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A B S T R A C T

Elevation gradients significantly influence net primary productivity (NPP), but the relationship between eleva-
tion, climate variables, and vegetation productivity remains underexplored, particularly in diverse ecological 
zones. This study quantifies the impact of elevation and climatic variables on NPP in northern Pakistan, hy-
pothesizing that elevation modulates NPP through its influence on temperature and precipitation patterns. Using 
remote sensing data (MODIS ERA5) and advanced ecological models like the Eddy Covariance-Light Use Effi-
ciency (EC-LUE) model and the Thornthwaite Memorial Model (TMM), we analyzed Gross Primary Productivity 
(GPP) dynamics across various vegetation types and elevations from 2001 to 2023. Our findings show a mean 
annual NPP of 323.46 g C m-2 a-1, with an annual increase of 5.73 g C m-2 a-1. Significant elevation-dependent 
variations were observed, especially in mid-elevation zones (401 to 1600 meters), where NPP increased at a rate 
of 0.174 g C m-2 a-1 per meter (R2 

= 0.808, p < 0.01). In contrast, higher elevations (2800-5200 meters) 
exhibited a decline in NPP, decreasing by -0.171 g C m-2 a-1 per meter (R2 = 0.905, p < 0.001). Temperature and 
precipitation were key drivers, with precipitation positively correlating with NPP across all vegetation types, 
particularly in Evergreen Needleleaf and Broadleaf Trees. The EC-LUE model’s GPP estimates closely matched 
MODIS data (R2 = 0.82), demonstrating the model’s reliability. These findings highlight the critical role of 
elevation and climatic factors in vegetation productivity and underscore the need for targeted ecological man-
agement and conservation strategies. The insights from this research are vital for global climate adaptation 
policies and sustainable development goals, contributing to ecological resilience and carbon sequestration efforts 
worldwide.

1. Introduction

NPP is an important metric to determine the rate at which plants 

capture carbon, considering respiratory losses (Cui et al., 2023; Qiu 
et al., 2018; B. Zhou et al., 2022). NPP dramatically influences the health 
and carbon dynamics of forested ecosystems (Lyu et al., 2023; Wani 
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et al., 2023; Haider et al., 2017; Jallat et al., 2021). Ecological resilience 
and adaptability to environmental changes in temperate forests are 
indicated by NPP, which reflects forest growth and health (Anees et al., 
2022a; Du et al., 2024; Xue et al., 2023). Elevation gradients have a 
tremendous impact on NPP through altering the microclimatic condi-
tions, like temperature and moisture availability (Chen and Zhang, 
2023; He et al., 2022). These conditions in turn impact the photosyn-
thetic abilities and growth rates of plant species (Anees et al., 2022b; 
Aslam et al., 2022; Huang et al., 2024). To understand the forest vege-
tation productivity leads to extensive insights of ecosystem functions, 
biodiversity assessment, and effective natural resource management 
(Anees et al., 2022b; Akram et al., 2022; Andreevich et al., 2020; Pan 
et al., 2023; Mehmood et al., 2024a). The temperate regions of Pakistan 
are significant due to their diverse vegetation types and unique climatic 
gradients (Mehmood et al., 2024d), offering an ideal setting to study 
how elevation and climate variables impact NPP. Understanding these 
dynamics is crucial for developing effective conservation strategies and 
sustainable forest management practices in these ecologically rich yet 
vulnerable areas (Anees et al., 2024a; Mehmood et al., 2024b; 
Muhammad et al., 2023). There are several ways through which pro-
ductivity indices can be measured, and is largely dependent on the 
observational scale, data type’s availability, and the specific ecological 
problems (M. Liu et al., 2023; Anees et al., 2024b; J. Wang et al., 2023; 
Anees et al., 2024a).

In forest ecosystems, the most accurate methods for assessing pro-
ductivity are achieved through direct measurements. These direct 
methods include biomass harvesting and ecological plot monitoring. 
Biomass harvesting entails collecting all biomass within a designated 
area, drying it to a constant weight, and then weighing it to determine 
the accumulated biomass over a specified period (Luo et al., 2024; Anees 
et al., 2024a; Black et al., 2023; Quinkenstein et al., 2018). Ecological 
plot monitoring involves the long-term observation of specific research 
plots to track changes in tree diameter, height, and species composition 
(Allen et al., 2023; Idoate-Lacasia et al., 2024; Martin-Benito et al., 
2022). These observations, coupled with established allometric equa-
tions, allow for the estimation of biomass (Luo et al., 2024; Anees et al., 
2024a) and productivity (Li et al., 2023; Martin-Benito et al., 2022). 
Additionally, the integration of field-based surveys with LiDAR tech-
nology enables the generation of 3D images of forest canopies, which are 
instrumental in estimating forest biomass and productivity 
(Sabzchi-Dehkharghani et al., 2024). Beyond direct measurements, 
ecological models play a pivotal role in forest productivity assessment. 
These models incorporate a range of biotic and abiotic variables and are 
derived from various data sources (Patacca et al., 2023; C. Wang et al., 
2023). Process-based models, such as Biome-BGC and 3-PG, simulate 
critical processes including photosynthesis, respiration, and nutrient 
cycling based on plant physiology and environmental interactions. 
These models are essential for predicting the effects of climate change, 
shifts in species composition, and forest management practices on forest 
productivity (Qin et al., 2023; Yu et al., 2024).

Recent advancements in remote sensing and ecological modeling, 
such as satellite sensors, aerial photographs, and Light Detection and 
Ranging (LIDAR), have become powerful tools for estimating forest 
productivity at regional and global scales (Massey et al., 2023; Mazlan 
et al., 2023). Such methodologies measure vegetative characteristics 
closely correlated to productivity levels and have significantly improved 
our ability to estimate and monitor NPP with high spatial and temporal 
resolution (Yin et al., 2023; Zhang et al., 2023). For instance, the 
application of Sentinel-1 SAR data, combined with nonparametric 
regression methods like Relevance Vector Regression (RVR), has 
demonstrated high accuracy in estimating rice crop height and biomass, 
achieving correlation coefficients (R2) as high as 0.92 (Sharifi & Hos-
seingholizadeh, 2020). Similarly, hyperspectral image analysis has been 
enhanced through deep networks embedded in genetic algorithms 
(CNNeGA), significantly reducing data redundancy while maintaining 
accuracy levels between 90% and 99% (Esmaeili et al., 2023). These 

advancements parallel the role of the Moderate Resolution Imaging 
Spectroradiometer (MODIS) sensors on NASA’s Terra and Aqua satellites 
in evaluating vegetation health and productivity (Karmakar et al., 2024; 
Wongnakae et al., 2023). The MCD18C2 Version 6.1 PAR data product 
provides more accurate estimates with improved temporal resolution 
through advanced algorithms (He et al., 2023). Furthermore, the inte-
gration of 3D-convolutional neural networks and attention convolu-
tional LSTM approaches has proven effective in crop yield prediction, 
particularly in soybean yield prediction in the USA, with mean absolute 
error (MAE) values as low as 4.3 (Nejad et al., 2022). The EC-LUE model 
leverages light use efficiency principles to estimate GPP using absorbed 
PAR and environmental stress factors, including temperature and 
moisture, converting remote sensing data into useful ecological appli-
cations that support management and conservation restoration (Cheng 
et al., 2023; Lv et al., 2023). The NDVI and PAR indices have been 
extensively utilized in monitoring plant growth conditions and pro-
duction rates over extensive areas. The satellite-based NDVI continues to 
be an invaluable tool for assessing photosynthetic activity and produc-
tivity (X. Chen et al., 2023; Mehmood et al., 2024b).

Elevation gradients have a unique and profound impact of biological 
productivity as they inherently create different climatic conditions over 
a short geographic range. These differences in the climatic variables 
such as temperature and precipitation result in defined biotic zones that 
feature discrete productivity profiles (An et al., 2024; Ramirez, 2016). It 
is found that lower elevations generally support higher NPP due to 
warmer temperatures and greater moisture availability (Schwartz et al., 
2015; Tao et al., 2022). In contrast, higher elevations experience 
reduced NPP due to lower atmospheric pressure and the physiological 
limitations of cooler temperatures (Wei et al., 2023; Xu et al., 2024). 
Moreover, multiple studies in different regions of the globe with distinct 
climates and landscapes have proven the high variability of NPP with 
elevation. Thus, in a Mediterranean beech forest in Greece, ANPP was 
inversely associated with elevation due to water shortage and strong 
winds on high altitudes (Zianis and Mencuccini, 2005). Contrary to 
common trends observed in other regions, research in the Central Hi-
malayan forests has shown that high NPP is not necessarily related to 
elevation. Despite the typical decline in productivity with increasing 
elevation due to temperature and other climatic factors, these studies 
indicate that high productivity can occur at any elevation, both in 
lowlands and highlands. This finding challenges the conventional un-
derstanding and highlights the unique ecological dynamics of the Cen-
tral Himalayas (Rana et al., 1989). However, in tropical environments, 
such as Mauna Loa, Hawai’i, the situation is more complicated, and NPP 
depends on regional variation in ecosystem development, with high NPP 
near sea level (Raich et al., 1997). Our study addresses a substantial 
research gap as it dives deeper into the nature of elevation effects on 
NPP. This issue has yet to be discussed in our climatic settings, i.e., 
temperate regions of Pakistan. Additionally, the present research is 
distinguished by combining a variety of high-quality remote sensing 
information, climate predicting models, and ground truth data that en-
riches the information about productivity dynamics. Moreover, 
advanced ecological modelling, specifically EC-LUE and TMM, predict 
productivity and help identify ecological responses to climatic varia-
tions, significantly enriching the novel technique. The primary objective 
of this study is to quantify Net Primary Productivity (NPP) and assess its 
variability along an elevation gradient within the study area. Specif-
ically, we aim to: 1) Analyze how NPP fluctuates across different vege-
tation types, from subtropical to temperate and alpine zones. 2) Evaluate 
the impact of key climatic variables, particularly temperature and pre-
cipitation, on NPP using advanced remote sensing data. 3) Implement 
and assess the performance of ecological models, including the EC-LUE 
model, in estimating vegetation productivity, facilitated by the inte-
gration of MODIS and ERA5 products.
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2. Methods and materials

2.1. Study area

The study area is located within the coordinates 34.9526◦ N, 
72.3311◦ E, and covers selected districts across Khyber Pakhtunkhwa 
(KPK), Gilgit Baltistan (GB), and Azad Jammu and Kashmir (AJK) in 
Pakistan. The districts included in the study are: KPK: Abbottabad, 
Bajaur, Kohistan Upper, Kolai Palas Kohistan, Kurram, Lower Dir, 
Mansehra, Swat, Tor Ghar, Upper Dir, Batagram, Kohistan Lower, 
Shangla, Khyber, Mohmand, North Waziristan, Orakzai, and South 
Waziristan. GB: Darel and Tangir. AJK: Neelum, Bagh, Hattian Bala, 
Haveli, and Muzaffarabad. These areas are chosen due to their diverse 
vegetation types, from subtropical in the southern parts to temperate 
and alpine regions in the north. They provide a wide elevation range 
from approximately 290 to 5550 meters (Ahmed, 2011; Sayed and 
González, 2014) (Fig. 1).

The presence of these specific regions is crucial for examining the 
distribution and impact on NPP across a gradient of elevation, especially 
regarding climate variables such as temperature and precipitation (Zafar 
et al., 2021). The research utilizes the unique ecological variations 
present in these areas and denser plant growth in northern districts like 
Swat and Mansehra compared to the subtropical conditions in South 
Waziristan and Orakzai. This variation is essential for studying how 
different environmental factors affect vegetation dynamics, offering 
important insights for managing ecology and conservation efforts in 
these high-altitude zones (Mehmood et al., 2024c).

2.2. Data retrieval and initial processing

2.2.1. Datasets for estimating GPP, NPP, and PNPP
We utilized a collection of high-quality datasets with high resolution 

to estimate GPP, NPP, and PNPP. Table 1 provides a detailed overview of 
the data sources we selected for their capacity to offer precise temporal 

and spatial information on the factors that impact terrestrial ecosystems. 
The photosynthetically active radiation (PAR) data from the MCD18C2 
Version 6.1 PAR data product sourced from the MODIS Terra and Aqua 
satellites (Wang et al., 2020). This product offers a more enhanced 
temporal resolution than the previously used products (Xu et al., 2024; 
Yuan et al., 2007). The MCD18C2 product utilizes a refined algorithm 
for varying aerosol loadings, cloud conditions, and illumination/view-
ing geometries. This makes it a more dynamic and precise data source 
for assessing PAR. Each satellite pass offers instantaneous PAR mea-
surements, and the compiled data delivers comprehensive coverage with 
a spatial resolution of 0.05o (Luo et al., 2023). These features make it 
suitable for accurate and detailed analysis, aligning with the needs of 
our study. The NDVI data, essential for assessing vegetation health and 
productivity, was sourced from the MODIS (MOD13A1 V6.1) product 
available through NOAA-AVHRR. The dataset is processed using Google 
Earth Engine (GEE) to ensure high-quality, atmospheric-corrected sur-
face reflectance measurements, minimizing errors from clouds, aerosols, 
and other atmospheric disturbances (http://earthengine.google.com/). 
The NDVI data was compiled using the Maximum Value Composite 
(MVC) method to optimize the accuracy of vegetation dynamics moni-
toring (Fan et al., 2020; Mehmood et al., 2024b). In order to better 
understand how climate affects vegetation productivity (Gallardo et al., 
2024; Rita et al., 2020), we used data on temperature and dew point 
temperature from ERA5, the most up-to-date climate reanalysis by the 
European Centre for Medium-Range Weather Forecasts (ECMWF) 
(Muñoz-Sabater et al., 2021a; Y.-R. Wang et al., 2022). ERA5 provides 
monthly data on a wide range of atmospheric variables at a higher 
spatial resolution of 0.1o better than ERA-LAND, which enables a more 
detailed and dynamic analysis of the impacts of temperature on 
ecological productivity (Gomis-Cebolla et al., 2023).

To integrate MODIS and ERA5 data effectively, we employed a 
resampling technique to reconcile their differing spatial resolutions. 
Specifically, we upscaled the MODIS data with a spatial resolution of 
0.05◦ to match the 0.1◦ resolution of the ERA5 data using bilinear 

Fig. 1. Geographical and Elevation Characteristics of the Study Area.
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interpolation. This method ensures that the finer spatial details of the 
MODIS data are retained while aligning with the coarser grid of the 
ERA5 dataset (Muñoz-Sabater et al., 2021). Additionally, any potential 
discrepancies due to temporal resolution differences were addressed by 
averaging the higher frequency MODIS data to match the monthly res-
olution of ERA5. This approach minimizes potential inaccuracies and 
allows for a seamless integration of the datasets, providing a robust 
foundation for our analysis of GPP, NPP, and PNPP (Wang et al., 2023).

We evaluated the impact of water availability on plant productivity 
using the CHIRPS dataset for precipitation data. CHIRPS offers high- 
resolution pentad precipitation estimates, with a spatial resolution of 
around 0.05 degrees, by combining satellite imagery with in-situ station 
data to improve measurement reliability, particularly in under- 
monitored regions (de Sousa et al., 2020; Ren et al., 2023). This data-
set has comprehensive spatial and detailed temporal coverage, which 
provides accurate hydrological inputs, leading to improved estimation 
of GPP across various ecological settings in the EC-LUE model (Vargas 
Godoy and Markonis, 2023). To ensure an accurate calculation of the 
influence of elevation on NPP in our study, we made use of the ALOS 
Global Digital Surface Model, "ALOS World 3D - 30m (AW3D30)" as our 
primary source for topographical data (JAXA, 2019). This dataset is 
crucial for detailed ecological modeling, providing high-resolution 
elevation data with 30-meter accuracy (Bakiev et al., 2022; Takaku 
et al., 2020). The ALOS DEM’s enhanced resolution enables us to iden-
tify the elevation gradients precisely, which is essential to a more 
nuanced analysis of how varying altitudinal conditions affect NPP across 
the study area. The MODIS Land Cover Type (MCD12Q1) Version 6.1 
data product from the USGS LP DAAC was used in this research to obtain 
land cover data (https://lpdaac.usgs.gov/). It provides annual global 
land cover classifications obtained from reflectance data collected from 
MODIS sensors (Terra and Aqua satellites) through supervised classifi-
cation. Our study utilized the Annual Plant Functional Types (APFTC) 
classification scheme from this dataset. This classification scheme offers 
a spatial resolution of 500 meters and is updated annually 
(Naghdizadegan Jahromi et al., 2021; Zhao et al., 2020). Our detailed 
analysis concentrated on six vegetational classes selected from the 
eleven LULC classes provided. These classes include Evergreen Needle-
leaf Trees (ENT), Evergreen Broadleaf Trees (EBT), Deciduous Needle-
leaf Trees (DNT), Deciduous Broadleaf Trees (DBT), Shrubs (S), and 
Grass (G). This set of advanced datasets is available to estimate GPP, 
NPP, and PNPP comprehensively. These datasets incorporate improved 
spatial and temporal resolutions that accurately capture dynamic 
ecological processes. By using this data framework, we can analyze the 
productivity and ecological dynamics more effectively, which is vital for 
understanding complex ecosystem interactions.

2.2.3. Data selection for estimating CUE
Carbon Use Efficiency (CUE) is a significant ecological measure that 

is utilized to calculate the effectiveness of plants in converting absorbed 
carbon to stored biomass, which is represented by NPP through the 
process of GPP. It can be expressed as the ratio of NPP and GPP (Eq. 1) 
(Hilker et al., 2008; Ingle et al., 2023; Liao et al., 2023; Lv et al., 2023). 

CUE =
GPP
NPP

(1) 

The MODIS Terra dataset (MOD17A3HGF) was preferred as it in-
volves a comprehensive range of climatic components including atmo-
spheric CO2 levels, solar radiation, and Vapor Pressure Deficit (VPD) for 
the calculations. These variables are essential to accurately capture the 
spatial, seasonal, and annual variations in GPP, particularly in showing 
yearly fluctuations (Running and Zhao, 2019). We have also utilized the 
same MODIS dataset that provides ANPP values at a 500 m resolution. 
The ANPP values were calculated by summing all 8-day net photosyn-
thesis (PSN) data from the specified year. The difference between GPP 
and maintenance respiration (MR) determines PSN, which is critical in 
accurately calculating the annual carbon accumulation (Teubner et al., 
2019). The utilization of MODIS data, especially for GPP, is advanta-
geous due to its sophisticated algorithmic approach that efficiently in-
tegrates crucial environmental impacts, providing a more precise and 
detailed representation of GPP across varied landscapes (Huang et al., 
2021; Y. Li et al., 2021; Liu et al., 2014). This comprehensive approach 
enhances the accuracy and reliability of our carbon flux analysis, mak-
ing MODIS an optimal choice for detailed studies of ecosystem carbon 
dynamics.

2.3. Methodology

2.3.1. Estimating GPP and ANPP in temperate ecosystems of Pakistan using 
the EC-LUE model

We applied the EC-LUE model to estimate GPP in temperate envi-
ronments in Pakistan. This model assumes a linear relationship between 
FPAR and NDVI and posits that actual light use efficiency is influenced 
by temperature and soil moisture, with the limiting factor being more 
influential (J. Zhang et al., 2021; Zhang et al., 2015). The model’s GPP 
estimates were validated against daily measurements from 28 flux 
towers, accounting for up to 85% of observed GPP variations. Compared 
with MODIS-derived GPP, the EC-LUE model demonstrated superior 
alignment, confirming its effectiveness in capturing primary produc-
tivity dynamics (Xu et al., 2024; Yuan et al., 2007). The EC-LUE model 
formula utilized in this study to calculate Gross Primary Productivity 
(GPP) is expressed as (Eq. 2): 

GPP = ϵmax × PAR × FPAR × min(Ts,Ws) (2) 

Table 1 
Data sources and applications for GPP, NPP, and PNPP calculation.

Data Type Source Spatial 
Resolution

Temporal 
Resolution

Description Reference

PAR MODIS 0.05◦ 3-hour 
intervals

MCD18C2 Version 6.1 (Z. Wang et al., 2022)

NDVI MODIS 500m 16 days MOD13A1 V6.1 (Sa and Fan, 2023) 
(Mehmood et al., 2024b)

Temperature and 
Dew Point

ERA5 0.1◦ Monthly ECMWF (Muñoz Sabater, 2019; Muñoz-Sabater 
et al.,2021b; Sobrino and Jiménez-Muñoz, 
2014)

Precipitation CHIRPS 0.05◦ Pentad High-resolution estimates combining satellite 
imagery with in-situ data.

(de Sousa et al., 2020; 
Mashao et al., 2023)

Topography (DEM) ALOS World 3D - 
30m (AW3D30)

30m Static High-resolution elevation data critical for 
assessing terrain influences on ecological 
productivity.

(Bakiev et al., 2022; Takaku et al., 2020)

Land Cover MODIS Land Cover 
Type

500m Annually (MCD12Q1) V6.1 (Zhou et al., 2020)

Carbon Use 
Efficiency (CUE)

MODIS Terra GPP 
& NPP

500m Annually (MOD17A3HGF) (Manzoni et al., 2012; Yang et al., 2023)
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Where ϵmax (2.25 g C/MJ) represents the maximum light use effi-
ciency, and FPAR is derived from NDVI (Junttila et al., 2023; Milesi and 
Kukunuri, 2022; Yuan et al., 2015). The terms Ts and Ws represent 
temperature and water stress limits, respectively, following the "mini-
mum factor rule," which states that the most restrictive environmental 
factor constrains GPP (Xi and Yuan, 2023; W. Zhang et al., 2024). Based 
on established research, the mathematical equations for estimating 
FPAR, Ts, and Ws are given as (Eq 3-5): 

FPAR = a × NDVI × b (3) 

Ts =
(T − Tmin)(T − Tmax)

(T − Tmin)(T − Tmax) −
(
T − Topt

) (4) 

Ws =
VPDo

(VPDo + VPD)
(5) 

In equation 3, a and b are empirical coefficients with respective 
values of 1.24 and -0.168. whereas Tmin, Tmax, and Topt are the mini-
mum, maximum, and optimal temperatures for photosynthesis, set to 
0◦C, 40◦C, and 21◦C, respectively (Ding et al., 2023; Wiltshire et al., 
2021). The vapor pressure deficit (VPD) is calculated using saturated 
and actual vapor pressure, adjusted for air pressure using the enhance-
ment factor fw (Yuan et al., 2010; Gan et al., 2018). For a detailed 
breakdown of the VPD calculation and the underlying equations (Ap-
pendix A).

ANPP was derived using CUE, calculated as the ratio of NPP to GPP 

Fig. 2. Schematic diagram illustrating the overall methodology for assessing the impacts of climate and human factors on NPP using remote sensing and statisti-
cal techniques.
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(Eq 6). Although traditionally assumed constant at 0.5, recent research 
indicates CUE can vary due to environmental and ecological factors (da 
Costa et al., 2014; Kunert and Aparecido, 2024; S. Chen et al., 2023; 
Nouvellon et al., 2000; Ukkola et al., 2021). We computed CUE at a pixel 
scale for more accurate ecosystem interaction representation, as depic-
ted in the schematic diagram (Fig. 2). 

ANPP = GPP × CUE (6) 

2.3.2. Deriving Estimates for PNPP and HNPP
We utilized the Thornthwaite Memorial Model (TMM), an advanced 

version of the Miami Model, to estimate Potential Net Primary Produc-
tivity (PNPP) by incorporating precise climate data, particularly tem-
perature and precipitation, to assess annual actual evapotranspiration 
(Teng et al., 2023; Tu et al., 2023). The TMM’s effectiveness and reli-
ability in ecological research are well-documented (Bi et al., 2023; Lu 
et al., 2023).

PNPP is determined by the equation: 

PNPP = C × (1 − exp( − d×(v − 20))) (7) 

In this formula, v, which denotes the annual actual evapotranspira-
tion (mm), is calculated from: 

v =
a × r

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 +
(

1 + a×r
L

)2
√ (8) 

And L, which is the equation for annual average evapotranspiration 
(mm), is formulated as: 

L = C + b × t + c × t3 (9) 

In these equations, CCC (3000 mm) represents maximum potential 
evapotranspiration under ideal conditions, d (0.0009695) modulates the 
influence of evapotranspiration on PNPP, a (1.05) adjusts for pre-
cipitation’s impact, and b (25) and ccc (0.05) represent the linear and 
cubic coefficients for temperature’s effect on evapotranspiration. Here, r 
is annual total precipitation (mm), and t is the annual mean temperature 
(◦C). To enhance the accuracy of PNPP estimates, additional variables 
such as wind speed and solar radiation from the ERA5 dataset were 
included, particularly for regions with significant climatic variations 
(Gao et al., 2008; C. Li et al., 2021).

HNPP (Human-impacted Net Primary Productivity) is calculated by 
subtracting ANPP (Annual Net Primary Productivity) from PNPP. 

HNPP = PNPP − ANPP (10) 

This metric quantifies the influence of human actions, including 
urbanization and agriculture, on vegetation productivity.

2.4. Trend analysis

2.4.1. Sen slope
The Sen’s Slope Estimator is an essential method for analyzing 

changes in environmental and climatological factors over time (Liu 
et al., 2020; Mehmood et al., 2024b; Society et al., 2021; Mehmood 
et al., 2024d). This technique helps to identify trends in real-world 
environmental data, which can be affected by irregular fluctuations 
and outliers. To use this technique, data is first organized into ordered 
pairs (xi, yi), where xi represents time intervals, and yi represents the 
corresponding values of the ANPP.

The analysis involves calculating the slopes Sij between all possible 
pairs of data points in the series while ensuring that i < j. The slope for 
each pair is determined using a specific formula. 

Sij =
yj − yi

xj − xi
where j > i (16) 

This formula calculates the rate of change between every pair, thus 
capturing a comprehensive gradient that reflects the overall trend over 

time. After determining all potential slopes, the median of these values is 
calculated. This median slope is significantly vital against outliers, 
providing a more reliable measure of central tendency than the mean, 
which is crucial in datasets with potential anomalies. This methodology 
not only explains the rate of change of ANPP but also helps in under-
standing how various environmental factors might be influencing these 
changes, providing a solid foundation for further ecological analysis and 
decision-making (Mehmood et al., 2024d).

2.4.2. Mann Kendal
The Mann-Kendall trend test is a reliable method that examines the 

existence of a monotonic trend in sequential data sets, such as ANPP 
(Frimpong et al., 2022; Mehmood et al., 2024b; Khaniya et al., 2020; 
Mehmood et al., 2024d). This non-parametric test eliminates the need 
for data to conform to a normal distribution and is less susceptible to 
outliers (Verma et al., 2016). By analyzing the entire set of data points, 
the test computes the test statistic S by adding the signs of variances 
between paired observations (Garba and Udokpoh, 2023; Mehmood 
et al., 2024d). 

S =
∑n− 1

i=1

∑n

j=i+1
sgn

(
yi − yj

)
(17) 

Here, yi and yj represent data values at times i and j (where j > i), 
and the function sign(x) is defined as follows (Eq. 18): +1 if x > 0, 0 if 
x = 0, and -1 if x < 0 (Ali et al., 2019). 

sgn
(
xj − xk

)
=

⎧
⎨

⎩

+1 when
(
xj − xk

)
> 0

0 when
(
xj − xk

)
= 0

− 1 when
(
xj − xk

)
< 0

(18) 

The S variance is used to standardize the test statistic under the null 
hypothesis of no trend, as it follows a normal distribution (Eq). The test 
is robustly used to assess whether the trend has declined or increased 
over time, as it does not allow for violations of ecological trends due to 
excessive noise or any underlying data distribution (Garba and Udok-
poh, 2023). 

Var(S) =
n(n − 1)(2n + 5) −

∑q
p=1tp (tp − 1)(2tp + 5)

18
(19) 

Here, n represents the total number of data points. tp denotes the 
number of tied groups in the p − th group, and q represents the total 
number of tied groups

After calculating S and Var(S), we can determine the trend signifi-
cance using the standardized test statistic Z, especially if n > 10, which 
is typical in environmental datasets. The formula for calculating Z is 
given by (Eq. 20). 

Z =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

s − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var (s)

√ when S > 0

0 when S = 0
s + 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var (s)

√ when S < 0

(20) 

To determine the presence of a trend, a hypothesis test is conducted 
by comparing the Z value to a standard normal distribution. A positive Z 
value indicates an upward trend, whereas a negative value suggests a 
downward trend (Mehmood et al., 2024b; Nyikadzino et al., 2020; 
Mehmood et al., 2024d). The null hypothesis posits that no trend exists, 
and its acceptance or rejection is contingent upon the level of signifi-
cance, which is commonly established at p < 0.05 (Mehmood et al., 
2024d).

2.4.3. Assessing Ecological Productivity Trends and Scenario Classification
During the research period, ANPP, PNPP, and HNPP slopes provided 

a quantitative basis to evaluate ecological changes at the pixel level. 
These slopes acted as critical indicators of productivity and how climatic 
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factors and human activities influenced it at each location. A positive 
slope in ANPP indicated an overall increase in productivity, which could 
have been driven by favorable climatic conditions or effective human 
management practices that enhanced ecological health. On the other 
hand, a negative slope in ANPP indicated a decline in ecosystem pro-
ductivity, which could have been due to adverse climatic impacts or 
harmful human activities that detracted from ecological stability (Huang 
et al., 2023; X. Zhou et al., 2022). The slopes of PNPP and HNPP pro-
vided additional insights into the specific nature of these influences. A 
positive slope in PNPP generally signified beneficial climate effects on 
productivity, whereas a negative slope often indicated harmful climatic 
impacts (H. Li et al., 2021). Similarly, a positive slope in HNPP indicated 
detrimental impacts from human activities on productivity, whereas a 
negative slope suggested that human interventions were contributing 
positively to productivity. Table 2 shows nine (09) distinct scenarios 
have been identified to explain the various influences on ecosystem 
health.

3. Results

3.1. Temporal Trends and Spatial Variability in ANPP, PNPP, and HNPP

The ANPP was 323.46 g C m-2 a-1 in the study area from 2001 to 
2023, with an annual increase of 5.73 g C m-2 a-1, indicating substantial 
ecological variation. The PNPP was significantly higher, averaging 
534.99 g C m-2 a-1, with an even more notable annual increase of 11.058 
g C m-2 a-1, reflecting the area’s maximum potential ecological pro-
ductivity (Table S1). HNPP, estimated as the difference between PNPP 
and ANPP, averaged 211.61 g C m-2 a-1 with an annual increase of 5.325 
g C m-2 a-1 (Fig. 6). It shows a significant human impact on the natural 
productivity of ecosystems. Spatial patterns of ANPP encompassed a 
different values across various zones. The majority of the area 42.75%, 
displayed very low productivity, lower than 200 g C m-2 a-1, suggesting 
regions heavily impacted by stress or human activities (Fig. 5a). Zones 
characterized by low to moderate productivity levels, ranging from 200- 
600 g C m-2 a-1, covered 45.73% of the area and included regions in 
recovery or enduring less impact. Higher productivity zones, from 600- 
800 g C m-2 a-1, accounted for 11.2%, and very high productivity zones, 
exceeding 800 g C m-2 a-1, comprised just 0.25% of the entire area 
(Table S2), indicating that optimal functioning ecosystems were 
extremely minimal.

For PNPP, the distribution across different productivity classes in-
dicates varied ecological potential. The largest portion of the landscape, 
33.85%, has PNPP not more than 200 g C m-2 a-1, highlighting signifi-
cant areas that are ecologically limited. The next substantial categories 

include areas with PNPP ranging from 200-600 g C m-2 a-1 and 600-1200 
g C m-2 a-1, which account for 29.56% and 26.21% of the landscape, 
respectively, suggesting moderate ecological productivity (Fig. 5b). 
Areas with higher productivity, between 1200-1800 g C m-2 a-1, repre-
sent 10.11% of the landscape, while zones with very high productivity 
over 1800 g C m-2 a-1 are exceptionally rare (0.27%) (Table S3). HNPP 
values, representing the impact of human activity, show that a signifi-
cant portion of the area, 45.92%, has very low HNPP (<100 g C m-2 a-1), 
which may indicate substantial reductions in ecological productivity 
due to human activities. The remaining areas exhibit higher HNPP 
values, with 53.66% of the landscape falling within the 100-900 g C m-2 

a-1 range, suggesting such areas still maintain moderate to high levels of 
productivity despite potential anthropogenic pressures. Especially, 
zones with HNPP greater than 900 g C m-2a-1 are exceedingly rare, 
comprising only 0.42% of the area (Fig. 5c) (Table S4), highlighting the 
scarcity of areas with very high productivity.

In turn, it becomes clear that it is important to implement specific 
ecological management to address productivity-related questions based 
on the specific areas’ challenges and potentials. While the efforts should 
be focused on the restoration in lagging-behind areas to increase pro-
ductivity, certain areas with ample potential require serious protective 
measures to prevent ecological loss (Khan et al., 2020; Khan et al., 
2024). The zonal analysis of ANPP across 25 districts in AJK, GB, and 
KPK shows substantial variability in ecosystem productivity (Fig. 5d). 
The mean ANPP was 385.03 g C m-2 a-1, with a standard deviation of 
183.00 g C m-2 a-1and a range of 108.76 to 644.22 g C m-2 a-1and a 
median of 435.20 g C m-2 a-1. These results show that the districts varied 
significantly in ecological conditions and management practices. 
Approximately 25% of the districts were below 238.86 g C m-2 a-1, 
reflecting low productivity zones where ecological productivity or 
human stress was more considerable. These districts include Tangir, 
Khyber, Mohmand, North Waziristan, Orakzai, and South Waziristan. In 
contrast, the top 25% of districts exceeded 533.37 g C m-2 a-1, showing 
either a high potential for productivity or effective management prac-
tices. These districts include Bagh, Neelum Valley, Haveli, Muzaffar-
abad, Batagram, Kohistan Lower, and Shangla. Overall, this analysis 
underscores the need for the development of district-specific ecological 
management strategies. For instance, low productivity districts such as 
Tangir and Khyber would require intervention to increase productivity 
through restoration activities, while high productivity districts such as 
Bagh or Muzaffarabad would need interventions to maintain produc-
tivity through conservation.

3.2. Trend analysis

The analysis of Mann-Kendall trend for ANPP reveal a mixed tra-
jectory of ecological changes among the districts under consideration 
over the study duration. Most of the study area, covering 72.44%, de-
picts a significant positive trend in ANPP (p < 0.01), indicating a 
considerable significant increase in vegetation’s health and productivity 
levels. The positive changes in ANPP align significantly attributed to the 
Billion Trees Afforestation Project (BTAP), implemented from 2014 to 
increase the forest cover. The positive trend is fundamentally due to a 
combination of natural restoration occurring following the environ-
mental changes, active conservation, selective afforestation through the 
BTAP and restoration after disturbances. However, very little of the total 
area, 0.11%, indicates a significant negative trend (p<0.01), decreasing 
ANPP (Fig. 7). The declining trend is critical since it signals the likely 
stressed blocks of the ecosystem due to environmental factors such as 
deforestation, urban expansion and unfavorable climate for vegetation.

In districts where the trends are significant with a p-value less than 
0.05, but not as strong as at the p<0.01 significance level, we observe 
that 6.56% of the area exhibits a positive trend and 0.12% shows a 
negative trend. It is possible that these areas are experiencing subtler 
shifts in ecological conditions or management practices that influence 
productivity trends, either positively or negatively. Finally, areas where 

Table 2 
Scenario classification based on ANPP, PNPP, and HNPP trends.

Scenarios SANPP SPNPP SHNPP Driving 
force

Abbreviation

Climate Positive 
Impact

>0 >0 >0 Climate 
Dominant

CPD

Human Negative 
Impact

>0 <0 <0 Human 
Dominant

HNI

Mixed Climate and 
Human Impact

>0 >0 <0 Climate and 
Human

MCH

Data Inconsistency 
Error

>0 <0 >0 Data Error DER

Climate Negative 
Impact

<0 <0 <0 Climate 
Dominant

CND

Human Positive 
Impact

<0 >0 >0 Human 
Dominant

HPD

Conflict Climate and 
Human Impact

<0 <0 >0 Climate and 
Human

CCH

Data Inconsistency 
Error

<0 >0 <0 Data Error DEN

No Impact Scenario 0 0 0 No Dominant 
Force

NDF
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increasing productivity trends are detected at the p < 0.10 significance 
level encompass 3.32% of the study area. Such areas might indicate 
emerging improvements in ANPP that warrant further investigation to 
identify the contributing factors. Lastly, areas with non-significant 
trends (p>0.10) cover 17.34% of the area, split into 14.13% showing 
a non-significant positive trend and 3.21% showing a non-significant 
negative trend. These districts may represent zones where ANPP is 
relatively stable, with no clear directional changes, or where variability 
in productivity is influenced by a mix of counteracting factors that dilute 
a clear trend. The stability in ANPP within these regions could be due to 
balanced climatic conditions and resilient vegetation types that main-
tain consistent productivity (Polley et al., 2013). Additionally, effective 
local land management practices, such as sustainable forestry and 
agriculture, may mitigate the impacts of climate extremes. These areas 
might also experience counteracting factors like periodic droughts 
balanced by irrigation, highlighting the need for targeted management 
strategies (Yin et al., 2022).

As a result, the research develops a sophisticated classification of 
ecological landscapes on the basis of interrelations between ANPP, 
PNPP, and HNPP, outlining nine unique categories that deficits various 
environmental dynamics and human involvement (Table 2). Dominating 
the study, approximately 95.91% of the area falls under CPD, signifying 
a substantial increase in productivity. This category underscores regions 
which have a positive impact on ecological well-being, playing a key 
part in carbon sequestration and the preservation of biodiversity. HNI 
though, very low and covering 0.15% of the landscape, allows for con-
centration of disturbances. This index is important to highlight areas 
where certain human activities lead to productivity declines associated 
with urban sprawl, deforestation, and unsustainable agriculture such 
categories exhibit significant adverse effects that can even overpower 
expected favorable climate signals. Although MCH covers only 0.36% of 
the area, and CCH covers another 0.098%, they demonstrate how 
complicated a common factor of human-made changes concord climatic 
conditions could be. More specifically, they reflect instances when on 
the surface, changes introduced by human-beings could create good 
conditions while large-scale adverse changes cannot be prevented. It is 
critical evidence for the necessity of balance between human develop-
ment and environmental sustainability. Areas highlighted for DER and 
DEN, not exceeding 0.023% of the landscape’s total output, are vital for 
highlighting measurement errors or inconsistencies. These errors might 
indicate environmental phenomena that standard models are not 
designed to detect or could signal wrong data entry, highlighting the 
need for accurate data in ecological study.

The CND affects 3.2% of the study area, illustrating a scenario where 
all forms of productivity decline (Fig. 8), likely due to harsh climatic 
conditions like drought or extreme weather events. This category is 
essential for identifying regions at high risk of ecological degradation, 
necessitating focused conservation efforts to mitigate the influences of 
climate change. Similarly, the HPD and No Dominant Force NDF, 
although relatively small in area coverage (0.18% and 0.177% respec-
tively), highlight regions where human interventions have successfully 
enhanced ecological productivity or where no significant productivity 
changes have been detected. The scenario classification for the study 
area across different vegetation types primarily reveals a CPD domi-
nance, especially in ENT and EBT, which collectively account for over 
97% of the area. This serves as evidence to the climatic benefits sup-
porting their productivity. Nevertheless, DNT and Grasslands exhibit 
presence of CND, highlighting vulnerabilities that could compromise the 
health of these ecosystems, accounting for 10.13% and 5.14% of the 
area, respectively. These findings suggest areas where current land 
management practices might be effectively supporting sustainability or 
where ecological conditions have remained stable despite potential 
pressures. These categories provide a structured, comprehensive 
framework that facilitates a detailed analysis of how climate dynamics, 
human activities, and ecological productivity are intertwined. The 
mapping not only highlights the varied ecological responses to different 

pressures but also supports the development of targeted interventions 
tailored to the unique challenges and opportunities within each cate-
gory. This approach ensures that the interventions are both compre-
hensive and sustainable.

3.3. Ecological responses to altitudinal variations of ANPP

The elevation gradient of the region was divided into 100-meter 
distinct zones to determine the spatial heterogeneity and trends of 
ANPP (Fig. 9a). Each elevation range is suitable for assessing the 
response of ANPP to variations in altitudes. Th elevation range 0 to 400 
meters showed a mild positive trend of ANPP with variation in elevation 
as ANPP variations with elevation increase at the rate of 0.19 g C m-2a-1 

for each meter increase in elevation (R2 = 0.808, p > 0.01). At these 
lower elevations, moderate temperatures, higher moisture availability, 
and fertile soils with adequate nutrients promote optimal photosynthetic 
activity and plant growth, contributing to the positive trend in ANPP. A 
significant strong positive trend was observed from 401 to 1600 meters 
with an ANPP rate of 0.174 g C m-2a-1 for each elevation meter (R2 =

0.808, p < 0.01). There is robust increase in ANPP in this zone signifying 
optimality in vegetation growths in this broader elevation area. The 
elevation gradient ranged 1600 to 2800 showed an insignificant effect of 
ANPP with changes in elevation that is, (R2 = 0.08, p > 0.01) with only 
slight change of 0.01986 g C m-2a-1 for each meter. This minimal vari-
ation indicates that the ANPP rate is steady, potentially because of 
specific climatic conditions for example moderate temperatures and 
consistent precipitation patterns, as well as stable soil types that support 
sustained vegetation growth (Zhao et al., 2019).

Finally, the ANPP in the highest elevation range (2800-5200 m) 
showed a significant negative correlation with the increase in elevation. 
The trend was established to be at the rate of -0.17077 g C m-2a-1 with R2 

0.9053 and p < 0.001 (Fig. 9B). The decline in ANPP highlights the 
harsh conditions that hinder growth at the highest elevations such as 
temperature extremes, reduced atmospheric pressure, and limited soil 
fertility. The ANPP in the research was realized to have first significantly 
increased from the lower to mid-elevation zones, stability with slight 
fluctuations within the higher elevation zones then a significant 
decrease at the highest elevation zone. Therefore, this pattern man-
ifested the importance of elevation on the distribution of the ANPP 
temporally and spatially with productivity of highest regression at the 
mid-elevation and reduced at the highest elevation.

3.4. Correlation between climatic variables and anpp across elevation 
gradients

The comprehensive pixel-wise correlation analysis evaluating the 
relationships between ANPP and two key climatic factors, precipitation 
and temperature, across different vegetation types provides a nuanced 
insight into ecological responses (Mehmood et al., 2024a; Mehmood 
et al., 2024d). This analysis includes significant positive (p<0.05), sig-
nificant negative (p<0.05), non-significant positive (p>0.01), and 
non-significant negative (p>0.01) correlations across six types of 
vegetation (Fig. 10C). For precipitation, ENT display a clearly rela-
tionship, as a vast majority 72.322% or 11,013.87 km2 presented sig-
nificant positive correlation between ANPP and precipitation (Fig. 10A). 
This indicates a critical role of water availability in these forests. Simi-
larly, EBT show an overwhelming positive correlation in 94.967% 
(812.564 km2) of their area, emphasizing the essential role precipitation 
plays in sustaining productivity. Deciduous vegetation types and grass-
lands also show a predominantly positive relationship but with various 
levels of strength and significance which in turn indicates that precipi-
tation promotes productivity, but the strength of this relationship can be 
modified by other ecological or microclimatic factors.

However, the correlation of ANPP with temperature yields more 
diverse results. ENT and EBT show significant negative correlations over 
large areas (63.95% or 9,739.2 km2 for ENT), indicating that lower 
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temperatures favor productivity, likely due to these species’ adaptations 
to cooler climates (Fig. 10B). DNT and Shrubs also exhibit a significant 
negative correlation (64.09% or 1,472.42 km2 for DBT), supporting the 
notion that cooler temperatures benefit these types. However, DNT and 
Grasslands display a more complex relationship with temperature. A 
substantial portion of Grasslands exhibits non-significant positive cor-
relations (36.09% or 8,424.87 km2), suggesting that these ecosystems 
might be more resilient or adaptable to warmer conditions, reflecting 
the ecological diversity and adaptive capacity of these species. The 
findings are representative of the complex relationship between genetic 
adaptation, ecological conditions, and the climatic escalation across 
diverse vegetation types. Some of the vegetation types are strongly 
predisposed to cool conditions, while others exhibit response variability 
and a mixture of both temperature and precipitation. In general, the 
integrated data on the influence of climatic escalation on ecological 
productivity is significant for the prediction, examination, and regula-
tion of the global climatic changes and their consequences for diverse 
types of ecosystems.

3.5. Climatic impacts on ANPP across elevation: temperature and 
precipitation dynamics

The relationship between temperature, precipitation, and ANPP is 
essential for understanding how elevation influences changes in these 
climatic variables. Although temperature exhibits a consistent decrease 
with an increase in elevation as shown by a significant negative corre-
lation (p < 0.01) with a decline of about 0.0078◦C per meter. The 
analysis of ANPP shows that, contrary to decreasing temperatures, 
productivity tends to increase. Specifically, ANPP increases by approx-
imately 3.51 g C/m2/yr. with each one-degree Celsius increase in tem-
perature (Eq. 21). However, this relationship may not be linear, as 
extreme temperatures can negatively impact plant physiological pro-
cesses, potentially reducing productivity. For instance, high tempera-
tures can lead to increased respiration rates, water stress, and heat 
damage, which can all adversely affect plant growth (Devireddy et al., 
2021). Studies have shown that beyond certain thresholds, temperature 
increases can result in reduced photosynthetic efficiency and higher 
mortality rates in plants, highlighting the importance of considering 
these factors to fully understand the dynamic between temperature and 
ANPP (Raza et al., 2023). 

ANPP = 836.88 + 3.51 × Temperature + 1.59 × Precipitation (21) 

The regression equation was derived using multiple linear regression 
analysis. This method quantifies the relationship between ANPP and the 
independent variables of temperature and precipitation. The coefficients 
represent the ANPP change for a unit change in the respective climatic 
variable, holding the other variable constant. Specifically, the coeffi-
cient 3.51 indicates that ANPP increases by approximately 3.51 g C/m2/ 
yr for each one-degree Celsius increase in temperature, while the coef-
ficient 1.59 suggests that ANPP increases by about 1.59 g C/m2/yr for 
each additional millimeter of precipitation. These values were obtained 
through statistical analysis of the collected data, ensuring the model’s 
accuracy in predicting ANPP based on climatic conditions.) Precipita-
tion exhibits a more complex pattern. Initially, precipitation increases 
with elevation, reaching a peak around mid-elevation zones, before 
declining towards higher elevations. This pattern is quantified by a weak 
negative correlation (r = -0.284, p < 0.05), suggesting a slight decrease 
but with significant variability. Regression analysis reveals a minor 
negative trend, with precipitation decreasing by about 0.0157 mm per 
meter of elevation gain, as shown in Fig. 11. Moreover, the initial in-
crease and subsequent decrease in precipitation align with the regres-
sion analysis finding that ANPP is expected to increase by about 1.59 g 
C/m2/yr. as precipitation increases.

The findings presented clearly emphasize the complex relationship 
between elevation, temperature, precipitation, and ecological produc-
tivity. The decrease in temperature with elevation, which has been 

observed in most mountainous areas, is not equally associated with the 
decline in ecological productivity. ANPP is better linked to changes in 
temperature and precipitation, regardless of the overall decrease in 
temperature. This detailed understanding is essential for predicting 
vegetation dynamics and developing conservation and resource man-
agement strategies in mountainous areas.

3.6. Validation of GPP and ANPP using the EC-LUE model

The GPP accuracy calculations obtained from the EC-LUE model 
were confirmed using a two-step validation analysis. Firstly, the model- 
calculated GPP results were compared with the product GPP sourced 
from MODIS Terra dataset (MOD17A3HGF). This step aimed to confirm 
the precision of the computational techniques and the appropriateness 
of the model results. The model-derived GPP strongly correlated with 
the reference GPP data, indicated by an R2 value of 0.82 (p < 0.01) 
(Fig. 3). This outcome validated the efficiency of the model settings and 
input parameters. Following a product comparison, NPP estimates were 
obtained from biomass measurements of selected field plots. These es-
timates were based on field-derived NPP values collected across 15 
diverse sites, which provided a ground-truth assessment of the ecolog-
ical modeling. Above-ground biomass was harvested (Luo et al., 2024; 
Anees et al., 2024a) and analyzed for carbon content from six 2 m2 plots 
at each site. The carbon measurements were then used to derive ANPP, 
which was compared with the model’s ANPP calculations and the 
standard product ANPP.

The results obtained from these comparisons further supported the 
model’s validity. When the calculated ANPP was compared with field- 
derived NPP, the R2 was 0.78, significantly higher than the 0.75 R2 

obtained from comparing the product ANPP with field-derived NPP 
(Fig. 4 A & B). As a result, the EC-LUE model has the potential to provide 
a more precise ANPP simulation than existing product-based estimates. 
The model’s accuracy in estimating GPP and ANPP is demonstrated by 
this methodical approach to validation, which underscores its potential 
for enhanced precision in ecological assessments.

Fig. 3. Comparison of Simulated GPP Outputs from the EC-LUE Model with 
Product GPP Measurements.
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Fig. 4. Comparative Analysis of NPP: (a) NPP Simulated Data, (b) Product NPP Data, and Field-Derived NPP Measurements.

Fig. 5. Spatial Variability of NPP Metrics: The figure illustrates the mean spatial distribution of (A) ANPP, (B) PNPP, (C) HNPP across the study region, and (D) the 
ANPP recalculated after performing zonal statistics by province.
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4. Discussion

4.1. Environmental and human impacts on NPP (2001-2023)

Our research findings highlight significant differences in the envi-
ronment and the human actions effect on NPP across different ecological 
regions between 2001 and 2023. Specifically, the mean ANPP in our 

study area was 323.46 g C m-2 a-1, with an annual increase of 5.73 g C m- 

2 a-1. In contrast, PNPP was significantly higher, averaging 534.99 g C m- 

2 a-1, with a prominent annual increase of 11.058 g C m-2 a-1. The dif-
ference highlights an increasing range between the potential and actual 
productivity, which suggests that there is untapped ecological potential 
that human activities or environmental stressors may cause. The ANPP 
in croplands across China has increased by an average rate of 3.68 g C m- 

2 a-1 between 2000 and 2015. This increase can be attributed to a 
combination of climate change and human activities. It is important to 
note that human activities had a relatively minor impact on this in-
crease, contributing only 0.45 g C m-2 a-1 (Yan et al., 2020). The central 
Asia ecotone zone exhibited changes in ANPP. The average increases in 
PNPP, HNPP, and ANPP were 4.71, 3.08, and 1.63 g C m-2 a-1, respec-
tively. These changes were a result of climate (Usoltsev et al., 2020; 
Usoltsev et al., 2022) and human activities that impacted various 
vegetation and altitude zones differently. Our observations of the pro-
ductivity of different regions also showed that similar factors influenced 
productivity differently in different areas (H. Li et al., 2021; Teng et al., 
2020; X. Zhou et al., 2022). In addition, our research demonstrated that 
the regions with extremely high productivity are sparse, making up only 
0.25% of the entire area with ANPP exceeding 800 g C m-2 a-1. This 
finding aligns with an overall increasing pattern in vegetation NPP 
throughout China, highlighting the possibility of rehabilitation in 
various ecosystems (Feng et al., 2019; Wang et al., 2021). Their research 
revealed a constant positive shift in NPP, emphasizing the impact of 
improved meteorological conditions and efficient ecological 
management.

Fig. 6. Interannual Trends of ANPP, PNPP, and HNPP from 2001 to 2023.

Fig. 7. Mann-Kendall Trend Analysis of ANPP with Various Significance Level, depicted over a spatial gradient for the period 2001 to 2023.
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4.2. Impacts of conservation efforts and technological advances in 
environmental monitoring

A positive trend in ANPP across 72.44% of the region was signifi-
cantly impacted by the Billion Trees Afforestation Project (BTAP) initi-
ated in 2014, highlighting the impacts of conservation efforts 
(Shafeeque et al., 2022; Ullah et al., 2020) . In contrast, a small fraction 
(0.11%) of the area showed a substantial negative trend in ANPP, likely 
due to deforestation and urban expansion Teng et al. (2020). Areas with 
less pronounced positive trends (p < 0.05 and p < 0.10) indicate subtle 
improvements or stages of early recovery on the potential for targeted 
management. Finally, zones with non-significant trends, which consti-
tute 17.34% of the study area, suggest stability in ANPP, which is crucial 
for sustaining ecosystem services (Chen et al., 2022; Xu et al., 2019). The 
majority (95.1%) of the area has been affected by climate factors 
(Shobairi et al., 2022), leading to significant changes in productivity 
that fall under CPD scenarios. This classification encompasses positive 
changes in productivity, emphasizing its considerable impact on regions 
that contribute to ecological health. These regions have critical part in 
conserving biodiversity and supporting carbon sequestration, under-
scoring their crucial importance in ecological conservation. Only a slight 
fraction, 0.15%, exhibited human impact (HNI), indicating sites where 
human actions like urban growth, deforestation, and unsustainable 
farming methods are causing a decrease in productivity. This finding is 
vital in identifying areas that require intervention to reduce the negative 
effects.

Recent studies have demonstrated the efficacy of advanced remote 
sensing and machine learning techniques in monitoring environmental 
changes and urban dynamics (Luo et al., 2024; Anees et al., 2024a; 
Mehmood et al., 2024a; Shahzad et al., 2024). For instance, the 
assessment of spatiotemporal characteristics of droughts using remote 
sensing-based indices, such as soil moisture condition index (SMCI) and 
vegetation condition index (VCI), has proven critical in evaluating 
drought conditions over extended periods (Jalayer et al., 2023). Simi-
larly, the application of convolutional neural networks (CNNs) in urban 
mapping using very high resolution (VHR) satellite images has 

highlighted the importance of texture information in land cover/land 
use (LULC) classification (Hussain et al., 2024b), particularly when 
compared to traditional machine learning methods (Anees et al., 2024a; 
Luo et al., 2024; Mohammadi & Sharifi, 2021; Mehmood et al., 2024a; 
Badshah et al., 2024). Moreover, the monitoring of nitrogen dioxide 
(NO2) pollution levels during the coronavirus pandemic using 
Sentinel-5P satellite imagery has provided valuable insights into the 
impact of reduced industrial activities and traffic on air quality (Sharifi 
& Felegari, 2022). These studies underscore the growing importance of 
integrating remote sensing data with machine learning algorithms to 
effectively monitor and manage environmental conditions across 
different scales and settings (Anees et al., 2024a; Luo et al., 2024; 
Mehmood et al., 2024a).

4.3. Influence of elevation, temperature, and precipitation on NPP 
dynamics

The distribution of NPP in an area is significantly influenced by 
elevation. Our study found that in the (0-400 meters) zone, there is a 
mild positive correlation between ANPP and elevation. At lower eleva-
tions, higher ANPP is favored due to the more favorable temperature and 
nutrient availability (Long et al., 2023; Piton et al., 2020). A strong 
positive trend in ANPP has been observed at mid-elevations (401-1600 
meters), which aligns with findings of similar patterns in a Mediterra-
nean beech forest (Miranda et al., 2022; Zianis and Mencuccini, 2005). 
The optimal conditions for ANPP appear to be at mid-elevations before 
reaching higher elevations, where productivity is limited by factors such 
as decreased temperature and increased wind exposure. ANPP showed 
minimal changes at higher elevations (1600-2800 meters), indicating a 
threshold beyond which environmental stressors begin to dominate. 
High-elevation meadows have reduced soil moisture and a shorter 
growing season, which suggest similar limitations across different 
high-elevation ecosystems (Snyder et al., 2023). Above 2800 meters, we 
found a significant negative correlation between elevation and ANPP, 
indicating the harsh climatic conditions that hinder vegetation growth. 
Reduced growth efficiency and ANPP at high elevations are due to 

Fig. 8. Distribution of NPP Change Indicators in a Forested Landscape, Classified by Ecological and Anthropogenic Factors.
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factors such as strong winds and colder temperatures (Y. Zhang et al., 
2021). The findings indicate that the NPP is greatly influenced by alti-
tude. At first, ANPP experiences a significant rise in the lower to 
mid-elevation areas. It remains relatively constant with minor changes 
at higher elevations and eventually decreases sharply in the highest 
elevation zones (Song et al., 2022; Zhao et al., 2021).

Our research reveals that there is a strong positive connection be-
tween precipitation and ANPP in ENT and EBT that covers 72.322% and 
94.967% of their respective regions. Thus, moisture availability, which 
is critical for photosynthesis, is improved by precipitation, significantly 
influencing the productivity of forest ecosystems (Lian et al., 2023; X. 

Zhang et al., 2024). Grasslands and deciduous ecosystems display a 
positive but varying relationship, with grassland ANPP responding 
positively to increased precipitation across different climatic zones 
(Curcio et al., 2023; Shi et al., 2023). This research shows that ENT and 
EBT have significant negative correlations with temperature, suggesting 
that cooler temperatures are favorable for productivity, most likely due 
to genetic adaptations. Higher temperatures often lead to decreased 
productivity in forest ecosystems due to respiratory losses surpassing 
gains from photosynthesis (Perez-Quezada et al., 2023). On the other 
hand, grasslands exhibited non-significant positive correlations with 
temperature, demonstrating resilience to warmer conditions. Grasslands 

Fig. 9. (A) Distribution of Average ANPP across Elevation Bands (100m Intervals). The graph displays the mean ANPP (in g C/m2/yr) plotted against the 100-meter 
elevation band, ranging from 0 to 5000 meters. (B) Predictive Analysis of Mean ANPP by Elevation Range Using Linear Models.
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adapted to increased temperatures, likely due to phenotypic plasticity 
and genotypic diversity within these ecosystems. The variability in 
ANPP is influenced by the complex pattern of precipitation, which is 
affected by local geography and atmospheric conditions at different el-
evations. While there is only a slight overall decrease in precipitation 
with elevation, the peaks at mid-elevations, which correspond to higher 
ANPP values, indicate regions with potentially optimal ecological 
productivity.

There is a negative correlation between elevation and temperature, 

where temperature decreases by 0.0078◦C per meter with an increase in 
elevation. It is in line with climatological principles, as temperature 
typically decreases with altitude due to the expansion of air in the at-
mosphere, leading to cooling effects (Vacek et al., 2023). However, 
observing an increase in ANPP with temperature contradicts typical 
expectations. Typically, cooler temperatures at higher elevations might 
limit photosynthetic activity and plant growth. This unexpected rela-
tionship suggests that other factors might be at play, such as microcli-
matic conditions or adaptation strategies of mountainous flora, which 

Fig. 10. Spatial correlation analysis between ANPP and climatic factors across various vegetation types: (A) the correlation between ANPP and precipitation, 
highlighting areas of significant and non-significant relationships. (B) ANPP and temperature, (C) represents the distribution of different vegetation types in 
the region.
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could mitigate the direct impacts of lower temperatures. For instance, 
Photosynthesis is usually enhanced due to increased solar radiation, 
reduced cloud cover, or lesser atmospheric interference at higher alti-
tudes, which could boost productivity despite lower temperatures (Z. 
Liu et al., 2023). The relationship between ANPP and precipitation ex-
hibits a non-linear pattern. Typically, precipitation increases with 
elevation until it reaches a peak and then starts to decrease. The trend is 
supported by a statistically significant, negative correlation with a 
decrease rate of 0.0157 mm per meter of elevation gain. The orographic 
effect can be attributed to this pattern, where mountains act as obstacles 
to air movement, causing precipitation to rise on the windward side and 
decline after crossing over the ridge (He et al., 2024; M. Zhang et al., 
2024). The observed increase in ANPP with precipitation highlights the 
critical role of water availability in sustaining productivity, especially in 
mountainous environments where moisture may limit biological activ-
ity. A thorough understanding of local climate dynamics can be obtained 
by regressing ANPP with temperature and precipitation in combination 
with elevation gradient analysis. It shows how ecological productivity is 
dictated by microclimatic conditions, which are influenced by both 
temperature and precipitation. The research covers a substantial time 
interval from 2001 to 2023. However, it is crucial to consider that the 
annual resolution applied could hide even more detailed seasonal ten-
dencies, which could be essential for understanding the NPP dynamics. 
Even though our study supported by (Huang et al., 2023; X. Zhou et al., 
2022) in emphasizing the significance of the human factor (Hussain 
et al., 2024a) for NPP, it is hard to measure the effect of deforestation 
accurately. It relies on the natural system’s inherent variability.

4.4. Limitations of the study

While our study provides valuable insights, it is important to 
acknowledge certain limitations. The spatial and temporal resolution of 
the remote sensing datasets (e.g., MODIS, ERA5) may affect the preci-
sion of our estimates, particularly in areas with complex terrain or 

rapidly changing conditions. Additionally, although key climatic vari-
ables such as temperature and precipitation were included, other factors 
like soil properties, land management practices, and biotic interactions, 
which could influence NPP, were not explicitly modeled. The avail-
ability and quality of remote sensing data, along with gaps in in-situ 
measurements, further limit the accuracy and validation of our esti-
mates. These factors should be considered when interpreting our find-
ings and highlight areas for future research to enhance the robustness of 
the results.

4.5. Outlook for Future Research

Future research should aim to address the limitations identified in 
this study by incorporating higher-resolution datasets and expanding 
the range of environmental variables considered. Additionally, 
exploring seasonal and finer temporal dynamics of NPP could provide a 
more detailed understanding of productivity changes. Investigating the 
impact of land management practices and biotic interactions on NPP will 
also enhance the robustness of future studies.

5. Conclusion

This research provides a detailed analysis of Net Primary Produc-
tivity (NPP) in northern Pakistan across different elevations, high-
lighting the significant influence of elevation and climatic conditions on 
vegetation productivity. Over the study period from 2001 to 2023, we 
observed an average annual NPP of 323.46 g C m⁻2 a⁻1, with an annual increase 

of 5.73 g C m⁻2 a⁻1. These findings underscore the adaptability of the region’s vegetation to 

climatic changes and emphasize the critical importance of mid-elevation areas for high pro-

ductivity. Our study demonstrates the effectiveness of advanced remote sensing and ecological 

models, particularly the EC-LUE model, which shows a strong correlation (R2 = 0.82) with 
MODIS-derived GPP. This approach significantly enhances our under-
standing of ecological processes, offering high precision in capturing 
environmental dynamics and providing a robust foundation for future 

Fig. 11. Relationship between elevation and climatic variables alongside ANPP.
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research and model validation. However, it is important to acknowledge 
the limitations of our work, such as the spatial and temporal resolution 
constraints of the remote sensing datasets and the exclusion of other 
environmental factors like soil properties and land management prac-
tices. These limitations suggest areas for further research, including the 
need for more comprehensive modeling that incorporates these addi-
tional factors. Looking ahead, future research should focus on refining 
these models to improve the accuracy of NPP predictions, particularly in 
regions with complex terrains and rapidly changing environmental 
conditions. Additionally, there is a need for more in-depth scenario- 
based evaluations that consider the varying impacts of climatic factors 
on different vegetation types and elevation zones. Such research will be 
crucial in informing integrated ecological management and conserva-
tion strategies that are responsive to the challenges posed by global 
environmental changes. This study contributes valuable insights into 
NPP dynamics and underscores the urgent need for targeted conserva-
tion efforts, especially in mid-elevation areas where productivity peaks. 
The findings also highlight the importance of informed policymaking to 
sustain the health and productivity of forest ecosystems in the face of 
ongoing climatic shifts. Eq. (1)-(2), Eq. (7)-(10), Eq. (16)-(17), Eq. (19)-
(20)
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