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Abstract 5 

Climate change is increasing the frequency and intensity of heavy rainfall, creating growing challenges for 6 

regional flood risk management. Although adaptation technologies such as green roofs, permeable pavements, 7 

and rainwater retention tanks have been widely implemented, limited empirical evidence exists on the resilience 8 

mechanisms through which these technologies reduce flood damage and why their effectiveness varies across 9 

regions. This study develops a resilience-mediated analytical framework linking adaptation technologies to 10 

reductions in heavy rainfall damage through two dimensions of regional climate resilience: adaptive capacity and 11 

vulnerability reduction capacity. Using panel data for 229 municipalities in South Korea from 2016 to 2022, we 12 

first estimate how adaptation technologies strengthen each resilience dimension and then examine how these 13 

improvements reduce observed flood damage. The resulting damage reductions are translated into economic 14 

benefits using Benefit–Cost Ratio (BCR) and Cost-Effectiveness Threshold (CET) analyses. 15 

The results show that adaptation technologies strengthen regional resilience through distinct pathways. Green 16 

roofs and rainwater retention tanks are primarily associated with adaptive capacity, whereas permeable pavements 17 

mainly improve vulnerability reduction capacity. Both resilience dimensions are associated with lower heavy 18 

rainfall damage, although their relative importance varies across municipalities. Economic evaluation further 19 

reveals substantial regional differences in the cost-effectiveness of adaptation technologies, indicating that region-20 

specific technology portfolios provide more efficient adaptation than uniform investment strategies. By 21 

integrating resilience analysis with economic evaluation, this study provides an empirical framework for 22 

prioritizing regional adaptation investments under increasing climate risks. 23 

 24 
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1. Introduction 28 

Climate change has substantially increased the frequency and intensity of extreme precipitation events 29 

worldwide, resulting in escalating flood damages, infrastructure disruptions, and socioeconomic losses (IPCC  30 

2014, 2022). Consequently, governments have invested heavily in adaptation measures designed to reduce flood 31 

risks and strengthen regional climate resilience to increasingly frequent hydrological extremes. 32 

Heavy rainfall adaptation technologies such as green roofs, permeable pavements, and rainwater retention 33 

tanks have been widely adopted to reduce urban flood risks (Li et al. 2019; Azhar et al. 2025). Previous studies 34 

have demonstrated their hydrological performance, including runoff reduction, infiltration enhancement, and 35 

stormwater retention (Koo et al. 2013; Berndtsson 2010). However, technology performance often varies across 36 

regions because adaptation outcomes depend not only on engineering design but also on local rainfall, land-cover, 37 

catchment, and infrastructure conditions (Qin et al. 2013; Golden and Hoghooghi 2018). 38 

Consequently, climate resilience has emerged as a central concept in adaptation research. Rather than viewing 39 

disaster losses solely as a function of hazard intensity, resilience emphasizes the capacity of communities and 40 

institutions to anticipate, absorb, adapt to, and recover from climate-related disturbances (IPCC 2012; 41 

Zevenbergen et al. 2020). At the regional level, resilience is shaped by place-based vulnerability and adaptive 42 

capacity (Cutter et al. 2008; Engle 2011). From this perspective, adaptation technologies may contribute to flood-43 

damage reduction by strengthening regional resilience in addition to their direct engineering functions.  44 

Despite growing research on flood damage prediction, resilience assessment, and engineering evaluation of 45 

adaptation technologies, three important limitations remain. First, previous studies largely estimate relationships 46 

between rainfall and damages without examining the mechanisms through which adaptation investments reduce 47 

losses (Adelodun et al. 2023; Song et al. 2025). Second, resilience is commonly measured using composite indices 48 

that compare regional conditions and spatial differences (Cutter et al. 2010; Yoon et al. 2016; Kim and Song 2018; 49 

Seo et al. 2022; Baik et al. 2024). However, such approaches often treat resilience as a static index rather than as 50 

an intermediate process linking adaptation measures to disaster outcomes (Carvalhaes et al. 2021; Laurien et al. 51 

2022). Moreover, resilience indicators have rarely been empirically validated against observed disaster outcomes 52 

(Shiozaki et al. 2024). Third, economic evaluations often rely on engineering simulations rather than observed 53 

regional damage data, providing limited evidence on the real-world effectiveness of adaptation technologies 54 

across heterogeneous municipalities (Jee et al. 2023). 55 

To address these gaps, this study develops a resilience-mediated analytical framework that links heavy rainfall 56 

adaptation technologies to flood damage reduction through two dimensions of regional climate resilience: 57 

adaptive capacity and vulnerability reduction capacity. Using panel data from 229 municipalities in South Korea 58 

during 2016–2022, we estimate how adaptation technologies strengthen these resilience dimensions, how 59 

resilience reduces observed flood damages, and how these effects translate into economic benefits using benefit–60 

cost ratio (BCR) and cost-effectiveness threshold (CET) analyses. 61 

This study makes three contributions. First, it demonstrates empirically that adaptation technologies reduce 62 

flood damage through distinct resilience pathways rather than a single direct mechanism. Second, it integrates 63 

technology deployment, multidimensional climate resilience, and observed flood damages within a unified 64 

empirical framework using nationwide municipal panel data. Third, it combines resilience analysis with economic 65 

evaluation to identify region-specific adaptation strategies that improve investment efficiency under increasing 66 
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climate risks. 67 

 68 

2. Analytical Framework and Methodology 69 

2.1 Conceptual and Empirical Framework 70 

Climate adaptation technologies reduce heavy rainfall damage not only through their physical functions but 71 

also by strengthening the resilience of regional systems. Accordingly, this study conceptualizes regional climate 72 

resilience as the mechanism linking adaptation technologies to observed flood damage. Fig. 1 illustrates the 73 

analytical framework. 74 

 75 

Fig. 1 Analytical framework of the two-stage economic evaluation  76 

 77 

[Insert Fig. 1 here] 78 

 79 

Heavy rainfall adaptation technologies—including green roofs, permeable pavements, and rainwater retention 80 

tanks—are assumed to influence two complementary dimensions of regional climate resilience: adaptive capacity 81 

and vulnerability reduction capacity. Adaptive capacity refers to the ability of municipalities to anticipate, respond 82 

to, and recover from heavy rainfall events through institutional, socioeconomic, and infrastructural resources. 83 

Vulnerability reduction capacity reflects improvements in physical and environmental conditions that reduce 84 

exposure and susceptibility to flood damage before hazards occur. Distinguishing these two dimensions enables 85 

the identification of technology-specific resilience pathways rather than treating resilience as a single composite 86 

construct. 87 

To operationalize this framework, the empirical analysis follows a two-stage approach. In the first stage, 88 

adaptation technologies are linked to the physical components of adaptive capacity and vulnerability reduction 89 

capacity to estimate how different technologies strengthen distinct resilience dimensions. Because each 90 

technology addresses different aspects of flood risk management, they are expected to contribute to regional 91 

resilience through different mechanisms. 92 

In the second stage, the predicted resilience measures obtained from the first-stage models are related to 93 

observed heavy rainfall damage. This approach reflects the assumption that adaptation technologies influence 94 

disaster losses indirectly by improving regional resilience rather than through a single direct effect. Estimating 95 

resilience separately from disaster outcomes also helps distinguish the contribution of adaptation investments 96 

from other environmental and socioeconomic factors affecting flood damage. 97 

Finally, the estimated reductions in heavy rainfall damage are translated into monetary benefits and compared 98 

with annual technology costs using Benefit–Cost Ratio (BCR) and Cost-Effectiveness Threshold (CET) analyses. 99 

Within this framework, economic evaluation represents the final application of the resilience analysis, providing 100 

evidence for identifying region-specific adaptation strategies under heterogeneous climatic and socioeconomic 101 

conditions. 102 

 103 

2.2. Empirical Models and Economic Evaluation  104 
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Following the conceptual framework described in Section 2.1, the empirical analysis consists of two sequential 105 

stages (Fig. 1). The first stage estimates how heavy rainfall adaptation technologies strengthen regional climate 106 

resilience, while the second stage examines how these resilience improvements reduce observed heavy rainfall 107 

damage. The resulting damage reductions are subsequently converted into monetary benefits for economic 108 

evaluation. 109 

 110 

Stage 1. Effects of adaptation technologies on regional climate resilience 111 

Regional climate resilience is represented by two complementary dimensions: adaptive capacity and 112 

vulnerability reduction capacity. Separate fixed-effects models are estimated for each resilience dimension as 113 

functions of adaptation technology adoption as following equations (1) and (2). 114 𝑙𝑛(ܺ1௣ℎ௬௦௜௖௔௟,௜௧) = 0ߜ + ௜௧ݒ݌݉݌1ߜ + ݋݋ݎݎ2݃ߜ ௜݂௧ + ௜௧ݐ𝑛݁ݐ݁ݎ3ߜ + ௜௧ݑ+ + ௜ߝ + ௧ߠ                   (1) 115           𝑙𝑛(ܺ2௣ℎ௬௦௜௖௔௟,௜௧) = 0ߛ + ௜௧ݒ݌݉݌1ߛ + ݋݋ݎݎ2݃ߛ ௜݂௧ + ௜௧ݐ𝑛݁ݐ݁ݎ3ߛ + ௜௧′ݑ + ௜′ߝ + ௧′ߠ                 (2) 116 

where  ܺ1௣ℎ௬௦௜௖௔௟,௜௧  denotes physical component of adaptive capacities for municipality ݅  in year ݐ  and 117 ܺ2௣ℎ௬௦௜௖௔௟,௜௧  denotes physical component of vulnerability reduction capacities for municipality ݅  in year 118 .ݐ 

Explanatory variables include adoption quantities (units or area) of each of the three heavy rainfall adaptation 119 

technologies: permeable pavements (ݒ݌݉݌௜௧), green roofs (݃݋݋ݎݎ ௜݂௧), and rainwater retention tanks (݁ݐ݁ݎ𝑛ݐ௜௧). 120 

The terms ߝ௜and ߝ௜′represent municipality fixed effects, while ߠ௧and ߠ௧′ represent year fixed effects. The error 121 

terms ݑ௜௧and ݑ௜௧′  capture unobserved factors that are not explained by the technology variables or the fixed 122 

effects in equations (1) and (2), respectively. These error terms are assumed to have zero conditional means and 123 

constant conditional variances, such that ݑ)ܧ௜௧ ∣ ܶ݁ܿℎ௞) = ௜௧ݑ)ݎܸܽ ,0 ∣ ܶ݁ܿℎ௞) = ′௜௧ݑ)ܧ ௨2 andߪ ∣ ܶ݁ܿℎ௞) =124 0 ′௜௧ݑ)ݎܸܽ , ∣ ܶ݁ܿℎ௞) = ௨2′ߪ . All regressions use log-transformed dependent variables to reflect diminishing 125 

marginal effects of technology adoption on physical resilience components.  126 

The estimated coefficients are used to derive the predicted adaptive capacity and vulnerability reduction capacity 127 

indices, which summarize the resilience improvements attributable to adaptation technologies. Based on the 128 

regression coefficients (ߜ௞, ߛ௞), we calculate the marginal effect of each technology k (ܶ݁ܿℎ௞) on adaptation or 129 

vulnerability reduction as equations (3) and (4). 130 

         డ௑ 1೛ℎ೤ೞ೔೎ೌ೗,೔೟డ்௘௖ℎೖ = ௞ߜ × ܺ 1௣ℎ௬௦௜௖௔௟,௜௧ , ݇  ݁ݎℎ݁ݓ          = 1,2,3              (3) 131 డ௑ 2೛ℎ೤ೞ೔೎ೌ೗,೔೟డ்௘௖ℎೖ = ௞ߛ × ܺ 2௣ℎ௬௦௜௖௔௟,௜௧ , ݇  ݁ݎℎ݁ݓ          = 1,2,3      (4) 132 

Using these predicted values, we construct the predicted adaptive capacity index (X1̂௜௧ ) and the predicted 133 

vulnerability reduction capacity index (X2̂௜௧) by summing across all sub-sector indices including economic, social, 134 

physical, governance and human domains as equations (5) and (6). The detailed composition of each domain is 135 

presented in Tables 3 and 4. 136 ܺ1̂௜௧  = ܺ1௘௖௢௡௢௠௬,௜௧ + ܺ1௦௢௖௜௔௟,௜௧ + ܺ1̂௣ℎ௬௦௜௖௔௟,௜௧ + ܺ1௚௢௩௘௥௡௔௡௖௘,௜௧ + ܺ1ℎ௨௠௔௡,௜௧ (5) 137 ܺ2̂௜௧ = ܺ2௘௖௢௡௢௠௬,௜௧ + ܺ2௦௢௖௜௔௟,௜௧ + ܺ2̂௣ℎ௬௦௜௖௔௟,௜௧ + ܺ2௚௢௩௘௥௡௔௡௖௘,௜௧ + ܺ2ℎ௨௠௔௡,௜௧ (6) 138 

 139 

Stage 2. Effects of resilience on heavy rainfall damage 140 

The second stage evaluates how predicted improvements in regional climate resilience are associated with 141 

annual recorded heavy-rainfall damage costs. The dependent variable is defined as the sum of reported direct 142 
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damage and recovery expenditures for each municipality-year. Inspection of the administrative records revealed 143 

cases in which direct damage was recorded as zero despite positive recovery expenditures, indicating that 144 

individual components of economic loss may not always be fully captured in the direct-damage records. More 145 

generally, very small or unreported losses may be recorded at the lower reporting bound rather than at their 146 

underlying values. Accordingly, zero total-damage observations are treated as potentially left-censored at zero, 147 

and a panel Tobit model is employed.  148 

Rather than using the observed resilience indices directly, the model incorporates the predicted adaptive-149 

capacity and vulnerability-reduction-capacity indices obtained from the first-stage models, thereby focusing on 150 

the components of resilience systematically associated with adaptation-technology adoption. 151 

This study considered a model where log-transformed heavy rainfall damage (𝑙𝑛(ݕ௜௧)) is explained by the 152 

log-transformed predicted values of adaptive capacity (𝑙𝑛(ܺ1̂௜௧)), predicted values of vulnerability reduction 153 

capacity (𝑙𝑛(ܺ2̂௜௧)), and meteorological variables (ܺ3௜௧ , ܺ4௜௧). Here, the meteorological variables ܺ3௜௧  and 154 ܺ4௜௧  represent the heavy rainfall variables for period ݐ and municipality ݅ , respectively, denoting the total 155 

annual precipitation and the daily average precipitation on heavy rainfall days. The term ߙ௜ captures unobserved 156 

municipality-level heterogeneity that is not directly observed but may affect heavy rainfall damage costs. The 157 

error term ݁௜௧ represents time-varying unobserved factors that are not explained by the resilience variables or 158 

meteorological controls. It is assumed to have a zero conditional mean and finite variance, and, under the standard 159 

Tobit maximum likelihood framework, is assumed to follow a normal distribution. The resulting heavy rainfall 160 

damage cost model is given by equation (7). 161 

 162 

 163 ln ∗௜௧ݕ = 0ߚ + 1𝑙ߚ 𝑛(ܺ1̂௜௧) + 2𝑙ߚ 𝑛(ܺ2̂௜௧) + 3ܺ3௜௧ߚ + 4ܺ4௜௧ߚ + ௜ߙ + ݁௜௧ 164 ݕ௜௧ = { ∗௜௧ݕ  ∗௜௧ݕ   ݂݅       > ∗௜௧ݕ  ݂݅         0  0 ≤  0                      (7) 165 

The estimated coefficients indicate the extent to which improvements in adaptive capacity and vulnerability 166 

reduction capacity are associated with reductions in observed heavy rainfall damage after controlling for 167 

meteorological conditions. 168 

 169 

Economic evaluation 170 

The estimated reductions in heavy rainfall damage are translated into monetary benefits by combining the first-171 

stage technology effects with the second-stage resilience effects. Municipality-specific benefits are obtained by 172 

multiplying the estimated marginal damage reductions by observed damage costs. 173 

The marginal economic benefit of each adaptation technology is calculated by combining the estimated effects 174 

from the first-stage resilience model with the resilience coefficients obtained from the second-stage damage model. 175 

The resulting marginal effect represents the expected reduction in economic damage associated with an additional 176 

unit of technology deployment while accounting for the resilience pathways identified in the empirical framework. 177 

The marginal benefits of an additional unit of technology ݇ in municipality ݅ and year ݐ are then derived 178 

by combining the marginal effects of technology on policy capacities (from Stage 1) with the marginal effects of 179 

those capacities on damage (from Stage 2). 180 



6 

 

௞,௜௧ݐ𝑛݂݁݅݁ܤ              = ߲𝑙𝑛(ܺ1̂௜௧)߲ܶ݁ܿℎ௞ × ௜௧߲𝑙𝑛(ܺ1̂௜௧)ݕ߲ + ߲𝑙𝑛(ܺ2̂௜௧)߲ܶ݁ܿℎ௞ ×  ௜௧߲𝑙𝑛(ܺ2̂௜௧) 181ݕ߲

        = ௞ߜ × ௑1̂೛ℎ೤ೞ೔೎ೌ೗,೔೟௑1̂೔೟ × 1ߚ × ௜௧ݕ + ௞ߛ × ௑2̂೛ℎ೤ೞ೔೎ೌ೗,೔೟௑2̂೔೟ × 2ߚ × ௜௧ݕ             (8)  182 

 183 

The predicted reduction in heavy rainfall damage derived from this model constitutes the basis for the 184 

subsequent economic evaluation. Economic performance is then evaluated using two complementary indicators: 185 

the Benefit–Cost Ratio (BCR) and the Cost-Effectiveness Threshold (CET).  186 

The BCR for adaptation technology j is calculated as ܥܤ ௝ܴ = ௝ݐݏ݋ܥ 𝑙ܽݐ݋ܶ/௝ݐ𝑛݂݁݅݁ܤ 𝑙ܽݐ݋ܶ , where 187 ܶܽݐ݋𝑙 ݁ܤ𝑛݂݁݅ݐ௝  denotes the estimated annual economic benefit derived from resilience-mediated reductions in 188 

heavy rainfall damage, and ܶܽݐ݋𝑙 ݐݏ݋ܥ௝ represents the corresponding annualized implementation and 189 

maintenance cost. Although the BCR provides a useful measure of economic efficiency, it does not indicate the 190 

minimum level of damage reduction required for an adaptation technology to become economically viable, that 191 

is, the marginal effect. In this context, the CET indicates the expected benefits that can be achieved with limited 192 

resources, without assuming any additional stand-alone budget allocation (Thokala et al. 2018). The CET is 193 

calculated as ܧܥ ௝ܶ = ௝ݐݏ݋ܥ 𝑙ܽݐ݋ܶ∆/௝ݐ𝑛݂݁݅݁ܤ 𝑙ܽݐ݋ܶ∆  , where  ∆ܶܽݐ݋𝑙 ݁ܤ𝑛݂݁݅ݐ௝  and as ∆ܶܽݐ݋𝑙 ݐݏ݋ܥ௝ 194 

denotes the estimated marginal economic benefit and cost, respectively, generated by one additional unit of 195 

adaptation technology. Together, the resilience models and economic evaluation provide a unified framework for 196 

identifying region-specific adaptation strategies that combine resilience enhancement with economic efficiency. 197 

 198 

3. Data 199 

3.1. Data Structure 200 

This study constructed a panel dataset of 229 cities, counties, and districts nationwide covering seven years 201 

from 2016 to 2022 (Table 1). The dependent variable, damage costs, was defined as total damage cost, calculated 202 

as summing the annual heavy rainfall and typhoon damage costs provided by the Ministry of the Interior and 203 

Safety's Natural Disaster Yearbook and Natural Disaster Situation Statistics, along with the corresponding region's 204 

recovery expenditure. This approach reflects the idea that heavy rain damage costs encompass not only the direct 205 

costs incurred at the time of occurrence but also the costs used to restore the affected areas afterward, thereby 206 

comprehensively reflecting the actual economic damage. Examining the total damage costs by region (Table 2), 207 

Chung-Buk, Jeju, Jeon-Nam, and Gyeong-Buk showed relatively high levels of heavy-rainfall damage, whereas 208 

Daegu, Incheon, Daejeon, and Sejong experienced comparatively low damage. The high-damage regions were 209 

largely province-level regions, which generally cover broader rural, agricultural areas, while the low-damage 210 

regions were mostly metropolitan cities with more compact urban territories. This pattern suggests that heavy-211 

rainfall damage is not only related to rainfall intensity, but also to the spatial and land-use characteristics of each 212 

region. 213 

 214 

[Insert Table 1 here] 215 

[Insert Table 2 here] 216 
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 217 

The climate resilience index developed in this study was divided into two policy-relevant components: (i) 218 

Vulnerability Reduction Capacity, consisting of 13 indicators, and (ii) Adaptive Capacity, consisting of 36 219 

indicators. Vulnerability Reduction Capacity refers to the ability of a region to reduce structural exposure and 220 

sensitivity before heavy rainfall causes severe damage, whereas Adaptive Capacity refers to the ability to absorb, 221 

respond to, and recover from the impacts after a heavy-rainfall event occurs. This distinction is important because 222 

heavy rainfall damage is not determined only by the magnitude of rainfall itself, but also by whether a region is 223 

structurally exposed to damage in advance and whether it has sufficient capacity to respond once damage occurs. 224 

This conceptual distinction builds on the resilience framework proposed by Hwang (2024) and extends it to the 225 

context of heavy rainfall and flooding in this study. 226 

Variables for each component were classified based on their functional attributes. Indicators representing 227 

vulnerability, such as the proportion of elderly population, the percentage of semi-basement or low-lying housing, 228 

and the impervious surface ratio, were normalized through sign reversal so that higher values indicate lower 229 

vulnerability and greater damage-reduction capacity. After normalization, the adaptive capacity and vulnerability-230 

reduction capacity indices were constructed using the entropy weighting method. The entropy method assigns 231 

weights according to the degree of informational variation in each indicator, allowing indicators with greater 232 

variation across municipalities and years to contribute more to the composite index (Shannon 1948; Guo et al. 233 

2021; Lee et al. 2020). This approach reduces the arbitrariness of equal weighting and allows the index to reflect 234 

the relative informational contribution of each indicator. The weighted indicators were then aggregated to 235 

construct the two composite indices used in the empirical analysis. The list of indicators included in each 236 

component and their detailed definitions are presented in Tables 3 and 4. This framework reflects the idea that 237 

heavy-rainfall damage is determined by the interaction between external shocks, such as rainfall intensity and 238 

frequency, and internal regional conditions, such as vulnerability, infrastructure, and adaptive capacity. Using this 239 

approach, this study examines whether locally implemented adaptation technologies reduce heavy-rainfall damage 240 

by strengthening specific components of climate resilience, namely vulnerability-reduction capacity and adaptive 241 

capacity. 242 

 243 

[Insert Table 3 here] 244 

[Insert Table 4 here] 245 

 246 

3.2. Descriptive statistics of key variables 247 

Table 5 reports the annual average values of heavy rainfall damage costs, climate resilience indices, and 248 

meteorological variables observed at the Si-Gun-Gu1 level. Table 6 summarizes the average climate resilience 249 

index and precipitation characteristics by city/province. 250 

 

1 Si/Gun/Gu refers to South Korea’s basic local administrative units, consisting of cities (Si), counties (Gun), and districts 
(Gu). This scale has been widely used as a community-level unit in Korean disaster resilience studies(Yoon et al. 2016). 
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 251 

[Insert Table 5 here] 252 

[Insert Table 6 here] 253 

 254 

4. Results  255 

4.1. Effects of Adaptation Technologies on Resilience Pathways 256 

4.1.1. First-stage estimates: Technology-specific effects on adaptive capacity and vulnerability reduction 257 

capacity 258 

Table 7 presents the first-stage regression results estimating how the adoption of heavy rainfall adaptation 259 

technologies is associated with the physical components of regional climate resilience. The results show that green 260 

roofs and rainwater retention tanks have statistically significant positive associations with the physical component 261 

of adaptive capacity, whereas permeable pavements have a statistically significant positive association with the 262 

physical component of vulnerability-reduction capacity. These findings suggest that the observed effects of 263 

adaptation technologies are not uniform across resilience dimensions. 264 

Technology-specific patterns can be interpreted in relation to the physical functions through which each 265 

measure supports heavy rainfall adaptation and regional climate resilience. Previous studies have shown that 266 

permeable pavements reduce surface runoff by increasing rainfall infiltration in impervious urban areas, thereby 267 

mitigating runoff concentration and flood risk (Koo et al. 2013). Green roofs have also been widely discussed as 268 

stormwater management measures because vegetation and substrate layers can retain rainfall, delay runoff, and 269 

reduce drainage pressure in urban areas (Berndtsson 2010). In addition, rainwater storage and drainage related 270 

measures are generally designed to temporarily store excess stormwater and reduce inundation risk, particularly 271 

in urban watersheds exposed to extreme rainfall (Choi et al. 2017; Jee et al. 2023). 272 

Based on these functions, the estimated results suggest that each technology is associated with different 273 

components of regional climate resilience. Permeable pavements are closely linked to vulnerability-reduction 274 

capacity because they enhance infiltration and reduce runoff in urban areas where roads and paved surfaces  275 

account for a large share of the built environment. This function is consistent with the role of vulnerability 276 

reduction capacity, which captures improvements in physical and environmental conditions that reduce exposure 277 

and sensitivity before severe damage occurs. In contrast, rainwater retention tanks are more closely related to 278 

adaptive capacity because they expand the ability of regional systems to temporarily store and manage excess 279 

stormwater during heavy-rainfall events. Similarly, green roofs appear to contribute more strongly to adaptive 280 

capacity through urban green infrastructure functions, such as vegetation-based retention, localized stormwater 281 

buffering, and reduced pressure on drainage systems. 282 

Overall, these results suggest that heavy rainfall adaptation technologies strengthen regional climate 283 

resilience through different pathways. This does not imply that the technologies are mutually exclusive or non-284 

substitutable in all contexts. Rather, it indicates that their policy relevance should be evaluated according to the 285 

specific resilience dimension they are most likely to strengthen. Therefore, a tailored technology portfolio aligned 286 

with local resilience conditions may provide more useful policy guidance than a uniform dissemination strategy 287 
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based only on technology type. 288 

 289 

[Insert Table 7 here] 290 

 291 

4.1.2. Estimated Impacts of each capacity on heavy rainfall damage 292 

Table 8 reports the results of the second-stage panel Tobit estimation, which examines the effects of climate 293 

resilience and meteorological conditions on heavy-rainfall damage costs. Since a substantial number of 294 

observations report zero damage, the dependent variable is transformed as ln(1 + damage costs), and the model is 295 

estimated with zero as the left-censoring point. The predicted adaptive capacity and vulnerability-reduction 296 

capacity variables are log-transformed, while the meteorological variables include total precipitation and average 297 

precipitation on heavy-rainfall days. 298 

The results show that both components of climate resilience are negatively associated with heavy-rainfall 299 

damage costs. Specifically, a 1% increase in adaptive capacity is associated with an approximately 2.8% decrease 300 

in damage costs, while a 1% increase in vulnerability-reduction capacity is associated with an approximately 10.2% 301 

decrease in damage costs. These estimates suggest that both resilience pathways contribute to damage reduction, 302 

but that the vulnerability-reduction pathway has a comparatively stronger association with observed heavy-rainfall 303 

damage. 304 

The comparatively larger estimate for vulnerability reduction capacity is consistent with flood-risk 305 

frameworks that emphasize exposure and susceptibility as key determinants of heavy rainfall damage. 306 

Vulnerability reduction capacity captures pre-event physical and environmental conditions, such as impervious 307 

surfaces, low-lying or semi-basement housing, drainage channels, aged sewer infrastructure, and other exposure-308 

related factors. Improvements in these conditions can reduce the likelihood that heavy rainfall is translated into 309 

severe economic damage by lowering the structural sensitivity of municipalities before damage occurs (Kreibich 310 

et al. 2005). Adaptive capacity represents a complementary resilience pathway. It reflects the ability of regional 311 

systems to anticipate, absorb, respond to, and recover from heavy-rainfall shocks through institutional, 312 

socioeconomic, and infrastructural resources. Its negative association with damage costs indicates that response, 313 

buffering, and recovery-related capacities also play a meaningful role in reducing heavy-rainfall damage. 314 

Therefore, the larger coefficient of vulnerability-reduction capacity should not be interpreted as evidence that 315 

adaptive capacity is unimportant. Rather, the results suggest that ex-ante reductions in exposure and susceptibility 316 

may be especially important in municipalities where physical and environmental conditions amplify rainfall 317 

impacts, while adaptive capacity remains necessary for managing residual risks that cannot be fully prevented. 318 

The meteorological variables are positively associated with damage costs. A 1 mm increase in total annual 319 

precipitation is associated with an approximately 0.73% increase in damage costs, and a 1 mm increase in average 320 

precipitation on heavy-rainfall days is associated with an approximately 4.62% increase in damage costs. These 321 

results indicate that both the overall amount of rainfall and the intensity of heavy-rainfall events contribute to 322 

increasing economic damage.  323 

Nevertheless, the magnitude of the resilience coefficients should be interpreted with caution. The resilience 324 

variables used in this study are composite indices constructed from multiple sub-domains rather than single 325 

physical indicators. Therefore, a 1% increase in these indices does not represent a change in one isolated factor, 326 
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but rather reflects simultaneous improvements across several underlying components. In addition, because the 327 

dependent variable is specified as ln(1 + damage costs) in a censored panel Tobit framework, the coefficients 328 

should be interpreted as elasticity-type associations rather than precise engineering response parameters. 329 

Accordingly, the results are most useful for understanding the direction and relative importance of alternative 330 

resilience pathways in reducing heavy-rainfall damage. 331 

 332 

[Insert Table 8 here] 333 

 334 

4.2. Marginal Benefits of unit technologies 335 

 336 

4.2.1. Distribution of marginal benefits of technologies 337 

Table 9 reports the distribution of marginal benefits for each technology. All three technologies exhibited a 338 

minimum observed benefit of zero USD. This arises mechanically from the benefit calculation, because 339 

observations with zero damage costs yield zero benefits when multiplied by the estimated marginal effects. 340 

Permeable pavement provides an average benefit of approximately 4.785 USD per square meter, with benefits 341 

ranging from a minimum of zero USD to a maximum of 280.97 USD, and a median of 0.087 USD, indicating a 342 

relatively low level. Green roofs showed an average benefit of 11.706 USD per square meter, with a very wide 343 

distribution ranging from a minimum of zero USD to a maximum of 693.77 USD and a median of 0.179 USD. 344 

This wide range may reflect heterogeneity in installation contexts, vegetation types, building conditions, and 345 

regional exposure to heavy rainfall. Rainwater retention tanks generate an average estimated benefit of 5,027.54 346 

USD per installed unit. Because the technologies are measured in different physical units, the absolute benefit 347 

estimates should not be directly compared across technologies. The estimated benefits of rainwater retention tanks  348 

also exhibit substantial variation, with benefits ranging from zero USD to a maximum of 299,401 USD and a 349 

median of 76.93 USD. This pattern is likely driven by large differences in installation scale across projects.  350 

Taken together, the highly skewed distribution of marginal benefits suggests that the economic value of 351 

adaptation technologies is not determined by technology characteristics alone. Because marginal benefits are 352 

derived by translating resilience-mediated damage reduction into monetary terms, benefits become larger when 353 

three conditions coincide: the technology strengthens a relevant resilience pathway, the municipality is sufficiently 354 

exposed to heavy-rainfall damage, and the damage cost is large enough for resilience improvements to generate 355 

observable monetary benefits. Thus, the wide dispersion of marginal benefits provides additional evidence that 356 

adaptation effectiveness is jointly shaped by technology function, resilience pathway, and regional risk context. 357 

 358 

[Insert Table 9 here] 359 

Fig. 2 presents a scatter plot of the marginal benefits of three technologies. The X-axis represents climate 360 

resilience, defined as the sum of adaptive capacity and vulnerability reduction capacity. The Y-axis represents 361 

benefits for each technology. 362 

The three technologies exhibit broadly similar distributions in the plot, and all show a tendency for damage 363 

cost reduction to be larger at higher levels of climate resilience. In particular, the blue-marked point represents 364 
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Seogwipo City in Jeju, which records the largest damage cost reduction across all three technologies. This result 365 

may reflect Seogwipo City’s distinctive climatic and geographical characteristics, under which additional 366 

adoption of heavy rainfall adaptation technologies generates particularly large marginal benefits. As part of Jeju 367 

Island, Seogwipo is exposed to island-specific climate risks, including relatively high total and average 368 

precipitation, frequent typhoon-related rainfall and wind events, and heavy rainfall influenced by coastal and 369 

mountainous topography. These conditions can lead to relatively high damage costs and therefore benefits from 370 

damage reduction are estimated to be larger when the technologies are applied. 371 

 372 

Fig. 2 Distribution of estimated marginal benefits by technology and climate resilience: (a) Permeable 373 

Pavement, (b) Green Roofs, and (c) Rainwater Retention Tanks 374 

 375 

[Insert Fig. 2 here] 376 

 377 

4.2.2. Distribution of marginal benefits across municipalities 378 

Table 10 summarizes the seven-year average distribution of marginal benefits and heavy-rainfall climate-379 

resilience levels across 229 local governments, along with the marginal effects of each technology by region. As 380 

shown in Table 10, regions with high damage costs—such as Chung-Buk, Jeju, Jeon-Nam, and Gyeong-Buk—381 

tend to exhibit higher marginal benefits. By contrast, regions with lower damage costs, such as Daegu, Incheon, 382 

Daejeon, and Sejong, show smaller marginal benefits. This pattern suggests that the monetary value of technology 383 

adoption is closely related to the underlying scale of heavy-rainfall damage. In other words, the same resilience-384 

mediated improvement can generate larger estimated benefits in municipalities where potential avoided losses are 385 

greater. 386 

However, damage exposure alone does not fully explain the regional distribution of marginal benefits. 387 

Although Jeju's average damage costs were lower than those of Chung-Buk, Jeon-Nam, and Gyeong-Buk, the 388 

marginal benefits from green roofs and rainwater retention tanks are higher. This may reflect Jeju's distinctive 389 

island characteristics, including high precipitation exposure, frequent rainfall, coastal topography, and 390 

mountainous terrain. These local climatic and geographical conditions can interact with technology-specific 391 

resilience pathways, making certain technologies more beneficial in Jeju than would be expected from damage 392 

costs alone. Therefore, adaptation benefits should be interpreted as region–technology-specific outcomes rather 393 

than as fixed technology-level effects. This reinforces the need to evaluate not only which technology is generally 394 

effective, but also where each technology is most likely to produce meaningful resilience-mediated damage 395 

reduction. 396 

[Insert Table 10 here] 397 

4.3. Cost-Effectiveness Thresholds among technologies 398 

 399 

4.3.1. Annual costs of technologies 400 
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The annual total cost for each technology was calculated using data from Korea’s open information portal, 401 

including installation costs, service life, and operational and maintenance expenses. Specifically, the installation 402 

cost was annualized by dividing it by the service life, and annual maintenance costs were then added to obtain the 403 

annual total cost per unit. The annual total cost was highest for rainwater retention tanks at approximately 6,826 404 

USD, followed by green roofs and permeable pavement. Green roofs and rainwater retention tanks have relatively 405 

long service lives and require annual maintenance costs, whereas permeable pavement has a shorter service life 406 

and no separate management costs. 407 

[Insert Table 11 here] 408 

 409 

4.3.2. Cost-Effectiveness Thresholds and Benefit–Cost Ratios of technologies 410 

Based on the estimated annual total costs and benefits, we conducted a benefit–cost ratio (BCR) analysis. First, 411 

the BCR analysis results (Table 12) show that the retention tank achieved an average BCR of 3.97 over the seven-412 

year period. This implies that, on average, the technology reduced heavy rainfall damage costs by almost four 413 

times the amount invested during the same period. Permeable pavement achieved an average BCR of 1.70. 414 

Although the nationwide average BCR exceeds 1.0 indicating overall economic viability, there is substantial 415 

regional heterogeneity, with particularly high effectiveness observed in regions such as Gangwon and Gyeong-416 

Buk. By contrast, green roofs show an average BCR of 0.58, indicating that this technology does not generate 417 

sufficient benefits to cover its costs even when evaluated over the full seven-year horizon. However, green roofs 418 

could potentially serve as an adaptation technology not only for heavy rainfall but also for other heavy weather 419 

events like heatwaves. Furthermore, they may become economically viable if integrated into green-building 420 

certification schemes such as LEED (Leadership in Energy and Environmental Design), where they can interact 421 

synergistically with other heavy rainfall adaptation technologies (Nordman et al. 2018). These considerations 422 

suggest that future research should further explore the broader economic value of green roofs beyond heavy 423 

rainfall damage reduction alone. 424 

 425 

[Insert Table 12 here] 426 

 427 

By contrast, the CET analysis (Table 13, Fig. 3) indicates that all three technologies exceed the cost threshold 428 

of 1.0, suggesting limited economic feasibility. However, the results need to be interpreted with caution because 429 

these are partly driven by the fact that current heavy rainfall damage costs do not include human casualties. In 430 

addition, as seen in Fig. 3, the CET are significantly higher in regions with low heavy rainfall damage due to local 431 

characteristics (e.g., areas with very little rainfall) or in regions with extensive damaged infrastructure (e.g., the 432 

metropolitan area). Adjusting these factors could improve the assessed CET of the technologies in future analysis. 433 

Taken together with the BCR results, these findings suggest that, at the unit-technology level, rainwater retention 434 

tanks and permeable pavements can be regarded as economically viable options. 435 

 436 

[Insert Table 13 here] 437 
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Fig. 3 Cost-Effectiveness Thresholds (CETs) across 229 municipalities: (a) Permeable Pavement, (b) Green 438 

Roofs, and (c) Rainwater Retention Tanks 439 

 440 

[Insert Fig. 3 here] 441 

 442 

 443 

4.3.3. Policy priority classification based on economic evaluation indicators 444 

 To translate the BCR and CET results into policy implications, this study classifies each region–technology 445 

pair into four policy types, as shown in Fig. 4. The BCR and CET provide complementary information for 446 

classifying adaptation priorities. The BCR evaluates whether a technology generates sufficient cumulative 447 

benefits relative to its total costs over the analysis period, whereas the CET evaluates whether an additional unit 448 

of technology adoption is marginally cost-effective. Using these two criteria, each region–technology pair is 449 

classified into four policy types. Type I indicates cases in which total benefits exceed total costs and additional 450 

units are also marginally cost-effective, suggesting priority expansion. Type II indicates cases in which total 451 

benefits exceed total costs, but additional units require selective targeting. Type III indicates cases where 452 

additional units may be cost-effective, but total benefits do not yet exceed total costs, suggesting pilot-scale 453 

implementation. Type IV indicates cases where both total benefits and marginal cost-effectiveness are unfavorable, 454 

implying low priority. 455 

 This integrated classification shows that policy priorities differ not only across regions but also across 456 

technologies. For instance, capital-region municipalities such as Seoul and Gyeonggi may be classified as Type 457 

II when evaluated for rainwater retention tanks, but as Type IV when evaluated for green roofs. This indicates 458 

that the economic feasibility of adaptation technologies depends on the interaction between local conditions and 459 

technology-specific performance. Likewise, from the perspective of a single technology, the regions in which 460 

adoption should be prioritized may differ substantially. Therefore, the results should not be interpreted as 461 

supporting a uniform ranking of technologies across all municipalities. Rather, they suggest that local 462 

governments should design region-specific technology portfolios by considering both cumulative economic 463 

viability and marginal cost-effectiveness. 464 

 465 

Fig. 4 Integrated Benefit–Cost Ratio (BCR) and Cost-Effectiveness Threshold (CET) policy matrix 466 

 467 

[Insert Fig. 4 here] 468 

 469 

5. Conclusion and Policy Implications 470 

This study examined how heavy rainfall adaptation technologies reduce flood damage through regional climate 471 

resilience using panel data from 229 municipalities in South Korea between 2016 and 2022. Regional climate 472 

resilience was decomposed into two complementary dimensions—adaptive capacity and vulnerability reduction 473 
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capacity—to identify the pathways through which green roofs, permeable pavements, and rainwater retention 474 

tanks contribute to disaster risk reduction. The resilience-mediated damage reductions were subsequently 475 

translated into economic benefits using Benefit–Cost Ratio (BCR) and Cost-Effectiveness Threshold (CET) 476 

analyses. 477 

The results provide three main findings. First, adaptation technologies strengthen different dimensions of 478 

regional climate resilience rather than operating through a common mechanism. Green roofs and rainwater 479 

retention tanks are more strongly associated with adaptive capacity, whereas permeable pavements primarily 480 

improve vulnerability reduction capacity. Second, improvements in both resilience dimensions are associated with 481 

lower heavy rainfall damage, although their relative importance varies across municipalities, highlighting 482 

substantial regional heterogeneity in adaptation effectiveness. Third, the economic performance of adaptation 483 

technologies differs considerably among municipalities, indicating that investment priorities should reflect local 484 

climatic, environmental, and socioeconomic conditions rather than relying on uniform technology deployment. 485 

These findings suggest that adaptation planning should move beyond technology-centered approaches toward 486 

resilience-based regional strategies. Municipalities should identify whether their primary adaptation needs relate 487 

to strengthening adaptive capacity or reducing structural vulnerability and prioritize technology portfolios 488 

accordingly. The combined use of resilience analysis and economic evaluation provides a practical framework for 489 

supporting region-specific adaptation decisions under limited public resources. 490 

This study also has several limitations. First, the analysis considers the effects of individual technologies but 491 

does not evaluate potential interactions or synergies among multiple adaptation measures. Second, the damage 492 

data capture only economic losses and therefore do not reflect broader social and environmental impacts, such as 493 

loss of life, health effects, or ecosystem services. Third, although the two-stage empirical framework clarifies the 494 

technology–resilience–damage relationship, endogeneity cannot be fully ruled out because municipalities with 495 

stronger institutional or fiscal capacity may both adopt more adaptation technologies and experience lower 496 

damages. Future research could address these issues by examining technology portfolios, incorporating broader 497 

measures of adaptation benefits, and applying causal identification strategies. 498 

Overall, this study demonstrates that regional climate resilience is not only an outcome of adaptation but also 499 

an important mechanism linking adaptation technologies to disaster risk reduction. By integrating technology 500 

adoption, multidimensional resilience, observed flood damage, and economic evaluation within a unified 501 

empirical framework, the study provides evidence to support more effective and regionally differentiated climate 502 

adaptation policies under increasing heavy rainfall risks. 503 

  504 
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Table 1. Input data lists and sources

Data Items Source 

Flood and storm damage 

costs (Dependent variable) 

Total annual damage costs by municipality, 

including property damages, damages to 

public and private facilities, and total 

recovery expenditures

Ministry of the Interior and Safety 

(MOIS), Natural Disaster Yearbook

(MOIS Natural Disaster Yearbook) 

Heavy rainfall variables  
Annual total precipitation and average 

rainfall on heavy rainfall occurrence days

Korea Meteorological Administration

(KMA), Open MET Data Portal

(ASOS & AWS observations)

Heavy rainfall adaptation 

technology installations

Annual data on the adoption of rainfall 

adaptation technologies
Open information portal of Korea 

Note: All collection periods range from 2016 to 2022 

Table 2. Average Damage Costs by Region                                  

Region
Average Heavy Rainfall 

Damage
Region

Average Heavy Rainfall 

Damage

Seoul 1,710,611 Gangwon 6,415,250

Busan 1,428,235 Chung-Buk 10,774,730

Daegu 28,933 Chung-Nam 7,007,328

Incheon 308,057 Jeon-Buk 4,438,629

Gwangju 2,014,571 Jeon-Nam 9,517,522

Daejeon 595,034 Gyeong-Buk 9,531,980

Ulsan 4,990,581 Gyeong-Nam 4,467,442

Sejong 330,605 Jeju 9,045,154

Gyeong-Gi 3,142,187 Average 4,455,331

Note. Values are expressed in USD. Damage costs include reported heavy-rainfall and typhoon damage costs and 

recovery expenditures. 

Table 3. Indicator configuration variables for Vulnerability Reduction capacities

Note: Indicator classification and data source selection were adapted from Hwang (2024). 

Sector Sub sector Variables Source

Economy Industry development Unemployment rate

Economically Active 

Population Survey from 

KOSIS

Human Vulnerable populations

Population under 5years of age/ population of 

over 65years of age/ number of the disabled

Population Statistics 

Based on Resident 

registration of KOSIS 

Basic livelihood security recipients/ People 

who ungraduated from elementary school
Korean Urban Statistics

Physical 

Infra

Vulnerable facilities

Number of Houses over 30 years old, Semi-

basements/ Roads area/ Railways area/ River 

area/ Drainage channel area

Geospatial Information 

Platform

Green

infrastructure
Ratio of aged sewer pipes Korean Urban Statistics



Table 4. Indicator configuration variables for Adaptive capacities

Note: Indicator classification and data source selection were adapted from Hwang (2024). 

Table 5. Annual Averages of Key Variables

Sectors Sub sectors Variables Sources

Economy

Economic 

Power

Amount of local tax per capita/ financial 

independence rate/ GRDP

Korean Statistical Information 

Service (Referred to as 

KOSIS) Regional Income

Industry

development

R&D expenditures per capita, 

number of researchers
Survey of R&D in Korea

Social

Medical 

response

capability

Number of ambulances
Emergency Medical Services 

Statistics

Number of hospitals, health centers, medical 

personnel, emergency medical centers/ Unmet 

healthcare ratio

Korean Urban Statistics

Number of hospital beds per 1,000 people
e-Regional Indicators of 

KOSIS

Social 

infrastructure

Number of welfare facilities for the aged, the 

homeless, the disabled, the female and children/ 

Number of registered volunteers

Korean Urban Statistics

Physical 

Infra

Green

infrastructure

Park area/ green area/ forest area Korean Urban Statistics

Dikes/ Installed length of sewer pipes/ 

Detention basin/ Water retention area

Water Resources Management 

Statistical Yearbook

Governance

Budget

Amount of welfare budget
Local Finance

Integrated Open System

Natural disasters management fund, Natural 

disasters aid fund 
KOSIS

Disaster 

readiness

Population per 1 fire-fighting officer/ number of 

Municipal officials, Province officials, fire-

fighters 

Korean Urban Statistics

Wind and flood insurance subscriptions, 

Temporary housings for refugees, Relief 

supplies reserves

Ministry of the Interior and 

Safety

human KOSIS Population density KOSIS

Year
Heavy Rainfall 

Damages  

(USD)

Adaptive Capacity 

Index

Vulnerability 

Reduction Index

Total Annual 

Precipitation 

(mm)

Average 

Precipitation On 

Heavy Rainfall 

Days

2016 3,634,605 26.69 14.59 1,240.64 114.44

2017 1,219,008 16.75 14.87 961.03 82.42

2018 1,519,474 32.78 14.67 1,401.08 117.24

2019 4,467,838 19.59 16.07 1,152.36 84.32

2020 16,316,347 16.88 16.18 1,630.91 112.69

2021 1,028,370 18.66 15.98 1,220.02 68.37

2022 6,444,844 18.35 15.43 1,198.30 94.69

Average 4,947,119 21.39 15.40 1,257.76 96.31



Table 6. Regional Averages of Key Variables

Region
 Adaptive Capacity 

Index

Vulnerability 

Reduction Index

Total Annual 

Precipitation (mm)

Average Precipitation 

On Heavy Rainfall 

Days

Seoul 22.28 15.68 1,244.26 95.47

Busan 21.99 15.74 1,551.81 118.71

Daegu 21.33 15.73 1,005.71 70.90

Incheon 20.74 15.51 1,071.70 95.53

Gwangju 18.44 15.63 1,267.23 103.55

Daejeon 20.32 14.86 1,248.55 86.25

Ulsan 22.27 14.83 1,447.96 123.52

Sejong 22.42 14.82 1,274.00 90.92

Gyeong-Gi 21.82 15.27 1,224.06 94.87

Gangwon 21.61 15.31 1,327.74 106.12

Chung-Buk 22.58 15.34 1,159.50 88.30

Chung-Nam 22.64 14.71 1,102.51 82.79

Jeon-Buk 22.56 15.05 1,247.54 82.80

Jeon-Nam 20.73 15.66 1,283.04 101.65

Gyeong-Buk 20.44 15.42 1,115.49 79.04

Gyeong-Nam 19.44 15.57 1,427.28 112.92

Jeju 18.81 15.82 2,029.86 139.36

Average 21.20 15.35 1,295.78 98.39

Table 7. Stage 1 regression Results: Effects of Unit Technologies on Physical dimensions of each capacity

Note: Robust standard errors in parentheses. 

*, **, *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. 

Dependent Variable: 𝑙݊(ܺ1௣ℎ௬௦௜௖௔௟ ,௜௧) Dependent Variable: 𝑙݊(ܺ2௣ℎ௬௦௜௖௔௟,௜௧)
Parameters 

Coeff. Estimates 

(Standard Errors)
Parameters 

Coeff. Estimates 

(Standard Errors)

Intercept δ0 0.33032*** 

(0.007552) 
γ0 2.04488*** 

(0. 0022319) 

Permeable 

Pavement 

(per ݉2) δ1 -4.44e-07 

 (2.74e-07) 
γ1 1.90e-07**

(8.66e-08)

Green Roofs 

(per ݉2) δ2 0.0000107*

(6.29e-06)
γ2 -2.55e-06 

(1.68e-06) 

Rainwater 

Retention Tank 

(per unit) 

δ3 0.004578*

(0.00224256)
γ3  -0.0008734 

(0 .000774) 



Table 8. Stage 2 panel Tobit results: Estimated impact on heavy rainfall damage

Dependent Variable: 𝑙݊(ݕݒܽ݁ܪ ܴ݂ܽ݅݊ܽ𝑙𝑙 ݁݃ܽ݉ܽܦ + 1)
Parameters Coeff. Estimates Standard Errors 

Intercept β0 36.79489** 17.2152 

log(X1 it) β1 -2.799147** 1.326548 

log(X2 it) β2 -10.23913* 5.457848 

X3it β3 0.0073118*** 0.0007964 

X4it β4 0.0451242*** 0.0055381 

Note: The dependent variable is ln(1 + heavy rainfall damage costs). A panel Tobit model is estimated with zero 

as the left-censoring point. Robust standard errors are reported in the final column. 

*, **, *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. 

Table 9. Descriptive statistics of marginal benefits of technologies

Note: Summary statistics are calculated across all municipality-year observations. 

Table 10. Regional averages of marginal benefits of technologies

Region
Permeable Pavement 

(USD/per ݉2) Green Roofs 

(USD/per ݉2) Rainwater Retention Tank   

(USD/per unit)

Seoul 1.82 2.50 1,074.53

Busan 1.43 3.26 1,401.62

Daegu 0.03 0.08 36.41

Incheon 0.32 0.82 350.81

Gwangju 2.11 5.07 2,264.23

Daejeon 0.60 1.48 636.43

Ulsan 4.76 14.62 6,280.66

Sejong 0.31 1.08 465.07

Gyeong-Gi 3.08 3.49 1,501.52

Gangwon 6.09 21.59 9,273.77

Chung-Buk 10.26 29.88 12,835.32

Chung-Nam 6.81 14.48 6,218.88

Jeon-Buk 4.10 12.87 5,528.54

Jeon-Nam 8.62 21.96 9,432.66

Gyeong-Buk 9.53 22.32 9,587.71

Gyeong-Nam 4.53 9.28 3,984.77

Jeju 8.50 31.15 13,379.17

Average 4.29 11.54 4,956.63

Note: Regional values represent seven-year averages. The final row reports the unweighted arithmetic mean across 

the 17 first-level administrative regions.

Minimum 
2nd

Quartile
Median 

3rd

Quartile
Maximum Mean 

Permeable Pavement 

(USD/ ݉2) 0 0.0013 0.0866 1.1319 280.9661 4.7785

Green Roofs (USD/ ݉2) 0 0.0031 0.1791 2.4620 693.7766 11.7060

Rainwater Retention 

Tank 

(USD/ unit)

0 1.3492 76.9308 1,057.3839 299,401.19 5,027.536



Table 11. Estimated annual total cost of technologies

Table 12. Benefit-Cost Ratio of technologies across municipalities

Region
Green Roofs 

(per ݉2) Permeable Pavement 

(per ݉2) Rainwater Retention Tank

(per unit)

Seoul 0.68 0.19 1.28 

Busan 0.31 0.39 2.09 

Daegu 0.01 0.09 0.17 

Incheon 0.20 0.13 0.07 

Gwangju 0.01 1.48 2.12 

Daejeon 0 0.39 0.64 

Ulsan 1.33 0 1.67 

Sejong 0 0 0 

Gyeong-Gi 0.31 2.88 1.81 

Gangwon 1.28 7.68 5.78 

Chung-Buk 0.05 0.05 5.99 

Chung-Nam 1.41 5.01 5.37 

Jeon-Buk 0.10 0.56 1.87 

Jeon-Nam 0.02 1.40 4.17 

Gyeong-Buk 3.13 7.87 15.37 

Gyeong-Nam 0.16 0.87 7.35 

Jeju 0.91 0 11.77 

Average 0.58 1.70 3.97 

Note: Values reported as zero indicate regions where the corresponding technology was not installed during the 

study period. 

Table 13. Cost-Effectiveness Thresholds by technology

Green Roofs

(USD/ ݉2) Permeable Pavement 

(USD/ ݉2) Rainwater Retention Tank  

(USD/ unit)

Installation cost 198.82 26.61 102,662.49 

Service life (years) 40 5 20 

Annual maintaining cost 24.96 0 1,693.37 

Annual total cost 29.94 5.32 6,826.49 

Marginal Benefit Annual Total Cost CET

Permeable Pavement (USD/ ݉2) 4.29 5.32 1.24

Green Roofs (USD/ ݉2) 11.54 29.94 2.59

Rainwater Retention Tank (USD/ unit) 4,956.63 6,826.49 1.38
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