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Abstract

To reduce carbon emission in the transportation sector, there is currently a steady move
taking place to an electrified transportation system. This brings about various issues
for which a promising solution involves the construction and operation of a battery
swapping infrastructure rather than in-vehicle charging of batteries. In this paper, we
study a closed Markovian queueing network that allows for spare batteries under a
dynamic arrival policy. We propose a provisioning rule for the capacity levels and
show that these lead to near-optimal resource utilization, while guaranteeing good
quality-of-service levels for electric vehicle users. Key in the derivations is to prove a
state-space collapse result, which in turn implies that performance levels are as good
as if there would have been a single station with an aggregated number of resources,
thus achieving complete resource pooling.
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1 Introduction

A key challenge in the deployment and take-up of electric vehicles by society is the
provision of a scalable charging infrastructure. A viable solution is the development
of a battery swapping network. Currently, there has been work done on the operation
and control of a single battery swapping station (for example [20]), but there is a clear
gap within the literature when extending this to the operation of a wider network of
stations. In this paper, we introduce a novel stochastic network model describing a
network of battery swapping stations which clearly addresses this need and provides
a foundation for future studies. In addition, we carry out a detailed analysis of this
model and obtained a number of novel insights into the operation of a battery swapping
network.

A steady energy transition is taking place due to the de-carbonization of the econ-
omy, leading to many intrinsic challenges and research opportunities, of which an
overview is given in [2,14]. There are numerous challenging problems caused by
developments on the demand side. Examples include control problems in local, smart
distribution grids, as well as managing increasing demand irregularities caused by,
for example, electric vehicles. Modeling the behavior of individual agents and their
interaction naturally leads to stochastic models.

Despite the apparent need for alternative energy sources in the transportation sec-
tor, the adoption of electrified vehicles has been slow initially due to various practical
challenges, such as high purchase costs of an EV, battery life problems and long battery
charging times [17]. A possible solution to address these issues is the construction and
operation of a battery swapping infrastructure. The upfront costs of purchase of an EV
can be significantly reduced when battery swapping station operators own and lease
batteries to customers, the batteries can be charged more appropriately to prolong
batteries’ lifetime [20], and EV users can experience a fast exchange of batteries in
contrast to long charging times. Beyond the consumer benefits, the centralized charg-
ing paradigm of battery swapping allows the deferment of huge network reinforcement
works required to support charging at home by connecting the chargers to the medium
voltage network. Furthermore, the aggregation of a large number of batteries at charg-
ing stations can provide a comprehensive range of flexibility services to transmission
and distribution network service operators.

In this paper, we introduce a model for EVs utilizing battery swapping technology
within the context of a fixed region. Within the region there are a number of charg-
ing/swapping stations, and vehicles, in general, do not leave the region, leading to
the conservation of batteries. This leads us to introduce a class of closed Markovian
queueing network models, which we use in a novel way to model the evolution of the
battery population within a city.
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With the advancement of smartphones and online technologies, a range of service
providers will utilize these advancements to provide occupancy level information to
customers to improve delay performance. In a battery swapping system, such informa-
tion can motivate EV users to visit the most appealing location in the direct vicinity.
In this paper, we integrate a load-balancing policy to incorporate this. An intrinsic
problem is to establish suitable capacity levels that account for the inherent tradeoff
between EV users’ quality-of-service and operational costs. To the best of our knowl-
edge, this is the first work that considers this question for a battery swapping system
in a network framework under a dynamic arrival policy.

Adequately balancing service performance and resource utilization is very much in
the spirit of the Quality-and-Efficiency-Driven (QED) regime known from asymptotic
many-server queueing theory [12]. Typically, this gives rise to a square-root slack
provisioning policy for the capacity levels and has been successfully implemented in
many applications such as call centers [4,13,26], healthcare systems [11,23,25] and
more. This policy leads to favorable performance for large systems: as the number
of customers r grows large, the waiting probability tends to a value strictly between
zero and one, the waiting time vanishes with a rate 1/./r, and near-optimal resource
utilization of 1 — O(1/4/r) is achieved. To inherit such properties for the battery
swapping framework, we adopt a similar capacity level design policy for both the
number of charging servers and the number of spare batteries relative to the expected
offered load under the load-balancing arrival strategy.

To add to the agreeable properties of delay performance in the QED regime, the
arrival strategy ensures that the relative charging loads at the different stations do not
grow apart too much since arriving EV users always move to the least loaded station.
This phenomenon has been observed in a number of settings and is referred to as state-
space collapse; see [5,24] for an overview and [9] for work most closely related to this
paper. In fact, when capacity levels are chosen appropriately, this effect is so strong
that complete resource pooling takes place: the system behaves as if there is only a
single station with an aggregated number of resources. It ensures that it is unlikely
that EV users are waiting for a battery at one station, while another is readily available
at any other station, even among those stations that are far from his direct vicinity.

The first main contribution of this paper is the introduction of a stochastic model
for battery charging in a network setting. In recent years, there has been a growing
amount of research on both the planning/design as well as the operation/scheduling
in battery swapping systems; see [20] for an overview. Most papers employ robust
optimization techniques to find optimal solutions for certain objectives, while little of
the works focus on the quality-of-service for EV users. The exception is a collection
of papers written by a set of authors [16-20], that use asymptotic analysis and Markov
Decision Process techniques to propose suitable solutions. Whereas the focus in those
papers is on issues arising in a single station, we propose a network setting to account
for queue length correlations between stations.

Our second main contribution involves the novelty of our load-balancing arrival
mechanism. Load-balancing policies have attracted a lot of attention in recent years
due to extremely relevant applications in large data centers; see [22] for an overview.
Typically, these systems comprise many single-server stations where a central dis-
patcher decides where to allocate incoming tasks. In contrast, our framework involves
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anetwork of (a fixed number of) multi-server stations for which we introduce a unique
feature: an arriving EV user restricts itself to move only to one of the stations in his
direct vicinity. By appropriately setting the capacity levels according to the QED pro-
visioning rule, we show that this constraint becomes redundant in the sense that the
resource pooling effect can still be achieved.

In this paper, we also make several theoretical contributions. Direct analysis of
the steady-state distribution of the queue-length process is intractable under the load-
balancing strategy in the case of multiple stations. Instead, we resort to a fluid and
diffusion limit approach. We derive the existence of the fluid limit and point out its
unique invariant state. Using a diffusion-scaled queue length process, we zoom in
on the fluctuations around the invariant state. We prove a state-space collapse (SSC)
result by showing that in the limit (as the number of EVs grows larger) the diffusion-
scaled queue lengths tend to become arbitrarily close almost instantaneously and stay
that way for any fixed interval. This property can be exploited to derive the limiting
queue length behavior at every station, and show that it implies the complete resource
pooling effect. The derivations of our results rely heavily on the framework developed
by Dai and Tezcan [9], that in turn can be seen as an extension of [6]. We adapt their
framework to incorporate a closed network setting under the novel load-balancing
policy.

The introduction of the novel framework within this paper acts as a foundation for
a substantial research program in the modeling of battery swapping networks. This
will provide practitioners with a better understanding of how such networks should
be designed and operated from both the perspective of quality of service requirements
but also from an economic viewpoint. This can be carried out by enriching the model,
here we highlight a few possible directions we consider important and challenging
future steps. Each of these will provide a detailed insight into a specific aspect of such
systems. Firstly, the inclusion of multiple customer types to model a range of car brands
within the network using different battery systems. Secondly, there is a delay between
the moment an EV user consults queue length information and the actual arrival due to
transportation time. As is perceived in health care settings and bike-sharing systems,
this can have a considerable effect on the queue length behavior. A third enhancement
would be to incorporate a time-inhomogeneous demand rate to better simulate the
expected diurnal variation. This will lead to a varying amount of slackness in the
capacity within the QED regime. Finally, there is substantial underlying variability
in the fluctuating energy prices, which sharply rise whenever the energy grid is more
strained and vice versa. A battery swapping infrastructure will be sensitive to these
prices changes and can provide an indispensable asset for supporting a stable grid in
the future, since it can relieve strain during peak moments by deferring the moment of
charging or even deplete batteries, providing energy to the grid. It is beyond the scope
of this paper to provide efficient and adequate provisioning rules in these challenging
settings, yet they offer intriguing avenues to pursue in future research. The main insight
provided in the present study is the effectiveness of simple load-balancing policies,
and while the model is parsimonious, this insight is useful in, at least, the planning
stage of a swapping network.

The remainder of this paper is organized as follows: In Sect. 2, we describe the
battery swapping network and its corresponding load-balancing arrival mechanism.
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In Sect. 3, we present the fluid and diffusion results in the special case of a single
station, and generalize these results for the multiple stations setting in Sect. 4. Our
results imply approximations for certain performance measures, which we validate
through several simulation experiments described in Sect. 5.

2 Model description

In this paper, we consider a queueing network with S battery swapping stations and r
EVs. Each EV has one battery (collection) providing the energy for the car to drive.
Every station i € {1, ..., S} has three types of assets: F; charging points, B; spare
batteries and G; swapping servers. Whenever there is an EV arrival at a station, a
swapping server takes out the almost depleted battery and exchanges it for a fully
charged one if available. The swapping time is relatively very short (with respect to
charging times), and therefore, we assume it to occur instantaneously. Batteries in need
of charging are being recharged whenever a charging point is available, and we assume
every recharge to take an exponential amount of time with rate w, independent of
everything else. Whenever a battery is fully charged, it is placed in an EV immediately
if one is waiting, and otherwise stocked for a future EV arrival. After receiving a fully
charged battery, the EV requires recharging after an exponential amount of time with
rate A. With probability p;; stations i and j are in the EV user’s direct vicinity. We
assume that EV users consult some online device, and are motivated to move to the
station that is relatively least loaded (ties are broken evenly). We define which station
is relatively least loaded more precisely later in this section. Figure 1 illustrates the
closed queueing model under this load-balancing arrival mechanism.

We point out that batteries are always exchanged, and therefore, the number of
batteries physically present at a station can never be below this station’s number of
spare batteries. In fact, this observation implies that the queueing model is closed,
where the total number of batteries is given by

s
Total # batteries in system = r + Z B;.
j=1

Another observation concerns the role of the swapping servers. Whenever a battery
is taken out of the EV, it cannot move from the swapping server until an exchange
of batteries has taken place. Thus, no more than B; + G; batteries can be charged
simultaneously at a station i € {1, ..., S}. As a consequence, having more charging
points creates no additional charging capacity, and can be bounded by

F,<Bi+G;, i=1,...,8. (1)

In addition, we assume that the number of such expensive swapping technologies is
small at every station, i.e., G; < G foralli = 1,..., S, with G < oo being a small
fixed number.
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T+ 27:1 Bj batteries

Fig. 1 Illustration of closed queueing network with multiple stations

The main quantity of interest in this paper is the number of batteries that are in
need of charging, i.e., the aggregated number of batteries that are being charged at a
charging point and the possible exchanged batteries that are waiting for an available
charging point. We also refer to this quantity as the queue length. Let Q;(¢) denote
the number of batteries in need of charging at station i at time # > 0, and we write
o) = (Q1(t),..., Os(2)). Besides the queue length process, we focus on three
performance measures in this paper: the waiting probability of an arbitrary EV, its
expected waiting time and the resource utilization levels of the stations. As the role
of swapping servers is non-existent in this framework, we consider the resources of
the swapping stations to be the charging points and the spare batteries. We define the
utilization level of the charging points to be the fraction of charging points that are
busy with charging, and the utilization level of the spare batteries to be the fraction of
batteries that are not fully charged with respect to the total number of batteries at the
station. In steady state, the latter corresponds to the fraction of time at a station that a
battery is expected to wait for an arriving EV.

To achieve favorable performance levels, we propose an associated QED-scaled
capacity level for the resources at the stations. More specifically, we consider a
sequence of systems indexed by the number of cars r, where we write a superscript
r for processes and quantities to stress the dependency on r. Under the policy where
every arrival would choose randomly between the two stations in its direct vicinity,
we observe that p; = ZJS:] pij/2 represents the effective arrival probability for every
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stationi = 1, ..., S. Therefore, for a system with r cars, we set the capacity levels of
the number of charging points and the number of spare batteries as

B =pi (%2 +5/2) BeR,

r Ar Ar (2)
i =pi(;+y w) v=h
foralli = 1,...,S. We remark that the bound for the number of charging points
originates from (1). Since the number of swapping servers is fixed and small and the
number of cars r grows large, this condition reduces to the y < B requirement in (2).
Since there are two types of resources at every station, i.e., charging points and spare
batteries, one can consider two types of utilization levels. However, in view of (2), we
see that the capacity levels of both resources are of the magnitude p; Ar /u+ O (4/7), and
hence, the utilization levels of both resources are given by Q(¢)/(piAr/n)(1 4+ o0(1)).
Using this observation, we define the relative occupancy level (load) of a station as
Qi (t)/ pi. We let our load-balancing policy prescribe that an EV in need of charging

closest to station i and j at time ¢ > 0 moves to station i iff
Qi) _ 0, )

Di Dj

where ties are broken evenly. In our results, we show that this load-balancing policy
ensures that the resource utilization levels at the different stations are approximately
equal at all times. Consequently, this also ensures that the expected waiting times are
approximately the same at every station at all times.

Remark 1 Our modeling prescribes thatevery EV user can choose between two stations
in its direct vicinity. We point out that this is done for simplicity, as it helps to describe
our scaling and load-balancing policy in a clear and concise manner. We point out
that our model and results extends naturally to the cases where some EV arrivals may
always move to one station, and some EV arrivals choose from multiple stations. With
respect to the modeling, this extension can be included as follows: Let M be the set
of arrival types, where every m € M is a set of stations that isc in the direct vicinity
of the EV user. Let s,,,, m € M, denote the probability that an EV arrival is of type m.
Then, the effective arrival rate at any stationi € {1, ..., S} is given by

pi = Z Liicm) Sm/Im|.
meM

In this extended setting, the scaling (2) for the number of resources and the load-
balancing policy (3) remains the same.

3 System behavior in case of a single swapping station

When there is only a single battery swapping station, all EVs simply move to this
station with probability one. The system reduces to a closed network where batteries
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r 4+ B batteries
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¥

Fig. 2 Illustration of the closed queueing network with a single stations

are in two possible locations: either positioned in a car in no need of charging, or at the
station. An illustration of the closed queueing model is given in Fig. 2. The square-root
scaling rules reduces to

Br__+/3 ) ﬁeRy
"

- Ar Ar

Fr=—+4+y |—, v <8, 4)
1 1

where we suppress the subscript 1 for the station number in this case.

The notable advantage of a single station is that all resources are assembled at one
entity, and inherently, no resources are unavailable by being at different locations.
There is also a considerable upside in terms of the analysis: since there is no routing
policy anymore, the queue length process becomes a simple birth—death process for
which the steady-state distribution is easily derived. Yet, the steady-state distribution
provides little qualitative insight into the queue length behavior, and in particular,
the behavior of the process when it has not reached steady state yet. Therefore, we
resort to fluid and diffusion limits, which in practice serve as good approximations
for moderate to large-scale systems. This allows us to provide approximations for the
performance measures of our interest, for example, the waiting probability and the
expected waiting time.

Atfirst glance, the single-station variant of our model may seem similar to the classic
repair man model. This model and its QED-scaling implications are thoroughly treated
in [10,11], which mainly focus on the healthcare setting. We point out that there is a
crucial difference: our single-station model includes spare batteries, causing none of
r cars to be waiting at the station as long as there are sufficient fully charged spares
available. If B = 0, our model reduces to the repair man model with » machines and
F repair men. Generally, however, the birth rates are different.
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3.1 Steady-state distribution

As the queue length process is a birth—death process, it is straightforward to derive the
steady-state distribution of the queue-length process by standard theory for Markov
chains, irrespective of whether the QED scaled provisioning rules (4) hold. More
specifically, the queue length {Q(¢), t > 0} is a birth—death process with state space
Q@) € {0,1,..., B" +r} for all + > 0, with birth rate A(r — (Q(¢) — B")") and
death rate u min{Q(¢), F"}. Let

70 = P(Qo0) = k)

denote the steady-state distribution of the number of batteries in need of charging.

Lemma 1 Suppose S = 1, where the single swapping station has F charging points
and B spare batteries, i.e., we disregard the scaling in (4). The steady-state distribution
is given by

k
Grl) o B.Fr) if0 < k < min{B, F},
(Ar/pw)* _(B,F,r) .
~ ifF <k<B,
B Fn _ | AR if 5)

»/ )k _(B,F, .

(riggk)!( Q'L) ”é " ifB<k<F,
B »/ w5 (B,F, .

e S PP i max{B, F} <k < B+,

where, if F < B,

F k B—-1 k B+r B k -1
néB,F,r):(Z Gripf |5 O/ P )

k—F _ k—F
P k! Pl F'F ey (r+B—k)!F'F
(6)
and, if B < F,
B F—1
_BF) _ (Z Gor/wf 5 PP ok
0 = _
= k! Pl (r+B—k)! k!
B+r B k\
ror! (A1)
+3 SIOMN I ™
& (r+B—k)!FIF

Remark 2 In view of (1), we exclude the case that F > B in our analysis further on
in this paper. Yet, in an application where, for example, G = oo and hence F' > B
possibly holds, we point out that the distribution can be derived similarly. That is,
all EVs that arrive at the station find an available swapping server, and the swapping
servers do not pose any restriction on the number of batteries that can be charged
simultaneously. Only the number of charging points bounds the charging rate. One can
also consider the QED provisioning rule in this case, which we treat in Appendix C of
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the arXiv version of this paper [15]. Moreover, if both G = oo and F = oo, Lemma 1
shows that

r/w* _(B,r) .
2B _ ko ) if0 <k < B, ©
k - irB +B A (B,r) -
(rr-l-rB)!(rk)(ﬁ) Y1 ifB<k<B-+r,

where

B—1 B+r k -1
(B.r) ()Lr/p,)k rirB r+ B A
oo = (Z T 20 ) ' ©)

k=0 k=B s

Also in this particular case one can pose a QED provisioning rule for the number
of spare batteries alone, and derive the asymptotic properties. We treat this case in
Appendix B of the arXiv version of this paper [15].

3.2 Limiting queue length behavior

Due to the curse of dimensionality, it is very challenging to gain a qualitative insight
in the (transient) behavior of processes in large-scale systems. Therefore, we resort to
fluid and diffusion limits to provide good approximations for the behavior in the actual
system when r is large. Recall that Q" (¢) corresponds to the queue length process (the
number of batteries in need of charging) under the scaling rules (4) with r cars at time
t > 0. We consider the fluid scaling

0" (1) = , r>1,t>0. (10)

The fluid-scaled process converges to a deterministic, continuous monotone process
with a single fixed steady-state value.

Proposition 1 Suppose S = 1 and scaling rules (4) hold. If 0" (0) — 0(0) asr — oo
with Q(0) a finite constant, then Q" — Q in distribution asr — 00, where Q satisfies
the ODE

do® _ {A —uQ() O <i/u,
dr M/u—10@®) if O =2/ u,

and has the steady-state value
L= A
lim Q(t) = —.
t—00 2

Proposition 1 implies that the number of batteries in need of charging can be approx-
imated by

o' (1) ~rQ(),
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where Q(7) = lim,_, o Q" (¢) is a solution of an ODE. It describes the approximate
(possible) transient behavior before reaching steady state. The proof of Proposition 1
is given in Appendix A of [15].

We point out that whenever the queue length is near its steady-state value, it remains
close to its steady-state value from that time onward. That is, if Q" (f9) &~ Ar/u for
some 7o > 0, then Q" (t) = Ar/u for all ¢+ > ty. From that point on, the fluid limit
becomes a rather rough estimate for the number of batteries in need of charging that
allows for further investigation on the fluctuations around this value.

Therefore, we turn our focus to the diffusion scaling

Q" (t) — Ar/p
Varfp

This scaling provides more sensitive approximations, as it captures fluctuations of
order /r. The diffusion-scaled process will tend to a piecewise linear Ornstein—
Uhlenbeck processes, with a steady-state distribution that can be expressed analyt-
ically. The proof can be found in Appendix A of [15].

O (1) = >1,t>0. (11)

Theorem 1 Suppose S =1 and the system operates under (4). If Q’ ) — Q(O) in
distribution as r — o0, then Q’ — Q in distribution as r — o00. The process Q isa
diffusion process with drift

m(x) = —A(x — B)T — pwmin{x, y},

and constant infinitesimal variance 2u. The steady-state density of Q(oo) =
lim;—, o0 Q(2) is given by

565 ifx <y,

f(x) — o (ye*V(x*V)) (1 — e*)’(ﬂ*?))_l lfj/ <x < ,3, (]2)
m —1
afie (U)o (<Ey) iz B

where a; = ri/(r1 +1r2+13),i =1,2,3, with

rr=1,
:¢<y>¢><y>—1$ (1—e7B=7) ify #0,

J28 ify =0,
~1
e BB ().

Equation (12) in Theorem 1 is obtained by taking the limit of the scaled diffusion
process (as r — 00), and finding its steady-state distribution (as t — 00). However,
in order to obtain a good approximation of the steady-state distribution with a fixed
number of cars r, itis arguably more reasonable to consider the steady-state distribution

rp =
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of the scaled diffusion process (as + — o0) and next take the limit as r — oo.
Fortunately, the following theorem shows that the order in which one takes the limits
leads to the same result.

TheoremAZ If § = 1 and (4) holds, the steady-state distribution of the diffusion scaled
process Q7 (00) converges in distribution to Q(o0) as in Theorem 1.

The proof of Theorem 2 is given in Appendix A of [15]. As the order in which the
limits are taken does not affect the result, we use the limiting process Q(c0) to obtain
approximations for the performance measures.

3.3 Performance measures

Typical performance measures for the QoS level for the EV users include the waiting
probability and the expected waiting time. We view the efficiency-level for the station
by the resources utilization. Typically, the QED regime in many-server systems causes
the waiting probability to tend to a non-degenerate limit as r — oo, the waiting time
to vanish, while the resource utilization tends to one. These features also appear in our
system under the proposed QED scaling.

Due to the PASTA (Poisson Arrivals See Time Averages) property in open queue-
ing systems where the arrival process is a time-homogeneous Poisson process, the
steady-state value of any quantity is the same as at arrival instances. In particular, the
waiting probability equals the steady-state probability that the number of fully charged
batteries is zero, or equivalently, that the number of batteries in need of charging is
at least B. Unfortunately, the arrival process in our closed setting is state-dependent.
Yet, Theorem 1 shows that the fluctuations in arrival rate are of order O(\/7), i.e.,
the arrival rate are Ar — O(4/r) (with high probability). These small changes will
therefore become negligible as r — oo. In other words, this argument implies that the
PASTA property remains valid asymptotically. This notion can be formalized similarly
as in [10]. Summarizing, if W denotes the waiting time of an arriving EV user, then

PW > 0) = lim P(Q'(00) = B') =P (0(c0) = §),

where Q(oo) is as in Theorem 1.

The key concept to derive the expected waiting time is Little’s law, stating that
the long-term average number of waiting cars, denoted by Q%;,, equals the long-term
throughput multiplied by the average waiting time. In other words,

E(Qy) = 0EW),
where the throughput 6 can be viewed as the long-term average rate at which EVs
arrive and hence also leave the battery swapping station. We can express the throughput

as

6 = ar — AE(Qy).
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since the long-term average number of batteries not in need of charging is in fact the
expected number of cars not waiting at the station in this closed system. Therefore, it
follows that

E(W) = L (13)

A —E(Qy)

In turn, the expected number of waiting cars can be derived directly using Theorem 1
and the observation that Q%,, = (Q" (o) — B") T,

E(Qy) = Y (k—B)P(Q(c0) =k)

k=B"+1
e B,HW -

~ \/T—’/ (x — B) f(x)dx
nJp

as r — oo. We point out that E(Q%,) is consequently of order © (y/r), and together
with (13) this implies that E(W) is of order © (1/./r) and hence vanishes in the limit.

The resources will be fully utilized under (4) as r — oo. Theorem 1 implies that at
most O (4/r) charging points are not utilized, and the number of fully charged batteries
is also of order O (4/r). Therefore, as r — oo,

prr =1—0(01/Jr), pp =1—0(/Jr). (14)
Theorem 3 Suppose S = 1, and the system is operating under (4). Then the following

properties hold as r — 00: The waiting probability has a non-degenerate limit given
by

~P(0O = LOWRIAY) gy P
POV = 0~ (00 2 £) = (Hﬁ o0) @il

71 -
+\/Z¢(— VI/Ay) (eyw—y) _ 1) o <_ Ey> )
iz 4 A

The expected waiting time behaves as

o ([Be(E) )

with «; are as in Theorem 1. Finally, the resource utilizations behave as

prr — 1, ppr— 1.
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The proof of Theorem 3 is given in Appendix A of [15].

4 System behavior in case of multiple stations

When the number of stations S > 2, the analysis of system behavior needs to account
for the underlying routing mechanism of arriving EVs. Whenever an EV is in need
of recharging, stations i and j are in its direct vicinity with probability p;;, and it
chooses to move the station i if (3) holds. For a resource pooling effect to occur,
we require that there is a sufficient number of pairs (i, j) for which p;; > 0. For
example, if the network consists of four stations with pj» = p3s4 = 1/2, there are no
arrivals that can choose between one station in the set {1, 2} and another in the set
{3, 4}. Therefore, possible discrepancies in queue lengths are not leveled by the arrival
mechanism between these two sets. Therefore, we assume that for every non-empty
set S of stations, there is at least one pair (i, j) withi € S and j ¢ S for which
pij > 0. This statement is equivalent to the following assumption.

Assumption4 Let G = (V, E) be a graph, where V. ={1,...,S}and E = {(i, j) :
pij > 0}. We assume that the graph G is connected.

Remark 3 For our results to follow through in the extended model as described in
Remark 1, Assumption 4 needs to be updated as follows: Let G = (V, E) be a graph,
where V. = {1,...,S}and E = {(i,j) : i,j € m,|m| > 2,m € M]}. Then, we
assume that the graph G is connected. Note that if m = 2 for every m € M, the
setting as well as this assumption reduces to the original setting as described in this

paper.
4.1 System dynamics

There are many processes that are of interest in this system, and in particular, the queue
length process at each station. In our analysis, we consider {X"(¢), t > 0} with

XrZ(Ary :[7 Qr9 Zr’Y"’Tr’DV’Lr)’

where

- A" = (Al?j; {i, j} e E), where A;j () is the number of arrivals that are closest to
stations i and j until time ¢ > 0 in the rth system;

- A= (Al’.jﬁl.; {i, j} e E), where Afj,i(t) is the number of arrivals that are closest
to stations / and j and are routed to station i until time ¢ > 0 in the rth system;

-0 = (Q;.; 1 <j<S§),where Q;(t) is the number of batteries in need of charg-
ing at time ¢ > 0 in the rth system;

-7 = (Z;; 1<j< S), where Z; (z) is the number of busy servers (charging
points) at time ¢ > 0 in the rth system;

— Y7, where Y'(¢) is the aggregated time of all cars that are not waiting at some
station until time ¢ > 0 in the rth system;
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-T" = (Tj’; 1<j< S), where Tj’ (r) is the aggregated time of all servers at
station j that were charging until time 7 > 0 in the rth system;

- D' = (D;; 1<j< S), where D; () is the number of service completions at
station j until time ¢ > 0 in the rth system;

— L7, where L” (¢) is the number of batteries that are positioned in an EV not waiting
at a station in the rth system at time ¢ > 0.

Clearly, there are strong relations between the individual processes in X". For
example, there is arouting policy that dictates where a car in need of a full battery drives
to in order to swap its battery. This notion is captured by the arrival processes A" (the
classification of the different arrival types) and A’; (the routing decision). To generate
the arrival and service completion processes, we introduce a set of independent Poisson
processes. Let {A;;(¢),t > 0} for all {i, j} € E be independent Poisson processes
withrate p;;A and {S;(¢), ¢ > 1} forall 1 < j < § be independent Poisson processes
with rate . The system dynamics satisfy the following identities:

AL(6) = AL () + AL (), Vi, j) € E, (15)
AL = Ay (YD), Vi, j) € E, (16)
Qi) =050+ Y AL (o) - Din). Vji=1...5 (7
ifi,j1eE
D) = S (Tj’(t)), Vi=1,...,5, (18)
t
Y’ (1) =f L' (s)ds, (19)
0
t
T/ (1) :/ Zis)ds, Vj=1,....5, (20)
0
Z5(t) = min{Q), (1), FF), Vj=1,...., Q1)
S
+
Lo =r-y (050-8) (22)
j=1
Vi{i, j} € E, Afj’l-(t) can only increase when Q7 (r)/p; < Q;- ®)/pj. (23)

We refer to these equations as the system identities, and they prove to be central for
deriving our results. The derivations use the framework set out in [9], which in turn is
based on [6]. We adopt much of the notation and definitions in this paper, and before
stating our main results, we repeat them for the purpose of self-containment. For each
positive integer d, we denote by D¥[0, co] the d-dimensional Skorohod path space.
For x, y € D4[0, o] and T > 0, let

[x(¢) =yO)llr = sup [x(@) = y@)l,

0<t<T
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where |z| = max;=1, 4 |zi| forany z = (z1,...,24) € R?. The space D910, oo] is
endowed with the J; topology, and the weak convergence in this space is considered
with respect to this topology. We say a sequence of functions {x,} € D?[0, co] con-
verges uniformly on compact sets (u.0.c) sets to x € DA [0, c0] as n — o0 if, for each
T >0,

lx: () —xllr — 0

as n — 00. Moreover, we say that + > 0 is a regular point of a function x if x is
differentiable at r > 0, and denote its derivative by x’(-). We assume that the random
variables in X" live on the same probability space (§2, F, P). Often, we consider
sample paths of stochastic processes, and whenever we want to make the dependence
on the sample path explicit, we write X" (-, w) for the sample path associated with
w € §2 for a stochastic process X

4.2 Fluid limit

To capture the rough system dynamics, we consider the fluid-scaled process

.
X= lim X", X =

r—00 r

For each process X" in X", we define similarly its fluid equivalent as X" = X" /r and
its limiting process X = lim,_, o, X”. We adopt the definition of a fluid limit and its
invariant state(s) from [9]. That is, we consider A C 2 such that the FSLLN holds,
ie.,

Ajj(rx) S;j(rx)
r r

— pijix, {i,j} € E and - pux, j=1,...,85,

u.o.c. as r — 00. Due to the FSLLN, we observe that one can choose A large enough
such that P(A) = 1.

Definition 1 We call X a fluid limit of {X"}if there exists an w € A and (sub)sequence
{r;} withr; — ocoasl — oo, such that X”( ) converges u.0.c. to X( w). Moreover,
let g = (q1,...,qgs) be an invariant state of the fluid limits if for any fluid limit X
00) =(0100),...,050) =(q1,---,9s) = q implies that Q(t) = g forallt > 0.

In Proposition 1, we focus on the fluid-scaled queue length process only for S = 1,
and the sequence r; = [. Instead of requiring 0"(0) — Q(0) with Q(0) a finite
constant, Definition 1 allows for Q(0) to be random. Proposition 1 implies that in
case that § = 1, the fluid limits exist and are deterministic, (Lipschitz) continuous
paths that depend only on the realization of Q(0). Moreover, there is a single unique
invariant state given by A /. A similar result holds when S > 2.
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Theorem 5 Let {X"} be a sequence of systems. Then the fluid limits exist, where each

component is Lipschitz continuous. Each fluid limit X satisfies the following equations
forallt > 0:

Aij(t) = Aiji(t) + Ayj (1), Vi, j}€E, (24)
Ajj(t) = pijAY (1), V{i,j} €E, (25)
0;j1)=0;00+ Y Ay ;t)=Dj@), Yj=1,...58, (26)
i{i,j}eE
Dj(t) = uTi(t), Yj=1,...,8, 27)
t
Y(;):f L(s)ds, Vj=1,...,8, (28)
0
t
Tj(r)Z/ Zi(s)ds, Vj=1,...,8, (29)
0
Zj(t) =min{Q;(t), pjr/n}, Vj=1,...,8, (30)
S
Loy=1-"(0;®) = pjr/n)". (31)
j=1

Also, for every {i, j} € E, ift is a regular point of X, then

0;(t) . 0i(t)

Al (0) = ApijL(t) and A}, ;(1) =0 if
Pj Pi

ij,j (32)

Finally, there is a unique invariant state given by g = (q1, . .., qs) with gi = piA/1L
fori=1,...,8.

The (uniqueness of the) invariant state result for the fluid limit is central for
the existence of a properly defined diffusion process as it states that if Q(0) =
(p1A/i, ..., psi/u), the fluid limits are time invariant. We present a proof of Theo-
rem 5 in Appendix A.

4.3 Diffusion limit

Due to the policy governing which station a car drives to in order to replace a battery,
one observes the so-called load-balancing effect. By setting the number of resources
as in (2), this load-balancing effect is so strong that in fact complete resource pooling
occurs. In other words, the system behaves as if there is a single large swapping station
where the number of resources equals the aggregated total of the individual stations.
This appealing consequence ensures that there are no idle resources at one station,
while at another there are possible long waiting lines of cars that are waiting for a
battery exchange.
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The key concept to derive this effect is to show a state-space collapse (SSC) result.
That is, we consider the diffusion-scaled queue length process defined as

Q; (1) — pirr/p
PivAr/in
In our model, the SSC result states that (almost instantaneously) the diffusion-scaled

queue length processes are arbitrarily close at all stations, and stay close during any
fixed interval.

Or(t) = i=1,....8.

Theorem 6 Suppose
~ d -
0" (0) = Q(0),

as r — oo, where Q(O) is a random vector. Then, for every K" = o(/r) with
K" — ocoasr — oo, and forevery T > O and € > 0,
P( sup @xo—éﬂm>e>»o (33)

K" /Jr<t<T

foreveryi,je{l,...,S}asr — oo. If, in addition, for everyi, j € {1,..., S},

107(0) — 0',(0)] > 0,
then
P(10i) = 0;0)llr =€) =0 (34)
foreveryi, jel{l,...,S}asr — oco.

The proof of Theorem 6 is given in Appendix B. This result reveals that instead of
considering the individual queue length processes, it suffices to track the total queue
length process instead. More specifically, define the sequence of random processes
{0 (1), t > 0} withr € N, where Q' (1) = 2521 Q;(r), and

N r S

_1(Q% (1) — pjAr/p) .

J=11¥j J _ 0" (1).
Vo M

05(1) =

As the state-space collapse implies that er (1) = Q; (r) foralli, j e {1,...,S} (for
t > K" /\/r), we can approximate the queue length at an individual queue by

- Ar Ay Ar N Ar A Ar
Qj(f)=Pj ;‘i‘Qj(f) ; ~Ppj E‘FQz(f) ;
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for all j = 1,...,S. The limiting process of the total queue length can be derived
using the SSC result.

Theorem 7 Suppose Q’ ) — Q(O) in distribution as r — oo, and
07(0) - 070 = 0

foralli,je{l,...,S}. Then, Qrz — Q; in distribution as r — 00, where Q; is
a diffusion process with drift

m(x) = —A(x — )T — pwmin{x, y},

and constant infinitesimal variance 2. The steady-state density Q > (00) is given by
it o<y

Fet)y=dar(ye e (1—e ) ry <x < B (35)
—1
a3\/7¢(x (B— xV)) (_ %V) ifx > B,

where a; = ri/(r1 +1r2+13),i =1,2,3, with

rp =1,
{¢<y>¢><y>$ (1—e7B) ify #0,
ry = 2 .
J28 ify =0,
-1
_ W B0 [Bo (TR o (— [E)).
T o) Va“\ya A
Proof We observe that the steady-state density is a direct consequence of the diffusion

process [7]. What remains to be shown is that QrE converges to the described diffusion
process as r — oo. Equivalently, we need to show that

4050 =050 ~ )~ umin| 050, v} +V2RaW@,  Go)

where {W(t), t > 0} is a standard Brownian motion. We note that, due to the system
identities,

s
Diijrer AL (0 = X252 D)

Qx1)=0x0) + NG )

where

t
Y A =4 (/ L’(s)ds),
0

{i.jleE
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and

s s [
PR ACED PN (f z;(s)ds> )
=1 =1 0
We observe that, due to the FCLT and Theorem 5,

Ay @ds) =afy L7 (rds  A(r [y L7 @) ds) = ar [y L (9)ds

NZYIm VI N Ar
4 BMA®),

where {BM4(?), ¢t > 0} is Brownian motion with mean zero and variance . Similarly,
due to the FCLT and Theorem 5,

XS: 5 (fo' Z5(s) ds) —ufy Zjs)ds
N -

J=1

S; (r fot Z7(s) ds) — ur fot Z" (s)ds

L/(pjm)/pjrr

~.
M-
i

4 BMp (1),

where {BMp(¢),t > 0} is an (independent) Brownian motion with mean zero and
variance p. The sum of these two processes is equal (in distribution) to a Brownian
with mean zero and variance 2., which contributes to the /2 d W (¢) term in (36).
Next, we observe that, due to the system identities and the definition of the diffusion
scaling,

)Lfé L"(s)ds — Z]S-ZI y,fé Z'(s) ds
VAT /1

N r, I S t R
:—)»ij/o (Q;(s)—ﬂ) ds—,uij/O min{Q;(s),y} ds.
Jj=1 j=1

Since

in 0"(r) < 0%(r) < 0" (
lglng ) <05 < 121,a§sQ ()
forall ¢+ € [0, T'], and due to Theorem 6,

[ov0-050] e =18
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where the sequence {e(r), r € N} can be chosen such that e(r) — 0asr — oo. Then,
asr — oo,

Af(; L"(s)ds — Zle uf(; Z(s) ds
VAT

£ —A/0t<ég(s)—ﬁ)+ ds—//,/otmin{ég(s),y} ds.

This contributes to the first two terms in (36). Applying the continuous mapping
theorem concludes the proof. O

Another consequence of the state-space collapse result is that the waiting proba-
bilities and expected waiting times are equal at all stations, as well as the resource
utilization levels. In fact, it exhibits the same behavior as if there were a single station
due to the complete resource pooling effect.

Corollary 1 Suppose the system is operating under (4). Then the following properties
hold as r — oo foralli = 1,...,S: The waiting probability has a non-degenerate
limit given by

= Ao/ y) _ D(y)
P(WW >0 — P =11 |2 WY Ly (B—y)
Wi =0 (Q(0) = §) ( i wo o) ¢ P (= 1t/2y)

N
_{_\/qu(— VI/AY) (e)/(ﬂ*V) _ ]) 0] <_ ﬁy> )
M Y A

The expected waiting time behaves as

E(W/) a3 W (1 L\ o
T (freGne (1) 1),

with «; as in Theorem 7. Finally, the resource utilizations behave as

PE > 1, pBr —> 1.

5 Simulation experiments

The results presented are given in an asymptotic regime where the charging times
are exponentially distributed. In this section, we conduct simulation experiments to
evaluate the quality of our approximations and the robustness of the state-space col-
lapse result. We first focus on a large-scale system to illustrate the implications of our
results. Next, we also zoom in on a moderate-sized system that reflects a more realistic
setting for an EV battery swapping infrastructure.
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Fig.3 TIllustration of the battery 1
swapping network with arrival

streams used in the simulation

experiments

5.1 Large-scale system

Throughout the experiments in this section, we consider a network with five stations
where the arrival probabilities are given by p12 = pra = p3a = p3s = 0.1, px3 =
0.4 and pss = 0.2; see Fig. 3. This results in an effective arrival probability p =
(p1, ..., ps) =(0.05,0.3,0.3,0.2,0.15) at the stations.

As abattery swapping infrastructure currently does not exist yet in real-life, there is
no (significant) data that can be exploited to obtain useful parameter choices. Instead,
we discuss an adequate provisioning strategy under the following assumptions: We
assume that the battery swapping facility installed (relatively) fast charging points
where recharging takes 1 h on average (u = 1), and that every EV user returns for
recharging services after every 40 h on average (A = 0.025). In addition, we stress
that our results are based on an asymptotic regime, and therefore require the system
to be sufficiently large for the approximation to become meaningful. We allow for (at
least) r = 50,000 EV users in this infrastructure. The effective loads at the stations in
this case are

pjAr
= (62.5, 375, 375, 250, 187.5),
KmJj=1,.5

and we note that due to the QED provisioning rule in (2), the numbers of charging
points and spare batteries are close to these values. Obviously, the number of resources
are integer values, and in our simulation experiments we choose

(o) - (EnE),

..........

5.1.1 State-space collapse for exponential charging times

A first-order approximation for the queue length process is implied by the fluid result
in Theorem 5. We validate this approximation for the above-described setting, with
initial queue length Q7 (0) = 150 for all stations i = 1, ..., 5. That is, only station 1
is initially overloaded, while all other station are underloaded. The equations in The-
orem 5 together with the Lipschitz continuity describe a unique fluid limit with the
given initial queue length. This yields the approximations
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Qi ~rQu), j=1,...,8.

In particular, in the case when the initial queue length is Q7 (0) = 150 for all stations

i =1,...,5, this results in the approximations
150 — 62.5¢ ift <1,
Q' (1) ~ { 62.5¢1471 ifrs <1<,

62.5 + %61'4” — %e’t otherwise,

498.5 + 0.625r — 348.5¢"  ifr <1y,

75t 14955 7755 — :
o~ g~ TR e fe=r=n
2 ~ 3 ~ _ _ .
100 35 LAt TIS iy < <4y,

375 + %61'4_’ — %e_t otherwise,

249.25 4+ 0.3125t — 99.25¢~" ift < 1,
27 4 2t +29¢” ift; <t <t,
Q41 ~ { B + R — H2e ifn<t =<,
00 _ Bold-r _ 2383, ifrs <t <ty
250 + B4 — 1292507 otherwise,
150e~! ifr <1,
i+ B3 + e ifty <t <n,
sy~ {188 4 I3y TSt ift, <t <n,
O Beldt 1Bt ifry <t <,
187.5 + 56%61'4” — %e” otherwise,

where 11 ~ 0.1826, 1, ~ 0.3189, t3 = 1.4 and 14 ~ 1.4758. The times t;,i = 1,2, 4,
correspond to the times where two stations (approximately) have the same relative
queue lengths, and #3 is the moment where the number of EVs in need of recharging
is (approximately) equal to the number of stations/spare batteries.

A sample path comparison with its fluid approximation (dotted lines) is graphically
illustrated in Fig. 4. We observe that the fluid limit approximations capture the typical
values of the actual queue length process quite accurately. We observe apparent fluc-
tuations around its approximation, and we note that these become relatively small as
r grows large.

To observe the state-space collapse, we plot the same sample path in its diffusion
scaling; see Fig. 5. Indeed, around 74 ~ 1.4758 the diffusion-scaled queue lengths
appear to become close and remain nearly equal to one another after this time. In
addition, as time moves, the diffusion-scaled queue lengths fluctuate around zero.
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400 —— Simulation station 1
—— Simulation station 2
—— Simulation station 3
—— Simulation station 4

Simulation station 5

300

200

Queue Length

100

I I I
0 0 1 2 3 4

Time

Fig.4 Sample path of the queue lengths when Q" (0) = (150, 150, 150, 150, 150)

]l | —— Simulation station 1
—— Simulation station 2
6 N —— Simulation station 3

—— Simulation station 4
Simulation station 5

Qi(t)=pidr/p
pi/ AT/
S
T
|

2 |- -
Il

= 0 " AT ]

= PR A

Q@ .

—92 LA N
—4r I I I ]
0 1 2 3 4

Time

Fig. 5 Sample path of the diffusion-scaled queue lengths with starting point Q"(0) =
(150, 150, 150, 150, 150)

5.1.2 Performance measures

Our results imply approximations for performance measures such as the waiting prob-
ability and waiting time; see Corollary 1. In particular, the state-space collapse result
implies that the performance at all stations is approximately the same, and can be
approximated by the closed-form expressions as given in Corollary 1.

In Fig. 6, we plotted the waiting probabilities of all stations in the case of 2,500,000
EV arrivals averaged over 20 samples for the large-scaled system. We point out that the
stair-type effect appearing in the waiting probabilities is due to the ceiling of the number
of resources at the stations. Moreover, as r is finite and we use the ceiling function,
the waiting times are not all exactly equal, which is most apparent for station 1. This
is also reflected in Fig. 5, where a closer view suggests that the diffusion-scaled queue
length at station 1 is smaller than the queue length at another station (often station 2 or
station 3). As r grows large, the waiting probabilities do grow closer and move near to
their asymptotic expressions. Still, the waiting probabilities are typically below their
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—— Simulation station 1

1 —— Simulation station 2
—— Simulation station 3
0.8 —— Simulation station 4
= Simulation station 5
A 0.6 —— Asymptotics
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& 04
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oL
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Fig.6 Waiting probabilities with respect to its asymptotic expression when § = 1

400 B —— Simulation station 1
—————————— v ety el —— Simulation station 2
—— Simulation station 3
300 |- B —— Simulation station 4
Simulation station 5

200

Queue Length

Fig.7 Sample paths of the queue lengths for charging times equal to one when Q" (0) = (0, 0, 0, 0, 0)

asymptotic expressions. This implies that the provisioning rules (2) guarantee that a
desired waiting probability is achieved.

5.2 Universality result for charging time distribution

In order to be able to rigorously prove the state-space and consequential results, we
assumed exponential charging times in our framework. Yet, extensive simulation
experiments suggest that these results hold for any charging time distribution with
finite mean and variance. In Figs. 7 and 8, we consider the system setting as described
in Sect. 5.1. It appears that similar behavior occurs on the fluid scale in the case of
deterministic and uniformly distributed charging times as for the exponential case.
When the queue lengths are initially zero, the system behaves close to its invariant
state for # > 1. Similarly to the setting with exponential charging times, the maximum
difference between the diffusion-scaled queue length behaves quite erratically; see
Fig. 9. Still, the differences are very small, and grow smaller as r grows larger, sug-
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___________________________ —— Simulation station 2
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Fig. 8 Sample paths of the queue lengths for charging distribution uniform U (0.75, 1.25) when Q" (0) =
(0,0,0,0,0)
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Fig. 9 Maximum distance between queue lengths for non-exponential charging times

gesting that state-space collapse also holds in this setting. That is, the system behaves
similarly to the situation when there is a single station with an aggregated number of
charging points and spare batteries, and a charging time distribution as at the indi-
vidual stations. Consequently, performance measures such as waiting probability and
expected waiting time are approximately equal to their equivalents in a single-station
system.

5.3 The role of system size

In the previous sections, we commented that the differences between the diffusion-
scaled queue lengths are small and fluctuate erratically among each other when one
would zoom in on this domain. Obviously, the differences between the diffusion-scaled
queue lengths are not arbitrarily small since r is finite. Even if the diffusion-scaled
queue lengths at all stations are the same, and an arriving EV moves to station 1,
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4 _ T ax | max |Qi(t) — Q;(t)]
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Fig. 10 Maximum queue length measures for 7' = 1 averaged over 10,000 samples

this causes a discrepancy of 1/(p1/Ar/pn) =~ 0.5657 in the described setting in
Sect. 5.1. Theorem 6 implies that the distance between the queue lengths become
smaller as the number of EV users r grows large. To illustrate this notion, we consider
the maximum difference between the queue lengths over a finite interval 7 = 1 in
Fig. 10, which is monotonically decreasing in r. In addition, we observe that the
average maximum distance, i.e., 1/T fOT maxi<;<j<s{|Qi(t) — Q;(t)|}dt, is also
monotonically decreasing in r, and is not excessively smaller than the maximum
distance of the interval.

Summarizing, as the system size increases, the accuracy of the approximations
improve. However, one can imagine that a real-life battery swapping infrastructure is
not of the scale as discussed in the previous sections. Therefore, we consider how our
results hold up in a more realistic setting for an EV battery swapping infrastructure.

5.4 Moderate-sized system

We consider the following setting: We have the same network structure as given in
Fig. 3, but with different arrival probabilities. More specifically, we assume piy =
P23 = p24 = pa5s = 0.2 and p13 = p34 = 0.1, giving an effective arrival probability
of (p1, ..., ps) = (0.1,0.25,0.3, 0.2, 0.15). For the other parameters, we assume that
recharging takes 4 h on average (u = 0.25) and every EV user returns for recharging
services after every S0 h on average (A = 0.02). We assume that there our infrastructure
consists of a thousand electric vehicles (r = 1000). The effective load at the stations
is

iA
<pj r) = (8.20,24, 16, 12),
K/ j=1,...5
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Fig. 12 Queue length behavior for moderate-sized system with 8 = +/5and y = 0

Note that Ar /i = 80 and /Ar/;w = 4+/5 ~ 8.94. Relatively, their sizes are much
closer to one another than when » becomes larger, and this will also have its impact
on the behavior.

Due to the smaller system size, we can expect that the fluctuations of the queue
length around its fluid limit are relatively larger. Indeed, if one plots a sample path
for this system with initial queue length Q(0) = (0, 0, 0, 0, 0), we observe that the
fluctuations compared to its corresponding fluid limit approximation are significant;
see Figs. 11 and 12. Moreover, in Fig. 12, the queue lengths even seem to lie above
the fluid limit results. We point out that this is a consequence of the high waiting
probabilities for these parameter settings. Moreover, since the fluctuations are of a
significant size (relatively), this leads to sample paths that appear quite far off (above)
its fluid limit approximation at first glance.
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Fig. 13 Queue length behavior for moderate-sized system with g = VSandy =0

To see whether a load-balancing effect still takes place for a moderate-sized sys-
tem, we should consider the diffusion scaled queue lengths; see Fig. 13. Numerous
experiments, including the setting as in Fig. 13, suggest that even for these settings,
the effect of state-space collapse is very much visible. In other words, there is still a
strong load-balancing effect present that leads to the occupation level at the different
stations staying close to one another. In turn, this leads to performance measures, for
example, waiting probability and waiting times, that are comparable at the different
stations at all times.
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A Fluid limit proof

The proof of Theorem 5 is similar to the proof of [9], but adapted appropriately to our
system.

Proof of Theorem 5 First, we show that the fluid limits exist, where all components
are Lipschitz continuous. For this purpose, we show that for all w € A the sequence
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{X(-, w)} has a convergent subsequence, where every component in the limiting pro-
cess is Lipschitz continuous.
Fix w € A. We observe that, for every 0 < #; < 1,

Fi(ty — 1) A A
< <|—=+Ivl/—)(2—1).
r n n

Therefore, there exists a subsequence {r;} such that fjr’ (-, w) converges u.o.c. to some

T (@) T}, o)

r r

Tj(-, w) asl — oo forevery j = 1, ..., S, which is Lipschitz continuous.

Using Lemma 11 in [1], Equation (18) and the fact that € A, it follows that
D;(~, w) also converges u.o.c. to D; (-, w) forevery j = 1,..., S. In fact, it follows
that D; (-, w) = ,uTj (-, w), and is therefore also Lipschitz continuous.

Next, we consider the arrival processes. First, we observe that L" () < r for every
t > 0. Therefore,

Y'(n, o) Y(, )

r r

<nh-—1n,

for all 0 < 71 < 1, and hence, there exists a subsequence {r;} such that Y (-, w)
converges u.o.c. to some Y (-, w) as [ — oo for every j = 1, ..., S, which is again
Lipschitz continuous.

Moreover, it follows from (16) that, for all 0 < 11 < 1y,

Ajj (rtp) — Ayj (rty)

Alj (1, 0) = AT (n, ) < -

As w € A and the FSLLN applies, it follows from Theorem 12.3 in [3] that there is
some subsequence {r;} such that A’ y (-, ) converges u.o0.c. as I — 00 to some process

Ai (-, w). In particular, it holds for all 0 < #; < 1, that
Aij(tr, ) — Ajj(t1, ®) < piji(ta — 1),

and A; ; is hence Lipschitz continuous. Similarly, we can show the same convergence
result for the processes A;j,i(-, w) to A,-j,j(~, w).

By (17), it follows also that {Qr/.’ (-, w)} is precompact, which in turn implies that
{Z;l (-, w)} is precompact due to (21). Moreover, {L" (-, )} is precompact by (22). In
conclusion, the fluid limit exists with each component being Lipschitz continuous.

Fluid equations (24)—(31) follow from the FSLLN results and applying Lemma 11
of [1]. Equation (32) requires additional arguments. Suppose X to be a fluid limit
with corresponding @ € A and subsequence {r;};cN. If, for some ¢ > 0, we have that
0 i®/pj > Qi (1)/ pi, then it follows by the continuity of the fluid limit that there
exists a § > 0 such that

()  Qils)
Qi) 2ils)
Pj Di
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forall s € [t — 8, t + §]. By the definition of the fluid limit, it holds for large enough
r; that

Q;! (s, w) er’ (s, w)
>
Pj Pi

forall s € [t — §, t + §]. In this case, the routing policy states that all arrivals of type
{i, j} move to station i. Therefore, AZ j remains constant on [t — 8, t + 8], and hence,

A; 7, j(t) = 0. Moreover, station i receives all arrivals and, by the FSLLN and (25),

Aiji(ta, w) — Ajj i (1, ®) = piyAL(t, 0)(t2 — 1)

forall 11 < 1 with 11,12 € [t — 8,1 + 8]. It follows that A7, ;
by (15).

Finally, we show that there is a unique invariant state given by ¢ = (p1A/u, ...,
psi/w). Introduce the function

h(t) = max { Qj(t)} — min { Qj@ } )

(t,w) = pijAL(t, ®)

1<j<S

and write

Smax (1) = arg max {%} . Smin(¢) = arg min {—Qj(t) } :

l<j<S$ Dj l<j<S§ pDj

Trivially, h(t) > 0. Since 0() is Lipschitz continuous, so is /(-), and hence, it is
differentiable almost everywhere. To show that 2(0) = 0 implies A(t) = 0 for all
t > 0, it therefore suffices to show that if 2(z) > 0 then 4'(¢) < O for every regular
point 7 of X. By (26), we observe that, forevery j = 1, ..., S and regular point ¢ > 0,

0iny= > A} ;(n—Djw.

ifi,jleE

Due to (27)-(30), D}(r) = min{qu(t),pjk}. In particular, we observe that

Dj(t)/pi = D;(t)/pj for all i, j € Smax (1), as well as for all i, j € Swin(1). Due to
Lemma 2.8.6 from [8], as ¢ is a regular point, it follows that

Digijnee A7 ;O Yeenyer Ay ®
Pj P
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forevery j, [/ € Smax (1), as well as for every j,l € Smin (7). Due to (24), (25) and (32),
we conclude that, for every j € Smax (1),

S nep Al ()1 : _ _
sjyeE St Ly o opi > piAL@) | < AL().
Dj Dj ZieSmax(t) Pi (i,j}€E,
i,J€Smax(t)
On the other hand, for every j € Smin(f),
St nep AL (1) 1 ; - =
HUI T AL I 2 S 3 piAL(t) | > AL(1).
pPj Pj Ziesmin(t) Pi {i,j)€E,
iESmin(I)UjESmin(Z)

Observing that D;. (t)/p; > D}(t)/p; for every j € Smax(t) and i € Smin(t), we
therefore conclude that if 2(¢) > 0 with ¢ a regular point, then

W' (t) < AL(t) — AL(1) = 0.

In other words, for every invariant state of the fluid limit, it must hold that 0:/pi(t) =
Q;/pj(t) forevery i # j. We observe, in view of (26), that

0'(1) _ YiijieE Al (0 = Dy®
Pj Pj

’

where, forevery 1 < j < S,

Di(n) o
Y = pnmin{Q;(1)/pj. 1/un},
J

and hence, in view of (24) and (25),

i(i.j)eE
That is, Q’j(t) = 0 if and only if

pmin{Q;(t)/pj, A/} = p;AL(t).

In view of (31), this occurs if and only if Qj(t) =pjr/puforevery j=1,...,8.
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B State-space collapse proofs

To prove Theorem 6, we use a framework similar to that of [6,9]. The construction
consists of several steps, which we lay out next.

1. Divide the interval [0, T] into T /7 intervals of length 1/./r, indexed by m. In
each interval, consider the hydrodynamically scaled process of X. For each of
these intervals, we

(a) show the scaled process is “almost” Lipschitz continuous;

(b) show convergence to some hydrodynamic limiting process for a sufficiently
large part of the state space;

(c) derive the hydrodynamic limit equations.

2. Relate the hydrodynamic scaling to the diffusion scaling, using a SSC function to
deal with complications regarding the range of the time variable. Transferring the
results appropriately, we show multiplicative SSC with respect to the SSC function.

3. Using a compact containment condition, we show that this implies strong SSC.

B.1 Hydrodynamic scaling and its limiting process

In order to introduce the hydrodynamic scaling, we use a diffusion scaling for the
values of the process but we slow the process down in time in order to analyze what
occurs initially (what would happen instantaneously on a diffusive scale). That is, we
divide the interval [0, T] in T+/r intervals of length 1/./r, indexed by m. We write

p=(p1,...,ps),and
max ’Ql‘(m) Ar Lr(m) 2 (37)
Xrm = — | —pr— — ) =r| ,ry.
, \/7 PM \/77

For the processes in X, we introduce the following hydrodynamically scaled variants:
For Q", Z" and L", let

2

k]

Qr,m(t) — »\/xr,mt> V) ’ (38)

= (5
A \G\FT T
Zr,m(t) _ 1 (Zr <i+ xr,mt> _ )\'_r> (39)

T mEa\C\ET ) T )
(40)

Lr,m (t) —

3
=
ks
3
=
S~
|
<
—

wln(” (5

the deviations of these processes with respect to their fluid limits. For the processes
A", Ag, Y", T" and D,, we introduce

U —— (A’ (1+ x”’"’)-A’ <ﬂ)) @1
S Jr r Jr))’
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Ay = o (ar (g Y e (2 )
oG (0(Ger)-a(F) @
gy p( MmNl o m
e () (3) e
r.m _ 1 r ﬂ Xr,ml _ ﬂ
o (r () (5).
Dy = — (D’ <ﬂ+ x”"’)—pr <ﬂ>> (45)
_«/xr,m \/7 r \/7 .

In other words, we track the increase of these processes during the interval
[m/\/r,m//r + /Xr.mt/r]. By the definition of x, ,;, we note that

X (O)] = 1,

which will be a required compactness property when we prove convergence to a
hydrodynamic limit. Moreover, due to our fluid limit results, we can show that , /X, ,, /r
is very small for all w € A.

Lemma 2 Suppose Qr 0) — Q(O) for some random vector Q(O), and let M > 0 be
fixed. For every € > 0 and w € A,

X X
By { I Qr (1) gy, Y ||an(t>||M}§e
m<rT r r

forr large enough.

Proof Due to our fluid limit result in Theorem 5 and the definition of x, ,,, in (37), we
observe that

Xr.m

< max{| Q" (t) — prr/ullr/r, IL" (1) = rlir/r, 1/v/r} < €

for r large enough. Moreover, for r large enough,
max{” o ) — p)\r/M”T-i-Me /e LT () — r”T—i—Me/V} e

We conclude that, for every m < /rT,

r,m " + r,m — pA
«/xr, 10" ()l = 10" (m//r \/x; /rt) — par/pllm —e
and
Nz

NEEPNLM (@) — vl < e
.
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For the hydrodynamically scaled process, the system identities translate to

A{Jz’”(r): {j”}(r)+Al’j”;() v{i, j} € E, (46)
r,m _ 1 L. r r,m .. r [ 7
Aij () = 7@ (Al] (Y (m/\/;) + VXrmY (t)) - Az] (Y (m/\/;))) , Y{i,j} €E,
“47)
Q" =0 O+ Y AL =DM @, Vi=1....5, (48)
ifi,jleE
r,m 1 r r,m r .
AR — (5 (17 n/ P+ Erm 1T ) =8, (17 0m/vD)) . Vi=1,...,
(49)
o t
Y””%t):t—kﬂf L"™M(s)ds, Vj=1,...,8, (50)
r 0
I t
7™ (1) =pj5z+ x”'”/ z0M(s)ds, Vji=1,...,8, (51)
J u r J
r.m . r.m )‘r . 52
27" (1) = min | Q' Vi=1,...,S, (52)
K +
L")y ==Y (Q’-"”(t) - ﬂp, M) : (53)
Jj=1 ! v
Q""" (1)
"(t) can only increase when Q" ® < v{i,j} € E. 54)

” i Pi Pj

In order to show that X" is almost (with the exception of certain events) Lipschitz
continuous, we would like to exclude these certain events, i.e., show that such events
are unlikely to occur.

Lemma3 Fixe >0, M > 0and T > 0. For r large enough, there exists a constant
N > 0 (only depending on A, u, and {p;;; {i, j} € E}) such that

]P’( max  sup {|A""(t) — A""(1)| = Nt — 1)} = e) <e, (55
m<rT 0<t<t<M

P max  sup {|D""() —D""(t)| - Nt —t)} =€) <e.  (56)
m</rT 0<t|<th<M

Moreover,

1
YT () — —— A" 1)
plj

]P’( max 2€> <e {i,j}€E, (57)
m</rT M

P| max
m<yrT

1
T:™(@) — =D (1)
J " J

>e|<e j=1,...,8. (58)
M
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Proof First, we note that, due to the memoryless property which both the arrival and
service completion processes satisfy, the choice of m is irrelevant and thus can be
made arbitrarily. To prove (55), we start by showing that, for every {i, j} € E,

HD( sup {A;}m(lz)—Afjm(tl)—L(tz—n)}26>§6.

0<ti<th<M pijr

From (50) and (53), we observe that Y, ,,(f) < t and is non-decreasing. Due to the
properties of Poisson processes,

Aii (SXr Y (1)) — Aji (SXr Y (2
A?jm(lz)—Ar'nl(ll) i l]( r,m (2)) 11( r,m (1))

ij N AXrm
z Aij (\/xr,th) - Aij (\/xr,mtl)
- Xr.m '
Therefore,
r,m r,m h—1
P sup Aij (1) — Aij (1) — > ¢
0<ti <t <M pijh
Aii (SXrmt2) — Aij (JXr.mt H—t
SP sup 11( r,m 2) 1]( r,m 1) . 2 1 > ¢
0<t1<tr<M Xr.m Dij

Aij( xr,mt) _ t
Xrom pij)V

2

where the second-to-last inequality follows from Proposition 4.3 in [6]. Choosing
N =1/(Aminy; jjeg pij) and applying the union bound twice, we obtain

>€/2) < 26 =< 62 ;
y 2M? Xy T 2MEr

€T|E|
P max  sup A (1) — AV ()| — N — 1)} = €| < ,
<M<ﬁT Oftlstng“ | } 2M?

which yields (55).

The proof for (56) is completely analogous, but with minor adaptions as one uses
Tjr’m(t) < pjA/ut instead of Y™™ (1) < t. We conclude that (55) and (56) show
that the hydrodynamically scaled arrival process and service completion process are
almost Lipschitz continuous.

In order to prove (57) and (58), we introduce the following processes: Let
{uij(1),1 > 1} be independent exponentially distributed random variables with rate
Dij, representing the time that a car has before it needs recharging at either station i
or j. Let {v;(l),l > 1} be independent exponentially distributed random variables
with rate u, representing the service requirement (recharging time) of a battery at
station j. Define
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Uij(n) = Zuij(l), {i,j} € E,
Vi)=Y v, j=1,....85,
=1

the aggregated interarrival time of n cars that will choose between stations i and j,
and the total service requirement of n batteries at station j, respectively. We observe
the identities

Aijt) =max{n:U;j(n) <t}, S;(t) =max{n:V;(n)<t}, t>0.

Moreover, due to (16) and (18), we observe

Uij(A;;0) <Y () = Ui (A0 + 1), {i,jl€E, (59
V(D) < T/ (1) < V;(D;) + 1), j=1,....5. (60)

As in [9], we define for notational convention, for b = (b1, bp) € N,

1 VA romlt
(61)
1 ot
o o5 ) (51
(62)
In view of (59) and (60), this yields the inequalities
U™ (AL (0, (0, 1) < Y™™ (1) < U™ (A (0, (1,0), (i, j} € E, (63)

er’m(Dj(t), 0, D) = Tjr’m(t) < VJ.””’(Dj(t), 1,0), j=1,....8. (64)

Using these processes, we first prove the following bounds:

1
P(max ‘Uij(Ajz’"(t),b) —A””()H )56, vii,jl € E, (65)
m<./rT J P
1
IE”( max ||V;(D""(t),b) — —D"""(t) Ze) <e, j=1,...,8, (66)
m<rT || w M

for b = (1,0) and b = (0, 1). The proof is similar to that of (78) in [21]. We observe
that the proof of (55) implies that in particular

(o () 2 )< o

plj)\‘

@ Springer



Queueing Systems

and hence also

o () 2 ) <

Di
>en>§

for r large enough. Proposition 4.2 of [6] states

(|-

SN

Therefore, it follows that

AT

AL () 2M SXrom 1 N
P\ |usagan - =L ‘ >l )< (et 5e):

Pij SEmMr Pij \/7

and
AL (1) 3M [xrm 1 X

P Uij(A{j(t)+1)—’f—“ > e _i<m+§‘]’u)
Dij SEMr Pij x/_

Increasing € appropriately, we obtain
€
P >l <
( =)< 77
for both b = (0, 0) and b = (1, 0). Using the union bound yields

P{ max >e| <e
m<rT M

for both b = (0, 0) and b = (1, 0). To conclude the proof for b = (0, 1) as well, we
observe

ALM(r)

Dij

U™ (AL (1), b) —

M

A" (D)

r.m r,m
U,‘j (A,'j (t),b)_ pij)\

( max U7 (AT (0).5) = U™ (A7 (1), 0.0)| = e)

m<A/rT

m m
P i AT — 1)-U;i AL | —
< (o o (0 () +1) -0 (1 ()

T,
<P< r,T,max xr,mf)fﬂ

> E\/xr,m)

where the final inequality follows from Lemma 5.1 in [6] with

u;]’.T’maX =max{u;;(1) : U;(I = 1) <rT}.
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The proof of (66) is analogous to (65), replacing the arrival processes by the service
processes. Equations (57) and (58) are then a direct consequence of (63) and (64).
O

Using the previous result, we can show that X is almost Lipschitz continuous.

Proposition2 Fixe >0, M > O and T > 0. For r large enough,

P max sup {|X""() —=X""(1)| =Nt —1)} =€ <e,
m</rT 0<t| <t,<M

where N < o0 is constant (depending only on A, u and {p;j; {i, j} € E}).

Proof This follows in a straightforward way from Lemma 3 and the hydrodynamically
scaled system equations. That is, let V" denote the intersection of the complements
of the events given in Egs. (55)—(58), so P(V") < 1 — Ngpe with Ny the number of
equations in Lemma 3. We note that in order to prove the proposition, it suffices to
show that for every w € V', and for every 1, € [0, T]and m < /rT,

[X""(82) = X" ()] = Ni(r2 — 1) + Nae, (67)

where Ny and N, are only dependent on the system parameters (i.e., A, i, p). Let
t1, tp € [0, T] with t; < t. By the definition of V",

|A"" (1) — AP (1) < N(tr — 11) + €,
and
|D""™ (1) — D" (1)| < N(t2 — 11) + e,
for N as in Lemma 3. Due to (46),
(AL (1) — A" ()| < |A"™ (1) — AV (11)| < N(12 — 11) + €.
In view of (48) and (46), we observe

Q7" (12) = Q" ()| < |E| A" (1) — A™" (01) | + S [ D" (12) — D" (11)]
< (|E|+ S)N(tp — t1) + 2e.

Due to (57),
Ar,m t _Ar,m t
{i,jl€E Pij
N 1
S Z 7(1‘2—1‘])"‘ Z _)\'+2 €.
{i,jl€E Pij {i,jl€E Pij
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and similarly, due to (58),

1 1
|T"" (1) — T"" (17)] < " [D""(13) — D" (1)] + 2¢€ < %(tz —1)+ (ﬁ + 2) €.
In view of (52),

| 2" (1) — 2" (11)] < | Q7" (12) — Q7" (1)| < (|E| 4+ S)N (12 — 11) + 2e.
Finally, due to (53),
|L"™" (1) — L™ ()| < S|Q"" (1) — Q"™ (11)| < SUE| + S)N(t2 — 1) + 2Se.

We conclude that (67) is satisfied, as each process in X" satisfies this property.

O

As is done in [6,9], one can take € appropriately small for every system. That is,
forfixed M >0, N >0and T > 0, let

Ky = { max  sup  |X"" (1) — X7 (1)) ZN(Iz—fl)-i'E(”)}’
m<rT 0<t1 <t <M

where €(r) — 0 asr — oo is a sequence of positive real numbers. Moreover, in view
of Lemma 2, let, for that same sequence {€(r)},cRr,

H = { max {—er’*”’u 0" (1)l m, —””’”||L”"(r)||M} < e(r)} :

m<rT r
Let K" denote the intersection of K, H", and the complements of the events in
Lemma 3. We note that Lemmas 2, 3 and Proposition 2 continue to hold for the
sequence €(r) if €(r) — O sufficiently slowly. We conclude that P(K") — 1 as
r — OQ.
Corollary 2 Fix M > 0 and choose N > 0 and €(r) as above. Then,
lim P(K") = 1.
r—>00
Following the framework of [6], we can use these results to state that the hydrody-

namically scaled system convergences to a hydrodynamic limit. Fix M > 0 and let E
be the set of right-continuous functions x : [0, M] — RY with left limits. Let

E'={x€E:|x(0)] < 1,|x() —x(t)| < Nlta —t1] V11,1, € [0, M]}.
Moreover, we set

E'={X" m < rT,we K"},
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and

E={E",r e N}L
We remark that these definitions are not related to E, the set of all possible pairs of
stations where cars can move to.

Definition 2 A hydrodynamic limit of £ is a point x € E such that for all € > 0
there exists a r9 € N so that for every r > rg there is some y € E” such that
x() —y(Olm <e.

Since | X" (0)| < 1, the following result is a consequence of Proposition 4.1 in [6].

Corollary 3 Let E, E",E be as above. Fixe > 0, M > 0, T > 0, and choose r large
enough. Then, for v € K" and any m < /rT,

X)) = XO)llm < €

for some hydrodynamic limit X(-) € E’ of €.

Finally, to conclude this section, we derive the equations that are satisfied by any
hydrodynamic limit.

Proposition3 Let M > 0 be fixed, and let Xbea hydrodynamic limit of € over [0, M.
Then X satisfies the following equations:

Aij(0) = Ajj (1) + Ajj (1), V{i.j} €E, (68)
Aij(0) = pishY (1) = pijht Vi, j} € E, (69)
0;j1)=0;00+ Y  Aj;t)-Dj@), ¥Yj=1....8. (70
ii{i,j}eE
Dj(t) = uTi(t) = pjrt, Vj=1,...,8, (71)
Yt)=t, Vj=1,...,8, (72)
Ti(t) = pjr/ut, Vj=1,....8, (73)
200 _ 00
~ pijAlf == < ==
A y=1"""" Pi o Y{i,j}€E. (74)
’ 0 l'fQ"(t) S Qi)
pj pi

Remark 4 We cannot provide such general equations for VA (-)or L (+), since these limits
depend on x; ,,. That is, the processes Z"m () and L"™ (") converge to a limit, but
the limiting process may differ for different m. In the proof, we specify the limiting
equations of these processes as well.

Proof of Proposition 3 Let X be a hydrodynamic limit of £. For a given § > 0, choose
(r,m) such that e(r) < §, and

IX(t) = X" (1, )|y < 8.
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Due to (50), (51) and w € ‘H", we derive
1Y @) =l < (1 + M8, ITj(@0) — pjr/ptlly < 1+ M)S, j=1,...,8.
From (57) and (58), we obtain
1Aij (1) — pijatlm < @+ M)S, {i.j}€E,
and
IDj(t) — pjrtly < 2+ M), j=1,...,8.

Equation (68) is a clear consequence of (46). Combining the above equations, we
observe

Qi) —0j0) — > Ay )+ Dj()| <2(E|+ )2+ M)s.
ii{i,jleE I

These bounds imply that any hydrodynamic limit satisfies Eqs. (68)—(73). Finally, we
still have to show (74). If, for some ¢ € [0, M],

0,1y Qi)
—_— >
Pj Di

’

then by continuity of X, there exists a n > Osuchthatthisholdsforalls € [t —n, t+n),
and also

0" QM)
> .
pj pi

r.m

Due to (54), this implies that A; M (s) is constanton s € [t — n, t + n]. Therefore, its
limit is also constant on [t — 1, t 4+ 1], and hence, the derivative is zero. On the other
hand, if

0;t) Q1)
2,0 &)
Pj Di

then by continuity of X, there exists a n > Osuchthatthisholds foralls € [t—n, t+7],
and

0 ") Q7™
< .
pj pi
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Since A; i = 0, and due to (46) with limiting process (69),

s ALt +n) — AL(1)
: J 2
Ajji = lim . = Pijh

B.2 The SSC function

In this section, we introduce the state-space collapse (SSC) function under which we
show multiplicative state-space collapse. The SSC function we use in our paper is
g : RS — R, defined as

g(q) = max L _ min I (75)
l<j=S p; 1=j=S p;
where ¢ = (q1, - .., gs). We note that g(-) is a non-negative continuous function and
satisfies

glagq) = ag(q)
for every o > 0.

Lemma 4 Suppose g : RS — R is defined as in (75). Then,
§(QW) < H®), Vi =0,

for every hydrodynamic model solution X satisfying IX(0)| < 1, where

2 +
H(t) = (— — hl‘) (76)
mini<j<s pPj

with h > 0 some constant that depends only on A and {p;;, {i, j} € E}. Moreover, if
2(0(0)) = 0 and |X(0)| < 1, then g(Q(1)) = 0 forall t > 0.

Proof The proof relies heavily on the ideas used in the proof for the fluid limit. Let

2 (i jIeE, Pij X {ij)eE, Pij
h=min {r—SLUEL _, 1€INET g7 gc{l,... S INT =0
YieT Pi Y jeT Pj
Since

1 1

S DTS S > i<l
i€ Pl i ek, jeT Pi i jjeE,

ieTujel ieJnjeJ
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for any non-empty Z, J C {1, ..., S} withZ N J = @, we observe that 7 < 0. For a
hydrodynamic limiting process X let Hg (+) be given by

- +

H (1) = (8(00) — hr)
We note that this function is non-negative, and satisfies Hg(t) = 0 for all ¢+ >
g(0(0)/h.

To show that g(Q(t)) is bounded by this function, we note that it suffices to show
that whenever g(Q(t)) > 0 with ¢ > 0 being a regular point of X

g'(0@) < —h.
For this purpose, let
Smax (1) = {i efl,....8: Qi)/pi = max Q;(r)/p,-},
and
Smin (1) = {i ef{l,....S}: 0i()/pi = lfmji;ls Q/(l)/P,/} -

Due to Lemma 2.8.6 in [8], it holds for all i, j € Smax(t) that Q}(t)/p; = Q’j(z)/pj,

and similarly, for all i, j € Smin(¢) it holds that Q/(1)/ p; = Q';(t)/ p,. Therefore, due
to hydrodynamic limit equations (68)—(74) and the observation that there is at least
one station j ¢ Smax(¢) such that {i, j} € E, it follows that

AG) A
<
i Diesmn) Pi i 42k,
i,j€Smax (1)

pij — A

for all i € Smax (¢). Similarly, for all i € Spin,

D! (t A
Ql( ) > Z Pij — A
Pi 2ieSmn() Pi liJ)eE,
i €Smin (1)U ] € Smin (1)

We conclude that g/(Q(t)) < —h, and hence, g(Q(t)) < Hg(t) forallr > 0. In
particular, if g(Q(O)) = 0and |§§(O)| < 1, it follows from the definition of Hg(-) that

g(0@t)) =0forallz > 0.

The first statement of the lemma follows since for every hydrodynamic model
solution X satisfying |X(0)| < 1, it holds that g(Q(0)) < 2/min;<;<s p;. Hence,
Hs(-) < H(-) for every hydrodynamic model solution X satisfying |§§(0)| <1. O
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This result implies that the hydrodynamically scaled queue length almost satisfies
this property as well. The next result is an immediate consequence of Corollary 3.

Corollary4 Fixe >0, M > Q0and T > 0. Then, for every w € K",

g(O""(1) = H(t) + €

forAall t € [0,M] and m < ./rT, where H(-) is as in Lemma 4. Moreover, if
g(0(0)) — 0 in probability as r — oo, then for all w € L™ with

=k n{lg@ 00| =€
it holds that

llg(Q™°M))llm < e,

and
lim P(L") = 1.
r—00
B.3 Multiplicative state-space collapse
The goal of this section is to show multiplicative state-space collapse for the SSC

function defined in (75). To do so, we first need to relate the hydrodynamic and
diffusion scaling. That is, we observe that

AT/ A m Xr mt DAl A 1
Q] () p/ xr’m Q] (ﬁ r yr"n Q] ﬁ( )’r,m )
where

3

o(3)

[xXem oA, ( m
Yrom = r =max, |p ;Q ﬁ)

i@y = %

Corollary 4 can be translated to the diffusion scaled process. Consider the SSC function
g : RS — R defined as

!

with

0 = max ¢; — min ¢;
8@) 1zyjzs 1T 12jes

withg = (g1, ...,9s).
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Corollary 5 Fixe >0, M > 0and T > 0. Then for r large enough, and w € K',

~ AF Yr.m 1 _ Yr.m
20" () < Anfq<nmuﬁt'm)+e¢ﬁﬁ

forallt € [0, T]withm € N such that

i <t < m yr’mM
NG
Also, forall w € L,
nL A yr,0
(¢ < S
”g(Q ( )”Myryo/\/iT —= 6«/)\-/_#5
Since H(-) is given as in (76), we observe that H(t) = O for all ¢+ >

2/(hminj<j<g p;). We would like to show that (Jrt — m)/yr.m can be chosen large

enough to obtain a very small upper bound, and use that property to show multiplicative
state-space collapse.

Lemma5 Suppose M > 2(N + 2) is fixed, and let

M
mr(t):min meN:lStSM .
Jr

ﬁ

Then, for r large enough,

rt —m.(t) - M
Yrom,(t) T 2(N+2)

foreveryw € K" andt € (Myy0//r, T].

Proof For every w € K", by the definition of the set,
X" (1) = X"™(0)] < Nlta — 11l + e,

fort,t € [0, M] and m < /rT. In particular, for t, = 1/yrm,t1 =0ande <1,

pfmtl rm rfmtl\ o (m

meflo (") -2 ()| 1 (") -+ (%)

Applying the reverse triangle inequality, we observe

it ()| () <l () e

<N+yrm <N+ Dyrm,

N
| < v+

Yr.m

=
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and similarly,

<(N+ 1)yr,m-

(3)

Yrom+1 = Yr.m + (N + l)yr,m = (N + 2)yr,m~

(o)

Therefore, it always holds that

For every t € (My,’o/\/?, T1], it follows by the definition of m, (¢) that

Nrt =mpt) = 1+ Yem iy—1 M.

In particular,

\/7t —m, (1) - yr,m,(t)—lM -1 . M _ 1 . M
Yrom, (1) B Yrom,(t) T N+2 Yem 2N +2)’
where the last inequality follows since M > 2(N + 2). O

Next, we show the main result of this section.

Theorem 8 Suppose Qr 0) — Q(O) for some random vector Q(O). Forevery T > 0,
€ > 0and M < oo with

4(N +2)

M > max {—
hmmlfjfspj

,2(N+2),1},

it holds that

(77)

P (SUPM,\’r,o/‘/iflfT GUA0) > e) — 0,
max{|| Q" ()|, 1}

as r — oo. If, in addition, §(Q’ (0)) — 0 in probability as r — oo, then for every
T >0,

180" Ir &
max{|| 0" (1)1, 1}

(78)

asr — OQ.
Proof Fix n > 0 and note that by construction there exists a ro such that, for all » > ro,
PK")>1—n.

For every w € K', we have derived bounds that only require that M is bounded.
We note that M as in the statement of the theorem allows, for every ¢t € [0, T],
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m/Jr <t < (m+ ymM)//r for some m < /rM. Moreover, it follows from
Lemma 5 and (76) that

H( L _mr(t))) =
Yr.m,(t)

forall t € (My,0/+/7, T]. In view of Corollary 5, we obtain, for every € > 0,

Yrm,(t)

g(Q (1) <€ N

forallt e (Myr,o/ﬁ, T]. Since, forall ¢t € [0, T'],

zw%)l

A A
-0 (t)
n

|

Yr,mp(r) = Max { p

gmax[ p

we obtain, for every w € K",

o,

()|
il

SupMVrO g(Qr(t))

€
el ol 1] - A%

Note that, for every t > 0,

S
Ii’(t)l=2(p,fQ OB f) f (10 wi+si81). @9
j=1

Moreover, since € > 0 is arbitrary, we can conclude that (77) holds.
If Q" (0)] £ 0, it follows from Corollary 5 that, for all w € L£" and t €
[0’ Myr,O/\/F]’
( i (1) H , 1} .
T

Since € > 0 is arbitrary, together with (77) and (79), we obtain (78). O

A A € € iAr
g(Q (1) = —WYr,OS —mmaX{ p MQ ) .

Remark 5 Note that the bounds in Theorem 8 are obtained for every fixed 7 > 0.
Yet, from the proof it is clear that one has the following slightly more general result:
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Suppose Q’(O) — Q(O) for some random vector Q(O). For every € > 0, M < o0 as
in Theorem 8, and t, € (My;, o//7, 00),

P (SupMy,-.o/\/?ssstr 807D > 6) — 0, (80)

max{|| 0" (), 1}

as r — oo. If, in addition, g(Q’ (0)) — 0 in probability as » — oo, then for every
tr G (Myr,O/«/;, OO),

[ O P
max{]| Q" (®)]|;,. 1)

81)

as r — 00. In other words, the interval over which the state-space collapse is consid-
ered can also be chosen as a sequence of intervals indexed by r.

B.4 Strong state-space collapse

Although Theorem 8 shows multiplicative state-space collapse, our interest lies in
the strong state-space collapse as is stated in Theorem 6. To do so, it suffices to
show that the denominators in Theorem 8 are bounded in a probabilistic sense. More
specifically, || Q" ()|l should satisfy the compact containment property. Before doing
so, we prove a result that shows that even if the diffusion-scaled queue lengths are
initially not necessarily close to one another, these queue lengths do not explode for a
sufficiently short period of time.

Lemma 6 Suppose Qr ©0) — Q(O) for some random vector Q(O), and M € [0, c0).
Then,

Jimtim P (10"l 17 > K) = 0.
Proof Fix ¢ € (0, 1) small. First, note that

P (IO llyry, o/ > K)
=P (10" Ollygy, o/ > Kimax {07 O)1, .0} = k) + P (max {107 O], 3.0} > €K).
(82)

By definition,

L (0)

)

A A
p,|—0Q"(0)
n

1

Yr,0 = max {
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Since Q’(O) — Q(O) for some random vector Q(O),

lim lim <|Qf(0)| > 6[() -0,

K—oor—00

and due to the definition of y, o and (79) for t = 0, this implies

lim 1ir2019>(max [|Q*(0)|, y,,o} > eK) —0.

K—oor—

To bound the first term in (82) as well, we observe that the queue length at some
time is trivially bounded by

0O =107 O) +max } 3 Ay(ro), max (S;(Fjn)
{i,j}eE T

We observe that F; < (1 4 €)Ar/u for r large enough. Moreover, if {A(¢),t > 0}
denotes a Poisson process with rate A, then due to the properties of the Poisson process
itholds that ) li.j)eE Aij () LA (+). In terms of the diffusion scaling, the above bound
yields, for all > O,

Ap Ay max {A(rt),maxlSjSS{Sj((l +6)Ar/,ut)}}
0)| + .
10" ()] =107 (0)] min= <5 pi/ATTR

Therefore, using this bound for t = My, o/+/r < e MK //r and noting that Poisson
processes are (non-decreasing) counting processes,

P (10" Oy, o5 > K: max {107 O, yr0} = €K)

p max {A(eMK /r), maxi<j<s {S; (e(1 + e)A/uMK /r)}}
- minj<j<s pj/Ar/ 1

> (1—6)K).

Due to the LLN, we observe that

lim lim P
K—oor—00

( A(eMK Jr) a 6)> 0
> — =
minj<j<s pj/A/K/r

for € > 0 small enough (for example, fore < 1 — M /(M + /A/umini<j<g p;)).
Similarly, due to the LLN,

5 p(Si(ed+en/uMK )
mini<j<s pj/A/nKr

>(1—e))=0
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for € > 0 small enough (for example, for € < minj<j<gsp;/(M/A/ 1w +
minj<;<s p;)). We conclude that the first term in (82) converges to zero, i.e.,

dimtim P (1070l o5 > K:max {107 O], yro} < k) =0,

and hence, the result follows. O
Next, we show that the process Q' (-) satisfies the compact containment property.

Proposition 4 Suppose |Qr )] — Q(O) for some random vector Q(O). Then, for
everyT > 0ande > 0,

lim lim ]P’(HQ’(t)HT > K) —0. (83)
K—oor—0o0
Proof Fix € € (0, 1/3) small, and let K > max{2|8| + 2, 2|y| + 2}. Introduce the

sequence of stopping times

AT . A" o s, : 4
tK—mf{’ZO~12‘}?‘;‘5Qj(t)>1(}’ TK—sup{Ostfrk.I;njlgSQj(t)gK/Z},

and similarly,

flr(zinf{tzo min Qr(t)< K} fé:sup{Oftsfk max Qr(t)>—K/2}.

<]< <j

Clearly,
P(10°Wlr = K) <P(tk <tk <T)+P(fr <tk <T). (89

In order to improve the readability of the proof, we first present a proof in the case
when g(Q"(0)) — 0 in probability as r — oco. We then comment on the changes
needed to adapt the proof to the case when this condition does not necessarily hold.

Case I: g(Q’ 0)) — 0 in probability as r — 00.
Since |Q’ )] — Q(O) for some random vector Q(O) it holds that

. . Ar _

and hence, we can assume that both f1r< > f,g > (0 and f1r< > TIQ > 0 (for K large
enough). Moreover, for every t < min{Ty, T},

18CO" () lmingir 1
AL S BN max 07(r) — min_ Q () < eK. (85)
max (|00 lmintey 211, 1) 15iss
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Next, we provide bounds for the two ways of crossing the boundary K separately.
First, we consider the first term in (84). We observe

oy |I§(Q’(t))||f;( ) < IIg(Q’(t))II )
<Ptx <tx <T; = <e|+P >e]l.
max{[| Q" ()|l+ ., 1} max{IIQ’(t)IITK 1}

Due to Theorem 8 and (81),

- P( 18CQ" )z 6) o
r—00 max{nQr(r)ufK 1}

To bound the first term, define the process {Qrz (1), t = 0} with

st‘:l (Q;(t) - PjM//L) N

0%(1) = e =;ij,-(t).
We observe that
min Q (1) < 0% (1) < maX Q (). (36)

1<j<S§
Due to the system identities, we observe that, for every ¢ € [IA‘I’(, fI’(],

. o Yer AL = AL(TE) Y5, D) — Di(TE)
O%(t) = 0% (Ty) + eI — i .

We note that, due to the properties of the Poisson process,

AL - AT st Y AL — ALGTE) £ AGH — ACTE)

{i,jleE {i,jleE

with {A(t) t >0} an (1ndependent) Poisson process with rate A. Moreover, since for
allt € [T7, Ty ] it holds that Q’ (t) = y foreveryi € {1, ..., S},

S S
D D) - Di(Tg) = S;(Fjt) — S;(FjTg).
j=1 j=1
Using the FCLT, we observe that

AGrD) = ACTR) = Y32, S (FIn = Sj(FiTp) @
o ym

% BM(1) — BM(Tg) — yut — T§)
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as r — oo, where {BM(t),t > 0} is a Brownian motion with zero mean and finite
variance (independent of K'). Finally, by the definitions of the stopping times, and in
view of (85) and (86), forall € [T, T 1,

0% (i) — 05 (Th) = (1 —e)K — (1+€)K/2 = (1 —3€)K/2.

We conclude that

( o 12C0"())llz;, )
lim P g <T; m <e€

e m'clx{llQ’(t)ll

< P( sup BM(r) — BM(s) — yuu(t — 5) > © _2361<) ,

0<s<t<T
which converges to zero as K — oo since € € (0, 1/3).

The analysis of the second term in (84) uses similar arguments as the first term. We
observe

(g <t
( 180" )z, > ( 180" )z, )
= s -~ 6 +P —— ——— —— > € .
max{]| Q’(t)ll 1) max{|| Q" (|7 . 1}
Again, due to Theorem 8 and (81),
"(t
lim P 120 N, A D
r—oe max{IIQ’(t)IIfK 1}

Due to the system identities, we observe that, for every ¢ € [YV“I’(, flr(],

>§~:
I/\

I /\
/\

Ar Ar qr Z{l JYEE Ar (t) A:J(Tlr() Z}?:l Drl(t) B D;(Tlr()
05 (1) = Q%5 (Tg) + W — T :

Due to the definitions of the stopping times, we observe that, for all ¢ € (17, %% xl it
holds that Q;.(t) < Bforevery j € {1, ..., S}, and hence, L" (t) = r. Therefore, due
to the properties of the Poisson process,

- d v
YA AT = Y ALt — AL TR) = AGrt) — AGrTR)
{i,.jleE {i,jleE
with {A(¢), t > 0} a Poisson process with rate 1. Moreover,
s s
> Do) = D(T%) st Y S;(Fj0) — S;(Fj ).
j=1 j=1
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Using the FCLT, we observe again that

A = AGTR) = Y32, S (Ff0 = S;(FiTR)
NZYm

L BM(r) — BM(TL) — yut — T5)

asr — 0o, where we recall that {BM(¢), ¢t > 0} is a Brownian motion with zero mean
and finite variance (independent of K'). Finally, by the definition of the stopping times,
and in view of (85) and (86), it holds for all € [Ty, T ] that

1 — 3¢
2

IA

—1—K —(—(14+6)K/2) = — K.

0% (tg) — 0% (TE)

We conclude that

r—0o0

12(Q" )%, )
<e€

lim P(Tp <t <T; = <
< max{[|Q" (), 1}

SIP( sup BM(r)—BM(s)—m(t—s)s—l_23%),

0<s<t<T

which also converges to zero as K — oo since € € (0, 1/3). Since this holds for both
of the two summed probabilities in Theorem (84), we conclude that (83) holds.
Case II: general case, i.e., when we do not assume that §(Q’ (0)) — 0 in probability
asr — oo.

Let M € [1, 0o) be fixed and sat1sfy the property as in Theorem 8. Since | Q’ )| —
Q(O) for some random vector Q(O) and due to Lemma 6, it holds that

Jimlim P(||Q’(t)||Myho/ﬁ > K/z) —0.

Therefore, we can assume that both 7 > f"l’( > My, 0//r and T > f[{ >
My, o/+/r (for K large enough). The proof in this general case is then completely
analogous to that in the previous one: [|g(Q" ([))”f[’( needs to be replaced with

SUDye(My, o/ 7,201 18(Q7 ()], and 1 R(Q7 (D) gy, With sup,eqagy, o/ i, 27118(Q7 ()]0
Next, we prove our main result stated as in Theorem 6.

Proof of Theorem 6 Equation (34) is a consequence of Theorem 8 and Proposition 4.
To prove (33), note that, for every € > 0 and any sequence {K", r € N},

P( sup §(Q’(t))>e)
K" /Jr<t<T

=P sup §(0"(1)>e;K > My o|+P(K < My,)
K" /r<t<T
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<P| sup Q') >e)+P(K < My).
My o//r<t<T

Theorem 8 and Proposition 4 imply that, for every € > 0,

lim P sup  8(0"(1) >¢€| =0,
"0 \Myy o/ r<t<T

Moreover, for any sequence {K”, r € N} for which K" = o(y/r) with K" — oo as
r — 00, it holds that

lim IP(K’ < My,,o) =0.

r—0o0

by the definition of y, ¢, (79) and since Q’ 0) — Q(O) for some random vector Q(O).

We conclude that (33) holds as well. O
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