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Recruiting Heterogeneous Crowdsource Vehicles for
Updating a High-definition Map

Wentao Ye, Yuan Luo, Bo Liu, Jianwei Huang

Abstract—The high-definition map is a cornerstone of au-
tonomous driving. Unlike constructing a costly fleet of mapping
vehicles, the crowdsourcing paradigm is a cost-effective way
to keep an HD map up to date. Achieving practical success
for crowdsourcing-based HD maps is contingent on addressing
two critical issues: freshness and recruitment costs. Given that
crowdsource vehicles are often heterogeneous in terms of oper-
ational costs and sensing capabilities, it is practical to recruit
heterogeneous crowdsource vehicles to achieve the tradeoff be-
tween freshness and recruitment costs. However, existing works
neglect this aspect. To solve it, we formulate this problem as
a Markov decision process. We demonstrate that the optimal
policy is threshold-type age-dependent. Additionally, our findings
reveal some counter-intuitive insights. In some cases, the company
should initiate vehicle recruitment earlier when vehicles arrive
more frequently, or have higher operational costs or sensing
capabilities. Besides, we propose an efficient algorithm, called
the bound-based relative value iteration (BRVI) algorithm, to
overcome the technical challenge that finding an optimal policy is
time-consuming. Numerical simulations show that (i) the optimal
policy reduces the average cost by 19.04% compared to the state-
of-the-art mechanism, and (ii) the proposed algorithm can reduce
the convergence time by 13.66% on average compared to the
existing algorithm.

Index Terms—HD map, crowdsourcing, Markov decision pro-
cess, Age of information.

I. INTRODUCTION

The high-definition (HD) map is a foundation for au-
tonomous driving since it provides autonomous vehicles with
all critical static and dynamic information about their sur-
rounding environment [1], [2]. Dynamic information in HD
maps such as the congestion resolution, dynamic incidence
(e.g., agglomerate fog), and the construction area [3], is
crucial. According to their real-time and unpredictable nature,
dynamic information in HD maps must be highly fresh,
requiring updates from the HD map company (“‘company”
hereafter) within seconds or minutes [4]. Traditional methods
for updating HD maps involve dedicated mapping vehicles
equipped with high-precision sensors, such as LiDARs and
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high-accuracy cameras [5]. However, maintaining such a fleet
is expensive, limiting both its scale and the frequency of
updates.

To reduce the cost while maintaining the information fresh-
ness, many HD map companies have adopted crowdsourcing,
which is often viewed as a cheap source of high-freshness data
[6], [7]. However, there are still some issues to be addressed.
On one hand, to ensure driver safety and promote efficiency in
the transportation system, it is desirable to have an HD map
that is as fresh as possible [8]. To achieve this, companies!
need to recruit a significant number of crowdsource vehicles
to collect fresh data and pay for their operational cost. These
payments comprise the company’s recruitment costs. On the
other hand, although crowdsourcing is often viewed as a cheap
source for collecting data, keeping an up-to-date HD map
can be prohibitively expensive, especially for high-frequency
updates and wide coverage HD maps. [9]. Thus, achieving a
tradeoff between freshness and recruitment costs is crucial for
the practical success of crowdsourcing-based HD maps.

Achieving the tradeoff between freshness and recruitment
costs requires considering the heterogeneity of crowdsource
vehicles in terms of their operational costs and sensing capa-
bilities. This is practical since vehicles from different man-
ufacturers often have varying operational costs and sensing
capabilities due to their installed sensors. Furthermore, accord-
ing to [10], the heterogeneity of crowdsource workers’ costs
and capability usually has a great impact on a crowdsourcing
platform’s tradeoff.

While few studies focus on freshness and recruitment costs,
some [11], [12] only consider one aspect of the tradeoff
and ignore the other, potentially leading to cost-ineffective
methods for creating and updating HD maps. Other studies
[13], [14] that do consider both aspects of the tradeoff overlook
the heterogeneity of crowdsource vehicles, which prevents
practical optimization of the tradeoff. Our work focuses on
achieving the tradeoff between freshness and recruitment costs
while accounting for heterogeneous crowdsource vehicles.

To achieve this tradeoff, we propose minimizing the com-
pany’s time-average cost (“average cost” hereafter). We define
this average cost by the sum of two components: (1) the
company’s profit loss caused by an outdated HD map and
(2) recruitment costs. Since an outdated HD map will incur
some profit loss, we can use a loss function of the age of
information (AOI) called Aol loss to measure this profit loss

For convenience, we refer to the company as ’she’ and vehicles as “he’.
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[15]. In sum, we characterize the tradeoff by the company’s
average cost, which comprises Aol loss and recruitment costs.

Besides, in the context of crowdsourcing for HD maps, the
technical challenge is an efficient derivation of the optimal
recruitment policy. Because Short-term traffic flow prediction
is generally more accurate than long-term [16]-[18], with
“short-term” referring to a few minutes, such as 2 minutes
[19]. Thus, the company must derive and apply the optimal
policy quickly. However, existing related works often neglect
this aspect.

Against this background, we design an MDP model to
minimize the average cost with heterogeneous crowdsource
vehicles. Our model accounts for the varying sensing capabili-
ties and operational costs of crowdsource vehicles and assumes
that they arrive at a single place of interest (Pol) randomly. The
company needs to decide whether to recruit arriving vehicles to
minimize her average cost. To determine the optimal recruiting
policy within an efficient computational time, we formulate
the decision process as a Markov decision process (MDP) and
design a time-efficient algorithm called the BRVI algorithm.

This paper advances the state of the art in the following
ways:

o A Novel Problem Formulation: To the best of our knowl-

edge, it is the first study to examine the tradeoff between
Aol loss and recruitment costs of HD maps involving
crowdsource vehicles. To be practical, we assume crowd-
source vehicles arrive randomly and have heterogeneous
operational costs and sensing capabilities. Achieving such
a tradeoff can help the company reduce the average cost
of maintaining an HD map.

e Optimal Policy Analysis: We prove that the optimal
policy is threshold-type age-dependent. Additionally, our
findings reveal some counter-intuitive insights. In some
cases, the company should initiate vehicle recruitment
earlier when vehicles arrive more frequently, or have
higher operational costs or sensing capabilities.

o An Efficient Algorithm: We propose an algorithm called
the BRIV algorithm that derives the optimal policy ef-
ficiently. Compared to the existing algorithm based on
the relative value iteration (RVI), it leverages the upper
bounds of the corresponding thresholds to reduce the
feasible set of optimization operations. This ultimately
saves convergence time.

o Numerical Results: Numerical results show that the op-
timal policy reduces the company’s average cost by up
to 19.04% compared with the state-of-the-art mechanism
[15], respectively. Moreover, the proposed BRVI algo-
rithm reduces the convergence time by 13.66% on average
compared to the existing algorithm.

II. RELATED WORKS

This section covers two related areas: mobile crowdsensing
related to Aol and crowdsourcing-based HD map updates.

recln the field of Aol-related mobile crowdsensing, there
recently has been some work jointly considering the freshness
and recruitment costs issues [15], [20], [21]. For instance,

Wang et al. proposed dynamic pricing to offer age-dependent
monetary rewards, thus encouraging workers to contribute
[15]. However, they assume crowdsource workers have homo-
geneous capabilities, which is not practical for crowdsourcing-
based HD map settings. Our work involves vehicles’ hetero-
geneity in terms of sensing capabilities when considering the
tradeoff between Aol and recruitment cost.

While the tradeoff between freshness and recruitment cost
is well-studied in Aol-related mobile crowdsensing, there are
only a few papers considering these factors separately in
crowdsourcing-based HD map updates. For example, Shi ez
al. formulated an overlapping coalition formation game to
recruit crowdsource vehicles to contribute data and improve
the HD map quality, which is defined by freshness and spatial
completeness [14]. Li ef al. developed a periodic crowdsource
task distribution framework to achieve high time coverage and
efficiency with lower recruitment cost [22]. Our work is the
first to consider the tradeoff between Aol loss and recruitment
expenses in crowdsourcing-based HD map updates, which has
not been addressed in the previous papers.

III. SYSTEM MODEL

In this section, we present the system model to minimize the
company’s average cost. First, we describe the crowdsourcing
paradigm in Section III-A, then introduce the company’s cost
function in Section III-B. Finally, we formulate the average
cost minimization problem as an MDP in Section III-C.

A. Overview of crowdsourcing in the HD map

We consider a setting in that an HD map company collects
dynamic information at a Pol from crowdsource vehicles
over a period of time r € N,. For ease of presentation, we
assume there are only two types of crowdsource vehicles:
Low-type and High-type>. Low-type vehicles have worse
sensors than High-type vehicles, meanwhile the corresponding
operational costs and sensing capabilities satisfy c;, < cg and
rp < rpg, respectively. Here, we use rp and ry to denote
the sensing capability of Low-type and High-type vehicle,
which refers to the probability of acquiring qualified sensing
data. Unqualified sensing data refers to data that the company
cannot confidently use to update HD maps. Note that the
company can detect the quality of sensing data before using
it’. If sensing data are not qualified, the company will not use
them to update the HD map.

As is common in the literature (e.g., [25], [26]), we use
the Bernoulli process to model crowdsource vehicles’ arrival
for analytical convenience*. Hence, we make Assumption 1 as
follows.

2For a more general case where vehicles’ operational costs and sensing
capabilities follow arbitrary distributions, our results remain valid.

3Take images acquired by cameras as an example, there are many preceding
methods to detect the quality of the image, such as NR-IQA [23] and Nanny
ML [24].

4A more general model is the Markov arrival process, which largely expands
the state space and complicates the problem. We will consider the general
scenario in our future work.



Assumption 1. The arrivals of Low-type and High-type vehi-
cles are independent and follow the Bernoulli processes with
the arrival probabilities of pr and py, respectively.

In this subsection, we briefly describe the crowdsourcing
workflow in the HD map.

N

HD map company
“, Before time slot ¢ b ’v/
i Step 1: Decide a recruitment E
i action a € {N,L,H, B}, and
' broadcast it to Pol.

After time slot £

! Step 3.1: Update Aol and |
i | possibly the HD map. :
,/' 3 Step 3.2: Pay for recruited
‘\\ vehicles. i

Fig. 1: The crowdsourcing workflow for the HD map.

Fig. 1 illustrates the workflow of the HD map crowdsourc-
ing in each time slot ¢. The details are as follows:

« In stage 1, the company announces a recruitment action
a € {N, L, H, B} before the time slot ¢, where N means no
recruitment, L means only recruiting a Low-type vehicle,
H means only recruiting a High-type vehicle, and B
means recruiting both.

« In stage 2, crowdsource vehicles arrive at Pol and respond
to the broadcast in the time slot 7. An example scenario
involves a broadcast message stating “the recruitment
action is L.” In this case, the Low-type vehicle present at
the Pol will detect the Pol and upload the corresponding
sensing data to the company since she will pay to cover
the operational cost of the vehicle.

« In stage 3, the company finishes the following things after
the time slot ¢:

— In stage 3.1, she updates the HD map and the cor-
responding Aol once receiving the qualified sensing
data from recruited vehicles.

— In stage 3.2, she pays for the recruited vehicles once
receiving sensing data from recruited vehicles.

B. Company’s cost function

In this subsection, we first describe the Aol loss. Next, we
introduce the company’s cost function that depends on the
current Aol and her action.

1) Aol loss: Similar as the literature [27], we use Aol loss
to measure the freshness. The less fresh the HD map, the
higher value of Aol loss. Let §(¢) denote the current Aol at
time slot 7. We choose the square function 6%(¢), which reflects

SBecause recruited vehicles have already incurred operational costs to
acquire and send sensing data. If the company refuses to reward recruited
vehicles that provide unqualified sensing data, she would discourage broad
participation.

Aol loss that the company’s cost convexly increases in the age
of its provided information [27].

Based on the definition of Aol [28], [29], the Aol increases
linearly as time goes on and resets to 1 when the company
updates the HD map. As a result, the dynamics of Aol 6(¢) is
as follows

1, the HD map is updated,
6(t) +1, otherwise.

S+ 1) = { (1)

The company updates the HD map when it successfully
recruits at least one vehicle that provides qualified sensing
data in a time slot. More specifically, the update happens in a
time slot if one of the following is true:

o The company chooses the recruitment action L; mean-
while, a Low-type vehicle arrives and reports the qualified
sensing data;

o The company chooses the recruitment action H; mean-
while, a High-type vehicle arrives and reports the quali-
fied sensing data;

o The company chooses the recruitment action B; mean-
while, a Low-type or High-type vehicle arrives and re-
ports the qualified sensing data.

2) Company’s cost function: The company’s cost function
is a weighted sum of the Aol loss and the recruitment costs.
Due to the uncertainty introduced by random arrivals of
crowdsource vehicles and the quality of sensing data, the
company should minimize the expected cost.

First, we define the success probability O as the probability
that the company will successfully update the HD map when
choosing the action a € A.

0, a=N,
TaPa, a=Lor H, 2)
rLpL +YgpH —rLYHPLPH, a = B.

Qu =

where the success probability Qp of taking action B is the
probability that the union of two non-mutually exclusive
events, i.e., a Low-type or High-type vehicle reports qualified
sensing data.

Then, we introduce the expected Aol loss and expected
recruitment costs given an action a € A. Suppose that the
current Aol is 6(t), then we define

o Expected Aol loss as (1 — Q4)6(1)?, where Q, is the
success probability defined in Eq. (2).
o Expected recruitment costs as p,c,, where rev

0, a=N,
PaCa, a=LorH, 3)
pLcL + pucH, a = B.

PaCa =

Notice that for action a = B, the expected recruitment
cost is ppcp = prcr + pucy as the arrivals of Low-
type and High-type vehicles are independent.



Finally, we can characterize the company’s cost function as
follows. Suppose the Aol is 6 = d(¢) and the chosen action is
a €A

B62, a=N,
) A =Bprec +p(1-Q1)5%, a=1L,

O =1 (1 _Bypren + B - 0ot a=H, P
(1-pB)ppcp +pB(1-Qp)6* a=B8B,

where S is the weighted factor to balance the Aol loss and
recruitment costs. The larger S is, the more emphasis we place
on the freshness.

C. Problem Formulation

In this subsection, we formulate the average cost minimiza-
tion problem as an average-cost MDP A.

o States: S(¢t) = 6(¢) € S, i.e., the Aol in time slot 7. Let
S = N, be the state space, which is countably infinite.

o Actions: a € A, where A = {N, L, H, B} is the action
space.

« State transition probability: P (a), i.e., the state tran-
sition probability from state s to s’ under the action a.
Suppose the state s is §(¢), the non-zero Py (a) is as

follows
1, s’=6()+1,a =N,
Pyo(a) =4 Qua, s"=1,a#+ N, 5)
1-Q4, =6()+1,a#N.

e Cost: u(6 = 6(t),a) as in Eq. (4), i.e., the company’s cost
if she takes the action a at slot ¢ under state S(¢) = 6(1),
o Policy: ¢ = {y1(),¢2()), ... ¥ ()}, where ¢, () is a

function mapping from S to A.
The company’s average cost under a policy ¢ is the value
function J(¢) of the MDP A under this policy as follows.

T

J(9) = Jim 289 |3 (6 = 6(0),a =y (S0)) |

t=1

(6)

Our objective is to minimize the company’s average cost
J(¢) by finding the optimal policy ¢*.

According to [30], identifying the optimal deterministic
stationary policy is sufficient for finding the optimal policy
of MDP A.

Definition 1. A deterministic stationary policy is a policy that
selects actions with certainty based only on the current state
of the system.

Note that we can regard the optimal policy ¢* as a function
mapping from state space S to the action space A.

IV. MAIN RESULTS

In the section, we characterize the optimal policy and
provide an efficient algorithm to find it. Subection IV-A, shows
that the optimal policy is threshold-type age-dependent, and
also provides some counter-intuitive insights. In Section IV-B,
we propose the BRVI algorithm to efficiently find the optimal
policy by characterizing the upper bounds of optimal thresh-
olds.

We first define the cost-effectiveness, which is useful to
determine the structure of the optimal policy and to present
the upper bounds of the thresholds.

Definition 2. The cost-effectiveness of action a € AJ/{N} by
Na 1S the ratio between the expected recruitment costs and the
success probability of this action.

_ Pata

S Qa

For example, the cost-effectiveness of action L is pé—zL =
PLCL _ ‘—i Note that the smaller the cost-effectiveness, the

PLTL r . . .
more cost-effective the corresponding action becomes.

Na (7

A. Characterization of the optimality

In this subsection, we characterize four possible structures
of the optimal policy in Theorem 1 and illustrate some counter-
intuitive insights.

Theorem 1. There exists a threshold-type age-dependent
stationary deterministic optimal policy ¢* of the MDP A.
Depending on the parameter setting, such an optimal policy
falls into one of the following four structures:
1) LH structure (in Fig. 2a): zf% <land =5% < Z—:I <
1, the optimal policy includes actions in the order of N,
L, H, B, with three thresholds satisfying 1 < 61, < 0y <
o € N,.

2) HL structure (in Fig. 2b): if 8—2 >1land 1 < Z—fl <
1-On

0’ the optimal policy includes actions in the order
of N, H, L, B, with three thresholds satisfying 1 < 6y <
0 <6 € N,.
3) None-L structure (in Fig. 2c): if Z—z > max({1, l:g:’ L
the optimal policy includes actions in the order of N,
H, B, with two thresholds satisfying 1 < 6y < dp € N,.
4) None-H structure (in Fig. 2d): if 7'77—:1 < min{1, ll:g;’ 1
the optimal policyincludes actions in the order of N, L,
B, with two thresholds satisfying 1 < 6p < dp € N,.

1-On

N, L , H , B N, H , L , B
15, og 55 Aol 1 o5 5, 3 Aol
(a) LH structure (b) HL structure

’ N ) H ) B N ) L ) B
1 8 3 Aol 1 5, g Aol

(c) None-L structure (d) HL structure

Fig. 2: Four possible structures of the optimal policy.

Due to the limited space, all the proofs are provided in the
online appendix [31].

Based on Theorem 1, we can determine the structure of the
optimal policy by calculating the success probability Qr, Qg
and the cost-effectiveness nr,ny as shown in Fig. 3. Here,
for illustrative purposes, we set Qg = 0.49 and ng = 5.71
without loss of generality.

Next, we investigate the impact of the vehicles’ parameters,
such as arrival probabilities, on the thresholds of the optimal
policy. By uncovering these connections, we reveal the un-
derlying rationale for the optimal policy, which may apply
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Fig. 3: The distribution of the optimal policy structures.

to broader scenarios. The upcoming presentation will offer
detailed analyses.

1) The impact of arrival probabilities on thresholds: To
examine this impact, we conducted simulations as shown in
Fig. 4. In Figs. 4a and 4b, the x-axis represents arrival prob-
abilities for Low-type and High-type vehicles, respectively,
while the y-axis indicates the Aol. The thresholds 67 and oy
correspond to the Aol at which the company initiates recruit-
ment of Low-type and High-type vehicles alone, respectively.
For illustrative purposes, we use default parameters as follows:
,8 = 0.000],pL = 0.5,[71-1 = O.S,FL = 0.6,7'1-1 = O.7,CL =
2,cy = 2.5 without loss of generality. Note that we use the
same default parameters in Fig. 5.
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Fig. 4: The thresholds in LH structure vary as the arrival
probability increases. Fig. 4a and 4b manipulate the arrival
probability py and pgy of Low-type and High-type vehicles,
respectively.

Observation 1. Fig. 4a shows that in LH structure, 0y,
increases as the arrival probability py, of Low-type vehicles
rises. Conversely, Fig. 4b demonstrates that in LH structure,
as the arrival probability py of High-type vehicles increases,
the threshold 6y decreases.

We first define the marginal cost-effectiveness to help ex-
plain the above observation.

Definition 3. The marginal cost-effectiveness of changing
action from ay to ap is the ratio between the additional
recruitment costs and the success probability increase.

’y _ pagcaz_palcal
ap,az —
Qaz - Qa1

This metric assesses the cost-effectiveness of a com-
pany’s change of action. A smaller value for marginal cost-
effectiveness indicates that the company is more inclined to
alter its course of action. For instance, if Q4, > Q4 > 0 and

®)

Ya,.a, 1S very small, then the company is likely to opt for
action a, instead of a;.

The company may choose to delay recruitment when vehi-
cles arrive frequently, as the threshold for initiating recruitment
of Low-type vehicles should increase with the corresponding
arrival probability py, as depicted in Fig. 4a. However, this
pattern does not hold for the threshold 6y and High-type ve-
hicles in LH structure. This is because the marginal cost-
effectiveness yy g decreases as py increases, which implies
that changing to take action H from action L becomes more
cost-effective. Hence, as shown in Fig. 4b, though success
probability Qp increases in py, the company becomes more
willing to change to take action H.

Insight 1. When vehicles of a certain type arrive more
frequently, the company may consider initiating corresponding
vehicle recruitment earlier. This should be done if the marginal
cost-effectiveness of changing to the action decreases, i.e.,
recruiting vehicles of this type alone.

2) The impact of operational costs on thresholds: We
show this relationship in Fig. 5, where the x-axis represents
operational costs of Low-type and High-type vehicles (from
left to right, respectively) and the y-axis indicates the Aol.
Note that the threshold 6z denotes the Aol at which the
company starts recruiting both types of vehicles.

100 | Nonen
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CL CH
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Fig. 5: The thresholds vary as the operational cost increases.
Fig. 5a and 5b depict the optimal policy transitioning between
None-H to LH to None-L and None-L to LH to None-H
structures, respectively.

Observation 2. Figs. 5a and 5b show that as the operational
cost of vehicles increases, the threshold 6p of recruiting
vehicles of both types will first decrease.

The intuition is that the company may tend to delay recruit-
ment when faced with higher operational costs. For example,
Fig. 5a illustrates that 6p of LH and None-L structures
increases with the operational cost ¢y of Low-type vehicles.
However, 6g of None-H structure decreases in ¢y, which
is counter-intuitive. This is because the cost-effectiveness
difference in the action L and B, represented by 7, and np,
decreases in ¢z, and yrp is independent of cy . Therefore, the
company is likely to opt for action B instead of L.

Insight 2. The company may consider initiating recruitment
of all vehicle types sooner when facing a higher operational
cost. This should be done if the cost-effectiveness difference



between the last two actions in the optimal recruitment order
decreases.

Sensing capabilities have a similar impact on thresholds as
operational costs, as detailed in the online appendix [31]. This
yields the following insight:

Insight 3. The company may consider initiating recruitment
of all vehicle types sooner when facing a higher sensing ca-
pability. This should be done if the marginal cost-effectiveness
of changing to action B decreases.

B. Bound-based Relative Value Iteration Algorithm

In this subsection, we propose the BRVI algorithm that
computes the optimal policy efficiently.

The RVI algorithm [32] is a classical approach for solving
the average-cost MDP, which has been widely studied and
improved upon [28]. However, updating an infinite number
of states in each iteration makes this algorithm impractical to
solve our problem. To circumvent this issue, we propose using
a sequence of finite-state approximate MDPs to effectively
approximate the original MDP [28].

First, let 5™ (t) be the truncated Aol in time slot ¢,

1, the HD map is updated,
[6(r) + 1]}, otherwise,

m

s (t+1) = { 9)

where we choose m to be the number of truncated states and
define the notation [x]}, by [x]}, =x if x <m and [x]}, =m
otherwise. Then we can define the approximate MDPs A ("),
which is the similar as the original MDP except
« States: S(1) = 6" (1) € S, ie., 5™ is the truncated
Aol at that slot. Let S € {n < m|n € N, } be the state
space, which is countably finite.
« State transition probability: Pi;'f) (a), ie., the state
transition probability from state s to s under the action
a. Suppose the state s is 6™ (r), the non-zero Pi';f)(a)
is as follows

1, s =6 (@) +1]},a=N
Pif:f)(a) =14 O, s’ =1,a# N
1-Qu 8 =[6"@)+1]},a#N

(10)

Though we can use the traditional RVI algorithm to derive

the optimal policy by the approximate MDP A [28], it is

time-consuming. In the traditional RVI algorithm, the most

time-consuming step is the minimization operation in Eq. (11)
for all states in each iteration.

Ja1(8) = minu(,@) + E[u(8)] = Ju(D. (1)

where E[J,,(6")] = X 5/c50m Pg";} (a)Jn(8"). In each iteration
round, the computational complexity of Eq. (11) for all trun-
cated states is O(|A| x m), which results from the size of
the feasible set, that is the action space A, and the number
of truncated states m. As the number of truncated states m
goes to infinity and the size of the feasible set is factorially
increasing in the number of vehicle types, we can see that the

traditional RVI algorithm is time-consuming.

Structural RVI algorithm [28] is an improved RVI algo-
rithm that computes the optimal policy efficiently utilizing
the threshold-type structural property to reduce the execution
number of Eq. (11) in each iteration. To develop a lower-
complexity algorithm, we additionally optimize the feasible set
to further accelerate the iteration based on the upper bounds
of optimal thresholds.

For illustrative purposes, we take LH structure for example.
Other structures are provided in the online appendix [31].

To reduce the feasible set A, we first characterize the upper
bounds of thresholds in LH structure. First, we define [x]* as
the minimum integer larger than x.

Lemma 1. Consider the LH structure of the optimal policy
in Theorem 1, the optimal thresholds 61, 0y, 0p are upper
bounded by the following values, respectively.

SL:[ /(l—ﬂﬁ’)nLl

(12)
< | [0=pamon —mon]|
o = [\/ B(Qn -0L) l 1
[ [a=pmn|
63‘[ ﬂ(l—QH)l (9

Next, based on Lemma 1, we reduce the feasible set A in
Eq. (11). In more detail, suppose that the Aol § = 6" (1), we
can define the reduced feasible set Ay (5), as follows:

A, o< SL
) {L,H,B}, . <6<én
Arn(6) = {H,B}, dy<6<ép (as)
{B}, §>6p

Finally, we use the reduced feasible set Ay g (5) to replace
A in Eq. (11) to accelerate this optimization operation.

We then leverage the structural property of the optimal
policy defined in Theorem 1% to reduce the number of op-
timization operations in Eq. (11). Specifically, in each round,
we directly set B as the optimal action of the current state
if it was taken as the optimal action of the previous state.
Algorithm 1 shows how the BRVI algorithm determines the
optimal policy together with the reduced feasible set.

Finally, we establish the optimality of the BRVI algorithm
for the original MDP A.

Theorem 2. As the number of truncated state m goes infinity,
the output ¢*(6) in Algorithm 1 converges to the optimal policy
of the original MDP A in a finite number of iterations.

Proofs are provided in the online appendix [31].

5The optimal policy for the truncated MDPs is threshold-type as well,
according to the same proof as Theorem 1



Algorithm 1: BRVI algorithm

Input: the weighted factor: 8
Low-type vehicles’ parameters: py,cr,rr
High-type vehicles’ parameters: py, cH,rH
Output: the optimal policy ¢*
1 Determine the structure of the optimal policy based on
Theorem 1.

/+ Take LH structure as an example =*/
2 Set the reduced feasible set Az g (5) based on Eq. (15)
for all truncated states 6 € SU™).

3 Initialize J("™ (6) « O for all truncated states
§eSm,
4 Record J™) of the last round Jl(a'f;)[(é) «— 0.

J(m) _J(m,)

while J(—W > 6 do

m)

W

6 | 7M™ (5) — 7 (5) for all 5 € S

last

7 | for 6§ € S do

8 if there exists y > 0 such that ¢*(6 —y) = B
then

9 | ¢*(8) < B.

10 else

11 ¢*(6) «

arg minge 71, ,, (5) 4(9, a) + E[J(™ (8)].
12 end if
3 T (8) — u(8, ¢*(8)) +E[J™ (5)] = J ™ (1).

tmp
14 end for

15 | JU(8) — I (8) for all 5 € ST
16 end while

V. SIMULATION RESULTS

In this section, we conduct extensive simulations for the
optimal policy and the proposed BRVI algorithm. First, we
show the performance of the optimal policy in Section V-A.
Next, Section V-B shows the efficiency of the proposed BRVI
algorithm.

A. Performance of the optimal policy

In the subsection, we compare the optimal policy defined in
Theorem 1 and the following two baseline policies in terms
of the company’s average cost.

« Zero-wait policy: a naive policy without considering the
tradeoff between Aol loss and recruitment costs, i.e.,
recruiting vehicles of both types at all times.

o Dynamic pricing [15]: a policy considering the tradeoff
between Aol loss and recruitment costs but ignoring
crowdsource vehicles’ heterogeneous sensing capability.

To show the outperformance of our optimal policy, we
conduct the simulation as shown in Fig. 6, where the x-axis
represents the qualified ratio rgy of High-type vehicles while
the y-axis indicates the company’s average cost. For illustrative
purposes, we set other parameters as follows: the weighted
factor B = 0.3, Low-type and High-type vehicles’ arrival

2.5 ‘\‘NM
@
S
w50 —@— Our optimal policy
g —&— Zero-wait policy
E) Dynamic pricing
<1.5

L0 07 08 09

I

Fig. 6: Comparison of average cost under different policies.

TABLE I: Convergence time (min) comparison

B Alg. RVI Structural RVI BRVI(proposed)
1074 10.84 3.99 3.66(66.19%), 8.20%)
1073 2.32 0.84 0.77(66.65%, 7.49%)
1072 0.86 0.33 0.27(68.11%, 17.49%)
107! 0.22 0.09 0.07(68.86%,21.45%)

probabilities py, = 0.5, pg = 0.95, Low-type vehicles’ sensing
capabilities r; = 0.6, Low-type and High-type vehicles’
operational costs ¢y =2,cy = 2.5.

Fig. 6 shows that our optimal policy significantly decreases
the company’s average cost. As shown in Fig. 6, the opti-
mal policy reduces the average cost by 46.84% on average
compared to the zero-wait policy and up to 19.04% compared
to dynamic pricing. Notice that the sharp change in the blue
curve is due to the structural change in the optimal policy, i.e.,
from LH to None-L structure, while dynamic pricing remains
unchanged.

B. Efficiency Comparison

In the subsection, we compare the proposed BRVI algorithm
to the following two baseline algorithms.

« RIV algorithm: a classical dynamic programming method

to solve the average-cost MDP problem.

« Structural RVI algorithm: an improved RVI algorithm to
reduce computational complexity based on the threshold-
type structural property of the optimal policy, which is
also state-of-the-art.

We perform simulations in Table I to compare the con-
vergence time for different values of the weighted factor .
In Table I, the convergence time is measured in minutes,
and numbers in parentheses indicate the improvement of our
proposed BRVT algorithm compared to RVI and structural RVI
algorithms, respectively. Fur illustrative purposes, we set other
parameters as py = 0.5, pg = 0.95,rp =0.6,rg =0.7,cp =
2,cy = 2.5, the convergence tolerance 6 = 10710 and the
number of truncated state m = 1000.

Table I demonstrates that, on average, the proposed BRVI
algorithm reduces convergence time by 13.66% compared to
the Structural RVI algorithm and by even 67.4% compared
to the RVI algorithm. Thus, we can conclude that the BRVI
algorithm greatly reduces the convergence time.

The complexity of the structural RVI algorithm increases
with the size of the feasible set, which expands factorially



with the number of vehicle types. In practice, there are more
than two types of crowdsource vehicles. Thereby, our proposed
algorithm can significantly reduce the complexity even in such
cases.

VI. CONCLUSION AND FUTURE WORK

This paper studies the tradeoff between freshness and re-
cruitment costs involving crowdsource vehicles that arrive ran-
domly and have heterogeneous operational costs and sensing
capabilities. To achieve a better tradeoff, we define the average
cost and formulate the average minimization problem as an
MDP A. Leveraging MDP, we prove that the optimal policy
is threshold-type age-dependent. Additionally, our findings
reveal some counter-intuitive insights. In some cases, the com-
pany should initiate vehicle recruitment earlier when vehicles
arrive more frequently, or have higher operational costs or
sensing capabilities. The optimal policy reduces the average
cost by 19.04% compared to the state-of-the-art mechanism.
Our proposed BRVI algorithm also reduces the convergence
time by an average of 13.66% compared to the existing
algorithm.

In the future work, we could extend these results to a
continuous-time system with more general distributions of
operational costs and sensing capabilities, which is more prac-
tical. Additionally, a more general setting could be explored,
such as competition among multiple companies, which could
be formulated using a duopoly model.
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VII. APPENDICES: THE IMPACT OF THE VEHICLES’
PARAMETERS

In this section, we illustrate the impact of sensing capabili-
ties on thresholds in Fig. 7, where the x-axis represents sensing
capabilities of Low-type and High-type vehicles (from left to
right, respectively) and the y-axis indicates the Aol. Note that
the threshold 6 denotes the Aol at which the company starts
recruiting both types of vehicles.

140

Aol &6
@
S

(a) (b)

Fig. 7: The thresholds vary as the operational cost increases.
Fig. 7a and 7b depict the optimal policy transitioning between
None-L to LH to None-H structure and None-H to LH to
None-L structure, respectively.

Observation 3. Fig. 7a and 7b show that as vehicles’ sensing
capability increases, the threshold o p of recruiting vehicles of
both types will first decrease.

The intuition is that the company may tend to delay recruit-
ment when facing vehicles with higher sensing capabilities.
For instance, Fig. 7a illustrates that 6p in LH and None-H
structures increases with the sensing capability rp of Low-
type vehicles. However, 6p in None-L structure decreases
in ry, which is counter-intuitive. This is because the cost-
effectiveness difference in the action B and H, represented by
np and ng, decreases in ry, and ygp also decreases in 7.

YHB decreases in rp, (16)

~r(1-Qp)
Therefore, the company is likely to opt for action B instead
of L.
VIII. APPENDICES: PROOFS OF MAIN RESULTS
A. Preliminaries

To characterize the optimal policy of the MDP A, we start
with introducing a p-discounted MDP A,,, which has the same
definition as the MDP A except for the objective function. It
aims at minimizing the expected total p-discount cost J* (8, ¢)
given an initial state’ s = § and under the policy ¢.

T
7(6.9) = Jim ) p'u(S(),A%0IS(1) =), (A7)
t=1

where p € (0, 1) is the discount factor.

"The state of any MDPs in this paper is the Aol, therefore, we just use &
to represent the state for convenience hereafter.

To distinguish the optimal policies of MDPs A and A,, we
use A-optimal and A,-optimal to denote them respectively.
The minimum value function J#-*(§) satisfies the following
property.
Lemma 2. For any given § and p, JP*(6) < co.
Proof. See Appendix A. O

According to [33] and Lemma 2, we have a direct lemma.

Lemma 3. (a) The value function JP(5) satisfies the Bell-
man equation

JP*(8) = min u(8,a) + p Z Pss (a)JP*(8"). (18)
aceA
6'eS
(b) There exists a deterministic stationary policy ¢P* that
satisfies the Bellman equation (18).
(c) We can define a value iteration J¥ (s) by J(’)’(s) =0 and
for any t > 0,

I (0) = minu(6,a)+p ) Pos(a)J(8). (19)
5’'eS

Then J¥(8) — JP** () as t — oo, for any & and p.
Then we can leverage Lemma 3(c) to prove.
Lemma 4. For any p, JP*(6) is non-decreasing in 6.

Proof. See Appendix B. O

Based on Lemma 3 and Lemma 4, the following lemma
gives the connection between A-optimal and A,-optimal
policies.

Lemma 5. (a) There exists a determinsitic stationary pol-

icy ¢* that is A-optimal.

(b) There exists a finite constant J* = lim,_,1 (1 - p)J**(6)
for every state ¢ such that the minimum average cost is
J*, independent of initial state 9.

(c) For any sequence {p,},_ of discount factors that con-
verges to 1, there exists a subsequence {6, }"_, such that
lim,, 00 ¢%* = ¢*, where ¢* is the A-optimal policy.

Proof. See Appendix C. O

B. Proof of Theorem 1

To show Theorem 1, we start by providing a similar
Theorem 3 for the p-discount MDP A,. Based on Lemma 5,
we prove that Theorem 1 holds.

Before providing a similar theorem, we prepare some lem-
mas to help the proof.

Lemma 6. For any 3, we have

o If P(1) £ N, then ¢P(5) # N for all 6.
o If $P(8) = B, then ¢P(8') = B for all &' > 6.

Proof. See Appendix D. O
Lemma 7. There are some inequalities:

np 2 min{nL,nu} (20)



PHCH — PLCL

<np when Qr > Qn,nL <7NH (21
On-0L
PHCH ~ PLEL nug when Qg > Qr,nL > Ny (22)
On-0L
Proof. See Appendix E. m}

Theorem 3. There exists a threshold-type age-dependent

stationary deterministic optimal policy ¢** of the MDP A,.

Depending on the parameter setting, such an optimal policy
falls into one of the following four structures:

1) LH structure (in Fig. 2a): zfg—g <1and tg’z < 7'77—; <

1, the optimal policy includes actions in the order of N,

L, H, B, with three thresholds satisfying 1 < 6y, < 6y <

op € N,.
2) HL structure (in Fig. 2b): if § QL >1land 1 < Z—FLI <
11 g” the optimal policy mcludes actions in the order

of N, H, L, B, with three thresholds satisfying 1 < 6y <
0p <6 € N,.

3) None-L structure (in Fig. 2c): if Z—z > max({1,
the optimal policy includes actions in the order of N,
H, B, with two thresholds satisfying 1 < 6y < 0p € N,.

4) None-H structure (in Fig. 2d): if :77—; < min{1, ]:g’L’ I3
the optimal policyincludes actions in the order of N, L,
B, with two thresholds satisfying 1 < 6p < dp € N,.

l—QH}

Proof. Before we start the proof, there are some useful defi-
nitions.

Definition 4. The candidate value function QF (8, a) under the
state & and the action a is as follows.
Q°(6,a) =(1 = B)paca + B(1 - 04)5”
+p Qg (1) + (1 = Q) I (6 + 1))
By this notation, the minimum average cost under the initial

state ¢ and the optimal action of this state can be written as

JP*(6) (24)

(23)

= 1 p6
min @ (0,a)

¢ *(6) = arg min Q° (5, a) (25)
aceA

Definition 5. The difference in candidate value functions

under the state 6 and different actions ay,a; by DP(6,ay,as)

is as follows.

DP(6,a1,az) = QP (6, a1) — Q°(8,az)

Notice that D (8,ay,a2) < O implies that the company
prefers action a; to a; under the state 6.

Based on Lemma. 6, there are two cases: ¢”-*(1) = N and
¢**(1) # N. We only need to consider the first case as the
second case is a special case of the first in this theorem.

Note that ¢%*(1) = N. We can determine the next action
in the order by the following functions.

o DP(6,N,L) =Qr (F() - (1-p)nL)

s DP(6,N,H) = Qu (F(6) = (1 - B)nu)

« D?(6,N,B) = Qp (F(6) - (1 -B)np)
where F(8) = phy(6+ 1) + B8 = p(JP(5+1) - JP(1)) + BS?,
which increases in ¢.

(26)

Because DP(8,N,a) for a = L,H, B are increasing in &,
and are possibly negative first and definitely positive when ¢ is
large enough. Moreover, as Eq. (20) in Lemma 7, DF (6,N,L)
or DB(8,N, H) first turns to be positive, which implies that
the next action of the optimal policy is either L or H instead
of B. More specifically, when n;, < ng, the next action is L,
otherwise, the next action is H.

(a) Case 1: np < ngy. Since the second action is L, we can
consider the following two functions.

pHCH PLCL

-0L

PHCH )
Op—-0L

D?(6,L,H) = (Qn - QL) (F(5) -(1-p)

D?(6,L,B) = (Qp - QL) (F(5) -(I-B—7=

Then, there are three possibilities:

o If Oy < Qp, then the next action is B, which is
exactly None-H structure. This is because there does
not exist a ¢ satisfying that D”(5,L, H) > 0 and
DP(6,N,L) > 0 when Qg < Qy and 5, < ng. If
otherwise, we have
HCH PLCL

DP(5,L,H)>0= F(6) < (1-
-0L

pr

DP(6,N,L) >0 = F(6) > (1 -B)nL

According to Eq. (21), they are a contradiction.

o If Oy > Oy and P”QCZ giCL > P”_CHL the next
action is B, which is exactly None-H structure. This
is because as ¢ increases, D (8, L, B) turns to be
positive earlier than D? (6, L, B).

o If Oy > Q; and BESHZ pL‘L < QprSL then the
next action is H, and ﬁnally B, which is exactly LH
structure.

(b) Case 2: nr, > ng. Since the second action is H, we can
consider the following two functions.

DP(6,H.L) = (QL-QH) (F(5)—(1—ﬁ)

PHCH — pLCL)

-0r

PLCL )

DP(6,H,B) = (OB — QH)(F(5)—(1—B)Q o

Hence, there are also three possibilities:

o« If Oy > Oy, then the next action is B, which is
exactly None-L structure. This is because there does
not exist a ¢ satisfying that D”(5,H,L) > 0 and
Dp(é,N,H) > 0 when Oy > 0r and nL > nNy. If
otherwise, we have

pact —pey

DFP(5,H,L) >0= F(5) < (1-
-0L

B)

DP(5,N,H) > 0= F(6) > (1 -B)nu

According to Eq. (22), they are contradictory.
PHCH—PLCL pPLCL
o If QH .< or apd " 00y > Bac , the next
action is B, which is exactly None-L structure.

|



PLCL

= “on’ , then the
next action is L, and finally B, Wthh is exactly HL.
structure.

. IfQH < Qr and pHQcH PLEL o

]

C. Proof for Lemma 1

Proof: Since the structure of A-optimal policy is LH
structure, we can find upper bounds of §p,0y,dp from
DP(5,N,L), DP(6,L,H), and D (6, H, B), respectively.

Recall that

DP(8,N, L) = Q1. (phyp(6 + 1) + 6% = (1 - By )

where h,(6 + 1) = J?(6 + 1) — J°(1) > 0. Thereby,
DP(5,N, L) is definitely positive as § > /(1 =8)/(BnL).
Moreover, the threshold 67 should be an integer. Hence, the
company will never choose action N, when Aol ¢ is larger

than &7, = [\/ (1=-B)/(BnL) ] And based on the recruitment
order in LH structure, the next action should be L, therefore,
the threshold 67, of initiating the Low-type vehicle recruitment
should be less than &, i.e., 61 < 4p.

Similarly, we can find the upper bounds of dy,dp from
D*(6,L,H), DP(6, H, B), respectively. [ |

Here, we present the threshold bounds for HL, None-L, and
None-H structures.

Lemma 8. Consider the HL structure of the optimal policy
in Theorem 1, the optimal thresholds 6y, 61, 6p are upper
bounded by the following values, respectively.

5H=[ /(1—5»7,1}

@7)
. | [a=pamon-mon]|
o= [\/ B(Qu—-QL) l 28)
. | [0 =pua]|
o8 = [\]ﬁu—le @

Lemma 9. Consider the None-L structure of the optimal
policy in Theorem 1, the optimal thresholds 6y, 6p are upper
bounded by the following values, respectively.

5H=[ /(1—5)17;,]

(30)
< [ [a=pu |
o8 = [\]ﬂ(l —QH>l Gh

Lemma 10. Consider the None-H structure of the optimal
policy in Theorem 1, the optimal thresholds 6y, 6p are upper
bounded by the following values, respectively.

&:[ /(1—5ml

(32)

33
B(1-00) 53

The proofs for Lemma 8-10 are broadly similar.

5o [ (1- ﬁ)nHl

D. Proof for Theorem 2

The proof roadmap is first to show that the minimum
average cost of approximate MDP A" converges to that of
original MDP A, and then to show that for a given number
of truncated states m, the output of Algorithm 1 converges to
the optimal policy of MDP A" Based on these two, we can
prove Theorem 2.

Before we show the proof, let us give some useful lemmas.

Lemma 11. Under the Aj,-optimal policy ¢°* and for any
t>0and m > 53, we have

w(8"™ (1), ¢ (6" (1)) < u(5(1), ¢*(5(1)))
Proof. See Appendix F. O

Theorem 4. Let J*,J"-* be the minimum average cost for
the MDPs A and A™, respectively. Then, Jmx e g

m — o0,

Proof: Let JP-("™ (s5) and hlf)m)(s) be the minimum ex-
pected total p-discount cost and the relative cost function,
respectively. According to [34], we have to show the following
two conditions are satisfied.

1) There exists a nonnegative L, and nonnegative finite
function G(.) on S such that —L < h},m) (6) < G(6) for
all 6 € S where m > ép and 0 < p < 1: Again,
L = 1 is already safe since hfgm)(d) is nonnegative.
Similarly, we can say JP-("™)(§) > 0, thereby

R (8) = 7P (8) = g2 (1) < g7 (8). (34)

Next, suppose that ¢*-* is the optimal policy of MDP
AU we have following inequality since J#-(")(s) is
minimum expected total p-discount cost and ¢”* may
not be the optimal policy for MDP A[(,m)

T (8) < P (5, 9.

Then, we will show J2-(™ (5, ¢7*) < JP*(8) for all
§ € S Based on the definition, we have

(35)

JP (5, ¢P) = E i/f‘lu(é“”) (1), 97 (8™ (1))
t=1

JH0) =B Y B u(6(0), ¢ (5(1))
t=1

Based on Lemma 11, we can conclude for any 6§ € 8™,
Jo (5, ¢°7) < JP7(6) (36)

Thereby, we can combine Eq. (34)(35)(36) to derive the
following inequality.

R (8) < I (8) < JP U (5, %) < TP (S).



Based on the proof of Lemma 2 and the optimality of

¢°*, we have

-0 1
JP(6) < (— + —) .
P Inp  1n?p
— (=9 1
Then we can let G(6) = p (W + 1n2p)’
2) The minimum average cost J™ of MDP A(™ is
bounded by J*: Since we know JP (™) (§) < JP*(6),
and

JU = Tim sup (1 — p)J? ™ (8)
p—1

<limsup(1 — p)J**(8) = J*
p—l
|
Next, we should show the following theorem.

Theorem 5. For MDP A" with a given m, the output of

Algorithm 1 converges to the optimal policy of MDP A,

Proof: According to [30], we only need to verify that the
approximate MDP A" is unichain, i.e., the Markov chain
corresponding to every deterministic stationary policy consists
of a single recurrent class plus a possibly empty set of transient
states. Since state m is reachable from all other states, there
is only one recurrent class by [28].

|

APPENDIX A: PROOF OF LEMMA 2

Consider the policy that always recruits nothing at each
time slot. Then, the discount-weighted sum of Aol loss and
recruitment under the aforementioned policy is the upper
bound of the average cost under the optimal policy based on
Eq. (17).

JP(8) < B>+ PO+ 1)2 + X5 +2) +...)
« -0 1
S,B/ (6+x)2px:,8(—+T) < oo,
x=0 lnp In P

which proves this lemma.

APPENDIX B: PROOF OF LEMMA 4
Utilizing the iteration algorithm, we can prove this lemma.
At the beginning of the iteration, we initialize Jg(d) = 0.
Therefore, when ¢ = 0, the statement holds. Suppose that the
statement still holds for ¢ = k,

Jf(é) Sl‘z((5+l) for 6 > 1
For t = k + 1, we have

I 6) = min u(é.a) + Z Pss(a)JP(6")
5'eS

G+ 1) = min u(6+1,a) + Z Psiye (@)JE(67)
5'eS
On the one hand, for any a € A, we have u(5,a) < u(éd+1,a).
On the other hand,
e a = N, we have } 5cs P(;(g'(a)Jf(é’) = Jf(& +1) <
JE6+2) = Lyes Posrnys (@5 (8).

e a = L, we have Y5c5Pss(L)J0(6) = QP (1) +
(1=QIF@E+1) < QLIF(1) + (1= QL)IF(6+2) =
Yses Postys (L)L ().

e a = H, we have Y5 Pss (HJIE () = QuJt? (1) +
(1= +1) <Ol (1) +(1-0p)IE (6 +2) =
Nores Pssiys (H)IL ().

« a = B, we have YgcsPss(B)JE(6) = QptP(1) +
(1-0)JE (3 +1) < QpJP() + (1= Q) (S +2) =
Yores Pissns (B)IE(8).

Therefore, we can conclude that Jf+1(6) < Jf+1(6 + 1).

Moreover, J’tB (6) will converge to J#(68) as t — oco.
As a result, J8(8) is non-decreasing in 6.

APPENDIX C: PROOF OF LEMMA 5

According to [28], we need to show that the following two

conditions are satisfied.

1) There exists a deterministic stationary policy ¢ of the
MDP A such that the resulting discrete-time Markov
chain (DTMC) by the policy is irreducible, aperiodic,
and the average cost J(¢) is finite: Let ¢ be the deter-
ministic stationary policy ’zero-wait’, i.e., the company
chooses to recruit vehicles of both types all the time. It
is obvious that the resulting DTMC is irreducible and
aperiodic. Next, we can compute the average cost under
the zero-wait policy.

J(@) =Y m(O)[(1 - Ppses +B(1 - 0p)o’]

o=1
=x(1) ). (1-08)°"" [(1 - Bpses + B(1 - 0p)57],
o=1

where 7(6) is stationary distribution of the MDP A
under this policy, and 7(1) = Qp. The average cost
J(¢) is finite, since it is the summation of a sequence
that is the product of polynomials and exponentials and
exponentials is based on (1 — Qp) less than 1.

2) There exists a nonnegative L such that the relative cost
function h,(6) > —L for all ¢ and p: Since J*(J) is non-
decreasing in §, we have h,(d) = J(6) — JP(1) = 0.
We can just choose L = 1.

Let {pn};_, be a sequence of the discount factors converging
to 1. According to [33], if the above two conditions hold, there
exists a subsequence {6, },”_, such that a A-optimal policy is
the limit point of the Ag-optimal policies. Therefore, the A-
optimal policy has the same structure and upper bounds of
thresholds as Ag-optimal policies when § — 1.

APPENDIX D: PROOF OF LEMMA 6
If ¢#*(1) # N, then

0f(1,N) > min{QP(1, L), 0P (1,H), 0P (1, B)}.

And Qﬁ(2, N) - Qﬁ(L N) < minaEﬂ/N{Qﬁ(z’ a) - Qﬁ(l’ Cl)}
since

0P (2,N) - QP(1,N) = B+ B(JP(3) - JF(2))



0%(2,a) - 0 (1,a) = (1~ Qu)B+B(1 - Q) (JF (3) - /F(2))
for a = L, H, B. Hence, we have
07(2.N) > min{Q(2, L), 0" (2. H). 0” (2. B)}.
So on and so forth, we can conclude that, for all 6,
0P (6.N) > min{Q” (5., L). 0 (6. H), 0F (6. B)}.
APPENDIX E: PROOF OF LEMMA 7

—cL —cn — __ prertpmcn
Recall that g, = T H = s and np ST tprTa—OL0n "

o For Eq. (20), If this inequality does not hold, then we
have

C

ng <min{ng,nu} = ng <nr and ng <Ny

We can find that np < np implies that nr < ny
while np < ny implies that n, > ny, which is a
contradiction. Hence, the above inequality does not hold,
and the Eq. (20) holds.

o For Eq. (21), since O > Qg and Cr, < Cy, we have

PHCH — PLCL

On—-0L L
_pHCH —prLcL — (Qn —01)CL
- On-0L
_(pHcu —preL)rL — (purm — pLrL)cr
- (On - QL)L
_(pucn)re = (puru)er _ puaru(Cu = Cr) <0
(Qu - QL)L Oun-0L |

which proves this inequality.
« For Eq. (22), since Q; < Qg and Cy, > Cy, we have

PHCH — PLCL

On-0L Cn
_pHCcH —prcr — (Qu — 0L)CH
- On-0L
_(paCcH —prcp)ra — (PHTH — PLTL)CH
- (Qu -QL)rn
_(prri)en = (prec)ru _ prro(Cu = Cr) <0
(Qu -0QL)rn Ou-0r ’

which proves this inequality.

APPENDIX F: PROOF OF LEMMA 11

Notice that the vehicles’ arrival and the quality of sens-
ing data are independent of the state and policy. Let II =
{q(1),q(2),...,q(0)} be the sequence of whether the com-
pany can collect the qualified sensing data if she recruits some
vehicles at time slot 7, i.e., g(f) = 1 if the company can,
otherwise, ¢(¢) = 0. For any 11, we can consider two mutually
exclusive and complementary cases:
« Suppose that a state sequence is {§(1),5(2),...,6(c0)}
where there does not exist any 6(i) = m for i = 1,2, ....
In that case, 6(”‘)(1) = 6(t), and thus, Eq. (1) is equal to
Eq. (1) for any 6 € S™.

« Suppose that there exists some i such that §(™) (i) = m.
We also need to show that for any 7 > 0, we have

(8™ (1), (5)) < u(8(1), $(6))

To prove the above inequality, we will show that
s (1) = [6(¢)]}, for any ¢. Consider the first time that
8 (i) =m, then s (i + k) =m and (i + k) =m + k
for k = 0,1,...,K where K is the smallest £k > 0 such
that ¢(i + k) = 1. In this sense, 6" (r) = [§()]}, for
t=12,..,i,i+1,..,i+K. Whent =i+ K+ 1, we
can find 6" (i+ K +1) =1and §(i+ K + 1) = 1 since
#(8) = B for all 6 > m > ép and g(i + k) = 1. Hence,
8 () = [6(1)]F, for t =i+ K + 1. So on and so forth,
we can conclude that 6™ (r) = [6(r)]}, for any ¢ > 0.
Then, we can find that if §(7) < m,

u(6™ (), $(8)) = u(5(1). $(5))
if 5(¢) > m,

u(8"™ (1), $(8)) < u(6(1), $(5))
Consequently, for any ¢ > 0, we have

u(8"™ (1), $(6)) < u(5(1), $(9))



