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Abstract

River-health assessment in small rural watersheds requires the integration of multiple
environmental indicators, yet correlated variables may be repeatedly represented when
they are weighted independently. This study evaluated the ecological health of the Yuejiang
River in Dongpo District, Meishan City, Sichuan Province, for 2011, 2018, and 2024 using
a principal component analysis (PCA)-entropy weighting framework. Fourteen effective
indicators represented riparian habitat, climate-hydrology, water environment, human
disturbance, and water quality. Water-quality data for 2011 and 2018 were treated as
monitored regional background conditions, whereas continuous reach-scale observations
were unavailable for 2024 and scenario-constrained regional background inputs were
therefore used. PCA retained four components that explained 95.94% of the total variance,
and the resulting combined weights were used to calculate the River Health Index (RHI).
Mean RHI values increased from 0.290 in 2011 to 0.578 in 2018 and 0.634 in 2024. In 2024,
83.92% of the mapped assessment area was classified as Good and 16.08% as Moderate.
High PCA loadings and combined weights are interpreted as statistical contributions
within the assessment framework, rather than as evidence of direct ecological causation.
The results support temporal comparison and identification of relatively weak reaches,
while the 2024 findings should be interpreted as conditional on the adopted water-quality
background scenario.

Keywords: Yuejiang River; PCA—entropy weight method; River Health Index; ecological
health; water quality condition

1. Introduction

River-health assessment has progressively shifted from single water-quality evaluation
toward an integrated appraisal of ecological structure, habitat condition, hydrology, and
human pressure. This transition is particularly relevant to small rural watersheds, where
riparian vegetation, agricultural land use, flow conditions, and local pollution pressures can
vary markedly over short distances. An appropriate assessment framework for such rivers
therefore needs to capture both overall environmental condition and spatially concentrated
human disturbance.

Recent river-health studies increasingly integrate physical, chemical, biological, and
landscape information in small- and medium-sized or urban rivers [1-4]. Fuzzy and
combination-weight approaches have also been used to synthesize heterogeneous indica-
tors [5-7], while assessment systems for strongly disturbed rivers and recent game-theory,
cloud-model, and restoration-oriented frameworks have extended this work [8-12]. Despite
these advances, weight determination remains sensitive to indicator redundancy. In small
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rural watersheds, FVC and NDVI may describe closely related vegetation information,
while several water-quality variables can represent the same regional background. If such
variables are weighted independently, overlapping information may be counted more
than once.

Entropy weighting objectively reflects variation among observations, but it does
not account for correlation among indicators. PCA can identify shared variation and
reduce information redundancy, although the reliability of its interpretation depends on
the structure and size of the dataset. In this study, PCA was therefore used only as an
exploratory auxiliary procedure, rather than as an independent river-health model. The
combined procedure uses PCA to diagnose shared information among correlated indicators
while retaining the dispersion information quantified by entropy weighting.

Accordingly, this study aimed to (1) compare the ecological health of the Yuejiang
River in 2011, 2018, and 2024 using a consistent indicator system and (2) identify relatively
weak reaches requiring management attention. Its methodological contribution lies in
explicitly using PCA to moderate the repeated representation of correlated indicators
before entropy-based combined weighting. The framework integrates riparian vegetation,
landscape pattern, hydrology, water quality, and human disturbance using data types that
are generally obtainable for small rural watersheds.

2. Materials and Methods

The overall analytical workflow, including data preprocessing, indicator screening,
correlation analysis, principal component analysis, entropy weighting, combined weighting,
RHI calculation, and ecological consistency analysis, is shown in Figure 1.

Framework for ecological health assessment of the Yuejiang River using the PCA-entropy weight method

Multi-source data integration, PCA-assisted indicator screening, entropy-based weighting, and ecological interpretation
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Figure 1. Technical flowchart.
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2.1. Study Area

The Yuejiang River is located in central Sichuan Province (103°41'-104°01" E,
30°00-30°09" N) (Figure 2) and belongs to the Minjiang River system. The study reach
is situated in Dongpo District, Meishan City, within the transition between the Chengdu
Plain and the hilly region of central Sichuan. It has a total length of approximately 7.89 km
and a study area of 35.98 hm?.
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Figure 2. Location and study area of the Yuejiang River.

The study area is dominated by plains and terraces, with elevations ranging from 392
to 535 m. Topography generally declines from northwest to southeast, and influences runoff
generation and flow accumulation. The region has a subtropical humid monsoon climate.
Based on the meteorological data used in this study, annual mean temperature ranged from
17.23 to 18.25 °C and annual precipitation from 1129.8 to 1653.1 mm during 2011-2024.
Rainfall is strongly seasonal, with concentrated summer precipitation contributing to
short-term variation in river and riparian conditions.

2.2. Data Sources

The assessment years 2011, 2018, and 2024 were selected primarily on the basis of the
availability and comparability of the multisource datasets required for the analysis. They
represent early, intermediate, and recent conditions within the study period, and are not
intended to define the boundaries of a specific restoration project. The datasets included
remote-sensing, meteorological, hydrological, land-use, water-quality, and socioeconomic
information (Table 1). All spatial datasets were projected to a common coordinate system,
clipped and registered to the study area, and summarized within the predefined riparian
buffer and six assessment units.
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Remote-sensing data were obtained from Landsat imagery and were used to de-
rive the normalized difference vegetation index (NDVI) and fractional vegetation cover
(FVC) [13]. Meteorological variables, including annual precipitation and mean temper-
ature, were obtained from the China Meteorological Administration and corresponding
gridded climate datasets [14]. Digital elevation model (DEM) data were used to derive ele-
vation, slope, and aspect. Land-use data were used to calculate water area ratio, riverbank
farmland proportion, landscape fragmentation, and riverbank construction-land propor-
tion [15,16]. Population density [17] data were used to characterize human disturbance,
while impervious-surface information was used to further represent anthropogenic land-
use intensity. Annual mean runoff was obtained from the Sichuan Water Resources Bulletin,
Meishan Water Resources Bulletin, and relevant hydrological statistics, and was matched to
the six assessment units according to river-section location and hydrological connectivity.

Water-quality indicators included pH, NH3-N, CODMn, and DO. Historical observa-
tions for 2011 and 2018 were obtained from the long-term national surface-water quality
dataset compiled by Lin et al. [18]. The Leshan Minjiangdajiao monitoring station (Mon-
itoringLocationldentifier = 49) was selected as the regional background station because
it belongs to the same Minjiang River system and provides complete records for the four
indicators. For 2011 and 2018, all available observations of pH, NH3-N, CODMn, and DO
within each calendar year were summarized as annual means and assigned uniformly to
the six assessment units as common year-specific regional background values; no spatial
interpolation from the station to individual Yuejiang River reaches was performed. For
2024, continuous reach-scale monitoring records for the six assessment units were also
unavailable. The July 2024 Meishan Surface-Water Quality Monthly Report (released on
17 July 2024) and the 2024 Meishan Ecological Environment Status Bulletin (released on
27 June 2025) were therefore used only to characterize and check the regional water-quality
context [19,20]. These official reports were not used as direct numerical sources for the
six assessment units. The numerical 2024 inputs were predefined scenario-constrained re-
gional background estimates anchored to the monitored 2018 annual background. Limited
differences among the six unit inputs were introduced only within this predefined scenario
to distinguish the mainstream and tributary and the upper, middle, and lower reaches. No
station-to-reach interpolation, monitoring-based reach assignment, or claim of observed
reach-scale gradients was made. Accordingly, the 2024 water-quality values are conditional
scenario inputs rather than measured reach-scale concentrations, and are used mainly to
support comparison among the three assessment periods.

For transparency and reproducibility, the exact water-quality inputs used for the six
assessment units in 2011, 2018, and 2024, together with their data status and assignment
basis, are reported in Supplementary Table S2. The 2024 values listed there are scenario
inputs, rather than observed reach-scale concentrations.

Before PCA and entropy weighting, all retained indicators were transformed to a
common 0-1 scale according to their ecological direction. For positive indicators, larger
standardized values represented more favorable conditions within the observed range;
negative indicators were transformed in the opposite direction. The resulting standardized
indicators were then used consistently across the six assessment units to calculate the River
Health Index (RHI).

Statistical analyses, including correlation analysis, KMO and Bartlett’s tests, and PCA,
were conducted using IBM SPSS Statistics 27.0 (IBM Corp., Armonk, NY, USA).
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Table 1. Datasets, sources, spatial resolution/statistical units, and preprocessing methods.

Spatial
Indicator Dataset Resolution/ Data Source Main Processing Method
Statistical Unit
USGS Landsat United States Geological Calculated from red and
NDVI Collection 2 Level-2 30 m & near-infrared bands after
Survey (USGS) . .
Surface Reflectance image preprocessing.
USG.S Landsat United States Geological  Derived from NDVI using
FVC Collection 2 Level-2 30m . )
Survey (USGS) the dimidiate pixel model.
Surface Reflectance
Am.lu.al China 1 km monthly National Earth System Monthly precipitation Qata
precipita- Ditation d 1 km Sci Data C were summed to obtain
tion precipitation dataset cience Data Center annual precipitation.
Annual Monthly mean temperature
China 1 km monthly National Earth System data were averaged to
mean tem- 1 km . .
erature temperature dataset Science Data Center obtain annual mean
P temperature.
Resource and
o Environment Science i
Rip aran SRTM DEM 90 m and Data Center, E.xtra-cted within the
elevation . riparian buffer zone.
Chinese Academy of
Sciences
Resource and
Riparian Environment Science Derived from DEM and
sI:l)o o SRTM DEM 90 m and Data Center, extracted within the
p Chinese Academy of riparian buffer zone.
Sciences
Resource and
Riparian Environment Science Derived from DEM and
aI: oct SRTM DEM 90 m and Data Center, extracted within the
p Chinese Academy of riparian buffer zone.
Sciences
China Land Cover . Water.class was extra'cted,
Water area Dataset (CLCD) annual 30m China Land Cover and its area proportion
ratio Dataset (CLCD) within the riparian buffer
land-cover product
zone was calculated.
Cropland class was
Riparian China Land Cover . extracted, and its area
China Land Cover ) L
cropland  Dataset (CLCD) annual 30m proportion within the
. Dataset (CLCD) I
ratio land-cover product riparian buffer zone was
calculated.
Construction-land class was
Riparian China Land Cover . extracted, and its area
. China Land Cover ) L
construction- Dataset (CLCD) annual 30m proportion within the
. Dataset (CLCD) S
land ratio land-cover product riparian buffer zone was
calculated.
Impervious-surface or
Impervious- China Land Cover . built-up-land information
China Land Cover
surface Dataset (CLCD) annual 30 m was extracted and
. Dataset (CLCD) .
ratio land-cover product calculated as a proportion

of the riparian buffer zone.
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Table 1. Cont.
Spatial
Indicator Dataset Resolution/ Data Source Main Processing Method
Statistical Unit
Landscape China Land Cover hi Landsc?pel fragmentation
fragmenta- Dataset (CLCD) annual 30m China Land Cover was calculated based on
8! Dataset (CLCD) land-use patches within the
tion land-cover product N
riparian buffer zone.
Rlparlgn LandScan Global Oak Ridge National Mean populatlor-l dfensuy
population Annual Population 30 arc-second Laboratory (ORNL) was extracted within the
density Database y riparian buffer zone.
Sichuan Water Runoff data were matched
Annual Resogrces Bulletin, . ' Sichuan and Meishan to a?,sessmgnt umts.
Meishan Water River-section according to river-section
mean . - water resources . :
Resources Bulletin, and statistics o location, hydrological
runoff : authorities 4
related hydrological connection, and
statistics river-system attribution.
Lin et al. dataset [18]. 2011/2018: annual station
2024 regional context: means used as common
Leshan July 2024 Meishan ear-specific regional
Lin et al. dataset [18] Minjiangdajiao y . y P &
: Surface-Water Quality background values. 2024:
(2011, 2018); 2024 Station ) .

pH . . . Monthly Report [19]. scenario-constrained
scenario-constrained (MonitoringLoca- tional reeional K .
regional background tionIdentifier Additional regiona background estimates

& - 49) context: 2024 Meishan based on the monitored
B Ecological Environment 2018 baseline, not direct
Status Bulletin [20]. reach-scale measurements.
Lin et al. dataset [18]. 2011/2018: annual station
2024 regional context: means used as common
Leshan July 2024 Meishan ear-specific regional
Lin et al. dataset [18] Minjiangdajiao Y . y P &
: Surface-Water Quality background values. 2024:
(2011, 2018); 2024 Station . .
NH;-N . . o Monthly Report [19]. scenario-constrained
scenario-constrained (MonitoringLoca- tional reeional .
regional background tionIdentifier Additional regiona background estimates
& - 49) context: 2024 Meishan based on the monitored
B Ecological Environment 2018 baseline, not direct
Status Bulletin [20]. reach-scale measurements.
Lin et al. dataset [18]. 2011/2018: annual station
2024 regional context: means used as common
Leshan July 2024 Meishan ear-specific regional
Lin et al. dataset [18] Minjiangdajiao Y . y P &
: Surface-Water Quality background values. 2024:
(2011, 2018); 2024 Station . .
CODMn . . . Monthly Report [19]. scenario-constrained
scenario-constrained (MonitoringLoca- o . .
regional background tionIdentifier Additional regional background estimates
& - 49) context: 2024 Meishan based on the monitored
a Ecological Environment 2018 baseline, not direct
Status Bulletin [20]. reach-scale measurements.
Lin et al. dataset [18]. 2011/2018: annual station
2024 regional context: means used as common
Leshan July 2024 Meishan ear-specific regional
Lin et al. dataset [18] Minjiangdajiao Y . y P &
: Surface-Water Quality background values. 2024:
(2011, 2018); 2024 Station ) .

DO . . o Monthly Report [19]. scenario-constrained
scenario-constrained (MonitoringLoca- dditional reeional K d esti
regional background tionldentifier Additional regiona background estimates

& = 49) context: 2024 Meishan based on the monitored

Ecological Environment
Status Bulletin [20].

2018 baseline, not direct
reach-scale measurements.
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2.3. Establishment of Evaluation Indicators

In accordance with the natural conditions of the Yuejiang River small watershed, data

availability, and the requirements of ecological health assessment for rural rivers, this

study constructed a river ecological-health-evaluation indicator system for six aspects:

habitat condition, climate-hydrology, geomorphic background, water-environment con-

dition, human-disturbance pressure, and water-quality condition. This multidimensional

organization is consistent with comprehensive river-health indicator systems used in recent

studies [21] (Table 2).

Table 2. Ecological health-evaluation indicator system and standardization direction for the Yuejiang

River Basin.

Target Layer Criterion Layer Indicator Unit StaI];ii:ccitiizoar:ion
assfss(i?egni tci‘)lfktlﬁgllt)};sin Habitat condition B1 Ripil(‘)i\a]\:rzgge(tﬁtion % Positive (+)
el ndionn SPeson e
assfscsélllfegri filf};ﬁglg’;sin Habitat condition B1 Landscape fCr;;gmentation patches/ km? Negative (—)
assfss(i?egni tci‘)lfktlﬁgllt)};sm Climate-driving factors B2 Annual mea(r; 4t emperature °C Negative (—)
assf;:;\fii tci)lf}tlﬁ:llt)};sin Climate-driving factors B2 Annual precipitation C5 mm Positive (+)
assfscséllll()egri tcilf};}’igl‘t)};sin Climate-driving factors B2 Annual mean runoff C6 m3/s Positive (+)
assfscs(;i?egni f?)lf};ﬁgltt)};sin Topographic constraint B3 Riparian slope C7 ° —
assf;:;\fﬁ tci)lf}tlﬁ:llt)};sin Topographic constraint B3 Riparian aspect C8 ° —
assfgg;;gri tci)lf}’zﬁzl‘,tc)};sin Topographic constraint B3 Riparian elevation C9 m —

Ecological health Water-environment condition Water area ratio C10 % Positive (+)

assessment of the basin

B4

Ecological health

Human-disturbance pressure

Riparian population

persons/ km?

Negative (—)

assessment of the basin B5 density C11
Ecological health Human-disturbance pressure Riparian cropland ratio o o
assessment of the basin B5 C12 o Negative (-)
Ecological health Human-disturbance pressure  Riparian construction-land o Negative ()
assessment of the basin B5 ratio C13 ’ &
Ecological health Human-disturbance pressure Impervious-surface ratio o Negative ()
assessment of the basin B5 Cl14 ° gatv
Ecological health . . oy o
assessment of the basin Water-quality condition B6 pH suitability C15 — Positive (+)
Ecological health . o .
assessment of the basin Water-quality condition B6 NH;3-N C16 mg/L Negative (—)
Ecological health . - .
assessment of the basin Water-quality condition B6 CODMn C17 mg/L Negative (—)
Ecological health . . -
assessment of the basin Water-quality condition B6 DO C18 mg/L Positive (+)
Note: “+” denotes a positive indicator, “—" denotes a negative indicator, and “—” indicates that no

monotonic standardization direction was assigned.
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The initial indicator system comprised 18 candidate variables. Habitat condition
(B1) included FVC, NDVI, and landscape fragmentation, representing riparian vegetation
coverage, vegetation condition, and habitat continuity, respectively. Climate-hydrology
(B2) included annual mean temperature, annual precipitation, and annual mean runoff,
describing thermal background, water supply, and hydrological conditions. Geomorphic
background (B3) included elevation, slope, and aspect, while water-environment condition
(B4) was represented by the water-area ratio.

Human-disturbance pressure (B5) comprised riparian population density, riparian
cropland ratio, riparian construction-land ratio, and impervious-surface ratio, representing
population pressure, agricultural use, construction development, and surface harden-
ing. Water-quality condition (B6) included pH, NH3-N, CODMn, and DO, representing
acid-base suitability, ammonia-nitrogen pressure, organic-pollution pressure, and oxygen
conditions, respectively.

Together, these variables describe the Yuejiang River from the perspectives of natural
background, ecological condition, and human disturbance. Subsequent checks of variability
and correlation were used to screen the candidate set before weighting. Riparian slope,
aspect, elevation, and riparian construction-land ratio showed insufficient variability for the
final statistical analysis and were excluded, leaving 14 effective indicators for PCA-entropy
weighting and RHI calculation.

Indicator direction was defined for the environmental range observed in the Yuejiang
River, and should not be interpreted as a universal monotonic ecological relationship. FVC,
NDV], annual precipitation, annual mean runoff, water-area ratio, and DO were treated as
positive indicators, whereas landscape fragmentation, riparian population density, cropland
ratio, construction-land ratio, impervious-surface ratio, NH3-N, and CODMn were treated
as negative indicators. Annual mean temperature was treated as a pressure indicator within
the relatively narrow local thermal range; this does not imply that higher temperature is
universally detrimental. Likewise, the positive directions assigned to precipitation and
runoff apply only to the observed range, and do not imply that extreme rainfall or excessive
runoff is beneficial. For pH, the positive direction refers to the near-neutral suitability
represented in the processed pH indicator, rather than to an assumption that a higher raw
pH is always better. Elevation, slope, and aspect were included initially only to characterize
geomorphic background; because their ecological effects are context-dependent and they
showed little variation among assessment units, no monotonic direction was assigned, and
they were excluded from the final PCA and weighting calculation.

2.4. Data Standardization and Statistical Tests

Because the indicators differed substantially in units and magnitude, direct integration
of their raw values was inappropriate. Range standardization was therefore applied to trans-
form the retained variables to the [0, 1] interval before PCA and entropy weighting, thereby
removing dimensional effects while preserving relative differences among observations.

Considering the directional differences in the effects of different indicators on river
ecological health, positive and negative indicators were standardized separately, following
the general normalization logic used in entropy-based water-environment assessment [22].
For positive indicators, higher standardized values indicate more favorable conditions
within the observed study range, and Equation (1) was used:

Xul . Xl']' — mm(Xj) 1
T max(X;) — min(X;) @)
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For negative indicators, higher raw values indicate greater ecological pressure. The
direction-adjusted treatment is also consistent with recent improvements to entropy-based
water-quality evaluation [23]; Equation (2) was used:

X««l o max(Xj) — Xij 5
Vo max(X;) — min(X;) @)

where Xij' is the standardized value of indicator j for assessment observation i, Xj is
the original value, and max(Xj) and min(Xj) are the maximum and minimum values of
indicator j. To preserve temporal comparability, max(Xj) and min(Xj) were calculated
from the pooled set of all 18 unit-year observations from 2011, 2018, and 2024, rather than
separately for each year. An indicator with no variation across the pooled observations was
excluded from the weighting calculation because it provided no discriminatory information.

2.5. Traditional Entropy Weight Method

To compare the differences in indicator weights before and after the introduction of
PCA, the traditional direct entropy weight method was used as the benchmark model.
The benchmark model directly calculates information entropy, the divergence coefficient,
and indicator weights based on standardized indicators, without dimensionality reduction
or integration of correlated indicators. Therefore, its results mainly reflect the weighting
pattern determined by the degree of indicator dispersion.

First, the proportion of indicator j for assessment observation i was calculated using
Equation (3):

Py X0 ©)
L X
The information entropy, divergence coefficient, and traditional entropy weight of indicator
j were then calculated using Equations (4)-(6):

n
1
6]' = —kl; Pl]li’l(Pl]), k= 711’11’1 (4)
d] =1- e]- (5)
W= ol (6)
Ej —
] ijzl j

Entropy weighting provides an objective measure of information dispersion, but direct
application can repeatedly count overlapping information when indicators are strongly
correlated, as observed for FVC and NDVI, the water-quality variables, and several human-
disturbance indicators in this study.

2.6. Principal Component Analysis and PCA-Entropy-Based Combined Weights

After standardization and correlation diagnosis, PCA was applied as an exploratory
auxiliary procedure to identify common variation among correlated indicators. The analysis
used an 18 x 14 matrix: 18 rows represented the six spatial assessment units for each of the
three assessment years, and 14 columns represented the effective standardized indicators
retained after screening. Given the limited observation-to-variable ratio, PCA was not
treated as an independent evaluation model or as evidence of causal relationships; it
was used only to diagnose shared information and reduce repeated representation in the
weighting procedure.

The retained principal components were determined using eigenvalues greater than
1, together with the cumulative variance contribution rate. Varimax orthogonal rotation
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was then applied to improve interpretability. For interpretation of the rotated structure in
the revised manuscript, indicators with an absolute rotated loading of |loading | > 0.60
were treated as high-loading indicators for interpretation. The complete Varimax-rotated
loading matrix is provided in Supplementary Table S1. The PCA contribution weight
of indicator j was calculated from the absolute rotated loadings and the corresponding
variance contribution rates using Equation (7):

Y1 ‘ﬂ/k‘Vk
Yty Y ‘ajk‘vk

)

Wpca,j =

where aj; is the rotated loading of indicator j on principal component k, Vj is the variance
contribution rate of component k, r is the number of retained principal components, and
m is the number of effective indicators. The PCA—entropy combined weight was then
obtained by product normalization using Equation (8):

W, — Wrca jWe,j
T X Weea jWe,j

(8)

where Wpcy j is the PCA contribution weight, Wg ; is the traditional entropy weight, and
W; is the final combined weight of indicator j. All RHI values in this study were calculated
using W;.

2.7. River Health Index Construction and Health Grade Classification

Based on the PCA-entropy combined weights, the River Health Index (RHI) of the
Yuejiang River was constructed as follows:

m
RHI; =) Wix';; )
j=1

The RHI ranges from 0 to 1, with larger values indicating better ecological health.
The normalized scale was divided a priori into five equal-width grades—Very Poor, Poor,
Moderate, Good, and Excellent—to provide a consistent descriptive classification across
the three assessment years. The ecological descriptions in Table 3 were formulated to match
the indicator system and local environmental context.

2.8. Ecological Consistency Check Based on Land-Use Data

To examine whether the RHI results were ecologically consistent with broader environ-
mental change, an auxiliary comparison with land-use structure was conducted. Because
water-area ratio, cropland ratio, impervious-surface ratio, and landscape fragmentation
were already included in the RHI calculation, land use was not treated as an indepen-
dent external validation dataset. Instead, changes in forest and grassland, cropland, and
construction land were used only as a contextual ecological consistency check.

Specifically, the proportions of forest and grassland, cropland, and construction land
were compared with relative-RHI spatial classes derived from the descriptive spatial
classification used in the RHI mapping. The two upper relative classes were aggregated as
“high + relatively high” and the two lower relative classes as “low + relatively low”; the
intermediate class was not included in either aggregate. These relative spatial classes were
used only to summarize the distribution of RHI values for ecological-context comparison.
They are distinct from the fixed five-level health grades defined in Section 2.7 and therefore
should not be interpreted as an alternative health-grade classification.
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Table 3. RHI health-grade classification used in this study.

Health Grade RHI Score Range Comprehensive Characteristics

Riparian vegetation coverage is high, habitat structure is intact,
connectivity between the water body and riparian zone is good,
ecological buffering capacity is strong, and the river ecosystem is in a
stable and healthy state.

Excellent 0.80 < RHI < 1.00

Vegetation condition is relatively good, riparian continuity is strong,
Good 0.60 < RHI < 0.80 river ecological structure is relatively intact, human disturbance is low,
and the ecosystem has good self-maintenance capacity.

Vegetation coverage and water-environment conditions are at a
moderate level. Some river sections are affected by agricultural
activities, construction land, or riparian disturbance, and ecosystem
stability is moderate.

Moderate 0.40 < RHI < 0.60

Riparian vegetation coverage is insufficient, river buffering capacity is
Poor 0.20 < RHI < 0.40 weak, local habitat degradation is evident, human disturbance is
strong, and ecosystem health is relatively low.

Habitat degradation is severe, vegetation is sparse, water-environment
Very Poor 0<RHI<0.20 pressure is high, riparian ecological functions are seriously impaired,
and ecological restoration demand is high.

Note: The five numerical intervals are equal-width classes on the normalized 0-1 RHI scale and were
defined a priori for consistent comparison among assessment years. They are descriptive health
grades used in this study, rather than thresholds derived from an external regulatory standard.

3. Results
3.1. Indicator Correlation and Exploratory Use of PCA

All retained indicators were standardized, as described in Section 2.4, and their disper-
sion was examined before PCA. Riparian slope, aspect, riparian construction land, and ele-
vation showed limited variation among the assessment units and therefore contributed little
discriminatory information for correlation diagnosis or weighting. These four variables
were excluded from PCA and the final weighting calculation, although the geomorphic
variables and construction-land context were retained for descriptive interpretation.

Finally, 14 effective indicators were selected for calculation, and the correlation coeffi-
cient matrix was obtained (Figure 3). As shown in the figure, the correlation coefficients
among several variables exceeded 0.7. The correlation coefficients between pH and NHs-
N, and between pH and CODMn, were both 0.95. Human-disturbance and landscape-
structure indicators also showed strong correlations. The correlation coefficient between
riparian population density and landscape fragmentation was 0.75, while that between
riparian cropland ratio and landscape fragmentation was 0.86, indicating a close relation-
ship between human activities and riparian habitat fragmentation. Imperv was strongly
positively correlated with FVC, NDVI, annual mean temperature, and DO, suggesting
obvious common variation among impervious-surface change, vegetation, water quality,
and landscape-structure indicators.

https:/ /doi.org/10.3390/su18178994


https://doi.org/10.3390/su18178994

Sustainability 2026, 18, 8994

12 of 22

FVC @ @ (013 -0.15 -0.27 -0.42 @ o
NDVI @ @ 0.2 -0.15 -0.27 -0.42 @ o 0.8
Temp @ @ -0.14 -0.26 -0.42 @ o i
Prec |-0.85 -0.85 -0.86 Prec @ @ @ -0.030 0.10 0.031 0.37 @

pH [-0.90 -0.90 -0.89 0.53 pH @ O -0.18 0.18 0.40 0.37 @ 4
NH3-N |-0.99 -0.99 -0.98 0.76 0.95 NH3-N sl -0.12 0.14 0.32 0.41 @ 0.9
CODMn [-0.99 -0.99 -0.99 0.77 0.95 1.00 CODMn @MY -0.12 0.14 0.31 0.4 @

DO | 0.99 0.99 0.99 -0.77 -0.94 -1.00 -1.00 DO 0.12 -0.14 -0.31 -0.41 @ e
Runoff ).030 0. 18 -0.12 0. 12 Runoff 0.14 @ Q,:@ 0.26 --0.2
Water |-0.15 -0.15 -0.14 0.14 Water @ @ Q -0.15 Py

Pop |-0.27 -0.27 -0.26 0.031 0.40 0.32 0.31 -0.31 0.50 0.63 Pop @ @ -0.29
Crop |-0.42 -0.42 -0.42 0.37 0.37 0.41 0.41 -0.41 0.50 0.82 0.85 Crop -0.42 N
Frag |-0.81 -0.81 -0.80 0.63 0.77 0.81 0.81 -0.81 0.26 0.57 0.75 0.86 Frag @ 08
Imperv | 1.00 1.00 1.00 -0.81 -0.92 -1.00 -1.00 1.00 -0.15 -0.29 -0.42 -0.81 Imperv

FVC NDVI Temp Prec pH NH3-N CODMn DO Runoff Water Pop Crop Frag Imperv

Figure 3. Pearson correlation heatmap of the 14 effective indicators. Red and blue indicate positive
and negative correlations, respectively; circle size and color intensity increase with the absolute
magnitude of the correlation coefficient.

These correlations indicate substantial shared information among several indicators
and provide the empirical rationale for using PCA as an exploratory redundancy-diagnosis
step. They should not, however, be interpreted as evidence of strong sampling adequacy
for inferential PCA.

Based on the correlation analysis, KMO and Bartlett’s test of sphericity were exam-
ined to assess the suitability of exploratory PCA (Table 4). The KMO value was 0.582,
indicating marginal sampling adequacy and only the minimum acceptable level for ex-
ploratory use. Bartlett’s test was significant (x> = 2209.784, df = 91, p < 0.001), indicating
that the correlation matrix differed significantly from an identity matrix. Given the lim-
ited 18 x 14 observation-to-variable structure, PCA was therefore used cautiously as an
auxiliary exploratory procedure, rather than as evidence of strong statistical adequacy.

Table 4. KMO and Bartlett’s test of sphericity results for the indicators.

Test Item

Statistic df p-Value Interpretation

Kaiser-Meyer—Olkin measure of

KMO = 0.582 indicates marginal
sampling adequacy and only the

. 0.582 N/A N/A s
sampling adequacy minimum reference level for
exploratory PCA.
Bartlett’s test is significant; PCA is
Bartlett’s test of sphericity 2209.784 91 <0.001 therefore used cautiously as an

exploratory auxiliary procedure.

The first four principal components were retained because each had an eigenvalue
greater than 1 and the scree curve flattened after PC4 (Figure 4). These components
were subsequently used to interpret the rotated loading structure and to calculate PCA
contribution weights.
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Figure 4. Scree plot of principal component analysis. The dashed horizontal line marks the eigenvalue
= 1 retention criterion.

3.2. Principal Component Extraction and Ecological Implications

Principal component extraction was performed on the standardized matrix of the 14 ef-
fective indicators. Using the eigenvalue-greater-than-one criterion, four components were
retained, together explaining 95.94% of the total variance (Table 5). This high cumulative
proportion indicates that the retained components captured most of the variance contained
in the screened indicator set.

Table 5. Eigenvalues and variance contribution rates before and after rotation.

Before Rotation After Rotation
Main Variance Accumulated Variance Accumulated
Component . Contribution  Contribution . Contribution  Contribution
p Eigenvalue Rate Rate Eigenvalue Rate Rate
(%) (%) (%) (%)
PC1 7.919 56.56 56.56 7.698 54.99 54.99
PC2 3.007 21.48 78.05 2.896 20.69 75.67
PC3 1.477 10.55 88.59 1.580 11.29 86.96
PC4 1.028 7.34 95.94 1.257 8.98 95.94

Before rotation, PC1 and PC2 explained 56.56% and 21.48% of the total variance, re-
spectively, for a cumulative contribution of 78.05%; PC1-PC4 together explained 95.94%.
Figure 5 displays the 18 unit-year observations and the loading directions of the 14 effec-
tive indicators in the PC1-PC2 space. The biplot is used only to support interpretation of
relationships among indicators and observations. Because Figure 5 is based on unrotated
components, ecological interpretation of the four retained components is based on the
Varimax-rotated loading structure. In the PC1-PC2 ordination, the 18 unit-year observa-
tions show a clear temporal separation along PC1: the 2011 observations are located mainly
on the negative side, the 2024 observations on the positive side, and the 2018 observations
occupy an intermediate position. This pattern indicates that PC1 mainly captures a broad
temporal gradient in the multivariate indicator set. FVC and NDVI point in similar direc-
tions, consistent with their close relationship in Figure 3, while several other indicators
form distinct directional groups in the ordination space. These vector relationships de-
scribe covariance in the first two unrotated components, and are not interpreted as direct
ecological effects or causal relationships.
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Figure 5. PCA biplot of the 14 ecological health indicators. Negative axis values are shown with the
mathematical minus sign (—).

Varimax rotation produced a clearer loading structure, allowing the retained compo-
nents to be interpreted in terms of common variation among vegetation, water quality,
hydroclimatic conditions, landscape structure, and human disturbance.

Using an absolute rotated-loading threshold of |loading| > 0.60, PC1 showed high
loadings for FVC, NDVI, annual mean temperature, pH, NH3-N, CODMn, DO, and Imperv
(Supplementary Table S1). PC1 therefore represents a broad pattern of common temporal
variation involving riparian vegetation, water-quality variables, thermal background, and
impervious-surface conditions. Because PCA loadings describe covariance rather than
causation, this component is interpreted as a shared statistical pattern rather than as
evidence that any individual indicator directly controlled river health.

PC2 showed high absolute loadings for Water, Pop, Crop, and Frag, reflecting variation
in water-space conditions, riparian landscape structure, and human disturbance among
assessment units. PC3 was dominated by annual precipitation, whereas PC4 was dominated
by annual mean runoff (Table 6). Secondary cross-loadings shown in Supplementary
Table S1 were retained in the PCA contribution-weight calculation through their absolute
values, but were not used to assign additional dominant indicators below the stated
interpretation threshold.

Table 6. Main high-loading indicators of the rotated principal components.

Component Main High-Loading Indicators Ecological Implication
PC1 FVC, NDVI, Temp, pH, NH3-N, Common temporal variation in vegetation, water quality,
CODMNn, DO, Imperv thermal background, and impervious-surface conditions
PC2 Water, Pop, Crop, Frag Water-space contrast, riparian landscape structure, and
human disturbance
PC3 Prec Precipitation-related hydroclimatic variation
PC4 Runoff Runoff variation among assessment units
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3.3. Entropy Weights and Comparison Between Traditional and Improved Weighting Methods

To evaluate how PCA altered the weight structure, PCA contribution weights, tradi-
tional entropy weights, and final combined weights were calculated for the 14 effective
indicators (Table 7). Traditional entropy weights primarily reflect the dispersion of each
indicator. Water-area ratio and annual mean runoff therefore received relatively high en-
tropy weights (0.143203 and 0.140688, respectively), indicating substantial variation among
assessment units. Such dispersion, however, should not be interpreted as evidence of
ecological dominance.

Table 7. PCA weights, entropy weights, and combined weights of the 14 indicators.

PCA Contribution Entropy Combined

Indicator Weight Weight Weight Rank
FVC 0.0918 0.0660 0.0888 4
NDVI 0.0918 0.0660 0.0888 3
Temp 0.0912 0.0722 0.0965 2
Prec 0.0541 0.0627 0.0496 11
pH 0.0843 0.0718 0.0887 5
NH;-N 0.0908 0.0613 0.0816 7
CODMn 0.0903 0.0615 0.0814 8
DO 0.0900 0.0616 0.0812 9
Runoff 0.0306 0.1407 0.0631 10
Water 0.0419 0.1432 0.0879 6
Pop 0.0401 0.0416 0.0244 13
Crop 0.0397 0.0350 0.0204 14
Frag 0.0714 0.0295 0.0308 12
Imperv 0.0919 0.0868 0.1168 1

Incorporating PCA redistributed the weight structure. The combined weights of an-
nual mean runoff and water-area ratio decreased to 0.063109 and 0.087907, respectively,
indicating that the combined procedure reduced the relative influence of indicators that
were highly dispersed when considered independently. Imperv, annual mean tempera-
ture, NDVI, FVC, pH, NH3-N, CODMn, and DO retained comparatively high combined
weights. Imperv had the largest combined weight (0.116823), whereas NDVI and FVC had
weights of 0.088774 and 0.088751. These values indicate statistical contributions to RHI
variation within the present framework, and should not be interpreted as evidence of direct
ecological causation.

The combined weight of annual mean temperature was 0.096479. This value reflects
its statistical contribution within the weighting framework and the temporal thermal
background represented by the indicator; it does not imply that temperature was an
independent or decisive ecological driver. Overall, PCA-entropy weighting retained
information on indicator dispersion while moderating the relative influence of some highly
dispersed or correlated variables.

3.4. Statistical Characteristics and Temporal Variation in the RHI

RHI values for 2011, 2018, and 2024 were calculated using the PCA—entropy combined
weights. Mean RHI increased from 0.290 in 2011 (Grade IV, Poor) to 0.578 in 2018 (Grade III,
Moderate) and 0.634 in 2024 (Grade II, Good) (Figure 6). These values represent differences
among three discrete assessment years, rather than a continuous annual trajectory.
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Figure 6. Chord diagrams showing the statistical characteristics of RHI in 2011 (a), 2018 (b), and
2024 (c). Colors distinguish the mean RHI, minimum, maximum, standard deviation (SD), coefficient
of variation (CV), and standard error (SE).

RHI ranged from 0.257 to 0.307 in 2011, and all assessment units fell within the Poor
grade, indicating generally weak ecological condition at the beginning of the study period.
In 2018, values increased to 0.542-0.597 and all units were classified as Moderate. By 2024,
RHI ranged from 0.597 to 0.694 and most units had entered the Good grade; however,
the minimum value remained close to the 0.60 boundary between Moderate and Good,
indicating persistent local weakness.

The standard deviations of RHI were 0.020, 0.020, and 0.032 in 2011, 2018, and 2024,
respectively, with corresponding coefficients of variation of 0.068, 0.035, and 0.051. The low-
est coefficient of variation occurred in 2018, indicating relatively small differences among
units. In 2024, the higher mean RHI was accompanied by greater spatial dispersion. Be-
cause the 2024 water-quality inputs are scenario-constrained regional background estimates
rather than direct measurements for the six units, the 2024 RHI statistics should be inter-
preted as conditional composite-assessment results, rather than as measured reach-scale
water-quality outcomes.

3.5. Changes in River Health Grades

The health-grade structure also changed across the three assessment years (Table 8). In
2011, the mapped assessment area was entirely classified as Grade IV (Poor). In 2018, it was
entirely Grade III (Moderate), indicating an overall improvement but not yet an attainment
of the Good grade.

Table 8. Changes in RHI grades and mapped-area proportions.

Year

Grade
V: Very
Poor/%

Grade
Iv:

Poor/%

Grade III: Grade II: Grade I: Grziil I Gr::; I Dominant
Moderate/%  Good/%  Excellent/% Health Grade
Below/%  Above/%

2011
2018
2024

0.00
0.00
0.00

100.00
0.00
0.00

0.00 0.00 0.00 100.00 0.00 Grade IV: Poor

100.00 0.00 0.00 100.00 0.00 Grade [T
Moderate

16.08 83.92 0.00 16.08 83.92 Grade II: Good
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By 2024, 83.92% of the mapped assessment area was classified as Grade II (Good) and
16.08% as Grade III (Moderate), indicating that most of the assessed area had reached a
comparatively good condition. Local weakness, nevertheless, remained, consistent with
the minimum RHI value of 0.597. These 2024 mapped-area proportions are conditional on
the adopted water-quality background scenario, and should be interpreted together with
the uncertainty discussed in Section 4.4.

The percentages in Table 8 are mapped-area proportions, not counts of the six assess-
ment units. At the assessment-unit level (Figure 7), all six units were Poor in 2011 and
Moderate in 2018. In 2024, five units reached Grade II (Good), whereas the middle tributary
remained Grade III (Moderate) with an RHI of 0.597, close to the 0.60 threshold for Good.
This reach was therefore identified as the relatively weakest unit in 2024.
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Figure 7. Spatial distribution of RHI in 2011, 2018, and 2024.

Considering the spatial pattern together with the weighting results, the relatively
weak condition of the middle tributary is consistent with its proximity to riparian crop-
land, human disturbance, and local water-environment pressure. This interpretation is
associative rather than causal, and supports prioritizing the reach for riparian restoration
and water-environment management.

3.6. Rationality Check of RHI Results and Ecological Consistency Analysis Based on Land Use

To examine ecological consistency, the spatial RHI pattern was compared with land-use
change between 2011 and 2024. Cropland remained the dominant land-use type, forest was
concentrated mainly in the northeastern basin and local riparian areas, construction land
occurred in scattered patches, and water bodies followed the main channel and tributaries
(Figure 8). This comparison is used only as contextual support, and not as independent
external validation.
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Figure 8. Spatial distribution of land-use types in the Yuejiang River Basin in 2011, 2018, and 2024.

From 2011 to 2024, the combined proportion of forest and grassland increased from
0.82% to 1.98%, while the combined proportion of high and relatively high relative-RHI
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spatial classes increased from 4.71% to 14.02%. Cropland and construction land remained
dominant, alongside a large share of low and relatively low relative-RHI classes. The
parallel changes provide qualitative ecological consistency between RHI patterns and
land-use structure, but they do not constitute independent validation because several
land-use-related variables were already included in the RHI calculation (Table 9).

Table 9. Ecological consistency check between relative-RHI spatial classes and land-use structure in
the Yuejiang River Basin.

High + Relatively High Low + Relatively Low Forest + Cropland +
Year Relative-RHI Spatial Relative-RHI Spatial Grassland/% Construction
Classes/% Classes/% Land/%
2011 73.33 0.82 97.75
2018 80.65 1.94 96.72
2024 14.02 66.94 1.98 96.89

Note: The relative-RHI classes in Table 9 are descriptive spatial categories used only for contextual
comparison with land-use structure. They are not the fixed RHI health grades defined in Table 3 and
should not be interpreted as an independent validation or an alternative health classification.

4. Discussion
4.1. Applicability of the Indicator System

Water-quality indices are useful for describing pollution status, but do not capture
the full ecological condition of a river [24-29]. River-health studies therefore increasingly
combine water quality with habitat, hydrology, landscape structure, and human distur-
bance [30,31]. Studies of urban rivers, riverine wetlands, estuaries, and mixed land-use
watersheds [32,33] also report marked spatial heterogeneity. The Yuejiang River shows a
similar pattern: most units reached the Good grade in 2024, whereas the middle tributary
remained Moderate. This comparison is qualitative because indicator systems differ among
studies and long-term aquatic biological data were unavailable here.

For a small rural watershed, the main value of the present indicator system is that
riparian vegetation, hydrological conditions [34,35], regional water-quality background,
landscape structure, and human disturbance are considered together. This supports tem-
poral comparison and identification of local weak reaches, but it does not replace direct
biological or reach-scale water-quality monitoring.

4.2. Effects of the PCA—Entropy Method on Weighting Results

Entropy weighting reflects indicator dispersion but does not remove overlapping
information among correlated variables. In the Yuejiang River dataset, FVC and NDVI,
the four water-quality variables, and several human-disturbance indicators showed clear
shared variation. PCA was therefore introduced as an exploratory step to diagnose this
covariance before combined weighting.

Four retained components explained 95.94% of the total variance. At |loading| >
0.60, PC1 represented common variation in FVC, NDVI, Temp, pH, NH3-N, CODMn, DO,
and Imperv; PC2 represented Water, Pop, Crop, and Frag; PC3 was associated mainly with
Prec; and PC4 with Runoff. These groupings describe statistical covariance, and should not
be interpreted as causal pathways.

Water and Runoff had relatively high entropy weights (0.143203 and 0.140688), but
their combined weights decreased to 0.087907 and 0.063109 after PCA information was
incorporated. Imperv and several vegetation and water-quality indicators retained rela-
tively high combined weights. This redistribution illustrates how the combined procedure
balances dispersion and covariance; it does not demonstrate direct ecological causation.

https:/ /doi.org/10.3390/su18178994


https://doi.org/10.3390/su18178994

Sustainability 2026, 18, 8994

19 of 22

4.3. RHI Changes and Identification of Weak River Sections

Across the three assessment years, mean RHI increased from 0.290 to 0.578 and 0.634.
In 2024, 83.92% of the mapped assessment area was Good and 16.08% was Moderate; at the
assessment-unit level, five of the six units were Good, while the middle tributary remained
the weakest unit (RHI = 0.597). The results indicate overall improvement accompanied by
persistent local differences.

Such local differences are plausible in agricultural and mixed land-use watersheds,
where land use, riparian landscape structure, and non-point-source pollution are closely
associated with stream condition [36—41]. Cropland and construction land remain dominant
in the Yuejiang River Basin, and the middle tributary is close to these pressures. This
supports prioritizing that reach for riparian and water-environment management without
treating the weighting results as direct causal evidence.

Riparian studies also emphasize buffer configuration, vegetation condition, and
vegetation—hydromorphology interactions in river management [42—45]. In this study,
forest and grassland increased from 0.82% to 1.98%, while high and relatively high RHI
areas increased from 4.71% to 14.02%. The parallel trend provides an ecological consistency
check, not independent validation, because vegetation- and land-use-related indicators
were already included in the RHL

4.4. Management Implications and Limitations

Management should prioritize the middle tributary and other relatively weak reaches.
Key actions include restoring riparian vegetation, reducing direct cropland—channel contact,
controlling agricultural and domestic pollution inputs, and limiting additional riparian
hardening. Reaches already classified as Good should be managed to maintain vegetation
continuity and prevent new disturbance.

Several limitations remain. The 2011 and 2018 water-quality data represent regional
background conditions from the Leshan Minjiangdajiao station, rather than reach-scale
measurements [46]. For 2024, continuous observations for the six Yuejiang River units
were unavailable. The July 2024 monthly report and the 2024 status bulletin described in
Section 2.2 were used only as regional contextual checks, and not as direct numerical sources
for individual reaches. The numerical 2024 inputs were predefined scenario-constrained
regional background estimates anchored to the monitored 2018 annual background, with
only limited scenario differences among mainstream/tributary and upper/middle/lower
units; no reach-scale interpolation from monitoring observations was performed. The 2024
RHI should therefore be read as a conditional exploratory estimate, rather than as evidence
of measured reach-scale water-quality change. In addition, the analysis uses only three
assessment years, PCA is based on an 18 x 14 matrix, and comparable long-term aquatic
biological indicators were unavailable. Future work should prioritize continuous local
water-quality and biological monitoring.

5. Conclusions

(1) The 14 effective indicators contained substantial shared information. PCA retained
four components explaining 95.94% of the total variance and was used as an ex-
ploratory redundancy-diagnosis step because the analysis matrix contained only
18 observations.

(2) Mean RHI values were 0.290, 0.578, and 0.634 in 2011, 2018, and 2024, respectively. In
2024, 83.92% of the mapped assessment area was Good and 16.08% was Moderate; at
the assessment-unit level, five of the six units were Good, while the middle tributary
remained Moderate (RHI = 0.597). The 2024 result is conditional on the adopted
water-quality background scenario.
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(3) PCA-entropy weighting moderated the relative influence of some highly dispersed
or correlated indicators while retaining substantial weights for Imperv, vegetation,
and water-quality variables. These weights represent statistical contributions within
the assessment framework, rather than direct ecological causation.

(4) Management should prioritize weak reaches through riparian restoration, non-point-
source pollution control, and protection of existing good-condition sections. Future
assessments should incorporate continuous local water-quality monitoring, denser
temporal observations, and aquatic biological indicators.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/sul8178994/s1.
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