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Abstract: The net primary productivity (NPP) is commonly used for understanding the dynamics

of terrestrial ecosystems and their role in carbon cycle. We used a combination of the most recent

NDVI and model-based NPP estimates (from five models of the TRENDY project) for the period

1982–2012, to study the role of terrestrial ecosystems in carbon cycle under the prevailing climate

conditions. We found that 80% and 67% of the global land area showed positive NPP and NDVI

values, respectively, for this period. The global NPP was estimated to be about 63 Pg C¨ y´1, with an

increase of 0.214 Pg C¨ y´1
¨ y´1. Similarly, the global mean NDVI was estimated to be 0.33, with an

increasing trend of 0.00041 y´1. The spatial patterns of NPP and NDVI demonstrated substantial

variability, especially at the regional level, for most part of the globe. However, on temporal scale,

both global NPP and NDVI showed a corresponding pattern of increase (decrease) for the duration

of this study except for few years (e.g., 1990 and 1995–1998). Generally, the Northern Hemisphere

showed stronger NDVI and NPP increasing trends over time compared to the Southern Hemisphere;

however, NDVI showed larger trends in Temperate regions while NPP showed larger trends in

Boreal regions. Among the five models, the maximum and minimum NPP were produced by JULES

(72.4 Pg C¨ y´1) and LPJ (53.72 Pg C¨ y´1) models, respectively. At latitudinal level, the NDVI and

NPP ranges were ~0.035 y´1 to ~´0.016 y´1 and ~0.10 Pg C¨ y´1
¨ y´1 to ~´0.047 Pg C¨ y´1

¨ y´1,

respectively. Overall, the results of this study suggest that the modeled NPP generally correspond to

the NDVI trends in the temporal dimension. The significant variability in spatial patterns of NPP and

NDVI trends points to a need for research to understand the causes of these discrepancies between

molded and observed ecosystem dynamics, and the carbon cycle.

Keywords: carbon cycle; ecosystems; NDVI; NPP; TRENDY models; spatial trends; temporal trends

1. Introduction

Terrestrial ecosystems play a major role in the global carbon cycle and Earth’s climate system

through regulating the atmospheric carbon dioxide (CO2) concentrations [1]. The terrestrial ecosystems

net primary production (NPP) relates to the carbon flux by plant photosynthesis and is used

Remote Sens. 2016, 8, 177; doi:10.3390/rs8030177 www.mdpi.com/journal/remotesensing



Remote Sens. 2016, 8, 177 2 of 16

for understanding the dynamics of terrestrial ecosystems and their contribution to carbon cycle.

The inherent variability of global NPP over space and time cannot be directly observed, therefore,

satellite based observations of Normalized Difference Vegetation Index (NDVI) and other proxy

measures are commonly used to monitor spatial and temporal changes in land productivity [2–4].

Understanding the spatial and inter-annual variability of vegetation activity using NDVI assumes

that changes in NDVI present evidences about the vegetation’s response to climate [5]. However, the

response signal of vegetation canopy reflectance is delicate and influenced by non-vegetation effects

(e.g., atmospheric conditions, satellite drift and zonal zenith angle). Despite this complexity, the NDVI

relationship with ecosystems photosynthetic capacity has proven to be a robust signal under a wide

range of environmental conditions, and a reliable observation for studying terrestrial ecosystems.

For example, Fang et al. [3] and Zhou et al. [4] reported NDVI as a proxy to examine the inter-annual

and spatial vegetation activities in China and Northern high latitudes, respectively. Similarly,

Higginbottom and Symeonakis [6] used NDVI as a mean to quantify the land degradation and

desertification associated with vegetation distribution and activities. In another study, de Jong et al. [7]

used vegetation indices to examine the relationship between climate constraints (temperature,

precipitation and radiation) and vegetation activity. Even though these studies have illustrated

the relationship between NDVI and NPP; detailed understanding of their spatial and temporal trends

is still lacking [4,8,9].

The NPP, i.e., the net amount of dry organic matter produced by plants, largely reflects the ability

of plants to absorb atmospheric CO2 and to convert it to biomass through photosynthesis [10]. Thus,

understanding the spatial and temporal variations of NPP are of great interest for obtaining reliable

estimates of terrestrial ecosystem capacity to serve as a major reservoir for carbon. Spatial variations of

global NPP are mainly controlled by climate conditions, vegetation types and their spatial distribution,

and factors that contribute to change this distribution such as land-use practices [11,12]. Similarly,

the temporal variations of NPP are mainly controlled by the seasonal phenology of vegetation, and

climate conditions [11,12].

During the last few decades, ecosystem models have become a major tool for studying the NPP

dynamics under different climate conditions/scenarios. These models have been repeatedly evaluated

for a variety of conditions to test their robustness in capturing the spatial and temporal patterns

of change in ecosystems’ attributes such as NPP [8,10,13]. However, there is significant variability

among these models’ results due to differences in formulation of ecosystem processes, underlying

assumptions for their formulation in these models, and the uncertainties associated with observations

used in understanding these processes [14,15]. For assessing NPP and its spatial and temporal trends,

quite often a combination of models and observational proxies (e.g., NDVI) are used [16,17] to ensure

the reliability of the results.

The NDVI is largely influenced by both biophysical (e.g., vegetation cover, biomass, plant and

soil moisture) and other (satellite drift, calibration uncertainties, atmospheric conditions and volcanic

eruptions) factors [18], thus the NDVI trends do not present a monotonic behavior and can change in

response to environmental conditions e.g., temperature and precipitation [9]. Peak NDVI value gives

an integrated view of ecosystems’ photosynthetic activity influenced by the prevailing environmental

conditions [19,20]. Therefore, the spatial and temporal changes in NDVI can be used as an observational

proxy to study the global, regional and temporal changes in NPP.

In this study, we used a combination of observed NDVI from multi-decadal satellite observations

together with modeled NPP for the period 1982–2012, to study the role of terrestrial ecosystems in the

carbon cycle under the prevailing climate conditions. Our main objectives were: (1) to evaluate the

spatial (i.e., global and regional) pattern in modeled NPP trends against observed NDVI; (2) to examine

the temporal changes in modeled NPP against observed NDVI; and (3) study the latitudinal changes in

modeled NPP with respect to observed NDVI, to understand the response of terrestrial ecosystems to

prevailing climate conditions and the potential perturbation to the carbon cycle due to these changes.
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2. Methods

2.1. NDVI Dataset

The NDVI is the normalized difference between red and near infrared reflected radiation from

the Earth’s surface as measured by the space-borne sensors, and it represents the plants/ecosystems

photosynthetic activity [3,21]. Furthermore, seasonal rise and fall in NDVI represent changes in

the growing season in response to environmental and biophysical conditions [22]. The National

Oceanographic and Atmospheric Administration (NOAA) polar orbiting environmental satellites have

acquired more than three decades of Earth observations using the advanced very high-resolution

radiometer (AVHRR) sensors [23]. This data set has been updated periodically at different temporal

and spatial resolutions since 1982. It is processed consistently to develop a long-term record by

the Global Inventory Monitoring and Modeling System (GIMMS) project at the NASA Goddard

Space Flight Center [24]. The spatial and temporal resolution of GIMMS data is 8 km ˆ 8 km and

15 days, respectively.

2.2. Ecosystem Models

We used five terrestrial ecosystem models: VEGAS (Vegetation Global Atmosphere Soils),

OCN (Organizing Carbon and Hydrology In Dynamic Ecosystems (Orchidee)-Carbon Nitrogen),

LPJ (Lund-Potsdam-Jena), JULES (Joint UK Land Environment Simulator) and CLM4.5 (Community

Land Model Version 4.5), from the TRENDY (Trends and drivers of the regional scale sources and sinks

of carbon dioxide) project [25]. Description of these models and the TRENDY dataset are given in

Table 1. Although the chosen five models contain different dynamic vegetation sub-models, there are

fundamental commonalities in their carbon cycle representation. In all five models, plants are generally

categorized into different plant functional types (PFTs). Some models show higher number of PFTs

(e.g., OCN with 12 PFTs) than others (e.g., JULES with 5 PFTs). Across the models, the processes of

photosynthesis (P), maintenance respiration (MR) and growth respiration (GR) are broadly similar

for each PFT. However, their specific parameters and conditions may differ from model to model [26].

The sum of MR and GR is categorized as the autotrophic respiration (AR). In each model, gross

primary productivity (GPP) is a measure of carbon absorption by plants per unit time (T) and space.

NPP is determined as the difference between GPP and AR. Mathematically, NPP = GPP ´ AR =

GPP ´ MR ´ GR.

Table 1. Fundamental features of the five trends and drivers of the regional scale sources and sinks of

carbon dioxide (TRENDY) ecosystem models used in this study [25].

Models Resolution (Degrees) Period

CLM4.5 192 ˆ 288 1860–2012
JULES 192 ˆ 112 1860–2012

LPJ 720 ˆ 360 1901–2012
OCN 360 ˆ 150 1901–2012

VEGAS 720 ˆ 360 1860–2013

We used primarily the simulated NPP estimates from these five models for the period of 1982

to 2012. The models’ simulations were performed using the protocol established by the TRENDY

project, including time variant CO2 concentrations, climate, and land use change. The CRU (Climate

Research Unit) at the University of East Anglia, United Kingdom, and NCEP (U.S. National Center

for Environmental Predictions) climate forcing data for the period of 1901 to 2010 was used in these

simulations. The global atmospheric CO2 for the period of 1860 to 2012 was assembled at annual time

steps from ice-cores and other sources by NOAA. The land-use change data for the S3 case (constant

crops and pasture distribution since 1860) scenario of TRENDY simulations was obtained from the



Remote Sens. 2016, 8, 177 4 of 16

Hyde (History Database of the Global Environment) database. Further detail about models simulations

can be found at http://dgvm.ceh.ac.uk/node/9.

2.3. Analysis

The observed NDVI and simulated NPP data were aggregated (areal mean) to the same spatial

resolution of 0.5˝ (unless specified otherwise). In cases where NDVI values were lower than the

0.05 threshold value, they were set equal to 0.05 (following [27]). The bimonthly NDVI data were

aggregated to monthly values. The temporal and spatial trends in both NDVI and NPP data were

estimated using well established and commonly used linear method [9], at the probability level of

0.05 significance. Model evaluation against NDVI was carried out both for individual models, and for

their ensemble (MME). For spatial analysis, the fraction of NDVI and NPP were used to estimate the

fractional vegetation cover. Similarly, for temporal analysis, the NPP and NDVI values were examined

for Boreal (50˝N to 90˝N), Temperate (25˝N to 50˝N), Tropics (25˝S to 25˝N), and Extra Tropics

(25˝S to 90˝S) regions. Both NDVI and NPP trends were presented as the percent increase over the

year, and benchmarked to the base-year of 1982. For latitudinal trends, both NPP and NDVI were first

aggregated to 2.5 degree resolution. Then, the aggregated NPP and NDVI values were summed and

averaged over 2.5 degree bands, respectively to derive the latitudinal trends. Our analysis considers

the whole year data from 1 January to 31 December of each year.

3. Results

3.1. Spatial Trends of Observed NDVI and Modeled NPP

We used a combination of global and regional estimates of terrestrial ecosystems’ NPP based on

five land-surface models [28] and GIMMS version 3g NDVI data [23] for the period 1982–2012 in this

study. The TRENDY models captured the spatial pattern of input climate data in simulated NPP, and

global trend of NPP is consistent with previously reported NDVI for the same period [7]. We found

about 67% of the global land regions having positive NDVI values with a maximum increasing trend

of 0.028 y´1. Similarly, about 80% of the global land regions had positive NPP values based on the

models’ ensemble, with a maximum increasing trend of 0.012 Pg C¨ y´1
¨ y´1; however, we found

differences among the five models (not shown). The JULES simulations resulted in about 68% of global

land area with positive NPP values of >0, which corresponds closely to the 67% land area with positive

NDVI values. The % of statistically significant pixels is shown in Table 2, where, VEGAS showed the

highest number of significant pixels followed by MME and OCN.

Table 2. Some statistics of global simulated net primary productivity (NPP) and observed Normalized

Difference Vegetation Index (NDVI) trends at every land pixels for the 1982–2012 period. Land pixels

were defined using five models mean ensemble (MME) for land area as a reference, excluding Antarctica

and part of Greenland.

Models/Data Fraction (%) > 0 Fraction (%) < 0
% of Statistically Significant

Land Pixels (p < 0.05)

MME 79.46 20.54 50
CLM4.5 80.35 19.65 36
JULES 67.82 32.18 44

LPJ 71.66 28.34 30
OCN 83.35 16.65 48

VEGAS 78.82 21.18 58
NDVI 67.15 32.85 48

The spatial distribution of the NDVI trends for the study period is presented in Figure 1.

The regions with greatest increase in NDVI are predominantly located in the Northern Hemisphere

(e.g., Western Europe, India, China and Sahel region), followed by those in the Southern Hemisphere



Remote Sens. 2016, 8, 177 5 of 16

(e.g., Amazonian region and Eastern Australia). Despite these general increasing trends, some regions

of Northern Hemisphere also showed significant decrease in NDVI, mainly in the Boreal region of

North America and Northern China. The major decrease in the Southern Hemisphere was found in

South America (e.g., Argentina, and Chile).

Figure 1. Spatial trends of the NDVI and five TRENDY models ensemble mean (MME) for

1982–2012 period.

Generally, the global NPP spatial trends based on models’ ensemble did not consistently follow

the spatial trends of NDVI (Figure 1). This became obvious in some parts of the globe including Alaska,

Africa, Angola, Zambia and Congo, and Oceania. Similarly, we did not find a consistent corresponding

decreasing trend between the NPP and NDVI, except for a few regions (e.g., South America and

Boreal region of North America). The main regions showing consistent deceasing trends were Eurasia,

Sahel region of Africa, India, and China.

Some similar inconsistencies were found between NDVI trends and individual TRENDY

simulations (Figure 2). Across all the models, the trend of NPP (both magnitude and spatial pattern)

was different than the NDVI trend, particularly in the Amazon, Africa, Oceania and Eurasia. In general,

NPP trends simulated by some models were in better agreement with NDVI trends than others.

For example, the modeled NPP trend by LPJ was in closer agreement to NDVI trend as compared with

other four models. In contrast, JULES showed significantly higher NPP trends for the Eurasia and

Africa regions when compared with NDVI trends for these regions. Two of the five models, namely

VEGAS and CLM4.5, did not show any trend in NPP they simulated for major parts of the globe.

Overall, the mismatch between TRENDY models’ NPP and NDVI values were also evident from their

spatial correlations (Figure 3).
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Figure 2. The multi-decadal and global pattern of simulated NPP trends for 1982–2012 period, based

on five TRENDY models described in Table 1.

Figure 3. The relation between NDVI and modeled NPP from TRENDY models for the period

of 1982–2012.

3.2. Temporal Trends of NDVI and Modeled NPP

The global mean NDVI was estimated to be 0.33 with an increasing trend of 0.00041 y´1 for the

period of 1982–2012 (Table 3). At the regional level, Tropics showed substantially higher NDVI (0.43)

followed by Temperate (0.30), Boreal (0.27) and Extra Tropic (0.19) regions. Despite the highest NDVI
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value in Tropics, maximum trend in NDVI increase (0.00052 y´1) was observed for Temperate regions.

With the exception of Extra Tropics, all other regions showed a statistically significant increase of NDVI

during 1982–2012 periods.

Table 3. The global and regional trend rates of NDVI, with associated level of statistical significance

and standard error (SE). The computed NDVI trend rates are benchmarked to the year 1982.

Spatial Unit Trend (NDVI¨ y´1) SE

Global 0.00041 ** 0.03
Boreal 0.00038 ** 0.03

Temperate 0.00052 ** 0.03
Tropics 0.00048 ** 0.03

Extra Tropics 0.00011 * 0.04

** shows where p < 0.01 and * shows where p < 0.05.

The global NPP was estimated to be about 63 Pg C¨ y´1, with an increase of 0.214 Pg C¨ y´1
¨ y´1

(Table 2). Among the five models, JULES produced the highest global NPP (72.4 Pg C¨ y´1) compared

to lowest NPP (53.7 Pg C¨ y´1) by LPJ. The global NPP estimate of about 62.9 Pg C¨ y´1 by VEGAS

corresponds closely with the models mean ensemble (MME). The maximum global NPP increase of

0.359 Pg C¨ y´1
¨ y´1 was produced by JULES followed by OCN (0.238 Pg C¨ y´1

¨ y´1).

At regional level, Tropics showed the highest NPP (36.24 Pg C¨ y´1
¨ y´1) followed by Temperate

(13.55 Pg C¨ y´1
¨ y´1), Boreal (9.68 Pg C¨ y´1

¨ y´1) and Extra Tropical (3.44 Pg C¨ y´1
¨ y´1) regions,

respectively. However, the maximum NPP increase was observed in the Boreal (0.051 Pg C¨ y´1
¨ y´1)

region, as compared with all other regions. The magnitude of simulated NPP varied also among

five models, for different regions. For example, JULES produced maximum NPP in the Tropics

(42.80 Pg C¨ y´1
¨ y´1) and in Boreal (11.42 Pg C¨ y´1

¨ y´1) regions with corresponding increases of

0.237 Pg C¨ y´1
¨ y´1 and 0.080 Pg C¨ y´1

¨ y´1, respectively. Overall, all models showed an increasing

trends in NPP across all regions, except LPJ which showed a negative trend in Extra Tropics; however,

this trend was not statistically significant. Individual models’ estimates of NPP and their trends for

different regions are presented in Table 4.

Table 4. Spatial features of modeled NPP at global and regional levels along with their trend rates and

statistical significance level and standard error (SE).

Global

Models NPP (Pg C¨ y´1) Trend (Pg C¨ y´1
¨ y´1) SE

MME 62.90 0.214 ** 0.03
CLM4.5 64.75 0.184 ** 0.02
JULES 72.4 0.359 ** 0.05

LPJ 53.72 0.148 ** 0.03
OCN 60.78 0.238 ** 0.03

VEGAS 62.85 0.141 ** 0.02

Boreal (50 N–90 N)
MME 9.68 0.051 ** 0.06

CLM4.5 9.39 0.038 ** 0.06
JULES 11.42 0.080 ** 0.08

LPJ 11.33 0.042 ** 0.07
OCN 9.19 0.050 ** 0.07

VEGAS 7.06 0.043 ** 0.08



Remote Sens. 2016, 8, 177 8 of 16

Table 4. Cont.

Global

Models NPP (Pg C¨ y´1) Trend (Pg C¨ y´1
¨ y´1) SE

Temperate (25 N–50 N)
MME 13.55 0.034 ** 0.05

CLM4.5 14.04 0.032 ** 0.04
JULES 14.16 0.037 ** 0.08

LPJ 10.57 0.026 ** 0.08
OCN 14.48 0.050 ** 0.06

VEGAS 14.49 0.026 ** 0.04

Tropics (25 S–25 N)
MME 36.24 0.126 ** 0.05

CLM4.5 37.74 0.109 ** 0.04
JULES 42.8 0.237 ** 0.08

LPJ 29.89 0.081 ** 0.05
OCN 33.97 0.133 ** 0.04

VEGAS 36.78 0.072 ** 0.04

Extra Tropics (25 S–90 S)
MME 3.44 0.003 * 0.13

CLM4.5 3.58 0.006 * 0.14
JULES 4.03 0.005 * 0.23

LPJ 1.93 ´0.001 * 0.23
OCN 3.15 0.005 * 0.10

VEGAS 4.53 0.001 * 0.09

MME represents multi-models ensemble, ** shows where p < 0.01 and * shows where p < 0.05.

Time series analysis of both global NPP and NDVI showed, in general, a corresponding pattern of

increase (decrease) for the duration of this study except for a few years (Figure 4). For example, NDVI

showed higher values around 1990, and over the period 1995–1998. There were also a few instances

(e.g., 1993 and 2000), where global NDVI showed temporary declines while NPP did not. Among the

five models, this pattern was more prominent in JULES and OCN as compared to other three models

(Figure 5). On regional level, higher variations between NDVI and NPP were observed in the Tropics

and in Temperate regions. In the Tropics, the NDVI peak values do not fully correspond with the NPP.

This was prominent during 1990 and 1995–1998. The highest peak observed in NDVI was closer to the

highest peak simulated NPP by JULES. In contrast, VEGAS and LPJ showed relatively smaller NPP

increase for the entire period of this study. Broadly stated, global NPP and NDVI correspond more

consistently in later years (i.e., the last decade of the study period), compared to earlier years; however,

models showed more variability among themselves in later years than in earlier years (Figure 5).

The correlation coefficients between NDVI and modeled NPP values are given in Table 5. Overall,

all models showed moderate correlations with NDVI at global level. Models ensembles NPP showed

the highest correlation with NDVI in Temperate and Boreal regions compared to Extra Tropics and

Tropics, respectively. At global level, VEGAS showed the highest correlation with NDVI followed by

OCN and JULES. Similarly, at regional level, OCN performed better in Temperate regions compared to

other models.
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Figure 4. The modeled NPP and NDVI at global and regional (Boreal, Temperate, Tropics and Extra

Tropics) levels, for the period of 1982–2012. Thick black line represents the MME, and shaded gray area

captures the models’ spread.

Figure 5. A comparison of five TRENDY models’ NPP and observed NDVI at global and regional

(Boreal, Temperate, Tropics and Extra Tropics) levels, for the period of 1982–2012. Black line represents

the NDVI trend.
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Table 5. Correlation coefficients between NDVI and modeled NPP at global and regional levels along

with their statistical significance level (p < 0.05).

Spatial Unit CLM4.5 JULES LPJ OCN VEGAS MME

Global 0.59 0.61 0.60 0.66 0.67 0.64
Boreal 0.64 0.64 0.63 0.71 0.68 0.69

Temperate 0.72 0.56 0.50 0.73 0.67 0.73
Tropics 0.42 0.49 0.50 0.49 0.50 0.50

Extra Tropics 0.44 0.50 0.48 0.67 0.57 0.59

MME represents multi-models ensemble.

3.3. Latitudinal Trends of NDVI and Modeled NPP

The latitudinal pattern of both NDVI and NPP trends are important in overall understanding

of the role of terrestrial ecosystems in carbon cycle, and their contribution and sensitivity to climate

conditions. We found the maximum and minimum latitudinal NPP trend for the period of 1982–2012

to be ~0.10 Pg C¨ y´1
¨ y´1 and ~´0.047 Pg C¨ y´1

¨ y´1, respectively. Similarly, the maximum and

minimum latitudinal NDVI trends were ~0.035 y´1 and ~´0.016 y´1, respectively. Generally, both

NPP and NDVI trends showed similar patterns (Figure 6), however, the level of consistency to such

patterns differed substantially for different latitudes. The larger NPP and NDVI trends were observed

predominantly in the Tropics, followed by Boreal, Temperate, and Extra Tropic regions. In the Tropics,

models showed higher degree of variability in NPP compared to other regions. The best agreements

between NPP and NDVI trends were obtained for the Temperate and Boreal regions, while, the major

discrepancy between the two was observed in the 40 S–60 S zone of Extra Tropics region.

Figure 6. A latitudinal comparison of simulated NPP and observed NDVI trends. The thick black line

represents the TRENDY multi-model ensemble, and the shaded gray area captures the models’ spread.

Considering the simulated NPP trends from individual models, JULES showed larger NPP

trend values compared to other models (Figure 7). The highest NPP trend value in JULES was

~0.24 Pg C¨ y´1
¨ y´1 compared to the second highest value of ~0.14 Pg C¨ y´1

¨ y´1 from OCN.

We observed decreasing NPP trends by all five models, especially in Extra Tropics and specifically

20 S–40 S zone, followed by Temperate regions and specifically the 20 N–40 N zone. The highest

decreasing NPP trends of ~´0.1 Pg C¨ y´1
¨ y´1 and ´0.07 Pg C¨ y´1

¨ y´1 were observed for JULES

and LPJ models, respectively. However, for certain zones the trend was more prominent compared to

other zones. For example, the decreasing trends of both NPP and NDVI were consistent in Temperate

regions and specifically the 20 N–40 N zone. The VEGAS model showed relatively consistent (with
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lower variations) NPP trends throughout all latitudinal regions/zones. The NPP values from the

CLM4.5, LPJ and OCN models were in close agreement.

Figure 7. A latitudinal comparison between NDVI and simulated NPP trends for the five

TRENDY models.

4. Discussion

4.1. Potential Drivers of NDVI and NPP Trends

The total global simulated NPP (mainly models ensemble) generally followed the temporal trend

of NDVI for the study period 1982–2012. The spatial distribution of the modeled NPP and observed

NDVI, however, widely differed for most of the globe, except for some regions e.g., Western Europe,

African Sahel and Eurasia (Figures 1–3). Despite the regional differences, both NPP and NDVI showed

increasing vegetation activity from 1982–2012, which is in line with other studies [3,29].

Generally, we observed highest positive trends in both NPP and NDVI in the Northern

Hemisphere (Tables 3 and 4). Comparatively, NDVI and NPP trends showed better consistency

in Temperate regions (e.g., UK and Ireland) than in Boreal regions (e.g., central Russia). Furthermore,

NPP showed larger trends (>0.1 Pg C¨ y´1
¨ y´1) in Boreal regions, while NDVI showed larger trends

(>0.05 y´1) in Temperate regions. Apart from the some inconsistency between NDVI and NPP in

Northern Hemisphere, we observed a general trend of increased vegetation activity. Higher vegetation

activity in Boreal regions (predominantly covered by forests) is likely due to earlier onset and longer

growing seasons [30]. Similarly, higher vegetation activity in Temperate regions (predominantly

covered by grasslands and croplands) may largely be explained by increased precipitation [31,32],

agricultural intensification [32,33], nitrogen deposition and nitrogen fertilizer applications [34].

Decreasing trends of both NPP and NDVI were more prominent in the Southern Hemisphere. This

NPP (<´0.1 Pg C¨ y´1
¨ y´1) and NDVI (<´0.05 y´1) decreasing trend was most consistent in South

American countries such as Argentina and Chile. This may be attributable to increasing temperatures

that cause high evaporation and larger vapor pressure deficit, which in turn creates water deficit

with negative impact on optimum plant growth [29]. Decreasing trends in Southeastern Asia may

be driven by the expansion of palm oil and rubber trees at the cost of tropical forests [35]. This

conversion has been reported to take place at a scale large enough to impact the overall NDVI and

NPP patterns in this region. Decreasing trends in the Northern Hemisphere (e.g., Boreal regions of
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North America and Northern China) can be attributed to regional droughts (i.e., reduced rainfall),

pollution, wildfires and other disturbances [36,37]. The regions with mixture of both increasing and

decreasing trends (e.g., Sahel region) can be explained by the complex interactions between land use

(grazing, fertilization) and climate conditions [38].

The inter-annual variability observed in both NPP and NDVI is mainly caused by different

climate events (such as El-Niño) and volcanic eruptions. In this study, modeled NPP and NDVI

showed an abrupt setback after 1991 in response to El-Niño, followed by resumption of plant growth

in 1993 (Figures 4 and 5). Furthermore, the opposite trends between NDVI and NPP in 2000 can be

attributed to the differential response of ecosystems to the cooling effect (leading to reduced length of

growing season) caused by aerosols from Pinatubo eruption [1]. Both NPP (ranging from ~´0.047 to

~0.10 Pg C¨ y´1
¨ y´1) and NDVI (ranging from ~´0.016 to 0.035 y´1) trends also varied substantially

with latitudes (Figure 6). The highest NPP and NDVI trends were observed in the Tropics (mainly

in the Amazon forest and the Sahel region of Africa). In contrast, the lowest NPP and NDVI trends

were observed in Extra Tropics (mainly in Southern part of South America, e.g., Argentina). This

variation over tropical regions has been attributed to the El-Niño events due to their higher association

with global atmospheric CO2 growth rate [12]. These latitudinal changes in NPP and NDVI represent

a combination of multiple factors (e.g., temperature, precipitation, growing season) and therefore,

the complex interactions among these factors offer important insight on the observed trends [39].

4.2. Uncertainties Related to NDVI-NPP Comparison

NDVI provides a global measure of vegetation canopy responses to environmental conditions.

Its strong relationship with the fraction of absorbed photosynthetically active radiation (fPAR) that

it has been widely used as a proxy for gross primary productivity to study the terrestrial ecosystems

dynamics [3,4,40,41]. However, the strength of this proxy reduces for disentangling of driving

factors because NDVI is a one-dimensional measure and integrates the effects of many climatic

and non-climatic factors [7]. It also has limitations in densely vegetated regions, because of saturation

effects [20] and it may, in certain vegetation types, not fully follow the photosynthetic cycle. NPP

models, on the other hand, have uncertainties linked to the parameterization [42], model formulation

and underlying assumptions and it is not always clear how these propagate into the model predictions.

Therefore, the results presented in this study should be interpreted with appropriate caution, although

the interpretation of large-scale patterns and long-term trends can be expected to largely alleviate

these concerns.

Even though this study showed a general agreement between global NPP and NDVI trends

(for both ensemble and individual models); the spatial patterns varied significantly. These differences

between NPP and NDVI trends can be partly attributed to the identified sources of uncertainties.

For example, although several calibration and corrections have been applied to the NDVI data to

create the global GIMMS product, some uncertainties associated with multiple satellite sensors, solar

zenith angles and atmospheric conditions/corrections remain [4,43]. Furthermore, several other factors

(e.g., atmospheric conditions, scale of imagery, moisture conditions and vegetation cover) can also

largely influence the accuracy of NDVI. For example, Huete and Jackson [44] found that the soil

surface influence on NDVI values was greatest in areas with vegetation cover between 45%–70%, while

the NDVI signal may saturate in densely vegetated regions like tropical forest [45]. Discrepancies

between NPP models can be partly attributed to the representation of land cover types among models.

Some models (e.g., CLM4.5) include highly sophisticated land classification with 17 plant functional

types [46] compared to other models that have smaller number of plant functional types (e.g., VEGAS

with 6 plant functional types). This diverse representation of land cover/class types result in a variety

of different processes and associated parameter settings (relating to carbon allocation and transfer

rates among carbon pools) and contribute to differences among the models [47]. Models may use

different approaches for representing natural and anthropogenic disturbances (e.g., fire, land use

changes, and grazing and harvesting of forest products and croplands) [48]. Benchmarking of the
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models’ response to different disturbances can improve the discrepancies between NDVI and modeled

NPP. Climate condition is one of the major factors in regulating the NPP dynamics; therefore, some

discrepancies between NDVI and modeled NPP can be attributed to the uncertainties in climate dataset

due to temporal and spatial interpolation [49]. Despite the discrepancies between NDVI and modeled

NPP, the results of this study provide unique and useful insight for understanding the global and

regional vegetation dynamics in response to prevailing climate conditions, and their potential impact

on carbon cycle.

5. Conclusions

Our ability to assess and quantify the role of terrestrial ecosystems in carbon cycle is largely

dependent on how well we can interpret the NPP dynamics under prevailing climatic condition. The

objective of this study was to study the role of terrestrial ecosystem in the carbon cycle based on the

most recent GIMMS-NDVI data and simulated NPP by five land-atmosphere models of the TRENDY

project for the period 1982–2012. The results showed that simulated NPP corresponded with the NDVI

trends in a temporal sense, but less so in a spatial sense. The simulated NPP, especially the mean

ensemble of five models, reproduced general vegetation dynamics represented by NDVI. The global

NPP was estimated to be about 63 Pg C¨ y´1, with an increasing trend of 0.214 Pg C¨ y´1
¨ y´1. Similarly,

the global mean NDVI was estimated to be 0.33, with an increasing trend of 0.00041 y´1. Overall, both

NPP and NDVI showed higher positive trends in the Northern Hemisphere compared to the Southern

Hemisphere. Higher trends of NPP and NDVI in Boreal regions (dominated by forests) suggest

increased vegetation cover, likely due to the earlier onset and longer growing seasons. Similarly,

in Temperate regions, higher NPP and NDVI trends support the suggested role of precipitation,

nitrogen deposition and nitrogen fertilizer applications. We observed some NPP and NDVI decreasing

trends, both in the Southern Hemisphere (possibly due to the effect of water deficit and higher

temperature on plant growth) and in the Northern Hemisphere (possibly due to combined effects

of regional droughts and wildfires on plant growth). A latitudinal trends analysis showed higher

variations over Tropical and Extra Tropics. Overall, this study showed a general agreement between

temporal trends in NDVI and the NPP, both for ensemble and for individual models simulations.

Some of the discrepancies between NPP and NDVI can be partly attributed to the uncertainties

associated with NDVI measurements (e.g., multiple satellite sensors, atmospheric conditions and

corrections) and models formulations and assumptions (e.g., land-cover classification, associated

model parameterization and interpolation effects in climate data). The scientific insight obtained from

the spatial and temporal analyses of NPP and NDVI, for multiple decades encompassed in this study,

is guiding our continued research on the contribution of terrestrial ecosystems to the global carbon

cycle using a combination of models and observations in data assimilation mode. Our ultimate goal is

to determine the regional and global magnitude of sources and sinks of carbon in terrestrial ecosystems,

and their inter-annual and longer-term variability and change due to prevailing climate conditions.
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