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Abstract. Understanding the impact of climate change on ecosystems is essential for effective environmental
planning and resource management, particularly in sensitive tropical regions. This study explored the impact
of climate change on Gross Primary Productivity (GPP), a key indicator of the carbon cycle, in a tropical
region with high biodiversity and climate sensitivity in Ethiopia. By leveraging deep learning long short-term
memory (LSTM) networks, we captured the complex nonlinear interactions between climate variables and
vegetation productivity. We integrated historical climate data, satellite-derived GPP estimates, and projected
the Coupled Model Intercomparison Project (CMIP6)-based Shared Socioeconomic Pathways (SSPs) and
carbon dioxide (CO,) emission scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5) under six Earth System
Models (ESMs). The growth of GPP per decade was expected to increase by 12.34 + 8.01, 36.71 + 15.79,
65.48 +21.61, and 89.79 +27.28 percent (%) under the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5
scenarios, respectively, by 2100, based on the Multimodal Ensemble Mean (MEM) of ESMs. The spatial
distribution of GPP in the study area revealed higher values in the southwestern mid-latitude (7-11 degree)
and lower values in the northeast high-latitude (11-15 degree) zones. The approach and findings of this study
would respond to the anticipated climate change, putting into practice an integrated sustainable management
plan to create a green economy in Ethiopia and contribute to the net-zero emissions and climate resilient
mission of global sustainable development goals (SDGs).

Keywords: deep learning, earth system models, spatio-temporal variations, shared socio-economic
pathways, tropical zone

Introduction

Global climate change is a significant threat to life on Earth, due to altering vegetation
dynamics, increasing both carbon emissions and global average temperature (Ghazi et al.,
2025; Gottfried et al., 2012; Wei et al., 2024; Yuan et al.,, 2021). According to
Intergovernmental Panel on Climate Change (IPCC) Assessment Reports (AR6), the global
mean surface temperature is projected to reach around 1.5°C above pre-industrial levels in
the early 2030s under all scenarios, and could exceed 2°C by the end of the 21st century
unless strong and sustained reductions in greenhouse gas emissions are achieved (Chen,
2021; Kong et al., 2022). Terrestrial vegetation plays a key role in the regulation of climate
change and carbon sequestration (Getachew Mengistu et al., 2021; Nolan et al., 2018; Pan
et al., 2015; Zhao et al., 2024). GPP is a fundamental process in the Earth’s carbon cycle
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(Lu et al., 2024; Wang et al., 2024a) and it is one of the main controlling variables of
biosphere-climate interactions, hydrological cycles, and carbon budget (Park and Jeong,
2021). GPP is expressed as the atmospheric CO; captured by plant photosynthesis (Qian et
al., 2024), which mediates global climate change (Lu et al., 2023; Wang et al., 2021; Zhou
et al., 2017) and expressed as grams of carbon per unit area per unit time (g C m2 yr).
Globally about thirty percent of human-induced emissions of CO. are absorbed by
terrestrial ecosystems (Fang et al., 2024; Reichstein et al., 2013; Wu et al., 2024).

Projected warming induces changes in terrestrial vegetation in tropical regions (Allen
et al., 2024; Shi et al., 2025; Smith et al., 1992; Wen et al., 2019). Ethiopia is a tropical
country vulnerable to climate change and projected warming is expected to induce
changes in terrestrial vegetation in tropical regions. Therefore, monitoring the spatial and
temporal vegetation dynamics is important for regulating global climate change and
reducing CO: emissions (Bai et al., 2023; DeAngelo et al., 2021). Ethiopia established a
climate resilience and green economy strategy (CRGE) (Climate Action Tracker, 2020;
Dagne et al., 2023). The spatiotemporal variation in GPP mainly depends on climate
variables (Jacob et al., 2020). Precipitation and temperature are the main climate factors
that significantly influence carbon sequestration efficiency (Cao et al., 2021; Guo et al.,
2021; He et al., 2015; Xie et al., 2016) Recent years, vegetation dynamics studies in
Ethiopia lack timeseries accurate quantification of projected GPP in future climate
scenarios using high precision machine learning algorithms (Ugbaje et al., 2017). Most
studies have conducted spatiotemporal analyses of vegetation productivity response to
climate change at global and regional levels (Wang et al., 2023). However, studies in
tropical regions, such as Ethiopia, that project vegetation productivity responses to
climate change under future climate scenarios are very limited (Khalifa et al., 2018).
Accurate quantification of GPP is critical for regulating and monitoring the Earth’s
carbon cycle, ecosystem growth and carbon sequestration potential for future climate
change investigation (Zhang et al., 2024b).

Machine learning is an effective strategy for examining climate-induced spatial
properties (Li et al., 2024; Montero et al., 2024; Xiong et al., 2024). non-process-based
machine learning technique LSTM networks are the variants of the Recurrent Neural
Network (RNN) architecture mostly applied for processing nonlinear, complex, and long-
time-series datasets (Al Mehedi et al., 2023; Guo et al., 2024). This study aimed to assess
spatiotemporal variations and forecast GPP trend from CMIP6 datasets under different
Shared Socioeconomic Pathways (SSPs) scenarios in Ethiopia. We examined GPPs for
the near future (2015 to 2060) and far future: the end of century (2061 to 2100) from the
historical baseline of 1982 to 2014 global GPP data under climatic scenarios applying
LSTM networks. The study provides valuable insights for estimated GPP into unique
ecological tropical zone Ethiopia and supports on designing the policies on CO>
sequestration and climate change mitigation strategies for achieving global SDGs.

Materials and methods
Research area

The study was conducted in Ethiopia, which is in the East African tropical climate
region located between 33°—48° E and 3°-15° N (Fig. /a). The country’s elevation ranges
from the Afar Depression (~125 m below sea level) in the east to the spectacular world
heritage site Simien Mountain (4326 m above sea level) in the north. The diversity of
climate and topographic variability in Ethiopia causes precipitation and temperature to be
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spatially and temporally dynamic across the region (Rettie et al., 2023). The spatial annual
temperature ranges from 12.5-30.0°C, with an average of 22.90°C, and precipitation from
200 to 1600 mm (760.67 mm/yr) in the low and higher elevation areas (Getnet et al.,
2023; Tesfaye et al., 2025) (Fig. Ic, d). These spatial-temporal distributions of climate
were governed by the movement of the Intertropical Convergence Zone (ITCZ) between
the Equator and Tropic of Cancer (Almazroui et al., 2020; Assfaw et al., 2023; Berihun
et al., 2023; Luhunga, 2025). The spatial annual GPP between 1982 to 2014 was ranges
from 200 to 1600 g C m™2 yr!' (Kayiranga et al., 2022; Lomax et al., 2024), with an
average of 482.74 g C m2 yr!, as indicated in density distribution plot (Fig. 1b).
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Figure. 1. Survey area (a) elevation map produced by using ArcGIS Pro, and annual mean of
(b) GPP, (c) precipitation and (d) temperature between 1982 to 2014 using python

Data sources

In this study, monthly GPP from an improved light use efficiency model was used as
observation data from 1982 to 2014 (https://daac.ornl.gov/cgi-
bin/dsviewer.pl?ds_id=1789), with monthly temporal resolution and 0.083° spatial
resolution, and then resampled to 0.5° resolution to ensure consistency with the observed
climate variables. For GPP simulations, we used a process-based light-use efficiency
model (Shao et al., 2025), that has advantages over others for predicting GPP dynamics
with consistent climate variables (Bi et al., 2022; Zhang et al., 2015).

Similarly, historical temperature and precipitation (climatic data) were extracted from
the Climate Research Unit Time Series version 4.00 (CRU TS v4.00) from 1901 to 2015
at 0.5°x 0.5° grid resolution from the UK National Center for Atmospheric Science
(Harris et al., 2020; Yuxi et al., 2024) and sliced for 1982 to 2014 mapping to the study
region. To explore the latitudinal and altitudinal variation we mapped with the Digital
Elevation Model (DEM) data that extracted from NOAA at a spatial resolution of 1 km
(https://www.ncei.noaa.gov/products/etopo-global-relief-model) (Zhang et al., 2023).

The ESMs climate datasets were obtained from CMIP6 archives with the same variant
label rlilplfl (where, ‘r’ realization, ‘i’ initialization, ‘p’ physics, and ‘f’ forcing)
(Eyring et al., 2016). The monthly climatic data (https://esgf-node.ornl.gov/search) were
used to reduce differences among six ESM models under four SSP scenarios (SSP1-2.6,
SSP2-4.5, SSP3-7.0, SSP5-8.5). These four SSPs represent sustainable low-emission
development (SSP1-2.6), middle-of-the-road development with intermediate emissions
(SSP2-4.5), uneven regional development with medium-to-high emissions (SSP3-7.0),
and fossil-fuel-driven development with high emissions (SSP5-8.5) scenarios
(Meinshausen et al., 2020; Riahi et al., 2017). We select six representative ESM models
(Table 1) based on full availability of historical and future SSPs for all variables, suitable
for model simulating study in Ethiopian vegetation and climate variability (Berhanu et
al., 2025; Makula and Zhou, 2022). The CMIP6 climate dataset monthly temperature,
precipitation, and GPP (for comparison purposes) were further processed into annual
averages to perform ensemble model simulations to minimize the uncertainty (Fan et al.,
2020). The selected monthly climate variables temperature and precipitation extracted
from CMIP6 models and computed annually using arithmetic mean of Multimodal
Ensemble Mean (MEM) ESMs simulations (Song et al., 2021) to minimize uncertainty
(Fig. Al).
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Table 1. List of CMIP6 ESM models used for this study

Model name Institution Resolution (Lon x Lat) Reference
BCC-CSM2-MR BCC, China 1.1°x1.1° Azad and Ahmadi (2024)
CanESM5 CCCMA, Canada 2.8°x2.8° Almazroui et al. (2021a)
CMCC-ESM2 CMCC, Italy 1.2°%x0.9° Enyew et al. (2024)
CMCC-CM2-SR5 CMCC, Italy 1.3°x0.9° Firpo et al. (2022)
CAS-ESM2-0 CAS, China 1.4° x 1.4° Zhang et al. (2020)
TaiESM1 AS-RCEC, Taiwan 1.3°x 1.0° Almazroui et al. (2021b)

Processing CMIP6 ESMs climate dataset

The selected ESMs data have different spatial resolutions that cannot be directly used in
process models (Alkama et al., 2022; Anav et al., 2013; Gidden et al., 2019; Wang and Tian,
2024). Therefore, to handle uncertainty (Osso6 et al., 2023) and simplicity, MEM of all ESM
models was computed with a common spatial resolution of 1°. Statistical downscaling (SD)
analysis to smooth grid differences (Fauzi et al., 2020) using bilinear interpolation was
applied to reduce errors. Bias corrections (BC) using the Quantile Delta Mapping (QDM)
(Cannon et al., 2015; Wang and Tian, 2022) method were applied for consistent observed
data and future simulated ensemble ESMs datasets. BC CMIP6 datasets are resampled into
0.5° x 0.5° grid longitude and latitude spatial resolution (Peng et al., 2023). QDM computes
the empirical cumulative distribution function (ECDF) and inverse quantile function (CDF)
(Gergel et al., 2024; Rettie et al., 2023) of the historical observed bias-corrected projected
climate data (Yilmaz et al., 2024), statistically expressed as Equation I:

ch,fut = Fo_bls (Fmod,hist(ymod,fut)) + (Ymod,fut ~ I'mod,hist ) (Eq'l)

where: Fy, r,,; are bias-corrected future climate variables (precipitation and temperature),
Ymoa,rut future climate model output, Yy,54 nise the historical model climate variable,
Finoa niste stands for the empirical cumulative distribution function of the historical period
scenario data, F,,% is the inverse quantile function of the observed climate data.

Long short-term memory networks and trend

Deep learning is a powerful non-process-based machine learning approach for long
time series data processing (classification and prediction) spatiotemporally (Chen et al.,
2021; Reichstein et al., 2019). In the recent era, RNN deep learning architectures were
widely used for data processing and modeling (Lecun et al., 2015). The training process
in RNN is problematic because of the vanishing gradient issue (Vasilakos et al., 2022).
LSTM networks, the variants of RNN were widely applied for modeling time-series
datasets (Guo et al., 2023). LSTM algorithms are suitable for modeling, storing long-term
information in internal memory, and addressing vanishing gradient problems in RNN
(Graves, 2013). For the prediction of GPP with climatic variables under the SSPs
scenarios, we applied the LSTM model (Hochreiter and Schmidhuber, 1997. The spatial-
temporal dynamics of Gross Primary Productivity (GPP) were modeled using a LSTM
network, guided conceptually by the framework as Equation 2 (Yang et al., 2022):

GPP; (x,y) = Bo + B1 Pe(x,y) + B2 T (x,y) + € (Eq.2)
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where GPP; (x,y) = B, is the average GPP at location (x, y) at year ¢,
P.(x,y),and T:(x,y) are the climatic variables (temperature and precipitation), 3, is the
intercept, multipliers §; and f3, are the trend of climatic variables, and ¢ is the noise. The
trend is increasing if the coefficient is positive; otherwise, it decreases. In the context of
comparing between variables £: is considered zero (- = () while examining with P, and
p1 1s zero (f: = 0) for T.

The inter-annual GPP trends were analyzed using the pixel-wise linear slope
estimation approach, further we applied t-test for significance of regression slope and
projected under the SSP scenario (Anav et al., 2015; Li et al., 2023). The average GPP
from 1982 to 2014 was set as baseline data (by) for 2014 and was examined percent
change trends for the near future 2060 (2015-2060), and the far future 2100 (2061-2100)
(by) (Eq. 3) (Bongasie et al., 2024).

GPP = %* 100 V n = 2015, 2016, ....2100 (Eq.3)

0

where GPP rate of change, b,, is changes of future average value at different period, b,
average value from 1982 to 2014 as assuming the data of year 2014.

Model training and validation

The time series spatial data (GPP, T and P) from 1982 to 2014 were normalized to
upgrade the model’s performance and convergence (Ma et al., 2022). Reliable
predictions require that the model can accurately reproduce the variability observed in
data during the validation period (Chen et al., 2022; Chin and Lloyd, 2024; Martinuzzi
et al., 2024). Accordingly, the normalized dataset was split into training and validation
sets: 80% of the data (1982-2008) were used for model training, and the remaining
20% (2009-2014) for validation. The model was performed in Python 3.11.11, Kera’s
3.8 and TensorFlow 2.18 environment. The LSTM model was trained using the Adam
optimizer up to 100 epochs with a batch size of 32, and an initial learning rate of 0.001
(1 x 10). A linear activation function was employed in the output layer, while the
hyperbolic tangent (“tanh”) activation was used in the hidden layers to capture
nonlinear temporal patterns. To optimize the training, improving the convergence early
stopping applied with a patience of 30 epochs prevents gradient problems and
overfitting.

The accuracy of the LSTM model fitness was evaluated using the most widely used
performance metrics, including the coefficient determination (R?), root mean square error
(RMSE), and mean absolute error (MAE), which were applied to check the performance
of the target and simulated datasets in the model (Eg. 4). The higher the R? and the lower
the RMSE and MAE values, the better the model fit and the higher the model accuracy
(Lietal., 2023, 2020; Wei et al., 2023; Zhang et al., 2022).

n
1
MAE = EZlyobs - ysiml
i=1

l

1
RMSE = J;Z?zl(ysim - yobs)2 (Eq’4)
Z?=1(yobs - ysim)2
2?:1(yobs - yobs)2

R*=1-
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where 7 is the number of samples, simulation GPP is represented by y;,, the reference
observed by y,,s, and mean of GPP is denoted as y,,s. The graphical presentation of
work is summarized in Figure 2.
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Figure 2. Graphical framework of study

Results
Spatiotemporal variation and trends of observed GPP

The spatial trends of historical period GPP value differ across of latitudinal and
longitudinal variation. Mean and standard deviations of GPP trend presented in density
distribution plot estimated to be 0.19 and 0.34 g C m2 yr ! (Fig. 3). The higher GPP values
0.75 g Cm2 yr! are distributed in the mid-altitude 6°N to 8°N southwest region and lower
values in the high-latitude 11°N to 15°N northeastern region of Ethiopia extends from -0.75
to 0.75 g C m2 yr! (Fig. 3a). The interannual variation of observed GPP within the time
interval from 1982 to 2014 ranged from 700 to 800 g C m 2 yr ' with an average of 755.73 g
C m? yr' (Fig. 3b). The trend computed using pixel-level linear regression analysis
showed that dynamic changes across the region. When fitting the linear model to time
domain, we observed the dynamic value with an overall positive trend (statistically
insignificant R = 0.06 > 0.05); GPP increased at an annual rate of 0.74 g C m2 yr ',

The dynamic variation in climate factors and GPP across elevational differences and
their trends can be seen in supplementary documents (Fig. A2). The relationship between
GPP and precipitation showed a positive increasing trend with elevation, but temperature
showed a significant negative trend and changed at a rate of 0.004°C/m (p-value < 0.05,
R?=0.71). The rate of change in GPP and precipitation over elevation was 0.19 g C m™
yr/m and 0.33 mm yr'/m with (R? = 0.11 and 0.35), respectively.

Spatiotemporal variation of climate factors under SSP scenarios

We observed the variation in temporal trends of climatic variables under future SSP
scenarios. The mean annual temperature increased by 0.74°C till 2015 from 1982 and using
the MEM approach the temperature growth trends will be 1.02°C, 2.30°C, 3.49°C and
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4.59°C in SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, respectively by 2100
(Figs. 4a, A3). It was observed that the average temperature will be above 2°C at the end
of 21" century, the projected warming is likely to exceed < 5%, 32%, 80%, and 99% under
the future SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively (Table AI). The
trends of temporal average annual precipitation are uncertain under historical and future
SSP scenarios owing to the north-south movement of the ITCZ. Similarly, change in
precipitation trend per decade from 2015 to 2100 will be expected to rise 14.07 + 71.58
mm, 12.54 +£84.12 mm, 19.84 +£105.69 mm, and 26.48 + 129.66 mm under SSP1-2.6,
SSP2-4.5, SSP3-7.0, SSP5-8.5 scenario, respectively (Fig. 4b).
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Figure 3. Spatial distribution of annual GPP trend (a), and interannual variation of GPP (b) in
Ethiopia from 1982 to 2014

The spatial distribution of the change in projected temperature in the near future
(2015-2060) and far future (2061-2100) periods relative to the baseline under the four
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SSPs scenarios can be seen in Figure A4a. The results showed that decadal projected
temperatures will counter warming in the tropical regions of Ethiopia. A higher spatial
distribution of future temperature will occur in the lower latitude areas of northern,
eastern, and central parts of Ethiopia from 10.5°N -13.5°N and 38°E -40°E, while low
warming will occur in the southern 33°E to 36°E and south western 4.5°N to 9°N parts
of Ethiopia. However, the change in temperature warming continues to expand in the
higher latitude area than in the low latitudes (Fan et al., 2020) under the SSP 3-7.0 and
SSP 5-8.5 scenarios in the future period 2061-2100.
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Figure 4. Temporal change time series annual average temperature and precipitation from
1982 to 2100. The outline of experiments in the MEM 6 ESMs projected temperature and
precipitation represents historical (black), SSP 126 (green), SSP245 (yellow), SSP 370 (red),
SSP 585 (purple) and the shaded part represents 10™ and 90™ quantile of standard deviation

The spatiotemporal trends of future temperature change more specifically from 2015-
2060 and 2061-2100, temperature will increase per decade 0.23 +0.34°C and
0.03£0.11°C under SSP1-2.6, 0.30+0.42°C and 0.21 +£0.26°C under SSP2-4.5,
0.37 £ 0.51°C and 0.43 £ 0.52°C under SSP3-7.0, 0.44 £+ 0.60°C and 0.59 £ 0.69°C under
SSP5-8.5 scenario respectively. The spatial trends of projected warming will be higher in
the low-latitude northern and northeastern parts of Ethiopia in both the near- and far-
future periods (Fig. A4b). The decadal temperature in the southern part will vary from
36°E to 40°E, and a relatively lower warming in the near than far future periods.

The spatial variations in precipitation change in the future SSPs scenarios from 2015-
2100 almost similar, but different in intensity (Fig. A5a). The higher latitudinal areas of
the southwestern and western regions between (6°N -10.5°N) latitude and (34°E-37°E)
longitude are associated with higher precipitation distribution. The spatial trends of the
projected precipitation will be higher in the mid-high latitude southwestern and central
parts of Ethiopia in near future than in far future (Fig. A5b). Decadal precipitation is
higher in the southwestern part of the region with latitudinal variations from 3°N to 9°N
and 33°E to 38°E. Future precipitation decadal trends will decrease from the near future
to the far future in SSP1-2.6 and SSP2-4.6 but increase in SSP3-7.0 and SSP5-8.5. The
change in projected precipitation decadal value across the study area within the time
interval near the future 2015-2060 and far future 2061-2100, precipitation will be
expected to decrease per decade from 56.87 + 71.74 to -1.33 £ 51.38 mm under SSP1-
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2.6,51.26 £72.12t0 35.34 £ 62.36 mm under SSP2-4.5, increased from 56.78 + 71.26 to
61.17 = 80.76 mm under SSP3-7.0, and a significant increase of 35.61 £ 88.11 mm to
105.40 + 84.90 mm under the SSP5-8.5 scenarios, respectively.

Model fitness and training efficiency

The LSTM model effectively captured the temporal and spatial variability of the observed
datasets, demonstrating its suitability for predictive analysis. Figure 5 presents the MSE loss
curves for the training and validation periods. The loss decreased sharply during the first six
epochs, indicating rapid initial learning, and then exhibited moderate fluctuations up to 40
epochs before stabilizing after 60 epochs, confirming the model had reached convergence.
The model’s predictive performance was high, with coefficients of determination of
R?=0.92 and 0.80, MAE of 0.46 and 0.34, and RMSE of 0.67 and 0.54 for the training and
validation periods, respectively. These metrics indicate that the model reliably reproduced
the observed variability in GPP, temperature, and precipitation. Linear regression between
simulated and observed historical GPP (inset of Fig. 5) further validated the model, showing
a significant fit (R*= 0.80, RMSE = 0.54) with a slope of 0.8. The scatter density analysis
revealed that most data points were closely distributed around the ideal fit line, highlighting
the model’s accuracy, although some points deviated slightly along the positive linear trend,
suggesting minor discrepancies in extreme values. Overall, these results confirm that the
LSTM model is well-calibrated and capable of generating reliable projections of GPP
variability, providing a robust foundation for subsequent predictive analyses.

- Training Loss
R: 0.80 4 —=—— Validation Loss

Simulated GPP (gC m™* day™)

Loss (MSE)

0 20 a0 60 80
Epochs
Figure 5. Model validation graphs: Loss function curve during model training and validation,
(inset figure: scatter plot between observed and simulated monthly mean GPP per pixels from
1982 to 2014 (variance ranges in color bar), red line indicates linear and gray dashed lines are
ideal fity = x)

Spatiotemporal change in GPP

The projected temporal variation of GPP in Ethiopia from the MEM of six ESMs from
2015 to 2100, relative to the baseline period (1982 to 2014), and time series of temporal
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mean GPP varied under future SSPs scenarios (Fig. 6a). The dynamic spatial pattern of
annual GPP in the four SSP scenarios were observed: mid-latitudinal region of southwest
parts will experience higher GPP values ranging from latitude 4.5°N - 10.5°N and
longitude 33°E - 38°E. The lower (<6°N) and high (>11°N) latitudes northeastern region
of Ethiopia will have lower precipitation patterns, and higher temperature in a decrease
in GPP value than southwest regions of Ethiopia under all SSPs scenarios (Fig. 6b). While
observing the spatiotemporal and density distribution of GPP among the examined
scenarios, higher concentration in the SSP5-8.5 throughout the 21 century.

[
|

Mean GPP (g C m-* yr-)

Figure 6. (a) Temporal annual mean GPP during the period of 1982 to 2100 using six ESM
models, the shaded area represents the 25™ and 75" percentile. (b) Spatial distribution of
annual GPP change between observed 1982-2014, near future 2016-2060 and far-future 2061-
2100 under SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5 scenarios

Trends of projected GPP

The trends of projected GPP for the near future (2060) and far future (2100) were
quantified using pixel-level linear trends derived from the LSTM model (7able 2). The
temporal mean GPP exhibited distinct responses across future SSP scenarios, with higher
growth rates observed under scenarios with greater fossil fuel-driven CO. emissions,
particularly SSP5-8.5. By 2060, the projected decadal percentage change in GPP was
estimated at 15.30 £ 7.65, 30.03 + 10.56, 35.12 + 14.38, and 39.78 £ 12.28 under SSP1-
2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. Similarly, by 2100, GPP showed a
significant increase across all scenarios, with projected decadal changes of 12.34 + 4.26,
36.71 £ 7.45,65.48 = 11.80, and 89.79 + 13.93 under SSP1-2.6, SSP2-4.5, SSP3-7.0, and
SSP5-8.5, respectively.

It was observed that the mid-latitude areas of the southern and southwestern parts
Ethiopia will experience an increasing trend of GPP from the near 2060 to the far future
2100 under SSP2-4.5, SSP3-7.0, and SSP5-8.5, but the decreasing trend in northern and
eastern lowland regions (Fig. 7). At the end of the 21 century under SSP5-8.5 scenario a
significantly higher spatial cumulative density trends of GPP compared to the other
scenarios. Whereas SSP1-2.6 showed a decreased trend as 15.30% + 7.65% in 2060 and
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12.34% +4.26% in 2100 (Fig. 7c, d). Although the long-term mean GPP exhibits a
significant increasing trend under all SSP scenarios, the relatively large standard deviations
indicate substantial temporal and spatial variability. This variability implies intermittent
and localized declines in primary production during the forecast periods (2015-2060 and
2015-2100), superimposed on the overall increasing trend. Such fluctuations likely reflect
climate-driven variability and extreme events captured by the model. The distribution of
mean, standard deviation, and interquartile range of percentage changes in GPP relative to
the baseline period (2015) is illustrated in boxplots (Fig. 7a, b), further highlighting the
increasing median trends alongside widening variability under higher-emission scenarios.

The GPP was examined from LSTM network comparing the climatic variables
observed from the MEM of ESMs under four carbon emission scenarios: SSP1-2.6, SSP2-
4.5, SSP3-7.0, and SSP5-8.5 from 2015 to 2100 (Fig. 8). The inter-annual variations in
simulated GPP for the six ESMs and MEM indicate a gradual increase in all SSPs
scenarios.

Table 2. The changes in GPP under four SSP scenarios

Baseline Absolute % change of GPP % change in average GPP Remark
GPP* =
63231 g C m> 2060 2100 2015-2060 2061-2100 2015-2100 | p-value
SSP1-2.6 1530£7.65 | 12.34+£426 | 3.14+7.7 13.07+4.3 7.76 £8.0 <0.05
SSP2-4.5 30.03+£10.56| 36.71£7.45 | 8.09+10.6 | 34.15+7.4 | 2047 +£15.8 | <0.05
SSP3-7.0 35.12+£14.38 (6548 £11.80 | 12.66+12.3 | 48.49+£11.8 | 29.32+£21.6 | <0.05
SSP5-8.5 39.78 £12.28 | 89.79 £13.93 | 12.99+14.4 | 59.54+13.9 | 34.64 £27.3 | <0.05
* Annual average GPP from 1982 to 2014
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Figure 7. (a, b) Spatiotemporal annual GPP trend with mean, standard deviation, and inter
quantile range represented by box plot. (c, d) Cumulative density distribution of change in GPP
and trends. (e) Spatial distribution of trend, over Ethiopia in the near 2060 (2015-2060) and far

future 2100 (2061-2100) period based on six ESMs in under SSP1-2.6, SSP2-4.5, SSP3-7.0,
SSP5-8.5 scenarios
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Figure 8. Simulated GPP multimodal ensembles mean (MEM) of ESMs models from 2015-2100
in survey region

The current and future spatial and temporal changes can be seen in the elevation gradient
(slope: s) and correlation (Corr: r) between GPP and climate parameters over latitudinal
variation (Figs. 9 and A6, respectively). In the southern to southwestern region from 6°N to
10°N, the GPP response to temperature increased slightly from -0.13 t0 0.2 g C m2 yr '/°C;
however, in the southwestern to northwestern region from 10°N to 12°N, it declined from
0.2t0-0.13 g C m2 yr'/°C (Fig. 9a). In contrast, the latitude difference shows a consistent
gradient in precipitation (Fig. 9b). There was a strong positive association between GPP and
precipitation (r = 0.4 to 0.6) (Fig. 9d). and a fickle relationship between temperature and
GPP (r =-0.18 to 0.2) (Fig. 9¢c). The spatial correlation and slopes between GPP versus
temperature (-0.80 to 64, p < 0.05) and GPP versus precipitation (-0.3 to 0.75, p < 0.05)
under significant p-value were presented (Fig. Ye, f, g, h).

The projected GPP from 2015 to 2100 under the SSPs climate scenario in Ethiopia
varies across latitudinal differences; the mid-latitude regions (7-11°N) resulted in higher
GPP in all scenarios compared to the low-latitude (3-7°N) and high-latitude (11-15°N)
regions. The density distribution of yearly GPP in the mid-latitudinal regions ranges from
600 g C m? yr! to 1600 g C m? yr!, with maximum of around 900 g C m=2 yr*
(Fig. 10b). Whereas lower and high latitudinal regions yearly distributions of GPP range
from400 gCm2yr'to 1400 gCm?yr'and 400 gC m?2yr'to900¢gC m?yr'
respectively (Fig. 10a, c).
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Figure 9. Mean with 95% CI latitudinal distribution of (a) GPP-Temperature, (b) GPP-
Precipitation slopes and (c) GPP-Temperature, (d) GPP- Precipitation correlations, and
spatial distribution of (e) GPP-Temperature, (f) GPP- Precipitation correlation and (g) GPP-
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Figure 10. Latitudinal variations of projected GPP from 2015 to 2100 under four SSPs
scenario with density distribution across Ethiopia

Discussion

The projected global warming will induce changes in terrestrial GPP in tropical
regions. Ethiopia is a tropical country vulnerable to climate change. Examining the
current and future spatiotemporal variation and trend of GPP in Ethiopia is significant
because of climate variability and anthropogenic factors (Harris et al., 2023; Wassie,
2020). Understanding and monitoring driving factors that influence vegetation
productivity in the global carbon cycle is paramount important to identify future climate
change mitigation options (Cao et al., 2023; Chai and Hu, 2024; Xu et al., 2023).
However, the trends of future GPP changes in this region under projected climate
scenarios remain uncertain. In this study, we assessed the spatiotemporal variation and
prediction of the mean annual GPP.

The spatiotemporal dynamics of historical and simulated GPP from 1982 to 2014 using
the LSTM model in the highlands of Ethiopia showed significant differences based on
latitude and longitude variation. GPP variation is mainly driven by climate variables,
precipitation, and temperature, which govern vegetation productivity. Peak GPP values
were distributed in the mid-latitude southwest region (Zhang et al., 2024a) because
higher-latitude areas exhibit high temperatures and lower precipitation. The spatial
distribution of GPP was more closely correlated with precipitation variation (L1 et al.,
2023). The findings of our study are aligned with previous research “Comparison between
remote sensing and a dynamic vegetation model for estimating terrestrial primary
production in Africa” (Ardo, 2015). Studies have (Xuan and Rao, 2023) revealed that
precipitation is strongly correlated with the GPP. The lower elevation areas with high
temperatures associated with lower precipitation results in diminishing GPP in the high
emission scenarios, and our findings aligned with previous literature (Song et al., 2024;
Zhu et al., 2024). The decadal growth proportions of GPP by the end of current century
(2100) were to be 12.34% +8.01%, 36.71% + 15.79%, 65.48% +21.61%, and
89.79% + 27.28% under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios,
respectively. The SSP5-8.5 scenario showed a significantly increasing trend compared to
other scenarios. This research findings are consistent with the projection of NPP by
CMIP6 ESMs (Varney et al.,, 2023). We observed the increased GPP trend in
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southwestern mid-latitude regions and decrease in the northeast region. The global
average temperature based on the Paris Agreement proposal (Gao et al., 2017; McCulloch
et al., 2024; Rogel;j et al., 2016) will rise to 2°C (McKay et al., 2022) by the end of the
21st century and is likely to exceed < 5%, 32%, 80%, and 99% in Ethiopia under future
SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. The result of the study
highlights projected temperature in East Africa increased in 21st century (Umwali et al.,
2025). Similarly, the change in precipitation trend per decade from 2015 to 2100 is
expected to rise by 14.07+71.58 mm, 12.54+84.12 mm, 19.84 £105.69 mm,
2648 £129.66 mm under SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5 scenario,
respectively. Our study is coherent with Northeastern Africa precipitation projection
(Taguela et al., 2025). Optimally increasing future climate variables are positively
correlated with the projected GPP and total carbon storage at the end of the 21st century,
which is coherent with a study conducted (Doherty et al., 2010) in East Africa. Our results
are consistent with those of a study (Bogale et al., 2024) conducted (Xu et al., 2023) in
East Africa, which found that temperature had a negative impact on GPP growth and
precipitation had a very favorable association.

The average projected GPP during the near-future period (2015-2060) is lower than
that in the far-future period (2061-2100), indicating a delayed and nonlinear response
of ecosystem productivity to future climatic and atmospheric changes. A plausible
explanation for this pattern is the relatively weaker CO: fertilization effect in the near
future, particularly under medium-emission scenarios and mitigation pathways, where
atmospheric CO: concentrations increase more gradually (Intergovernmental Panel on
Climate Change (IPCC), 2023). Under such conditions, plant carbon assimilation may
remain constrained, resulting in comparatively lower photosynthetic rates and GPP. In
contrast, far-future projections—especially under higher-emission scenarios—are
characterized by substantially elevated atmospheric CO: concentrations, which can
enhance photosynthesis and water-use efficiency, thereby increasing terrestrial primary
productivity (Walker et al., 2021; Zhu et al., 2016). This interpretation is consistent with
previous studies demonstrating that CO- fertilization effects on vegetation productivity
tend to intensify over longer timescales, although their magnitude may be moderated
by nutrient limitations, climate extremes (Zhou et al., 2019), and ecosystem-specific
physiological constraints (Bulut et al., 2019; Intergovernmental Panel on Climate
Change (IPCC), 2023; Keenan et al., 2016). Therefore, the higher GPP projected in the
far future reflects the combined influence of increased CO: availability and long-term
ecosystem adjustment, rather than a linear or monotonic response over time.

This study explored the GPP variation in Ethiopia using a deep learning-based LSTM
approach, incorporating climatic variables. While the study offers significant
advantages in exploring the spatiotemporal pattern of climatic scenarios, several
limitations must be acknowledged. The analysis relies on the data from 1982-2014,
which represents the longest temporally consistent dataset available for Ethiopia, where
long-term recent records remain limited. While the projections extend beyond the
observation period, they are intended to examine long-term sensitivity of primary
productivity to meteorological drivers rather than near-term prediction. Recent studies
employing similar historical baselines support the continued relevance of such
approaches within this data range (Agarwal et al., 2023; Elabd et al., 2025; Guo et al.,
2024; Liu et al., 2024). Nevertheless, integrating updated datasets and reanalysis
products in future work would help reduce uncertainty and improve projection
robustness. The LSTM offers the better computing reliability of complex data but there
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are potential issues in data quality such as limited availability of identical high-
resolution ground-truth data for validation, and the model’s dependency on the quality
and range of input climatic variables, which may influence our result. The accuracy of
the projected GPP from the multi-model ensemble datasets using the LSTM model
under future climate scenarios is uncertain (Agarwal et al., 2023; Schlund et al., 2020;
Wang et al., 2024b). For LSTM model training, we used precipitation and temperature
ensemble arithmetic means of ESMs datasets as model input variables, and GPP as a
model output variable. The integration of multiple bias correction methods and model
input variables will increase model training accuracy and GPP prediction accuracy
under different future climate change scenarios. Modeling future GPP in the twenty-
first century under various climate change scenarios requires the use of different
machine learning model analysis techniques. We redirect future research to project
vegetation productivity by considering several factors, including vegetation cover type,
climate and topographic factors, CO2 concentration, population dynamics, and aerosol
optical depth of tiny black carbon particles suspended in the atmosphere, to provide
accurate projection and a mitigation strategy plan.

Conclusion

The LSTM model is a robust algorithm for training future climate change influences
on the carbon uptake of plants using different climate factors. This study examined the
GPP changes in a tropical country Ethiopia using a deep learning-based LSTM approach
under future climate change scenarios. In this study, we fitted the model with the
historical (1982 to 2014) GPP, and climatic data then projected the GPP using climatic
variables derived from MEM of six ESMs under CMIP6 SSP1-2.6, SSP2-4.5, SSP3-
7.0, SSP5-8.5 scenarios. We observed the projected climate change elevates GPP under
high-emission scenarios (SSP 5-8.5, SSP 1-2.6, and SSP 2-4.5) from the near future to
the far future in Ethiopia. The increasing trend in GPP values was associated with
variations in geographic location and climatic factors, the lowland and arid regions
exhibited consistently lower GPP. The integration of deep learning model with climatic
scenarios in tropical zone of this study comprehensively investigate the dynamics of
GPP. As far as the authors are aware, this is one of the first attempts to use this method
for estimating GPP in Ethiopia’s tropical regions. By shedding light on these dynamics,
this study aimed to bolster conservation measures and underscore the urgent need to
address the influence of projected climate change on GPP. The findings of this study
serve as a crucial reference for policymakers, ecologists, and other stakeholders, urging
them to recognize the effects of future warming and prioritize initiative-taking
mitigation efforts to achieve climate-resilient green economy strategies with net zero
COz emissions of SDG 2030 agenda.
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climate scenario (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5). Monthly climate datasets (precipitation and
temperature) were extracted from the Climate Research Unit Time Series version 4.00 (CRU TS v4.00) from
1901 to 2015 at a 0.5° x 0.5° grid resolution from the UK National Center for Atmospheric Science
(https://doi.org/10.1029/2022EF003395). Monthly GPP was extracted from an improved light-use efficiency
model (https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1789). The Digital Elevation Model (DEM) was
obtained from the global DEM dataset with a NOAA spatial resolution of 1km
(https://www.ncei.noaa.gov/products/etopo-global-relief-model) (https://doi.org/10.1029/2023EF003903).
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of ESMs models from 2015-2100
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Figure AS. Spatial average annual precipitation changes (a) and trends (b) between 1982-2014
and near future 2060, far future2100 from MEM of six ESMs under four SSPs scenario
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Figure A6. Latitudinal variation of correlation and slopes between ensemble of future GPP and
climate factors
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Table Al. Projected temperature likelihood to exceed 2°C under future scenario

Scenario 2060 (47°C) 2100 (47T°C) 2015-2100 (4T°C)
Decadal | Projected | % | Decadal | Projected | % | Decadal | Projected | %
SSP1-2.6 {0.23 £0.34(1.03 + 1.53| <5 {0.03 £0.11|0.12+0.43| <5 [0.12+£0.35| 1.02+2.97 | <5
SSP2-4.510.30+£0.42(1.35+1.89| <5 [0.21 £0.26|0.82+ 1.01 | <5 [0.27 £ 0.69| 2.30+5.86 | 32
SSP3-7.0 [0.37 £0.51(1.66 £2.29| 6 [0.43+£0.52|1.67+2.03| 7 [0.41+£1.03|3.49+8.75| 80
SSP5-8.510.44 £ 0.60(1.98 +2.70| 19 [0.59 £ 0.69(2.30+2.69| 32 [0.54 +1.36(4.59 + 11.56| 99
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