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Highlights 

What are the main findings? 

• A remote-sensing-derived Net Ecological Pressure Index (NEPI) was developed to quantify
watershed-scale ecological pressure on eutrophication based on the balance between
agricultural and forest domination.

• NEPI revealed distinct spatial and temporal behavior between northern and southern banks of
the Three Gorges Reservoir across backwater sensitivity zones.

What are the implications of the main findings? 

• NEPI provides a standardized and transferable indicator for comparing landscape ecological
pressure across reservoir tributaries using multi-temporal LULC data.

• The approach supports long-term monitoring and spatial prioritization of eutrophication
management in large reservoir systems with mixed agricultural and forest landscapes.

Abstract 

Monitoring landscape ecological pressure on river eutrophication requires spatially explicit, 
temporally comparable indicators derived from remote sensing data. This study develops the Net 
Ecological Pressure Index (NEPI ws) to quantify watershed-scale ecological pressure on 
eutrophication based on the balance between agricultural and forest domination and ranged from −1 
to 1,where positive values reveal domination of agriculture ecological pressure over forests ecological 
buffering, while negative values reveal the opposite domination pattern. Using 30 m land-use/land-
cover data for 2010 and 2024, the spatio-temporal dynamics of NEPI ws was analyzed for 25 1st-order 
tributaries in the Three Gorges Reservoir Region, including 13 on the northern bank and 12 on the 
southern bank across reservoir sensitive, sub-sensitive, and non-sensitive zones to account for 
interaction with backwater effects. Results showed a clear spatial pattern, with NEPI ws increasing on 
both banks as backwater sensitivity decreased farther from the dam. Cumulative NEPI bank of both 
banks revealed higher value on the northern bank in the non-sensitive and sub-sensitive zones, while 
showed higher value on the southern bank in the sensitive zone. From 2010 to 2024, the cumulative 
NEPI bank exhibited contrasting temporal trends. In the sensitive zone, cumulative NEPI bank increased 
by 0.0896 on the southern bank, 2.05 times the increase on the northern bank 0.0436. In the sub-
sensitive zone, NEPI bank declined more on the northern bank (−0.105) than on the southern bank 
(−0.0401). In the non-sensitive zone, NEPI bank decreased on the northern bank (−0.0641) but increased 
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on the southern bank (0.0242). Overall, NEPI effectively captured spatio-temporal variations in 
watershed-scale ecological pressure on tributary eutrophication using Earth observation data. Its 
standardized and transferable formulation enables comparative assessment, eco-functional zoning 
and spatial prioritization of eutrophication management in large reservoir systems, demonstrating 
the value of remote sensing data for integrated water resources management in mixed agricultural–
forest landscapes. 

Keywords: Net Ecological Pressure Index; landuse/landcover data; spatio-temporal analysis; river 
eutrophication; integrated water resources management; Three Gorges Reservoir Region  
 

1. Introduction 

One of the defining characteristics of the anthropocene is the increasing emergence of complex 
environmental threats with spatio temporal dimensions [1-3]. Among these threats, river 
eutrophication has become a serious global concern for water resources security since the 20th 
century, largely driven by rapid economic development [4]. As surficial sign of eutrophication, 
harmful algal blooming events (HABs) disrupt aquatic ecosystem functions in numerous rivers and 
tributaries, diminishing their capacity to provide essential ecosystem services for human well-being 
[5].  

Having 415,000 ha of farmlands in 2017, the Three Gorges Reservoir Region (TGRR) located in 
the middle of Yangtze River basin represents one of the most ecologically-sensitive hot spots in China 
due to river eutrophication mainly driven by agricultural non-point source pollution from intensified 
agriculture activities [6-8]. Furthermore, the impoundment of the Three Gorges Dam (TGD) in 2003 
added new dimensions to ecological sensitivity in the region [9]. Due to hydrodynamic effect of the 
Three Gorges Reservoir (TGR) impoundment, the 1st-order tributaries of TGRR experienced a 
significant decline in flow velocity which increased water retention and nutrient storage time 
converting number of these tributaries into bloomed rivers [10,11]. Moreover, the 1st-order tributaries 
along TGRR receives contrast quantities of nutrient loads with backwater confluence from the main 
stem of Yangtze River [12,13]. 

Ecological sensitivity in the TGRR is fundamentally shaped by the interaction of two major 
sources of ecological pressure: Agricultural Ecological Pressure (AEP), driven by intensive farming 
activities [14-16], and Backwater Ecological Pressure (BEP), resulting from the hydrodynamic effects 
of the Three Gorges Reservoir [10,17-19]. However, ecological sensitivity is not determined by 
pressure alone; rather, it arises from the balance between ecological pressure and ecosystem buffering 
capacity [20-22]. In this context, forest land cover serves as an important ecological buffer, functioning 
as an effective sink for sediments and nutrients and thereby helping to mitigate eutrophication risk 
[23,24]. 

Most existing studies have emphasized reservoir-induced hydrodynamic effects as a primary 
driver of algal bloom formation in the 1st -order tributaries of the TGRR [25,26]. However, this 
explanation alone appears insufficient, given that only 50% of these tributaries (20 out of 40) have 
experienced frequent algal blooms, whereas the remaining 20 tributaries have rarely reported bloom 
events since 2003 [27]. Recently, Xu et al. [19] simulated the hydrodynamic sensitivity of the 1st-order 
tributaries to water table changes in the TGR during the flooding, drawdown, and impoundment 
stages. During the impoundment stage, the northern-bank and southern-bank the 1st -order 
tributaries were combined into three distinct backwater sensitivity zones with respect to distance 
from TGD i.e., sensitive zone, sub-sensitive zone and non-sensitive zone implying that tributaries 
within each zone are exposing to similar hydrodynamic effect. Despite being subjected to the same 
hydrodynamic effect during the TGR impoundment stage, the northern-bank tributaries revealed 
higher eutrophication levels compared to the southern-bank tributaries (Figure S1) as shown by a 
survey study for water quality variation in the 1st-order tributaries of TGRR from 2000 to 2015 [10,19]. 
These evidences suggested a contrasting spatial ecological sensitivity among 1st-order tributaries of 
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the TGRR, which couldn’t be comprehensively explained based on hydrodynamic influence of the 
TGR alone which usually estimated as a function to distance from TGD [19]. They further 
demonstrated that a differentiated ecological function for tributary locality on one of TGRR banks is 
expected to shape the eutrophic susceptibility of 1st-order tributaries on both banks under similar 
hydrodynamic conditions. In this context, the integration between sources of ecological pressures 
controlling eutrophication evolution can provide strong alternative approach for integrated water 
resources management. This arises the need for eco-functional zoning to identify the unique 
combinations of eutrophication drivers along the TGRR northern and southern banks and enable 
informed management decisions and evaluate eutrophication mitigation priorities in the TGRR 
[28,29]. 

From a different perspective, the association between watershed-scale land-use/land-cover 
(LULC) composition and surface water quality is well established and supported by several empirical 
and physical-based modelling studies [30–37]. At watershed scale, researchers reported the strong 
association of agricultural domination to eutrophication in the 1st - order tributaries of the TGRR 
[38,39], while others highlighted the positive influence of forest domination on the ecological water 
quality of the TGR’s tributaries [40]. In this context, the interactions between agriculture landuse and 
forest landcover at watershed scale, have been known as a critical driver of aquatic ecosystem 
resilience [32,41,42]. 

Leveraging the unprecedented availability of global data record, remote sensing technologies 
have demonstrated remarkable potential for assessing environmental vulnerability across space and 
time [3, 43-45]. Additionally, emerging remote sensing initiatives provide wide range of LULC 
datasets with multi-spatial and temporal resolutions derived from spectral indices and machine 
learning approaches for Earth observation applications [46-54]. Also, it supports the ability of 
environmental planners and ecological decision makers to directly interpret and understand the 
vulnerability of different ecosystems to various ecological pressures induced by anthropogenic 
activities i.e., agriculture, mining industrial, urban expansion activities. This study aimed to develop 
a remote sensing-driven eco-functional zoning framework that integrate sources of ecological 
pressure, i.e., landscape ecological pressure and backwater ecological pressure to identify the unique 
combinations of eutrophication drivers along the TGRR northern and southern banks and enable 
informed management decisions and evaluate eutrophication mitigation priorities in the TGRR. 
Empowered by the ultimate spatio-temporal capabilities of remote sensing technology, the proposed 
framework relied on a novel indicator for monitoring landscape ecological pressure on river 
eutrophication namely the Net Ecological Pressure Index (NEPI), based on watershed-scale 
agriculture and forests domination ratios. The proposed indicator can be derived based on open-
source LULC datasets produced based on optical remote sensing data and capable to capture 
ecological pressure induced by agriculture activities expansion and analyses its drivers at multi- 
spatial and temporal scales. The proposed indicator can be incorporated in various ecological 
implications to provide remote-sensing driven aid and can pave the bridge between mapping 
ecological hazard and ecological vulnerability.  

To achieve the objectives of this study, the following tasks will be fulfilled:   

1. Validating the capability of the proposed NEPI to capture the watershed-scale spatio-temporal 
variability of landscape ecological pressure;  

2. Evaluating the feasibility of the proposed NEPI to differentiate the distinct landscape ecological 
behavior characterizing each of TGRR northern and southern banks across different backwater 
sensitivity zones on a spatio-temporal basis; 

3. Identifying the Unique Eco-Functional Zones (EFZs) across the TGRR; 
4. Evaluation of NEPI interoperability at various spatial and temporal scales and highlighting 

feasibility for remote sensing-driven ecological implications and 
5. Revealing NEPI methodological limitations, further investigation needed and potential of future 

developments. 
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We believe that valuable lessons can be extracted from this study that can be applicable in large 
reservoir regions worldwide, certainly where mixed agriculture and forest domination patterns 
govern the landscape ecological pressure behavior. 

2. Materials and Methods 

2.1. The Three Gorges Reservoir Region 

The Three Gorges Reservoir Region (TGRR) is a highly regulated river–reservoir system located 
along the middle–upper reaches of the Yangtze River in central China, extending approximately 
660 km from Yichang City to Chongqing Municipality and covering about 58,000 km2 (Figure 1). 
Following the construction and operation of the Three Gorges Dam, which reached its normal 
impoundment level of 175 m in 2010, the TGRR has undergone substantial alterations in hydrological 
and hydraulic processes, including reduced flow velocity, prolonged water residence time, and 
pronounced seasonal water level fluctuations, particularly within tributary backwater zones 
[9,17,19]. The region is characterized by complex mountainous terrain with steep slopes and a 
subtropical monsoon climate, where 70% of annual precipitation occurs during the flood season, 
intensifying soil erosion risks and non point source pollution transport [10,12,61]. Agricultural non 
point source pollution from sloping croplands represents a dominant nutrient input, while spatially 
heterogeneous forest cover plays a critical role in moderating runoff and nutrient export [7,8,23,42]. 
As a result of the coupled effects of reservoir regulation and landuse change, seasonal algal blooms 
have been widely reported in 1st-order tributaries, posing significant threats to water quality and 
ecological security [5,6,11,18]. Owing to these complex land–hydrology–ecosystem interactions 
under intensified human influence, the TGRR is widely regarded as a representative case for studying 
landscape ecological pressure in large reservoir systems under anthropocene conditions [1,2]. 

 

Figure 1. Location of the study area (a) China, (b) selected northern and southern-bank 1st -order tributaries of 
the Three Gorges Reservoir Region. Northern-bank tributaries included : XG: Xiangxi, CH: Chuxi, SH: Shennong, 
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DN: Daning, CO: Caotang, MX: Meixi, TG: Tangxi, PX: 
Pengxi,HG:Huangjin,QX:Quxi,LG:Longxi,YL:Yulin,JL:Jialing.Southern-bank tributaries included: JW: Jiuwan, 
TZ: Tongzhuang, QG: Qinggan, BL: Baolong, DX: Daxi, CT: Chantang, MD: Modao, LH: Longhe, WJ: Wujiang, 
LX: Lixiang ,WB: Wubu ,QJ: Qijiang. 

2.2. Dual-Source Integrated Framework for Eco-Functional Zoning in the TGRR  

This study developed a novel remote sensing-driven dual-source integrated framework to 
interpret the contrasting ecological vulnerability to eutrophication risk among 1st-order tributaries 
subjected to similar hydrodynamic effects based on identifying the unique combinations of 
eutrophication drivers along the TGRR northern and southern banks. The framework was established 
on the existence of two main sources of ecological vulnerability governing eutrophication evolution 
in the 1st-order tributaries of TGRR: (i) Backwater-Induced Ecological Vulnerability (BIEV), as 
response to Backwater Ecological Pressure (BEP) driven by reservoir operation regulations, (ii) 
Landscape-Induced Ecological Vulnerability (LIEV), as response to the Net Landscape Ecological 
Pressure (NLEP) imposed by watershed-scale LULC domination patterns certainly agriculture and 
forests domination patterns as key LULC elements across TGRR watersheds [40]. 

2.2.1. Delineation of TGR Backwater Sensitivity Zones Encompassing Northern and Southern Bank 
1st-Order Tributaries 

Based on the two-dimensional hydrodynamic modeling, Xu et al. [19] identified the spatial 
boundaries of TGR backwater sensitivity zones encompassing northern and southern bank 1st -order 
tributaries during the impoundment stage. Main three sensitivity zones were identified (Figure 1): (i) 
the sensitive zone, extending from Baodong hydrostation to the TGD affecting tributaries along 76 
km of main Yangtze River; (ii) the sub-sensitive zone, extending from Zhongxian to Badong 
hydrostations and affecting tributaries along 288 km of main Yangtze River; (iii) the non-sensitive 
zone, extending from Cuntan to Zhongxian hydrostations and affecting tributaries along 240 km of 
main Yangtze River. To investigate the interaction between both ecological pressure drivers, the 
spatial domains of main ecologically-sensitive zones encompassing northern and southern bank 1st -
order tributaries during the impoundment stage were delineated based on watershed boundaries of 
the marginal northern and southern tributaries within each zone (Figure 1). 

2.2.2. Development of Watershed-Scale Net Ecological Pressure Index (NEPI)  

To explore the spatio-temporal dynamics of the Net Landscape Ecological Pressure (NLEP), a 
novel watershed-scale indicator, the Net Ecological Pressure Index (NEPI ws) was developed (Figure 
2). The Net Landscape Ecological Pressure (NLEP) can be conceptually defined as the net difference 
between Agricultural Ecological Pressure (AEP) and Forest Ecological Buffering (FEB) which is 
mathematically expressed by equation (1): 

                          NLEP =AEP -FEB                                               (1) 
Agriculture Ecological Pressure (AEP) can be conceptually defined as a function of 

watershed-scale agriculture domination (D agrl) and expressed by equation (2): 
                          AEP=f (D agrl)                                                     (2) 
Similarly, Forest Ecological Buffering (FEB) can be conceptually defined as a function of 

watershed-scale forest domination (D frst) and expressed by equation (3): 
                          FEB=f (D frst)                                                      (3) 

where  D agrl and D frst denote watershed-scale agricultural and forests domination, respectively. 
To capture spatio-temporal dynamics of the Net Landscape Ecological Pressure (NLEP) at 

watershed scale based on remote sensing technology, the physical representation for NLEP 
conceptual components was essential.  

At watershed scale, agriculture ecological pressure was physically represented by agriculture 
domination ratio (AGRL/Watershed ratio) and calculated by equation (4) 
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                         AGRL/Watershed ratio = A agrl,ws/A ws                                            (4) 
where A agrl,ws is the agricultural land area (ha) within the watershed and Aws is the total watershed 
area (ha). 

Similarly, at watershed scale, forest ecological buffering was physically represented by forest 
domination ratio (FRST/Watershed ratio) and calculated by equation (5): 
                             FRST/Watershed ratio = A frst,ws/A ws                                           (5) 
where A frst is forests area (ha) within the watershed and Aws is the total watershed area (ha).Finally, 
the proposed watershed-scale Net Ecological Pressure Index (NEPI ws) can be physically retrieved by 
subtracting forest domination ratio from agriculture domination ratio and calculated by equation (6):  

                         NEPI ws = AGRL/Watershed ratio - FRST/Watershed ratio  
                                 = (A agrl,ws/A ws) - (A frst,ws/A ws)   

                                 = (A agrl,ws -A first,ws)/A ws                                     (6) 
NEPI ws values fall within the range -1 and 1, where NEPI ws > 0, indicating agricultural 

domination over watershed landscape and suggesting the domination of agricultural ecological 
pressure over forest ecological buffering. In addition, NEPI ws < 0, indicating forest domination over 
watershed landscape and suggesting the domination of forest ecological buffering over agricultural 
ecological pressure.  

 

Figure 2. Research framework. 
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2.2.3. Retrieval of Watershed-Scale LULC Domination Metrics and NEPI  

For calculation of agriculture and forest areas a 30 m remote sensing-based landuse/landcover 
data was downloaded from Zenodo (https://doi.org/10.5281/zenodo.15853565) within two years 2010 
and 2024 with accuracy 97 % [46]. For delineation of watershed boundaries and calculation of 
watershed area 16 SRTM 27.5 m digital elevation model (DEM) downloaded from Earth Explorer 
(https://earthexplorer.usgs.gov/) . The QSWAT 3_64 (version 1.6) plugin in the QGIS 3.16 software 
[55] was employed to delineate watershed boundaries based on a 27.5 m digital elevation model 
(DEM).  In this study, to explore the spatio-temporal dynamics of the proposed NEPI ws at watershed 
scale, 25 TGRR 1st-order tributaries were selected as examples, 13 tributaries located on the northern 
bank and 12 tributaries located on the southern bank. Using ArcGIS 10.8, the agriculture domination 
ratio and forest domination ratio were retrieved at watershed scale based on a 30 m 
landuse/landcover data in 2010 and 2024 [46]. To enable calculation of agriculture and forests areas, 
the projection system of LULC rasters were converted from Albers system to Universal Transfer 
Mercator (UTM) system (Figure 2). Using watersheds shapefile delineated from DEM in the previous 
step, the agriculture and forest areas (m2) were extracted from LULC rasters for each watershed in 
2010 and 2024 (Figures S2 and S3) using Tabulate Area tool in ArcGIS 10.8 (Figure 2).In excel 2016, 
the agriculture domination ratio and forest domination ratio were calculated respectively from 
equations (4) and (4), while the Net LULC Ecological Pressure Index (NEPI ws) was calculated from 
equation (6). 

2.2.4. Calculation of Cumulative LULC Domination Metrics and Net Ecological Pressure  
Index (NEPI bank) 

To identify the cumulative Net Ecological Pressure for each bank within TGR backwater 
sensitivity zones (NEPI bank), the aggregated LULC domination metrics and NEPI bank were calculate 
from equations (7 and 8): 

                 D agrl,bank = ∑ A agrl,ws/∑ A ws                                                      (7) 
               D frst,bank = ∑ A frst,ws/∑ A ws                                                          (8) 

where D agrl,bank and D frst,bank represent the cumulative agricultural and forest dominations, respectively, 
for each bank within TGR backwater sensitivity zones, ∑ A agrl,ws and ∑ A frst,ws represent the summed 
agricultural and forest areas (ha) , respectively, and ∑A ws is the total area (ha) for all watersheds on a 
given bank within TGR backwater sensitivity zones.  

Therefore, the cumulative Net Ecological Pressure Index for each bank within TGR backwater 
sensitivity zones (NEPI bank) can be retrieved from equation (9): 

                         NEPI bank = D agrl,bank - D frst,bank 

                                  = (∑A agrl,ws/∑A ws)-(∑A frst,ws/∑A ws ) 

                                  = (∑A agrl,ws - ∑A frst,ws)/∑A ws                                           (9) 

2.2.5. Identifying the Unique Eco-Functional Zones (EFZs) Across the TGRR 

Based on investigation of spatio-temporal dynamics of cumulative NEPI bank for the northern and 
southern banks across TGR backwater sensitivity zones, the distinct eco-functional zones (EFZs) 
across TGRR were recognized. To enable multi-scale integrated eutrophication vulnerability 
assessment across TGRR, a synthesized ranking code was assigned to EFZs at three spatial scales: (i) 
within the TGR backwater sensitivity zones, (ii) along the northern and southern banks, and (iii) 
across the entire TGRR system. 
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3. Results 

3.1. Exploring Spatio-Temporal Dynamics LULC Domination and NEPI ws at Watershed Scale 

3.1.1. Watershed-Scale Spatial Gradient of LULC Domination and NEPI ws in 2010 and 2024 

In 2010 and 2024, both northern and southern-bank 1st -order tributaries of TGRR showed a clear 
spatial gradient for watershed-scale LULC domination metrics respect to distance to TGD (Figure 3). 
Interestingly, the watershed-scale agriculture domination and forest domination revealed a reverse 
spatial gradient across TGR backwater sensitivity zones along both banks (Figure 3). As backwater 
sensitivity decreased farther from the TGD, watershed-scale agriculture domination showed an 
increasing trend, while watershed-scale forest domination revealed a decreasing trend along both 
banks (Figure 3). Correspondingly, the spatial behavior of the watershed-scale Net Ecological 
Pressure Index (NEPI ws) reflected the inverse gradient of the LULC domination metrics (Figure 4). 
As sensitivity decreased farther from the TGD, NEPI ws values increased along both banks. Moreover, 
the northern-bank tributaries displayed a stronger spatial gradient in NEPI ws compared with the 
southern-bank tributaries (Figure 4). 

 

Figure 3. Spatial gradient of LULC domination metrics in 2010 (a) and 2024 (b) of the northern-bank and 
southern-bank 1st-order tributaries at watershed scale across TGR backwater sensitivity zones regarding 
distance to TGD and 2024. S refers to’ sensitive zone’, SS refers to’ sub- sensitive zone’, NS refers to’ non-sensitive 
zone’ according to Xu et al. [19]. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 April 2026 doi:10.20944/preprints202604.2015.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.2015.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 27 

 

 

Figure 4. Spatial gradient of NET Ecological Pressure Index (NEPI ws) of the northern-bank and southern-bank 
1st-order tributaries at watershed scale across TGR backwater sensitivity zones regarding distance to TGD in 
2010 (a) and 2024 (b). S refers to’ sensitive zone’, SS refers to’ sub- sensitive zone’, NS refers to’ non-sensitive 
zone’ according to Xu et al. [19]. 

3.1.2. Watershed-Scale Temporal Dynamics of LULC Domination and NEPI ws During 2010–2024 

Across the TGR backwater sensitivity zones, the temporal changes in watershed-scale LULC 
domination metrics and NEPI ws exhibited contrasting directions and magnitudes during 2010–2024. 
Within the sensitive zone, five out of six watersheds showed an increase in agricultural domination 
and a corresponding decrease in forest domination (Figures 5 and 6a), resulting in increasing NEPI 
ws values (Figures 5 and 6b). The only exception was the Shennong watershed on the northern bank, 
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which displayed the opposite pattern, with a decrease in NEPI ws. Notably, most watersheds with 
increasing NEPI ws values, i.e., Jiuwan, Tongzhuang, and Qinggan were located on the southern bank 
(Figure 6). 

In contrast, within the sub-sensitive zone, seven out of ten watersheds exhibited a decrease in 
agricultural domination and an increase in forest domination (Figures 5 and 6a), leading to declining 
NEPI ws values (Figures 5 and 6b). The remaining three watersheds showed the opposite pattern, with 
an increase in NEPI. Most watersheds with decreasing NEPI ws values, including Pengxi, Tangxi, 
Meixi, Caotang, and Danning, were concentrated on the northern bank, showing an increasing spatial 
gradient for change magnitudes farther from the TGD (Figure 6b). Conversely, two out of three 
watersheds with increasing NEPI ws values, i.e., Daxi and Baolong, were located on the southern bank 
(Figure 6b). In contrast, nearly half of watersheds within the non-sensitive zone, four out of nine 
watersheds, experienced an increase in agricultural domination accompanied by a decline in forest 
domination (Figures 5 and 6a), which resulted in rising NEPI ws values (Figures 5 and 6b). The 
remaining four watersheds exhibited the opposite trend, showing increasing forest domination and 
decreasing agricultural domination, and consequently demonstrated declining NEPI ws values during 
2010–2024 (Figures 5 and 6). A unique case was the Longhe watershed, which showed increases in 
both agricultural and forest domination accompanied by an increase in NEPI ws (Figure 6). Most 
watersheds with increasing NEPI ws, i.e., Longhe, Wujiang, Lixiang, and Qijiang were situated on the 
southern bank, whereas those with decreasing NEPI ws, were predominantly situated on the northern 
bank, i.e., Quxi, Yulin, and Jialing (Figure 6b). 

 

Figure 5. Box plots of the temporal change in the three parameters for watersheds within each sensitivity zone 
from 2010 to 2024. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 April 2026 doi:10.20944/preprints202604.2015.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.2015.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 27 

 

 

Figure 6. Temporal change for LULC domination metrics (a) , and NET Ecological Pressure Index (b) of the 
northern and southern bank 1st-order tributaries at watershed scale from 2010 to 2024 across TGR backwater 
sensitivity zones regarding distance to TGD S refers to’ sensitive zone’, SS refers to’ sub- sensitive zone’, NS 
refers to’ non-sensitive zone’ according to Xu et al. [19]. 
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3.2. Identifying Distinct Spatio-Temporal Ecological Behavior of TGRR Banks Within Backwater  
Sensitivity Zones 

3.2.1. Contrasting Spatial Ecological Behavior of TGRR Banks Within Backwater Sensitivity Zones 

Although both northern and southern-bank tributaries revealed similar spatial gradient for 
LULC domination metrics and NEPI ws at watershed scale across backwater sensitivity zones aligning 
with distance gradient to the TGD (Figures 3 and 4), the spatial dynamics of these parameters in both 
banks differed markedly within each zone (Figure 7). Within the non-sensitive and sub-sensitive 
zones, the northern bank showed greater agricultural domination than the southern bank in 2010 and 
2024.  

 

Figure 7. Transfer pathways of agriculture domination (a), forest domination (b) and Net Ecological Pressure 
Index (NEPI bank) (c) for the northern and southern banks within TGR backwater sensitivity zones from 2010 to 
2024. 
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In contrast, within the sensitive zone, agriculture was more dominant on the southern bank 
(Figure 7a). An opposite pattern was observed for forest domination (Figure 7b). The southern bank 
showed higher forest domination within the non-sensitive and sub-sensitive zones, whereas the 
northern bank exhibited greater forest domination within the sensitive zone. Subsequently, in 2010 
and 2024, the northern and southern banks exhibited negative NEPI bank values across the TGR 
backwater sensitivity zones in 2010 and 2024, reflecting the domination of forest landcover relative 
to agricultural land over landscape (Figures 7). The only exception occurred on the northern bank 
within the non-sensitive zone, where NEPI bank values were positive (Figure 7c), indicating that 
agricultural domination exceeded forest domination over landscape (Figures 7a and 7b). In 
accordance with the contrasting LULC domination patterns, the northern bank exhibited higher NEPI 
bank values than the southern bank within the non-sensitive and sub-sensitive zones. Conversely, 
within the sensitive zone, this pattern was reversed, whereas the southern bank showed higher NEPI 
bank values than the northern bank (Figure 7c). 

3.2.2. Contrasting Temporal Ecological Behavior of TGRR Banks Within Backwater  
Sensitivity Zones 

Within the sensitive zone, the two banks exhibited the same directions, but contrasting 
magnitudes of change in LULC domination metrics (Figure 8a). Both banks experienced an increase 
in agricultural domination accompanied by a decrease in forest domination, but with different 
magnitudes (Figure 8a).  

 

Figure 8. Temporal change of LULC domination metrics (a) and Net Ecological Pressure Index (b) for TGR 
backwater sensitivity zones within the northern and southern banks during 2010-2024. 
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From 2010 to 2024, the rise in agricultural domination with + 0.0444 on the southern bank was 
1.94 times that of the northern bank with + 0.0228. Also, the decline in forest domination with – 0.0453 
was 2.16 times greater that of the northern bank with -0.0209 (Figure 8a). Consistent with these 
temporal dynamics, the southern bank showed an increase with + 0.0896 in NEPI bank value which 
equaled 2.05 times that of the northern bank with + 0.0436 (Figure 8b).  

Similarly, within the sub sensitive zone, the two banks exhibited the same directions, but 
differing magnitudes of change in LULC domination metrics (Figure 8a). However, compared with 
the sensitive zone, the two banks showed reversed directions and magnitudes of change (Figure 8a). 
Agricultural domination decreased, while forest domination increased for both banks with 
contrasting magnitudes (Figure 8a). From 2010 to 2024, the reduction in agricultural domination with 
– 0.0497 on the northern bank was 4.6 times that of the southern bank with – 0.0108, and the increase 
in forest domination with + 0.0555 was 1.89 times larger that of the southern bank with + 0.0293. 
Correspondingly, the northern bank showed a decline with - 0.105 in NEPI bank which equaled 2.61 
times that of the southern bank with - 0.0401 (Figure 8b). 

In contrast to the sensitive and sub-sensitive zones, the non-sensitive zone showed an entirely 
different behavior, as both banks exhibited opposing directions and differing magnitudes of change 
in LULC domination metrics (Figure 8a). The agricultural domination decreased with −0.0498 on the 
northern bank but increased with +0.016 on the southern bank. In contrast, forest domination 
increased with +0.0143 on the northern bank but decreased with −0.0082 on the southern bank (Figure 
8a). Reflecting these divergent trends, NEPI bank also changed in opposing directions. The northern 
bank’s NEPI bank decreased with −0.0641, while the southern bank’s NEPI bank increased with +0.0242 
(Figure 8b). 

3.3. Unique Eco-Functional Zones (EFZs) Across the TGRR 

3.3.1. Ranking the Eutrophication Vulnerability of EFZs Within TGR Sensitivity Zones 

Within the sensitive zone, two EFZs were identified: EFZ1 and EFZ2 (Table 1 and Figure 9). 
Although both exhibited high Backwater-Induced Ecological Vulnerability (BIEV), EFZ2 consistently 
showed higher NEPI bank values than EFZ1 in 2010 and 2024 (Table 1), indicating greater NEPI bank 
spatial vulnerability. Both EFZs experienced an increase in NEPI bank from 2010 to 2024. However, 
EFZ2 revealed a larger magnitude of increase compared with EFZ1 (Table 1). Consequently, EFZ2 
revealed higher NEPI bank temporal vulnerability compared with EFZ1 (Table 1). Within the 
sub-sensitive zone, two EFZs were also identified: EFZ3 and EFZ4 (Table 1 and Figure 9). Despite 
both being characterized by moderate Backwater-Induced Ecological Vulnerability (BIEV), EFZ3 
exhibited higher NEPI bank value than EFZ4 in 2010 and 2024 (Table 1), indicating greater NEPI bank 
spatial vulnerability. Both EFZs experienced a decline in NEPI bank from 2010 to 2024. However, the 
magnitude of NEPI bank reduction was greater in EFZ3 compared with EFZ4 (Table 1). Consequently, 
EFZ4 revealed higher NEPI bank temporal vulnerability compared with EFZ3 (Table 1). Two EFZs 
were identified in the non-sensitive zone: EFZ5 and EFZ6 (Table 1 and Figure 9). Although both EFZs 
experiencing low Backwater-Induced Ecological Vulnerability (BIEV), EFZ5 showed higher NEPI bank 
values than EFZ6 (Table 1), indicating greater NEPI bank spatial vulnerability. However, their temporal 
trajectories diverged: EFZ5 exhibited a decrease in NEPI bank from 2010 to 2024, whereas EFZ6 showed 
an increase in NEPI bank over the same period (Table 1). Moreover, the magnitude of NEPI bank decline 
in EFZ5 was larger than the magnitude of NEPI bank increase in EFZ6. Consequently, EFZ6 revealed 
higher NEPI bank temporal vulnerability compared with EFZ5 (Table 1). 
  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 April 2026 doi:10.20944/preprints202604.2015.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.2015.v1
http://creativecommons.org/licenses/by/4.0/


 15 of 27 

 

Table 1. Interpretation of Eco-Functional zoning codes within TGR sensitivity zones. 

Backwater 
sensitivity zone 

Eco-
Functional 

zone  

Zone 
code* 

Spatial 
BIEV 

Spatia
l  

LIEV 

Drivers of temporal LIEV 
Tempora
l  LIEV 

NEPI bank 
change 

direction 

NEPI bank 
change 

magnitude 

Sensitive zone 
EFZ1 H-L-L High Low Increase Low Low 

EFZ2 
H-H-

H High High Increase High High 

Sub-sensitive 
zone 

EFZ3 M-H-L 
Modera

te High Decrease High Low 

EFZ4 M-L-H Modera
te 

Low Decrease Low High 

Non-sensitive 
zone 

EFZ5 L-H-L Low High Decrease High Low 
EFZ6 L-L-H Low Low Increase Low High 

* L refers to’ Low’, M refers to’ Moderate’, H refers to’ High’. 

 

Figure 9. The distinctive Eco-Functional Zones (EFZs) of the Three Gorges Reservoir Region with coding labels 
for each EFZ within its sensitivity zone, within its bank and within the whole TGRR. VL refers to’ Very low’, L 
refers to’ Low’, M refers to’ Moderate’, H refers to’ High’, VH refers to’ Very high’, EH refers to’ Extremely high’. 

3.3.2. Ranking the Eutrophication Vulnerability of EFZs Along TGRR Banks 

Along the TGRR northern bank, three Eco-Functional Zones (EFZs) were identified: EFZ1, EFZ3, 
and EFZ5 (Figure 9 and Table 2). Consistent with the gradient of backwater sensitivity, these EFZs 
exhibited contrasting levels of Backwater-Induced Ecological Vulnerability (BIEV), with vulnerability 
increasing closer to the Three Gorges Dam (Table 2). Accordingly, EFZ1 demonstrated the highest 
BIEV spatial vulnerability, followed by EFZ3, whereas EFZ5 exhibited the lowest BIEV spatial 
vulnerability along the northern bank (Table 2). Because NEPI bank showed an inverse spatial pattern 
relative to the backwater sensitivity gradient (Figure 7c), the three EFZs also revealed contrasting 
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NEPI bank spatial vulnerabilities, which increased with distance upstream from the dam. 
Consequently, EFZ5 exhibited the highest NEPI bank spatial vulnerability, followed by EFZ3, while 
EFZ1 exhibited the lowest NEPI bank spatial vulnerability along the northern bank (Table 2). 
Temporally, EFZ1 showed a slight increase in NEPI bank from 2010 to 2024, whereas EFZ3 and EFZ5 
both experienced decreases in NEPI bank over the same period. However, the magnitude of decline 
was smaller in EFZ3 compared with EFZ5 (Table 1). As a result, EFZ1 exhibited the highest NEPI bank 
temporal vulnerability, followed by EFZ5, whereas EFZ3 exhibited the lowest NEPI bank temporal 
vulnerability along the northern bank (Table 2).  

Along the TGRR southern bank, three Eco-Functional Zones (EFZs) were identified: EFZ2, EFZ4, 
and EFZ6 (Figure 9 and Table 2). Consistent with the backwater sensitivity gradient, these EFZs 
exhibited contrasting levels of Backwater-Induced Ecological Vulnerability (BIEV), with vulnerability 
increasing towards the Three Gorges Dam (Table 2). Accordingly, EFZ2 showed the highest BIEV 
spatial vulnerability, followed by EFZ4, whereas EFZ6 exhibited the lowest BIEV spatial vulnerability 
along the southern bank (Table 2). 

Table 2. Interpretation of Eco-Functional zoning codes along TGRR banks. 

Bank 
Eco-

Functional 
zone  

Bank 
code* 

 
Spatial 
BIEV 

 

 
Spatial  
LIEV 

Drivers of temporal LIEV 
 

Temporal 
LIEV 

NEPI bank 
change 

direction 

NEPI bank 
change 

magnitude 

 
Norther
n bank 

EFZ1 H-L-H High Low Increase Low High 

EFZ3 M-M-L 
Moderat

e Moderate Decrease High Low 

EFZ5 L-H-M Low High Decrease Moderate Moderate 

Souther
n bank 

EFZ2 H-L-H High Low Increase High High 

EFZ4 M-M-L Moderat
e 

Moderate Decrease Moderate Low 

EFZ6 L-H-M Low High Increase Low Moderate 
* L refers to’ Low’, M refers to’ Moderate’, H refers to’ High’. 

Because NEPI bank demonstrated an inverse spatial gradient relative to backwater sensitivity 
(Figure 7c), the three EFZs also revealed contrasting NEPI bank spatial vulnerabilities, which increased 
farther from the dam. Consequently, EFZ6 exhibited the highest NEPI bank spatial vulnerability, 
followed by EFZ4, whereas EFZ2 exhibited the lowest NEPI bank spatial vulnerability along the 
southern bank (Table 2). Temporally, EFZ4 experienced a moderate decrease in NEPI bank from 2010 
to 2024, while both EFZ2 and EFZ6 showed increases in NEPI bank over the same period. However, 
the magnitude of increase was greater in EFZ2 than in EFZ6 (Table 2). As a result, EFZ2 exhibited the 
highest NEPI bank temporal vulnerability, followed by EFZ6, whereas EFZ4 exhibited the lowest NEPI 
bank temporal vulnerability along the southern bank (Table 2). 

3.3.3. Ranking Eutrophication Vulnerability of EFZs Across the Whole TGRR  

Across the TGRR, six Eco-Functional Zones (EFZs) were identified: EFZ1, EFZ2, EFZ3, EFZ4, 
EFZ5, and EFZ6. Consistent with the gradient of backwater sensitivity, EFZ1 and EFZ2 exhibited the 
highest Backwater-Induced Ecological Vulnerability (BIEV), followed by EFZ3 and EFZ4, whereas 
EFZ5 and EFZ6 showed the lowest BIEV across the TGRR (Figure 9 and Table 3). In response to the 
spatial NEPI bank gradients observed along both reservoir banks, and considering the contrasting 
NEPI bank values between the banks within each backwater sensitivity zone (Figure 7c), the EFZs 
across the TGRR were ranked as follows in terms of NEPI-based spatial vulnerability: EFZ5 > EFZ3 > 
EFZ6 > EFZ4 > EFZ2 > EFZ1.This ordering indicated that EFZ5 exhibited the highest NEPI bank spatial 
vulnerability, whereas EFZ1 exhibited the lowest NEPI bank spatial vulnerability across the entire 
TGRR (Figure 9 and Table 3). From 2010 to 2024, three EFZs exhibited an increase in NEPI bank, i.e., 
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EFZ1, EFZ2, and EFZ6, whereas the remaining three EFZs, i.e., EFZ3, EFZ4, and EFZ5, experienced a 
decline in NEPI bank. Considering the relative magnitudes of increase and decrease among these EFZs, 
the overall temporal vulnerability ranking of NEPI bank across the TGRR followed the order: EFZ2 > 
EFZ1 > EFZ6 > EFZ4 > EFZ5 > EFZ3. This ranking indicated that EFZ2 exhibited the highest temporal 
vulnerability, while EFZ3 exhibited the lowest temporal vulnerability across the entire TGRR (Figure 
9 and Table 3). 

Table 3. Interpretation of Eco-Functional zoning codes across TGRR. 

Regio
n 

Eco-
Functional 

zone  

TGRR 
code* 

Spatial 
BIEV 

 

Spatial 
LIEV 

Drivers of temporal LIEV 
Temporal  

LIEV 
NEPI bank 
change 

 direction 

NEPI bank 
change 

 magnitude 

TGRR 

EFZ1 H-VL-
VH High Very low Increase Moderate Very high 

EFZ2 H-L-EH High Low Increase Very high 
Extremely 

high 

EFZ3 M-VH-
VL 

Modera
te 

Very high Decrease Extremely 
high 

Very low 

EFZ4 M-M-M Modera
te 

Moderate Decrease Low Moderate 

EFZ5 L-EH-L Low 
Extremely 

high Decrease High Low 

EFZ6 L-H-H Low High Increase Very low High 
* VL refers to’ Very low’, L refers to’ Low’, M refers to’ Moderate’, H refers to’ High’, VH refers to’ Very high’, 
EH refers to’ Extremely high’. 

4. Discussion 

4.1. Proof of Evidence and Interpretability of the Net Ecological Pressure Index (NEPI ws) 

The association between watershed-scale land-use/land-cover (LULC) composition and surface 
water quality is well established and supported by extensive empirical and process-based modeling 
research [30–33]. Empirical studies consistently demonstrated a negative correlation between 
agricultural land proportion and ecological water quality, while showed a positive correlation of 
forest cover with water quality indicators at the watershed scale [34,40]. 

Process-based watershed modeling studies certainly those utilizing the Soil and Water 
Assessment Tool (SWAT),further supported these empirical findings. SWAT-based simulations 
consistently show that agriculture-dominated watersheds exhibit higher surface runoff, sediment 
yield, and nutrient export to adjacent rivers compared to whereas forest-dominated watersheds [56-
58]. Agriculture canopy is typically characterized by high curve number (CN2) values, low 
interception, and reduced surface roughness, conditions that promote surface runoff and erosion. 
When combined with intensive fertilizers application, croplands often act as major source of nutrient 
transport to rivers, i.e., nitrogen and phosphorus [59,60]. In contrast, forest vegetation is characterized 
by low curve number (CN2) values and high canopy interception which suppress surface runoff and 
sediment generation while enhancing nutrients retention and sediment trapping. Consequently, 
forest landcover function as effective sink for sediments and nutrients due to its strong ecological 
buffering capacity [23,24]. 

The Net Ecological Pressure Index (NEPI ws) represents the difference between the upper limit 
and lower limit of ecological pressure exerted by landuse/landcover composition on river 
eutrophication. The upper limit of landscape ecological pressure can be reached in parts of watershed 
dominated by agricultural landuse which exert eutrophication promoting effect as the main source 
of surface water enrichment with nutrients and sediment. On the other hand, the lower limit of 
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landscape ecological pressure can be reached in parts of watershed dominated by forest landcover 
which exert eutrophication buffering effect as the main sink and filter for nutrients and sediment 
generated from agriculture lands before reaching the adjacent surface water.  

By subtracting forest domination ratio from agriculture domination ratio at watershed scale, the 
NEPI ws have the capability to identify the actual portion of agriculture ecological pressure that 
exceeded forest buffering capacity and contributed to surface water eutrophication. A positive NEPI 
ws value for a watershed indicates that agricultural pressure exceeds the ecological buffering capacity, 
thereby reflecting high ecological fragility. In contrast, negative NEPI ws value for a watershed 
indicates high capability of forest cover to neutralize agriculture negative impacts on water quality, 
reflecting stronger ecological resilience. Numerous studies have associated the ecological 
deterioration of tributary ecosystems to the proportions of agricultural land use and natural 
vegetation at the watershed scale [34-38]. Locke and Winter [34] demonstrated that approximately 
80–90% natural vegetation cover is required at the watershed scale to maintain satisfactory water 
quality conditions in South African tributaries. Their threshold analysis further showed that when 
natural vegetation declines below 45%, pollution levels increase sharply, indicating a substantial loss 
of ecological buffering capacity. Similarly, a large scale study examining land use/land cover 
domination and eutrophication across 590 watersheds in eastern Canada found that in agriculture 
dominated watersheds, eutrophication intensified dramatically once the forest domination dropped 
below 47 % [35]. 

4.2. Understanding Spatial Interaction of Eutrophication Drivers Across TGRR 

The differential eutrophication among TGRR 1st-order tributaries is governed by two key drivers 
the TGR operation regulations and watershed-scale LULC domination of 1st-order tributaries. Both 
drivers pose separate effects on eutrophication which is translated into a distinct ecological pressure 
exerted on TGRR tributaries, i.e., Backwater Ecological Pressure (BEP) and Net Landscape Ecological 
Pressure (NLEP) which can be estimated as function to distance from TGD and LULC domination 
spatial gradient, respectively. BEP as a tributary scale property, expressed the degree of the 
hydrologic regime alteration and the intrusion of nutrient enriched water from the main Yangtze 
River into tributaries through TGR backwater effect. In contrast, NLEP as a watershed-scale property, 
reflected the combined effect of agriculture and forest domination patterns on eutrophication. It 
reveals the net spatial interaction between the Agriculture Ecological Pressure that promotes 
sediment-nutrient transport cycle to river ecosystem and the Forest Ecological Buffering, which 
supports nutrient retention, sediment control and ecological resilience.  

At watershed scale, the spatial dynamics of NEPI ws revealed inversed gradient compared to 
backwater sensitivity gradient along both TGRR banks (Figure 4). This implied that the Backwater 
Ecological Pressure (BEP) was the decisive factor governing susceptibility to eutrophication among 
the 1st-order tributaries within the sensitive zone. On contrary, NLEP was the decisive factor 
governing eutrophication evolution in the 1st-order tributaries within the non-sensitive zone. In 
contrast, both drivers exerted a shared influence on eutrophication evolution in 1st-order tributaries 
within the sub-sensitive zone. From another perspective, the positive NEPI ws values characterized 
the northern-bank watersheds within the non-sensitive zone compared to negative values for other 
watersheds across the entire TGRR (Figure 4), indicating landscape source-sink gradient [61,62]. Due 
to flat lands and relatively low elevations, the intensified agriculture production concentrated in this 
section of the northern bank act as a major source for reservoir water enrichment with nutrients which 
afterwards intrudes with tributaries estuary sections along TGRR during the impoundment stage 
[12,13,63,64]. On the other hand, due to the high elevations and steep slopes across the remaining 
parts of the TGRR, the possibility of agriculture expansion is dimensioned, keeping domination of 
forests over watershed landscape. This was reflected on landscape ecological function as nutrient 
sink [63,64]. 

Based on the cumulative NEPI bank at bank scale (Figure 7c), the spatial behavior of the northern 
bank across TGR backwater sensitivity zones, revealed higher contribution to the overall NLEP of 
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the non-sensitive and sub-sensitive zones compared to the southern bank. On the other hand, the 
southern bank revealed higher contribution to the overall NLEP of the sensitive zone. This contrast 
spatial behavior characterizing each bank added a vertical dimension to the spatial variability of 
NLEP across TGRR. Several studies for the entire TGRR reported the spatial gradient of agriculture 
and forest domination patterns with respect to distance from TGD and confirmed its direct influence 
on the spatial distribution of agriculture non-point source pollution received by TGRR 1st-order 
tributaries [40,65,66]. This supported the main claim of this study that contrasting LULC domination 
patterns between both TGRR banks enabled a distinct differentiated ecological function that can 
explain the differential eutrophic susceptibility of TGRR 1st-order tributaries within the same 
backwater sensitivity zone.  

4.3. Unveiling Temporal Trends of the Net Landscape Ecological Pressure (NLEP) Dynamics Across TGRR 

The temporal dynamics of NEPI bank values indicated a distinct change in landscape ecological 
pressure for TGRR northern and southern banks across backwater sensitivity zones (Figure 
8b).Mainly, previous studies for LULC transition in the TGRR [38,63,64], indicated that conversion of 
croplands into forest (afforestation) via ecological restoration projects, i.e., the Grain for Green Project 
was the key driver of the increase in forest area in expense of agriculture area. On contrary, the 
conversion of forest lands into croplands (deforestation) was the key driver of increasing agriculture 
area in expense of forest area. Accordingly, these continuous dynamics were reflected on the change 
in agriculture and forest domination patterns that shape landscape ecological pressure on river 
eutrophication across the region. Based on equations (1,6 and 9), the Net Landscape Ecological 
Pressure (NLEP) is conceptually defined as the net difference between Agricultural Ecological 
Pressure (AEP) which is function to agriculture domination and Forest Ecological Buffering (FEB) 
which function to forest domination at watershed and bank scales. Therefore, the changes in LULC 
domination patterns are directly reflected on the net expression of landscape ecological pressure and 
translated to whether improvement or deterioration in ecological resilience relying on change 
direction and magnitude.  

In this context, the investigation of NEPI bank temporal dynamics across TGRR provided 
indicators for short-term and long-term monitoring of LULC transitions and ecological restoration 
projects. The general trend of NEPI bank temporal change from 2010 to 2024 across TGR backwater 
sensitivity zones tend to decrease on the northern bank while increase on the southern bank (Figure 
8b). This trend reveal higher concentration for ecological restoration efforts on the northern bank 
compared to the southern bank. This was a response to the higher domination of agriculture activities 
on the northern bank compared to the southern bank (Figure 7a). Interestingly, along the northern 
bank, although characterized by lower agriculture domination (Figure 7a), the sub-sensitive zone 
received the higher concentration of ecological restoration efforts compared to the non-sensitive zone 
(Figure 8a).  

Due to flat lands and relatively low elevations, agricultural production was intensified in the 
non-sensitive section of the northern bank. On the other hand, due to steeper and higher elevations 
characterizing the sub-sensitive zone the possibility for agriculture expansion was relatively 
diminished [63,64]. Due to the competing nature characterizing landuse functions, the balance 
between ecological and production spaces is a crucial constraint for implementation of ecological 
restoration projects [64]. For example, the implementation of the Grain for Green Project (GPP) in 
2002 decreased the grain self-sufficiency index (GSSI) of the whole TGRR from 96 % in 2000 to 65 % 
in 2020 which exposed grain supply in the TGRR to a real risk [38].Therefor, the ecological policy 
planners do their best to leverage ecological benefits and decrease socio-economic severe impacts [67-
70]. In this context, the eutrophication mitigation strategy in the non-sensitive section of the northern 
bank combined between afforestation and agricultural best management practices to achieve the 
balance between ecological benefits and sustainable agricultural production. While, in the sub-
sensitive section, ecological restoration was implemented with relatively lower strict constraints 
[6,34].  
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Despite this fact, it was more interesting that the non-sensitive section of the northern bank 
experienced almost the same magnitude of agriculture domination decrease as sub-sensitive section 
(Figure 8a).The previous studies of production- living-ecological spaces transition pathways in the 
TGRR, confirmed that a significant portion of agriculture domination decrease within the non-
sensitive section on the northern bank was contributed to urban expansion in expense of croplands, 
demonstrating that afforestation was not the only driver of agriculture domination decrease in this 
area [63,64]. 

On the other hand, the increasing NEPI bank values characterizing both banks within the sensitive 
zone (Figure 8b), demonstrated the domination of deforestation due to croplands expansion in 
expense of forests in this area . These findings are consistent with Pan et al. [70], who reported similar 
trends in agricultural expansion and forest loss from 2010 to 2020 in Baodong, Zigui, and Xingshan 
counties within the sensitive zone. From ecological perspective, this fact raise long-term ecological 
pressure warning signs if the current trend continued. Within the sensitive zone, actually the 
backwater ecological pressure (BEP) demonstrating its higher limits closer to TGD and the 
continuous increase of agriculture expansion within this area is expected to amplify BEP and 
aggravate ecological pressure on aquatic ecosystems. 

4.4. Interoperability, Comparability and Implications of NEPI 

This study proposes the watershed-scale Net Ecological Pressure Index (NEPI ws) as a physically 
interpretable indicator for monitoring landscape ecological pressure on river eutrophication. Because 
NEPI is constructed exclusively from land-use/land-cover (LULC) information derived from Earth 
observation platforms, it exhibits high interoperability across both spatial and temporal scales. 
Spatially, NEPI can be applied at sub-basin, watershed, or regional levels, enabling assessments that 
align with different hydrological units and administrative management needs. Temporally, NEPI can 
be derived at monthly, seasonal, or annual intervals, supporting short-term ecological diagnostics as 
well as long-term ecosystem monitoring and management. 

A core strength of NEPI  lies in its reliance on relative proportions of agricultural and forested 
land, rather than absolute land-use areas. This formulation substantially enhances comparability 
among watersheds of different sizes. Watersheds function as hydrologically independent units that 
contribute water, sediment, and nutrients to river systems [59], and numerous studies have 
demonstrated that pollutant export from watersheds is governed primarily by LULC composition 
rather than absolute land-use extent [72–75]. Consistent with these findings, the results of this study 
demonstrate that NEPIws_{ws}ws enables meaningful comparison between tributary watersheds 
and reservoir banks within the Three Gorges Reservoir Region, despite differences in total LULC 
areas. These outcomes confirm the spatial interoperability and transferability of the proposed 
indicator. The strong interoperability of NEPI is fundamentally enabled by its remote-sensing 
foundation. Satellite-derived LULC datasets provide spatially continuous coverage and standardized 
classification across large and topographically complex reservoir catchments, which cannot be 
achieved through field-based surveys alone. Field observations are often spatially fragmented, 
temporally inconsistent, and costly, particularly in regions characterized by rugged terrain and rapid 
land-use change [76,77]. In contrast, Earth observation data allow consistent assessment of 
catchment-scale landscape composition and pressure dynamics, ensuring temporal comparability 
across years, tributaries, and management stages. This temporal consistency is essential for detecting 
trends related to land-use transformation, agricultural expansion, and ecological restoration, which 
are difficult to capture through episodic field monitoring [76-79]. 

Beyond monitoring and comparison, NEPI has important implications for environmental 
management and decision support. Because it reflects early compositional shifts in landscape 
patterns, NEPI can be integrated into ecological early-warning systems to identify emerging 
ecological pressure before significant deterioration of aquatic ecosystem conditions occurs [80,81]. 
Moreover, NEPI has high potential for integration with watershed-scale physically based models, 
allowing the combination of remote-sensing-derived spatio-temporal coverage with process-based 
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simulation of nutrient transport and export dynamics. Such integration can improve mechanistic 
understanding of spatio-temporal variability in non-point source pollution [82,83]. In addition, NEPI 
can serve as a constraint or objective indicator within multi-objective optimization frameworks for 
land-use allocation, supporting sustainable watershed planning while balancing ecological and 
socio-economic objectives [67,68]. It can also be coupled with ecosystem service assessment tools, 
such as the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model suite, to 
enhance ecological resilience without imposing severe adverse impacts on food security or regional 
livelihoods [69,70]. Collectively, these characteristics position NEPI as a scalable, transferable, and 
practically relevant remote-sensing-driven indicator for integrated water resources management in 
large reservoir systems. 

4.5. Further Investigation, Methodological Limitations and Future Development  

Although the components of the Net Ecological Pressure Index (NEPI) have been thoroughly 
validated and supported by a substantial body of literature, further investigation is required to 
elucidate the mechanistic pathways between the proposed NEPI and sediment–nutrient transport to 
surface waters via implying process-based modelling, certainly the Soil and Water Assessment Tool 
(SWAT) which have been widely applied to evaluate how land use/land cover (LULC) composition 
on surface water quality.  

One of methodological limitations that dimension the temporal interoperability of NEPI is its 
formulation at an annual temporal scale, which restricts its ability to capture intra-annual and 
seasonal variations in landscape ecological sensitivity. Furthermore, the current NEPI formula 
characterizes agricultural land as a homogeneous land-use class, thereby representing only the 
overall ecological pressure of agriculture while neglecting crop-specific heterogeneity.  

To tackle these limitations, the future development should concentrate on spatio-temporal 
downscaling of NEPI via integrating remote sensing–driven crop pattern mapping [47-50]. The 
rapidly expanding availability of high-temporal-resolution satellite observations, particularly from 
Sentinel-1 and Sentinel-2 missions, has revolutionized crop monitoring by enabling near-continuous 
tracking of vegetation phenology and management practices [51-54]. When combined with machine 
learning and transfer learning techniques, these datasets support highly accurate crop pattern 
classification across diverse agro-ecosystems, even in data-scarce regions [3,44]. Different crop types 
are characterized by distinct fertilization regimes, growth cycles, irrigation demands, and residue 
management practices, resulting in substantially heterogeneous nutrient export potentials even 
within aggregated agricultural landuse classes. Identifying the weighted dominance of specific crop 
types over agricultural landscapes therefore enables a more realistic representation of landscape 
ecological pressure. 

By incorporating remote sensing–based crop type discrimination, NEPI can be downscaled from 
a coarse agricultural land-use level to a crop-pattern level, significantly increasing its spatial 
resolution and diagnostic capability. Such refinement allows NEPI to better capture intra-agricultural 
variability in nutrient source intensity. Also, it enables monitoring of seasonal land-use transitions 
and crop rotations, thereby enhancing the detection of time-varying ecological pressure signals. 
Remote sensing–based LULC change detection and phenological analysis can thus be used to 
uncover the dominant drivers of seasonal nutrient pressure, linking observed nutrient responses to 
underlying agricultural practices and landscape functioning processes. 

5. Conclusions 

Empowered by the spatio-temporal capabilities of remote sensing, this study developed the Net 
Ecological Pressure Index (NEPI ws) to quantify watershed-scale landscape ecological pressure on 
river eutrophication. Derived from agricultural and forest dominance ratios based on land-use/land-
cover data, NEPI ws ranges from −1 to 1, with positive values indicating agricultural domination and 
negative values indicating forest domination. The NEPI ws was implied to 25 1st-order tributaries in 
the Three Gorges Reservoir Region and revealed clear spatio-temporal heterogeneity in ecological 
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pressure patterns. Spatially, NEPI ws increased along both banks as backwater sensitivity decreased 
farther from the Three Gorges Dam. The northern bank showed higher cumulative NEPI bank values 
than the southern bank within non-sensitive and sub-sensitive zones, whereas the opposite pattern 
occurred in the sensitive zone. Temporally, the southern bank showed a greater NEPI bank increase in 
the sensitive zone (+0.0896 vs. +0.0436), while the northern bank showed a stronger decline in the 
sub-sensitive zone (−0.105 vs. −0.0401). In the non-sensitive zone, NEPI bank decreased on the northern 
bank (−0.0641) but increased on the southern bank (+0.0242). Overall, NEPI effectively captured 
ecological pressure at both watershed and bank scales. Its standardized and transferable formulation 
enables comparative assessment, long-term monitoring, and spatial prioritization of eutrophication 
management in large reservoir systems, demonstrating the value of remote sensing data for 
integrated water resources management in mixed agricultural–forest landscapes. 
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