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ARTICLE INFO ABSTRACT

Keywords: Mobile Crowdsensing (MCS) has emerged as a leading paradigm that harnesses user partici-
Mobile crowdsensing pation to collect data through mobile devices. To minimize operational costs, MCS platforms
Cell selection typically divide the environment into smaller subareas (cells) and employ inference algorithms

Multi-objective optimization
Deep reinforcement learning
Data correlation

Budget constraints

to estimate data across the entire region based on measurements obtained from a selected
subset of cells. While previous studies have investigated cell selection strategies in MCS, limited
research has focused on multi-objective approaches that simultaneously prioritize specific cells
for direct sensing while minimizing overall inference errors. This dual objective presents a
significant challenge, as the most prioritized cells may not always correspond to the most infor-
mative ones. This paper introduces MODRQN-CS, a novel multi-objective cell selection strategy
that integrates data correlations and budget constraints to enhance efficiency. The proposed
approach leverages Multi-Objective Deep Reinforcement Learning (MODRL), utilizing the Deep
Recurrent Q-Network (DRQN) to optimize cell selection in terms of both prioritization and
informativeness. Experimental evaluations on a real-world dataset demonstrate that MODRQN-
CS outperforms baseline methods, achieving enhanced performance in balancing data accuracy
and the coverage of prioritized cells.

1. Introduction

Leveraging advancements in wireless communication and the proliferation of smart devices, along with the rise of Internet of
Things (IoT) applications [1], Mobile Crowdsensing (MCS) has emerged as an effective paradigm for large-scale sensing across
domains such as environmental monitoring [2], transportation [3], traffic monitoring [4], and text data collection [5]. By utilizing
widely available smart devices, MCS ensures extensive coverage and cost-efficient data collection. Data acquisition in MCS occurs
through participatory sensing, requiring active user involvement, or opportunistic sensing, which passively collects data in the
background.

Effective resource management in MCS relies on efficient task assignment strategies. Crowdsensing Platforms (CSPs) recruit
users from specific areas, often subdivided into smaller regions or cells, to perform sensing tasks. Some approaches classify users as
trusted, suspicious, or malicious [6], while encryption-based task allocation mechanisms have been proposed to enhance privacy [7].
However, this study assumes that users are trusted and capable of accurately completing assigned tasks. Under this assumption, the
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user recruitment problem simplifies to the cell selection problem (CS), which is a key challenge in MCS that involves selecting cells
for sensing to ensure high-quality data collection while adhering to budget constraints [8-10].

Traditional MCS methods often rely on recruiting large user groups to ensure data quality, however, budget constraints make this
approach impractical. Sparse MCS addresses this challenge by using data inference algorithms, such as Compressive Sensing [11]
and Kriging [12], to estimate unsensed cell values based on sensed data and spatio-temporal correlations in applications like
environmental monitoring [10]. This reduces costs while maintaining acceptable inference accuracy, measured by the difference
between inferred and ground truth data [9]. Thus, optimizing CS to minimize inference error remains a critical research challenge.

MCS performance also depends on the spatial and temporal coverage of specific cells, which vary based on application needs.
Spatial coverage maximizes the number of covered subareas, while temporal coverage ensures sufficient data collection over
time [13]. Certain cells, referred to as popular cells, are prioritized due to their significance to the CSP. Prioritizing specific cells
within a target area is essential for optimizing data collection, primarily based on application requirements. In environmental
monitoring, cell prioritization is influenced by factors such as population density and human exposure (e.g., residential or industrial
areas) [14], critical environmental zones [15], economic incentives [16], and the demand for real-time data [3]. Popularity can be
quantified using metrics like location entropy [17].

Previous studies have explored inference accuracy and coverage objectives separately [8-10,13,18-20], but optimizing both
simultaneously remains an open challenge, highlighting the need for multi-objective optimization in MCS. To address this, we
adopt a Reinforcement Learning (RL) framework, which offers greater adaptability than traditional optimization methods and
requires minimal prior knowledge of the environment [8,9,18]. However, due to the large state space, conventional RL techniques
(e.g., Q-tables) become inefficient, necessitating Deep Reinforcement Learning (DRL) to mitigate the curse of dimensionality. DRL
also enables the integration of diverse models, such as feedforward neural networks and long short-term memory (LSTM) networks,
to capture spatio-temporal correlations. Accordingly, we employ a Deep Recurrent Q-Network (DRQN) with an LSTM layer to model
these correlations, enhancing performance over standard DRL methods like Deep Q-Networks (DQN).

Multi-Objective Reinforcement Learning (MORL) effectively balances competing objectives but has seen limited application in the
CS problem. To address the aforementioned challenges, we propose MODRQN-CS, a multi-objective CS strategy that optimizes both
inference accuracy and prioritized cell coverage under budget constraints. By formulating the problem as a finite Multi-Objective
Markov Decision Process (MOMDP), we develop a multi-objective deep reinforcement learning solution. MODRQN-CS leverages the
DRQN architecture to model state dependencies, achieving improved performance. We implement scalarized multi-objective deep
reinforcement learning by integrating concepts from existing frameworks [21,22] to combine multiple DRQNSs for solving the multi-
objective cell selection problem. To the best of our knowledge, this study is the first to apply Multi-Objective Deep Reinforcement
Learning (MODRL) to a cell selection strategy that simultaneously maximizes prioritized cell coverage and inference accuracy.

To focus on the cell selection problem and align with prior studies [8,9,18], we assume a sufficiently large and consistently
distributed participant pool, with users remaining in their designated cells until transmitting sensing data. Additionally, to preserve
the Markovian assumptions of the MOMDP, we assume a steady-state environment that evolves at a manageable rate, allowing for
timely neural network retraining. These assumptions are particularly relevant to environmental monitoring, which is the primary
application of this study.

The main contributions of this paper are summarized as follows:

We formally formulate the budget-constrained multi-objective CS problem and establish its NP-completeness.

We propose a CS approach that simultaneously maximizes inference accuracy and the coverage of prioritized cells, extending
beyond prior studies.

We develop MODRQN-CS, an algorithm that integrates DRQNs for each objective and employs scalarization techniques to
effectively combine multiple Q-functions.

We validate the proposed approach using real-world Sensor-Scope dataset experiments, demonstrating its effectiveness in
optimizing both inference accuracy and coverage rewards. The Sensor-Scope dataset is selected due to (1) its suitability in
representing environments relevant to this study and (2) its extensive use in prior related studies for evaluation purposes.

The rest of this paper is structured as follows: Section 2 reviews related work on CS in MCS and multi-objective reinforcement
learning. Section 3 defines the system model and formulates the multi-objective CS problem. Section 4 details the MODRQN-CS
algorithm. Section 5 presents simulation results, followed by concluding remarks in Section 6.

2. Related works
This section reviews prior research on MODRL and CS strategies in MCS.
2.1. Multi-objective reinforcement learning

While many approaches focus on single-objective settings, real-world problems often involve multiple conflicting objec-
tives. In domains like robotics, agents must balance competing goals, such as maximizing server performance while minimizing
power consumption. This complexity has driven increasing interest in the MORL paradigm, which optimizes multiple criteria
simultaneously [23].

Multi-objective problems can be addressed using single-policy or multi-policy approaches. Single-policy methods derive a solution
based on predefined objective preferences, often employing scalarization functions to convert multiple objectives into a single one
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Table 1
Comparison with recent works.
Related works Properties
Sparse MCS RL-based Multi-objective MODRL solution
[4,25,28] 4 x x 'S
[2,8-10,18,19,27] v v X X
[26,29] v x v x
[20] x v v X
Proposed model v v v v

using a weight matrix. For example, some methods apply linear prioritization to objectives to obtain an optimal policy [22]. In
contrast, multi-policy MORL methods generate a set of policies that approximate optimal solutions for various user preferences [23].
Unlike single-policy approaches, they do not require predefined objective weights and can determine a Pareto-optimal policy at
runtime.

Single-policy methods are computationally more efficient than multi-policy approaches but require prior knowledge of objective
preferences. In contrast, multi-policy methods approximate the Pareto front, offering valuable trade-off insights between competing
objectives. The primary drawback of multi-policy methods is their substantial computational cost, which can hinder the efficiency
of MORL algorithms in online learning scenarios [23,24]. Given the lower computational demands of single-policy methods and
the need for problem simplification, this study adopts a single-policy approach to better suit the online learning context. Future
research may explore alternative single-policy or multi-policy methods to enhance performance and adaptability.

The authors in [24] highlight the broad application of MORL methods in real-world problems but note the limited research
on deep learning for MORL. They propose a generic MODRL framework for finding Pareto-optimal solutions, supporting both
single-policy and multi-policy strategies with linear and non-linear action selection. Similarly, the study in [22] introduces a
modular approach integrating multiple DQNs in multi-objective environments. This architecture employs separate DQNs for different
objectives, combines them based on user-defined priorities, and enhances scalarization using decision values. Additionally, it enables
dynamic adaptation of the agent’s behavior post-learning, maintaining consistent performance amid shifting objective priorities.

2.2. Cell selection

Considering the correlations among sensing data in various MCS applications, cell selection for inferring broader environmental
areas remains a critical research challenge. The studies in [8,9,18] employ deep reinforcement learning for crowdsensing,
highlighting its effectiveness in selecting informative cells. In [8,9], the authors seek to minimize the number of selected cells while
maintaining data quality through leave-one-out Bayesian inference and DRQN. The study in [18] extends this by incorporating user
recruitment through a three-step strategy: user selection, CS, and user-cell cross-selection.

The limitations of uniform cell division are addressed in [25], where the authors propose a learning-based task assignment
framework for sparse MCS. Their approach divides target areas into non-uniform cells to enhance representativeness and integrates
cell division learning, task assignment, sensing map reconstruction, and data quality evaluation. Similarly, the study in [26]
introduces a dynamic region partitioning strategy that considers correlations between sensing regions. The proposed method
addresses robust data inference in the presence of sparse noise through robust matrix completion techniques.

The time-dependent nature of urban environments is considered in [2], where the CS model is continuously updated to adapt
to environmental changes. The framework uses updated training data to maintain the relevance of the CS model. In [19], an
online sparse crowdsensing framework integrates online matrix completion, area importance estimation, and user recruitment,
leveraging reinforcement learning for real-time evaluation of area importance. A hierarchical architecture for collaborative sensing is
proposed in [27], which includes a budget allocation agent and multiple data collection agents, accounting for inter- and intra-data
correlations.

Trustworthiness and cost-efficiency are addressed in [4], where the authors consider heterogeneous sensing costs and user
reliability, using regularized mutual coherence for data inference based on compressed sensing theory. A dual online worker selection
strategy that incorporates worker trajectories and budgets is presented in [10]. In [28], the proposed method focuses on recruiting
users to sense significant cells, emphasizing data similarity over distance-based metrics for cell importance evaluation.

While most studies primarily focus on single-objective optimization, [29] addresses cost variations within cells as a bi-objective
optimization problem, aiming to maximize informativeness and minimize costs. They propose Pareto Optimization Selection and
Generalized Cost-Benefit Greedy Selection strategies. Similarly, [20] employs multi-agent DRL to optimize spatial-temporal coverage
and costs simultaneously. In contrast, our work concurrently addresses the dual objectives of maximizing inference accuracy and
ensuring the coverage of prioritized cells—an approach not yet explored in CS strategies. We utilize MODRL, which offers advantages
over traditional methods in sparse MCS scenarios. This paper proposes an algorithm to achieve these objectives, as summarized in
Table 1.

3. System model and problem formulation

In this section, we describe the system model for MCS cell selection and present the formulation of the optimization problem.
Table 2 summarizes the main notations used throughout this paper.
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Table 2

List of main notations.
Notation Description
M The number of cells in the target area.
K The number of cycles.
B The platform budget for selecting cells.
F The ground truth data matrix.
F The inferred data matrix.
e; The inference error in cycle j.
cov; The coverage of popular cells in cycle ;.
P The set of popular cells.
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Fig. 1. Schematic representation of the system model.

3.1. System model description

Consider a geographic region divided into M cells, represented by the set C = {c|,¢c,,...,cp}, as shown in Fig. 1. The target
area is partitioned into a fixed number of cells of uniform size, consistent with prior studies [8,9,18,29]. The CSP conducts sensing
activities over K cycles of equal duration. At the start of each cycle, the CSP selects a subset of cells occupied by users to perform
specific sensing tasks. This selection process is characterized by a cell selection matrix, denoted by X, x, where X(i, j) = 1 indicates
that cell i is chosen for data collection during cycle j, and X(i, j) = 0 otherwise [8,9,18].

By leveraging the inherent correlations among data from different cells, the CSP aims to maximize inference accuracy within the
given budget B. We assume that, for each selected cell in each cycle, at least one user is available for recruitment by the CSP. This
user can perform the sensing task accurately and remain in the cell until the task is completed, consistent with prior works on CS
in MCS [8,9,18].

The ground truth data matrix for a given sensing task is denoted as F;, x, where F(i, j) represents the true value in cell i during
cycle j. Selected users perform sensing tasks and transmit the results to the CSP. Based on the received data, the CSP uses a data
inference technique to estimate the data for the unsensed cells, represented by the matrix F mxk- We employ the Ordinary Kriging
algorithm for data inference, driven by its demonstrated effectiveness over compressed sensing algorithms in [2]. Ordinary Kriging
is a linear unbiased estimator that leverages nearby data points to interpolate unknown values at specific locations, relying on a
predefined or estimated covariance structure. It can employ either semivariograms or covariance functions. Inference accuracy is
assessed using an inference error, which measures the deviation between the ground truth and the inferred data [8]. The Mean
Absolute Error (MAE) metric is used to measure inference error. The average inference error across M cells during cycle j is defined
as:

M
&= 27 2 [F.-Fa.j). W
Another crilti_clal objective for the CSP is to optimize the coverage of popular cells. While the identification of popular cells
depends on the MCS application and is beyond the scope of this paper, location diversity serves as a potential metric for defining
popular cells. Specifically, cells that are less accessible and infrequently visited by users are considered more popular and should be
prioritized for selection [17]. We assume that the CSP can determine the set of popular cells within the target area, denoted as P,
prior to initiating the crowdsensing process. To evaluate the coverage of popular cells, we adopt temporal coverage as a metric [13].
The coverage of popular cells during cycle j is defined as:

cov; = mm 2 X(@i, 1) 2)

Budget constralnts 11m1t the ability to guarantee inference accuracy. Thus, our strategy adopts direct visits to popular cells over
inferring their data from neighboring cells to enhance confidence in sensing values. Direct visits are crucial when precise data is
needed for high-stakes decisions, with users receiving higher rewards for providing critical data. This work aims to (i) maximize
inference accuracy and (ii) maximize the temporal coverage of popular cells, framing the problem as a multi-objective optimization
that balances these competing goals.
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Fig. 2. Illustration of the cell selection approach, where the target area is divided into 8 cells, and the optimal cells are selected based on multi-objective criteria.

3.2. Problem formulation

The sensing process operates over K sensing cycles, where the CSP tackles a multi-objective optimization problem. It selects B
cells per cycle to maximize inference accuracy and the temporal coverage of popular cells across K cycles and M target area cells.
The problem is formulated as follows:

K

max Zwl(l—ej)+w2~covj (3a)
j=1
M

st. ) X(i.j) < B, Vi€ (l...K}). (3b)

i=1

Constraint (3b) ensures that the number of selected cells per cycle does not exceed the budget B. For simplicity, 1 —e; represents
inference accuracy without loss of generality. The objective function in (3a) maximizes both inference accuracy and the coverage
of popular cells across all sensing cycles, where w, and w, denote the CSP’s relative preferences for these objectives.

Theorem 1. Problem (3) is NP-hard.

Proof. To establish the NP-hardness of Problem (3), we consider a simplified case where only the objective of maximizing inference
accuracy (1 — e;) is addressed, disregarding the coverage objective. In this scenario, the CS problem reduces to a subset selection
problem, wherein a subset of B elements is chosen to optimize a criterion function. It is well-established that the subset selection
problem is NP-hard. As this simplified case is a special instance of Problem (3), it follows that Problem (3) is at least as hard as the
subset selection problem. Hence, we conclude that Problem (3) is NP-hard. []

Fig. 2 illustrates a target area divided into eight cells, {c;, ..., cg}. At the beginning of the first sensing cycle, the CSP selects B = 2
cells for sensing. Assuming equal weights for inference accuracy and coverage, wjys = wpo, = 1, the corresponding q-vectors are
q, =[0.6,0.36,0.63,0.41, 1,0.68, 0.9, 0.18] for inference accuracy and q, = [0.18,0.68,0.3,1,0.47,0.48,0.79, 0.8] for coverage. While cell
¢s maximizes inference accuracy and cell ¢, maximizes coverage, the optimal choice considering both objectives differs. By summing
the g-vectors element-wise, the cell with the highest resulting g-value is selected. Here, cell ¢; has the maximum combined g-value,
making it the optimal choice.

4. Methodology

This section presents our multi-objective CS method, drawing on concepts from the MODRL framework and scalarization
techniques from [21,22]. Unlike [22], which employs decision values for advanced scalarization of multiple Q-functions, our
approach omits decision values and adapts the framework to meet our specific problem requirements.

Let J denote the set of objectives pursued by the agent, where |J| = N represents the total number of objectives. Each objective
j € J is assigned a priority f(j), such that j; is assigned a lower priority than j, if f(j;) < f(j;). For simplicity, we assume
f() = 0V € J, enabling priorities to be interpreted as weights. In MORL, the agent receives multiple rewards corresponding to
different objectives. At time step ¢, the agent receives a reward vector r, = [r,,...,ry ], where r;, corresponds to the reward for
objective j,.

Each objective j; is characterized by a Q-function Q;(s, a), which quantifies the expected discounted return for taking action a in
state s. The set of Q-functions is represented as Q(s,a) = [Q,(s, a), ..., O x (s, a)], where Q,(s,a) denotes the Q-function for objective
Jji- The optimal action for objective j; at time step ¢, given the state s,, is defined as a;, = argmax, Q;(s,, a).

By modeling the problem as a MOMDP, we define states, actions, and reward functions:

» State: The state is defined by the CS decisions made over the previous k cycles. It is represented as an M X k matrix, denoted
by S, and given as:

S=[s_t:-.- -0 (€]
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Table 3
DRON architecture parameters.
Parameter Value Parameter Value
Number of LSTM Layers 1 Number of Dense Layers 1
Input Layer Size 150 Output Layer Size 30
where s_;, i € {1, ...,k}, represents a column vector that indicates the selected cells in the i-th previous cycle. In this work,

we set k =5.

+ Action: Cells are selected sequentially during each cycle. The selected cell is denoted by a, and the action set, represented as
A=1{1,2,..., M}, includes all available cells in the current cycle.

» Reward: The reward for the inference accuracy objective, denoted by r{nf, is a positively scaled value exponentially
proportional to the accuracy of data inference:

o=, (5)

inf —

The reward for the popular cell coverage objective, denoted by "fmp, is defined as:

05 ifaePand X(a,j—4:j)<T,
Mop =101 ifa€Pand X(a,j—4:))>1, ©
0 ifagP,

where 7 is a threshold parameter determined through empirical observations. Consequently, the reward vector is defined as:

;= e "pr]' @

The agent employs multiple DRQNSs, each estimating Q-values for a specific objective. For each objective j;, we define a vector
q; containing the Q-values computed by Q;(s, a) for all possible actions: q; = [Q;(s, ap), ..., Q,(s, a;)]. To aggregate Q-values across
objectives, scalarization combines all g; vectors into a single vector, and the action corresponding to the highest value in the resulting
scaled Q-value vector is selected for execution. Since Q-values can take any real number, each q; vector is rescaled to the interval
[0,1] € R to represent normalized preferences. We adopt the scaling function from [22], which maps min(g;) to 0 and max(q;) to 1,
as follows:

q; — min(q;)
max(q;) — min(q;)’

This normalization proportionally scales Q-values across different objectives, facilitating effective scalarization in multi-objective
decision-making problems. Let w denote the weight vector corresponding to the priorities assigned to specific objectives. The
scalarized Q-vector is defined as follows [22]:

scl(qy) = (8)

N
9 =p+ ), w;scl(g), ©)
i=1
where p is a vector containing very small random values to introduce stochasticity. In our cell selection problem, the weight assigned
to maximize inference accuracy is denoted as wjy,s, while the weight for maximizing the coverage of popular cells is denoted as wyqp-
In DRQN (i), corresponding to objective i, the network architecture comprises a single LSTM layer followed by a dense layer,
as adopted in the single-objective study in [9]. The LSTM layer processes sequential states (five recent cycles of the cell selection
matrix) over time, with the dense layer generating the Q-values. The temporal correlation can be more effectively managed through
the use of LSTM. The key parameters of the DRQN architecture are presented in Table 3.
The Q-function is defined as Q;(s, h;_;,a.0,,), where h;_; represents the hidden state carried over from the LSTM layer at the
previous time step k — 1, and ¢, , denotes the network parameters at time step k. Each DRQN (i) is optimized iteratively using the
following loss function for iteration k:

L; 1 (8;1) = E<s,u’,“5/> [ (r; + ynzz/ix Qi(s’,h;{_l,a’,el{,k)
—0(s, hy_1,a,07)) | . (10)

The training process for each DRQN, which addresses objective i, is described in Algorithm 1 and referred to as DRQN(i). To
mitigate oscillations during training, a target network is incorporated. This target network, with parameters ¢’, is periodically
updated by copying the parameters from the primary network. In each cycle, B, cells are selected. In step 3, the network DRQN(i)
employs actions chosen according to the multi-objective-based Algorithm 2. During each cycle, the g,-th entry of the current cell
selection vector is set to 1 for each selected action (cell), as detailed in steps 4-7. Steps 8-11 reset the state for a new cycle by
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Algorithm 1 DRQN(i): DRQN Model for Objective i.

Require: B, > Number of cells to be selected per cycle
1: Initialize:

*t« 0, Boyy < B, a5 <0

* 8o < Oprx

© S« [s_pen0]

+ Initialize primary and target neural networks

2: while True do

3 Select the action g, based on the multi-objective approach using Algorithm 2

4 if B., > 0 then

2 Beyr < Beyr — 1

6: Update s{) < s, + [0....,0,1,0,... ,O]T > Set the q,-th entry
7 Update S, < [s_y,....s{]

8 else

9 By < B, > Start a new cycle
10: Reset s; < 0,7y

11: Update S,;| < [S_gy1.--- 5051

12: end if

13: Update 6;, using loss function (10) based on experience traces from Algorithm 2

14: tet+1

15: if 1 % Rjer == 0 then

16: Update target network: 6/ < 6, ,

17: end if
18: end while

= )

q1,d
state d2d | argmax
| ‘|5
:> DRQN(2) axa

Fig. 3. MODRQN-CS architecture.

appending a zero cell selection vector to the previous four cell selection vectors. During the learning phase, traces provided by
Algorithm 2 are utilized to update the network and compute the loss as defined in (10) (step 13). Additionally, the target network
is updated every R;, iterations, as described in steps 15-17.

Theorem 2. Algorithm 1 has a computational complexity of O(B, - K - (¢| + ¢;)).

Proof. The computational complexity of the LSTM layer at each time step is approximately ¢, =4 -n? +4-n,-n.+n, -n | +3-n,,
where n, represents the number of memory blocks and »; represents the number of neurons in the i-th layer. For the fully connected
layer, the complexity is determined by the number of multiplications performed. Specifically, for M, fully connected layers, the

S M1 . Sy
complexity is given by ¢, = j={) m; - m;,;, where m; represents the number of neurons in the j-th layer. Considering that each
cycle lasts for B, time steps and the algorithm runs for K sensing cycles, the overall computational complexity is O(B, - K - (c; +¢,)).

This completes the proof. []

In the MODRQN-CS architecture, as illustrated in Fig. 3, two DRQNs run in parallel, processing the same input state, with each
DRQN corresponding to a specific objective. The input state for both DRQNs consists of the cell selection matrix of the five most
recent cycles. The input state is fed into each DRQN, which then outputs a Q-value vector that represents all possible actions (i.e., the
number of cells). User-defined preference weights are applied to scale the Q-values generated by the respective DRQNs, determining
the selection of the optimal action.

We present the multi-objective-based CS algorithm, MODRQN-CS, in Algorithm 2 and provide a detailed explanation of its steps.
In steps 3-5, the scalarized Q-values, scl(q;), are computed for each objective i using Eq. (8), considering the outputs of DRQN().
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Algorithm 2 MODRQN-CS: Proposed Cell Selection Method.

Require: B, iy, Wpep
1: Initialize:

* 1< 0,E<@, By < B, ap < 0
* 8o < Oy
.S, < [s,k,...,so]

2: while True do

3 forie J do > Iterate over all objectives

4: Calculate scl(q;) using (8).

5: end for

6: Compute q, using (9) considering wys, Wpop-

7: Select action a, corresponding to the maximum value in q,.

8: if B, > 0 then

9: By < Beyr — 1
10: Update s;) —sy+ [O, ...,0,1,0,... ,O]T > Set a,-th entry
11: Update S, < [s_g, ....s}]
12: else
13: B.y < B, > Start a new cycle
14: Reset s; < 0j/5
15: Update S,;| < [S_g41.--- 5051
16: end if
17: Calculate r, using (7).
18: Store (S;,4;,1;,S,;;) in E.
19: Randomly sample experience traces from E and provide them to each DRQN(i), where i € J, for learning.
20: Increment t « ¢ + 1.
21: end while

Winf; Wpop | Calculate scl(q;) using (8) Compute qq using (9) Select action a; corresponding to
—_—
for both objectivesi = 1,7 = 2 considering Winf, Wpop the maximum value inqq

Fig. 4. The effect of the parameters w;,; and w,,, on action selection.

P

Next, in step 6, the scalarized Q-vector q, is calculated, incorporating the given preference weights, w;ys and wp,,, which correspond
to our two defined objectives: maximizing inference accuracy and maximizing the coverage of popular cells, respectively. During
training, we set wjye = wp,p = 1; however, various combinations of randomly assigned weights can be adjusted during the testing
phase. The multi-objective action is then selected in step 7 by maximizing the values in q,. The process of action selection is depicted
in Fig. 4.

Steps 8-16 focus on updating the state S, after executing the selected multi-objective action a,. The update process accounts
for whether a sensing cycle has been completed. The reward vector r, is subsequently computed in step 17 using Eq. (7). Finally,
the transitions (S;, a,,r,,S,,) are stored in a memory pool E (step 18). During the learning phase, each network DRQN(i) updates
its parameters by sampling experience traces from E (step 19).

4.1. Discussion

We assume that the target area contains a sufficient number of participants who carry out the sensing tasks reliably and
completely. Furthermore, we assume that these participants remain within their respective cells while collecting and transmitting
sensing data, allowing the CSP to recruit users in any cell at all times. These assumptions are consistent with those made in previous
studies on cell selection [8,9,18].

The main challenge in deploying MODRQN-CS in real-world systems is the potential insufficiency of participants in the target
area, leading to unoccupied cells. In particular, user availability and mobility present significant challenges for implementation.
Furthermore, maintaining the reliability of users’ sensing data and ensuring accurate truth estimation remain critical concerns. A
further challenge involves ensuring the robustness of the chosen inference algorithm in noisy conditions.

However, existing strategies in the literature provide potential solutions to these challenges, which we aim to investigate in
future work. For example, the study in [4] examines the impact of malicious participants. Moreover, truth discovery techniques
can be utilized to assess the reliability of collected data [17]. Similarly, studies such as [10,18] have explored methods to handle
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Table 4

Key simulation parameters.
Parameter Value
Target network update rate (Ryy,) 300
Batch size 64
Cells per cycle (B,) 8
Discount factor (y) 0.9
Learning rate (a) 0.01

uncertainty in user mobility. We adopt the Ordinary Kriging algorithm for data inference. However, matrix completion techniques
that are robust to noise could be incorporated into our method. For instance, the study in [26] addresses the challenge of robust data
inference in the presence of sparse noise. By integrating these approaches, our method could be adapted to relax the aforementioned
assumptions.

5. Performance evaluation

In this section, we evaluate the performance of the proposed multi-objective CS method through experiments conducted on a
real-world dataset.

5.1. Simulation setup and metrics

We evaluate the proposed CS algorithm using the Sensor-Scope dataset [30], which contains a variety of environmental
measurements collected by static stations deployed across the EPFL campus. The dataset includes sensor readings for surface
temperature, solar radiation, relative humidity, soil moisture, and wind speed, which are recorded at regular intervals. For this
evaluation, we focus on the “surface temperature” readings, with each epoch lasting approximately 30s.

The dataset comprises approximately 5x 10* entries. The EPFL campus spans an area of approximately 500 x 300m?, divided into
100 cells, each measuring 50 x 30m2. Sensor data is available from 57 of these cells. For simulation purposes, we model a subset
of the campus area consisting of 30 cells, covering a total area of approximately 300 x 150m?, with each cell measuring 50 x 30m>.
Samples from the dataset are used to represent environmental data as sensed by users through their mobile devices.

The Sensor-Scope dataset has been extensively employed in numerous crowdsensing studies for evaluation purposes [8,9,18,
19,26,29]. As a relevant environmental monitoring dataset, it aligns well with the context of our environmental application and is
appropriate for evaluating the proposed method. Given our focus on the correlation among sensing data to assess inference accuracy,
and considering that this dataset provides comprehensive and reliable evaluation capabilities, we have selected it for our study.

The experimental setup comprises an Intel® Core™ i7-8550U CPU @ 1.80 GHz x 8 and 16 GB of RAM. For the parameters, we
set the discount factor to y = 0.9 and the learning rate to « = 0.01. We update the target network every 300 iterations and set
the batch size to 64. The exploration rate ¢ is dynamically adjusted from 1 to 0.1 throughout the entire training process. These
parameter values are tuned to achieve optimal results in simulation, with some being adopted from [9,18]. Table 4 summarizes the
key simulation parameters.

We compare the MODRQN-CS algorithm with the following baseline methods to evaluate its performance:

1. DV-MODRQN-CS: This variant incorporates decision values when calculating Eq. (9), following the framework presented
in [22] and leveraging DRQN. The effect of decision values is explicitly considered during scalarization.
2. S-MODRQN-CS: In this baseline, an agent is trained to maximize inference accuracy and coverage by leveraging DRQN and

considering a simplified reward function r/ = v;e™/, where v; is defined as:

1 ifaePandX(a,j-4:j)<r,
v; =402 ifaePand X(a,j—4:j)>1, (1)
0 ifagP.

3. S-MODQN-CS: In this baseline, an agent is trained using DQN to maximize inference accuracy and coverage while employing
the reward function defined in the baseline S-MODRQN-CS.

We evaluate the algorithms using the following metrics for CS:

+ Average Inference Accuracy Reward (AIAR): The average reward obtained by maximizing inference accuracy, calculated
for each selected cell after the specified sensing cycles.

» Average Temporal Coverage Reward (ATCR): The average reward obtained by maximizing the temporal coverage of
specified popular cells, calculated for each selected cell after the specified sensing cycles.

» Average Total Reward (ATR): The average total reward achieved after the specified sensing cycles.
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Fig. 5. Average rewards (AIAR and ATCR) for two dataset ranges using the popular cell set P;.

5.0
EEm S-MODQN-CS 3.75 s S-MODQN-CS
s S-MODRQN-CS EEE S-MODRQN-CS
49 @8 DV-MODRQN-CS 3.50 s DV-MODRQN-CS
=== MODRQN-CS === MODRQN-CS

AIAR

o

IS
5

e

%
(S

X

datatset range datatset range

(a) AIAR values (b) ATCR values

Fig. 6. Average rewards (AIAR and ATCR) for two dataset ranges using the popular cell set P,.

5.2. Evaluation results

We conducted two independent simulations, each consisting of one thousand cycles on the test dataset, denoted as d, and d,, to
evaluate the reliability and effectiveness of the proposed MODRQN-CS. A fixed budget of B = 8 was used for all runs.
Popular Cells: To evaluate the algorithm’s performance across different sets of popular cells, we considered three distinct sets:

Py = {e1, €2, €9, €105 €12 €135 €195 €205 €215 €285 €29, €30 }»
Py = {eq, €55 €65 €7, €9, €105 €175 €185 €195 €205 €215 €26 }»
P3 = {cp,¢3, €6, €7, €5, €12, €165 €185 €195 €215 €225 €25 }-

The results for both test datasets d, and ¢, with training weights w;;s = wp,, = 1 are presented in Figs. 5, 6, and 7 for Py, P,
and P;, respectively. As depicted in these figures, the trained MODRQN-CS achieves higher AIAR and ATCR values compared to
DV-MODRQN-CS, S-MODRQN-CS, and S-MODQN-CS in most runs. Specifically, MODRQN-CS improves the AIAR up to 14% and the
ATCR up to 10%. This is due to MODRQN-CS’s enhanced ability to manage action selection by utilizing different policies derived
from distinct DRQNSs at each step. Consequently, the agent tends to select actions that align with the best objective for a given state.

Various weights: We compare two scalarization-based methods, MODRQN-CS and DV-MODRQN-CS, by considering different
weight combinations for the two objectives across P;, P,, and P; in a post-learning evaluation. The weight combination, denoted
as W* = (Wips, Wpop)s i considered according to Table 5. The trained DRQNSs are obtained using baseline weights of wjy¢ = wp, = 1.
The results for both test datasets, d, and d,, under varying values of W, are presented in Figs. 8(a) and 8(b) for P,, Figs. 9(a) and
9(b) for P,, and Figs. 10(a) and 10(b) for P;.
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Fig. 7. Average rewards (AIAR and ATCR) for two dataset ranges using the popular cell set P;.

Table 5
Scalarization weights.
Parameter Value
we (1,1
wy 1,0)
Wy 0,1)
w; 0.1, 0.9)
we 0.9, 0.1)
Wy 0.3, 0.7)
wy 0.7, 0.3)
wy (0.6, 0.4)
wy (0.4, 0.6)
10 10
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Fig. 8. scalarization comparison for two dataset ranges using P,.

As observed in Figures, both scalarization-based methods demonstrate strong performance when weights are adjusted post-
learning. In this study, the emphasis lies on the ATR value itself, as it reflects the agent’s overall performance. Across all figures, a
direct comparison of the ATR values reveals that MODRQN-CS consistently outperforms DV-MODRQN-CS, achieving higher values
across all weight combinations in nearly all runs. The improvements achieved by AIAR are lower than those of ATCR when comparing
MODRQN-CS with DV-MODRQN-CS. Specifically, MODRQN-CS enhances AIAR by up to 43% and ATCR by up to 112% in comparison
with DV-MODRQN-CS. This is because both MODRQN-CS and DV-MODRQN-CS achieve high inference accuracy by leveraging the
existing correlation among sensing data.

Table 6 presents the runtime for both the training and testing phases. The testing duration is measured after completing
1000 episodes. In our experiments, given the specifications of the equipped machine, the training phase of MODRQN-CS requires
significantly more time compared to S-MODQN-CS and S-MODRQN-CS, which is reasonable for real-world deployments, as the
training phase is performed offline [9]. Although using DQN would reduce training time, it lacks efficiency in achieving optimal
results, as previously shown. We consider the extra time spent on offline training a worthwhile investment to enhance efficiency
and reliability.
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Fig. 10. scalarization comparison for two dataset ranges using P;.

Table 6
Average runtime of algorithms.
Training (s) Testing (s)
S-MODQN-CS 641 36
S-MODRQN-CS 12,488 47
DV-MODRQN-CS 22,616 43
MODRQN-CS 19,284 45

6. Conclusion

This paper addressed the dual objectives of maximizing inference accuracy and ensuring temporal coverage of popular cells
in the context of the cell selection problem in crowd sensing for environmental monitoring applications. We proposed a novel
cell selection strategy that effectively incorporated data correlations and adhered to budget constraints, enabling efficient cell
selection. By employing MODRL, our approach simultaneously targeted both informative and prioritized cells, utilizing a flexible
framework that allowed for the adjustment of priorities post-training. We utilized DRQN for each objective to effectively capture
and address temporal dependencies within the environmental data. Notably, the proposed MODRQN-CS enabled the deactivation
of specific DRQNs, providing adaptability based on application needs. The results showed that MODRQN-CS outperforms baseline
methods in terms of AIAR and ATCR values. Despite these advancements, further refinement is needed to optimize the influence of
individual objectives on the agent’s behavior. Future work could explore alternative learning paradigms and expand the problem
to include dimensions like dynamic user behaviors and environmental changes. Additionally, addressing sparse user participation,
unreliable sensing data, and robustness to noise presents promising directions. The multi-objective system could also be extended to
incorporate additional objectives, such as energy efficiency and fairness. Incorporating additional datasets would further strengthen
the robustness of our analysis, an aspect we plan to address in future work. Additionally, extending the proposed approach to other
domains, such as UAV-based sensing, or areas like health monitoring and emergency response, along with relevant datasets, offers
a promising direction for future research.
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