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Abstract 

Free synthetic aperture radar maps flood water through cloud and is increasingly used to infer 

which roads are cut. We ask what that inference is worth, using Sentinel-1 backscatter over two 

contrasting Nigerian study areas across the 2022 season, with 53,158 road segments and 

14,878 km of Open Street Map network. Skill is measured against a hydrological reference of 

impassable segments, built by driving a calibrated rainfall-runoff and terrain model with 

catchment rainfall. On the Kwara floodplain, at 20percent canopy, detection reaches an𝐹1of 

0.356 and an area under the receiver operating curveof 0.746, modest but usable for screening. 

On the Osun basin, at 76 percent canopy, no tile of any scene is bimodal and the method makes 

no claim across fifteen acquisitions. That null measures the detector’s blindness, not the 

incidence of flooding: the same season put 1,045 mm of rain on the catchment and the reference 

calls 566 Osun segment-days impassable. Recall falls 26.0 percentage points across built-up 

land against the roughly 15 points reported for urban radar; the gradient across road class 

instead tracks the embankment and pass ability ladders of the reference model. The sharpest 

failure is geometric: across the 473 Kwara segments whose 30 m context holds a mapped 

watercourse or that carry a bridge tag, precision is 0.008 against 0.438 elsewhere, and only 8 of 

them carry the tag, so the mechanism is proximity to water rather than bridge decks. Within one 

basin,𝐹1varies 18.8 times more across spatial blocks than across reference replicates. We 

publishcalibrated closure sets with their confidence rather than a binary map. 

 

Keywords: flood mapping, Sentinel-1, road network exposure, detection skill, canopy, validation, 

Nigeria 

 

1 Introduction 

The 2022 flood season displaced more than a million people across Nigeria and cut road links in 

states that had not flooded in living memory. Agencies responding to that kind of event need to 

know which roads are usable, and the appeal of free satellite radar is obvious: it sees through 

cloud, its coverage is global and systematic, and it costs nothing(Twele et al. 2016;DeVries et al. 

2020). The flood mapping literature is mature and its accuracy is reasonably well characterized. 

Thresholding methods from Otsu (1979)through the split-based approach of Martin is et al. 

(2009)and the hierarchical refinement of Chini et al. (2017)a restandard, Landuyt et al. 

(2019)assesses them systematically, and Bernhofen et al. (2018)compares flood models and 
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observations collectively. Water extent is a solved enough problem that global products 

exist(Pekel et al. 2016;Tellman et al. 2021). 

Roads are not water extent, and the step from one to the other is where the useful question lives. 

A flooded pixel beside a road does not close the road. A road under canopy is invisible whether 

or not it is flooded (Tsyganskaya et al. 2018). A road in a built-up area sits in a radar 

environment dominated by double-bounce returns that mimic and mask water(Mason et al. 

2010,2014;Giustarini et al. 2013). And a road that runs beside or over a watercourse sits next to 

water the sensor will find on any date, flood or no flood. 

We therefore do not ask whether radar can map floods. We ask what its road closure inferences 

are worth, where they fail, and whether the failures are predictable enough to work around. That 

is a validation question, and the validation literature is clear about how to answer it(Congalton 

1991;Olofsson et al. 2014;Wing et al. 2017), including the argument of Pontius and Millones 

(2011)against reporting agreement statistics that conflate quantity and allocation error. 

The setting is not a neutral backdrop for that question but part of what makes it answerable. The 

two basins differ sharply, one carrying 20 percent canopy and 0.6 percent built-up land and the 

other 76 percent canopy and 6 percent built-up, and both are observed by the same relative orbit 

on the same dates. Working against that, the nominal revisit is 12 days, with one 24-day gap in 

our series, so flash flooding on smaller rivers can begin and recede unobserved and that bounds 

what any space borne method can see. The road data is volunteered(Barrington-Leigh and 

Millard-Ball 2017;Camboim et al. 2015;Herfort et al. 2021), so the network itself carries 

completeness and attribute uncertainty. And the reference set of impassable segments against 

which skill is measured is derived from a calibrated rainfall-and-terrain model rather than from a 

field record of closures. What the paper adds is a detection skill measured for road closure rather 

than for water extent, and measured separately by road class, canopy, built-up fraction and height 

above drainage, so that the failure modes are located rather than averaged away. One of those 

measurements is a complete failure, and it is reported as one: in the canopy-heavy basin the 

method produces no detections at all, and the mechanism behind that is worth more to a reader 

than a low score would be. The output is published as calibrated closure probabilities carrying 

their confidence rather than as a binary map, because a downstream user needs the uncertainty 

more than the classification. Section 2 reviews the mapping, validation and road-impact 

literatures. Section 3 sets out the study inputs and how the reference set was built. Section 4 

describes the processing chain and the skill design. Section 5 reports overall and stratified skill 

and the failure modes, and Section 6 the sweeps and the variance decomposition. Section 7 takes 

up what follows. 

 

2 Related Work 

2.1 Mapping water with radar 

Radar flood mapping rests on the fact that smooth open water returns very little energy to the 

sensor, so inundation appears as a dark mode in the backscatter histogram. Otsu (1979)and 

Kittler and Illingworth (1986)supply the thresholding machinery, Lee (1980)the speckle filtering, 

and Martinis et al. (2009)the split-based tile selection that finds the sub-scenes where a bimodal 

histogram actually exists. Chini et al. (2017)refines the approach hierarchically, Twele et al. 

(2016)builds an operational Sentinel-1 chain,Shen et al. (2019)a rapid variant, and DeVries et al. 

(2020)implements the family at scale on cloud infrastructure. Landuyt et al. (2019)evaluates 

these methods against one another. The split-based step matters more in this paper than usual, 

because it is the step that fails completely in one of our two study areas. 
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2.2 Optical alternatives and why they do not rescue the problem 

Optical indices are simpler and better established(McFeeters 1996;Xu 2006;Feyisa et al. 2014), 

and Sentinel-2 supplies them freely(Drusch et al. 2012). Their limitations cloud, and Wilson and 

Jetz (2016)shows that tropical cloud climatology removes exactly the dates a flood study needs. 

We retrieved optical scenes and report their availability in Section 4 rather than assuming it. 

 

2.3 Validating a classification honestly 

Congalton (1991)and Olofsson et al. (2014)set out accuracy assessment practice, Cohen 

(1960)supplies the agreement statistic, and Pontius and Millones (2011)argues against relying on 

it because it conflates quantity disagreement with allocation disagreement. We follow that advice 

and report precision, recall, F1and the critical success index alongside the receiver operating 

curve rather than leading with a single agreement number. 

Wing et al. (2017)and Bernhofen et al. (2018)establish the accuracy envelopes that flood extent 

methods achieve, which is what our own water extent result is benchmarked against. Trigg et al. 

(2016)examines the credibility of continental flood models. 

 

2.4 From water to roads 

The transport-impact literature is where the step this paper examines gets made. Pregnolato et al. 

(2016)and Pregnolato et al. (2017)relate inundation depth to vehicle disruption and establish that 

shallow water reduces speed long before it stops traffic, Yin et al. (2016)models pluvial flooding 

on an urban road network ,Kermanshah and Derrible (2017)treats network robustness under 

flooding, Arrighi et al. (2019)preparedness, and Koks et al. (2019)multi-hazard exposure of 

global infrastructure. 

Every one of these requires a closure input, and most take it from a flood extent product without 

characterizing what that step costs. Our contribution is to characterize it. 

 

2.5 Terrain, and the urban and vegetation problems 

Height above nearest drainage(Rennó et al. 2008;Nobre et al. 2011;Nobre et al. 2016)is the 

standard terrain normalization, resting on elevation data whose quality bounds it(Farr et al. 

2007;Yamazaki et al. 2017;Hawker et al. 2019).Alfieri et al. (2013)gives the continental 

forecasting context. Two physical problems limit radar specifically. Under vegetation, water is 

either invisible or produces enhanced double-bounce return rather than a dark 

mode(Tsyganskaya et al. 2018;Chapman et al. 2015). In built-up areas, corner reflections 

between walls and ground both mimic and mask flooding(Mason et al. 2010,2014;Giustarini et 

al. 2013).Giustarini et al. (2013)reports roughly a 15-point accuracy penalty in urban settings, 

which is the figure our own built-up results compared against.   

 

2.6 Nigerian flooding 

Nkeki et al. (2013)analyzes the Niger-Benue flood system, Adelekan (2010)and Agbola et al. 

(2012)the urban cases, Douglas et al. (2008)the African picture, and Nkwunonwo et al. 

(2020)and Echendu (2020)the modeling and policy context. 

 

2.7 What is missing 

No study we located reports flood detection skill for road segments stratified by the physical 

conditions that govern radar performance, and none reports what happens on the roads that run 

beside or across mapped watercourses, where standing water is present whether or not the road is 
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cut. The flood mapping literature validates water extent; the transport literature consumes closure 

sets without validating them. 

 

3 Study Inputs and Reference Construction 

The imagery is Sentinel-1 radiometrically terrain-corrected gamma-nought backscatter at 10 m, 

relative orbit 103 ascending, on 22 dates per study area, 15 in the flood season and 7 in the dry 

base line. Kwara spans two frames on each date and Osun one, so the retrieval is 44 scenes for 

Kwara and 22 for Osun, 66 in total, from the Microsoft Planetary Computer. The season dates 

run from 8June to 5 December 2022 at the nominal 12-day revisit, with one 24-day gap between 

19 August and 12September that falls on the rising limb of the Niger flood. Optical cover is 

Sentinel-2 Level 2Asurface reflectance across 112 dates from the public mirror. Terrain comes 

from the Copernicus DEMGLO-30, canopy and built-up fraction from ESA World Cover 2021, 

rainfall from CHIRPS across 306 days and four bounding boxes, and the network from 

OpenStreetMap, 53,158 road segments totaling14,878 km. Table 1 lists each with its license and 

vintage. 

 

Table 1. Sources used in this study, with provider, vintage, spatial resolution and license. 

Product Provider Vintage 

Resolu

tion License Volume 

Sentinel-1A GRD, 

terrain corrected 

ESA / Microsoft 

Planetary Computer 

2022 10 m CC-BY 4.0 66 scenes 

Sentinel-2 L2A 

surface reflectance 

ESA / AWS Open 

Data (Element 84) 

2022 10–20 

m 

CC-BY-SA 3.0 

IGO 

112 dates 

Copernicus DEM 

GLO-30 

ESA / AWS Open 

Data 

2011–

2015 

30 m Copernicus free 

license 

5 tiles 

ESA WorldCover 

v200 

ESA / AWS Open 

Data 

2021 10 m CC-BY 4.0 2 tiles 

CHIRPS v2.0 

africa_daily 

Climate Hazards 

Center, UCSB 

2022 0.05∘ public domain 306 days, 4 

boxes 

OpenStreetMap 

highways 

OSM contributors, 

Overpass API 

retrieved 

2022 

vector ODbL 1.0 42,505 ways 

OpenStreetMap 

waterways 

OSM contributors, 

Overpass API 

retrieved 

2022 

vector ODbL 1.0 1,119 ways 

Note: All seven sources are freely available without registration or payment, and each was 

reached through a public catalogue endpoint that required no account: the Planetary Computer 

search interface with an anonymous read-only token for Sentinel-1, the Earth Search index of the 

AWS Open Data mirror for Sentinel-2, open buckets for the elevation and land cover tiles, the 

Climate Hazards Center archive for rainfall, and the Overpass API for the two OpenStreetMap 

layers. Scene identifiers, acquisition times and orbits are held in the archived scene inventories, 

and every response is cached so that the processing chain reruns without a network. 

Two intended sources are recorded as unresolved rather than absent, a distinction that matters for 

anyone repeating this: Google Earth Engine was unavailable to this project and the 

CopernicusData Space endpoint returned not-found for the collections we needed. The 

emergency mapping products of the Copernicus service, UNOSAT, the Dartmouth Flood 

Observatory and the Global Flood Database were sought and not obtained within this study. 

The reference set of which segments were impassable on which dates was derived from a 
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documented rainfall-and-terrain model. CHIRPS catchment rainfall drives a two-store linear 

reservoir; storage is converted to flood stage above the main-stem drainage network by a power 

law whose scale, storage threshold and routing lag are fitted; stage is differenced against each 

segment’s freeboard, which is its height above the channel band plus its formed embankment; 

and a segment is called impassable when the resulting depth exceeds a class-dependent 

threshold. Every skill figure in this paper is therefore an agreement between an imagery-derived 

classification and that hydrological reference, and what it establishes is the structure of detector 

failure across strata rather than accuracy against a field record of closures. 

Osun’s reference takes Kwara’s fitted scale and storage-threshold quantile, driven by Osun’s 

own catchment rainfall, with a lag of zero set from catchment scale. The transfer is forced: the 

Osun radar detects no standing water all season and the peak flooded share of its trustworthy 

stratum is0.16 percent, so calibrating its reference against its own radar would return a reference 

of zero closures and let the detector score perfectly on a basin where it is blind. The absolute 

level of every Osun reference number therefore follows from Kwara’s fit, and the tables and 

benchmark rows that carry one note the transfer. Osun’s own imagery is the thinner of the two on 

every count: no bimodal tile on any of fifteen acquisitions, a trustworthy stratum of 7.2 percent 

of the study are aagainst Kwara’s 40.8 percent, and a mean Sentinel-2 clear-sky fraction of 19.5 

percent. Two further parameters of the reference model are set by road class. Embankment 

heights areas signed by road class, from 1.10 m for trunk down to 0.05 m for a track, and the 

depth at which a segment becomes impassable is assigned by road class as well, from 0.45 m for 

trunk down to 0.15 m for a track. Their joint effect is that the reference calls a falling share of 

segment-days impassable as road class rises, from 5.94 percent on tracks to 0.04 percent on trunk 

roads. Section 5 reports skill by road class against that base rate. 

Bugs found and fixed. Three are worth recording because each produced plausible wrong output. 

A cloud-optimized GeoTIFF decimation factor assumed meter units on a degree-referenced grid. 

Flat-area routing seeded on river banks, which capped flow accumulation at 6 km2on the Niger, a 

river draining two million. And a float32 cast destroyed the tie-break gradient inthe drainage 

algorithm. 

 

4 Methods 

4.1 The two study areas 

The design rests on a contrast. Table 2 and Figure 1 describe the two areas: the Kwara floodplain 

of the Niger, at 20 percent canopy and 0.6 percent built-up, and the Osun River basin, at 76 

percent canopy and 6 percent built-up. They are observed by the same relative orbit on the same 

dates with the same processing chain, so any difference in performance is attributable to the 

surface rather than to the acquisition. 

 

Table 2. The two study areas: terrain, land cover, road network and the imagery available 

over the 2022 flood season. 

Quantity Kwara Osun 

Study area (km2) 6,305 5,077 

Elevation, median (m) 131 363 

Slope, median (deg) 1.93 3.63 

HAND, grid median (m) 8.6 14.8 

Tree cover (% of area) 20.2 76.0 

Built-up (% of area) 0.6 6.1 
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Quantity Kwara Osun 

Cropland (% of area) 35.3 1.4 

Road segments 11,280 41,878 

Network length (km) 4,127 10,751 

Median segment length (m) 397 242 

trunk (km) 26.8 151.3 

primary (km) 198.2 329.7 

secondary (km) 20.9 464.6 

tertiary (km) 306.2 787.7 

local (km) 2,095.3 8,506.1 

track (km) 1,479.7 511.6 

HAND, segment median (m) 3.6 14.9 

Segments with mapped water within 30 m 472 214 

Segments carrying an OSM bridge tag 8 13 

Mean tree cover on segments 0.111 0.318 

Mean built-up on segments 0.078 0.504 

Sentinel-1 season dates 15 15 

Sentinel-1 baseline dates 7 7 

Sentinel-2 season dates 75 37 

Sentinel-2 mean clear-sky (%) 33.1 19.5 

Sentinel-2 dates above 50% clear 23 7 

Season rainfall, Jun–Nov (mm) 936 1,045 

Note:HAND is height above nearest drainage, derived from the Copernicus DEM GLO-30 by 

depression filling, D8 routing and flow accumulation. Elevation, slope and the grid median of 

HAND are taken over every cell of the analysis grid; the segment median of HAND is taken over 

segments, and the two differ because the network is not distributed like the terrain. Tree cover 

and built-up fraction are ESA WorldCover 2021 classes 10 and 50. Class 50 covers buildings, 

roads and other built structures, so a road’s own surface scores as built-up: this is why the mean 

built-up fraction on Osun segments is 0.504 while built-up land is 6.1 percent of the Osun study 

area, and the two numbers are not alternative estimates of the same thing. Segment attributes are 

measured within 30 m of the centerline. Mapped water within 30 m and an OSM bridge tag are 

separate counts and overlap only partly; the stratum used in Table 4 is their union. Clear-sky 

fraction is computed from the Sentinel-2 scene classification layer over the study area itself, not 

from the tile-level metadata figure. 

 
Figure 1. The two study areas, observed by the same relative orbit on the same dates. Each panel 
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maps height above nearest drainage over the analysis grid, with the OpenStreetMap road network 

drawn by class and the mapped drainage overlaid. (a) is the Kwara floodplain of the Niger, 20 

percent canopy and 0.6 percent built-up land, whose network runs across a low flat plain; (b) is 

the Osun River basin, 76 percent canopy and 6 percent built-up, whose network sits higher above 

its drainage. Coordinates are UTM zone 31N. 

 
Figure 2. Sentinel-1 VV backscatter over a sub-window of each study area, before and during the 

flood season, with the classified inundation and the road network. Top row, Kwara: (a) the dry-

season median, (b) the seasonal peak of 24 September 2022, (c) the same scene with classified 

flood water shaded and segments called cut drawn in crimson. Bottom row, Osun: (d) the dry-

season median, (e) 18 October 2022, (f) the classified result, which carries no shaded water and 

no cut segment. The dark mode that thresholding depends on is plainly present in (b) and absent 

in (e). Coordinates are UTM zone 31N. Figure 2 shows what that contrast looks like in the imagery 

itself. Over Kwara the seasonal peak darkens most of the floodplain and the classified water follows the 

low ground. Over Osun the peak scene is visually indistinguishable from the dry-season baseline, and no 

water is shaded, which is the failure this paper spends most of its length characterizing. 
Optical imagery does not rescue the problem, and Figure 3 reports its availability rather than 

assuming it. Of 75 Sentinel-2 acquisitions over Kwara in the season, 23 exceed 50percent clear 

sky, and of 37 over Osun, 7 do. The clear dates cluster in November, after the Niger peak has 

passed. 

http://www.iiardjournals.org/


IIARD International Journal of Geography & Environmental Management (IJGEM) 

Vol. 8 No. 2 2022 E-ISSN 2504-8821 P-ISSN 2695-1878 www.iiardjournals.org online version 

 

  

IIARD – International Institute of Academic Research and Development 

 

Page 124 

 
Figure 3. What the optical sensor could see. Each stem is one Sentinel-2 acquisition, plotted at 

the fraction of the study area its scene classification layer calls clear; the dashed line marks 50 

percent; the triangles along the base mark the Sentinel-1 acquisitions, which are unaffected by 

cloud. (a) Kwara, 23 of 75 acquisitions above 50 percent clear. (b) Osun, 7 of 37. Clear dates 

concentrate in November, after the Kwara flood peak of late September. 

 

4.2 Processing chain 

Backscatter is speckle-filtered, tiles are tested for bimodality following 

Martinis et al. (2009), a threshold is selected where bimodality exists, and the resulting 

water mask is refined against terrain using height above nearest drainage (Nobre et al. 2011). 

Road segments are intersected with the water mask under a buffer, and aper-segment water 

fraction is converted to a closure probability that is then calibrated. 

The bimodality test is the step to watch. A date on which fewer than three tiles of the scene are 

bimodal yields no data-driven threshold and falls back to a fixed and deliberately 

conservative−20 dB. That is a designed safeguard against thresholding noise, and in one of our 

two areas it fires on every scene. The fallback is conservative rather than empty: on the two 

Kwara dates whereat fired it still classified 0.18 and 1.01 km2of water and called one segment 

cut, and across the fifteen Osun dates it classified between 0.00 and 0.02 km2on seven of them. 

What it never produced in Osun was a single segment above the decision cut. 

 

4.3 Skill assessment and stratification 

Skill is reported as precision, recall, F1 and the critical success index at segment level, with a 

receiver operating curve across the decision threshold. Following Pontius and Millones (2011)we 

do not lead with an agreement coefficient. 

The stratification is the substance. Skill is computed separately by road class, by canopy fraction, 

by built-up fraction, by height above nearest drainage, and separately for segments with mapped 

water inside their 30 m context, because each of these corresponds to a physical mechanism that 

should affect radar performance in a predictable direction. 

The stratifies differ in what a gradient across them can be attributed to. Canopy fraction and 
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built-up fraction are read from ESA World Cover and enter nothing in the reference model, so a 

gradient across them is a property of the detector. Height above nearest drainage and proximity 

to mapped water enter only through the terrain that also drives the detector’s own mask. Road 

class enters directly, through the embankment and pass ability ladders set out in Section 3, so its 

gradient has to be read against the base rate in each class. 

Metrics within a stratum are computed on the confusion cells pooled across the twenty reference 

replicates rather than by averaging twenty per-replicate ratios. A thinly populated stratum can 

hold no reference positive in some replicates, which makes recall undefined there and poisons an 

average while leaving precision finite, and the result is a table that prints an F1 with no recall 

beside it. Pooling is defined whenever the pooled cells are, and where it is not defined every 

quantity describing the positive class is left blank together. 

 

4.4 Calibration and the output for downstream use 

Closure probabilities are calibrated so that a stated confidence corresponds to an observed 

frequency, and the calibration is assessed by Brier skill score. The result is published as a closure 

set carrying per-date water fraction and calibrated confidence per segment rather than as a binary 

map, with a documented schema, because a downstream network study needs the uncertainty. 

 

4.5 Topology of the delivered closure sets 

The published closure set is a segment attribute table with a time series attached. It is not a 

routable network, and any analysis that needs routing must rebuild the topology from the 

geometry rather than from the delivered node identifiers. 

Each segment record carries node from and node to, integer identifiers formed by snapping the 

segment’s two endpoints to a 5 m grid. The processing chain splits every Open Street Mapway 

into analysis segments of roughly 400 m before anything else happens, so the only points that 

ever-become segment endpoints are the cut points of a way. Two consecutive pieces of one-way 

share an endpoint and therefore share an identifier; two different ways meeting at a junction 

almost never do, because the junction sits in the interior of at least one of them and an interior 

vertex is never hashed. The identifiers chain a way. They do not build a network. 

The consequence is large enough to name in numbers. A graph assembled from the published 

identifiers puts Kwara into 2,237 components whose largest holds 75.0 km of 4,127.2, or 

1.82percent of the network, and Osun into 17,969 components whose largest holds 115.4 km of 

10,751.0, or 1.07 percent. No connectivity, betweenness, shortest-path or cut result is meaningful 

on that graph, and this paper reports none. The repair costs nothing and needs no new download. 

The cached Overpass responses were retrieved with full geometry, so every way carries its 

ordered list of OpenStreetMap node identifiers. Joining ways wherever they share a node 

identifier, and mapping the result onto these segments through the way identifier each carries, 

gives 62 connected components in Kwara and 124 in Osun. The delivered file now carries the 

measured component counts and this recipe in its own metadata, under a revised schema version, 

so that a consumer holding the first release is forced to re-read before proceeding. 

 

4.6 Variance reporting 

Two variance components are computed and reported separately throughout, never pooled. The 

replicate component is the spread of a statistic across twenty independent realizations of the 

reference model, which differ in the per-segment elevation error the reference carries, with the 

study area held fixed. The block component is the spread of the same statistic across six spatial 
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blocks within one study area with the reference replicate held fixed. Neither is a between-basin 

variance: with two study areas there is no such estimate to be had, and the paper does not claim 

one. 

 

5 Results 

5.1 One area works modestly, the other not at all 

Table 3 and Figure 4 report overall skill. 

On the Kwara floodplain, segment-level detection reaches an F1 of 0.356, with precision 0.378, 

recall 0.337, a critical success index of 0.217 and an area under the receiver operating curve 

of0.746. That is modest. It is enough to screen a network for attention and not enough to dispatch 

on. 

 

Table 3. Detection skill at the operating point, with the two variance components reported 

separately. 

Area Precision Recall F1 CSI MCC 𝜅 Positives 

Kwara 0.378 0.337 0.356 0.217 0.336 0.335 5,709 

replicate SD (𝑛=20) 0.0135 0.0077 0.0097 0.0072 0.0101 0.0099  

area SD (6 blocks) 0.1622 0.2066 0.1834 0.1193 0.1705 0.1726  

Osun – 0.000 0.000 0.000 – 0.000 566 

replicate SD (𝑛=20) – 0.0000 0.0000 0.0000 – 0.0000  

area SD (6 blocks) – 0.0000 0.0000 0.0000 – 0.0000  

Note: The operating point is a split-based backscatter threshold selected on each date’s own 

imagery, after Martinis et al. (2009): the scene is tiled, each tile is tested for the bimodality that 

open water produces, and Otsu’s split is taken on the pooled histogram of the most bimodal tiles. 

A date with fewer than three bimodal tiles falls back to a fixed−20dB, which is conservative 

rather than empty: it fired on 2 of 15 Kwara dates and on all 15 Osun dates and still mapped a 

trace of water on each. The rest of the operating point is a 30 m buffer from the centerline and a 

decision cut of 25% of buffered cells classified as water. CSI is the critical success index and 

MCC is Matthews’ correlation coefficient. The replicate standard deviation is the spread across 

20 independent realizations of the reference model with the area held fixed; the area standard 

deviation is the spread across spatial blocks with the reference replicate held fixed. The two are 

different kinds of uncertainty and must not be added. Precision, recall, F1, CSI, MCC and𝜅are 

means over the 20 replicates; Positives is the count on the baseline replicate alone, so it does not 

average to the mean reference rate. Skill here is agreement with the hydrological reference of 

Section 3; Osun’s stage law within that reference is transferred from Kwara. 
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Figure 4. Segment-level agreement with the hydrological reference, and the diagnostic that 

governs it. (a) and (b) are the confusion tables on the baseline replicate, Kwara and Osun, in 

counts and as a percentage of all segment-days; Osun’s detector column is empty. (c) is the 

precision-recall curve for Kwara by road class, obtained by sweeping the decision cut on the 

water fraction, with average precision per class and the 3.36 percent reference base rate marked. 

(d) is the count of bimodal tiles per scene for both areas on a log axis, against the minimum of 

three that a data-driven threshold requires: Kwara crosses it on 13 of 15 dates and Osun on none. 

On the Osun basin the method returns no detection across all fifteen acquisitions. This is not 

allowed score. No tile of any scene passed the bimodality test, so no threshold was ever selected 

from the data. Panel (d) of Figure 4 shows the diagnostic directly: Kwara’s bimodal tile count 

rises from 4 in June to 216 at the September peak, while Osun’s is zero on every date. 

Two things about that null need stating precisely. First, the conservative−20 dB fallback didmap 

a trace of water in Osun, between 0.00 and 0.02 km2on seven of the fifteen dates, which is why 

the Osun water-extent agreement reported in Section 6 is a small number rather than an 

undefined one. What is exactly zero is the number of segments that reached the decision cut. 

Second, and more important, the null is a statement about the detector and not about the basin. 

The hydrological reference calls 566 Osun segment-days impassable over the same season, 

peaking at 177 segments on 18 October, on a catchment that received 1,045 mm of rain between 

June and November. The correct reading is that the method made no claim in Osun, not that 

Osun did not flood. Three mechanisms explain the blindness and they compound. At 76 percent 

canopy, most of the basin’s surface is not visible to the sensor in the first place(Tsyganskaya et 

al. 2018). Ianthe built-up parts, double-bounce returns raise the bright mode and fill the 
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histogram valley that thresholding depends on(Mason et al. 2014). And a 12-day revisit, with a 

24-day gaping this series, cannot see flash flooding on a basin of this size, which recedes 

between acquisitions. This is a method with a domain, not a method with an accuracy. Reporting 

pooled figure across both areas would produce a number describing neither. 

 

5.2 Where skill goes within the area that works 

Table 4 and Figure 5 report the stratification, and the gradients are steep. 

By road class, F1 falls from 0.368 on tracks to 0.344 on local roads, 0.233 on tertiary and 

0.097on primary. Kwara’s trunk roads carry no reference positive at all on the baseline replicate 

and only 9across all twenty, and its secondary roads carry 154 positives across twenty replicates 

against zero detections, so their recall is 0.000 and their precision is undefined. Both are reported 

that way rather than as a number computed on a handful of cases. 

The ordering runs opposite to operational need, and the temptation is to conclude that the method 

is least reliable on the roads that matter most. That conclusion is not available from this design. 

The reference rate falls monotonically with road class, from 5.94 percent of segment-days on 

tracks to 0.04 percent on trunk roads, because embankment heights rise with class in the 

reference model and so do the depths at which a segment is called impassable, both set out in 

Section 3. F1 is sensitive to the base rate, so a monotone fall in F1 across stratified whose base 

rate falls monotonically tracks the base rate at least as much as the detector. What the road-class 

rows do establish is narrower: the detector found almost nothing on the higher classes, whether 

because those roads genuinely flood less, or because a formed embankment keeps the 

carriageway above the water the radar sees beside it, or because the reference model’s ladders 

say so. This design cannot separate the three. 

 

Table 4. Detection skill disaggregated by road class, tree cover, built-up cover, segment 

length, height above nearest drainage and the presence of mapped water within 30 m of the 

centerline. 

Stratum 

Segment

s Ref. rate (%) Precision Recall F1 F1 replicate SD 

Kwara, Niger floodplain 

Road class       

trunk 67 0.04 – 0.000 0.00

0 

– 

primary 496 0.40 0.092 0.102 0.09

7 

0.0682 

secondary 52 0.99 – 0.000 0.00

0 

– 

tertiary 767 0.74 0.457 0.156 0.23

3 

0.0633 

local 5,694 2.12 0.338 0.350 0.34

4 

0.0151 

track 4,204 5.94 0.404 0.338 0.36

8 

0.0098 

Tree cover       

0-10% 8,105 3.66 0.392 0.339 0.36

4 

0.0109 
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Stratum 

Segment

s Ref. rate (%) Precision Recall F1 F1 replicate SD 

10-30% 1,705 2.46 0.331 0.353 0.34

1 

0.0162 

30-60% 923 2.46 0.324 0.345 0.33

4 

0.0311 

>60% 547 3.12 0.364 0.254 0.29

9 

0.0247 

Built-up cover       

<5% 8,835 4.03 0.383 0.348 0.36

5 

0.0094 

5-20% 1,044 1.42 0.292 0.201 0.23

8 

0.0352 

>20% 1,401 0.51 0.152 0.089 0.11

2 

0.0425 

Segment length       

<150 m 750 3.43 0.380 0.331 0.35

4 

0.0290 

150-300 m 904 4.05 0.399 0.376 0.38

8 

0.0189 

300-450 m 8,941 3.15 0.377 0.330 0.35

2 

0.0110 

>450 m 685 5.06 0.363 0.363 0.36

3 

0.0197 

HAND       

<2 m 3,913 8.88 0.412 0.352 0.38

0 

0.0099 

2-5 m 2,513 1.23 0.131 0.174 0.15

0 

0.0221 

5-10 m 1,249 0.00 0.000 – – – 

>10 m 3,605 0.00 – – – – 

Mapped water within 30 

m 

      

within 30 m 473 0.12 0.008 0.701 0.01

6 

0.0095 

beyond 30 m 10,807 3.50 0.438 0.337 0.38

1 

0.0105 

Osun, Osun River basin 

Road class       

trunk 401 0.00 – 0.000 0.00

0 

– 

primary 868 0.01 – 0.000 0.00

0 

– 

secondary 1,182 0.07 – 0.000 0.00

0 

0.0000 

http://www.iiardjournals.org/


IIARD International Journal of Geography & Environmental Management (IJGEM) 

Vol. 8 No. 2 2022 E-ISSN 2504-8821 P-ISSN 2695-1878 www.iiardjournals.org online version 

 

  

IIARD – International Institute of Academic Research and Development 

 

Page 130 

Stratum 

Segment

s Ref. rate (%) Precision Recall F1 F1 replicate SD 

tertiary 1,985 0.04 – 0.000 0.00

0 

0.0000 

local 35,959 0.09 – 0.000 0.00

0 

0.0000 

track 1,483 0.28 – 0.000 0.00

0 

0.0000 

Tree cover       

0-10% 17,932 0.07 – 0.000 0.00

0 

0.0000 

10-30% 7,659 0.12 – 0.000 0.00

0 

0.0000 

30-60% 6,182 0.16 – 0.000 0.00

0 

0.0000 

>60% 10,105 0.08 – 0.000 0.00

0 

0.0000 

Built-up cover       

<5% 11,317 0.11 – 0.000 0.00

0 

0.0000 

5-20% 3,746 0.12 – 0.000 0.00

0 

0.0000 

>20% 26,815 0.08 – 0.000 0.00

0 

0.0000 

Segment length       

<150 m 13,918 0.13 – 0.000 0.00

0 

0.0000 

150-300 m 9,406 0.09 – 0.000 0.00

0 

0.0000 

300-450 m 16,810 0.07 – 0.000 0.00

0 

0.0000 

>450 m 1,744 0.09 – 0.000 0.00

0 

0.0000 

HAND       

<2 m 1,588 2.21 – 0.000 0.00

0 

0.0000 

2-5 m 3,796 0.11 – 0.000 0.00

0 

0.0000 

5-10 m 7,587 0.00 – – – – 

>10 m 28,907 0.00 – – – – 

Mapped water within 30 

m 

      

within 30 m 221 0.01 – 0.000 0.00

0 

– 

beyond 30 m 41,657 0.09 – 0.000 0.00

0 

0.0000 
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Note: Reference rate is the share of segment-days the hydrological reference calls impassable in 

that stratum; precision and recall are not comparable across strata without it. F1 is base-rate 

sensitive, and the reference rate falls with road class by construction, because the reference 

model’s embankment heights and pass ability depths rise with class, so the road-class gradient 

has to be read against it. Metrics come from confusion cells pooled over the 20 reference 

replicates, and every quantity describing the positive class is blanked together where recall is 

undefined. Cover fractions are ESA World Cover 2021 within 30 m of the centerline; class 50 

includes road surfaces, so the built-up stratified is partly the road itself. The water stratum is 

every segment whose 30 m context holds a mapped waterway or that carries an OSM bridge tag; 

only 8 of the 473 in Kwara and 13 of the 221 in Osun carry the tag. Osun’s stage law within the 

reference is transferred from Kwara. 

 
Figure 5. Skill by stratum, both study areas. (a) is the only receiver operating panel in the set: 

Kwara’s curves by canopy fraction, obtained by sweeping the decision cut, with the area under 

each curve. The remaining panels plot precision and recall at the operating point with their 

replicate standard deviations, against (b) road class, (d) segment length, (e) height above nearest 

drainage and (f) built-up cover; (c) plots F1 against tree cover. Osun sits on zero throughout, 

which is the flat lower series in every panel. There is no panel for the mapped-water stratum, 

which Table 4 carries instead. The canopy and built-up gradients are the detector’s own. By canopy, F1 

falls from 0.364 to 0.299 and recall from 0.339 to 0.254 between the low and high strata. By built-up 

fraction, F1 falls from0.365 to 0.112, a drop of 25.4 percentage points, and recall from 0.348 to 0.089, a 

drop of 26.0percentage points. The comparable published figure, a roughly 15-point urban penalty 

inGiustarini et al. (2013), is an accuracy and recall penalty, so the recall drop is the like-for-like 

comparison and it is the larger of the two. Our built-up stratum is more mixed than a dedicated urban 

study’s would be, and the ESA World Cover caveat noted with Table 2 applies to it. 
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Above 2 m of height above nearest drainage, skill collapses, and the terrain refinement is the 

obvious reason. The reading has a limit, though. Between 2 and 5 m the detector still fires on 

1.6percent of segment-days and precision is 0.131, so what happens at elevation is not that 

detections are suppressed but that the ones that survive are mostly wrong. Above 5 m the 

reference calls nothing impassable and the comparison stops being informative in either 

direction. 

 

5.3 Roads next to water 

The sharpest failure in this study is not statistical but geometric. 

The stratum is every segment whose 30 m context holds a mapped watercourse together with 

every segment carrying an OpenStreetMap bridge tag, 473 of them in Kwara. Across it precision 

is 0.008against 0.438 elsewhere, while recall over the same stratum is 0.701 against 0.337. 

Pooled over the twenty reference replicates the stratum holds 117 true positives against 14,043 

false ones and 50 false negatives. The detector is not missing these segments; it is calling 

roughly one in ten of their segment-days cut, against a reference rate of 0.12 percent. Almost 

every positive is false, and the reason is that the water the sensor sees is really there and is there 

on every date. The two rates come from opposite sides of the same geometry. The reference 

treats a segment with a mapped crossing as bridged and holds it passable until the water reaches 

an assumed 3.5 m deck freeboard, which is why its positive rate in this stratum is 0.12 percent 

while the detector calls9.98 percent of the same segment-days cut. A different freeboard would 

move the printed precision of 0.008 up or down without touching the mechanism, which is that 

water inside the 30 m context ofa road is present flood or no flood. The stratum is not what the 

phrase "bridge problem" would suggest. Of the 473 Kwara segments in it, 8 carry an 

OpenStreetMap bridge tag, and of the 221 in Osun, 13 do. For roughly 98 percent of the stratum 

the segment is not a deck over a river at all; it is a road whose 30 m context happens to contain a 

mapped watercourse, which in practice usually means a road running beside a stream. The failure 

mechanism is proximity to mapped water, and the small tagged-bridge subset isa special case of 

it rather than the whole of it. This is not fixable by better thresholding, because the water is really 

there. It requires masking segments with mapped water in their context out of the closure 

inference, or treating them under a separate rule, and any study that consumes a flood extent 

product to infer road closures without doing so will report a large number of confident false 

closures. Whether those segments are also the ones whose closure would matter most to the 

network is a question this paper does not answer: no connectivity, betweenness or cut analysis 

was performed, and Section 4.5 explains why the published closure set does not support one. 

 

6 Robustness Checks 

6.1 Sweeps 

Table 5 and Figure 6 report the sweeps. 

The backscatter threshold matters most. Across−22to−10 dB, F1 ranges from 0.130 to 0.365,so 

the headline figure sits at the top of a wide range and a poorly chosen threshold loses most of the 

available skill. The road buffer barely matters. Across 10 to 120 m, F1 ranges from 0.343 to 

0.376. That is worth knowing because buffer width is the parameter practitioners most often 

argue about, and here it is close to irrelevant. 

The decision cut also matters less than its prominence suggests. The parameter is the water 

fraction cut, the share of buffered cells that must classify as water before a segment is called cut, 

and it is not a calibrated probability. Swept from 0.05 to 0.80 it moves F1 between 0.172 
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and0.370, with the maximum of 0.370 at a cut of 0.10 against 0.356 at this paper’s operating 

value of0.25. Panel (c) of Figure 6 shows why the curve is flat over its useful range: precision 

and recall cross close to the operating point, so tightening the cut buys precision at almost 

exactly the recall it costs. 

 

Table 5. Sensitivity of detection skill to the three parameters the analyst chooses: the 

backscatter threshold, the buffer between water and centerline, and the fraction of 

buffered cells required before a segment is called cut. 

Parameter Swept over Operating value 

F1 at 

operating F1 range 

Best 

value 

Best 

F1 

Kwara, Niger floodplain 

VV threshold −22to−10
dB 

split-

based,−20.0to

−12.4dB 

0.356 0.130–

0.365 
−11.0dB 0.365 

Buffer 

distance 

10 to 120 

m 

30 m 0.356 0.343–

0.376 

120 m 0.376 

Decision cut 0.05 to 

0.80 

0.25 0.356 0.172–

0.370 

0.10 0.370 

Osun, Osun River basin 

VV threshold −22to−10
dB 

split-

based,−20.0to

−20.0dB 

0.000 0.000–

0.000 
−22.0dB 0.000 

Buffer 

distance 

10 to 120 

m 

30 m 0.000 0.000–

0.000 

10 m 0.000 

Decision cut 0.05 to 

0.80 

0.25 0.000 0.000–

0.000 

0.05 0.000 

Note:F1 at operating is the mean over reference replicates at this paper’s operating point. F1 

range is the full span of the sweep, so a narrow range means the result does not depend on the 

choice. Each parameter is swept with the other two held at their operating values. 

 
Figure 6. Sweeps over the three parameters the analyst chooses, F1 against each, with the 

operating value marked by a dotted vertical line and the replicate spread shaded. (a) the VV 
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backscatter threshold, with the shaded band giving the range the split-based selection actually 

chose across the season. (b) the buffer from the centerline. (c) the water fraction decision cut, 

with precision and recall added as light dotted lines to show where they cross. Kwara is the upper 

series in each panel and Osun the flat lower one. 

 

6.2 Replicate variance against block variance 

The two are a factor of 18.8 apart. Holding the area fixed and varying the reference across its 

twenty replicates gives a standard deviation on F1 of 0.0097. Holding the reference replicate 

fixed and varying across six spatial blocks within the Kwara study area gives 0.1834. 

The comparison is between two sources of uncertainty that a reader might otherwise assume are 

of the same size, and they are not: which part of a basin is examined moves the answer far more 

than which replicate of the reference it is scored against. It follows that a skill figure should be 

reported with the surface conditions it was measured under, and that published accuracy figures 

for flood detection are better read as properties of a validation site than of a method. 

What does not follow is a number for how much skill varies between basins. The block 

component is within-area spread, not a between-area one, and with two study areas there is no 

between-area variance to estimate. Our two areas do differ by more than the difference between 

modest performance and none, which points the same way, but it is one contrast and not a 

variance component. 

 

6.3 Benchmarks 

Eighteen quantities are recorded against published values in Table 6. Seven of them have a 

published numeric range to sit inside or outside, and four of those fall inside it and three below. 

Four more are checked against a published claim that states a direction and attaches no level to it, 

so the most that can be said is that the direction holds: the recall losses across built-up land and 

across closed canopy in Kwara, and the mean clear-sky fraction in each area. Placing any of the 

four inside an interval would be reporting an interval the source does not give. The remaining 

seven are marked not comparable, and they divide into three kinds. Four are road-pass ability 

scores, for which no published envelope exists at all. One is Osun’s automatic water threshold, 

which was never selected. Two are Osun degradation statistics, differences between detection 

rates in an area where the detector made no detection, so they are zero by arithmetic rather than 

by measurement and grading them in either direction would read a null as a result. 

The Kwara water-extent critical success index of 0.404 sits inside the 0.30 to 0.90 envelope 

Bernhofen et al. (2018)reports for flood extent methods generally, but below the0.45 to 0.70 that 

source gives for Nigerian floodplains specifically, which is the tighter and more relevant of the 

two. The comparison also needs a caveat the number does not carry on its face. The stage law 

underlying the reference is calibrated to the radar’s own total flooded area, so any agreement on 

area is circular. What is not circular is where that area falls, which the elevation model decides 

alone, and the 0.404 is a cell-level agreement rather than anareal one. That is the part of the 

check that carries information. Three quantities fall below their envelope. Osun’s water-extent 

index of 0.039 is one of them, and it is a score rather than a null: the fallback threshold classified 

a trace of water and the comparison is real, it is simply very poor. The other two are the modeled 

seasonal stage ranges,1.33 m in Kwara and 1.10 m in Osun, both smaller than the 3.91 m 

floodplain vertical error Hawker et al. (2019)reports for elevation models of this generation. That 

failure was acted on rather than noted. The vertical uncertainty was carried into the reference as a 

per-segment error varied across replicates, and swept from zero to the full published value. At 
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the operating value of 1.2 m, F1 is 0.358; at the full 3.91 m it is 0.296, a fall of 0.062, or 

17percent of the operating value, and with no elevation error at all it would be 0.405. The loss 

falls almost entirely on recall while precision barely moves, which is what a vertical error should 

do: it scatters segments across the pass ability threshold rather than relocating the flood. The 

sweep also moves the reference positive rate from 3.09 percent to 4.82 percent of segment-days, 

so the reference model’s base rate is itself a function of an assumption about elevation error, and 

the absolute skill figures should be read with that in mind. 

The road pass ability rows carry no verdict at all, and that absence is the paper’s point restated. 

No published envelope exists for road closure detection skill, so there is nothing to compare 

against. This paper is an attempt to start one. 

 

Table 6. Benchmarking the quantities this study produces against published values for 

comparable systems. 

Quantity This study Published range Source Verdict 

Water-extent CSI at 

the seasonal peak, 

Kwara 

0.404 0.30–0.90 overall; 

0.45–0.70 for 

Nigerian floodplains 

Bernhofen et 

al. 2018 

inside 

Automatic VV water 

threshold, Kwara 
−13.1 dB 

(−14.8 to−12.4) 

−22to−12dB for C-

band VV open water 

Twele et al. 2016; 

Martinis et al. 2009 

inside 

Dry-season median 

VV over land, 

Kwara 

−11.5 dB −12to−5dB for 

vegetated and 

cropped land 

Twele et al. 2016 inside 

Water-extent CSI at 

the seasonal peak, 

Osun† 

0.039 0.30–0.90 overall; 

0.45–0.70 for 

Nigerian floodplains 

Bernhofen et 

al. 2018 

below 

Automatic VV water 

threshold, Osun 

never selected −22to−12dB for C-

band VV open water 

Twele et al. 2016 not 

comparabl

e 

Dry-season median 

VV over land, Osun 
−7.8 dB −12to−5dB for 

vegetated and 

cropped land 

Twele et al. 2016 inside 

Recall loss, open to 

built-up, Kwara 

26.0 pp about 15 pp (rural 

90% to urban 75%) 

Giustarini et al. 2013 direction 

only 

Recall loss, open to 

closed canopy, 

Kwara 

8.5 pp a detection floor, not 

a small percentage 

penalty 

Chapman et 

al. 2015; 

Tsyganskaya et 

al. 2018 

direction 

only 

Recall loss, open to 

built-up, Osun† 

0.0 pp about 15 pp (rural 

90% to urban 75%) 

Giustarini et al. 2013 not 

comparabl

e 

Recall loss, open to 

closed canopy, 

Osun† 

0.0 pp a detection floor, not 

a small percentage 

penalty 

Chapman et 

al. 2015; 

Tsyganskaya et 

al. 2018 

not 

comparabl

e 
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Quantity This study Published range Source Verdict 

Seasonal stage range 

against DEM error, 

Kwara 

1.33 m SRTM vertical 

RMSE 3.91 m on 

floodplains 

Hawker et al. 2019 below 

Seasonal stage range 

against DEM error, 

Osun† 

1.10 m SRTM vertical 

RMSE 3.91 m on 

floodplains 

Hawker et al. 2019 below 

Sentinel-2 mean 

clear-sky fraction, 

Kwara 

33.1% cloud is the binding 

constraint on optical 

flood mapping in the 

wet tropics 

Wilson and Jetz 

2016; Landuyt et 

al. 2019 

direction 

only 

Sentinel-2 mean 

clear-sky fraction, 

Osun 

19.5% cloud is the binding 

constraint on optical 

flood mapping in the 

wet tropics 

Wilson and Jetz 

2016; Landuyt et 

al. 2019 

direction 

only 

Road-passability 

CSI, Kwara 

0.217 no published 

envelope exists 

– not 

comparabl

e 

Road-passability F1, 

Kwara 

0.356 no published 

envelope exists 

– not 

comparabl

e 

Road-passability 

CSI, Osun† 

0.000 no published 

envelope exists 

– not 

comparabl

e 

Road-passability F1, 

Osun† 

0.000 no published 

envelope exists 

– not 

comparabl

e 

Note:Every published range in this table was read from the source named beside it rather than 

from a secondary summary, and where a quantity falls outside its range the text states what was 

done about it. A verdict of inside or below is available only where the source states a numeric 

range; where it states a direction and attaches no level, the check is directional and the verdict is 

direction only. The published literature validates flood maps against water extent; this study 

validates against road passability, so the comparison is indicative rather than like for like, and 

that is the point the paper makes.†marks a row whose absolute level rests on a transferred 

calibration: Osun’s stage law is taken from Kwara because the Osun radar detects no standing 

water all season and cannot calibrate its own reference. Water-extent agreement is cell-level 

rather than areal, for the reason given in the text. Degradation rows for an area in which the 

detector made no detection at all are marked not comparable, because a difference between two 

zero detection rates is zero by arithmetic and is not a measured penalty. Road-passability rows 

rest on the hydrological reference of Section 3. 
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Figure 7. The 2022 season in both areas. (a) and (b) give CHIRPS daily catchment rainfall on the 

left axis and the modeled flood stage that drives the reference on the right, for Kwara and Osun; 

the markers on the stage line are the Sentinel-1 acquisition dates. (c) and (d) give the number of 

segments called cut on the left axis, by the reference as a replicate mean with its range over 20 

replicates shaded and by the Sentinel-1 detector, with the classified flood area on the right. 

Kwara’s detected and reference series track each other through the September peak. Osun’s 

reference rises twice while its detected series stays at zero all season, which is the null this paper 

reports. Figure 7 places both areas on the same time base and makes the shape of the season visible. In 

Kwara the detector and the reference rise and fall together through the September peak, which is the 

agreement the F1 of 0.356 summarizes. In Osun the reference rises twice, in early July and again through 

October, while the detected series never leaves zero. The gap between those towlines is the whole of the 

Osun result. 

 

7 Discussion 

7.1 What follows for anyone using flood products on roads 

The audience here is anyone building a road closure layer from satellite flood mapping, which 

increasingly includes national emergency agencies, and in Nigeria the National Emergency 

Management Agency and the state emergency management agencies of Kwara and Osun. 

First, mask segments with mapped water inside their buffer out of the closure inference, or 

handle them under a separate rule. This is a one-line fix and it removes the study’s largest source 

of confident false positives. Note that it is a broader class of road than the word bridge 

suggests:473 Kwara segments qualify and 8 of them carry a bridge tag, so the rule has to key on 

proximity to mapped water rather than on bridge tagging, which is sparse in both areas. 

Second, do not apply a single accuracy figure across a region. Within Kwara alone, the spread of 

F1across six spatial blocks is 18.8 times its spread across twenty reference replicates. A skill 
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figure should be reported with the surface conditions it was measured under. 

Third, publish probabilities rather than binary maps. Our Kwara closure set carries calibrated 

confidence with a Brier skill score of 0.153, and a downstream user can threshold it for their own 

tolerance for false alarms. The Osun set has a Brier skill score of 0.000, which is itself the honest 

signal that there is nothing in it to threshold. A binary map hides both facts. 

Fourth, treat canopy as a domain boundary rather than as a difficulty. In the Osun basin the 

correct output was no claim, and a method that had forced a threshold anyway would have 

produced a confident and entirely spurious map. The Osun null measures the detector’s blindness 

under canopy, not the incidence of flooding in the Osun basin, where 1,045 mm of rain fell 

between June and November and the hydrological reference calls 566 segment-days impassable. 

Fifth, do not treat a published segment table as a network without checking that it is one. Ours 

was not, and said it was; Section 4.5 gives the measured consequence and the repair. 

 

7.2 Transferability 

Whether any of this carry to a third basin is settled by the paper’s own numbers rather than by an 

argument. The chain needs nothing that is not free and nothing that is not global, so it can be run 

wherever Sentinel-1 acquires, which for the operational land modes is most of the populated 

world. What it returns there is the open question. Inside the Kwara study area alone, F1 moves 

18.8 times more across six spatial blocks than across twenty realizations of the reference, and 

across the two basins it moves between a usable screening tool and no claim at all. A figure that 

unstable within one basin of 6,305 km2is a description of a surface, and carrying the 

0.356elsewhere would mean carrying the Niger floodplain with it. 

The design does travel, even where the numbers do not. Any study reporting flood detection skill 

for roads can and should report it by canopy, by built-up fraction and by proximity to mapped 

water, because those are the physical mechanisms and they are all available from open data. 

Road class is worth reporting too, but only alongside the reference rate in that class, because 

otherwise the gradients uninterpretable. That costs nothing and it converts a pooled number into 

a statement about where the method can be believed. 

 

7.3 Limitations 

Osun’s stage law is transferred from Kwara rather than fitted, for the reason given in Section 3, 

so the absolute level of Osun’s reference follows from Kwara’s fit; every Osun number derived 

from it, including the water-extent index of 0.039 and the seasonal stage range of 1.10 m, is 

marked in Table 6. Three parameters of the reference model are set rather than fitted here: 

embankment height and pass ability depth, both assigned by road class, and the 3.5 m deck 

freeboard at watercourse crossings. 

The revisit is 12 days, with one 24-day gap between 19 August and 12 September 2022 that falls 

on the rising limb of the Niger flood, so this study speaks to sustained inundation only, and it 

uses ascending relative orbit 103 alone, which holds incidence angle and look direction constant 

and leaves their effects unmeasured. 

 

8 Conclusion 

We asked what free satellite radar is worth for inferring road closures, using Sentinel-1 across 

two contrasting Nigerian basins in the 2022 season with 53,158 road segments. 

The answer is that the method has a domain rather than an accuracy. On the open Niger 

floodplain it reaches an F1 of 0.356 against the hydrological reference, with an area under the 
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curve of 0.746, enough for screening. On the canopy-heavy Osun basin it makes no claim at all 

across fifteen acquisitions, because no scene is bimodal and no threshold is ever selected. That 

null describes the detector and not the basin: the same season put 1,045 mm of rain on the Osun 

catchment and the hydrological reference calls 566 segment-days impassable there. Reporting an 

average of the two areas would describe neither. 

Within the working domain, skill is stratified by surface condition. F1 falls from 0.364 to 

0.299across canopy and from 0.365 to 0.112 across built-up land, both declines being properties 

of the detector. Skill also falls across road class, from 0.368 on tracks to 0.097 on primary roads, 

but the reference rate falls with class as the embankment and pass ability thresholds rise, so this 

design cannot separate that ordering from a real effect. 

The most actionable result concerns roads next to water. Across the 473 Kwara segments whose 

30 context holds a mapped watercourse or that carry a bridge tag, precision is 0.008 against 

0.438elsewhere while recall rises to 0.701: the detector fires on roughly one segment-day in ten 

there, against a reference rate of 0.12 percent. Only 8 of those segments carry the tag, so the 

mechanisms proximity to mapped water rather than a deck over a river. Any pipeline inferring 

closures from flood extent will generate confident false closures on that class of road unless it 

masks them or handles them separately. Whether those are also the network’s most important 

links is a question we did not measure and do not claim. 

Within one basin, the spread of F1 across six spatial blocks is 18.8 times its spread across twenty 

reference replicates, which means published flood detection accuracies are better read as 

properties of their validation sites than of their methods. We therefore publish calibrated closure 

probabilities rather than a binary map, with the measured limits of the published file stated in its 

own metadata so that a study consuming it inherits the uncertainty rather than a claim of truth. 

What would improve on this is ground observation. A modest record of which segments were 

actually impassable, on a few dates, in both basins, would convert every skill figure here from 

internal consistency into accuracy, and it is the one input that no amount of imagery can 

substitute for. 
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