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Highlights 

What are the main findings? 

• A priority-aware layered offloading framework is proposed for UAV-assisted wireless edge 

networks, where base and enhancement task layers are sequentially processed to guarantee 

reliability and timeliness. 

• A joint optimization of communication and computation resources, as well as TDMA-based time 

allocation is formulated and convexified through epigraph and perspective transformations. 

Closed-form water-filling solutions for power and CPU resources are derived analytically, while 

time allocation is obtained via an efficient iterative algorithm guaranteed to converge to the KKT 

point. 

What is the implication of the main finding? 

• The proposed framework achieves globally optimal resource allocation while satisfying user-

priority and reliability constraints, offering a benchmark for practical UAV edge computing 

systems. 

• Analytical and simulation results confirm that the approach significantly reduces end-to-end 

latency and improves reliability compared to baseline offloading and uniform allocation 

schemes, demonstrating its applicability to real-time emergency and disaster-response 

scenarios. 

Abstract 

In disaster scenarios where communication infrastructure is damaged, Unmanned Aerial Vehicle 

(UAV)-assisted wireless networks can provide temporary connectivity and hence the indispensable 

mobile edge computing functionality. However, limited resources on UAVs require prioritization of 

critical data in such scenarios. This research addresses reliable transmission and task offloading by 

modeling user tasks as layered compositions, where the base layer is essential and enhancement 

layers are optional. TDMA-based prioritization is employed to ensure reliable decoding of high-

priority layers of the computational tasks (i.e., intra-user priority) along with inter-user priority needed 

for urgent users like rescue teams. Under these reliability constraints, the work formulates a joint 

communication-computation optimization problem to allocate transmission power and UAV CPU 

cycles efficiently in order to minimize total weighted offloading latency. The original problem is non-

convex and thus we leverage epigraph and perspective functions to recast the problem into convex. 

We also derive analytically, using KKT conditions, the optimal water-filling-like solutions for the 

reformulated problem. The numerical results show that, at a signal-to-noise ratio of 5 dB, the 

proposed algorithm achieves relative latency reductions vs the baseline algorithms (39.99% reduction 

vs Equal Allocation, 49.99% reduction vs Enhancement First, and 69.99% reduction vs No Priority) 

which reflect considerable latency reduction with priority-aware offloading. 
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1. Introduction 

Unmanned Aerial Vehicle (UAV)-assisted radio transmission is an effective solution for 

emergency situations in post-disaster scenarios such as collapse of communications and computing 

infrastructure due to military operations or natural disasters (e.g., wildfires, floods, and earthquakes) 

[1]. Such life-saving technique is vital in establishing the required urgent basic Uplink (UL)/ 

Downlink (DL) wireless connections, and more importantly in the provisioning of multi-access edge 

computing (MEC) capability. UAV typically hover above disturbed and affected zone to provide the 

required radio communications and MEC services [2,3]. Upon establishing the radio connection, each 

ground user offloads a computational task to the nearby UAV using time division multiple access  

(TDMA). The result of execution is then sent to the user after the UAV has processed the task (see 

Figure 1). 

 

Figure 1. Basic Model for the proposed priority-aware UAV-Assisted MEC system. Both inter-user (layer 1) and 

intra-user (layer 2) priorities are shown with TDMA scheduling. 

Unlike standard MEC servers, UAV has limited on-board power and processing resources [4], 

make  it challenging to support all user tasks simultaneously and reliably. Additionally, all users will 

compete for the shared wireless communication resources (e.g., power or spectrum),  but, not all of 

them face an exact level of emergency situations [5]. For example, a rescue team needs image analysis 

and processing to quickly locate victims (high priority), while another, e.g., second respondent may 

need less critical processing (low priority), i.e., inter-user priority. In addition to that, per-user (or 

intra-user) priority is also required since mobile application typically comprises both base layer (BL) 

representing critical data and enhancement layers (EL) which are optional as depicted graphically in 

Figure 1. This two-layers paradigm is the core of the proposed layered offloading scheme as discussed 

in the upcoming sections. 

Several existing systems treat tasks as indivisible units, neglecting the importance of prioritizing 

essential task components under resource constraints in a post-disaster scenario [1]. Therefore, this 

research addresses the problem of reliably offloading layered tasks—comprising critical and optional 

parts—over UAV-assisted wireless networks while prioritizing user scheduling over shared wireless 
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network. The proposed scheme, entitled “Reliable Layered Transmission (RLT)”, has two novel 

features:  (i) divide task’s data into multiple layers with different priorities, where base layer is the 

most critical (e.g., location or low-resolution image of a survivor) while the other enhancement layers 

are optional; (ii) assign different weights for various user (inter-user priority) e.g., for rescue teams 

or emergency users. It also optimizes the total offloading latency by performing joint communication 

and computation resource allocation to ensure reliable transmission and processing of the most 

critical task layers of prioritized users. 

The structure of this paper is as follows. Related works are highlighted in Section 2. Channel 

model and UL/DL communications and computation models are all presented in Section 3, while the 

optimization problem formulation is discussed in Section 4. In Section 5, the solution analysis is 

introduced through three lemmas. After that, Section 6 discusses the obtained results to show the 

effectiveness of the proposed algorithm compared to several baseline algorithms, and finally the 

conclusion for this paper is given in Section 7. 

2. Related Works 

The last few years have witnessed the development of MEC-enabled UAV network as a new 

technology to enhances computational processes, reduces delay, and supports the application of real-

time services in volatile and highly mobile wireless networks. Studies [6,7] have improved task 

offloading, computed task efficiency and energy consumption in UAV networks. However, their 

work did not focus on task priorities. 

While studies [2,8] have focused on resource allocation and task offloading in UAV using joint 

optimization although, their work does not support real-time and is not scalable. Although the study 

[9] have developed a user-density-based framework for real-time offloading model using UAV 

networks but Dedicated to the sporting event only, not for general use. 

[10] introduced an architecture designed using deep reinforcement learning (DRL) for joint 

computation offloading and resource allocation in multi-user MEC systems in an attempt to reduce 

a weighted sum of delay and energy cost. While their algorithm is appropriate for dynamic workload 

adaptation, their assumption involves ground MEC end points as static systems and does not 

facilitate adaptation in dynamic systems that could be applicable in UAV communication systems. 

In similar vein, [11] examined optimal power and time allocation schemes in orthogonal and 

NOMA/NOMA-assisted multiple access communication in MEC systems. The theoretical derivation 

in this study presumes major reductions in energy cost, which is, only applicable in small systems 

whose communication channel is static. 

Some research surveys have also provided a comprehensive overview of the communication 

systems of MEC and UAVs separately in the past. [12] the study discussed multi-access computing 

(MEC) architectures, and offloading methods, emphasizing the importance of reducing access time 

and conserving energy, although it is still a conceptual study and lacks UAV integration. In contrast, 

the review conducted [13] included an analysis of FANET networks that addressed the networking 

difficulties specific to FANET networks, including those related to multi-drone communication, 

routing protocols, and mobility management, although it lacked any form of edge computing or 

computation offloading. 

According to [14,15] the combined studies have shifted the focus of MCC design from single-

user and uplink-only resource usage to comprehensive allocation and scheduling but not support 

UAV. While previous study [16] developed framework to improve energy and security of offloading 

for UAV systems suffer from weak performance in disaster covering and [17] developed framework 

to enhance reliability in MCC over fading channel using superposition coding but not compatible 

with the UAVs. 

[18] addressed an offloading model for various IoT tasks using logic-based Benders 

decomposition for task offloading in dynamic scenarios. Although this method nearly achieves 

optimal task latencies in offloading strategies, centralized processing complexity makes this work 

less suitable in highly dynamic or mobile networks like UAV communication networks. In contrast 
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to research related to MECs, a comprehensive review of UAVs for photogrammetry and 3D mapping 

tasks was conducted by [19], focusing on fixed-wing UAVs in civil missions and fails to consider real-

time processing. 

Moreover, the study [20] improve reliability using federated learning in multi-UAVs enable-

wireless network at the same time, suffer from convergence is delayed, requiring high computational 

capabilities. While [21] used deep RL to optimize UAV’s path based on user location to reduce delay 

ignoring the importance of prioritizing tasks. 

This paper fills the gap of prioritization of critical data and also optimal allocation of radio and 

processing resources due to limited resources on UAVs by answering the following two questions: 

(a) How to reliably prioritize tasks offloading in post disaster-scenario via UAV-based MEC 

networks? 

(b) How to efficiently allocate both radio and processing resources in such network to achieve 

optimal utility, namely minimizing the sum of total end-to-end offloading latency? 

3. System Model 

Suppose a single UAV is flying over a disaster zone at location (𝑋𝑈𝐴𝑉  , 𝑌𝑈𝐴𝑉  , 𝑍𝑈𝐴𝑉) and acting as 

an aerial MEC server. The UAV establishes both uplink and downlink wireless links via TDMA. 

There are a total of 𝐼 ground users deployed in the area, where the 𝑖 − 𝑡ℎ user is located at location 

(𝑋𝑖  , 𝑌𝑖  , 𝑍𝑖). For clearer presentation, channel model is presented in Section 3.1 while Sections 3.2 and 

3.3 are dedicated to the UL/DL communication and MEC computation models, respectively. 

3.1. Channel Model 

Consider a general model for composite UAV channel with power gain g𝑖 defined by: 

g𝑖 = PL(di)  × 𝒮 ×  |hrician
2| (1) 

where PL(di) is the path loss – based distance (linear scale), 𝒮 refer to shadowing (linear scale), and 

hrician refer to channel coefficient under a small-scale rician fading model. The PL itself is given by 

PL(di) =  (
d0
di
)
α

 (2) 

where 𝛼 refer to the path loss exponent (2 for LoS, >2 for NLoS) [22], di is the distance between 

UAV and user 𝑖 (meter), and d0 refer to a reference distance (1 meter). The shadowing components 

reads 

𝒮 =  10𝑥𝜎 10⁄ ,  𝑥σ ~ 𝒩(0, 𝜎𝑑𝐵
2 ) (3) 

𝜎2 is the standard deviation of shadowing (dB), and  𝑥σ  points to zero-mean gaussian random 

variable (dB). Finally, small-scale fading has the mathematical formulation as 
hrician = ℒ⏟

LOS

+ 𝒜real + j 𝒜img  ⏟           

Multipath

 (4) 

ℒ is the LOS part, j is the imaginary unit (√−1), 𝒜real  points to real part of multipath, and 

𝒜img  indicates imaginary part of multi-path with 

ℒ =  √
𝐾𝑙𝑖𝑛𝑒𝑎𝑟

𝐾𝑙𝑖𝑛𝑒𝑎𝑟 + 1 
 (5) 

𝐾𝑑𝐵 = 
𝑃𝑜𝑤𝑒𝑟𝐿𝑜𝑆

𝑃𝑜𝑤𝑒𝑟𝑁𝑜𝑛−𝐿𝑜𝑆
, where 𝐾𝑑𝐵 is the rician factor 

The rician factor in linear scale is given by: 𝐾𝑙𝑖𝑛𝑒𝑎𝑟 = 10
𝐾𝑑𝐵 10⁄  

The real and imaginary parts of multipath are modelled as Gaussian random variable with 

normal distribution as indicated in (6) 

𝒜real ~ 𝒩 (0,
1

2(𝐾𝑙𝑖𝑛𝑒𝑎𝑟 + 1) 
) ,𝒜img ~ 𝒩 (0,

1

2(𝐾𝑙𝑖𝑛𝑒𝑎𝑟 + 1) 
) (6) 

3.2. Communications/Computation Model 

Considering the task offloading of 𝑖 − 𝑡ℎ ground user in a UAV-assisted mobile edge computing 

system. Each user 𝑖 has an input task size 𝑆𝑖
𝑈𝐿 (bits) sent to UAV via UL connection and similarly 
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𝑆𝑖
𝐷𝐿 bits of data encoding the result of execution sent in DL. Each offloaded bit utilizes computational 

load of 𝑆𝑖
𝑈𝐿𝐶𝑖  (CPU cycles) where 𝐶𝑖  denotes the computational complexity measured in CPU 

cycles/bit. 

3.2.1. UL Communication Model 

Moreover, also consider a practical scenario where the mobile applications can be partitioned 

into base layer (BL) and enhancement layer (EL). In this method, the BL gives the minimum quality 

of service that is guaranteed to all critical users to receive an essential quality of service (e.g., a certain 

minimal data rate, reliability, emergency messages or low-resolution video). The EL, on the other 

side, provides superfluous service quality, which can be opportunistically granted to the users based 

on residual resource availability above and beyond the base layer utilization. A hierarchical 

prioritization is obtained as the base layer serves the critical users and by dividing rest of resources 

among them and the enhancement layer, guarantees basic service while providing best possible 

overall user experience. 

The total number of offloaded bit 𝑆𝑖
𝑈𝐿 sent in UL consist of sum of both BL and EL input task 

size as: 

𝑆𝑖
𝑈𝐿 = 𝑆𝑖,𝑏

𝑈𝐿 + 𝑆𝑖,𝑒
𝑈𝐿 (7) 

where the 𝑆𝑖,𝑏
𝑈𝐿 represent the number of transmitted bits during the BL offloading and 𝑆𝑖,𝑒

𝑈𝐿 represent 

the number of offloading bits during the EL. 

The achievable uplink rate 𝑅𝑖,𝑏
𝑈𝐿  (in bps) for sending 𝑆𝑖,𝑏

𝑈𝐿
 to UAV is given by: 

𝑅𝑖,𝑏
𝑈𝐿(𝑃𝑖,𝑏

𝑈𝐿) = 𝜏𝑖,𝑏
𝑈𝐿𝐵𝑏

𝑈𝐿  𝑙𝑜𝑔2 (1 +
𝑃𝑖,𝑏
𝑈𝐿  𝑔𝑖 

𝑈𝐿

𝐵𝑏
𝑈𝐿  𝑁0

) (8) 

where 𝐵𝑏
𝑈𝐿 (𝐻𝑍) is the UL transmission bandwidth allocated for BL task, 𝜏𝑖,𝑏

𝑈𝐿 represent fraction of 

UL TDMA frame allocated to prioritize BL task transmission (unitless) as depicted in Figure 2, 𝑁0 

refer to the nosie power density (Watt / HZ), 𝑔𝑖 
𝑈𝐿   points to UL channel gain, and 𝑃𝑖,𝑏

𝑈𝐿   is the BL 

transmit power of the user device (Watt). 

 

Figure 2. TDMA timeframe for proposed priority-aware offloading Scheme. The total offloading delay is the 

sum of UL, computation and DL times where each occupied a fraction of the TDMA frame. Priority is assured 

for base layer bits of each ground user. 

Similarly, the rate 𝑅𝑖,𝑒
𝑈𝐿  (in bps) needed for sending 𝑆𝑖,𝑒

𝑈𝐿 in the UL direction reads: 

𝑅𝑖,𝑒
𝑈𝐿(𝑃𝑖,𝑒

𝑈𝐿) = 𝜏𝑖,𝑒
𝑈𝐿𝐵𝑒

𝑈𝐿  𝑙𝑜𝑔2 (1 +
𝑃𝑖,𝑒
𝑈𝐿  𝑔𝑖 

𝑈𝐿

𝐵𝑒
𝑈𝐿  𝑁0

) (9) 

where 𝜏𝑖,𝑒
𝑈𝐿  represent fraction of UL TDMA frame allocated to prioritize EL task transmission 

(unitless), 𝐵𝑒
𝑈𝐿  (𝐻𝑍)  is the UL transmission bandwidth allocated for EL, and 𝑃𝑖,𝑒

𝑈𝐿   is the transmit 

power of the user device during EL offloading (Watt). 

The UL time ∆𝑖
𝑈𝐿 (Seconds) for task uploading reads: 
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∆𝑖
𝑈𝐿(𝑃𝑖

𝑈𝐿) =  
𝑆𝑖
𝑈𝐿

𝑅𝑖
𝑈𝐿(𝑃𝑖

𝑈𝐿)
 (10) 

which depends on total input task size 𝑆𝑖
𝑈𝐿  (in Bits), transmit power 𝑃𝑖

𝑈𝐿  (watt) and total UL 

transmission rate. 

3.2.2. UAV Computation Model 

The computation time ∆𝑖
𝑀𝐸𝐶  (Seconds) required to execute the offloaded task of user 𝑖 at UAV 

MEC server is given by: 

 ∆𝑖
𝑀𝐸𝐶(𝑓𝑖

𝑀𝐸𝐶) =  
𝑆𝑖
𝑈𝐿 𝐶𝑖

𝑓𝑖
𝑀𝐸𝐶𝐹𝑚𝑎𝑥  

 (11) 

which is depend on input task size 𝑆𝑖
𝑈𝐿, computation complexity 𝐶𝑖  (CPU cycles / bit), Fmax is the 

CPU frequency of UAV processor (cycles / sec.), while 𝑓𝑖
𝑀𝐸𝐶

 is a fraction of CPU frequency allocated 

to the 𝑖 − 𝑡ℎ users with constraints (unitless), 𝑓𝑖
𝑀𝐸𝐶  ≥ 0, ∑ 𝑓𝑖

𝑀𝐸𝐶𝐼
𝑖=1 ≤ 𝐹𝑚𝑎𝑥. 

3.2.3. DL Communication Model 

Similar to UL, the downlink rate 𝑅𝑖
𝐷𝐿  (in bps) needed to send the output bits, encoding the 

results of execution from UAV to user 𝑖 is mathematically stated as: 

𝑅𝑖
𝐷𝐿(𝑃𝑈𝐴𝑉

𝐷𝐿 ) = 𝜏𝐷𝐿𝐵𝐷𝐿 𝑙𝑜𝑔2 (1 +
𝑃𝑈𝐴𝑉
𝐷𝐿  𝑔𝑖 

𝐷𝐿

𝐵𝐷𝐿 𝑁0
) (12) 

where 𝑃𝑈𝐴𝑉
𝐷𝐿  (Watt) UAV power, transmission bandwidth of UAV 𝐵𝐷𝐿 (𝐻𝑍) is the DL bandwidth, 𝜏𝐷𝐿 

refer to the fraction of DL TDMA frame allocated to task downloading (unitless), 𝑁0 nosie power 

density (Watt / HZ) and 𝑔𝑖 
𝐷𝐿 DL channel gain. 

Hence, the DL transmission time ∆𝑖
𝐷𝐿 (Seconds) is: 

∆𝑖
𝐷𝐿(𝑃𝑈𝐴𝑉

𝐷𝐿 ) =  
𝑆𝑖
𝐷𝐿

𝑅𝑖
𝐷𝐿(𝑃𝑈𝐴𝑉

𝐷𝐿 )
 (13) 

which is function of output task size 𝑆𝑖
𝐷𝐿 (number of downloading bits) and DL transmission rate 

𝑅𝑖
𝐷𝐿(𝑃𝑈𝐴𝑉

𝐷𝐿 ) in bps, given in (12). 

Finally, the total offloading time ∆𝑖
 𝑇𝑜𝑡𝑎𝑙(𝑃𝑖

𝑈𝐿 , 𝑓𝑖
𝑀𝐸𝐶 , 𝑃𝑈𝐴𝑉

𝐷𝐿 ) for each task is given as: 

 ∆𝑖
 𝑇𝑜𝑡𝑎𝑙(𝑃𝑖

𝑈𝐿 , 𝑓𝑖
𝑀𝐸𝐶 , 𝑃𝑈𝐴𝑉

𝐷𝐿 ) =  ∆𝑖
𝑈𝐿(𝑃𝑖

𝑈𝐿) + ∆𝑖
𝑀𝐸𝐶(𝑓𝑖

𝑀𝐸𝐶) +  ∆𝑖
𝐷𝐿(𝑃𝑈𝐴𝑉

𝐷𝐿 ) (14) 

4. Problem Formulation 

The goal of this section is to formulate a priority-aware joint communication and computation 

resource allocation under UAV-enabled offloading. The objective is to reduce the total weighted sum 

offloading delay for critical users under power and resource constraints. Mathematically stated as in 

P.1: 

𝒎𝒊𝒏
(𝝉𝒊,𝒃
𝑼𝑳,𝝉𝒊,𝒆

𝑼𝑳,𝑷𝒊
𝑼𝑳, 𝒇𝒊

𝑴𝑬𝑪, 𝝉𝑫𝑳,𝑷𝑼𝑨𝑽
𝑫𝑳 ) 

∑𝒘𝒊 

𝑰

𝒊=𝟏

∆𝒊
 𝑻𝒐𝒕𝒂𝒍  (𝑷. 𝟏) 

S.t: 

(C.1) 𝑹𝒊,𝒃
𝑼𝑳  ≥  𝑹𝒊,𝒃

𝒎𝒊𝒏 , ∀ 𝒊 ( 𝐋𝟏) 

(C.2) 𝝉𝒊,𝒃
𝑼𝑳 + 𝝉𝒊,𝒆

𝑼𝑳 = 𝑻𝒔, ∑ (𝝉𝒊,𝒃
𝑼𝑳 + 𝝉𝒊,𝒆

𝑼𝑳)  ≤ 𝑻𝒔 ( 𝐋𝟐)𝒊  

(C.3) ∆𝒊,𝒃
𝑼𝑳 + ∆𝒊,𝒃

𝑴𝑬𝑪 ≤  ∆𝒊,𝒆
𝑼𝑳 

(C.4) 𝑷𝒊,𝒃
𝑼𝑳, 𝑷𝒊,𝒆

𝑼𝑳 ≥ 𝟎 , ∀ 𝒊 

(C.5) 𝑷𝒊,𝒃
𝑼𝑳 + 𝑷𝒊,𝒆

𝑼𝑳 ≤ 𝑷𝒎𝒂𝒙
𝑼𝑳 , ∀ 𝒊 

(C.6) ∑  𝒇𝒊
𝑴𝑬𝑪 ≤ 𝑭𝒎𝒂𝒙 ,

𝑰
𝒊=𝟏  𝒇𝒊

𝑴𝑬𝑪  ≥ 𝟎 , ∀ 𝒊 

(C.7) ∑ 𝑷𝑼𝑨𝑽
𝑫𝑳 ≤ 𝑷𝒎𝒂𝒙

𝑫𝑳  ,𝑰
𝒊=𝟏  ∀ 𝒊 

(𝑷. 𝟏) reveals two types of priorities: the first is priority between users based on user weights, 

while the second is the intra-user priority based on layered transmission (BL and EL). 
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Constraints (C.1) ensures that BL rate is greater than or equal to the given minimum rate for 

priority assurance; (C.2) gives per user layered transmission; (C.3) to ensures the BL task is fully 

uploaded and executed before EL for 𝑖 user in post-disaster scenario as it clear in Figure 1 (b); (C.4) 

indicates the power of the both BL / EL are greater than or equal to zero ; (C.5) ensures the power of 

the BL and EL are smaller than or equal to total uplink power; (C.6) refers to a fraction of CPU 

frequency allocated to the 𝑖 − 𝑡ℎ users with constraints is smaller than or equal to the CPU frequency 

of UAV processor; and (C.7) indicates that the UAV power for 𝑖 − 𝑡ℎ users is smaller than or equal 

to the maximum download power. 

Note that intra-user priority is enforced via (C.1)-(C.3) while inter-user priority is embedded in 

the objective function. 

5. Solution Analysis 

The presence of the time allocation variables 𝜏 together with the logarithmic rate functions (8), 

(9) and (12) renders the optimization problem (P.1) as non-convex due to the coupling of variables in 

the objective function. Such problems are known to be NP-hard in general and hence obtaining its 

global optimal solution is computationally infeasible [23]. Accordingly, in this section, we will recast 

the problem into convex one using the following series of transformations in Lemma 1 to Lemma 4. 

In what follows, we drop additional subscripts and make the dependence on variables implicit for 

mathematical simplicity. 

Lemma 1. Perspective and Epigraph Reformulation 

Let 𝑅(𝑃) = log
2
(1+ (𝑃ℎ𝑖)/(𝑁0𝐵)). The function: 

ϕ(𝑃, τ) = τ log2 (1 +
(𝑃/τ)ℎ𝑖
𝑁0𝐵

) (15) 

is jointly concave in (𝑃, 𝜏) for 𝜏 > 0. 

Proof. Since 𝑅(𝑃) is concave and non-decreasing in 𝑝, its perspective 𝜏𝑅(𝑃/𝜏) is concave by the 

perspective transformation property of concave functions [23]. Hence, 𝜙(𝑃, 𝜏) is concave. 

With Epigraph reformulation, the uplink latency constraint (10) can be equivalently written as: 

𝑆𝑖 ≤ 𝐵 𝑥𝑖  ϕ(𝑃𝑖, τ𝑖) (16) 
where 𝑥𝑖  is an auxiliary variable such that ∆𝒊

𝑼𝑳≤ 𝑥𝑖 . This is non-convex because it multiplies the 

variable 𝑥𝑖   with a concave function ϕ . To resolve this, we define a reciprocal variable 𝑧i =
1/𝑥i and rewrite the constraint (16) as: 

𝑆𝑖𝑧𝑖 ≤ 𝐵ϕ(𝑃𝑖, τ𝑖) (17) 

Lemma 2. The constraint in (17) is convex in (𝑧𝑖, 𝑝𝑖, τ𝑖). 

Since ϕ  is concave, the right-hand side is concave. The left-hand side 𝑆𝑖𝑧𝑖  is affine. The set 

(𝑧, 𝑃, 𝜏)| 𝑆𝑖𝑧𝑖 ≤ 𝐵ϕ(𝑃𝑖 , τ𝑖) is convex because the sublevel set of a concave function is convex [23]. 

Using the above transformations, (P.1) can be equivalently written as: 

min
𝑃,𝒇,𝛕,𝒛,𝑃𝑼𝑨𝑽

𝑫𝑳
 ∑ 𝒘𝑖 (𝑧𝑖,𝑏

−1 + 𝑧𝑖,𝑒
−1 + ∆𝑖

𝑀𝐸𝐶(𝑓
𝑖
𝑀𝐸𝐶) + ∆𝑖

𝐷𝐿(𝑃𝑈𝐴𝑉
𝐷𝐿 ))𝑖  (P.2) 

𝑠. 𝑡. 𝑆𝑖𝑧𝑖 ≤ 𝐵ϕ(𝑃𝑖 , τ𝑖), 

𝐂. 𝟏 − 𝐂. 𝟕 from (𝑷. 𝟏). 
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Note that Problem (P.2) is convex because all constraints are affine or convex and the objective 

is a sum of convex functions. Accordingly, the optimal solution is of (P.2) can be obtained using 

Karush-Kuhn-Tucker (KKT) principles as detailed in the following. 

The Lagrangian of (P.2) is: 

ℒ =∑𝑤𝑖(𝑧𝑖,𝑏
−1 + 𝑧𝑖,𝑒

−1)

𝑖

+∑𝑤𝑖 (∆𝑖
𝑀𝐸𝐶(𝑓𝑖

𝑀𝐸𝐶) + ∆𝑖
𝐷𝐿(𝑃𝑈𝐴𝑉

𝐷𝐿 ))

𝑖

−∑λ𝑖,𝑏(𝐵ϕ(𝑃𝑖,𝑏 , τ𝑖,𝑏) − 𝑆𝑖,𝑏,𝑧𝑖,𝑏) −

𝑖,𝑗

∑λ𝑖,𝑒(𝐵ϕ(𝑃𝑖,𝑒 , τ𝑖,𝑒) − 𝑆𝑖,𝑒𝑧𝑖,𝑒)

𝑖,𝑗

+ μ1 (∑𝑓𝑖 − 𝐹𝑚𝑎𝑥) + μ2 (∑(τ𝑖,𝑒 + τ𝑖,𝑏) − 1)

+ μ3 (∑(𝑃𝑖,𝑏 +𝑃𝑖,𝑒) − 𝑃𝑚𝑎𝑥) (18) 

The stationarity conditions are obtained by taking the derivative of Lagrangian w.r.t to variables 

as: 

𝜕ℒ

𝜕𝑧𝑖
= 𝑤𝑖𝑧𝑖

−2 + λ𝑖S𝑖 = 0 ⇒ 𝑧𝑖
∗ = √

𝑤𝑖
λ𝑖𝐵𝑖

 (19) 

Similarly, we obtain for the remaining variables (technical details are omitted due to space 

limitation) 

∂ℒ

∂𝑓𝑖
= −𝑤𝑖

𝐶𝑖𝑆𝑖

𝑓𝑖
2 + μ1 = 0 ⇒ 𝑓𝑖

∗ = √
𝑤𝑖𝐶𝑖𝑆𝑖 
μ1

 (20) 

Substituting back into computational constraint ∑ (𝑓𝑖,𝑏
∗ + 𝑓𝑖,𝑒

∗ )𝑖 = 𝐹𝑚𝑎𝑥  yields: 

𝜇1 = (
∑ √𝑤𝑖(𝐶𝑖,𝑏𝑆𝑖,𝑏 + 𝐶𝑖,𝑒𝑆𝑖,𝑒 )𝑖

𝐹𝑚𝑎𝑥
)

2

 

From the power stationarity condition, the optimal power allocation follows a water-filling 

structure: 

𝑃𝑖
∗ = τ𝑖 [

λ𝑖𝐵ℎ𝑖
μ3 ln 2

−
𝑁0𝐵

ℎ𝑖
]
+

 (21) 

These KKT conditions ensure that the resource constraints are active when optimal. The 

complementary slackness reads 

μ1 (∑𝑓𝑖 − 𝐹𝑚𝑎𝑥) = 0 

μ2 (∑(τ𝑖,𝑒 + τ𝑖,𝑏) − 1) = 0 

μ3 (∑(𝑝𝑖,𝑏 +𝑝𝑖,𝑒) − 𝑃𝑚𝑎𝑥) = 0 

The convexified problem (P.2) ensures the existence of a globally optimal solution due to 

convexity of objective and constraints as well as satisfaction of the KKT conditions. Accordingly, the 

problem admits analytical solutions for the transmit power (in both uplink and downlink despite the 

fact that downlink calculations are omitted due to space limitation) and CPU frequency allocations 

as formulated in (20) and (21), respectively. The time allocation, on the other side, is obtained by 

solving convex subproblem as detailed in Algorithm 1. This does not have closed-form expression 

due to coupling of time variable across users. Nevertheless, global optimality is also guaranteed by 

the convexity of the subproblem which is solvable in polynomial time via typical convex optimization 

techniques (like interior-point method). As a closing remark, it is worth to mention that analytical 

solutions for power and CPU allocations along with the convexity of time allocation subproblem 
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enable computationally-efficient and practical on-board implementation of the proposed algorithm 

for real-time UAV-assisted MEC scenarios. 

Algorithm 1 Layered Priority-Aware Offloading and Optimal Resource Allocation for UAV-enabled 

MEC Network 

1: Input: Channel gains {ℎ𝑖}, parameters {𝑆𝑖,𝐶𝑖, 𝑤𝑖}, 𝐹𝑚𝑎𝑥 , 𝑃𝑚𝑎𝑥 .  

2: Initialize dual variables 𝜇1, 𝜇2, 𝜇3 > 0. 

3: repeat 

4:   CPU update: 𝑓𝑖
(𝑘+1)

← (20). 

5:   Power update: 𝑝𝑖
(𝑘+1)

← (21). 

6:   Time allocation: Solve convex subproblem for τ with constraint ∑ (τ𝑖,𝑏 + τ
𝑖,𝑒
) ≤ 1.𝑖   

7:  Dual update: 

𝜇1
(𝑘+1)

← [𝜇1
(𝑘)
+  𝜌 (∑(𝑓𝑖,𝑏 + 𝑓𝑖,𝑒)

𝑖

− 𝐹𝑚𝑎𝑥)]

+

   , 

and similarly for 𝜇2, 𝜇3. 

8: until Convergence of objective function. 

9: Output: Optimal {𝑝𝑖
⋆, 𝑓𝑖

⋆, 𝜏𝑖
⋆}. 

6. Results and Discussion 

To validate and assess the performance of the proposed scheme under a dynamic composite 

wireless channel of a UAV-assisted MEC system, we consider simulation of 10 mobile users. The 

proposed priority-aware resource allocation is compared to three baseline schemes: the enhancement 

first, equal allocation, and no priority under the same network conditions. Where in the “Enhancement 

first” EL layer is offloaded first, while in “Equal allocation” the power and processing resources are 

equally allocated among all users; and in “no priority” scheme, as the name suggests, no prioritization 

is applied and the whole computation task is offloaded at once. The simulation parameters are listed 

in Table 1. 

Table 1. Simulation System’s Parameters. 

Parameter Value Unit Description 

K 10  - No. of users in the MEC system [9,15] 

B 
10e6 

20e6 
HZ 

Channel bandwidth (10 MHZ typical for LTE UL / 20 MHZ 

typical for LTE DL) 

N0 4e-21 W/HZ 
Noise Power Spectral Density (PSD) typical ≈  (-174 

dBm/HZ) [24] 

Fmax 5e9-10e9 Cycles/s Total computation capacity of MEC server [24] 

Pmax 0.05 Watt Maximum transmission power available for offloading [24] 

𝑆𝑖,𝑏  50e3 bits Number of offloading bits during the BL 

𝑆𝑖,𝑒 200e3 bits Number of offloading bits during the EL 

weights [0.6, 0.3, 0.1] - Give the user priority (higher = more critical) 

P_b - Watt Power allocated for BL (transmission per user) 

P_e - Watt Power allocated for EL (transmission per user) 

F_b - Cycles/s MEC CPU cycles allocated to BL per user 

F_e - Cycles/s MEC CPU cycles allocated to EL per user 

𝜏_𝑏 - - Time fraction assigned BL transmission  

𝜏_𝑒 - - Time fraction assigned EL transmission 

Rb, Re - bps BL/EL achievable rate  

SNR 5-30 dB Ratio of signal power to noise power 

α >2, 3.2 - Path loss exponent outdoor or a complex indoor 

d0 1 m Reference distance [24] 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 January 2026 doi:10.20944/preprints202601.1024.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1024.v1
http://creativecommons.org/licenses/by/4.0/


 10 of 16 

 

Ѕ 6≤ dB Log-normal shadowing 

Қ 6 dB Rician k factor [22] 

Figure 3 demonstrate the weighted overall latency across all users versus SNR for each of the 

three resource allocation schemes compare with proposed algorithm. At a signal-to-noise ratio of 5 

dB, the proposed algorithm achieves considerable latency reductions vs the baseline algorithms 

(39.99% reduction vs Equal Allocation, 49.99% reduction vs Enhancement First, and 69.99% reduction 

vs No Priority). These reductions in latency are attributed to the jointed optimization of radio and 

computing resources in the proposed algorithm, reducing the overall latency through dynamic 

adaptation of resources allocation to the MEC according to user priority and channel quality. 

 

Figure 3. Latency vs SNR for Priority-Aware MEC Offloading. 

Besides reliability, the efficiency of the proposed priority-aware offloading scheme is confirmed 

by the fact that it achieves the lowest latency across all SNR values as is clear from the results in Table 

2. 

Table 2. Results of SNR Vs Latency for Proposed and Baseline Algorithms. 

SNR 

(dB) 
Proposed (ms) Equal Allocation (ms) EnhancementFirst (ms) No Priority (ms) 

5.0 44.80 74.66 89.59 149.32 

10.0 26.07 43.45 52.14 86.89 

15.0 18.84 31.40 37.67 62.79 

20.0 16.10 26.83 32.19 53.65 

25.0 14.46 24.11 28.93 48.21 

30.0 13.87 23.12 27.75 46.24 

As a function of processing capacity of UAV (𝐹𝑚𝑎𝑥), we plot again the total weighted offloading 

latency. It is obvious that for all schemes, the total latency decreased gradually as the UAV’s 

computing capacity increased from 1 GHz to 10 GHz. With the increasing computing capacity of 

UAV, transmission time is not the only factor contributing to latency; channel randomness also affects 

it. 

At a low computing capacity of 1 GHz, the proposed algorithm shows a latency reduction 

compared to the baseline algorithms (40% reduction vs Equal Allocation, 50% reduction vs 

Enhancement First, and 70% reduction vs No Priority) as is evident from the results in Table 3. 
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Figure 4. Latency vs UAV Computing Capacity for Priority-Aware MEC Offloading. 

Table 3. Results of UAV Computing Capacity Vs Latency for Proposed and Baseline Algorithms. 

Fmax 

(GHz) 

Proposed 

(ms) 

Equal Allocation 

(ms) 

Enhancement -First 

(ms) 
No Priority (ms) 

1.0 80.12 133.54 160.24 267.07 

2.29 38.17 63.62 76.34 127.24 

3.57 26.43 44.04 52.85 88.09 

4.86 20.90 34.83 41.80 69.66 

6.14 17.69 29.48 35.37 58.95 

7.43 15.58 25.97 31.17 51.95 

8.71 14.10 23.50 28.21 47.01 

10.0 13.00 21.67 26.00 43.34 

Overall, the results confirm that the proposed priority-based framework offer better 

performance against resource scarcity with edge computing capability. This underscores its 

suitability for latency-critical applications in mobile edge computing networks assisted by UAVs as 

well as guaranteed reliability for BL execution. 

Figure 5 illustrates the variation in total latency as a function of the total input data size 

(measured in Mbits) for different data offloading algorithms. In all algorithms, latency increases 

almost with data size. For moderate task sizes, such as 2.93 Mb, the proposed algorithm reduces the 

total latency by approximately 57.14% compared to average baseline algorithms. 

As the total bit size increases to 4.80 Mb, the latency becomes even more pronounced, with the 

proposed method maintaining, on average, a reduction still of approximately 57.14% compared to 

conventional average baseline algorithms as is clear from the results in Table 4. 

Figure 6 shows that the total latency increases with the number of users for all the resource 

allocation schemes, as they share the UAV’s computing resources and limited bandwidth and 

channel resources in both uplink and downlink. 

With any given number of users (2-20), the proposed system offers significantly latency 

reduction than other average baseline schemes. For 10 users, the proposed algorithm reduces the total 

latency by approximately 57.132% compared to average baseline algorithms by prioritizing user 

resource allocation and minimizing offloading time as is evident from the results in Table 5. 
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Figure 5. Latency vs Total Offloading Bits. 

Table 4. Results of Total Offloading Bits Vs Latency for Proposed and Baseline Algorithms. 

Total Bits 

(Mb) 

Proposed 

(ms) 

Equal Allocation 

(ms) 

Enhancement -First 

(ms) 
No Priority (ms) 

0.44 6.42 10.71 12.85 21.41 

1.06 14.99 24.98 29.97 49.95 

1.69 23.55 39.25 47.10 78.50 

2.31 32.11 53.52 64.22 107.04 

2.93 40.67 67.79 81.35 135.58 

3.55 49.24 82.06 98.47 164.12 

4.18 57.80 96.33 115.60 192.66 

4.80 66.36 110.60 132.72 221.21 

Table 5. Results of Number of Users Vs Latency for Proposed and Baseline Algorithms. 

Number of 

Users 

Proposed 

(ms) 

Equal Allocation 

(ms) 

Enhancement -First 

(ms) 
No Priority (ms) 

2 15.94 26.57 31.88 53.13 

5 16.97 28.29 33.95 56.58 

8 16.72 27.87 33.45 55.75 

10 16.93 28.21 33.85 56.42 

12 16.92 28.20 33.85 56.41 

15 16.88 28.14 33.76 56.27 

18 17.30 28.83 34.59 57.66 

20 17.68 29.46 35.35 58.92 

Figure 7 illustrates the latency behavior of the proposed algorithm across different user 

weighting scenarios in a three-users MEC system as reported in Table 6. This figure shows that the 

proposed algorithm clearly highlights latency differences between users and weighted states, users 

with higher weights correspond to higher priority and consistently lower latency, while the latency 

of less important users increases slightly. This reflects the intelligent optimization behavior of the 

proposed model. 
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Figure 6. Latency vs Number of Users. 

 

Figure 7. User priority based on user weight for three users using the proposed algorithm. 

Table 6. Custom Weight Cases for 3-User. 

CASE User 1 Weight User 2 Weight User 3 Weight 

1 0.2 0.3 0.5 

2 0.4 0.5 0.1 

3 0.2 0.2 0.6 

4 0.8 0.1 0.1 

Figure 8 illustrates the impact of offloading bits size on average weighted latency (ms) and task 

completion rate (%) in a composite fading channel. It is clear from figure of the proposed approach, 

as the number of bits allocated for offloading increases, the average weighted latency gradually rises 

due to the continuous increase in the workload on communications and computing. Simultaneously, 

the task completion rate gradually decreases. This indicates that the system maintains a smooth 

balance between weighted latency and task completion rate metrics. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Case 1 Case 2  Case 3 Case 4

User Priority Based on User Weight

User 1 Weight User 2 Weight User 3 Weight

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 January 2026 doi:10.20944/preprints202601.1024.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1024.v1
http://creativecommons.org/licenses/by/4.0/


 14 of 16 

 

 

Figure 8. Average Weighted Latency (ms) and Task Completion Rate (%) Based-on Total Offloading Bits (Mb). 

7. Conclusions 

In this paper, we study a UAV-assisted mobile edge computing (MEC) system for disaster relief, 

where a UAV provides computation and communication services to multiple ground users. Each 

user task is partitioned into a base layer (critical for reliability) and an enhancement layer (optional 

for improved quality). We formulate a joint optimization problem of communication and 

computation resources to minimize the weighted sum latency across all users while guaranteeing 

base-layer priority through minimum rate constraints. The problem is shown to be non-convex in its 

native form. After appropriate transformations, we recast the problem into convex and then derive 

the optimal solution using KKT conditions and obtain a water-filling-like closed form for power and 

processing capacity allocation. The numerical results reflect that priority-aware joint resource 

allocation scheme outperforms several baseline scheme. At a signal-to-noise ratio of 5 dB, the 

proposed algorithm achieves relative latency reductions vs the baseline algorithms (39.99% reduction 

vs Equal Allocation, 49.99% reduction vs Enhancement First, and 69.99% reduction vs No Priority). 

For future directions of this endeavor, it can be expanded to achieve cooperation between 

multiple UAVs and incorporate more advanced prioritization techniques like NOMA-enabled 

offloading or superposition coding. 
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Appendix A 

Table A1. Abbreviations. 

Symbol Description 

𝑆𝑖,𝑏
𝑈𝐿 , 𝑆𝑖,𝑒

𝑈𝐿 The number of offloading bits during the BL, and EL 

∆𝑖
𝑈𝐿 , ∆𝑖

𝐷𝐿 The time expression for task uploading and downloading 

∆𝑖
𝑀𝐸𝐶 , ∆𝑖

𝑡𝑜𝑡𝑎𝑙
 Computation time, total offloading time 

𝑅𝑖,𝑏
𝑈𝐿 , 𝑅𝑖,𝑒

𝑈𝐿
 The achievable uplink rate for sending 𝑆𝑖,𝑏

𝑈𝐿
 , 𝑆𝑖,𝑒

𝑈𝐿
   to UAV 

𝑅𝑖
𝐷𝐿 DL rate from UAV to MU 

𝑆𝑖
𝐷𝐿 The number of downloading bits 

𝑓𝑖
𝑀𝐸𝐶  a fraction of CPU frequency allocated to the 𝑖 − 𝑡ℎ users with constraints 

MU Mobile user 

UAV Unmanned Aerial Vehicle 

Fmax The CPU frequency of UAV processor 

𝜏𝐷𝐿 Refer to the fraction of DL TDMA frame allocated to task downloading (unitless)  

𝜏𝑖,𝑏
𝑈𝐿 , 𝜏𝑖,𝑒

𝑈𝐿  
Represent fraction of UL TDMA frame allocated to prioritize BL, EL task 

transmission (unitless) 

𝑃𝑖
𝑈𝐿 , 𝑃𝑖

𝐷𝐿 Maximum UL power, Maximum DL power 

𝐵𝑏
𝑈𝐿 , 𝐵𝑒

𝑈𝐿  UL transmission bandwidth allocated for BL, EL task 

𝑃𝑖,𝑏
𝑈𝐿 , 𝑃𝑖,𝑒

𝑈𝐿  The BL, EL transmit power of the user device (Watt) 
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