR for studying the relationship between
NPP and climate change in regional scale.
3.1.3. Estimation of actual light-use efficiency e(x, t)

LUE is another important indicator of plant photosynthesis and a key parameter
for remote sensing–based models for monitoring vegetation productivity, which is
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Table 1. The maximum light utilization efficiency for different vegetation types.
Vegetation types

ENV

EBV

DNV

DBV

ABV

AGV

emax (g MJ21)

1.008

1.259

1.103

1.004

0.768

0.604

affected by temperature, water, and leaf phenology (Huemmrich et al. 2010). Many
studies have focused on simulating accurately of the actual vegetation light use
efficiency in global and regional scale by remote sensing or in situ measurement
(Hilker et al. 2008),
e(x, t) 5 T1 (x, t) 3 T2 (x, t) 3 W(x, t) 3 emax ,

(8)

where T1(x, t) and T2(x, t) are the temperature stress factors, representing the effects
of low temperature and high temperature on maximum light use efficiency, respectively; W(x, t) is moisture stress influencing coefficient; and emax is the maximum light use efficiency (Christopher et al. 1995).
The maximum light use efficiency emax is controlled by vegetation types; spatial
resolution; and the uniformity of vegetation coverage, which is hard to achieve. A
fixed emax value is often used in NPP modeling: for example, 0.389 gC MJ21 was
provided in CASA model, which was not precise enough in the study of vegetation
monitoring and has been in dispute in scientific community (Zhu et al. 2006).
Although Running et al. (Running et al. 2004) considered that there should be
different values of emax for different vegetation types and also simulated emax for 10
kinds of vegetation by BIOME-BGC, it is not proper to adopt the values that were
based in North America and not in the global world or China. Zhu et al. (Zhu et al.
2006) developed emax of typical vegetation in China with remote sensing, meteorological data, and measured NPP; emax obtained from their research is fairly reliable for NPP modeling in central China (Zhu et al. 2007), and we took their
simulating results in this study (Table 1).
3.2. Statistical regression and time lag serial correlation analysis
We extracted each climate variable and NPP of six vegetation types from 2001 to
2011 within the study area using the above improved method. The correlation
between NPP and air temperature, rainfall, sunshine hours, relative humidity, air
pressure, global radiation, and net radiation was analyzed.
We adopted an assumption that, if correlation between the coefficient of variation (CV) of NPP and climate factor is significant, the seasonal or interannual
fluctuation of NPP is attributed to the temporal variability in these climatic parameters (Fang et al. 2001; Peng et al. 2010). In addition, the response of NPP to
climate is not instantaneous and sometimes exerts delayed effects. Time lagged
serial correlation analysis incorporates both immediate physiological alterations
and delayed biogeochemical adjustments of vegetation because of variable climates (Mohamed et al. 2004; Steele et al. 2005), which was defined as follows:
Rk (x, y) 5 Sk (x, y)/Sx Sy1k ,

(9)

where Sk(x, y) is the sample covariance and Sx and Sy1k represent the standard
deviations that are calculated by the following equations:
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(10)
where n is the sample number of xi and yi, k is the number of time lag, and k  n/4
and k 5 n 210. In this study, we focused on the delayed and continuous effects
climatic factors on seasonal variations of NPP with a 16-day interval during the
year, so n is 23 (365/16) and k 5 0, 1, 2, 3, 4, and 5. When k is 0, it means there is
no time lag, which expresses immediate NPP response to climate variation. The
critical values of the significant positive correlation at P 5 0.01 are 0.505, 0.515,
0.525, 0.535, 0.545, and 0.56 when k is 0, 1, 2, 3, 4 and 5, respectively. If the value
of the correlation coefficient Rk is greater than the corresponding critical value and
Rk is the maximal correlation coefficient at different time lags, then the time lag
equals k times 16 days.
The effect of climate change on NPP may persist for some time. In this study, the
duration of climate influence on NPP was computed by accumulating values of
the time for significant correlation at P 5 0.01 between NPP and climatic factors
at different time lags. If Rk and Rk11 are both greater than the critical values of
significant correlation coefficients at P 5 0.01, the duration of climate influence is
16 days. If Rk, Rk11, and Rk12 are all larger than the critical values of significant
correlation coefficients (P 5 0.01), then the duration time is 32 days; other duration
lengths can be achieved by analogy with this method.

4. Results and analysis
4.1. Correlations between interannual variation of NPP and climatic
factors
The 11-yr datasets of MODIS and climatic parameters were used to explore the
patterns of interannual variability of NPP in relation to potential causal factors in
Wuhan. We proved the accuracy of our estimated NPP by comparing with simulated results from different models, as well as measured values. As is shown in
Table 2, NPP values of different vegetation types in this study are not only surprisingly approximate to that of Zhang et al. (Zhang et al. 2011) and Gong et al.
(Gong et al. 2012), who were focusing on the same study area, but also lie in the
range of the measured values and results from other models. Meanwhile, average
relative errors (AREs) between modeled and measured NPP values dropped to
same extent for most types of vegetation: for example, the ARE decreased from 5%
in Zhu et al. (Zhu et al. 2007) to 3.6% in this study for EBV. It is also worth noting
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Table 2. Annual average NPP values from different simulated models (gC22 yr21).
Liu 2001 Zhu et al. 2007 Zhang et al. 2011 Gong et al. 2012 Measured value* In this study
ENV
EBV
DNV
DBV
ABV
AGV

587
945
585
928
494**
441**

692
986
649
663–986
469–559
427

582.4
1014.3
595.5
913.4
458.1
422.7

680
1017
691
944
521
448

179–806
407–1913
179–824
114–1669
121–612
239–760

569.6
1004.2
548.5
919.3
419.7
423.8

* From Wang et al. (Wang et al. 2005).
** From Wang et al. (Wang et al. 2008).

that Liu (Liu 2001) also studied the temporal and spatial variation of NPP using
multiple models such as GLO-PEM; Carbon Exchange between Vegetation, Soil,
and Atmosphere (CEVSA); and CASA in central China. In addition, it is reasonable to have slightly lower NPP values for deduction of the effect FPARNPV
on NPP, which indicated that NPP values of different vegetation types were reliable
in this study.
As can be seen from (Figure 5), annual NPP values for different vegetation types
differed greatly, and EBV showed the highest yearly NPP with an average value of
1004 gC m22 yr21 during the last 11 years. DBV, evergreen needleleaf vegetation
(ENV), and deciduous needleleaf vegetation (DNV) displayed slightly lower NPP
with annual mean values higher than 540 gC m22 yr21. NPP of AGV and ABV were
almost lower than 500 gC m22 yr21 from 2001 to 2011 because of plants physiological and morphological characteristics leading to their lower light utilization efficiencies. Overall, the mean annual vegetation NPP was about 501 gC m22 yr21 for
large areas of AGV and ABV distributed in the study area. There was a similar
variation trend for most of the vegetation types here: NPP obviously grew from
2001 to 2008 and then increased slightly from 2009 to 2011, which was attributed
to the combined effect of precipitation, temperature, and sunshine for vegetation
growth: for example, significantly more rainfall and a higher temperature in winter
and spring were discovered in 2002 after drought in 2000 and 2001, which certainly led to an increase in NPP values; a hot dry summer and a continuous low

Figure 5. The yearly NPP values of different vegetation types from 2001 to 2011.
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Figure 6. Correlations between CVs of annual NPP for different vegetation and main
climatic factors.

temperature in winter was observed in 2009, which inevitably brought about low
NPP values for most of the plants in Wuhan.
To find the main climatic parameters that influenced the interannual variations in
NPP of different vegetation, we studied the correlations between the coefficient of
variations (CVs) of NPP and climate factors. As shown in Figure 6, the CVs of NPP
for ENV, DNV, ABV, and AGV almost displayed significant negative correlations
with that of air temperature and air pressure (r , 20.5); CVs of NPP for most
plants showed positive correlations with CV of relative humidity. In addition,
negative correlations (significant) were also found between CVs of rainfall, sunshine, global radiation, and NPP for DBV and ABV. Above negative (positive)
correlations reflected the impacts from increase (decrease) of water loss on vegetation production.
From above, we can learn that the interannual variations of air temperature, air
pressure, rainfall, global radiation, and sunshine all contributed to the interannual
fluctuation of NPP to a certain extent. In addition, air temperature and air pressure
were the predominant climatic factors that determined the interannual variation
of NPP in the study area, which was perfectly consistent with Mohamed et al.
(Mohamed et al. 2004). Climatic factors played different roles in NPP of different
types of vegetation: for example, NPP of DBV or AGV decreased with higher air
temperature but increased with enhancing humidity.
4.2. Correlations between seasonal variation of NPP and climatic
factors
Climatic variables generally changed greatly from spring to winter in Wuhan
(Figure 7); for example, the lowest air temperature appeared at the beginning of the
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Figure 7. Seasonal variations of main climatic parameters in Wuhan.

year with about 3.98C in January, and the highest temperature was generally seen in
mid-August with 308C. There was also an obvious seasonal vegetation NPP variation pattern, which is depicted in Figure 8: low in winter and spring and high in
summer. EBV showed higher NPP all year than other kinds of vegetation, with the
smallest value of 6 gC m22 month21 in late December and the maximum value of
115.2 gC m22 month21 in early July. ABV appeared the minimum NPP throughout
the year, with the highest value of 48.7 gC m22 month21 appearing in early July.

Figure 8. Seasonal variations of NPP for different vegetation types.
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Figure 9. Correlations between CVs of seasonal NPP for different vegetation and
climatic factors.

As stated above, the difference in NPP values for different types of vegetation lie in
the combined effects of plant ecological mechanisms and climate: for example,
increase in plant growth under warm temperatures results in an increase of biomass
input to the soil pool, whereas the associated precipitation increases soil moisture
and facilitates the transformation of organic matter into readily available inorganic
nutrients resulting in the difference of plants productivity (Mohamed et al. 2004;
Peng et al. 2008).
Linear regressions of main climatic factors and NPP for six vegetation types at
different time lags were conducted, and the maximal correlation coefficients were
obtained and considered as the correlation coefficients between one climatic parameter and NPP for each vegetation type. As was shown in Figure 9, CVs of
seasonal NPP at 16-day interval exhibited significant positive correlation with that
of global radiation and rainfall (P 5 0.01) for most types of vegetation. Meanwhile,
the CV of NPP for AGV also showed significant positive correlation with that of
net radiation. However, no significant correlations were found between CV of NPP
with that of air temperature or sunshine.
The correlations of mean and CVs of NPP for six vegetation types and those
of climatic parameters indicated that NPP showed significant correlation with most
of climatic factors in Wuhan at P 5 0.01, while global radiation and rainfall were
the major elements that determine the seasonal fluctuation of NPP. Not only were
the correlations between NPP and global radiation and rainfall significant but the
correlations between CVs of NPP for most vegetation types and global radiation
and rainfall were significant as well. This revealed that the seasonal variation of
NPP was mainly attributed to global radiation and rainfall in Wuhan, and the relatively small fluctuation in global radiation and rainfall considerably determined
the seasonal variation of NPP. Significant positive correlation was also found between CVs of net radiation (direct energy source of plants) and NPP for AGV (the
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Figure 10. Lagged correlations of seasonal NPP for different vegetation types vs
lagged main climatic parameters in Wuhan.

dominant plants growing here). Meanwhile, the correlation between mean values
of NPP and those of sunshine and air temperature were statistically significant at
P 5 0.01, but the CVs of NPP and climatic parameters showed no significant
correlations; this phenomenon may be attributed to relative stability and less
sunshine or temperature resulting in decreasing productivity of NPP, which indicated that, although sunshine and air temperature did not seem to contribute to the
seasonal fluctuation of NPP, they remained essential predictors of the NPP value.
4.3. Delayed and continuous effects of climatic parameters on NPP
In this paper, time lagged serial correlation analysis was adopted to study the
delayed and continuous effects climatic parameters on seasonal fluctuations of
NPP for six vegetation types (Figure 10). It was discovered that NPP of all plants
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exhibited significant positive correlation at 32-day lag with rainfall (P 5 0.01), and
the impacts would persist for 64 days in most of the study area. Significant positive
correlation at zero lag with 16-day duration was observed between NPP for six
vegetation types and seasonal variation of sunshine. Besides, NPP showed significant positive zero lagged correlation with air temperature, and the duration
length of air temperature influenced on NPP was 32 days. Furthermore, significant
negative correlation was found between air pressure and NPP, and the continuous
effects of air pressure would last for 48 days. In addition, significant positive
correlation at zero lag with 48-day duration was also observed between NPP and
global radiation and net radiation in the study area.
According to what is described above, each climatic parameter played a different
role in plant growth and NPP formation. Rainfall infiltrates the soil and then is
absorbed by the roots of plants and subsequently stored by the canopy and stems,
resulting in delayed vegetation growing, which may explain the significant positive
correlation at 32-day lag with 64-day duration. Because of the combined effects
between the mechanism of vegetation growth and climate, the response of vegetation to sunshine is instantaneous and could not persist for a long time, which
should be reason for the significant positive correlation at zero lag with 16-day
duration between NPP and sunshine. As we know, solar radiation is the fundamental source of energy for plants on Earth, and plants grow faster at relative
higher temperature because of more biomass entering the soil pool and transforming the organic matter into readily available inorganic nutrients under water
infiltration. This is the main reason for significant positive zero lagged correlation
with global radiation, net radiation, and air temperature situating at the subtropical
monsoon region with appropriate air temperature and sufficient rainfall supply. The
impact of solar radiation or temperature on plants would last for 32 or 48 days in
Wuhan. Meanwhile, the air pressure decreased with increasing temperature generally, which would account for the negative correlation between NPP and air
pressure.

5. Discussion and conclusions
In this paper, an improved regional vegetation NPP model was constructed: PAR
was estimated accurately by a linear function of horizontal direct radiation, scattered radiation, and surface net radiation; FPAR was simulated by EVI that was
sensitive to canopy properties and removed the effect of NPV, which better described the fraction of PAR that is absorbed by vegetation canopies; and light use
efficiency was enhanced by adopting a newly developed maximum light use efficiency emax that considered the difference in different types of vegetation. We
studied the seasonal and interannual variation of NPP for different types of vegetation in Wuhan from 2001 to 2011 with this improved method. Meanwhile, the
role of climatic factors in seasonal variation of NPP was also studied; it was observed that global radiation and rainfall were pivotal parameters that resulted in
the seasonal fluctuations of NPP, and a relatively small change in air temperature
and air pressure could considerably influence the variation of NPP in Wuhan. At
last, we discussed the delayed and continuous effect of climate variability on NPP
for different kinds of vegetation to reveal and assess the inconsistency or diversity
that climate acted on NPP using time lagged serial correlation analysis method and
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found that rainfall was the main climatic variable that affected the growth of plants
in the study area.
To sum up, we proposed an accurate and operational model to map vegetation
NPP in regional scale. At radiation measurement sites distributed all over the
world, it is reasonable to say that the accuracy of NPP estimation could be significantly improved, and the model can also be tested and modified when applied to
other regions. Moreover, a clear understanding of quantitative relationship between
NPP and climatic factors may be obtained to learn more about carbon cycling
processes further. At the same time, there are still some problems to be addressed in
a later study; for example, more environmental factors should be considered in the
process of photosynthesis to acquire a more precise light use efficiency and more
attention should be paid to the spatial and temporal resolution of NPP to accurately
capture the phenology of the growing season and the effect of climate on NPP.
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