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Abstract— Unmanned Aircraft Systems (UAS), also known
as drones, have promising potential for integration into
intelligent transportation systems to facilitate enhanced cargo
and passenger flow. The escalating prevalence of UAS
operations raises concerns regarding third-party ground risks,
particularly within densely populated urban landscapes.
Current mitigation strategies propose avoiding areas of high
population  density; however, these  methodologies
predominantly operate under the assumption that population
density within specific locations remains static, which
overlooks critical spatial-temporal population dynamics. This
study introduces a prediction method with random forest
regression to enhance the accuracy of population density
estimations integral to risk assessment models. Obtained
results were integrated into a gravity model to diffuse the
predicted population volume at various time intervals, thereby
generating dynamic risk maps. Finally, a graphic user
interface is developed with backend computations to facilitate
the decision makings for: 1) regulatory bodies to determine if a
flight plan can be approved based on its risk cost and the
target level of safety, and 2) UAS operators (e.g., drone
delivery companies) to evaluate the overall risk level of their
fleet by compute the risk cost of each flight plan. This work
also contributes to the safety risk management of urban air
mobility (UAM) in time-dependent ground risk mitigation.

Keywords—Air traffic management, urban air mobility, third
party risk, dynamic risk estimation, graphic user interface

L INTRODUCTION

Unmanned aircraft system has been developing quickly
with various applications in urban environments, such as
cargo [1] and passenger transport [2] under the concepts of
urban air mobility and advanced air mobility. It is envisioned
as an intelligent, safe, and sustainable way of air
transportation, which has the potential to reshape the urban
transport system from two-dimension to three-dimension to
enable better flows of cargo and passengers [3]. However,
the predicted large-scale UAS operations in urban
environments bring severe safety risk issues [4], as
unmanned aircraft may crash and cause fatality risk to people
on the ground. Ground fatality risk assessment and
mitigation studies are therefore needed to improve the UAS
operational safety.

Existing studies on ground fatality risk consider three key
parameters, which are the probability of UAS system failure,
the number of people hit by a crashed UAS, and the fatality
rate of UAS accidents [5]. Among these parameters, the
number of people hit by crashed UAS is a stochastic
parameter, which is directly proportional to the population
density. Most of the current studies assume that the
population density in a specific area does not change over
time [4], [6], [7], which is not practical as the spatial-
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temporal population movement is not captured by their
models. To improve the accuracy of risk assessment results,
temporal change in population density should be considered.
Which requires the prediction of population density based on
the historical population density distribution data.

To obtain the population density distribution, studies
have been conducted by utilizing different sources of data.
One group uses cell phone data [8], which gives the exact
locations of population distribution at different timing.
However, cell phone data is difficult to obtain, as it is highly
restricted due to public privacy and security issues. Instead,
the other group uses public transportation data (accounts for
70% of passengers) to capture the patterns of population
movement within a city environment [9], which inspires the
prediction of the spatial-temporal population movement in
this research.

In this work, we have developed a population density
prediction method to conduct the dynamic ground risk
assessment. The method includes statistical analysis and a
random forest regression model to process the passenger
tape-in and tape-out data on a subway transportation system.
With the model, we aim to improve the safety of UAS
operations in urban areas by quantifying dynamic ground
risk, to provide spatial-temporal risk information for time-
dependent risk assessment and mitigation decisions.

II.  RELATED WORKS

This section presents works on UAS risk assessment
models and population density estimation methods.

A. UAS Risk Assessment Models

UAS may pose a risk to humans and vehicles on the
ground when the pilot loses control or when it fails. Various
methods can be used to reduce risk, including risk
management, crash analysis, and UAS risk-based path
planning with integrated risk cost [4]. Some risk
management strategies include airspace [10], where UAS is
allowed to operate in designated safe airspace. This is
particularly effective in regions near airports where there is a
high risk of collision with manned aircraft. Other methods
for risk management include implementing rules and
regulations for the authorization of UAS operations [5].
Crash or collision analysis can also be used to study,
identify, and weigh the risk, which includes mathematical
models for air traffic conflict and collision probability
estimations [11].

Another branch of risk mitigation methods is risk-based
path planning, where risk cost maps are generated [3], [12].
The risk cost maps help UAS operates safely by avoiding
areas of high risk based on calculated third-party risk [6].



The risk maps can be split into static maps and dynamic ones
[13]. Static risk mapping makes use of offline path planning
to solve an optimal path planning problem with minimized
risk cost. While dynamic risk mapping can be split into two
types. Firstly, it can be used for online path planning to
adjust the path based on real-time risk conditions observed
during the flight. Secondly, dynamic risk mapping is done
offline with predicted population density for time-dependent
path planning. Other than using integrated 3D risk-based
path planning, there are also studies on four-dimensional
risk-based flight trajectory optimization [7], [14] with the
objective of reducing ground fatality risk and airborne flight
conflict risk.

The above-mentioned risk assessment and mapping
studies focus on ground fatality risk, where population
density is the critical factor. Prediction of population density
helps to improving the accuracy of risk assessment for flight
planning and risk management.

B.  Population Estimation Used in Risk Assessment

The scope of this study focuses on the estimation of
dynamic ground risk caused by spatial-temporal population
density. To obtain the population density distribution, studies
have been conducted by utilizing various sources of data,
including personal cell phone data [15], remote sensing data
[16], and public transportation data [17].

The benefit of using mobile phone data is the estimation
accuracy, as the data tells the exact location and movement
of people throughout the day [15]. However, the difficulty
with this method is the availability of data. Mobile phone
data sources are hard to come by due to privacy concerns.
Another group utilizes the remote sensing data, which
mainly includes population count data and land cover data
from satellite imagery. The remote sensing data is always not
overfitted, making the estimation results more accurate [16].
The disadvantage of this method, however, is that it requires
many ancillary data sets that are expensive and difficult to
process.

Existing methods look at the problem at the macro scale
and try to predict and map out population density based on
data. However, in urban areas, there are patterns of travel
that can affect how populations are distributed throughout
the day [18]. For instance, modelling the hourly distribution
of the population at a high spatiotemporal resolution using
subway smart card data has been tested [17], [19]. In these
studies, the main patterns and trends of population
movements were well captured, which inspires the
application of using public transportation data to capture
population density patterns.

III. APPROACH FOR POPULATION DENSITY PREDICTION

This section presents the detailed methodology of using
historical public transportation data to predict the population
density that is used for dynamic risk assessment. The census
population density and mass rapid transit (MRT) data were
obtained and employed in the training of a random forest
regression model. The predicted population density was then
diffused to areas without available data. The diffused
population density was used in a ground risk assessment
model to compute the time-dependent third-party risk.

The primary source to create the model for population
density prediction is passenger volume by subway train

station. This dataset provides the hourly tap-in and tap-out
volumes for all MRT stations in Singapore, split into two
types: weekdays and weekends. Geospatial data of the MRT
locations are also obtained.

A. Data Preparation and Processing

Since public transportation system does not run 24 hours
a day, there are missing values for time per hour. To help
easier computation in later stages, time per hour values 0 and
1, which represent 0000hrs and 0100hrs are converted into
2400 and 2500hrs respectively. Another total volume is
created to represent the summation of tap-in and tap-out
volume. This value is used to estimate the population per
hour of the MRT station. For each different type of area, two
types of data from weekdays and weekends are analysed.
The time per hour was set as the x-variable and the total
volume as the y-variable.

After collating all the data from different months, the
data is processed using Random Forest Regression (RFR) for
each type of area. RFR method is a supervised learning
algorithm that uses an ensemble learning approach for
regression [20]. Multiple decision trees are ensembled to
create a single model that is often more accurate compared to
a single decision tree. RFR is the preferred method to find
population density as the MRT tap-in and tap-out hourly data
is non-linear and categorical. RFR is used in the work to
determine the MRT usage for a specific period of a day. The
data is split into 75% training and 25% testing. The mean
squared error and R2 value of the training and testing data
are compared with each other to evaluate the accuracy of the
prediction at each dataset studied.

B.  Population Density Diffusion with Gravity Model

After doing random forest regression, hourly prediction
values for the population density in the MRT stations are
obtained. To get finer dynamic population density values,
based on intervals of five minutes, the hourly prediction is
divided by 12. In this method, an assumption is made such
that the number of people that tap-in and tap-out of the MRT
in an hour is constant. With the prediction value of the MRT
station at different periods, four different periods were
selected, namely 0730, 1230, 1815, and 2200 to represent the
population density patterns at morning peak, normal hours,
evening peak, and night-time.

To obtain the predicted population density in areas where
public transportation data is not available, a diffusion model
is employed based on the concept of gravity model [21],
which is presented as

Op = UMRTe(l_rz) (€Y)

r= \/(xMRT = %)% + (YmrT — Yn)? 2

where o, is the predicted population density of the n™ grid
cell to the nearest MRT station, and owmrr is the predicted
population density of the MRT station grid cell. Note that » is
the Euclidean distance between the n™ grid cell and the grid
cell of the MRT station. When  is less than 1 km, the gravity
model applies. However, when r is greater than 1 km, the
effects of the MRT dynamic population are diminished, and
the static population of the area is used instead. Hence, when
dynamic population density is applicable, the population
density is calculated using the predicted population divided



by the area of the grid cell. When static population density is various types of urban areas, (2) the predicted population

applicable, the census population of the subzone is used and density used in dynamic ground risk assessment and

divided by the area of the subzone. diffusions, and (3) the application of dynamic ground risk in
a graphic user interface for UAS safety risk management.

C. Ground Risk Cost Assessment Model

UAS ground risk cost assessment model associated with
population density is given in Equations (3) and (4). Here, Distinct types of areas have different dynamic population
Perash is the probability of UAS system failure, M is the  trends, as the purposes of population movement are different.
number of pedestrians hit by a crashed UAS, and Ry is the For instance, the industrial area contains mostly offices and
fatality rate of UAS accidents. Note that o, is the predicted  factories with little to no residents living in the area. The
population density and S pi is the size of the crash area. census population density is low, and most people only travel
there for work purposes. Based on travel purposes, areas in
urban environments can be classified into industrial,
residential, central business districts, and commercial ones.
Specific locations and census population density of each type
used in this paper are shown in Table 1.

A.  Analysis for Population Density

C= PcrashNhitRf (3)
Npix = 03 S hit 4)
Among these three factors, two of them, Persh and Ry are

constants, while M is a quantifiable variable that is directly
proportional to the population density, as obtained in Eq. (1).

TABLEI. AREAS OF STUDY.

Census Ppl. Den.

Since population density is directly proportional to UAS Type Location (people/km?)
ground risk calculated from the diffusion process, the Industrial area Gul Circle 9
normalization of population density can explain UAS ground Residential area Ang Mo Kio 60,266
risk cost. Hence, normalized choropleth grid maps for UAS Central business
ground risk cost index are generated with a range of 0 to 1. district Raffles Place 316
The normalization is done by Commercial area Orchard 2,000
Cut = (M) w, (5) The historical population movement data for weekdays
Omax and weekends are obtained from 2022-07 to 2023-01, which

) . . ) ) are presented in Fig. 1 and Fig. 2. From Fig. 1(a), it can be
where ¢, is the normalized risk cost index of the n'" grid cell observed that the trend for the total tap-in and tap-out
at time 7. Here, 6, is the predicted population density of the  yolumes of MRT is relatively constant between the months
n grid cell at time £ and omin is the minimum predicted  for weekdays at an industrial area. The data shows that MRT
population density for the day, which also equals the static  yga0e increases from 0500hrs to 0700hrs and from 1600hrs
population density. Note that Gmax is the maximum predicted 5 1700hrs then decreases from 0700hrs to 0900hrs and 1700
population density for the day, and w; is the normalization {4 2000hrs. Distinct peaks at 0700hrs and 1700hrs can also

factor at time 7. be observed. A similar trend can be observed for the
weekend population pattern as presented in Fig. 2(a).
IV. NUMERICAL RESULTS AND DISCUSSIONS However, compared to weekday data, it is noted the overall

usage is five times less during the peaks, from about 25000

In thi tion, d trate: (1) th d -
n this section, we demonstrate: (1) the propose on weekdays to about 5000 on weekends. This is because not

methodology for dynamic population density prediction in
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Fig. 1. Weekday population density patterns at four different types of areas in urban environments.
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Fig. 2. Weekend population density patterns at four different types of areas in urban environments.
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Fig. 3. Weekday population density variance at four different types of areas in urban environments.
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Fig. 4. Weekend population density variance at four different types of areas in urban environments.

that many people travel to industrial areas for work on
weekends.

Similar trends are also observed for residential areas (Fig.
1(b)) and CBD areas (Fig. 1(c)), where people travel from
and to these two areas during morning and evening peak
hours. A different population density pattern is shown in the
commercial area (Fig. 1(d)) where the MRT usage sharply
increases from 0500hrs to 0800hrs. Then the trend remains
flat till 1600hrs. Then it increases and peaks at 1800hrs
before it sharply decreases in the late evening hours.

On the other hand, different patterns are observed for
weekend data against hours, compared with their weekdays’
counterparts. The trend shows that population density
increases sharply from 0500hrs to 0800hrs. Then it remains a
slight increase trend throughout the afternoon. The peak
density is at 1600hrs and 1700hrs. Then it decreases from
1800hrs to 2200hrs and sharply decreases at the late hours at
night. It is noted that the general overall population density
on weekends is three times less than on weekdays.

A notable observation from the data is that the variance is
larger on weekend population density in each month,
compared with weekday results, shown in Fig. 3 and Fig. 4.
That is because the commuting time and route for people on
weekdays are more routine than on weekends, making the
population movement patterns on weekday more regular
with less variance among different months. The greatest
variance of the population density is at morning and evening
peak hours on weekdays, while in the afternoon and evening
on weekends. Because commuters may not need to travel in
the morning on weekends. The variances on weekends for
the rest of the periods of the day are significantly larger than
that of the weekday counterparts. A larger variance could
affect the prediction performance. Detailed analysis for the
prediction performance on population density is given below.

B. Prediction Performance on Population Density

In this subsection, the prediction is performed using
random forest regression. The obtained prediction results for

the four areas on weekdays and weekends are presented in
Fig. 5 and Fig. 6 respectively. The average prediction
performance on weekday population density is significantly
better than weekend data (R? test weekday = 0.909 vs.
R? test weekend 0.794). That is because the commuting
patterns of the population have fewer deviations during
weekdays, as the time and route for commuting are more
routine, compared with the weekend ones. For instance, the
model performs well in the industrial area to a high degree of
precision at all periods of the day as shown in Fig. 5(a), with
R? train = 0.974, R? test = 0.967. However, the performance
of the model is lower on weekends (R? train = 0.925, R? test
= 0.901), shown in Fig. 6(a). Because there is a greater
variance of trips generated on weekends, and it is difficult to
explain the general purpose of people travelling to industrial
areas on weekends.

For the results in residential area presented in Fig. 5(b),
the model can predict the population density on weekdays in
a densely populated residential area to a high degree of
precision (R?_test = 0.837) at most periods of the day. In the
morning peak hours, the model over-predicts while in the
evening, the model under-predicts. While the model
generally underestimates the population density for weekend
data, as shown in Fig. 6(b). Similar results are observed for
CBD area (Fig. 5(c), and Fig. 6(c)) and commercial area
(Fig. 5(d), and Fig. 6(d)), and the predicted population
density is lower than actual ones in most of the periods. This
could be a result of insufficient data used for the training of
the prediction model.

An overall view of the prediction performance in
different types of areas is given in Fig.7. The training
performance of the model is better than the testing
performance, especially for data from weekend residential
and CBD areas. The reason could be the lack of sufficient
data or more detailed feature selection, as in this work the
hourly population density data is used for training and
testing. A finer dataset can be used to further improve the
prediction model in future works. While the performance on
weekday results is notably better than that of the weekend
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Fig. 6. Prediction results of weekend data at four different types of areas in urban environments.

ones (R2 test weekday =0.909 vs. R2 test weekend 0.794).
That is because the commuting patterns of the population
have fewer deviations during weekdays, as the time and
route for commuting are more routine, compared with the

weekend ones.
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Fig.7. Comparison of prediction results on weekdays and weekends.

C. Dynamic Risk Assessment Based on Predicted Results

After obtaining the predicted population density, we
compute dynamic ground risk for UAS operations. UAS risk
cost index maps were generated at different timings, and an
example is given with an industrial area (Gul Circle in
Singapore) with weekend data to show changes in dynamic
ground risk throughout the day. From Fig. 8, the drone risk
index throughout the day can be observed for weekends on
several key timings as defined in Section III. B. Drone risk at
grid cells nearest to the MRT is significantly higher than
those that are further due to diffusion of dynamic population
density. At regions greater than one kilometre away from the
MRT station, the population density is equivalent to census
one. The risk cost index is the highest during the morning
and evening peak hours, as the population densities are at
their peaks during these periods.

D. Graphic User Interface for Dynamic Risk Management

We develop a graphic user interface (GUI) for dynamic
risk management as shown in Fig. 9. The predicted

population density is ingested into the risk assessment model
to generate time-dependent risk cost, which is used to
produce dynamic risk maps. By keying in the operation-
related information such as UA type, expected take-off time,
flight origin and destination, the risk cost of a flight path can
be computed based on the predicted ground risk. That
facilitates the decision makings for (1) civil aviation
authorities to approve if the risk cost of a flight plan meets
the target level of safety, and (2) UA operators (e.g., drone
delivery companies) to evaluate the overall risk level of a
fleet by compute the risk cost of each flight plan.
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Fig. 8. Normalised ground risk at an industrial area.

V. CONCLUSIONS

This study proposes a methodology for dynamic ground
risk assessment based on the prediction of population
density. the prediction model employs the random forest
regression method with the utilization of public
transportation usage data. From the obtained prediction
results, a diffusion method, predicated on the concept of the
gravity model, has been established. This method diffuses
the predicted volume across various time intervals, yielding
dynamic population density values for each grid cell.
Subsequently, risk cost index maps are generated based on
the predicted population density, which could contribute to
risk mitigation by identifying and avoiding high-risk areas
depicted in the dynamic risk map.
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The study finds out that UAS ground risk associated with
population density changes significantly throughout the day
and a dynamic ground risk assessment method could
improve risk mitigation for safe UAS operations. The
prediction model performs well in areas where there is a
predictable pattern of travel behaviour, such as places of
industrial areas, where the trips generated for that location
are relatively constant daily. It also performs well on
weekdays, due to the predictable pattern of travel. However,
the accuracy of the model is slightly compromised during
weekends when temporal trends are less predictable due to
uncertain travel behaviours.

The risk cost maps generated through this study can be
integrated into risk-based path planning processes for more
effective risk mitigation. The utility and effectiveness of
these maps can be validated by contrasting them with
existing risk cost path planning methodologies that use static
population density as an input parameter. The results of this
study stand to significantly enhance the safety of UAS
operations by minimizing operational ground risks [22].
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