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Abstract – One of the main features of software-deﬁned radio (SDR) is the dynamic switch from one radio access technology to another. This requires a partial or total reconﬁguration of an SDR platform, which contains a
cluster of heterogeneous processors with limited processing and dataﬂow capacities. SDR applications, modeled as dynamic acyclic graphs, require a certain amount of computing resources for real-time execution. The
allocation of these resources or, in other words, the mapping of an SDR application to an SDR platform is the
subject of this paper. In particular, given an SDR application and the remaining computing resources of an SDR
platform, the objective is to ﬁnd a mapping that meets all system constraints. In this sense, a number of simulations with two mapping algorithms and a parametric cost function, which guides the mapping, show the interrelation between platform architecture and application mapping.
Index Terms – Applications, mapping, dynamic computing resource allocation, software-deﬁned radio (SDR)

1. Introduction
Software radio, or software-deﬁned radio (SDR), is an emerging
concept that characterizes the implementation of signal processing chains in software rather than in dedicated hardware [1]–[3].
Therefore, reconﬁgurable devices, including digital signal processors (DSP’s) and ﬁeld-programmable gate arrays (FPGA’s), will
be the main processing entities of future SDR platforms. An SDR
platform stands for an SDR mobile terminal or base stations.
We introduce the term SDR application as the part of the signal processing chain of a radio transceiver that is implemented in
software. An SDR application comprises several SDR functions
that process and propagate data. An SDR function represents a
software-deﬁned signal processing block, such as a ﬁlter, a decoder, or a RAKE receiver.
Future SDR applications will be no longer speciﬁcally tailored,
but rather will have similarities with today’s massive computing
applications. Therefore we argue that general-purpose computing
methods, mapping and scheduling, in particular, should be considered in SDR contexts.
Mapping describes the assignment of software modules to hardware resources. Scheduling determines the execution intervals of
mapped software modules. The related contributions propose algorithms that jointly address the mapping and scheduling problems to minimize the overall execution time of an application [4]–
[11]. In software-deﬁned radio, however, the principal objective is
to meet all system constraints in hard-to-meet cases [12].
This paper addresses the SDR mapping problem: An SDR application, which requires a certain amount of computing resources for real-time processing, has to be mapped to an SDR platform with limited computing capacity. Appropriate software and
hardware abstractions provide the necessary information on the
required and the available computing resources. We consider time
as an implicit resource and assume that the SDR application may
be executed in a pipelined fashion; this, by and large, solves the
scheduling problem. In other words, a mapping that meets all system constraints indicates that the SDR application can be processed within its maximum allowed time frame. The grey shaded
blocks in Fig. 1 show the scope of the paper within the context of
the SDR mapping problem.
We model SDR applications as directed acyclic graphs (DAG’s)
of particular characteristics. We randomly generate a number of
such DAG’s and map them individually to several platform archi-

Fig. 1: The scope of the paper within the SDR mapping problem.

tectures. These platform architectures represent different resource
occupations of a dynamically reconﬁgurable SDR platform. We
use two simple mapping algorithms that are guided by a parametric cost function. The contribution of this paper is to show the inﬂuence of the platform architecture, the cost function parameter,
and the mapping algorithm on the application mapping.
The rest of the paper is organized as follows: In section 2 we
present the SDR system modeling. Section 3 brieﬂy describes the
mapping algorithms and introduces the cost function. In section
4 we discuss the simulation set-up, analyze the results, and derive conclusions.

2. SDR System Modeling
The SDR system modeling encompasses the modeling of SDR
platforms and applications. Our modeling accounts for the timing constraints of SDR applications and the limited computing resources of SDR platforms.
2.1 Modeling of SDR Platforms

* This work has been supported by CYCIT (Spanish National Science
Council) under grant TIC2003-08609, which is partially ﬁnanced from
the European Community through the FEDER program, the DURSI of
the Catalonian Government, and European social funds.

The computing resources in of an SDR platform are the processing powers of N heterogeneous processors and the available bandwidths between them. N may be as small as 1–3 for a single-user
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mobile terminal and as large as 10–20 for a multi-user base station. A processor represents an SDR-speciﬁc processing device,
such as a DSP or an FPGA. The processing powers in MOPS
(Million Operations Per Second) of processors P1 to PN are resumed in
C = (C1, C2, ..., CN) [MOPS].

(1)

The available bandwidth in MBPS (Mega-Bits Per Second) between Pi and Pj is Bij (i, j ∈ 1, 2, …, N). We assume a shared memory (of unlimited capacity) for processor-internal communication.
Matrix B can then be written as
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Without loss of generality, we label processors in order of descending processing capacities; that is, C1 ≥ C2 ≥ ... ≥ CN. Furthermore, if Ci = Cj and i < j, then
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2.2 Modeling of SDR Applications
We model an SDR application as a cluster of M SDR functions f1,
f2, …, fM, where M may be in the order of tens. Any SDR function
fi (i ∈ 1, 2, ..., M) belongs to a chain of at least two SDR functions. Directed acyclic graphs (DAG’s) model these SDR function
chains, where a node in a DAG stands for an SDR function and an
arc for a non-zero bandwidth requirement. SDR functions are logically numbered: if fi sends data to fj, than i < j [13].
The modeling of an SDR application features
c = (c1, c2, ..., cM) [MOPS],
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the mapping of fi to processor Pk (k ∈ 1, 2, …, N) to one of the N
mapping combinations of size (i–1).
After ﬁnishing the processing of SDR function fM, the algorithm
chooses the mapping combination of minimum cost. This combination represents the mapping proposal due to the particular problem and cost function. The t-mapping’s computing complexity is
of order M·N 2.
The greedy or g-mapping is a simpliﬁcation of the t-mapping. It
maps one process at a time to the processor that is associated with
the minimum accumulated cost due to some cost function. That
is, the algorithm maps fi (i ∈ 1, 2, …, M) to either P1, P2, …, or
PN and adds it to the mapping combination of size (i–1). Its complexity order is M·N.
3.2 Cost Function
The purpose of the cost function is to guide the mapping process so that the mapping proposal meets all system constraints.
Hence, the cost function has to manage the limited computing resources of an SDR platform. In [12] we introduced a cost function that seems suitable for this purpose. Parameter q extends this
cost function to
cost(k, i) = q · costcomp(k, i) + (1–q) · costcomm(k, i).

The term cost(k,i) represents the cost of mapping fi to Pk (i ∈ 1, 2,
…, M; k ∈ 1, 2, .., N) and is for i > 1 a function of the corresponding previous mapping decisions. The computation cost costcomp(k,i)
is obtained as the quotient between the required processing power ci of SDR function fi and the remaining processing capacity of
processor Pk. The sum of up to (i–1) quotients between the required bandwidths (for the data transfers between f1 and fi, f2 and fi,
…, and fi–1 and fi) and the corresponding currently available bandwidths deﬁnes the communication cost costcomm(k,i).
Throughout the mapping process the algorithm dynamically
updates the remaining processing and bandwidth capacities. This
way the algorithm recognizes and discards any infeasible allocation, an allocation that reserves more than 100% of any computing resource.
The weight q in (6) may take any real value in [0...1] and speciﬁes the relative importance of the computation cost in respect to
the communication cost.

which speciﬁes the bandwidth requirements.

3. Mapping
M SDR functions can be mapped to N processors in N M different ways. The problem of ﬁnding an optimal solution is NP hard
in general [5]. Therefore, the applied mapping algorithm must be
efﬁcient in terms of computing time and mapping results. Here
we consider the ordered version of the t-mapping [12] and the
corresponding greedy approach. The two dynamic programming
approaches, which are apt for any cost function, are brieﬂy described in 3.1. A cost function proposal follows thereafter.
3.1 Mapping algorithms
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The t-mapping systematically maps one process at a time, starting
with f1 and ﬁnishing with fM, to each one of the N processors. The
decisions are taken as a function of the accumulated mapping cost
due to some cost function. These decisions discard mapping combinations to such a degree that before addressing SDR function fi
(i ∈ 2, 3, …, M), N (partly) different mapping combinations of the
ﬁrst (i–1) SDR functions are available. The algorithm then adds

(6)

Fig. 2: SDR platform architectures I – IX.
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4. Simulations
4.1 SDR Platforms
A future SDR platform will be subject to the dynamic reconﬁguration of its functionality [1]–[3]. In other words, the available resources of an SDR platform will be partially or totally de- and reallocated in a dynamic fashion.
We model a partially and dynamically reconﬁgurable SDR platform as a cluster of three fully interconnected processors. This
cluster is representative for an SDR mobile terminal or the minimum computing cell within an array of processors, which models an SDR base station. The partial deallocation of resources immediately before their reallocation leaves the processing platform
in one of the nine states shown in Fig. 2. An SDR platform state,
or architecture, abstracts the available computing resources of an
SDR platform at some time instance.
Homogeneous processing and bandwidth capacities characterize platform architecture I, heterogeneous processing capacities platform architecture II, heterogeneous bandwidth capacities
platform architecture III, and heterogeneous processing and bandwidth capacities platform architectures IV–IX (Fig. 2). Any platform state s (s ∈ I, II, …, IX) offers a total processing capacity
of 9000 MOPS and a total inter-processor bandwidth of 12 000
MBPS.
4.2 SDR Applications
In order to avoid a particular implementation and to provide statistically representative results, we generate 10 million random
DAG’s with the following parameters:
–
–
–
–

M = 25,
con = 0.2,
ci uniformly distributed in [1, 2, ..., 500] MOPS,
bij uniformly distributed in [1, 2, ..., 500] MBPS.

Parameter con indicates the probability of drawing an arc between
fi and fj (i < j); no arc between fi and fj means bij = 0. Any of the random DAG’s consists of one or several components. (A component
is a connected subgraph [13]). Several components stand for parallel function chains. A two-component DAG, for example, perfectly models an SDR transceiver with one function chain for the
transmit and one for the receive path.
A random DAG requires 6262.5 MOPS in the mean, which is
70% of a platform’s remaining computing capacity. The probabilities that the compound processing requirement of an SDR application be larger than 4500 MOPS and 9000 MOPS are 0.99 and
5·10-5, respectively.
The total bandwidth demand of a random DAG is [con · (M 2 –
M)/2] · (500 MBPS + 1 MBPS)/2 = 15 030 MBPS in the mean.
93.6% of the DAG’s require more bandwidth than the 12 000
MBPS that are available for inter-processor data ﬂow. This can
be solved by mapping (highly) communicating SDR functions to
the same processor.

Fig. 3: g-mapping results for platform architectures I – IX.

Platform state I works well because the components of the SDR
application can be well distributed between the homogeneous
processing and link capacities. State III lacks the homogeneous
communication network and complicates such a distribution.
Most of the processing load is likely to be distributed between
P1(s) and P2(s) (s ∈ II, IV, V, …, IX). States IV and VII are favorable, because B12(IV) = B21(IV) = B12(VII) = B21(VII) = 3000 MBPS,

4.3 Results and Discussion
For each q ∈ 0, 0.05, 0.1, …, 1, the two mapping algorithms
individually compute the mapping of a DAG to any SDR platform architecture. Figs. 3 and 4 show the percentage of unfeasibly
mapped DAG’s as a function of the platform architecture and the
cost function parameter.
First of all we notice the interrelation between the number of infeasible allocations and the platform architecture: The minimum
number of infeasible allocations is achieved for platform states I
and IV, the maximum number of infeasible allocations for VI and
VIII. We explain this using the notations Pk(s) and Bij(s), where s
identiﬁes the platform state.

Fig. 4: t-mapping results for platform architectures I – IX.
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range is a function of the platform architecture. In this scenario
however, q = 0.6 works for any of the nine platform architectures
with any of the two mapping algorithms. Hence, the importance
of adjusting q to its optimal value is not that critical here; the mapping algorithm and, moreover, the platform architecture condition
the application mapping (Figs. 3 and 4). Nevertheless, qopt could
be of great importance in another scenario.
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