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Highlights

What are the main findings?
• VH showed the lowest Otsu threshold dispersion among the eight retained events—a 

result that partly reflects VH-based event selection—and the highest accuracy point 
estimates in the E13 reference sample.

• The area detected as flooded at least once covered 9842.02 ha; high and very high 
observed recurrence accounted for 6.29%, concentrated near the Utcubamba–Marañón 
confluence and northern valley meanders.

What are the implications of the main findings?
• Integrating event-specific detections, observed recurrence, and land-cover information 

identifies repeatedly detected sectors and their agricultural exposure.
• The maps provide complementary information for territorial planning within the 

temporal coverage and spatial constraints of the study.

Abstract

Flood monitoring in Andean–Amazonian valleys is constrained by sparse hydrological 
records and persistent cloud cover. This study mapped observed flood recurrence in the 
Utcubamba River Valley, Peru, during 2019–2025 using Sentinel-1 imagery processed in 
Google Earth Engine. PRE–POST backscatter differences were classified using Otsu thresh-
olding and spatial constraints, including a maximum slope of 5° and a 1000 m hydrographic 
buffer. Eight of 13 cataloged events were retained. VH thresholds had a mean ± standard 
deviation of −2.83 ± 0.05 dB, compared with −1.73 ± 1.11 dB for VV and −3.33 ± 1.44 dB 
for (VH+VV)2 ; the low VH dispersion is a property of the retained subset, which was 
selected partly on VH threshold behavior. The eight-event map covered 9842.02 ha detected 
as flooded at least once, with 6.29% classified as high or very high observed recurrence, 
concentrated near the Utcubamba–Marañón confluence. For E13, assessment against a 
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balanced sample of 1360 reference points yielded a sample-based overall accuracy of 85.15%, 
flooded-class user’s accuracy of 91.64%, producer’s accuracy of 77.35%, and F1 score of 
0.839. These metrics characterize the sampled sectors of E13. Agricultural classes accounted 
for 73.70% of the area in the 2024 land-cover overlay. Irrigation-related changes could not be 
fully distinguished from river flooding. The resulting count of detections across cataloged 
events provides complementary information for land-use planning, with interpretation 
bounded by temporal coverage, event selection, and reference-data availability.

Keywords: observed flood recurrence; Andean–Amazonian valleys; Otsu threshold; VH 
polarization; Land Use and Land Cover (LULC); Utcubamba

1. Introduction
Floods are among the most frequent and destructive natural hazards worldwide, 

causing significant economic, social, and ecological impacts [1,2]. This threat is gradually 
intensifying because climate change is expected to increase the frequency and intensity of 
extreme weather events, including floods [3]. In Peru, flood occurrence is strongly influ-
enced by the El Niño–Southern Oscillation (ENSO), although its effects vary according 
to the spatial configuration of sea-surface temperature anomalies in the tropical Pacific. 
Different ENSO types produce contrasting rainfall responses across Peru, with eastern-
Pacific warming particularly associated with enhanced austral-summer precipitation 
in northern Peru, whereas other ENSO configurations can produce markedly different 
hydroclimatic responses over the Andes and Amazon basin [4,5]. These contrasts have 
contributed to recurrent high-impact flood episodes, including the severe 1982–1983, 
1997–1998, and 2017 events along the northern Peruvian coast, with the 2017 Coastal 
El Niño producing extensive river flooding and substantial socioeconomic impacts [6]. 
The process is especially critical in mountainous regions, where rugged terrain limits 
space for development and leads to uncontrolled encroachment on highly vulnerable 
floodplains [7]. Because flood risk arises from the complex interaction between nat-
ural and human factors, its scientific assessment is essential for reducing losses and 
strengthening territorial resilience [8].

Synthetic aperture radar (SAR) sensors operate in the microwave range and acquire 
observations during both day and night, including under cloud cover. In addition, open 
water surfaces predominantly produce specular reflection and exhibit low backscatter 
values, making them easier to distinguish from other land covers [9,10]. Over the past 
decade, the increasing availability of freely accessible SAR data has expanded its use in flood 
mapping [9]. Cloud computing platforms such as Google Earth Engine (GEE) facilitate 
the processing of large Sentinel-1 datasets without extensive local computing resources, 
supporting multitemporal analysis at regional scales [11]. However, SAR-based monitoring 
still has significant limitations in vegetated and urban areas, where complex scattering 
mechanisms make it difficult to delineate flooded areas accurately [9,10].

Among the methodologies for delineating flooded regions using SAR, change detection 
is particularly prominent. This technique compares backscatter data acquired before and 
after an event to identify reductions indicative of water presence [12]. Regarding difference 
images, Otsu’s automatic thresholding technique has been widely utilized to determine 
a classification threshold by maximizing interclass variance, without the need for train-
ing data. This method has been effectively employed across diverse contexts, including 
monitoring seasonal tropical wetlands such as the Pantanal [13], evaluating damage to 
rice paddies caused by tropical storms [14], and integrated time-series frameworks on 
cloud platforms [11,15]. However, the method’s effectiveness decreases in large images 
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where water constitutes a minor portion of the overall area, making it difficult to identify 
the bimodal histogram distribution on which the threshold relies [16]. In topographically 
complex environments, integrating data from digital elevation models helps restrict analysis 
to regions with gentle slopes where water response is consistent, improving classification 
accuracy [17,18]. In this way, multiple combinations of polarization have been evaluated to 
optimize discrimination: VH cross-polarization has demonstrated greater potential than 
VV for mapping flooded crops [19], while the combination (VH + VV)2  calculated on a 
linear scale can improve the separability between flooded and non-flooded areas compared 
to the use of individual polarizations [16,20].

Beyond mapping individual events, multitemporal analysis of SAR time series helps 
characterize the spatial distribution of repeated flood detections [21]. Systematic process-
ing of Sentinel-1 time series can also support the reconstruction of historical inundation 
patterns [22,23]. Integrating these maps with Land Use and Land Cover (LULC) informa-
tion substantially increases their operational value by enabling an assessment of the differen-
tial exposure of agricultural systems, urban areas, and natural ecosystems to flooding [24]. 
In this context, geospatial approaches applied to risk zoning have shown that the areas 
of greatest danger are concentrated near river channels and in developed areas, where 
unplanned development increases impervious surfaces and alters natural water flows [24]. 
Therefore, generating flood recurrence maps through multitemporal analysis provides 
relevant information for land-use planning and regulation and the design of mitigation 
strategies [23].

Steep-sided Andean valleys present complex geomorphological conditions that 
influence the interpretation of radar observations through effects such as shadowing and 
layover [18,25]. These challenges are typical of SAR monitoring in regions with complex 
topography and underscore the increasing necessity for methodologies tailored to such 
environments [18,25]. Despite this limitation, a prevalent approach involves limiting 
analysis to low-slope regions where the water response remains physically consistent. 
Restricting the analysis to low-slope terrain focuses mapping on the floodplain, where 
agricultural land and settlements are concentrated, although it does not correct terrain-
related distortions in SAR observations. However, studies that integrate multitemporal 
SAR analysis with the creation of historical recurrence maps and their validation through 
fieldwork are notably scarce in mountainous environments with limited hydrological and 
topographic data. Such rigorous quantitative assessments using high-quality reference 
data are essential for the reliability of these products [9,26]. This deficiency is particularly 
pronounced in the Utcubamba River valley, one of the principal tributaries of the Marañón 
River in Peru’s Amazonas Department, where limited research has been conducted in 
the past regarding the multitemporal dynamics of flooding using Sentinel-1 images 
processed in GEE.

Although automatic thresholding approaches using Sentinel-1 imagery and cloud-
computing platforms have demonstrated considerable potential for flood mapping, mul-
titemporal applications focused on flood recurrence remain comparatively limited in 
Peruvian Andean–Amazonian valleys. Optical observations are frequently constrained 
during flood events by cloud contamination, whereas SAR imagery provides observa-
tions under cloud cover suitable for event-based and multitemporal monitoring [27]. 
Consequently, the integration of automatic SAR-based flood detection, observed recur-
rence mapping, accuracy assessment, and geomorphological characterization remains 
insufficiently explored in this geographical context. In this context, the aim of this study 
was to map the observed recurrence of flooding in the Utcubamba River Valley among 
officially cataloged events during 2019–2025 using Sentinel-1 SAR imagery, and to char-
acterize the land cover exposed within the detected areas. In this study, flood detection 
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refers to the area classified as flooded in each event; observed recurrence is the number 
of retained cataloged events in which a pixel was detected as flooded, rather than a 
hydrological flood frequency or return period; and exposure denotes the land-cover 
classes located within the detected areas [28]. Flood probability, vulnerability, and risk 
were not estimated. Flooded areas were delineated using backscatter change detection 
combined with topographically constrained automatic Otsu thresholding. An observed 
flood recurrence map was subsequently generated from the retained events identified 
during the study period. The relationship between detected areas and LULC classes 
was also assessed. Classification accuracy was evaluated for E13 using reference data 
derived from Sentinel-2 imagery, while official event records and UAV-based field surveys 
provided documentary and geomorphological context. This study therefore provides an 
event-based characterization of repeated flood detections in the Utcubamba Valley and a 
comparison of SAR variables for threshold-based detection in an intensively cultivated 
Andean landscape, supporting the use of SAR-derived flood products in data-scarce 
Andean environments.

2. Materials and Methods
2.1. Study Area

The study area comprises the Utcubamba River Valley, located in the department of 
Amazonas in northern Peru (Figure 1). The valley covers approximately 744.24 km2  and 
ranges in elevation from 349 to 800 m above sea level. Geographically, it extends between 
the provinces of Utcubamba and Bagua, with the Utcubamba River serving as the main 
hydrological axis and flowing through the valley from south to north until it joins the 
Marañón River.

The Utcubamba River originates in the district of Leymebamba (province of Chachapoyas) 
at approximately 3100 m above sea level and flows about 253 km in a south-to-north direction 
until it joins the Marañón River, draining a watershed of approximately 6400 km2 , which 
represents about 15% of the territory of the Amazonas Department [29]. The valley bottom, 
where the studied floodplain is located, lies within the Marañón Seasonally Dry Tropical 
Forest ecoregion, characterized by a warm, semiarid climate with average temperatures of 
24–25 °C and marked seasonal variation in precipitation, which ranges approximately from 
600 to 1300 mm depending on the altitudinal zone and is concentrated mainly during the 
first half of the year [30,31].

The main wet and flood season generally extends from December to April [32]. Three 
retained events occurred outside this period: E04 in October, E06 in June, and E08 in 
November. Their documentary context is considered separately from the interpretation of 
individual SAR detections. Hydrological modeling for the Utcubamba basin has projected 
increases of up to 14.80% in peak discharge under the SSP5-8.5 scenario [33], providing 
further motivation for documenting historical flood patterns.

The lower Utcubamba floodplain, particularly the districts of Bagua Grande and Ca-
jaruro, is an important rice-producing area. Agriculture accounted for 29.40% of regional 
gross value added in 2024, while paddy rice represented 33.20% of agricultural production 
and reached 330.1 thousand metric tons [34]. The 2017 census recorded 107,237 inhabitants 
in Utcubamba Province [35]. The city of Bagua Grande also serves as a major transportation 
center between the coast and the Amazon region, concentrating population, infrastructure, 
and economic activities in areas near the valley’s floodplain.
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Figure 1. Location of the study area: (a) Peru in South America, (b) Amazonas in Peru, (c) Study 
area in Amazonas, (d) Utcubamba Valley, showing the Utcubamba–Marañón confluence, the UAV 
survey zones (Z01–Z03, referred to as Zones 1–3), and district boundaries. Data sources: Copernicus 
GLO-30 DEM, MapBiomas Peru Collection 3, and Sentinel-2. Coordinate reference system: WGS 
84 (EPSG:4326).

2.2. Methodological Framework
The methodology integrated multitemporal analysis of SAR imagery, cloud-based 

geospatial processing, and topographic criteria to detect and characterize floods in the 
Utcubamba River Valley. The workflow comprises six steps: (i) SAR preprocessing, (ii) flood 
detection based on backscatter changes, (iii) spatial filtering, (iv) event quality control, 
(v) multitemporal recurrence analysis, and (vi) accuracy assessment, geomorphologi-
cal characterization, and exposure analysis. Figure 2 groups these steps into five pan-
els and a lower branch: panel (a) shows the input data; panels (b) and (c) cover steps 
(i)–(iii); panel (d) corresponds to step (v); panel (e) shows the exposure analysis; and 
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the lower branch shows event quality control, the accuracy assessment of E13, and the 
geomorphological context.

Figure 2. Methodological workflow. Panels: (a) input data, (b) SAR processing, (c) flood detection, 
(d) observed flood recurrence map, and (e) LULC exposure analysis. The lower branch shows event 
quality control (8 of 13 events retained), the accuracy assessment of the reference event (E13), and 
the geomorphological context from field observations and UAV-derived terrain models.

2.3. Delimitation of the Study Area
The study area was delineated in ArcGIS Pro 3.5.4 by reclassifying a Digital Elevation 

Model (DEM) [36], using an elevation threshold of 800 m above sea level. This delineation 
criterion enabled the analysis to focus on low-elevation areas potentially associated with 
flood dynamics and to exclude higher-elevation areas, improving the spatial consistency of 
subsequent analyses.

2.4. SAR Data and Processing
Flood detection was based on analyzing Sentinel-1 Ground Range Detected (GRD) 

images, acquired in Interferometric Wide Swath (IW) mode with dual VH and VV po-
larization, available in the COPERNICUS/S1_GRD collection [37]. Images were selected 
from ascending relative orbit 18. Among the eight retained events, acquisitions were from 
Sentinel-1B for E01, E04, E06, and E08, and Sentinel-1A for E10, E11, E12, and E13.

The images were used in their calibrated and terrain-corrected form, according 
to the standard preprocessing pipeline for the COPERNICUS/S1_GRD collection in 
GEE [38]—which also includes orbit correction and removal of border and thermal 
noise—without any additional radiometric or geometric processing prior to change analysis. 
A focal mean filter with a circular kernel of 50 m radius was subsequently applied to reduce 
speckle noise [20].

The Copernicus GLO-30 DEM, used for topographic constraining of detection, and 
the MapBiomas Peru LULC product were incorporated as auxiliary variables. The anal-
ysis period spanned from 2019 to 2025, and the acquisition parameters are summarized 
in Table 1.
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Table 1. Acquisition and preprocessing parameters for Sentinel-1 imagery and ancillary datasets.

Parameter Value Source/Collection ID

Sensor Sentinel-1B (E01–E08); 
Sentinel-1A (E10–E13) ESA Copernicus

Product Ground Range Detected (GRD) COPERNICUS/S1_GRD
Acquisition mode IW —

Polarization VV and VH —
Relative orbit 18, ascending —
Pixel spacing 10 m —

Backscatter coefficient σ0  (dB) —
Period 2019–2025 —
DEM Copernicus DEM GLO-30 COPERNICUS/DEM/GLO30 [36]

LULC MapBiomas Peru, Collection 3 projects/mapbiomas-public/assets/peru/collec-
tion3/mapbiomas_peru_collection3_integration_v1

The images were analyzed using the backscatter coefficient σ0 , since the Sentinel-1 
GRD dataset available on GEE provides calibrated and geometrically corrected values in 
this radiometric convention [39]. Although γ0  can reduce the dependence of backscatter on 
local incidence geometry, the analysis was restricted to surfaces with slopes ≤5°, reducing 
the influence of topographic effects within the study area. Consequently, σ0  was used as 
the radiometric variable to distinguish between flooded and non-flooded surfaces.

2.5. Catalog of Events and Time Frames
A catalog of flood events for the 2019–2025 period was compiled using official records 

from the National Institute of Civil Defense (INDECI), available in the National Information 
System for Response and Rehabilitation (SINPAD v2.0) [40] and the Peruvian flood-event 
inventory published by SENAMHI [41]. Event-specific PRE and POST query windows were 
defined relative to the cataloged event date to generate the baseline and event-observation 
composites, respectively (Table 2).

Table 2. Catalog of flood events and temporal windows used to generate the PRE and POST Sentinel-
1 composites.

Event Cataloged 
Event Date PRE Start PRE End POST Start POST End Last PRE 

Acquisition

Interval to 
Event Date 

(Days)

E01 25 February 
2019 1 January 2019 20 February 

2019
22 February 

2019 5 March 2019 31 January 
2019 25

E02 20 March 2019 15 January 
2019 15 March 2019 18 March 2019 30 March 2019 — —

E03 25 April 2019 15 January 
2019 15 March 2019 23 April 2019 5 May 2019 — —

E04 18 October 
2019 15 August 2019 14 October 

2019
16 October 

2019
28 October 

2019
10 October 

2019 8

E05 18 December 
2019

15 October 
2019

14 December 
2019

16 December 
2019

28 December 
2019 — —

E06 4 June 2020 1 April 2020 30 May 2020 1 June 2020 15 June 2020 25 May 2020 10
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Table 2. Cont.

Event Cataloged 
Event Date PRE Start PRE End POST Start POST End Last PRE 

Acquisition

Interval to 
Event Date 

(Days)

E07 12 March 2021 10 January 
2021 8 March 2021 10 March 2021 22 March 2021 — —

E08 28 November 
2021

25 September 
2021

12 November 
2021

28 November 
2021

8 December 
2021

4 November 
2021 24

E09 3 March 2022 15 December 
2021

28 February 
2022 1 March 2022 15 March 2022 — —

E10 15 March 2023 10 January 
2023 10 March 2023 13 March 2023 25 March 2023 5 March 2023 10

E11 27 December 
2023

25 October 
2023

22 December 
2023

25 December 
2023 6 January 2024 18 December 

2023 9

E12 15 February 
2025

15 December 
2024

10 February 
2025

12 February 
2025

25 February 
2025

29 January 
2025 17

E13 2 March 2025 1 January 2025 11 February 
2025

28 February 
2025 10 March 2025 10 February 

2025 20

Note: PRE and POST start and end dates delimit the temporal queries and do not necessarily corre-
spond to acquisition dates. The last PRE acquisition and its interval to the cataloged event date are 
reported for the eight retained events; dashes indicate events excluded from the final analysis.

The PRE composite was the temporal median of at least three available Sentinel-1 scenes 
within the event-specific query window in Table 2. The POST composite was the temporal 
median of the available scenes in the corresponding window, with a minimum of one scene. 
Query-window boundaries do not necessarily coincide with acquisition dates. Table 2 also 
reports the last PRE acquisition and its interval to the cataloged event date for the eight retained 
events. Scene counts can include adjacent scenes acquired on the same date; for E08, the 
two POST scenes were acquired on 28 November 2021. The E08 POST window starts on the 
cataloged event date, so the composite includes only acquisitions from that date onward.

2.6. Flood Detection Based on Backscatter Changes
Flood detection was based on the analysis of backscatter changes between the PRE and 

POST composites, with the backscatter difference defined as POST–PRE [42–44]. Three change 
variables were calculated: VH, VV, and the combination of dual polarization (VH+VV)2  [16]. 
The latter was calculated independently for the PRE and POST sets, according to: (1) con-
version of the VH and VV values from decibels (dB) to a linear power scale; (2) calculation 
of the combination (VHlin + VVlin)2 ; and (3) reconversion of the result to decibels. The 
POST−PRE backscatter difference for this combined variable was subsequently calculated on 
a logarithmic scale, following the same criteria applied to VH and VV. This procedure avoided 
combining polarizations directly on values expressed on a logarithmic scale [20].

2.7. Otsu’s Automatic Thresholding Technique
Otsu thresholding was applied separately to each difference image to partition its 

histogram by maximizing between-class variance [13,45]. The histogram calculation was 
restricted to surfaces with slopes ≤5°, derived from the Copernicus GLO-30 DEM [36]. This 
restriction allowed the analysis to be limited to the areas topographically compatible with 
the occurrence of flooding and reduced the influence of steep slopes on the distribution of 
backscatter values [17,18].
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2.8. Post-Processing Filters
The initial binary map was refined using a sequence of spatial filters applied after 

classification. First, a slope mask (≤5°) and a permanent water mask were applied; the latter 
was generated by digitizing the active channel annually using Sentinel-2 imagery acquired 
during the dry season to exclude water bodies not associated with flooding events [45]. 
A 1000 m buffer around the digitized main channel and secondary tributaries was then 
applied to restrict detections to the river corridor. Finally, a minimum mapping unit (MMU) 
of eight connected pixels, equivalent to 0.08 ha, was established to eliminate isolated clusters 
of smaller area [46]. The resulting maps were exported, with pixels classified as non-
flooded retained as “NoData,” in accordance with the procedure defined for the subsequent 
multitemporal recurrence analysis. The complete detection workflow for a representative 
event (E13, March 2025) is shown in Figure 3.

Figure 3. SAR flood detection for event E13. (a) Pre-event composite (VH); (b) post-event image 
(VH); (c) VH difference image; (d) flood map after Otsu thresholding and topographic filtering.
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2.9. Event Quality Control
Before inclusion in the multitemporal analysis, the 13 cataloged events were evaluated 

using three quality-control criteria. First, VH Otsu thresholds near −0.70 dB, compared with 
values near −2.80 dB in the retained events, were considered anomalous when assessed 
together with difference histograms and binary maps. This was an empirical radiometric 
plausibility check, not a statistical test of bimodality. Second, events were excluded when 
their PRE reference window overlapped with a previously cataloged flood. Third, spatial 
plausibility and temporal representativeness were examined, excluding detections that 
covered nearly all flat terrain in the valley or POST observations representing an advanced 
recession phase.

The first and third criteria were assessed through expert inspection of histograms and 
detection maps; the second used the dates of previously cataloged events. Eight events met 
all three criteria: E01, E04, E06, E08, E10, E11, E12, and E13. Exclusion reasons are listed in 
Table 3. Because the first criterion used VH threshold behavior, the dispersion of VH in 
the retained subset is conditioned by event selection and does not independently establish 
superiority over VV or the combined variable.

Table 3. Numbers of PRE and POST Sentinel-1 scenes, Otsu thresholds (dB) for each variable, and 
inclusion status of the 13 cataloged events. Multiple scenes may correspond to the same acquisition 
date.

Event PRE Scenes POST Scenes VH VV (VH+VV)2 Status

E01 6 2 −2.82 −0.70 −2.79 Included
E02 8 2 −2.86 −2.82 −4.90 Excluded 1 
E03 8 2 −0.70 −0.68 −0.82 Excluded 2 
E04 10 2 −2.77 −0.70 −2.75 Included
E05 10 2 −0.72 −0.71 −2.86 Excluded 1 
E06 10 2 −2.78 −2.73 −6.90 Included
E07 8 2 −0.68 −0.72 −0.84 Excluded 2 
E08 8 2 −2.80 −2.72 −2.80 Included
E09 3 1 −0.74 −0.73 −0.87 Excluded 2 
E10 5 1 −2.85 −2.75 −2.81 Included
E11 5 1 −2.88 −2.86 −2.87 Included
E12 4 1 −2.87 −0.69 −2.84 Included
E13 4 1 −2.89 −0.69 −2.86 Included

1  Excluded because the PRE window overlapped with a previously recorded flood. 2  Excluded because 
of anomalous VH threshold behavior, according to the radiometric plausibility criterion described in 
Section 2.9.

2.10. Observed Flood Recurrence Map
Observed recurrence was calculated by counting, for each pixel, the retained event 

maps in which it was classified as flooded. Counts were grouped into five classes: very 
low (one event), low (two), moderate (three), high (four), and very high (five to seven, 
the observed maximum). These classes are relative to the eight cataloged events and 
do not represent annual probabilities or return periods. The raster was vectorized and 
features were dissolved by class into single-part geometries. The principal area estimates 
were calculated from these polygons in ArcGIS Pro 3.5.4 using WGS 84/UTM zone 18S 
(EPSG:32718). Raster counts used in sensitivity analyses are reported separately from these 
polygon-based estimates.

2.11. Accuracy Assessment and Spatial Context
Quantitative validation was performed for event E13, as it was the only event in 

the series for which a post-event Sentinel-2 image was available with adequate visibility 
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conditions to generate reference data through visual interpretation. For the other events, 
extensive cloud cover in the optical acquisitions near the flood dates limited the ability to 
obtain comparable reference data. Therefore, quantitative evaluation using a confusion 
matrix was applied to E13, while the other events underwent the quality control procedures 
described in Section 2.9.

The eligible detection domain for E13 was the intersection of the study area, the 1000 m 
hydrographic buffer, and the slope mask (≤5°), excluding the permanent channel. It 
covered 22,696.25 ha within the 74,424.00 ha study area. Reference sampling covered only 
the cloud-free sectors in which reference polygons could be delineated; the resulting metrics 
are not estimates for the entire eligible domain or valley.

Flooded and non-flooded reference polygons were digitized by visual interpretation 
of post-event Sentinel-2 imagery within the eligible domain, excluding cloud-covered areas. 
A random sample of 680 points per reference class yielded 1360 points. The classifications 
from VH, VV, and (VH+VV)2  were extracted at the same points. Documentary flood 
records and a field campaign in May 2026 provided complementary context. Three areas 
with high observed recurrence were surveyed using field photographs and a DJI Matrice 4E 
with RTK at a flight altitude of 300 m. Photogrammetric processing in Agisoft Metashape 
Professional V2.2.1 (Agisoft; Agisoft LLC, St. Petersburg, Russia) produced orthomosaics at 
approximately 8 cm per pixel and DEMs at approximately 16 cm per pixel. These products 
characterized local terrain and river–floodplain relationships; the time lag precluded their 
use as reference data for the historical event extents.

Confusion matrices for VH, VV, and (VH+VV)2  were constructed using the same 
reference sample. Overall accuracy (OA), flooded-class user’s accuracy (UA), and flooded-
class producer’s accuracy (PA) were calculated directly from the sample counts, without 
area weighting, using Equations (1)–(3):

OA =
𝑇𝑃 + 𝑇𝑁

𝑁 × 100 (1)

UA =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 × 100 (2)

PA =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 × 100 (3)

Here, TP denotes flooded reference points correctly classified as flooded; TN denotes 
non-flooded points correctly classified as non-flooded; FP denotes non-flooded points 
classified as flooded; and FN denotes flooded points classified as non-flooded. N is the 
total number of reference points. OA, UA, and PA are expressed as percentages.

The flooded-class F1 score was calculated from the confusion-matrix counts using 
Equation (4) and reported on a scale from 0 to 1:

F1 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 (4)

Specificity was calculated as TN/(TN + FP), and Cohen’s Kappa was retained as 
a supplementary measure based on observed agreement and agreement expected from 
the sample marginal proportions. The 95% confidence intervals for PA and specificity 
were calculated using the Wilson score method [47], treating observations within each 
reference class as independent Bernoulli trials. These intervals quantify binomial sampling 
uncertainty and do not account for spatial dependence or uncertainty in the reference 
labels. OA, UA, F1, and Kappa describe the balanced sample and were not interpreted 
as area-weighted estimates of accuracy across the study area. Area-weighted estimates 
were not reported because the sample was stratified by reference class within cloud-free 
sectors digitized on Sentinel-2, rather than by map class over the study area. In addition, 
the population proportions required for area weighting were not available.
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A complementary spatial analysis compared detections among seven slope classes 
within the eligible domain, excluding the permanent channel. For each class, its share 
of detected area was divided by its share of available area. Ratios above one indicate 
greater representation among detections than expected from available area, whereas 
ratios below one indicate lower representation. The calculation was performed for the 
area detected at least once and separately for each retained event. It characterizes the 
distribution of detections within the imposed spatial constraints and is not an independent 
accuracy assessment.

2.12. Exposure Analysis by Land Use and Land Cover (LULC)
The observed recurrence map was overlaid with MapBiomas Peru Collection 3 for 

2024 to quantify the area of each land-cover class within the recurrence classes. The 2024 
layer was the latest year in the collection used for this study. The overlay characterizes 
exposure of the land covers represented in 2024 to detections from 2019 to 2025; it 
does not reconstruct land cover at each historical event or land-cover change over the 
study period.

A complementary analysis summed detections by land-cover class across individual 
events, using the classification for each event year. E12 and E13 used the 2024 layer because 
the collection used did not include 2025. A surface detected in several events contributes to 
the sum several times; this cumulative quantity is expressed in hectare-events and differs 
from the unique area detected at least once. The flood maps were processed at 10 m, whereas 
MapBiomas has a 30 m grid. Exposure estimates from the LULC cross-tabulation therefore 
use a different spatial representation from the polygon-based flood areas, particularly 
along boundaries.

2.13. Sensitivity Analysis
The sensitivity of the area detected as flooded to hydrographic buffer distance and 

maximum slope was evaluated for the eight retained events by varying one parameter at a 
time. Buffer distance ranged from 500 to 1500 m in 250 m increments, with the maximum 
slope fixed at 5°. Maximum slope ranged from 3° to 7° in 1° increments, with the buffer fixed 
at 1000 m. All other parameters were held constant. The Otsu threshold was recalculated for 
each slope configuration because changing this constraint modifies the histogram domain. 
For each configuration, detected areas were summed across the eight events, counting an 
area again whenever it was detected in another event. Changes in this cumulative area were 
expressed as percentages relative to the reference configuration of a 1000 m buffer and a 5° 
maximum slope.

Sensitivity to PRE timing was examined by setting the end of the PRE query window 
to 15 days before the cataloged event date, while keeping its start date and the POST 
window unchanged. The comparison focused on whether this adjustment changed the 
scenes included in the PRE composite and the resulting VH and VV Otsu thresholds relative 
to the original configuration.

An additional sensitivity analysis examined the influence of events outside the main 
wet season by retaining only the five events within December–April and excluding E04, 
E06, and E08. This subset was compared with the eight-event dataset in terms of land-cover 
composition, raster-based area detected at least once, and the spatial concentration of pixels 
with at least four detections. The same absolute threshold of four detections was used in 
both datasets, and spatial concentration was assessed as the proportion of this area located 
within 15 km of the Utcubamba–Marañón confluence (Supplementary Table S1).
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3. Results
3.1. Otsu Threshold Dispersion and Polarization Selection

Across the eight retained events, the Otsu thresholds for the VH difference had a mean 
of −2.83 dB and a standard deviation of 0.05 dB. VV had a mean of −1.73 dB and a standard 
deviation of 1.11 dB, whereas the combined index (VH+VV)2  had a mean of −3.33 dB 
and a standard deviation of 1.44 dB (Table 3). Within this subset, VH exhibited the lowest 
variability among the three variables evaluated.

When all 13 cataloged events were considered, the means and standard deviations 
were −2.18 ± 1.02 dB for VH, −1.50 ± 1.05 dB for VV, and −2.84 ± 1.65 dB for (VH+VV)2 .

When the end of the PRE window was set to 15 days before the cataloged event date, 
E01 and E12 retained the acquisitions used in the original configuration. For E04, E10, and 
E11, this modification resulted in changes of up to 0.04 dB in the VH and VV thresholds.

3.2. Event-Specific Detection Patterns
The eight retained maps differed in detected extent during 2019–2025 (Figure 4). 

Individual areas ranged from 1855.76 ha for E11 to 2674.22 ha for E08. Their sum was 
17,793.06 hectare-events, with a mean of 2224.13 ha per event. Table 4 reports the polygon-
based areas and each event’s contribution to the cumulative sum.

Figure 4. Flood maps for the eight retained events: (a) E01 (25 February 2019), (b) E04 (18 Octo-
ber 2019), (c) E06 (4 June 2020), (d) E08 (28 November 2021), (e) E10 (15 March 2023), (f) E11 
(27 December 2023), (g) E12 (15 February 2025), and (h) E13 (2 March 2025).
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Table 4. Area detected as flooded and relative contribution of the eight retained flood events analyzed 
during 2019–2025.

Event Cataloged Event Date Area Detected as Flooded (ha) Contribution (%)

E01 25 February 2019 1915.76 10.77
E04 18 October 2019 1958.30 11.01
E06 4 June 2020 2540.39 14.28
E08 28 November 2021 2674.22 15.03
E10 15 March 2023 2238.63 12.58
E11 27 December 2023 1855.76 10.43
E12 15 February 2025 2401.15 13.49
E13 2 March 2025 2208.85 12.41

Total — 17,793.06 100.00
Mean — 2224.13 —

Detections were concentrated in the northern sector of the valley, where the alluvial 
plain is wider. Smaller extents were mapped along the more confined southern river 
corridor. Although event-specific extents differed, repeated detections occurred in several 
of the same sectors.

3.3. Observed Flood Recurrence
The integration of the eight retained event maps identified 9842.02 ha detected as 

flooded at least once within the study area during 2019–2025 (Figure 5). Very low recurrence, 
corresponding to detection in one event, covered 4860.89 ha (49.39%), while low recurrence, 
corresponding to two detections, covered 2887.00 ha (29.33%). Together, these classes 
accounted for 78.72% of the total detected area. Moderate recurrence, corresponding to 
three detections, covered 1475.26 ha (14.99%). High recurrence, corresponding to four 
detections, represented 483.28 ha (4.91%), and very high recurrence, corresponding to five 
to seven detections, covered 135.59 ha (1.38%).

Figure 5. Observed flood recurrence map of the Utcubamba River Valley (2019–2025).
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High and very high recurrence jointly covered 618.87 ha (6.29%) and were concentrated 
near the Utcubamba–Marañón confluence and along meanders in the northern valley. These 
classes represent repeated detections among the eight retained cataloged events.

3.4. Accuracy Assessment of E13 and Spatial Context
E13 was evaluated using 1360 reference points, comprising 680 flooded and 680 non-

flooded points derived from visual interpretation of Sentinel-2 imagery. For VH, the confu-
sion matrix contained 526 true positives, 632 true negatives, 48 false positives, and 154 false 
negatives. Sample-based overall accuracy was 85.15%, user’s accuracy for the flooded 
class was 91.64%, and producer’s accuracy was 77.35% (95% CI: 74.06–80.34%). Specificity 
reached 92.94% (95% CI: 90.77–94.63%), the F1 score was 0.839, and the Kappa coefficient 
was 0.703.

When evaluated against the same reference points, VV achieved a sample-based overall 
accuracy of 80.66%, a user’s accuracy of 84.92%, a producer’s accuracy of 74.56%, and an F1 
score of 0.794. The corresponding values for the (VH+VV)2  index were 80.37%, 90.25%, 
68.09%, and 0.776, respectively. VH had the highest point estimates for the reported accuracy 
metrics; differences were evaluated descriptively (Table 5).

Table 5. Accuracy metrics for VH, VV, and (VH+VV)2  for event E13, evaluated using the same 
balanced sample of 1360 reference points.

Metric VH VV (VH+VV)2 

True positives 526 507 463
True negatives 632 590 630
False positives 48 90 50
False negatives 154 173 217
Sample-based overall accuracy (%) 85.15 80.66 80.37
User’s accuracy, flooded class (%) 91.64 84.92 90.25
Producer’s accuracy, flooded class (%) 77.35 74.56 68.09
Producer’s accuracy 95% CI (%) 74.06–80.34 71.15–77.69 64.49–71.48
Specificity (%) 92.94 86.76 92.65
Specificity 95% CI (%) 90.77–94.63 84.01–89.11 90.44–94.38
Sample-based F1 score 0.839 0.794 0.776
Sample-based Cohen’s Kappa 0.703 0.613 0.607

Note: All metrics were calculated from the sample confusion matrices without area weighting. Each 
reference class comprised 680 points. The 95% confidence intervals (CIs) were estimated using the 
Wilson method.

High-resolution UAV-derived DEMs, with a pixel size of approximately 16 cm, showed 
that mapped high-recurrence sectors occupied low-lying parts of the alluvial plain in the 
three surveyed areas (Figure 6). These products provided detailed geomorphological 
context at a finer scale than the 30 m DEM.

The UAV-derived slope maps showed a predominance of terrain with slopes below 5° 
in the three surveyed areas (Figure 7). These gently sloping surfaces coincided spatially 
with sectors of high observed recurrence and characterized their local topographic setting.

The concentration ratio of flood detections decreased progressively with slope, from 
1.63 in the 0–0.5° class to 0.49 in the 4–5° class (Figure 8). Classes with slopes below 1.5° 
had ratios greater than 1, whereas the remaining classes had ratios below 1. A decreasing 
gradient was also observed in each of the eight events.

https://doi.org/10.3390/rs18213756

https://doi.org/10.3390/rs18213756


Remote Sens. 2026, 18, 3756 16 of 27

Figure 6. Geomorphological characterization of the three surveyed areas using orthomosaics and 
high-resolution DEMs obtained with an RTK drone.
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Figure 7. Spatial distribution of slopes in the three surveyed areas derived from high-resolution 
digital elevation models: (a) Zone 1, (b) Zone 2, and (c) Zone 3.

Figure 8. Concentration of the area detected as flooded across slope classes within the eligible 
domain: (a) area detected as flooded at least once across the eight events; (b) individual events and 
their arithmetic mean. The concentration ratio was calculated by dividing each class’s share of the 
flooded area by its share of the available area. The dashed horizontal line at 1 indicates a distribution 
proportional to the available area.
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3.5. Field Observations of River–Floodplain Conditions
The field campaign documented local river–floodplain conditions in the three surveyed 

areas (Figure 9). In Zone 1, at the Utcubamba–Marañón confluence, a marked lateral 
expansion of the flow was observed, facilitated by the width of the floodplain and the 
meandering morphology of the Marañón River. This pattern is consistent with a possible 
backwater effect at the confluence, which aligns with the higher recurrence observed in this 
sector compared to the rest of the valley.

Figure 9. Field evidence of river dynamics and associated impacts. (a–c) Zone 1, lateral overflow and 
pooling at the confluence; (d–f) Zone 2, connection between the channel and plots and bank erosion; 
(g–i) Zone 3, low-lying plain and lateral channel migration.

In Zone 2, a direct connection between the river channel and agricultural plots was 
documented, together with exposed roots of riparian vegetation associated with bank 
erosion and water intake infrastructure at channel level. Uncultivated plots with remaining 
agricultural infrastructure were also observed. In Zone 3, field observations documented 
a broad, gently sloping plain and evidence of lateral channel migration adjacent to rice-
growing areas.

The surveyed areas combined low-lying floodplain terrain, agricultural land use, and 
local connections between channels and cultivated plots. These observations provide context 
for interpreting the spatial distribution of detections, but do not establish the causes of 
individual historical detections or quantify agricultural damage.

3.6. Exposure of Land Cover to Floods
Overlaying the observed flood recurrence map with the 2024 MapBiomas land-cover 

data showed that mapped exposure was concentrated in agricultural systems (Table 6). 
Rice accounted for 5341.23 ha (54.25%) of the total overlay area, followed by agricultural 
mosaic with 1915.74 ha (19.46%). Together, these agricultural classes represented 73.70% of 
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the total. Beach and river, lake or ocean classes jointly accounted for 1581.39 ha (16.06%), 
whereas urban infrastructure represented 54.09 ha (0.55%).

Table 6. Distribution of the area detected as flooded (ha) by MapBiomas land cover class and 
recurrence level, with total area and percentage by land cover.

Land-Cover Class Very Low Low Moderate High Very High Total Area (ha) % of Total

Rice 2532.24 1717.11 831.96 218.97 40.95 5341.23 54.25
Agricultural mosaic 1095.93 517.5 234.72 51.93 15.66 1915.74 19.46
Beach 208.62 231.21 222.03 130.41 49.86 842.13 8.55
Dry forest 404.28 97.92 27.99 5.13 4.05 539.37 5.48
Other natural areas 
without vegetation 251.55 82.44 27.27 6.84 3.24 371.34 3.77

River, lake or ocean 294.48 221.31 132.21 68.67 22.59 739.26 7.51
Other non-forested land 29.61 8.01 0.45 0.00 0.00 38.07 0.39
Urban infrastructure 45.27 6.12 2.34 0.36 0.00 54.09 0.55
Other land cover 4.23 0.72 0.09 0.00 0.00 5.04 0.05
Total 4866.21 2882.34 1479.06 482.31 136.35 9846.27 100

Note: Percentages were calculated relative to the total land-cover overlay area of 9846.27 ha.

The very low and low recurrence classes jointly accounted for most of the detected 
area within each land-cover class. Beach areas represented 8.55% of the total overlay area 
and included 180.27 ha in the high and very high recurrence classes. Rice occupied the 
largest absolute area in the very low, low, moderate, and high recurrence classes. In the 
very high recurrence class, beach areas predominated with 49.86 ha, followed by rice with 
40.95 ha (Table 6).

3.7. Cumulative Flood Exposure by Land Cover
The integration of the eight retained events allowed cumulative exposure to be quan-

tified for each land-cover class by summing the flooded areas across individual events 
(Figure 10). Rice had the highest cumulative exposure, with 9988 ha-events (56.06% of the 
total), followed by agricultural mosaic with 2913 ha-events (16.35%) and beach areas with 
2407 ha-events (13.51%). Together, these three classes accounted for approximately 85.9% 
of the cumulative flooded area. River/lake areas accounted for 1274 ha-events (7.15%), 
followed by dry forest with 697 ha-events (3.91%) and other natural areas with 407 ha-events 
(2.28%). Other non-forested land, urban infrastructure, and other land-cover classes jointly 
represented 0.73% of cumulative exposure.

The cumulative flooded area obtained from the LULC cross-tabulation was 17,814.69 ha-
events, differing by 21.63 ha-events (0.12%) from the 17,793.06 ha-events calculated directly 
from the eight flood maps (Section 3.2). This small difference resulted from the spatial 
overlay of the flood maps processed at 10 m with the MapBiomas LULC dataset at 30 m, 
which altered the representation of flooded boundaries on the analysis grid.

Agricultural classes accounted for 84% of cumulative detected area across the three 
events outside the main wet season (E04, E06, and E08), compared with 64% across 
the five wet-season events, whereas beach and river/lake classes accounted for 7% and 
30% in these two groups, respectively (Supplementary Table S2). About 54% of the 
area detected in the three out-of-season events was not detected in any wet-season event 
(Supplementary Table S3). In the supplementary raster analysis, 69% of the area with at 
least four detections in the five-event subset lay within 15 km of the Utcubamba–Marañón 
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confluence, compared with 61% in the eight-event analysis (Supplementary Table S1). The 
same absolute threshold of four detections was used in both scenarios. These results describe 
the composition and spatial distribution of detections; they do not estimate irrigation-related 
false-positive rates.

Figure 10. Cumulative detected area by land-cover class and contribution of the eight retained events, 
expressed in hectare-events.

3.8. Sensitivity of Detected Flooded Area to Processing Parameters
With the maximum slope fixed at 5°, the summed detected area varied from −30.7% 

at a 500 m hydrographic buffer to +15.4% at a 1500 m buffer, relative to the reference 
configuration of 1000 m. The corresponding changes at 750 and 1250 m were −12.8% and 
+9.0%, respectively (Table 7).

Table 7. Change in the summed detected area with the hydrographic buffer distance, relative to the 
reference configuration (1000 m), with the maximum slope fixed at 5°.

Buffer Distance (m) Change Relative to Reference (%)

500 −30.7
750 −12.8

1000 0.0
1250 +9.0
1500 +15.4

With the hydrographic buffer fixed at 1000 m, the summed detected area varied from 
−14.7% at a maximum slope of 3° to +7.2% at 7°, relative to the reference configuration of 
5° (Table 8). VH Otsu thresholds ranged from −2.90 to −2.75 dB across the 40 event–slope 
combinations evaluated.
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Table 8. Change in the summed detected area with the maximum slope, relative to the reference 
configuration (5°), with the hydrographic buffer distance fixed at 1000 m.

Maximum Slope (°) Change Relative to Reference (%)

3 −14.7
4 −5.9
5 0.0
6 +4.1
7 +7.2

4. Discussion
The comparison of the three SAR variables supports the selection of VH under the 

conditions evaluated in the Utcubamba Valley. Among the eight retained events, VH 
thresholds showed lower dispersion (−2.83 ± 0.05 dB) than VV (−1.73 ± 1.11 dB) and 
(VH+VV)2  (−3.33 ± 1.44 dB). Previous research has identified the potential of VH for map-
ping flooded crops [19], while applications in the Caprivi floodplain and Mekong Delta illus-
trate the use of Sentinel-1 time series for monitoring inundation across different landscape 
conditions [48,49]. Polarization combinations have also been investigated as alternatives 
for flood mapping [16,20]. A multi-event evaluation also identified differences associated 
with polarization, particularly over vegetation and under windy conditions, indicating 
that performance must be interpreted in relation to the observed surface conditions [50]. 
Here, the low dispersion of VH thresholds characterizes the retained dataset but does not 
independently establish greater temporal stability because event selection partly depended 
on VH threshold behavior. This result must therefore be considered alongside the full 
13-event statistics and the assessment against reference data.

The E13 assessment provided complementary support for using VH. Against the same 
reference sample, VH produced fewer commission and omission errors than VV; compared 
with (VH+VV)2 , its main advantage was a lower omission rate for flooded reference points. 
Thus, combining the polarizations did not improve the reported accuracy metrics for this 
event. Nevertheless, VH omitted 22.65% of the flooded reference points, showing that the 
selected variable still failed to detect a substantial proportion of the reference inundation. 
The differences among variables were evaluated descriptively, without tests of statistical 
significance. OA, UA, and F1 characterize the balanced sample and were not interpreted as 
area-weighted estimates of accuracy across the study area, consistent with the need to align 
accuracy estimators with the sampling design [51]. Moreover, suitable Sentinel-2 imagery 
restricted the quantitative assessment to cloud-free sectors of E13. The other seven events 
underwent the quality controls described in Section 2.9, but these controls do not provide 
equivalent estimates of classification accuracy. The spatial and temporal coverage of the 
reference data therefore defines the scope of the assessment [51,52].

The spatial analysis extends this event-level comparison by identifying where detec-
tions repeatedly occurred. Although 78.72% of the area detected at least once appeared 
in only one or two events, high and very high observed recurrence was concentrated near 
the Utcubamba–Marañón confluence and northern valley meanders. Field observations 
and UAV-derived terrain models provide geomorphological context for these detections 
in low-lying sectors of the alluvial plain. Normalizing detections by the available area in 
each slope subclass further revealed differences in their concentration within the eligible 
domain. These findings help interpret the spatial pattern, although their evidential roles 
differ: the terrain surveys describe local landforms, whereas the slope analysis describes 
the distribution of detections within the imposed mapping constraints. Neither constitutes 
independent validation of the historical flood boundaries, particularly because low slopes 
and proximity to channels were already incorporated into the mapping procedure.
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The predominance of rice fields and agricultural mosaics in the land-cover overlay 
indicates that agricultural land accounts for much of the mapped exposure. This overlap 
identifies land uses associated with the detections but does not establish crop damage 
or economic loss. Its temporal interpretation also depends on the land-cover product 
used. The recurrence overlay describes the land cover represented in the 2024 map, rather 
than reconstructing its distribution throughout 2019–2025. The complementary event-level 
overlays improve temporal correspondence by using the available classification for each 
event year, although E12 and E13 also rely on the 2024 product. Cumulative event areas 
and the area detected at least once consequently represent different aspects of exposure: 
cumulative areas include repeated detections of the same land, whereas the spatial union 
counts that land only once.

Agricultural water management introduces an additional uncertainty in these overlays 
because PRE–POST backscatter changes can reflect river flooding, rice-field preparation, 
or irrigation. The regional agricultural calendar documents rice sowing and harvesting 
throughout the year [53]. Monthly rice-stage dynamics have also been documented in the 
lower Utcubamba basin during 2019–2020 [54]. This context is particularly relevant to the 
three retained events outside the main wet season: E04 in October 2019, E06 in June 2020, 
and E08 in November 2021. Documentary evidence differs among these events: E04 is 
supported by an official river-overflow report [40], E06 appears in the SENAMHI flood-
event inventory, and E08 is associated with earthquake-triggered blockage of the Utcubamba 
River at Aserradero [41]. These records do not establish the mapped flood extent, and 
the available documentation does not resolve the mechanism of E06. Agricultural classes 
represented a larger share of cumulative detections outside the wet season than within it 
(84% versus 64%; Section 3.7). This difference is consistent with a possible contribution 
from agricultural water management but does not identify or quantify irrigation-related 
false positives. Date-specific georeferenced records of irrigated parcels were unavailable 
for a direct assessment. Nevertheless, repeated detections remained concentrated near the 
confluence in the wet-season subset (Supplementary Table S1), indicating that this spatial 
pattern was not restricted to the three events outside the main wet season.

The representation of non-flooded conditions is another relevant methodological choice. 
A comparison of four Sentinel-1 change-detection methods found that a reference account-
ing for backscatter seasonality produced the best results across the evaluated methods [55]. 
Here, the PRE timing test examined changes in scene availability and classification thresh-
olds, rather than differences in classification accuracy.

The event catalog also conditions the interpretation of observed recurrence. It was 
assembled from official records consulted through SINPAD–INDECI and the SENAMHI 
flood-event inventory [40,41]. This approach provides a documented basis for event selec-
tion but makes the analysis dependent on the availability and completeness of those records. 
Events absent from the consulted sources could not be represented, introducing a potential 
reporting bias whose magnitude was not assessed. The subsequent quality controls further 
restricted the analysis to events meeting the temporal and radiometric criteria. The resulting 
eight-event dataset therefore represents a selected set of documented floods rather than a 
complete record of inundation during 2019–2025. Consequently, differences in recurrence 
counts describe repeated detections within that set and cannot be interpreted directly as 
differences in annual flood probability. Independent hydrometric corroboration of the 
cataloged events was not possible: the Corral Quemado station monitors the Marañón River, 
and daily precipitation records were available only for E12 and E13 (Supplementary Table 
S4). Continuous discharge monitoring on the Utcubamba River, through new or reactivated 
gauging stations, would allow future studies to corroborate the occurrence and relative 
magnitude of cataloged events.
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Satellite acquisition timing further affects comparisons among events. Limited tempo-
ral coverage can miss the maximum flood extent or capture different stages of inundation 
and recession [21,56]. In the Utcubamba Valley, acquisition dates and scene counts varied 
among events, so the mapped areas represent flooding detectable within the selected ob-
servation windows. The magnitude of this temporal sampling effect was not quantified. 
Hydroclimatic variability may also contribute to differences among events. ENSO produces 
spatially variable precipitation responses across Peru [5], and Pacific and tropical Atlantic 
variability can influence flood characteristics in the Amazon basin [4]. However, the present 
catalog was not stratified by climate phase. The observed differences therefore cannot be 
attributed directly to ENSO, given the additional influences of documentary coverage, event 
selection, and satellite timing.

The close temporal spacing of E12 and E13 requires a further distinction between 
cataloged events and hydrologically independent episodes. These records were retained 
separately because they have distinct catalog dates and subsequent SAR observations. Differ-
ences in their detected footprints and precipitation context provide additional information 
(Supplementary Tables S4 and S5), but do not conclusively establish independence or 
demonstrate that both records belong to a single prolonged episode. The E13 PRE reference 
preceded the cataloged date of E12 and met the temporal overlap criterion. Nevertheless, 
shared POST detections may include persistent inundation or moisture, so compliance with 
that criterion does not resolve the relationship between the two episodes. When detections 
shared by E12 and E13 were counted once, the area with at least four detections decreased 
from approximately 633 to 307 ha, although 53% of that area remained within 15 km of the 
confluence (Supplementary Table S5). Their contribution to the recurrence map is therefore 
interpreted as detections associated with separate catalog records, with explicit uncertainty 
concerning their hydrological independence.

The spatial sensitivity analysis showed that detected extent also responds to the restric-
tions imposed during processing. Within the evaluated ranges, changes in hydrographic 
buffer distance produced larger area differences than changes in maximum slope. Mean-
while, the narrow range of VH thresholds in the slope scenarios did not imply a constant 
classified area. Threshold consistency and stability of detected extent thus describe different 
properties of the results. These tests quantify the influence of the parameters, but do not 
identify which configuration is most accurate. That determination would require suitable 
reference data for the areas added or removed and an assessment consistent with the sam-
pling design [51]. The 1000 m buffer and 5° slope limit should therefore be understood as 
local processing choices. Post-processing can also affect the spatial detail retained in flood 
maps: filtering intended to reduce speckle has been shown to remove relevant features in 
small-scale inundation patterns [50]. Sensitivity to smoothing radius, minimum mapping 
unit, and the elevation limit was not evaluated in the present study, and the suitability of 
the processing parameters in other settings remains to be assessed. A quantitative compari-
son with the Copernicus Global Flood Monitoring (GFM) product, which would require 
harmonizing the acquisitions and the spatial domain evaluated, was not carried out and 
remains a possible extension of this work.

Together, the event maps, recurrence analysis, land-cover overlays, and local terrain 
information characterize repeated detections and their agricultural and geomorphological 
setting within the study area. Their practical contribution is to identify sectors that warrant 
closer assessment and to support territorial planning with spatial evidence from docu-
mented events. This use must remain consistent with what the maps measure: observed 
recurrence among selected catalog records, rather than annual flood probability or return 
periods. Likewise, the agricultural overlays describe mapped exposure rather than damage. 
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Applications requiring flood probabilities, expected losses, or regulatory boundaries would 
need additional hydrological and vulnerability assessments.

5. Conclusions
The multitemporal analysis of eight retained flood events during 2019–2025 identified a 

spatial concentration of repeated detections in the Utcubamba Valley. VH yielded the lowest 
dispersion of Otsu thresholds among the retained events, a property of the selected subset 
rather than independent evidence of temporal stability, and the highest accuracy point estimates 
in the E13 reference sample, supporting its selection under the conditions evaluated. The area 
detected as flooded at least once covered 9842.02 ha, of which 78.72% was detected in one or 
two events. High and very high observed recurrence accounted for 6.29% and was concentrated 
near the Utcubamba–Marañón confluence and northern valley meanders. UAV-derived terrain 
models provided complementary geomorphological context for these patterns.

The predominance of rice fields and agricultural mosaics within the detected areas high-
lights the relevance of multitemporal flood mapping to agricultural land-use planning. The 
workflow integrates Sentinel-1 observations, automatic thresholding, observed recurrence, 
and land-cover information to identify repeatedly detected sectors and characterize their 
mapped exposure. Recurrence represents detections among the selected cataloged events, 
while agricultural detections may include changes associated with irrigation or field prepara-
tion. Application elsewhere requires local evaluation of the observation windows, topographic 
and hydrographic constraints, and classification accuracy. Within this scope, the approach pro-
vides a practical basis for documenting flood-related spatial patterns and supporting territorial 
planning in an Andean–Amazonian valley with limited hydrological information.
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