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Highlights

What are the main findings?

• Landsat observations from 2000 to 2025 reveal widespread vegetation greening along
the Gonghe-Yushu Expressway corridor, with no significant decreasing NDVI trends
detected at 30 m resolution.

• The greening trend was established before expressway construction and remained
broadly parallel across distance buffers, while NDVI was more strongly associated
with warming than precipitation.

What are the implications of the main findings?

• Multi-decadal remote sensing and buffer-zone analysis can help distinguish regional
climate-related greening from road-associated vegetation signals in alpine infrastruc-
ture corridors.

• Potential fine-scale roadside impacts may be masked at Landsat and kilometer-
buffer scales, highlighting the need for targeted high-resolution monitoring near
transport infrastructure.

Abstract

Highway construction in alpine environments of the Qinghai-Xizang Plateau (QXP) raises
concerns about vegetation degradation and ecosystem disruption. However, the long-term
ecological dynamics along newer expressway corridors on the QXP remain insufficiently
understood. This study investigated vegetation dynamics and land use/land cover (LULC)
changes along the Gonghe-Yushu Expressway (G0613, 634 km) corridor from 2000 to 2025,
spanning the pre-construction, construction (2011–2017), and post-construction operational
periods. Using 25 years of Landsat 5/7/8/9 imagery, we analyzed NDVI trends with Sen’s
slope and Mann-Kendall tests, classified LULC into four classes (Grassland, Bare land,
Water body, Built-up) using Random Forest, and examined NDVI—climate relationships
using TerraClimate data. The results revealed a widespread and significant greening
trend, with 77.3% of pixels showing significant NDVI increases (+0.0026/year) and no
significant decreasing trends. The greening was established before highway construction
and continued uniformly through all periods, with no detectable distance-dependent
gradient across buffer zones (0–1, 1–2, 2–5, 5–10 km). LULC transitions were limited, with
Bare land and Grassland as the dominant classes in the buffer corridor. NDVI was strongly
correlated with temperature (ρ = 0.748, p < 0.001), which increased by +0.068 ◦C/year
over the study period, while precipitation showed no significant trend. These findings
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indicate that vegetation greening co-varied with regional warming, while no persistent
distance-dependent highway-associated NDVI signal was detected at the analyzed scale.
Localized roadside impacts may remain unresolved at 30 m resolution, and the long-term
implications of continued warming warrant continued monitoring.

Keywords: NDVI; land use/land cover; Qinghai-Xizang Plateau; highway ecology; vegetation
trend; climate change; Landsat; Random Forest

1. Introduction
The Qinghai-Xizang Plateau (QXP), often referred to as the “Third Pole” of the Earth,

is the highest and most extensive plateau on the planet, covering approximately 2.5 million
km2 with an average elevation exceeding 4000 m [1]. The QXP harbors unique and fragile
alpine ecosystems, including alpine meadows, alpine steppes, wetlands, and permafrost
landscapes, which provide critical ecosystem services such as carbon sequestration, wa-
ter regulation, and biodiversity conservation [2]. However, these ecosystems are highly
sensitive to climate change and human disturbance, and have experienced significant
degradation in recent decades [3].

Transportation infrastructure construction has been one of the major drivers of eco-
logical change on the QXP. Extensive road and railway networks have been built across
the plateau to support economic development and regional connectivity [4]. The Qinghai-
Tibet Railway and Qinghai-Tibet Highway have received considerable scientific attention
regarding their ecological impacts, including vegetation responses and broader biophysical
effects along transport corridors [5,6]. Road construction and operation can alter vegetation
cover, disrupt wildlife corridors, modify surface hydrology, and accelerate permafrost
degradation, particularly within the immediate roadside corridor [7,8].

The Gonghe-Yushu Expressway (G0613) is a 634 km highway traversing the northeast-
ern QXP from Gonghe County to Yushu City (Maduo County), with elevations ranging
from approximately 2900 to 4500 m. Construction began in 2011, with the first phase com-
pleted in December 2014 and the full expressway opening to traffic on 1 August 2017. The
highway passes through several ecologically sensitive zones, including alpine meadows,
wetlands, and permafrost regions, connecting the Qinghai Lake Basin to the upper reaches
of the Yangtze and Mekong Rivers. Despite the ecological significance of this corridor, sys-
tematic monitoring of vegetation dynamics and land use changes along the Gonghe-Yushu
Expressway remains limited. Most existing studies on QXP road ecology have focused on
the Qinghai-Tibet Railway or Highway, while the ecological impacts of newer expressways
in the region have received relatively little attention.

Satellite remote sensing provides an effective and cost-efficient approach for monitor-
ing long-term ecological changes across large and inaccessible areas [9]. The Normalized
Difference Vegetation Index (NDVI), derived from Landsat or MODIS imagery, has been
widely used as a proxy for vegetation cover, productivity, and ecosystem health on the
QXP [10–12]. Recent QXP vegetation mapping studies have further demonstrated the
value of long time-series remote sensing for detecting plateau-scale greening and browning
patterns, mapping vegetation types, and separating broad regional vegetation trends from
local disturbance signals [13,14]. Long-term NDVI trend analysis using non-parametric
methods such as the Mann-Kendall test and Sen’s slope estimator can reveal spatial pat-
terns of vegetation greening or browning over decadal timescales [14,15]. In addition, land
use/land cover (LULC) classification based on machine learning algorithms, particularly
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Random Forest, has been widely used in remote sensing because of its capacity to handle
multisource predictor variables and non-linear class boundaries [16].

Buffer zone analysis is a common approach for assessing the distance-dependent
effects of roads on surrounding ecosystems. By establishing concentric buffer zones at vary-
ing distances from the road centerline, researchers can quantify the gradient of ecological
change and identify the spatial extent of road influence [5,17]. Recent QXP transport-
corridor studies further emphasize that ecological responses can vary by corridor segment,
buffer width, construction or operation phase, and interactions between engineering activ-
ity and climate forcing [4,18,19]. This approach has been applied to road ecology studies
globally, but has rarely been used for the newer expressway corridors on the QXP. However,
buffer-zone analysis is inherently scale dependent. Direct roadside ecological effects are
often strongest within meters to hundreds of meters from the road edge, whereas kilometer-
scale buffers are better suited for assessing broad corridor-scale vegetation gradients using
medium-resolution satellite data. Therefore, the 0–1, 1–2, 2–5, and 5–10 km rings in this
study were used to test whether a distance-dependent NDVI signal was detectable within
the predefined Landsat-scale corridor, rather than to capture immediate road-edge impacts
or to define the maximum spatial extent of highway influence.

In this study, we conducted a comprehensive remote sensing analysis of vegetation
dynamics and land cover changes along the Gonghe-Yushu Expressway corridor from
2000 to 2025, spanning the pre-construction period (2000–2011), the construction period
(2011–2017), and the post-construction operational period (2017–2025). The specific objec-
tives were: (1) to characterize the spatial and temporal patterns of NDVI change along the
highway corridor using 25 years of Landsat imagery; (2) to quantify land cover transitions
across three representative periods (2005, 2015, 2025); (3) to examine the gradient of ecolog-
ical change within multiple buffer zones (0–1, 1–2, 2–5, and 5–10 km) from the highway;
and (4) to quantify the relationships between vegetation change and climate variables
(temperature and precipitation) to identify the primary drivers of observed NDVI trends.
This study aims to provide scientific evidence for ecological conservation and sustainable
management of highway corridors on the QXP.

2. Study Area and Dataset
2.1. Study Area

The study area is a 10 km buffer corridor along both sides of the Gonghe-Yushu
Expressway (G0613) in the northeastern Qinghai-Xizang Plateau, Qinghai Province, China
(Figure 1). The expressway connects Gonghe County to Maduo County, traversing Xinghai
County, Madoi County, and Chindu County over a total length of approximately 634 km.
Construction began in 2011, with the first phase completed in December 2014 and the full
expressway opening to traffic on 1 August 2017.

The corridor spans elevations from approximately 2900 m near Gonghe to 4500 m near
the highland passes, encompassing a total corridor area of approximately 8170 km2. The
terrain is characterized by intermontane basins, river valleys, and alpine plateaus. Major
rivers crossing the corridor include the Yellow River (Huanghe) upper reaches and the
Tongtian River (upper Yangtze).

The climate is classified as plateau continental (approximately BSk under the Köppen
classification), with mean annual temperatures ranging from −4 ◦C to 3 ◦C and annual
precipitation of 300–500 mm, concentrated in the summer months (June–September). The
region is underlain by continuous and discontinuous permafrost, which is sensitive to
surface disturbance and climate warming.
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Figure 1. Regional context and study area of the Gonghe-Yushu Expressway (G0613) corridor in
Qinghai Province, China. (a) Location of the Gonghe-Yushu Expressway on the Qinghai-Xizang
Plateau in relation to seasonally frozen soil, permafrost, and unfrozen soil zones. (b) Study corridor
showing SRTM DEM-derived elevation shading within the 10 km buffer, the highway centerline, and
concentric ring buffer zones (0–1, 1–2, 2–5, and 5–10 km) from the centerline. Gonghe and Maduo are
labeled as key reference locations along the mapped corridor.

Vegetation is dominated by alpine meadow (Kobresia spp.) and alpine steppe, which
together constitute the primary vegetated land cover in the corridor. Wetland vegetation
occurs in valley bottoms and lake margins, particularly in the Madoi and Maduo areas.
The region supports traditional pastoral livelihoods, with yak and sheep grazing being the
primary land use. The study area includes several nationally important ecological zones,
including the Sanjiangyuan (Three Rivers Source) National Nature Reserve.

2.2. Data Sources
2.2.1. Satellite Imagery

Landsat Collection 2 Level 2 surface reflectance products were used for NDVI com-
putation and LULC classification [20]. Four Landsat sensors were combined to maxi-
mize temporal coverage: Landsat 5 TM (2000–2011), Landsat 7 ETM+ (2000–2025), Land-
sat 8 OLI (2013–2025), and Landsat 9 OLI-2 (2021–2025). Cloud and snow-affected
pixels were masked using QA_PIXEL, and spectral bands were harmonized across
TM/ETM+/OLI/OLI-2 sensors before NDVI calculation. Band names were harmonized
across sensors (Blue, Green, Red, NIR, SWIR1, SWIR2) to ensure radiometric consistency.
All processing was conducted in Google Earth Engine (GEE) at 30 m spatial resolution [21].

Annual maximum NDVI compositing reduces residual cloud contamination, pheno-
logical timing differences, and Landsat 7 SLC-off striping by retaining the best available
summer observation for each pixel. As an additional consistency check, we inspected
annual valid-pixel counts and detrended annual NDVI residuals, with particular at-
tention to the Landsat 7 SLC-off period, the Landsat 8 transition, and the addition of
Landsat 9. This approach minimizes the influence of residual cloud contamination and
phenological variation.

2.2.2. Terrain Data

The Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (USGS/SRTMGL
1_003, 30 m) was used to derive elevation and slope layers. These terrain variables were
included as auxiliary bands in the LULC classification to improve class separability between
spectrally similar land cover types (e.g., Bare land vs. Built-up at different elevations).
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2.2.3. Climate Data

Monthly climate data were obtained from the TerraClimate dataset (IDAHO_EPSCO
R/TERRACLIMATE, ~4 km resolution, 1958–2024) [22]. Variables used included mean
temperature (derived from tmmn and tmmx) and total precipitation. Annual aggregates
were computed for the study area and each buffer zone to examine NDVI—climate rela-
tionships. TerraClimate integrates station observations and interpolated climate surfaces;
however, a dense independent meteorological-station network within the Gonghe-Yushu
corridor was not available for direct validation in this study. Therefore, TerraClimate was
used to characterize regional climate variability rather than station-level local microclimate,
and NDVI-climate relationships were interpreted as statistical associations.

2.2.4. Highway and Buffer Zone Delineation

The highway centerline was extracted from OpenStreetMap using the Overpass API.
The 10 km buffer zone was generated using GIS tools The total study corridor encompasses
approximately 8170 km2. The 10 km distance was defined as the study corridor and outer
reference zone for this Landsat-scale assessment, rather than as an assumed maximum
distance of road influence. To evaluate distance sensitivity within this corridor, the 10 km
buffer was further divided into four ring buffers: 0–1, 1–2, 2–5, and 5–10 km.

3. Methods
3.1. NDVI Computation and Trend Analysis

Annual maximum NDVI composites were generated for each year from 2000 to
2025 using all available cloud-free Landsat images from June to September. Four Landsat
sensors were combined to maximize temporal coverage: Landsat 5 TM (2000–2011), Landsat
7 ETM+ (2000–2025), Landsat 8 OLI (2013–2025), and Landsat 9 OLI-2 (2021–2025). Note
that Landsat 7 ETM+ experienced a scan line corrector failure in May 2003, resulting in
striping artifacts in subsequent imagery; the annual maximum composite approach partially
mitigates this by selecting the best available pixel across multiple dates. Cloud masking
was applied using the QA_PIXEL band to remove pixels affected by cloud shadow and
snow. Band names were harmonized across sensors (Blue, Green, Red, NIR, SWIR1, SWIR2)
to ensure radiometric consistency. NDVI was calculated as (NIR − Red)/(NIR + Red).
For each pixel, the maximum NDVI value from all cloud-free summer images within a
given year was retained, minimizing the influence of residual cloud contamination and
phenological variation.

NDVI trends were assessed pixel-wise using Sen’s slope estimator [15] and the Mann-
Kendall significance test [23]. The significance level was classified into five categories:
highly significant increase (p < 0.01), significant increase (0.01 < p < 0.05), not significant
(p > 0.05), significant decrease (0.01 < p < 0.05), and highly significant decrease (p < 0.01).
All processing was conducted in Google Earth Engine (GEE) at 30 m spatial resolution.

To address spatial autocorrelation explicitly, we calculated a diagnostic global Moran
I from a down-sampled Sen slope raster using rook-neighbor adjacency. The result-
ing Moran I was approximately 0.814, indicating strong positive spatial autocor-relation
in the trend field. Accordingly, inferential interpretation emphasizes spatial coherence
and buffer-level annual trajectories rather than treating individual pixels as independent
statistical observations.

3.2. Land Use/Land Cover Classification
3.2.1. Classification Scheme

Based on the land cover characteristics of the study area and the spatial resolution of
Landsat imagery (30 m), we defined four land cover classes: Grassland (including alpine

https://doi.org/10.3390/rs18142354

https://doi.org/10.3390/rs18142354


Remote Sens. 2026, 18, 2354 6 of 19

meadow and steppe), Bare land (exposed rock, sand, and gravel), Water body (lakes, rivers,
and reservoirs), and Built-up land (urban areas, roads, and infrastructure). Wetland and
Glacier/Snow classes were excluded due to insufficient training samples within the study
area. This four-class scheme is a simplified version of the dominant land cover structure
commonly reported for QXP land cover studies, where grassland and bare land are the
major classes and water, built-up land, wetlands, and permanent snow/ice occupy smaller
proportions [24].

3.2.2. Sample Collection

Training samples were collected through a two-stage process combining automated
spectral pre-classification and visual verification. First, candidate sample points were
generated through systematic grid sampling with approximately 2 km spacing across
the study area. Spectral values were extracted from a Landsat 8/9 summer composite
(June–September 2023–2025) at each grid point, and each point was automatically as-
signed a preliminary class label using spectral index thresholds (NDVI, NDWI, NDSI)
and elevation. Second, all candidate samples were visually verified against Google Earth
high-resolution imagery and Landsat false-color composites. Samples at class boundaries
or in ambiguous areas were removed, and additional points were manually digitized in
homogeneous patches where needed.

From the verified samples, 50 points per class were selected through stratified random
sampling, with 24 samples retained for Water body due to limited water pixels within
the study area. The final training dataset comprised 174 samples: 50 Grassland, 50 Bare
land, 24 Water body, and 50 Built-up. Given the small sample size, all samples were
used for training to maximize classification performance, with accuracy assessed through
OOB estimation.

3.2.3. Classification Method and Accuracy Assessment

Random Forest (RF) classification was implemented in GEE using the ‘smileRandom-
Forest’ algorithm with 100 decision trees. The input feature set included 13 variables:
six spectral bands (Blue, Green, Red, NIR, SWIR1, SWIR2), five spectral indices (NDVI,
NDWI, NDBI, NDSI, EVI), and two terrain variables (elevation, slope) derived from SRTM
DEM. The RF classifier was applied independently to three composite periods (2005, 2015,
2025) representing pre-construction, construction, and post-construction phases. The LULC
classification was conducted over the full Landsat scene extent covering the study corridor,
and area statistics were computed over this classification extent.

Classification accuracy was assessed using Out-of-Bag (OOB) estimation, which in-
ternally evaluates classification performance using samples not included in each tree’s
bootstrap sample. Overall accuracy (OA) and the Kappa coefficient were reported for
each classification period and used as the primary internal accuracy metrics for this ini-
tial classification assessment. Following good-practice recommendations for land-change
accuracy assessment, the absence of independent probability-based validation samples
was treated as a limitation when interpreting LULC area estimates [25]. Because indepen-
dent field validation data were unavailable, the LULC area and transition results were
interpreted together with known class-separability limitations, particularly the potential
spectral confusion between Built-up and Bare land at 30 m resolution.

3.3. Buffer Zone Analysis

The highway centerline was extracted from OpenStreetMap using the Overpass API.
Concentric buffer zones at 1, 2, 5, and 10 km distances were generated from the cen-
terline using GIS tools. The 10 km buffer defines the total study corridor (~8170 km2).
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Ring buffers (0–1, 1–2, 2–5, and 5–10 km) were created to analyze distance-dependent
vegetation gradients.

For each buffer zone and ring buffer, annual mean NDVI and standard deviation were
computed by zonal statistics in GEE. LULC area changes were computed by overlaying the
classified maps with buffer zone boundaries. The analysis examined whether NDVI trends
and LULC transitions showed distance-dependent patterns relative to the highway. We
treated the ring-buffer comparison as a distance-gradient sensitivity assessment. The broad,
unequal ring buffers were therefore interpreted as a regional corridor-scale sensitivity
analysis rather than as a measure of the spatial extent of direct highway effects. Annual
mean NDVI, trend slopes, and near-far contrasts were compared among the 0–1, 1–2, 2–5,
and 5–10 km rings to test whether the near-road zone diverged from the outer corridor
after construction.

3.4. Climate Data and NDVI—Climate Correlation

Monthly climate data were obtained from the TerraClimate dataset (IDAHO_EPSCO
R/TERRACLIMATE, ~4 km resolution, 1958–2024) [22]. Variables used included mean
temperature (derived from minimum and maximum temperature) and total precipitation.
Annual aggregates were computed for the study area and each buffer zone. To evaluate
whether TerraClimate produced large artificial climate differences among buffer zones,
we calculated annual temperature and precipitation aggregates separately for the 1, 2,
5, and 10 km buffers and examined the annual inter-buffer ranges. This diagnostic was
used to assess whether the gridded climate product provided a consistent regional climate
background for the corridor-scale NDVI analysis.

Spearman rank correlation coefficients were calculated between annual mean NDVI
and each climate variable for the period 2000–2024 (25 years; TerraClimate data were
available through 2024 only), consistent with the non-parametric approach used for
trend analysis. Shapiro-Wilk tests confirmed that all variables were normally distributed
(p > 0.05), and Pearson correlations yielded similar results (NDVI—temperature: r = 0.748;
NDVI—precipitation: r = 0.347). Temperature and precipitation trends were assessed using
linear regression to quantify the rate of climate change in the study region. All statistical
analyses were conducted in Python using SciPy and pandas. To reduce over-interpretation
of simple bivariate correlations, we further conducted partial-correlation and standardized
ordinary least-squares regression analyses. Partial correlations were used to evaluate the
NDVI-temperature and NDVI-precipitation relationships after controlling for precipitation,
temperature, and year. Standardized regression models were used to compare the relative
associations of temperature, precipitation, and year with annual mean NDVI.

3.5. Software and Data Processing

All remote sensing data processing was conducted in Google Earth Engine. Local
statistical analysis and visualization were performed in Python 3 with the following li-
braries: rasterio (geospatial raster I/O), geopandas (vector data), pandas and NumPy (data
manipulation), SciPy (statistical tests), and matplotlib (visualization).

An overview of the data-processing and analysis workflow is shown in Figure 2. The
workflow integrates Google Earth Engine-based preprocessing of Landsat, LULC, and
climate datasets with subsequent raster-vector integration and spatial-statistical analyses in
Python and QGIS. This structure was designed to evaluate whether a distance-dependent
NDVI signal associated with the Gonghe-Yushu Expressway could be detected within the
predefined 0–10 km corridor, while explicitly considering spatial autocorrelation, buffer-
scale sensitivity, LULC reliability, and climate co-variation.
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Figure 2. Methodological workflow for assessing vegetation dynamics and detectable distance-
dependent NDVI signals along the Gonghe-Yushu Expressway corridor. Landsat surface reflectance,
OpenStreetMap highway vectors, SRTM DEM, LULC training samples, external land-cover products,
and TerraClimate data were processed in Google Earth Engine and then integrated with raster-vector
and spatial-statistical analyses in Python 3.9 and QGIS 3.4. The workflow emphasizes ring-buffer
statistics, spatial autocorrelation diagnostics, construction-period comparisons, near-far contrasts,
climate correlation/regression analysis, and LULC reliability assessment.

4. Results
4.1. Spatiotemporal Patterns of NDVI Change (2000–2025)

The Sen’s slope analysis revealed a widespread greening trend along the Gonghe-
Yushu Expressway corridor over the 25-year study period (Figure 3). The mean NDVI slope
was +0.0026 per year across the study area. Of the total valid pixels, 65.9% exhibited a highly
significant increasing trend (p < 0.01), 11.4% showed a significant increase (0.01 < p < 0.05),
and 22.8% showed no significant trend. Notably, no significant decreasing trends were
detected in any part of the study area (Table 1). Annual valid corridor pixels were highly
stable across the multi-sensor Landsat record, with a median of 9,096,788 valid pixels and a
minimum valid fraction of 0.99 relative to the maximum annual count, suggesting that the
mapped greening was not driven by changing raster coverage.

The spatial pattern of greening was relatively uniform across the corridor, with no
obvious distance-dependent gradient from the highway (Figure 2). Both proximal (0–1 km)
and distal (5–10 km) buffer zones exhibited comparable greening rates (Table 2), suggesting
that the observed vegetation recovery was a regional phenomenon rather than a road-
specific effect.
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Figure 3. Spatial distribution of NDVI trends along the Gonghe-Yushu Expressway corridor
(2000–2025). Sen’s slope values were classified by Mann-Kendall significance into highly signif-
icant increase (p < 0.01), significant increase (0.01 < p < 0.05), and not significant (p > 0.05). No
significant decreasing trends were detected. The highway centerline is shown in black.

Table 1. Summary of NDVI trend classification based on Mann-Kendall test (2000–2025).

Category Area (%)

Highly significant increase (p < 0.01) 65.9
Significant increase (0.01 < p < 0.05) 11.4
Not significant (p > 0.05) 22.8
Significant decrease (0.01 < p < 0.05) 0.0
Highly significant decrease (p < 0.01) 0.0

Table 2. NDVI trend slopes by buffer zone distance from the highway.

Buffer Zone Slope (NDVI/Year) R2 p-Value

0–1 km 0.00271 0.745 <0.001
1–2 km 0.00281 0.760 <0.001
2–5 km 0.00276 0.762 <0.001
5–10 km 0.00273 0.777 <0.001

4.2. NDVI Dynamics Relative to Highway Construction

The temporal analysis of mean NDVI across the study area revealed a continuous
upward trend that began well before the highway construction period (Figure 4). The
mean NDVI in the 10 km buffer zone increased from approximately 0.35 in 2000 to 0.42 in
2025. Importantly, the greening trend was already established during the pre-construction
period (2000–2011), with no detectable acceleration or deceleration associated with the
construction phase (2011–2017, with the first phase completed in December 2014) or the
post-construction operational period (2017–2025).

To examine whether the highway construction had a detectable impact on vegetation,
we compared NDVI trends across three sub-periods: pre-construction (2000–2011), con-
struction (2011–2017), and post-construction (2017–2025). The greening rate was consistent
across all sub-periods, with slopes of +0.00267 NDVI/year (p = 0.017) for pre-construction,
+0.00252 NDVI/year (p = 0.287, n = 7) for construction, and +0.00372 NDVI/year (p = 0.034)
for post-construction (Table 3). The construction period slope was not statistically signif-
icant, likely due to the short time series (7 years) rather than an absence of trend. The
post-construction period showed a slightly higher greening rate, but the difference was
not statistically distinguishable given the overlapping confidence intervals. These results
indicate that the highway construction did not produce a detectable disruption in the
regional NDVI trajectory.
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Figure 4. Temporal evolution of mean NDVI in the 10 km buffer zone (2000–2025). The vertical
dashed lines indicate the construction period: start of construction (2011), completion of first phase
(December 2014), and full opening (August 2017). The green line shows the linear trend for the full
period (slope = +0.00273 NDVI/year, R2 = 0.777, p < 0.001).

Table 3. NDVI trend slopes by sub-period in the 10 km buffer zone.

Sub-Period Years Slope
(NDVI/Year) R2 p-Value

Pre-construction 2000–2011 0.00267 0.450 0.017
Construction 2011–2017 0.00252 0.221 0.287
Post-construction 2017–2025 0.00372 0.497 0.034
Full period 2000–2025 0.00273 0.777 <0.001

4.3. Land Use/Land Cover Changes

The LULC classification achieved high OOB accuracy estimates for all three periods,
with OA values ranging from 0.9828 to 0.9943 and Kappa coefficients from 0.9765 to
0.9922 (Table 4; Figure 5). These OOB estimates indicate strong internal separability among
the selected training samples and four target classes. However, these values reflect training-
sample separability rather than the overall thematic accuracy of the final LULC maps and
are not equivalent to independent external validation. Within the 10 km buffer corridor,
Bare land was the dominant class (53.8–63.1%), followed by Grassland (23.2–28.5%), Built-
up land (11.9–15.7%), and Water bodies (1.7–1.9%). The predominance of Bare land reflects
the high-altitude plateau landscape where exposed soil and sparse vegetation are common,
particularly along ridgelines and in rain shadow areas. The unusually high Built-up
proportion (11.9–15.7% within the buffer versus 1.8–2.4% in the full Landsat scene) warrants
caution: 100% of Built-up-classified pixels fell within the buffer corridor, indicating that the
classifier captured the highway pavement, gravel shoulders, and associated infrastructure
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as a coherent spectral class. Some bare rock and exposed soil near the road may also have
been misclassified as Built-up due to spectral similarity at 30 m resolution. The Built-up
area statistics should therefore be interpreted as an upper-bound estimate of infrastructure
footprint rather than a precise land use measurement.

Table 4. LULC classification accuracy estimates based on Random Forest OOB evaluation.

Period OA Kappa

2005 0.9943 0.9922
2015 0.9828 0.9765
2025 0.9943 0.9922

Figure 5. Land use/land cover (LULC) classification maps for three representative periods: (a) 2005,
(b) 2015, and (c) 2025. Four classes are shown: Grassland, Bare land, Water body, and Built-up land.

The transition matrix analysis (Table 5, Figure 6) revealed that inter-class transitions
were limited in magnitude. The dominant transitions over 2005–2025 were: (1) Grassland to
Bare land (633 km2), and (2) Built-up to Bare land (388 km2). These two transitions together
account for 1021 km2, offset in part by reverse transitions (Bare land to Grassland: 198 km2;
Bare land to Built-up: 68 km2). The net increase in Bare land area (+755 km2) was primarily
at the expense of Grassland. Given the classification uncertainty and lack of independent
validation, these transition magnitudes should be regarded as approximate landscape-level
estimates rather than precise measurements of land-cover change.

Table 5. LULC area statistics within the 10 km buffer corridor for three periods (km2).

Class 2005 2015 2025 Change
(2005–2025)

Grassland 2332 2280 1893 −439 (−18.8%)
Bare land 4400 4523 5156 +755 (+17.2%)
Water body 156 140 155 −1 (−0.6%)
Built-up 1286 1230 969 −317 (−24.6%)
Total 8174 8174 8174 —
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Figure 6. LULC transition matrices for three periods: (a) 2005→2015, (b) 2015→2025, and
(c) 2005→2025. Cell values represent transition areas in km2. Diagonal elements indicate per-
sistence of each land cover class. The dominant off-diagonal transitions are Grassland to Bare land
and Built-up to Bare land.

4.4. Relationship Between NDVI and Climate Factors

The correlation analysis between annual mean NDVI and climate variables (2000–2024,
25 years; TerraClimate data available through 2024 only) revealed a strong positive as-
sociation with temperature and a weaker association with precipitation (Figure 7. The
Spearman rank correlation coefficient between NDVI and mean annual temperature was
ρ = 0.748 (p < 0.001), while the correlation with annual precipitation was ρ = 0.311 (p = 0.131,
not significant at α = 0.05). Pearson correlations yielded similar results (r = 0.748, p < 0.001
for temperature; r = 0.347, p = 0.089 for precipitation), and Shapiro-Wilk tests confirmed
normal distribution of all variables (p > 0.05). The buffer-level TerraClimate consistency
diagnostic showed limited climate variation among the 1, 2, 5, and 10 km buffers. Across
years, the mean annual temperature range among buffers averaged 0.263 ◦C, and the mean
annual precipitation range averaged 5.41 mm. These small inter-buffer differences indicate
that TerraClimate mainly represents the shared regional climate background of the corridor,
rather than fine-scale roadside climatic gradients.

Figure 7. Relationships between annual mean NDVI and climate variables (2000–2024). (a) NDVI
vs. mean annual temperature (Spearman ρ = 0.748, p < 0.001). (b) NDVI vs. annual precipitation
(Spearman ρ = 0.311, p = 0.131). (c) Standardized annual anomalies of NDVI, temperature, and
precipitation, showing their temporal co-variation. Color scales in (a,b) indicate year.

The sensitivity analyses further showed that the NDVI-temperature relationship re-
mained strong after controlling for precipitation (partial r = 0.752, p < 0.001), but weakened
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after controlling for year (partial r = 0.243, p = 0.241). When both precipitation and year
were controlled, the partial correlation between NDVI and temperature was also not signifi-
cant (partial r = 0.262, p = 0.206). In standardized regression, temperature and precipitation
explained 61.9% of annual NDVI variance. However, after year was added to the model,
the standardized temperature coefficient decreased from 0.713 to 0.213, while the year
coefficient was 0.680. These results indicate that temperature co-varied with the regional
greening trend, but the simple NDVI-temperature correlation should not be interpreted as
independent causal attribution. The climate trend analysis (2000–2024) showed a significant
warming trend of +0.068 ◦C per year (p < 0.001), corresponding to approximately +1.7 ◦C
over 25 years. The precipitation trend was positive (+2.63 mm/year) but not statistically
significant (p = 0.062). The annual climate trajectories underlying these correlations are
summarized in Figure 8.

Figure 8. Annual temperature and precipitation trends from TerraClimate data for the 10 km
buffer corridor.

Figure 8 provides the climate-context evidence behind the NDVI-climate correlations.
Mean annual temperature shows a clear and sustained increase across the corridor, rising
by approximately 1.7 degrees C over 2000–2024, whereas annual precipitation fluctuates
strongly from year to year and only shows a weak, statistically non-significant upward
tendency. This contrast indicates that the long-term greening signal is more consistent with
a persistent thermal relaxation of cold-limited alpine vegetation than with a monotonic
precipitation-driven response.

The strong coupling between NDVI and temperature, combined with the consistent
greening across all buffer zones, suggests that climate warming is the primary correlate
of vegetation recovery in this alpine region. The warming trend may promote vegetation
growth through extended growing seasons, increased soil nutrient availability from per-
mafrost thaw, and enhanced moisture conditions in previously cold-limited environments.

4.5. NDVI Gradient Analysis

The ring buffer analysis (0–1, 1–2, 2–5, 5–10 km) revealed a subtle NDVI gradient,
with slightly higher NDVI values in the 2–5 km zone compared to the immediate roadside
(0–1 km) (Figure 9). However, this gradient was small (difference < 0.02 NDVI units) and
remained stable throughout the study period, with no evidence of increasing divergence
after highway construction. The temporal evolution of the gradient showed that all distance
zones experienced parallel greening trajectories, further supporting the interpretation of a
climate-driven regional signal rather than a road-disturbance effect. The ring-buffer sensi-
tivity assessment showed similar NDVI trends across all distance zones. The 0–1, 1–2, 2–5,
and 5–10 km rings had slopes of +0.00271, +0.00291, +0.00273, and +0.00270 NDVI/year, re-
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spectively. Near-far contrasts were small: −0.0039 NDVI for 0–1 km minus 5–10 km, +0.0023
for 1–2 km minus 5–10 km, and +0.0048 for 2–5 km minus 5–10 km. Period comparisons did
not show a robust post-construction divergence among rings. All distance zones exhibited
parallel greening trajectories, and no persistent distance-dependent highway-associated
NDVI signal was detected.

Figure 9. NDVI gradient across ring buffer zones (0–1, 1–2, 2–5, 5–10 km) for selected years. The
gradient is small (<0.02 NDVI units) and remained stable throughout the study period, with no
evidence of increasing divergence after highway construction. All distance zones experienced parallel
greening trajectories.

Figure 10 complements the selected-year distance gradient in Figure 8 by summarizing
the full buffer-zone distributions and annual trend behavior. The near-road zone and
the outer reference zones overlap strongly in their NDVI distributions, and their annual
trajectories rise in parallel rather than diverging after construction. This pattern supports
the interpretation that kilometer-scale NDVI change is dominated by a regional greening
signal; it does not rule out very narrow roadside impacts, but it indicates that such impacts
are not expressed as a persistent buffer-scale gradient.

Figure 10. NDVI distributions and distance gradients across highway buffers. (a) Annual NDVI
distributions within cumulative 1, 2, 5, and 10 km buffers; box colors identify the cumulative buffer
extents. (b) Mean NDVI across non-overlapping 0–1, 1–2, 2–5, and 5–10 km ring buffers over
2000–2025; bar colors identify the ring-buffer distance classes.
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5. Discussion
5.1. Climate Warming as a Regional Correlate of Greening

The dominant finding of this study is a widespread and statistically significant green-
ing trend along the Gonghe-Yushu Expressway corridor, with 77.3% of pixels showing
significant NDVI increases over 2000–2025 and no significant decreasing trends detected.
Accordingly, the pixel-wise Mann–Kendall significance maps should be interpreted as rep-
resentations of spatially coherent trend patterns rather than as independent statistical tests
for individual pixels. This greening pattern is strongly correlated with the regional warm-
ing trend (+0.068 ◦C/year), while precipitation changes played a minor role. These findings
are consistent with previous studies that reported widespread vegetation greening across
the QXP and linked vegetation trends to climatic factors and human activities [10–12,14,26].

The mechanism underlying the temperature-vegetation relationship in alpine ecosys-
tems is well established. Warming temperatures can alter plant phenology and reproductive
success, change the length and timing of the growing season, and interact with frozen-
ground dynamics that influence alpine vegetation responses [27,28]. In the study region,
where mean annual temperatures range from approximately −4 ◦C to 3 ◦C, even modest
warming can substantially affect vegetation growth by pushing thermal conditions closer
to the optimum for alpine meadow species. The absence of a significant precipitation
signal suggests that temperature, rather than moisture, is the limiting factor for vegeta-
tion growth in this high-altitude environment, consistent with the energy-limited regime
characteristic of the northeastern QXP [29]. Nevertheless, the weakened relationship after
controlling for year indicates shared long-term co-variation rather than an independent
climatic effect; warming is therefore regarded as the strongest observed correlate, while
other environmental and land-management processes may also contribute.

5.2. Limited Detectable Impact of Highway Construction

A key finding of this study is that the Gonghe-Yushu Expressway construction (first
phase completed December 2014, full opening August 2017) did not produce a statisti-
cally distinguishable change in the regional NDVI trajectory. The greening trend was
already established during the pre-construction period (2000–2011), and no acceleration,
deceleration, or spatial disruption was associated with the construction (2011–2017) or
post-construction operational (2017–2025) phases. Furthermore, the buffer zone analy-
sis revealed no meaningful distance-dependent gradient—all buffer zones (0–1, 1–2, 2–5,
5–10 km) exhibited comparable greening rates (Table 2). However, because this study lacks
an independent control corridor and a formal BACI design, the appropriate interpretation is
that no persistent distance-dependent NDVI signal was detectable at the analyzed Landsat
and kilometer-buffer scales, not that localized highway impacts were absent.

This finding contrasts with earlier transport-corridor studies on the QXP that de-
tected localized vegetation or biophysical changes near the Qinghai-Tibet Railway and
Highway [5,6]. Several factors may explain this discrepancy. First, the Gonghe-Yushu
Expressway was designed and constructed with more stringent environmental protection
standards than earlier roads, potentially including measures such as vegetation restoration
on disturbed slopes, wildlife corridors, and permafrost-protective road foundations. Sec-
ond, the regional greening signal driven by climate warming may have overwhelmed any
localized road-disturbance effect at the 30 m Landsat resolution. Third, the 10 km buffer
analysis may be too coarse to detect narrow roadside impacts, which often occur within
short distances from the road edge [7,17]. Therefore, the absence of a detectable buffer-scale
NDVI signal should not be interpreted as evidence that localized roadside impacts were
absent. Narrower buffers and higher-resolution imagery may reveal localized patterns that
cannot be resolved within the current Landsat-based framework.

https://doi.org/10.3390/rs18142354

https://doi.org/10.3390/rs18142354


Remote Sens. 2026, 18, 2354 16 of 19

The LULC transition analysis provides contextual information on broad land-cover
conditions. Within the 10 km buffer corridor, the dominant land cover transitions over
2005–2025 were Grassland to Bare land (633 km2) and Built-up to Bare land (388 km2), which
are likely driven by natural variability (e.g., drought years, grazing pressure) rather than
road construction. The apparent decrease in Built-up area (−317 km2) is likely an artifact
of spectral confusion between Built-up and Bare land classes at 30 m resolution, rather
than actual urbanization decline. The concentration of all Built-up pixels within the buffer
corridor (100% of the scene total) further suggests that the classifier captured highway-
associated surfaces (pavement, gravel, infrastructure) rather than distributed urban land
use, and that some bare rocky areas near the road may have been misclassified. Accordingly,
the reported LULC changes are interpreted as approximate contextual estimates.

5.3. Comparison with Other QXP Road Ecology Studies

The greening rate observed in this study (+0.0026 NDVI/year) is comparable to
reported trends for other parts of the QXP. Piao et al. [10] reported a mean NDVI increase
of approximately 0.002/year for China’s temperate vegetation over 1982–2002, while recent
QXP-scale remote sensing studies have reported overall greening during the MODIS and
Landsat eras [11,12]. The greening rate in the Gonghe-Yushu corridor falls within this
broader pattern, suggesting that this region is experiencing vegetation recovery consistent
with the wider QXP trend.

The absence of a road-disturbance signal in our study differs from some findings along
the Qinghai-Xizang Railway, where vegetation abundance changes were most evident
close to the track during the construction period [5]. It is also consistent with more recent
evidence that transport-related biophysical effects on the QXP can be spatially heteroge-
neous and may not form a clear gradient with increasing distance from transport lines [6].
This difference may reflect: (1) the older construction history of the railway versus the
expressway; (2) different construction techniques and environmental mitigation measures;
or (3) the wider corridor analysis (1–10 km) used in this study, which may dilute narrow
roadside effects.

5.4. Implications for Road Ecology and Conservation

The results of this study have two important implications. First, no persistent highway-
associated vegetation degradation pattern was detectable at the analyzed Landsat and
kilometer-buffer scales. The regional greening associated with climate warming may have
masked or compensated for any localized construction disturbance at the spatial resolution
used in this study. This suggests that modern highway construction practices in China,
combined with the regional greening trend, may reduce the detectability of road-related
ecological impacts over decadal timescales.

Second, the strong temperature-vegetation coupling identified in this study highlights
the vulnerability of these ecosystems to future climate change. While current warming
has promoted vegetation growth, continued warming could eventually exceed the thermal
optimum for alpine meadow species, leading to potential degradation or altered pheno-
logical and reproductive responses [27,28]. Additionally, permafrost thaw associated with
warming could destabilize road foundations and alter surface hydrology, creating new
ecological challenges in the coming decades.

5.5. Limitations

This study has several limitations that should be acknowledged. First, the 30 m
Landsat resolution may not reliably capture fine-scale roadside vegetation changes occur-
ring within narrow corridors, especially effects associated with embankments, drainage
structures, restoration slopes, construction footprints, roadside strips, or mixed pavement-
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gravel-bare soil surfaces. Although Collection 2 surface reflectance products, QA_PIXEL
masking, band harmonization, annual maximum compositing, and valid-pixel diagnos-
tics were used to improve temporal consistency, residual cross-sensor differences, Land-
sat 7 SLC-off effects, and phenological sampling uncertainty cannot be fully eliminated.
Higher-resolution imagery (e.g., Sentinel-2 at 10 m, or sub-meter commercial imagery)
would be needed to detect localized road effects. Second, the LULC classification was
limited to four classes due to insufficient training samples for Wetland and Glacier/Snow
categories, which may have obscured important land cover transitions in these ecologically
sensitive types. Third, the training samples (n = 174) were derived from spectral rules and
visual verification against high-resolution imagery rather than field surveys, potentially
introducing systematic bias. The small sample size, particularly for Water body (n = 24),
limits the statistical robustness of per-class accuracy estimates. Moreover, the 174 training
samples distributed across the extensive 10 km buffer corridor may not fully capture the
environmental heterogeneity of the study area. Fourth, the LULC accuracy assessment used
Random Forest OOB estimation as the primary internal accuracy metric. Although OOB
estimates are useful for internal model assessment, they may be optimistic when training
samples are limited or spatially autocorrelated; independent field or visual validation
would further strengthen future versions of the classification product [25]. Fifth, the climate
analysis relied on TerraClimate data at ~4 km resolution (available through 2024 only),
which may not adequately represent local microclimatic variations in the complex terrain of
the study area. TerraClimate provides useful regional climate context, but it was not inde-
pendently validated against dense in-situ meteorological observations within the corridor;
therefore, climate-related results should be interpreted as regional co-variation rather than
local causal attribution. Sixth, the study does not include an independent control corridor
or a formal BACI design, so it cannot fully separate highway-related effects from broader
regional greening trends. Seventh, the Mann-Kendall analyses did not explicitly correct for
serial autocorrelation; future work could apply modified Mann-Kendall or pre-whitening
approaches to test the robustness of trend significance [30].

6. Conclusions
This study conducted a comprehensive analysis of vegetation dynamics and land

cover changes along the Gonghe-Yushu Expressway corridor on the northeastern Qinghai-
Xizang Plateau from 2000 to 2025 using 25 years of Landsat imagery and climate data. The
main conclusions are as follows:

(1) A widespread and statistically significant greening trend was detected across the study
area, with 77.3% of pixels showing significant NDVI increases and no significant
decreasing trends. The mean greening rate was +0.0026 NDVI per year over the
25-year period.

(2) The greening trend was established before the highway construction (first phase com-
pleted December 2014, full opening August 2017) and continued uniformly through
the construction and post-construction periods. No statistically distinguishable impact
of highway construction on regional NDVI trajectories was detected.

(3) The LULC classification showed that Bare land and Grassland were the dominant
classes within the 10 km buffer corridor, with limited inter-class transitions. Bare land
area increased by 17.2% (+755 km2), primarily at the expense of Grassland, while
other classes remained relatively stable.

(4) Climate warming (+0.068 ◦C/year) was associated with vegetation greening, as evi-
denced by the strong positive correlation between NDVI and temperature (ρ = 0.748,
p < 0.001). Precipitation changes showed no significant correlation with NDVI. This
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association should be interpreted as long-term co-variation rather than evidence of an
independent climatic driving mechanism.

(5) Within the predefined 0–10 km study corridor at 30 m Landsat resolution, the buffer-
zone sensitivity analysis revealed no persistent distance-dependent NDVI divergence
among the 0–1, 1–2, 2–5, and 5–10 km rings. However, the absence of a detectable
response at 30 m resolution does not exclude localized ecological impacts that cannot
be resolved within the current Landsat-based framework.

These findings indicate that the Gonghe-Yushu Expressway corridor has not experi-
enced the vegetation degradation typically associated with highway construction in alpine
environments. The absence of detectable road-associated vegetation change, combined with
strong climate-driven greening, suggests that either construction impacts were minimal at
the spatial and temporal scales examined, or they were masked by the dominant regional
greening signal. Future work should use independent reference corridors, higher-resolution
imagery, narrower roadside buffers, field or high-resolution visual validation, and ancillary
grazing/restoration data to better evaluate localized highway effects.
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