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Abstract 
Urban flood assessment identifies where hazards, exposure, or vulnerability are greatest, 

but it less often asks whether realized flood burden is unusually high or low relative to the 

environmental conditions under which it occurs. This study develops Hazard-Normalized 

Flood Burden Deviation (HNFBDev), an observed–expected geospatial diagnostic that 

identifies where urban flood burden is higher or lower than expected under represented 

hydro-environmental conditions. Using Jakarta as a case study, the framework combines 

hydro-environmental forcing, Sentinel-1 flood observations, population exposure, 

environmental expectation modelling, and spatial diagnostics. The hydro-environmental 

baseline represents inland and coastal conditions, while the population-exposure-

weighted flood-burden proxy captures the intersection of flood observations and exposed 

population. Environmentally expected burden is estimated from the forcing baseline, and 

HNFBDev is derived as the standardized deviation between observed and expected 

burden. The results show that compound hydro-environmental forcing was significantly 

associated with observed burden and explained only part of its spatial variation. The 

HNFBDev surface identified locations where observed burden was higher or lower than 

expected under comparable conditions, with significant spatial clustering and robustness 

under alternative weighting assumptions. These findings demonstrate that flood-burden 

disparities cannot be interpreted from hazard, exposure, or observed inundation alone. 

HNFBDev provides a transferable observed–expected geospatial diagnostic, subject to 

local calibration and validation, for identifying places where flood outcomes warrant 

hydraulic, infrastructure, institutional, and local verification. It should be interpreted as a 

screening and prioritization tool, not as a direct measure of adaptation performance, 

resilience, governance quality, infrastructure effectiveness, social vulnerability, flood 

depth, or causal mechanisms. 

Keywords: urban flooding; flood burden; hydro-environmental normalization; observed-

expected diagnostics; geospatial monitoring; spatial disparities; Jakarta 



1. Introduction 
Urban flooding increasingly emerges from interacting with hydro-environmental and land-

surface processes rather than from a single flood-generating mechanism. In coastal and 

deltaic cities, intense rainfall, river discharge, tidal or storm-surge effects, land 

subsidence, low-lying terrain, impervious-surface expansion, and constrained drainage 

systems may coincide or occur in close sequence, producing flood outcomes that are 

difficult to infer from one driver alone. Recent compound-flood literature emphasizes 

precisely this interaction among fluvial, pluvial, coastal, groundwater, and antecedent 

environmental conditions, particularly in coastal-estuarine settings where drainage and 

marine processes are tightly connected [1], [2], [3], [4]. Jakarta illustrates this complexity 

clearly. Process-based modelling has shown that storm-driven increases in coastal water 

levels can obstruct river drainage and elevate water levels around river outlets, while long-

term sea-level rise and land subsidence amplify future coastal-flood exposure in the 

northern parts of the city [5]. Similar concerns have been raised across Asian megadeltas, 

where coastal flooding reflects interactions among global climate pressures, local 

subsidence, land-use change, and human modification of deltaic systems [6]. 

Urban flood assessment has advanced substantially through hydrodynamic modelling, 

flood-susceptibility mapping, remote sensing, exposure analysis, and vulnerability 

assessment. Hydrodynamic and susceptibility approaches have improved the 

identification of locations where flood hazards are likely to occur, while satellite 

observations now allow inundation to be mapped more consistently across large areas 

and repeated events. Population-exposure studies have further demonstrated the value 

of combining flood footprints with gridded population data to estimate who may be 

affected, rather than interpreting inundated area alone [7], [8], [9]. At the same time, flood-

impact and damage research has long noted that estimating consequences remains more 

uncertain than mapping physical inundation, because losses and burdens depend on how 

floodwater intersects with people, assets, protection systems, and local response 

capacity [10]. These advances have substantially improved the characterization of flood 

hazards, exposure, and impacts, but they do not explicitly distinguish whether realized 

urban flood burden is disproportionately high or low relative to the hydro-environmental 

conditions under which it occurs. 

This distinction matters because similar flood-generating conditions do not necessarily 

produce similar realized urban flood burdens. Differences in population concentration, 

urban morphology, drainage connectivity, flood-control infrastructure, institutional 

arrangements, preparedness, and social vulnerability can alter how physical flooding is 

translated into experienced consequences. Global and national studies have shown that 

flood exposure and flood risk are socially and spatially uneven, while evidence from 

vulnerability and adaptation research indicates that flood impacts may decline, persist, or 

shift depending on risk-management capacity and the constraints faced by exposed 

communities [11], [12], [13], [14]. Recent neighbourhood-level analyses also show that 

urban flood exposure may be patterned along socioeconomic gradients, reinforcing the 

need to examine flood burden as a spatially differentiated outcome rather than a simple 



expression of hazard intensity [15]. For this reason, an area with a higher observed 

burden is not necessarily poorly managed, and an area with a lower observed burden is 

not necessarily resilient. Both interpretations require a benchmark that first accounts for 

the environmental conditions under which the observed burden is realized. 

Observed-expected diagnostic reasoning offers one way to construct such a benchmark. 

In ecological and water-quality assessment, reference-condition approaches compare 

observed system conditions with conditions expected under comparable environmental 

settings, thereby allowing departures from expectation to be interpreted more consistently 

across heterogeneous landscapes [16], [17]. Mazor et al. [18] similarly emphasize the 

importance of designing indices whose meaning remains comparable across different 

environmental contexts, while Hamalainen et al. [19] caution that observed-expected 

ratios and residuals can become biased when expectation-dependent variance is not 

handled carefully. These lessons are directly relevant to urban flood assessment. An 

observed–expected flood-burden diagnostic should not merely rank places by observed 

inundation or exposure; it should ask whether realized urban flood burden is higher or 

lower than would be expected given comparable hydro-environmental conditions. Such a 

diagnostic must also be statistically cautious, because residual patterns may reflect 

unrepresented hydro-environmental or urban processes, model specification, spatial 

dependence, measurement uncertainty, or genuine outcome disparities. 

Despite these conceptual foundations, urban flood studies have rarely implemented an 

observed–expected geospatial diagnostic that integrates a population-exposure-

weighted observed flood-burden proxy derived from satellite observations, gridded 

population exposure, hydro-environmental expectation modelling, spatial diagnostics, 

and robustness assessment within a single analytical framework [7]. Conventional hazard 

and susceptibility maps help identify where flood-prone conditions exist, while exposure 

and vulnerability assessments identify who or what may be affected. What remains less 

developed is a spatial diagnostic that separates represented hydro-environmental forcing 

from realized urban flood burden and then examines whether the remaining deviations 

form coherent geographic patterns. This gap is especially relevant for urban climate and 

smart-city applications, where geospatial monitoring is expected not only to map hazards 

but also to support evidence-based prioritization, follow-up investigation, and repeated 

assessment of risk-reduction actions. The resulting diagnostic is intended to complement, 

not replace, hydrodynamic models, vulnerability assessments, or infrastructure audits. 

Against this background, this study develops and demonstrates the Hazard-Normalized 

Flood Burden Deviation, or HNFBDev, as an observed–expected geospatial diagnostic 

for identifying where population-exposure-weighted urban flood-burden proxy is higher or 

lower than expected underrepresented hydro-environmental conditions. The overall goal 

is to identify spatial disparities in urban flood burden after accounting for differences in 

hydro-environmental forcing. Using Jakarta as a case study, the analysis pursues three 

objectives: first, to construct a spatially consistent hydro-environmental forcing baseline 

and a population-exposure-weighted observed flood-burden proxy derived from satellite 

observations; second, to estimate environmentally expected flood burden and derive 



HNFBDev from the standardized deviation observed and environmentally expected 

burden; and third, to examine whether the resulting deviations are spatially organized and 

robust across alternative analytical assumptions. The study asks how hydro-

environmental forcing relates to multiyear population-exposure-weighted observed 

burden proxy, where observed burden exceeds or falls below environmental 

expectations, whether these deviations form statistically significant clusters, and how 

stable the resulting spatial patterns remain under the alternative analytical specifications 

evaluated in this study. These objectives are based on the expectation that hydro-

environmental forcing explains an important component of population-exposure-weighted 

burden proxy, while meaningful observed–expected deviations remain after 

environmental normalization and exhibit coherent spatial organization. By addressing 

these questions, the paper contributes an observed–expected geospatial diagnostic 

framework that provides a reproducible screening layer for geospatial monitoring of 

relative flood-burden disparities: HNFBDev identifies locations where further investigation 

is warranted, but it does not by itself measure adaptation success, resilience, governance 

quality, or infrastructure performance. 

2. Materials and methods 

2.1 Study design, study area, and data 

This study applied a geospatial observed-expected diagnostic design to evaluate where 

population-exposure-weighted urban flood burden is higher or lower than expected under 

represented conditions, thereby providing a reproducible screening layer for targeted 

investigation and climate-resilient urban planning. The analysis was organized at the 

kelurahan (urban-village) level, covering 261 administrative units across the Special 

Capital Region of Jakarta. This spatial unit provides a practical compromise between local 

detail and data consistency: it is fine enough to preserve intra-urban variation in 

environmental conditions and flood burden, while still allowing satellite-derived flood 

observations, population surfaces, and hydro-environmental indicators to be integrated 

within a common administrative framework. The interpretation is therefore meso-scale 

and comparative, not household-level or site-specific. This scale limitation is important 

because the aggregation of environmental, demographic, and flood information to 

administrative boundaries may influence statistical relationships and spatial patterns, a 

well-known concern in spatial analysis described as the modifiable areal unit problem 

[20]. 

Jakarta provides a demanding case for this diagnostic framework because flooding in the 

city is shaped by interacting inland and coastal processes rather than by a single hazard 

mechanism. The metropolitan area lies on a low-lying coastal plain along the 

northwestern coast of Java and experiences flood-generating influences from intense 

rainfall, river connectivity, coastal water-level effects, land subsidence, dense urban 

development, and extensive land-surface modification. Process-based modelling for 

Jakarta has shown that elevated coastal water levels can restrict river drainage and 



intensify flooding around river outlets, while continued subsidence and sea-level rise 

increase future coastal-flood exposure [5]. Broader studies of Asian megadeltas similarly 

emphasize that coastal flooding is shaped by interacting climatic, hydrological, 

geomorphic, and human-modification processes [6]. Recent InSAR evidence also 

confirms continuing land subsidence across Jakarta, reinforcing the need to represent 

subsidence-adjusted terrain conditions in flood assessment [21]. The location of Jakarta, 

the 261 kelurahan analytical units, and the principal spatial context used in this study are 

shown in Figure 1. 

The empirical design used selected major flood observations during 2020-2024 to 

construct a multiyear observed burden proxy for each kelurahan. Rather than treating 

these observations as complete flood climatology, the study used them as a temporally 

consistent set of remotely sensed flood-event indicators. Hydro-environmental forcing 

was represented through climatic, topographic, hydrological, coastal, and land-surface 

variables, whereas the observed burden proxy was derived from the spatial coincidence 

between Sentinel-1 flood observations and gridded population exposure. This structure 

follows recent flood-exposure research showing that flood footprints become more 

meaningful for impact-oriented analysis when combined with spatial population data 

instead of interpreted only as inundated area [7], [8], [9]. 

All spatial datasets were harmonized to the kelurahan framework using a common 

boundary layer, consistent projection, and zonal processing. Raster variables with 

different native resolutions were summarized to each kelurahan according to their 

analytical role, including precipitation, elevation, slope, land subsidence, river proximity, 

coastline proximity, built-up intensity, impervious land cover, Sentinel-1 flood extent, and 

WorldPop population. Table 1 summarizes the datasets, temporal representation, 

analytical role, and principal uncertainty associated with each component. Detailed 

information on data sources, derived variables, transformations, analytical use, and major 

uncertainties is provided in Supplementary Table S1. 



 

Fig. 1 Study area and observational framework. (a) Administrative boundaries of DKI 
Jakarta, Indonesia, showing the 261 kelurahan used as the spatial analysis units together 
with the major river network and surrounding geographic context. (b) Overview of the 
HNFBDev analytical workflow, where annual population-exposure-weighted observed 
burden is compared with the environmentally expected burden estimated from hydro-
environmental forcing, followed by annual residual estimation, temporal median residual 
aggregation, and standardization to derive the Hazard-Normalized Flood Burden 
Deviation (HNFBDev). 

Table 1 Data sources, temporal representation, analytical role, and principal uncertainty. 

Component Dataset or 
source 

Native 
resolu 

tion 

Temporal 
represen 

tation 

Analytical 
role in 

HNFBDev 

Principal 
uncertainty 
or limitation 

Analytical 
boundary 

Jakarta 
kelurahan 
administrative 
boundary 

Vector Static Defines the 
261 analytical 
units used for 
spatial 
harmonization, 
zonal 
aggregation, 
expectation 
modelling, and 
spatial 
diagnostics 

Boundary 
aggregation 
may influence 
statistical 
relationships 
and spatial 
patterns 
through the 
modifiable 
areal unit 
problem 

Coastline 
reference 

Jakarta RBI 
coastline or 
equivalent 

Vector Static Supports 
coastline 
proximity and 

Shoreline 
representation 
may not 



national 
geospatial 
coastline 
layer 

coastal-forcing 
construction 

capture small 
engineered 
structures, 
reclamation, or 
short-term 
coastal 
modification 

Precipitation 
forcing 

CHIRPS daily 
precipitation 

~0.05 
degrees 

Daily 
observations 
during 2020-
2024, 
summarized 
as maximum 
daily 
precipitation 
during the 
study period 

Represents 
atmospheric 
rainfall forcing 
within the 
inland and 
compound 
flood-
generating 
baseline 

Coarse spatial 
resolution 
relative to 
kelurahan 
scale; should 
be interpreted 
as study-
period 
maximum 
rainfall forcing, 
not formal 
climatological 
Rx1day 

Terrain 
elevation 

Indonesian 
National 
Digital 
Elevation 
Model, 
DEMNAS 

~8 m Static terrain 
surface, 
adjusted for 
subsidence in 
the analytical 
workflow 

Provides 
elevation and 
slope 
indicators 
affecting 
runoff 
accumulation, 
low-lying 
exposure, and 
coastal 
drainage 
gradients 

DEM 
acquisition 
year and 
vertical 
accuracy may 
differ from 
2020-2024 
terrain 
conditions 

Land 
subsidence 

InSAR-
derived 
Jakarta 
subsidence 
information 

Raster or 
gridded 
surface 

Cumulative 
displacement 
converted to 
annualized 
subsidence 
rate and 
extrapolated 
to the 
analytical 
period 

Adjusts DEM-
derived 
elevation to 
better 
represent 
effective 
terrain 
conditions 
during 2020-
2024 

Assumes 
temporally 
stationary 
subsidence 
rates; should 
be interpreted 
as first-order 
elevation 
adjustment 
rather than 
geodetic 
prediction 

Hydrological 
connectivity 

JRC Global 
Surface 
Water 
occurrence 
dataset 

~30 m Static long-
term surface-
water 
occurrence 
representation 

Identifies 
permanent 
surface water 
and supports 
distance-to-
water or river-

May omit small 
drainage 
channels, 
engineered 
canals, and 
temporary flow 



connectivity 
indicators 

pathways 
relevant to 
local flooding 

Built-up 
intensity 

Sentinel-2 
Harmonized 
Surface 
Reflectance 

10 m Study-period 
composite 
from 2020-
2024 

Derives built-
up intensity 
using spectral 
contrast 
between built-
up and 
vegetated 
surfaces 

Cloud filtering, 
spectral 
mixing, and 
dense urban 
morphology 
may affect 
built-up signal 

Surface 
impermeability 

ESA 
WorldCover 
land-cover 
product 

10 m Static land-
cover 
baseline 

Provides 
impervious or 
permanently 
modified land-
surface proxy 
influencing 
infiltration 
suppression 
and runoff 
generation 

Land-cover 
classes 
simplify 
heterogeneous 
urban surfaces 
and may 
misclassify 
mixed built-up, 
vegetated, or 
coastal-
modified areas 

Flood 
observation 

Sentinel-1 
Ground 
Range 
Detected 
SAR imagery 

~10 m Selected 
major flood 
observations 
during 2020-
2024 

Provides 
remotely 
sensed flood 
extent used to 
construct 
annual 
observed 
burden proxy 
and multiyear 
observed 
burden proxy 

Urban SAR 
flood mapping 
is affected by 
layover, radar 
shadow, 
double-bounce 
effects, 
threshold 
sensitivity, and 
incomplete 
flood-event 
representation 

Population 
exposure 

WorldPop 
gridded 
population 
estimates 

~100 m 2020-2024 
exposure 
representation 
based on 
available 
WorldPop 
surfaces and 
final 
harmonization 
strategy 

Provides 
population 
exposure 
used to 
estimate 
population-
exposure-
weighted 
observed 
flood-burden 
proxy from the 
spatial 
coincidence of 
flood extent 
and 
population 

Residential 
population 
does not 
represent 
daytime 
mobility, 
temporary 
displacement, 
or dynamic 
exposure 
during flood 
events 

 



2.2 Hydro-environmental forcing and population-exposure-weighted burden proxy 

Hydro-environmental forcing was constructed to represent the spatial conditions under 

which flood burden was expected to occur, before evaluating whether observed burden 

was unusually high or low. The forcing baseline was not intended to reproduce full 

hydraulic dynamics or to represent engineered flood-management performance. Instead, 

it summarized climatic, topographic, hydrological, coastal, and land-surface conditions 

that plausibly shape flood generation across Jakarta. This distinction is particularly 

relevant because the resulting HNFBDev values are interpreted as observed-expected 

burden deviations, not as direct measures of infrastructure performance, governance 

quality, adaptation success, or resilience. The analytical unit of this study was the 

kelurahan (n = 261). Observed burden was estimated separately for each annual flood 

event during 2020 –2024 and used as annual observations in the environmental 

expectation model. The model outputs were subsequently aggregated into a single 

HNFBDev value for each kelurahan. The analytical logic linking the forcing baseline, 

observed burden, expected burden, and HNFBDev interpretation boundary is 

summarized in Figure 2. 

Two process domains were represented. The inland component represented rainfall-

driven and terrain-mediated flood-generating conditions, including study-period maximum 

daily precipitation, subsidence-adjusted elevation, slope, proximity to permanent surface 

water, built-up intensity, and impervious land cover. The coastal component represented 

low-lying and coastal-connectivity conditions, including subsidence-adjusted elevation, 

coastline proximity, river and estuarine connectivity, study-period maximum daily 

precipitation, built-up intensity, slope, and impervious land cover. This dual structure 

follows the compound-flood literature, which recognizes that urban flooding in coastal 

cities results from interacting pluvial, fluvial, coastal, antecedent, and land-surface drivers 

rather than a single hazard source [1], [2], [3], [4]. It is also consistent with Jakarta-specific 

evidence showing that coastal water-level dynamics, river drainage obstruction, sea-level 

rise, and land subsidence jointly shape flood hazard in the northern part of the city [5], [6], 

[21]. 

Each indicator was transformed to a common 0–1 scale using percentile-based 

normalization and directional adjustment so that higher values consistently represented 

stronger flood-generating conditions. Literature-informed weights were then applied 

separately to the inland and coastal components, while equal weighting was retained for 

sensitivity analysis. For each component 𝑘, the normalized indicators ܺ௜௝were combined 

as: ܪ௞௜ ௞௝ܺ௜௝௝ݓ∑=  

where ܪ௞௜ is the inland or coastal forcing score for kelurahan i, ݓ௞௝ is the component-

specific weight assigned to indicator j, and ܺ௜௝ is the normalized indicator value. The 

inland and coastal scores were then integrated using a fuzzy algebraic sum: 



௜ܪ = ௜,௜௡௟௔௡ௗܪ + ௜,௖௢௔௦௧௔௟ܪ −  (௜,௖௢௔௦௧௔௟ܪ௜,௜௡௟௔௡ௗܪ)
This integration allows high inland or coastal forcing to contribute to the compound score 

while preventing simple double counting when both components are high. Indicator 

weights, forcing-component summary statistics, observed-burden proxy equations, and 

annual mapped flood extent are reported in Supplementary Table S2. 

Flood burden was constructed from the spatial coincidence between remotely observed 

flood extent and gridded population exposure. Sentinel-1 Ground Range Detected 

imagery was used because synthetic aperture radar can observe inundation under cloud 

cover and is therefore well suited for event-based flood mapping in tropical urban 

environments. However, urban SAR flood detection remains affected by layover, radar 

shadow, double-bounce scattering, threshold sensitivity, and the masking of water 

surfaces in densely built-up areas; these limitations are particularly relevant for Jakarta's 

compact urban morphology [22], [23]. For this reason, the analysis distinguished between 

a stricter core flood mask and a more inclusive extended flood mask. The extended mask 

was used for the primary burden estimation, while the core mask was retained for 

sensitivity analysis. Event windows, orbit information, flood-mask thresholds, and filtering 

parameters are summarized in Supplementary Table S3. 

For each selected flood event during 2020–2024, flood extent was derived using pre-

event, event, and post-event Sentinel-1 observations, followed by permanent-water 

masking, terrain filtering, urban and non-urban thresholding, and connected-pixel filtering. 

The resulting flood masks were then intersected with gridded population data to estimate 

the event-specific exposed population within each kelurahan. This follows recent 

exposure studies showing that flood footprints become more informative when combined 

directly with high-resolution population surfaces rather than being interpreted solely as 

flooded area [7], [8], [9]. Event-specific observed burden was defined as: ܧ௜௧ =  ∑ ௣௜௧௣∈ி೔೟݌݋ܲ  

where ܧ௜௧ is the population-exposure-weighted observed flood-burden proxy in kelurahan 

i during event year t, ܨ௜௧ is the set of flooded pixels, and ܲ݌݋௣௜௧ is the population assigned 

to pixel p. The resulting annual burden estimates were subsequently incorporated into the 

environmental expectation model described in Section 2.3 to derive the Hazard-

normalized Flood Burden Deviation (HNFBDev). The observed burden represents a 

population-exposure-weighted flood-burden proxy rather than direct economic loss, flood 

depth, social vulnerability, or comprehensive disaster impact.  



 

 

Fig. 2 Integrated conceptual and analytical framework for HNFBDev. 



Figure 2 distinguishes conventional flood assessment from the HNFBDev observed-
expected diagnostic approach; links hydro-environmental forcing, Sentinel-1 flood 
observations, gridded population exposure, environmental expectation modelling, 
HNFBDev computation, spatial diagnostics, and robustness testing; and clarifies that 
HNFBDev identifies relative flood-burden divergence but does not directly measure flood 
depth, social vulnerability, adaptation effectiveness, resilience, governance quality, 
infrastructure performance, or causal mechanisms. 

2.3 Environmental expectation, HNFBDev, and diagnostic evaluation 

Environmentally expected flood burden was estimated to determine the level of burden 

that would be anticipated under the represented hydro-environmental forcing conditions. 

The purpose of this model was not to predict flood impacts exhaustively, but to construct 

a defensible reference expectation against which observed burden could be compared. 

This follows the observed-expected logic used in reference-condition assessment, where 

the interpretation of an observed outcome depends on the environmental context under 

which that outcome occurs [16], [17], [18]. In the present study, the expected burden 

represents the modelled burden associated with the hydro-environmental baseline, while 

the remaining deviation represents the portion of observed burden not explained by that 

baseline. 

Because annual flood-burden observations were non-negative, right-skewed, and 

occasionally contained zero or near-zero values, alternative model specifications were 

evaluated rather than relying on a single transformed linear model. Three candidate 

expectation models were considered: a generalized linear model with a Tweedie 

distribution and log link, an ordinary least-squares model using log-transformed annual 

observed burden, and a two-part (hurdle) specification separating the occurrence of non-

zero burden from the magnitude of positive burden. This comparison reduced 

dependence on a single distributional assumption and addressed known limitations of 

log-transformed models under heteroskedasticity and non-normal error structures [24], 

[25]. The Tweedie specification was included because it can accommodate exact zeros 

and positive continuous outcomes within a unified generalized linear modelling framework 

[26]. 

The final environmental expectation model was selected through an iterative model 

development process that evaluated overall model adequacy, residual behaviour, 

information criteria, interpretability, and the stability of the resulting HNFBDev rankings. 

Because no single performance metric fully captures model suitability for this application, 

the selected specification reflects the best overall balance across these complementary 

evaluation criteria. As the objective of this study is the development of the HNFBDev 

diagnostic framework rather than comparative model assessment, only the final model 

specification is presented. Expected annual flood burden for kelurahan ݅ in year ݐ was 

denoted as ̂ܤ௜௧, and the annual model residual was calculated as: ݁௜௧ = ௜௧ܤ −  ௜௧ܤ̂
 



Annual residuals were subsequently aggregated by taking the median residual across the 

2020–2024 observation period for each kelurahan: ݁̃௜ = ݉݁݀݅ܽ݊(݁௜,2020, . , . . ݁௜,2024) 
 

The Hazard-Normalized Flood Burden Deviation (HNFBDev) was then calculated by 

standardizing the median residuals: ݒ݁ܦܤܨܰܪ௜ = ݁̅௜ − ௘̃ߪ௘̅ߤ  

 

where ݁̅௜ is the median annual residual for kelurahan i, ߤ௘̅ is the mean of the median 

residuals across all kelurahan, and ߪ௘̃is the standard deviation of the median residuals 

across all kelurahan. Positive HNFBDev values indicate observed burden above 

environmental expectation, negative values indicate burden below environmental 

expectation, and values near zero indicate that the observed burden is broadly consistent 

with the environmental expectation. These values were interpreted as relative spatial 

deviations rather than direct indicators of hazard probability, flood depth, vulnerability, 

infrastructure performance, governance quality, or adaptation effectiveness. The 

environmental expectation model, residual diagnostics, and model-scale checks are 

summarized in Supplementary Table S3. 

Spatial diagnostics were used to determine whether HNFBDev values were 

geographically organized rather than randomly distributed across Jakarta. Global Moran's 

I was first calculated to test whether positive and negative deviations exhibited overall 

spatial autocorrelation. Local Moran's I was then used to identify localized clusters and 

spatial outliers, including High-High, Low-Low, High-Low, and Low-High configurations 

[27]. Because local spatial statistics involve repeated tests across many spatial units, 

false-discovery-rate adjustment was considered to reduce the likelihood of overstating 

local cluster significance [28]. The primary spatial-weight matrix used the k-nearest-

neighbour specification available in the current spatial output, while contiguity-based 

alternatives can be retained for sensitivity testing if the analysis is rerun. These choices 

were documented because spatial autocorrelation statistics can vary with neighbourhood 

definition, weight standardization, and software implementation [29]. 

The spatial analysis was interpreted diagnostically. A significant Global Moran's I 

indicates that unexplained deviations are spatially structured, while Local Moran classes 

identify where similar or contrasting deviations occur among neighbouring units. 

However, residual clustering does not by itself establish the causes of those deviations. 

Spatially organized residuals may reflect omitted spatial processes, unmeasured 

infrastructure or exposure conditions, model misspecification, measurement uncertainty, 

or genuine spatial disparities in realized burden. This interpretation follows broader 

cautions that residual spatial autocorrelation can indicate unrepresented spatial structure 

rather than automatically validating a model or mechanism [30]. 



Robustness was evaluated across analytical dimensions. First, the hydro-environmental 

forcing surface was recalculated using literature-informed weights and equal weights. 

Second, observed burden was compared under different Sentinel-1 flood-mask 

assumptions where outputs were available. Third, HNFBDev was compared across 

alternative expectation-model specifications and burden definitions where final outputs 

were available. Fourth, Global Moran's I, Local Moran classifications, and cluster 

membership can be recalculated under alternative spatial-weight matrices when the final 

sensitivity analysis is completed. Stability was summarized using Pearson correlation, 

Spearman rank correlation, RMSE, and cluster-class agreement where available. Spatial-

diagnostic outputs, Local Moran's I cluster counts, highest positive HNFBDev locations, 

and AHP-equal-weight robustness statistics are provided in Supplementary Table S4. 

3. Results 

3.1 Hydro-environmental forcing and population-exposure-weighted burden proxy 

Hydro-environmental forcing varied substantially across Jakarta, confirming that the 

environmental conditions under which flood burden occurs are not spatially uniform 

across the 261 kelurahan. The inland forcing component showed moderate spatial 

variation, with a mean of 0.711, standard deviation of 0.085, median of 0.676, and range 

from 0.420 to 0.894 (Fig. 3a). This distribution indicates that rainfall-related, terrain-

mediated, hydrological, and land-surface flood-generating conditions are present across 

much of Jakarta, although their relative intensity differs among kelurahan. By contrast, 

the coastal forcing component was more spatially selective, with a mean of 0.095, 

standard deviation of 0.189, median of 0.000, and range from 0.000 to 0.798 (Fig. 3b). 

This strongly skewed distribution reflects the concentration of coastal and estuarine 

influences in the northern part of the city rather than across the entire metropolitan area. 

The compound forcing surface integrated the inland and coastal components into a single 

hydro-environmental reference condition for expectation modelling. The compound 

literature-informed forcing score had a mean of 0.733, standard deviation of 0.102, 

median of 0.725, and range from 0.420 to 0.945 (Fig. 3c). The equal-weight compound 

specification produced a similar distribution, with a mean of 0.758, standard deviation of 

0.101, median of 0.757, and range from 0.472 to 0.959. This similarity indicates that the 

broad forcing pattern was not driven solely by the literature-informed weighting scheme. 

The compound map therefore provides the environmental baseline for estimating 

expected flood burden, while the equal-weight version is retained for robustness 

assessment. 

The annual flood record derived from five selected Sentinel-1 flood events showed clear 

interannual variation. Mapped flood extent increased from 43.76 km² in 2020 to 45.63 km² 

in 2021 and 46.42 km² in 2022, before declining to 34.54 km² in 2023 and remaining 

relatively stable at 34.69 km² in 2024. The mean annual mapped flood extent across the 

selected observations was 41.01 km2. These values should be interpreted as event-

based remote-sensing observations used to construct flood burden, not as a continuous 



flood climatology or a hydraulic measure of flood depth. To derive the observed burden 

into a burden-oriented outcome, annual flood occurrence was combined with population 

exposure at the kelurahan level. The resulting observed burden increased where 

inundation coincided with higher population concentration, while sparsely populated or 

weakly inundated areas contributed less to the observed burden (Fig. 3d-f). 

The spatial pattern of observed burden did not directly mirror the hydro-environmental 

forcing surface. Areas with stronger compound forcing identified environmental settings 

where higher burden would be expected, but observed burden also reflected the uneven 

location of exposed population and the event-specific distribution of mapped inundation. 

Several kelurahan with broadly similar hydro-environmental forcing therefore exhibited 

different realized burden levels, while some locations with moderate forcing still displayed 

elevated exposure-weighted burden. This mismatch between forcing and observed 

burden forms the basis for the observed-expected analysis developed in the next 

subsection. 

Taken together, Figure 3 shows that Jakarta's flood-burden geography cannot be 

explained from environmental forcing, mapped flood extent, or population exposure 

alone. The hydro-environmental maps identify where flood-generating conditions are 

stronger, whereas the observed-burden map identifies where selected flood observations 

intersected with exposed population. The next analytical step is therefore to estimate 

whether each kelurahan's observed burden is higher or lower than expected under its 

represented hydro-environmental setting. 

 

Fig. 3 Hydro-environmental forcing and observed flood burden. (a) Inland hydro-
environmental forcing. (b) Coastal hydro-environmental forcing. (c) Compound hydro-
environmental forcing derived from the integration of inland and coastal components. (d) 



Population-exposure-weighted observed burden aggregated at the kelurahan level. (e) 
Probability density distributions of the hydro-environmental forcing components. (f) 
Comparative distribution of hydro-environmental forcing and observed burden across 
Jakarta.All maps are displayed for 261 kelurahan. 

3.2 Environmentally expected burden and spatial disparities 

The environmental expectation model showed a strong positive relationship between 

compound hydro-environmental forcing and population-exposure-weighted burden proxy. 

The forcing coefficient was 3.172, with a standard error of 0.162, t-statistic of 19.565, and 

p-value below 0.001. The model explained 22.8% of the variation in population-exposure-

weighted burden proxy, with an adjusted ܴ2 of 0.225 and an overall F-statistic of 76.93 

based on 1,305 kelurahan-year observations. These result indicates that stronger 

represented flood-generating conditions were associated with higher expected burden, 

but it also shows that most variation in realized burden remained outside the hydro-

environmental baseline. In other words, the hydro-environmental forcing surface provided 

a statistically meaningful reference for expectation modelling, but it did not fully determine 

where flood burden was realized (Fig. 4a-b). 

The expected-burden surface was smoother than the observed-burden surface because 

it was estimated from the spatial organization of compound hydro-environmental forcing. 

This distinction is analytically useful. The expected surface identifies the burden level that 

would be anticipated underrepresented environmental conditions, while the observed 

surface captures where mapped inundation intersected with population exposure during 

the selected flood observations. The difference between the two surfaces produced 

HNFBDev, which identifies kelurahan where observed burden was higher or lower than 

environmental expectation. Positive values therefore indicate higher-than-expected 

burden, negative values indicate lower-than-environmentally expected burden, and 

values near zero indicate broad agreement between observed burden and the 

environmental expectation (Fig. 4c-d). 

The standardized HNFBDev distribution was asymmetric around the expectation 

baseline. Most kelurahan clustered within approximately one standard deviation of zero, 

indicating that observed burden generally remained close to the environmentally 

expected level. However, the positive tail extended beyond three standard deviations, 

while negative deviations were less extreme. The HNFBDev summary statistics support 

this pattern: standardized HNFBDev values derived using the literature-informed 

weighting scheme had a mean near zero, standard deviation of approximately one, 

median of -0.246, minimum of -1.772, and maximum of 3.83. This indicates that unusually 

high positive deviations were more pronounced than unusually low negative deviations. 

The largest positive deviations occurred in Tangki, Kota Bambu Utara, Jembatan Besi, 

Duri Selatan, and Duri Utara, with HNFBDev values ranging from 3.56 to 3.83. These 

locations represent persistent higher-than-expected burden under the represented hydro-

environmental baseline, not direct evidence of adaptation failure, infrastructure 

underperformance, or governance weakness. 



The spatial distribution of HNFBDev revealed substantial intra-urban heterogeneity after 

hydro-environmental normalization. Positive deviations were concentrated mainly in 

northern and central Jakarta, while negative deviations appeared more frequently across 

parts of southern and western Jakarta. These patterns differed from both the compound 

forcing surface and the expected-burden surface, indicating that kelurahan with 

comparable hydro-environmental settings could still experience different realized burden 

levels. The resulting map therefore provides a complementary diagnostic layer that 

complements the forcing and observed-burden maps shown in Figure 3. 

 

Fig. 4 Environmental expectation model and spatial deviations from environmentally 
expected flood burden. (a) Relationship between compound hydro-environmental forcing 
and the population-exposure-weighted observed burden used to estimate the 
environmental expectation model. (b) Spatial distribution of the environmentally expected 
burden proxy. (c) Distribution of standardized Hazard-Normalized Flood Burden Deviation 
(HNFBDev); the dashed vertical line denotes the environmental expectation (Z = 0), with 
values below and above zero representing lower-than-expected and higher-than-
expected burden, respectively. (d) Spatial distribution of HNFBDev across Jakarta, 
highlighting localized deviations between observed and environmentally expected flood 
burden. 



3.3 Spatial organization and robustness of HNFBDev 

The HNFBDev surface exhibited statistically significant spatial organization rather than 

being randomly distributed patterns of observed-expected deviations. Global Moran's I 

was 0.355 with a permutation significance level of p = 0.001, indicating moderate positive 

spatial autocorrelation among neighboring kelurahan (Fig. 5a). Kelurahan with positive 

HNFBDev values therefore tended to be located near other kelurahan with similarly 

positive deviations, while negative values were also geographically clustered. These 

results support the interpretation that higher- and lower-than-expected flood burden 

patterns are spatially structured after accounting for the represented hydro-environmental 

baseline. 

Local Moran's I further identified distinct clusters and spatial outliers of HNFBDev. Most 

kelurahan were not statistically significant local clusters, with 174 units, or 66.67% of the 

study area, classified as not significant. Among significant local associations, Low-Low 

clusters were the most frequent, covering 44 kelurahan, or 16.86%, followed by High-

High clusters covering 29 kelurahan, or 11.11%. Spatial outliers were less common: 8 

kelurahan, or 3.07%, were classified as Low-High, and 6 kelurahan, or 2.30%, were 

classified as High-Low (Fig. 5b). The predominance of High-High and Low-Low clusters 

over spatial outliers indicates that the observed-expected deviations were characterized 

mainly by coherent neighborhood-scale clustering rather than by isolated anomalous 

units. 

The interpretation of these spatial clusters remains diagnostic. High-High clusters identify 

groups of neighboring kelurahan where population-exposure-weighted burden proxy was 

consistently higher than expected under the represented hydro-environmental setting. 

Low-Low clusters identify neighboring kelurahan where observed burden was lower than 

expected. High-Low and Low-High outliers mark transition areas where local HNFBDev 

values differed from adjacent units. These cluster classes should not be interpreted as 

direct evidence of adaptation success, adaptation failure, infrastructure performance, 

governance quality, or causal mechanisms. Instead, they indicate where further hydraulic, 

infrastructure, exposure, social, institutional, and local verification data are needed to 

explain why observed burden diverged from environmental expectation. 

The robustness assessment showed that HNFBDev was highly stable under alternative 

hydro-environmental weighting assumptions. Comparing the literature-informed weighted 

forcing with the equal-weight specification produced a Pearson correlation of r = 0.990, a 

Spearman rank correlation of rho = 0.970, and an RMSE of 0.146 (Fig. 5c). This high 

agreement indicates that the main HNFBDev ranking and spatial pattern were not driven 

primarily by the selected weighting scheme. Instead, the diagnostic pattern was largely 

preserved when the same indicators were recombined using equal weights. Residual 

diagnostics indicated statistically significant heteroskedasticity and non-normality, with 

residual magnitude increasing under higher expected-burden conditions. HNFBDev 

should therefore be interpreted as a relative spatial diagnostic rather than a variance-

independent performance metric. 



 

Fig. 5 Spatial organization and robustness of HNFBDev across Jakarta. (a) Local 
Indicators of Spatial Association (LISA) identifying statistically significant spatial clusters 
of HNFBDev. (b) Global spatial autocorrelation of HNFBDev evaluated using Moran’s I. 
(c) Robustness assessment comparing literature-informed weighting and equal-weight 
hazard formulations, demonstrating the consistency of HNFBDev spatial patterns under 
alternative hazard aggregation schemes. 

4. Discussion 

4.1 Contribution beyond conventional flood assessment 

The results show that hydro-environmental forcing, population-exposure-weighted 

burden proxy, and observed-expected deviation describe different aspects of Jakarta's 

urban flood geography. The compound forcing surface identified where represented 

flood-generating conditions were stronger, while the observed-burden surface showed 

where selected Sentinel-1 flood observations intersected with exposed population. The 

expectation model then provided an environmental reference against which observed 

burden could be compared. This distinction is central because the expectation model 

explained 22.8% of the variation in the population-exposure-weighted burden proxy 

variation, leaving most spatial variation outside the represented hydro-environmental 

baseline. The remaining variation should not be dismissed as statistical noise; it defines 



the diagnostic space in which HNFBDev identifies kelurahan where burden is higher or 

lower than expected under comparable represented conditions. 

This contribution complement, rather than replaces, established approaches in urban 

flood assessment. Hydrodynamic modelling, flood-susceptibility mapping, and 

compound-hazard analysis remain essential for identifying where flood-generating 

processes may occur, particularly in cities where pluvial, fluvial, coastal, drainage, and 

antecedent conditions interact [1], [2], [3], [4]. Satellite-based flood mapping and global 

exposure studies have further improved the ability to estimate where inundation intersects 

with population and assets, moving flood assessment beyond hazard footprints alone [7], 

[8], [9]. Yet these approaches usually describe absolute hazard, absolute exposure, or 

absolute burden. HNFBDev adds a complementary diagnostic layer by asking whether 

realized burden is unusually high or low relative to the environmental setting in which it 

occurs. 

The need for this relative diagnostic is supported by flood-impact and vulnerability 

literature. Flood consequences are not determined by physical inundation alone; they 

depend on the interaction of hazard intensity, exposed population, asset distribution, 

protection systems, preparedness, institutional response, and social vulnerability [10], 

[11], [13]. Recent work also shows that flood exposure and flood risk can be socially and 

spatially uneven within urban areas, including at neighborhood scale [12], [15]. HNFBDev 

contributes to this literature by separating two questions that are often conflated: where 

flood-generating conditions are strong, and where realized burden is higher or lower than 

expected under those conditions. 

Conceptually, this approach draws from observed-expected and reference-condition 

reasoning in ecological and environmental assessment, where observed states are 

interpreted against conditions expected under comparable environmental settings [16], 

[17], [18]. This logic is useful for flood-burden assessment because Jakarta's kelurahan 

differs substantially in terrain, hydrological connectivity, coastal influence, land-surface 

modification, and exposure. A high observed burden in a highly flood-prone kelurahan 

has a different diagnostic interpretation from the same burden in a more moderate 

environmental setting. At the same time, observed-expected residuals require statistical 

caution because residual variance can depend on the expected value and can be affected 

by model specification, spatial dependence, and measurement uncertainty [19], [30]. For 

this reason, HNFBDev is best understood as a comparative diagnostic layer, not as a 

direct measure of adaptation effectiveness, resilience, infrastructure performance, or 

governance quality. 

4.2 Interpreting spatially organized burden disparities 

The clustered HNFBDev patterns suggest that observed-expected flood-burden 

disparities are not isolated anomalies. High-High clusters identify neighboring kelurahan 

where observed burden was higher than expected under the represented hydro-

environmental setting, while Low-Low clusters identify neighboring kelurahan where 

observed burden was lower than expected. This spatial organization matters because 



flood outcomes in Jakarta are shaped by connected drainage systems, river corridors, 

low-lying coastal terrain, backwater effects, land subsidence, urban form, and population 

concentration rather than solely by independent local conditions. Jakarta-specific 

modelling has shown that coastal water levels can obstruct drainage and intensify 

flooding near river outlets, while sea-level rise and subsidence increase future coastal 

exposure [5]. More broadly, Asian megadeltas face interacting pressures from climate 

change, subsidence, land-use change, and engineered modification of deltaic systems 

[6]. 

The interpretation of these clusters should remain diagnostic. A High-High cluster does 

not automatically indicate weak infrastructure, poor governance, or failed adaptation. It 

indicates that several neighboring kelurahan experienced higher observed burden than 

expected after accounting for represented hydro-environmental forcing. Possible 

explanations include drainage bottlenecks, local flood-control condition, flood-path 

connectivity, settlement morphology, exposure concentration, event-specific flood 

dynamics, or social vulnerability. It may also reflect measurement uncertainty in Sentinel-

1 flood detection or unrepresented processes in the environmental expectation model. 

Similarly, a Low-Low cluster should not be treated as proof of resilience or successful 

adaptation. Lower-than-expected burden may reflect effective protection, lower exposed 

population, favorable local drainage, topographic advantages, incomplete flood detection, 

or model limitations. 

This caution is consistent with compound-risk and disaster-impact literature. Compound 

flood outcomes can emerge from interacting drivers whose joint effects are not captured 

by a single forcing variable [1], [2], [3]. Risk-management studies further show that 

impacts may be reduced, displaced, or amplified depending on protection, preparedness, 

institutional capacity, and residual risk conditions [11], [31], [32]. In urban settings, these 

interactions can create spatial disparities in realized burden even when broad 

environmental conditions appear similar. HNFBDev is useful because it does not directly 

infer underlying mechanisms; instead, it identifies where such mechanisms warrant 

further investigation 

The spatial-statistical results also require careful interpretation. Moran's I and Local 

Moran's I show that HNFBDev values are spatially organized, but they do not explain why 

clustering occurs [27]. Local clusters may indicate real spatial processes, but they may 

also arise from omitted variables, aggregation effects, neighborhood definitions, or 

residual spatial dependence [29], [30]. For Jakarta, the practical implication of these 

findings is that HNFBDev clusters should guide field verification and multi-source 

triangulation. High-High areas should be examined for drainage constraints, repeated 

flood pathways, settlement exposure, and infrastructure conditions. Low-Low areas 

should be examined to determine whether lower-than-expected burden reflects 

protection, lower exposure, favorable local hydrology, or data limitations. Figure 6 

summarizes these interpretation pathways and illustrates how HNFBDev can be used as 

part of a cautious planning sequence. 



 

Fig. 6 Interpretation framework for Hazard-Normalized Flood Burden Deviation 
(HNFBDev). (a) Conceptual interpretation of HNFBDev as the deviation between 
observed and environmentally expected flood burden after accounting for hydro-
environmental forcing. (b) Interpretation boundary illustrating that positive and negative 
HNFBDev values represent spatial departures from environmental expectation rather 
than direct measures of adaptation performance or causal mechanisms. (c) Framework 
for interpreting HNFBDev as a spatial diagnostic tool for identifying areas with 
systematically higher-than-expected or lower-than-expected flood burden and generating 
hypotheses for further investigation. 

4.3 Planning applications, transferability, and limitations 

HNFBDev is most useful as a screening and prioritization tool within a broader flood-risk 

assessment workflow. In Jakarta, the diagnostic identifies kelurahan where observed 

burden is higher or lower than expected under represented hydro-environmental 

conditions. This information can help planners decide where to examine drainage 

constraints, exposure concentration, flood-path connectivity, protection condition, 

settlement morphology, or local response capacity in more detail. It can also help avoid 

over-prioritizing locations solely because they have high absolute burden, when that 

burden may be consistent with strong environmental forcing. Conversely, moderate-

forcing locations with higher-than-expected burden may deserve closer attention because 

they indicate realized burden that is disproportionate to the represented environmental 

baseline. This use is aligned with broader calls for geospatial monitoring systems that 

support urban climate resilience, situational awareness, and planning-oriented 

diagnostics [33], [34]. 



The framework is transferable to other cities, but only if the environmental baseline and 

burden metric are locally meaningful. Coastal megacities, deltaic settlements, riverine 

cities, inland basins, and rapidly urbanizing peri-urban areas differ in the relative 

importance of rainfall, drainage, river discharge, coastal water levels, subsidence, land 

cover, and exposure distribution [4], [6]. The HNFBDev framework is therefore more 

readily transferable than any specific indicator set or weighting scheme. In cities with 

strong hydrodynamic models, drainage-network data, infrastructure inventories, 

household exposure records, or verified flood-depth observations, HNFBDev could be 

integrated with those datasets to strengthen interpretation. In data-constrained settings, 

it can still provide an initial observed-expected screening layer, but planning decisions 

should be supported by local verification. 

Several limitations should guide interpretation. First, the Sentinel-1 flood observations 

represent selected major events during 2020-2024, not a complete flood climatology. 

SAR-based flood mapping is valuable because it can observe inundation under cloud 

cover, but urban detection remains affected by layover, radar shadow, double-bounce 

scattering, threshold sensitivity, permanent-water masking, and the complex geometry of 

built environments [22], [23]. Second, the observed burden metric represents population-

exposure-weighted flood burden, not flood depth, duration, direct economic loss, 

household damage, or social vulnerability. Flood-loss studies have consistently 

emphasized that consequences are difficult to infer from inundation extent alone because 

damage depends on depth, duration, assets, preparedness, and local vulnerability 

conditions [10], [13]. 

Statistical and spatial limitations also remain. The expectation model uses represented 

hydro-environmental forcing to estimate expected burden, but it does not directly include 

drainage capacity, pump operation, infrastructure condition, informal drainage 

modification, emergency response, or household-level behavior. Residual diagnostics 

suggest heteroskedasticity and non-normality, which is a known challenge when 

modelling skewed, non-negative outcomes using transformed linear models or residual-

based diagnostics [24], [25], [26]. Spatial aggregation to kelurahan boundaries may also 

influence estimated relationships and cluster patterns, consistent with the modifiable areal 

unit problem [20]. These limitations do not invalidate the diagnostic, but they define its 

proper use: HNFBDev identifies where observed burden diverges from environmental 

expectation and where further investigation is most justified. Table 2 summarizes the 

interpretation, evidence needs, planning relevance, and conclusions to avoid for each 

major HNFBDev pattern. 

Table 2 Interpretation, evidence needs, and planning relevance of HNFBDev patterns. 

HNFBDev 
pattern 

Defensible 
interpretation 

Evidence 
required next 

Appropriate 
planning use 

Conclusion to 
avoid 

Persistent 
higher-than-
expected 
burden 

Observed 
burden is 
higher than 
expected 

Drainage 
condition, 
flood-depth or 
duration data, 

Prioritize local 
investigation 
and diagnose 
possible 

Do not infer 
adaptation failure, 
governance 
weakness, or 



under 
represented 
hydro-
environmental 
conditions 

local 
exposure, 
infrastructure 
operation, 
settlement 
morphology, 
field 
verification 

burden-
amplifying 
mechanisms 

infrastructure 
underperformance 
directly 

High-High 
cluster 

Neighboring 
kelurahan 
show higher-
than-expected 
burden 

River-corridor 
assessment, 
drainage-
network 
connectivity, 
shared 
infrastructure 
condition, 
repeated flood 
reports, 
exposure 
concentration 

Identify 
neighborhood-
scale priority 
zones for 
integrated 
flood-risk 
review 

Do not assume a 
single shared 
cause without 
additional 
evidence 

High-Low 
outlier 

A high 
positive-
deviation 
kelurahan is 
surrounded by 
lower-
deviation 
neighbors 

Local drainage 
blockage, 
land-use 
discontinuity, 
localized 
exposure, 
flood-mask 
uncertainty, 
boundary 
effects 

Target site-
specific 
verification 
and check 
local 
anomalies 

Do not treat the 
surrounding 
neighborhood as 
equally burdened 

Near-zero 
deviation 

Observed 
burden is 
broadly 
consistent with 
environmental 
expectation 

Model 
diagnostics, 
flood-
observation 
reliability, 
exposure 
consistency 

Use as 
reference 
condition for 
comparison 
and 
monitoring 

Do not interpret 
as low risk or 
absence of flood 
concern 

Persistent 
lower-than-
expected 
burden 

Observed 
burden is 
lower than 
expected 
under 
represented 
hydro-
environmental 
conditions 

Protection 
condition, 
topographic 
advantage, 
lower 
exposure, 
incomplete 
flood 
detection, 

Examine 
whether lower 
burden 
reflects 
protection, 
lower 
exposure, or 
data 
limitations 

Do not infer 
resilience or 
adaptation 
success directly 



local 
hydrology 

Low-Low 
cluster 

Neighboring 
kelurahan 
show lower-
than-expected 
burden 

Shared 
protection 
systems, 
drainage 
performance, 
lower 
exposure 
patterns, SAR-
detection 
checks, local 
verification 

Identify 
potential 
learning areas 
after 
confirming 
mechanisms 

Do not assume 
proven protection 
effectiveness 
without validation 

5. Conclusions 
Urban flood assessment often begins by asking where hazards, exposure, or vulnerability 

are greatest. This study advances a complementary question: where is flood burden 

higher or lower than would be expected after accounting for the hydro-environmental 

setting in which that burden occurs? By developing HNFBDev as an observed-expected 

diagnostic, the study shows that flood-burden disparities can be examined not only as 

absolute outcomes, but also as deviations from an environmental expectation. This 

distinction is particularly relevant for complex coastal and deltaic cities, where rainfall, 

drainage, river connectivity, coastal influence, subsidence, land-surface modification, and 

population exposure interact unevenly across urban space. 

The Jakarta application demonstrates that environmentally contextualized flood-burden 

diagnosis can reveal patterns that are not visible from hazard, exposure, or observed 

inundation maps alone. Compound hydro-environmental forcing was associated with the 

population-exposure-weighted burden proxy, but it did not fully explain where burden was 

realized. The remaining observed-expected deviations were spatially organized and 

robust under alternative weighting assumptions, indicating that relative flood-burden 

disparities are not merely local anomalies or artefacts of one weighting scheme. These 

findings support the value of HNFBDev as a diagnostic layer for identifying places where 

flood outcomes deserve closer investigation. 

The broader contribution is methodological and transferable. HNFBDev provides a way 

to satellite-derived flood observations, population exposure, environmental normalization, 

and spatial diagnostics into an unified framework for urban flood assessment. It can help 

cities move beyond ranking places only by absolute hazard or exposure, toward 

identifying where realized burden appears disproportionate to represented flood-

generating conditions. This is especially relevant for rapidly urbanizing coastal and deltaic 

regions where detailed hydrodynamic, infrastructure, and social data are often 

incomplete. 



The framework should be used with caution. HNFBDev does not directly measure flood 

depth, economic loss, social vulnerability, infrastructure effectiveness, governance 

quality, resilience, adaptation performance, or causal mechanisms. Its value lies in 

identifying where further investigation is warranted. Used in this way, HNFBDev can 

support a more diagnostic, evidence-oriented, and globally relevant approach to 

understanding uneven urban flood burden under changing climatic and urban conditions. 
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