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ABSTRACT

Accurate assessment of areas burned in wildfires is vital for
various monitoring, management, and spread modeling ap-
plications. Wildfires, especially in forested regions, pose im-
mense challenges for precise mapping due to the inherent dy-
namics of fuel types and terrain complexities. While remote
sensing, particularly satellite imagery, offers an approach to
studying burned areas, reliance on such satellite sources intro-
duces challenges in characterizing burned areas amidst dense
vegetation and environmental variations. This paper presents
a mapping of forested burned areas utilizing global naviga-
tion satellite system—reflectometry (GNSS-R) from Cyclone
Global Navigation Satellite System (CYGNSS) with ancil-
lary observations from Soil Moisture Active Passive (SMAP)
mission and Shuttle Radar Topography Mission (SRTM) us-
ing machine learning approaches. We validate the results with
existing burned area products and provide maps of representa-
tive California fires within CYGNSS coverage. Assimilation
of GNSS-R data into the model provides near real-time and
high temporal resolution, enabling rapid response and mitiga-
tion efforts to fire events.

Index Terms— Forest fires, GNSS-Reflectometry, Ma-
chine Learning, CYGNSS

1. INTRODUCTION

Wildfires are a complex and detrimental phenomenon with
widespread impacts on ecosystems and human communities.
Over recent decades, the scale and frequency of wildfires
have exhibited a notable increase, posing unprecedented
challenges [1]. Forest fires are particularly more pronounced
in the western US, especially in the forests of California [2].
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Various studies have been conducted to understand the dy-
namics of wildfires, given California’s susceptibility to recur-
ring fire events [2, 3, 4].

Mapping the wildfire-burned areas with low latency is
necessary for fire progression monitoring and emission mod-
eling. Accurate mapping of burned areas is a complex task
involving a multitude of environmental and meteorological
parameters. Leveraging a large number of observations from
remotely sensed sources [S], numerous studies [6] have ex-
plored effective methodologies for mapping burned areas.
The integration of machine learning techniques, driven by
advancements in data-centric approaches [7], has emerged as
a powerful tool for precise and automated mapping of burned
areas from satellite data. Burned areas have been mapped
using the Sentinel-1 and Sentinel-2 satellites [8, 9, 10, 11].
Landsat [12, 13] and MODIS [14] were also used to map
burned areas using machine learning approaches. However,
these approaches often have poor temporal resolution and
high latency for wildfire progression applications.

The global navigation satellite system-reflectometry
(GNSS-R) provides a unique measurement of the Earth’s
surface in the form of delay-Doppler maps (DDMs). Unlike
optical measurements, GNSS-R can measure through clouds
and other atmospheric obstructions to the visible light. As
spaceborne GNSS-R systems are compact and economically
viable, numerous GNSS-R receivers are in orbit, providing
high temporal resolution compared to conventional synthetic
aperture radar (SAR) systems. GNSS-R DDMs has been used
in several land and ocean applications [15], including surface
soil moisture estimation and wildfire detection agricultural
regions [16].

In this paper, we study the effectiveness of utilizing
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GNSS-R from Cyclone Global Navigation Satellite Sys-
tem (CYGNSS) for training random forests and XGBoost
machine learning (ML) algorithms to map burned areas from
California wildfires, with a specific focus on regions with
dense vegetation and intricate topographical variations.

2. METHODOLOGY FOR BURNED AREA
MAPPING

The machine learning models employed in this study are
trained to utilize data layers sourced from CYGNSS [17] with
ancillary data from Soil Moisture Active Passive (SMAP) [18]
and Shuttle Radar Topography Mission (SRTM) [19] as co-
variates, with the objective of binary classification to deter-
mine burned or not-burned pixels. Given the different sources
used for the training data, our analysis was bound to data tem-
porally overlapping with CYGNSS observations. To ensure
consistency in the measurements of the specular point (SP),
only data within a 30 m radius was considered from ancillary
data sources.

We utilized two different decision tree-based machine
learning algorithms for mapping burned areas in California:
Random Forests [20] and XGBoost [21]. Random forest
is an ensemble technique combining multiple decision tree
results with random feature selection to improve accuracy.
XGBoost, a boosting algorithm, sequentially constructs a
robust model by combining weak learners. It uses a gradient-
boosting framework, minimizing errors by optimizing the
loss function at each iteration. Both models provide inherent
interpretability through feature importance metrics.

Due to the imbalanced nature of fire data spanning the
years 2019 to 2022, we partitioned the dataset into training
(70 %), validation (10 %), and test (20 %) subsets, ensuring
stratification based on burned labels. The training phase in-
volved hyperparameter tuning, feature selection, and cross-
validation to optimize model performance and generalizabil-
ity. The burned area binary classification results were vali-
dated using existing burned area products.

3. WILDFIRES AND DATA SOURCES

3.1. Study area

In this study, we investigate the incidences of wildfires in Cal-
ifornia from 2019 to 2022, focusing on regions with dense
vegetation and high fuel content. Our analysis is limited to ar-
eas within the coverage range of CYGNSS (within 40-degree
latitudes). The baseline fire perimeter data was obtained from
the Cal Fire dataset [22]. The geographic distribution of these
fires during the specified study period is illustrated in Fig. 1.

Fig. 1. Forest fires over California region within CYGNSS
coverage for the years 2019 to 2022.

3.2. Materials

CYGNSS observations are the main inputs to the ML estima-
tor. The reflectance changes due to a fire event. Hence, the
DDM peak reflectivity was taken as the primary input. Also,
the SP signal-to-noise ratio (SNR) and SP incidence angles
were incorporated into our model to include interdependen-
cies of the CYGNSS variables. Due to the correlation be-
tween fire occurrences and dryness factors, we integrate criti-
cal environmental parameters, specifically soil moisture (SM)
and vegetation water content (VWC), into our analysis. Also,
fires contribute to elevated surface temperature (TS) hence,
the TS parameter was also integrated into our analysis. All
these auxiliary layers were sourced from the SMAP mission.
Considering the complexity of the terrain under examination,
elevation data obtained from the SRTM serves as an addi-
tional layer to integrate spatial variations.

3.3. Validation data sources

A comprehensive approach was employed to validate the pre-
dicted burned area product, incorporating products derived
from multiple satellite sources. We utilized three differ-
ent burned area products, namely, the MODIS/Terra+Aqua
Burned Area Monthly L3 Global 500 m SIN Grid [23],
MODIS Fire_cci Burned Area Pixel (version 5.1) [24], and
the Landsat Collection 2 Level-3 Burned Area [25] products,
available at 500 m, 250 m, and 30 m spatial resolution, re-
spectively. The MODIS and ESA CCI products are available
as monthly composites, and the LANDSAT product is avail-
able bimonthly. Except ESA CCI product, which is available
only until 2020, the datasets are current. Given the disparities
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between these sources, a set-theoretic union of these products
was used for burned area assessment.

4. THE BURNED AREA PRODUCT

To assess the binary classification performance, accuracy and
F1 score were considered. Accuracy provides an overall mea-
sure of correct predictions. Since the data was imbalanced,
the F1 score was a better metric for measuring the effective-
ness of classification. These metrics [26] are computed using
(1) and (2), where TP and TN are the true positives and true
negatives, FP and FN are the false positives and false nega-
tives.

Accuracy = TP+ TN @)
Y T TP+TN+FP +FN
F 1score= TP 2)

TP+ 3(FP +FN)

Fig. 2. Burned area mapped using CYGNSS and XGBoost
for largest fires in 2020. Red dots indicate burning predicted
by ML model and the red boundary is the burn perimeter from
the Cal Fire dataset.

Fig. 2 illustrates examples of burned area mapping based
on CYGNSS SP. The performance metrics of the training and
testing datasets and a detailed assessment of the top four sig-
nificant fires, Dolan, CZU Lightning, River, and Creek com-
plex fires, are presented in Table 1 and Table 2. The con-
fusion matrices for these four fires are visually depicted in
Fig. 3. The Random Forest and XGBoost algorithms demon-
strate good performance in large fire regions, with XGBoost
demonstrating slightly better results for smaller fires.

Table 1. Performance metrics of all fires (2019 — 2022) in

California with coverage from CYGNSS. Acc.: Accuracy.

Random forest XGBoost

Acc. F1 score Acc F1 score
Train 100 1 100 1
Test | 97.1590 | 0.9804 | 98.1060 | 0.9869

Table 2. Performance metrics of largest fires in California in

2020 with coverage from CYGNSS. Acc.: Accuracy.

Fires Random forest XGBoost
Acc. F1 score Acc F1 score

Dolan 100 1 99.9084 | 0.9994

CZU

. . 99.3506 | 0.9942 | 99.3506 | 0.9942
Lightning

River 97.6 0.9714 100 1

Creek 93.8775 | 0.9605 | 95.9183 | 0.9733

Moreover, this study includes a confidence level analysis
for predictions generated from the XGBoost model using lo-
gistic regression. Fig. 4 illustrates an example, showcasing
the calculated confidence level for the Blue Ridge, Lake, and
Alisal fires. This supplementary analysis adds a layer of in-
sight into the spatiotemporal uncertainty of the model’s clas-
sifications.

5. DISCUSSION

Comparing the performance of the two models (Fig. 3), XG-
Boost was marginally better than Random Forests. This en-
hanced performance can be attributed to the intrinsic strengths
of XGBoost, specifically its ability to handle complex rela-
tionships within the data through a sequential and adaptive
boosting process. Notably, in the context of small fires, XG-
Boost exhibits significantly better performance compared to
random forests. This advantage can be attributed to the XG-
Boost’s capacity to mitigate overfitting and enhance predic-
tive accuracy, especially in imbalanced datasets. Addition-
ally, the improved performance for small fires could be influ-
enced by the relatively limited number of training samples,
wherein regularization mechanisms of XGBoost contribute
to more effective learning from sparse data, further substan-
tiating its suitability for scenarios with reduced training in-
stances.

Analyzing the confusion matrices of both models, it can
be seen that, during the fire period, the unburned pixels were
misclassified as burned (FP) pixels. During fire events, vari-
ous environmental factors may lead to variations resembling
burned conditions, causing misclassifications. The sensitiv-
ity of the models to these variations during fire periods also
contributes to an increased likelihood of false positives.
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(a) Random forests

(b) XGBoost

Fig. 3. Confusion matrices of the largest four fires in California in 2020 with coverage from CYGNSS using two ML models.

(a) Blue Ridge fire

(b) Lake fire

(c) Alisal fire

Fig. 4. Confidence levels of three different burned areas. The red boundary is the fire perimeter from Cal Fire. Colored
squares represent the confidence level of the pixel being burned, with red indicating high confidence and green indicating low

confidence.

The uncertainty analysis exhibited different confidence
levels for various fires, as demonstrated by a few examples
showcased in Fig. 4. Fire regions undergoing simultaneous
vegetation and topographical changes showed decreased con-
fidence in burned area classifications. This trend was seen in
the Blue Ridge and Lake fires that occurred in 2020. Also,
the high frequency of fire training pixels in densely vege-
tated areas biased the ML model toward categorizing fires in
such environments. The uncertainty in the results can also be
attributed to complex topography, which is present in most ar-
eas in this study, posing a challenge, as GNSS-R observations
are sensitive to surface roughness at multiple scales [27].
Another pattern was seen in fires closer to coastal areas. The
pixels near the coastlines exhibited lower confidence in being
classified as burned. This trend could be attributed to the

proximity of CYGNSS SP to water bodies, introducing large
reflectivity variations.

6. CONCLUSION

This paper provides the first reported results for mapping
burned areas in densely vegetated regions with complex to-
pography using observations from CYGNSS and SMAP. Our
initial results for the chosen study area show an accuracy and
F1 score of 98% and 0.98, respectively, using the XGBoost
algorithm trained with an imbalanced dataset. Incorporating
GNSS-R into the binary classification model provides high
temporal resolution and low latency burned area products.
Future work will explore the usage of entire DDM in addition
to peak reflectivity to include burn severity predictions.
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