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A B S T R A C T

Net Primary Productivity (NPP) is a critical measure of ecosystem vitality. This paper examines the spatiotem
poral variation in NPP across Africa during 1981–2018 using Theil-Sen slope estimation and wavelet analysis. 
Sustainable change characteristics in different regions are analyzed using the Hurst exponent, and the influence 
of driving factors on African NPP are quantified through a structural equation model (SEM). The analysis 
revealed that: (1) The annual variation curve of African NPP demonstrated a fluctuating upward trajectory (p =
0.001) throughout the study period. Wavelet analysis revealed a cyclical pattern with a primary period of about 
20 years, characterized by two upward and downward transitions during 1981–2018. (2) Spatial analysis in
dicates the distribution of NPP across Africa is centered around the equator and gradually decreases towards 
higher latitudes, in which the NPP of tropical rainforest and its adjacent areas increases significantly, covering 
40.2 % of Africa’s area. However, Hurst exponent analysis reveals that NPP in Africa generally exhibits anti- 
sustainability changes, with 52.8 % of the total area potentially shifting from growth to decline in the future. 
(3) SEM analysis shows that NPP in Africa is mainly regulated by natural factors, particularly cumulative pre
cipitation and temperature extremes, which exhibit the highest impact coefficient of 0.89. While topographic 
factors also have a substantial overall effect, their impact is primarily indirect through climate, with minimal 
direct influence. These findings offer a scientific foundation and policy support for sustainable development of 
environmental and socio-economic systems in Africa.

1. Introduction

Vegetation’s Net Primary Productivity (NPP) is an essential indicator 
of the productivity of plant communities and reflects their capacity to 
sequester CO2 (Field et al., 1998; Mao et al., 2024). Variations in NPP 
signify vegetation’s response to environmental changes, providing a 
vital foundation for evaluating regional carbon sink potential and sus
tainable development (Chen et al., 2024; Liang et al., 2023; Wang et al., 
2023b).

Africa, with its diverse geographical and ecological land
scapes—ranging from vast grasslands and arid deserts to lush tropical 
rainforests—boasts rich biodiversity. However, the continent’s ecolog
ical environment is relatively fragile due to high temperatures and 
limited water resources. Despite Africa’s low CO2 emissions, the conti
nent disproportionately suffers from climate change impacts, facing 
challenges such as desertification, soil degradation, water scarcity, and 

agricultural disruption (Jin et al., 2022; Yadou et al., 2024). The con
tinent’s terrestrial ecosystems demonstrate low adaptability and high 
susceptibility to climate change, significantly affecting vegetation 
growth and NPP, especially amid rising human activities (Espoir et al., 
2024; Yadou et al., 2024). Therefore, a thorough evaluation of ecolog
ical conditions, including vegetation NPP in African terrestrial ecosys
tems, is crucial to understand the status and sustainability of these 
ecosystems.

Enhancing terrestrial carbon sequestration capacity is a priority for 
initiatives like the African Union’s “Great Green Wall” and the United 
Nations’ “2030 Sustainable Development Goals”. Recent research on the 
spatiotemporal dynamics of African NPP has made notable strides. 
Remote sensing and statistical modeling indicate a sustained NPP 
decline in the Sahel due to reduced precipitation and overgrazing 
(Brandt et al., 2017), while adaptive vegetation responses to rainfall 
fluctuations have led to localized recovery in East African savannas 
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(Hutley et al., 2022). Methodologies including correlation analysis, 
multiple regression, and machine learning are widely used to examine 
the direct impacts of climatic variables (e.g., precipitation, temperature) 
and human activities (e.g., cropland expansion) on NPP (Igboeli et al., 
2025; Maluleke, et al., 2025; Tong, et al., 2019).

However, most studies focus on specific regions or time periods, 
lacking a comprehensive analysis of long-term NPP changes across the 
continent. This limitation makes it difficult to differentiate between 
short-term fluctuations and long-term degradation trends in NPP, 
complicating site selection and priority determination for ecological 
restoration projects (Igboeli et al., 2025; Tong et al., 2019). Further
more, research predominantly emphasizes historical trend analysis, with 
insufficient assessment of the persistence (e.g., reversibility/irrevers
ibility) of future NPP changes. This gap hinders the development of 
forward-looking ecological restoration policies and long-term risk 
management strategies (Berdugo et al., 2020). Additionally, while some 
studies attempt to elucidate the driving mechanisms behind NPP vari
ations, they often rely on linear statistical models (e.g., Pearson corre
lation analysis, multiple linear regression). These models are inadequate 
for capturing nonlinear synergistic effects among drivers (e.g., in
teractions between topography and human activities) or identifying 
potential mediating pathways (e.g., indirect climatic effects moderated 
by terrain). Consequently, management measures based on such studies 
(e.g., large-scale afforestation) may overlook critical indirect effects and 
nonlinear feedbacks, potentially reducing their effectiveness (Liu et al., 
2022a; Veldman et al., 2015; Wang et al., 2020). Hence, it is imperative 
to develop an integrated NPP analysis framework that combines 
“spatiotemporal variation analysis, persistence assessment, and mech
anistic interpretation” to provide scientifically rigorous and policy- 
relevant decision support for African ecological restoration (Turner 
et al., 2020).

This study utilizes long-term NPP data to address the following topics 
in Africa: (1) examining the spatiotemporal dynamics pattern of African 
NPP from 1981 to 2018; (2) analyzing historical trends and assessing 
future characteristics of NPP in Africa through trend and sustainability 
analyses; and (3) evaluating the effects of both natural and human- 
induced factors on NPP variations across Africa and exploring the un
derlying mechanisms. The results aim to assist Africa in formulating 
sustainable ecological and environmental protection policies.

2. Research area

Africa (37◦21′N–34◦51′S and 51◦24′E–17◦33′W) exhibits an arid 
climate with limited rainfall and can be categorized into five parts 
(Fig. 1). The equator runs through the central region, and both tem
perature and rainfall reduce progressively away from the equator. This 
climatic zonality and symmetry are reflected in the distribution of 
vegetation. Near the equator, in the Congo Basin and along the Gulf of 
Guinea, tropical evergreen rainforests prevail due to year-round heat 
and rainfall. Moving north and south from the equator, the dry season 
lengthens, rainfall diminishes, and vegetation transitions through de
ciduous forests, shrubs, and grasslands. Due to high temperatures and 
aridity, the Sahara and western Kalahari regions are characterized by 
sparse vegetation. On the southeastern coast of Africa and eastern 
Madagascar, southeast trade winds and mountainous terrain create 
tropical forests on windward slopes and savannah landscapes on 
leeward slopes, highlighting an east-to-west vegetation gradient (White, 
1983; Nicholson, 2017).

3. Research data

3.1. NPP data

The NPP data utilized in this research, spanning from 1981 to 2018 
with a spatial resolution of 5 km and an 8-day temporal interval, were 
obtained from the National Earth System Science Data Center (NESSDC) 
of China (available at: https://www.geodata.cn). This dataset was pro
duced using the MuSyQ-NPP model (Liu et al., 2021a; Yu et al., 2018), 
which incorporates inputs from GLASS LAI and FPAR products, MODIS 
land cover data, and ERA-Interim meteorological reanalysis. The accu
racy of the NPP product was validated against independent observations 
from the FLUXNET network (Liu et al., 2021a; Yu et al., 2018). For 
temporal aggregation, this research employs Maximum Value Compos
iting (MVC) for monthly data and Mean Synthesis for annual data.

3.2. Land cover data

The GLC_FCS30-2020 dataset (Liu et al., 2021b; Zhang et al., 2020; 
Zhang et al., 2021) was employed to categorize the various ecosystems 
throughout Africa. This dataset offers a comprehensive and dynamic 
monitoring of land cover from 1985 to 2020, comprising 9 primary 

Fig. 1. Geographical divisions and corresponding land cover types in Africa. (Data).
Source: GLC_FCS30-2020 dataset
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categories and 30 distinct subcategories. However, as the classification 
system is designed for global land cover, some types are underrepre
sented in the African context. To more accurately depict the African 
ecosystem, similar land cover categories were merged into 10 consoli
dated types based on the classification framework proposed by Chen 
et al. (2015) and Gong et al. (2019) (see Fig. 1).

3.3. Various driving factor data

This study utilizes SEM model to examine the interactions between 
NPP and both natural and human-induced factors.

The natural factors include climatic variables (precipitation and 
temperature—mean, maximum, and minimum) and topographic fea
tures (elevation, slope, and aspect). The monthly climate dataset for the 
research period, with a spatial resolution of 2.5 arc-minutes, was ob
tained from NESSDC (https://www.geodata.cn). Annual mean climate 
datasets were then generated by averaging the monthly data. Topo
graphic data were sourced from the Shuttle Radar Topography Mission 
(SRTM) Digital Elevation Model (DEM), which has an original spatial 
resolution of 60 arc-seconds.

The human-induced factors encompass gross domestic product 
(GDP), industrial structure, and population density. Relevant statistical 
data for the study period were sourced from the World Bank database 
(https://data.worldbank.org). These point-based statistical data were 
transformed into continuous raster surface data using the spatial inter
polation capabilities of ArcGIS 10.8 software.

To ensure consistency in spatial resolution across all input variables 
for the SEM analysis, all driving factor datasets were uniformly resam
pled to a 0.5◦×0.5◦ grid scale using bilinear interpolation. At this uni
form resolution, the total number of valid pixels covering Africa was 
10,239 for each time period.

4. Research method

4.1. Interannual variation of NPP and wavelet analysis

Time-series NPP data were processed with the MVC method to 
generate monthly composites that reduce cloud and atmospheric effects. 
Annual NPP was then derived by averaging the monthly composites, 
thereby enabling analysis of interannual variability at the continental 
scale.

To conduct an in-depth examination of the periodic oscillation in 
NPP interannual variation, we applied wavelet transform, hailed as the 
mathematical microscope. Specifically, we used Morlet wavelet analysis 
to investigate the temporal periodic patterns of long-term NPP time 
series across Africa. Being a complex continuous wavelet, the Morlet 
wavelet is adept at capturing temporal or frequency variations in sig
nals, making it particularly suitable for analyzing non-stationary signals. 
The Morlet mother wavelet is mathematically expressed as follows 
(Ghaderpour et al., 2023): 

φ(t) = π−
1
4e− iw0 te−

t2
2 (1) 

The wave function φ(t) is derived from the combination of the 

complex sine function e− iw0 t and the Gaussian wave packet e−
t2
2 . The 

normalization factor π−
1
4 ensures unit variance, while t and w0 denote 

dimensionless time and frequency, respectively. This research employs 
annual average NPP data to examine the overarching periodic patterns 
of African NPP on a continental scale via Morlet wavelet analysis.

4.2. Distribution pattern and trend analysis

To investigate the spatial distribution pattern of African NPP, we 
computed the multi-year mean for the period 1981–2018, producing a 
spatial distribution map spanning 38 years. To further delineate its 

spatiotemporal evolution characteristics, we employed the Theil-Sen 
slope estimator to identify trends at the pixel level and the Mann- 
Kendall test to assess their statistical significance. These methods, 
which involve slope variation and rank-based analysis, provide distinct 
advantages, such as no requirement for prior distributional assumptions, 
robustness against outliers, and compatibility with non-normally 
distributed data (Gocic and Trajkovic, 2013; Wang et al., 2023a; Yue 
et al., 2002).

4.2.1. Theil-Sen slope estimation
The Theil-Sen estimator is a robust and simple technique ideal for 

trend analysis in time-series data (Wang et al., 2023b). To examine the 
overall trends in NPP from 1981 to 2018, the Theil-Sen slope was 
calculated from the annual NPP values for each pixel during the study 
period (Gocic and Trajkovic, 2013): 

Sen = Median
(

NPPj − NPPi

j − i

)

, ∀j > 1 (2) 

Here, the Median refers to the median of the calculated sequence 
values; NPPi and NPPj stand for the NPPs for the i-th and j-th years, 
respectively. A positive Sen means an increase, whereas a negative Sen 
suggests a decline.

4.2.2. Mann-Kendall trend test
The integrated use of the Mann-Kendall test and the Theil-Sen esti

mator (Liang et al., 2022; Yue et al., 2002) provides an effective means 
to quantify spatiotemporal variability. This research applies this inte
grated methodology to assess the trend of NPP time series at the pixel 
level and produces a significance classification map of NPP trend al
terations through statistical significance analysis.

For NPP series NPP1,NPP2,⋯,NPPn with n sample sizes, the 
magnitude relationship between NPPi and NPPj (NPPi, NPPj, j > i) in all 
dual values is initially determined. Subsequently, the statistic S can be 
computed as outlined by (Güçlü, 2020): 

S =
∑n− 1

i=1

∑n

j=i+1
Sgn

(
NPPj − NPPi

)
(3) 

where Sgn represents the sign function, computed as: 

Sgn
(
NPPj − NPPi

)
=

⎧
⎨

⎩

+1, NPPj > NPPi
0, NPPj = NPPi
− 1, NPPj < NPPi

(4) 

For n > 8, the random sequence S is well-approximated by a Gaussian 
distribution, and the trend analysis utilizes the test statistic Z, defined as 
follows: 

Z =

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ , (S > 0)

0, (S = 0)
S + 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ , (S < 0)

(5) 

In this equation, Var(S) is the variance, and the calculation formula 
is: 

Var(S) =
n(n − 1(2n + 5) )

18
(6) 

Here, n refers to the total duration of the time series, which in this 
study spans 38 years (i.e. n = 38).

The two-tailed test employs significance levels of 0.05 (Z = 1.96) and 
0.01 (Z = 2.58), representing significant trends at 95 % and 99 % con
fidence intervals. Consequently, trends in NPP changes across Africa are 
classified into five categories: extremely significant increase (Sen slope 
> 0 and Z ≥ 2.58), extremely significant decrease (Sen slope < 0 and Z ≥
2.58), significant increase (Sen slope > 0 and 1.96 ≤ Z < 2.58), 
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significant decrease (Sen slope < 0 and 1.96 ≤ Z < 2.58), and no sig
nificant change (Z < 1.96).

4.3. Sustainability analysis using Hurst exponent

The Hurst exponent was initially utilized for analyzing flood peri
odicity and later extensively employed for forecasting future trends in 
time series, serving as an indicator for differentiating between random 
walk and biased random walk processes (Tong et al., 2018). This 
research employs this methodology to assess African NPP and project its 
forthcoming trends. The fundamental principle is as follows (Gu et al., 
2018; Tong et al., 2018; Zhang et al., 2019):

Define the NPP series {NPP(t)}(t = 1, 2, ⋯, n), where an average 
sequence exists for any positive integer τ: 

〈NPP〉τ =
1
τ
∑τ

t=1
NPP(t), (τ = 1,2,⋯, n) (7) 

Here, 〈NPP〉τ is the average sequence of NPP, and NPP(t) is the NPP 
measurement at a specific observation time. Based on this, the cumu
lative deviation of NPP(t, τ) is determined as: 

NPP(t, τ) =
∑τ

t=1

(
NPP(t) − 〈NPP〉τ

)
, (1 ≤ t ≤ τ) (8) 

The sequence R(τ) is characterized as follows: 

R(τ) = max
1≤t≤τ

NPP(t, τ) − min
1≤t≤τ

NPP(t, τ), (τ = 1, 2,⋯, n) (9) 

where R(τ) is the range of the NPP time series, with max1≤t≤τNPP(t, τ)
and min1≤t≤τNPP(t, τ) denoting the maximum and minimum NPP values, 
respectively. The sequence of standard deviations, denoted as S(τ), is 
expressed as: 

S(τ) =
[
1
τ
∑τ

t=1

(
NPP(t) − 〈NPP〉τ

)2

]1
2

, (τ = 1,2,⋯, n) (10) 

R、S、τ satisfy the general relationship equation: 

R(τ)/S(τ) = c⋅τH (11) 

where c is a constant; R(τ)/S(τ) represents the range of rescaling. The 
variable H represents the Hurst exponent, and we can obtain its esti
mated value as: 

log(R/S)τ = logc+H⋅logτ (12) 

The H value varies from 0 to 1, each range having a specific inter
pretation: Values between 0.5 and 1 indicate persistence, where future 
changes are likely to follow historical trends (e.g., past growth suggests 
future growth). Persistence is further classified: 0.5 < H < 0.65 indicates 
weak persistence, 0.65 ≤ H < 0.75 signifies moderate persistence, and 
0.75 ≤H ≤ 1 signifies strong persistence, with values closer to 1 showing 
greater persistence. An H value of 0.5 denotes a random walk, implying 
unpredictable future changes. Values between 0 and 0.5 indicate anti- 
persistence, whereby future trends tend to reverse past trends (e.g., 
past growth suggests future decline). Anti-persistence is categorized as 
follows: 0.35 < H < 0.5 indicates weak anti-persistence, 0.20 ≤ H < 0.35 
signifies moderate anti-persistence, and 0 ≤ H < 0.20 signifies strong 
anti-persistence, with values closer to 0 showing stronger anti- 
persistence (Zhang et al., 2019).

Following Wang et al. (2023a) and Zhao et al. (2023), we classified 
criteria for the prospective changes in African NPP (Table 1). Subse
quently, we performed a spatial overlay of the Sen’s slope trend and the 
Hurst exponent distribution of African NPP using raster calculations to 
illustrate these future change characteristics. This illustration was then 
utilized to evaluate the sustainability of African NPP at the pixel level.

4.4. Structural equation model

The structural equation model (SEM) distinguishes itself from 
methods such as correlation and regression analysis by its ability to 
manage multiple driving factors simultaneously (Li et al., 2020). This 
capability allows for the identification of both direct and indirect im
pacts (Liu et al., 2022a; Pearl, 2012). Moreover, SEM can elucidate the 
interrelationships among various factors (Urbach and Ahlemann, 2010). 
This study employs SEM to investigate the driving forces behind NPP 
changes in Africa, considering latent variables like climate change, 
topographic variations, and human activities. Observed variables for 
climate change include average, maximum, and minimum tempera
tures, as well as total precipitation. Topographic variables encompass 
elevation, slope, and aspect, while human activity variables include 
population density, GDP, and industrial structure. To ensure spatial 
consistency and data comparability, NPP and all driving factor data 
were resampled to a 0.5◦×0.5◦ grid, as detailed in Section 2.2.3. Sub
sequent SEM modeling and analysis were conducted at the pixel scale 
using the Python platform.

The conceptual SEM in Fig. 2 delineates the factors impacting NPP 
changes by exploring three hypotheses rooted in geographical knowl
edge: 1) Direct effects of climate, topography, and human-induced ac
tivities on vegetation NPP; 2) Indirect effects of topographic alterations 
on NPP through climate variations, such as elevation increases leading 
to temperature decreases affecting vegetation growth; 3) Indirect effects 
of topographic modifications on NPP through changes in human activ
ities, for instance, restrictions on human activities in high-altitude areas 
impacting natural resource exploitation.

To identify the most appropriate model, four fit indices were selected 
for model evaluation: Goodness of Fit Index (GFI), Comparative Fit 
Index (CFI), Incremental Fit Index (IFI), and Root Mean Square Error of 
Approximation (RMSEA). A model is considered to fit better when GFI, 
CFI, and IFI values approach 1, and when RMSEA value approaches 0. 
Once all fit indices meet the required criteria, the final SEM can be 
established. By analyzing the standardized path coefficients, the effects 
(both direct and indirect) of various driving factors can be determined.

This study employs the methods outlined above and the data pre
sented in Section 2.2 to examine the time series characteristics, 
geographical distribution, historical trends, and future characteristics of 
African NPP. Additionally, a SEM model is applied to explore the in
fluence mechanisms of both natural and human-induced factors on NPP. 
The overall research framework is illustrated in Fig. 3.

5. Results and analysis

5.1. Interannual variation of African NPP

The temporal evolution of African NPP between 1981–2018 is 
illustrated in Fig. 4. In general, the annual values displayed a fluctuating 
upward trajectory, rising from 125.1 gC.m− 2.a− 1 in 1981 to 126.9 
gC.m− 2.a− 1 in 2018. Over the study period, the slope of NPP change in 
Africa was 0.3, with an R2 value of 0.35, indicating a highly significant 
growth trend (P < 0.01). The temporal NPP variation in Africa can be 
broadly categorized into three phases during the research period, with 

Table 1 
Characteristics of future changes in African NPP based on trend analysis and the 
Hurst exponent.

Hurst Theil-Sen slope Future change characteristics

0–0.5 Increase* Increase to decrease
No significant changes Invariant to variable
Decrease* Decrease to increase

0.5–1.0 Increase* Continuously increase
No significant changes Continuously unchanged
Decrease* Continuously decrease

Note: * Includes significant and highly significant levels.
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pivotal years in 1992 and 2000. From 1981 to 1992, NPP experienced 
significant fluctuations, particularly during the period between 1986 
and 1992, where NPP declined sharply and reached its lowest point in 
1992 (112.3 gC.m− 2.a− 1), potentially linked to global cooling and the La 
Niña phenomenon. Between 1993 and 2000, NPP demonstrated a steady 
growth pattern, reaching a peak in 2000 (135.2 gC.m− 2.a− 1). Post-2001, 
NPP exhibited a fluctuating decrease, notably between 2014 and 2016, 
experiencing a marked decline possibly due to prolonged high temper
atures and droughts associated with the 2015–2016 El Niño phenome
non in Africa, impacting vegetation growth.

To further analyze the variation patterns of African NPP time series 
data, Morlet wavelet was used, with the findings presented in Fig. 5. The 
real part coefficient contour plot (Fig. 5a) indicates that between 1981 
and 2018, African NPP exhibited two prominent high points (in 1981 

and 2000) and two low points (in 1992 and 2007), with significant os
cillations observed on a time scale of 25–35 years. The wavelet power 
spectrum (Fig. 5b) demonstrates that after 2000, the NPP series is ex
pected to undergo substantial changes compared to prior years. This 
result aligns with the interannual analysis of NPP (Fig. 4) and the sub
sequent sustainability assessment in Section 5.3, which indicates that 
most regions of Africa are experiencing a trend toward anti- 
sustainability. To determine the primary periods of NPP changes accu
rately, a wavelet variance plot was generated (Fig. 5c), revealing three 
distinct peaks at time scales of 28, 19, and 7 years. This suggests that the 
28-year time scale represents the strongest periodic oscillation in Afri
can NPP variation, serving as the primary period, while the 19-year and 
7-year time scales represent the secondary and tertiary main periods, 
respectively. These periodic fluctuations at the three-time scales 

Fig. 2. Conceptual SEM framework for African NPP analysis.

Fig. 3. Analytical workflow for assessing NPP across Africa.
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collectively influence the characteristics of NPP variation in Africa 
throughout the study period. Furthermore, a trend graph of the wavelet 
primary period under the 28-year time scale (Fig. 5d) illustrated a pe
riodic variation of approximately 20 years in African NPP, with 
approximately two distinct up-down transition periods observed. These 
results offer a scientific foundation for understanding the temporal dy
namics of African NPP.

5.2. Distribution pattern and trend of African NPP

African NPP is predominantly concentrated around the equator, and 
symmetrically distributed towards the poles. As latitude increases, NPP 
values gradually decline, and its spatial distribution pattern (Fig. 6) 
corresponds to the classifications observed in the land cover type map 
(Fig. 1). Additionally, when considered alongside Africa’s precipitation 
patterns, it can be observed that the dividing lines between areas of 
extremely high value, high value, median value, and low value of NPP is 
basically consistent with equivalent rainfall thresholds of 1500 mm, 
1000 mm, and 500 mm, respectively. Regions with high NPP values 
(>290 gC.m− 2.a− 1) are primarily situated within the tropical rainforest 
zone between 5◦N and 5◦S, extending from the west coast to 30◦E. These 
areas include the Guinea coast, eastern Madagascar, the Congo Basin, 
Gabon, Liberia, and other equatorial countries, where vegetation thrives 
year-round, leading to markedly higher NPP relative to other areas. 
Median NPP areas (150 ~ 290 gC.m− 2.a− 1) are primarily located next 
to tropical rainforest. These regions are dominated by broadleaf, nee
dleleaf, and mixed forests. Low NPP areas (<150 gC.m− 2.a− 1) are pri
marily found in Sahel, eastern East Africa, and southwestern Africa. 
Notably, NPP in South Africa exhibits a westward decline trend attrib
utable to the southeast trade winds carrying warm water vapor from the 
coast, which diminishes over the plateau and sinks into the basin, 
causing a climatic shift from humid in the east to arid in the west.

Fig. 7 presents the spatial trends in NPP across Africa during 

1981–2018. Overall, approximately half of Africa (50.8 %) experienced 
no significant change. Among the regions experiencing significant 
changes, 40.2 % displayed an upward trend, with 31.1 % exhibiting a 
highly significant rise. These regions are mainly located in equatorial 
countries such as Guinea, Ghana, Cameroon, Gabon, and Congo, 
covering tropical rainforest as well as adjacent coniferous and deciduous 
forests. The consistent rainy climate in the tropical rainforest, coupled 
with global warming, has led to enhanced vegetation productivity due to 
adequate rainfall. However, there are still small areas (9 %) exhibiting a 
decreasing trend, with 5.5 % demonstrating a highly significant decline, 
primarily located in grasslands, croplands, and shrub cover regions 
north of the tropical rainforest. Notably, despite broadly similar land- 
cover types south and north of the rainforest, the NPP trends vary, 
potentially due to topographical differences. Additionally, certain 
localized areas within the tropical rainforest region (e.g., border regions 
between the Kellet Mountains and the Congo Basin) indicate a highly 
significant decrease in NPP, primarily attributed to human logging 
activities.

5.3. Sustainability assessment of African NPP

To assess the sustainability of vegetation dynamics in Africa, the 
Hurst exponent of NPP was calculated (Fig. 8). The analysis revealed 
that a substantial portion of Africa (72.3 %) demonstrated an H value <
0.5, with a mean value of 0.424, reflecting a general trend of anti- 
sustainability in NPP. This result aligns with the findings in Section 
5.1, where wavelet analysis showed a substantial change in the NPP 
sequence after 2000 compared to earlier periods. This suggests a po
tential reversal in the increasing pattern of African NPP over the forth
coming period. Notably, regions demonstrating strong anti- 
sustainability constitute 44.9 % of the area, predominantly concen
trated in tropical rainforests, deciduous broadleaf forests, and deciduous 
needleleaf forests. This indicates that despite the upward trend observed 

Fig. 4. Interannual variability of NPP in Africa, 1981–2018.
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in regions with high NPP such as the African tropical rainforests over the 
study period, NPP might undergo significant fluctuations due to global 
warming and intensified drought conditions. Conversely, regions with H 
values > 0.5 are sparse and fragmented, encompassing only 15.7 % of 
the total area, mainly comprising grasslands, croplands, and shrublands. 
Among these, wetlands within tropical rainforests display strong sus
tainability, likely attributed to their unique natural environment char
acteristics that enable effective regulation of drought and other 
environmental stressors, thereby maintaining local ecosystem balance 
and stability.

A comprehensive visualization of the future changes in African NPP 
is produced by examining the Hurst exponent calculations of the African 
NPP (Fig. 8) alongside the trend analysis result (Fig. 7). This figure 
(Fig. 9) provides a clearer representation of the anticipated NPP varia
tions across Africa. The analysis reveals that a mere 10.4 % of the Af
rican region is projected to sustain an upward trend in NPP, including 
wetlands that exhibit significant resilience against drought and other 
calamities. However, a predominant portion of the area (52.8 %) is 
expected to shift from an increasing to a decreasing NPP trend, which 
includes most tropical rainforests, deciduous broadleaf forests, and de
ciduous needleleaf forests. Additionally, 4.4 % of the regions are pre
dicted to continue in a declining NPP trend, while 19 % of the areas are 
projected to shift from a decreasing trend to an increasing one. It is 
noteworthy that regions persisting in decline and those shifting towards 
an increase are relatively fragmented and dispersed. These areas are 
mainly located in Ethiopia, central Kenya, Somalia, southern Sudan and 
Chad, the Central African Republic, southern Niger, Nigeria, and Gha
na—regions heavily impacted by anthropogenic activities. In these 
countries, certain regions remain affected by human activities, notably 
deforestation driven by agricultural and livestock expansion, resulting 

in a continuous decline in NPP. Conversely, the implementation of 
ecological projects like reforestation has progressively restored the 
ecological environment in some regions, reversing the trend from a 
previous decline or negligible change to an increase.

5.4. Driving mechanisms of NPP in Africa

This study employs SEM to evaluate the effects of natural factors 
(precipitation, temperature, and topography) and human-induced fac
tors (population density, GDP, and economic structure) on NPP in Af
rica. Among the various factors analyzed, only the impact of the primary 
industry failed to meet the threshold for significance, while the effects of 
the other factors are illustrated in Fig. 10. The model’s goodness-of-fit 
indices—GFI, CFI, and IFI—are 0.977, 0.894, and 0.895, respectively, 
with an RMSEA below 0.15, indicating satisfactory fit and reliability.

The results indicate climate has a predominantly direct effect on NPP 
variations across Africa, with a significant impact coefficient of 0.89. 
Cumulative precipitation is the primary determinant of climate change’s 
impact on NPP (impact coefficient of 0.85), followed by maximum and 
minimum temperatures (impact coefficients of − 0.63 and 0.52, 
respectively). The mean temperature’s contribution is relatively minor, 
with an impact coefficient of merely 0.03. Human activities also directly 
affect NPP variations, albeit to a lesser extent than climate factors, with 
an impact coefficient of 0.05. The analysis further reveals that GDP is the 
primary human activity influencing NPP (impact coefficient of 0.3). In 
contrast, the contributions of population density and industrial structure 
are minimal (impact coefficient for population density is 0.07; primary 
industry impact is below the model’s minimum analysis threshold, while 
the impact coefficients for secondary and tertiary industries are both 
0.08).

Fig. 5. Wavelet analysis of temporal variability in African NPP (1981–2018): (a) real-part wavelet coefficient contours; (b) wavelet power spectrum; (c) wavelet 
variance; (d) temporal evolution of the dominant period.
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The influence of topography on NPP is multifaceted, encompassing 
both direct and indirect effects. The direct impact of topography on NPP 
is minor, as indicated by a coefficient of 0.04. Among topographic fac
tors, slope variation most accurately represents topography’s impact on 
NPP, with a coefficient of 0.73, whereas aspect has a negative impact 
coefficient of − 0.39, and elevation’s contribution is minimal (coefficient 
of 0.04). Furthermore, topography influences NPP through its effects on 
climate and human activities, with impact coefficients of approximately 

0.01 (derived as 0.2 × 0.05, i.e., the coefficient between topography and 
human activities multiplied by that between human activities and NPP) 
and 0.61 (derived as 0.68 × 0.89, i.e., the coefficient between topog
raphy and climate multiplied by that between climate and NPP), 
respectively. When considering both direct and indirect influences, the 
cumulative coefficient for topography is around 0.66. This indicates that 
although the direct impact of topography is relatively minor, its indirect 
influence via climate significantly amplifies the overall effect.

Fig. 6. Spatial distribution of mean NPP across Africa, 1981–2018.

Fig. 7. Spatial pattern of NPP trend characteristics across Africa, 1981–2018.

L. Liang et al.                                                                                                                                                                                                                                    International Journal of Applied Earth Observation and Geoinformation 143 (2025) 104824 

8 



Among the driving factors, climate change emerges as the most 
influential, with a coefficient of 0.89. Topography follows with a coef
ficient of 0.66, while human activities exert the least influence, with an 
impact coefficient of 0.05.

6. Discussion

6.1. Spatiotemporal variability of NPP in Africa

Temporally, African NPP exhibited a generally increasing but highly 
variable trajectory from 1981 to 2018. This timeframe can be divided 
into three distinct phases, demarcated by the years 1992 and 2000: an 
era of severe fluctuations from 1981 to 1992, a period of stable growth 
from 1993 to 2000, and an era of fluctuating decline post-2001. 

Concurrently, Africa’s hydrothermal conditions underwent analogous 
changes. Temperature trends exhibited a “decline – rise – stabilization” 
pattern, while precipitation trends followed a “decline – rise – decline – 
stabilization” sequence (Ferchichi et al., 2024; Shi et al., 2023). These 
observations imply that variations in NPP were predominantly driven by 
hydrothermal conditions, corroborating the analysis presented in sec
tion 5.2.

Geographically, the highest NPP values in Africa are observed in the 
central region of Central Africa, followed by the southern region of West 
Africa. In contrast, the lowest NPP values are located north of 15◦ lati
tude and in South Africa. This spatial distribution is closely linked to 
land cover types. The central region of Central Africa is predominantly 
covered by tropical rainforests, whereas areas north of 15◦ latitude and 
in South Africa encompass the vast Saharan desert and the arid regions 

Fig. 8. Spatial distribution of the Hurst exponent for NPP in Africa, 1981–2018.

Fig. 9. Characteristics of future NPP changes across Africa.
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of South Africa, respectively. Overall, NPP is significantly influenced by 
ecosystem type, with productivity ranking from highest to lowest as 
follows: tropical rainforest > deciduous forest > shrubland > cropland 
> grassland > desert. These results align with the work of Wang et al. 
(2023b) and Shi et al. (2023).

6.2. Trends and sustainability of NPP in Africa

Driven by factors such as global warming, the NPP in Africa is 
generally increasing, reflecting global climatic patterns and corrobo
rating the findings of Piao et al. (2020). Nonetheless, NPP changes across 
the continent show spatial variability.

Tropical rainforests near the equator, which benefit from consistent 
rainfall and stable precipitation without distinct dry and wet seasons, 
typically exhibit a significant upward trend in undisturbed areas and 
adjacent vegetation under global warming. Conversely, regions such as 
East Africa, the northern part of Central Africa, and areas near the 
Sahara Desert display a notable downward trend.

This is primarily due to two reasons. First, African climate is marked 
by extreme weather patterns, with frequent droughts and floods directly 
impacting plant growth (Ferchichi et al., 2024; Shi et al., 2023). In 
contrast, temperate regions, although affected by climate change, have 
relatively stable NPP due to better ecosystem adaptability (Liang et al., 
2022; Piao et al., 2020; Reichstein et al., 2013). Second, human activ
ities such as destructive agricultural practices and overgrazing have 
driven severe deforestation. Over the past thirty years, Africa has lost 
more than 15 % of its forest cover, making it the most deforested region 
globally, with approximately 4 million hectares of forest cut or burned 
annually—an area roughly twice the size of Rwanda (Wang and Wang, 
2015). This deforestation has destabilized ecosystems, leading to 
decreased NPP. In other continents, particularly North America, Europe 
and Asia, despite land use changes, the adoption of sustainable agri
cultural and forest management practices has allowed agricultural and 
pastoral lands to maintain or even increase NPP (Chen et al., 2019; 
Gelfand et al., 2013).

Furthermore, analysis using the Hurst exponent reveals that NPP in 
most African regions exhibits strong anti-sustainable changes, primarily 
due to the significant impact of climatic factors on NPP. In areas unaf
fected by natural disasters or human activities, global warming has 
generally promoted plant NPP growth. However, Africa’s already high 
average temperatures mean that further warming often leads to extreme 
heat and drought, causing ecological disruptions (Ferchichi et al., 2024; 
Shi et al., 2023). These factors, combined with detrimental human ac
tivities such as deforestation, result in anti-sustainable trends in NPP 
across much of Africa (Antropov et al., 2021; Reichstein et al., 2013; 

Richard et al., 2016).
To tackle these challenges, it is crucial to adopt human intervention 

strategies, including soil and water conservation and ecological resto
ration, to cope with extreme climate conditions in Africa, prevent nat
ural disasters from damaging ecosystems, and enhance ecosystem 
resilience. Additionally, sustainable management measures in agricul
ture and animal husbandry are needed to optimize land use planning, 
improve land productivity and ecological benefits, reduce over-reliance 
on ecological resources, and protect and restore ecosystem stability.

6.3. Drivers of NPP variability in Africa

Vegetation NPP is governed by multiple drivers, which may act 
independently or synergistically. Prior research has emphasized the 
direct effects of topography on NPP (Peng et al., 2019). However, 
topographic variables also modulate temperature, hydrothermal con
ditions, and human activities to varying extents, thereby exerting an 
indirect influence on NPP fluctuations. Findings reveal that considering 
only the direct influence of topography on NPP yields a minimal impact, 
with an influence coefficient of just 0.04, the lowest among all factors 
examined. Conversely, when accounting for topography’s indirect ef
fects through its modulation of climate, the cumulative influence coef
ficient escalates to 0.66. This value is second only to the influence of 
climatic factors (0.89) and significantly higher than the effect of human 
activities (0.05). Consequently, reliance on simplistic approaches like 
correlation analysis may lead to an underestimate of topography’s 
overall impact on NPP. Thus, the application of comprehensive meth
odologies such as SEM, which can capture the intricate interrelations 
among various factors, is imperative for the precise evaluation of their 
impacts on NPP.

Hydrothermal conditions are pivotal determinants of NPP (Yang 
et al., 2024). The Saharan and South African arid regions rank among 
the world’s eight most arid zones, with extreme dryness and annual 
precipitation between 50 and 100 mm (Ferchichi et al., 2024; Shi et al., 
2023). In these areas, water scarcity significantly limits plant growth. 
This study shows that among climatic variables impacting NPP, cumu
lative precipitation has the most substantial effect, with an impact co
efficient of 0.85. Additionally, the analysis indicates that average 
temperature has a minimal effect, with a coefficient of only 0.03. In 
contrast, an increase in minimum temperature significantly boosts NPP, 
with an impact coefficient of 0.52, whereas maximum temperature 
negatively affects NPP, as indicated by an impact coefficient of − 0.6. 
The analysis presented in Section 5.2 reveals that a significant portion of 
Africa (40.2 %) shows an upward trend in vegetation NPP, suggesting 
that under global warming conditions, Africa, often called the “tropical 

Fig. 10. SEM path diagram quantifying drivers of NPP variability in Africa. Note: *** p < 0.01; ** p < 0.05; * p < 0.10.
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continent,” is experiencing increased NPP, which supports Wang et al. 
(2023b). The underlying cause of this phenomenon is the rise in mini
mum temperatures. Given Africa’s already high average temperatures, 
further increases have a negligible impact on NPP enhancement. How
ever, rising minimum temperatures can still promote vegetation growth, 
contributing to the observed NPP increase. Conversely, if maximum 
temperatures continue to rise, there is a higher risk of extreme heat 
events, which can accelerate soil moisture evaporation, leading to se
vere droughts. Such conditions can adversely affect vegetation growth. 
Consequently, our analysis indicates that in Africa, maximum air tem
perature is negatively correlated with NPP.

Human activities exhibit a dual influence on NPP (Liu et al., 2021a, 
d). Unsustainable agricultural practices and urban sprawl contribute to 
the deterioration of vegetation, whereas ecological conservation pro
jects can promote its growth (He et al., 2021). Our analysis reveals that 
in Africa, human activities have a relatively minor effect, with GDP 
being the primary determinant. There is little correlation observed with 
population density and industrial structure. This is due to Africa’s vast 
land area and low population density relative to its large population, 
resulting in limited human impact, particularly in remote and unin
habitable regions where NPP variations are mainly driven by natural 
factors. Additionally, economically advanced African nations such as 
Ethiopia, Kenya, and Nigeria have implemented measures like estab
lishing nature reserves and curbing illegal logging to reduce the adverse 
impacts of agricultural and pastoral development on vegetation. These 
ecological engineering interventions have facilitated vegetation resto
ration, partially counterbalancing the negative impacts of human ac
tivities. As a result, there is a weak positive correlation between 
socioeconomic factors and NPP, as evidenced by a coefficient value of 
0.3.

The above analysis indicates that, besides precipitation, the highest 
and lowest temperatures are also key factors affecting African NPP. The 
increase in minimum temperature promotes NPP, while the rise in 
maximum temperature negatively impacts it. Therefore, in the context 
of global warming, Africa’s NPP may benefit from increasing minimum 
temperatures but also faces the threat of extreme heat and drought 
events caused by rising maximum temperatures. To address this chal
lenge, effective human intervention measures such as enhancing soil 
moisture retention, promoting drought-tolerant crop varieties, and un
dertaking ecological restoration projects should be implemented. These 
measures are crucial for improving ecosystem resilience and reducing 
the impact of high temperatures on ecosystems, which is vital for sus
tainable development in Africa.

6.4. Limitations and future prospects

While the SEM model is effective in evaluating the contributions of 
various factors to NPP and elucidating their interactions, its construction 
is inherently dependent on the selected variables (Li et al., 2020; Liu 
et al., 2022a). This dependency may result in the omission of potential 
influencing factors. For instance, this study employs SEM to analyze the 
driving effects of nature and human factors. However, the absence of 
comprehensive data has resulted in the exclusion of factors such as 
natural disasters and deforestation. Future studies will improve the 
model’s comprehensiveness and accuracy by incorporating additional 
variables, such as soil properties, biodiversity, natural disasters, defor
estation, and the fertilization effect of increased CO2 concentration (Piao 
et al., 2020; Wang et al., 2020).

Additionally, this research primarily addresses the overall and 
regional characteristics of NPP changes across the African continent, 
lacking a detailed analysis of NPP changes and their driving mechanisms 
within specific ecosystems or vegetation types (e.g., grasslands, deserts, 
wetlands). Moreover, uncertainties in the NPP datasets—including as
sumptions of remote sensing inversion models, limitations in spatial 
resolution, and temporal discrepancies among multi-source sen
sors—may introduce errors during the analysis process. Future work 

should integrate multi-source remote sensing data products and conduct 
detailed studies on typical ecosystems to strengthen the reliability of 
conclusions regarding NPP changes and deepen the understanding of 
their underlying mechanisms.

7. Conclusions

In this paper, the spatiotemporal variations of NPP across Africa 
during 1981–2018, as well as its driving mechanisms, were analyzed 
using a long-term NPP dataset. The main conclusions are as follows: 

(1) In the study period, the annual variations of African vegetation 
NPP demonstrated a fluctuating upward trajectory (P = 0.001). 
This trend can be characterized by three distinct phases: a period 
of marked fluctuations from 1981 to 1992, a phase of consistent 
growth from 1993 to 2000, and a subsequent phase of fluctuating 
decline post-2001. Wavelet analysis revealed that the years 1981 
and 2000 were high centers of NPP, while 1992 and 2007 were 
identified as low centers. Over a 28-year timescale, NPP exhibited 
a cyclic fluctuation of approximately 20 years with two rise and 
fall transitions during the study period.

(2) Spatially, African NPP declines approximately symmetrically 
from the equator toward higher latitudes. High NPP values are 
concentrated in the tropical rainforest zone between 5◦N and 5◦S, 
while medium values are located in surrounding areas of decid
uous broadleaf, needleleaf, and mixed forest regions. Low values 
are observed in the northern Sahel, eastern East Africa, and 
southwestern Africa. Trend analysis shows a significant increase 
in tropical rainforests and adjacent areas, covering 40.2 % of 
Africa’s land area. Conversely, regions like the Congo Basin, 
Ghana, and Gabon have experienced a significant decline in NPP 
due to human activities, affecting 9 % of the total area. Hurst 
exponent analysis suggests a general anti-sustainability trend 
within Africa’s NPP, indicating that 52.8 % of regions may shift 
from growth to decline in the future, raising concerns about the 
sustainability of African vegetation.

(3) The SEM model analysis indicates that NPP variations in Africa 
are predominantly driven by natural factors, with climate being 
the most critical factor, exhibiting an impact coefficient of 0.89, 
primarily regulated by cumulative precipitation and temperature 
extremes. Topographic factors have a total impact coefficient of 
0.66, largely affecting NPP indirectly through climate influence, 
with a direct impact of only 0.04. Human activities exert a min
imal influence on NPP, with an impact coefficient of just 0.05, 
and GDP changes can effectively measure their effect on NPP 
variations.
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