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Abstract — It is well–known that node cooperation can yield sig-
nificant performance gains in wireless networks. However, it is
not known a priori which nodes are able to cooperate in many
practical cases. In this paper, we address the problem of nonco-
herent distributed space–time block code (DSTBC) designed for
this scenario. We show that the proposed noncoherent DSTBCs
can guarantee a certain diversity order regardless which nodes
in the network cooperate. Neither the intended receiver nor the
cooperating nodes require channel state information.

I. INTRODUCTION

In this paper, we consider the scenario where an a priori un-
known subset of a large number of nodes cooperates. This
situation arises e.g. in fault tolerant applications, energy ef-
ficient sensor networks, and ad hoc networks [1, 2]. The lit-
erature on space–time code design for a priori unknown co-
operating nodes is surprisingly sparse. Coherent distributed
space–time filtering (DSTF) was proposed in [1]. The straight-
forward application of coherent orthogonal space–time block
codes (STBCs) designed for co–located antennas to the dis-
tributed problem is advocated in [2]. However, efficient or-
thogonal STBCs are only available for relatively small num-
bers of transmit antennas, which limits the practical applica-
bility of this approach, cf. [1]. Both DSTF and the orthogonal
STBCs in [2] require channel state information (CSI) at the re-
ceiver which makes them less attractive in a rapidly changing
fading environment.
Maximum–likelihood (ML) detection which does not assume
CSI at the receiver for distributed space–time block coding was
proposed in [3]. The source terminal transmits information to
the receiver with the assitance of an amplify–and–forward re-
lay. The quadratic form of the ML receiver in this case does
not readily lend itself to efficient implementation. However,
under quasi–static fading assumptions and the inherent orthog-
onality structure of STBCs, the likelihood function reduces to
a simple form which can be used over non–static channels as
a sub–optimal solution [3]. Recently, a demodulator with a
piecewise–linear (PL) combiner that closely approximates the
ML demodulator for cooperative diversity with noncoherent
decode–and–forward (DF) relays has been developed [4]. The
relays decode and forward the received signal to the destination
node using binary frequency–shift keying (BFSK) regardless
whether the information is decoded correctly or not. Further-
more, a closed–form expression for the uncoded BER of the
demodulator based on the PL combiner was developed which

provides a tight approximation of the performance of the non-
linear ML demodulator for all signal–to–noise ratio (SNR) re-
gions simulated.
In the proposed noncoherent distributed space–time block cod-
ing scheme, each node is assigned a unique signature vector.
The transmitted signal of an active node is the product of an
information carrying matrix, which is identical for all nodes,
and the signature vector of that node. This situation arises for
example if DF relaying with cyclic redundancy check (CRC)
coding is used and only a small fraction of nodes can success-
fully decode and relay the message. We show that existing
noncoherent STBCs [5, 6] designed for co–located antennas
are favorable choices for the information carrying matrices and
provide a numerical method for optimization of the set of node
signature vectors. If properly designed, the proposed nonco-
herent DSTBCs can guarantee a certain level of diversity re-
gardless which nodes cooperate and CSI is not required at the
receiver.
The rest of the paper is organized as follows. In Section II, the
system model is presented and the proposed noncoherent DST-
BCs are introduced. Design criteria for noncoherent DSTBCs
is given in Section III while the design of the node signature
vectors is discussed in Section IV. Section V provides some
simulation results and Section VI concludes this paper.
Notation: In this paper, bold upper case and lower case letters
denote matrices and vectors, respectively. [·]T , [·]H , [·]∗, ⊗,
E{·}, || · ||2, and | · | denote transposition, Hermitian transposi-
tion, complex conjugation, convolution, statistical expectation,
the L2–norm of a vector, and the cardinality of a set, respec-
tively. In addition, det{·} and tr{·} refer to the determinant
and the trace of a matrix, respectively, while I X denotes the
X × X identity matrix.

II. SYSTEM MODEL

In this paper, we consider a large wireless network with a set
N � {1, 2, . . . , N} of N potentially cooperating nodes. For
the considered transmission period, we further assume that only
an a priori unknown subset of nodes S ⊂ N of size NS � |S|
is active and cooperates. Each node n ∈ N is equipped with a
single antenna and a unique, unit–norm signature vector g n �
[gn[0] gn[1] . . . gn[Nc − 1]]T , ‖gn‖2

2 = 1, of length Nc. The
set of node signature vectors gn, n ∈ N , is denoted by G. The
active nodes transmit in T > Nc consecutive symbol intervals
the elements of the vector

sn[k] =
√

PSB[k]gn, n ∈ S, (1)



where k ∈ Z is the discrete time index, PS � Nc/NS is a
normalization constant and B[k] ∈ B is a (scaled) T × Nc

unitary matrix, which carries the information to be transmitted
and is identical for all nodes. PS ensures that the total transmit
power and the code B are independent of the number of ac-
tive nodes NS . The code B carries a data rate of log2(|B|)/T
bits/(channel use). Assuming a frequency–nonselective block
fading channel, perfect timing synchronization, and only one
receive antenna, the received signal is given by

r[k] =
√

PS
∑
n∈S

B[k] gnhn + n[k]

=
√

PS B[k] GS hS + n[k], (2)

where hn, n ∈ S, are the channel gains of the active nodes and
n[k] contains the additive white Gaussian noise (AWGN) sam-
ples of T consecutive symbol intervals. We assume that the hn

are independent and identically distributed (i.i.d.) zero–mean
Gaussian random variables (Rayleigh fading). The columns
of the Nc × NS matrix GS are given by the node signature
vectors gn, n ∈ S, whereas the elements of channel column
vector hS are the corresponding channel gains hn, n ∈ S. The
channel gains and the elements of the noise vector n[k] have
variances σ2

h = 1 and σ2
n = N0/Es, respectively. Here, Es

and N0 denote the average received energy per (scalar) sym-
bol interval and the power spectral density of the underlying
continuous–time noise process, respectively.
Since the node matrix GS is unknown at the receiver, it is use-
ful to express Eq. (2) as

r[k] = B[k] fS + n[k], (3)

where fS �
√

PS GShS denotes the effective channel vec-
tor. Both receiver design and DSTBC optimization will be ad-
dressed in the next section.

III. RECEIVER DESIGN AND DSTBC OPTIMIZATION

We assume that the information carrying code matrix B[k] ∈
B is a (scaled) T × Nc unitary matrix1, where T > Nc, i.e.,
BH [k]B[k] = T

Nc
INc , cf. [5]. For ML detection the probabil-

ity density function (pdf) of the effective channel vector f S has
to be characterized. Assuming the nodes are active at random,
GS is a random matrix, which is drawn from a finite set with
a certain probability. Therefore, in general, the pdf of f S is a
finite sum of Gaussian pdfs with covariance matrices GSGH

S .
Clearly, such a pdf will result in a very complex ML decision
rule and code optimization will be complicated. Therefore, we
resort to the generalized likelihood ratio test (GLRT) decision
rule [6]

B̂[k] = argmin
B[k]∈B

{
||r[k] − B[k]f̂S ||22

}
, (4)

f̂S � Nc

T
BH [k] r[k]. (5)

1The extension of our results to noncoherent DSTBCs employing non–
unitary matrices (cf. e.g. [7]) is possible, of course, but beyond the scope of
this paper.

Here, f̂S is the ML estimate for the effective channel vector
fS assuming that B[k] was transmitted. Combining Eqs. (4)
and (5) results in the GLRT decision rule

B̂[k] = argmax
B[k]∈B

{
rH [k]B[k]BH [k]r[k]

}
. (6)

Eq. (6) is identical to the ML decision rule derived in [5] for
noncoherent STBCs with co–located antennas. The decision
rule in Eq. (6) does not require knowledge about the channel
vector hS nor the node signature matrix GS . Also hS and the
set S of active nodes may change after every code word B[k].
Therefore, noncoherent DSTBCs are particularly attractive for
applications where individual nodes can reliably receive and
relay information only for a very short period of time.
We show that for high SNRs the PEP can be upper bounded
by2 [8]

Pe ≤
r(A)∏
i=1

1
λi(A)

(
α0

Es

N0

)−r(A)

, (7)

where α0 > 0 is a constant, and matrix A is defined as A �
PSB0GSGH

S BH
0 ·(B0B

H
0 −B1B

H
1 ), {B0, B1} ∈ B, B0 �=

B1. Eq. (7) shows that the diversity order d of the DSTBC is
maximized by maximizing the rank r(A). This is achieved by
ensuring that both GS and B0B

H
0 −B1B

H
1 have full rank [9].

In this case, a diversity order of d = r(A) = min{NS , Nc} is
obtained [9, p. 13]. If NS < Nc, the diversity order is limited
by the number of active nodes. In this case, DSTBC design
is complicated since the code B and the set of node signature
vectors G have to be jointly optimized. Therefore, in this paper,
NS ≥ Nc is assumed for code design. Note also that a proper
placement of a sufficiently large number of nodes can ensure
that NS ≥ Nc is valid with high probability.
The expression for the PEP in Eq. (7) suggests that we define
G � (

∏r(A)
i=1 λi(A))1/r(A) as the coding gain in analogy to

[10]. If both GS and B0B
H
0 −B1B

H
1 have full rank, respec-

tively, and NS ≥ Nc, G can be expressed as [9]

G = PS

(
GS det

{(
T

Nc

)2

INc−BH
0 B1B

H
1 B0

})1/Nc

, (8)

where we defined the node gain GS � det{GSGH
S } and ex-

ploited the fact that BH
0 B0 = T

Nc
INc . Eq. (8) shows that for

noncoherent DSTBCs the code B and the set G of node signa-
ture vectors can be optimized separately. The design of G will

be discussed in Section IV. On the other hand,
(

T
Nc

)2

INc −
BH

0 B1B
H
1 B0 should have maximum rank and the minimum

value of its determinant over all possible pairs {B 0, B1} ∈ B,
B0 �= B1, should be maximized. These are the same design
criteria as those for noncoherent STBCs optimized for Nc co–
located antennas [5]. Therefore, we can use existing noncoher-
ent STBCs [6] for B.

2Note that, in general, Eq. (7) is not the Chernoff bound but a looser upper
bound. Nevertheless, Eq. (7) is still useful for DSTBC optimization.



IV. DESIGN OF THE NODE SIGNATURE VECTOR SET G
Our analysis in Section III reveals that for high SNRs, the node
gain GS � det{GSGH

S } is relevant for optimization of G.
However, before we embark on the optimization of G, we in-
troduce the so–called distribution loss.

A. Distribution Loss

The analysis in Section III also applies to a system with N =
Nc co–located antennas, where NS = N = Nc and gn = en,
1 ≤ n ≤ N (en: column vector whose elements are all zero
except the element in position n which is equal to one). Ob-
viously, for co–located antennas GS = 1 results. The coding
gain in Eq. (8) shows that for high SNRs and a given set S,
NS ≥ Nc, of active nodes the distributed implementation en-
tails a performance loss of

LS � 1

PSG
1/Nc

S
=

1
PSdet{GSGH

S }1/Nc
, (9)

i.e., for DSTBC with NS ≥ Nc active nodes, a 10 log10(LS)
dB higher SNR than for the corresponding STBC with Nc co–
located antennas is required. Therefore, LS will be referred
to as the distribution loss in the following. Note that LS ≥ 1
holds since det{GSGH

S }1/Nc ≤ 1
Nc

tr{GSGH
S } = 1/PS [9,

p. 477]. The performance loss of DSTBCs compared to STBCs
for co–located antennas is due to the fact that it is impossible
to find N > Nc orthogonal node signature vectors. For future
reference we define the maximum and the average distribution
loss for NS active nodes as

Lmax(NS) � max
S

|S|=NS

{LS} (10)

and

Lav(NS) � 1
K

∑
S

|S|=NS

LS , (11)

respectively. In Eq. (11), K � ( N
NS

) is the number of different
subsets S ⊂ N with NS active nodes, and it is assumed that
all nodes are active with equal probability.

B. Optimum Sets Gopt

The adopted optimization criterion is the minimization of the
maximum PEP as usual. For the optimization of G we assume
that Na ≥ Nc nodes are active.3 The design problem for the
optimum set Gopt of node signature vectors can be mathemati-
cally formulated as

Gopt = argmax
G

{
min

S
|S|=Na

{GS}
}

, (12)

subject to ||gn||22 = 1, 1 ≤ n ≤ N, (13)

3Note that Na is a design parameter which may differ from the actual num-
ber of active nodes NS , cf. Section V.

i.e., Gopt maximizes the minimum node gain GS (or equiv-
alently minimizes the maximum distribution loss Lmax(Na))
over all ( N

Na
) possible sets S. Note that Gopt is not unique as

Gopt and U GoptV
H yield the same distribution loss LS for

all S if U and V are arbitrary Nc × Nc and Na × Na unitary
matrices, respectively. Also, while the constraint in Eq. (13) is
equivalent to the convex constraint ||gn||22 ≤ 1, the cost func-
tion GS in Eq. (12) is not convex in GS . Therefore, the above
optimization problem may have local maxima. Nevertheless,
when applying the gradient algorithm given in the next subsec-
tion, we never observed any local maxima and the algorithm
always produced the same minimum value for GS regardless
which initialization was chosen. This is in accordance with
the results reported by Hassibi and Hochwald in [11], where a
similar optimization problem was considered in the context of
linear dispersion code design.
Another important practical question is how the distribution
loss LS is affected if G is optimized for |S| = Na but NS >
Na nodes are active. In this context, we first note that LS
may increase or decrease if an additional node n �∈ S becomes
active, i.e., it seems to be impossible to make a general state-
ment. Nevertheless, we observed in our simulations that for
“good” sets G (e.g. for those found by the gradient algorithm
discussed in the next subsection) the average distribution loss
Lav(NS) always decreased if more nodes became active, i.e.,
Lav(NS+1) ≤ Lav(NS) (cf. Fig. 1 and the discussions in Sec-
tion D). This suggests that it is advisable to design G always
for the minimum required number of active nodes N a = Nc

since (average) performance seems to improve if more nodes
can cooperate.

C. Gradient Sets Ggrad

In this section, we provide a gradient–based algorithm for node
signature vector optimization and the corresponding set is re-
ferred to as Ggrad. Assuming that GSGH

S is not singular, the
gradient of GS is given by [12]

∂ GS
∂ G∗

S
= det{GSGH

S }
(
GSGH

S
)−1

GS . (14)

Therefore, we propose the following algorithm for solving the
optimization problem in Eq. (13).

1. Initialization: Set iteration number i to i = 0, and gen-
erate a random initial set of complex unit norm vectors
gn[0], 1 ≤ n ≤ N .

2. Find worst set Smin[i]:

Smin[i] = argmin
S

|S|=Na

{GS [i]} (15)

3. Adaptation: XSmin[i][i] � GSmin[i][i]G
H
Smin[i][i]+βINc

GSmin[i][i + 1] = GSmin[i][i] + µ[i] det{XSmin[i][i]}
× (XSmin[i][i])−1 GSmin[i][i] (16)



4. Normalization: Replace gn[i + 1] by gn[i + 1]/
||gn[i + 1]||2, n ∈ Smin[i].

5. Termination: If |GSmin[i][i + 1] − GSmin[i−1][i]|/
|GSmin[i][i + 1]| < ε goto 6, otherwise increment i by
one and goto 2.

6. End: gn[i], 1 ≤ n ≤ N , is the desired set Ggrad.

Now, some definitions and explanations are in order. In Step
3, β is a small positive constant (e.g. β = 10−5) which en-
sures that XSmin[i][i] is not singular. This regularization of
XSmin[i][i] is useful for the first iterations and β = 0 may be
used for the last iterations. In Eq. (16), µ[i] denotes the adapta-
tion step size in iteration i. For generation of the gradient sets
Ggrad used in this paper, we adopted µ[i] = 10−2 in the first
iterations and decreased the value gradually to µ[i] = 10−5

in the final iterations. Step 4 ensures that the updated node
signature vectors have unit norm. Finally, Step 5 terminates
the algorithm if the (normalized) improvement from iteration
i to iteration i + 1 is smaller than the termination constant ε.
ε = 10−5 was used for the results shown in this paper.
As mentioned in the previous subsection, the global conver-
gence of the algorithm cannot be proved. However, the algo-
rithm always produced the same value for the minimum GS
for different random initializations [8].

D. An Example

In Fig. 1, we compare the distribution losses of a gradient set
optimized for Na = Nc = 2 using the method proposed in the
last section. Lmax(NS) and Lav(NS) are plotted against N
for different numbers of active nodes NS . For NS = 2 active
nodes, the distribution loss is zero for N = 2 since orthogonal
signature vectors exist. The distribution loss increases mono-
tonically with N because as N increases, it gets harder to find
N > Nc orthogonal signature vectors.
Also, since this set was optimized for Na = 2 active nodes, it
is not surprising that the maximum distribution loss Lmax(NS)
may increase if NS > 2 nodes become active. However, it is
interesting to note that the average distribution loss decreases
as more nodes become active. For example, for N = 50 the
average distribution loss reduces from 2.4 dB for NS = 2 to
1.5 dB and 0.5 dB for NS = 3 and NS = 5, respectively.
This suggests that the performance of the proposed noncoher-
ent DSTBCs is fairly robust with respect to the number of ac-
tive nodes, which is important in practice where the number of
active nodes may not be known.

V. SIMULATION RESULTS

In this section, we present simulation results for some specific
DSTBC designs. As performance measure we consider the av-
erage bit error rate (BER) of the network. Thereby, we assume
that all nodes are active with equal probability and the BER is
averaged with respect to both the active nodes and the fading
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Figure 1: Maximum and average distribution losses as func-
tions of the total number of nodes N for a gradient set op-
timized for Na = Nc = 2 and different numbers of active
nodes NS .

gains. A block Rayleigh fading model is assumed, cf. Section
II. The fading channel is time–invariant during the transmis-
sion of one code word (i.e., for T scalar symbol intervals) and
changes to an independent realization for transmission of the
next code word. Similarly, the set of active nodes changes after
every code word. Fig. 2 shows the performance of a noncoher-
ent DSTBC (T = 8, Nc = 2) with R = 1 bit/(channel use)
for a network with N = 50 nodes (solid lines). G was opti-
mized using the method proposed in Section IV.C. For code B
the noncoherent STBC given in [6, Section V] was used. For
comparison we also show the results for single–antenna trans-
mission (using the corresponding code given in [6, Section V])
and noncoherent space–time coding with N c = 2 co–located
antennas. Fig. 2 shows the excellent performance of the pro-
posed noncoherent DSTBCs. For NS ≥ 2 a diversity order of
d = 2 is achieved. Fig. 2 also shows that at high SNRs the per-
formance of the noncoherent DSTBC with NS = 2, NS = 3,
and NS = 5 is approximately 2.5 dB, 1.25 dB, and 0.6 dB in-
ferior to that of the STBC with co–located antennas. This is in
good agreement with the respective average distribution losses
reported in Section IV.D.
Fig. 3 shows the performance of another noncoherent DSTBC
(T = 8, Nc = 3) with R = 1 bit/(channel use) for a network
with N = 30 nodes (solid lines). We again use the nonco-
herent STBC given in [6, Section V] for code B and show the
results for single–antenna transmission (using the correspond-
ing code given in [6, Section V]) and noncoherent space–time
coding with Nc = 2 and Nc = 3 co–located antennas. Fig. 3
again confirms the excellent performance of the proposed non-
coherent DSTBCs and a diversity order of d = min{NS , 3} is
achieved for all cases.
Finally, we note that for both Figs. 2 and 3, the BER perfor-
mance improves when more nodes become active. This agrees



with our distribution loss analysis presented in Section IV.D
where we saw that Lav(NS) decreases with increasing NS .
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Figure 2: Average BER of a noncoherent DSTBC
vs. 10 log10(Eb/N0) for a network with N = 50 nodes and
different numbers of active nodes NS . B: Noncoherent STBC
from [6, Section V] with T = 8, Nc = 2, and rate R = 1
bit/(channel use) (solid lines). The results for the single–
antenna code also given in [6, Section V] and the noncoherent
STBC with Nc = 2 co–located antennas are also shown.

VI. CONCLUSION

In this paper, we have proposed a new class of noncoherent
DSTBCs where an a priori unknown subset of a large num-
ber of nodes cooperates. The noncoherent DSTBCs are based
on the combination of existing STBCs B originally designed
for Nc co–located transmit antennas and a set of node signa-
ture vectors G. By assuming NS ≥ Nc, we have shown that
existing noncoherent STBCs can be used for the information
carrying matrix B and we proposed an efficient gradient–based
algorithm for the optimization of the set of node signature vec-
tors G. Our scheme guarantees a diversity of d = Nc when
NS ≥ Nc is valid. Finally, we have characterized the perfor-
mance loss entailed by the distributed implementation which
allows us to compare the performance of different Gs. For an
extension to coherent and differential DSTBCs, we refer the
interested readers to [8].
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