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ABSTRACT

Reinforcement Learning based Resource Allocation for Initial Disaster
Response
Esat Tunahan Tuna
Master of Science in Computer Science and Engineering
September 7 2023

Effective, fair and quick disaster response is imperative in the aftermath of disasters.
Resource limitations, particularly after large-scale disasters like earthquakes, pose
challenges in distributing material and human resources. In this thesis, we present a
reinforcement learning (RL) based resource allocation approach for disaster response,
where a finite amount of resources are dispatched to affected locations.

Our RL formulation is as follows. A 2D map of continuous disaster severity
constitutes our state space. Dispatching a single resource to a specific location
constitutes the action space. We calculate rewards after allocating all the avail-
able resources by running a simple simulation to determine the amount of disaster
relieved, reflecting effectiveness, and the spread of the resources across the map,
reflecting fairness. We additionally define a per-step reward, based on the local
disaster severity distribution, to alleviate issues with sparse rewards. We train two
Deep Q-learning agents; one utilizing only terminal rewards and the other incorpo-
rating both rewards. Our 2D map formulation induces large state and action spaces.
To reduce the number of learned parameters and to add inductive bias, we use con-
volutional neural networks to approximate the Q-values. We additionally devise a
greedy algorithm incorporating per-step rewards as a baseline.

Our evaluation encompasses qualitative behavior assessment on toy maps and
quantitative performance assessment on urban maps, both on unseen maps and dis-
aster distributions. Our qualitative assessment reveals that the greedy algorithm
places resource units to high disaster severity locations but does not take spread
into account as expected, the sparse-reward agent is prone to missing highly con-
centrated disaster regions, and the other RL agent spreads the units while catching
the concentrated regions.

Our quantitative assessment mirrors the qualitative ones; the greedy algorithm
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falls behind in resource spread and the sparse reward agent falls behind in the amount
of disaster relieved. The greedy algorithm evaluates each location in each allocation
step during testing/inference. This leads to two orders of magnitude slower alloca-
tion speed, which is related to quickness, compared to the trained agents. Overall,
the RL agent trained with both rewards achieves the best performance in terms of
allocation speed, disaster relieved and resource spread for novel disaster scenarios.

In this thesis, our main aim is to show the feasibility of RL for large scale resource
allocation. As such, we made some simplifying assumptions. We are assuming
only one type of resource whereas different regions may require different types (e.g.
excavators vs fire engines). This can be handled by training multiple RL agents for
each resource type. We are also not taking the distribution cost of the resources
into account and assume that the resources can get to where they want to without
hindrance. Both of these can be readily incorporated into our disaster simulator and
terminal rewards, while requiring additional work on the per-step rewards. Another
assumption is about the static nature of the disaster as we started our work for
earthquakes. Dynamic disasters such as large scale fires can be incorporated into
the simulator stage as well but this would require additional work on the state space
to incorporate information on how the disaster may evolve.

This thesis presents the first resource allocation approach for disaster response
that can work with large state and action spaces without assumptions on the ob-
jective structure, in addition to the potential of using arbitrarily complex objectives
and incorporating environment stochasticity, to the best of our knowledge. Our work
paves the way for further developments that can incorporate further developments
such as more complicated disaster scenarios and objective functions to remove the

simplifying assumptions.



OZETCE

Afetle Miicadelede Pekistirmeli Ogrenme tabanli Kaynak Yonetimi
Esat Tunahan Tuna
Bilgisayar Bilimleri ve Miihendisligi, Yiiksek Lisans
September 7 2023

Afet sonrasi miidahalelerin etkin, adil ve hizli olmasi mecburidir. Deprem gibi
biiylik capta etkileri olan afetlerin ardindan kaynaklarin siirli olmasi, bu kay-
naklarin yonetimi noktasinda afetle miicadeleye giicliikk olusturmaktadir. Bu tez
caligmasinda, afetten etkilenen bir bolgeye miidahalede sinirli olan bu kaynaklarin
yonetimi i¢in pekigtirmeli 6grenme tabanli kaynak yonetimi yaklagimimizi sunuy-
oruz.

Pekistirmeli 6grenme tabanh yaklagimimiz su sekildedir. Iki boyutlu bir afet
siddet haritasi bizim durum uzayimizi belirtmektedir.Bir kaynagin, destek biriminin,
belirli bir noktaya atanmasi ise eylem uzayimizi ifade eder. Basit bir simulasyon
yardimiyla sanallagtirdigimiz afet senaryosunda destek birimlerinin séniimlendigi
afet hasarlar1 miktar1 kaynak yonetiminin etkinligini, kaynaklarin bolgeye yayilim
miktar1 kararlarin ne kadar adil oldugunu gosterir. Bu metrikleri kullanarak tim
atama sonrasinda bir 6diil hesaplamasi yapiyoruz. Ayrica, bu formulasyonda kargilagi-
lan problemleri azaltmak amaclh her adimda odillendirme esash bir hesaplamamiz
daha mevcut. Calismamizda, iki farkli derin g-0grenmesi tabanli ajanlar egittik.
Biri sadece nihai durumda odiillendirilirken, digeri hem her adimda hem de nihai
durumda 6diillendirildi. Iki boyutlu olarak tasarladigimz diinya modellemesi du-
rum ve eylem uzaylarinin fazlaca genis olmasini da beraberinde getirdi. Parametre
sayilarini diigiirmek ve model varsayimi eklemek icin kullanacagimiz modeli evrigimli
sinir aglari tizerine kurguladik. Ayrica, aggozlii yaklagim ajani gelistirip, her adimda
odiillendirme esash yaklagimimiza bir taban olusturduk.

Modelleri degerlendirme siireclerimiz iki farkl sekildedir. Birincisi, oyuncak hari-
talar diye isimlendirdigimiz senaryolarimiz tizerinde niteliksel davranig degerlendirme-
leri yapiyoruz. Tkinci olarak, kentsel senaryolarimizda ise niceliksel degerlendirmelerimizi
yapiyoruz. Her iki degerlendirmede de kullandigimiz senaryolar modellerin egitilme

asamasinda hi¢ kargilasmadigr haritalardir. Nitelik degerlendirmelerimizde aggozli
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yaklagimin, beklendigi gibi, yayilimi dikkate almadigi, sadece afet siddeti yogun olan
bolgelere kaynak atamasi yaptigini gozlemledik. Nihai durumda odiillendirdigimiz
ajanimizin ise ¢ok yogun olan bolgeleri gozden kagirdigini, her adimda ve nihai
durumda odiillendirdigimiz ajanimizin ise hem yayilimi hem de siddetli noktalar:
dikkate aldigini ortaya koyduk.

Niceliksel degerlendirmelerimizde de niteliksel degerlendirmelerimize paralel ¢ika-
rimlar elde ettik. Acggozlii ajanimiz yayilim hususunda basarisiz oldugunu ve ni-
hai durumda odiillendirdigimiz ajanimizin afet soniimlemelerinde geride kaldigini
gozlemledik. Ac¢gozli ajanimiz her lokasyonun degerini her adimda hesaplamasi se-
bebiyle egitilmig modellerimize nazaran ¢ok geride kaldigini, karar alim stirecinin ¢ok
uzun oldugunu belirledik. Genel olarak ifade etmek gerekirse, hem her adimda hem
de nihai durumda o6diillendirdigimiz ajanimiz en iyi performansi gosterdi. Karar
aliminin hizli oldugunu, atamalar sonrasinda destek birimlerinin soniimledigi afet
miktarinin daha fazla oldugunu ve yayilimin daha genis kapsama alanin etkiledigini
niceliksel ve niteliksel olarak ortaya koyduk.

Bu tez caligmasinda, ana amacimiz pekistirmeli 6grenmenin genis ¢aph kaynak
yonetimi problemlerinde uygulanabilir oldugunu gostermektir. Oyle ki, calismamizda
baz1 basitlestirici varsayimlar yaptik. Ornegin, afetten farkl etkilenen farkl lokasy-
onlar i¢in degisik tiplerde destek birimleri gerekiyor olsa da, galismamizda tek tip
bir kaynak tizerine yogunlastik. Aksi durumda, her bir tip destek birimi ig¢in bir-
den fazla yapay zeka ajami egitiyor olmamiz gerekebilirdi. Ayrica, kaynaklarin
dagilim maliyetini de goz ontine almadik. Kaynak atamasi sonrasinda destek birim-
lerinin ilgili yerlere herhangi bir engel olmadan ulagilabilir oldugu bir diinya tasar-
ladik. Her ne kadar her adim odiillendirme esash yaptigimiz caligmalarda ayrica bir
gelistirme yapma ihtiyacimiz dogsa da, bu hali ile afet simulatortiimiiz ve nihai du-
rum odiillendirmelerimizi yeterli bir sekilde kapsayacak altyapi ihtiyacimizi karsiladi.
Diger bir varsayimimiz ise, duragan bir afet dogasi tizerinde ¢aligiyor olmamizdir.
(Caligmamiza deprem odakli baglamamiz sebebiyle arastirma siireclerimiz bu sekilde
ilerledi. Biiyiik olgekli yanginlar gibi dinamik felaketler de simiilatore dahil edilebilir
ancak bu, felaketin nasil gelistigine iligkin bilgilerin de yaklagimimiz ve altyapimiza
dahil edilmesi i¢in durum uzayinda ek ¢aligma yapilmasini gerektirecektir.

Bu tez ¢alismasi, geligigiizel karmasik hedeflerin kullanilmas1 ve ortam stokasti-
sitesinin dahil edilmesi potansiyeline ek olarak, hedef yapiya iligkin varsayimlar ol-
madan genig durum ve eylem uzaylariyla ¢alisabilen afet miidahalesine yonelik ilk

kaynak tahsis yaklagimini sunmaktadir. Caligmalarimiz, basitlestirici varsayimlar



ortadan kaldiracak daha karmasik afet senaryolari ve hedef fonksiyonlari ile bu

alanda yapilacak caligmalarin 6niinii agacaktir.
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Chapter 1

INTRODUCTION

The initial response to a disaster plays a pivotal role in mitigating the adverse
consequences endured by the affected population and in averting subsequent catas-
trophes [Tomasini et al., 2009]. A crucial part of disaster response is deploying
the necessary material and human resources to the impacted areas. However, this
is frequently hindered by the discrepancy between the demand and supply of re-
sources, particularly after major disasters like earthquakes. As a result, ensuring
effectiveness, fairness, and quickness in a disaster response remains a formidable
challenge.

Towards this end, we propose a reinforcement learning (RL) based resource allo-
cation approach for disaster response, called Resource Allocation with Reinforcement
Learning (RARL). We target disasters covering a large region with multiple centers
of devastation. We assume that a disaster severity assessment has been made and
the limited amount of resources are to be dispatched based on the desired criteria.
There are optimization and RL based approaches dealing with similar scenarios in
the literature (see Section 2). However, their action spaces, and sometimes state
spaces are too small to be realistic. Optimization methods that can deal with large
spaces impose structural constraints on the objectives to be optimized.

In RARL, we reformulate resource allocation as a sequential decision making
problem. Given finite amount of resources, the idea is to allocate each unit of re-
source one-by-one in order to maximize the sum of rewards. Since there are limited
resources, this induces a finite horizon problem. In addition, resource allocation
order does not matter which removes the need to use a discount factor. We use

a 2D map representation of the affected geographical area, analogous to an image,
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as our state space. In this map, each cell holds the disaster severity of the corre-
sponding location. An action is defined as sending a single rescue unit to a location.
We carefully design a transition function that reduces the disaster severity locally
after allocation to avoid enlarging the state space with an additional channel, and
to be robust against number of resource units, both of which helps with training
and generalization. We use three metrics to assess the performance of an entire
allocation; (1) the amount of disaster relieved corresponding to effectiveness, (2) the
spread of the rescue units corresponding to fairness and (3) the speed of making the
allocation decisions corresponding to quickness. We use a post-allocation simulation
to calculate the first metric, calculate the second metric directly after the allocation
and calculate the third metric during the allocation. The combination of disaster
relieved and spread is used as our terminal reward which is sparse. We also devise a
per-step (dense) reward by looking at the local disaster severity distribution of the
action location for faster training.

We utilize Deep Q-Learning to train two agents, one with just the sparse rewards
(called the RARL-S agent) and another one with both of the rewards (called the
RARL agent). We use pure convolutional neural networks (CNNs) from the state
input to action value output to approximate the QQ-values. This seamlessly matches
with our state and action formulations, allows us to deal with large state and action
spaces by keeping parameter numbers low and improves performance by injecting
inductive bias. During testing/inference, the action with the highest value is picked
at each time step. We additionally develop a greedy agent that goes over each
location to calculate per-step rewards of allocating a unit there at each time step,
and picks the action that result in the highest.

We train the RL agents on three maps and evaluate the performance of all three
agents on previously unseen test maps. First, greedy algorithm runs two orders of
magnitude slower than the RL agents due to its nature. Qualitative analysis on two
toy maps show that the RARL-S agent is prone to missing high concentration regions
and the greedy algorithm does not care about the spread as expected. Quantitative
analysis on urban city maps, reflect this trend as well; RARL-S agent falls short on

the amount of disaster relived and the greedy agent falls short on spread. Only the
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RARL agent performs on par or better than the rest on all the metrics, satisfying
our effectiveness, fairness and quickness ideals for allocation.

We argue that RARL can handle arbitrary finite terminal objectives as long as
the state space is rich enough to represent them and that actions can affect them.
This is due to generality of the RL itself (i.e. no assumptions on the reward distribu-
tion other than boundedness). RARL can handle the disaster response stochasticity
as well based on similar reasoning. More complex and more stochastic settings can
be incorporated into the post-allocation simulator to reflect the difficulties, intrica-
cies and uncertainties of disaster response.

To summarize, we introduce a reinforcement learning based resource allocation
method that (i) helps with an effective, fair and quick disaster response, (ii) works on
large scale disasters on a large geographical region, (iii) works with scarce resources,

and (iv) generates granular action decision. Our method;

1. Handles large action and state spaces. Requirements (ii) and (iv), and indi-

rectly (iii) as scarcity dictates the need to make granular decisions.
2. Learns to make effective and fair decisions. Requirement (i).
3. Makes fast decisions (aka testing or inference). Requirement (i).
4. Generalizes to novel disaster distributions. Requirement (i)

5. Is robust against initial amount of resources. Requirement (iii)

1.1 Contributions

Our results show that RL, specifically with our careful formulation - RARL -, is a
feasible way to build an initial resource allocation decision aid for disaster response.

In summary, our contributions are:

e Converting a large scale resource allocation problem to a sequential decision

making problem and using RL to tackle it.
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e Utilizing pure CNNs to approximate QQ-values which lets us handle large state
and action spaces, in addition to the ability to run fast inference with common

hardware and software.

e Designing a state space representation and a transition function to reduce state
space size and increase robustness against available resources which help with

training and generalization.

e Empirically demonstrating our method’s ability to generalize to novel disaster
distributions and even novel maps along with robustness to initial resource

availability, in terms of the disaster relieved and spread metrics.

e Potential ability to incorporate arbitrarily complex terminal rewards and stochas-

ticity by utilizing a disaster response simulator

1.2 Thesis Statement

Deep reinforcement learning in conjunction with using convolutional neural net-
works as approximators and a purpose designed problem formulation can be used
to develop an effective, fair and quick decision aid for granular rescue personnel and
material allocation across large geographical locations for initial disaster response.
The learned models can be generalizable to novel situations in addition to being
easy to train and practically operationalized due to the approximator choice. Such
an approach outperforms heuristic baselines in terms of amount of disaster relived,

fair spread of resources and decision speed.

1.3 Outline

The rest of this thesis is organized as follows:

e Ch. 2: Explains current state of literature regarding reinforcement learning

based resource allocation in disaster management.

e Ch. 3: Describes our novel method in detail.
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e Ch. 4: Presents our experimental setup and results.

e Ch. 5: Summarizes the contribution in this work and discusses possible future

directions.
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Chapter 2

LITERATURE REVIEW

Resource allocation for disaster management is a complex task with many con-
straints, dependencies and limitations. This complexity requires the problem for-
mulations to have comprehensive environment representations, leading to large-scale
contexts. There are traditional optimization-based resource allocation methods for
disaster response and they either work on simplifying assumptions (linear objec-
tives, simplified or softened constraints, simplified relation structure etc.) or employ

heuristics to be able to get solutions in reasonable durations [Yu et al., 2018].

2.1 Resource Allocation in Disaster Management

[Wex et al., 2014] propose and compare several heuristic approaches for rescue
unit assignment and their scheduling. These heuristics include a Monte Carlo-
based heuristic the joint application of multiple construction heuristics, improve-
ment heuristics, and GRASP meta-heuristics. They also found that even small-scale
cases can not be solved optimally in a reasonable time without heuristics. [Yu et al.,
2018] propose a combined exact-heuristic multi-period resource allocation problem in
emergency logistics. They use a dynamic programming approach to optimally solve
small-scale instances of a nonlinear problem and a heuristic delivery model to solve
large-scale instances. However, even for their experiments with larger-scale problems
(state space size with 100000), the amount of affected areas is kept low (1 to 10) to
avoid blowing up the solution space. [Fiedrich et al., 2000] present an optimization
approach for resource allocation for emergency response after an earthquake. They
propose a dynamic optimization model to find the best assignment of machines to
perform tasks with the goal of minimizing the total number of fatalities. They also

include the time factor in their formulation, to maximize the outcomes of search
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and rescue operations. However, they severely reduce their decision/action space,
compared to their problem scales with the machines and tasks formulation, making
the approach unrealistic. [Sheu, 2007] presents a clustering based resource allocation
approach for earthquake relief. They incorporate temporal relief demand forecasts
in their clustering algorithm along with dynamic relief supply. However, their state
space is also small. [Gong and Batta, 2007] focuses on ambulance allocation and re-
location for a post-disaster relief operation. They constructed a deterministic model
to study on and they presented two iterative procedures to optimize the make span
and the weighted total flow time. [Pérez-Rodriguez and Holguin-Veras, 2016] studied
on inventory-allocation distribution models with consideration of deprivation cost
for post-disaster humanitarian logistics. They developed an inventory-allocation-
routing model for optimal assignment of critical supplies that minimizes social cost,
designed suitable heuristic solution and assessed the performance of the heuristics
using numerical experiments. [Xiang and Zhuang, 2016] studied on medical resource
allocation problem for serving emergency victims. They proposed a queueing net-
work model to maximize the service rate and minimize the total expected death
rate and total waiting time. [Hu et al., 2016] studied on emergency resource al-
location problem which involves multiple competing affected areas and one relief
resource center under supply shortage and uncertainty in the post-disaster phase.
They formulated a bi-objective robust model (BRERA) to maximize both efficiency

and fairness.

2.2 Reinforcement Learning for Resource Allocation

Reinforcement Learning (RL) is a sub-field of machine learning, in which the aim
is to train an agent to make sequential decisions from environment interaction data
by mostly relying on reward feedback from the environment [Sutton and Barto,
2018]. RL has become a powerful tool to tackle complex sequential decision-making
problems, especially after the advent of deep reinforcement learning [Mnih et al.,
2015]. It has found applications in many diverse fields such as control, robotics,

natural language processing, marketing, gaming and more. RL approaches has also
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found their way into resource allocation problems, for example within the domains
of communications ([Aihara et al., 2019]; [Ye et al., 2019]), transportation ([Jiang
et al., 2019];[Jiang et al., 2018]), inventory management ([Kara and Dogan, 2018]),
water source management ([Ni et al., 2013]), cloud computing ([Vengerov, 2007))
etc.

[Kwon et al., 2008] developed a case-based myopic reinforcement learning (CMRL)
algorithm for a supply-chain inventory control problem. Their method aims to al-
leviate the slow convergence of traditional RL algorithms when applied to large
action spaces. Even though their action space is also large, their action selection
and the demand are constrained depending on the state, simplifying the problem.
[Kara and Dogan, 2018] applied Q-learning and SARSA algorithms to an inventory
management problem of perishable goods under random demand and deterministic
lead time. They used two different state representations, quantity based 41 discrete
actions, a retailer cost based reward function. [Jiang and Sheng, 2009] proposed a
case-based reinforcement learning algorithm (CRL) for dynamic inventory control in
a multi-agent supply-chain system. [Jiang et al., 2018] studied on coordinated pas-
senger inflow control of urban rail transit in peak hours. They proposed a Q-learning
algorithm to optimize inflow volume at each station with the aim of minimizing the
safety risks imposed on passengers. [Semrov et al., 2016] developed a Q-learning
based train scheduling algorithm. They state that empirical results show that Q-
learning lead to rescheduling solutions that are at least equivalent and often superior
to those of several basic rescheduling methods that do not rely on learning agents.
[Valente Klaine et al., 2018] studied on availability of network operators during an
emergency. They state that the deployment of an intelligent, mobile and adaptable
network via UAVs is possible alternative for emergency situations. Therefore, they
proposed an RL based solution to find the best positions of multiple drone small
cells (DSCs) in an emergency scenario. The solution’s main goal is to maximize the
amount of users covered by the system, while drones are limited by both backhaul
and radio access network constraints.

RL has been applied to disaster management as well, with rescue unit alloca-

tion, inventory management, transportation, and search and rescue applications.
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[Su et al., 2011] studied on selection of rescue path when a disaster strikes. They
developed a Q-learning based path selection algorithm as a disaster response. [Nadi
and Edrissi, 2016] proposed a stochastic programming model to evaluate real-time
relief demand and network condition at the onset of a natural disaster. They also
proposed a reinforcement learning model for optimization of the total relief assess-
ment time to address the time sensitivity of the emergency response. [Nadi and
Edrisi, 2017] proposed a Markov decision process, which works online and offline,
to coordinate relief assessment and emergency response teams. [Yan et al., 2020]
worked on a mobility based rescue team dispatching problem. They proposed a SVM
based model to predict potential rescue requests and developed a RL based rescue
team dispatching model to effectively do the assignment. [Yu et al., 2021] proposed
a RL based method for rescue team dispatching during a disaster. They perform
Q-learning with rewards reflecting efficiency, effectiveness and fairness. This is the
most similar paper to our work but we aim to allocate all the initially available
resources for immediate disaster response and their state and action spaces are a
few orders of magnitude smaller than ours.

None of the aforementioned methods perform rescue unit allocation using large,
map-like state spaces and equally large action spaces which is the focus of our work.
In addition, most of the classical approaches cannot handle stochastic environments

seamlessly and cannot employ arbitrary cost functions at these scales.
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Chapter 3

RESOURCE ALLOCATION WITH REINFORCEMENT
LEARNING

The big picture disaster response involves (1) disaster severity assessment, (2)
deciding on the amount and type of initial resources to send (a percentage of re-
sources are kept back in case another disaster hits), (3) performing allocation and
(4) dispatching and monitoring the units. We define disaster severity as a high
level concept that reflects the impact of multiple adversarial affects caused by the
disaster, such as amount of building damage, ongoing fires, amount of infrastruc-
ture damage, number of fatalities, number of injured people etc. We define a rescue
unit as another high level concept, that reflects the combination of materials and
human rescuers needed for the disaster in question. In our case, we assume that
(1) is available to us as input. We do not assume anything about (2) and design
our approach to be robust to initial amount of resources. We argue that the actual
task of (4) is out-of our scope but we use a simple simulator to gauge the allocation
performance. Thus, our approach is mainly about performing the allocation.

In our approach, we formulate the resource allocation problem as a sequential
decision making problem and tackle it with reinforcement learning. The idea is to
allocate each unit one-by-one (an action), use the problem snapshot with partial-
allocation as the state, and use the allocation objective as the terminal reward. This
is a finite horizon problem since there are limited resources. Since this is a finite
horizon problem and that the order of allocation does not matter, there is no need for
discounting. We are targeting disasters covering a large region with multiple centers
of devastation. As such our method must be able to handle large state and action
spaces. We aim to be effective and fair in our allocation, which must be captured

by our reward formulation. We also aim to be quick, which means that inference
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must be fast. Implicitly, the underlying machine learning model must be expressive
enough to handle large input and output spaces while capturing the nuances of
the long-term rewards, and small enough to perform fast inference. We designed
our approach, called Resource Allocation with Reinforcement Learning (RARL), to
handle these goals.

We formulate the problem as a Markov Decision Process (MDP) which is defined
as the tuple < S, A, R, T > where the individual elements define the state space,
action space, reward function and transition dynamics respectively. We then use
this formulation with Deep Q-Learning to train resource allocation agents. In this

section, we describe the MDP elements along with other components that we utilize.

3.1 Representations of State and Action

We start by defining the state and action spaces, and our designed transition dy-
namics here.

State Space: We use a Mz N map representation, analogous to an image, of
the disaster affected geographical area as our state. Each cell of this map stores the
normalized disaster severity of its corresponding location. Furthermore the disaster
severity is non-negative, thus individual cells store real values between 0 and 1. A
single state is a snapshot of the disaster severity distribution in the map. Formally
S={s:se RN (0 <s;<1,i€[0,M),j€[0,N)}, where s;; is an individual
cell within the map.

Action Space: An action is defined as allocating a single rescue unit to a
location. Since the action space has the same dimensionality as the state space, we
treat an action as picking a coordinate in a Mz N map. Formally, A = {a : a =
(1,7),1 € [0,M),j € [0,N)}. This representation allows us to model the Q-values
as a 2D map.

Transition Dynamics: The state space only contains disaster severity and not
the amount of allocated units, thus allocating a unit to a location does not have any
natural transition dynamics. However, we design the dynamics to our advantage.

After each allocation, the disaster severity is lowered in a patch by an amount
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Algorithm 1 Transition Function
1: Input: The current disaster state s and action (7,j) which is the location to

send a rescue unit
2: Output: Next state and reward after taking an action
3: r < reward(s, (i,7))

4: for k,1 € N;; U (ij) do

5: impact <— calculate_impact(s; j, sk)
6: Skl < S - impact
7: end for

proportional to the Chebyshev distance to the allocation location.

As mentioned in Chapter 1, we use a post-allocation simulator (Chapter 3.2), to
evaluate the success of an allocation. During the simulation, allocated rescue units
move on to relieve the disasters in their neighborhoods. The transition function
represents this to an extent and as such helps with the problem.

The implementation of our transition function is presented in Alg.1. In this
algorithm, s;; is the disaster severity at (4, j) and N;; denotes the n x n neighborhood
centered around (i, j) (excluding itself) with odd n. The reward function (line 3) is

described in Chapter 3.4. The impact is calculated using Eq. 3.1 as follows:

.. WRS T
I((i5), s1) = drp(sij, Skl)~—n2 (3.1)
where Wiy is the amount of disaster that a rescue unit relieves per simulation time-
step, 7 is the total number of simulation time-steps and d,4(s;;, Sp) is a custom
distance function calculated as follows:

(cr = cu)(do(sij, s1) — 1)
(d—1)

drp(Sij, Ski) = Cu + (3.2)

where d¢ is the Chebyshev distance, d = (n — 1)/2, is the farthest distance within
the neighborhood, ¢, and ¢; set the upper and lower values that d,, can take.

The reason for such a transition choice is three-fold; (1) to keep the state space
size under control, since adding another channel to keep allocated units would double

the size, (2) to reflect the effect of allocations, albeit indirectly, and (3) to make the
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method robust against the initial number of rescue units. Implicitly representing
the effects of the allocations removes the ambiguity induced by an explicit rescue
unit representation. For example using a normalized representation w.r.t. the initial
number of units leads to a distribution shift if available units in inference time is
different than the training time. Keeping raw counts results in scale issues w.r.t.
the disaster severity and an induced upper limit based on training. This transition
dynamics is only exploited for RL training, and simulator is initialized with the

original disaster severity values.

3.2 Disaster Simulator

As mentioned above, we assign units one-by-one until there are none left which
defines an episode in RL terms. We call it a complete allocation if all the units are
allocated. At this point, we want to compute the value of the “allocation objective”
of a complete allocation, to use as the terminal reward of our finite horizon problem.
Realistic and generic objectives cannot be directly defined on the disaster severity
distribution and the complete allocation. The objective maybe nonlinear, complex,
affected by interaction of resource units and potentially be affected by environment
stochasticity. For example, in a realistic scenario, rescue units may potentially move
between neighboring locations due to wrong severity estimates, lack of necessary
equipment for the current location (e.g. an earth digger for a severe wreckage, lack
of an electric generator within reach etc.) or simply finishing their work. Similarly,
they may never even reach their desired destination due to road blockages. Multiple
rescue unit may also be assigned to a region with a large concentrated disaster
severity with relatively safe neighbors. After they are done with the current location,
they may not have anything close by to help with, resulting in wasted opportunity.
As such, we argue that a disaster simulation should be used to assess the performance
and calculate the allocation objective. Such a simulator can be made arbitrarily
complex without affecting the other parts of the problem, as long as the objectives
and stochasticity can be represented with the states and affected by the actions.

For this work, we build our own rescue unit behavior simulator. This simulator
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takes the original disaster severity (unaffected by the transition dynamics) state
and the complete allocation as input, simulates individual units for a duration, and
returns the final disaster severity state. We use a discrete time simulation approach.
Each individual rescue unit relieves the disaster severity at their assigned location
by a constant number for each time step. Multiple rescue units can be at a single
location and their effects are combined additively. When the disaster severity at a
location becomes zero, a rescue unit moves to the location with the highest disaster
severity within its 8-neighborhood, with random tie-breaks. The simulator stops
after a number of steps.

Our disaster simulator is relatively simple yet it can be applied to a variety of dis-
asters due to its simplicity. More features such as additional sources of randomness,
break times, potential of injury/equipment failure, travel time etc. can be added.
Even more complex simulations (e.g. [Lee and Lee, 2021] where each allocated agent
is an RL agent itself) can be incorporated. However, care must be taken to balance
the realism with computational issues. We argue that building a complex yet fast
enough simulator would be a separate work onto itself, making it out of our current

scope.

3.3 Allocation Objectives and Metrics

We want to evaluate the effectiveness, fairness and quickness of a complete allocation,
as motivated in Chapter 1. Effectiveness is important to avoid wasting resources.
On top of this, the resources must be fairly distributed among the affected popula-
tion. Lastly, allocation decisions must be made quickly. There is a not so obvious
requirement for the last one; There may be multiple sources of disaster severity
assessments (reporting from the ground, simulations, drone or satellite footage, self-
assessment etc.) and that the response team may want to evaluate multiple options
quickly. We define quantitative metrics to represent these ideals so we can perform
appropriate allocations.

Disaster Relived: The amount of disaster relived given a complete allocation.

This metrics corresponds to effectiveness. It is calculated as the difference between
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the total disaster severity of the starting distribution (s%) and that of the distribution

after simulation (s/), calculated as follows:

T =Y sy = s, (3.3)
1,7 i,J

Spread: The determinant of the covariance matrix of the allocation locations.
The covariance matrix describes how spread the allocations are to an extent and its
determinant gives its area. Note that this is calculated before the simulation. This

metric is one aspect of fairness. It is calculated as follows:

> (ax — @)(ax —a)")
Jsmzdet< 8 kK—lk ) (3.4)

1 K
d:?;ak (3.5)

where K is the number of allocated units, aj, = [ix, ji|” is the k' action and @
is the mean action vector.

Unique Locations Visited: This is number of unique locations visited by
rescue units. It is counted as the initial locations with at least one allocated rescue
unit plus the number of new locations visited by the rescue units during simulation.
This metric is another aspect of fairness.

Allocation Speed: This is measured as the wall-clock time to perform a com-
plete allocation. This metric corresponds to quickness. It is mainly a practical metric
since it is affected implementation details, and availability of parallel computation
hardware and software, in addition to the algorithmic complexity.

The first three metrics are related to the allocation decisions and the last one
is related to the allocation algorithm. Furthermore, number of unique locations
visited is partially dependent on the number of available units which we want to
avoid (Sec. 3.1, transition dynamics discussion). As as result, we take the first two
as the major allocation objectives and report the last two as additional results in

our evaluation.
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3.4 Reward Functions

We need to define a reward function in order to perform reinforcement learning. The
terminal reward comes naturally with the metrics defined in Sec. 3.3 as the linear
combination of disaster relieved and spread. It is calculated as follows:

Woduy + wrJeye, ift = K
rsi(s,a) = " e (3.6)

0, otherwise

where t denotes the allocation step, K is the number of resource units, J; and
Jspr comes from Egs. 3.3 and 3.4, and wy and w; are hyperparameters to tune the
contributions of each component.

This is a sparse reward since it is only received at the end of an episode. Sparse
rewards usually lead to slow convergence rates, even to the extent of making the
problem infeasible. To alleviate this, we engineer a dense reward. This reward
must be in line with the allocation objectives and must not overpower the terminal
rewards. On the other hand, it must be fast to evaluate. As such we develop the
following dense reward that looks at the local disaster severity distribution of the

allocation point:

rdi(s,a = (i,7)) = sij + Zdrb(sija Ski)Ski (3.7)
k,lGMJ‘

where s;; is the disaster severity at (i, ), NV;; denotes the n x n neighborhood
centered around (4, j) (excluding itself) with odd n and d,(s;;, sk) is calculated with
Eq. 3.2.

This dense reward looks at the local disaster severity distribution and not just
the severity on the target location. As such, it promotes patches with larger disaster
which is inline with resource unit behavior of moving around if needed. Coupled
with the transition dynamics of dampening the disaster severity of patches after

allocations, it indirectly helps with the spread.
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3.5 RL Agents

In RL nomenclature, we call the decision making program an agent. We can readily
train two distinct RL agents using our formulation, one with the sparse rewards and
the other one with both sparse and dense rewards. We keep all the other properties

the same. These agents are:

e RARL-S Agent: This agent is trained only with terminal rewards given by
Eq. 3.3.

e RARL Agent: This agent is trained with both of the rewards, represented
by Eq. 3.8.

ri(s,a) = 1s:(s,a) + rd(s, a) (3.8)

3.6 Greedy Agent and Relation to Other Classical Methods

We develop a greedy agent incorporating per-step rewards in addition to RL agents
for two main reasons. The first reason is that there is an absence of analogous
methodologies with comparable objectives, and state and action spaces both in
terms of content and scale. As such, we utilize this greedy algorithm as a baseline.
The second reason is that this greedy agent would almost be as good as the best
RL agent trained only with dense rewards (discount factor being 1 along with the
cumulative sum of rewards objective of RL). As such, it allows us to test the efficacy
of dense rewards without full RL training.

The decision rule of greedy agent at each time step is given in Eq. 3.9. The
greedy algorithm applies this for K times (number of initial rescue units). We apply
the same transition dynamics on the state as the RL agents.

a; = arg max(rsy(s,a)) (3.9)
acA

Even though we do not perform an analysis, we think that the greedy agent

is optimal with respect to the cumulative per time-step metric. The reasons for

this thought are; (1) we are not taking the path of the rescue units in the cost
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function and (2) the transition function affects the states linearly. Assuming that
the greedy agent is optimal, we do not need to compare against any other classical
algorithm such as the ones used for Prize Collecting Travelling Salesman Problem,
Prize Collecting Vehicle Routing Problem, or Set Cover Problem. In fact, we can
show that under the cumulative return maximization problem is a special case of
these under our assumptions.

We want to highlight one major disadvantage of all related classical algorithms
for our setting; They cannot utilize arbitrary terminal rewards. This is the most
important advantage of reinforcement learning against these methods for our study.
They can only perform as good as the per time-step reward’s ability to estimate the
terminal rewards. On the other hand, RL agents also benefit from good per time-
step rewards. In addition, terminal rewards can include problem non-linearity and
stochasticity, making the per time-step reward design difficult and making things
harder for classical algorithms. RL agents can focus on the terminal rewards, na-
tively handling these issues. On the other hand, our current scenarios assume that
the rescue units “teleport” to their locations, i.e., we do not penalize the cost of get-
ting to the allocation location. This is the biggest disadvantage of our RL agents.
However, we note that this is not an inherent limitation of RL. In fact, RL agents are
adept at “shortest-path” problems. Our decision to exclude path costs is due to con-
centrating on the other aspects (e.g. large-state action spaces, problem formulation,

neural network architecture design etc.).
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Chapter 4

EXPERIMENTS AND RESULTS

We describe our data, training details and evaluation approach in this section.
We use three types of data; toy maps, Istanbul maps with various disaster distribu-
tions and other urban maps. We train our models on one toy map and two Istanbul
maps and test their performance on unseen maps consisting of each type.

We evaluate all the agents qualitatively and quantitatively. We perform quali-
tative assessment on toy maps to investigate the behavior of the agents. We then
perform quantitative analysis on Istanbul maps to comparatively assess the agents
based on the criteria described in Chapter 3.3. We also perform quantitative analysis
on non-Istanbul maps to further demonstrate their generalization performance.

We first describe our maps, followed by training details. We then move on to

evaluations.

4.1 DMaps

4.1.1  Toy Maps

We designed small-scale disaster severity maps to qualitatively analyze the model
behavior. These maps reflect the objectives we consider to formulate our approach
for the underlined resource allocation problem.

For instance, Figure 4.1 was designed to test model behavior in terms of effective-
ness. As indicated, amount of disaster relieved at the end of the simulation reflects
the effectiveness of the distribution. In addition, consideration of regions with high
concentration indirectly reflects the effectiveness in a decision since it implies that
an agent tends to prioritise affected areas. There are identical 10 small circles that
represent remarkable places in the map. They are randomly located and there is no

connection or relation among them. The expectation is that an agent should notice
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Figure 4.1: Example Toy Map 1 - Remarkable Places

all those circles since these circles were designed as such one rescue squad would be
enough to relieve all the disaster damages in a circle. We use 10 rescue squads for
this map.

For another instance, Figure 4.2 was designed to test model behavior in terms of
fairness. There are 8 squares randomly located in the image. Each square represents
affected local regions. A model is expected to distribute limited resources fairly to
those squares. To interpret the fairness of the distribution, we test a model on this

map with 8 rescue units.

Figure 4.2: Example Toy Map 2 - Randomly Located Squares
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Figure 4.3: Istanbul Map 1 - Population based representation

4.1.2  Istanbul Maps

The Istanbul Metropolitan Municipality (IBB) studied on an earthquake scenario
and published the results and expectations of underlined disaster [The Istanbul
Metropolitan Municipality, 2021]. The published source includes the expected pos-
sible deaths, numbers of wounded people, number of people needing immediate
medical attention, infrastructural damage, and so on. We used this source to gen-
erate our disaster severity maps. These are given on a neighborhood level. Thus,
we map the corresponding disaster density values to each neighborhood to create a
complete disaster map.

In generated Istanbul maps, each neighborhood has a disaster density value calcu-
lated using a linear combination of indicators presented in IBB earthquake scenario
study. For example, one map is composed of human related factors such as number
of critically wounded people. We used this value as disaster density for correspond-
ing neighborhood. For another example, we used weighted sum of building related
information such as the number of razed buildings, critically damaged buildings,
mildly damaged buildings etc. We designed 10 such maps by combining different
aspects of the IBB results and present three examples below.

Figure 4.3 directly corresponds to the population ([AtlasBig, 2023]). The values
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are normalized between 0 and 1. We denote these as follows

Zij = g;n (41)

where z;; is the disaster severity at (i,j) € Neighborhoodg, g, is the total
population of Neighborhood g.

Figure 4.4: Istanbul Map 2 - Building Status

We also take into account the building factors presented in [The Istanbul Metropoli-
tan Municipality, 2021] to generate another Istanbul map. In this map, presented
in Figure 4.4, the formula we use as follows. Again, the values reflect the disaster

severities of corresponding locations, normalized between 0 and 1.

2ij = Gbe + BGon + 0Gpm + WG (4.2)

where z;; is the disaster severity at (i,j) € Neighborhoodg, Gic, Goh, Gom, Gl
are the number of buildings damaged in Neighborhood g with the levels critical,
high, medium and low, respectively [The Istanbul Metropolitan Municipality, 2021].
a, 3,0,w are 0.4, 0.3, 0.2 and 0.1, respectively. These parameters are adjustable.

Figure 4.5, represents another map based on how population is affected and is

created as follows:

2ij = agq + Bgi + 09 (4.3)

where z;; is the disaster severity at (i,7) € Neighborhood g, gq, gi, gis are the num-

ber of people in Neitghborhood g dead, injured and seriously injured, respectively
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Figure 4.5: Istanbul Map 3 - Human related factors

[The Istanbul Metropolitan Municipality, 2021]. We pick the weights a = 0.5, 5 =
0.3,6 =0.3.

Figure 4.6: Istanbul Map 4 - Mixed map

Figure 4.6 shows a map that combines more varied information and is created

as below:

zij = aga + BYi + 09is + Whms + Kgec + Cun (4.4)

where z;; is the disaster severity at (i,j) € Neighborhoodg, g4, gi, Gis, gms are
the number of people in Neighborhood g dead, injured and seriously injured, and
medically supported, respectively. The building damage assessments, critical (gy.)
and high (gp,) are also included. The weights «, 3,0, w, k,( are taken as 0.3, 0.2,
0.1, 0.1, 0.2 and 0.1 respectively.
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Figure 4.7: Flood Disaster ([The DFO Flood Observatory, 2023))

4.1.3  Other Maps

In addition to the toy and the Istanbul maps, we utilize other sources to further
evaluate generalization.

On such map it presented in Figure 4.7, retrieved from [The DFO Flood Ob-
servatory, 2023]. This map represents previous and current flooding as well as the
current water level. We utilize the latest flooding information, given by the color
red.

Figure 4.8 shows a fire-disaster map, retrieved online from [Fire Information for
Resource Allocation System, FIRMS, 2023]. Red parts indicate the regions that are
on fire. We use this color as our disaster severiy input.

The aim of using these images is to measure further generalization performance

of our models.

4.2 Training and Model Details

We use Deep Q-Learning [Mnih et al., 2013] to train our RL agents with Polyak
averaging. We use a constant number of initial rescue units for all the training sets.

We interleave maps during the training phase.
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Figure 4.8: Fire Disaster ([Fire Information for Resource Allocation System, FIRMS,
2023))

4.2.1  Training and Implementation Details

In our formulation, an episode is considered as a complete allocation of rescue squads
to locations, which means an episode ends when all the rescue squads are assigned to
regional points. We have an experience replay buffer that stores state, action, next
state and reward information of an episode, with size 20000. Our agent approximates

the Q-values that are given as follows;

Q(s,a) = Q(s,a) + afr + 7 max Q(s',a) — Q(s,a)] (4.5)

The equation states that the Q-value yielded from being at state s and perform-
ing action a is the immediate reward plus the highest Q-value possible from the
next state. Gamma is the discount factor which implies the contribution of future
rewards. In our problem, the discount factor is set to 1 to maximize the cumulative
rewards. Action is a (4, ) coordinate, where i € [0, M),j € [0,N), and M and N
are the width and the height values of the map. During training, epsilon-greedy

action selection is applied with epsilon as 1 decayed to 0.2. As indicated, our model
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B |

Figure 4.9: Network Architecture

is a pure CNN based deep-g-network, depicted in Figure 4.9. It takes the M x N
environment snapshot, the state, and outputs M x N g-values. The fully CNN ar-
chitecture is selected since both the states and actions should consider geometrically
close neighbors. However, looking at more neighbors may smooth out the appropri-
ate response. The kernel size of each layer is one of the most important aspect that
dictates the extent of neighborhood relationships. We reduce the kernel size from
layer-to-layer to specialize on smaller and smaller regions.

The batch size is set to 256, and learning rate, «, for g-learning is set to 0.001.
All the hidden-layer activation functions are selected as Leaky ReLU. We also utilize

a target network during Q-learning and use the following formula to update it:
wy = Twy + (1 — 7)w, (4.6)

where w, represent the weights of the target network, and w, represents the weights
of the main network. Target network is updated in every 10 episodes with 7 as
0.001.

After having this setup, we connect our trainer application with disaster simu-
lator. We deploy training disaster severity maps for the simulation. We utilize 100
rescue units. After that, the simulator launches the environment and publishes the
environment information to the decision maker. The agent makes the initial rescue
squad distribution with epsilon-greedy action selection, then, the simulator starts

dynamic environment to observe the consequences of initial distribution. Rescue
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Figure 4.10: Return, loss, amount of disaster relieved and spread during training.
Training loss is tracked for 2000 episodes and the other ones are evaluated every 5
episodes greedily.

teams start working for 7' time steps, and finally the simulator reports the disaster
relieved Jg,, initial distribution spread Jg,,, number of unique visited affected loca-
tions L and initial decision duration D. Having these information, the agent learns

and demonstrate itself.

4.3 Learning Curves

As mentioned before, we use two Istanbul maps and one toy map during training. In
the interest of brevity, we present the RARL agents learning curves, which are given

in. Figure 4.10. We present return, loss, amount of disaster relieved and spread
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during training. The loss is calculated at every episode. We greedily evaluate the
policy every 5 episodes and calculate the return, amount of disaster relieved and

spread. The results show that the RL training has converged.

4.4 Qualitative Analysis

We interpret the agent performance behaviorally first, by running them on toy maps.
These maps allow us to assess whether a trained model distribute the rescue teams
effectively and fairly. We expect to have the model notice important places if it
embraces qualitatively effective behavior. We also expect to see that a model fairly

distributes the resources along the map.

4.4.1 Case Study - 1: Effectiveness Testing

ORIGINAL RARL-5 LLL GREEDY

Figure 4.11: Toy map 1 - point indicators

Spread Disaster Relieved Location Visited Duration

RARL-S 0.037 95.3 96 0.61
RARL 0.087 119.12 120 0.61
Greedy 0.086 118.83 118 94.3

Table 4.1: Quantitative results of Toy Map 1
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In this test (Figure 4.11), we evaluate the model in terms of effectivenes. As
described in Part 4.1, there are randomly located 10 circles in the map with high
disaster severity. Each place contains d amount of disaster severity in total which
one rescue squad is enough to relieve. We set the initial number of rescue units as
10. Thus, a good method should allocate one rescue unit to one circle. Note that
the map is 100 x 100, resulting in 10000 potential actions per decision time-step.

As seen in Figure 4.11, our Dense RL agent, RARL, and the greedy agent as-
signed rescue units to all 10 important areas. We also see that RARL-S has only
allocated to 7 locations. The Table 4.1 shows the quantitative results which reflect
the qualitative observations. The success of the greedy agent was expected. The
success of the RARL agent shows good training. On the other hand RARL-S is
either under-trained or is not generalizing well. The disaster input is relatively dis-
tinct from all the training inputs. Lastly, the greedy agent takes a lot longer to

compute a complete allocation.

4.4.2  Case Study - 2: Fairness Testing

.... |"s
0

CRIGINAL TARL-S RARL GREEDV

Figure 4.12: Toy map 2 - identical squares randomly ordered

In this test (Figure 4.12), we evaluate the model in terms of fairness. As described
in Chapter 4.1, there are randomly located identical 8 squares in the image. Each
square is a distinct region and reflects locality. Main aim of considering spread is to

make the model catch those localities and make the distribution as much fairly as it
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Spread Disaster Relieved Locations Visited Duration

RARL-S  0.078 95.99 96 0.51
RARL 0.057 95.99 96 0.52
Greedy 0.034 95.99 96 96.81

Table 4.2: Quantitative results of Toy Map 2

can. We utilized 8 rescue units for 8 distinct squares. The map is again 100 x 100,
which means there are 10000 locations and same amount of actions that agents can
take. We expect agents to assign one rescue unit to one square.

As seen in Figure 4.12, RARL agent have assigned rescue squads to all 8 distinct
randomly placed identical squares whereas greedy agent have assigned to 4 of them
and RARL-S have assigned to 6 of them. Greedy has no notion of spread so its
failure was expected and the scenario is chosen to highlight this. On the other hand,
RARL-S has higher spread than RARL, as presented in Table 4.2, even though it
did not catch all the parts. Notice that the RARL-S agent placed rescue units closer
to the edges of the map. It is exploiting the spread metric which relies on covariance.
In hindisght, we can say that our current spread metric is slightly flawed. As before,

the greedy agent takes a lot longer to compute a complete allocation.

4.5 Quantitative Analysis

Istanbul, a well-known city in Turkey, has a high potential of experiencing a de-
structive earthquake in the near future [Simsek and Gunduz, 2021]. As mentioned
in Chapter 4.1, we create 10 Istanbul maps and use 8 of them for testing.

The aggregate results for each method and for a variety of initial rescue units is

given in Table 4.3. We can draw the following conclusions:

e The RARL agent relieves the most disaster among all the methods and RARL-
S the least. This is expected as the per time-step reward is geared more towards

disaster relieved. Since the greedy agent only has the transition function to
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rely on, it doesn’t spread the rescue units as well, leading to inefficiencies. The

gap widens as the number of initial rescue units are increased.

The RARL-S agent has the best spread and the greedy has the least. The per-
step reward dominates the spread reward for the RARL agent, which leads it

to pay less attention to this. The greedy agent has no direct notion of spread.

The greedy agent takes two order of magnitude longer to come up with a

complete allocation compared to the trained agents.

All the methods are robust to the number of rescue units. We can conclude
that the state space representation and the designed transition function work

well to induce this.

RARL-S agent on average leads to most locations visited. However, for 100
and 200 rescue units, this is not the case. This maybe due to the flawed spread
metric; this agent is trying to allocate rescue units away from the “center” and
not necessarily create a uniform spread and as a result end up clustering the

units towards the edges as their number increases.

Next, we look closer at four Istanbul maps as case studies and to present further

analysis. All of these maps are 100 x 100, we use 100 initial rescue units, we run

the simulator for 72 time-steps, each rescue unit relieves 0.15 disaster per simulation

time-step. Note that the simulator time-step and allocation time-step are different

things!

4.5.1

Case Study - 3: Population Scenario

In this case study, we use the population based Istanbul map ( 4.3). The total

disaster severity in this map is 684.26.

Figure 4.13 shows the complete allocation of RARL-S, RARL and Greedy agents

on the population based Istanbul map. RARL-S has the most spread distribution
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SPREAD DISASTER RELIEVED LOCATION VISITED DURATION
#RS Rs R G Rs R G Rs R G Rs R G
10 0.036 0.004 0.001 100.5 109.8 103.8 254.7 187.2 199.7 0.7 0.7 100.2
20 0.045 0.008 0.004 184.7 194.8 185.0 547.6 406.6 412.0 1.4 1.3 201.9
30 0.045 0.013 0.009 251.2 264.7 258.7 785.4 623.8 634.4 2.1 2.0 298.8
40 0.045 0.014 0.012 320.2 322.5 314.0 1062.1 818.9 834.3 2.9 2.7 399.4
50 0.048 0.015 0.013 381.4 384.5 372.3 1330.3 1062.1 1062.9 3.6 3.4 502.7
70 0.045 0.020 0.018 460.4 500.2 473.0 1713.7 1592.1 1549.7 5.0 5.1 763.4
90 0.052 0.024 0.021 515.3 566.1 536.6 2014.2 1933.5 1918.8 6.5 6.9 1020.5
100 0.052 0.028 0.025 530.4 645.0 612.9 2117.2 2443.9 2429.4 7.2 10.3 1537.9
200 0.053 0.033 0.030 573.2 698.1 657.4 2362.6 2811.9 2777.9 14.8 13.9 2047.1
Avg 0.0468 0.0177 0.0148 368.6 409.5 390.4 1354.2 1320.0 1313.2 4.9 5.2 763.5

Table 4.3: Evaluation results on the 8 Istanbul Test Maps. Results are composed
of average values of different testing maps with respect to various number of rescue
units. Agents are Rs: RARL-S, R: RARL, G: Greedy.

DRIEINAL RARE-S AARL GRECDY

Figure 4.13: Istanbul Map 1 - Population based illustration

Spread Disaster Relieved Location Visited Duration

RARL-S 0.032501 620.0924 2411 7.08032
RARL 0.016346 624.099 2544 6.365986
GREEDY 0.012315 619.2521 2522 954.5744

Table 4.4: Quantitative results of population based Istanbul map
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but it misses several high concentration areas. On the end, the greedy agent mainly
focused on the regions with high concentration. RARL not only focused on those
remarkable areas, but it also considered distribution spread. RARL agent is close to
greeddy but it manages to divert resources to several parts of the map where greedy
missed.

These qualitative results are backed by the quantiative ones as seen in the Ta-
ble 4.4. The RL agents have greater spread compared to greedy. RARL has the
greatest disaster relieved value compared to other agents but by a small margin.
RARL-S relieved more disaster than greedy. The greedy agent’s allocation resulted
in wasted opportunity as it concentrated the rescue units, which affected both spread
and disaster relieved. As before, the greedy agent took a lot longer than the RL

agents for a complete allocation.

4.5.2  Case Study - 4: Buildings Scenario

In this case study, we use building status based Istanbul map (Figure 4.4). The

total disaster severity in this map is 849.16. We utilize 100 rescue units.

CRIGINAL RARL-5 RARL GREEDY

Figure 4.14: Istanbul Map 2 - building based illustration

Figure 4.14 shows the complete allocation of RARL-S, RARL and Greedy agents
on the building based Istanbul map. Again, greedy mainly focused on high concen-
tration areas while RARL-S tried to increase the spread. However, the behavior

of RARL-S on increasing spread caused to decrease the amount of disaster relieved
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Spread Disaster Relieved Locations Visited Duration

RARL-S  0.06766 687.0208 2225 7.8244
RARL 0.035412 784.9394 2285 6.369084
GREEDY 0.033019 777.6326 2319 951.8884

Table 4.5: Quantitative results of building based Istanbul map

due to missing those high concentration areas and limited amount of simulation time
steps. RARL agent performed similar to the greedy agent with a slight edge on the

metrics. These observations are supported by the Table 4.5 as well.

4.5.8 Case Study - 5: Survivals Scenario

In this case study, we use human factors based Istanbul map ( 4.5). The total

disaster severity in this map is 622.17.

ORIGINAL RARL-5

Figure 4.15: Istanbul Map 3 - illustration of human factors

Figure 4.15 shows the complete allocation of RARL-S, RARL and Greedy agents
on the human-factors based Istanbul map. The conclusions are more or less the same,
other than the fact that greedy is more behind the RL agents. Furthermore, it can
be argued that the RARL-S agent may even be the preferred agent based on the
Table 4.6 results. However, it sent too many rescue units to the top left of the map

to try to maximize the covariance. Qualitatively speaking, less would have been
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Spread Disaster Relieved Locations Visited Duration

RARL-S  0.04843 565.7004 2250 7.089
RARL 0.024867 567.6359 2471 7.897889
GREEDY 0.020159 550.3484 2584 1170.797

Table 4.6: Quantitative results of human factors based-Istanbul map

preferred.
This actually highlights an important point to use these agents as decision aids.
The human decision maker can mix and match the allocations. The speed at which

the RL agents work easily allow this.

4.5.4  Case Study - 6: Multi-Factor Scenario

In this case study, we use Mixed Istanbul map (Figure 4.6). The total disaster
severity in this map is 690.35.

Figure 4.16: Istanbul Map 4 - illustration of multi-factor disaster severities.

Figure 4.15 shows the complete allocation of RARL-S, RARL and Greedy agents
on the multi-factor based Istanbul map. The distributions are similar to the other
cases where RARL-S has the most spread, and RARL and greedy being similar
with an edge on RARL. The quantitative metrics, presented in Table 4.7, shows
that indeed RARL has an edge, but a relatively significant one, on both spread and
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Spread Disaster Relieved Locations Visited Duration

RARL-S  0.04795 636.1577 2440 7.15512
RARL 0.023699 641.1964 2628 6.836084
GREEDY 0.01827 619.7174 2531 1023.645

Table 4.7: Quantitative results of multi-factor Istanbul map

disaster relieved. RARL-S is also doing well albeit with certain unneeded allocations

along the top of the map while missing certain parts in the lower sections.

4.6 Further Generalization Analysis

We also use other disaster severity map representatives to make inferences further on
generalization performance. We found them online and converted them to disaster
severity maps. As indicated, one of our main goals is to have a context-independent

solution applicable to any case.

4.6.1 Case Study - 7: Flood Scenario

CRIGINAL RARLS RARL GREEDY

Figure 4.17: Flood Disaster [Fire Information for Resource Allocation System,
FIRMS, 2023]

In Figure 4.17, images are the visualizations of RARL-S, RARL and Greedy

algorithms’ initial assignments for Flood Disaster. As seen in the Table 4.8, RL
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Spread Disaster Relieved Locations Visited Duration

RARL-S 0.04972 499.8451 514 6.68280
RARL 0.03927 534.00120 526 6.47637
GREEDY 0.03661 527.4046 017 990.2693

Table 4.8: Quantitative results of Flood Disaster

solutions RARL-S and RARL have greater spread values compared to greedy. RARL
have the greatest disaster relieved value compared to other agents whereas greedy

relieved disaster more than RARL-S.

4.6.2  Case Study - 8: Fire Scenario

ORIGINAL RARL-S

Figure 4.18: Fire Disaster

Spread Disaster Relieved Locations Visited Duration

RARL-S 0.01581 405.3825 S76 7.2149
RARL 0.01331 429.6364 661 6.1788
GREEDY 0.01119 411.9419 670 1015.657

Table 4.9: Quantitative results of Fire Disaster
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In Figure 4.18, images are the visualizations of RARL-S, RARL and Greedy
algorithms’ initial assignments for Fire Disaster. As seen in the Table 4.9, RL
solutions RARL-S and RARL have greater spread values compared to greedy. RARL
have the greatest disaster relieved value compared to other agents whereas greedy

relieved disaster more than RARL-S.

4.7 Scaling Analysis

Our approach makes use of convolutional neural networks and supports arbitrary
cost definitions. This contributes the model to perform independently from repre-
sentations of a formulation. We resized the disaster map as 50x50 and 200x200 to
interpret the performance on different sized state and action spaces. For following
case studies, we trained two different RARL agents for 50x50 and 200x200 map

representations. Thus, we only present the results of RARL and greedy agent.

ORIGINAL RARL GREEDY

Figure 4.19: RARL and Greedy results on 50x50 Istanbul Population Map

Spread Disaster Relieved Location Visited Duration
RARL 0.0215 214.40 639 2.77
Greedy 0.0204 211.65 655 134.12

Table 4.10: Quantitative results on 50x50 map
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We hold a case study for 50x50 map. We utilized 50 rescue units and kept
anything else related to the simulation setup and evaluation details same. In Fig-
ure 4.19, visual distributions of RARL and greedy is presented. Similar to previous
case studies, RARL kept its consistency. It notices the high-concentrated regions
while it is expanding the distribution scope. On the other hand, greedy agent no-
tices the high-concentration regions without considering spread. As a result, in
Table 4.10, RARL distribution received higher spread value. However, greedy also
notices some regions which are far away from cumulative disaster centers by quali-
tatively inferring a fairer behavior. The consequent benefit of this issue is reflected
on the number of location visited. In spite of a small difference, these two agents

relieved almost the same amount of disaster.

ORIGINAL RARL GREEDY

Figure 4.20: RARL and Greedy results on 200x200 Istanbul Population Map

Spread Disaster Relieved Location Visited Duration
RARL 0.01288 1715.635512 3764 15.38
Greedy 0.01165 1693.50464 3952 8114.50

Table 4.11: Quantitative results on 200x200 map

We also hold a case study for 200x200 map. We utilized 200 rescue units and

kept anything else related to the simulation setup and evaluation details same. In
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Figure 4.20, visual distributions of RARL and greedy is presented. Qualitatively
interpretting, the distributions seem very similar. There are minor differences on
neighboring local regions that bring the RARL a little bit prominence on quantitative
results. These minor differences infer that RARL intuitively learnt to distribute
rescue units to cause minimal conflicts on worked regions. The outcome of the

underlined strategy are reflected on the quantitative results given in Table 4.11.

4.7.1 Per Time-Step Returns

The main objectives are the disaster-relieved and spread which we have been using
thus far. However, we also present the per time-step returns of each method, aver-
aged over test maps versus number of rescue unit in Figure 4.21. It is no surprise
that the greedy agent performs the best based for this metric on our discussion in
Chapter 3.6. The interesting aspect it that the RARL agent can closely follow the
Greedy agent while also utilizing the terminal cost. This shows that, under the
assumptions of this work, the RL agent can be within close proximity of a classical

approach and get the results much faster.

Returns

Retum

T T T T T T
25 50 75 100 125 150 175 200
Number of Rescue Units

Figure 4.21: Test map total returns of each agent versus number of rescue units.
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4.8 Conclusion

In this section, we presented our experimental setup and results. We described our
disaster scenarios, the disaster severity maps. We also presented our model and
training setup in detail including parameters and network architecture. Given the
results, we interpret the model performance qualitatively and quantitatively. In
addition, we tested our agents on other disaster severity maps we use to analyze
generalization performance.

Evaluation results are in two different perspectives, qualitative and quantitative.
Considering the setup, environment is represented with large state and action spaces
in any case studies. The world is 100x100 matrix which has 10000 locations and same
amount of distinct actions. While handling the large state and action spaces, relevant
and irrelevant objectives have also been in considerations. The g-network we use
to solve this large-scale problem, on the contrary, is small, having 5 convolutional
layers and around 60000 parameters in total. Furthermore, the RL agents have
been trained only on 3 different maps and tested successfully on at least 14 maps.
In addition, both the architecture and infrastructure also allow us to evaluate all
the actions simultaneously by applying parallel computation.

As seen in Part 4.4, RL solutions performs better than greedy with respect to our
performance metrics. Interpreting on effectiveness, Dense RL solution RARL have
always performed more effectively than greedy. In addition to successfully noticing
important regions on the map, optimized decisions lead the amount of disaster
relieved increased (Figure 4.11). Spread values were neither directly represented in
state nor became an input to the model indirectly. However, model learnt to innate
it in their decisions. In Figures 4.12, the models were expected to notice all those
squares and assign at least one rescue squad to each of them. RARL has behaved
as expected by allocating at least one rescue squad to each squares. To sum up,
it is proven that RL solutions satisfy our fairness metric as well. Decision making
duration of greedy agent is along 100 seconds which is 160 times greater than that
of RL solutions, which shows RL solutions are more responsive.

In Part 4.5, models were evaluated in larger-scale environments. We make the
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similar inferences with part 4.4. In addition to those, we also capture that RL so-
lutions noticed details. We observe that RARL allocates resources to the locations
that greedy missed. These locations contain less disaster severities compared to
others, yet greedy’s behavior violates the fairness since these areas could never be
supported. On the contrary, RARL notices those areas and assigns at least one res-
cue squad on closer areas. In any case, we qualitatively and quantitatively measure
and see extensive coverage of RARL’s decisions.

Overall, the RARL agent performed either on par or better than the other agents
in multiple different scenarios, both qualitatively and quantatively. Only RARL-S
has an edge in spread which is due to in part to the dominating effect of the per
time-step rewards towards disaster relieved. However, our current spread definition
is flawed and qualitative look at the allocations show that RARL has promising

fairness.
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Chapter 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this work, we presented a Reinforcement Learning (RL) based resource allocation
approach for initial disaster response. We are targeting large regions with multiple
centers of devastation. We assume that a disaster severity assessment is already
made and the rescue units are going to be dispatched one-by-one as a sequential
decision making based on the three criteria effectiveness, fairness and quickness.

We developed a simple disaster simulator and designed disaster severity maps
that reflect our distribution ideals. We use a 2D map representation of the affected
area, analogous to an image, as our state space, selection of a location on the map
as our action space and we carefully designed our transition and reward functions.

We utilize Deep-Q-Learning to train two different agents, one with just the ter-
minal reward, and another one with dense reward in addition to terminal reward.
We use pure convolutional neural networks (CNNs) from the state input to action
value output to approximate the Q-values. This technique we use allows us to handle
large-scale representations. We trained these models on three disaster severity maps
and evaluated the performance on unseen test maps. We additionally developed a
greedy agent that goes over each location to calculate per-step rewards. The results
show greedy algorithm runs slower than RL agents due to its nature. In addition
to this, qualitative and quantitative analysis shows that greedy agent does not care
about the spread as well. RARL-S agent deficiently considers high concentration
regions, so it falls short on the amount of disaster relieved whereas greedy falls
short on the spread. Only the RARL performs on par or better, and satisfies the
performance metrics.

Simplicity of the simulation, complexity of the environment and difficulties in



Chapter 5: Conclusion and Future Work 44

representing a few components of the disaster have been our biggest limitations
during our study. We plan to expand our study with the items as stated in Part

5.2.

5.2 Future Work

Main aim of this study is to show applicability of reinforcement learning based
artificial intelligence solutions on large-scale resource allocation problems. In this
study, initial disaster response for disaster management has been the challenge, rep-
resented in large-scale context. Besides, the introduced approach and infrastructure
we developed open up new research directions.

We made some simplifying assumptions and kept the environment representation
as simple as possible during research activities. City, neighborhood and many other
component of our formulation are available, yet they only exist conceptually. For
instance, even though we designed our disaster scenarios upon neighborhood-based
consideration, the map is a flat surface that does not incorporate the relationships
between regional areas. In other words, neighborhood is only conceptually avail-
able, but not represented in the environment. In addition, we did not utilized road
networks or links between locations in the map. These simplifications lead us to
only use visual distance in the image. Furthermore, we did not take arrival cost
into consideration due to underlined simplification. Rescue squads show up the map
as soon as the initial allocation gets finalized. Therefore, first item of our future
work plan is to represent the the disaster map upon neighborhood-based formu-
lation, containing road networks or links among the regions. This will lead us to
work on more complex, larger and realistic studies in addition to providing us more
structural environment representation.

We focused on static disaster and only one type of rescue unit. There is no
diversity such as firefighters, ambulances, polices, etc. We did not also consider
disaster expansion or damage types due to disaster being static. Thus, we did not
need those diverse components in our environment, meaning that, these are also the

consequences of simplifying assumptions. As a second future work item, we plan to
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represent dynamic disaster environment that contain damage types, rescue squad
types which each type is responsible for one type of disaster damage and following
possible impacts of disaster such as fire after an earthquake.

In this study, we did not include survivals and human driven factors during the
disaster. We designed disaster severity maps reflecting support-demanding regions as
if rescue squads are for serving for this purpose. However, survivals and people must
be comprehensively involved in such studies since the action rescue is required to be
interpreted in survival-oriented perspective. In addition, survivals affect the crisis as
well, which creates another dynamism. Mobility, diversity of survival needs, media
and social media are the most important factors that are deserved to be considered.
Therefore, one of our our next future work items is to involve human driven factors
in our environment representation. It will not only help us represent the real world
environment, but it also serve for dynamism and stochasticity of the world.

One of our future work items is disaster severity prediction. In our study, as
mentioned, we have disaster density values calculated using IBB data and other
statistical information found online. However, we plan to work on disaster severity
prediction to design our environment.

Including the work items above, our problem space will become larger and larger.
To overcome the challanging issues we may encounter, we also plan to design a new
network architecture that represent all the dynamics of our formulation. We also may
make use of other algorithms such as graph neural networks since the environment
is going to become more complex and have more relations and connection-based
structures. Furthermore, we may need multiple neural networks for each aspects of

our formulation to distribute the responsibility of environment interpretations.
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