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Abstract

Multiple studies have focused on optimal locations for the preservation and development of greenspace. These studies
are wide-ranging in their objectives and represent the breadth of benefits that greenspace provides for a community and
its environment. Communities and subpopulations vary in their priorities, and these differences impact which locations
are selected. In practice, publicly available databases provide different indices of benefit and access. Our work attempts
to model the context in which park planners make decisions based on the data presented to them by these databases
and to understand the regret of making decisions on curated data that may imperfectly reflect priorities. We create
mutually exclusive service areas for all potential parks based on residents for whom it would become the primary park
if created. We then define a utility function for each interest with common parameters whose values differ depending
on the priorities of the community, as described by the indices. Using these, we present an optimization model that
minimizes regret and evaluates against varying levels of planner knowledge. We conduct numerical experiments on
a case study of Greenville County, South Carolina, to recommend selections of open lots for the development of new
parks. Data on community priorities are gathered from the CDC and Trust for Public Land.
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1. Introduction

The benefits offered by greenspace are well studied, but their breadth and distribution across communities are not
currently adequately measured [1]]. Consequently, park planners have historically relied on data that represents only a
subset of these benefits to make choices to distribute greenspace across communities.

The limitations of available data bring challenges. Uncertainty in true priorities and needs can be understood as the
gap between what is known and what should be known to make optimal decisions while minimizing risk exposure [2].
Risk can be quantified and managed with probabilistic modeling methods, though uncertainty may be more difficult to
communicate to decision-makers when it arises due to ambiguities in the available data. Developing tools to improve
how imperfect data are used to guide park decisions could improve park access and corresponding community benefit.

In recent years, work has been done to develop analytical practices and mathematical models that optimize park and
greenspace placement [3]. However, these models rely on parameter choices aligned with specific objectives, such as
preserving land for wildlife conservation or reducing walking distances from residents to selected parks [3H5]. This
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paper develops a modeling framework that treats an imperfect data source (hereafter, index choice) as a source of
uncertainty about which data source best represents the needs of a community. Because parks ultimately serve all
residents regardless of the intent behind their selection, we can quantify the regret of optimizing to an index that is not
the best representation of need as the difference in utility between optimal choices of that index and any other given
from multiple publicly available datasets.

2. Problem Description

Park planners must select a subset of open lots as candidates for development subject to budget constraints. Each
potential park location serves a surrounding residential population; for the purpose of this research, we assume that
residents are served only by their closest, or primary, park. The goal is to select parks that maximize overall community
benefit as measured through data describing social, environmental, and greenspace needs.

In practice, benefit is represented through publicly available indices published by external organizations. They differ
in their underlying assumptions, spatial resolution, and emphasis on specific population characteristics. Therefore,
park planners are not only challenged by the absence of data, but also by competing data sources. Making choices
based on a particular index could represent opportunity costs for residents not prioritized. A strategy for understanding
these possible sub-optimalities and making park location choices to minimize them will aid park planners in making
more holistic decisions.

3. Related Research

Urban greenspace placement has been widely studied using Geographic Information Systems (GIS) and optimization
methods. Early work focuses on accessibility and spatial distribution of urban parks [4], while later studies incorporate
multi-objective optimization to balance social, environmental, and health goals [3| |6]. Research also emphasizes the
role of urban morphology and demographic patterns in park design [1} 7} |8]]. These studies show the value of formal
optimization over heuristics but typically assume that planner priorities can be captured through a single, well-defined
objective. Models are simplifications, and their recommendations depend on the assumptions used [9} |10]. Solutions
that optimize a single objective may under-perform if the assumptions do not reflect reality. Regret-based methods,
which evaluate decisions against alternative outcomes, have been applied in facility location and planning [[11]], though
they have not yet been applied in park siting. There is the potential to apply these ideas in park siting to allow planners
to make decisions that remain robust across multiple indices of community need. Research has been conducted to
develop composite indices to represent social, environmental, or health priorities when allocating park resources [[12—
14]. These indices differ in their assumptions, spatial resolution, and emphasis on population characteristics, yielding
conflicting policy recommendations. Most models assume that the chosen index accurately reflects community need,
without evaluating the consequences of selecting one index over another [[1,/4]]. This paper introduces the first approach
to consider regret-optimization in park siting decisions.

4. Methodology

There are multiple data sources for community scoring systems, i.e., indices that represent how changes in organiza-
tional focus can change outcomes in park selection. For this analysis, we consider three: the Trust for Public Land’s
(TPL) Park Score index, the Centers for Disease Control and Prevention’s (CDC) Social Vulnerability Index (SVI),
and the CDC’s Environmental Justice Index (EJT) [[15-17]].

Equation (I)) defines the priority of a park (deviation from 0) within an index as follows. It is the priority score from
an index of all residential locations it serves, g;;, multiplied by the number of people in those residential locations, ny,
the value of the land for creating a park, v;, and a binary variable to only include the information of the people for
whom it would become the primary park, sz;. This is an adaptation of the approach in [3]]. Any consideration of park
underutilization due to sociological factors was considered outside the scope of the project.

Pik:Z[(Qilnl(l_Vkl))skl} VielLkek (1)
leL

4.1 Indices
The parameter g;; Vi € 1,1 € L is determined as an aggregate of chosen parameters, which are different for each index.
For the purposes of this study, we considered resident locations to be census blocks, which was the most granular level
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for which data was available. Where data at the block level did not exist, we assumed that each block shared the same
characteristics as the block group or tract to which they belonged. This assumption risks falling victim to the scale
effect of the modifiable area unit problem but was necessary given the lack of data at the block level. The methods
for calculating the aggregate values for all three indices are based on the technical documentation for their respective
datasets.

For the TPL index of each location / € L, grpr; represents an aggregate demographic score composed of six rankings:
population density, heat, air pollution, people of color per acre, percent of low-income households, and health score.
The data for ggy;; at the tract level are available directly through the Social Vulnerability Index dataset, available
through the CDC’s Agency for Toxic Substances and Disease Registry (ATSDR). The methods for calculating g;
were taken from the technical documentation for the SVI dataset. The SVI groups population characteristics around
four themes: socioeconomic status, household characteristics, racial and ethnic minority status, and housing type and
transportation. Each characteristic is a percentage of a census tract.

Data for ggj;,; at the tract level are available directly through the Environmental Justice Index dataset, through the
CDC’s ATSDR. The methods for calculating g;; were taken from the EJI dataset’s technical documentation. The
EJI groups population characteristics around three modules: social vulnerability, environmental burden, and health
vulnerability. Most characteristics are expressed as a percentage of a census tract. Social vulnerability here is related
to the SVI that we previously used. However, there are some variables included in the Social Vulnerability Index that
are not included in the EJI’s Social Vulnerability module.

4.2 Model

Table 1: Notation.

Sets and Indices

1 set of indices

K  setof all park locations

L set of resident locations

Parameters

pir  the priority value of park location k € K according to index i € /
for all resident locations for which it is the primary park

1 if park k € K is the primary park of resident location / € L
0 otherwise

Ski =

gy  aggregate demographic emphases of resident location / € L according
todatasetiel

n;  number of people living in resident location [ € L

vy value of park location k € K for resident locations / € L for which it
is the closest park

cx  costof park location k € K

b budget allowed for final park selections

Decision Variables

_J 1 if park location k € K is selected for construction by index i € /
ik = 0 otherwise
R;  the max regret of parks chosen by index i € [

We consider a two-phase decision framework. In the first phase, a knapsack problem is solved independently for each
index using their priority set and a fixed budget. That yields an optimal park decision set for each index and budget
scenario. The second phase applies a minimax regret framework for the optimal decision sets of each index for all
budget scenarios. Regret is defined as the difference in objective value between an index’s optimal decision set and
the value obtained when decisions are optimized using the priorities of a different index. This represents a decision-
making context where park planners must choose a single index to make decisions beforehand and can only choose an
index to recommend upon rather than intelligently choose a set of parks which lowers regret to a global minimum.
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Phase 1 (Knapsack for each index i):

max Y picyik 2
Y kek
Subject to:
Y avu<b 3)
kek
yik € {0, 1} Vk e K (4)
Phase 2 (Regret Minimization):
min ZRi )
R iel
Subject to:
Ri > Y piyik — Y, pinvik Vii'el (6)
kek kek
R, >0 Viel @)

The models were solved for 5,000 budget cases from $0 to $8,000,000 (step size of $1600) in Gurobi version 12.0.1.

5. Results

Figure 1 shows the distribution of priority across Greenville County, South Carolina, by index. These indices differ
in key areas. First, their granularity is different. Therefore, making recommendations from comparisons is difficult
without reducing the ability of some indices to represent stakeholders as intended. However, recognized need often
spans across index. From the parks considered, Figure 1 shows the parks chosen using the priorities of each index, at
an example budget of $333,568.
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Figure 1: Priority Map and Chosen Park by Index

Figure 2 shows how the index chosen has little effect in most budgets considered. The percent of cases of budgets
considered where index choice made no difference whatsoever was highest, followed by other ties and then TPL.
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Figure 2: Percent Times Index had Lowest Regret Across Budgets Considered
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Figure 3 shows the distribution of regret across the indices and budgets considered. The mean values have little
difference across indices, but their maximum regret can be very large.
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Figure 3: Regret Values for Each Index Across Budgets Considered

6. Conclusions

This work presents a regret-based optimization framework for the selection of park locations that treats index choice
as a source of uncertainty rather than a fixed modeling assumption. By modeling how park planners make decisions
using publicly available indices, we show that different, defensible representations of community need can lead to
different park selections and, consequently, different distributions of benefit across residents.

Our results demonstrate that while index choice often does not change community access at many budget levels, there
are scenarios in which regret can be substantial. These high-regret cases highlight the potential cost of committing
to a single index that imperfectly reflects community priorities. The proposed minimax regret approach provides a
principled way for planners to make decisions that remain consistent across competing representations of need, rather
than optimizing narrowly to one perspective.

The case study of Greenville County, South Carolina illustrates how this framework can be applied in practice using
widely available datasets from the CDC and the Trust for Public Land. By integrating service areas, demographic
priorities, and budget constraints, the model produces park selections that balance tradeoffs between social, environ-
mental, and health-oriented objectives.

Future work could extend this framework by incorporating partial or weighted combinations of indices, uncertainty
in assigning populations to primary parks, or dynamic planning horizons where park development occurs over time.
Furthermore, it could attempt to model a decision-making context in which park planners have knowledge of regret
while choosing park locations. More broadly, this approach demonstrates how optimization models can support public
planning decisions when uncertainty arises not from random variability but from competing priorities for what should
be optimized.
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