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ABSTRACT:

COVID-19 is an airborne virus that can be spread directly or indirectly from one person to another. Spreading the virus strongly
depends on the location and time and hence, a Spatio-temporal event. Moreover, traffic congestion will increase the spread of the
virus not only because of the vicinity but also because of increased temperature and humidity in these spaces for a short or long time.
This paper introduces a vehicle routing optimization model to reduce COVID-19 exposure risk during a city journey by solving it as
a quadratic unconstrained binary optimization problem on a quantum annealing computer. Indeed, the objective of the COVID-19
prevention optimization problem is to minimize the risk of exposure for a given set of road users between origins and destinations.
Microsoft Taxi data from the city of Beijing have been used to simulate road users’ movement. The problem has been run onto
three different solvers. One of the solvers is executed on classical computers, and two other solvers are executed on hybrid quantum
solvers. Hybrid solvers return the solution within less than 0.03 seconds on quantum processing unit time. However, the results will
be returned at least 5 seconds after the execution in the classical solver. It is worth mentioning that, as there is no direct access to
the quantum computers, it is hard to compare the results on the same scale as the queries will go on a queue in D-wave quantum
computers. Applying the proposed model on the trajectory data shows a better distribution of the vehicles on the road network.

1. SUMMARY OF THE RESEARCH

1.1 Introduction

According to the World Health Organization (WHO), approx-
imately 198.9 million people were infected by COVID-19 in
2021 worldwide, among which 3.5 million lost their lives (WHO,
2021). This infection had adverse mental health effects on the
society and largely impacted the economy. Controlling the spread
of the virus by reducing the exposure to it, is a way to diminish
the noxious health and wealth impacts of it. Therefore, this is
one of the major tasks that should be taken care of by both in-
dividuals in their every-day decision-making; and longer-term,
larger-scale guidelines, and regulations by public and authorit-
ies decision-makers. To our knowledge, COVID-19 is an air-
borne virus which can be spread directly or indirectly from one
person to another. The direct transmission is by breathing the
exhale air of infected nearby persons with distant of less than
1.5 meter apart (WHO, 2020). In the indirect way, an infected
persons contaminates objects by touching and the virus last on
the surfaces for a while depending the type of material and en-
vironmental conditions. Therefore, spreading the virus strongly
depends on the location and time and hence, a spatio-temporal
event. Moreover, traffic congestion will increase the spread of
the virus not only because of the vicinity (Cartenı̀ et al., 2021)
but also because of increased temperature and humidity in these
spaces for a short or long time (Shi et al., 2020, Tosepu et al.,
2020, Xie and Zhu, 2020).

Solving a routing problem involves both individual and pub-
lic decision makers; one decides the time and the trajectory for
∗ Corresponding author

their journey in the city from an origin to a destination. In the
public level, the transportation availability, guidelines and reg-
ulations impacts directly the decisions in individual level. In a
pandemic, additional cost functions and constraints should be
added to penalize and restraint the exposure to hot zones to
attenuate the spread of the disease. The solutions to this NP-
hard problem based on classical computers are well-known and
already exist (Chen et al., 2020, Lenstra and Kan, 1981). How-
ever, they are not fast enough while complexity increased to
provide real-time or close to real-time response to neither in-
dividual nor public level problems. Based on the current tech-
nological developments in Quantum Computers and the very
promising results in solving complex problems, they can be
the answer to solving large scale routing problems in real-time
(Somma et al., 2012, Gibney, 2019).

1.2 Problem definition

The core of this study is the Vehicle Routing Problem (VRP),
which is one of the well-known NP-hard combinatorial optim-
ization problems in the classical computers. Many heuristic and
meta-heuristic algorithms have been proposed to solve the VRP
problem in classical computers. However, these algorithms still
have trouble solving such problems in real-world applications.
On the other hand, quantum computation and, more specific-
ally, adiabatic quantum computation are promising near-term
meta-heuristic approaches to solve combinatorial optimization
problems.

To be able to solve the problem on current quantum computer
hardware, the problem should be transformed to a quadratic
unconstrained binary optimization (QUBO). Finding the min-
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imum value of QUBO is a known NP-hard problem as the Ising
model (Neukart et al., 2017). Therefore, this research proposes
a Spatio-temporal model that can be converted to the QUBO,
and as a result, it can be run on a quantum computer.

1.3 Contribution

The main contribution of this research is to introduce an optim-
ization model to reduce COVID-19 exposure risk by solving it
as a QUBO problem on a QA computer. Indeed, the objective of
the COVID-19 prevention optimization problem is to minimize
the risk of exposure for a given set of road users between ori-
gins and destinations. Cost function on an individual segment
is defined based on a quadratic function with two parameters.
The first parameter is the number of COVID-19 cases for two
nodes of a segment, and the second is the number of road users
on each segment at a specific time interval. The main challenge
in this study is to investigate transforming a real-world discrete
geospatial routing problem into a quantum computer. To illus-
trate the proof of the concept, Microsoft Taxi data from city of
Beijing have been used to simulate road users movement.

2. BACKGROUND

There are four main computational models in quantum com-
puting; 1) Gate-based/circuit-based models(Michielsen et al.,
2017), 2) Adiabatic models(Albash and Lidar, 2018), 3) Meas-
urement based models(Briegel et al., 2009), and 4) Topological
models(Roy and DiVincenzo, 2017). In this research, Quantum
Annealing (QA) is being used. Since QA is a sub-category of
adiabatic quantum models, this section first describes adiabatic
models and then provides details of the QA. Generally, adia-
batic quantum models rely on the adiabatic theorem in quantum
mechanics(Kato, 1950). The main characteristic of the adia-
batic models that makes them appropriate for solving optimiza-
tion models is the energy of the system. The energy of the sys-
tem consists of kinetic and potential energy. In order to define
the energy of the adiabatic models in a system, the Hamiltonian
method(Nagaj, 2012) has been used (Eq 1). Assuming that the
quantum computer system has N qubits and are set up to the
ground state of H0. H0 should be transferred to a new Hamilto-
nian that is called final Hamiltonian (Hf ).

H(t) = (1− t)H0 + tHf (1)

where t is time and it is gradually increasing from 0 to 1. H0 is
an initial Hamiltonian, and Hf is the final Hamiltonian.

QA is a meta-heuristic approach that uses the nature of adia-
batic quantum models to find the low-energy of the system. QA
does not apply to all problems. The functional problems can
be divided into two parts. In some applications, the main goal
is to find minimum energy; on the other hand, in other applic-
ations, the purpose is to find all low-energy samples. The first
problems are called optimization problems, and the second one
is called probabilistic sampling problems.

The concepts of energy in physics can bring the optimization
models into an energy optimization problem by using the fact
that everything tries to reach a minimum energy level. For ex-
ample, Each object around us slides downhill ( local optimal).
QA uses a similar concept in quantum physics to determine

the low-energy of a problem and finds the optimal or near-
optimal combination of all possibilities. However, in probab-
ilistic sampling problems, the system tries to find samples from
many low-energy states and creates a landscape of the energies.
This approach is suitable for machine learning problems since
it helps build a probabilistic model of the real world. In order
to better understand the scope of this research, an overview of
the above-mentioned details is shown on the Fig1.

In general, to formulate an optimization problem to be able to
run on a QA computer, based on the nature of the problem one
of the following classes should be used:

• Binary Quadratic Models (BQM)(Kochenberger et al., 2014)

• Constrained Quadratic Models (CQM)(Scokaert and Rawl-
ings, 1998)

• Discrete Quadratic Models (DQM) (Hogg, 2003)

In this paper, BQM is used. Two main formulas are mostly used
to define the objective function of the problem: The Ising model
and Quadratic Unconstrained Binary Optimization (QUBO). Con-
version between these two formulas is trivial. The following
section describes the proposed method by using QUBO method.

3. PROPOSED METHODOLOGY

This research proposes a Spatio-temporal model that helps de-
creasing exposure to the Covid-19 virus by reducing traffic con-
gestion and number of Covid-19 cases in each area. The case
study of the proposed model is Beijing city. Data layers that
are being used in this research contain COVID-19 cases and
vehicle’s trajectory. The final results of the proposed model is
compared to the current state of the city. The evaluation will be
done by comparing two different states, with and without using
the proposed model.

Quantum computers can be classified based on different tech-
nologies and different computational models. In this research,
a D-Wave quantum computer is being used. D-Wave quantum
computers are built based on a QA model, a subcategory of
the adiabatic models. Adiabatic quantum computation models
and specifically QA hardware are promising near-term meta-
heuristic approaches to solve combinatorial optimization prob-
lems. QA is a meta-heuristic algorithm that finds the minimum
of a discrete cost function. The problem should be formulated
as either an Ising problem or a QUBO problem to take advant-
age of current QA computers such as D-Wave. These two mod-
els are convertible to each other, and the QUBO is often simpler
to handle mathematically (Eq 2).

Costfunction = xT .Q.x (2)

where x = an N x 1 vector of binary variables
Q = an N x N upper-triangular matrix of

real weights

Eq 2 can be expressed more precisely as Eq 3.

CostFunction =
∑
i

Qi,ixi +
∑
i<j

Qi,jxixj (3)
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Figure 1. The overview of the scope of the paper. The Quadratic Unconstrained Binary Optimization (QUBO) is used.

Figure 2. Mapping trajectory data to road network. Red icons
represent trajectory data and grey nodes are the intersections in

the road network.

where Qi,i = are the linear coefficients
Qi,j = are the quadratic coefficients

For each car, there are multiple alternative routes from which
only few of them are considered as shortest paths. We selected
three shortest alternative routes in order to identify the safest
route. Each route contains multiple segments (edges) of the
graph. To formulate the cost function for COVID-19 preven-
tion, we define a summation of the number of COVID-19 cases
assigned to the nodes of each edge (segment) and the shared
segments between assigned routes for each car. By doing this,
both historical data (COVID-19 statistics) and dynamic data
(current traffic flow) play a significant role in distributing cars
within the road network. We define a new function to minimize
the risk of exposure (ROE) to the virus as follows (Eq 4).

ROE =
∑
s∈S

(
∑
v

∑
r

∑
s∈Sr

qvr.(n1 + n2))
2 (4)

where s = segment

S = all the segments in road network
v = number of vehicles
r = number of alternative routes
n1, n2 = are normalized value of COVID-19

cases of start and end of a segment
qvr = binary variable

The fact that QUBO problems are unconstrained does not mean
that it is impossible to add constraints into the model; indeed,
there are no constraints on the variables other than those defined
in Q. The constraint of the model is defined based on the fact
that each car cannot take more than one route at the time. To
be more specific, given two cars and two alternative routes for
each, all the possible states for qubits are shown in Table 1.
In Table 1, the states are acceptable that the row’s total values
are equal one. In this regard, the final cost function have been
revised as Eq 5.

q1 q2 Status
Car 1 0 0 No
Car 1 0 1 Yes
Car 1 1 0 Yes
Car 1 1 1 No
Car 2 0 0 No
Car 2 0 1 Yes
Car 2 1 0 Yes
Car 2 1 1 No

Table 1. Possible states for two cars and two routes. Only
records are acceptable with ”Yes” value for Status column that

means each car can only take one route at each time.

Costfunction = ROE +
∑
v

(
∑
r

qvr − 1)2 (5)

3.1 Pseudo Code

The pseudo code of the proposed method is provided in al-
gorithm 1: Q construction Pseudo Code Table.

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIII-B4-2022 
XXIV ISPRS Congress (2022 edition), 6–11 June 2022, Nice, France

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLIII-B4-2022-419-2022 | © Author(s) 2022. CC BY 4.0 License.

 
421



Figure 3. Results of the QBSolv solver for the lowest energies in 10 iterations. The horizontal axis shows the 20 lowest energies,
and the vertical axis shows the level of energy—the lower the energy.

Algorithm 1 Q construction Pseudo Code
G← NetworkXGraph
Q← [emptyMatrix]
dataset← csvfile
for i in cars:
- for j in routes:
- for k in segment:
- node1← k.getNode(0)
- node2← k.getNode(1)
- riskCovid19← mapCovid19ToEdges(node1, node2)
- weight← weight + riskCovid19
- G.addEdge(k,weight)
- weight(j).update
- Q(i,j).update
- if(Q(i, j) > Q(i, j − 1))&j > 0 :
- maxValue.update(Q(i,j)
- Q(i,j).update← maxValue

3.2 Dataset

Microsoft Taxi data, called T-drive trajectory data, are used in
this study to present the proof of concept. This dataset contains
one-week trajectory data of 10,357 taxis in Beijing. This dataset
contains about 15 millions records 1. Due to the lack of a real
trajectory dataset, the T-Drive dataset is used to simulate road
users’ movement. The COVID-19 dataset is acquired from the
official website of the Beijing government 2.

4. IMPLEMENTATION

4.1 Road Network Construction

The first part of implementation is to construct the road net-
work of the specific area. The road network is needed because it
should be converted to a graph, and all other information should
be mapped to the nodes and edges of the graph. In this paper,
the road network is exported from Open Street Map (OSM). In

1 https://www.microsoft.com/en-us/research/publication/t-drive-
trajectory-data-sample/

2 http://wjw.beijing.gov.cn/wjwh/ztzl/xxgzbd/gzbdyqtb/index.html

order to get access to the data structure of the network, OSMnx3

is used, which is an open-source python package. OSMnx helps
to programmatically get access to the geospatial data structure
of the OSM.

The next part is data cleansing as not all the imported inform-
ation from OSM are required in this study. The derived road
network has different attribute types for a single line (edge).
For example, it can be drivable, walkable, etc. In this study,
only walkable roads are used 4.

Once the data is converted as a shapefile format, it should be
converted to GeoJSON format. All attributes and geospatial
information such as spatial reference and geometry of features
must be kept unchanged during the conversion. In this paper,
one of the geoprocessing tools, feature to JSON conversion, is
used to convert shapefile to GeoJSON 5. The output of this step
is the input of the next step. As in the next step, a geo-data-
frame will be generated, GeoJSON format is needed.

The next step is to construct the geo-data-frame by using Pan-
das and GeoPandas. The GeoJSON format should be converted
to the geo-data-frame because a road network graph can be gen-
erated from a geo-data-frame. Pandas is one of the robust data
analysis and management frameworks in Python. Pandas stores
data as a Data-Frame that is similar to tables with fields and
records. GeoPandas, however, has more functionalities for geo-
spatial analysis. GeoPandas has all the functionalities of Pan-
das as it is built on top of Pandas. GeoPandas contains many
powerful spatial analysis functions, such as spatial aggregation
methods and spatial joins that are useful to map trajectory data
and COVID-19 data on the dataset.

Finally, the road graph has been constructed from the geo-data-
frame by using NetworkX. The generated graph contains inter-
sections of the road network as nodes and connections between
3 https://osmnx.readthedocs.io/en/stable/
4 https://github.com/gboeing/osmnx
5 https://pro.arcgis.com/en/pro-app/latest/tool-

reference/conversion/features-to-json.htm
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intersections as edges. This graph is ready to get trajectory data
and COVID-19 data mapped onto it.

4.2 Trajectory Data Reconstruction

After constructing the road network, next step is to reconstruct
trajectory of of road users using origin and destination inform-
ation. To do so, first, a geodatabase should be created from the
Comma-Separated Values (CSV) file format origin-destination
information. The CSV file is imported into ArcGIS, and a fea-
ture class is created for trajectory data. The generated feature
class is then converted to the GoeJSON. Finally, the GeoJSON,
for the same reason in the previous section, is converted to a
geo-data-frame. Now, two geo-data-frame are created; one for
road networks and the other one for trajectory data. The next
step is to map the trajectory data on the geo-data-frame of the
road network. The following section describes the process of
mapping data.

4.3 Find Nearest Node To Each Trajectory Point

To map trajectory data on the road network data, we need to
find the nearest node in the road network to one point of the
trajectory data as presented in Fig 2. To do so, the Dijkstra
algorithm has been used for shortest path project identifying
alternative paths.

4.4 Construct Q matrix of QUBO problem

This is the essential part of the implementation, where the Q
matrix should be defined based on the linear and quadratic coef-
ficients of the QUBO problem. The Q matrix is upper trian-
gular. Assume that the matrix is an empty matrix on the first
step. The linear coefficients will be added to the diagonal of
the matrix, and the quadratic coefficients will be added to the
off-diagonal entries.

5. RESULTS AND DISCUSSION

The results of the paper show that Quantum Processing Unit
(QPU) is faster than every other solver. QPU is only applicable
for small problems, and this limitation is caused by QPU archi-
tectures. Mapping the logical layer (QUBO) into the physical
layer (QPU) requires embedding on chimera or pegasus archi-
tecture. Before sending the problem to the QPU, the availability
of such mapping should be checked. This process can be done
by a minorminer6. It is essential to mention that if the map-
ping does not exist, it does not mean that the problem cannot be
solved. The obstacle to mapping might be a couple of inactive
qubits on the physical layer. It is possible to divide the prob-
lem into small batches, map them individually, and put them
back together using classical computing. This approach is also
known as hybrid quantum computing.

In terms of scalability, hybrid quantum computing is the fast-
est solution. Different hybrid solvers are available in D-wave
quantum computers once the problem is formulated as a QUBO.
Three quantum solvers have been investigated in this paper;
QBSolv, D-wave hybrid, and Leap Hybrid solvers.

QBSolv is one of the decomposing solvers that find the min-
imum energy of a QUBO problem by breaking the problem into
sub-problems. The sub-problems are solved on a classical com-
puter by running a tabu algorithm. We first run the problem on a
6 https://github.com/dwavesystems/minorminer

Figure 4. Results of running the proposed method on
Hybrid-Advantage4.1 quantum solver.

Figure 5. Run time, and QPU access time for ten iterations on
Leap hybrid solver. The left vertical axis shows the run time
values and the right vertical axis shows the QPU access time.

QBSolv because it helps us define the QUBO problem on a clas-
sical computer and debug it, and once everything works well, it
will be passed to the quantum solvers. Figure 3 represents the
results of the QBSolv solver for the lowest energies in 10 itera-
tions. The horizontal axis shows the 20 lowest energies, and the
vertical axis shows the level of energy—the lower the energy,
the better answer. As it is shown in Figure 3, iteration 5 found
the best answer, and iteration seven found the worst answer.

Figure4 depicts the result of running the proposed method on
the Advantage-system-4.1 quantum computer for four conver-
gence values in 10 iterations. Convergence in this solver means
the number of iterations with no improvement that terminates
sampling. The vertical axis shows the energy level of the res-
ults, and the horizontal axis shows the iteration number. The
results show that convergence equals to 3 found the best an-
swers on iterations one and two. Advantage-system-4.1 solver
has 5760 qubits, from which 5619 qubits were active at the time
of our run.

Figure5 shows the result of running the problem on the Leap
Hybrid quantum solver for ten iterations. The left vertical axis
represents qpu-time, which is the time it takes to run the prob-
lem on QPU, and the right vertical axis shows run-time, which
is the time it takes to break the problem into sub-problems the
classical computer. As it is shown, qpu-time is always less than
run-time.

the key lesson learned from the results are as follows. Since
the hybrid solvers give the sub-optimal solution, the final solu-
tion is not the same in each iteration. However, the comparison
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(a) Current state of trajectory data. Heatmap without using the
proposed model.

(b) Heatmap of the cars trajectory by using the proposed model
on a hybrid solver.

Figure 6. A comparison between two states. The expected results for whole datasets will be a heatmap with fewer hotspots for
each time unit of the network. Figure 6a is used as ground truth to evaluate results.

between different solvers helps to better understand the results.
The other important note is that the number of reads should
be different for each problem, and it can be defined by try and
error. This parameter forces QPU to run a problem based on
its value. As the time scale for each read is microseconds, it
is possible to increase the number of reads. Moreover, as the
results of the QPU are probabilistic, more reads lead to more
diverse solutions. The comparison between different solvers re-
veals that the solvers with Pegasus architecture are better than
Chimera because of the topology and connections of the qubits.
It is expected that once QPU can map more complex graphs,
they will perform incredibly better than GPUs in these types of
combinatorial problems.

In this research, two primary states were defined to evaluate
results. The first state represents ROE by integrating the actual
data layers; the second state, however, calculates ROE based on
the proposed model. A comparison between two states is shown
in Figure 6 for a subset of the datasets. A visualization of the
datasets is available in Github 7.

6. CONCLUSION

In this study, we sought to bring QC into the geospatial prob-
lems to take advantage of this meta-heuristic approach and open
the door for future works. To do so, we briefly introduce QC’s
fundamentals, followed by adiabatic quantum computing and
QA. The Covid-19 prevention problem has been converted to
the QUBO. The results of the paper show that Quantum Pro-
cessing Unit (QPU) is faster than every other solver. However,
the QPU is only applicable for small problems, and this limita-
tion is caused by QPU architectures. Therefor, hybrid quantum
solvers have been investigated such as D-wave hybrid and Leap
Hybrid solvers. The heat maps indicate the better distribution
of the vehicles on road networks after applying the proposed
model. The result shows a promising avenue for such complex
problem solving using a quantum computer. Further research
will expand on broader transportation systems leading to more
complex optimization with additional constraints.
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