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Abstract— To support inter-vehicular applications, vehicles1

broadcast beacons with information about their state. Congestion2

may occur when the load on the channel due to beaconing can3

prevent the transmission of other types of messages. In this4

paper, we propose a distributed algorithm for optimal joint5

adaptation of transmit power and beaconing rate for congestion6

and awareness control. Our approach is based on a network7

utility formulation of the congestion control problem, which8

allows us to induce a desired fairness notion and set different9

priorities for vehicles. We formulate the general problem but,10

since it is not convex, we assume Rayleigh fading and derive an11

algorithm, called PRAIOS, that solves the optimization problem12

in a decentralized way with convergence guarantees. Our results,13

validated with realistic simulations in both static and dynamic14

scenarios and compared with other proposals, show that PRAIOS15

quickly converges to close to optimal allocations, while keeping16

the maximum beaconing load at the desired level. They also17

show that it can control the load when the fading is not18

Rayleigh. Applications can dynamically set their requirements as19

constraints, that are enforced by the algorithm while complying20

with the maximum load, which allows seamless integration of21

operational requirements into the control framework.22

Index Terms— Vehicular communications, awareness, conges-23

tion control, power control, rate control, network utility maxi-24

mization.25

I. INTRODUCTION26

INTELLIGENT Transportation Systems (ITS) are being27

built upon the capabilities of connected vehicles, which28

support the use of innovative applications in traffic safety,29

traffic control, cooperative driving and other advanced ser-30

vices. Communications among vehicles are subject to severe or31

moderate fading effects [1], which results in a dynamic envi-32

ronment with short-life connections and adverse propagation33

conditions. American and European standards have allocated34

several channels at 5.9 GHz for vehicular communications and35
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have adopted IEEE 802.11p as physical and medium access 36

control layers [2], [3]. To support inter-vehicular applications, 37

vehicles use a control channel to broadcast information about 38

their state, including their position, speed, heading, or acceler- 39

ation, among other data [4]. This information is encapsulated 40

in beacon messages, which are transmitted periodically at 41

a fixed or variable beaconing rate, what is called Cooper- 42

ative Awareness Service (CAS) in the ETSI standards [4]. 43

In addition, the control channel is mainly used to broadcast 44

event-driven messages, such as emergency messages when a 45

dangerous situation is detected. Since these are high priority 46

messages, it is therefore necessary to ensure the availability 47

of the control channel for them. However, the aggregated 48

load on the control channel due to beaconing may degrade 49

the performance of CAS in general and even prevent the 50

transmission of emergency messages, what is called channel 51

congestion due to beaconing activity. To prevent this situation, 52

ETSI has specified a framework for decentralized congestion 53

control (DCC) in the control channel [5], which supports 54

dynamic adaptation of several transmission parameters such 55

as transmit power, beaconing rate or message datarate [6]. 56

Therefore, the goal of DCC is to limit the channel band- 57

width used by beacons to ensure that the remaining capacity 58

is available to event-based messages. However, beaconing 59

must also provide the “level of awareness” required by the 60

applications working on top of the service. That is, awareness 61

control should be used to adjust the aforementioned commu- 62

nication parameters in order to fulfill the requirements of a 63

particular application [7]. Both goals may conflict, since in 64

general application reliability increases with high power and 65

beaconing rates. Moreover, quality of service requirements are 66

dynamical, context-dependent and particular of each vehicle. 67

For example, the minimum beaconing rate and communication 68

range for vehicles approaching an intersection may be quite 69

different from those of vehicles under free-flow conditions 70

in a highway. Since there are multiple parameters to control 71

and potentially conflicting goals, it is clear that an integrated, 72

flexible and dynamically configurable approach to congestion 73

and awareness control is necessary. In this paper we propose 74

such a mechanism based on a decentralized joint control of 75

beaconing rate and transmit power. 76

Our proposal also allows to select a particular fairness 77

notion and control it dynamically. In the vehicular context, 78

fairness is specially important since it is related to the user 79

safety. Since beacons are used to build and accurate estimate 80
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of the surrounding road traffic state [7], it is necessary that81

all vehicles can effectively communicate its state, that is, they82

should be allocated similar resources, under the constraints83

imposed by the available capacity. But different formal notions84

of fairness can be used, which result in a trade-off between85

fairness and efficiency [8]: a more restrictive fairness notion86

usually implies a less efficient use of the shared resource.87

To derive an algorithm with such features, we model the88

congestion control as a Network Utility Maximization (NUM),89

the formal approach that we used in previous papers, but90

adapting it to the current goal of controlling both rate and91

power and extending the scope in several ways as we discuss92

next. The underlying approach of NUM is just to derive93

an algorithm that solves a constrained convex optimization94

problem, where each vehicle is associated a utility function [9],95

and the optimization goal is to maximize or minimize the sum96

of the utilities. But NUM additionally uses the shape of the97

utility function to induce globally a certain notion of fairness.98

That is, by using a class of utility functions known as (α,w)-99

fairness functions, the allocations will exhibit a particular type100

of fairness [10]. With those functions, the fairness parameter,101

α is used to select from range of fairness notions that go102

from proportional fairness (α = 1) to max-min fairness103

(α → ∞) [10], and the priority parameter, w, to assign104

different priorities. We have used this formal method in [11] to105

derive a beaconing rate control, but assumed a single common106

power for all the vehicles. Conversely, in [12] we derived107

a transmit power control assuming a fixed beaconing rate.108

In [13] we extended both models by considering the possibility109

of transmitting beacons with multiple powers simultaneously,110

but the transmit power was not actually controlled explicitly,111

that is, the only control variable managed by the algorithm112

was the beaconing rate, although the different available powers113

entered the constraints.114

In this paper, we do propose a distributed algorithm for115

optimal joint control of transmit power and beaconing rate.116

That is, both transmit power and beaconing rate are actually117

controlled and their values are assigned by the algorithm.118

This proposal, hence, extends our previous work in several119

ways. First, let us note that it is not immediate to derive a120

joint power-rate control from the previous separate rate and121

power controls, because the controlled variables multiply each122

other and make the problem non-convex in general. Second,123

we here seek to maximize an awareness metric, discussed and124

defined later, which depends on both power and beaconing125

rate. To model the dependence on transmit power, we assume126

a single-slope path loss for attenuation and Nakagami-m for127

fading. Therefore, unlike our previous works, in which the128

utility functions only depended on the beaconing rate, in this129

paper the utility is the level of awareness a vehicle produces,130

considering a more realistic channel model as well as power131

and rate as decision variables. However, introducing such a132

general fading model also makes the problem non-convex in133

general. To overcome it, we then restrict ourselves here to the134

case of Rayleigh fading but show in our results that it is also135

able to control the load even with other fading conditions.136

Our algorithm stands out from previous proposals in several137

features. First, joint control, in the sense that the output of138

the algorithm is the value to set for transmit power and 139

beaconing rate, is not actually carried out in various previous 140

works [14], [15], [16]. Instead, they adjust the value of 141

only one of the variables in order to control the excess of 142

channel capacity available after some particular application 143

has set some minimum values. Second, in the capability of 144

inducing a fairness notion and weighted priority, as well as 145

the convergence guarantees shown here. Hence, in the paper 146

we compare our algorithm with BFPC [17], a proposal that 147

actually controls power and rate jointly; and the SAE J2945/1 148

standard [18], which controls separately rate and power in a 149

heuristic way, and show how it outperforms them. 150

In the remainder of this paper we first review related works 151

in section II. In section III, the problem is formulated as a 152

NUM joint power and rate allocation problem. First we discuss 153

the awareness metric we are interested in and the propagation 154

model, then we provide a formal description of the problem 155

and propose a particular algorithm to solve it. In section IV, 156

it is validated and compared with other proposals in static 157

scenarios and we show its behavior when the fading conditions 158

are different from Rayleigh fading. We extend afterwards the 159

comparison and evaluation to different dynamic scenarios and 160

show how it can be configured by applications and assign 161

different priorities. Finally, conclusions and future work are 162

discussed in section V. 163

II. RELATED WORK 164

Previous approaches to DCC use separately beaconing 165

rate [11], [19], [20] or transmit power [7], [21] and some 166

consider combined power and rate control [14], [15], [16], 167

[17], [18]. A recent survey [6] discusses in detail the most 168

relevant proposals and most of the potential control variables, 169

so we briefly discuss here some of them directly related to 170

our work. We do not consider proposals related to vehicular 171

communications based on cellular networks (C-V2X), since 172

its MAC differs significantly from 802.11, although some of 173

the mechanisms evaluated in this paper have been used for 174

congestion control in C-V2X [22]. 175

One of the algorithms suggested by the ETSI standards is 176

LIMERIC [19], which adapts only beaconing rate with a linear 177

control based on the measured channel busy rate (CBR) from 178

the local neighbors. LIMERIC is shown to converge to a single 179

fixed point, which assigns equally the bandwidth among all 180

the vehicles that share the same congestion state, but only 181

if assumed that all the vehicles are in range. For multihop 182

scenarios it is combined with PULSAR [20] which requires 183

CBR measurements from two-hop neighbors. Several pure 184

transmit power controls are discussed in [7]. In [18] and [21] 185

is used to adjust the communication range to keep the desired 186

number of neighbors in range. In general, controlling only the 187

power tends to result in oscillatory behavior, as discussed later 188

in our results, but it has been shown to improve the perfor- 189

mance of cooperative driving application when combined with 190

synchronized communication slots [23]. 191

Combined transmit power and rate adaptation has been used 192

in [14], [15], and [16] mainly for awareness control, that 193

is, to fulfill the quality of service requirements of particular 194
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applications, None of them control both transmission variables195

in a joint optimal way, but set them separately according to196

some heuristic. In [14] the beaconing rate is adjusted to keep197

the maximum position error under a certain value and then198

the transmit power adjusts the transmission range to keep the199

channel occupancy within some range. Both [16] and [15]200

have as main goal to control the inter-beacon reception time at201

some target distance and in both cases they use LIMERIC and202

PULSAR as an additional beaconing rate control to comply203

with the maximum channel load. In [16] the transmit power is204

first set to maximize the inter-beacon reception time and then205

the beaconing rate is adapted using PULSAR. And in [15] the206

desired inter-beacon reception time determines the transmit207

power and rate and if there is some channel capacity available208

the beaconing rate is increased via LIMERIC and PULSAR209

until the maximum channel load is reached. In comparison,210

in this paper we derive an algorithm for optimal joint control211

of both transmit power and beaconing rate. We compare our212

proposal to the SAE J2945 standard [18], which is used in the213

United States, and BFPC [17]. The former is an adaptation214

of the work in [14], discussed previously, which adapts the215

transmit power to keep the channel load within a certain range216

and sets the beaconing rate according to the measured density217

of surrounding vehicles. BFPC uses non-cooperative game218

theory to derive a distributed algorithm for joint power and219

rate control, which does no need to exchange any additional220

information with neighbors to work. Its main drawback is that221

it does not allow to configure a precise maximum range for222

the desired channel load but uses three parameters which have223

to be tuned to particular scenarios by trial.224

An approach similar to ours here can be found in [24] where225

authors use a NUM joint rate and power control framework.226

There are still significant differences: first, the propagation227

model is abstracted by an indicator function, but the mapping228

of the channel model to the indicator function is not discussed.229

In addition, it turns the optimization problem into an integer230

programming one. In our case we explicitly include a prop-231

agation model in our maximization problem. Second, since232

their formulation is non-convex in general, they decompose233

the problem in rate and power subproblems and propose234

an iterative algorithm where rate or power are considered235

constant inputs to the other subproblem alternatively. The236

obtained solution is suboptimal. On the contrary, we provide237

an algorithm which results in an optimal solution to the joint238

problem, although focused on the particular convex case of239

Rayleigh fading. Third, transmit power is not included in the240

utility function unlike our formulation.241

Since the goal of awareness control is to fulfill the require-242

ments of a particular application [7], it is necessary to relate243

those needs to communication parameters. In [16] several244

possible awareness metrics which capture the application245

requirements are discussed in detail. In Section III we define246

such a metric, adapted from [16]. A number of proposals247

are designed around particular application requirements [14],248

[25]. In particular, keeping a certain tracking error [14],249

[25] is one of the metrics used by POSSAC [25] to set250

the beaconing rate, in addition to a target warning distance251

dependent on the vehicle movement status together with a252

control of the contention window to minimize the probability 253

of packet collisions. Our proposal can be used to achieve the 254

same goals in a flexible way. As discussed in Section IV, 255

applications can dynamically set several parameters and use 256

the priority parameter to assign more resources to particular 257

vehicles. In fact, the state of the environment and road can 258

be incorporated seamlessly into the framework control while 259

meeting the channel load constraints, as we showed in [26], 260

where we used the time-to-collision of vehicles to prioritize 261

the beaconing rate in a NUM control. Since our algorithm 262

here involves power and beaconing rate, more sophisticated 263

environmental aware controls can be implemented seamlessly. 264

Finally, machine-learning methods have been applied to 265

congestion control recently [6], [28]. Such methods are heuris- 266

tic in nature but have the advantage that can be applied 267

to problems in which traditional optimization methods are 268

difficult to apply due to the non-convexity of the problem, such 269

as those that involve control of data rate [27]. In particular, 270

reinforcement learning (RL) has been applied to resource 271

allocation in centralized networks [28], but fewer proposals 272

apply RL in distributed environments, as we did in [29], where 273

we used Q-learning to train agents to adapt power and rate 274

for congestion control. Although such procedures work well, 275

they do not provide flexibility for configuration, there are no 276

guarantees about its optimality and they raise concerns about 277

their applicability in scenarios different from the ones used to 278

train. The model derived in this paper allows to compare the 279

optimal allocation to the solutions provided by such methods. 280

III. JOINT POWER-RATE AWARENESS AND CONGESTION 281

CONTROL IN VEHICULAR NETWORKS 282

Notation: In the remaining of the paper we use boldface 283

letters (x) for random variables, lowercase letters with bars 284

(x̄) for vectors, uppercase letters with bar (H̄ ) for matrices 285

and subscripts for the elements of a vector or matrix. 286

In this section we model the joint transmit power and bea- 287

coning congestion control problem as a convex optimization 288

problem. We first discuss the propagation model and awareness 289

metric we use. Afterwards we formally formulate the general 290

problem which is not convex, so we transform it into convex 291

form for Rayleigh fading and propose a distributed algorithm 292

for its solution. 293

Let v̄ = [v1, . . . , vV ]T be a set of vehicles in a vehicular 294

network, with V the number of vehicles. Each vehicle v ∈ v̄ 295

can select a transmit power pv ∈ [pmin
v , pmax

v ] W for each 296

beacon transmission and can transmit beacons with a rate rv ∈ 297

[rmin
v , rmax

v ] beacon/sec. The goal of our algorithm is to find 298

the pv and rv that maximize some utility function. 299

A. Propagation and Fading Model 300

We use the model described in [13] and [12]. We assume 301

a single-slope path loss attenuation model and a Nakagami-m 302

fading model. With this assumptions, the power received at 303

a distance d from a transmitter is pr = F/Adβ , where 304

A = ( 4π f
c )2, f is the carrier frequency and β is the path 305

loss exponent. F is a r.v. with gamma distribution, whose pdf 306

is fF(x) = (μx)m−1μe−μx

�(m) , where �(x) is the gamma function. 307
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For a vehicle transmitting with power p, the scale parameter308

is set to μ = m
p to get an average power of p. The fading309

intensity is given by the parameter m, a lower value implies310

more severe fading conditions.311

With this model, the probability that the received power at312

a point at distance d from a transmitter is above the sensitivity313

of the receiver S, Pr , is:314

Pr (d, p) = Prob(F > S Adβ)315

= 1 − FF(S Adβ) = �(m, S Adβm
p )

�(m)
(1)316

where �(m, x) is the upper incomplete gamma function. From317

now on, to simplify notation, we define Kij = S Am(di j )
β ,318

where di j is the distance between vehicle i and j . Note that319

Kij = K ji . Note also that when m = 1 we get Rayleigh fading320

and Pr (di j , p) = ex p(−Kij p−1).321

B. Awareness322

Periodic broadcast of beacons with vehicle status informa-323

tion is the basic service upon which cooperative inter-vehicular324

applications are built. Even though the service is called “Coop-325

erative Awareness Basic Service”, the standard does not define326

precisely what is meant by awareness, apart from stating that327

“On reception of a CAM the receiving ITS-S becomes aware328

of the presence, type, and status of the originating ITS-S” [4].329

Due to this lack of a clear specification of awareness,330

different definitions can be found in the literature [6], see for331

instance [16] for a discussion. Most of them define awareness332

in terms of either a certain Packet Delivery Ratio (PDR)333

or Inter-Beacon Reception Time (IRT), at a target distance,334

required by an application to ensure a given quality of service.335

But these metrics are not equivalent and do not generally imply336

each other, that is, a low IRT does not necessarily imply a337

high PDR. We consider the IRT a more suitable metric for the338

reliability of an application and so derive an expression for it.339

In the following discussion we assume that eq. (1) gives also340

the probability of successful reception of a package. This is the341

case when the noise and interference power is low enough so342

that the sensitivity can be used instead of the Signal-to-Noise-343

and-Interference Ratio, SNIR. In our context, the background344

noise is usually negligible and, when congestion control is345

working properly, the MAC is not saturated and so collisions346

are rare and interfering vehicles are relatively far away [21].347

To provide reliability guarantees, an application usually348

requires that, at a certain target distance (do), a maximum349

IRT (Tmax) is achieved with a given target probability Po,350

that is, Prob(IRT ≤ Tmax) ≥ Po. Now, given a beaconing351

rate r and assuming that the probability of successful beacon352

reception is independent at each transmission, the number of353

lost beacons, lb, is geometrically distributed and the IRT is a354

r.v. IRT = (lb+1)/r . From this, the reliability in terms of IRT355

for a given transmit power p and beaconing rate r is given by356

Prob(IRT ≤ Tmax) = 1 − (1 − Pr (do, p))rTmax (2)357

Hence, eq. (2) relates power and beaconing rate with IRT358

and fixes the minimum power and beaconing rate required359

to guarantee a certain reliability. It may be a candidate as360

utility function to be maximized by each vehicle. However, 361

no reliability is actually guaranteed unless it is used in the 362

problem constraints. Furthermore, it is not convex for a general 363

Nakagami model. 364

Our alternative then is, first, to let the application set the 365

minimum acceptable values as constraints if necessary. That 366

is, an application can use eq. (2) to transform its requirements 367

into some pmin
v and rmin

v , and pass them to the algorithm when 368

necessary. Otherwise the minima specified by the standard 369

are used. With our algorithm, such particular requirements 370

can be set dynamically and independently by each vehicle, 371

and the allocation will be optimal as long as it is feasible, 372

that is, the sum of the minimum rates sets by the vehicle 373

does not exceed the channel capacity. And, second, we set 374

as goal to minimize the average IRT, E[IRT] = 1
r Pr (do,p) , 375

or equivalently, to maximize its inverse. Let us note that 376

in that case, we are actually maximizing the beaconing rate 377

weighted by the reception probability at the target distance, 378

r Pr (do, p), what we call effective beaconing rate, which is 379

also a reasonable measure of the level of awareness a vehicle 380

generates. 381

As we said, although the PDR is often used as a metric of 382

awareness, under the assumption of independence of errors, the 383

obtained results are different as we will discuss in Sect. IV-A. 384

C. Problem Formulation 385

We have already discussed the propagation model and the 386

awareness control goal. It remains to define the remaining 387

goals: For congestion control we are interested in limiting the 388

total rate of beacons received by each vehicle to a Maximum 389

Beaconing Load (MBL), that is a maximum of C beacons/s. 390

The MBL is often expressed in equivalent ways, in particular 391

as a limit to the Channel Busy Time (CBT), which is the 392

fraction of time that the channel is not idle. When expressed 393

this way we will refer to the MBL as CC BT . The utility 394

function to be maximized by each vehicle is the inverse of 395

the average IRT, 1
E[IRT] = r Pr (do, p), as discussed in the 396

previous section. But to control the fairness of the optimal 397

allocation, we use α-fair utility functions Uv as 398

Uv (x) =

⎧⎪⎨
⎪⎩

wv x if α = 0

wv log x if α = 1

wv
x1−α

1−α if α > 0, α �= 1

(3) 399

so that any optimal solutions of the problem are also (α,w)- 400

fair [10]. This way, any required fairness notion can be 401

enforced by setting the α parameter, while the wv values can 402

be used to achieve weighted fairness and assign priority to 403

vehicles. 404

With all the previous definitions we can formulate the 405

general joint power-rate optimization problem: 406

G − PR : max
rv ,pv

∑
v

Uv (rv Pr (do, pv )) (4a) 407

subject to: 408

V∑
i=1

ri Pr (dv i , pi) ≤ C ∀v ∈ v̄ 409

(4b) 410
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rmin
v ≤ rv ≤ rmax

v ∀v ∈ v̄ (4c)411

pmin
v ≤ pv ≤ pmax

v ∀v ∈ v̄ (4d)412

The objective function (4a) maximizes the sum of the413

utilities as functions of the effective beaconing rate at the target414

distance.415

Constraints (4b), ensure that the average beaconing load416

measured by a vehicle is below the MBL. To see this, consider417

that a Nakagami-m fading model a vehicle v receives a beacon418

from a neighbor i with a probability Pr (dv i , pi), and there419

is a probability of receiving beacons from distant neighbors420

and not receiving beacons from close ones. In that case,421

the channel is effectively not occupied since the received422

power is below the sensitivity due to fading. Assuming a423

binomial distribution with parameter p = Pr (d, p) for the424

number of successfully received beacons and neglecting the425

changes of distance in vehicles during the measurement period426

(Tm), which is reasonable, since Tm is usually in the order427

of hundreds of milliseconds, the average beaconing load on428

the channel locally measured by a vehicle v is given by429 ∑
i ri Pr (dv i , pi ), which already includes its own generated430

beaconing load. For simplicity we assumed a common beacon431

size, but the following algorithm can accommodate any beacon432

size, even if different vehicles use different sizes. In that433

case, constraints (4b) have to be modified appropriately by434

multiplying the beaconing rates by the beacon size used by435

vehicles and changing the units of C . In practice it requires436

that the vehicles keep track of the size of beacons received437

from other vehicles.438

Finally, constraints (4c) and (4d) keep the variables within439

the allowed ranges. As discussed before, the lower limits can440

be set by applications in order to enforce some quality of441

service requirements, via eq. (2). They can be dynamically set442

by each vehicle independently if necessary. Or they may be443

set to the lower limit determined by the standards.444

However, problem G − PR (4a) is not convex in general,445

only in certain cases, as for instance, Rayleigh fading. In the446

remaining of the paper we therefore focus only on the Rayleigh447

case, since it describes well a wide range of scenarios [30].448

In addition, in Section IV-B we evaluate and discuss the449

results when this assumption is not valid. We will see that450

the algorithm is still very effective in controlling the load in451

these cases.452

D. Rayleigh Fading453

In this section we formulate the optimization problem when454

Rayleigh fading is assumed. In that case problem G − PR (4a)455

can be transformed to convex problem by a change of variables456

as follows. First, we make the change of variable, hv = p−1
v457

and set m = 1 in (1) for Rayleigh fading, so that the probabil-458

ity of successful reception becomes, Pr = ex p(−Kij h). The459

set of constraints (4b) are not convex yet, but if we additionally460

make the change of variable yv = ln(rv ), we obtain convex461

constraints. To induce the desired fairness notion we will use462

as utility functions the ones in (3) so that any rate allocation to463

the vehicles is α-fair if and only if, it is the optimum solution464

of (5). But taking into account that the objective function is465

concave as long as α > 1, as discussed in the Appendix.466

With the above transformations the convex form of the 467

problem of joint power-rate optimization for Rayleigh fading 468

is: 469

R − PR : max
yv ,hv

∑
v

(e(yv−Kohv ))1−α

1 − α
(5a) 470

subject to: 471

V∑
i=1

e(yi−Kvi hi ) ≤ C ∀v ∈ v̄ (5b) 472

ln(rmin
v ) ≤ yv ≤ ln(rmax

v ) ∀v ∈ v̄ 473

(5c) 474

1/pmax
v ≤ hv ≤ 1/pmin

v ∀v ∈ v̄ 475

(5d) 476

where Ko = S Am(do)
β . Notice that, only for Ko but not for 477

the constraints (5b), we may substitute the sensitivity S by 478

a decoding threshold D to reflect the more realistic case of 479

requiring a higher power to successfully decode a packet. 480

E. Dual Decomposition 481

In order to find a decentralized algorithm to solve problem 482

R − PR (5) we use a dual decomposition, see [31] for a 483

general overview of dual methods. 484

To use the standard formulation in optimization, we first 485

convert problem (5) to a minimization problem by changing 486

the sign of sum in (5a). Then we form the Lagrangian function 487

L of (5a) relaxing the constraints (5b): 488

L(λ, y, h) = −
∑
v

(e(yv−Kohv ))1−α

1 − α
+ 489

+
∑
v

λv (
∑

i

e(yi−Kvi hi ) − C) (6) 490

where λv ≥ 0 are the Lagrange multipliers associated with the 491

relaxed constraints. The Lagrange dual is the minimum value 492

of the Lagrangian function over the domain of the variables. 493

That is, given a set of non-negative multipliers λ̄, 494

g(λ̄) = min
ln(rmin

v )≤yv≤ln(rmax
v )

1/pmax
v ≤hv≤1/pmin

v

L(λ̄, yv , hv ) (7) 495

And the dual problem is: 496

max
λ≥0

g(λ̄) = max
λ≥0

⎧⎪⎪⎨
⎪⎪⎩

min
ln(rmin

v )≤yv≤ln(rmax
v )

1/pmax
v ≤hv≤1/pmin

v

L(λ̄, yv , hv )

⎫⎪⎪⎬
⎪⎪⎭

(8) 497

Since the objective function in (5a) is concave, for α > 1, 498

and the Slater condition holds, it has the strong duality 499

property and the Karush-Kuhn-Tucker (KKT) conditions char- 500

acterize its optimum solution [32]. Then, when the optimal 501

multipliers λ̄∗ have been found, at least one of the associated 502

rates ȳ∗(λ̄∗) and powers h̄∗(λ̄∗) are the optimal solution of 503

the original problem (5). 504

Solving the power-rate allocation problem with the dual 505

method then requires using a gradient descent algorithm to 506

iteratively find the dual optimal multipliers λ̄∗, and obtain 507
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the corresponding optimum power p̄∗(λ∗) and rate r̄∗(λ∗)508

allocations from eq. (7). In the following subsection we509

develop this procedure: At each iteration, vehicles broadcast510

their multiplier λv , receive multipliers from neighbors and use511

them as input to the optimization problem (7). The latter has512

no analytical solution, but can be solved independently by each513

vehicle with a gradient algorithm using local information.514

Let us clarify that, to solve problem (7), one should actually515

use global information, since the sum in the relaxed constraints516

in eq. (6) extends to all the vehicles. This issue can be formally517

corrected just by limiting the sum in the constraints (5b) to518

only the neighbors of a vehicle. All the subsequent derivations519

remain equal just by limiting the corresponding sum to the520

set of neighbors and the proofs in the Appendix require the521

introduction of a neighbor matrix. But, since from a practical522

point of view this fact is not relevant, as we discuss in the523

following section and show in the Results, we prefer to keep524

the problem in its current simpler formulation.525

F. Distributed Algorithm526

In this section, we propose PRAIOS (Power-Rate awareness527

and congestion control for inter-vehicular communications),528

an algorithm that solves problem (8) in a decentralized way,529

without the need of any central coordinated infrastructure.530

At each iteration, the algorithm first compute a distributed531

gradient descent: vehicles receive the multipliers from neigh-532

bors and compute the gradient of (7) to update their own533

multiplier; Afterwards, they pass all the received multipliers534

to a function that solves the local problem of minimizing the535

Lagrangian function eq. (6) and update their rate an power.536

Since there is no analytical solution to the latter problem we537

propose to use a gradient projection algorithm that provides538

a quick convergence to the optimal solution and discuss later539

other practical alternatives.540

Algorithm 1 - Power-Rate Awareness and Congestion Control
for Inter-Vehicular Communications (PRAIOS)

At k = 0, set initial vehicle multiplier λ0
v , inverse of power

h0
v and logarithmic rate y0

v , ∀v
Then, at each time k:
Step 1. Each vehicle v receives the multipliers from

neighbor vehicles λi , ∀i .
Step 2. Each vehicle updates its own multiplier λk+1

v as:
λk+1

v = [
λk

v + γ
(∑

i e(yi−Kvi hi ) − C
)]+

λv≥0
Step 3. Each vehicle updates yk+1

v and hk+1
v with the

output of Algorithm (2):
[yk+1

v , hk+1
v ] = LagrangianMinimization(λ̄, yk

v , hk
v )

The main procedure is described in Algorithm 1. The541

algorithm to minimize the Lagrangian function is described in542

Algorithm 2. In both cases the gradient descent is projected on543

the constrain set, that is, [x]+X = arg minz∈X ||z − x ||2 denotes544

the orthogonal projection with respect to the Euclidean norm545

of a vector onto the convex set X . But notice that, since in546

both algorithms the set X is made of box-constraints, that547

projection is inmediate.548

Algorithm 2 - LagrangianMinimization

1: procedure LAGRANGIANMINIMIZATION(λ̄, h, y)
2: y1 = y, h1 = h, j = 1
3: repeat

4: y j+1 =
[

y j − ε
j

∂L(y j ,h j )
∂y

]+
ln(rmin

v )≤yv≤ln(rmax
v )

5: h j+1 =
[
h j − ε

j
∂L(y j ,h j )

∂h

]+
1/pmax

v ≤hv≤1/pmin
v

6: j = j + 1
7: until ||∇L(y, h)|| = 0
8: return y j+1, h j+1

9: end procedure

Next we clarify the algorithm steps and discuss other 549

practical aspects: 550

• To update the multiplier in Step 2 of Algorithm 1, we use 551

the fact [33, pp. 423] that, given a set of multipliers λ̄, 552

a subgradient G ∈ ∂g, of the dual function g evaluated 553

at λ̄ is given by 554

G(λ̄) =
∑

i

e(yi−Kvi hi ) − C, ∀v (9) 555

The subgradient is just the difference between the mea- 556

sured load by a vehicle and the MBL constraint. Hence, 557

as a practical alternative, we use in our implementation 558

the CBT measured by a vehicle, that is, 559

G(λ̄) = 1

Tb
(C BTv − CC BT ), ∀v (10) 560

where Tb is the beacon duration. 561

• The Lagrange multiplier of a vehicle, λv , represents the 562

congestion measured by that vehicle. 563

• The LagrangianMinimization function executes a 564

gradient-descent algorithm to minimize the Lagrangian 565

function in eq. (7). At each step, and given the collected 566

set of multipliers λ̄, the gradient ∇L(y, h) is 567

∂L(y, h)

∂yv
= −(e(yv−Kohv ))1−α +

∑
i

λi e
(yv−Kiv hv ) (11) 568

∂L(y, h)

∂hv
= Ko(e

(yv−Kohv ))1−α −
∑

i

λi Kive(yv−Kiv hv )
569

(12) 570

• The probabilities of reception from distant enough vehi- 571

cles are essentially zero, Pr = e−Kiv hv ≈ 0. Therefore, 572

their beacons are not received in practice and their multi- 573

pliers are not known. But, even if they were known, due 574

to the extremely low value of the probability of reception, 575

they would not contribute appreciably to the sums in 576

eqs. (11) and (12). So, as mentioned in the previous 577

section, we have formally kept the global formulation 578

but the sums in the LGP function only involves the 579

vehicles for which a beacon has been received during a 580

measurement period. In any case, in Section IV our results 581

confirm that this is the case and the algorithm is robust. 582

• An alternative to solve problem (7), is to only compute 583

the line 5 of Algorithm 2 and then set y j+1 to the value 584

given by eq. (19) in Appendix B, at each iteration. This is 585

slightly faster and is what we do in our implementation. 586
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• Our proposal requires that vehicles broadcast their current587

beaconing rate and transmit power and the multiplier:588

three real numbers. They would be piggybacked in a589

beacon, which would add 12 bytes to its size, a small590

overhead.591

• The parameters γ and ε are used to tune the speed of592

convergence of the gradient descent. They should be593

as high as possible to increase speed, but below the594

bound derived in Appendix B. The bound is not tight,595

so in practice they can be higher and selected by by596

experimentation, as done in the next section. Since the597

algorithm converges, any initial λ0
v is valid.598

PRAIOS converges in general to the proximity of the optimal599

value, and, in some cases, to the optimal value, depending on600

the strict concavity of the objective function, which in turn601

depends on the value of the parameters. The convergence of602

the algorithm is shown and discussed in the Appendix.603

IV. RESULTS604

In this section we discuss the results of our proposal and605

provide a comparison with two other joint rate-power control606

algorithms, BFPC [17] and the SAE J2945/1 standard [18].607

The simulations have been implemented with the OMNET++608

6.0 simulator [34], and the INET 4.3.7 library [35] which609

implements the IEEE 802.11p standard. This library also610

implements a realistic propagation and interference model for611

computing the Signal to Interference-plus-Noise Ratio (SINR)612

and determining the packet reception probabilities, considering613

also capture effect. We set a data rate of 6 Mbps and assume614

an equal beacon size of 500 bytes. This results in a total615

message size of 537 bytes, including MAC and physical616

headers. Because the physical-layer trailer duration depends617

on the payload size via the padding, the resulting packet618

duration is 752 μs, according to [2], and thus, the total channel619

capacity is 1329.8 beacons per second. Finally, we are going620

to focus on the α = 2 case. Although PRAIOS allows to621

use different fairness parameters, the bound for the gradient622

step, γ , derived in Appendix B depends exponentially on the623

fairness parameter, which means that using a high value is624

detrimental to the convergence speed. In the following results625

we show that PRAIOS converges quickly with α = 2 but that626

might no be the case for higher values. In addition, we prefer627

not clutter the results with additional figures. So, we leave628

as future work a more detailed study on the influence of629

the fairness parameter and the difference in the outcomes it630

produces.631

The simulation parameters that are common to the simula-632

tions studies in this and the following sections are summarized633

in Table I. To encourage reproducibility, the implementation634

of the algorithms and the rest of the code used for the paper635

are freely available in our public repository1 and any other636

parameter value can be checked there.637

A. Validation638

In this section we test the validity of our algorithm and639

assumptions, in a static scenario where vehicles do not move640

1https://gitlab.com/esteban.egea/praios

TABLE I

COMMON PARAMETERS FOR SIMULATIONS

which allows us an accurate control of the vehicle inter- 641

actions. We first simulate a linear network with 286 equi- 642

spaced vehicles at 10 m from each other. The MBL has 643

been limited to get an average CC BT = 0.4, or equivalently, 644

C = 531.91 beacon/s. With SAE a strict MBL constraint 645

cannot be set, therefore we have set the parameters vMax- 646

ChanUtil = 0.4 and vMinChanUtil = 0.3 to keep the CBT 647

in the 0.3–0.4 range. In addition we have set the parameter 648

vPERRange = 250 to adjust it to our do = 250 m. 649

For CBFP we have tried several combinations of its para- 650

meters and we have finally set the parameters to w = 650, 651

u = 20, c = 1. Simulations are run for 100 s. CBT measure- 652

ments and algorithm steps are executed every Tm = 100 ms, 653

so 1000 steps of the algorithms are computed. In addition to 654

the algorithms, the exact optimal values have been computed 655

with the CVX numerical solver in Python, CVXPY [36]. All 656

simulations have been replicated 5 times and 95% confidence 657

intervals are computed and shown as shaded bands in the plots. 658

In Fig. 1(a) we show the per vehicle allocated rate and 659

power respectively. In Fig. 1(a) we also plot the effective 660

beaconing rate at do per vehicle, that is rv Pr (do, pv ), which 661

is the desired awareness, that is, our utility. As can be 662

seen, the shapes of the rate and power allocations from 663

PRAIOS differ from the optimal ones computed by CVX, 664

but the effective beaconing rate of PRAIOS is very close 665

to the optimal one from CVX. It means that the particular 666

combination of allocated power and rate from PRAIOS is 667

able to achieve a very similar total utility. In fact, if we 668

compute the value of the utility function of the PRAIOS 669

allocation,
∑

v Uv (rv Pv (do, pv ) = 49.89, the ratio of this 670

value to the exact optimal one computed by CVX is just 671

1.0065. As an additional check, the bound M2
Gγ /2 for the 672

utility value computed in Appendix B for this case is 2.037 673

and the difference of the utility values is 0.32, which is well 674

within the bound. BFPC allocates very high rates but reduces 675

considerably the power, whereas SAE allocates lower powers 676

and rates than PRAIOS. The effective rate for BFPC is higher 677

than PRAIOS but the MBL constraint is not met by BFPC 678

as seen in Fig. 1(b), whereas SAE results in a CBT 20% 679

lower than the target MBL, so channel is underutilized, and 680

the effective rate is also lower than PRAIOS. 681
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Fig. 1. Simulation results for the static scenario after 100 s. Shaded bands show 95% confidence intervals. (a) Top: Beaconing rate and effective rate at
250 m. Bottom: Transmit power. (b) Top: Average CBT normalized to a MBL CC BT = 0.4. Bottom: Average PDR at 250 m.

In fact, if we examine the average CBT in Fig. 1(b) we682

can see one of the problems of both BFCP and SAE: that the683

MBL and other constraints cannot be precisely set. SAE allows684

to set a range of values for the MBL and it actually keeps685

the CBT around 0.32, that is, inside the allowed range. With686

BFPC the problem is more acute, since different parameter687

combinations result in different average CBT and there is no688

clear indication of how to select them [17]. For instance, if we689

set c = 3 keeping the rest of parameters equal we obtain690

an average CBT of 0.3, similar to SAE. We show here a691

combination that only exceeds 10% the MBL. In comparison,692

PRAIOS allows to set a precise MBL constraint, which is693

met, as shown in Fig. 1(b). Actually these results show that694

PRAIOS provide the best effective beaconing rate that is able695

to meet the MBL constraint, as designed.696

If we look at the average PDR at 250 m shown in Fig. 1(b),697

PRAIOS clearly outperforms the other proposals. The allo-698

cated rates by all the algorithms are quite stable as indicated by699

the indistinguishable confidence interval bands in Fig. 1, while700

there is more variability in the allocated power per replication701

in general. This explains in part the variability in the PDR702

figure. But BFPC shows a very high variability of PDR,703

not corresponding to the moderate variability of its allocated704

power. In fact, it may seem contradictory that the effective rate705

of BFPC is higher while its PDR may be low. But it is not,706

because the effective rate (or the inverse of the average IRT)707

and the PDR give different results. To see this, notice that the708

average PDR at a target distance can be computed as follows:709

given an ego vehicle e, a set of N(d) neighbor vehicles whose710

distances to e are less or equal than d , and assuming that the711

probability of successful beacon reception is independent for712

each neighbor, the expected PDR for a transmission for e at713

distance d is given by714

E[PDR(d)] = E[
∑

i si

N(d)
] =

∑
i Pr (dei , p)

N(d)
= P̃ (13)715

where each si is an independent Bernouilli r.v. with probability716

of success given by the corresponding Pr (dei , p) from eq. (1),717

and the sum in (13) goes over all vehicles in N(d). The 718

expected value of the sum is just the sum of the expected 719

values of the Bernouilli r.v. Then the expected value of the 720

PDR when r beacons are transmitted in a second is given by 721

1
r

∑r
j=1 P̃j ≈ P̃ , if we assume that the relative distances do 722

not change much in a second and so the P̃j are approximately 723

equal. We see that the PDR does not depend on the beaconing 724

rate but only on the power via Pr . This is of course a 725

very simplified analysis valid only in absence on interference. 726

A more accurate model is Pr = Pr (dei , pt)(1 − Pc(e, j)) + 727

(1− Pi(i, j))Pc(e, j), where Pi is the interference probability 728

given, for instance, by eq. (17) in [21] and Pc is a probability 729

of collision that has to be computed and depends in general 730

on the MAC and load, that is, on the beaconing rate. 731

Therefore, the main reason for the poor PDR of BFPC is the 732

low power allocated, which results in a low Pr , combined with 733

a high beaconing rate that increases the collisions and interfer- 734

ence. The effective beaconing rate, r Pr may be high because 735

of a high beaconing rate, while the PDR is low because of a 736

low power, as illustrated in the following example. Consider 737

a vehicle with a single neighbor at a target distance for 738

which the effective beaconing rate is r Pr = 5 beacon/s. 739

This effective rate may be achieved in two different ways: 740

(1) with r = 5.5 beacons/s and Pr = 0.9 and (2) with 741

r = 10 beacons/s and Pr = 0.5. After two seconds, for case (1) 742

the vehicle has transmitted 10 beacons and the neighbor has 743

received on average 9 beacons, so the PDR = 9/10 = 0.9. 744

For case (2) the vehicle has transmitted 20 beacons but the 745

neighbor has received only 10 on average, so PDR = 10/20 = 746

0.5. Note that in both cases, the average IRT is actually the 747

same. 748

The conclusions of the previous discussion are general: 749

when using joint rate and power control, a combination of 750

low power and high rate is detrimental to PDR, and does not 751

necessarily decrease the average IRT. This is why we said in 752

Sect. III-B that selecting PDR or IRT as goal metrics gives 753

different results. It also suggests that setting a high minimum 754

power may be desirable for this kind of control. Unlike the 755
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Fig. 2. Simulation results for the static scenario with different value of the shape parameter (fading type). (a) Top: Beaconing rate and effective rate at
250 m. Bottom: Power. (b) Top: Average CBT normalized to a MBL CC BT = 0.4. Bottom: Time evolution of the ratio between the utility of the PRAIOS
allocation and the optimal allocation from CVX.

other proposals, PRAIOS provides the flexibility to set this756

kind of precise limits to the constraints and goals.757

B. Different Fading Types and Convergence Speed758

We have derived our algorithm under the assumption that759

the fading is of Rayleigh type, m = 1. In this subsection we760

discuss the behaviour of PRAIOS when that assumption is761

not met. We also discuss the speed of convergence of the762

algorithm.763

We simulate the scenario described in the previous section764

but changing the shape parameter to m = 3 and m = 0.5, that765

is, more moderate and stronger fading respectively. In Fig. 2766

we plot the results. Regarding the allocations, the powers are767

similar and we see in Fig. 2(a) that for moderate fading the768

effective rate is higher with lower rates because the probability769

of reception is higher at the same power. We cannot say770

whether the allocations are optimal or how close to an optimal771

allocation they are, but as we can see in Fig. 2(b) top, the772

average CBT constraint is tightly met in both cases. The key773

to obtain that behaviour is that we use the measured CBT as774

subgradient, that is, eq. (10) instead of eq. (9), so we do not775

have to use the assumptions about the m parameter that are in776

the Kiv . Thus, PRAIOS can effectively control the load when777

the fading is not Rayleigh, even if the allocation is not actually778

optimal.779

Finally, we look at the speed of convergence. In the previous780

Section we plotted the results after 100 s of simulation,781

which may raise concerns about the speed of convergence.782

But the convergence is much faster. In Fig. 2(b) bottom we783

plot the ratio of the total utility achieved by PRAIOS to the784

exact optimal utility computed by CVXPY. As can be seen,785

after around 4 s the ratio has reached 0.97, which means786

that the algorithm has practically converged. Note that the787

utility can be higher than the optimal one at the beginning,788

because the MBL constraints are not met. The power and rate789

allocations at that time are also shown in Fig. 2(a). PRAIOS790

converges quickly to a close to optimal allocation and then it 791

moves slowly to the exact optimal allocation with some small 792

oscillations due to packet losses. 793

C. Dynamic Scenario 794

In this section we examine the behavior of the algorithms 795

in a dynamic situation. We simulate a typical scenario, where 796

a road has a traffic jam in one direction with a high density 797

of vehicles, which generates high congestion levels, while on 798

the other direction there are moving vehicles in free flow 799

at high speeds. In our scenario we place 3 lanes of static 800

vehicles in one direction. At each lane, 85 vehicles are placed 801

separated by 2 m plus a random value uniformly distributed 802

between 2 and 4 m, starting at the origin, so that each row of 803

vehicles spans around 450 m. In the other direction a set of 804

50 vehicles separated with the same distribution is moving at 805

30 m/s heading to the static cluster. The moving cluster starts 806

at 930 m at t = 0. We use the parameters of Section IV-A 807

for all the algorithms, except that we set CC BT = 0.6 and, for 808

SAE J2945 we set vMaxChanUtil = 0.6 and vMinChanUtil = 809

0.3. The simulation runs for 100 s, and the moving cluster 810

passes the static cluster at time between 15 to 50 s. 811

In Fig. 3 we plot the different metrics averaged over all 812

the simulation time, showing the static and moving vehicles 813

in two different plots for each metric. The abscissa shows 814

the vehicle positions at the start of the simulation, but it is 815

understood that the coordinates in the moving cluster change 816

as vehicles move. The results show, in general, that PRAIOS 817

works properly in a dynamic scenario. The conclusions of the 818

comparison are very similar to those of the previous section. 819

In particular, we can see how PRAIOS keeps the CBT at the 820

maximum allowed, while the other proposals result in just 821

around 50% of the MBL. Again, the effective beaconing rate 822

of BFPC is above that of PRAIOS, but it reduces considerably 823

the power, which results in a worse PDR for the static cluster. 824

For the moving cluster the PDR for BFPC is slightly better 825
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Fig. 3. Simulation results for the dynamic scenario after 100 s. Shaded bands show 95% confidence intervals. Top: static cluster. Bottom: moving vehicles.
(a) Average beaconing rate and effective rate at 250 m. (b) Average transmit power. (c) Average CBT normalized to a MBL CC BT = 0.6. (d) Average PDR
at 250 m.

than PRAIOS, because it benefits from the lower power used826

by the vehicles in the static cluster, which results in lower827

interference. The higher power of PRAIOS is also the reason828

for the slightly worse PDR of vehicles in the center of the829

static cluster, as a consequence of the interference created by830

hidden node collisions.831

To achieve a better understanding of the algorithms behav-832

ior, we show in Fig. 4 the time evolution of power and rates for833

the static and moving clusters. We have plotted the results for834

all the vehicles, but keeping the same color for each algorithm.835

We can now clearly see that both SAE and BFPC have836

oscillations. For BFPC the power converges to a stable value837

but the rate keeps oscillating in the static cluster. The reason838

is not clear, it is probably due to the configuration parameters839

used. As said above, the lack of a guide to configure the840

parameters to achieve some goal is one of the main drawbacks841

of this proposal. For the moving cluster the rate oscillation842

appears only when they are passing the static cluster and then843

stabilizes. For SAE J2945, there are longer-period oscillations844

of both rate and power, which is the expected behavior of 845

this algorithm: it increases linearly the power when it is in the 846

allowed CBT range, but when it is out of range, it directly sets 847

the maximum or minimum power respectively. Those power 848

oscillations are transferred to the beaconing rate because it 849

is driven by the estimated density of vehicles, derived from 850

the number of neighbors measured. PRAIOS, on the contrary, 851

does not exhibit oscillating behavior. The powers in the static 852

cluster are kept at the maximum value, except for the periods 853

of adaptation when the moving cluster is passing or leaving 854

the static one. Rates have a slight variation over the mean 855

value (recall that all the vehicle rates are plotted with the 856

same color) depending on the position in the static cluster. 857

The figure also shows the quick convergence of PRAIOS to 858

the final value. In the moving cluster, it is interesting to note 859

that PRAIOS vehicles first reduce the power when approaching 860

the high congestion zone, then drop the rate at the level of 861

the static vehicles. When they are out of the influence of the 862

high congestion cluster, both power and rate are kept at the 863
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Fig. 4. Time evolution of the dynamic scenario. Lines for all the vehicles are shown with the same colour for each algorithm. (a) Top: Beaconing rates for
static cluster. Bottom: Power for static cluster. (b) Top: Beaconing rates for moving vehicles. Bottom: Power for moving vehicles.

maximum level, as one would expect, because the load is864

below the MBL, unlike the other proposals. In conclusion,865

PRAIOS is able to adapt the allocations to variable situations866

and quickly recover the maximum rate and power when the867

measured load is below the MBL.868

D. Flexibility for Applications869

A usual criticism to congestion control algorithms is that870

they ignore the needs of the applications and just use the871

state of the channel for congestion control [25]. We, on the872

contrary, think that our approach provides more flexibility for873

the applications to adapt the control to their needs and the874

vehicular environment than other approaches, which design875

the algorithm around some particular requirements, such as to876

minimize some tracking error metric. With PRAIOS, appli-877

cations on vehicles can set independently the maximum and878

minimum rate and power and the MBL to enforce some879

behavior, but they can also use the priority parameter, wv ,880

to induce a more subtle adaptation. Even the MBL and the881

fairness parameter, α, can be used to drive the behavior. In fact,882

in a previous work we discussed how to use the priority883

parameter to adapt the rate control to the surrounding traffic884

situation [26]. With power and rate, more possibilities are open885

for such a control, but we leave it as future work and conclude886

this section with an example that illustrates the flexibility of887

PRAIOS.888

In this scenario, we use again the configuration of the889

dynamic scenario in the previous section. The static vehicles890

are again placed in 3 parallel lanes with the same intervehicle891

distance. For the moving vehicles we set two different configu-892

rations: Cluster A comprises the first 25 moving vehicles and893

cluster B the remaining 25 moving vehicles. Let us assume894

that cluster A vehicles run some particular application, such895

as the Longitudinal Collision Risk Warning, LCRW, defined896

by ETSI [38], which requires a latency below 300 ms and a897

communication range between 200 and 300 m. To derive a set898

of constraints from this requirements we apply eq. (2) with899

target distance do = 250 m, target probability Po = 0.95 and 900

maximum IRT Tmax = 0.3 s, or in words, that the IRT at 901

250 m has to be below 300 ms for 95% of the packets, and 902

get a number of combinations of minimum rate and power 903

that are able to achieve that level of awareness. In our case, 904

at least we have to set rmin
v = 6 beacon/s and pmin

v = 0.5 W, 905

but to account for interference for vehicles in cluster A we 906

set a slightly higher minimum rate of 7 beacon/s and power 907

of 0.6 W. For the rest of vehicles, we set minimum rates of 908

1 beacon/s and minimum power 0.1 W. For the static cluster 909

we set CC BT = 0.4, and for vehicles in A and B, CC BT = 0.6. 910

Finally, we use the priority parameter to remark how weighted 911

fairness can be achieved with PRAIOS. So we consider a 912

number of special vehicles, think of ambulances, for instance, 913

that have priority over the rest of vehicles. We set wv = 4 for 914

3 vehicles in different positions along the static cluster, for 915

the first and last vehicle in cluster A and for 2 vehicles in 916

cluster B. For the rest of vehicles the priority parameter is 1. 917

Our algorithm will assign more resources to these vehicles, 918

according to the situation, without enforcing a minimum value. 919

As an approximation to the expected results, from eq. (19) in 920

Appendix B, it follows that the ratio of rates of vehicles i 921

and j, measuring the same congested channel state, would be 922

w
1
α
i /w

1
α
j . 923

In Fig. 5 top we show the rate and effective rate when 924

moving vehicles are in the middle of passing the static cluster. 925

It clearly shows the higher rates for special vehicles in both 926

static and B clusters, due to the higher priority parameter, 927

whereas for cluster A only a slight increase in the effective rate 928

for the last vehicle. As previously mentioned, the assignment 929

actually depends on the congestion state or available resources, 930

and vehicles in less congested areas (borders) are assigned 931

higher relatives rates. For vehicles in cluster A, there is no 932

margin for it, and all of them set the minimum rate. Finally, 933

in Fig. 5 bottom we show the empirical cumulative density 934

function, CDF, for the IRT of the beacons received only 935

from vehicles in cluster A, in total more than 2 million 936
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Fig. 5. Dynamic scenario with priority and different configurations for
clusters. Top: Average beaconing rate. Bottom: Empirical CDF of the IRT
from vehicles in cluster B.

samples for the simulation time. As can be seen 95% of937

the samples are below 300 ms, and in fact, 82% of the938

samples are below 146 ms. And again the measured CBT,939

not shown, is very close to the MBL. In this case, since940

there are many more vehicles in the static cluster, the CBT941

is 0.4. In conclusion, PRAIOS parameters can be dynamically942

and independently set by applications to achieve particular943

requirements. If multiple applications running on a vehicle944

demand different requirements, some manager module needs945

to decide the more stringent to set the parameters.946

V. CONCLUSION947

In this paper we propose a distributed algorithm for optimal948

joint adaptation of rate and power for congestion and aware-949

ness control in vehicular networks. Our approach is based950

on a NUM formulation of the congestion control problem,951

which allows us to induce a desired fairness notion and set952

different priorities for vehicles. Our goal is to minimize the953

average IRT as an awareness metric. We formulate the general954

problem but, since it is not convex, we assume Rayleigh955

fading and derive an algorithm, called PRAIOS, that solve the956

optimization problem in a distributed way, with convergence957

guarantees.958

We have validated our proposal with realistic simulations959

in both static and dynamic scenarios and compared its per-960

formance with other similar proposals. Our results show that961

PRAIOS quickly converges to close to optimal allocations,962

while keeping the MBL at the desired level. Unlike the other963

proposals, PRAIOS provides the flexibility to set precise limits964

to the constraints and goals, which are enforced by the algo-965

rithm in dynamic scenarios, without oscillations. We have also966

shown that PRAIOS can effectively control the load and keep967

it under the MBL when the fading is not Rayleigh, although in968

that case the allocation might not be optimal. Finally, we have969

exemplified how PRAIOS provide a flexible framework for970

applications which allows them to adapt the control to their971

particular needs. Applications can independently translate their972

requirements to particular constraints, that can be dynamically 973

set and enforced by the algorithm, and different priorities can 974

be assigned according to the state of the environment or the 975

characteristics of the vehicle, while meeting the channel load 976

constraints. 977

As future work, we plan to take advantage of that flexibility 978

to integrate more precisely context-dependent constraints into 979

the framework control, as we did in a previous paper, where 980

we used the computed TTC to set the priority parameter of 981

the vehicles. The combination of available parameters and the 982

possibility to seamlessly use even different utility functions 983

independently by each vehicle open the way to richer designs. 984

In that work we also plan to study the influence of the 985

fairness parameter in the outcomes of the algorithm and the 986

convergence speed. An alternative to explore is the use of 987

a linear utility function. That is, we have shown that the 988

proposed utility functions are concave when α > 1, but if 989

we set α = 1 in the utility we obtain an affine function 990

of the log-rates and the probability of reception, that can be 991

regularized to obtain a strictly concave utility. Such a control 992

would be easy to implement, should converge quickly and 993

would provide proportional fairness. We leave it as future 994

work. 995

APPENDIX 996

A. Concavity of the Objective Function 997

The concavity of the objective function of problem R − PR 998

(5), determines whether it is possible to converge to the opti- 999

mal value or just to the proximity of it. It depends on the value 1000

of the parameters, and as we discuss next, only convergence 1001

to the proximity is guaranteed in general. To establish the 1002

concavity we compute the Hessian of the objective function 1003

and its eigenvalues. It can be shown that it is a set made of 1004

(0,−(K 2
o +1)e(yv−Kohv )(1−α)(α−1)),∀v, that is, for every pair 1005

of rate and power variables, there are two eigenvalues: one is 1006

zero and the other one is negative as long as α > 1. Therefore, 1007

the objective function is concave, provided α > 1, but not 1008

strictly concave. As discussed in the next section, in this 1009

case the algorithm converges to the proximity of the optimal 1010

value. This is usually enough for practical purposes, since in 1011

a realistic environment the collection of neighbor multipliers 1012

is subjected to noisy measurements. The objective function is 1013

strictly concave for certain combinations of the parameters and 1014

variable ranges, as can be shown by computing second-order 1015

conditions, and so it is possible in theory to converge to the 1016

optimal value. But such combinations do not have a trivial 1017

form and it is not practical to use them. 1018

B. Proof of Convergence of Algorithm 1 1019

As we said previously, the objective function can be concave 1020

or strictly concave depending on the domain of the variables 1021

and the value of the parameters. We consider first the case of 1022

strict concavity. 1023

1) Strictly Concave Objective Function: An optimal solu- 1024

tion to problem R − PR (5) is obtained as long as the gradient 1025

projection of Algorithm 1 converges. And the convergence 1026

follows from the Lipschitz continuity of the gradient of the 1027

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



EGEA-LOPEZ et al.: OPTIMAL JOINT POWER AND RATE ADAPTATION FOR AWARENESS AND CONGESTION CONTROL 13

Lagrange dual function (7), ∇g(λ̄) = G(λ̄) [37, Proposition1028

3.4], given by eq. (9). Therefore we have to prove that1029

‖Ḡ(x̄) − Ḡ(ȳ)‖2 ≤ M‖x̄ − ȳ‖2 ∀x̄, ȳ ≥ 0 (14)1030

Now, given any x̄, ȳ ≥ 0, using Taylor theorem we have1031

that ‖Ḡ(x̄) − Ḡ(ȳ)‖2 ≤ ‖∇2g(z̄)‖2‖x̄ − ȳ‖2 for some z̄ =1032

t x̄+(1−t)ȳ ≥ 0, t ∈ [0, 1]. Therefore, we have to find a bound1033

for the Euclidean norm of the Hessian ‖H̄‖2 = ‖∇2g(z̄)‖2.1034

We first compute the Hessian by direct differentiation of the1035

gradient of the dual function (9), obtaining the Hessian matrix1036

H̄ , which is a V × V matrix, whose elements are1037

(H̄)i j = ∂g(λ̄)

∂λi∂λ j
=

∑
v ′

eyv′−Kiv′ hv′ (
∂yv ′

∂λ j
− Kiv ′

∂hv ′

∂λ j
) (15)1038

Now, to bound it we need the following relations. For1039

each vehicle and at each algorithm iteration, given a vector1040

of multipliers λ̄, the unique minimizers in (7), y∗
v and h∗

v ,1041

are computed from the stationarity condition of the Lagrange1042

dual (7), that is, ∇L = 0 for the Lagrangian function (6). So,1043

from (11) and (12) we get for vehicle i1044

(e(y∗
i −Koh∗

i ))1−α =
∑
v ′

λv ′e(y∗
i −Kv′i h∗

i ) (16)1045

Ko(e
(y∗

i −Koh∗
i ))1−α =

∑
v ′

λv ′ Kv ′i e
(y∗

i −Kv′ i h∗
i ) (17)1046

Grouping the above expression (16) for all the vehicles,1047

i = 1 . . . V , we form a linear system of equations for the λ̄,1048

written in matrix form as1049

B̄λ̄ = ā (18)1050

where (B̄)i j = eyi−K ji hi and ai = (eyi−Kohi )(1−α).1051

We look for an additional system involving the Hessian. For1052

this, we solve for y∗
v in (11)1053

y∗
i = 1

α
ln[ e−Koh∗

i (1−α)

∑
v ′ λv ′e−Kv′ i h∗

i
]1054

= 1

α
[−Koh∗

i (1 − α) − ln[
∑
v ′

λv ′e−Kv′i h∗
i ] (19)1055

and, since, both y∗
i and h∗

i are functions of the vector of1056

multiplers λ̄, then take the partial derivative with respect to1057

one of the multipliers using implicit differentiation to get1058

∂y∗
i

∂λ j
= 1

α

[(
Ko(α − 1) +

∑
v ′ λv ′ Kv ′i e−Kv′i h∗

i

∑
v ′ λv ′e−Kv′ i h∗

i

)∂h∗
i

∂λ j
1059

− e−K ji h∗
i∑

v ′ λv ′e−Kv′i h∗
i

]
1060

= [
Ko

∂h∗
i

∂λ j
− e−K ji h∗

i

α
∑

v ′ λv ′e−Kv′i h∗
i

]
(20)1061

where we have used the fact that
∑

v′ λv′ Kv′ i e
−Kv′ i h∗

i
∑

v′ λv′e−Kv′ i h∗
i

= Ko,1062

obtained from dividing (17) by (16).1063

Next we group the partial derivatives on the left side of (20):1064

∂y∗
i

∂λ j
− Ko

∂h∗
i

∂λ j
= − 1

α
e−K ji h∗

i∑
v′ λv′ e−Kv′ i h∗

i
(21)1065

and multiply both sides of (21) by ey∗
i and the sum in 1066

denominator of the right side to get 1067

∑
v ′ λv ′ey∗

i −Kv′i h∗
i (

∂y∗
i

∂λ j
− Kv ′i

∂h∗
i

∂λ j
) = − 1

α e−K ji h∗
i (22) 1068

again using the previous expression for Ko. 1069

Finally, we add together (22) for all the vehicles, i = 1070

1 . . . V , and get 1071

V∑
n=1

( ∑
v ′

λv ′ey∗
n−Kv′nh∗

n (
∂y∗

n

∂λ j
− Kv ′n

∂h∗
n

∂λ j
)
)

1072

= −1

α

V∑
n=1

ey∗
n−K jnh∗

n (23) 1073

Since the above expression is the inner product of the j 1074

column of the Hessian and the vector of multipliers, H̄ j
T
λ̄, 1075

we can form a system of equations for the λ̄ by grouping 1076

together all the multipliers and using the fact that the Hessian 1077

is symmetric, to obtain the following system 1078

H̄ λ̄ = d̄ (24) 1079

where di = − 1
α

∑V
n=1 ey∗

n−Kin h∗
n . 1080

Now, since λ̄ is equal for (18) and (24), we solve for λ̄ in 1081

the first one to get λ̄ = B̄−1ā, and substitute in the second 1082

one to get H̄ B̄−1ā = d̄ . Then, we multiply both sides by āT , 1083

and get H̄ B̄−1||ā||2 = d̄ āT , and then by B̄ to finally get our 1084

expression for the Hessian H̄ = 1
||ā||22

d̄ āT B̄ , so we can derive 1085

a bound for it. 1086

We use the fact that any expression e−Kx hx ≤ 1 and assume 1087

that there is a maximum allowed rate rmax for all the vehicles, 1088

specified by standards, so that any expresion eyx−Kx hx ≤ 1089

rmax . Then, using the ∞-norm for vectors and matrices, 1090

we find that ‖H̄‖∞ = 1
‖ā‖2

2
‖d̄ āT B̄‖∞ ≤ ‖d̄‖∞‖āT ‖∞‖B̄‖∞

‖ā‖2
2

≤ 1091

‖d̄‖∞‖āT ‖2‖B̄‖∞
‖ā‖2

2
≤ ‖d̄‖∞‖B̄‖∞

‖ā‖2
≤ V

α rmax V rmax
√

V (rmax )(1−α)
. 1092

Finally, we get ‖H̄‖2 ≤ √
V ‖H̄‖∞ ≤ V 2

α (rmax)α+1. 1093

Therefore, we conclude that ∇g(λ̄) is Lipschitz continuous 1094

with M = V 2

α (rmax)α+1. From this follows that Algorithm 1 1095

converges to the optimal values provided 0 < γ < 2/M . 1096

2) Concave Objective Function: In this case we have a 1097

projected subgradient algorithm, which for fixed step size 1098

γ converges to within M2
Gγ /2 of the optimal, where MG 1099

is a bound of the Euclidean norm of the subgradient, 1100

‖G(λ̄)‖2 ≤ MG . It is straightforward to obtain such a bound 1101

from the subgradient expression eq. (9), as for instance, 1102

M2
G = V (C2 + (V rmax)2). 1103
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