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Electromagnetic Emission-aware Machine Learning
Enabled Scheduling Framework for Unmanned
Aerial Vehicles

Muhammad Ali Jamshed, Ali Nauman, Ayman A. Althuwayb, Haris Pervaiz, Sung Won Kim

Abstract

Recently, there has been a notable increase in the number of User Proximity Wireless Devices (UPWD). This growth has
significantly raised users’ exposure to Electromagnetic Field (EMF), potentially leading to various physiological effects. The use of
Non-Terrestrial Networks (NTN) has emerged as an optimistic solution to improve wireless coverage in rural areas. NTN mainly
consist of satellites, with High Altitude Platform Stations (HAPS) and Unmanned Aerial Vehicles (UAV) considered special use
cases. It is well established that optimizing exposure over time (Dose), rather than dealing with a fixed value, plays a crucial
role in reducing uplink EMF exposure levels. In this paper, for the first time, we showcase that the combined use of UAV and
the Dose metric can help keep the regulated uplink EMF exposure level well below the required threshold. This paper employs
a combination of Non-Orthogonal Multiple Access (NOMA), UAV technology, Machine Learning (ML), and the Dose metric to
optimize EMF exposure in the uplink of wireless communication systems. The ML based technique consists of a combination of
k-medoids-based clustering and Silhouette analysis. To further reduce uplink EMF exposure, a power allocation policy is developed
by transforming a non-convex problem into a convex one for solution. The numerical results indicate that the proposed scheme,
which integrates NOMA, NTN, and ML, achieves at least a 89% reduction in EMF contrast to existing methods.

Index Terms

Electromagnetic Field (EMF), Non-Orthogonal Multiple Access (NOMA), Machine Learning (ML), Exposure Dose, Unmanned
Aerial Vehicle (UAV).

I. INTRODUCTION

ECENTLY, the popularity of wireless personal devices has significantly increased, leading to an exponential rise in their

number and usage [1]. As these devices typically emit non-ionizing Electromagnetic Field (EMF) radiation, the use of User
Proximity Wireless Devices (UPWD) has been associated with potential negative impacts on human physiology. Although the
current evidence on the immediate health impacts of EMF exposure is inconclusive, it is important to note that the World Health
Organization (WHO) and the International Agency for Research on Cancer (IARC) have classified EMF radiation from UPWD
as Group 2B, indicating limited or no evidence of carcinogenicity. While the Federal Communication Commission (FCC)
and International Commission on Non-Ionizing Radiation Protection (ICNIRP) have established guidelines on the maximum
allowable absorbed EMF limit, the FCC consumer guidelines state that "FCC approval does not necessarily indicate the precise
extent of EMF exposure that consumers may encounter during the normal use of a device” [2]. Consequently, the proliferation
of EMF radiation in the 5G era has the potential to amplify long-term health risks associated with EMF exposure [3]. We
believe that there are untapped opportunities and solutions that can be utilized to optimize EMF exposure and ensure the
enduring sustainability of wireless communication systems.

A significant advancement in recent years for the evolution of next-generation communication systems is the rise of Non-
Terrestrial Networks (NTN). NTN represents a transformative phase in connectivity as it extends beyond Earth’s surface [4]. The
release of 3" Generation Partnership Project (3GPP) Release 17 signifies a major milestone in integrating NTN and Terrestrial
Network (TN). NTN encompass a diverse array of pioneering communication systems that operate beyond the constraints
of traditional terrestrial infrastructure. They present possibilities for worldwide connectivity via the internet, the Internet of
Things (IoT), disaster preparedness, navigation systems, remote access, and numerous scientific pursuits. According to 3GPP
guidelines, NTN typically consists of satellites, while High Altitude Platform Stations (HAPS) and Unmanned Aerial Vehicles
(UAV) are regarded as special use cases. It is perhaps less documented how the special use case of NTN, specifically UAV,
can significantly reduce EMF exposure, particularly in dense urban scenarios, where the likelihood of Line-of-Sight (LoS) can
be enhanced by utilizing UAV [5], [6].
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Figure 1: A high-level exemplification of the system model developed to explain the working of the proposed mechanism.

Earlier generations of mobile communication technologies predominantly employed Orthogonal Multiple Access (OMA)
methods such as Time-Division Multiple Access (TDMA) and Orthogonal Frequency Division Multiple Access (OFDMA) to
multiplex users. Nevertheless, the emergence of Non-orthogonal Multiple Access (NOMA) has brought forward an innovative
method for the next era of cellular communication. NOMA encompasses two primary variants: Power Domain NOMA (PD-
NOMA) and Code-Domain NOMA (CD-NOMA), with CD-NOMA incorporating techniques like Sparse Code Multiple Access
(SCMA) [7]. This discussion will focus on PD-NOMA, which exploits differences in channel gains among users to assign them
to the same subcarrier with varying transmission powers. This innovative strategy enables concurrent scheduling of a larger
number of users [8], [9]. Unlike OMA, NOMA demonstrates the capability to support a greater user base, thereby enhancing
spectral efficiency. Additionally, the characteristics of PD-NOMA present intriguing possibilities for reducing EMF exposure
while maintaining Quality-of-Service (QoS).

Enhanced Mobile Broadband (eMBB) has paved the way for ultra-high-definition streaming and augmented/virtual reality
(AR/VR) experiences in 5G. The aspirations for 6G extend performance expectations across a broad spectrum of innovative
applications [10]. These applications have escalated the demand for data rates, consequently increasing power consumption.
This upsurge in power directly results in a substantial elevation in EMF exposure for users of UPWD. A straightforward yet
effective solution for mitigating EMF exposure lies in the utilization of Ambient Backscatter Communications (ABC) [11],
[12]. ABC operates by reflecting Radio Frequency (RF) signals modulated by reflecting devices known as backscatter tags,
thereby efficiently repurposing existing wireless transmissions between sender and receiver. Additionally, the application of
Machine Learning (ML) algorithms has demonstrated a pivotal role in diminishing uplink EMF levels [13].

To the best of the authors’ knowledge, none of the work available in the literature has focused on utilizing exposure Dose in
conjunction with PD-NOMA and UAV to optimize the uplink level of EMF exposure in a multi-user environment. One of the
closest works is by [14], where the authors propose a mechanism of tethered UAV to reduce the total EMF exposure using the
composite exposure metric Exposure Index (EI), without incorporating the Dose metric. The contributions to the knowledge
of this paper are summarized as follows:

o We develop an optimization problem aimed at minimizing overall EMF exposure in a PD-NOMA-based multi-user cellular
network while ensuring compliance with QoS requirements. Our proposed system incorporates UAV alongside the Dose
metric to assess EMF exposure, distinguishing our approach from existing state-of-the-art solutions.

o« We employ k-medoids for clustering UPWD during resource allocation. The k-medoids offers low complexity, high
robustness, and quicker convergence compared to k-means clustering [15]. The number of users per sub-carrier is
determined using silhouette analysis. The UPWD within a cluster are assigned a sub-carrier while employing an EMF-
aware power allocation strategy.

o We conduct Monte Carlo simulations to validate the performance of the proposed PD-NOMA framework, which is based
on UAV technology and employs ML. We compared the performance of our method with a PD-NOMA EMF minimization
framework that does not utilize UAV, as well as an OFDMA EMF minimization framework without UAV involvement.
Our proposed methodology notably reduces EMF exposure compared to the relevant non-UAV-based schemes, achieving
reductions of at least 89% when compared to [13].

The paper is organized as follows: Section II presents the system model and describes the problem formulation. Section III
elaborates on our proposed framework for resource and power allocation, with consideration for awareness of EMF exposure.
Section IV provides our performance analysis and compares it with current methodologies. Lastly, Section V summarizes and
concludes our findings.



II. SYSTEM MODEL

In Figure 1, we present a communication configuration designed for densely populated urban areas, focusing on a single-
cell scenario where F' users, each equipped with a single antenna, interact with a Base Station (BS) employing PD-NOMA.
The available system bandwidth, denoted as W, is partitioned into Q subcarriers, allowing multiple users to share the same
subcarrier due to the NOMA strategy. Given the challenges posed by poor channel conditions in this densely populated urban
setting, direct communication between the F users and the BS is unfeasible. To overcome this hurdle, we introduce a UAV
positioned at a fixed altitude, labeled ZIJTN, which serves as an intermediary for data transmission from the UPWD to the BS.
Here, ¢ F.q.n Tepresents the channel gain of user f over subcarrier ¢ at time slot 72, accounting for both path loss and fading
effects, and is expressed mathematically as follows:

97 g, 72 ) (D
here, ﬂvo denotes the channel gain power at a reference distance of one meter, h #.q.» Tepresents the fading coefficient, and d i
signifies the distance between the UAV and the fth device. The term ij is defined as:
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In this context, X and Y represent the x-coordinate and the y-coordinate of the positions of the UAV and UPWD, respectively.
It Fq » users are assigned to the ¢" subcarrier during time slot 7, the corresponding received signal at the UAV can be expressed
as follows:

Ui = PiaidfanTfan t Zan &)

Fii denotes the information signal of the f‘h UPWD in an underlay PD-NOMA system, transmitted on

subcarrier ¢ at time slot . Similarly, p F.q.n Tepresents the transmit power of the f‘h UPWD at time slot 7 on the subcarrier ¢,

in this scenario, & »

and g P symbolizes the channel gain between the f‘h UPWD and the UAV at time slot 72 on the subcarrier ¢. Additionally,
Zy,n characterizes the Additive White Gaussian Noise (AWGN) on subcarrier ¢ at time slot 73, with zero mean and variance
2. Interference arises due to the potential multiplexing of data from multiple users on the same subcarrier in NOMA. In a
broader context, the cumulative interference encountered by the fth user on the subcarrier ¢ can be expressed as:

Fy
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At the receiver end in PD-NOMA, the Successive Interference Cancellation (SIC) technique is commonly employed to
decipher the data streams of multiple users multiplexed together. Drawing from the principles of Multiple Input Multiple
Output (MIMO) detection, where SIC originated [16], it is well understood that the sequence of detection plays a crucial role
in performance. In SIC-enabled MIMO detection, data transmitted over the strongest channel links are typically decoded first,
while those over the weakest links are processed last. Translating this concept to the uplink of PD-NOMA, it means that the
user with the highest received power at the receiver, represented by Pz (1), 4,#9#(1),4,4. 1S decoded first. Conversely, the user with
the lowest received power, denoted by p Dt (Fyn)siioi Js (Frgon)dsit? undergoes decoding last. In this context, 7 denotes a vector that
permutes indices according to the SIC decoding sequence Consequently, the power issuance strategy at the UPWD impacts
the efficacy of the SIC process, i.e., its capability to disentangle the signals from different users. The multiplexing approach
of PD-NOMA relies on the assumption that SIC can effectively decode the multiplexed signal [17], [18]. To incorporate this
consideration into our model, we assert that successful decoding for any user f on subcarrier ¢ at time slot 7 occurs when its
received signal-to-residual interference ratio exceeds or equals a predefined threshold 5 , expressed as:

ﬁfv,d,ﬁgf,d,ﬁ/vfu,d,h > ¢, )
¢ > 1, where:
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In (6), 7~ '(f) provides the position of f within the permutation vector #. For example, if #(1) = , then 7 “1(5) =1,
indicating that the index of 5 in 7 is 1. Therefore, the SIC process consistently achieves success, such that Iﬁ( Fon) = =0,Yq,n
The total quantity of bits transmitted by the user f on the subcarrier ¢ over a time slot 7 within a period 7 can be approximated
using the following formula, which relies on equations (3), (6), and Shannon theory:

bi oy =07 Gf 108, (1 + w> 7)
q,n

in this context, W = W/ Q denotes the bandwidth assigned to each subcarrier. The parameter & F.in Serves as a subcarrier

allocation indicator, taking the value & Fan =1 if the user f is assigned to the subcarrier ¢ during time slot 72, and O otherwise.

The P encompasses transmit powers for all users, at all subcarriers, and all time slots. Similarly, & represents the subcarrier

allocation status across different users, subcarriers, and time slots.

Regarding the individual user exposure in the uplink, its characterization can be articulated following the insights presented
in [19], as
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in this context, N indicates the total number of time slots, and pref signifies the reference incident power used to evaluate the
Specific Absorption Rate (SAR) of the f UPWD. The SAR metric is commonly used to assess EMF exposure from UPWD
systems operating below 10 GHz. SAR measurements can be classified into average SAR or organ-specific SAR, such as those
for the head or hand [3], [20]. Typically, SAR is expressed as:

F><E2
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In (9), My and T represent the mass density of the defined object or tissues and conductivity, respectively, while E; denotes
the electric field. Additionally, p fv(N ) in (8) signifies the signaling power used to facilitate the transmission of data of each
UPWD relying on the total available time slots [21].

A. Problem Formulation

Our key aim is to create a scheduling technique that prioritizes EMF-awareness, with the goal of lowering exposure levels
while also factoring in QoS requirements and utilizing PD-NOMA with SIC. To realize this objective, we initiate by delineating
the mathematical structure of this approach through an optimization problem, outlined as follows:

F
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In equation (10), the function E’(o”zﬁ) represents the collective uplink exposure encountered by the F users of the system
over the N time slots. Simultaneously, the constraints outlined in equation (10) take the following form:
1) The constraint denoted by C 4 serves as a QoS parameter, ensuring that each user transmits the required number of bits,
denoted as Br 2 in the prescribed sequence.



2) Cp represents a constraint on transmit power, indicating that the transmit power of each UPWD is bounded by a maximum
value, denoted as P}“ax for each time slot.

3) The constraint denoted by C¢ is associated with the SIC process at the receiver; when condition (11c) is satisfied, the
SIC mechanism can eliminate certain interference from the received signal of user f .

4) The constraint denoted by C p pertains to NOMA, indicating that in NOMA scenarios, the maximum number of users

that can be assembled on the subcarrier ¢ at any given time slot 72 is restricted to F’qﬁ.

Our optimization problem, delineated in (10) and (11), exhibits non-convexity owing to the binary nature of & Fii [22] and
the non-affine equality constraint C 4. To address this challenge effectively, we must initially alleviate its binary characteristic
through a standard relaxation procedure. Following a similar approach as described in [23], we investigate sequential subcarrier
and power assignments, wherein we first determine ¢ with a fixed p and subsequently optimize p with a fixed &. Furthermore,
an adjustment of variables is necessary in (10) and (11) to convert C 4 into a convex form when ¢ is fixed. These aspects are
explored in more detail in the subsequent sections.

As highlighted in [13], it is crucial to note that we assume that the receiver can predict the Channel State Information (CSI)
for the F' users over N time slots ahead of time by utilizing uplink pilot signals.

III. PROPOSED EMF-AWARE UAV-ASSISTED SOLUTION

We present a two-step approach that integrates ML for sub-carrier assignment and an iterative strategy for power allocation.
Through ML assistance, sub-carriers are allocated to an optimal number of users to minimize interference. The power allocation
scheme in PD-NOMA guarantees efficient information decoding at the receiver, while adhering to QoS standards.

A. ML backed Subcarrier Allocation Strategy

The implementation of the PD-NOMA strategy enhances the spectral efficiency of communication systems [24] through the
adept demultiplexing of multiple users sharing a common subcarrier, prioritizing based on their individual power reception
levels. The effectiveness of this approach hinges largely on the receiver’s capability to discern varying levels of received power
among users, which in turn relies on judicious selection and grouping of users for multiplexing. Thus, in the uplink of cellular
systems, user grouping can leverage spatial information to optimize performance. In the context of user grouping, the utilization
of ML algorithms reduces complexity and improves the probability of converging towards an optimal solution, as demonstrated
in comparison to non-ML methodologies [25], [26].

We utilize a k-medoids-based clustering technique to group F‘q’ﬁ users assigned to a sub-carrier ¢ within time slot n. Our
investigation reveals that k-medoids outperform k-means in terms of clustering efficacy, offering lower time complexity and
greater robustness [15]. To find out the favorable number of clusters efficiently, we employ Silhouette analysis. This method
evaluates inter-cluster distances, aiding in the identification of an ideal number of clusters without requiring training on a dataset.
In comparison to the elbow method utilized in previous work [13], Silhouette analysis demonstrates superior robustness and
accuracy. Silhouette analysis calculates Silhouette coefficients, which reflect the distances of individual samples from their
respective clusters. These coefficients range from [—1, 1], with a score of 1 indicating significant distance from other clusters
and —1 suggesting improper sample grouping. Consequently, the optimal number of clusters is determined when the average
Silhouette coefficient, known as the Silhouette score, approaches 1.

After determining a sufficient value of the total number of clusters, denoted as M , for a specific subcarrier, labeled as g,
at time slot 7, one user from each cluster is designated to utilize this subcarrier/time slot, following the guidelines outlined
in Algorithm 1. Consequently, the count of users clustered on this particular subcarrier/time slot becomes Fdﬁ = M. The
normalized channel gain, in Algorithm 1, denoted as G i is employed for subcarrier allocation. This choice of utilizing

,n’

v

G Fi instead of g 7 q,n EDSUTES fairness among users and mitigates EMF exposure by averting the allocation of the poorest
subcarrier to any user during the given time slot 7. Additionally, S 7 denotes the quantity of assigned subcarriers per user.

B. Power Assignment

After performing the user grouping and subcarrier allocation procedures outlined in Section III-A, it becomes necessary to
determine the appropriate transmit power levels for each user to mitigate uplink exposure to EMF. As detailed in Section II-2,
even with the knowledge of & obtained from the subcarrier allocation process, the optimization problem in equations (10) and
(11) remains non-convex due to the non-linearity of constraint (11a). To address this, a variable transformation is employed:

Piign = g ' a2)

by replacing p F i with the expression provided in equation (12) within equations (10) and (11), the optimization problem
can be reformulated as follows:



Algorithm 1: ML-driven sub-carrier allocation with UAV assistance.

1: INPUT (55, . N. F. Q.)
2: Stage 1:
3. Fix the value of & = O;

y - - N Q Lo
4: Fix the value of Gm,ﬁ:gmﬁ/gf vf,q,n, g5 = Sy gquﬁ/F/N;
: Stage 2:

5
6: for M =2:F—1do

7. Utilize k-medoids to perform clustering of g4 » into M clusters Vf, G;
8

9

q,n>

: end for
. Estimate the value of M utilizing Silhouette mechanism;
10: Fix the value of Fy; = M Vf, G
11: Fix the value of S’f = LZ(?:l Zgzl Fdﬁ/ﬁj,vf.
12: Stage 3:
13: Use G Foin 1O perform subcarrier assignment.
14: From each cluster select the UPWD with maximum of Cu?(jn
15: Allocate S 7 sub-carrier to F.

16: OUTPUT &, S

(13)

(14)

the variable 7 F i denoting the spectral efficiency of user f on subcarrier ¢ at time slot 7, is defined as the ratio of b P tO

(w7). In contrast to equation (10), the constraint C E in equatipn (13) is expressed as an affine function of ¥. Furthermore, both

the objective function and the constrained functions Cr and C¢ in equation (13) are convex with respect to ¥, assuming [/ Foai

is held constant. Thus, equation (13) presents a convex optimization problem, and its Lagrangian can be formally defined as:

gty (- @0n — 06+ 1 )Ty ) 13



Algorithm 2: UAV-assisted iterative EMF-aware power optimization.
1 INPUT (&, S, F, (, SARy, P}HEX, Bry, 7, py(N),

52, )
2: Stage 1:
3 Set . qvﬁ:P?aX/kéf Vf;
4: for f=1:F do
5. Compute the initial value of I P utilizing (4) Vq,n
6: end for
7: Stage 2:
8: repeat
9: forf:l:Fdo
10: Compute 7 ; Fi using (15) employing iterative water-filling;
11: Compute the updated value of p; . . utilizing (12);
12: if pf)q’ﬁgf’q)n/lvvq; < ¢ then ] )
13 Discover %ﬁd,ﬁ and p Df 4.5 such that p P gfv qv,ﬁ/lfv’qv,ﬁ >(;
14: end if
15: Compute the updated value of I P utilizing (6);
16: Compute the value of E 7 utilizing (8);
17:  end for
18: until convergence
19: Stage 3:
20: Compute the value of E utilizing (10);
21: OUTPUT E

in this context, the symbols, A Iz I it and & 7.4.n Tepresent the Lagrange multipliers corresponding to the constraints Cg, Cp
and Cg, respectively.

Through the resolution of V.L(7 Tf f7 fi, 5207 a ) = 0, and the verification of adherence to all the Karush-Kuhn-Tucker
(KKT) conditions [22], the outcome is as follows 13]:

WG
Tfan = max [ 0,logy X + logy ( g A ) , (16)
@ In

in this context, the representation of Y takes the form:

ot

by
G- | (17)
(1/N — (5, + 0% Mgfw/ s n)/7)

Equation (17) represents a water-filling approach, amenable to analysis through iterative techniques like Secant and Newton-
Raphson [27]. The power allocation process occurs in two stages. First, the transmit power of each user is precisely spread
across its S 7 subcarriers, normalizing it relative to the maximum power of each UPWD. This initial distribution is then used
to calculate interference levels among user groups that uses the same subcarrier. The interference is assessed using the SIC
process, guided by a specified reference threshold (f as detailed in Section II. Notably, the SIC process prioritizes decoding
users with superior channel gains first, assuming equal transmit power. Consequently, users with poorer channel conditions are
considered interference-free if C; in equation (13), contingent upon C is consistently satisfied.

Subsequently, iterative waterfilling is employed to refine the power levels of each f user sharing a subcarrier ¢ while
upholding both the QoS constraint Br 7 and the transmit power constraint ]5}3“". The power allocation must also adhere to

constraint Cg; if not, recalibration is necessary. This two-stage process persists until convergence, signified by negligible
changes in p » Fi values between successive iterations. For further insights into the power allocation methodology, Algorithm
2 provides detailed guidance.

IV. RESULTS AND DISCUSSIONS

In order to demonstrate the efficacy of the proposed framework for minimizing EMF while relying on UAV, PD-NOMA
and ML technologies, we conduct a comprehensive evaluation of its performance and compare it with relevant state-of-the-art
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Figure 3: Integrated uplink EMF exposure with changing user counts.

approaches. The performance assessment was conducted by taking into account the following simulation assumptions and
parameter values:

« To model propagation effects, we assume Rician fading and the path loss models used are defined in [28].

o The main simulation parameters are set with the followmg default values for the sake of simplicity and without the loss
of generality: Q = 128, W = 10 MHz, 7 = 1 ms, F= 15, N = 10, pref = 1 Watt, 02 = 174 dBm/Hz, ZNTN = 100
meters, SARfv =1 W/kg, and C =1.

o We have also made the assumption that all users possess an identical target number of required bits.

In Figure 2, we have conducted a performance comparison between our proposed UAV-assisted ML-enabled PD-NOMA
scheme and two reference schemes: the non-UAV PD-NOMA scheme from [13] and the non-UAV OFDMA scheme from [29].
We gradually increased the required target number of bits while keeping the number of users fixed at 15, the number of time
slots fixed at 10, and maintaining a constant number of subcarriers at 128. We observed a correlation between the increase in
transmitted bits and the overall EMF exposure, attributed to the higher power demand for transmitting larger data volumes.
Generally, PD-NOMA exhibited lower EMF exposure levels compared to OFDMA transmission due to its enhanced spectral
efficiency, as discussed in [29]. However, when comparing the effectiveness of OFDMA and ML-based PD-NOMA from [13]
with our proposed UAV-enabled PD-NOMA, we noted a significant decrease in EMF exposure, particularly when fewer bits
were required. This reduction is attributed to the increased probability of LoS propagation facilitated by the UAV, resulting
in improved channel conditions. At a fixed target number of bits (40 kbps), our proposed scheme demonstrated a substantial
decrease in aggregated uplink EMF exposure compared to the approaches presented in [29] and [13], with reductions of 89%

and 85%, respectively, as illustrated in Figure 2.
The illustration in Figure 3 presents a comparative analysis between the proposed method and the methodologies outlined
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in [29] and [13]. This comparison is conducted under consistent conditions, maintaining a fixed number of sub-carriers at 128
and required target number are set to 60 kbps over 10 time slots, with varying user counts. The accumulation of EMF exposure
intensifies with an increase in the number of users, leading to noticeable escalations in EMF exposure as user number rise.
This escalation correlates with the necessity for higher transmit power per user to sustain consistent bit rates. Such trends
persist even with constant allocations of sub-carriers and transmission window sizes. Notably, the proposed method exhibits
significant performance enhancements compared to [29] and [13]. This improvement is attributed to the inclusion of a UAV,
which enhances channel conditions by increasing the probability of LoS between users and the receiver.

To further affirm the effectiveness of the proposed approach, which combines UAV assistance, PD-NOMA methodology, and
ML, we delve into its performance across a range of target bit counts. This examination is conducted under various fixed time
slot durations, denoted by N values of 10, 20, and 30, as illustrated in Figure 4. The analysis reveals a significant finding: as
the transmission duration extends, there is a discernible decrease in EMF exposure, all while maintaining a steady Br value.
This implies that despite the increase in Br, the overall accumulation of EMF exposure reduces over time, which signifies the
importance of using Dose metric to optimize the EMF exposure by exploiting time domain.

Similarly to the study conducted by [13], in Figure 5, we explore the effects of varying the target bit count on the total uplink
EMF exposure for a fixed number of users and time slots, utilizing experimentally determined SAR values. The SAR value
utilized in Figure 5 is 0.658545 W/kg, which corresponds to the SAR value determined experimentally for cheek positioning
as detailed in [13], using the IEEE/IEC 62704-1 averaging method. As depicted in Figure 5, the aggregate EMF exposure is
reduced with the incorporation of UAV compared to scenarios without UAV in both OFDMA and PD-NOMA systems. This
confirms the efficacy of the methodology employed in the proposed framework.



V. CONCLUSION

In this paper, we demonstrate for the first time that the joint utilization of UAV and the exposure Dose metric can effectively
optimize uplink EMF exposure levels. We have devised a two-stage allocation strategy to decouple the non-convex problem.
The ML technique is used for resource allocation, while power allocation is accomplished using iterative methods. Compared
to similar non-UAV-based techniques, the proposed utilization of UAV can reduce uplink EMF exposure levels by at least
89%, particularly in dense urban scenarios. In future work, we aim to expand our research by exploring multi-cell scenarios.
Enhancing the practicality and resilience of our methods will be a key focus, as we plan to incorporate considerations of
interference from neighboring cells into the design.
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