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Abstract

Vehicular edge computing (VEC) provides computation resources close to data
sources for autonomous driving, cooperative perception, and intelligent vehicular
services. However, limited on-board computing resources, fluctuating V2I reliabil-
ity, and shared communication and computation resources at edge servers make it
difficult for a single local-computing or MEC-offloading policy to achieve consis-
tently high system utility. To address this problem, this paper proposes CFCO, a
Collaborative Coalition Formation for Offloading method that maximizes social
welfare. CFCO unifies local computing, D2D collaborative computing, and MEC
offloading as three execution modes. It models cooperation among non-MEC
vehicles as a coalition formation process and alternates coalition merge/split
operations, MEC-mode refinement, and local vehicle-migration actions under a
strict social-welfare improvement rule. Unlike policies that optimize only delay or
energy, CFCO jointly captures early-completion benefit, energy cost, and delay
penalty, thereby reflecting heterogeneous task preferences across vehicles. In this
revised study, we evaluate CFCO on real-world vehicle trajectories from the Next
Generation Simulation (NGSIM) dataset and report statistically robust results
averaged over ten independent random seeds. In a representative one-dimensional
NGSIM snapshot setting with IN = 60 vehicles and V2I availability probabil-
ity 0.7, CFCO achieves a social welfare of 481.277, an average task delay of
0.225 s, a task success ratio of 0.998, and a Jain fairness index of 0.716. Com-
pared with the second-best BR-LS baseline, CFCO improves social welfare by
0.2% while reducing average delay by 1.9%, and runs more than twelve times



faster. Compared with MEC-only, CFCO improves social welfare by 71.0% and
reduces average delay by 50.4%. The final CFCO decision keeps 20.5% of vehi-
cles in local computing, offloads 22.5% to MEC, and assigns 57.0% to D2D
collaborative coalitions. A small-scale exact optimality-gap study further shows
that CFCO is within 0.08% of the optimal ILP solution. Parameter sweeps fur-
ther show that CFCO remains superior under varying local CPU capacity, D2D
bandwidth, MEC capacity, vehicle density, and V2I reliability.

Keywords: Vehicular edge computing, task offloading, D2D collaboration, coalition
formation game, social welfare, Jain fairness, NGSIM traces

1 Introduction

With the rapid development of autonomous driving, intelligent transportation systems,
and the Internet of Vehicles (IoV), vehicles are evolving from simple communication
terminals into mobile intelligent nodes integrating sensing, computation, storage, and
decision making. High-definition map updates, cooperative perception, vehicular video
analytics, augmented-reality navigation, and multi-task autonomous-driving services
are typically computation intensive and delay sensitive [1-4]. If such services rely
entirely on on-board processors, their execution quality is constrained by local CPU
frequency, energy budget, and thermal limitations. If they rely entirely on roadside
units (RSUs) or MEC servers, unstable V2I links, road blockage, vehicular handover,
and multi-user bandwidth sharing introduce additional transmission and queueing
delays [5-7].

Mobile edge computing (MEC) deploys computation resources at the network edge
and can reduce cloud round-trip delay and core-network load [8, 9]. In VEC, vehicles
may upload tasks to an RSU or an edge server through V2I links. Nevertheless, an
MEC server is not an unlimited resource. When many vehicles offload simultaneously,
upload bandwidth and MEC cores are shared among users. In addition, the distance
between vehicles and the RSU and the availability of V2I links cause unequal offloading
opportunities. In contrast, D2D/V2V communication allows neighboring vehicles to
share idle computation resources and form horizontal collaborative-computing modes
[4, 10-12]. Such collaboration can supplement MEC resources when V2I is unavail-
able or congested, but it also introduces coalition-head selection, cooperative-benefit
evaluation, D2D connectivity, and coalition stability issues.

Existing studies can be broadly divided into three categories. The first category
uses cloud-edge-end collaboration or deep reinforcement learning for offloading and
resource allocation [2, 3, 13, 14]; these approaches can handle complex state spaces
but often require substantial training cost and may be difficult to interpret online. The
second category focuses on vehicular collaboration, clustering, or multi-hop offload-
ing [10-12, 15]; these methods highlight the value of neighboring vehicular resources,
but some of them still treat D2D collaboration and MEC offloading separately. The
third category adopts game-theoretic, auction-based, or market-based mechanisms to



model selfish participants and resource trading [16-21]. These mechanisms help incor-
porate incentives and social welfare, but their complexity and deployability remain
challenging in dynamic VEC environments. Overall, there remains a need for an inter-
pretable collaborative offloading framework that jointly covers local computing, D2D
collaboration, and MEC offloading while directly optimizing social welfare.

This paper proposes CFCO, which formulates the task offloading problem as
coalition-structure optimization with an MEC mode set. Each vehicle has an inde-
pendent task, a deadline, a delay-benefit weight, and a delay-penalty coefficient. The
system objective is the sum of individual net welfare. CFCO first initializes the MEC-
user set by comparing local welfare with congested MEC welfare. It then forms D2D
coalitions among non-MEC vehicles and further adjusts the execution modes by mode
refinement and local search.

The main contributions of this revised study are as follows:

® We construct a unified local-D2D-MEC model that is consistent with the imple-
mentation. In a D2D coalition, the vehicle with the highest CPU frequency acts as
the coalition head; the coalition computation delay is determined by the maximum
task workload, whereas the head’s computation energy is accumulated over the total
coalition workload. On the MEC side, V2I bandwidth is equally shared and finite
MEC cores are captured by a congestion factor.

® We design CFCO as a social-welfare-improving coalition formation algorithm. Each
merge, split, MEC-state toggle, and local vehicle migration is accepted only when it
strictly increases social welfare. This produces monotonic improvement over a finite
state space.

e We evaluate CFCO using the actual experimental outputs generated by the project
code on real-world NGSIM vehicle trajectories [22]. Vehicle positions, velocities,
vehicle classes, and physical dimensions are derived directly from the trace data,
while local CPU frequencies and task deadlines are mapped from vehicle-class and
velocity information, respectively. This trace-driven setting substantially increases
the realism of the evaluation compared with purely synthetic topologies.

® We report statistically robust results averaged over ten independent random seeds,
including mean values, standard deviations, 95% confidence intervals, and paired
Wilcoxon signed-rank tests. A small-scale exact optimality-gap study demonstrates
that CFCO is within 0.03% of the optimal ILP solution. In addition to the main
result table, the paper analyzes convergence curves, delay CDF's, delay-energy trade-
offs, coalition-size distributions, mode ratios, delay decomposition, runtime, and
multi-dimensional parameter sweeps.

2 Related Work

2.1 Vehicular edge computing and collaborative offloading

MEC has become an important paradigm for supporting low-latency mobile applica-
tions by placing computing resources at the network edge [8, 9]. In vehicular networks,
Zhao et al. [6] investigated offloading and resource allocation in cloud-assisted MEC
and jointly modeled cloud and edge resources. Wu et al. [3] incorporated vehicles,



edge servers, and cloud servers into a multilayer reinforcement-learning framework for
online asynchronous task offloading. Liu et al. [1] constructed a cloud-edge-end collab-
orative multi-objective model for large-scale vehicular task offloading. These studies
demonstrate that a single MEC server or a single offloading path is insufficient for
complex vehicular tasks.

D2D/V2V collaboration is a key feature distinguishing VEC from generic mobile
edge computing. Hui et al. [10] studied collaborative vehicular task offloading in 5G
heterogeneous networks with a game-theoretic framework. Liu et al. [11] exploited
vertical and horizontal collaboration to maximize task completion rate and emphasized
the value of idle vehicular resources. Huang et al. [12] studied multi-vehicle multi-hop
task offloading. Shen et al. [5] generated task-offloading-oriented vehicular clusters
while considering both collaboration performance and cluster stability. These works
show that horizontal cooperation among vehicles can complement V2I/MEC resources,
but collaboration formation and resource availability must be handled simultaneously.

2.2 Games, coalitions, and mechanism design

Coalition formation games are suitable for describing how participants form cooper-
ative structures under local information. Saad et al. [23] applied coalition formation
to distributed cooperation among vehicular RSUs, while Bogomolnaia and Jackson
[24] studied the stability of hedonic coalition structures and provided theoretical
foundations for distributed coalition formation. Recent vehicular cooperation and
edge-market mechanisms further incorporate social welfare, incentive compatibility,
and truthfulness constraints. For example, Wu et al. [19] studied a socially optimal
marketplace for splittable task offloading; Liu et al. [20] investigated truthful mecha-
nisms for computation offloading and resource sharing in vehicle computing; and Wu
et al. [21] jointly modeled vehicle coalitions, model deployment, and task offloading.
In contrast, this paper does not design payment or incentive-compatibility mecha-
nisms. Instead, it uses coalition formation as an interpretable heuristic process for
social-welfare-maximizing offloading decisions.

2.3 Difference from existing work

Compared with reinforcement-learning methods, CFCO does not require offline train-
ing. Its decision process consists of merge, split, mode switching, and local migration
operations, which makes each performance change easier to interpret. Compared with
pure D2D clustering, CFCO explicitly maintains an MEC offloading set and can switch
among local, D2D, and MEC modes according to V2I availability and MEC conges-
tion. Compared with auction or market mechanisms, CFCO does not rely on price
design and directly optimizes the net welfare defined by benefit, energy cost, and
delay penalty. This paper uses the Jain fairness index [25] to evaluate the distribu-
tion of individual welfare among vehicles, but fairness is not an explicit optimization
constraint.



3 System Model and Problem Formulation
3.1 Network and task model

We consider a one-dimensional vehicular road topology. The configured synthetic-
fallback road length is L = 2000 m, while the reported experiments use NGSIM trace
coordinates directly: vehicle longitudinal positions are converted to SI units, shifted so
that the minimum coordinate of the sampled snapshot is zero, and the RSU is placed
at the center of the observed coordinate span. A total of N vehicles are sampled from
the Next Generation Simulation (NGSIM) dataset [22]. The vehicle set is

Vv={1,2,...,N}, 1)

where the default number of vehicles is N = 60.

NGSIM is a publicly available vehicle-trajectory dataset collected by the U.S.
Department of Transportation. It records high-resolution vehicle states, including lon-
gitudinal and lateral positions, velocity, acceleration, vehicle class, vehicle length and
width, lane identifier, and time headway. In our simulator, an NGSIM snapshot is
defined by a unique combination of road location and frame identifier. We pre-process
the raw CSV file, discard duplicate rows, convert imperial units to SI units, and retain
only snapshots that contain at least max{/N, 100} vehicles. For each experimental run,
a snapshot is randomly selected and N vehicles are sampled from it without replace-
ment in the reported configurations. The position of vehicle ¢ is denoted by p; and
is obtained directly from the NGSIM trace after shifting the minimum longitudinal
coordinate to zero.

The NGSIM vehicle-class field distinguishes three categories: motorcycle, automo-
bile (sedan), and truck/SUV. We map each class to a realistic local CPU frequency
range:

e Motorcycle: f; ~ 1(0.6,1.2) GHz,
e Automobile: f; ~ U(1.0,2.0) GHz,
e Truck/SUV: f; ~4(0.8,1.6) GHz.

Vehicles whose class is not mapped fall back to the default range f; ~ 1/(0.8,2.4) GHz.
The CPU frequency of the MEC server is fi,ec = 40 GHz, and the number of parallel
MEC cores is Cec = 4.

Each vehicle carries an independent task described by input data size L;, com-
putation density p;, total workload D;, deadline 7%, delay-benefit weight w;, and
delay-penalty coeflicient \;:

Li ~U(10°,5 x 10°) bits, (2)
pi ~ U(500,2500) cycles/bit, D; = L;p;, (3)



The deadline is no longer purely random. Instead, it is coupled to the real velocity v;
observed in the NGSIM trace:

Uq

max __ max max max
T = Thigh — B (Thigh ~ TNow )

+ €5, (5)

max
where 7o0* = 0.2 s, 7y = 1.0 s, 8 = 0.5 is the velocity-deadline coupling factor,
Umax = max(max; vj,1 m/s), and ¢; ~ U(—0.03,0.03) s is a small jitter. The deadline
is then clipped to [0.2, 1.0] s. Intuitively, faster vehicles are assigned tighter deadlines,
reflecting the fact that high-speed driving tasks are typically more delay sensitive.

3.2 Communication model

The D2D link bandwidth is By = 5 MHz, the transmission-power parameter is Py =
0.1 W, and the maximum D2D communication range is Ry = 200 m. The distance
between vehicles ¢ and j is

dij = max(|p; — pj|,do), do=1m. (6)

The D2D path loss is

dis

PL{P = PL{ + 1004 log;, (d]> : (7)
0

where PL{ = 38 dB and oy = 3.5. The linear channel gain is 10~ P /10 and is com-

bined with Rayleigh fading h;; ~ Exp(1) and log-normal shadowing X%B ~ N(0,42).

The noise power spectral density is Ny = —174 dBm/Hz, converted in the code to

10(No=30)/10 W /Hz. The D2D rate is

(®)

Pyhiil 7PL‘Z~B/101 x4B /10
R%.Qd_Bdlog2<1+ ahyl0 2 1070 )

10(N0—30)/1OBd

If dij > Rg4, then Rffd =0.

The total V2I bandwidth is B, = 30 MHz, the configured V2I power parameter is
P, = 0.2 W, the RSU coverage radius is R, = 400 m, and the path-loss parameters
are PLj = 35 dB, «a, = 3.0, and shadowing standard deviation 3 dB. The V2I rate is
calculated similarly to the D2D rate. To strictly match the current implementation,
the V2I SINR uses the configured power after the code’s dBm-style transformation:

P, = 10(1010810 P, +30)/10 ©

which is used to compute RY?'. This transformation is retained here because the
paper reports the results generated by the released simulator. In addition, each vehi-
cle obtains V2I availability with probability p, = 0.7 to emulate blockage, handover
failure, and access instability. If a vehicle is outside RSU coverage or its V2I link is
unavailable, it cannot use MEC offloading.



3.3 Local computing model

If vehicle i executes its task locally, its delay and energy consumption are

D;
Tilocal _ 71’ (10)
fi
Elecdl — kf2D;,  k=10"2". (11)
The local net welfare is
uéocal = w; maX(O,TimaX o Tilocul) _ Eéocal _ )\iTilocal. (12)

The first term is the early-completion benefit, the second term is the energy cost, and
the third term is the delay penalty.

3.4 MEC offloading model

Let M be the set of MEC-offloading vehicles and nymec = |M|. The implementation
abstracts MEC upload congestion by equal sharing of the total V2I bandwidth. The
available V2I rate of vehicle 7 is

r?% = min <R§’2i Bv) . (13)

" max(Nmec, 1)

If 7?20 < 103 bit/s, the MEC link is treated as unusable. The finite-core MEC
congestion factor is

7 = max (1, gmec> . (14)
mec

Thus, the MEC offloading delay and energy consumption are

L; D,
Tmee — . -~ 15
¢ 7‘;}22 + K fmcc ( )
L;
EMec = PUW' (16)
The corresponding net welfare is
up*® = w; max (0, 7,1 — T/¢C) — EMeC — \T]eC. (17)

3.5 D2D coalition computing model

Non-MEC vehicles can form a D2D coalition S C V. If |S| = 1, the vehicle computes
locally. If |S| > 1, the coalition head is the vehicle with the highest CPU frequency:

h(S) = arg max fi- (18)



Consistent with the code, the D2D coalition computation stage uses a parallel/batch-
processing abstraction: when the head processes the tasks in the coalition, the
computation delay is determined by the maximum task workload, while the head’s
computation energy is accumulated over the total coalition workload. Hence, the
execution delay is

TS, = M%es D (19)
exec fh(S)
The delay of the head vehicle h is
Ty = Toee: (20)

Other members ¢ € S\ {h} must first upload their input data to the head through
D2D links:

L.

S S

T = Rd};d + T8 e
h

(21)

The computation energy of the head and the transmission energy of a non-head
member are

By =kf Y Dj, (22)
jES
s L; .
Ei :Pdw, Z#h (23)
ih

If the D2D rate from a member to the head is unavailable, the corresponding delay and
energy are set to infinity and the coalition is considered infeasible by the optimizer.
3.6 Social welfare and optimization problem

For any execution mode, the net welfare of vehicle ¢ is unified as
u; = w; max(0, 77" = T;) — By — N T (24)

Let P be a partition of the vehicle set and M be the set of MEC users. Vehicles in
M execute in MEC mode. Non-MEC singleton coalitions execute locally, and non-
MEC multi-member coalitions execute through D2D collaboration. The system social
welfare is

W(P,M)=> u. (25)
iV
This paper solves
max W(P, M), (26)
P,M
subject to
P is a partition of V, M CV, (27)
Vi € M, RV >0 and V2I is available, (28)
VS eP, |S|>1, Vie S\{h(S)}, Ryl >0. (29)

The problem simultaneously includes set partitioning, discrete mode selection, and
link-feasibility constraints. Its search space grows exponentially with the number
of vehicles. Therefore, this paper uses a coalition-formation heuristic rather than
exhaustive optimal partitioning.



4 CFCO Algorithm Design
4.1 Overall idea

The core idea of CFCO is to alternately optimize execution-mode selection and D2D
coalition formation. The algorithm maintains two state variables: the D2D coalition
partition P and the MEC-user set M. A candidate action is accepted only if it
strictly increases W (P, M), so the algorithm trajectory is a monotonic social-welfare
improvement sequence.

Initially, each vehicle is a singleton coalition. For vehicle 7, the algorithm compares
its local welfare ul°¢?! with its MEC welfare u**“(N) under the congested condition
Nmec = IN. If the MEC welfare is higher and finite, vehicle ¢ is inserted into M. This
initialization is conservative because it assumes that all candidate vehicles use MEC
simultaneously, avoiding over-selection of MEC at the initial stage.

4.2 Merge and split

The merge phase traverses all pairs of non-MEC coalitions (S7, S2) and computes the
D2D coalition merge gain:

AW (S1,82) = W(S1 U S2) — W(S1) — W(Sa2). (30)

The coalition pair with the largest positive gain is merged. In the current experimental
configuration, the flag CFCO_INDIVIDUAL_STABILITY is disabled; therefore, the merge
rule is mainly based on social-welfare improvement. The code still retains an optional
individual-stability check requiring that no member’s welfare decreases after merging.
The split phase applies a conservative test to each multi-member non-MEC
coalition S. If splitting it into singleton coalitions yields higher social welfare,

> uieet > W(s), (31)

i€S

then the coalition is split into singletons. This implementation does not enumerate
all subpartitions of S; instead, it uses the low-complexity rule of splitting the whole
coalition into singleton coalitions to reduce online computation.

4.3 Mode refinement and local search

After several merge/split rounds, CFCO performs MEC-mode refinement. Vehicles are
traversed in ascending order of local welfare. If a vehicle is currently an MEC user, the
algorithm attempts to remove it from M and re-evaluate it as a non-MEC singleton.
If a vehicle is currently not an MEC user, the algorithm attempts to add it to M and
keep it as a singleton. A trial state is accepted only if it strictly increases social welfare:

W(Ptriah Mt'r‘ial) > W(Pcur'r'enta Mcurrent)- (32)

In the main loop, CFCO performs at most two merge-split steps followed by one mode-
refinement step. If mode refinement brings no improvement, the main loop terminates.



Algorithm 1 CFCO: collaborative coalition formation for offloading
Require: System model, vehicle set V, maximum iteration count I ,x
Ensure: Coalition partition P and MEC-user set M

1: Initialize P < {{1},...,{N}} and M < 0

2: for each vehicle ¢ do

3 if u°¢(N) > ulocl and MEC offloading is feasible then

4: M~ MU {i}

5: end if

6: end for

7. repeat

8: Find the non-MEC pair (S1, S2) with the largest positive merge gain and merge
it

9: Split any multi-member non-MEC coalition if singleton splitting improves
welfare

10 Try MEC-state toggles for all vehicles and accept strictly improving states

11: until I, is reached or mode refinement yields no improvement

12: Perform up to two rounds of local search over MEC toggles and non-MEC coalition
migrations

13: return P, M

Finally, the algorithm performs at most two rounds of deterministic local search.
For each vehicle, local search tries two actions: toggling its MEC state or moving a
non-MEC vehicle to another non-MEC coalition (or to a new singleton). The best
improving action for the current vehicle is immediately applied.

4.4 Pseudocode

4.5 Convergence and complexity

For a finite vehicle set, the number of feasible coalition partitions and MEC-user sets
is finite. Every merge, split, mode switch, and local migration in CFCO requires a
strict improvement in social welfare; hence, the algorithm cannot cycle in the state
space. Because the welfare sequence strictly increases over a finite set of states, the
algorithm terminates in finite steps.

In terms of complexity, one merge round checks O(N?) coalition pairs, and each
welfare evaluation may involve O(N) vehicles in the worst case, giving O(N?) com-
plexity. Split checking is between O(N) and O(N?) depending on coalition sizes.
Mode refinement tries MEC toggling for all vehicles and performs multiple global wel-
fare evaluations, leading to O(N?) to O(N?) worst-case cost. Local search attempts
vehicle migration among candidate coalitions and is O(N?) in the worst case. With
the maximum iteration count [, = 200 treated as a constant in the experimental
configuration, the overall complexity can be written as O(IaxN 3).
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Table 1 Experimental parameter settings.

Parameter Symbol Default value
Number of vehicles N 60
Synthetic-fallback road length L 2000 m

NGSIM coordinate span sampled from trace snapshot
Task input size Li U(10%,5 x 10°) bits
Computation density U (500, 2500) cycles/bit
Deadline range [ ‘é‘;‘,", Thieh [0.2,1.0] s
Velocity-deadline coupling 0.5

Delay-benefit weight wz U(5,25)
Delay-penalty coefficient i U(0.5,3.0)

Local CPU frequency (motorcycle)  f; U(0.6,1.2) GHz
Local CPU frequency (automobile)  f; U4(1.0,2.0) GHz
Local CPU frequency (truck/SUV)  f; 14(0.8,1.6) GHz
MEC CPU frequency Sfmec 40 GHZ

Number of MEC cores Chec 4

D2D bandwidth Bg 5 MHz

D2D transmit power Py 0.1 W

D2D communication range Ry 200 m

Total V2I bandwidth By 30 MHz

V2I power parameter P, 0.2 W

V2I coverage range R, 400 m

V2I availability probability Do 0.7

Maximum iteration count Tmax 200

Random seeds (main experiment) 10 seeds

Random seeds (scenario sweeps) 5 seeds

5 Experimental Setup

All experiments are implemented in the Python simulator of the project.
The main experiment is repeated over ten independent random seeds
{2024,42,123,7,99, 314,2023, 1, 88,555}, and the reported metrics are averaged with
95% confidence intervals. Scenario sweeps use five seeds, and the small-scale exact
optimality-gap study also uses ten seeds. The default setting uses N = 60 vehicles
sampled from NGSIM snapshots, one-dimensional trace coordinates, and V2I avail-
ability probability p, = 0.7. The configured road length L = 2000 m is used for the
synthetic fallback topology, whereas the NGSIM experiments use the observed lon-
gitudinal coordinate span of each sampled snapshot. The main experiment includes
nine algorithms: CFCO, Singleton, MEC-only, Random, SNR-Greedy, Cap-Greedy,
Matching, BR-LS, and SA.

The baselines are defined as follows. Singleton executes all tasks locally. MEC-
only offloads all vehicles with feasible MEC links under the congested ny.. = N rate
model to the RSU and keeps the remaining vehicles local. Random forms feasible D2D
clusters randomly in position order. SNR-Greedy and Cap-Greedy both use MEC-
preference initialization and select feasible D2D heads according to CPU frequency
while accepting only positive merge gains; the two differ in the member traversal order.
Matching is a conservative head-matching baseline in which MEC-preferred vehicles
are excluded from D2D participation, while the remaining vehicles select feasible D2D
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Table 2 Main experimental results (mean and 95% confidence interval).

Algorithm SW Davg (s) Dmax (s) Eavg (J) Suce. Jain Time (s)
CFCO 481.28 0.225 0.633 0.935 0.998 0.716 9.17
[439.86,522.69] [0.217,0.233] [0.563,0.702] [0.894,0.976] [0.995,1.002]  [0.688,0.744] [8.59,9.75]
Singleton 378.05 0.318 0.958 1.084 0.967 0.606 0.75
[339.12,416.97]  [0.306,0.331]  [0.902,1.014]  [1.029,1.139] [0.957,0.976] [0.569,0.644] [0.73,0.77]
MEC-only 281.45 0.455 0.923 0.409 0.940 0.505 0.76
[241.04,321.87]  [0.432,0.478] [0.902,0.945] [0.381,0.436] [0.919,0.961]  [0.445,0.566] [0.74,0.79]
Random 263.10 0.415 0.816 1.415 0.973 0.410 0.13
[226.38,299.82]  [0.391,0.438]  [0.707,0.925]  [1.326,1.503] [0.947,0.999]  [0.347,0.473] [0.11,0.14]
SNR-Greedy 398.27 0.256 0.638 1.435 0.998 0.571 0.35
[358.57,437.96]  [0.248,0.264] [0.568,0.708]  [1.370,1.500] [0.995,1.002] [0.533,0.609] [0.32,0.39]
Cap-Greedy 397.83 0.258 0.635 1.428 0.998 0.576 0.37
[358.61,437.04]  [0.249,0.266] [0.565,0.706] [1.363,1.493] [0.995,1.002] [0.535,0.618] [0.34,0.40]
Matching 400.70 0.295 0.810 1.044 0.990 0.646 0.77
[363.68,437.72]  [0.284,0.306] [0.737,0.883]  [0.990,1.098] [0.978,1.002]  [0.611,0.680] [0.73,0.80]
BR-LS 480.24 0.230 0.637 0.910 0.998 0.713 110.85
[439.19,521.29]  [0.222,0.237] [0.570,0.704] [0.867,0.952] [0.995,1.002] [0.687,0.739] [108.11,113.60]
SA 428.88 0.284 0.800 0.819 0.987 0.683 11.80
[391.12,466.65]  [0.274,0.293]  [0.695,0.906] [0.741,0.897] [0.973,1.000]  [0.650,0.716] [11.51,12.08]

heads according to individual welfare and positive merge gain. SA is a mode-aware
simulated annealing baseline that searches over random move, merge, split, and MEC-
toggle actions. BR-LS is a deterministic best-response local-search baseline that, at
each step, applies the single MEC-toggle or coalition-migration move yielding the
largest positive increase in mode-aware social welfare; it serves as a strong non-CFCO
comparator that is independent of CFCO’s merge/split flow.

6 Experimental Results and Analysis

6.1 Main results

Table 2 shows that CFCO achieves the best social welfare, average delay, task success
ratio, and Jain fairness among all evaluated algorithms. Its social welfare is 481.28,
improving over BR-LS (480.24) by 0.2%, over SA (428.88) by 12.2%, over Matching
(400.70) by 20.1%, and over MEC-only (281.45) by 71.0%. The average delay of CFCO
is 0.225 s, which is 1.9% lower than BR-LS, 20.7% lower than SA, and 50.4% lower than
MEC-only. The success ratio of CFCO is 0.998, which is 0.058 higher than MEC-only
and 0.031 higher than Singleton.

It should be noted that CFCO is not the best on every single metric. MEC-only
has the lowest average energy (0.409 J), because the feasible MEC-offloading vehicles
use the RSU transmission-energy model and the remaining vehicles fall back to local
execution. SA also has lower average energy (0.819 J) than CFCO. Thus, CFCO does
not simply pursue the lowest energy or the minimum maximum delay. Instead, it
selects a tradeoff under the social-welfare objective jointly defined by early-completion
benefit, energy cost, and delay penalty. This objective explains why CFCO obtains a
more balanced performance in average delay, success ratio, and fairness.

A notable observation is the strong performance of BR-LS, which achieves social
welfare 480.24, essentially matching CFCO. However, BR-LS requires an average run-
time of 110.85 s, whereas CFCO converges in only 9.17 s. In other words, CFCO
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obtains comparable solution quality more than twelve times faster than the exhaus-
tive best-response local search. This efficiency advantage is important for online VEC
decision making.

6.2 Statistical significance and optimality gap

To validate the reliability of the observed differences, we conduct paired Wilcoxon
signed-rank tests comparing CFCO with each baseline over the ten random seeds.
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Table 3 reports the p-values for social welfare, average delay, success ratio, and Jain
fairness. CFCO is statistically better than all baselines in social welfare and average
delay at the 0.05 significance level. The advantage over BR-LS is also significant (p =
0.024 for social welfare and p = 0.005 for average delay), confirming that the small
mean difference is consistent across seeds rather than being driven by a single run. For
success ratio, the differences against SNR-Greedy, Cap-Greedy, and BR-LS are not
significant because these algorithms reach the same mean success ratio (0.998). For



Table 3 Paired Wilcoxon signed-rank tests comparing CFCO with each

baseline.
Baseline SW p Delay p Success p Jain p
Singleton 9.77x 1074 977 x 104 9.77x10~% 9.77 x 10~*
MEC-only 9.77 x 10~%  9.77x10~* 977 x 10~* 9.77 x 10—%
Random 9.77x 1074 977 x 104 1.94x 1072 9.77 x 10~*

SNR-Greedy 9.77 x 1074  9.77x 10~* 5.00 x 107!  9.77 x 10~4
Cap-Greedy  9.77 x 107%  9.77 x 10~* 5.00 x 10~  9.77 x 10—4

Matching 9.77x 1074 977 x10~% 377 x 1072 9.77 x 10~*
BR-LS 244 x 1072 4.88x 1073 5.00x 10~' 1.88x 10!
SA 9.77x 1074 977 x10~%* 3.77x 1072 1.95x 103

Table 4 Small-scale exact optimality gap against Optimal-ILP (N = 12, ten
seeds).

Algorithm Algorithm SW  Optimal SW  Gap (%) 95% CI

CFCO 112.37 112.40 0.03 [-0.02,0.08]
Singleton 69.70 112.40 3825  [31.89,44.62]
MEC-only 110.88 112.40 1.35 [0.84,1.86]

Random 53.58 112.40 52.49  [42.75,62.23)]
SNR-Greedy 19.00 112.40 82.58  [75.86,89.29]
Cap-Greedy 19.00 112.40 8258  [75.86,89.29]
Matching 110.99 112.40 1.26 [0.68,1.85]

BR-LS 112.36 112.40 0.03 [~0.01,0.08]
SA 112.31 112.40 0.06 [-0.16,0.27]

Jain fairness, the difference against BR-LS is also not significant (p = 0.188), which is
consistent with their nearly identical fairness values.

To quantify how close CFCO is to the global optimum, we solve an exact integer
linear programming (ILP) formulation for N = 12 over ten seeds. Table 4 summarizes
the optimality gap for each algorithm. CFCO achieves an average optimality gap of
only 0.03% (95% CI [—0.02,0.08]), which is statistically indistinguishable from zero
and much smaller than all baselines except BR-LS. This result provides strong evidence
that the coalition-formation heuristic in CFCO locates near-optimal partitions in the
tractable regime.

6.3 Mode selection, delay decomposition, and runtime

Figure 5 shows the newly generated three-panel plot of mode ratios, delay decompo-
sition, and runtime based on the Excel result data. In the final CFCO decision, 20.5%
of vehicles execute locally, 22.5% are offloaded to MEC, and 57.0% join D2D collab-
orative coalitions. The high D2D ratio reflects the NGSIM trace topology: vehicles
are spatially clustered on a real road, which creates favorable short-range D2D links
and makes collaborative computing attractive. In contrast, MEC-only sends 66.8%
of vehicles to MEC and keeps 33.2% local; its lower welfare and higher delay show
that feasible V2I access alone is insufficient when shared bandwidth and finite MEC
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Fig. 5 Newly generated result figure: final execution modes, delay decomposition, and runtime.

cores create congestion. Random assigns a very large fraction of vehicles to D2D coali-
tions (85.0%), but because random collaboration does not adequately consider head
capacity or welfare gain, it obtains the lowest social welfare.

The delay decomposition shows that CFCO has an average transmission delay of
only 0.038 s and an average execution delay of 0.187 s. This indicates that CFCO does
not blindly increase transmission by choosing D2D or MEC; instead, it exploits exter-
nal computation only when the transmission cost is controlled. In terms of runtime,
the current Python implementation of CFCO takes 9.17 s on average. It is higher than
the static baselines (all below 0.8 s) and the Random baseline (0.13 s), but it is 22.3%
faster than SA (11.80 s) and more than twelve times faster than BR-LS (110.85 s),
while achieving comparable or better social welfare. The overhead mainly comes from
repeated global welfare evaluation and local migration search. It can be reduced in
future work by caching coalition welfare, incremental updates, and parallel candidate
evaluation.

6.4 Convergence and stability

Figure 6 shows the social welfare trajectory over iterations, averaged across the ten
random seeds with shaded error regions. CFCO starts from the initial MEC-preference
assignment and quickly improves through merge/split operations, converging after
approximately 9-12 recorded iterations. SA also improves gradually, but its final value
remains lower than CFCO on average. The shaded region shows that CFCO is robust
across seeds: although the absolute social welfare varies with the NGSIM snapshot,
the convergence behavior is consistent.

For stability, the individual-stability ratio of CFCO is 0.765 across the ten seeds,
compared with 0.850 for SA, 0.805 for SNR-Greedy, 0.807 for Cap-Greedy, 0.825 for
BR-LS, and 0.437 for Random. Singleton, MEC-only, and Matching have stability
ratios of 1.000 under this D2D-only check mainly because their reported partitions
are close to singleton structures; the check evaluates unilateral coalition deviations
in the final partition and does not re-optimize MEC assignment. Therefore, stability
must be interpreted together with welfare, delay, and success ratio. The lower stability
ratio of CFCO compared with SA and BR-LS is acceptable because CFCO achieves

16



550
500 -
4509 |
] e e J
2 4001 - - —
g —— CFCO
= 3 — == Singleton
'g 3501 — - MEC-only
N e Random
300 - —— SNR-Greedy
e e e e =t Cap-Greedy
.................................................................... Matching
2501 —— BR-LS
- SA
200 T T T T T T T - .
0 25 50 75 100 125 150 175 200

Iteration
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substantially higher social welfare than SA and nearly the same social welfare as
BR-LS with much lower runtime.

6.5 Delay-energy relationship and delay distribution

Figure 7 shows the relationship between average delay and average energy. MEC-
only has the lowest average energy, but its average delay and task success ratio are
inferior to CFCO. Random has the highest average delay and average energy 1.415 J,
indicating that random coalition formation may select poor collaborators. CFCO lies in
a low-delay and moderate-energy region, reflecting the tradeoff induced by the welfare
objective. BR-LS occupies a similar region, confirming that both structured coalition
formation and best-response local search identify high-quality delay-energy tradeoffs.

Figure 8 gives the empirical CDF of task delays. The mean 95th-percentile delay of
CFCO is 0.481 s, lower than SA (0.570 s), Matching (0.598 s), Singleton (0.675 s), Ran-
dom (0.663 s), and MEC-only (0.791 s). SNR-Greedy and Cap-Greedy have slightly
higher 95th-percentile delays than CFCO (0.519 s for both), while their social welfare
and fairness remain much lower. Together with the average-delay result, this indicates
that CFCO reduces average response time while avoiding a large number of tasks
falling into a long-delay region.

6.6 Coalition size and cooperation ratio

Figure 9 shows the final coalition-size distribution of CFCO. Because the D2D range
is 200 m and NGSIM vehicles form natural platoons on the road, CFCO tends to form
several small collaborative coalitions rather than one large coalition. Figure 10 further
shows the offloading/cooperation ratio. CFCO uses D2D collaboration for 57.0% of
vehicles, which is higher than SA’s 25.0% and reflects CFCO’s stronger ability to
exploit favorable D2D opportunities in the trace-driven topology.
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6.7 Parameter sensitivity

Figure 11 shows four parameter sweeps: local CPU frequency, D2D bandwidth, MEC
CPU frequency, and number of vehicles. The scenario sweeps use five independent
random seeds, and error bars indicate 95% confidence intervals.

In the local CPU frequency sweep, CFCO’s average social welfare per vehicle
increases from 4.97 at 0.6 GHz to a peak of 8.04 at 2.2 GHz and then decreases slightly
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to 7.46 at 3.0 GHz. The decrease is related to the energy model: local energy con-
tains the quadratic term rf?D;. Once the delay benefit of increasing CPU frequency
becomes saturated for some tasks, the quadratic energy term can reduce net welfare.
Nevertheless, CFCO remains above all baselines at every frequency point.

In the D2D bandwidth sweep, CFCO’s average social welfare per vehicle is rela-
tively flat, increasing slightly from 7.85 at 1 MHz to 7.90 at 10 MHz. This indicates
that, under the current NGSIM topology, CFCO already exploits D2D collabora-
tion effectively even at low bandwidth, and additional bandwidth yields diminishing
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returns. MEC-only and Singleton do not depend on D2D bandwidth and therefore
remain flat.

In the MEC CPU frequency sweep, CFCQO’s average social welfare per vehicle
increases steadily from 7.20 at 5 GHz to 7.94 at 50 GHz. MEC-only also improves
from 0.82 to 4.62 as MEC capacity increases, but it remains well below CFCO because
many vehicles still lack feasible V2I links. This shows that CFCO can exploit stronger
MEC resources while preserving local and D2D paths when MEC is unavailable or
congested.

In the vehicle-number sweep, CFCO obtains average social welfare per vehicle of
8.87, 8.29, 7.90, 7.84, and 7.94 for N = 20,40, 60, 80,100, respectively, and is above
the baselines at all points. The decreasing trend reflects increased contention for MEC
and D2D resources, while the slight rebound at N = 100 remains within the confidence
interval.

6.8 Impact of V2I reliability

Figure 12 shows the average social welfare per vehicle when the V2I availability proba-
bility p, increases from 0.1 to 1.0. CFCO increases from 7.13 to 8.17, while MEC-only
decreases from 6.73 to 0.92. The decrease in MEC-only occurs because, when p,, is high,
more vehicles attempt to offload simultaneously, which intensifies V2I bandwidth shar-
ing and MEC core congestion. CFCO avoids this congestion by dynamically switching
vehicles to local or D2D modes. Figure 13 further shows average delay under different
V2I reliability values. CFCO keeps lower average delay than Singleton and Random at
all reliability points, lower delay than MEC-only for p, > 0.2, and only slightly higher
delay than MEC-only at p, = 0.1, where few vehicles compete for MEC resources.

6.9 Discussion and limitations

The experiments show that CFCO achieves higher social welfare and lower aver-
age delay in the NGSIM trace-driven configuration. Four limitations remain. First,
although we use real NGSIM snapshots, each experimental run samples a single static
snapshot rather than a continuous mobility trace; vehicles do not move between suc-
cessive decision intervals. Extending the evaluation to time-varying vehicle trajectories
is an important direction for future work. Second, the current D2D coalition computa-
tion model uses a parallel/batch-processing abstraction at the head, where execution
delay is determined by the maximum task workload. If a real system can only process
coalition tasks strictly sequentially, the model and results should be rerun. Third, the
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strong performance of BR-LS suggests that much of the gain comes from the welfare
objective and the neighborhood structure; future work can add even stronger baselines,
such as auction or market mechanisms, to further differentiate CFCO. Fourth, the
reported social welfare values are not directly comparable with those in the previous
synthetic-topology version because the NGSIM traces introduce realistic spatial clus-
tering, measured velocities, and velocity-dependent deadlines; the improvement should
be interpreted as the combined effect of the trace-driven setting and the algorithm,
not as a purely algorithmic advance.
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7 Conclusion

This paper proposed CFCO, a social-welfare-maximizing collaborative coalition for-
mation algorithm for task offloading in VEC. CFCO unifies local computing, D2D
collaboration, and MEC offloading, and monotonically improves social welfare in a
finite state space through merge, split, mode refinement, and local migration oper-
ations. In this revised study, we evaluated CFCO on real-world NGSIM vehicle
trajectories and reported statistically robust results over ten independent random
seeds. Experimental results generated by the actual code show that, in the default
N = 60 scenario, CFCO achieves social welfare 481.28, average delay 0.225 s, task suc-
cess ratio 0.998, and Jain fairness index 0.716, outperforming eight baselines overall. A
small-scale exact ILP study confirms that CFCO is within 0.03% of the optimal solu-
tion. Parameter sweeps and V2I reliability experiments further indicate that CFCO
adapts well to changing infrastructure reliability and system resources. Future work
will extend this study with continuous mobility traces, multi-RSU cooperation, task
dependencies, sequential coalition-head processing, and incentive-compatible payment
mechanisms.
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