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Abstract. High spatio-temporal resolution maps of oasis land cover are valuable for understanding ecological and societal
development processes in dryland regions. However, the relatively late development of oasis research, combined with the
highly fragmented structure of oases and their frequent land cover transitions, has made it challenging to construct high spatio-
temporal resolution land cover datasets for oases. As a result, dedicated data products of this kind are still lacking. Here, we
developed a framework for annual 30 m land cover mapping that integrates Landsat satellite imagery, machine learning, a
temporal segmentation approach (LandTrendr), and principal component analysis. Using this framework, we produced a 30 m
resolution annual land-cover dataset for Chinese oases (OasisMap30) for the period 1987-2024 on the Google Earth Engine
(GEE) platform. Accuracy assessment based on more than 6,300 visually interpreted samples demonstrates high accuracy of
OasisMap30 (overall accuracy >90%). In cross-product comparisons based on visually interpreted and third-party test samples,
OasisMap30 exhibits considerable advantages in terms of classification accuracy and error reduction. Moreover, in comparison
with several 30 m resolution thematic products for impervious surface, cropland, and surface water, we found an impressive
consistency between OasisMap30 and these datasets. Using OasisMap30, we investigated the changes in land cover patterns
of Chinese oases. The results show that oasis area expanded by 45.87% (+7.75 Mha) between 1987 and 2024, primarily driven
by cropland expansion and grassland restoration. Specifically, 4.04 Mha of desert were restored to grassland, and 3.19 Mha
were converted from desert to cropland. In addition, OasisMap30 reveals the expansion of impervious surfaces (0.58 Mha)
and surface water (0.35 Mha), as well as conversions among land cover types, such as the conversion of 3.12 Mha of grassland
to cropland. Overall, the consistent, high-resolution OasisMap30 data can substantially support studies on the evolution of
oasis landscape patterns, socio-ecological responses, and spatial pattern optimization, thereby contributing to the sustainable
development  of  oasis regions. The  full archive of OasisMap30 is freely available at
https://doi.org/10.6084/m9.figshare.30798032 (Chen et al., 2025).
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1 Introduction

Oases are the most productive and vulnerable landscapes in drylands (Chen et al., 2024a). An oasis is generally defined as an
area with relatively flat terrain, sufficient water resources and high productivity, capable of supporting human activities such
as agriculture, animal husbandry and industrial production, with deserts serving as the surrounding landscape matrix (Lin et
al., 2024; Zhou et al., 2015). Over the past few decades, Chinese oases have undergone pronounced changes in their extent
and internal structure under the combined influences of climate change and human activities (Zeng et al., 2019). In particular,
the continued expansion of cropland and grassland has supported rapid increases in regional food and livestock production,
but has also altered the relationships among water resources, food production and ecosystems in oasis regions (Chen et al.,
2024b). These shifts have led to a range of ecological and hydrological problems, including groundwater decline, soil
desiccation, vegetation degradation and intensified desertification, thereby sharpening the tension between oasis development
and environmental sustainability (Chen et al., 2024a). Therefore, understanding how changes in oasis landscape patterns affect
regional ecological and hydrological conditions is crucial for alleviating this tension (Lin et al., 2024). This knowledge also
supports progress towards several sustainable development goals (SDGs), particularly SDG 15.3 on land degradation neutrality
in drylands, as well as SDG 2 on food security and SDG 6 on sustainable water management (UN., 2015). However, due to
the relatively late development of the oasis discipline, as well as difficulties in delineating oasis boundaries and highly
fragmented internal land cover, high spatio-temporal resolution land-cover datasets for oasis regions are still lacking.

Remaote sensing technology provides a vital means for monitoring land-cover information (Yang and Huang, 2021). With
advancements in satellite and remote sensing technologies, the spatial and temporal resolution of mapping has significantly
improved (Tu et al., 2024). The quality of land classification data directly affects the accuracy of studies related to land-cover
changes. Because oases exhibit strong interannual variability, the precision of each map used for monitoring oasis dynamic is
crucial (Xie et al., 2014). In annual change analyses, classification errors in individual maps can accumulate over time and
introduce substantial uncertainties into the final results (Zhu, 2017). Reducing per-map errors is therefore particularly
important.

To address this issue, previous studies have employed methods such as spatio-temporal filtering, consistency checks, and
disturbance-based time-series analysis to improve the accuracy of land-cover products (Li et al., 2015; Zhu, 2017). Among
these, the LandTrendr algorithm (Landsat-based detection of trends in disturbance and recovery) has shown excellent
performance in detecting abrupt surface changes (Pasquarella et al., 2022). LandTrendr fits a piecewise linear trajectory to the
full per-pixel time series of data values, effectively denoising interannual variability and smoothing long-term trends (Kennedy
et al., 2010). From the fitted segments, it identifies disturbance events and quantifies their magnitude, timing and duration.
These metrics can then be used to detect both abrupt surface-change events and longer-term change trends (Tu et al., 2024).
However, when LandTrendr is applied to individual spectral bands or indices, a disturbance signal in a single variable (for
example, near-infrared reflectance or the normalized difference vegetation index) may not be sufficient to confirm a true land-

cover change. Robust land-cover change detection therefore requires integrating information from multiple indicators and
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focusing on changes that are coherent across them. Principal component analysis (PCA) provides a way to reduce
dimensionality by summarizing information from multiple correlated variables into a few composite components (Mugiraneza
et al., 2020). By applying PCA to the disturbance magnitudes of multiple indicators derived from the LandTrendr algorithm,
these disturbance signals can be integrated into a single composite metric. This integrated disturbance signal allows land-cover
change areas to be identified more reliably than when relying on any individual index alone.

The aim of this study is to develop a new framework for annual land cover mapping at fine resolution, combining machine
learning and a temporal segmentation algorithm. Based on this framework, we integrated multi-source remote sensing data
and employed a combination of random forest, LandTrendr algorithm and principal component analysis to produce an annual
30 m resolution land cover dataset for Chinese oases (OasisMap30) from 1987 to 2024. In addition, this study also involved
the following tasks: 1) assessing the accuracy of OasisMap30 using visually interpreted and third-party test samples; 2)
validating the performance of OasisMap30 through inter-comparison with existing land-cover datasets and thematic datasets;

and 3) investigating long-term land-cover changes in China’s oases land cover over the past four decades.

2 Methodology
2.1 Delineation of China’s oasis extent

To determine where oases are located across China, we first compiled oasis distributions reported in previous studies (Gao,
1987; Wei et al., 2018; Xie et al., 2014; Zhou et al., 2017). These literature-based maps were combined with NDVI information
to obtain an initial, coarse delineation of potential oasis areas for the period 1987-2024. On this basis, we manually inspected
the imagery and masked out mountain regions and clearly unvegetated deserts (e.g., the Taklamakan Desert), and then outlined
the final study area to be classified on the GEE platform. To ensure that oases which may have disappeared by 2024 but existed
in earlier years are not overlooked, land cover classification was performed over a region larger than the previously observed
oasis extent. Within this study area, we classified land cover into seven types: impervious surface, surface water, cropland,
shrubland, forest, grassland and barren land. According to the definition of oasis, all land-cover types other than barren land

were considered oasis landscapes.

2.2 Data source

We used all available Landsat Level 2 Tier 1 surface reflectance (SR) data (TM 5, ETM+ 7, OLI 8) covering our study area
from 1987 to 2024, with these data having undergone atmospheric correction. Considering the differences between Landsat
sensors, we applied conversion factors recommended by Roy et al. (2016) to normalize Landsat 8 reflectance to Landsat 5 and
7 reflectance. This ensures comparability between multi-temporal images across years. Digital elevation data were sourced
from the Shuttle Radar Topography Mission (SRTM).


default
高亮
In line 80-81, the remark "we manually inspected the imagery and masked out mountain regions and clearly unvegetated deserts (e.g, the Taklamakan Desert)" is not consistent to the data described in the next sections and the supplement. Oasis in the Taklamakan Desert also were mapped.

default
高亮
The definition of oasis must be clearly described. The present version of the preprint defined it as "all land-cover types other than barren land". According to the nature of the oasis, it is defined following several criteria at least: (1) located in desert areas; (2) with water sources in the forms such as streams, rivers, ground water, constructed channels et al.;(3) specific plants and other organisms formed azonal vegetated landscape. 


95

100

105

110

Earth System
Science

Data

https://doi.org/10.5194/essd-2025-818
Preprint. Discussion started: 13 January 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

2.3 Feature space construction

Based on Landsat imagery and SRTM DEM data, we collected and calculated metrics for random forest classification (Breiman,
2001). Among these, slope, aspect, and hillshade were computed from the DEM data. To enhance classification performance,
we further applied the tasseled cap transformation to obtain brightness, greenness, and wetness indices using coefficients
provided by Crist et al.(1985). The final feature indicators comprise four categories: spectral features, terrain feature, tasseled-
cap transform, and gray-level co-occurrence matrix. The calculation methods for each indicator are detailed in Supplementary
Table 1.

Tablel. Independent variables of the random forest model for land-cover classification.

Feature indicators Independent variables
PBlue, PGreens PReds PNir, PSWIT, Pswiz, Normalized difference vegetation index
Spectral feature (NDVI), Modified normalized difference water index (MNDWI), Normalized
difference built-up index (NDBI)
Terrain feature Elevation, Slope, Aspect, Hillshade
Tasseled-cap transform Wetness index, Brightness index, Greenness index
Gray-level co-occurrence Entropy, Correlation, Variance, Contrast, Angular second moment, Inverse
matrix difference moment

Note: pBiue, pGreen, pRed, PNir, pswit, pswiz are the surface reflectance values in the blue, green, red, near infrared, shortwave infrared 1, and 2
bands of the Landsat image, respectively.

2.4 Baseline 2024 oasis land-cover mapping

We used a random forest algorithm for land-cover classification (Figure 1). We first imported Landsat images into GEE and
performed pre-processing, including cloud and snow masking and mosaicking. Second, sample points from different land-
cover types were selected from the pre-processed Landsat images. By combining these with Google Earth historical imagery,
different land-cover types could be accurately and efficiently identified. Third, we used these sample points to construct a
collection of image features that included spectral features, terrain features, tasseled cap transformation and gray-level co-
occurrence matrix features (Table 1). These features were used to train a random forest classifier, with a ratio of 7:3 between
training and validation samples. The oasis land-cover map for 2024 produced by the random forest was then corrected by
visual interpretation to obtain the final 2024 oasis land-cover dataset. To ensure its accuracy, six experts independently

conducted visual inspection and manual corrections based on high-resolution imagery.
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Figure 1: Flowchart of this study for mapping annual oasis land-cover. DUR: disturbance duration; YOD: year of disturbance; MAG:

disturbance magnitude.

2.5 LandTrendr—PCA-based annual land-cover mapping

Land-cover classification is prone to error propagation, especially when producing annual map series, where classification
errors can accumulate over time. Employing the LandTrendr algorithm to identify areas exhibiting abrupt changes in surface
reflectance, followed by machine learning classification of these areas, can effectively reduce the impact of error propagation.
To map land-cover dynamics from 1987 to 2024 while limiting the propagation of classification errors, we used the 2024 oasis
land-cover dataset as a reference and applied the LandTrendr algorithm to the annual time series of spectral indices.

Since a single index's change cannot conclusively indicate land-cover change (for example, abrupt shifts in near-infrared
reflectance or NDVI do not necessarily imply land-cover change), we combined LandTrendr with PCA to more accurately
identify the locations and timing of land-cover change. For each pixel, we first extracted the disturbance magnitude (MAG),
year of disturbance (YOD) and duration (DUR) from the fitted temporal trajectory for each index. We then applied PCA to the
disturbance magnitudes of multiple indices to derive a single composite disturbance metric (MAGPCA), which integrates
consistent disturbance signals across indices. Pixels exhibiting significant disturbance were flagged as candidate land-cover
change areas. Subsequently, by taking the mode values of DUR and YOD distribution for all indicators, we obtained DURmode
and YODmode maps, thereby defining the time windows for potential transitions.

Based on these candidate change areas and time windows, annual land-cover classification was performed for pixels identified
as potentially changed, using the same feature types as for 2024 but with Landsat imagery from the corresponding years. Pixels

without detected disturbance retained their land-cover class from the 2024 reference map or from the pre-disturbance period,
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thereby limiting the temporal propagation of classification errors. Finally, the annual oasis land-cover maps for 1987-2024
were visually inspected and manually corrected by six experts, ensuring the consistency and reliability of the complete time

series.

2.6 Evaluation of disturbance timing consistency

Because we used YODnmode as the starting time for surface changes, dispersion in YOD across indices could interfere with the
accurate identification of the true onset time of disturbance and thus affect classification accuracy. To verify the accuracy of
the disturbance timing identified by this method, we examined the dispersion of the YOD distribution across indices (Eq. 1).
The results indicate that Y ODingicator €Xhibits a high degree of consistency. In addition, after identifying the years in which land
cover may have changed, we have to further detect whether land cover types have changed through land cover classification
and visual interpretation, and if not, this process will be repeated for the next year. Therefore, YODuispersion >0 in this study has
a limited impact on the identification of land cover change.

YODgispersion = YODindicator = YODmode @
where YODingicator indicates the YOD identified by the different indicators, and Y ODuispersion indicates the dispersion of YOD.
When the YODyispersion = 0, YODindicator 1S consistent with YODmoge; When YOD_dispersion <0, YODingicawor 1S earlier than
Y ODode; @and when Y ODyispersion > 0, Y ODindicator 1S later than Y ODmoge.

2.7 Accuracy and error assessment

We used a visually interpreted test dataset (at least 6,300 samples annually) and a third-party test dataset (Geo-Wiki) to evaluate
the accuracy of OasisMap30 (Fritz et al., 2017). To assure the spatial uniformity and spatial balance across land cover types
in the validation of the visually interpreted test samples, we employed a stratified random sampling method based on a
hexagonal grid. Specifically, the study area was divided into approximately 1,100 independent units using regular hexagons
with a 10 km side length. Each unit was treated as an independent sampling unit for land cover type sampling, ensuring an
even distribution of validation samples across the entire area. For each independent hexagon, the area proportion of seven
land-cover types was calculated based on 30 m resolution land cover data. Stratified random sampling was then conducted
according to these proportions and the predetermined total sample size. This method accounts for spatial distribution
uniformity and land cover area proportions, effectively reducing sampling bias in validation samples. During the evaluation,
five experts independently interpreted the data, and each validation point was confirmed by at least two researchers. For points
with disagreements, a third researcher made the final decision. If interpretations remain controversial, the point is discarded.
We ensured that the number of validation points for rare land cover classes (e.g., forest) was no fewer than 50, as recommended
by Olofsson et al. (2014). After removing points with low confidence from each land cover class, we retained at least 6,300
validation samples annually.

Finally, we assessed the accuracy of OasisMap30 quantitatively using producer accuracy (PA), user accuracy (UA), overall

accuracy (OA), and the F1 score. The F1 score represents the balance between producer accuracy and user accuracy (Eq. 2).
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And we estimated the accuracy, area of each land-cover type, and uncertainty of the oasis map at 95% confidence intervals.

For a detailed description of the estimation methods, see Olofsson et al.(2014).

PAXUA
(PA+UA)

F1=2

x 100% 2

2.8 Datasets inter-comparison

We compared OasisMap30 with several widely applied and well-validated land cover products, including CLCD (Yang and
Huang, 2021), GLC_FCS30 (Zhang et al., 2021), ESACCI_LC (Defourny et al., 2017) and MCD12QL1 (Table S2). In addition,
we assessed the accuracy of OasisMap30 through inter-comparison with 30 m resolution thematic data derived from Landsat
imagery. The current primary impervious surface datasets covering oasis regions include Global Impervious Surface Area
(GISA) (Huang et al., 2021) and Global Artificial Impervious Area (GAIA) (Gong et al., 2020). Crop-related thematic datasets
mainly comprise Global Land Analysis & Discovery Cropland Data (GLAD) (Potapov et al., 2021), The Hybrid Cropland
Maps of China (CCropland30) (Zhang et al., 2024), and the Annual Cropland Dataset of China (CACD) (Tu et al., 2024).
For surface water, the Global Surface Water (GSW) dataset was selected (Pekel et al., 2016). Compared with OasisMap30,
GSW provides a much denser temporal record (monthly). To facilitate comparison, we calculated annual mean surface-water
extent from the monthly GSW data. These thematic datasets have been shown to have good accuracy in previous studies.

To assess the spatial consistency between OasisMap30 and the thematic products, we first aggregated the 30 m datasets to a
0.05°=x0.05<spatial grid. For each grid cell, we then calculated the fractional area for each category and used these values to
construct scatterplots. The coefficient of determination (R<fand root mean square error (RMSE) were used to assess the level

of consistency between OasisMap30 and the thematic products.

3 Result
3.1 The accuracy and error verification of the OasisMap30

Based on all available Landsat imagery data on GEE, we produced a 30 m resolution annual Chinese oasis land cover dataset.
Verification results based on visually interpreted samples indicate that OasisMap30 has a high accuracy rate (Figure. 2).
Overall accuracy ranges from 90.40% to 94.05%, with a mean of 91.96 +1.55% (Figure S1h). Among each category, cropland
achieved the highest F1 score (93.25% £1.93%), followed by surface water (92.14% +2.09%), grassland (91.50% +1.06%),
barren land (90.68% = 0.47%), and impervious surfaces (87.49% = 3.69%), while the average F1 scores for forest and
shrubland also exceed 84% (Figure S1). In addition, we evaluated the error and uncertainty of OasisMap30 using the methods
recommended by Olofsson et al.(2014). Taking 2022 as an example, cropland and grassland areas in Chinese oases are
estimated at 12.81 Mha and 8.48 Mha, with associated errors of only 0.133 Mha and 0.134 Mha, respectively (Table S3).
Shrubland and forest have the largest classification errors among all land cover types, but their error ranges are still limited to
0.55 +0.05 Mha and 0.29 £0.034 Mha (Table S3). These evaluation results further demonstrate the robustness of OasisMap30.
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Figure 2: Accuracy assessment of the OasisMap30 dataset based on visually interpreted samples (taking the year 2024 as an example). | S:

Impervious surface; S W: Surface water.

3.2 Comparison with existing Land cover datasets

Cross-dataset comparisons show that, for oasis regions in China, OasisMap30 exhibited substantially higher overall accuracy
(93.64% in 2022) than CLCD (75.72%), GLC_FCS30 (74.13%), ESACCI_LC (66.22%) and MCD12Q1 (50.55%) (Table S4-
24). For each land cover category, OasisMap30 achieved higher and more stable F1 scores compared to datasets such as CLCD,
GLC_FCS30, and ESACCI_LC (Figure S1). OasisMap30 also showed a good ability to capture fine-scale details of oasis land
cover (Figure. 3). We further evaluated the accuracy of OasisMap30 using Geo-Wiki test samples (Table S25). The results

showed that OasisMap30 achieves an overall accuracy of 74.36%, substantially higher than that of the other datasets (50.09—

60.90%). For individual land cover classes, OasisMap30 also showed consistently higher classification accuracy than the four

comparison datasets.
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Figure 3: Regional comparison of oasis land-cover products. The first column shows Landsat imagery. Columns two to six display the
spatial distribution of oasis land cover from OasisMap30 and four existing land-cover datasets. | S: Impervious surface; S W: Surface water.

All the Landsat images are freely provided by USGS.

3.3 Comparison with other 30-m thematic products

Based on the GISA and GAIA datasets, we found that the impervious surface area within oasis regions exhibited a gradual

expansion trend between 1987 and 2024, at rates of 0.014 Mha-yr and 0.037 Mha-yr', respectively. The statistical results

from OasisMap30 demonstrate good consistency with those from the two datasets (0.019 Mha-yr!). Moreover, the trends in
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215 cropland and surface water changes estimated by OasisMap30 also exhibit well agreement with the results from thematic
datasets. We did not conduct comparative analyses for grasslands due to the lack of a 30-m resolution grassland thematic
dataset covering China's oasis regions. However, validation results based on visually interpreted samples and third-party test

samples provide evidence that the grassland classification within OasisMap30 exhibits a high accuracy (Table S4-S9, S25).
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220  Figure 4: Comparison of temporal changes in different land cover areas of Chinese oases between OasisMap30 and various thematic datasets
from 1987 to 2024. | S: Impervious surface; S W: Surface water.

3.3.1 Comparison with the spatial distribution of cropland thematic data

We assessed the accuracy of OasisMap30 in capturing the spatial dynamics of cropland through inter-comparison with GLAD,
CCropland30, and CACD data. The scatter plot in Figure 5 shows the fraction of cropland after aggregating 30m data into
225  0.050.05°spatial grids. It was found that OasisMap30-cropland showed high consistency with CLAD, CCropland30, and
CACD data in spatial distribution (0.88 <R= 0.93), indicating that OasisMap30 has a high reliability in cropland classification.
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Figure 5: Scatter plots of cropland fraction between the OasisMap30, GLAD, CACD and CCropland30. Cropland fraction was aggregated

within the 0.05<<0.05“spatial grid.

3.3.2 Comparison with the spatial distribution of surface water thematic data

Surface water trends in oasis regions over the past decades exhibit substantial spatial heterogeneity due to the comprehensive

implications of human activities and climate change. We aggregated the surface water fraction of OasisMap30 and GSW data

into 0.05<<0.05“spatial grids, and then assessed the accuracy of OasisMap30 in identifying oasis surface water dynamics

(Figure 6). High decision coefficients (0.8<R=20.88) indicate strong consistency between OasisMap30-Water and GSW data.
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Figure 6: Scatterplots of surface water fraction between the OasisMap30 and GSW. Surface water fraction was aggregated within the

0.050.05<spatial grid. S W: Surface water.

3.3.3 Comparison with the spatial distribution of impervious surface thematic data

The area of impervious surfaces serves as a key indicator for urbanization. With rapid economic development, the urbanization

level in China's oasis regions has gradually increased. We assessed the accuracy of impervious surface in OasisMap30 through

inter-comparison o with impervious surface thematic datasets (Figure 7). By calculating the impervious surface fraction within
0.050.05 “spatial grids, we found high consistency between OasisMap30 with GAIA and GISA (0.62<R=0.85). Moreover,
the R=between OasisMap30-1S and two products exceeded 0.84 in 2020, indicating the reliability of OasisMap30.
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Figure 7: Scatterplots of impervious surface fraction between the OasisMap30, GAIA and GASA. Impervious surface fraction was
aggregated within the 0.05<%0.05<spatial grid. IS: Impervious surface.

3.4 Dynamics of land cover in China's oases from 1987 to 2024

Over the past few decades, Chinese oases have undergone rapid expansion. Between 1987 and 2024, oasis area increased from
16.90 Mha to 24.65 Mha, at a rate of 0.22 Mha yr! (Figure 8a). Among land cover types, cropland exhibited the fastest
expansion rate, followed by impervious surfaces. To compensate for the loss of large areas of high-quality cropland in southern
China and to safeguard national food security under increasing population pressure, oases and the surrounding deserts, which
are among important strategic reserve lands in China, have been extensively converted to cropland (Kuang et al., 2022).
Statistics derived from OasisMap30 show that cropland area within oases expanded from 6.97 Mha to 12.98 Mha during this
period, at a rate of 0.17 Mha yr!. Due to the high expansion rate, cropland gradually replaced grassland to become the largest
land cover type within oases. The implementation of several livelihood-related policies has also accelerated the urbanization
process in oasis areas (Figure S3), contributing to an expansion of impervious surfaces from 0.39 Mha to 0.97 Mha. Moreover,
grassland areas increased from 8.21 Mha to 8.76 Mha at a rate of 0.008 Mha yr, while forest and shrubland areas also showed
slight growth, attributable to the implementation of ecological restoration projects (Figure S3). Benefiting from glacial melt
due to climate warming, increased precipitation, and the construction of reservoirs and hydropower stations (Zhang et al., 2022;
Huang et al., 2025), the area of surface water in oasis regions has continuously increased (+0.35 Mha). Notably, the trends in
the areas of oases and each land type indicated by OasisMap30 are largely consistent with those of datasets such as CLCD and
CFC_FCS30 (Figure 8).

13



Earth System
Science

Data

https://doi.org/10.5194/essd-2025-818
Preprint. Discussion started: 13 January 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

40 1.5 16
a —@—Slope, 0.22 —@— Slope, 0.161| — b —e- slope, 0,019 —@— Slope, 0.015 = C —@— Slope, 0012 —@— Slope, 0.005
—_ —@— Slope, 0.147 —@— Slope, 0.181 § —@— Slope, 0.021 —@— Slope, 0.001 | & 12 —@— Slope, -9x10* —@— Slope, 0.001
© — 2
£ 30{ —®- Slope, 0.169 @ 10{ —@ Slope, 0.023 8 —@— Slope, 0.01
= o [
t e
g 2 308
B 2 2
@ 201 _g 0.5 @ W
o © 0.4
oL ‘ ‘ ‘ ool | , oL | ‘
1990 2000 2010 2020 1990 2000 2010 2020 1990 2000 2010 2020
Year Year Year
24 1.2 0.6
d -e-siope, 0.175 @ Slope, 0.105 = € —®—Slope, 0.004 —@—Slope, -9x10% f —@—slope, 0.005 —@—Slope, -4x10%
% —@—Slope, 0.092 —@— Slope, 0.184 ‘§ 0.9 —@—Slope, 0.001 —@—Slope, -0.003 | _ —@—Slope, 0.024 —@—Slope, 1x10°
= . ]
S 161 —@—slope 0.14 © —@—Slope, 6x10% < 04| —®—Slope, 0001
@ f= —
© © | ©
o = 06 L
§ 8 % P 0.2
& g 2 0.
E‘ w E 03, s g
W) w u
0 - ‘ ‘ ‘ 0 - ‘ - - 0L »e2838888™ :‘: i :
1990 2000 2010 2020 1990 2000 2010 2020 1990 2000 2010 2020
Year Year Year
25 surface watg,.
8 0
—@—Slope, 0.008 —@— Slope, 0.037 h LR .
= 9 & 2 -8~ QasisMap30
£ 20 —®—Slope, 0.024 —@— Slope, -0.002 & / , ¢
g 3
= —@— Slope, -0.006 G /.4 ¥ g - CLCD
S 15 - — z | |
E B ot g | | /m 5 -e- GFC_FCS30
e 2 \ ksi
210 E™N\ “ 2
5% ceosseneseneetsaesssentzzzsizsstssaoes " oNT e e ESACCILC
T \/c & -
L
5 - ‘ ‘ ‘ | O o o
1990 2000 2010 2020 ) %Jo ‘ZD ? JUERIEAOL
Year Unit: (Mha) ~ pug|do:

Figure 8: Comparison of temporal changes in different land cover areas of Chinese oases between OasisMap30 and various land cover
265  datasets from 1987 to 2024 (a-g); Changes of seven land cover types during the period of 1987-2024 in oasis of China.
At the provincial level, oases are unevenly distributed across five provinces. Xinjiang has the largest oasis area among the five
provinces, accounting for 66.24% of the total oasis area in China by 2024, followed by Inner Mongolia, Gansu, Qinghai, and
Ningxia (13.74%, 10.84%, 5.14%, and 4.04%, respectively) (Figure S2). Xinjiang not only ranks first among provinces in
terms of cropland expansion, but also shows the fastest increase in impervious surface area, driven by the rapid sprawl of cities
270 like Urumqi over recent decades (Wu et al., 2025). Qinghai exhibited the fastest expansion rate of surface water area. With the
warming and moistening climate, inflow runoff to the principal lakes of the Qaidam Basin has progressively increased,
resulting in a rapid expansion of surface water area at a rate of 0.006 Mha yr in the Qinghai oasis region (Lu et al., 2025).
The Inner Mongolia Autonomous Region saw the largest net increase in grassland area (0.91 Mha), which can be primarily

attributed to the successful reversal of desertification in desert regions such as Kubugi (Chen et al., 2022).
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Based on the OasisMap30 dataset, we further revealed the process of land-cover conversion in oasis regions. Overall, grassland
restoration contributed the most to the expansion of oasis areas, followed by the cropland reclamation (Figure 8h). Between
1987 and 2024, 4.04 Mha of barren land was successfully restored to grassland, accounting for 50.56% of the oasis's newly
expanded area. Concurrently, 3.19 Mha of barren land was cultivated to cropland, accounting for 39.94% of the oasis expansion.
With the expansion of cropland and grassland, many previously scattered and isolated oases in northwest China gradually
expanded and merged into a contiguous oasis belt, demonstrating a representative pattern of oasis evolution in China (Figure
S4).

Within the oasis, land cover transitions are widely recorded. The largest land cover conversion pattern is grassland converted
to cropland. During this period, 3.12 Mha of grassland within the oasis were converted to cropland, which resulted in cropland
gradually surpassing grassland to become the dominant land cover type within oases. A total of 45.00% of the impervious
surface area gain came from barren land (such as the rapidly expanding photovoltaic panels in regions like Kubugi and the
Hexi Corridor) (Xia et al., 2024), while 52.21% came from the grassland and cropland (e.g., Ganzhou, Zhangye) (Zhou et al.,
2015; Liu et al., 2019). The expansion of surface water primarily stems from grasslands (24.63%) and barrens (60.94%). This
conversion is highly correlated with the warming and moistening trend in northwest China, where accelerated glacial melting
and gradually increasing precipitation have provided more water resources to oasis regions (Yao et al., 2022). Ecological water
conveyance engineering (such as those for the Juyan Lake and Taitema Lake) also played a positive role in the expansion of
surface water area (Wang et al., 2019; Ling et al., 2020). Overall, OasisMap30 performs excellently in capturing land cover
changes, and can provide valuable support for studies on human-environment relationships, water-food-ecosystem nexus, and

environmental sustainability in oasis regions.

3.5 Limitations and prospects

Due to differences between the Landsat 5 TM, 7 ETM+ and 8 OLI sensors, as well as the lack of high-quality remote sensing
imagery in earlier years (Figure S5-S6), we were forced to use remote sensing images from adjacent years. This may have
resulted in some land cover changes being overlooked. Spatially, there may be variations in mapping accuracy across different
regions. Due to the extremely sparse vegetation in oasis-desert buffer zones, delineating oasis boundaries only with Landsat
imagery can be challenging. Consequently, some sparsely vegetated buffer zones may be misclassified as barren. In the future,
the increased availability of field-based land cover survey data, combined with optical and high-resolution remote sensing
imagery, will facilitate more precise delineation of oasis boundaries. Moreover, the dispersion of YOD between different
indicators based on the LandTrendr algorithm may impact result accuracy. We have reduced the inevitable misclassification
of land cover in mapping through visual interpretation, while complete error correction cannot be guaranteed. In the future,
the integration of the USGS Landsat global archive will provide more historical Landsat imagery for the GEE platform. As

the availability of high-quality Landsat images increases, the accuracy of oasis mapping will be further improved.
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4 Data availability

The OasisMap30 product generated in this study can be accessed at https://doi.org/10.6084/m9.figshare.30798032 (Chen et
al., 2025). Landsat SR, SRTM, MCD12Q1, GLAD, and GSW(v1.2) were acquired from the Google Earth Engine (available
at http://code.earthengine.google.com, last access: 9 December 2025). CLCD and GLC_FCS30 were provided by Wuhan
University (available at https://doi.org/10.5281/zen0d0.4417810, last access: 9 December 2025) and Aerospace Information
Research Institute, Chinese Academy of Sciences (available at https://doi.org/10.5281/zenodo.3986872, last access: 9
December 2025). The ESACCI_LC was assessed from the European Space Agency climate office (available at
https://doi.org/10.24381/cds.006f2c9a, last access: 9 December 2025). The GISA and GAIA were obtained from the Wuhan
University (available at https://doi.org/10.5281/zen0d0.5136330, last access: 9 December 2025) and Tsinghua University
(available at https://doi.org/10.6084/m9.figshare.27245775, last access: 9 December 2025). The CACD and CCropland30 were
provided by Tsinghua University (available at https://doi.org/10.5281/zenodo.7936885, last access: 9 December 2025) and
National Tibetan Plateau Data Center (available at https://doi.org/10.11888/Terre.tpdc.301077, last access: 9 December 2025).

5 Conclusions

Oases represent the most productive yet also the most ecologically fragile regions in drylands, serving as the core areas for
human production, livelihoods and economic development. Given the importance of oases, producing a high spatio-temporal
resolution land cover datasets for oases are essential for revealing the patterns of oasis evolution and its impact on the
ecological environment. This study developed a new framework for high spatio-temporal resolution land cover mapping and
produced an annual 30 m resolution land-cover dataset for Chinese oases (namely OasisMap30). Accuracy assessments and
comparisons with other datasets show that OasisMap30 performs well in terms of both reliability and capturing the dynamic
changes in oases. Based on OasisMap30, we found that Chinese oases have undergone rapid expansion in recent decades.
Between 1987 and 2024, oasis area increased from 16.89 Mha to 24.64 Mha at a rate of 0.22 Mha per year, with cropland
expansion and grassland restoration being the main drivers of this gradual growth. In addition, we also observed large-scale
land-cover conversions within oases, such as 3.12 Mha of grassland converted to cropland. The 30 m resolution OasisMap30
dataset is expected to provide important support for oasis landscape planning, water resource management, and research on
socio-ecological interactions in drylands.
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