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ABSTRACT: Peak age of information (PAoI) and energy consumption (EC) are conflicting yet critical metrics in
mobile edge computing (MEC)-assisted vehicular networks. Most existing studies overlook the joint effects of sensing,
transmission, and computation. The main contributions of this work are threefold. First, we derive novel analytical
expressions for the average PAoI and average EC under all three strategies, explicitly accounting for the energy and delay
costs across the entire data processing chain. Second, we demonstrate that the partial computation offloading strategy
is superior, effectively balancing the low latency of local processing with the high power of edge computing. Third, we
formulate a weighted optimization problem to navigate the PAoI-EC tradeoff and identify an optimal offloading ratio
that dynamically adapts to specific freshness and efficiency requirements. Numerical results demonstrate that jointly
optimizing the offloading ratio, edge computing capability, and transmission power significantly improves performance.
Our findings offer practical guidelines for designing timely and energy-efficient vehicular telematics systems.

KEYWORDS: Peak age of information; energy consumption; mobile edge computing; vehicular telematics; partial
computation offloading

1 Introduction

1.1 Background and Motivation
With the iterative development of communication technologies and processor chip capabilities in recent

years, innovative enabling technologies have emerged, accompanied by the proliferation of novel Internet of
Things (IoT) applications, such as precision agriculture, remote medical therapy, and smart transportation
systems [1–3]. Without exception, most of these applications have huge amounts of data and information to
be processed, and these tasks are usually compute-intensive and latency-sensitive, requiring fast transmission
rates and powerful processing capabilities to support [4]. Recent mobile edge computing (MEC) studies
further emphasize that task offloading decisions should jointly consider timeliness, scalability, and energy
costs, especially when multiple users compete for limited edge resources [5]. Vehicular and industrial
IoT terminals suffer limited local computing and storage capacity, which leads to excessive latency for
heavy sensing tasks; MEC deploys roadside edge servers to compensate for insufficient on-board hardware.
Consequently, executing sensing data updates in both a timely and energy-efficient manner remains a
paramount challenge.
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In vehicular networks, dynamically changing road conditions and real-time vehicle status updates
impose stringent temporal constraints on information processing. Maintaining data freshness is critical, as
higher freshness enables vehicles to respond swiftly and accurately [6]. Conversely, outdated information
may impair decision-making and escalate safety risks. While traditional metrics like throughput and latency
are widely studied, they fail to adequately quantify information freshness. To address this limitation, the
concept of Age of Information (AoI) has been introduced [7], defined as the time elapsed since the generation
of the latest received data update from the destination’s perspective. Additionally, energy consumption (EC)
remains a pivotal concern in IoT systems. Balancing EC reduction with AoI optimization in vehicular
networks constitutes a key research objective.

1.2 Related Work
A large amount of literature has been published in the last few years to study the AoI from different

perspectives [8,9]. Peak age of information (PAoI), which is related to AoI, can likewise assess the freshness
of information. Literature [10,11] has also done research on it. More recent studies have extended freshness-
oriented scheduling to vehicular edge computing-assisted IoT systems and AoI optimization under unknown
or delayed AoI observations [12,13]. And the freshness of data is also very important in connected vehicle
systems, literature [14] investigated AoI-based vehicular control systems to reduce the communication
traffic and improve the freshness of data at the same time. Literature [15] proposed a joint optimization
approach for vehicular node update rates and in-vehicle device activation probabilities to minimize average
PAoI. A hybrid coding scheme was investigated ... aiming to optimize both AoI and energy efficiency in
vehicular communication [16]. Literature [17] further integrated unmanned aerial vehicle (UAV)-assisted
relays with reconfigurable intelligent surfaces (RIS) under AoI and EC constraints to enhance decision-
making in autonomous driving scenarios. In addition, UAV-assisted and digital-twin-enabled Vehicular
Edge Computing (VEC) architectures have recently been investigated for AoI-aware offloading and model
migration, confirming that information freshness is tightly coupled with mobility and edge resource
dynamics [18,19]. Additionally, the work [20] developed a multi-agent scheduling framework for in-vehicle
networks to minimize AoI under strict power and bandwidth limitations.

To enable intelligent driving functionalities, modern vehicles are equipped with extensive sensor arrays
for real-time road condition monitoring [21,22]. These sensors continuously generate high-volume data
streams, necessitating rapid computational processing to support timely system decisions. For example,
Ref. [23] investigated MEC-assisted smart driving to improve the safety of autonomous driving networks,
and Ref. [24] proposed a data offloading method for vehicular networks under the MEC architecture. Recent
VEC offloading studies further consider intelligent offloading balance and reliability-aware task selection,
highlighting the effects of dynamic topology, service reliability, and edge cooperation on latency-sensitive
computation [25,26]. Literature [27] developed a non-orthogonal multiple access (NOMA)-assisted MEC
analytical framework to characterize in-vehicle terminal mobility and evaluate its impact on task offloading,
while literature [28] introduced a resource allocation algorithm for MEC-enabled uplink multiuser networks
to minimize the weighted sum of latency and energy consumption. Additionally, MEC demonstrates
significant potential in enhancing data freshness: literature [29] explored AoI optimization in UAV-assisted
MEC systems through asynchronous offloading, and literature [30] examined distributed task offloading
with resource allocation strategies. Some papers also consider PAoI, e.g., the papers [31,32] analyzed the
PAoI optimization problem based on preemptive and non-preemptive offloading strategies in MEC systems.
Furthermore, MEC exhibits notable energy efficiency advantages. Literature [33] designed a hybrid NOMA-
based UAV-MEC network to reduce energy consumption for data-intensive time-critical devices, whereas
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literature [34] devised an iterative optimization method to minimize EC in cognitive radio-supported MEC
systems without compromising quality of service requirements.

1.3 Main Contributions
Based on the above facts, this paper investigates the MEC system that combines the vehicle sensors, the

vehicle’s own local processor and the edge processor, and analyzes the average PAoI and EC of this system.
In this system, the vehicle sensors sense and send computationally intensive packets to the vehicle’s local
or edge processors, and the packets follow a first-come-first-served (FCFS) policy in the computation and
transmission queues, and their computation and transmission times follow an exponential distribution [35].
The main contributions of this paper are summarized as follows.

• We establish a full-chain analytical model for MEC-assisted vehicular telematics, where time-sensitive
updates are generated by vehicle sensors and are then processed through local computation, edge com-
putation, or partial computation offloading. Unlike existing AoI-aware MEC studies that mainly focus
on transmission/offloading decisions, the proposed model jointly captures sensing-induced packet
generation, wireless transmission, queueing delay, local/edge computation, and the corresponding
energy costs.

• We derive average PAoI and average EC expressions for the three computation strategies, which take
into account sensing as well as transmission and computation energy consumption. We also analyze the
impact of offloading ratio, edge processor computation power, and transmission power on them.

• Given the inherent tradeoff between minimizing average PAoI and reducing EC, we propose an age-
energy weighted objective function and optimize the offloading ratio to balance these two metrics.

1.4 Organization
The structure of this paper is outlined as follows. Section 2 presents the MEC-based vehicular telematics

framework and defines key performance metrics. Section 3 formulates analytical expressions for average
PAoI and EC, followed by numerical evaluations in Section 4. Finally, Section 5 concludes the paper with
major findings.

2 System Framework and Performance Metric

2.1 System Framework
As illustrated in Fig. 1, the proposed MEC-enabled vehicular telematics system integrates sensing,

transmission, and computational processes. The set of user vehicles is denoted as Vn = {V1 , V2, V3, . . . , Vn}.
Various onboard sensors (e.g., ranging sensors, collision monitoring sensors, temperature sensors) generate
latency-sensitive, computation-heavy data packets following a Poisson arrival process with arrival rate λn .
These sensing packets are forwarded to a decision module for task partitioning. We assume each sensor-
generated packet carries an identifier (fixed header bits), which enables packet-server mapping. According
to these identifiers, sensors route packets toward corresponding local or edge servers.

• Local computation: The sensors deployed on the vehicle generate packets of data, which are then all
queued up in the vehicle’s own processor’s compute queue for sequential computation.

• Partial computation: Each packet generated by the vehicle sensors is sequentially processed by both
the local processor and the edge server via task workload partitioning. Specifically, the local processor
first executes a fraction (1 − p) of the total central processing unit (CPU) cycles (e.g., data pre-
processing or feature extraction). Subsequently, the remaining fraction p of the task data is placed into
the transmission queue to be offloaded over the wireless channel to the edge server, which executes
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the remaining final computation. Under this strategy, every packet sequentially passes through all
three stages.

• Edge computation: The packets generated by the sensors on the vehicle are not computed by the vehicle’s
own processor, but are all sent sequentially through the transmission queue to the edge processor’s
computation queue to be computed sequentially.

Figure 1: Synchronized transmission of perception and command data in automotive communication networks.

When partial computation offloading is adopted, tasks proceed through a three-stage processing
pipeline consisting of local execution, wireless transmission, and edge execution. Within each stage, packets
are served in the order of their arrival based on the FCFS principle. For the two extreme boundaries, the local
computation scheme (p = 0) bypasses the transmission and edge queues, while the edge computation scheme
(p = 1) bypasses the local processing queue. In addition, each queue is equipped with infinite buffering
space to accommodate arbitrary volumes of packets and prevent overflow. The infinite-buffer assumption
is adopted to obtain tractable closed-form PAoI expressions and to provide a baseline for evaluating the
fundamental age-energy tradeoff. In practical vehicular MEC systems, however, the buffer size is finite. A
finite buffer may prevent unbounded waiting time by dropping newly arriving or outdated packets when
the queue is full. Such packet dropping can reduce excessive queueing delay and may improve information
freshness under heavy traffic, but it can also decrease the probability of successful update delivery and
waste sensing/transmission resources. Therefore, finite-buffer constraints would change the PAoI through
both packet loss and queueing delay reduction, and the corresponding analysis requires incorporating the
buffer size and packet dropping policy into the queueing model. For the subsequent PAoI analysis, it is
hypothesized that packet computation and transmission times follow exponential distributions to reflect
the stochastic behavior of these time intervals [36]. Specifically, packet transmission time (dependent on
wireless channel conditions) may include retransmissions and backoffs. As demonstrated in [36], such
complexities are well-captured by exponential distribution assumptions. Similarly, task computation time
variability (e.g., influenced by computational complexity in applications like face recognition) is effectively
characterized by exponential models [37]. These assumptions extend to MEC-based vehicular telematics
systems. The probability density functions (PDFs) are defined as: edge server computation time CE : fCE (t) =
μE exp (−μE t); local server computation time CL : fCL (t) = μL exp (−μL t); sensor queue transmission time
CT : fCT (t) = μT exp (−μT t). Here, μE , μT , and μL are used to characterize the service capacities of the
edge server, communication link, and local server, respectively, where each capacity is measured by the
average packet processing rate per unit time. To simplify the analysis, the transmission rate is assumed to
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be identical for all transmission queues, while processors of the same category are considered to provide
uniform computational capability. The offloading ratio p (0 ≤ p ≤ 1) denotes the proportion of tasks offloaded
to the edge server.

The proposed task allocation model includes two limiting scenarios. In the first scenario, all com-
putation requests are completed by the onboard processor without transmitting any packets to the edge
infrastructure, resulting in an offloading ratio of p = 0. In the second scenario, every computation request is
forwarded to the edge server for execution, and the local processor undertakes no computational workload,
corresponding to p = 1.

2.2 Performance Metric
This study employs two performance metrics: average PAoI and average EC. We first define AoI as

follows. Fig. 2 illustrates the temporal evolution of AoI, where the instantaneous AoI at the destination node
at moment t is expressed as:

Δn (t) = t − un (t), (1)

where un (t) denotes the generation timestamp of the latest received computation packet before time t.

’ ’ ’
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Figure 2: Example of the evolution of AoI for the vehicular networks based on MEC.

Let Pn , j denote the j-th data packet ( j = 1, 2, ...) generated by sensor Sn after t = 0. The inter-generation
time between consecutive packets Pn , j−1 and Pn , j is defined as

Yj = t j − t j−1 , (2)

where t j corresponds to the generation instant of Pn , j .
The processing delay Tj, spanning from the generation of Pn , j to the availability of its computation result,

is formulated as

Tj = t′j − t j , (3)

where t′j marks the completion time of Pn , j computation.
The PAoI value is denoted by A j = Yj + Tj. Therefore, the average PAoI expression to obtain is

Ā = lim
n→∞

1
n

n
∑
j=1
(Yj + Tj). (4)



6 Comput Mater Contin. 2026;89(2):43

Here, Y1 = t1 is initialized by setting t0 = 0. Upon concluding this interval, the destination node acquires
the computation result of the m-th packet.

Secondly, EC is another important performance metric in vehicular telematics-based MEC systems. The
average EC expression for the system is

Ē = lim
n→∞

1
n

n
∑
j=1
(ELocal

j + Etransmit
j + Emec

j ), (5)

where ELocal
j , Etransmit

j , Emec
j are the energy consumption of the j-th packet in the local processor,

transmission process, and edge processor, respectively.

3 Average PAoI and EC Analysis
In this section, we aim to develop a generalized formula for calculating the average PAoI and average EC

in the vehicular telematics based on MEC systems under consideration. Our objective is to comprehensively
analyze both the average PAoI and EC, ensuring that our analysis applies broadly without compromising
on generality.

We use Dn to denote the size of the computational task, and Hn to denote the number of CPU cycles
required to complete the task. Denote by FLocal and Fmec the computational power of the vehicle’s local
processor and edge server, respectively. Use μL to indicate the service rate of the vehicle’s local server,
denoted as

μL =
FLocal

(1 − p)Hn
. (6)

The service rate μE of mobile edge server is denoted as

μE =
Fmec

pHn
. (7)

The transmission queue service rate μT is expressed as

μT =
rn

pDn
, (8)

where rn is the transmission rate, denoted as

rn = Blog2 (1 +
PW
N0
), (9)

where B represents the channel bandwidth, P represents the uplink transmission power of each vehicle to
the server over the channel, W represents the channel gain during the upload of the computing tasks for
vehicles, and N0 represents the white noise power.

3.1 Average PAoI
Since the sensor generates packets according to the Poisson process at a rate of λn , we get E[Yj] = 1

λn

and E[Y 2
j ] = 2

λ2
n
. So according to (4) we calculate the average PAoI as

Ā = 1
λn
+E[Tj]. (10)
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Let t j ,L represent the arrival time of packet Pn , j at the local server’s computation queue, and t j ,E denote
its arrival time at the edge server’s transmission queue. The queuing delays are defined as follows: X j ,L :
queuing delay in the local server’s computation queue; X j ,T : queuing delay in the sensor-aware transmission
queue; X j ,E : queuing delay in the edge server’s computation queue. They are denoted as

X j ,L = t j ,T − t j ,
X j ,T = t j ,E − t j ,T , (11)
X j ,E = t′j − t j ,E .

Then, Tj can be written as

Tj = X j ,L + X j ,T + X j ,E . (12)

We denote Wj ,E , Wj ,T , Wj ,L represent the waiting times of packet Pn , j in the edge server computation
queue, sensor transmission queue, and local server computation queue, respectively. Similarly, C j ,E , C j ,T and
C j ,L denote the computation time at the edge server, transmission time, and local server computation time
for Pn , j . The total queuing delay at each queue is the sum of the corresponding waiting time and processing
time, leading to the following expressions

X j ,E =Wj ,E + C j ,E ,
X j ,T =Wj ,T + C j ,T , (13)
X j ,L =Wj ,L + C j ,L .

By substituting (13) into (12), the total processing delay Tj becomes

Tj =Wj ,E + C j ,E +Wj ,T + C j ,T +Wj ,L + C j ,L . (14)

Since the process of generating packets by sensor sensing is uncorrelated with packet transmission and
computation, substituting (14) into (10) and utilizing the fact that the packet computation times C j ,E , C j ,T ,
C j ,L are independent of Yj yields

Ā = 1
λn
+E[C j ,E] +E[C j ,T] +E[C j ,L] +E[Wj ,E] +E[Wj ,T] +E[Wj ,L]. (15)

Notice that PAoI tends to infinity when any one or more of Wj ,E , Wj ,T , Wj ,L expectations tend to infinity.
Therefore, to ensure the stability of the system, it is assumed that the arrival rate of packets in each queue is
lower than its service rate.

Then find the average PAoI. Based on the above derivation, the average PAoI under the partial
computation offloading scheme is calculated as

Ā = 1
λn
+ 1

μE
+ 1

μT
+ 1

μL
+E[Wj ,E] +E[Wj ,T] +E[Wj ,L]. (16)
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Lemma 1. For a Poisson process K(t) with rate λ and an exponential random variable X(E[X] = 1/γ), the
number of arrivals S = K(X) within the interval [0, X] follows a geometric distribution [38]. This probability
mass function (PMF) is expressed by the following equation

Pr (K (X) = k) = (1 − α) αk , k ⩾ 0, (17)

where α = λ/ (γ + λ).

Applying (17), the PMF for the packet count in the edge server queue during Pn , j generation is

Pr (K j ,e = k) = ( λ
μE
)

k

(1 − λ
μE
), (18)

thus, we obtain the expression for E[Wj ,E] as

E[Wj ,E] = E[K j ,E]E[CD] =
λ

μE (μE − λ) . (19)

Similarly, we compute E[Wj ,T] and E[Wj ,L] as

E[Wj ,T] =
λ

μT (μT − λ) , (20)

E[Wj ,L] =
λn

μL (μL − λn)
. (21)

We then substitute (19)–(21) into (16) to obtain a closed expression for the average PAoI under the partial
computation offloading scheme with an offloading ratio of p as

Ā = 1
λn
+ 1

μE
+ 1

μT
+ 1

μL
+ λ

μE (μE − λ) +
λ

μT (μT − λ) +
λn

μL (μL − λn)
, (22)

where λ = ∑N
n=1 λn .

3.2 Average EC
We denote ELocal as the energy consumed by a packet that needs to be computed on the vehicle’s local

processor, computed as

ELocal = k1(FLocal)2Hn(1 − p), (23)

where k1 denotes the intrinsic coefficient of the vehicle processor.
Denote Ttrans as the time during transmission of a packet that needs to be transmitted to the edge

processor’s computation queue for processing, calculated as

Ttrans =
Dn p
rn

. (24)

Denote Etrans as the EC of the packet during transmission, calculated as

Etrans = PTtrans . (25)
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We denote Emec as the EC of a packet that needs to be computed in the edge processor during processing,
computed as

Emec = k2(Fmec)2Hn p, (26)

where k2 denotes the intrinsic coefficient of the edge processor.
In some of the partial computation offloading strategy we have considered, the total EC of the MEC-

assisted vehicular telematics system includes the energy consumed for computation at the vehicle’s local
processor, the energy consumed for packet transmission to the edge processor, and the energy consumed for
computation at the edge processor, denoted as

E = ELocal + Etrans + Emec. (27)

We then substitute (23), (25) and (26) into (27) to obtain a closed expression for the average EC under
the partial computation offloading scheme with an offloading ratio of p as

E = 1
N
(k1(FLocal)2[Hn(1 − p)] + P(Dn p)

rn
+ k2(Fmec)2(Hn p)). (28)

3.3 Age-Energy Tradeoff
In vehicular MEC systems, information freshness conflicts with energy consumption. Autonomous

driving and real-time traffic control require low-latency sensing data processing with limited power budgets,
which motivates our joint optimization design. To address these dual requirements, we aim to optimize key
control parameters, including the offloading ratio p and transmission power P. However, a fundamental
conflict exists: minimizing PAoI often necessitates frequent data updates and rapid processing, which
inherently escalates EC; conversely, energy conservation strategies (e.g., reducing transmission frequency or
computational load) may degrade information freshness. To resolve this inherent tradeoff, we construct a
weighted cost function to balance PAoI and EC.

C = αĀ+ βĒ , (29)

where α + β = 1, with α and β representing the weights assigned to PAoI and EC, respectively. The
optimization problem is formulated to minimize C

P1 ∶ arg min
p

Cpartial(p), (30a)

s.t. pmin ≤ p ≤ pmax, (30b)

where pmin and pmax denote the bounds of the offloading ratio, and the subscript “partial” corresponds to
the partial computation offloading strategy.

Since the weighted cost under the partial computation offloading strategy exhibits a unimodal trend
with respect to the offloading ratio in the considered parameter region, the optimal offloading ratio can
be efficiently searched by a bisection-based method. Compared with the exhaustive search, the proposed
algorithm significantly reduces the number of candidate evaluations while achieving nearly the same
weighted cost.

To solve P1 and find the optimal offloading ratio p∗ under a partial computation offloading strategy, we
first employ an exhaustive search to identify the optimal offloading ratio p∗. For computational efficiency, a
suboptimal binary search-based algorithm is further proposed, which is detailed in Algorithm 1.
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Algorithm 1: Bisection method for solving P1

Require: λn , Hn , Dn , Fmec, FLocal, pmin, pmax, convergence tolerance ε, gradient perturbation step δ
Ensure: p∗

1: Let L = pmin, R = pmax
2: while (R − L) > ε do
3: M = (L + R)/2
4: Cl = Cpartial(M − δ) {Evaluate cost at left perturbation}
5: Cr = Cpartial(M + δ) {Evaluate cost at right perturbation}
6: Grad = (Cr − Cl)/(2 ⋅ δ) {Central finite difference gradient}
7: if ∣Grad∣ < ε then
8: p∗ = M
9: break
10: else if Grad > 0 then
11: R = M {The objective function is increasing; minimum lies to the left}
12: else
13: L = M {The objective function is decreasing; minimum lies to the right}
14: end if
15: end while
16: p∗ = (L + R)/2

4 Numerical Simulations
Based on the mathematical analysis and theoretical derivations in Section 3, this section presents

numerical results under various strategies, along with a comparison with Monte Carlo simulation experi-
ments, where all vehicles are assumed to have the same update generation rate λn . Unless otherwise specified,
system-related parameters and their corresponding values are listed in Table 1.

Table 1: System-related parameters.

Notation Value Notation Value Notation Value Notation Value
k1 0.05 P 24 dBm k2 0.01 N0 −80 dBm
Dn 100 Mbits λn 0.4 Hn 0.8 Gcycles/s N 4
B 10 MHz FLocal 1.0 Gcycles/s W −10 dBm Fmec 30 Gcycles/s

To validate the analytical expressions, we further conduct a discrete-event Monte Carlo simulation. In
each simulation run, packet arrivals are generated according to a Poisson process, and the transmission,
local computation, and edge computation times are independently generated according to exponential
distributions with the corresponding service rates. Packets are served following the FCFS discipline in each
queue. The average PAoI and EC are obtained by averaging over a sufficiently large number of delivered
packets after removing the initial transient period. The simulated results are then compared with the
analytical results derived in Section 3. This comparison is presented not only for the main performance
curves in Figs. 3–6, but also for the weighted cost vs. α/β in Fig. 7b,c, where simulation markers are overlaid
on the analytical lines to validate the theoretical derivations under different processor capabilities and
transmission powers. We evaluate the performance of the proposed framework by comparing it against two
boundary baselines—pure local computation (p = 0) and pure edge computation (p = 1)—as well as two
static-ratio partial computation offloading configurations (specifically p = 0.3 and p = 0.7). For all evaluated
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configurations, identical wireless channel parameters, transmission powers, and computational capabilities
are maintained to guarantee a rigorous and fair comparison. This comprehensive suite demonstrates how
dynamically tuning the offloading ratio over changing network conditions outperforms both single-node
processing boundaries and static unoptimized offloading heuristics. We further compare the proposed
bisection-based search with exhaustive search. The exhaustive search evaluates all candidate offloading
ratios within the feasible interval, whereas the bisection-based method iteratively narrows the search range.
Simulation results show that the two methods obtain almost identical optimal offloading ratios, while the
bisection-based method requires far fewer objective-function evaluations. This confirms the computational
efficiency of Algorithm 1.
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Figure 3: Average PAoI on the update generation rate λn .
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Figure 4: Offloading ratio p vs. average PAoI, average EC, weighted sum C for different Fmec and FLocal. (a) PAoI
presents U-shape with optimal p∗, limited by local bottleneck at small p and transmission congestion at large p. (b) EC
grows monotonically with p due to extra transmission and edge computation cost. (c) Weighted cost C is also U-shaped;
stronger local processor yields smaller p∗, while stronger edge server yields larger p∗.
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Figure 5: Edge processor computing power Fmec vs. average PAoI, average EC, weighted sum C for different compu-
tation strategy. (a) PAoI decreases with Fmec, and partial offloading outperforms full-edge strategy. (b) EC rises with
Fmec as edge energy scales with F2

mec. (c) There exists an optimal Fmec to minimize C, since excessive edge power brings
heavy energy penalty.
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Figure 6: Transmission power P vs. average PAoI, average EC, weighted sum C for different computation strategy.
(a) Higher P reduces PAoI; pure local computation has fixed PAoI without transmission. (b) EC monotonically increases
with P, and larger p leads to steeper growth. (c) C follows U-shape with optimal P within 20–30 dBm.
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Figure 7: Weighted sum C vs. α/β. (a) C rises and saturates with larger α/β, and partial offloading achieves the minimal
cost. (b) Larger Fmec reduces C, with wider performance gaps when prioritizing PAoI. (c) High P cuts C under energy
priority but raises C under freshness priority. Simulations match analytical curves to validate derivations.

Fig. 3 shows that the partial computation offloading strategy achieves the lowest average PAoI across all
λn , outperforming both pure local and pure edge strategies. Local computation suffers from severe queueing
overload when λn > 0.6, while edge computation is bottlenecked by the transmission link when λn > 0.8.
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These results confirm that balancing local processing and edge offloading is essential for maintaining
information freshness.

In order to investigate the effect of the offloading ratio on the system, Fig. 4 shows the relationship
between the average PAoI, average EC and the weighted sum of the average AoI and EC vs. the offloading
ratio p. Firstly, from Fig. 4a, it can be seen that the average PAoI decreases and then increases with increasing
p for different Fmec and local, which indicates that there exists an optimal p∗ that makes the average PAoI of
the system to be the lowest, in addition, it can be seen that, when p is small, more packets are computed at the
local processor, so the two curves with larger FLocal have a lower average PAoI. As p increases, more packets
are computed at the edge processor. Since the edge processor can easily meet the computational demand,
the gap between the four curves keeps decreasing and finally even overlaps. As shown in Fig. 4b, despite
the edge processor’s computational superiority, its higher energy demands—combined with transmission
energy costs—lead to a monotonic rise in average EC as p increases. While offloading more tasks to edge
servers accelerates processing speed, this gain is counterbalanced by significantly elevated EC. To evaluate
the PAoI-EC tradeoff, Fig. 4c illustrates the weighted sum C against p. Assuming equal priority for PAoI and
EC (α = β = 0.5), C exhibits a U-shaped trend akin to Fig. 4a, initially decreasing then increasing with p.
Moreover, for different Fmec and FLocal, there always exists an optimal offloading ratio p∗ to minimize C.

The edge processor computational power has an equally important impact on the system, and since
the edge processor is not involved in data processing in the local computation strategy, the strategy is not
considered in this part. Fig. 5 illustrates the edge processor computational power vs. average PAoI, average
EC, weighted sum C for both partial and edge computation strategies. In Fig. 5a, as Fmec rises, the average
PAoI declines across all four curves. Whereas in Fig. 5b, the system’s average EC grows with higher Fmec
and p, as elevating these parameters amplifies both computational and transmission energy consumption.
To analyze the balance between average PAoI and EC, Fig. 5c illustrates the impact of Fmec on the weighted
sum C, with α = β = 0.5.

System transmission power is also a key metric, and Fig. 6 plots the relationship of average PAoI, average
EC, weighted sum C with transmission power P under different strategies. The average PAoI of the system
in Fig. 6a decreases as P increases, and the more packets need to be transmitted, the greater the impact,
especially for the strategy of computing at the edge. The average EC increases with increasing P in Fig. 6b,
and the magnitude of the change is more pronounced the larger the offloading ratio p is, because the larger
P is, the more energy is consumed for transmission, and a larger offloading ratio P increases the data volume
for wireless transmission, which leads to an increase in the system EC. As for the weighting and C, it can be
seen in Fig. 6c that P optimizes C for both partial and edge computing strategies in the interval of 20 to 30.

As a complement to the above study, Fig. 7 plots the weighted cost C vs. the weight ratio α/β under
different configurations, where solid lines represent analytical results and markers denote Monte Carlo
simulation results. Specifically, Fig. 7a compares the three computation strategies (local, edge, and partial)
with fixed system parameters, showing that C increases monotonically and eventually saturates as α/β
grows, and the partial offloading strategy consistently achieves the lowest cost. Fig. 7b examines the impact
of edge processor computing power Fmec under the partial offloading strategy. The analytical curves and
the overlaid simulation markers exhibit close agreement, confirming the accuracy of our derivations. It is
observed that a higher Fmec reduces the weighted cost for all α/β, but the reduction is more pronounced
when α/β is small (i.e., when energy efficiency is prioritized). Fig. 7c further investigates the effect of
transmission power P under the same partial offloading strategy. The simulation results again match the
analytical predictions closely. We find that increasing P lowers C when α/β is relatively small, but this
benefit gradually diminishes as α/β becomes large, because the energy consumption penalty dominates the
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weighted objective. In all subfigures, the close alignment between analytical and simulation results validates
the proposed theoretical framework.

It has been found through previous studies that some of the computational strategies achieve better
performance, and for different Fmec there always exists an optimal p∗ to minimize C. As observed through
numerical simulations, considering FLocal = 1 Gcycles/s for all strategies, Fig. 8 evaluates the performance
of the proposed algorithm for Fmec = 35, 30, 25, 20. Algorithm 1 yields a sub-optimal offloading ratio when
Fmec = 35, Fmec = 25, Fmec = 20. Specifically, for Fmec = 35, the exhaustive search yields p∗ = 0.44, while
Algorithm 1 produces p∗ = 0.45. At Fmec = 25, the exhaustive method results in p∗ = 0.53, compared to
p∗ = 0.52 for Algorithm 1. When Fmec = 20, the exhaustive approach achieves p∗ = 0.55, whereas Algorithm
1 attains p∗ = 0.54. Notably, at Fmec = 30, both Algorithm 1 and the exhaustive search yield identical optimal
offloading ratios(p∗ = 0.49). These experimental findings confirm that Algorithm 1 achieves a near-optimal
solution with reduced computational complexity.
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Figure 8: Optimal p∗ for partial computation offloading strategies under different Fmec.

As shown in Fig. 9, the proposed adaptive workload partitioning scheme outperforms all four bench-
mark algorithms under all packet arrival intensities: The traditional delay-energy MEC only optimizes
local-edge computation delay without joint transmission queue constraints and end-to-end sensing PAoI
modeling, leading to persistently higher weighted cost compared with our joint optimization framework.
The PAoI-only minimization strategy blindly offloads most tasks to edge servers to reduce PAoI, which
introduces excessive transmission energy consumption and keeps its cost above the proposed scheme. The
deep Q-network (DQN) reinforcement learning offloading suffers inherent flow-dependent training bias
and cannot provide closed-form global optimal partitioning solutions. The static fixed ratio p = 0.5 heuristic
lacks dynamic adjustment capacity for time-varying arrival intensity, resulting in a stable performance gap
with our analytical optimal strategy.

The experimental results highlight that the average PAoI and EC of various computation strategies are
contingent on the offloading ratio, and an optimal ratio can invariably be identified to achieve a balance
between these metrics. Furthermore, the selection of computational capabilities and transmission power in
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edge processors plays a pivotal role in optimizing age and energy efficiency within MEC-assisted vehicular
telematics systems.

Figure 9: Weighted cost C vs. update generation rate λn under different state-of-the-art benchmarks.

5 Conclusion
This paper has investigated the critical tradeoff between information freshness and energy consumption

in MEC-assisted vehicular networks. Our main contributions are threefold. First, we developed a novel
analytical framework that jointly models the sensing, transmission, and computation processes, deriving
closed-form expressions for the average PAoI and EC under local, edge, and partial computation offloading
strategies. Second, we demonstrated that the partial computation offloading strategy is superior, effectively
balancing the low latency of local processing with the high power of edge computing to achieve a better PAoI-
EC tradeoff. Third, we formulated a weighted optimization problem, identifying that an optimal offloading
ratio exists and that system performance can be finely tuned via the edge processor’s computing power and
transmission power. In summary, this paper provides theoretical closed-form derivations and a lightweight
optimization method to build low-latency, energy-efficient vehicular MEC systems.
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