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19

As wildfire risk escalates in the wildland urban interface/intermix (WUI), creating defensible20

space clear of flammable fuels is important for wildfire risk mitigation and management. By21

definition, defensible space is constrained to the property parcel’s boundaries and wildfire risk22

assessments generally focus on individual parcels, but this overlooks any risk in neighboring23

properties. If we imagine defensible spaces as buffers that cross property boundaries and overlap,24

neighboring properties may share wildfire risk in the overlapping regions. However, homeowners25

may not be able to recognize these overlapping regions and spillover effects of mitigating risk,26

which leaves properties and the entire neighborhood vulnerable to wildfire risk. To address this27

issue, we propose a novel paradigm to rethink defensible spaces by measuring the homeowner’s28

responsibility to mitigate wildfire risk in overlapping defensible space buffers, which can be29

shared and owed between neighbors. First, we develop three new spatial metrics (Personal30

Responsibility (PR), Shared Responsibility (SR), and Owed Responsibility (OR)), computed as31

the product of wildfire risk contained in the homeowner’s region of responsibility. Second, we32

build spatial responsibility networks, modeled using all the houses in a given neighborhood by33

building spatial networks with nodes characterized by average PR and links weighted by either34

average SR or OR with directions that designate who is responsible. In our study site, we find35

that SR networks exhibit sub-networks while OR networks emerge as high-risk clusters. This36

information is important to inform homeowners about their individual responsibilities, identify37

properties at higher risk, and gather neighbors with interconnected responsibility. Subsequently,38

we simulate different mitigation strategies by iteratively removing network links and monitoring39

how the total responsibility may change in the neighborhood. We use three strategies (random,40

localized, and targeted) for link removal. Results demonstrate that the targeted strategy (removing41

links in descending order of highest responsibility) reduces the total responsibility most rapidly42

and fragments the network into smaller components, thereby reducing overall wildfire risk in43

the neighborhood. Through this study, we provide a framework for wildfire risk management,44

which can be used universally with different risk metrics and for different neighborhood layouts.45

Ultimately, the spatial responsibility metrics and networks provide a scalable and spatially-46

explicit approach to map complex wildfire risk in the WUI, which can help inform defensible47

space inspections, guide efficient resource allocation, improve neighborhood-level planning, and48

empower individual homeowners to make more risk-informed decisions.49

50

1. Introduction51

The Wildland Urban Interface/Intermix (WUI) is a heterogeneous landscape where buildings and wildland52

vegetation meet or intermingle, with varying land use and public/private jurisdiction zones [1–6]. The WUI is also53

a complex nexus of anthropogenic and natural processes where lives, infrastructure, and communities are often most54

vulnerable to wildfire [7–10] due to the growing population density and accumulation of flammable fuels in recent55

years [3, 4, 6]. Wildfire risk management is, therefore, an urgent priority in the face of mounting risk of catastrophic56

wildfire damage as well as escalating fire suppression and insurance costs [11–13]. To reduce wildfire risk, mitigation is57

needed at multiple scales [8, 14]. Regional-scale policies alter forest structure and reduce fuel continuity to decrease the58

intensity and spread of fires through prescribed burns, mechanical thinning, and fuel breaks. Local-scale policies focus59

∗Corresponding author
martag@berkeley.edu (M.C. González)

ORCID(s): 0000-0002-9504-5935 (M. Kim)

Kim et al.: Preprint submitted to Elsevier Page 1 of 17



A Network Approach to Mapping Responsibility in Wildfire Risk Mitigation

at the parcel level, where risk mitigation is governed by local governments and individual homeowners. Mitigation 60

measures include home hardening (i.e., retrofitting with fire-resistant materials) and maintaining defensible spaces by 61

clearing flammable fuels around structures [15]. 62

Defensible spaces are widely-accepted as a cost-effective and practical strategy for protecting structures in the 63

WUI from wildfires [15–20]. This strategy consists of treating, reducing, or clearing flammable vegetation and other 64

combustible material around structures to reduce the likelihood of fire transmission [17]. Defensible space regulations 65

vary by state and country [20]. For instance, for designated fire hazard severity zones in California, homeowners need 66

to maintain defensible space in zones ranging from 0-5 ft, 5-30 ft, and 30-100 ft from structures (Public Law Code: 67

CA PRC 4291). In the literature, studies have reported mixed results on the effects of fuel mitigation on building 68

survivability [17–19, 21, 22]. Yet structural separation distance (SSD) has often been recognized as a critical factor in 69

determining the likelihood a structure survives in a wildfire [15, 23, 24]. In particular, Zamanialaei et al. [24] showed 70

that changes to the building structure and its surrounding fuels in the home ignition zone (0-5 ft) can yield the most 71

improvement in reducing structural losses. Consequently, there is a push towards maintaining defensible spaces to 72

reduce wildfire risk and create a safer space for firefighters [17, 25]. 73

By definition, defensible spaces are constrained within their property lines [20, 26]; however, fire will spread 74

continuously without considering such boundaries. If defensible space boundaries were to extend beyond property 75

lines (i.e., defensible space buffers), there may be overlapping spaces where unmitigated fuels or flammable hazards 76

would increase the risk of fire spreading to neighboring houses [17, 22, 27, 28]. Given the growing density of the 77

WUI [3, 4, 6], wildfire risk in these spaces, especially if left unattended, presents a significant concern that needs to 78

be identified and managed. 79

Risk externalities can exist in these overlapping areas, where the presence of wildfire risk in one’s defensible space 80

can impact the risk in neighboring properties. In the economics literature, spatial econometric and game theoretic 81

models are used to investigate risk externality by representing how the decision to create defensible space leads to 82

potential spillover benefits for neighboring properties [13]. Notably, Shafran [29]’s theoretical model predicted the 83

relationship between one’s choice to create defensible space and the resulting decision of neighboring properties. Their 84

model found that the benefit of creating defensible spaces for private landowners is dependent on their neighbors’ 85

decision. Further, empirical data from home assessments by wildfire professionals have been used with spatial lag 86

models to present defensible space as a strategic complement (i.e, mutually reinforcing) [29, 30], suggesting that a 87

homeowner is more likely to mitigate if their neighbor has already mitigated [13]. This model’s results are corroborated 88

by a survey of homeowner opinions on wildfire risk mitigation by Brenkert-Smith et al. [31], which found that creating 89

defensible space is of little value if neighboring properties are untreated. In other words, even if the majority of 90

homeowners create fire-proof defensible spaces, the non-compliance of a single neighbor (i.e., “free-riding” behavior) 91

can jeopardize the safety of the entire neighborhood if their unattended hazard ignites and leads to fire spread [32]. 92

Extending this further, Shafran [29]’s model has also considered social norms [33], since one’s decision to mitigate 93

can be influenced by social interactions and external social factors [31, 34]. Factors such as social norms and spatial 94

proximity to neighboring properties can affect risk perception and human behavior when considering whether to 95

mitigate in defensible spaces [30, 31, 33–39]. 96

A critical gap is that these econometric models do not produce spatially-explicit or geographic information 97

[13, 29, 30, 33, 36]. In contrast, the fire ecology and science literature uses spatially-explicit wildfire risk maps (e.g., 98

wildfire hazard potential, ignition potential, burn probability or wildfire likelihood based on fire spread simulations, 99

expected fire behavior, etc.) [1, 6, 40, 41], but does not acknowledge complex risks like spatial spillovers. Bridging 100

these fields together would provide a nuanced understanding of multi-parcel risk and granular information at the 101

individual property level, thereby empowering stakeholders at multiple scales such as public/private landowners, local 102

governments, and state/federal policymakers. Recent studies have focused on assessing wildfire risk at the parcel-level 103

to examine for spatial spillover effects [42, 43]. In particular, Pludow and Murray [43] presented a spatial optimization 104

approach to investigate spatial spillover benefits from wildfire treatments given budget constraints. However, the study 105

computed relative risk scores for each parcel without explicitly considering spatial properties and the spatial spillover 106

effects only considered the four adjacent neighbors. To advance these works, a spatial “systems view” is crucial which 107

considers spatial spillover effects but also provides spatially-explicit information at the individual property level. One 108

concern is the coarse resolution of open-source wildfire risk maps, which are typically disseminated at up to 30-m 109

spatial resolution [41]. While these risk maps are useful, they may not provide sufficiently granular information to 110

resolve risk information at the individual property level (e.g., one pixel may cover multiple properties) [41]. Since the 111

decision to mitigate occurs at each property, homeowners would need sub-parcel scale information to assess property 112
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risk as well as to determine their role and contribution in risk mitigation. Given fine-scaled information, we need multi-113

parcel risk assessments to map and understand mutually shared risk. Norton [44] analyzed multi-parcel risk during the114

2018 Woolsey Fire by spatially overlaying 100-ft defensible space buffers and classifying the overlapping spaces into115

critical zones (mutual risk, isolated risk, and excluded risk). A high resolution wildfire risk map was then used to116

indicate regions that exceeded a high-risk threshold (red-flag weather conditions). While this approach can spatially117

map multi-parcel risk, it does not quantify the share of risk at the individual property level. This level of information118

is critical to understand interconnected risk between neighbors and the required contribution of each homeowner.119

In response to the aforementioned limitations, we propose a framework to re-imagine defensible space as potential120

opportunities for homeowners to identify interdependent areas and mitigate mutual risk between neighbors. We first121

propose a shift in the analytical focus from risk to responsibility. Borrowing from risk theory [45, 46], responsibility122

is the notion that certain entities may have an obligation to undertake actions to manage risk and accept consequences123

for the outcome [47]. This shift from passive risk assessment to active accountability facilitates the identification of124

who holds responsibility and to what extent. Such a perspective not only advances theoretical understanding but also125

holds practical implications for enhancing and mobilizing community-wide mitigation. These advances can then help126

to inform policy design, foster a sense of stewardship, enable targeted engagement, and support the development of127

resilient, fire-adapted WUI communities capable of co-existing with wildfire in today’s era of extremes [8, 48, 49].128

Using this framing, we highlight three main contributions in this paper:129

• Multi-parcel risk assessment using spatial metrics of responsibility: We re-imagine defensible space (similar130

to previous studies [22, 27, 28]) and propose novel spatial metrics (personal, shared, and owed responsibility)131

that characterize the homeowner’s responsibility to mitigate risks on their property relative to their neighbors.132

• Building spatial networks of responsibility: We represent each spatial responsibility metrics as a directed spa-133

tial network with nodes weighted by personal responsibility (PR), and links represented by shared responsibility134

(SR) or owed responsibility (OR) between neighboring properties.135

• Network-based simulation of risk mitigation strategies: We create three strategies for risk mitigation and136

implement them on the SR and OR networks via network link removal to monitor how responsibility of risk137

mitigation changes across the entire neighborhood.138

2. Methods139

2.1. Wildfire risk from fire spread simulations140

We generate a demonstration study site that is characteristic of a WUI neighborhood with 70 houses (building141

footprints) with an average SSD of 8.57 m, as shown in Fig. 1. The study site is important to illustrate how to apply142

our proposed spatial metrics and construct spatial responsibility networks. We also used 109 parcels with an average143

area of 1205.14 𝑚2. We first generate a fuel map, assuming a “worst-case scenario” where all houses are burnable and144

are modified as fuel model SB4 (high-load blowdown) from Scott and Burgan [50]. We also assume properties are145

filled with SH7 (very-high load shrub and litter) and GS2 (moderate-load grass-shrub) fuels. We created a synthetic146

digital elevation model for this same area and computed slope and aspect. We also created a canopy cover map (ranging147

from 0 to 100%). All inputs are matched to 1 meter spatial resolution. We then use FlamMap [40] to simulate wildfire148

behavior, using a wind speed of 25 mph blowing uphill with 75% foliar moisture. We also assume a moderately dry149

fuel moisture content scenario [50]. From the FlamMap outputs, we use rate of spread (ROS) [ft/min] as a proxy for150

wildfire risk.151

2.2. Spatial responsibility metrics152

We redefine the defensible space as buffered areas of 30 ft radiating from the homeowner’s structure(s), which153

may extend beyond the property line. The 30 ft buffer corresponds to Zone 1 requirements in CA PRC 4291 for those154

living in the State Responsibility Area or Very High Fire Hazard Severity Zone in the Local Responsibility Area in155

California. We focus on this regulation assuming that 30 ft is a safe estimate of a buffer for properties in Zone 1. To156

note, the proposed metrics are agnostic to the defensible space’s buffer size, so that they can be applied universally to157

other distances as well. For parcels with multiple structures (e.g., alternative dwelling units, sheds, etc.), we merged158

their defensible space buffers together to ensure a “many-to-one” mapping of buildings to property parcel. Using the159

defensible space buffers and the parcel polygons, we introduce three novel spatial metrics to measure the homeowner’s160
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Figure 1: Map of neighborhood and input data used for fire spread simulation. (A) Study area shown with 70 buildings,
property parcels, and defensible spaces (30-ft buffers), (B) input fuel map based on 40 fuel model classification [50], (C)
rate of spread (ROS) [ft/min] from FlamMap used as a proxy for wildfire risk in our study, (D-F) topography inputs
including elevation [m], slope [degrees], and aspect [degrees].

responsibility to mitigate fuels in their defensible spaces: SR, OR, and PR (See Figure 2 for a visual diagram of each 161

metric). The defensible space buffers are shown to be circular in the figure for demonstration purposes; however, 162

the actual defensible spaces are likely more irregular and complex. SR is described as the average risk in the area of 163

overlapping defensible space buffers; OR is described as the average risk in the area of a given homeowner’s defensible 164

space buffer which overlaps only with the neighbor’s parcel, but not with their neighbor’s defensible space buffer; and 165

PR is described as the average risk in the defensible space of homeowner within their own parcel and excludes any SR 166

and OR regions from neighboring properties. 167

Formally, we define three spatial responsibility metrics (PR, SR, OR) to represent how one’s defensible space 168

overlaps with their neighboring parcels. We also include directional indexing to specify who is responsible to whom 169

for risk in the overlapping area. Let  = {ℎ1, ℎ2,… , ℎ𝑛} denote the set of 𝑛 houses in a given WUI neighborhood. 170

Suppose we label the house of interest as 𝑖 and a neighboring house as 𝑗, where 𝑖, 𝑗 ∈ {1,… , 𝑛} and 𝑖 ≠ 𝑗. Each parcel 171

is denoted by 𝑡𝑖 ⊂ ℝ2 (parcel boundary of house ℎ𝑖). Each house generates a defensible space as 𝐷𝑖 ⊂ ℝ2. If there are 172

𝑚 distinct defensible-space buffers from multiple structures on 𝑡𝑖, they are combined by union: 𝐷𝑖 =
⋃𝑚

𝑘=1𝐷𝑖𝑘. Each 173

metric is computed as the product of the area of the relevant region as 𝐴𝑟𝑒𝑎(⋅) and the average risk over that region as 174

𝑟̄. The three spatial responsibility metrics are then expressed as follows: 175

• Personal Responsibility (PR𝑖): For a given homeowner (ℎ𝑖), this is the risk over the region of 𝐷𝑖 that lies within 176

their own parcel 𝑡𝑖 and excludes any overlapping defensible space buffers from neighboring properties: 177

PR𝑖 = 𝐴𝑟𝑒𝑎
(

(

𝐷𝑖 ∩ 𝑡𝑖
)

⧵
⋃

𝑗≠𝑖
𝐷𝑗

)

⋅ 𝑟̄
(

(

𝐷𝑖 ∩ 𝑡𝑖
)

⧵
⋃

𝑗≠𝑖
𝐷𝑗

)

. (1)

• Shared Responsibility (SR𝑖→𝑗 or SR𝑖←𝑗): Risk averaged for regions where 𝐷𝑖 overlaps with 𝐷𝑗 . Direction is 178

assigned based on the property parcel containing the overlapping region under consideration: 179

SR𝑖←𝑗 = 𝐴𝑟𝑒𝑎
(

𝐷𝑖 ∩𝐷𝑗 ∩ 𝑡𝑖
)

⋅ 𝑟̄
(

𝐷𝑖 ∩𝐷𝑗 ∩ 𝑡𝑖
)

, (2)
180

SR𝑖→𝑗 = 𝐴𝑟𝑒𝑎
(

𝐷𝑖 ∩𝐷𝑗 ∩ 𝑡𝑗
)

⋅ 𝑟̄
(

𝐷𝑖 ∩𝐷𝑗 ∩ 𝑡𝑗
)

. (3)
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Defensible Spaces (Original) Personal Responsibility (PR)

Shared Responsibility (SR) Owed Responsibility (OR)

𝒕𝟏 𝒕𝟐

𝒉𝟐𝒉𝟏

𝒕𝟏 𝒕𝟐

𝒉𝟐𝒉𝟏

𝒕𝟏 𝒕𝟐

𝒉𝟐𝒉𝟏 𝒉𝟑

𝒕𝟑

PR

SR

OR

Legend𝒕𝟏 𝒕𝟐

𝒉𝟐𝒉𝟏

z 

Figure 2: Diagrams of the original defensible space definition for two houses (ℎ1, ℎ2) and their respective parcels (𝑡1, 𝑡2)
followed by examples highlighting the three spatial responsibility metrics. Personal responsibility (PR) of ℎ1 corresponds
to the area within 𝑡1 and not overlapping with 𝑡2. Shared responsibility (SR) of ℎ1 is the intersecting region of defensible
spaces belonging to adjacent neighbors. Owed responsibility (OR) is the area when one’s defensible space (e.g., ℎ3) overlaps
with a neighbor’s parcel (e.g., 𝑡2), but not with their defensible space (ℎ2’s defensible space).

For a given homeowner (ℎ𝑖), the total shared responsibility (𝑆𝑅𝑖) is the sum of the risk averaged over all the181

regions where the defensible space buffers of neighboring properties overlap with 𝐷𝑖:182

SR𝑖 =
∑

𝑗≠𝑖
𝐴𝑟𝑒𝑎

(

𝐷𝑖 ∩𝐷𝑗 ∩ 𝑡𝑖
)

⋅ 𝑟̄
(

𝐷𝑖 ∩𝐷𝑗 ∩ 𝑡𝑖
)

. (4)

• Owed Responsibility (OR𝑖→𝑗 or OR𝑖←𝑗): Risk averaged for regions where 𝐷𝑖 overlaps with 𝑡𝑗 but not with 𝐷𝑗 .183

Direction is assigned based on who is responsible for owing mitigation.184

OR𝑖→𝑗 = 𝐴𝑟𝑒𝑎
(

𝐷𝑖 ∩ 𝑡𝑗 ⧵𝐷𝑗
)

⋅ 𝑟̄
(

𝐷𝑖 ∩ 𝑡𝑗 ⧵𝐷𝑗
)

, (5)
185

OR𝑖←𝑗 = 𝐴𝑟𝑒𝑎
(

𝐷𝑗 ∩ 𝑡𝑖 ⧵𝐷𝑖
)

⋅ 𝑟̄
(

𝐷𝑗 ∩ 𝑡𝑖 ⧵𝐷𝑖
)

. (6)

For a given homeowner (ℎ𝑖), the total owed responsibility (𝑂𝑅𝑖) is the sum of the risk averaged over all the186

regions where the defensible space of neighboring properties overlap with only 𝑡𝑖 and not 𝐷𝑖.187

OR𝑖 =
∑

𝑗≠𝑖
𝐴𝑟𝑒𝑎

(

(

𝐷𝑖 ∩ 𝑡𝑗
)

⧵𝐷𝑗

)

⋅ 𝑟̄
(

(

𝐷𝑖 ∩ 𝑡𝑗
)

⧵𝐷𝑗

)

. (7)

Since the spatial responsibility metrics are calculated as a product of the risk (ROS in ft/min) and area (𝑓𝑡2), the188

responsibility is measured as an integrated metric in 𝑓𝑡3∕𝑚𝑖𝑛. This metric can be interpreted as the amount of risk189

based on fire spread potential generated for a given area per unit of time.190
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2.3. Spatial responsibility networks 191

In the WUI, the spatial distribution of structures (including site location and SSD) is an important factor in 192

determining building survivability to wildfires [24, 51]. Adding to the complexity is the spatial heterogeneity of parcel 193

configurations, fuel loads, and landscape exposure, which all contribute to wildfire risk. As a result, some properties 194

may disproportionately benefit from the mitigation actions of other neighbors or, conversely, bear greater responsibility 195

for community-wide protection. To model this interdependent risk between neighboring properties, we construct spatial 196

responsibility networks with nodes characterized by PR (Eq. 1) and links weighted by SR (Eqs. 2 and 4) or OR (Eqs. 5 197

and 6). The direction of the links are determined by parcel ownership. Hence, at each node, a link exists if wildfire risk 198

is present in the area of interest. For either SR or OR networks, nodes can possess multiple links (degree > 1) if there 199

are multiple instances of SR or OR. In general, spatial responsibility networks may not be fully connected. Multiple 200

sub-networks (i.e., connected components) may exist, since network topology is structured based on the neighborhood 201

layout, spatial distribution of structures, and the defensible space buffer distance considered. We model the spatial 202

responsibility networks using the NetworkX Python library. 203

2.4. Simulating risk mitigation using network link removal 204

Complex systems like socio-technical and socio-ecological systems depend on their topological connectivity to 205

remain functional [52]. Strategic removal or deactivation of specific network nodes or links can fragment the network 206

structure and disrupt the system, leading to potential cascading effects and catastrophic failure [53, 54]. From a planning 207

and risk management standpoint, simulating this dismantling process is useful to identify network vulnerabilities and 208

assess network robustness and resilience [55–57]. Similarly, network link removal algorithms have been applied in 209

wildfire-related studies, such as the optimal placement of fire breaks [58] and fuel breaks [59] as well as the assessment 210

of building survivability from wildfire spread [60]. Inspired by network dismantling and strategic removal techniques, 211

we adopt this approach in our study where each link in the SR or OR network is considered as a potential pathway of 212

wildfire risk between neighboring parcels. Removing a link therefore represents claiming responsibility and mitigating 213

wildfire risk on one’s property, such as clearing fuels and maintaining defensible space. 214

To simulate wildfire risk mitigation, we design three strategies for network link removal: random, localized, 215

targeted. These strategies also reflect real-world decision-making by homeowners in WUI neighborhoods. The random 216

strategy can represent uncoordinated mitigation, where homeowners act independently and fuel reduction occurs in 217

a non-systematic, random manner. The localized strategy can capture clustered or block-level mitigation, where one 218

homeowner’s initial compliance prompts their neighbors to follow, reflecting coordination between close neighbors, 219

shared contractor use, or other logistical constraints that can bias mitigation work in neighboring properties. Lastly, 220

the targeted strategy reflects risk-informed planning, where mitigation is prioritized based on links with the highest SR 221

or OR values. In our simulation, we remove links in fractional increments (e.g., 10% per timestep) until the network is 222

fully dismantled. When links are removed, we assume that risk mitigation occurs fully and successfully for the given 223

area. During this process, we record how each strategy reduces responsibility for each sub-network and for the entire 224

neighborhood (i.e., total SR or OR for all sub-networks). 225

3. Results 226

3.1. Maps of spatial responsibility metrics 227

We used FlamMap (See Fig. 1) to simulate fire spread and computed ROS [ft/min] as a proxy for wildfire risk. 228

We then computed average SR, PR, and OR in terms of [𝑓𝑡3∕𝑚𝑖𝑛] for each homeowner as shown in Fig. 3. We also 229

calculated total responsibility as the sum of the three responsibility metrics in Fig. 3A. We mapped all metrics with 230

respect to each house’s defensible space buffer. Higher values correspond to greater levels of responsibility across 231

all metrics. Panel A’s histogram displays total responsibility and reveals a clustered pattern of higher values, a trend 232

supported by its right-skewed data distribution indicating a peak in the 150-200 𝑓𝑡3∕𝑚𝑖𝑛 range. SR in Panel B also 233

shows distinct, localized clusters of higher values with its data distribution peaking below 50 𝑓𝑡3∕𝑚𝑖𝑛. Conversely, PR 234

in Panel C appears more spatially dispersed, as its data distribution reflects a broader range across the different values. 235

Notably, OR in Panel D is sparse and highly localized to only a few isolated units. The OR data distribution is heavily 236

concentrated at or near zero. 237
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Figure 3: Spatial responsibility maps for each defensible space buffer [𝑓𝑡3∕𝑚𝑖𝑛] and their data distributions. (A): Sum
of all responsibility measures (SR, PR, OR), (B): Average PR, (C): Average SR, (D): Average OR

Table 1
Characteristics of SR sub-networks and their averaged value.

# Set of Sub-network Nodes # links # Nodes Average SR (𝑓𝑡3∕𝑚𝑖𝑛)

1 {4, 8–10, 12–14, 19, 20, 22, 27, 29, 30, 32, 33, 35–37, 40,
48, 53, 55, 56, 60–63} 58 27 86.94

2 {16, 17, 26, 28, 31, 34, 38, 39, 44, 45, 50, 57, 59} 24 13 105.93
3 {3, 11, 15, 49, 52, 54} 10 6 114.25
4 {24, 25, 43, 58, 64} 8 5 121.69
5 {18, 42, 46, 47} 6 4 125.48
6 {0–2} 4 3 143.17
7 {5, 6} 2 2 191.08

3.2. Spatial responsibility networks238

We model the spatial responsibility metrics as directed networks to show who is responsible and for how much239

of the risk. In comparison with the spatial responsibility maps in Fig. 3, the networks provide a more comprehensive240

“systems view” of the interconnected risk shared and owed within the neighborhood. In this section, we present the241

SR and OR networks, and we examine key insights from network topology and their responsibility values.242

We first build a directed network with nodes characterized by PR and links weighted by SR as shown in Fig. 4.243

We visualize the network’s topology in Fig. 4A, where the nodes are located at the centroid of each building in the244

neighborhood. The color legends illustrate the magnitude of PR (nodes) and SR (links) in 𝑓𝑡3∕𝑚𝑖𝑛. SR’s direction is245

oriented with respect to the property parcel on which the overlapping area of responsibility is being considered. To246

clarify the visualization, we highlight Owner 12 (see focus area box in Panel A) who had the highest degree value (i.e.,247

most number of incoming and outgoing links) and demonstrate their spatial distribution of PR and SR with neighboring248

properties. In Fig. 4B, we see that Owner 12’s defensible space buffer overlaps with those of neighbors 27, 29, 40,249

and 56. To emphasize the interconnectedness in the SR network, we illustrate the connections in a circular layout in250

Fig. 4C. The SR network tends to be composed of sub-networks (i.e., connected components), as listed in Table 1.251

Interestingly, the sub-network size was inversely proportional to average SR. The largest sub-network consists of 27252

nodes and 58 directed links, exhibiting an average SR value of 86.94 𝑓𝑡3∕𝑚𝑖𝑛. In contrast, smaller sub-networks, such253

as those comprising only two or three nodes, tend to show higher average SR values, suggesting more intense localized254

responsibilities. Notably, the highest average SR (191.08 𝑓𝑡3∕𝑚𝑖𝑛) occurs in the smallest cluster, which includes only255

two nodes (5 and 6). This pattern suggests that isolated or tightly coupled properties may face steeper mutual risk,256

potentially due to limited buffering or shared exposure.257

We then construct the OR network with nodes characterized by PR and directed links weighted by OR, as depicted258

in Fig. 5. We display the network’s topology in Fig. 5A, where nodes are positioned at the centroid of each building.259
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A B

C

Figure 4: SR network with nodes characterized by average PR and directed links by average SR. A) Network’s topology
showing nodes located at building centroids and links weighted by SR values in 𝑓𝑡3∕𝑚𝑖𝑛. The link’s direction is oriented
towards the homeowner whose property parcel occupies the SR. A focus area box is centered on Owner 12 (most number
of incoming and outgoing links). B) Detailed spatial distribution view of Owner 12’s parcel, building, and overlapping areas
displaying SR overlaps with neighbors. Owner 12’s defensible space buffer overlaps with those of neighbors 27, 29, 40, and
56. C) Circular layout emphasizing the interconnected SR relationships, with connections involving Owner 12 highlighted
in red.

OR’s direction signifies the flow of overlapping responsibility from one neighbor’s property to another. As an example, 260

we highlight Owner 47 (see focus area box in Panel A), who demonstrates high OR values. In Fig. 5B, we observe that 261

Owner 47’s defensible space does not directly overlap with neighbor 64’s defensible space but they share OR areas 262

overlapping with each other’s parcels. Hence, Owner 47 “owes” Neighbor 64 their OR area (blue-striped color) and 263

Neighbor 64 “owes” Neighbor 64 their OR area (yellow-striped area). We emphasize the OR links in a circular layout 264

in Fig. 5C, where the directed links connecting Owner 47 and Owner 64 are highlighted in red. 265

The OR network is characterized by several distinct sub-networks or isolated link(s), as detailed in Table 2. In 266

contrast to SR, OR sub-networks exhibit a more fragmented and diffuse risk structure. The largest OR sub-network 267

(sub-network #6) comprises eight nodes and seven directed links with an average OR value of 7.59 𝑓𝑡3∕𝑚𝑖𝑛. Certain 268

links exhibit relatively high average OR, such as nodes 15 and 20 as well as 18 and 40. 269

3.3. Comparison of mitigation scenarios 270

We implement network link removal based on incremental link removal to simulate risk mitigation via three 271

strategies (random, localized, targeted). We iteratively remove 10% of links from the network and record the total 272

SR and OR summed for all sub-networks. Fig. 6A and B show the network link removal results for the SR and OR 273

networks, respectively. The points plotted in Fig. 6 represent each sub-network’s average SR and OR value for the 274

corresponding fraction of removed links. We also record the total SR and OR as well as the number of emerging 275

sub-networks in the inset plots following incremental link removal. 276

Across all three strategies, the total SR for all sub-networks decreases monotonically as more links were removed. 277

The targeted strategy is found to be the most effective strategy in reducing total SR, reaching near-zero values the 278

fastest (around 70% of links removed). The random strategy is also relatively effective and follows a similar decreasing 279
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A B

C

Figure 5: OR network with nodes characterized by average PR and directed links by average OR. A) Network’s topology
and OR links, where nodes are located at building centroids and the responsibility values are measured in 𝑓𝑡3/min. The
link’s direction denotes which owner ”owes“ whom based on the parcel on which the OR overlap occurs. A focus area box
is centered on Houses 47 and 64 given the high OR values in their directed links. B) Detailed view of Owner 12’s parcel,
building, and OR overlaps with neighbors. Owner 47’s defensible space overlaps with those of neighbor 64. C) Circular
layout emphasizing the interconnected OR relationships, with connections involving Owner 47 highlighted in red.

Table 2
Characteristics of OR sub-networks and their averaged value.

# Set of Sub-network Nodes # links # Nodes Average OR (𝑓𝑡3∕𝑚𝑖𝑛)

1 {10, 37} 1 2 0.95
2 {5, 7, 51} 2 3 1.86
3 {14, 48, 53, 62} 3 4 1.57
4 {4, 63} 1 2 2.53
5 {21, 24} 2 2 2.58
6 {23, 27, 29, 40, 41, 56, 60, 61} 7 8 7.59
7 {47, 64} 2 2 17.92
8 {15, 20} 1 2 19.16
9 {18, 44} 1 2 23.04

trend to the targeted strategy, but requires removing more links to reach near-zero SR values. The localized strategy280

is the least effective, as total SR decreases linearly. The inset plots show how network link removal creates more281

sub-networks. In particular, the random and targeted strategies increases sub-networks peaking at 75% and 55% links282

removed, respectively, before reducing to zero. The localized strategy generates a slight but variable increase in sub-283

networks, but never manages to remove all sub-networks. The localized strategy is, therefore, sub-optimal and unable to284

fully mitigate all SR in the sub-networks. For the OR network, the random and localized strategies decline in a staggered285

manner. In contrast, the targeted strategy is able to reduce total OR much more rapidly, reducing to near-zero OR at286
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around 50% link removed. This trend is expected since the OR network consists of smaller sub-networks and isolated 287

links with high OR. The number of sub-networks decreases steadily for the random and targeted strategies. For the 288

localized strategy, this decrease is much more subtle. 289

To evaluate the robustness of the mitigation strategies, we repeat the network link removal simulation for ten 290

iterations and averaged the outcomes in Fig. 7. For the SR network in Fig. 7A, the targeted strategy is found to be 291

the most effective, reducing total SR most quickly. The random and localized strategies perform similarly and reduce 292

total SR in a linear manner. The only difference occurs after 80% link removal, where the localized strategy fails to 293

completely dismantle the network. For the OR network in Fig. 7B, the targeted strategy is also the most effective and 294

reduces total OR at an exponential rate, showing a substantial improvement over the other strategies. In essence, the 295

targeted removal of links quickly fragments the OR network into small, low-risk components after removing only a 296

small fraction of key links in the OR network. The random strategy decreases linearly with some variance. Similarly, 297

the localized strategies decreases linearly, but at a slower rate and exhibits greater variance. These two trends suggest 298

that randomization (random selection for the random strategy and the random initialization for the localized strategy) 299

are important for reducing total OR. 300

4. Discussion 301

This study proposes novel spatial metrics to map and quantify the homeowner’s responsibility to mitigate wildfire 302

risk in the WUI. Spatial responsibility can foster a greater sense of accountability and collective action, encouraging 303

homeowners to view defensible space as part of a coordinated neighborhood effort rather than an isolated and individual 304

task. By examining defensible spaces as buffers extending beyond property boundaries, the metrics are used to measure 305

A

B

Figure 6: Impact of network link removal on SR and OR networks using three mitigation strategies (random, localized,
targeted). (A) Total SR and (B) Total OR are shown as a function of the fraction of links removed in their respective
network, where each point represents a sub-network and its total SR (or OR) value. The box plots show the data distribution
for each fraction of links removed. The point with the highest value corresponds to the sub-network with the highest
cumulative responsibility (hence, highest total risk). Inset plots are provided for each mitigation strategy, displaying the
number of sub-networks for each fraction of links removed.
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A B

Figure 7: Comparison of network link removal strategies on SR and OR networks over ten iterations. (A) Link removal
on SR network shows the targeted strategy reduces most rapidly while random and localized strategies tend to decrease
linearly. (B) Link removal on OR network shows the targeted strategy reduces most rapidly especially until 40% of links
removed, while the random strategy decreases linearly and the localized strategy decreases at a slower pace with greater
variance as more links are removed.

and map spatial spillover of one’s responsibility to mitigate risk. Subsequently, the PR, SR, and OR metrics can be306

used to identify who is responsible and for how much of the risk, moving beyond traditional parcel-centric analysis [42]307

that often overlook multi-parcel interdependencies such as risk externalities and spatial spillovers [13, 15]. We further308

advance this approach by connecting the metrics into directed networks of spatial responsibility. The networks represent309

a significant paradigm shift in wildfire risk management by re-framing risk as responsibility, addressing wildfire risk310

via multi-parcel analysis, and providing a networked “systems view” of each homeowner’s role in the neighborhood.311

For implementation, we apply the metrics and build SR and OR networks. The study’s results demonstrate how the312

metrics and networks can be used to visualize critical vulnerabilities, identify hotspots or clusters of at-risk neighbors,313

and delineate sub-networks for potential collaboration. The simulated mitigation strategies via network link removal314

offer practical scenarios to support resource allocation, defensible space inspections, and informed decision-making315

for policymakers and individual homeowners.316

4.1. Spatial responsibility maps and networks can innovate wildfire risk management317

Mapping wildfire risk at the parcel-level is needed for risk mitigation, land use planning, insurance, and policy-318

making. Surveys in the literature indicate that a lack of parcel-scale risk information hinders homeowners from deciding319

to mitigate [61], especially personalized information for those in areas of higher wildfire risk [62]. Even the spatially-320

explicit maps of PR, SR, and OR (see Fig. 2) provide a more nuanced understanding of homeowner responsibility321

for wildfire risk mitigation. In the neighborhood layout used in our study, PR values tended to be higher on average322

than SR and OR (𝑃𝑅𝑎𝑣𝑔: 105.39 𝑓𝑡3∕𝑚𝑖𝑛, 𝑆𝑅𝑎𝑣𝑔: 61.07 𝑓𝑡3∕𝑚𝑖𝑛, 𝑂𝑅𝑎𝑣𝑔: 7.09 𝑓𝑡3∕𝑚𝑖𝑛). This is likely because PR323

regions cover more area relative to SR and OR. This information can also complement existing parcel-scale wildfire324

risk studies [17, 42].325

While PR, SR, and OR maps in Fig. 2 are derived from multi-parcel information, the homeowner’s role is326

still unclear without integrating directionality. Connecting spatial responsibility metrics into spatial networks thus327

provides nuanced information on homeowner roles and risk on their property. The fragmentation into multiple sub-328

networks highlights critical structural features of responsibility distribution within communities. Notably, we observe329

that smaller sub-networks tend to exhibit significantly higher average SR values compared to larger, more connected330

networks. This pattern suggests that nodes in isolated or poorly connected clusters can bear a disproportionate amount331

of responsibility. Some of these connections recorded high SR and occur on the links of the network (e.g., Houses 5332

and 6). If fire conditions push fire spread from the southwest, these links may be most vulnerable to ignition and fire333

propagation in the neighborhood. In contrast, larger sub-networks (e.g., sub-network 1 in Table 1) tend to distribute334

SR more across nodes, lowering the average SR and burden on individual parcels. However, this comes at the cost335
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of greater complexity due to more connected neighbors. Another result was that larger sub-networks possess higher 336

cumulative SR. Since even non-compliance from one property can expose the connected sub-network (and potentially 337

the entire neighborhood) to damages from fire spread, more coordination is needed to motivate mitigation in these larger 338

groups. Since OR links occur more sparsely, OR areas can be overlooked as they may not directly expose neighboring 339

structures unless identified appropriately. Further, while OR values are lower in magnitude in comparison to PR and 340

SR, specific links (e.g., Houses 18 and 44) exhibit high average OR and hotspots (e.g., OR sub-network 6) possess high 341

cumulative OR, which may present critical vulnerabilities. Stemming from these findings, the metrics and networks 342

can help empower homeowner decision-making as well as inform local governments and community-scale programs 343

such as Firewise and Fire Safe councils to facilitate risk mitigation measures. 344

4.2. Network link removal simulations help proactive wildfire risk mitigation 345

Traditional funding mechanisms for wildfire mitigation typically do not consider spatial variability of risk or spatial 346

spillover effects [43]. The network link removal simulation thus offers a new lens to integrate spatial responsibility 347

networks and understand how prioritizing specific components can influence the efficiency of wildfire risk mitigation. 348

Our selection of mitigation strategies (random, localized, targeted) encompasses a reasonable range of theoretical 349

scenarios for community-level planning. These strategies are important to consider because it is up to the individual 350

homeowner to apply for funded grant programs, which limits participation based on awareness of funding existence, 351

application requirements, and upfront costs [43]. In our study, the random strategy acted as the baseline scenario, which 352

seldom occurs in practice since homeowners in the WUI tend to be collectively aware and informed about wildfire risk. 353

The localized strategy reflects potential neighbor interactions (e.g., mitigation grant applications via word-of-mouth) or 354

the result of grouping nearby houses. Intuitively, the targeted scenario is ideal, yet is difficult to implement without risk 355

information at the homeowner level. Through our study, we present that the targeted strategy led to the most significant 356

rate of decrease in SR and OR. This finding suggests that wildfire risk is heterogeneous and not evenly distributed, 357

such that mitigating specific high-SR and high-OR properties can lead to substantial reductions in wildfire risk across 358

the entire neighborhood. By identifying key links in the SR and OR networks, these results can help inform resource 359

allocation and mitigation priorities to reduce risk while conserving limited resources. The network modeling and 360

techniques can also be used in a practical framework for guiding wildfire mitigation planning by integrating additional 361

criteria such as socioeconomic data, fire history, and other parcel-scale information. 362

4.3. Leveraging spatial responsibility networks to build community resilience 363

Spatial responsibility networks can help foster collaborations between neighbors and build social cohesion 364

within the WUI community. Developing social ties is important to establish adaptive and transformative resilience 365

against wildfire risk [48]. Since each sub-network represents a group of houses with interconnected responsibilities, 366

the corresponding homeowners can be gathered for community-based outreach related to wildfire management, 367

communication, and collaboration. The networks and their components thus offer a starting point to bring at-risk 368

homeowners together and serve as a planning tool to facilitate community engagement and foster long-term resilience. 369

The metrics and networks also help enhance risk communication. By visualizing the interconnectedness of risk, 370

spatial responsibility maps and networks can help homeowners to picture risk and forge potential collaborations 371

for mitigation. This also facilitates neighborhood cooperation where communities provide grants for collaborative 372

mitigation efforts. The spatial information can also be integrated into geospatial software for post-processing and 373

visualization in dashboards and basemaps for increased interactive engagement. 374

The effectiveness of wildfire risk mitigation in the WUI hinges not only on understanding physical risk and fire 375

behavior, but also on the behavioral dynamics of homeowners. For instance, game-theoretic models can capture the 376

tensions between self-interest and collective benefit in wildfire mitigation [29, 30], identifying potential free-riding 377

behavior or tipping points at which cooperation becomes more likely. Similarly, insights from system dynamics 378

and epidemiological modeling can be adapted to explore how risk awareness, treatment adoption, and information 379

spread across networks over time [63]. These models can reveal critical thresholds (behavioral or structural) at which 380

individual action triggers cascading risk reduction across a neighborhood. This prospect can opens new avenues for 381

designing incentive structures, educational campaigns, and policy interventions that align individual behavior with 382

collective outcomes. 383

4.4. Limitations and future directions 384

One limitation is the selection of our study’s neighborhood layout. Our study area consisted of 70 houses, which 385

is similar in magnitude to recent theoretical studies [64]. However, neighborhood layouts can vary significantly. For 386
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instance, neighborhoods in the intermix may be more sparsely distributed with property parcels that are irregularly387

shaped. Moreover, neighborhoods closer to the urban center may need to deal with publicly owned lands with388

larger property parcels that may bias the calculation of spatial responsibility metrics. Considering the complexity of389

neighborhood layouts, we need to ensure that WUI policies are not static and form-based (i.e., “one-size fits all”), but are390

process-based to address the dynamic nature of wildfire risk [49]. While our study considered a fixed 30-ft defensible391

space buffer around the buildings based on Public Law Code: CA PRC 4291, it would be interesting to consider392

multiple defensible space zones according to the density of housing units and complex layouts in real neighborhoods.393

For instance, the home ignition zone (5-ft buffer) is crucial for fire protection and building survivability [15]. In sparsely394

distributed neighborhoods under high wildfire risk like in the intermix, larger buffer distances may also be considered.395

In such cases the OR metric may be preferred since any flammable hazards in these areas may be difficult to identify396

and excluded from inspections.397

Our study also opens new opportunities to assess the effectiveness of defensible spaces against real wildfires in the398

WUI. For instance, Norton [44] compared critical zones (mutual, excluded, isolated) of interconnected risk (i.e., flame399

length) in WUI neighborhoods affected by the 2018 Woolsey Fire and discovered that 98% of the damaged buildings400

did not comply with adequate defensible space standards (i.e., high risk features present in critical zones based on401

potential flame length greater than 11 ft) and the fact that these vulnerabilities may be significantly underestimated402

because current defensible space inspections rely on average weather conditions instead of red flag conditions similar403

to actual wildfire events. Instead of relying on “one-size-fits-all” solutions, there is a pressing need to use property404

assessment models that can better define adequate defensible spaces based on the variable conditions (including405

climate, terrain, vegetation, and built structures) for each property and its neighborhood. As mentioned above, future406

research on wildfire risk mitigation should not limit current defensible space policies as static, form-based definitions407

but should consider the dynamic nature of wildfire risk. This means ensuring that these policies are process-based and408

supported by science, such that they can be robust to different risk conditions. This consideration is critical because,409

even if all homeowners comply with current defensible space criteria, it does not guarantee that the neighborhood410

would be able to withstand more severe wildfires in the future. To improve chances of structure survivability, maximize411

firefighter safety, and build more fire-resilient communities, defensible spaces need to be maintained considering future412

risks and potential fire weather conditions. An advantage of our proposed spatial responsibility metrics is that they are413

agnostic to neighborhood layouts and measures of risk. To advance this study, the spatial responsibility metrics and414

networks can be compared using risk metrics under different fire weather conditions and scenarios. In addition, these415

metrics can be compared with building damage data derived from very high resolution remote sensing data [65, 66] or416

curated databases such as the Damage Inspection data from CALFIRE.417

Another limitation is our characterization of wildfire risk. We used FlamMap to compute the potential fire418

behavior (ROS) by reclassifying structures as the SB4 (high-load blowdown) fuel model [50]. While this assumption419

underestimates the complexity of fire dynamics with structural fuels, we consider this to reflect the worst-case scenario420

in the fire spread simulation. More sophisticated measures of risk may consider using WUI fire spread models and421

ember dynamics to better model fire propagation [24, 67–69]. Also, our study uses potential fire behavior (ROS) as422

a proxy, but different risk metrics can be used to compute the responsibility metrics. When selecting risk metrics,423

however, one should also consider the resolution and complexity of the data. Although wildfire risk maps are widely424

available in the U.S. [41], higher spatial resolution data (less than 30 m) is needed to resolve features in defensible space425

buffers such as urban vegetation and fuels in the WUI [22]. Recent studies also suggest that higher spatial resolution fuel426

data (e.g., 5 to 10 m resolution) helps identify critical landscape features such as roads and vegetation gaps that slow or427

block fire spread [70] and resolve fuel heterogeneity. We also do not consider other structures or flammable materials in428

the simulation such as fences, decks, and accessory dwelling units [15]. Future works may consider mitigation actions429

such as retrofitting and home hardening in their risk estimates [71]. These additions would help improve the realism430

and predictive power of the spatial responsibility networks.431

One other limitation is our assumption regarding the homeowner’s decision to mitigate. While we assume that432

homeowners will completely mitigate all risk in the network link removal simulations, homeowner behavior can vary433

significantly based on different social factors, risk perception, and mitigation capability [31, 35, 39]. Our study assumed434

one ideal case and does not account for the social, legal, or physical feasibility of collaboration between neighbors. For435

example, a homeowner’s willingness to mitigate can be attributed various barriers (financial, knowledge, legal) that436

hinder one’s ability to modify certain parts of the landscape [71]. Future research can combine our spatial responsibility437

metrics with these factors to enhance our understanding of human behavior and improve the feasibility of wildfire438

risk mitigation [35, 39]. Aside from homeowner behavior, we also do not consider the different types of residents439
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(e.g., renters) and the type of housing unit. These factors can further impact the homeowner’s motivation to mitigate 440

and collaborate in risk management [2]. By mapping the shared and owed regions as well as computing SR and OR 441

networks, future research may find potential inequities in the spatial distribution of wildfire risk in a neighborhood. 442

These observations can also be significant to consider when allocating funds and resources for defensible space 443

inspections and maintenance. 444

5. Conclusion 445

This study presents a novel framework for quantifying and visualizing shared, personal, and owed responsibility 446

for wildfire risk mitigation in WUI neighborhoods at the homeowner scale. By extending defensible space buffers 447

beyond parcel boundaries and modeling spatial relationships as directed networks, we demonstrate how wildfire risk 448

is collectively produced and differentially shared among neighbors. Our study presents spatial responsibility maps 449

and networks, which can be used to identify who is responsible and for how much risk. Our study compared various 450

mitigation strategies via network link removal and found that targeted interventions (guided in order of highest to lowest 451

SR and OR values) can significantly reduce fire spread potential with minimal effort, offering a valuable strategy 452

for wildfire risk mitigation and management. The identification of hotspots and vulnerable sub-networks can help 453

prepare and plan for more equitable and efficient allocation of mitigation resources. As wildfire events become more 454

frequent and severe, this work lays the groundwork for spatial responsibility assessments that move beyond awareness 455

and toward actionable, community-scale interventions. Future research can build upon this framework to incorporate 456

temporal dynamics, social behavior models, and policy testing, ultimately supporting fire-resilient planning and more 457

equitable risk management in the WUI. 458
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