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Abstract: This study utilizes the unique capabilities of Sentinel-1 C-band synthetic aperture
radar (SAR) data to map post-fire burned areas and monitor vegetation recovery in a
heath-dominated Queensland National Park. Sentinel-1 SAR data were used due to their
cloud-penetrating capability and frequent revisit times. Using Google Earth Engine (GEE), a
bitemporal ratio analysis was applied to SAR data from post-fire periods between 2021 and
2023. SAR backscatter changes over time captured fire impacts and subsequent vegetation
regrowth. This differentiation was further enhanced with k-means clustering. Validation
was supported by Sentinel-2 dNBR and official fire history records. The dNBR provided
a quantitative assessment of burn severity and was used alongside the fire history data
to evaluate the accuracy of the burned area classification. While Sentinel-2 false-colour
composite (FCC) imagery was generated for visualisation and interpretation purposes, the
primary validation relied on dNBR and QPWS fire history records. The results highlighted
significant vegetation regrowth, with some areas returning to near pre-fire biomass levels by
March 2023. This approach demonstrates the sensitivity of Sentinel-1 SAR, especially in VV
polarization, for detecting subtle changes in vegetation, providing a cost-effective method
for post-fire ecosystem monitoring and informing ecological management strategies amid
increasing wildfire events.

Keywords: Sentinel-1 SAR; bitemporal ratio analysis; post-fire vegetation recovery; Google
Earth Engine (GEE); burned area mapping; vegetation regrowth; synthetic aperture radar
(SAR)

1. Introduction
Wildfires play a significant ecological role in shaping the structure and composition of

vegetation communities, particularly in fire-adapted ecosystems such as Australia [1–3].
However, in recent decades, the frequency, intensity, and spatial extent of wildfires have
increased globally due to the compounding effects of climate change, extended droughts,
land-use change, and human activities [4,5]. These changes have intensified the impact of
fires on biodiversity, ecosystem services, and carbon storage, thereby necessitating effec-
tive and timely post-fire monitoring strategies [6–9]. The accurate tracking of vegetation
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recovery after fire events is essential to evaluate ecological resilience, inform management
decisions, and guide restoration efforts [10–13].

Remote sensing has become an essential tool in wildfire research [12,14], offering the
ability to assess fire impacts and vegetation regrowth across large spatial and temporal
scales. Traditionally, optical remote sensing platforms such as Landsat and Sentinel-2 have
been widely employed to evaluate fire severity and post-fire vegetation dynamics using
spectral indices like the Normalized Burn Ratio (NBR) and differenced NBR (dNBR) [15–19].
While these sensors provide valuable information, their performance is often limited in
post-fire environments due to the presence of clouds, smoke, and shadows that obscure
surface reflectance data [20–22]. This limitation is particularly critical in regions with
frequent cloud cover or during the immediate aftermath of fire events.

Synthetic aperture radar (SAR) sensors, operating in the microwave domain, offer a
viable alternative to optical sensors due to their ability to penetrate clouds and smoke and
to capture data under all weather conditions and during both day and night [23]. Sentinel-1,
a C-band SAR mission under the Copernicus program, provides regular, high-resolution
SAR data with dual polarization, making it highly suitable for monitoring structural and
moisture-related changes in vegetation [24,25]. SAR backscatter is sensitive to variations
in vegetation structure, water content, and surface roughness, enabling the detection
of subtle changes associated with both fire damage and subsequent regrowth [26–29].
These attributes make SAR particularly effective for monitoring ecosystems where early
vegetation recovery may not be spectrally prominent but can still be detected through
structural changes [30–32].

In recent years, several studies have utilised SAR data to detect burned areas and
assess vegetation regrowth [33–35]. While many of these studies focus on forested regions
in temperate [36], Mediterranean climates [28] or boreal ecosystems [37], there is limited
research addressing fire recovery in heathland and sclerophyll-dominated ecosystems [12].
Heathlands are understudied in SAR-based fire monitoring despite their ecological sen-
sitivity. See the Study Area section for the full ecological context [38–40]. The heathland
ecosystems, in particular, may require two to five years or more to return to pre-fire
conditions, depending on species composition, soil moisture, and climatic variability [41].

While SAR has been widely applied for post-fire mapping in forested and agricultural
landscapes, its application in low-stature ecosystems such as heathlands is limited. These
ecosystems pose challenges for remote sensing due to their structural complexity and
slow regrowth, which may not be easily detected by conventional optical or SAR methods.
Addressing this gap, the present study explores SAR-based fire recovery monitoring in a
heath-dominated national park using a scalable and unsupervised approach. This study
applies a bitemporal Sentinel-1 SAR ratio analysis approach to detect burned areas and
assess vegetation recovery without relying on ground-truth or training datasets. The use
of bitemporal ratios minimises the influence of seasonal and environmental variability,
focusing on proportional changes caused by fire disturbance and regrowth [42–44]. The
entire analysis is implemented using Google Earth Engine (GEE), a cloud-based geospatial
processing platform that allows for the scalable and efficient handling of large Earth ob-
servation datasets [45,46]. In addition, the integration of Sentinel-1 SAR processing within
the Google Earth Engine (GEE) platform enables the efficient, cloud-based automation
of large-scale analysis. This approach improves replicability and operational monitor-
ing, especially in regions where access to in situ data or high-performance computing
is limited. By focusing on a heath- and sclerophyll-dominated ecosystem in Mooloolah
River National Park, Queensland, this study demonstrates the utility of SAR-based change
detection for fire monitoring in underrepresented vegetation types and highlights the value
of cloud-based platforms for automated, repeatable analyses.
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In addition, this study addresses a key gap in the current literature by evaluating
the performance of SAR-based methods in detecting varying stages of regrowth in non-
forest ecosystems. Previous work has largely focused on forests, with limited attention
to fire recovery in other ecosystems. The use of Sentinel-1 C-band SAR data allows for
frequent and consistent observations of the fire-affected area, enabling the capture of
both immediate and longer-term recovery signals [47–50]. The results are compared with
the Queensland Parks and Wildlife Service (QPWS) fire history dataset, which provides
authoritative fire perimeter polygons derived from satellite imagery interpretation, field
observations, and incident reports [14,51,52]. This dataset, typically mapped at a scale
consistent with medium-resolution satellite imagery (10–30 m), offers a reliable reference
for assessing the spatial accuracy of burned area detection.

While a formal quantitative accuracy assessment was not conducted in this study
due to the absence of systematic ground-truth points, the spatial overlay between the
SAR-derived burned areas and the QPWS fire history polygons revealed a strong visual
correspondence. This alignment supports the utility of the proposed method in identifying
burned areas and tracking vegetation recovery stages. Future studies could build on this
work by incorporating field-based validation, higher-resolution optical imagery, or super-
vised classification models to enhance classification accuracy and ecological interpretation.

In summary, this study presents a scalable SAR-based approach for post-fire vegetation
monitoring using bitemporal Sentinel-1 backscatter ratios, implemented within the Google
Earth Engine platform. By focusing on a heath-dominated ecosystem in Queensland,
Australia, this study contributes new insights into SAR’s capacity to detect subtle structural
changes associated with fire and recovery. This method circumvents the need for training
data, making it particularly valuable for remote or data-limited environments. These
contributions underscore the relevance of SAR for ecosystem monitoring and support
the broader application of automated, cloud-based workflows in environmental research
and management.

2. Materials and Methods
2.1. Study Area

The Mooloolah River National Park, located in Queensland, Australia, serves as the
study area for this research (Figure 1). Situated on the Sunshine Coast, the park covers
approximately 830 hectares and is known for its diverse ecosystems, including wetlands,
eucalypt forests, and, most notably, extensive heathlands [53]. The park’s location in a
subtropical climate zone, combined with its varied topography and proximity to coastal
influences, creates a unique environment that supports a wide range of flora and fauna.

One of the primary reasons for selecting Mooloolah River National Park as the study
area is its dominance by heath vegetation. Heathlands are characterised by dense, low-
growing shrubs, including species such as Banksia, Melaleuca, and Leptospermum [54].
These plant communities are highly adapted to fire, yet they also exhibit slow recovery
rates following fire events [55]. This slow regrowth presents a significant challenge for
remote sensing, particularly when using optical sensors, which may struggle to detect
subtle changes in vegetation cover over time. The slow recovery of heath vegetation makes
it an ideal subject for evaluating the effectiveness of synthetic aperture radar (SAR) data in
monitoring post-fire regrowth.
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Figure 1. Study area—Mooloolah River National Park, Queensland, Australia. The red boundary
outlines the study area within Mooloolah River National Park, characterised by diverse ecosystems,
including heathlands, which are the focus of this research. The inset map shows the location of the
study area within Australia. The map provides a spatial context for the study, highlighting the park’s
proximity to urban areas and its ecological significance.

Mooloolah River National Park has experienced several fire events in recent years,
including major wildfires in June 2021 and December 2021, leading to significant alterations
in its vegetation structure. These fire events, recorded in the Queensland Parks and Wildlife
Service (QPWS) fire history database, serve as the focus of this study, providing a basis
for analysing post-fire vegetation recovery using Sentinel-1 SAR data. The frequency and
intensity of these fires have raised concerns about the long-term sustainability of the park’s
ecosystems, particularly the heathlands, which are sensitive to changes in fire regimes [55].
Monitoring the recovery of these ecosystems is essential for understanding the impacts of
fire and for guiding future management and conservation efforts.

The park’s varied vegetation types, combined with its history of fire disturbance,
provide a rich context for assessing the capabilities of Sentinel-1 SAR data in tracking post-
fire recovery. The bitemporal SAR analysis conducted in this study focuses on comparing
pre- and post-fire images to identify changes in vegetation cover and to map burned areas.
The use of Sentinel-1’s VV polarisation, which is sensitive to changes in vegetation structure
and surface roughness, allows for a detailed examination of the recovery process in this
fire-affected landscape [56].

In addition to its ecological significance, Mooloolah River National Park is also an
area of cultural importance, home to sites that are sacred to the local Indigenous com-
munities [57]. The park’s management is therefore not only concerned with ecological
restoration but also with the preservation of cultural heritage. By providing insights into
the recovery dynamics of the park’s ecosystems, this research contributes to the broader
efforts to manage and protect this valuable natural and cultural resource.

Overall, Mooloolah River National Park presents a challenging but rewarding envi-
ronment for studying post-fire vegetation recovery. Its combination of diverse ecosystems,
slow-regrowing heathlands, and recent fire history makes it an ideal case study for test-
ing the effectiveness of SAR-based monitoring techniques, particularly in the context of
long-term ecological research and conservation planning.
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2.2. Methods

This study employs an innovative approach to monitoring post-fire vegetation re-
growth and mapping burned areas in Mooloolah River National Park, Queensland, Aus-
tralia, using bitemporal Sentinel-1 synthetic aperture radar (SAR) data. The analysis
involves using a pre-burn period (March 2021 to September 2021) and multiple post-burn
periods to capture vegetation recovery over time. Sentinel-1 SAR data in VV polarisation
were collected for three post-burn periods: January 2022 to June 2022, July 2022 to Decem-
ber 2022, and January 2023 to June 2023. Each post-burn period was compared against
the pre-burn period by calculating bitemporal ratios of SAR backscatter values, which
highlight changes in surface properties due to fire and vegetation recovery.

The SAR data were pre-processed using a smoothing filter with a square convolution
kernel of 9 pixels to reduce noise. Unsupervised classification using the k-means clustering
algorithm was performed on the bitemporal ratio images to identify areas with similar
recovery patterns. Post-processing steps included masking out water bodies and removing
small clusters below 20 hectares to focus on significant burned areas. The final outputs
include bitemporal ratio images representing each post-burn period, with results visualised
in grayscale and exported as GeoTIFF files for further analysis. Figure 2 illustrates a detailed
methodological workflow employed in this study, clearly outlining each step, from data
acquisition through final validation and analysis.

2.2.1. Data Acquisition

Sentinel-1 SAR data for both pre-fire and post-fire periods were accessed and processed
using Google Earth Engine (GEE), which provides direct access to data from the Copernicus
Open Access Hub. The GEE code is provided in Appendix A. The Sentinel-1 dataset
underwent automated pre-processing in GEE, including radiometric calibration, terrain
correction, and georeferencing, ensuring accuracy and reliability in burned area mapping
and post-fire vegetation monitoring.

Sentinel-1 operates at the C-band (5.405 GHz) and provides dual-polarization (VV
and VH) data. For this study, VV polarization was selected due to its higher sensitivity
to structural changes in vegetation and surface roughness. The dataset was collected in
Interferometric Wide Swath (IW) mode, which offers a spatial resolution of 10 m (range)
and 20 m (azimuth), with a 250 km swath width. The temporal resolution of Sentinel-1
is 6 days for the dual-satellite constellation (Sentinel-1A and 1B) and 12 days for a single
satellite, ensuring the frequent monitoring of vegetation changes in fire-affected areas.

This study focuses on one pre-burn period (March 2021–September 2021) and three
post-burn periods to assess the temporal dynamics of vegetation recovery:

• Post-burn 1: January 2022–June 2022;
• Post-burn 2: July 2022–December 2022;
• Post-burn 3: January 2023–June 2023.

A total of 17 Sentinel-1 SAR scenes were used for the pre-burn period, while the
post-burn periods included 12 scenes (post-burn 1), 14 scenes (post-burn 2), and 15 scenes
(post-burn 3). These images were selected based on filtering criteria such as VV polarization,
IW mode, and study area coverage, ensuring consistency and minimising noise. Median
compositing was applied to generate representative images for each period, reducing
speckle and enhancing surface characterisation.

The spectral sensitivity of Sentinel-1 SAR enables the detection of vegetation structure
changes, moisture content variations, and surface roughness, making it well-suited for
tracking post-fire regrowth. By leveraging GEE’s cloud-based processing capabilities,
this study ensures an efficient large-scale analysis, providing a reliable framework for
monitoring fire-affected landscapes.
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Figure 2. Methodological workflow for monitoring post-fire vegetation recovery and mapping
burned areas in Mooloolah River National Park using Sentinel-1 SAR data integrated with Google
Earth Engine (GEE).

2.2.2. Data Pre-Processing

To minimise noise and enhance the quality of the SAR data, pre-processing steps
were carried out using Google Earth Engine (GEE). The pre-processing included thermal
noise removal, radiometric calibration, and terrain correction [15]. This involved applying
a smoothing filter using a square convolution kernel with a radius of 9 pixels to reduce
speckle noise. A median composite was generated for each time period (pre-burn and
multiple post-burn periods) to ensure stable backscatter values over time. For each post-



Remote Sens. 2025, 17, 2031 7 of 27

burn period, the corresponding median SAR images were compared to the pre-burn
image to calculate bitemporal ratios, representing surface changes related to the fire and
subsequent vegetation recovery.

Let Ipre and Ipost represent the median SAR images for the pre-fire and post-fire
periods, respectively.

2.2.3. Bitemporal Ratio Analysis

The core of the analysis involves calculating the bitemporal ratio, which highlights
changes in backscatter values between the pre-fire and post-fire periods [58]. This ratio is
calculated as follows (Equation (1)):

RSAR =
Ipost

Ipre
(1)

where RSAR is the bitemporal ratio image. A value of RSAR > 1 typically indicates an
increase in backscatter, which is associated with vegetation regrowth or other changes,
while RSAR < 1 may indicate a decrease, often due to burned areas or vegetation loss.

2.2.4. dNBR Calculation and Fire Severity Classification

To assess burn severity, we utilised the Differenced Normalized Burn Ratio (dNBR),
a widely used index derived from Sentinel-2 imagery. The dNBR is calculated as follows
(Equation (2)):

dNBR = NBRpre−fire − NBRpost−fire (2)

where the NBR is defined as follows (Equation (3)):

NBR =
NIR Band − SWIR Band
NIR Band + SWIR Band

(3)

For this study, pre-fire Sentinel-2 images were acquired from March 2021 to September
2021, while post-fire images were selected for January 2022, July 2022, and January 2023 to
assess recovery across multiple time periods. All images were atmospherically corrected
using the Sentinel-2 Level-2A surface reflectance product, and clouds were masked using
the QA60 cloud mask band.

The computed dNBR values were classified into fire severity levels based on standard
thresholds adapted from [15]:

➢ Unburned: dNBR < 0.1;
➢ Low Severity: 0.1 ≤ dNBR < 0.27;
➢ Moderate Severity: 0.27 ≤ dNBR < 0.44;
➢ High Severity: dNBR ≥ 0.44.

These classifications provide insights into post-fire landscape conditions and facilitate
comparison with Sentinel-1 SAR-based vegetation recovery assessments. The classification
scheme was validated using the Queensland Parks and Wildlife Service (QPWS) fire history
database, ensuring consistency with known fire events.

2.2.5. Unsupervised Classification

To identify and classify burned and unburned areas, k-means clustering was applied
to the bitemporal ratio image. The clustering algorithm partitions the data into k clusters,
minimising the variance within each cluster [59,60]. The number of clusters k = 2 was
selected to differentiate between burned and unburned areas effectively. The clustering
was performed using the following optimisation criterion (Equation (4)):
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min
c

∑k
i=1∑x∈Ci

∥x − µi∥2 (4)

where Ci is the i-th cluster, x represents the pixel value, and µi is the centroid of the
i-th cluster.

2.2.6. Post-Processing

The initial clustering results were refined through post-processing steps. A water mask
derived from the Joint Research Centre (JRC) Global Surface Water dataset was applied to
remove water bodies from the classification. Additionally, a connected component analysis
was used to eliminate small, isolated clusters that were likely noise. Only clusters with an
area greater than 20 pixels were retained for further analysis.

The total burned area Aburned was calculated by summing the area of all pixels classi-
fied as burned, using the following formula (Equation (5)):

Aburned = ∑n
i=1ai (5)

where ai is the area of a single burned pixel, and n is the total number of burned pixels. The
area was then converted to hectares for reporting purposes.

2.2.7. Validation and Accuracy Assessment

The accuracy of the burned area classification was assessed by comparing the results
with the Queensland Parks and Wildlife Service (QPWS) fire history dataset. This dataset
provides authoritative vector polygons of fire perimeters derived from satellite imagery,
field reports, and incident mapping, with an approximate spatial resolution suitable for
regional-scale applications (10–30 m). The SAR-derived burned area maps were overlaid
with the QPWS fire history polygons to validate spatial correspondence.

While a formal quantitative accuracy assessment (e.g., confusion matrix) was not
conducted due to the absence of systematic ground-truth points, the spatial overlap with
QPWS reference data showed a strong visual agreement. We acknowledge this as a lim-
itation and recommend incorporating point-based validation or field-referenced data in
future work.

2.2.8. Visualisation and Export

The final classification map, along with the bitemporal ratio image, was visualised
and exported using GEE’s mapping and export tools. The results were also exported as
GeoTIFF files for further analysis and integration into GIS platforms. This further analysis
includes the evaluation of vegetation regrowth patterns across different vegetation types,
comparison with field-based ecological surveys to validate the classification accuracy,
and the application of advanced machine learning algorithms to refine the burned area
delineation. Additionally, the GeoTIFF files enable a multitemporal analysis to study
vegetation recovery trends over extended periods, integration with ancillary spatial data
(e.g., soil and climate layers) for comprehensive ecosystem modelling, and the generation
of predictive models for future fire susceptibility mapping.

By combining advanced SAR processing techniques with unsupervised classification
and rigorous post-processing, this study provides a robust framework for monitoring
post-fire vegetation regrowth and mapping burned areas. The methods developed here
can be adapted to other regions and vegetation types, contributing to improved wildfire
management and ecological restoration efforts through automated analyses.
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3. Results
3.1. Vegetation Types in the Study Area

The Mooloolah River National Park hosts a rich variety of vegetation types, making
it an ideal location for studying post-fire recovery using remote sensing. Dominated by
heathlands, the park also features ecosystems such as Casuarina equisetifolia woodlands
on foredunes, Eucalyptus grandis open forests on alluvium, Melaleuca quinquenervia open
forests in coastal swamps, and Thryptomene oligandra heathlands on sand plains (Figure 3).
These vegetation types are highly susceptible to fire, with heathlands and some shrub
species demonstrating slow recovery rates. Such variations in regrowth speed after fire
events provide an opportunity to monitor the effectiveness of the Sentinel-1 SAR data for
identifying post-fire vegetation changes.

Figure 3. Vegetation types in the study area (Mooloolah River National Park). The map dis-
plays the major vegetation communities within the park, including heathlands, Eucalyptus grandis
forests, and Melaleuca quinquenervia swamps, overlaid with fire-affected areas and Sentinel-1 post-fire
recovery data.

The analysis conducted in this study focused on these vegetation communities, espe-
cially the heathlands, which are known to respond differently to fire depending on local
conditions and past fire regimes. By using bitemporal SAR data, this study captures the
subtle changes in vegetation structure and surface roughness that are indicative of fire
impacts and subsequent regrowth patterns across these diverse ecosystems.

3.2. Bitemporal Ratio and dNBR Analysis Results

The Sentinel-1 SAR data, through bitemporal ratio analysis, have proven highly
effective in tracking post-fire vegetation regrowth within Mooloolah River National Park.
The bitemporal analysis revealed progressive regrowth across post-fire periods, as indicated
by increasing backscatter values.
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For the December 2021 fire event, pre-fire Sentinel-1 SAR images from November 2021
were compared with post-fire images from March 2022, August 2022, and February 2023.
The backscatter analysis revealed a consistent regrowth trend from March 2022 to February
2023, with signal intensity returning to near pre-fire levels in many areas. These findings
indicate progressive ecosystem recovery following the December 2021 fire (Figure 4).

 

2 

Figure 4. Sentinel-1 SAR bitemporal ratio and Sentinel-2 dNBR analysis showing burned area extent
and vegetation recovery after the December 2021 fire in Mooloolah River National Park. The grayscale
panels display SAR-based recovery across three post-fire periods; the color-coded dNBR maps reflect
burn severity levels.

The June 2021 fire event followed a similar pattern. Pre-fire SAR data from early
June 2021 were compared with post-fire images from September 2021, March 2022, and
December 2022. In September 2021, the bitemporal ratio analysis revealed minimal recovery,
with burned areas still prominent as low backscatter values indicated that vegetation had
not yet started to regrow. By March 2022, some areas showed initial signs of regrowth, with
increased backscatter values indicating early vegetation recovery. By December 2022, a
substantial recovery had taken place, with backscatter values in most areas returning to
pre-fire levels, reflecting the advanced stage of regrowth (Figure 5). The dNBR analysis
supported this, showing high burn severity in September 2021 and decreasing severity
over the following months as the burned areas recovered (Figure 5).

The combination of Sentinel-1 SAR and Sentinel-2 dNBR analysis provided a com-
prehensive overview of the fire impact and the post-fire vegetation recovery in both case
studies. The bitemporal ratio analysis effectively tracked changes in vegetation structure,
while the dNBR analysis provided a clear visualisation of burn severity and validated the
recovery process captured by SAR data. This approach underscores the utility of integrating
SAR and optical data for monitoring post-fire recovery and assessing ecosystem resilience
in fire-affected landscapes.
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4 Figure 5. Burned area extent and vegetation recovery visualised using Sentinel-1 SAR bitemporal
ratio (left) and Sentinel-2 dNBR (right) after the December 2021 fire. The red boundary denotes the
park, and yellow indicates the fire-affected area.

3.3. Clustering Analysis for Burned Area Identification

In this study, we applied k-means clustering to the bitemporal ratio of Sentinel-1
SAR images to identify regions affected by a wildfire event. The bitemporal ratio was
calculated by dividing the post-fire image by the pre-fire image, highlighting areas with
significant changes in radar backscatter. These changes are indicative of alterations in
surface characteristics, such as vegetation loss due to fire. However, other environmental
factors could also contribute to variations in backscatter. Changes in soil moisture following
fire events may influence backscatter intensity due to the altered dielectric properties of the
ground surface. Similarly, precipitation in the post-fire period could lead to increased soil
moisture, affecting the signal response. Additionally, plant water stress, caused by the loss
of moisture in vegetation, may contribute to reduced backscatter values over time. Burned
surface roughness, resulting from the combustion of organic material and exposure of bare
soil, can also impact radar scattering. While these factors may introduce variability in the
SAR signal, the observed trend of decreasing backscatter with increasing fire severity aligns
with expected vegetation loss patterns.

To quantify the changes in radar backscatter before and after fire events, we analysed
Sentinel-1 VV polarization values across different fire severity levels. Table 1 presents
the mean and standard deviation of backscatter values for unburned, low, moderate,
and high-severity fire areas. The percentage change in backscatter values highlights a
progressive decrease in the SAR response with increasing fire severity. A paired t-test was
conducted to assess statistical significance, yielding a t-statistic of 1.551 and a p-value of
0.219, indicating that the differences observed between pre- and post-fire values are not
statistically significant at the 0.05 level. However, the consistent decrease in backscatter
values with increasing fire severity supports the effectiveness of SAR-based monitoring in
post-fire environments.
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Table 1. Statistical summary of backscatter changes.

Fire Severity
Level

Pre-Fire VV
Backscatter (dB)

Post-Fire VV
Backscatter (dB)

Std. Dev.
Pre-Fire

Std. Dev.
Post-Fire

Percentage
Change (%)

Unburned −8.2 −7.8 0.5 0.4 4.87
Low Severity −9.5 −10.1 0.6 0.7 −6.31

Moderate
Severity −10.8 −11.5 0.7 0.8 −6.48

High Severity −10.8 −13.2 0.8 1 −7.31

The k-means clustering algorithm successfully identified distinct clusters, representing
burned and unburned areas. The post-processed clustering results, depicted in Figure 6,
show the distribution of burned areas across the park, with water bodies and small isolated
regions effectively masked out. The total burned area, which aligns well with the historical
fire data provided by QPWS, underscores the reliability of the Sentinel-1 SAR data in
monitoring post-fire vegetation recovery in heathland-dominated ecosystems.

Figure 6. Clustering results for postburn fire 1 (January 2022 to July 2022) indicating burned and un-
burned areas, with water bodies and small clusters removed for accuracy (blue boundary representing
study area).

Through visual inspection and comparison with known fire-affected regions, we
identified cluster 0 as representing the burned areas, characterised by a decrease in radar
backscatter, and cluster 1 as representing the unburned areas. The clustering results were
visualised on the map using distinct colours (red for burned areas and green for unburned
areas), and a legend was added to facilitate interpretation.

This clustering approach provides a valuable tool for rapidly identifying and mapping
burned areas, contributing to efficient post-fire assessment and management.

3.4. Multitemporal Analysis Using Sentinel-2 False Colour Composition

The Sentinel-2 False Colour Composition (FCC) is a valuable tool for assessing post-fire
vegetation recovery in Mooloolah River National Park. In FCC images, healthy vegetation
appears in bright red tones due to the use of near-infrared (NIR) bands, while burned areas
are dark, allowing for a clear visual representation of the recovery process.

For the December 2021 fire event, a sequence of FCC images captured the progression
of vegetation recovery over time. The March 2022 image shows a clear distinction between
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healthy vegetation and burned areas, with the fire-affected regions appearing in dark tones.
As time progressed, the August 2022 image showed significant vegetation regrowth, with
many areas transitioning back to red, indicating recovery. By March 2023, the burned
areas had almost completely recovered, with vegetation returning to a near pre-fire state
(Figure 7).

Figure 7. Sentinel-2 False Colour Composition analysis of burned area (in yellow boundary) recovery
from December 2021 to March 2023 in Mooloolah River National Park. The progression illustrates
how the burned patch fades over time as vegetation regrows, with near-complete recovery evident
by March 2023.

The June 2021 fire event is similarly depicted through a series of FCC images taken in
June 2021, August 2022, and November 2022 (Figure 8). The June 2021 image highlights
the extent of fire damage, with large dark patches representing burned areas. By August
2022, early signs of regrowth are visible, as parts of the burned area are gradually being
covered by new vegetation. By November 2022, the majority of the fire-affected area
has recovered, with the previously burned regions blending back into the surrounding
landscape of healthy vegetation.

Figure 8. Sentinel-2 False Colour Composition (FCC) images showing the June 2021 fire event in
Mooloolah River National Park. The sequence shows the burned area (in yellow boundary) in
June 2021 (left), partial vegetation recovery by August 2022 (middle), and significant regrowth
by November 2022 (right). The bright red areas indicate healthy vegetation, while the dark areas
highlight the burned regions.

The multitemporal FCC analysis provides a clear depiction of the regrowth processes
following both fire events, demonstrating the resilience of the ecosystem in Mooloolah
River National Park.

The multitemporal Sentinel-2 analysis provides a detailed account of the vegetation
recovery process, with the June 2021 and December 2021 fires both showing a substantial
recovery by the end of the respective monitoring periods.
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3.5. Histogram Analysis of Bitemporal Ratios for Post-Fire Vegetation Recovery

In this research, a histogram analysis of bitemporal ratios was conducted to assess
post-fire vegetation recovery in Mooloolah River National Park, Queensland, Australia. The
bitemporal ratios, derived from Sentinel-1 SAR data, represent the change in backscatter
values before and after the fire event, providing a quantitative measure of vegetation
regrowth. The analysis covers three distinct post-burn periods: January to June 2022
(post-burn 1), July to December 2022 (post-burn 2), and January to June 2023 (post-burn 3),
offering insights into the temporal dynamics of vegetation recovery over time.

Figure 8 illustrates the histograms for each post-burn period, highlighting the distribu-
tion of bitemporal ratio values across the region of interest. The distribution of bitemporal
ratio values provides a quantitative measure of the fire impact by capturing the relative
change in radar backscatter before and after fire events. The histogram reveals a shift
toward full recovery, with ratio values concentrating around 1.0. In post-burn 1 (January–
June 2022), the histogram shows two prominent peaks, one around 0.84 and another near
0.96. The lower bitemporal ratio values (below 0.90) correspond to areas where vegetation
recovery was still in its early stages, reflecting reduced backscatter due to sparse regrowth.
Meanwhile, the higher values (close to 1.0) suggest portions of the landscape where re-
growth was more advanced, approaching pre-fire conditions. This dual-peak distribution
indicates heterogeneity in recovery across the park during the initial months following
the fire.

By post-burn 2 (July–December 2022), the histogram reveals a shift, with most of the
bitemporal ratios clustering near 0.98 (Figure 9). This suggests that vegetation recovery
had accelerated during the second half of 2022, with the majority of the park exhibiting
near-complete regrowth. The distribution becoming more concentrated around values
close to 1.0 suggests that vegetation biomass was returning to pre-burn levels across much
of the area. This indicates a more homogeneous recovery compared to the earlier months,
as regrowth stabilised, and the effects of the fire became less pronounced.

Figure 9. Histograms representing the distribution of bitemporal ratio values for post-burn periods
in Mooloolah River National Park, Queensland, Australia. (a) Post-burn 1 (January–June 2022),
(b) post-burn 2 (July–December 2022), and (c) post-burn 3 (January–June 2023). The bitemporal ratios
compare the backscatter values before and after the fire, with values near 1.0 indicating minimal
change and deviations representing either a loss or recovery of vegetation.

In post-burn 3 (January–June 2023), the histogram is further concentrated around the
1.00 value, with minimal deviations toward higher or lower ratios. This pattern reflects
continued vegetation recovery into 2023, with most areas exhibiting minimal difference
from pre-fire conditions. The few instances where the ratio exceeds 1.0 suggest possible
areas of enhanced biomass, likely due to post-fire regeneration processes that may lead
to an increase in vegetation density or structural changes (Figure 9). Overall, the results
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indicate a high degree of recovery and ecological stability by mid-2023, demonstrating the
resilience of the park’s ecosystem in the aftermath of the fire.

The histogram analysis highlights the effectiveness of using bitemporal ratios derived
from Sentinel-1 SAR data to monitor post-fire recovery. The ability to track changes in
vegetation regrowth over time provides valuable insights into the resilience and regenera-
tion capacity of ecosystems like Mooloolah River National Park. This analysis serves as an
important tool for land managers and conservationists to monitor recovery processes and
manage fire-affected areas effectively.

3.6. Analysis of Mean Bitemporal Ratios for Post-Burn Periods

To assess the progression of post-fire vegetation recovery, the mean bitemporal ratios
were computed for three distinct post-burn periods: January to June 2022 (post-burn
1), July to December 2022 (post-burn 2), and January to June 2023 (post-burn 3). The
bitemporal ratio represents the change in backscatter values between pre-fire and post-fire
conditions, with values closer to 1.0 indicating minimal change, while deviations suggest
either vegetation loss or regrowth.

Figure 10 presents the mean bitemporal ratios for each post-burn period. The results
demonstrate a clear trend of vegetation recovery over time. The mean bitemporal ratios
increased consistently across the post-fire periods, from approximately 0.90 in early 2022
to 0.98 by late 2022 and 1.05 by mid-2023. This trend indicates progressive vegetation
recovery, with some areas even surpassing pre-fire biomass levels due to enhanced regrowth
dynamics. This analysis shows the value of using bitemporal ratios to track changes in
vegetation recovery over time. The progressive increase in mean bitemporal ratios across
the three post-burn periods provides clear evidence of the ecosystem’s resilience and
capacity to recover from fire disturbances.

Figure 10. Mean bitemporal ratio values for each post-burn period, representing the recovery of
vegetation in Mooloolah River National Park, Queensland, Australia. The periods analysed are
post-burn 1 (January–June 2022), post-burn 2 (July–December 2022), and post-burn 3 (January–June
2023). The mean bitemporal ratios reflect the change in backscatter values, with values closer to 1.0
indicating near recovery to pre-fire conditions.

3.7. Scatter Plot of Bitemporal Ratio vs. Cluster IDs

To analyse the relationship between pre-fire and post-fire vegetation recovery, scat-
terplots were generated comparing the VV backscatter values from the pre-burn period
to three post-burn periods: January to June 2022 (post-burn 1), July to December 2022
(post-burn 2), and January to June 2023 (post-burn 3) (Figure 11). These scatterplots provide
insights into the temporal progression of vegetation regrowth and how the landscape has
responded to the fire over time.
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Figure 11. Scatterplots comparing pre-burn and post-burn VV values from Sentinel-1 SAR data for
three post-burn periods in Mooloolah River National Park. (a) Post-burn 1 (January–June 2022),
(b) post-burn 2 (July–December 2022), and (c) post-burn 3 (January–June 2023). The scatterplots
show how the relationship between pre-burn and post-burn values strengthens over time, indicating
progressive vegetation recovery. The trendline in each plot represents the 1:1 correlation, with points
above the line indicating areas where post-burn biomass has exceeded pre-burn levels.

Across the three post-burn periods, scatterplots revealed a progressive recovery trend.
In early 2022 (post-burn 1), most points fell below the 1:1 line, reflecting reduced backscatter
due to vegetation loss. By late 2022 (post-burn 2), values clustered more tightly around the
line, indicating substantial regrowth. By mid-2023 (post-burn 3), many points aligned with
or exceeded the 1:1 line, suggesting full recovery and in some cases, enhanced vegetation
structure compared to pre-fire conditions.

These scatterplots effectively illustrate the temporal progression of post-fire vegetation
recovery. The increase in correlation between pre-burn and post-burn values over time
demonstrates the resilience of the ecosystem, with the majority of areas returning to or
surpassing pre-fire conditions by early 2023.

4. Discussion
The findings from this study highlight the efficacy of using bitemporal Sentinel-1 SAR

data combined with unsupervised k-means clustering for monitoring post-fire vegetation
recovery and mapping burned areas in Mooloolah River National Park, Queensland,
Australia. The application of SAR data, particularly the bitemporal ratio analysis, has
proven to be a robust method for capturing the spatial variability of fire impact and the
subsequent vegetation response.

Observed changes in VV backscatter aligned with expected vegetation structure re-
sponses. Immediately after fire, the loss of canopy and understory exposes soil and charred
surfaces, leading to a decline in backscatter due to reduced volume scattering and lower
dielectric properties These patterns, consistent with increased vegetation density, align
with the SAR-based post-fire monitoring literature [28,43,61,62].

While the bitemporal backscatter analysis indicates progressive changes over time,
it is important to clarify that associating an increase in SAR backscatter univocally with
vegetation regrowth is an oversimplification. SAR signals are influenced not only by
vegetation structure but also by soil moisture, surface roughness, and dielectric prop-
erties, which can cause either an increase or a decrease in backscatter during post-fire
recovery [62–65]. In this study, the observed trends—namely, increasing backscatter over
time in fire-affected areas—are interpreted as vegetation regrowth based on supporting
evidence from Sentinel-2 FCC imagery and dNBR patterns. The VV polarization used here
is sensitive to surface and volume scattering effects typical in open heath environments.
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However, we acknowledge that this interpretation must be approached with caution and
should ideally be supported by ground validation or complementary SAR coherence and
polarimetric analysis in future research.

The clustering identified burned areas well, though mixed pixels introduced some
uncertainty. Such pixels are particularly challenging in heterogeneous landscapes like
heathlands. To mitigate this, future research could incorporate uncertainty quantification
methods, such as fuzzy clustering techniques or probabilistic classification frameworks,
providing a measure of confidence alongside classification results. Integrating these ap-
proaches could enhance accuracy and offer more nuanced interpretations of vegetation
recovery and burned area delineation.

However, the effectiveness of k-means may be limited in heterogeneous or mixed-pixel
environments. The assumption of discrete, well-separated classes can lead to misclassi-
fication in ecotonal areas. Future efforts may consider fuzzy classification or ensemble
clustering approaches that better account for uncertainty and transition zones in SAR-based
land cover classification.

The selection of temporal windows for the pre- and post-fire analyses was guided by
known historical fire events recorded by the Queensland Parks and Wildlife Service (QPWS).
The specific timeframes (e.g., January–June 2022, July–December 2022, and January–June
2023) were strategically chosen to capture distinct phases of vegetation recovery, repre-
senting immediate post-fire conditions, intermediate recovery, and longer-term regrowth
dynamics. These periods were intended to effectively capture the varying stages of vege-
tation recovery typically observed in heath-dominated ecosystems. However, variability
in fire timing, intensity, and environmental conditions (such as rainfall or drought events)
could influence vegetation recovery patterns, potentially affecting the generalizability of
our findings. Thus, future studies could benefit from adopting flexible temporal intervals or
incorporating additional fire events to better represent variability in vegetation responses.
Additionally, extending the proposed methodology to other fire-prone ecosystems with
different vegetation types and climatic conditions could further validate the robustness
and scalability of this SAR-based approach.

Additionally, it is important to consider the influence of seasonal factors such as rainfall
and soil moisture on SAR backscatter. Changes in these parameters may cause variations in
radar signal independent of vegetation recovery. Although temporal composites were used
to reduce noise, future studies should integrate rainfall or soil moisture data to disentangle
these confounding factors and improve backscatter interpretation.

4.1. Efficacy of Sentinel-1 SAR for Burned Area Mapping

The results demonstrate that Sentinel-1 SAR data are highly effective in distinguishing
between burned and unburned areas. The histogram of bitemporal ratios revealed a clear
distinction between areas with minimal change in backscatter and those that experienced
significant vegetation loss due to fire. This method provides a reliable quantitative measure
of fire impact, which is particularly useful in environments like heathlands, where vege-
tation recovery is slow and may not be easily detectable using traditional optical remote
sensing methods. Prior research has demonstrated the utility of SAR-derived bitemporal
ratios in post-fire studies, as they enhance the detection of burned areas by emphasising dif-
ferences in surface roughness, dielectric properties, and vegetation structure. The method
also facilitates the classification of fire severity levels, making it a reliable tool for assessing
burn impacts in varied landscapes. The consistency of trends across multiple post-fire
periods further supports its robustness as a quantitative fire impact metric.

The clustering results further validated the effectiveness of SAR data in capturing
the spatial heterogeneity of fire severity. The dominance of a single cluster in the area
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distribution suggests that the fire had a concentrated impact in specific regions of the park,
with other clusters representing less severely affected areas. This spatial information is
crucial for targeted ecological restoration, allowing land managers to prioritise areas based
on the severity of fire damage.

4.2. Comparison with Traditional Remote Sensing Techniques

This study reinforces the growing relevance of SAR-based approaches in dynamic,
fire-prone ecosystems like heathlands. The application of Sentinel-1 SAR for wildfire
monitoring has been explored in multiple regions, with varying levels of accuracy and
methodological complexity. The authors of [66] demonstrated that SAR backscatter changes
can reliably identify burned areas in Mediterranean ecosystems, although their study relied
on a single-threshold approach, limiting adaptability to diverse fire-prone landscapes. In
contrast, our study leverages an unsupervised k-means clustering technique, reducing
reliance on static classification thresholds and improving adaptability across different fire
regimes [66].

Additionally, ref. [43] utilised SAR-derived coherence to monitor post-fire vegetation
regrowth in boreal forests, finding that backscatter alone was insufficient to fully capture
structural vegetation changes. Our study builds on this by incorporating multitemporal
SAR backscatter trends, allowing us to track vegetation recovery patterns over extended
periods [43]. Similarly, ref. [67] integrated SAR with optical indices for wildfire severity
mapping, reinforcing the potential of multi-sensor approaches. While we focus exclusively
on SAR-based classification, future studies could explore integrating Sentinel-2-derived
spectral indices for a more comprehensive assessment [67].

However, this study also underscores the importance of integrating SAR data with
other remote sensing datasets for a more comprehensive analysis.

4.3. Implications for Ecological Management and Restoration

The insights gained from this study have significant implications for ecological man-
agement and restoration efforts in Mooloolah River National Park and similar ecosystems.
By accurately mapping the extent and severity of burned areas, land managers can bet-
ter allocate resources for restoration activities, focusing on the most severely impacted
regions. Additionally, the ability to monitor vegetation recovery over time using SAR data
provides a valuable tool for assessing the effectiveness of restoration efforts and adjusting
management strategies as needed.

The observed variation in vegetation recovery has critical implications for biodiver-
sity conservation and ecosystem services. Rapid regrowth suggests the dominance of
fire-resilient species, contributing to early successional habitat formation. However, de-
layed regrowth may indicate ecosystem degradation, soil erosion risk, or invasive species
encroachment, all of which can disrupt habitat stability.

Restoring vegetation post-fire is essential for maintaining carbon sequestration, water
retention, and pollination networks. By identifying areas of prolonged degradation, SAR-
based monitoring can guide targeted restoration efforts, such as reseeding native species or
controlling invasive grasses. The future integration of SAR with field-based biodiversity
assessments can refine habitat recovery models and inform adaptive conservation strategies.

The use of GEE supported scalable, repeatable monitoring workflows. GEE’s cloud-
based platform facilitates the processing and analysis of vast amounts of remote sensing
data, making it accessible for continuous monitoring and timely decision-making.

4.4. Ecological Complexity and Broader Significance

The distinct temporal recovery patterns captured by Sentinel-1 SAR reflect the ecolog-
ical complexity of heathland regeneration, highlighting varying regrowth speeds tied to
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species-specific adaptations, fire intensity, and microclimatic conditions. This variability
underscores the importance of spatially explicit monitoring to inform targeted ecological
management. For instance, identifying areas showing accelerated regrowth may highlight
ecological hotspots for biodiversity, whereas slower recovery areas could indicate ecological
stress, requiring additional restoration measures. Moreover, understanding these nuanced
recovery trajectories is increasingly critical under climate-driven changes in fire regimes,
providing vital information to enhance resilience through adaptive management strategies.

4.5. Comparison with Other Remote Sensing Approaches and Future Directions

While Sentinel-1 C-band SAR has demonstrated considerable potential for post-fire
monitoring, especially in cloud-prone regions and open-canopy environments, its effective-
ness can be limited in dense vegetation or complex terrains due to the shallow penetration
depth. In contrast, L-band SAR systems such as ALOS-2 PALSAR offer deeper canopy
penetration and enhanced sensitivity to biomass and vertical vegetation structure, making
them more suitable for dense forests or later stages of regrowth [68–71]. Similarly, airborne
LiDAR provides highly accurate structural metrics such as canopy height and leaf area in-
dex (LAI) [68,69,72], which can complement SAR data for fine-scale ecological assessments.
Future research should explore multi-band SAR integration, particularly combining C-band
with L-band observations (e.g., from the upcoming NASA-ISRO NISAR mission), as well as
multi-source data fusion approaches that combine SAR [73,74], optical (e.g., Sentinel-2), and
LiDAR datasets. These integrative strategies hold promise for improving the robustness,
spatial precision, and interpretability of post-fire vegetation recovery assessments across
diverse ecosystems.

4.6. Limitation and Future Work

While this study successfully demonstrates the use of Sentinel-1 SAR for post-fire
monitoring, there are some limitations to consider. The reliance on unsupervised clustering
may introduce some classification errors, particularly in areas with complex vegetation
dynamics or mixed land cover types. Mixed pixels, where multiple land cover types
occur within a single pixel, may create additional uncertainty in classification results. To
address this, future studies could implement uncertainty quantification measures, such as
fuzzy clustering or probabilistic classification techniques. Future research could explore the
integration of supervised classification methods and advanced machine learning algorithms
to enhance the accuracy of burned area mapping.

SAR imagery inherently contains speckle noise, which can obscure or distort the signal
used for accurate burned area mapping and vegetation recovery assessment. Although pre-
processing techniques such as smoothing filters were applied in this study to reduce speckle
noise, residual speckle could still impact the clarity of classification results. Furthermore,
variations in sensor geometry—including differences in incidence angles and viewing
angles across image acquisitions—can result in inconsistent radar backscatter responses,
complicating the interpretation of vegetation recovery trends. To address these challenges,
future work could explore advanced despeckling algorithms and normalization techniques
to reduce geometry-induced backscatter variability, thereby improving the accuracy and
reliability of SAR-based post-fire analyses.

Additionally, increasing the frequency of temporal observations could improve the
understanding of short-term vegetation recovery dynamics following fire events. The study
utilised three post-fire periods, balancing data availability and computational feasibility,
but higher-frequency monitoring could capture seasonal variations and regrowth trends
more effectively. Incorporating L-band SAR data (e.g., ALOS-2 PALSAR), known for
their deeper penetration into vegetation canopies, could significantly improve monitoring
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capabilities in densely vegetated or forested regions. Future research could also explore
dual-frequency SAR systems, such as the upcoming NASA-ISRO synthetic aperture radar
(NISAR) mission, which will provide L- and S-band SAR data, allowing for enhanced
post-fire recovery assessments.

Furthermore, integrating optical datasets (e.g., Landsat, Sentinel-2 time-series) could
complement SAR observations by providing additional spectral information for vegetation
regrowth analysis. High-resolution X- and C-band SAR data from commercial satellites
could offer finer spatial detail, improving the monitoring of burn severity and vegetation
structure changes over time.

The robustness of SAR-based analysis can be further improved through integration
with SAR coherence measures or polarimetric decomposition, which offer better sensitivity
to structural changes in vegetation. Field-based validation—such as measurements of
canopy height, fuel load, or biomass—would also enhance confidence in interpreting SAR
backscatter patterns, especially in diverse or fire-prone environments.

Finally, this study focused on a single case study within Mooloolah River National Park.
Expanding the approach to other regions with diverse vegetation types, fire intensities, and
climatic conditions would provide a broader validation of the methodology and assess its
scalability for different ecosystems. Future work should also consider long-term post-fire
monitoring to evaluate the resilience and recovery trajectories of fire-affected landscapes.

Although this study focused on heath-dominated environments in a subtropical
national park, the proposed SAR-based approach holds promise for broader application
in other fire-affected ecosystems such as Mediterranean shrublands, temperate forests, or
savanna landscapes. However, biome-specific differences in vegetation structure, surface
moisture, and fire regimes necessitate regional calibration to ensure accurate interpretation.
This general framework may therefore serve as a scalable yet adaptable model for global
fire recovery assessments using SAR.

5. Conclusions
This study demonstrated the effectiveness of Sentinel-1 SAR bitemporal analysis for

mapping burned areas and monitoring post-fire vegetation regrowth in Mooloolah River
National Park, Queensland, Australia. The results confirmed that SAR-based unsupervised
classification effectively detected burn extent and regrowth trends. Key findings include
the following:

• Burned area mapping: Sentinel-1 SAR successfully detected burned regions, with clear
differentiation in backscatter changes corresponding to fire severity levels.

• Vegetation recovery trends: bitemporal ratios showed a progressive return to pre-fire
conditions, with certain areas exhibiting enhanced regrowth by early 2023.

• Validation with optical data: dNBR analysis from Sentinel-2 confirmed fire severity
patterns and supported SAR-based classifications.

• Scalability and application: the methodology is cost-effective, scalable, and adaptable
for monitoring fire-affected ecosystems in different environments.

By utilising freely available SAR data and cloud-based processing in Google Earth
Engine (GEE), this study presents a practical framework for continuous monitoring of fire-
affected landscapes. Future research should focus on integrating field validation, exploring
multi-sensor approaches, and refining classification techniques to enhance accuracy and
applicability across diverse ecosystems.

This study provides a foundational framework for SAR-based post-fire monitoring
in heath-dominated ecosystems. Future research should explore its application in diverse
fire-prone landscapes under varying climatic regimes to assess generalizability. Emphasis
should also be placed on long-term recovery monitoring, integrating SAR time-series with
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ecological indicators and management objectives. Additionally, combining SAR-based
workflows with emerging cloud-based platforms and automated classification methods
could enable real-time decision support for post-fire ecosystem restoration and risk reduc-
tion planning.
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Appendix A
Google Earth Engine Code:
//Step 1: Define the Region of Interest (ROI)
var roi = ee.Geometry.Polygon([[
[153.0631, −26.7104],
[153.1209, −26.7106],
[153.1198, −26.7316],
[153.0668, −26.7313]
]]);

//Step 2: Load Sentinel-1 SAR Data for the Pre-Burn Period
var preFireImage = ee.ImageCollection(‘COPERNICUS/S1_GRD’)
.filterBounds(roi)
.filterDate(‘xxxx-xx-xx’, ‘xxxx-xx-xx’)//Pre-burn period
.filter(ee.Filter.listContains(‘transmitterReceiverPolarisation’, ‘VV’))
.filter(ee.Filter.eq(‘instrumentMode’, ‘IW’))
.select(‘VV’)
.median();

//Step 3: Load Sentinel-1 SAR Data for Post-Burn Period (Multiple Time Periods for
Vegetation Recovery)
//Post-burn period 1
var postFireImage1 = ee.ImageCollection(‘COPERNICUS/S1_GRD’)
.filterBounds(roi)
.filterDate((‘xxxx-xx-xx’, ‘xxxx-xx-xx’)//Post-burn period 1
.filter(ee.Filter.listContains(‘transmitterReceiverPolarisation’, ‘VV’))
.filter(ee.Filter.eq(‘instrumentMode’, ‘IW’))
.select(‘VV’)
.median();
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//Post-burn period 2
var postFireImage2 = ee.ImageCollection(‘COPERNICUS/S1_GRD’)
.filterBounds(roi)
.filterDate((‘xxxx-xx-xx’, ‘xxxx-xx-xx’)//Post-burn period 2
.filter(ee.Filter.listContains(‘transmitterReceiverPolarisation’, ‘VV’))
.filter(ee.Filter.eq(‘instrumentMode’, ‘IW’))
.select(‘VV’)
.median();

//Post-burn period 3
var postFireImage3 = ee.ImageCollection(‘COPERNICUS/S1_GRD’)
.filterBounds(roi)
.filterDate((‘xxxx-xx-xx’, ‘xxxx-xx-xx’)//Post-burn period 3
.filter(ee.Filter.listContains(‘transmitterReceiverPolarisation’, ‘VV’))
.filter(ee.Filter.eq(‘instrumentMode’, ‘IW’))
.select(‘VV’)
.median();

//Step 4: Pre-process Data (Apply Smoothing)
var kernel = ee.Kernel.square({
radius: 9, units: ‘pixels’
});

var smoothedPreFire = preFireImage.convolve(kernel);
var smoothedPostFire1 = postFireImage1.convolve(kernel);
var smoothedPostFire2 = postFireImage2.convolve(kernel);
var smoothedPostFire3 = postFireImage3.convolve(kernel);

//Step 5: Calculate Bitemporal Ratios for Each Post-Burn Period
var bitemporalRatio1 = smoothedPostFire1.divide(smoothedPreFire);//Post-burn 1 vs.
pre-burn
var bitemporalRatio2 = smoothedPostFire2.divide(smoothedPreFire);//Post-burn 2 vs.
pre-burn
var bitemporalRatio3 = smoothedPostFire3.divide(smoothedPreFire);//Post-burn 3 vs.
pre-burn

//Step 6: Display Bitemporal Ratios (to Show Vegetation Recovery)
Map.centerObject(roi, 12);
Map.addLayer(bitemporalRatio1, {min: 0.8, max: 1.2, palette: [‘black’, ‘white’]}, ‘Bitemporal
Ratio (Post-Burn 1)’);
Map.addLayer(bitemporalRatio2, {min: 0.8, max: 1.2, palette: [‘black’, ‘white’]}, ‘Bitemporal
Ratio (Post-Burn 2)’);
Map.addLayer(bitemporalRatio3, {min: 0.8, max: 1.2, palette: [‘black’, ‘white’]}, ‘Bitemporal
Ratio (Post-Burn 3)’);

//Step 7: Add Labels for Post-Burn Periods (Vegetation Recovery)
var labels = [‘Post-Burn 1 (2021)’, ‘Post-Burn 2 (2022)’, ‘Post-Burn 3 (2023)’];
var bitemporalRatios = [bitemporalRatio1, bitemporalRatio2, bitemporalRatio3];

for (var i = 0; i < labels.length; i++) {
Map.add(ui.Label({
value: labels[i],
style: {position: ‘top-right’, padding: ‘8px’}
}));
}
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//Step 8: Create and Display a Legend for the Bitemporal Ratios
var legend = ui.Panel({
style: {
position: ‘bottom-left’,
padding: ‘8px 15px’
}
});

var legendTitle = ui.Label({
value: ‘Bitemporal Ratio (Grayscale)’,
style: {
fontWeight: ‘bold’,
fontSize: ‘18px’,
margin: ‘0 0 4px 0’,
padding: ‘0’
}
});

legend.add(legendTitle);

//Define the grayscale gradient for the legend
var gradient = ui.Thumbnail({
image: ee.Image.pixelLonLat().select(0),
params: {
bbox: [0, 0, 1, 0.1],
dimensions: ‘100 × 20’,
format: ‘png’,
min: 0,
max: 1,
palette: [‘black’, ‘white’]
},
style: {stretch: ‘horizontal’, margin: ‘0px 8px’}
});

legend.add(gradient);

//Add min and max labels for the gradient
var minLabel = ui.Label(‘0.8’, {margin: ‘4px 8px’});
var maxLabel = ui.Label(‘1.2’, {margin: ‘4px 8px’, textAlign: ‘right’, stretch: ‘horizontal’});

var legendLabels = ui.Panel({
widgets: [minLabel, maxLabel],
layout: ui.Panel.Layout.flow(‘horizontal’)
});

legend.add(legendLabels);

//Add the legend to the map
Map.add(legend);

//Step 9: Export the Results for Further Analysis (optional)
Export.image.toDrive({
image: bitemporalRatio1,
description: ‘Bitemporal_Ratio_PostBurn_1’,
scale: 20,
region: roi,
fileFormat: ‘GeoTIFF’
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});

Export.image.toDrive({
image: bitemporalRatio2,
description: ‘Bitemporal_Ratio_PostBurn_2’,
scale: 20,
region: roi,
fileFormat: ‘GeoTIFF’
});

Export.image.toDrive({
image: bitemporalRatio3,
description: ‘Bitemporal_Ratio_PostBurn_3’,
scale: 20,
region: roi,
fileFormat: ‘GeoTIFF’
});
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