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Abstract

Disasters can disrupt road networks by blocking some of the roads and consequently impeding accessibility
to critical locations. In the immediate post-disaster response phase, while the blockage information is yet to
be collected, relief distribution crews (RDCs) should dispatch from warehouses to supply critical locations
with first aid items. The RDCs are not capable of unblocking damaged roads and should find a way to
bypass them once such edges are observed in their routes. With the objective of minimizing total latency
of the critical nodes, we study the problem that addresses the relief distribution operations with k non-
recoverable online blocked edges. The online blocked edges are not known to the RDCs initially and the
blockage of a blocked edge is revealed when one of the RDCs arrives at one of its end-nodes. Once one
of the RDCs knows about a blocked edge, this information is communicated among the rest of the RDCs
and they will all be informed about that blocked edge. We first investigate the worst-case performance of
online algorithms against offline optimal solutions using competitive ratio. We then prove a lower bound on
the competitive ratio of deterministic online algorithms. We also provide an upper bound on the competitive
ratio of the optimal deterministic online algorithms by introducing a deterministic algorithm which achieves
a bounded competitive ratio. We then develop three heuristic algorithms to solve this problem. One of our
algorithms is based on solving an Integer Programming model to find the assignment of the nodes to the
RDCs and then finding the routes dynamically. The other algorithms are not based on solving optimization
models and hence are more efficient in terms of their computational time. We compare our proposed heuristic
algorithms with the best known algorithms from the literature that are developed for a single RDC variation
of the problem. Finally, we provide a through computational analysis of our algorithms on instances adopted

from real-world road networks.
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1. Introduction

Natural disasters can cause negative impact on both people and infrastructures. While the psychological
stress level among impacted people rises, they seek assistance for first-aid items in emergency assembly
nodes and pre-identified critical locations such as hospitals. In order to ensure that the demand of the
casualties is met, relief distribution crews should dispatch from warehouses and supply the demand of these
critical nodes. Meanwhile, the impact of the disaster can cause blockage in some of the roads. This could
occur by accumulated debris from fallen buildings, twisted road signs and lamp posts, displaced cars or
uprooted plantations. The relief distribution crews do not have the required equipment to unblock these
blocked edges and should avoid them in their routes. Furthermore, in the immediate post-disaster stage,
before blockage information is collected, the relief distribution crews do not have information about the
location of the blockages as well.

Since providing timely service to casualties is of the utmost importance in immediate post-disaster sce-
narios, we have considered the latency minimization objective in which the summation of the time of the
visits to the critical nodes is minimized. The latency minimization objective is known to be a service or
customer oriented objective (Martinez-Salazar et al. 2015). Hence, this objective is a suitable option for
relief distribution operations. The minimum latency problem (MLP) has been investigated extensively in
operations research. In this problem, a traveling agent receives an undirected connected graph G = (V, E)
such that V = {vg, v, v2,...,v,} and vy is the depot node where the agent is initially positioned. In addition,
each edge in E has a non-negative edge distance (time) that is known to the traveling agent. In our study, we
represent the latency of v; by /; which corresponds to the total traveled distance (time) from when the agent
leaves the depot until v; is visited. The goal of the MLP is to identify a tour for the agent that starts from vy
and visits all the nodes in V while minimizing the summation of the latency values, i.e., 3.7, /;.

This problem is also referred to as the traveling repairman problem (TRP) (Afrati et al. 1986), the de-
livery man problem (Fischetti et al. 1993) and the cumulative traveling salesman problem (Bianco et al.
1993). The combination of the Traveling Salesman Problem (TSP) and the MLP using a multi-objective
model has been studied in Bock & Klamroth (2019) as well. The MLP has several applications in various
topics including and not limited to disaster relief distribution (Ajam et al. 2019), machine scheduling (Picard
& Queyranne 1978), minimizing the waiting times of the passengers in a public transportation system (Sa-
haridis et al. 2014), post-disaster damage assessment (Bruni et al. 2020), and maintenance of speed cameras
(Muritiba et al. 2021).

We focus on an online version of the MLP involving k£ non-recoverable blockages which are not known
to the traveling agent from the beginning. In this problem, a subset of the edges in G denoted by B is assumed
to be blocked but not known in advance. Moreover, we assume that these blocked edges are non-recoverable

and |B| = k, i.e., the road network contains k£ blocked edges that are not recoverable. The blockage of
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a blocked edge (i, j) is only revealed after the agent arrives to either of the nodes i or j. Similar to the
literature (Zhang et al. (2019) and Zhang et al. (2016)), we refer to these blocked edges as online blocked
edges. We assume that eliminating these online blocked edges from G, does not make the road network
disconnected. In other words, Gp = (E,V \ B) is a connected graph. Since the online blocked edges are
non-recoverable, the connectivity of Gp is essential to make sure that accessibility to all the nodes is granted
to the agent. The goal is to propose an online solution in which the traveling agent identifies a tour which
does not traverse any blocked edges, starts from vy and minimizes . , /;. This problem is referred to as
the online minimum latency problem with edge uncertainty (OMLP) and has been addressed in Zhang ef al.
(2019). This study modeled the real-time traffic uncertainties such as un-predicted traffic, extreme weather
conditions or accidents as online blocked edges. In our study however, we focus on the disaster management
application and the online blocked edges represent the unknown damaged edges that are blocked due to
accumulated debris on the roads. We note that road clearance operations are not addressed in our study
as the blocked roads are assumed to be non-recoverable. We also translate visiting each of the nodes as
conducting the relief distribution operations in that specific node.

In our study, we generalize the OMLP and consider the problem with multiple agents. We also refer to an
agent as a Relief Distribution Crew (RDC) hereafter. In the multiple OMLP, L (L < k) homogeneous RDCs
are initially located at the depot node (vg). The RDCs can communicate with each other in the sense that
they can send and receive the revealed blockage information. A blocked edge is known to all the RDCs when
at least one of them arrives at an end-node of that edge. Once blockage of an edge is revealed to one of the
RDCs, it is then communicated among them immediately and all of them will be informed about the location
of the blocked edge and should avoid it in their routes as these online blocked edges are non-recoverable.
Hence, the RDCs may repeat an edge or a node in their routes when they update their routes with respect
to the revealed blockage information. As mentioned above, we denote the latency of a node v; by /; which
gives the distance (time) traveled before the first visit of v; by one of the RDCs. The objective is to identify
a tour for each of the RDCs that starts from vy such that the collection of the tours of the RDCs minimizes
2.y li. We refer to this problem as the Multiple Online Minimum Latency Problem with Edge Uncertainty
(MOMLP).

Online solutions take their input piece by piece and should be updated according to each new piece of
input they receive. Their objective is to obtain a performance which is close to the optimal performance
obtainable if the entire input is known from the beginning. The performance of online solutions is measured
by means of competitive analysis in the literature. In competitive analysis approach, the quality of an online
algorithm is evaluated by comparing its results with the offline optimal solutions using the competitive
ratio measure (Sleator & Tarjan 1985). Online algorithms are classified into two types as deterministic and

randomized. A randomized online algorithm is designed based on some probability distribution, whereas



a deterministic online algorithm does not depend on probabilistic outcomes (Albers 2003). For an online
minimization problem, the competitive ratio of a deterministic online algorithm is the maximum ratio of
the cost of that online algorithm to the cost of the offline optimum which is calculated over all problem
instances. Similarly, the expected competitive ratio of a randomized online algorithm for a minimization
problem is equivalent to the maximum ratio of the expected cost of the online algorithm to the cost of
the offline optimum over all problem instances. In the offline variation of the MOMLP, the blockages are
removed from the graph. Therefore, the solution of the offline problem can be obtained from the traditional
multiple minimum latency problem where the blocked edges are eliminated from the road network.

The organization of the paper is as follows. In Section 2, we provide the related literature and highlight
the contributions of our study. In Section 3, we present the theoretical competitive analysis of the MOMLP.
In Section 4, we introduce the deterministic online heuristic algorithms which are developed to tackle the
MOMLP. Data generation and the computational results are given in Section 5. Finally, concluding remarks

are provided in Section 6.

2. Literature review

The focus of our study is on online routing problems involving online blocked edges which find appli-
cations in post-disaster relief distribution operations. Therefore, we divide the literature review into two
sections. First, we review the literature of relevant routing problems that are investigated from online op-
timization and competitive analysis perspectives. Next, we briefly present the related works that address

post-disaster relief distribution operations.

2.1. Related online routing problems

Different variations of the routing problems are widely analyzed within the framework of competitive
analysis in the literature (see (Jaillet & Wagner 2008b), (Jaillet & Wagner 2006), and (Jaillet & Wagner
2008a)). In these studies, the locations to be visited are not known initially and are learned incrementally over
time. Different from these studies, we focus on online routing problems in which the unknown parameter is
a bounded number of online blocked edges that are unknown initially and are disclosed once their blockage
is learned by an agent. Works on these problems are divided into two streams according to the number of
agents defined in the problem. The first stream investigates problems involving one agent and the second

stream studies problems with multiple agents considering their communication as well.

2.1.1. Problems with a single agent
The single-agent offline MLP which does not involve online blocked edges has been studied in the
literature extensively. In order to solve this problem, exact approaches such as mathematical modeling
(Angel-Bello et al. 2013) and branch-and-price algorithm (Bulhdes et al. 2018) have been proposed and
4



tested. Several heuristic approaches such as general variable neighborhood search (Mladenovi¢ et al. 2013)
and tabu search (Dewilde et al. 2013) have also been developed and tested on this problem and its variations
as well. The main concentration of this section is to review the related articles to the MLP that involve online
blocked edges.

Papadimitriou & Yannakakis (1991) was the first study which used online blockages to model edge
uncertainty in the Canadian Traveler Problem (CTP). The CTP is a single-agent variant of the shortest path
problem on graphs involving online blockages. Papadimitriou & Yannakakis (1991) showed that designing
an online procedure which obtains a bounded competitive ratio for the CTP is PSPACE-complete. Westphal
(2008) studied the online k-CTP, a version of the CTP with a fixed number of k online blocked edges.
Westphal (2008) provided an optimal deterministic online algorithm together with a lower bound of 2k+1 on
the competitive ratio of deterministic algorithms. Also, Westphal (2008) proved that no randomized online
algorithm obtains an expected competitive ratio better than k + 1. Bender & Westphal (2015) proposed
an online randomized procedure for the online k-CTP which is optimal on graphs containing at most two
online blockages and edge-disjoint paths. Shiri & Salman (2019b) provided a randomized algorithm for
the online k-CTP and showed its optimality on graphs containing arbitrary number of online blockages and
edge-disjoint paths.

Liao & Huang (2014) studied a variant of the Traveling Salesman Problem (TSP) on a complete graph in
which there exist k online blockages and named it the online Covering Canadian Traveler Problem (CCTP).
They introduced a deterministic online procedure within an o( Vk)—competitive ratio for the CCTP. Zhang
et al. (2015) investigated the Steiner TSP involving k non-recoverable online blockages in which a traveling
agent should visit a certain subset of the nodes. Zhang et al. (2015) provided a lower bound on the com-
petitive ratio of deterministic procedures together with an exponential time deterministic online algorithm
which matches the given lower bound. Also, they presented an asymptotically optimal polynomial-time
online deterministic procedure and evaluated its performance on randomly generated sparse graphs. Zhang
et al. (2016) investigated a variant of the Steiner TSP having k non-recoverable advanced online blockages,
in which the traveler learns about a blockage at a certain distance from it. Zhang et al. (2016) derived
a lower bound on the competitive ratio of deterministic online procedures. Additionally, they introduced a
polynomial-time deterministic online algorithm and tested it on sparse randomly generated graphs. Zhang &
Xu (2018) analyzed the online covering salesman problem having k online blockages in which the goal is to
identify a tour such that each node in the graph is either on the tour or within a predetermined distance from
a node on the tour. Zhang & Xu (2018) proposed a lower bound for the competitive ratio of deterministic
online procedures as well as a deterministic solution with a bounded competitive ratio.

As mentioned, Zhang et al. (2019) studied the single-agent minimum latency problem having k online

blockages (i.e., OMLP). Zhang et al. (2019) showed a lower bound of 2k + 1 for the competitive ratio of



deterministic online solutions and introduced an exponential time deterministic heuristic procedure called
GoodTreeTraversal which achieves a competitive ratio close to 2k + 1 in special instances in which the
number of blockages in the graph is sufficiently large. In addition, Zhang et al. (2019) provided a polynomial
time deterministic heuristic procedure named Detour whose performance is evaluated on real city as well
as randomly generated instances. Akbari & Shiri (2021) studied a variant of the OMLP involving k online
blockages where priority weights are assigned to the nodes and the objective is to minimize the total weighted
latency of nodes. They provided an optimal deterministic online procedure as well as a tight lower bound
for the competitive ratio of online deterministic algorithms. They also proposed two efficient heuristic

algorithms that are tested on real city instances.

2.1.2. Problems with multiple agents

The multi-agent offline variation of the MLP has also received significant consideration in the literature.
In the offline problem, all the inputs of the problem are known to the agents in advance and hence there are no
online blocked edges. Similar to the single-agent problem, several exact approaches such as mathematical
modeling (Angel-Bello ef al. 2019) and branch-and-price-and-cut algorithm (Luo et al. 2014) have been
proposed for the multi-agent offline MLP. Heuristic approaches have also been developed and tested to
address the multi-agent offline MLP as well. Ngueveu et al. (2010) utilized a memetic algorithm and Avci &
Avci (2019) developed an adaptive large neighborhood search to tackle the multi-agent offline MLP. Similar
to the single-agent MLP, the focus of this literature study is to investigate the utilization of online blocked
edges in the MLP and other related problems.

A multi-agent problem involving online blocked edges is considered first in Zhang et al. (2013) where an
extension of the online k-CTP involving multiple homogeneous travelers is studied. In the online multiple
k-CTP, the travelers are initially located at a given depot node and the goal is to minimize the total time
until the arrival of at least one of the agents to the destination node. Zhang et al. (2013) proposed lower
bounds on the competitive ratio of online deterministic procedures for the cases with limited and complete
communication between agents. They proposed a deterministic online heuristic procedure called Alternating
which is optimal for special instances where there are only two travelers in the input graph. Shiri & Salman
(2017) and Shiri & Salman (2019a) further investigated online deterministic and randomized procedures,
respectively, for the online multiple k-CTP in different communication levels from a theoretical competitive
analysis perspective. We note that, all the aforementioned studies consider homogeneous agents and are
conducted from a theoretical worst-case competitive analysis perspective.

The online multiple k&-CTP has been also studied from a computational perspective in Shiri & Salman
(2020), where an efficient heuristic deterministic online procedure is introduced and experimented on real-
world as well as random instances. Shiri ef al. (2020) analyzed a search-and-rescue problem with multiple
teams on graphs having non-recoverable online blockages where the service time of a node is unknown
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initially and is disclosed online when the node is visited. Shiri et al. (2020) proved two lower bounds for
the competitive ratio of online deterministic procedures as well as two efficient online deterministic heuristic

policies tested on randomly generated graphs.

2.2. Related relief distribution problems

Ozdamar et al. (2004) provided a mathematical formulation which integrates the multi-commodity net-
work flow and the vehicle routing problems to provide delivery schedules for the relief distribution vehicles
and applied a Lagrangian relaxation method to solve this problem. Sheu (2007) proposed a three layered
emergency response distribution using a fuzzy clustering-optimization approach. Tzeng et al. (2007) applied
a multi-objective formulation with three objectives which are minimizing the total cost and travel times while
maximizing the minimum satisfaction during the planning period, to find the optimal planning of a relief de-
livery system. Najafi ef al. (2013) considered a multi-objective stochastic formulation to propose a robust
decision planning in the earthquake response phase where the number of injured casualties from different
categories is uncertain. Liu ef al. (2019) provided a multi-commodity, multi-period formulation which con-
siders both delivering of the distribution of relief items and serving injured people where the objective is the
total weighted unmet demand.

Several articles used stochastic optimization methods to address the relief distribution operations while
considering blocked edges on the post-disaster road network. Similar to our study, in these articles, the
blockages are non-recoverable and should be avoided to process the relief distribution operations. Rawls &
Turnquist (2010) used a two-stage stochastic formulation and provided a pre-positioning policy for place-
ment of relief supplies. They applied a Lagrangian L-shaped procedure to solve larger instances and evalu-
ated their models on real-world instances. Moreno et al. (2018) proposed a two-stage stochastic formulation
to optimize location, transportation, and fleet sizing decisions by considering the uncertainties about the de-
mand, incoming supply, and availability of the routes. They also presented matheuristic procedures to solve
their problem and experimented their solutions on real-world instances. Hu et al. (2019) provided a multi-
agent multi-stage stochastic formulation for relief delivery operations and developed a progressive hedging
algorithm (PHA) to tackle larger instances. They measured the performance of their model and algorithm
on real-world instances. The main difference between our study and the ones mentioned above is that we
address an online optimization problem in which no prior probabilistic information about the blockage of
the roads is available.

There are some other related articles which investigate post-disaster relief distribution in different con-
texts such as search and rescue operations (Shiri ef al. (2020) and Liu et al. (2020)), evacuation and resettle-
ment of victims (Hu et al. 2014), as well as integrating the location, inventory and routing decisions in the
relief distribution operations (Wei et al. (2020), Pérez-Rodriguez & Holguin-Veras (2016), and Wang ef al.
(2014)).



2.3. Our contributions

In this article, we investigate the MOMLP for the first time in the literature. We focus on the application
of the problem in post-disaster relief distribution. We consider multiple RDCs and online blocked edges
which represent transportation links that are damaged by the disaster. First, we analyze this online opti-
mization problem in a theoretical worst-case competitive analysis framework. We prove a lower bound on
the competitive ratio of deterministic online algorithms for the MOMLP. A lower bound on the competitive
ratio of deterministic algorithms for an online problem means that no deterministic algorithm can approach
the offline optimum than the corresponding lower bound. This result demonstrates the value of having com-
plete input information before the online problem is solved. Furthermore, to derive an upper bound for the
competitive ratio of the optimal deterministic algorithm for the MOMLP, we provide a deterministic online
algorithm which achieves a bounded competitive ratio. Applying the lower and upper bounds that we intro-
duce, we specify an interval for the competitive ratio of the optimal deterministic online algorithm for the
MOMLP. Our theoretical results improve and extend the previous results that are proposed in Zhang et al.
(2019) for a special case of the MOMLP with a single RDC (i.e., the OMLP).

Moreover, with the aim of providing efficient solutions for real-world applications, we propose three
heuristic deterministic online algorithms to solve the MOMLP. The first algorithm is based on solving an
Integer Programming (IP) model that finds the assigned nodes and the order of their visit to each RDC. In
this algorithm, the traversal of the nodes should be simulated dynamically to avoid traversing blocked edges.
This is because in the IP model, we do not consider the blocked edges as they are only revealed online after
a close observation by one of the RDCs. Since the IP-based algorithm is based on solving an optimization
model, it requires access to an optimization solver and once the size of the network increases, its required
computational time increases significantly. In order to address this issue, we developed two more algorithms
that do not rely on solving an optimization model. In one of these algorithms, we use the K-means clustering
algorithm to find an assignment of nodes to each RDC and then simulate their traversal dynamically to avoid
traversing blocked edges. In the other algorithm, we use a greedy procedure to dynamically assign the
closest node to each RDC. Once the next nodes that each RDC should visit are determined, their traversal
is simulated. In order to evaluate these algorithms, we first compare them with the algorithms from the
literature on instances with one RDC, i.e. the OMLP. Once we approve that our algorithms outperform those
from the literature, we adopt real-life instances from the literature that are based on three different real-world
networks generated from the road network of Istanbul. We conduct thorough computational experiments to

test all our developed algorithms on these networks.



3. Competitive analysis

We analyze the MOMLP from a competitive analysis viewpoint. We first derive a lower bound on the
competitive ratio of deterministic online solutions for the MOMLP. Next, we prove an upper bound on the
competitive ratio of the optimal deterministic solution for this problem by proposing a deterministic online
algorithm which achieves a bounded competitive ratio for the MOMLP. Here we emphasize that the blockage
information is revealed incrementally in the MOMLP and the RDCs should update their routes whenever a
new blockage information is obtained. Therefore, each edge or node can be visited more than once by the

RDC:s in the provided online solutions for the MOMLP.

Lemma 3.1. The competitive ratio of no deterministic online procedure is less than ZI_%J +1 for the MOMLP,

where k and L (k > L) are the number of blockages and RDCs, respectively.

Proof. To derive the lower bound, we should show that for an arbitrary deterministic solution, ALG, there
exists at least one instance of the MOMLP such that ALG cannot obtain a competitive ratio less than ZI_%J +1

on that instance. For our proof, we use the instance shown in Figure 1, where
V= o, Ve s+ YU Woayurgl u = 0,1, ., x,g = 1,2, ..,k + 1}

and

E ={(v0, V), (V+1yutgs VoD D+q)> Varyxrgs VarhosD+DHu = 0,1, ., x = 1,1 < g <k + 1},

We set the travel times of the edges (vo, vy) to 1 for g = 1,2, ...,k + 1 and the travel times of the rest of edges

t0 0. Let V' = {V \ {vo, 1, V2, oo, Vis1 1

e Cost of an arbitrary deterministic online algorithm. We analyze an arbitrary deterministic solu-
tion, ALG, applied to the instance in Figure 1. In ALG, each RDC starts from vy and takes an edge
(vo,vg) (g = 1,2,...,k + 1). Next, two scenarios may arise. In the first scenario, the RDC finds out
that the edge (v, Vx+1)+¢) 1s open and traverses it. Then, the RDC takes all the edges with travel time
zero to visit the x(k + 1) + 1 nodes in V'. In the second scenario, the RDC finds out that the edge

(Vg» Vk+1)+4) 18 blocked, returns to vo and tests a new edge.

LetE = {(vg: Viksy4glg = 1,2, ...,k + 1}. For ALG, we consider the instance where k edges in E are
blocked and only one of the edges in E is open. Without loss of generality, let (Vi41, Vk+1)+k+1) be the
only open edge in E'. For ALG, we consider the instance where the RDCs encounter k blocked edges
in E" before arriving at vg41. In this case, the L RDCs can visit at most L, 2L, ..., LL%J nodes from
{vi,v2,..., v} by times 1, 3, 5, ..., ZI_%J — 1, respectively. The total latency of these nodes is at least

LEy .
LY. 5Qi-1).



Also, the remaining k—LI_%J nodes in {vy, vo, ..., Vi), Via1, and the x(k+1)+1 nodes in {V\{vg, vi, vo, ..., Vis1}}

cannot be visited earlier than time 2L%J + 1. Hence, the total latency of ALG is at least

L]
(LY i-D)+ (k-1

i=1

k k

ZJ+ 1+xtk+1)+ l)x(ZLZJ +1).

e Cost of the offline optimal solution. In the offline optimal solution, one of the RDCs begins from vy
and takes the edge (vo, vi+1) to arrive at vg,; which is an end-node of the only open edge in E'. Next,
the RDC takes all the edges with travel time zero to visit the x(k + 1) + 1 nodes in V'. Hence, the
latency of vy and the nodes in V' is one, i.e., the summation of the latencies of node v, and the
nodes in V' is x(k + 1) + 2. The other L — 1 RDCs take L — 1 other edges from E'. Hence, the latency
of L — 1 nodes in {vy, vy, ..., ¢} is also one. Therefore, the latency of x(k + 1) + L + 1 nodes is one and

their total latency is x(k+ 1) + L + 1.

When the RDCs visit all the x(k + 1) + L + 1 number of nodes with latency one, they backtrack to vg.
At time 2, all the RDCs are at vy. Then, the remaining unvisited k — L + 1 nodes in {vy, vy, ..., ¢} are
visited such that L, 2L, ..., L(I_%J — 1) nodes are visited by times 3, 5, ..., 2L§J — 1, respectively. That is,
L(L%J — 1) nodes from the remaining (unvisited k — L + 1 nodes at time 2) are visited by time ZL%J -1,
k

1.e., the summation of the latencies of these L(I_%J — 1) nodesis L Z% :LZJ (2i — 1). Finally, the remaining
unvisited k + 1 — LI_%J nodes are visited at time ZI_%J + 1. Thus, the total latency of the offline optimal
solution is

LX)

. k k
(xtk+1)+L+1)+ (LZ(21 -+ ((k+1-LI=DCL=]+ D).
P L L

The lemma follows when x approaches +co.

41 Vlke+1)+1 V(k+1)x+1

V2 V(k+1)+2 V(k+1)x+2
Vg Vk+1)(xe+1)+1
Vk V(k+1)+k V(k+1)a+k
*—
Jk+1 V(k+1)+k+1 Vk+1)(x+1)

Figure 1: The instance for proving the lower bound of 2L§J +1
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Lemma 3.1 states that the competitive ratio of the optimal deterministic online solution for the MOMLP
is at least 2L%J + 1. Next, we provide an upper bound of 2k + 1 for the competitive ratio of the optimal deter-
ministic online algorithm for the MOMLP by introducing a deterministic online algorithm which achieves
the competitive ratio of 2k + 1. We call this deterministic online algorithm the multi-agent back-to-root
(MBR) algorithm. The MBR is an iterative algorithm and ends in at most k + 1 iterations. At the beginning
of the ¢"(q € {1,2, ..., k+1}) iteration, the RDCs eliminate the found blocked edges from the graph and apply
an offline Integer Programming (IP) model given in Angel-Bello et al. (2019) (assuming there is no blocked
edge in the graph) to compute a collection of tours such that a tour Tf] which starts from vy is assigned to
the /" (I € {1,2,...,L}) RDC and the collection of the routes of the RDCs minimizes the total latency of all
the nodes in V for the MOMLP. We note that Angel-Bello ef al. (2019) presented an IP formulation which
is applicable to solve the offline versions of the MOMLP under the assumption that complete input informa-
tion is available. We have given this IP formulation in section Appendix A. When Té is constructed, the I
RDC travels on Té. Then, either all the RDCs complete the traversal of their assigned tours and visit all the
nodes in V or at least one new blockage is found. In the former case, the iteration finishes and the algorithm

terminates. In the latter case, all the RDCs backtrack to vy and the iteration finishes. The detailed steps of

the MBR algorithm are presented in Algorithm 1.

Algorithm 1: MBR algorithm

Input:
aG=(V,E) > initial graph containing the blocked edges
b: ¢jj > traveling time of edge (i, j) € E
c: Vo > the root node of the RDCs
d: S > set of destination nodes
1: Initiation:
a F=0 > F : set of found blocked edges.
b:g=1 > ¢ : counter variable
G =G=WV,E) > G, : updated graph with revealed information in step g
d: flag = True > flag: variable to terminate loops.

2: While flag do:

3 T, < MMLPG,):l€{l,...L}
> MMLP(G,) : the exact IP model for the multiple MLP on graph G,,.
> Té : the assigned tour to the /" RDC at the ¢”iteration by the IP model on G,,.
4: Traverse T(II lefl,2,.., L} > the [* RDC traverses Tf] forl=1,2,..,L.
5. if P (i.j) € T : (i, j) is blocked for / € {1,2, ..., L} then: > no blocked edges in T}, for / = 1,2, ..., L.
6: flag=0 > Termination Point.
7. Else:
8: the /" RDC traverses Té until at least one of the RDCs reaches a blocked edge b,,.
9: F=FUb,
10: g=q+1
11: G,=W,E\F)
12: all the RDCs return to root node, vy.

13: end while
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Theorem 3.2. The competitive ratio of the MBR algorithm is 2k + 1 for the MOMLP, where k is the number

of blockages.

Proof. Assume that the MBR algorithm ends at iteration ¢* (¢* € {1,2,....,k + 1}). We define l;’* (q" €
{1,2, ..., k+1}) as the travel time between vy and v; in the offline optimal solution, i.e., the total latency of the
offline optimal solution is 7, Z?*. Let XqL C V represent the set of nodes that are visited for the first time at
iteration g (¢ € {1, 2, ...,¢*}) by all the L RDCs, i.e., the nodes in Xé are not visited before the ¢™ iteration by
any of the RDCs. Let Ag denote the minimum travel time that one of the L RDCs has spent starting from vg
to arrive at one of the end-nodes of the ¢ found blockage at the ¢ iteration for g = 1,2, ..., g* — 1. We define
ll.q (q € {1,2,...,q"}) as the travel time between vy and v; in the offline IP formulation that is solved at the

beginning of the ¢ (¢ € {1,2,...,¢*}) iteration. The total latency of the MBR algorithm can be represented

as
r 71 71 *
IO EDIEDINEIED NI RN INLED IR
g=1 jexL q=1 ueV—zjzle g=1 jexkt ueV—zjzle iexg*

Since one edge is removed from the graph at the end of each iteration, we have

n n n n
PN EDN AT W
i=1 i=1 i=1 i=1

We point out that it holds that

PR Y.V R - O -

ieX} ueV-31_, X7 i=1 i=1

forg=1,2,3,...,q". Hence, it holds that

LY 2A§szznlz?szzn:1§f
i=1 i=1

iex} ueV-39 Xy

forg=1,2,3,...,4" — 1. Note that }’ iexL, liq* <2 l?* and the total latency of the offline optimal solution is
1 l:’ Thus, the competitive ratio of the MBR procedure is at most 2(¢g* — 1) + 1 which is not more than

2k + 1 since ¢* € {1,2, ...,k + 1}.
O

Corollary 3.2.1. The optimal deterministic online solution for the MOMLP has a competitive ratio between

2|_§J + 1 and 2k + 1, where k and L (k > L) are the number of blockages and RDCs, respectively.

12



4. Algorithms to solve the MOMLP

In this section, we present three deterministic online algorithms to tackle the MOMLP. The first algo-
rithm is based on solving an offline IP model iteratively and then utilizing the obtained routes to find a
feasible solution to the MOMLP. We refer to this algorithm as the IP-based algorithm. Since the IP-based
algorithm is based on solving an IP model, its CPU run time increases significantly when the size of the
problem increases. For that, we propose two other polynomial time deterministic online algorithms. We
call these algorithms the Cluster-First-Route-Second (CFRS) and the Greedy algorithms. While in the orig-
inal MLP problem all the nodes should be visited, in a real-life situation, usually some of the nodes are

pre-identified to be visited. Our algorithms work both when all or some of the nodes should be visited.

4.1. IP-based algorithm

We develop an algorithm that is based on solving an optimization model iteratively and then finding the
routes for each of the RDCs. For that, we first need to introduce an IP model that solves the offline version
of the MOMLP called the Multiple Minimum Latency Problem (MMLP). In order to solve the MMLP, we
apply the IP model given in Angel-Bello et al. (2019). This model is given in Appendix A. From this point
forward, we refer to this model as the Offline Integer Programming Model (OIPM).

The pseudocode of the IP-based algorithm is given in Algorithm 2. The input of this algorithm is the
initial graph given as G = (V, E), the set of nodes that should be visited given by V, the associated traversal
cost or time of traveling edge (i, j) € E which is given by ¢;;. The depot node given as vy and the number of
RDCs denoted by L. In the IP-based algorithm, we first solve the OIPM on the initial graph (G) assuming
that there is no blocked edge in G. In this graph, the blocked edges are not known and hence in the solution
found by the OIPM, some of the blocked edges might have been traversed by RDCs. However, we are not
utilizing the obtained routes from the applied OIPM on G and instead, we extract the set of nodes that each
RDC visits and the order in which they are visited. This is given as O; for RDC [ € {1, ..., L}. Once the nodes
and the order in which they should be visited by each RDC is obtained, we set up a number of variables
to simulate the traversal of the RDCs. This traversal should be in a way that none of the RDCs traverses a
blocked edge and once the blockage information on an edge is revealed to one of them, all the other RDCs
should receive the same information. For that, we define a graph denoted by G’ that is equal to G before
the RDC:s start traversing the edges. Once some information on the blocked edges is revealed to one of the
RDCs, we then update graph G’ and eliminate the revealed blocked edge from it.

We also keep track of the dynamic position of each RDC [/ € {1, ..., L} by P;. We then enter a traversal
stage which ends only after all the nodes in the set ‘V are visited. For the traversal step of the IP-based
algorithm, given the orders obtained from the mathematical model, we first extract the next node that each

RDC should visit. For each RDC [, the next node that should be visited is the first un-visited node in O;. We
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denote this by u; in the pseudocode. We then identify the first node node on the shortest path route from the
current position of each RDC /[, Py, to the node u; and denote it by v;. In the next step of the algorithm given
in step 10, we search among the RDCs and find the index of the RDC that has the shortest distance to the
next node on its path. This is to simulate the state of the system and find the next time that an event changes
its status. We denote the index of this RDC by £. If (Pg, v¢) is a blocked edge, it will be added to the list of
known blocked edges and consequently G’ will be updated as well. We then recalculate the next nodes that
each of the RDCs should visit and find the index of the RDC that has the shortest path to the next node on
its route. But if (Py, v¢) is not a blocked edge, RDC ¢ traverses to vy and the current position of the RDC ¢
will be updated. Moreover, if this node is the next node that was assigned to RDC £ (v, = uy), we add uy to

the set of visited nodes. This procedure continues until all the nodes are visited by the RDCs.

Algorithm 2: IP-based Algorithm
Input: G = (V,E), V, cij, vo, L.
1: O;=0OIPM(G), Yle{l,..,L}
> OIPM(G) : the offline IP model solved on the initial graph with no blocked edges.
> O; : the order of visiting nodes for RDC [ € {1, ..., L}.

22G' =G > G’ : the graph that will get updated with blockage information once they are revealed
3 F=0 > F : set of revealed blocked edges.
4 N=0 > N : set of visited nodes.
5: Pr=vy, l€{l,.. L} > P; : position of RDC [ € {1, ..., L}.
6: T)=0, lefl,..,.L} > T, : time of the last event for RDC [ € {1, ..., L}.
7. While N =V : do:
8: uy - firstnodein O; ¢ N lef{l,.., L} > i : first node in O; that has not been visited
90 v =8SP(PLu,G) lefl,.. L}

> v; : first node on the shortest path from current position of RDC [/ to u; on G'.
10:

¢ = argmin{T; + cp,, [ €{1,...,L}}
|

1
> £ : the RDC that has the shortest distance to the next node on his path

11:  If (Py,vy)is blocked then:

a: F =F U (Pg,vp)
G'=(V,E\F)
c: goto9
12: Else:
a: Te=Te+cp,y,
b: Pe=vy
c: If Py = up then:
d: N=NUuy
e: goto7
f: Else:
I3 goto9
h: end if
13: end if

14: end while
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4.2. The CFRS algorithm

In order to obtain the routes of the RDCs using the IP-based algorithm, we need to solve an optimization
model which is very time consuming to solve when the size of the problem increases. Moreover, in case the
decision makers do not have access to optimization solvers, they cannot use the IP-based algorithm. In order
to remedy these issues, we developed two more algorithms. The first one is based on a cluster-first-route-
second procedure. We refer to this algorithm as the CFRS algorithm. The pseudocode of this algorithm is
given in Algorithm 3.

Here we describe how to generate the assignment of nodes to the RDCs using the K-means clustering
algorithm. In an optimal solution of the MOMLP, at least one node must be assigned to each RDC. In the
CFRS algorithm, we keep the same rule meaning that we do not allow any idle RDCs in our solutions. We
apply the K-means clustering algorithm in order to find an assignment of the nodes to each RDC. We note
that (1) the number of generated clusters equals the number of RDCs and (2) the RDCs are homogeneous
and are all initially positioned in the same depot node. K-means clustering algorithm (first introduced by
Macqueen (1967)) is a simple and popular method which is commonly used to partition a data set into L
groups. The K-means algorithm starts off by choosing L initial cluster centers (centroids which are chosen
randomly) and then iteratively improves them as follows. Each node is assigned to its nearest centroid. Then,
each centroid is updated to be the mean of all nodes belonging to the same cluster. These steps are repeated
until there is no further change in the cluster assignments, indicating the convergence of the algorithm. We
use the coordinates of the nodes that should be visited (V) and the corresponding distances in our K-means
clustering algorithm.

As it is stated above, the number of clusters is the same as the number of RDCs denoted by L. Given the
coordinates of each node that should be visited by (X,, ¥;,), we implement the K-means clustering algorithm
to obtain the best possible clustering associated with each RDC. The coordinates of each node are treated
as its features for the K-means clustering algorithm. Since this algorithm cluster the nodes based on their
coordinates and proximity to each other, the total latency of the nodes which are visited by each RDC could
be reduced and as a result, the total latency of all the nodes may be decreased. Some authors (Ajam et al.
(2021), Cinar et al. (2016), Reed et al. (2014) and Geetha et al. (2012)) took advantage of the K-means
clustering algorithm to obtain fairly good solutions to different routing problems.

By applying the K-means clustering algorithm with the above description, we can find L clusters of
nodes and then associate the nodes in the I cluster to RDC [ = {1, ..., L}. The set of nodes that are assigned
to each RDC is denoted by A; in the pseudocode. We can see that the collection of the nodes in these sets
presents the set of nodes that should be visited (A;UA,U...UA; = V). Once the assigned nodes to each RDC
are determined, the RDCs can start their traversal procedure. Different from the IP-based algorithm where

both the nodes and the order in which they should be visited are determined by the optimization model, in
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the CFRS algorithm, A; only gives the nodes assigned to RDC [ and the order of their visit should be decided
in the traversal step of the CFRS algorithm. Similar to the traversal step of the IP-based algorithm, we define
a graph G’ that will be updated once blockage information of a blocked edge is revealed. We also denote
the dynamic position of RDC / by P;. Again we denote the next node that RDC / should visit by #; and use
the formula described in step 8 to find it. Using this formula, u; is the closest node from the set of assigned
nodes to RDC [, A, that has not been visited yet. Similar to the IP-based algorithm, for each RDC /, we find
the node that should be visited first on the shortest path route from P; to u;. We denote this node by v;. The
remaining steps of the CFRS algorithm are similar to those of the IP-based algorithm. In the computational
section we will show that the CPU run time of this algorithm is significantly lower than those of the IP-based

algorithm.

Algorithm 3: CFRS Algorithm
Input: G = (V,E), V, cij, vo, L, (X,,Y,) : veEV.
1: Aj = KMC(L,(X,,Y,) :veVy), Vie{l,.. L}
> KMC(L,(X,,Y,) : v e V) : the K means clustering algorithm to generate L clusters with coordinates
of nodes as their features.

While N # V : do:
w; = argmin{S P(P;,u,G") ue A;:u¢ N} lef{l,.., L}
——

> A; : the nodes that are in the [’ cluster of the applied K means clustering procedure.
2:G =G > G’ : the graph that will get updated with blockage information once they are revealed
3 F=0 > F : set of revealed blocked edges.
4 N=0 > N : set of visited nodes.
5: Pr=vy, l€f{l,.. L} > Py : position of RDC [ € {1, ..., L}.
6: T;)=0, le€{l,...,L} > T : time of the last event for RDC [ € {1, ..., L}.
7:
&:

1; u; : the closest node from the set of assigned nodes to RDC [ that has not been visited yet.
9: vi=SPPL,u,G) le{l,.. L}
> v; : first node on the shortest path from current position of RDC [ to u; on G'.
10: ¢ = argmin{T; + cp,, [ €{1,...,L}}
=
1 > £ : the RDC that has the shortest distance to the next node on his path
11:  If (Pg,vy)is blocked then:

a: F = F U (Pg,vy)
: G'=(V,E\F)
c: goto9
12: Else:
a: Te=Tp+ CPpvp
b: Pr=vy
c: If Py = uy then:
d: N=NUuyg
e: goto7
f: Else:
o goto9
h: end if
13: end if

14: end while
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4.3. Greedy algorithm

In order to further explore the performance of our algorithms and to provide an alternative algorithm
to the CFRS algorithm that does not rely on the clustering procedure, in this section we develop a Greedy
algorithm to solve the MOMLP. This algorithm is given as Algorithm 4.

In the Greedy algorithm, different from the CFRS and IP-based algorithms, we do not have initial assign-
ment of the nodes to the RDCs for their traversals. Instead, we decide which node to be visited next by each
RDC dynamically. This is done by considering the nodes that have been already visited and the positioning
of each RDC. The inputs of this algorithm are similar to those of the IP-based algorithm, including the input
intact graph, the traversal cost or time for each edge given as c;;, the depot node for the RDCs, the number
of RDCs given by L and the set of nodes that should be visited (V). In this algorithm, we define a set A,
that keeps track of the nodes that has been assigned to an RDC. The main difference of this algorithm and
the CFRS is in selecting the next node that each RDC should visit. Similar to the IP-based and the CFRS
algorithms, we denote the next node that RDC [ = {1, ..., L} should visit by «; and calculate this node using
steps 8 to 11. Given these formulas, we first assign the closest node that has not yet been visited to each
RDC and then update the set of nodes that have been visited. Once the next assigned node to each RDC is

determined, the remaining traversal steps are similar to the CFRS algorithm.

5. Computational analysis of the algorithms

We present computational analysis for the algorithms developed for the MOMLP in this section. We first
compare our algorithms with algorithms from the literature that are generated for a variation of the MOMLP
with only one agent (i.e., RDC). This is because the MOMLP is introduced in our study for the first time. We
then analyze the performance of our algorithms on real-life graphs that are generated from the road network
of Istanbul, Turkey. All our experiments are conducted on a computer with Intel Xeon W-2123 3.60 GHz
3.60 GHz processor, 32 GB RAM and 64-bit Windows 10 Professional operating system. The algorithms

are coded in Python. We solve the exact models using Gurobi Optimizer 9.0 in the Python environment.

5.1. Comparison of the IP-based, the CFRS and Greedy algorithms with the literature

In order to provide a comparison of our algorithms with the literature, we compared our algorithms with
the proposed algorithms in Zhang et al. (2019) the instances that were used by this paper. Since Zhang
et al. (2019) studied the problem with one agent (i.e., RDC), we also applied our algorithms to the same
instances using only one RDC. We note that their algorithms are not for the MOMLP and since we are
introducing the MOMLP for the first time, there are no algorithms in the literature that can be applied to
the MOMLP directly. Zhang et al. (2019) introduced two algorithms to tackle the OMLP which are called

the GoodTreeTraversal and the Detour algorithms. The GoodTreeTraversal algorithm is designed based on
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Algorithm 4: Greedy Algorithm

Input: G = (V,E), V.cij, vo, L.

1:

R A A i

14:

15:

16:
17:

G =G > G’ : the graph that will get updated with blockage information once they are revealed
A=0 > A : set of nodes that have been assigned to an RDC.
F=0 > F : set of revealed blocked edges.
N=0 > N : set of visited nodes.
Pr=vy, lef{l,.. L} > P; : position of RDC [ € {1, ..., L}.
T,=0, lef{l,.. L} > T : time of the last event for RDC [ € {1, ..., L}.
While N # V : do:
forle{l,..L}:
w; = argmin{S P(P;,u,G’) u e Vy\ A}
N
! > u; : the closest node to RDC [ that has not been assigned to other RDCs yet.
A=AUuy
End for
vi =S P(Py,u, G') le {1,...,L}
> v; : first node on the shortest path from current position of RDC [ to u; on G’.
¢ =argmin{T; + cpy, [€{1,...,L}}
1
> £ : the RDC that has the shortest distance to the next node on his path
If (Pg,vy) is blocked then:
a: F =F U (Pg,vp)
: G =(V,E\F)
c: goto 12
Else:
a: Te=Te+cp,y,
b: Pe=vp
c: Pr=vp
d: If Py = uyp then:
e: N=NUuyg
f: goto7
g Else:
h: goto 12
i: end if
end if
end while

traversing “good” K-trees. In order to describe a “good” K-tree, we need to first define a K-stroll. A K-stroll

on graph G = (V, E) is the minimum weight path beginning at node vy which contains at least K different

nodes. A good K-tree is then defined as a tree spanning at least K distinct nodes of the graph G including

the node vy in a way that the total weight of the spanning tree is less than or equal to the weight of a K-stroll.

In the detour algorithm, whenever the RDC reaches to a blocked edge (u, v) on the direction from u to v, the

RDC should find the alternative shortest path to go from node u to v such that the alternative path does not

contain any blocked edges.

These algorithms are compared on 120 instances that are provided in Zhang et al. (2019) and the results

are summarized in Table 1 and Figure 2. In these instances, since only one RDC is considered, the CFRS
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and Greedy algorithms generate the same solutions. This is because in the clustering phase of the CFRS
algorithm, all the nodes are assigned to the same RDC and the routing phase of these two algorithms are
exactly the same. Zhang et al. (2019) generated 30 instances under four scenarios and evaluated their algo-
rithms on these instances. The number of nodes is set to 40 in all of these four scenarios. Scenarios 1 and 2
have 80 edges and scenarios 3 and 4 have 160 edges. There are 5 blocked edges (k = 5) in scenario 1 and 3
and 10 blocked edges (k = 10) in scenarios 2 and 4. Here, we mention that the number of blocked edges in
the instances in Zhang et al. (2019) is very low and we use them only to verify that the IP-based, CFRS and
Greedy algorithms outperform the GoodTreeTraversal and Detour algorithms. We note that, within a one
hour time limit, the offline MLP model (OIPM) can only find the optimal solution of instances with up to 30
nodes. However, the instances in Zhang et al. (2019) have 40 nodes. Therefore, we have relaxed the binary
variables to continuous variables between 0 and 1 and used the obtained lower bounds from this relaxation to
calculate the competitive ratio values. Hence, if the exact optimal values were used, the reported competitive
ratio values could be slightly better.

Hereafter, we denote the competitive ratio by CR in the article and tables. Also, we refer to the CPU run
time of our device as run time in the paper and denote it by RT in the tables. Table 1 presents the average of
the obtained results for the 30 instances for each of the four scenarios. For example, the average CR and run
time of the Detour algorithm over the 30 instances of the the first scenario are 3.02 and 1.24, respectively.
Using either the CFRS or the Greedy algorithms, the average CR over the same instances (scenario 1) is
1.39 with an average run time of 1.39 seconds. Also, the average CR of the IP-Based algorithm is 1.67 with
an average run time of 3125.17 seconds in the same instances (scenario 1). For the IP-based algorithm, we
had to set a time limit of one hour for the IP model to extract the order of visiting the nodes for the RDC.
Since this model could not be solved optimally in most of the instances, we had to terminate the model
and extract the order of visiting the nodes for the RDC once the time limit was reached. Even though this
issue prevented the IP-based algorithm to show its best performance, we can see that all of our algorithms
found better solutions compared to both the GoodTreeTraversal and Detour algorithms in all the scenarios.
It can be observed that as the number of blocked edges and the intact edges increases, the Detour algorithm
performance becomes worse. However, even in the largest instances with 10 blocked edges and 160 edges,
while the average CR of the Detour algorithm goes as high as 3.72, the average CR of the IP-based algorithm
is 1.76 and the average CR of the CFRS or Greedy algorithms remains under 1.35. The GoodTreeTraversal
algorithm is also performing worse than either of these algorithms in all of these instances. A summary
of our comparison in terms of the CR values of the algorithms for all the 120 instances is provided in
Figure 2. It can be observed that in all the tested instances, on average, the IP-based, CFRS and Greedy
algorithms outperformed the Detour and GoodTreeTraversal algorithms. Another observation is that the

CFRS or Greedy algorithms outperform the IP-based algorithm in almost all of these instances as well.
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Table 1: Results of algorithms tested on Zhang et al. (2019) instances

GoodTreeTraversal Detour [P-Based CFRS-Greedy
Scenario n E B CR RT CR RT CR RT CR RT
1 40 80 5 4091 62.74 3.02 124 1.67 312517 139 0.06
2 40 80 10 6.24 83.78 322 1778 244 311066 140 0.06
3 40 160 5 4.89 106.83 3.67 198 156 315626 136 0.09
4 40 160 10 6.22 136.93 372 259 1.76 3152.14 1.35 0.09
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5.2. Evaluation of the algorithms on real-life instances

We also evaluated our algorithms on real city instances which are generated according to the road net-
work of Istanbul city. Akbari & Salman (2017) presented three disaster affected road networks by consider-
ing four disaster scenarios and their corresponding blocked edges. We note that the blockage of the edges
represent inaccessibility of them in the aftermath of a disaster. Akbari & Salman (2017) named these net-
works as Simplified, Detailed, and Southwest. The Simplified Istanbul network includes 74 nodes and 179
edges, which represents the main highways and their connections to major locations (Figure 3). For this road
network, we give an instance of the problem in which the location of the depot, the set of critical locations
together with the intact edges and the online blocked edges are given. Since for each of the road networks,

we have tested 48 different instances with their specified online blocked edges and critical nodes, we cannot

Instance Number

Figure 2: Comparison of algorithms
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show all of them. The Detailed Istanbul network contains 349 nodes and 689 edges, which also includes
street road segments and various locations in the city (Figure 4). The Southwest Istanbul network models
the road network of the Southwestern region of Istanbul with 250 nodes and 539 edges (Figure 5). In these
road networks, the distances are calculated by ArcGIS application using the actual road distances. Since
these road networks are larger than our intended size, we chose 20, 25, 30 and 35 nodes as the critical loca-
tions that should be visited. These nodes represent critical locations such as healthcare centers or hospitals,
schools and emergency assembly shelters. In the emergency post-disaster response phase, the RDCs must
visit these critical locations and supply their demand for relief items. Here we emphasize that in the online
problem with online blocked edges, since the blocked edges are not known from the beginning, it is not
possible to calculate the accurate shortest path distances between critical nodes and pre-process the problem
and form a complete graph in which all the nodes should be visited. Therefore, when the number of intact
and blocked edges as well as nodes increases, the problem becomes more challenging. All of our algorithms
are designed in a way that they can solve both instances where all or some of the nodes should be visited.
In our study, we have used four disaster scenarios with Moderate, Considerable, High, and Extreme disaster
magnitudes. Table 2 represents these instances in detail. The column denoted by "Network™ shows which
network the instance belongs to. The columns denoted by “n” and ”E” denote the number of nodes and
edges in that instance, respectively. The column denoted by “Instance Name” is the name of that particular
instance with given topology and blocked edges. The column denoted by ”Category”, identifies whether that
instance belongs to the Moderate, Considerable, High or Extreme category. The last two columns denoted
by ”PoB” and “’k” denote the percentage of blocked edges and the number of blocked edges in that instance.
Since the blocked edges are non-recoverable, we simulated them in a way that the road networks are not
disconnected after the blocked edges are eliminated from them. This is to ensure that the RDCs can access
all the critical nodes. For different road networks, we had to adjust the percentage of the blocked edges for

different scenarios to assure that they remain connected after removal of the blocked edges.

Table 2: Characteristics of the used data sets

Network n E  Instance Name Category PoB k

SimMod Moderate 25% 44

. . SimCon Considerable 30% 53
Simplified 74 179 SimHg High 5% 62
SimExt Extreme 40% 71
SWMod Moderate 20% 107
SWCon Considerable 25% 134

Southwest 250 539 SWHg High 0% 161
SWExt Extreme 35% 188

DetMod Moderate 10% 68
. DetCon Considerable 15% 103
Detailed 349 689 DetHg High 0% 137
DetExt Extreme 25% 172
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Figure 3: Representation of the Simplified road network for the SimpExt case and 30 critical nodes

Figure 4: Representation of the Detailed road network (ArcGIS view)
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Figure 5: Representation of the Southwest road network (ArcGIS view)
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5.3. Results of the Simplified network

For the simplified network, we used the given instances in Table 2 with 25, 30, 35 and 40 percent of
blocked edges. These instances are referred to as SimMod, SimCon, SimHg and SimExt in the order of
the percentage of blocked edges in them. For each of these categories of blocked edges, we then tested our
algorithms with 20, 25, 30 and 35 nodes that should be visited. With each of these cases, we tested each
instance with 2, 3, 4 and 5 RDCs. The results of our experiments are given in Table 3.

Table 3 is divided into 4 sections and the corresponding results to each of the networks SimMod, SimCon,
SimHg and SimExt are given in their devoted sections. In the first column denoted by |C|, number of chosen
critical locations of that particular instance is given. The column given by L represents the number of RDCs
in that instance. The column denoted by Offline RT gives the CPU run-time of the offline model in seconds.
For each of the algorithms, two columns labeled as RT and CR give the run time (in seconds) and the
obtained competitive ratio for that algorithm. As can be observed, the offline model becomes more difficult
to solve once the number of nodes that should be visited increases and particularly in the case where we have
fewer RDCs. For example, the average run time of the offline model over the 4 networks with 2 RDCs and
35 nodes is 113.12 seconds while it is only 1.77 seconds with 5 RDCs over the same instances. The main
point of this computational experiment is however to evaluate the performance of the algorithms.

From the competitive ratio (CR) perspective, the IP-based algorithm, had the best performance among
the three algorithms with an average of 1.23 over all the tested instances of the Simplified instances. This
is the average of the CR value obtained from testing the IP-based algorithm on the four network scenarios,
with varying numbers of RDCs (from 2 to 5) and nodes that should be visited (20, 25, 30 and 35). This
average CR value, over all the Simplified instances, is 1.40 for the CFRS algorithm and 1.42 for the Greedy
algorithm. The amount of damage does not appear to impact the performance of the IP-based algorithm.
The average calculated CR over different categories remains under 1.28 for this algorithm. The maximum
reported CR for the IP-based algorithm is 1.51 on the SimHg instance with 5 RDCs and 35 nodes to be
visited. For the CFRS algorithm, the average CR over the SimExt instances increases to up to 1.57. The
maximum CR using the CFRS algorithm occurred in the SimHg instance with 2 RDCs and 20 nodes. The
maximum average CR of the Greedy algorithm over the four different networks, is on the SimHg instances
which is 1.56. The maximum calculated CR using the Greedy algorithm is on the SimHg instance with 2

RDCs and 20 nodes.
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Table 3: Results of the Simplified instances

SimMod SimHg

Offline  IP-based CFRS Greedy Offline  IP-based CFRS Greedy

IC|] L RT RT CR RT CR RT CR RT RT CR RT CR RT CR
2 132 044 1.13 005 1.65 0.06 1.20 034 038 1.19 0.04 129 0.06 2.05
20 3 007 019 1.11 003 1.13 0.13 1.58 0.16 0.19 1.18 0.04 1.18 0.08 1.80
4 013 041 124 0.03 1.15 0.06 1.24 0.05 033 124 0.03 126 0.09 1.75

5 009 015 122 0.04 129 0.07 1.49 0.08 031 1.24 0.06 129 0.07 1.42

2 270 1.99 1.16 0.04 142 0.07 1.95 0.50 2.02 1.23 0.04 133 0.09 145

75 3 038 053 1.10 0.04 1.65 0.08 1.42 054 057 126 0.05 126 0.10 1.72
4 033 037 1.13 0.03 1.18 0.07 1.18 029 038 1.18 0.04 1.23 0.12 1.82

5 014 054 124 004 133 0.10 1.32 0.12 050 1.14 0.04 131 0.10 1.29

2 4486 1325 1.19 0.15 1.54 0.19 1.19 500 542 131 0.06 1.59 0.10 1.50
30 3 741 219 1.16 0.04 1.14 0.13 1.38 2.24 192 129 005 137 0.11 1.53
4 0.86 1.58 1.15 0.06 1.21 0.12 1.28 1.10 1.32 129 0.04 137 0.10 1.24

5 056 1.05 1.13 0.05 1.50 0.15 142 0.27 1.08 133 0.05 1.36 0.10 1.40

2 34138 17.67 134 0.07 129 0.13 1.16 7.62 1670 1.36 0.08 148 0.12 1.72

35 3 674 1504 129 006 1.19 0.13 1.32 32.11 14.69 146 0.05 145 0.13 154
4 447 193 123 0.05 125 0.16 1.31 3.21 194 135 007 150 0.12 1.30

5 272 230 135 006 143 0.13 1.21 1.28  2.10 1.51 0.05 1.72 0.16 1.4l

SimCon SimExt

Offline IP-based CFRS Greedy Offline IP-based CFRS Greedy

IC|] L RT RT CR RT CR RT CR RT RT CR RT CR RT CR
2 09 040 135 0.04 156 0.07 1.67 0.91 039 1.13 0.04 1.86 0.05 1.25
20 3 023 018 1.18 0.04 136 0.07 1.59 0.18 0.17 1.13 0.04 1.29 0.08 1.42
4 013 033 121 0.04 142 0.07 142 0.06 034 126 0.05 139 0.06 1.48

5 005 020 124 004 121 0.06 1.38 0.06 0.15 127 0.04 1.38 0.07 1.46

2 554 239 124 006 126 0.08 1.22 274 219 1.16 0.04 147 0.06 1.29

75 3 114 058 1.18 0.04 142 0.09 1.19 077 059 1.18 0.06 1.83 0.10 1.21
4 034 038 120 0.04 120 0.08 1.39 047 038 1.12 0.05 143 0.07 1.42

5 029 050 1.18 0.05 1.19 0.2 1.35 0.17 049 1.18 0.07 149 0.12 1.32

2 310 549 123 0.10 142 0.13 1.36 65.99 540 1.17 0.06 1.71 0.09 1.44
30 3 221 191 1.15 0.05 122 0.10 1.25 1.81 1.89 123 0.05 1.55 0.15 144
4 0.78 1.34 1.19 0.04 126 0.14 1.33 1.21 1.33 1.15 0.05 145 0.10 1.40

5 053 .13 1.18 0.06 1.30 0.12 1.46 0.75 1.05 120 0.05 1.64 0.11 1.43

2 1787 1725 129 0.08 1.28 0.14 1.52 8558 17.10 141 0.10 158 0.19 1.40

35 3 2402 1480 124 0.06 128 0.14 1.17 29.32 1481 142 0.07 1.62 0.14 1.46
4 1.73 201 1.17 005 133 0.16 1.23 358 200 132 005 1.64 0.14 134

5 149 217 130 0.05 142 0.15 1.33 1.58 2.15 133 0.07 1.74 0.17 145

From a computational time perspective, the average run time of the IP-based algorithm over all the tested
instances is 3.3 seconds while it is just 0.5 seconds for the CFRS algorithm and 0.11 seconds for the Greedy
algorithm. The maximum run time of the IP-based algorithm is in the SimCon instance with 2 RDCs and 35

nodes which is 17.25 seconds. Overall, the run time of all the algorithms remained under 17.25 seconds for

each of the instances.

Figure 6 depicts the summary of the calculated CR values from Table 3. As can be observed, the IP-based
algorithm has consistently shown a better performance among these algorithms. While for the SimMod,

SimCon and SimHg networks, the CFRS shows a better performance compared to the Greedy algorithm, for

the SimExt category, the Greedy algorithm had a better performance compared to the CFRS algorithm.
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Figure 6: summary of the Simplified instances

5.4. Results of the Southwest network
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For the Southwest network, we also used the SWMod, SWCon, SWHg and SWEXxt instances with 20,

25, 30 and 35 percent of blocked edges, respectively. More details from these instances is given in Table 2.

Similar to the Simplified instances, for each of these categories of blocked edges, we tested our algorithms

with 20, 25, 30 and 35 nodes that should be visited. We also tested each instance with 2, 3, 4 and 5 RDCs.

The results of our experiments are given in Table 4 and Figure 7.

The columns of Table 4 are the same as Table 3 and are explained above. As can be observed, since the
size of the network in the SouhWest instances is larger than the Simplified instances, the CPU run time of
the offline model and the IP-based algorithm increases. The maximum CPU run time of the offline model
increases to up to 2142.62 seconds for the SWMod instance with 2 RDCs and 35 nodes. The maximum
reported CPU run time of the IP-based algorithm is 3101.42 seconds for the same instance with 2 RDCs and

35 nodes. Meanwhile, the maximum CPU run time of the CFRS and Greedy algorithms are only 0.42 and

1.16 seconds respectively. The average CPU run time of the IP-based algorithm over the Southwest instances

is 175.5 seconds, while this average is just 0.15 and 0.36 seconds for the CFRS and Greedy algorithms,

respectively.
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Table 4: Results of the Southwest instances

SWMod SWHg

Offline  IP-based CFRS Greedy Offline  IP-based CFRS Greedy

IC|] L RT RT CR RT CR RT CR RT RT CR RT CR RT CR
2 190 045 1.18 0.08 1.22 0.13 1.25 1.21 051 1.13 0.10 1.11 0.22 1.70

20 3 041 045 134 0.12 147 029 1.18 0.41 045 138 0.11 1.34 0.19 1.62
4 012 050 129 0.13 1.55 0.21 1.18 0.13 034 135 0.11 140 0.23 1.60

5 010 028 129 0.11 1.52 022 1.18 0.13 031 129 0.12 143 026 1.35

2 1.17 213 120 0.17 156 0.23 1.29 205 259 1.17 0.13 1.24 030 1.63

75 3 124 097 130 0.11 1.54 025 1.20 0.56 1.06 128 0.14 1.39 031 1.70
4 054 053 130 013 154 031 1.22 045 0.60 1.30 0.11 138 029 1.23

5 045 092 131 0.10 142 029 1.21 0.28 1.06 127 0.13 1.36 033 1.32

2 1138 1166 125 0.15 146 043 1.22 16.31 1313 1.16 0.15 1.22 031 1.51

30 3 18 371 134 0.12 145 038 1.19 204 438 126 0.15 140 035 1.71
4 187 1.32 126 0.14 1.52 0.34 1.16 1.60 1.56 120 0.11 1.33 039 1.21

5 141 146 129 0.14 138 039 1.22 0.64 1.53 121 0.14 135 043 1.30

2 2142 3101 138 022 1.32 049 1.23 390.5 2637 1.14 032 138 052 1.64

35 3 641 33.05 142 020 1.53 0.58 1.40 21.30 2754 1.15 034 136 1.16 1.54
4 815 521 126 0.17 149 0.63 1.27 269 333 120 0.12 1.28 046 1.74

5 298 253 125 021 141 0.62 1.33 2.57 196 1.19 0.12 137 042 1.26

SWCon SWExt

Offline IP-based CFRS Greedy Offline IP-based CFRS Greedy

IC|] L RT RT CR RT CR RT CR RT RT CR RT CR RT CR
2 108 053 144 0.13 1.51 025 1.29 0.31 043 1.25 0.10 1.26 0.20 1.80

20 3 024 051 151 013 147 023 1.28 024 066 145 0.10 134 022 2.15
4 034 037 148 0.14 155 028 1.27 0.15 030 125 0.09 141 0.21 1.87

5 013 050 145 023 1.55 038 1.27 0.13 024 127 0.12 144 021 1.46

2 373 302 139 0.15 145 027 133 357 215 145 0.12 1.71 0.19 1.90

75 3 1.02 126 136 0.18 1.55 0.38 1.24 1.59 094 1.53 0.11 1.61 020 1.85
4 075 056 141 0.14 155 028 1.37 0.66 0.70 1.51 0.16 154 029 1.64

5 041 1.00 142 0.16 148 0.36 1.40 023 093 141 0.10 152 030 1.78

2 4711 1286 134 0.14 148 034 1.23 2045 1144 143 0.17 1.72 031 1.97

30 3 2033 362 123 014 152 036 1.35 776 407 152 025 1.72 034 1.87
4 296 260 136 0.15 159 034 1.36 1.63 144 143 0.15 194 033 1.61

5 120 1.64 138 0.13 149 035 1.33 1.31 124 141 0.11 1.63 034 1.68

2 9225 2303 141 0.18 142 050 1.23 6529 2494 143 021 1.86 044 1.84

35 3 4418 29.15 124 0.18 149 046 1.34 20.54 30.25 140 020 220 045 1.79
4 1857 442 135 0.16 149 049 1.35 946 385 142 0.17 1.88 048 2.03

5 262 240 140 0.19 1.55 0.51 1.36 3.14 401 151 042 191 1.10 1.93

From the CR perspective, the IP-based had a better performance by an average of 1.33. The average CR
value of the CFRS and Greedy algorithms are 1.49 and 1.46 over all the Southwest instances, respectively.
The variance of the performance of the IP-based algorithm is lower and equal to 0.01 with a maximum CR of
1.53 for the SWExt instance with 25 nodes and 3 RDCs. The variance of the CFRS and Greedy algorithms
are higher and the maximum calculated CR value of the CFRS algorithm is 2.20 for the SWEXt instance
with 35 nodes and 3 RDCs. The maximum CR of the Greedy algorithm is 2.15 for the SWExt instance
with 20 nodes and 3 RDCs. In general, as expected, once the percentage of the blocked edges increases,
the performance of the algorithms will be negatively impacted. For instance, for the Greedy algorithm, the

average calculated CR is 1.23, 1.31, 1.50 and 1.82 for the SWMod, SWCon, SWHg and SWEXxt instances,
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respectively.

Figure 7 further illustrates and compares the performance of the three algorithms over different instances
of the Southwest network with different categories. A different trend from the Simplified instances can
be observed in here. The Greedy algorithm, outperforms the IP-based algorithm for the Moderate and
Considerable categories. In these instances, the Greedy algorithm outperforms both the IP-based and the
CFRS algorithms. However, the number of blocked edges and the severity of the scenarios seem to have
a negative impact on the performance of the Greedy algorithm. In particular, for the SWHg and SWExt
instances, the calculated CR values from the Greedy algorithm are higher than those of the CFRS and IP-
based algorithms. Moreover, in both SWHg and SWEXxt instances, the IP-based algorithm has consistently

performed better than the CFRS algorithm.
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Figure 7: summary of the Southwest instances

5.5. Results of the Detailed network

For the Detailed network, we used the DetMod, DetCor, DetHg and DetExt instances given in Table
2. For each of these instances, we first selected 20, 25, 30 and 35 nodes to be visited and then tested our
algorithms with 2, 3, 4 and 5 RDCs. The results of these experiments are given in Table 5.

For the Detailed network, similar to the Southwest instances, the run times of the offline model and the
IP-based algorithm are larger than those of the Simplified network. The maximum CPU run times of the
offline model and the IP-based algorithm are 2406.72 and 429.16 seconds, respectively. However, similar to
other networks, the maximum CPU run times of the CFRS and Greedy algorithms are significantly smaller

and are equal to 0.68 and 2.43 seconds, respectively.
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From the CR perspective, the IP-based algorithm has consistently performed better and had an average
of 1.28 over all the Detailed instances with a maximum CR of 1.50 for the DetCon instance with 30 nodes
and 2 RDCs. The CFRS algorithm has also performed consistently better than the Greedy algorithm. While
the average calculated CR values for the CFRS algorithm are 1.40, 1.64, 1.40 and 1.47 for the DetMod,
DetCon, DetHg and DetExt instances, these average CR values are 1.72, 2.04, 1.81 and 1.94 for the Greedy
algorithm over the same instances, respectively.

Table 5: Results of the Detailed instances

DetMod DetHg

Offline  IP-based CFRS Greedy Offline  IP-based CFRS Greedy

IC|] L RT RT CR RT CR RT CR RT RT CR RT CR RT CR
2 033 060 124 0.14 130 0.27 1.49 026 0.66 120 0.19 134 030 1.64

20 3 030 048 1.12 0.12 1.25 034 147 0.16 037 1.11 021 138 036 1.65
4 009 024 125 0.14 130 029 1.55 0.07 034 1.17 0.17 145 0.66 1.86

5 012 024 125 0.12 1.15 029 1.62 0.06 034 1.19 022 123 0.66 1.88

2 217 314 1.06 0.17 139 032 144 1.64 343 123 022 125 047 1.69

75 3 08 077 109 0.16 149 038 1.64 0.60 0.88 1.15 022 149 052 1.59
4 026 059 120 0.13 121 046 1.83 037 0.69 120 0.17 131 0.62 1.78

5 034 068 120 0.12 1.19 041 1.49 028 0.65 1.14 0.15 122 0.66 1.62

2 309 275 1.07 0.19 140 044 197 1028 334 146 033 143 053 1.51

30 3 1.10 1.71 123 020 2.10 0.50 2.14 190 212 133 025 1.85 0.65 1.86
4 068 098 122 0.16 129 056 1.84 0.90 1.20 130 0.20 1.53 0.64 2.00

5 073 099 122 0.15 1.66 0.59 1.68 1.14 1.23 131 021 149 081 1.72

2 1133 3183 1.19 030 1.29 0.61 1.74 2406 355.1 1.21 027 131 0.64 1.70

35 3 1341 1071 1.14 025 147 0.69 2.02 39.17 11.79 1.16 047 139 0.82 2.06
4 245 1081 1.09 032 141 089 192 6.42 1226 127 022 143 0.73 2.20

5 171 234 105 021 144 0.76 1.69 354 238 123 0.18 140 0.82 2.13

DetCon DetExt

Offline  IP-based CFRS Greedy Offline  IP-based CFRS Greedy

IC| L RT RT CR RT CR RT CR RT RT CR RT CR RT CR
2 043 057 138 0.19 155 024 1.79 135 056 139 0.18 1.34 0.24 1.67

20 3 048 034 125 0.16 1.64 028 1.84 0.66 050 1.21 0.24 138 040 1.64
4 022 027 134 0.16 1.79 040 2.02 0.17 031 135 0.19 142 035 1.75

5 011 025 134 0.18 1.61 042 197 0.19 029 138 0.17 134 054 1.80

2 1.11 283 142 021 1.77 044 212 1.94 329 129 036 153 045 2.01

75 3 09 078 146 022 191 052 231 0.62 081 143 021 1.75 051 199
4 031 066 148 0.18 1.79 0.52 2.06 072 083 145 0.17 145 052 1.73

5 030 060 132 020 1.63 0.64 2.05 027 073 143 0.17 147 058 1.74

2 347 332 150 034 1.60 0.50 1.70 5198 3.11 138 028 1.37 0.57 1.60

30 3 198 1.80 1.41 027 1.84 0.56 2.05 3.65 1.79 138 027 1.72 049 1.75
4 074 1.03 145 0.19 1.79 0.62 2.14 3.21 1.03 146 0.18 1.67 0.57 1.92

5 1.02 1.09 146 020 1.69 0.70 2.10 0.75 1.16 149 0.19 1.55 0.58 1.93

2 2576 3357 139 036 1.28 0.88 1.89 9112 4296 129 041 128 0.86 243

35 3 5125 1211 138 033 1.53 0.89 2.18 13.19 1231 124 0.68 147 1.60 2.57
4 664 1323 120 0.25 146 094 228 479 2362 140 0.68 148 242 207

5 365 277 1.14 032 149 1.08 2.07 409 462 141 037 141 130 226

Figure 8 illustrates the average performance of the algorithms on the Detailed instances further. As
can be observed, over the Detailed instances, the IP-based algorithm has consistently performed better and

achieves lower average CR values over all the networks with different number of RDCs. Comparison of the
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CFRS and Greedy algorithms confirms that the CFRS algorithm is outperforming the Greedy algorithm in

all the different categories with different number of RDCs.
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Figure 8: summary of the Detailed instances

5.6. Summary of the computational results

In our computational study, we first demonstrated that the IP-based, CFRS and Greedy algorithms out-
perform algorithms from the literature in the OMLP instances. We then tested our algorithms on real-life
instances from the road network of Istanbul city in Turkey. The summary of our computational results are
given in Tables 6 and 7.

Table 6 gives the average results of testing our algorithms with respect to the number of RDCs. These
results are the average results over three road networks from Istanbul city that were experimented under four
blockage scenarios as; moderate, considerable, high and extreme. The RT column gives the average CPU
run time of each of the algorithms in seconds and the CR column gives the average CR value obtained from
each of the algorithms. The CPU run time of the IP-based algorithm is more than the other two algorithms
but it decreases once the number of RDCs increases. The average CPU run time of the CFRS and Greedy
algorithms remains under 0.4 seconds. The obtained average CR of the IP-based algorithm is the lowest
among these three algorithms. It remained under 1.30 even for the largest instances with 5 RDCs. It can
be observed that, in the IP-based algorithm, the average CR increases once the number of RDCs increases.
For the CFRS and Greedy algorithms however, the maximum CR occurred in the instances with 3 RDCs.

Moreover, the CFRS algorithm, showed a better performance compared to the Greedy algorithm in average.
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Table 6: The average relation between competitive ratio and number of RDCs

IP-based CFRS Greedy
RT CR RT CR RT CR
262.809 1.278 0.160 1.438 0.302 1.581
5.658 1.279 0.159 1.500 0.363 1.629
2334  1.283 0.133  1.447 0.383 1.586
1.214  1.290 0.136  1.445 0.399 1.548

TR

Table 7 gives the summary of the results with respect to the number of nodes that were visited in each
instance. As can be observed, the average CPU run time of all the algorithms increases as the number of
visited nodes increases. This increase for the IP-based algorithm is considerable and once the number of
nodes that should be visited goes beyond 50, we might not be able to extract a solution from this algorithm
in a logical time limit. The CFRS and Greedy algorithms, remain tractable even for the largest instances
confirming their capacities in terms of solving larger instances. In general, it can be observed that once the
number of nodes increases, the reported CR from the IP-based algorithm also increases, but it still remains

lower than those of the CFRS and Greedy algorithms.

Table 7: The average relation between competitive ratio and the visited nodes

IP-based CFRS Greedy
IC] RT CR RT CR RT CR
20 0.369  1.268 0.111  1.390 0.227 1.568
25 1.170  1.272 0.124 1452 0.292 1.562

30 12.407 1.293 0.144 1.517 0.354 1.560
35 258.069 1.298 0.209 1.473 0.573 1.653

Overall, we can conclude that the IP-based algorithm finds better solutions if its CPU run time is not a
constraint. Another constraint with the IP-based algorithm is that it requires an optimization solver which
might restrict its applications. Among the CFRS and Greedy algorithms, the CFRS appeared to show a better

average performance as well as lower CPU running times.

6. Conclusions and future research directions

In this study, we addressed the online multiple minimum latency problem with edge uncertainty (MOMLP)
for the first time. In the MOMLP, a set of L RDCs should visit a number of nodes while minimizing the
overall waiting time of the first visits to each node. Furthermore, k (k > L) edges are blocked but their
blockages are not known in advance. Moreover, in our study, the blocked edges are non-recoverable and the
RDCs cannot use them in their routes. The blockage of an edge is learned online when one of the RDCs
visits an end-node of that blocked edge. Once this information is revealed to one of the RDCs, it is then

immediately communicated between the RDCs and all of them will know about that blockage.
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We prove a lower bound of 2|_%J + 1 on the competitive ratio of deterministic online algorithms for this
problem. Moreover, we show that the competitive ratio of the optimal deterministic online algorithm for
this problem lies in the interval between ZI_%J + 1 and 2k + 1. This is by showing that 2k + 1 is an upper
bound on the competitive ratio of the optimal deterministic online algorithm for the MOMLP. With the aim
of providing fast and efficient algorithms for realistic-sized problems defined on real-life road networks, we
proposed three heuristic algorithms for the MOMLP. These algorithms are called, the IP-based algorithm,
the Cluster First Route Second (CFRS) algorithm and the Greedy algorithm. We first showed how our
algorithms outperform those from the literature on a special case of our problem with only one RDC and then
conducted computational experiments on numerous cases of three real-life instances adopted from the road
network of Istanbul city in Turkey. Our computational experiments verify the performance of the developed
algorithms as we compared the results of our algorithms with those of the offline optimum. We also present
a summary of our computational experiments in which we compare the developed algorithms in terms of
their performance and draw conclusions on which one might perform better under what circumstances.

Online optimization enables us to give decisions under lack of some information and to represent situ-
ations where some data are revealed dynamically. Such situations arise in many practical applications, in
addition to disaster management. For instance, in providing on-site services as in the traveling repairman
problem, the technician routing and scheduling problems, and home healthcare routing and scheduling, the
service times at different customer locations are actually revealed online since the service provider can assess
the required service time after close observation at the customer location (Jaillet & Wagner 2008a). In city
logistics and last mile delivery, often traffic conditions cause significant delays in some roads that can only
be observed online (Zhang et al. 2019). Taking an online optimization approach to address such problems
may lead to interesting new studies.

One immediate future research possibility would be to consider the weight of each of the critical nodes
while minimizing their total latency. This weight could for example represent the population or the im-
portance of that critical node. In this case, the problem changes to the weighted MOMLP and the offline
problem becomes more complex as well. Another possible future research direction would be to consider
different communication levels among the RDCs. This means that once a blockage is revealed to one of the
RDCs, it might not be revealed to all of them immediately for various reasons such as jamming or lack of
equipment. The case where the blocked edges are recoverable can also be addressed in the future studies.
This means that the nature of the problem changes to a road restoration or road clearance problem in a post-
disaster situation. The offline variations of this road clearance problem considering a single road restoration
team (Kasaei & Salman (2016) and Moreno et al. (2019)) or multiple road restoration teams (Morshedlou
et al. (2021) and Akbari et al. (2021a)) have been addressed in the literature extensively. While in these

offline problems, the location of the blocked edges and the amount of required equipment/time to unblock

31



them is known in advance, in their online versions, both the location of the blocked edges and the amount of
required time to unblock them (Akbari et al. 2021b), can be unknown initially and have an online nature in

the sense that the unknown information is revealed incrementally over time.
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Appendix A. The IP formulation to solve the offline MOMLP

As it is stated in the description of the MBR algorithm in Section 3 and in the description of the IP-Based

algorithm in Section 4.1, we have used the IP formulation proposed in Angel-Bello et al. (2019) to solve
35



the offline MOMLP, i.e., the multiple minimum latency problem (MMLP). We also referred to this model as
Offline Integer Programming Model (OIPM) in Section 4.1. In the MMLP, all of the L RDCs are initially
positioned in the depot node denoted by vg. They all dispatch at time zero and the collection of their routes
should visit all the nodes from v; to v, while minimizing the total latency of the nodes. This formulation is
an offline optimization model which assumes that there is no blocked edge in the graph. Furthermore, we
point out that Angel-Bello et al. (2019) proposed 5 mathematical models to solve the MMLP, and among
them, we have selected the last one as it gave better results based on their computational experiments. We
note that since this model is designed to solve the multiple MLP, it can also solve the single MLP by setting
the number of RDCs equal to one (L = 1).

Given that the level based model is designed in a way that calculation of the arrival times to the nodes is
not necessary, this model has shown better computational performance compared to alternative models. In
this model, only a set of binary variables given as xl.’j are defined. xlfj equals to 1 if and only if the arc (v;,v;)
is used to link node v; at level r + 1 with node v; at level r. A representation of this level-based structure is
given in Figure A.9. Since in the optimal solution, each RDC visits at least one node, the number of levels at
which a node is visited is limited to M = n — L + 1, where n shows the number of nodes to be visited and L
gives the number of RDCs. Then the objective function of the latency minimization objective can be given
as A.1. Using this level based model, the objective calculates the accumulation of the times in which each
of the nodes are visited which is equivalent to the minimum latency objective. The constraints are presented

in Equations from A.2 to A.7.
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(A.1) gives the level-based objective function for the MMLP. By constraint (A.2) we guarantee that
exactly L RDC:s finish their routes at level 1. Constraint (A.3) sets the number of RDCs that leave the depot
node equal to L. Constraint sets (A.4) and (A.5) are the flow conservation constraints to ensure continuity
of the paths. Constraints set (A.6) is to make certain that each node in {vy, ..., v,} is active at a single level in

any feasible solution. Finally, (A.7) is the variable description constraints.
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