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Abstract—Wildfire risk is on the rise around the world. In places
like California, this risk is further instigated by the invasive species
cheatgrass (Bromus tectorum). Cheatgrass is highly flammable and
benefits from wildfires, allowing it to replace native plant communities.
Through increasing both the intensity and the frequency of wildfires,
it endangers not only its natural environment but also human habitats.
Here, we present a novel approach to map the distribution and
expansion of cheatgrass and predict potential wildfire risk zones.
Utilizing the open-source CalFlora dataset, alongside data from the
Sentinel-2 satellites, we created a comprehensive spatial analysis
framework. We integrated temporal dynamics via Vegetation Index
statistical bands that encapsulate annual vegetation information. We
employed semi-supervised learning techniques to refine and filter
our data labels, thereby ensuring robust model training. We utilized
machine learning algorithms Random Forest and XGBoost, for model
training. Our models exhibited a test accuracy of 91.1% in multiclass
classification and achieved a precision rate of 91% specifically for
the Cheatgrass class. Our multiclass classification model demonstrates
exceptional discriminative ability and agreement with the actual
classifications, with an ROC-AUC Score of 0.99 indicating near-perfect
performance in distinguishing between the different classes, and a
Cohen’s Kappa of 0.89 signifying a strong agreement, accounting
for chance. We demonstrate the effectiveness of our methodology by
leveraging publicly available open-source datasets to map the spread
of invasive Cheatgrass, which in turn helps identify regions potentially
at high risk for wildfires across California’s varied landscapes. Our
analysis effectively predicts the distribution of Cheatgrass and other
vegetation with data available only until June, providing insight before
the peak forest fire season, which spans from mid-July to September.
This capability delivers actionable intelligence for assessing fuel load
and connectivity, thus laying the groundwork for targeted wildfire
prevention strategies and enhanced ecological management practices
in fire-prone areas.

Index Terms—Land use and Land cover Mapping, Cheatgrass, In-
vasive Plants, Machine Learning, Semi-supervised Learning, Wildfire
Prevention, Time-series Analysis.

I. INTRODUCTION

Wildfires have become increasingly frequent across the globe,
often underscored by their destructive impacts on ecosystems,
infrastructure, and public health. Yet, fire also plays an essential
role in maintaining the ecological balance of many forest systems.
Recent concerns stem from observed shifts such as increased fire
frequency, extended fire seasons, and escalating severity world-
wide [1], [2].

In 2020, California witnessed record-breaking wildfire activ-
ity, with approximately 1.74 million hectares burned—more than

double the previous high. The economic damage exceeded $19
billion [3], while wildfire smoke exposure led to an estimated loss of
0.7 to 2.6 million workdays due to PM, s-related health effects [4].

The complex dynamics of wildfire spread are influenced by
a multitude of factors, including declining summer precipitation
across the Western U.S. [5], topographical variation [6], fuel con-
nectivity, and ignition sources. One invasive species—Cheatgrass
(Bromus tectorum)—has been especially influential in altering fire
regimes across the Intermountain West, particularly the Great Basin.
Cheatgrass not only reduces biodiversity by displacing native flora
and fauna [7], [8], [9], [10], but also enhances fire frequency and
intensity by increasing the availability of fine fuels [11], [12]. Post-
fire recovery is often hindered by Cheatgrass dominance, especially
in hotter, drier regions [13].

Remote sensing has emerged as a critical tool in monitoring
vegetation dynamics, assessing ecosystem structure [14], detecting
individual plant species [15], and evaluating post-fire effects [16],
[17]. Among various spectral cues, phenology-based detection is
particularly effective for invasive species like Cheatgrass due to
its early-season productivity relative to native vegetation [18],
[19]. This trait shifts the timing of peak greenness, making it
distinguishable in satellite time series such as Sentinel-2 [20].

Land use/land cover (LULC) classification techniques have
evolved from manual interpretation and basic pixel-based methods
to advanced machine learning and object-based approaches [21]. In
tandem, spectral vegetation indices—such as NDVI and EVI—have
become central to improving classification accuracy. For instance,
Sentinel-2-derived vegetation indices have achieved nearly 80%
accuracy in mapping invasive shrub species, outperforming even
radar-optical data fusion [22]. The 5-day revisit time and 10-20 m
spatial resolution of Sentinel-2 [23] enable multi-temporal pheno-
logical analysis through seasonal composites [24]. In this study, we
extend these methods by introducing Vegetation Index Temporal
Statistical Bands (Time Series Spectral Bands), leveraging monthly
distributions to better capture seasonal variation in vegetation
dynamics for LULC classification.

A persistent challenge in LULC mapping is the lack of high-
quality, globally consistent ground truth data. Collecting reliable
training and validation samples across large regions is both costly
and time-consuming [25]. To address this, our study utilizes the
open-source Calflora dataset [26] as a source of labeled observations
for land cover classification, offering species-level data with fine



spatial and temporal resolution.

Previous work on Cheatgrass distribution has typically relied
on coarse-resolution fuelscape datasets (e.g., 270-meter resolution
for sagebrush ecosystems [27]) or general invasive grass mapping
using NDVI-derived phenometrics [28]. While effective, such ap-
proaches often lack specificity, temporal depth, or spectral diversity.
Moreover, past methods have not fully exploited the potential
of vegetation index distributions across seasons. Operational fire
management plans like San Bernardino County’s CWPP [29]
have begun integrating such data for targeting cheatgrass in fuel
mitigation, underscoring the real-world need for precise mapping
solutions.

In this study, we present a Sentinel-2-based methodology at
10-meter resolution, incorporating monthly phenological statistics
and species-specific labels from Calflora to classify Cheatgrass
distribution. By targeting the reproductive and senescence phases
(May—June) as well as full-year vegetation dynamics (from July of
the previous year to June of the current year), our approach supports
timely and scalable mapping prior to the peak wildfire season.
This enables enhanced early warning and ecosystem management
strategies for high-risk areas.

The main objectives of this research are as follows:

« Leverage satellite remote sensing and the open-source Calflora
dataset for land use and land cover classification, with a
specific focus on detecting Cheatgrass.

o Introduce  Vegetation  Index  Temporal
Bands—derived from monthly vegetation
better capture seasonal vegetation dynamics.

« Analyze spatial patterns in the generated LULC map in relation
to historical wildfire events in California using zonal statistics
and visual interpretation.

Statistical
indices—to

These objectives aim to provide a comprehensive approach
to managing vegetation in fire-prone regions, with a particular
emphasis on understanding and controlling Cheatgrass to reduce
wildfire risk and its ecological impact.

II. DATA AND METHODOLOGY
A. Sentinel-2 Data Acquisition and Preprocessing

The Copernicus Sentinel-2 mission consists of two polar-orbiting
satellites positioned in the same sun-synchronous orbit, with a
phase difference of 180°. This configuration aims to monitor
changes in land surface conditions efficiently. Equipped with a
multispectral imager (MSI) that has 13 spectral bands, Sentinel-
2 provides moderate resolution imagery with a swath width of
290 km. This wide swath and the high revisit time enable global
coverage every five days, supporting the continuous monitoring
of the Earth’s surface. The primary objectives of the Sentinel-2
satellites include providing data for risk management, land use and
land cover mapping, change detection, natural hazards, and water
management. These capabilities are crucial for a wide range of
applications in environmental monitoring and management [23]. We
acquired the Sentinel-2 images using Google Earth Engine [30].

We applied a bilinear interpolation technique to enhance the
resolution of specific spectral bands at 20 meters to a uniform 10
meters in order to maintain consistent resolution across all bands.

TABLE I: Sentinel-2A Bands Used

Band Resolution Central Wavelength  Description
B2 10m 490 nm Blue
B3 10m 560 nm Green
B4 10m 665 nm Red
B5 20m 705 nm VNIR
B6 20m 740 nm VNIR
B7 20m 783 nm VNIR
B8 10m 842 nm VNIR
B8a 20m 865 nm VNIR
B11 20m 1610 nm SWIR
B12 20m 2190 nm SWIR

Note: VNIR refers to Visible and Near Infrared; SWIR refers to Shortwave
Infrared.

Bilinear interpolation was chosen because the bands represented
continuous imagery, rather than segmentation [31]. This refinement
was applied to those bands originally at 20-meter resolution,
resulting in a consistent 10-meter resolution across the selected
bands. Here, we used a total of ten spectral bands ranging from
the visible to the shortwave infrared wavelengths (Table I) ([32]).
As an initial step, Sentinel-2 Surface Reflectance (SR) images with
less than 20% cloud coverage were systematically selected for the
months of May and June 2022.

In our time series analysis, addressing the significance of cloud
interference is essential. To mitigate this issue, we first utilized the
Cloud Probability Band from Sentinel-2 Level-2A products [33],
generating its inverse by multiplying the Cloud Probability values
by 1, which was subsequently used as a weighting factor during
the creation of temporal mosaics, effectively minimizing noise.
Subsequently, we applied additional masks to filter out remaining
cloud and snow pixels [33], [34]. The resulting missing data were
handled by excluding the masked pixels during the computation of
the time series spectral bands, as detailed in Subsection II-D. These
combined techniques greatly reduced noise, providing a strong
method for time series analysis in our study. During the masking
process, the results were visually inspected, and all parameters
were refined through multiple iterations to ensure optimal outcomes
across all months.

B. Dataset

The Calflora dataset [26] was employed to assess the spatial
distribution of Cheatgrass (Bromus tectorum) across California
(Figure 2). As a comprehensive repository of georeferenced ob-
servations of wild plant species in the state, Calflora provides
valuable data to support ecological and biogeographical research.
The dataset offers detailed, species-level occurrence records that
are critical for analyzing habitat preferences and monitoring the
spread of invasive taxa such as Cheatgrass, which poses significant
ecological threats. However, the dataset includes certain spatial
inaccuracies, as illustrated in Figure 1, primarily resulting from
imprecise GPS coordinates at the time of species reporting. These
deviations—also evident in Figure 1—may arise from observations
logged near anthropogenic features such as roads or buildings rather
than from exact in-situ locations, introducing potential spatial bias
into ecological analyses.
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Fig. 1: Some inaccuracies in the Caflora [26] dataset with High-
resolution Imagery Background, which is created by variations in
collectors GPS accuracy [35].
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Fig. 2: A screenshot of Cheatgrass Data from the Calflora Website
showing its distribution across California [26].

C. Labeling and Refining

Our research commenced with systematically gathering Cheat-
grass sample locations from the CalFlora dataset [26] for Los
Angeles County, spanning the period from January 1, 2016, to

January 10, 2024. Los Angeles County was selected due to its
ecological diversity, encompassing coastal areas, mountain ranges,
valleys, forests, islands, lakes, rivers, and deserts [36], making
it representative of broader Californian landscapes. To categorize
regions by land cover type—such as water, grass, shrubland, trees,
and bareland—the Dynamic World V1 Land Cover map was
employed to extract representative samples of each class using
stratified random sampling [37], [38]. Each sample was meticu-
lously verified using Sentinel-2 imagery from April and June 2022,
focusing on distinguishing color contrasts in the RGB bands within
Los Angeles County. This process was further cross-checked with a
high-resolution Imagery base-map in ArcGIS PRO [35]. Given that
Cheatgrass often grows in patches around 300 m2 [39], the 10-meter
resolution of Sentinel-2 proved valuable for identifying pure pixels.
Points that appeared to be mixed on high-resolution images were
relocated to the nearest pixel that accurately represented the targeted
vegetation type. This detailed approach produced a dataset of 650
samples across six distinct land cover types: Grassland, Shrubland,
Bareland, Water, Cheatgrass, and Trees (Table II).

TABLE II: Initial 650 samples

Category Sample Size
Trees 205
Grassland 38
Shrubland 233
Bare Soil 34
Water 30
Cheatgrass 110
Total 650

Since Data collected from Calflora in the data preparation phase,
we addressed the inherent inaccuracies in some user-reported entries
within the Calflora dataset(Figure 1), specifically focusing on
Cheatgrass samples. For each Cheatgrass point across California
from the Calflora dataset, we established a 200-meter radius buffer
zone and generated four random peripheral points at least 50 meters
apart from each other, resulting in a total of five distinct sampling
points for each original location.

These points were then used to extract spectral values from
Sentinel-2 imagery captured in April and June. The extracted data
was input into a Binary Multilayer Perceptron (MLP) Classifier
[40] (Table III), which was trained using 80% of the dataset,
while the remaining 20% was reserved for validation (Table II).
We tested a range of probability thresholds between 0.4 and 0.7
to evaluate the relationship between the number of input points
labeled as Cheatgrass and the classifier’s corresponding predictions.
A threshold of 0.5 was ultimately selected, as it provided an optimal
balance: it consistently identified one confirmed Cheatgrass point
per instance, along with four additional points randomly sampled
within a defined spatial buffer around each positive case. This con-
figuration ensured that the sampling strategy neither oversampled
nor under sampled the target class. The additional points functioned
as a localized random search to identify spectral patterns closely
resembling the confirmed Cheatgrass signature—particularly those
trained in Los Angeles County—thus enhancing the model’s capac-
ity to generalize to nearby spectral analogs while preserving label
integrity. This threshold effectively reduced noise, eliminating 4






