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Perceptions of pedestrian safety and walkability are critically influenced by the walking environment. However, most navigation
tools only optimize for distance and travel time, overlooking environmental factors can impact pedestrians’ perceived safety
and comfort when walking on a route. To address this discrepancy, this study identifies safer walking routes in the Pleasanton
downtown and adjacent areas. Safer walking routes are compared to the shortest possible walking routes and evaluated whether
incorporating safety factors into routing models leads to meaningful changes. Route safety was quantified using five factors:
streetlight density, crime rate, surface quality, proximity to buildings, and time of day. The relative importance of these
factors and preferred walking distance were ranked in a public survey by 100 Pleasanton residents. These responses were
normalized and converted into weights for pathfinding algorithms. Using weights based on survey responses provides a way
to translate subjective perceptions of pedestrian safety into numerical weights for the routing algorithm. Dijkstra’s algorithm
was used to compute the safest and shortest routes, with the safest routes being weighted using survey data. These routes were
visualized using Geographic Information System (GIS) along with streetlight locations, crime density, building proximity, and
road network. Results suggest that incorporating perceived safety factors can change the recommended route compared to the
shortest route. This study demonstrates how pedestrian safety preferences can be incorporated into routing algorithms, using the
Pleasanton downtown area as a proof-of-concept to test the method and explore their potential value for local community.

Keywords: Graph-based modeling, Pedestrian safety, Urban network modeling, Dijkstra algorithm, Multi-criteria deci-
sion analysis, Geographic information system .

Introduction

Walking is an essential form of transportation in small and
medium-sized cities like Pleasanton, California. Safety is of-
ten a critical factor in determining if a pedestrian feels com-
fortable walking in an area1. Prior research has concluded that
many factors, such as streetlight density2, crime rate3, sur-
face quality4, proximity to buildings5, and time of day6, can
strongly influence walkability and safety levels for pedestri-
ans. However, online navigation systems typically use shortest
path algorithms like Dijkstra’s algorithm7 to generate routes
based on distance. Despite these findings, few studies ac-
count for multiple safety factors in creating pedestrian nav-
igation models. Kweon et al. (2021) and Venerandi et al.
(2024) highlight this gap in urban planning and pedestrian
safety research, noting that current studies overlook subjec-
tive perceptions of safety to pedestrians1,8. This study ad-
dresses the lack of pedestrian navigation services that incorpo-
rate multiple safety factors and the limited representation for
perceived safety by using survey data to quantify how pedes-
trians prioritize different safety factors when constructing the

1 The Quarry Lane School, Dublin, California, USA

model. Specific objectives of this research include collecting
data from local pedestrians about their safety preferences, de-
veloping a balanced weighting scheme between distance and
route safety using survey data, and using the weights to com-
pare the safety-optimized route and the shortest path route.
To accomplish these objectives, this study uses graph model-
ing and Geographic Information System (GIS) spatial visual-
ization to analyze pedestrian routes. The base network and
other features of the model were from open source data9–12,
Quantum Geographic Information System (QGIS)13, and Net-
workX14. Each route segment is assigned a combined safety
score derived from survey results and converted into a cost
value. The cost value is then used to guide the shortest path
algorithms into creating a safety-optimized route. The gener-
ated safety-optimized routes are compared with the traditional
shortest distance routes and evaluated based on safety and ef-
ficiency. By developing an interpretable GIS model, this study
aims to investigate whether incorporating perceived safety fac-
tors changes recommended pedestrian routes compared to dis-
tance optimized routes. The scope of this study is limited
to Pleasanton downtown and adjacent areas, California, and
focuses on incorporating multiple safety factors that also ac-
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count for perceived pedestrian safety. Limitations primarily
include data-related issues such as incomplete crime records
and manual collection of streetlight data. Future studies may
help improve the accuracy of the model by incorporating real-
time data, such as police reports or crowd-sourced safety rat-
ings, and by collecting even more data to estimate the density
of streetlights. Other researchers could also include additional
factors like foot traffic volume, pedestrian traffic signals, or
car traffic density in the area.

Literature Review

Prior research shows that several environmental factors influ-
ence how safe pedestrians feel while walking. Better street-
light quality has been linked to higher perceived safety and
visual comfort, especially at night2. Higher levels of violent
crime are associated with reduced walking activity, suggesting
that crime exposure lowers perceived safety3. Improvements
in pavement condition and walking infrastructure have been
found to enhance pedestrians’ sense of safety4. Built environ-
ment features, including building presence and neighborhood
structure, also shape perceived safety through both physical
design and social activity5. In addition, time of day affects
route choice and behavior, with nighttime conditions leading
to different safety perceptions compared to daytime settings6.

Other studies have created models to address problems such
as traffic safety, urban design, and pedestrian navigation. For
example, some research has estimated pedestrian safety us-
ing street road classification and crossing type to character-
ize risk at the network level15. Other urban safety models in
previous studies, such as SafeRoute (Levy et al., 2020)16 and
SafePaths (Galburn et al. 2016)17, focus mainly on avoiding
high-crime segments and do not consider other environmen-
tal factors that could also affect pedestrian safety perceptions.
Many of these existing tools also do not incorporate lighting
conditions, crime density, sidewalk surface quality, or proxim-
ity to buildings into a single model.

Methods
Study Area

The study uses the one mile corridor between Pleasanton Li-
brary and the intersection between Main Street and Angela
Street as a base case. A second longer route was constructed
within the adjacent downtown area to examine the impact of
the safety weights on a longer route with different environ-
mental conditions. Pleasanton downtown is also one of the
most frequently used walking areas in Pleasanton, CA. Ac-
cording to our public survey, 77% of participants indicated
that they walked in the area either “sometimes” or “often”.
Furthermore, some of the most frequently visited civic and
recreational destinations, including the Civic Center and lo-
cal parks, are connected by this corridor. These key features

make Pleasanton downtown an ideal location to study pedes-
trian safety.

Data Sources

This study used open-source and municipal data about the
Pleasanton downtown and adjacent areas. Data for the road
network of Pleasanton downtown and pedestrian accessi-
ble walkways were collected from OpenStreetMap (OSM)9.
These walkways were restricted to roads with sidewalks and
were mapped using GIS to form a base network. Data about
crime in the Pleasanton downtown area was collected through
the Alameda County Open Data Hub10,11 and later used for
calculating the amount of crime in the area. Due to the limited
data available, streetlight data was manually collected or ob-
served from satellite imagery12. In January 2026, a new ver-
sion of Google Earth Professional18 was released that allowed
for the identification of infrastructure, including streetlights.
The manually digitized data was then cross checked with this
updated imagery to correct any possible errors. Additional
streetlight information was added where available. Sample
manual field checks were also conducted to confirm the ac-
curacy of selected locations.

Pedestrian Network Construction in GIS The pedestrian
network was constructed in QGIS13 by integrating the road
network with different layers representing walkable route seg-
ments, streetlights, crime incidents, and building locations
(Table 2). The surrounding area of each road segment, which
represents the available pedestrian accessible area, was de-
fined. Information such as streetlights, crime locations, and
nearby buildings within this area was then assigned to the cor-
responding road segment. Sidewalk quality was categorized
using numerical scores to quantify the quality of a surface.
These attributes were normalized to produce a safety score for
each road segment, which was then converted into a safety
cost and used by routing algorithms. To define this surround-
ing pedestrian area more precisely, different spatial rules were
applied for each safety factor. Streetlight density was calcu-
lated using a symmetric 100 m (0.06 mi) GIS buffer around
each road segment. Crime exposure was measured using a
larger 1000 m (0.62 mi) buffer as base, following a sensitiv-
ity analysis comparing multiple crime buffer sizes and their
impact on routing results, a 500 m (0.31 mi) radius was se-
lected as the final setting (see “Crime Buffer Sensitivity Anal-
ysis” below for details). Building influence was represented
by the minimum distance from each road segment to the near-
est building, while surface quality was taken directly from
road attributes without buffering. Buffers from nearby streets
were allowed to overlap, and each segment was scored inde-
pendently. Dead-end streets and cul-de-sacs were retained in
the network and scored in the same way as other segments but
were only selected if they formed a complete path between the

2 | © The National High School Journal of Science 2026



Fig. 1 Base road network of the Pleasanton downtown and adjacent study area (QGIS13 Map)

origin and destination. Disconnected segments were excluded
implicitly, as routing was performed only on the connected
component containing two endpoints.

Survey Design

An anonymous, public survey completed by 100 Pleasanton
residents was used to gather contextualizing information and
determine the importance of each safety factor: streetlights,
crime, surface condition, proximity to buildings, and time of
day (day vs. night). This survey was approved by the Alameda
County Institutional Review Board. It also was conducted
anonymously and with online consent from all participants in
accordance with IRB requirements and ethical research guide-
lines20. Participants indicated whether they were an adult or
minor and their gender when completing the survey. Survey
data was stored securely in password-protected files. The sur-
vey was split into three sections, each addressing a different
aspect of pedestrian safety. The first section addressed the fre-
quency of visits and common routes in the Pleasanton down-
town area. This information helped confirm that the study cor-
ridor was a regularly used route by local pedestrians. About
77% of the participants indicated that they either “sometimes”
or “often” walked in the area. When asking survey respon-
dents about their walking routine, the highest percentage of

participants (28%) reported walking along the exact route an-
alyzed in this study while other participants reported walk-
ing along similar routes nearby. These results suggest that
the study area represents typical pedestrian traffic in Pleasan-
ton downtown. The second section asked participants to in-
dicate the impact of each safety factor and to rank them ac-
cording to their perceived impact on safety. The weights of
each safety factor were then adjusted according to participant
responses. Participants ranked time of day as the most impor-
tant factor and proximity to buildings as the least important.
These rankings partially aligned with our hypothesis. Crime
remained one of the most highly weighted factors, but it was
not the strongest factor after the survey. Instead, time of day
received the highest weight in both daytime and nighttime set-
tings. Proximity to buildings, which was expected to be the
least important, received a higher weight than predicted. The
final section asked the participants how much additional dis-
tance they would be willing to walk for a safer route. This
was to ensure the safe route calculated by our model would
remain practical for walking and not excessively long. Re-
sponses were then converted into weights, where willingness
to walk reduced the weight of route length. A Friedman test
was used to evaluate whether differences in perceived impor-
tance across factors were statistically significant. Mean impor-
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Table 1 Data sources and GIS layers used in this study

Layer Source Description/Construction Method

Buildings OpenStreetMap9 via OpenStreetMap
NetworkX (OSMnx)19

Calculated using distance to nearest building centroid.

Footway OpenStreetMap9 via OSMnx19 Identified walkable paths from OpenStreetMap footway
data, including information about surface condition.

Crime incidents Alameda County Open Data Hub
(ALCO)10,11

Mapped incidents from the “Crime Reports 2012–July
2022” dataset10 and the “Crime Reports July 2022–
Present” dataset11.

Streetlamp (partial
manual)

Manually digitized from Google
Maps12 reference; OpenStreetMap 9

via OSMnx19; Google Earth Profes-
sional 202618

Plotted streetlight locations from Google Maps12,
Google Earth18, or obtained from OpenStreetMap 9.
Streetlights within 100 meters of each road segment
were linked to the corresponding segment.

tance scores and standard deviations were computed to quan-
tify uncertainty. To investigate the difference between the least
and most important factors, a numerical ranking system was
applied to the survey data. Each “most important” selection
was assigned 5 points, and each “least important” selection
was assigned 1 point. The points were then summed across all
survey responses. The point system was then translated into
the weighting scheme.

Safety Score and Safety Cost

Safety Score Calculation with Weighted Linear Scoringz

Weighted Linear Scoring was used to calculate the safety score
of each path. A higher safety score indicated a safer road seg-
ment, while a lower safety score indicated an unsafe road seg-
ment. The weighting and scoring procedure consisted of the
following steps. Weights were first assigned to five factors:
streetlights, crime, surface condition, distance from buildings,
and time of day. These factors were then split into two weight
sets (Day vs Night). The purpose of this split was to com-
pare the effect of the same factors on perceived safety, since
nighttime pedestrian priorities differed from daytime pedes-
trian priorities6. This difference can be attributed to the in-
creased influence of various factors such as lighting and the
lack of open space6. The limited open space factor described
by Filomena and Wozniak (2025) corresponds to the proxim-
ity to buildings factor considered in this study, both reflecting
the influence of environmental factors on perceived safety6.

The time of day variable is the same for all road segments
within a given scenario. When time of day indicates daytime,
the streetlight factor receives zero weight because artificial
lighting is not used during daytime. When the variable in-
dicates nighttime, the streetlight factor is assigned a positive
weight to demonstrate greater importance. Time of day is in-
cluded both as a binary indicator and through separate weight

sets because it defines the scenario and adjusts how strongly
other safety factors influence the overall safety score.

After the weights were assigned, each factor was then la-
beled as a beneficial factor or a cost factor. Beneficial fac-
tors increased perceived pedestrian safety as the factor in-
creased. To illustrate, factors such as increased streetlight den-
sity and higher sidewalk quality were labeled as beneficial and
increased the safety score. Cost factors decreased perceived
safety as the value increased and included factors such as high
crime or distance from buildings. These factors were then nor-
malized on a scale of 0 to 1 to allow for comparability. The
normalized cost factors were also inverted by being subtracted
from 1 to ensure that a high safety score would indicate higher
safety. The cost factors are meant to decrease as the safety
score increases, since they influence pedestrian safety percep-
tion negatively. This inversion ensures that all factors align on
a common scale where higher values represent safer routes.
Safety Score Formula with 5 Factors:

Sa f etyScore(e) = ωSL ·SL′(e)+ωCR · (1−CR′(e))+

+ωSQ ·SQ′(e)+

+ωPB · (1−PB′(e))+ωT D · (1−T D′(e))
(1)

Variables: SL(e) = streetlight density (beneficial factor)
CR(e) = crime intensity (cost factor)
SQ(e) = sidewalk surface quality (beneficial factor)
PB(e) = proximity to buildings (cost factor)
TD(e) = time of day exposure factor (cost factor).

Normalize each factor to 0-1:

SL′(e),CR′(e), SQ′(e), PB′(e), T D′(e) ∈ [0,1] (2)

Weights:

wSL +wCR +wSQ +wPB +wT D = 1 (3)
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Table 2 Pedestrian network construction and GIS data layers

Component of GIS
Network

Component Attributes Data Source Purpose in Network

Study Area Pleasanton Downtown Surrounding
Area
Latitude: 37.6530 to 37.7050
Longitude: -121.9180 to -121.8500

Defined manually using
QGIS 13 map

Boundary layer used to limit all data
to the study area.

Start Point (Based
Route)

Pleasanton Library
Latitude: 37.657154
Longitude: -121.881429

Manual coordinate selec-
tion in QGIS13

Used as base route origin node for
routing.

End Point (Based Route) Intersection of Main Street and Angela
Street
Latitude: 37.659448
Longitude: -121.876571

Manual coordinate selec-
tion in QGIS13

Used as base route destination node
for routing.

Start Point (Longer
Route)

Amador Valley Park
Latitude: 37.672195
Longitude: -121.877248

Manual coordinate selec-
tion in QGIS13

Used as longer route origin node for
routing.

End Point (Longer
Route)

Intersection of Peters Avenue and An-
gela Street
Latitude: 37.659924
Longitude: -121.877529

Manual coordinate selec-
tion in QGIS13

Used as longer route destination
node for routing.

Street Network Created using pedestrian-accessible
street and path segments

OpenStreetMap9 Converted into network edges for
routing.

Intersections and Nodes Intersections and endpoints of streets
and paths

Derived from street net-
work topology

Used as network nodes in pedestrian
graph.

Streetlight Locations Geographic coordinates of public
streetlights

Manually digitized from
Google Maps 12, Google
Earth18, and Open-
StreetMap9

Manual streetlamp layer used to
compute lighting density per seg-
ment.

Crime Incident Points Locations of reported police or public
safety occurrences

Alameda County Open
Data Hub10,11

Manual crime layer used to compute
crime proximity score.

Sidewalk Surface Categorizes road segments into surface
types

OpenStreetMap9 Used to classify the condition of
sidewalks along each segment.

Time of Day Numerical parameter representing day
(1) and night (0) conditions

Manually defined parame-
ter

Adjusts safety score weighting in
daytime or nighttime conditions.

Initial Safety Factor Hypothesis

The initial hypothesis was based on previous research about
the impact of various environmental factors on perceived
safety1,4,5. Each weight set was normalized to sum to 100%.
In the daytime model, crime rate was weighted to be high-
est at 40%, as nearby crime remains a significant safety con-
cern regardless of time since crime can still occur during the
day3,10,11. Time of day and sidewalk quality were ranked
the next highest at 30% and 20%, respectively. Time of day
was weighted at 30% because it shows whether it is day or
night and determines whether streetlights should matter more

at night or less during the day in the safety calculation6. Side-
walk quality can be an indicator of the quality of the surround-
ing urban environment4,8. However, it was weighted lower
than time of day because it has less direct influence on per-
ceived safety during daytime1. The lowest weighted factors
were proximity to buildings and streetlight density the lowest,
rated at 10% and 0% respectively8. Proximity to buildings
was weighted at 10% because its influence on perceived safety
is low during the day, when visibility is high6. Streetlights
are not used during the day and therefore were weighted at 0.
In the nighttime model, streetlight density and nearby crime
were assigned the highest weights at 30% each. These two
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factors were rated the same because they have been shown to
have a strong positive correlation with feelings of safety2–4.
Time of day was assigned a weight of 20%, reflecting prior re-
search6. Proximity to buildings and sidewalk quality received
the lowest weight (10%) as these factors demonstrated weaker
associations with perceived safety1,5.

How the Survey Adjusted the Safety Factor Weights

In order to identify which safety factors were most important,
survey respondents ranked safety factors from most to least
important. These responses were then converted into points
(5 = most important, 1 = least) and normalized to show how
much weight each safety factor holds relative to the others. In
addition to the ranking, participants rated the importance of
each factor on a scale of 1-7. When two or more factors re-
ceived similar point totals, the individual importance rankings
were used to determine whether the factors should be adjusted
to have the same weight or different weights.

Safety Cost Calculation

To account for both distance and safety simultaneously, the fi-
nal model was weighted using both distance and safety cost.
A safety score for each road segment was first calculated us-
ing the method outlined in this study. The routing algorithms
used in this study operate on weighted graphs and require a
cost value on each edge to compute the optimal route7. These
algorithms select the road segments with the lowest assigned
cost values and compute the optimal route by minimizing the
total cost of the route. Therefore, to integrate the safety score
into these algorithms, it was converted into a cost value called
safety cost. The calculation of safety cost is as follows:

Sa f etyCost = α ∗ (Distance)+β ∗ (1−Sa f etyScore) (4)

Where: α = weight of distance
β = weight of safety score
1 - safety score = converts high safety to a low cost

To determine how much distance influences the safety cost
calculation, participants were asked how much further they
were willing to walk on a 1-mile route. Options were grouped
into distance ranges, and each range was assigned a corre-
sponding distance-weight value. For example: little willing-
ness to walk further corresponded to high distance weight and
high willingness to walk further corresponded to lower dis-
tance weight. Most participants chose an option within the
range of 0.1-0.7 miles. The average of the survey responses
was then determined to be the final distance weight (alpha).
The final weight distance and the safety score were used to
calculate the safety cost.

α =
((weight1 ∗ count1)+ . . . +(weightn ∗ countn))

(count1 + count2 + . . . + countn)
(5)

To calculate this average more precisely, the survey responses
were converted into predefined distance-weight percentages.
Each distance category was assigned a specific length weight:
0 miles (0 m) = 100%, 0.1-0.2 miles (160.93-321.87 m) =
80%, 0.2-0.3 miles (321.78-482.80 m) = 70%, 0.3-0.5 miles
(482.80-804.67 m) = 50%, 0.5-0.7 miles (804.67-1126.54 m)
= 30%, and “Other” = 0%. A weighted average was then
computed by multiplying each percentage by the number of
responses in that category and dividing by the total number of
respondents. This value defined the final distance weight (α),
and the safety weight was calculated as β = 1−α .

Crime Buffer Sensitivity Analysis

To evaluate the robustness of the crime factor, a sensitivity
analysis was conducted by varying the buffer radius used to
calculate crime exposure. The initial model applied a 1000 m
buffer around each road segment to represent neighborhood-
level crime conditions. Additional analyses were performed
using smaller buffer sizes of 100 m (0.06 mi), 300 m (0.19
mi), and 500 m (0.31mi) to examine how buffer choice influ-
ences safety costs and routing results. For each buffer size, the
route length and total safety cost were recalculated for both the
shortest and safest routes.

Literature-Based Weighting Schemes

In addition to the survey-based weights, alternative weight-
ing schemes were developed based on findings from prior re-
search on perceived pedestrian safety. Previous studies do
not provide exact numerical weights but consistently high-
light the relative importance of certain factors under different
conditions. Based on these patterns, two literature weight-
ing schemes were constructed. The first scheme emphasized
the importance of visibility factors, including streetlights and
time of day. The second scheme placed greater emphasis on
built environment and infrastructure factors, such as surface
quality and proximity to buildings (see Table 3 for values).
The adjusted weights were modified from the survey baseline
to reflect these priorities. A sensitivity test was conducted to
evaluate the effect of these alternative weight sets. For each
weighting scheme, route length and safety cost values were re-
calculated, and analysis was repeated. The shortest and safest
routes were then compared across the baseline and literature-
based models to assess whether route selection changed.

Graph-Based Routing Algorithms and Model
Workflow

The road network of the associated area of Pleasanton, Cal-
ifornia was modeled as a graph. Nodes on the graph corre-
sponded to street intersections and edges represented individ-
ual road segments. This graph structure served as the founda-
tion for visualizing safety attributes and computing weighted
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Table 3 Safety factor weights used in literature-based sensitivity analyses

Test Set Time of
Day

Streetlights Crime Sidewalk Sur-
face

Buildings Day/Night
Weight

Baseline (survey-based) Day 0 0.25 0.22 0.18 0.35

Night 0.2 0.2 0.17 0.13 0.3

Scheme A: visibility & time em-
phasis

Day 0 0.2 0.2 0.25 0.35

Night 0.3 0.2 0.15 0.1 0.25

Scheme B: built environment &
infrastructure emphasis

Day 0 0.18 0.27 0.35 0.20

Night 0.20 0.18 0.22 0.30 0.1

Table 4 Point distribution for safety factors based on participant
rankings

Safety Factor Total
Points

Streetlight Density 342

Crime Rate 341

Sidewalk Surface Quality 265

Proximity to Buildings 267

Time of Day 401

safety cost values. Dijkstra’s algorithm7 created routes along
this framework using the safety cost values. These routes were
also displayed on the GIS system and compared visually using
the safety cost and distance metrics.

Results

Survey Findings

The survey was completed by 100 Pleasanton residents who
were 99% adults and 1% minors. Gender information was
also collected with a 54% male and 46% female distribution.
The following survey results illustrate how respondents rank
safety factors in terms of perceived importance.

Survey Question: When thinking about walking safety,
which of these factors is the most important and the least im-
portant to you? (Most = 5 points, 2nd = 4 points, 3rd = 3
points, 4th = 2 points, least =1 point)

Survey responses showed clear differences in perceived im-
portance among safety factors (Table 5). The Friedman test
indicated that these differences were statistically significant
(X2 = 61.2558, p< 0.001), suggesting that the observed rank-
ing is unlikely because of random variation. Time of day
received the highest average importance score, followed by
streetlight density and nearby crime.

Table 5 Survey-based importance ratings for walking safety factors
(N = 100). Scores range from 1 (least important) to 5 (most
important)

Safety Factor Mean Score Standard De-
viation

Streetlight Density 3.42 1.26

Crime Rate 3.41 1.37

Sidewalk Surface Quality 2.65 1.39

Proximity to Buildings 2.67 1.29

Time of Day 4.01 1.06

In the case of the number of streetlights and nearby crime,
the two factors only differed by one point in the ranking ques-
tion. When looking at the factors individually, 76% found
good street lighting to be very important and 72% found few
crimes nearby to be very important. The difference between
the two factors’ importance when evaluated alone was small
enough not to significantly affect their proportional weights.
However, in the case of sidewalk quality versus proximity to
buildings, 61% found sidewalk quality to be very important
while only 48% found proximity to buildings very important.
This difference was large enough to have an impact on the
ratio of the final weights, resulting in a higher weight for side-
walk quality in the final model. Participants were also asked
to indicate the relative importance of safety compared to dis-
tance when selecting their walking routes. Survey Question:
How many more miles would you be willing to walk beyond
a 1 mile route if it meant choosing a safer route?

The distance weight was calculated to be approximately
60%. Safety weight then accounted for 40% in the final rout-
ing decision. This suggests that while route distance remains
an important factor, participants also value safety when choos-
ing their walking routes. Safety Factor Weights from Pub-
lic Survey Survey responses were converted into weighting
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Fig. 2 Evaluation process for selecting safety-optimized walking routes in Pleasanton downtown and adjacent areas. (Rectangles = processing
steps, Arrows = data flow from input datasets to the final safety score and route selection)

Table 6 Reported willingness of participants to walk additional
distances for greater perceived safety

Extra Distance Willing to Walk Participant
Selections

0 miles (0 m) 5

0.1–0.2 miles (160.93–321.87 m) 20

0.2–0.3 miles (321.78–482.80 m) 29

0.3–0.5 miles (482.80–804.67 m) 22

0.5–0.7 miles (804.67–1126.54 m) 22

Other 2

schemes for both daytime and nighttime conditions. During
the day, as shown in Table 7, time of day and nearby crime
had the two highest weights. In the “Day Weights (Before Sur-
vey)” column, crime was 40% and time of day was 30%, while
in the “Day Weights (After Survey)” column, time of day in-
creased to 35% and crime decreased to 25%. This difference
indicates that time of day was viewed as significantly more im-
portant to perceived safety. At night, as shown in Table 7, time
of day was still a key factor. Its weight increased from 20%
in the “Night Weights (Before Survey)” column to 30% in the
“Night Weights (After Survey)” column. Streetlight density
and crime, which were both 30% before the survey, decreased
to 20% after the survey and were now equally influential, in-

dicating that factors affecting perceptive safety shift accord-
ing to environmental conditions such as time. These patterns
also suggest that Pleasanton residents are especially attentive
to changes in visibility and the presence of potential crime
risks when assessing route safety. Small-scale improvements,
such as adding or repairing streetlights and maintaining clear
sightlines, could increase comfort for pedestrians walking in
Pleasanton downtown.

Safety-Distance Trade-Off Derived from Public Survey The
distance weight (α) and safety weight (β ) were modified ac-
cording to survey responses (See Table 6). Based on the
weighted average of survey response, the calculated value for
α was 58.9%, which was rounded to 0.6 for model imple-
mentation. The corresponding safety weight was therefore
β = 0.4. This change in distance and safety weight indicates
that while route distance remains relevant, Pleasanton resi-
dents place a comparatively greater importance on safety. Ac-
cording to survey results, safety was calculated to contribute
to 40% of the combined weights, which was 10% higher than
the hypothesized weight of 30%. This outcome suggests that
residents are willing to walk farther if the route is perceived as
safer, as long as the added walking distance remains reason-
able.

Results of Crime Buffer Sensitivity Analysis

The crime buffer sensitivity analysis showed different levels
of variation between the base and longer routes. Crime in-
cidents in the study area were concentrated at one location.
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Table 7 Safety factors, normalization methods, and assigned weights used in daytime and nighttime models before and after survey results.

Safety Factor Normalization Direction Day Weights
(Before Sur-
vey)

Day Weights
(After Sur-
vey)

Night
Weights
(Before Sur-
vey)

Night
Weights
(After Sur-
vey)

Streetlights Lamp count within ∼100 m
buffer

Benefit 0 0 0.30 0.20

Crime Crime incidents within ∼500 m Cost 0.40 0.25 0.30 0.20

Sidewalk condi-
tion

Map surface to comfort score Benefit 0.20 0.22 0.10 0.17

Proximity to build-
ings

Distance to nearest building Cost 0.10 0.18 0.10 0.13

Day/Night 0 (day) or 1 (night) Cost 0.30 0.35 0.20 0.30

Table 8 Distance and safety weights under different scenarios α +β

Scenario α (Distance
Weight)

β (Safety
Weight)

Balanced distance and
safety (Before Survey)

0.7 0.3

Balanced distance and
safety (Survey Adjust)

0.6 0.4

For the base’s shorter route, both 500 m (0.31 mi) and 1000
m (0.62 mi) buffers produced the same results, while 100 m
(0.06 mi) and 300 m (0.19 mi) buffers often resulted in many
zero crime counts. For the longer route, the 1000 m (0.62 mi)
buffer spread the crime effect across a wide area and increased
overall safety cost, especially at night. In contrast, the 500 m
(0.31 mi) buffer captured the hotspot without spreading its ef-
fect too broadly. To balance local sensitivity and model con-
sistency across both routes, a unified 500 m (0.31 mi) crime
buffer was selected for all analyses.

Shortest vs Safest Routes

Based on the adjusted weights for the five safety factors and
the overall balance between safety and walking distance, the
shortest base route between Pleasanton Library and Main
Street measured 585.36 meters (0.36 mi) in both daytime and
nighttime conditions. After incorporating streetlight density,
nearby crime, surface condition, distance from buildings, and
time of day, the resulting safer base routes measured 586 me-
ters (0.36 mi) during the day and 586.3 meters (0.36 mi) at
night. The safety-optimized route was longer, it shifted toward
streets with better lighting, fewer crime incidents, and safer
walking conditions. However, for shorter downtown start-to-
end locations, the shortest and safest routes were nearly iden-
tical in both length and alignment.

A different pattern was observed for the longer route from
Amador Valley Park to central Pleasanton downtown. The
shortest route measured 1937.52 meters (1.20 mi) in both day-
time and nighttime conditions. During the day, the safety-
optimized route measured 1940.87 meters (1.21 mi). The
second-best safe route closely aligns with the safest route. It
is not included in Figure 5 because the map scale does not
clearly distinguish it from the primary safest route. At night,
the safest route shifted to a largely different path and increased
to 1979.42 meters (1.23 mi), while the second-best safe route
(1947.04 m, 1.21 mi) follows a different path. The greater
distance change and route shift at night indicate that safety
factors, particularly lighting and time of day, had a stronger
influence on route selection.

Results of Literature Based Weight Testing

The weight testing showed that route selection remained sta-
ble in many cases, while also demonstrating meaningful sen-
sitivity under certain conditions. For the base route, the safest
route did not change during daytime across all weight sets,
and only one nighttime scenario (Scheme B) resulted in a
route shift. For the longer route, changes occurred primar-
ily during daytime when alternative weighting schemes were
applied, and under Scheme B at night. The shortest route dis-
tance remained constant and differences in total safety cost
were moderate in all cases. These findings suggest that the
model remains stable when reasonable changes are made to
weighting assumptions. However, it also responds appropri-
ately when specific safety factors are weighted higher, espe-
cially in more complex routes.

Distribution of Safety Scores Across the Network

Safety score histograms revealed how safe pedestrians per-
ceived Pleasanton downtown during daytime and nighttime.
During the day, road segment safety scores were graphed on

© The National High School Journal of Science 2026 | 9



Table 9 Sensitivity analysis of crime buffer radius on safety cost and route length

Route Crime buffer (m) Time Objective Weight used Total distance (m) Total safety cost
Base 100 (0.06 mi) Day Shortest Length 585.36 (0.36 mi) 359.61

Base 100 (0.06 mi) Day Safest Length 586.00 (0.36 mi) 359.33

Base 100 (0.06 mi) Night Shortest Length 585.36 (0.36 mi) 369.14

Base 100 (0.06 mi) Night Safest Length 586.00 (0.36 mi) 368.16

Base 300 (0.19 mi) Day Shortest Length 585.36 (0.36 mi) 360.89

Base 300 (0.19 mi) Day Safest Length 586.00 (0.36 mi) 360.62

Base 300 (0.19 mi) Night Shortest Length 585.36 (0.36 mi) 384.37

Base 300 (0.19 mi) Night Safest Length 586.00 (0.36 mi) 383.40

Base 500 (0.31 mi) Day Shortest Length 585.36 (0.36 mi) 365.30

Base 500 (0.31 mi) Day Safest Length 586.00 (0.36 mi) 364.55

Base 500 (0.31 mi) Night Shortest Length 585.36 (0.36 mi) 416.29

Base 500 (0.31 mi) Night Safest Length 586.30 (0.36 mi) 412.35

Base 1000 (0.62 mi, Base
Buffer)

Day Shortest Length 585.36 (0.36 mi) 365.30

Base 1000 (0.62 mi, Base
Buffer)

Day Safest Length 586.00 (0.36 mi) 364.55

Base 1000 (0.62 mi, Base
Buffer)

Night Shortest Length 585.36 (0.36 mi) 416.29

Base 1000 (0.62 mi, Base
Buffer)

Night Safest Length 586.30 (0.36 mi) 412.35

Longer 100 (0.06 mi) Day Shortest Length 1937.52 (1.20 mi) 1206.23

Longer 100 (0.06 mi) Day Safest Length 1970.55 (1.22 mi) 1201.04

Longer 100 (0.06 mi) Night Shortest Length 1937.52 (1.20 mi) 1257.68

Longer 100 (0.06 mi) Night Safest Length 1970.55 (1.22 mi) 1226.69

Longer 300 (0.19 mi) Day Shortest Length 1937.52 (1.20 mi) 1206.23

Longer 300 (0.19 mi) Day Safest Length 1970.55 (1.22 mi) 1201.77

Longer 300 (0.19 mi) Night Shortest Length 1937.52 (1.20 mi) 1257.68

Longer 300 (0.19 mi) Night Safest Length 1970.55 (1.22 mi) 1230.19

Longer 500 (0.31 mi) Day Shortest Length 1937.52 (1.20 mi) 1208.31

Longer 500 (0.31 mi) Day Safest Length 1940.87 (1.21 mi) 1204.87

Longer 500 (0.31 mi) Night Shortest Length 1937.52 (1.20 mi) 1268.34

Longer 500 (0.31 mi) Night Safest Length 1979.42 (1.23 mi) 1246.30

Longer 1000 (0.62 mi, Base
Buffer)

Day Shortest Length 1937.52 (1.20 mi) 1220.85

Longer 1000 (0.62 mi, Base
Buffer)

Day Safest Length 1970.55 (1.22 mi) 1211.14

Longer 1000 (0.62 mi, Base
Buffer)

Night Shortest Length 1937.52 (1.20 mi) 1327.45

Longer 1000 (0.62 mi, Base
Buffer)

Night Safest Length 1962.67 (1.22 mi) 1309.32
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Fig. 3 Base route map comparing shortest and safest paths during daytime conditions (red dashed line = shortest route; blue solid line = safest
route)

Table 10 Comparison of route distance and safety cost for shortest and safest routes under daytime and nighttime conditions

Route Time Objective Weight used Total distance
(m)

Total safety
cost

Base Day Shortest Length 585.36 (0.36 mi) 365.30

Base Day Safest Safety Cost 586.00 (0.36 mi) 364.55

Base Night Shortest Length 585.36 (0.36 mi) 416.29

Base Night Safest Safety Cost 586.30 (0.36 mi) 412.35

Longer Day Shortest Length 1937.52 (1.20 mi) 1208.31

Longer Day Safest Safety Cost 1940.87 (1.21 mi) 1204.87

Longer Day 2nd best safe route Safety Cost 1940.88 (1.21 mi) 1204.88

Longer Night Shortest Length 1937.52 (1.20 mi) 1268.34

Longer Night Safest Safety Cost 1979.42 (1.23 mi) 1246.30

Longer Night 2nd best safe route Safety Cost 1947.04 (1.21 mi) 1261.40

a scale of 0 to 1. The graph had two peaks: the largest peak
(over 3,500 segments out of total 6762 segments) appeared at
approximately 0.60, and the smaller peak (about 1,100 seg-

ments) appeared at approximately 0.62. This distribution in-
dicates that most areas in Pleasanton downtown are perceived
as moderately safe. The segments that scored lower represent
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Fig. 4 Base route map comparing shortest and safest paths during nighttime conditions (red dashed line = shortest route; blue solid line =
safest route)

locations that most respondents perceived as unsafe.
At night, safety scores shifted downward, ranging mostly

from 0 to 0.5. The majority of segments (around 2000 seg-
ments out of total 6762 segments) had a score of around 0.22,
followed by around 1250 segments around 0.24 which sug-
gests that more areas were perceived as unsafe in darker con-
ditions. A smaller portion of segments scored under 0.1, indi-
cating that certain segments are perceived as highly unsafe at
night by local pedestrians.

This difference between the nighttime and daytime safety
scores indicates that the perceived drop in safety at night could
be related to the changing importance of the safety factors.
Streetlights and crime had a significantly higher influence on
pedestrian safety during nighttime conditions. This suggests
that this difference in safety scores is attributed to lower visi-
bility since crime conditions remained similar.

Preliminary Route Preference Validation

To provide an initial validation of the model’s route selection,
we conducted interviews with 20 Pleasanton locals who pro-

vided verbal consent (15 adult male, 5 adult female). Par-
ticipants were shown the shortest route, the safest route, and
the second safest route identified by the model. They were
asked which route they felt safer walking on. During daytime
conditions, 11 participants (8 male, 3 female) reported feeling
safer on the model-selected safest route, while during night-
time conditions, 12 participants (7 male, 5 female) preferred
the model-selected safest route. This indicated that the safety
weights from the initial survey represented local opinion ac-
curately. None of the participants chose the second-best safest
route.

Discussion

This study demonstrates that integrating safety-related at-
tributes can affect recommended pedestrian travel routes.
When the five safety factors were considered, the resulting
route avoided areas that had a low safety score. During day-
time and nighttime, the safety-weighed route increased in dis-
tance and achieved a reduced safety cost. Considering the
path difference between the shortest and safest routes for both
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Fig. 5 Longer route map comparing shortest and safest paths during daytime conditions (red dashed line = shortest route; blue solid line =
safest route)

longer and shorter routes, it can be concluded that incorpo-
rating safety factors into a shortest path algorithm can make
difference in route selection. In compact downtown settings
with short trip distances, the optimized route closely aligns
with the shortest path. However, for longer trips and under
higher-risk nighttime conditions, safety weighting can mean-
ingfully alter route selection. To validate the model’s route
choices, 20 Pleasanton residents were interviewed. Although
the sample size was limited, the majority preference for the
model-selected safest route suggests that the routing approach
may align with pedestrian perceptions in this case study. This
provides support for the practical relevance of incorporating
perceived safety factors into routing models. A second-best
safety route was also identified and shown to participants, but
no participants selected it as their preferred path. This sug-
gests that in Pleasanton, which has relatively low crime levels,
the primary safest route provided the clearest balance between
safety and distance, while the second-best route did not of-
fer a clear advantage to influence preference. While perceived
pedestrian safety is the primary focus of this study, the safety

cost used in the model is based on objective GIS data such as
crime incidents, street lighting, building proximity, and sur-
face type. The survey weights show what factors people say
are important, while the GIS layers describe the physical char-
acteristics of the street. Together, these parts capture both ob-
jective and subjective safety factors. However, the weighted
algorithm cannot directly measure how safe a person feels at a
specific location. For example, individuals may feel unsafe on
roads that are far away from crime hotspots. Objective indica-
tors are instead adjusted using survey-based weights and used
to represent perceived safety. This approach is transparent, but
it cannot capture all personal or emotional factors that relate
to safety perception. To address this limitation, future work
could include larger samples or location-based perception data
to capture more subjective aspects of perceived safety. A sim-
ple weighted linear model was chosen for this study because
it is transparent and easy to interpret. Each safety factor con-
tributes directly to the final score, which makes it clear how
changes in weights affect route selection. The available data
do not include direct measures of perceived safety at specific
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Fig. 6 Longer route map comparing shortest and safest paths during nighttime conditions (red dashed line = shortest route; blue solid line =
safest route; green solid line = second-best safe route)

locations, which limits the ability to train more complex mod-
els. For this reason, the linear model was chosen as a clear
and reproducible baseline for this study. In future work, non-
linear approaches such as random forest models or machine
learning methods trained on more data could be explored to
capture relationships a weighted linear model could not. The
model also uses a single pair of weights (α and β ) to repre-
sent the average preference of survey participants. This ap-
proach assumes that all pedestrians value distance and safety
in a similar way. In reality, individuals may prioritize distance
efficiency and safety differently. For example, some partici-
pants may be willing to walk much farther for a safer route,
while others may strongly prefer the shortest possible path.
In addition, certain subgroups, such as older residents or dis-
abled individuals, may place a higher value on safety than the
overall average suggests. The current model uses an average
of all distance preferences and does not capture this variation.
Survey results show that residents value walking environments
that feel secure and are willing to walk farther to avoid areas
perceived as unsafe, particularly at night. By combining per-

ceived safety data and geographical data, this model serves as
a proof-of-concept showing how pedestrian preferences can be
incorporated into a routing framework within the case study of
Pleasanton downtown and adjacent areas.

Limitations

While the model has integrated safety factors into route mod-
eling, several limitations remain. The study area and the sur-
vey participants were limited to a small portion of Pleasan-
ton, California, which limits the generalizability of conclu-
sions to other cities with different characteristics. Further-
more, the survey sample size was relatively small (100 peo-
ple), consisted mostly of adult participants, and was anony-
mous. Age range information was not collected and differ-
ences across age groups could not be examined. Most par-
ticipants also indicated that they walked in Pleasanton down-
town either sometimes or often, which may bias survey results
towards frequent walkers. The validation interviews also in-
cluded only 20 adults, with more males (15) than females (5).
These sample characteristics may limit how well the findings
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Table 11 Comparison of routing outcomes under alternative literature-based weight adjustments

Test Set Route Time of
Day

Shortest route
length (m)

Safest route
length (m)

∆ length (m) Total safe cost
(safest)

Safest route
changed

Baseline (survey-based) Base Day 585.36 (0.06 mi) 586.00 (0.06 mi) 0.64 (0.00
mi)

364.55 N

Base Night 585.36 (0.06 mi) 586.30 (0.06 mi) 0.94 (0.00
mi)

412.35 N

Longer Day 1937.52 1940.87 3.35 (0.00
mi)

1204.87 N

Longer Night 1937.52 1979.42 41.90 (0.03
mi)

1246.30 N

Scheme A: visibility &
time emphasis

Base Day 585.36 586.00 0.64 (0.00
mi)

364.29 N

Base Night 585.36 586.30 0.94 (0.00
mi)

395.92 N

Longer Day 1937.52 1970.55 33.03 (0.02
mi)

1206.84 Y

Longer Night 1937.52 1979.42 41.90 (0.03
mi)

1241.54 N

Scheme B: built envi-
ronment & infrastructure
emphasis

Base Day 585.36 586.00 0.64 (0.00
mi)

371.75 N

Base Night 585.36 586.00 0.64 (0.00
mi)

402.11 Y

Longer Day 1937.52 1979.42 41.90 (0.03
mi)

1217.24 Y

Longer Night 1937.52 1980.08 42.56 (0.03
mi)

1238.54 Y

apply to other demographic groups. There also may be a gen-
der bias due to the uneven distribution of male and female
participants. The survey data were summarized into a single
average weight pair and preference differences between de-
mographic subgroups were not explored.

Model weights and validation both depended on partici-
pants self-reporting their perception of safety, which may be
biased. Self-reported data are inherently subjective and may
not accurately reflect how different people perceive safety.
The weighted linear model also assumes that each safety fac-
tor works independently and changes the score in a linear way.
It does not consider how factors can influence each other or if
the factors have nonlinear relationships to the score. In real-
ity, pedestrians may view a combination of factors, such as
high crime and strong lighting, differently depending on their
personal experiences and emotions. The model may simplify
how people actually experience safety because it is unable to
account for more complex relationships.

In the validation interview, no participants selected the
second-best safety route as the preferred option. This could

be related to the relatively low crime levels and minor route
differences in this case study. In cities with greater crime
variation or more complex street networks, multiple safety-
optimized routes may become more meaningful.

The model focuses on selected safety factors and does not
directly include other conditions that may affect walking deci-
sions, such as traffic volume, pedestrian activity, or surround-
ing land use. These elements may influence both perceived
safety and route choice. For example, commercial streets with
shops may have more lighting and more people present, which
can increase the feeling of safety, but they may also have heav-
ier traffic that reduces comfort. Similarly, residential streets
may have lower traffic but fewer streetlights or fewer visi-
ble pedestrians at night. Some of these effects may be indi-
rectly reflected in the included variables, but they are not mea-
sured separately. Because these factors can be related to both
safety perception and route selection, they may act as con-
founding influences in the model. Therefore, the safety score
should be interpreted as an estimate based on selected fac-
tors rather than a complete or independent measure of pedes-

© The National High School Journal of Science 2026 | 15



Fig. 7 Distribution of road segment safety scores showing variations in perceived safety under daytime conditions

trian safety. Another limitation of the model is that crime data
were aggregated across multiple years, and the streetlight data
were treated as static, which may not accurately reflect recent
changes in crime levels or lighting conditions. The streetlight
dataset may not be fully complete because data was collected
through manual digitization of streetlight locations by using
Google Map and Google Earth Professional. This data was
cross checked by conducting sample manual field checks, but
still could have missing datapoints. Because of these data lim-
itations, the safety scores may not reflect exact street condi-
tions. Variables such as traffic volume, weather, and obstacles
were not included in the model due to the lack of data. These
omitted variables could bias the model’s results and overesti-
mate the influence of included factors. Future studies could
expand the dataset to include other cities or factors, integrate
live data into the model, or analyze differences in perceived
safety with different demographics.

Conclusion

Graph-based routing with weighted safety factors provides an
accessible approach to investigating pedestrian safety within

this local case study. Results show that adjusting route weights
based on survey responses and literature-based settings can
influence route selection, with differences being more pro-
nounced for larger areas. The greater distance change and
route shift observed at night indicate that lighting and time
of day had a strong influence on route choice under nighttime
conditions. As a proof-of-concept, this study demonstrates
how survey-based weights and geographic data can be com-
bined to explore safer walking route options within a specific
community. Several limitations should be noted, however.
The model represents average pedestrian preferences and does
not capture differences across population groups. The sur-
vey sample size was relatively small and consisted mostly of
adult participants. Age range information was not collected,
as a result differences across age groups were not examined.
In addition, the safety score is based on selected factors and
time-aggregated data, which may not fully reflect current or
location-specific conditions. Therefore, results are best under-
stood as a proof-of-concept within this specific case study.
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Fig. 8 Distribution of road segment safety scores illustrating variation in perceived safety under nighttime conditions
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