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Abstract. This study critically quantifies the temporal uncertainty inherent in flood extent estimation using Sentinel-1 SAR

data in the high-relief, flash-flood-prone river systems of Central Chile, following the extreme events of 2023. We applied the

iterative Jaccard optimization framework to five sites in the Maule and Mataquito watersheds, identifying the Difference Image

Index (DII) as the most robust flood indicator. Our key finding is that the estimation of maximum flood extent is fundamentally

limited by the timing of the SAR acquisition. River gauge analysis confirmed a flash-flood regime with an extremely rapid5

recession rate (river height dropping ∼ 50% within four days of the peak). This rapid drainage means that a delay of 24 -

48 hours results in a severe underestimation of the true flood footprint. While the DII performed best, overall Jaccard scores

remained low (≤ 0.6). We conclude that the method’s accuracy is primarily constrained by physical limitations - namely, the

rapid recession rate and complex topography - rather than the calibration technique itself. Relying solely on the Sentinel-

1 revisit cycle is insufficient for operational mapping in such dynamic environments, and we recommend integrating SAR10

monitoring with hydraulic modeling or high-frequency aerial surveys to accurately interpolate the maximum flood extent.

1 Introduction

Flood detection after extreme hydrometeorological events using satellite remote sensing remains a highly debated topic within

the scientific community (Gao, 1996; Fisher et al., 2016; Acharya et al., 2018). Traditionally, multispectral images from

missions such as Landsat 5, 7, 8, 9 and Sentinel-2 MSI have been utilized to identify water bodies using methods like Modified15

Normalized Difference Water Index (MNDWI) and Automated Water Extraction Index (AWEI) (Huang et al., 2018; Feyisa

et al., 2014; Hui et al., 2008). These methods, however, rely on passive sensors, which are often hindered by the pervasive

cloud cover that typically follows extreme rainfall events.

In recent years, active remote sensors have gained popularity for flood detection due to their ability to penetrate clouds, their

higher temporal resolution, and free access (e.g., Moharrami et al., 2021; Tauqeer et al., 2025; Tripathy, 2022). However, the20

water backscattering intensity signal on a single channel can sometimes be confused with signals from other materials that also

exhibit low backscattering intensity, such as dry sand and paved surfaces (Liang and Liu, 2020). Conversely, the backscattering

signature of standing water can be modified by surface roughness (e.g., wind-induced waves), potentially increasing the signal

and leading to misclassification (Twele et al., 2016). To address these SAR ambiguities, rigorous methodologies have been
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developed, including approaches that iteratively optimize the threshold using the Jaccard Index against an optical reference25

(Hamidi et al., 2023). This robust framework utilizes established SAR indices like the Difference Image Index (DII), the Ratio

Index (RI), and the Normalized Difference Flood Index (NDFI). While robust, this methodology has not been rigorously tested

in flash-flood-prone, high-relief environments, where the rapid recession rate fundamentally limits the utility of a fixed satellite

revisit cycle. This study, therefore, applies this methodology to the topographically diverse Central Chile not only to provide

an accurate, locally tuned flood extent estimation, but critically, to quantify the temporal uncertainty introduced by image30

acquisition timing. However, the unobserved maximum flood extent introduces a critical uncertainty, which can be detrimental

for informed hazard planning and decision-making by stakeholders, particularly where complementary approaches, such as

hydrodynamic modeling, are scarce or absent.

To address these limitations, the present study establishes a robust framework with three primary objectives. First, the

analysis is refined by integrating crucial ancillary geospatial data—namely the Global Surface Water layer and a Digital35

Elevation Model—to rigorously mitigate false positives associated with permanent water bodies and areas of steep slope,

thus ensuring the flood detection focuses on areas most suitable to flooding. Second, we define an optimal, locally-tuned flood

detection methodology by iteratively validating three distinct SAR indices (DII, RI, and NDFI) with the nearest-temporal

Sentinel-2 MNDWI data, which allows us to quantify the most suitable threshold value for the Chilean Central zone. Finally,

we critically quantify the uncertainty in event-based flood mapping by analyzing the mapped extent across multiple Sentinel-140

acquisition dates relative to the local precipitation peak, assessing the influence of image timing on the estimated flood area.

2 Methodology

2.1 Study area and data acquisition

The study focuses on the central zone of Chile (35°S–36°S), a densely populated region characterized by its distinct geomorphology,

including the Coastal Cordillera, the Central Depression, and the Main Cordillera. This area was severely impacted by two45

distinct extreme hydrometeorological events: the June 2023 event (peak precipitation around June 22–24) and the August 2023

event (peak precipitation around August 19–21), as shown in Figure 1. These events were selected for analysis due to the

significant human impact they caused (CIGIDEN, 2023) and their characteristic heavy cloud cover, which necessitated the

use of Synthetic Aperture Radar (SAR) for flood delineation. To ensure a robust evaluation of the methodological framework

across varied topographies, five specific areas of interest were selected within the Mataquito and Maule watersheds (Figure50

2). These sites were chosen based on their high vulnerability and their distinct geomorphological positions: one area in the

Coastal Cordillera, two at the boundary of the Central Depression and Coastal Cordillera, and two at the boundary of the Main

Cordillera and Central Depression. The comparison across these diverse sites allows us to critically assess how flood extent

estimation varies, not only temporally but also in response to local terrain complexity.
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Figure 1. Rain distribution in June and August 2023. a) Maximum daily rainfall during the June event. The blue rectangle indicates the study

area shown in Figure 2. b) Maximum daily rainfall during the August event. The data in (a) and (b) are displayed with the same color legend

for comparison. c) Accumulated rainfall for the June event. d) Accumulated rainfall for the August event. Note that the data in (c) and (d) are

displayed with the same color legend. The dataset used here was downloaded from https://explorador.cr2.cl
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Figure 2. The satellite image displays five analyzed areas, each delineated by a different colored polygon. The blue lines shows the relevant

drainage networks. White dots with letters mark the locations of the Dirección General de Aguas (DGA) river gauges. The codes for these

gauges are as follows: A = Canal de evacuación C. Pehuenche (07321005-4), B = Río Maule en Longitudinal (07322001-7), C = Estero Upeo

en Upeo (07116001-7), D = Río Mataquito en Licantén (07123001-5), and E = Río Claro en los Queñes (07103001-6).

2.2 Data processing and pre-analysis55

The entire methodological process, including data acquisition, pre-processing, and index optimization, was implemented using

Google Earth Engine (GEE) algorithms in a Google Colab environment.

2.2.1 Hydrometeorological event characterization and river gauge analysis

To characterize the temporal progression of the two extreme events, rainfall evolution was assessed using the GPM IMERG

Final Precipitation L3 database in Google Earth Engine (Huffman et al., 2019). Drainage areas connected to the five study sites60

were calculated using the Hydrology toolbox in ArcGIS 10.2 and the Copernicus 30-meter DEM (European Space Agency,

2024). Given the low spatial resolution (∼ 10 km) but high temporal resolution (3 hours) of the GPM dataset, the average

rainfall was aggregated over each calculated drainage area into 24-hour periods. The standard deviation was also calculated for

each period. This process allowed for the precise definition of the progression of each rain event and the identification of its

peak timing at each study area (Table A1).65
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The height of the water flow in a given area is an important asset for estimating the extent of flooding, especially when

considering the typical topography of a river and its floodplain. However, river gauges are not widespread in Central Chile, so

in some cases, we had to use data from gauges located several kilometers upstream, near the headwaters (Figure 2).

We extracted datasets from the Dirección General de Aguas (DGA) for seven river gauges (labeled A to E in Figure 2). Most

of these datasets were incomplete, possibly due to the flooding events themselves. To create a complete time series for each70

gauge, we aggregated the high temporal resolution data (hourly) into daily averages and standard deviations.

2.2.2 Historical water occurrence assessment

Historical water presence was quantified using the Global Surface Water (GSW) 1.4 dataset (Pekel et al., 2016). This dataset

allowed us to determine the percentage of time each pixel in the study areas was historically classified as water between 1984

and 2021. To statistically characterize the frequency distribution of water occurrence within each site, we fitted a log-normal75

distribution to the histogram of the water occurrence pixel population. The mode and standard deviation derived from this

fitting were used to understand the typical hydrological variability of the floodplains.

2.2.3 SAR processing, filtering, and flood index optimization

Sentinel-1 imagery, acquired in both ascending and descending orbits (where available) and pre-processed in GEE for thermal

noise removal, radiometric calibration, and terrain correction, was utilized. The resultant σ0 backscattering coefficients were80

subjected to two geospatial filters designed to enhance the signal-to-noise ratio and refine the initial flood masks (Figure 3).

First, a topographical filter derived from the Copernicus DEM was applied, excluding all pixels with a slope greater than 5

degrees. This value is consistent with common practice in flood mapping studies and was found to provide the optimal fit in

mitigating layover and shadowing effects in the high-relief areas of the study region. Second, a filter based on the GSW database

was used to mask out permanent water bodies. Pixels with a historical water occurrence greater than 10% were excluded. This85

threshold was selected as the most effective pragmatic balance during our initial calibration to delineate ephemeral flood zones

from historically persistent water bodies. A 10% occurrence mask ensures that the change detection is focused strictly on

transient, event-driven inundation outside the typical, low-variability river channel and its immediate, long-term fringe within

the Mataquito and Maule floodplains.

The final flood extent mapping was conducted by applying three established SAR-based flood indices to the filtered imagery:90

the Difference Image Index (DII, Eq. 1), the Ratio Index (RI, Eq. 2), and the Normalized Difference Flood Index (NDFI, Eq.

3) (Hamidi et al., 2023). These indices, which utilize the σ0 backscattering from the reference date (σ0reference
) and the flood

date (σ0flood
).

The reference image (σ0reference
) was consistently selected as the nearest available Sentinel-1 image acquired during the

preceding dry season (June–July 2019), ensuring minimal water presence to establish a reliable baseline backscatter.95

DII = |min(σ0flood
)| − |mean(σ0reference

)| (1)
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Figure 3. Workflow for identifying flooded areas using satellite imagery. The process involves comparing multiple indices—the Normalized

Difference Flooding Index (NDFI), Ratio Index (RI), and Difference Image Index (DII)—against a ground-truth reference derived from

the Modified Normalized Difference Water Index (MNDWI). The best-performing index is determined using an iterative Jaccard index

calculation, based on the methodology by Hamidi et al. (2023)

.

RI =
|min(σ0flood

)|
|mean(σ0reference

)| (2)
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NDFI =
|mean(σ0reference

)| − |min(σ0flood
)|

|mean(σ0reference
)|+ |min(σ0flood

)| (3)

The variables in these indices follow the conventions established by Hamidi et al. (2023). Specifically, |mean(σ0reference)|
represents the mean σ0 value across the entire reference image raster, and |min(σ0flood)| is the σ0 value of the individual100

flood-date pixel being tested, thereby identifying pixels where backscatter drops significantly below the established baseline.

The optimal threshold value for each index was determined via the iterative optimization of the K-factor (Eq. 4). Following

the validation methodology of Hamidi et al. (2023), this process adjusts the K-factor to derive the threshold that maximizes the

Jaccard Index against a near-concurrent optical ground-truth: the Modified Normalized Difference Water Index (MNDWI) (Eq.

5), derived from Sentinel-2 imagery (Hui et al., 2008). The methodology ensures the selection of the threshold that provides105

the maximum statistical agreement between the SAR-derived extent and the optical reference (Figure 3).

Best ThresholdIndex = MeanIndex± (K ×StdIndex) (4)

MNDWI =
GREEN −SWIR

GREEN +SWIR
(5)

3 Results

3.1 Hydrograph response and event characteristics110

Rainfall analysis, derived from aggregated GPM IMERG data over the studied catchments (Section 2.2.1), confirmed that the

August 2023 event exhibited significantly higher accumulated intensity compared to the June event (Figure 4). This difference

in forcing is reflected across the monitored sites (Figure 4a–e).

The river gauge time series obtained from the DGA network exhibits a flash-flood hydrological response. During the June

event, the Canal de evacuación C. Pehuenche gauge (labeled ’Colbún’ in Figure 4a) - the only station with a complete flood115

record - demonstrated an extremely rapid recession: the river height decreased from its peak near 4 meters to approximately

half that height within just two days. The August event exhibited a similarly rapid recession, peaking near the instrument’s

reading limit before receding rapidly, dropping to just over 2 meters (approximately a 50% reduction from the peak) within

four days (Figure 4a).

This rapid recession was even more pronounced at sites further north. For instance, the Río Claro en los Queñes gauge120

(labeled ’Teno’ in Figure 4e) recorded a peak height of almost 4 meters. Yet, the river returned to near-baseflow conditions

(below 2 meters) faster than the sites in the Maule watershed (Colbún and San Javier). These observations confirm that the

floodwaters did not persist in the floodplains for long periods. Note that several gauges, including Estero Upeo en Upeo gauge

(labeled ’Lontué’ in Figure 4c) and Río Mataquito en Licantén gauge (labeled ’Hualañé’ in Figure 4d), show data gaps during

the peak of the events, which limit the exact quantification of maximum discharge.125
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Figure 4. Time series analysis of the two extreme hydrometeorological events: daily averaged rainfall (GPM IMERG, blue) and river height

evolution (DGA gauges, red). The data illustrate the flash-flood response, characterized by rapid peak and subsequent fast recession rates,

across the five study areas: (a) Colbún, (b) San Javier, (c) Lontué, (d) Hualañé, and (e) Teno.
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3.2 Historical water occurrence

The analyzed areas exhibit diverse water occurrence histories due to their distinct catchments and varying environmental

pressures. For instance, the Colbún area has the lowest water occurrence, with a peak of only 3% of pixels classified as water

(Figure 5a). In contrast, San Javier, located in the same watershed just a few kilometers to the west, shows a significantly higher

peak of 16% (Figure 5b).130

In the Mataquito watershed, the Lontué area has a water occurrence peak of 13% with a standard deviation of 18% (Figure

5c). Hualañé, also within the same watershed, shows a similar peak of 14% but a much higher standard deviation of 34%

(Figure 5d). Further north, the Teno area presents values comparable to Lontué, with a 14% peak and a standard deviation of

19% (Figure 5e).

3.3 Index calibration performance135

A primary finding is that images acquired on the same day but from different orbits (ascending or descending) often exhibit

different threshold index values and Jaccard index scores when compared to the same optical ground-truth images (Figure 6).

Overall, the Difference Image Index (DII) showed the highest correlation with the optical binary image (75%), followed by the

Ratio Index (RI) (20%) and the Normalized Difference Flood Index (NDFI) (5%).

The highest Jaccard scores were consistently observed within the Maule Watershed (Colbún and San Javier), suggesting140

better statistical agreement between SAR and the optical ground truth in these sites. Conversely, the lowest scores were recorded

in the Mataquito Watershed (Lontué and Hualañé) and the Teno area, with Lontué exhibiting the absolute minimum score (0.3).

Across all indices, there was a higher level of agreement between the optical and Sentinel-1 images for the first flood event

(red-dashed lines in Figure 5), with a notable exception in the Hualañé area (Figure 6d). We note that the lower agreement in

the Hualañé area coincides with a known data limitation during the reference period, specifically the absence of Sentinel-1A145

data. This incomplete baseline likely contributed to the reduced correlation observed for this site.

3.4 Flood extent evolution

Analysis of the optimal flood maps reveals distinct spatial variations in the maximum mapped flood extent between the two

events (Figure 7). In the Colbún, Hualañé, and Teno sites, the maximum inundation area estimated during the June (first) event

was demonstrably larger than the extent mapped during the subsequent August (second) event. Conversely, the flood extent150

estimations for San Javier and Lontué showed similar maximal areas across both events. Crucially, across all five sites, the

mapped flood extent never fully inundated the entire defined floodplain area at the precise moment of satellite acquisition.

The temporal analysis of mapped flood extent demonstrates a strong correlation between the maximum detected flood area

and the timing of the Sentinel-1 acquisition relative to the precipitation peak (Figure 8). The largest flood extensions were

consistently mapped when the satellite overpass coincided closely with the peak precipitation date (e.g., Colbún and Teno155

during the June event, Figure 8a, e). Conversely, the generally smaller flood extents observed during the August event can be

directly linked to the larger time gap between the peak rainfall and the first available SAR acquisition date. This trend directly
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Figure 5. Histograms of historical water occurrence for the five specific study areas (see Figure 2), derived from the GSW 1.4 dataset from

1984 to 2021 (Pekel et al., 2016). The data were fitted to a log-normal distribution, where the dashed green line indicates the mode value and

the dashed red line represents the standard deviation for each plot. Plots correspond to: (a) Colbún, (b) San Javier, (c) Lontué, (d) Hualañé,

and (e) Teno.

confirms the rapid recession rate observed in the DGA hydrographs (Section 3.1), demonstrating that a delay of even 24–48

hours in SAR acquisition significantly reduces the estimated flood extent and leads to a severe underestimation of the maximum

inundation area.160
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Figure 6. Quantitative estimation of the best threshold value per index per orbit per flood event. In blue are displayed the calculations for

all Sentinel 1 Ascending orbits, meanwhile in red are all the descending orbits. In addition, the dashed lines corresponds to all the first flood

event (June), meanwhile the dotted lines corresponds to the second event (August). The plots correspond to: a) Colbún, b) San Javier, c)

Lontué, d) Hualañé, and e) Teno.
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Figure 7. The figure displays the optimal flood maps for each study area and rainfall event. These maps were generated using the Sentinel-1

index that achieved the highest Jaccard index score when compared to the Sentinel-2 ground-truth imagery. The specific index and track

used for each map were: a) Colbún (first event): DII from the ascending track; b) Colbún (second event): DII from the ascending track; c)

San Javier (first event): DII from the ascending track; d) San Javier (second event): DII from the ascending track; e) Lontué (first event): DII

from the ascending track; f) Lontué (second event): DII from the ascending track; g) Hualañé (first event): DII from the descending track; h)

Hualañé (second event): DII from the ascending track; i) Teno (first event): RI from the ascending track; and j) Teno (second event): RI from

the ascending track.
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Figure 8. Time series of flood extension using the best index for each location, orbital path and rain event. a) Colbún, b) San Javier, c)

Lontué, d) Hualañé, and e) Teno. In red, the descending path, and blue is ascending path. The rectangles corresponds to DII measurements

while triangles are RI measurements.
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4 Discussion

4.1 The critical role of image timing

Past research has already pointed out that the accurate identification of flooded areas must account for the satellite acquisition

date relative to the peak of the rainfall event (e.g., Tanim et al., 2022). Building on this understanding, our primary objective

was to critically quantify the uncertainty in flood extent estimation introduced by satellite acquisition timing relative to the165

peak of the hydrometeorological event. Our results conclusively demonstrate that estimating the maximum flood extent in

these Central Chilean river systems is fundamentally limited by the timing of the Sentinel-1 overpass.

This limitation is a direct consequence of the flash-flood hydrological regime characteristic of the Andean-influenced

Mataquito and Maule watersheds, a finding strongly supported by the DGA gauge analysis (Section 3.1). This rapid response

is consistent with observations in neighboring catchments, such as the Biobío watershed that affected Concepción (Rojas et al.,170

2017). The observed extremely rapid recession rate, where river height can drop by approximately 50% within just four days

of the peak, means that floodwaters do not persist long enough in the floodplains to guarantee consistent satellite capture

during peak inundation. Furthermore, this rapid draining process often leaves behind residual surface water bodies (ponds)

on the floodplain. Since our ground-truth optical images (MNDWI) were also acquired at a non-peak time, this residual water

complicates the statistical comparison, potentially reducing the statistical agreement (Jaccard scores) between the SAR-derived175

and optical masks.

The temporal analysis shown in Figure 8 provides compelling evidence for this phenomenon. We observed that the largest

flood extents were consistently mapped during the June event, where the optimized SAR image acquisition occurred in close

temporal proximity to the rainfall peak. Conversely, the significantly smaller extents mapped during the August event, despite

the higher rainfall intensity, are directly attributable to the larger time gap between the rainfall peak and the first available180

Sentinel-1 image. This disparity confirms that even a delay of 24 - 48 hours in acquisition can result in a severe underestimation

of the true maximum flood footprint, which has serious implications for accurate risk assessment.

This finding carries significant implications for operational flood mapping in rapidly responding basins. Since the maximum

extent of the flooding is transient, relying solely on Sentinel-1’s 6-day repeat cycle is insufficient for capturing the event’s

true peak impact. To address this, we argue that future flood risk assessments in high-relief environments must integrate SAR-185

based flood extents with hydraulic modeling or high-frequency aerial surveys to accurately interpolate the maximum extent

that occurred at the unobserved peak discharge (Chlumsky et al., 2025).

4.2 Methodological Considerations and Challenges

The statistical performance of the iterative index optimization framework revealed that the methodology, while rigorous,

faced significant challenges when applied to the high-relief, rapidly responding catchments of Central Chile. This difficulty is190

quantified by the generally low Jaccard Index scores, which peaked at approximately 0.6 (Section 3.3). This moderate level of

statistical agreement stems from several inherent physical and temporal constraints:
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1. Topographical Complexity and Filtering: The Maule and Mataquito watersheds present a high degree of geomorphological

complexity. Although we applied a conservative 5◦ slope filter (Section 2.2.3) to exclude areas prone to SAR artifacts

(layover and shadowing), this filtering process itself necessarily reduces the spatial extent available for validation.195

Furthermore, the low Jaccard scores in areas like Lontué (as low as 0.3) are likely related to persistent localized

topographical effects that remain in the floodplain, such as complex micro-relief, which generate backscattering ambiguities

that cannot be resolved by the generalized index approach.

2. Geological and Hydrogeological Control: The geological heterogeneities of the landscape likely exert a strong hydrogeological

control on water retention. Specifically, the extensive gravel deposits typical of the Central Depression enhance permeability200

and rapid infiltration, while the narrower, confined channels and fine-grained floodplain deposits prevalent in the Coastal

Cordillera influence flow velocity and local storage. These differences in geological makeup and channel geometry

significantly affect the rate of infiltration and subsurface drainage, thereby limiting the duration that floodwater remains

visible for satellite capture.

3. Impact of Temporal Mismatch: The Jaccard optimization requires comparison against a concurrent optical ground-truth205

(MNDWI). The high recession rate of the river means that the optical reference image (even if taken close to the SAR

image) captured the flood extent at a slightly different stage of recession. This temporal mismatch results in inevitable

spatial disagreement between the two binary masks, preventing the Jaccard Index from achieving the higher scores (e.g.,

> 0.8) often reported in studies of large, slow-moving floodplains. The residual ponding effect further exacerbates this

discord, as temporary ponds detected by the SAR image may have drained by the time the optical image was acquired,210

and vice versa.

Despite the low overall statistical agreement, the framework successfully identified the Difference Image Index (DII) as the

superior performer, consistently achieving the highest Jaccard scores in 75% of the tested acquisitions (Section 3.3). The DII’s

robustness in this environment is attributed to its direct reliance on the absolute magnitude of change between the reference

and flood image, making it less susceptible to noise and small variations in backscatter compared to ratio-based indices like the215

RI or NDFI, particularly in complex terrain. In summary, while the method proposed by Hamidi et al. (2023) effectively finds

the most statistically optimal threshold (K-factor) achievable for a given SAR-optical pair, our application demonstrates that

the true limitation is not the calibration method itself, but the underlying physical constraints of rapid hydrological recession

and complex topography in high-relief environments.

4.3 Implications for stakeholders and flood risk assessment220

Our findings present two critical implications for stakeholders and water resource managers. First, the uncertainty introduced by

the rapid recession rate fundamentally limits the utility of retrospective SAR analysis for capturing maximum event severity.

Current operational flood maps based on Sentinel-1, particularly those created shortly after a peak event, likely represent a

minimum flood extent, potentially leading to the underestimation of affected infrastructure and required disaster relief funds.

The reliance on models or high-frequency data for peak interpolation (as argued in Section 4.1) is therefore not merely a225
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technical refinement, but an essential requirement for robust hazard planning. Second, the comparison between historical

water occurrence and event-based inundation yields a crucial insight for land-use planning. The Colbún study area serves

as a key example: Figure 5a shows a near-absence of permanent water (peak ∼ 3%), yet Figures 7a and 7b confirm that

this area experienced significant flooding during both 2023 events. This discrepancy is a strong warning that the absence

of permanent water bodies (low historical water occurrence) does not guarantee immunity from inundation during extreme230

precipitation events. Land-use planning and infrastructure development cannot rely solely on historical data that filters out

transient floodplains. Stakeholders must consider areas with low historical water presence but high hydrological vulnerability

as primary flood risk zones. This is particularly relevant in areas experiencing shifts towards intensified precipitation events

due to climate change.

5 Conclusions235

This study provided critical quantitative evidence regarding the challenges of using Sentinel-1 SAR data for flood extent

mapping in the high-relief, flash-flood-prone river systems of Central Chile. We conclusively demonstrate that the accurate

estimation of maximum flood extent is fundamentally limited by the timing of the satellite acquisition relative to the hydrological

event peak. This limitation stems directly from the flash-flood hydrological regime of the Mataquito and Maule watersheds,

characterized by an extremely rapid recession rate with river height dropping approximately 50% within four days of the peak.240

This quick drainage means the maximum flood footprint is ta and often missed by the satellite’s return cycle, resulting in a

severe underestimation of the true event impact.

Our methodological contribution successfully applied and validated the iterative Jaccard optimization framework, identifying

the Difference Image Index (DII) as the most robust indicator (75% of optimal selections). However, the resulting Jaccard

scores remained consistently low (<0.6). We conclude that this statistical performance is constrained not by the calibration245

method, but by physical limitations: the combined effects of complex topography, the rapid temporal mismatch between SAR

and optical acquisitions, and residual ponding on the floodplain.

Ultimately, relying solely on the Sentinel-1 revisit cycle is insufficient for operational flood risk assessment in high-relief

environments. To overcome this fundamental uncertainty and accurately capture the event’s true peak, we strongly recommend

that future assessments must integrate SAR-based monitoring with hydraulic modeling or high-frequency aerial surveys to250

interpolate the maximum flood extent that occurred during the unobserved peak discharge.
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Appendix A: Relevant dataset

Table A1: Type of sensor, orbit and date of the first scene after each rain event per area.

Study area Date of the peak of rain event Sensor Orbit Date of flood detected

Colbún 24-06-2023 (first) Sentinel 1 Ascending 26-06-2023

Descending 26-06-2023

Sentinel 2 Does not apply 27-06-2023

21-08-2023 (second) Sentinel 1 Ascending 25-08-2023

Descending 25-08-2023

Sentinel 2 Does not apply 26-08-2023

San Javier 24-06-2023 (first) Sentinel 1 Ascending 26-06-2023

Descending 26-06-2023

Sentinel 2 Does not apply 27-06-2023

21-08-2023 (second) Sentinel 1 Ascending 25-08-2023

Descending 25-08-2023

Sentinel 2 Does not apply 26-08-2023

Hualañé 22-06-2023 (first) Sentinel 1 Ascending 26-06-2023

Descending 01-07-2023

Sentinel 2 Does not apply 27-06-2023

22-08-2023 (second) Sentinel 1 Ascending 25-08-2023

Descending 30-08-2023

Sentinel 2 Does not apply 26-08-2023

Lontué 24-06-2023 (first) Sentinel 1 Ascending 26-06-2023

Descending 26-06-2023

Sentinel 2 Does not apply 27-06-2023

22-08-2023 (second) Sentinel 1 Ascending 25-08-2023

Descending 25-08-2023
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Table A1 Type of sensor, orbit and date of the first scene after each rain event per area.

Study area Date of the peak of rain event Sensor Orbit Date of flood detected

Sentinel 2 Does not apply 26-08-2023

Teno 22-06-2023 (first) Sentinel 1 Ascending 21-06-2023

Descending 26-06-2023

Sentinel 2 Does not apply 27-06-2023

22-08-2023 (second) Sentinel 1 Ascending 25-08-2023

Descending 25-08-2023

Sentinel 2 Does not apply 26-08-2023

. We will provide the entire code and datasets used on Github repository written in both English and Spanish.

. LO designed the study, wrote the manuscript, and prepared and analyzed the data. GG participated in manuscript writing and editing, and

data interpretation.255
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