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~Abstract—Unlike a generic PSK/QAM detector, which may its coherent counterpart. Moreover, it was discovered djoBe
visit a constellation diagram only once, a depth-first Sphere and Nelin [7] in 1962 that an irreducible error floor occurs
Decoder (SD) has to re-visit the same constellation diagram for DPSK, when the CDD, which was originally designed

multiple times. Therefore, in order to prevent the SD from S . 4
repeating the detection operations, the Schnorr-Euchner seah for AWGN channels, is directly employed in rapidly fluctu-

strategy of [1] may be invoked for optimizing the nodes’ search- ating fading channels. In order to mitigate this probleng th
order, where the ideal case is for the SD to visit the constellation Multiple-Symbol Differential Detection (MSDD) philosogh

nodes in a zigzag fashion. However, when the hard-decision was proposed by Divsalar and Simon [8] in 1990 for DPSK
Multiple-Symbol Differential Sphere Detection (MSDSD) of [2] invoked in AWGN channels and by Ho as well as Fung [9] in

is invoked for using multiple receive antennasNr > 1, the . . ..
Schnorr-Euchner search strategy has to visit and sort all the 1992 for Rayleigh fading channels. More explicitly, the M3D

MPSK constellation points. A similar situation is encountered €Xtends the CDD’s observation window width 8, = 2 to
for the soft-decision MSDSD of [3], when thea priori LLRs N, > 2, where a total number ofN,, — 1) data-carrying
gleaned from the channel decoder are taken into account. In symbols are jointly detected. The price paid is that the MSDD
order to tackle these open problems, in this paper, we propose complexity grows exponentially witiN,, — 1). In order to

a correlation process for the hard-decision MSDSD of [2] and . . -
a reduced-complexity design for the soft-decision MSDSD of reduce the MSDD complexity, a reduced-complexity alganith

[3], so that the Schnorr-Euchner search strategy always opts Was conceived for MSDD operating in AWGN channels by
for visiting the MPSK constellation points in a zigzag fashion. Mackenthun [10] in 1994, which may also be invoked for
Our simulation results demonstrate that a substantial complexity = slowly-fading channels exhibiting a near-constant erpelor
reduction is achieved by our reduced-complexity desigmithout 5 pinek of signal transmission. As a closely related resuil,

ggggtzwogna?g g?{;?rr]r;g n%il?\ﬂsségé%m('g}/’ uiti)ggé?d(yeodcogfggg% was demonstrated by Cavers [11] in 1991 that accurate channe

This complexity reduction is quite substantial, especially when €stimation relying on the classic Pilot Symbol Assisted Mod
the MSDSD is invoked several times during turbo detection. ulation (PSAM) may become especially challenging, when
Furthermore, in order to offer an improved solution and a the normalized Doppler frequency is increased. Therefase,
comprehensive study for the soft-decision MSDSD, we also o atractive alternative to coherent receivers, it is retiey

ropose to modify the output of the SD to harmonize its operation . . . - ) .
\‘/)vitr? the near-o;?t/imum A%prox-Log-MAP. Then the impF:)rtant important to implement MSDD in rapidly fluctuating fading

subject of coherent versus noncoherent is discussed in the cent Channels at an affordable complexity.
of coded systems, which suggests that MSDSD aided DPSK is an Another low-complexity design alternative, namely the

eminently suitable candidate for turbo detection assisted coded Decision-Feedback Differential Detection (DFDD) was erig
systems operating at high Doppler frequencies. inally proposed for AWGN channels by Leib and Pasupathy
Index Terms—Multiple-Symbol Differential Sphere Detection, [12]in 1988. Then in 1995 it was confirmed by Leib [13] that
DPSK, sphere decoding, Schnorr-Euchner search strategy, tho  the DFDD of [12] is equivalent to the MSDD of [8] operating
detection, soft-decision, coherent versus noncoherent. in decision-feedback mode. The DFDD design was further
extended to Rayleigh fading channels by Schabei. [14] in
I. INTRODUCTION 1999. However, the DFDD inevitably imposes a performance
HE history of Differential Phase Shift Keying (DPSK)|OSS dge to its inherent error-propagation problem. In orde
dates back to Lawton’s classic work [4], [5] in 195910 retalr_l the optlmum_ MSDD performance, the state-of-the-
1960, where the effect of false carrier-phase locking ig-mi@"t Multiple-Symbol Differential Sphere Detection (MSDSD
gated by the low-complexity Conventional Differential bet Was Proposed by Lampet al. [2] in 2005, where the MSDD

tion (CDD). More explicitly, the DPSK transmitter modulate 'S facilitated by invoking the Sphere Decoder (SD) [15].
the data-carrying symbols onto the phase changes betwE&hnermore, inspired by the revolutionary Turbo Code (TC)
consecutive transmitted symbols, so that the CDD may recof@ncept [16] and. the generalization of th? turbo principle
the source information by observing the phase change bl:_'twnlejen’_the soft-o_IeC|S|on MSDSD was conceived for D_PSK by
every pair of consecutive received samples. However, it wh&uli € al. [3] in 2006, so that the MSDSD may be invoked
demonstrated by Cahn [6] in 1959 that the CDD-aided DP§Rturb0 detection for the sake of approaching the full cépac

scheme suffers from a 3 dB performance penalty comparedPgiential of the DPSK systems. _
Although the MSDD complexity may be effectively reduced
The authors are with the School of Electronics and Computér Sdy the SD, it was demonstrated by Jalden and Ottersten [18]
?’C‘)‘zféog”x"zlggég’sg‘; S\g’l;%ae’l‘stso(;‘tbnsggt:lgmpton SO17 1BJ, Ukd#- jn 2005 that the SD complexity still remains an exponential
The fir;ancial s’upp’ort 6f the E.uropeén i?eséarch Council'saAded Fellow function at low SNRs. Later, Hassibi and Vikalo [19], [20]
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Fincke-Pohst enumeration strategy [21] obeyed a polyriomia Sec. Il, where the correlation operation is introducede T
function. As an alternative, Kyrillidis and Karystinos [22 soft-decision MSDSD of [3] is introduced in Sec. Ill, andthe
recently proposed a new algorithm that aimed for maximizingur reduced-complexity soft-decision MSDSD is proposed in
the Rayleigh quotient of PSK sequence detection in 2018ec. IV. Furthermore, the near-optimum Approx-Log-MAP
where the complexity was a fixed polynomial function affor the soft-decision MSDSD is proposed in Sec. V. We
all SNRs. Nonetheless, further research efforts are reduimprovide simulation results in Sec. VI, where the coherent
for enhancing this algorithm [22] in soft-decision-aidedto  versus noncoherent discussion is offered, and our cowncissi
detection assisted coded systems. Therefore, in this paper are given in Sec. VII. Finally, in Appendix, we present the
focus our attention on the MSDSD solutions [2], [3]. classic SD aided V-BLAST employinyy/ PSK [29]-[34] in the
The classic MSDSD aided DPSK [2] was first invokedame form as the MSDSD aided DPSK, so that the proposed
for a single receive antenn@Ny = 1). Since the recent reduced-complexity Schnorr-Euchner search strategy laed t
developments in the millimeter-wave band [23], [24] fdeile Approx-Log-MAP solution may be applied to the V-BLAST
the employment of a large number of antennas, especiallgtection.
at the Base Station (BS) [25], [26], DPSK systems relying The following notations are used throughout the paper. The
on multiple receive antennad’z > 1 may be preferred. operations(-)* and (-)¥ denote the conjugate of a complex
However, when the hard-decision MSDSD of [2] is invoked fofiumber and the Hermitian transpose of a complex matrix,
Nr > 1, the Schnorr-Euchner search strategy has to visit argkpectively. The notationBi(-) and exp(-) refer to natural
sort all the MPSK constellation points. The similar situationogarithm and natural exponential functions, respecfivEhe
is encountered for the soft-decision MSDSD of [3], when theotationsp(-) and E-) denote the probability and the expec-
a priori LLRs gleaned from the channel decoder are takaation, respectively. The operation represents the Kronecker
into account. Against this background, we offer the folloi product. The notation rvéd ) forms a row vector by taking
novel contributions in this paper: the rows of matrixA one-by-one, while Toeplita) refers to
(1) We propose to introduce a low-complexity correlatiofhe symmetric Toeplitz matrix generated from the vecior
operation into the hard-decision MSDSD aided DPSkloreover, the notation®(-) and () take the real part and
scheme employing an arbitrary number of receive aife imaginary part of a complex number, respectively.
tennas, so that the SD may visit the constellation points
in a zigzag fashion, which is similar to the scenario of
Ng=1in[2]. Il. HARD-DECISIONMSDSD
(2) It was shown in [27], [28] that substantial complexity
reduction may be attained by exploring the symmetry For an M-ary DPSK scheme, the transmitter firstly maps
of the Gray-labelledV/PSK constellation. Against this BPS = log, M source bits{b;}BPS to an MPSK sym-
background, we propose a reduced-complexity Schnobel z™ = exp(j%fn), where the phasor indexn =
Euchner search strategy for the soft-decision MSDSBIn2decb; - - - bgps) is the Gray-coded indexn. Following
of [3] employing an arbitrary number of received anterthis, the differential encoding may be performed as:
nas. The proposed soft-decision MSDSD algorithm may

visit a reduced number of nodes and hence achieve a Sp = Tp_15n_1- (1)
substantial complexity reductiowithout imposing any
performance loss. For a Single-Input Multiple-Output (SIMO) system, the sigin

Moreover, in order to offer an improved solution and a conreceived by theVy receive antennas may be expressed as:
prehensive study for the soft-decision MSDSD, the follayvin
novelties are also offered in this paper: Y, =s,H, +V,, )

(3) The soft-decision MSDSD proposed in [3] invokes the
sub-optimal Max-Log-MAP algorithm, where the SDwhere the { x Ng)-element vectory’,,, H,, andV,, refer to
produces only the optimum candidate. Against this bacthe received signal vector, the Rayleigh fading vector dred t
ground, we additionally propose to modify the outpuBWGN vector which has a zero mean and a variancéVef
of the SD, where multiple candidates may be producedspectively. Furthermore, th¥,, observations of (2) may be
so that the near-optimum Approx-Log-MAP may benodelled by MSDD as [9], [35]:
implemented.

(4) Furthermore, the important subject of coherent versus Y=SH+V, (3)
noncoherent detection is discussed for coded systems.
Our simulation results suggest that compared to thghere we drop the time index, so that the matrices in (3) are
coherent)M/ PSK relying on realistic channel estimationgjven py Y = YL -, YT|T, s = diag{[sn,, - ,s1]},
the DPSK schemes employing MSDSD may be deemegl — (1T ... H?|T andV = [V% .-, VT]T. We note
as a more suitable candidate for turbo detection aidgght the matricesy, H and V are of size (N, x Ng),
coded systems operating at high Doppler frequenciesyhile S has(N,, x N,,) elements. Furthermore, since the first

The rest of this paper is organized as follows. The harttansmitted symbok; in S is a common phase rotation of

decision MSDSD of [2] is extended to the casef > 1 the following symbols{st}i\i"g, the MSDD'’s received signal
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model of (3) may be rewritten &s whereR denotes the SD’s sphere radius. The vec{¢is, , =
Y —SH+V, 4) le,H},NlN,UHYt}y:l}f)\’;’l in (9) are invariant over the vari-

- ables{s, },,, wherely, _++1,n,—v+1 refers to the element
where thev'" diagonal element ii$ is given bys, = s, - s}, taken from the(N,, — ¢ + 1)-th row and(N,, — v 4 1)-th
which leads tos; = 1 and 5, = z,_15,-1 = J],_, @+ for column of the lower triangular matrik in (8). We note that
v > 1, while the " row in H is given byH, = s;H,. the superscript for S’ in (8) is omitted in (9) for notational
The MSDD aims for maximizing the following posteriori convenience. Therefore, the MSDSD's Partial Euclidean Dis

probability: tance (PED) based on the ED of (9) may be defined as [2]:
. P (Y | SZ) p(S?) v T 2
SiY) = LA 5 .
p< | ) ZVSJ p (Y | SJ) p(SJ) ( ) dv = Z Z St Ut,T) = dv—l + Av—la (10)
=1 |[|t=1

where thea priori probability p(S?) may be assumed to

be a constant of—~— for the equiprobable candi-and the associated PED increment as:

dates{Si}iAiLN"’_l)*l. Furthermore, the conditional probabil- v 2 v—1 2
ity p (Y | S¥) in (5) may be expressed as: Ay =D 5U|| = [511Upw + 201> 5 Us)
t=1 t=1

exp {—rveo(Y) ‘Ryy - [rveo(Y)]H} (11)

p(Y|S') = NN . (6) Observe in (10) and (11) that for a specific indexall the
nfnfe det(Ryy) previously tested transmitted symbdls;}’—;' have been de-
where the equivalent signal model is given by ¢ = cided, and the current SD search may opt for the best cardidat
rveqH) - (S®1Iy,) + rveqV). As a result, the correlation for representingz,_;, which is supposed to minimiza,_;.
matrix in (6) may be formulated as: When Ny = 1 is used, it was demonstrated in [2] that the

. H L GiNH (G best phasor index is given by, _; = |p,_1], where we have

Ryy = E{[rveC(Y)] -rveC(Y)} = [(8H"cs'] ®IN1?(«7) por = M/(—5 U,,/S""51U,,). If the phase index
.. . . . .’ m,_1 was rounded down from,_1, i.e. we have the condition

More explicitly, the fa}dmg correl_atlon matrix is given Du_1—1ity_1 > 0, then the SD visits the remaining phasors
by Rpg = E { [rvedH)| ™ - rvec(H)} = Run @ INg,  in a zigzag fashion according to the stepsiaf_, = 1m,_1 +
where the fading characteristic matrix is given B, = 1, /i, 1 = my_q1 — 2, , My_1 = My_1 + 3, etc. Otherwise,
Toeplitz[po, p1,- - , pn,,—1]). According to the Clarke model the SD may visit the remaining phasors according to the steps
[36], the fading autocorrelation is given dy, = Jo(27fa -  of my,_ 1 = y_1 — 1, y_1 = My_1 + 2, My_1 = My_1 —
v)}oy s whereJy(-) is the zero-order Bessel function of thes, etc. However, for the more general case of ushg >
first kind, Wh||6fd denotes the normalized Doppler frequencyt, {{Ut,’v}%):l}zjzvgl in (11) become vectors, hence we cannot
Moreover, the AWGN correlation matrix is given vy = directly obtainp,_;. In order to mitigate this problem, we
E{[rvec(V)]H : rvedV)} = Ry, ® Iy, Where the AWGN rewrite (11) as:
characteristic matrix is simply given bRR,, = NoIy,. As MSDD MSDD |2
a result, the channel characteristic matrix in (7) is givgn b A1 = ||Av71 — -1 BT H ’ (12)
C = Ry, + R,,. The transmission matris of (3) is a where we haveAMSPD - g U, and BMSPP =

unitary matrix, hence the determinant term in (6) is a con- 23:11 57U,.,. As aresult, a simple correlation process leads

Qi qi\] VR
stant ofdet(Ryy) = {det [(S))" - det(C) - det(S")] } " = s to the following decision variable:
det(C)Mr. In summary, the MSDD that maximizes tre

posteriori probability of (5) may be formulated as: 21 = AYSPP(BYSPP)H (13)

§=arg min ||L(SH Y|,
VS

(8) which may be directly used for detecting_;. More explic-
] ) ) ] itly, the best phasor is now given b¥t,_1 = |p,—1], where
where L is a lower triangular matrix obtained from theye havep, , = M /2, 1, and the Schnorr-Euchner search

Cholesky decomposition o~ = LL"”. strategy may visit the remaining phasors in a zigzag fashion
In order to facilitate SB, the MSDD metric of (8) may be in the same way as the case &k = 1 in [2].

revised to the Euclidean Distance (ED) as:
2

Ny v
_ “ Ill. SOFT-DECISIONMSDSD
[LASHY " =S N 5UL|| <R (9) _ o 5
== According to thea posteriori probability of (5), the op-
timum Log-MAP algorithm invoked by MSDD may be ex-
Iwe note thatY = [Y%w,m ,YTIT in (3) stores the received signal pressed as [37], [38]:
vectors in a reverse order compared¥o= [Y{,---, Y |7 seenin [2], '
[3], so that the MSDSD may detect the transmitted symbols acuprib Zéi 5 P (SL|Y)
their differential encoding order of, = z,_15,—1, instead of detecting L (bk) —1n €Sy, =1 -
them backwards as, = z5,41. p ZSieS P (Si|Y)
2We note that the depth-first tree search strategy of [30] hedSchnorr- k=0 . (14)
Euchner constellation search strategy of [1] constitugedafault choice for ZS?‘eSb _ exp(d’)
the MSDSD [2], [3], which enables the MSDSD to achieve the sdatection =In k— = L,(bi) + Le(br),

capability as the MSDD. ZSieSbk:n exp(d’)
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where L, (by,), L.(bx) and L, (by) represent the posteriori

LLR and the extrinsic LLR produced by the MSDD as well as

theapriori LLR gleaned from a channel decoder, respectivel
FurthermoreS;, —; andS;,— refer to the MSDD signal set
S, when the specific bib;, is set to 1 and 0, respectively.
The probability metrig {dl}M(N“’ V=1 seen in (14) is given

by & = —|LH(S) YH + SN —DBPSE T (), where

{bk}k | ~DBPS genotes the bit- mapping corresponding to th
MSDD candidates?. The Log-MAP algorithm of (14) may be
simplied by the low-complexity Max-Log-MAP [37] as:

Ly(by) = d' — d'. (15)

max

_ max
S SieSy, —o

"E€Sp, =1
Furthermore, in order to compensate for the sub-optimu
Max-Log-MAP, the Approx-Log-MAP was introduced as [39]:

Ly(bk) = jaCsics,, _, d' —jaCsics, , 4. (16)

where jac denotes the Jacobian algorithm of (dt, d?) =
max {d',d*} + T'{|d* — d?|}, while the additional term of
I'{|d* — d?|} may take into account the difference betwegn
and d? according to a lookup table.

The Max-Log-MAP aims for finding the maximum proba-
bility metrics, which is similar to the action of hard-dedois

a) Example of Soft-Decision MSDSD Conceived for DQPSK Detection

L. (labelled with PED values)

18.4 25.331 7.28 16.211

O constellation points that are visited by the SD
e — paths that are visited by the SD
@ @ @ the SD's decision
D,®,d,--- the SD’s steps

b) Example of QPSK constellation digram visited by Soft-Decision |SD

—Sort candidates at Stép

A,%,l =10.986
Al | =13.692

10
A7

A?,;lf‘g PED increments labelled by Gray coded indices

Fig. 1. Example of soft-decision MSDSD aided DQPSK, recorate8NR=0
dB, where we havd 4 = 0.3, Ng =2 and N,, = 3.

detectors. Therefore, in order to invoke SD for the Max-Log-

MAP, the maximization of (15) has to be revised for the

sake of minimization, while the probability metrics shotlel
guaranteed to have positive values. As a result, the MSO
probability metric of (14) may be transformed into:

d= Z Z 51U,
17)

v=1
, (

where the superscriptfor d* seen in (14) is deleted for the
sake of convenience, while the poIarityd.‘ifin (14) is altered.
Furthermore, the constart, ; in (17) was formulated as
Cop = WIS, {1+ exp [La(by )]} in [3], which was
orlgmally eliminated by the the d|V|S|on of the Log-MAP
of (14). However, in order to avoid excessive calculatiams i
logarithm domain, we adopt the method in [34], [40], whict
uses a simple operation &f, ; = 3 [|La(by )| + La(bz,)]
to guarantee a non-negative ED. As a resuft the PED of sQ
decision MSDSD may be defined as [3]:

N, BPS

=2 3 [T

v=2k,=1

~ g

v o} v BPS
do= 32U -3 Z (b, La(br,) = Cag,
=2 || t=1
=dy_1+ A1,

where the PED increment is given by:

v—1 BPS
Ay_q1 = ||§:—1Uv,v+$m(z E:Ut,v)||2_ Z [g,gv La(b;;,u) — 6‘17,;

t=1 ky=1

(19)

3We note that all multiplicative factors of thexp(d?) term are elim-
inated by the division operation in (14), which include thendmi-
nator/\L vsi P (Y | 89) p(S%)] of p(S’|Y) in (5), the denominator
w det Ryy

H(N’l’_l)BpS{l +exp [La(bg)]} in the a priori probability of p(S?) =

EXP[E(N“’ l)BPSb L, (bk)}

H(Nw I)BPS{1+8XP[ k)]}

wlb=1) [37], [38].

p(b=0)

according to the LLR definition ofZL,

InZ

a) Example of Soft-Decision MSDSD Conceived for DBPSK Detection

v=1
D
O v=2
11.35 18.089 26.14
v=3

O O O O O O O
24.718 22.414 4.246 11.4227.133 26.56 6.6652 15.569

b) Example of 8PSK constellation digram visited by Soft-Decision SD
-Sort candidates at St€p

1 as a0 a7 [ar jas Jas e |

Al =3.499
AS_, =5988
A);=1135
AT, =12.786
Al =18.089
AS_, =18.289
A3 =25.568
A2 | =26.14

} (18) Fig. 2. Example of soft-decision MSDSD aided D8PSK, recorale8NR=3
dB, where we havd 4 = 0.3, Ng =2 and N,, = 3.

As introduced in [3], the Schnorr-Euchner search strategy m

search forz,_, according toA,_; of (19). However, unlike
] . the hard-decision MSDSD, the decision variable; of (13)
cannot be directly used, because thepriori information

Epfl a(bz,) —ém,;“} is not included inz,_;. As a

bk
result, t[he conventional Schnorr-Euchner search strabegy
[3] has to visit all MPSK constellation points fox, ; by

of p(Y |S?) in (6) as well as the denominator evaluating and sorting a total aff PED increment values
A,

_1 of (19).
The soft-decision MSDSD algorithm based on the PED

of (18) may now be implemented by the “MAP-MSDSD”
function in [3], which is exemplified for the cases of em-
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ploying DQPSK and D8PSK in Figs. 1 and 2, respectively. Iso that there are exactl§//4 constellation points in each
summary, the MSDSD algorithm in [3] is capable of findingjuadrant. Furthermore, the new decision variahle; seen
both the global minimumd,; 4 as well as the optimum in (21) is given by:
constellation points{ﬁv,l}vN;{l, which may be translated - MSDD /<2 MSDD H o
into the hard-bit decisions oft2/4¥} (M ~18S n order to Zo—1 = AT (BZT) T - exp (3 M) ’ (22)
produce soft-bit deCISIOHS,. the Max-Log-MAP algorithm Ofypich js rotated anti-clockwise from the correlation diasis
(15) may be completed as: variablezMSDPSD of (13) by (/M) for detectingz,_, while

—dyap +dyap, if DA =1 the constant of”,_; seen in (21) is given by:

Lyp(b) = —dyap +dyap, if BMAP =0
/ ) k La(bl) + La(bQ)

2

(20)
= ||AMSDDH2+||BMSDDH2+6[M)_1f

v—1 v—1

where dy;4p is obtained by invoking the MSDSD again,c 23’
where the search space is halved by fixihg to be the BPS (23)

flipped version of the MAP decision a = bMAP. In and we have the constatt, ,—1 = >f 2, Cor,- We note

summary, when the consecutive MSDSD windows are simp@atcv—l of (23) is invariant over all the different candidates

overlapped byNo;, = 1 observations, the MSDSD algorithm®v—1 A'[”fl(Zl)- As a result, comparing thé/ candidates
of [3] has to be invoked once first for finding the global MAPLZ " fm—o &ccording to their PED increment valugs,_, of
solutiondy; 4 » in (20), and then it is invoked for an additional(21) iS €quivalent to comparing the following equivalentiPE
(N,, — 1)log, M number of times for finding the local MAP INCTement metric over the variables_, as:

solutions dyap in (20), which may be referred to as the A, |, = —9R(z,_)R(Z,_1) — 23(Fv_1)3(Zo_1)

Repeated Tree Search (RTS). BPS
Alternatively, it's recently proposed in [33], [34] thateth SN b Lalbp) + La(b1) +La(b2)7 (24)
Single Tree Search (STS) [41] may opt to invoke the SD o Y 2

only once for obtaining all the EDs afy;4p and dasap, ) ) )

which may induce a potential performance loss. More expli¥there we have the algebraic relationshipifz; ,z,—1) =

itly, if the hypothesis bit-mapping arrangement g ap is  R(Zv—1)R(Zv—1) + I(Ty—1)SI(Zv—1).

updated and changed, all the counter-hypothesis bit-mgppi Con§|Qer|ng t_he EH%QE?K as an example, _the four
arrangements fotl,; 4 p have to be changed accordingly. A robability met”%s{Avfl m=0 "Of. (24) porfslspondllng to

a result, the previously dismissed candidates that obey §MMi14:£otate QPSK constellation poinfg™ = iﬁi )
new bit-mapping cannot be taken into account again. As3tm—0 ~ May be expressed as (25), where we associate
a remedy, the sub-optimal detector has to invoke the LLiRe real and imaginary parts of_; with L,(b2) and L, (b1)
correction method [34] for correcting the LLR results. Aggti '€SPeCtively as:

this background, the RTS is suggested in this paper. In fact;fe, — \/oR(z, ;) — Lelb2) = 4Im) — \/25(z,_ ;) — Lalbn),

the STS’s motivation of visiting a node at most once can still (26)

be accomplished by the RTS, where the previously visited\fter assigning thea priori LLRs to the appropriate parts
nodes may be labelled so that the repeated calculations nodyz,_1, the only difference between the four candidates
be avoided by reading the previously evaluated PED metric{s?l;",1 M=1=3 in (25) is the polarity oft®¢, and t!™,.

m=0

This allows us to directly obtain the minimum metric by
V. REDUCED-COMPLEXITY SOFT-DECISIONMSDSD simply evaluatingA,_; = —[tf¢,| — [t{™], and then the
It was demonstrated in Sec. Il that the convention&fnking order of the rest of the candidates may be obtained

Schnorr-Euchner search strategy utilized by the softsilati by comparing|tf¢,| and |t/ |. In more detail, if we have
MSDSD of [3] has to visit allMPSK constellation points. the condition of|tfc,| > |tI™ |, then the SD may visit the

In this section, we opt to propose a reduced-complexi L - : . : .
soft-decision MSDSD rflgorith?n, ?Nhere the Schnorr-EL?chnL maining candidates in a zigzag fashion according to st

n, wh , _ _ R Im | A . _ 4R I
search strategy may once again visit thiPSK constellation OF Sv—1 = —[t, 51| + [6,7], Apor = [£75] — [£,7] and
points in a zigzag fashion. More explicitly, the PED increme A,_1 = [t |+[t]™ |. Otherwise, the remaining steps should
A,_1 of (19) may be further extended as: be A, = [tRe | — |tIm ], Ay_y = —|tBe | + [tI™;] and

BPS A,_1 = |tEe |+ [tI™]. In summary, similar to the condition
A,y = [akse Bl (B2, La(bz,) ~ Cu f si for the hard-decision MSDSD of
v—1 = [[AyST —zu—1Byor || — Z %, La(bz,) — Cur, of sign(p,—1 — |py—1]) for the hard-decision 0

kp=1 Sec. I, the soft-decision MSDSD aided DQPSK may rely on
BPS _ the condition of sigfit¢,|—|t!™,|) for deciding the direction
% La(b1) + Lo(b — g, = v—1 g
= —2R(Ty—12v-1) — Z br, La(bz,) + (br) ) (a) Cu-1, of SD's zigzag path.
Fo=1 1) In more detail, the reduced-complexity soft-decision MS-

) DSD is summarized in the form of its pseudo-code in Ta-
where we deliberately rotate all the detect®PSK con- pje |, where the simplified Schnorr-Euchner search strategy
stellations (except for BPSK anti-clockwise by(r/M) as  specifically tailored for DBPSK and DQPSK is given by
suggested by [28], i.e. we have,_1 = z,-1 - exp (j7). Tables Il and IIl, respectively. Furthermore, Fig. 3 retgsi

4 _ _ , , the specific example of Fig. 1, where the reduced-complexity

We note that rotating the BPSK constellation anti-cloclenis (/M) lgorith f Tabl | d . ked. It b .
will only move the two BPSK constellation points from the reads to the a_gor' ms of lables [ an are Iinvoke : can be Seen _'n
imaginary axis, which is not neccessary. Fig. 3 that the proposed reduced-complexity MSDSD exhibits
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Z;—l = —\/58%(211—1) - \/ig(zﬂ—l) + %Ln(bz) = tvfl - tvmla
Ag—l - \/5%(211—1) - \/5%(271—1) - La(bQ) + M = tRel - tv 1 (25)
A, 1 = —V2R(Zo-1) + V2S(Zo-1) — La(by) + Lal)llalb2) = L+t

- 2
Aoy = V2R(Zo-1) + V2S(Zo-1) — La(b1) — La(bs) 4 Lel)FLalb2) tf?fl +thm,

Function: [{&v—1}11%, darap] = Soft-MSDSD-RO({{U¢,u }i_ } )™ - (e 1Yy {Ca w110,
(e Yooy, Nu, R2)
Requirements: Thea priori information on group indey is given by{{P?J_, = ZBPS b Lo~ b ’“}2{/04 1}71va2, where
the bits mapping is given bj[bs - - - bgpg = dechm(g)}M/4 L

1: di =0 /linitialize PED

2. 51=1 /linitialize the first transmitted symbol
3 v= /linitialize SD search index

4: (subfuncuon)nndBest-DBPSKlfmdBest DQPSK/findBest-DPSK /lfind the best candidate

5: loop

6: dy =dy—1 +Ay_1+Cp_1 /lupdate PED according to Eq. (18)
7. if dy < R?

8: Ty—1 = xMv-1 /lupdate candidate data symbol

9: Sy = Ty—18p—1- /lupdate candidate transmitted symbol
10: if v Ny

11: v=v+1 //Imove up

12: (subfunctionfindBest-DBPSK/findBest-DQPSK/findBest-DPSK

13: else

14: R% =dy, /lupdate SD radius

15: {:i,,,l}f]V;"Q = {xv,l}f]\'gz /lupdate the optimum data phasors
16: (o]

17: if v==2return [{&,— 1}v “,, R?] and exit [/lterminate SD for the case d¥,, = 2
18: v=v—1 /Imove down

19: while ny—1 == (M — 1)
20: (subfunctionfindNext-DBPSK/findNext-DQPSK/findNext-DPSK /lfind the next candidate for index
21: end if
22: else
23: do
24: if v == 2 return [{fv,l}i\g, R?] and exit [lterminate SD whemw = 2 is reached
25: v=v—1 /Imove down
26: while ny—1 == (M — 1)
27: (subfunctionfindNext-DBPSK/findNext-DQPSK/findNext-DPSK /lfind the next candidate for index
28: end if
29: end loop

TABLE |

PSEUDO-CODE FOR REDUCEBCOMPLEXITY SOFFDECISIONMSDSDAIDED DPSK.

a) Example of Reduced—Complexity Soft-Decision MSDSD Subfunction: [Co1, A0 L ny—1] =
Conceived for DQPSK Detection findBest-DBPSK({ U, }7_1, {530, {Lo " }ie1, Caw—1)
V=1 1. AMSDD — g+ 1U1, » /lupdate according to (12)
2: BMSE{D = (V=] 55U /lupdate according to (12)
3 Zy—1 = AMSDD(BMSDDYH /lupdatea ccording to (13)
oo v=2 4: Cy_q = ’ H /lupdate the constant of (23)
B0 |*+ 01 05220
v=3 5. tfe = R(z,_1)—0.5L 1!
: 6: Ay_q1 = —|tRe| /lupdate the optimum candidate
Creet the SD paths that are avoided _ _ T my_1 = (t,’}fl <0)
because of the reduced—complexity design 8 mny_1=0 /finitialize child node counter
b) Example of QPSK constellation diagram visited by Subfunction:[Ay—1,my—1,ny—1] = findNext-DBPSK(Ay—_1,my—1, )

_ ; _Decisi _ . Ny—1
ReduceE Complexity Soft Deuspn SD . 1 Apo1=—-Aypq /lthe second child node is opposite to the
v=2| (C\,_1 =8.771) -Find the best candidate at St€p optimum child node

2 2: my—1=1—my_ /[alter the optimum child node
A,,, v—1 v—1 p
01 004) e . 3. ny_1=ny,_1+1 /lupdate child node counter
o oL A=A, ;=-3208
= ? Ayt =By1 +Cyoy = 5.563 TABLE Il
v-1 —Find the next candidate at S@p PSEUDO-CODE FOR THE SUBFUNCTIONS OF THE REDUCEROMPLEXITY
5 > SOFTDECISIONMSDSDOF TABLE |, WHERE DBPSKIS EMPLOYED.
11 BB .
o ®10 A=A, =—0.502 o
A, A (condition: [£,| > [t;™]) a reduced number of visited nodes compared to the conven-
Ay = Ay +Chy = 8.269 tional MSDSD exemplified by Fig. 1.

Fig. 3. Example of soft-decision MSDSD aided DQPSK, whictresponds €t US now consider the rotated 8PSK constellation por-

to the example seen in Fig. 1, subject to the difference thatréduced- trayed by Fig. 4-b) as an example, where thé = 8
complexity algorithm of Tables | and Ill are invoked. constellation points are arranged A6/4 = 2 groups, which
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Subfunction: [Cy—1, [t |, [t1™ ], Ay—1,my—1,1y—1] = findBest-DQPSK({U¢,, }V_,, {st}t 1. {La” L k}k 1,Cav—1)
1. AMSDD — g lUv » /lupdate AMSPD according to Eq. (12)
2: B"’ISDD — (V2! 5 UL IlupdateBMSEP according to Eg. (12)
3: EMSDSD AL‘]"S[{D(BMSDD) exp (%) /lupdate decision variable of Eq. (22)
4: Cy_1= HA%EE’DHZ + ‘ 7 ‘ 4+ Capw—1 —05(L~ N + L5 12) /lupdate the constant of Eq. (23)
5. tRe —.\2R(zMEDSD) _ o505 12 lirelate L5~ "2 to real part ofzMSDSD
6: tlm = V23(zMSDSDy _ o505 ! lirelate L5~ to imag part ofz?4SDSD
70 Ayog = —the | — [timy | /lupdate the optimum PED increment
8 b =™ <0) /lupdate the optimum candidate
9. by = (tRel < 0)
10: my—1 = bin2deqb1b2) /ltranslate binary bits to decimal index
11: ny—1 =0 /finitialize child node counter
Subfunction:  [Ay_1,my—1,My—1,C0,—1] = findNext-DQPSK(|tfe |, [tI™ ]|, Ay—1,mu—1,1p—1,C0y—1)
1 ny—1=mny—1+1 /lupdate child node counter
2. switch n,_1
3 casel: bi1by = dechin(mv 1) /ltranslate decimal index to binary bits
4: cd,—1 = sign([tfe | — [tI™)]) /lupdate the condition
5: if cdy—1 ==1 Ilthe case oftfte, | > |¢Im™ |
6 Ay_1 = —|the | + |tImy | /lalter the imaginary part of the PED increment
7 my—1 = bin2deqb1b2) /lalter by in the optimum child node
8: else Ilthe case oftfe, | < |tI™ |
9: Ay_q = [tRe | —|tIm | /lalter the real part of the PED increment
10: My_1 = binZdec(blbg) Ilalter b in the optimum child node
11: end if
12: break
13: case2: Ay_1 = —Ay_1 /lalter the decision made by the previous step
14: My—1 =3 — My—_1
15: break
16: case3: b1by = dec2bin(my,—1)
17: Ay_1= |tR"1| + [tIm | /lalter the optimum child node
18: if cdy—1 == 1 my_1 _pandec(Elbz) /lalter b1 in the decision made by the previous step
19: elsem,_1 = bin2deqb1 b2) /lalter b2 in the decision made by the previous step
20: break
21: end
TABLE Il

PSEUDO-CODE FOR THE SUBFUNCTIONS OF THE REDUCEROMPLEXITY SOFFDECISIONMSDSD OF TABLE |, WHERE DQPSKIS EMPLOYED.

are Group GO of{+cos(g) £ jsin(g)} and Group G1 of 4), we may firstly assign thé/ constellation points ta\//4
{£ sm( )£ jcos(§)} Accordmgly, Eﬁelr probability metrics groups of QPSK-like constellation points that are assediat
A", M 0= of (24) may be expressed as: with the same magnitudes but different polarities, so that t

0 local minimum metric for{A." ,}-1 of (24) within each

~ ~<2
By =5 —mf, By = ) — gl
% — ) ’ (27a) group is simply given by:
A'v—l = _tRe? + tll)m?7 Av—l - tz})af({ + t{JT(ljv
A= R‘ﬂ — ¢lml _ ~Gyg Re Im
By1 = st~ homn — Lalha), T e R § jbk ) (29
A1 =1 — "1 — La(bs)
v— v v a )

Aoy = —theh 4 dIml L (bs) (27b)
gt T et el T e where the range for the group mdex is given By €
Ay =5 + 1,71 — La(bs), {0,---, M/4—1}, while the real and imaginary parts 8f_,
where the two pairs of reallimaginary terms are given i€ associated with, (b;) and L, (b1) respectively as follows:
thed — 2cos(g) - R(zp-1) — %, tim9 = 2sin(g) - qul =47 R(Zo_1) — %’ tfff =B S(5y_) — Leln),
S(z,_1) — Lol 4Bel = 9gin(Z) - R(z, ) — Lel) | I )
and tm} = 2c08(%) - $(2,_1) — La (b La(1) 1t can be seen The coordinates of the/PSK constellation points, which

in (27a) and (27b) that the only difference between thge located in the first quadrant may be denoted by

M/4—-1 g
four component probability metrics within each group is th&(A? Bq)}g:_/o . and we haved” = 249 as well as
polarity of the realfimaginary terms. As a result, the locd® = 259 in (29). As a result, the global minimum for
m|n|mum metrics of theM//4 = 2 groups may be obtained {A) }MZ3 of (24) may be simply given by:
by A” L= mlnme‘{0246} A =~ - |tlm0‘ and A, = min ZUGfp (30)
A = mingeqasn By = —|tR61\ = [ti™1] = La(bs), 9€{0,- M/4=1}

respectively, which are evaluated without invoking (24§ fayhich is obtained by visiting a reduced-subsetidf/4 con-

M = 8 times in (27). Finally, the global minimum overste|iation points that correspond to thé/4 local minima of

{AU UMZI=T of (24) may be simply obtained by comparing2g).

the two Iocal minima ag\,_; = min {ADG LA, 1} We note that the procedures conceived for obtaining the
In summary, for a generic high-ord@/PSK schemeX/ > minimum probability metric of (30) are similar to those in
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PSEUDO-CODE FOR THE SUBFUNCTIONS OF THE REDUCERZOMPLEXITY SOFFDECISIONMSDSD OF TABLE |, WHEREDPSK (M > 4) IS EMPLOYED.

our previous work designed for generic soft-decisigiPSK Schnorr-Euchner search strategy tailored ¥6PSK (M > 4)
detection in [28]. However, for the soft-decision MSDSDe thin Table V. Furthermore, when the SD re-visits a specific SD
Schnorr-Euchner search strategy also relies on the rankindex v, the “findNext-DPSK” subfunction in Table IV may
order of constellation points. Against this background, weffer the next constellation node. More explicitly, if preusly
propose to complete the Schnorr-Euchner strategy by using docal minimum from Group @ is chosen as the global
Comparison Window (CW). More explicitly, the CW is initial- candidate, i.e. previously we have,_
ized to have)M /4 local minima of (28), which correspond tothen Group G has to visit a new local candidate in a zigzag
local best candidates. Then the CW may choose the global bigshion by comparmgt
candidate which has the global minimum metric by mvokmg;w may once agam update the new g|0ba| candidate by

subfunction:  [{|¢s g [} 0T {len e T {ews_ AT fewmd )T g YT R, 1, T,
00—1,201] = findBest-DPSK({Un,u 1y, {5110t (L8 )2, T, (P2 e
1. AMSDD — g 1UU » /lupdate AMSPD accordmg to Eq. (12)
2: B""SDD i1 57Ut w) IlupdateBMSPP according to Eg. (12)
3 E,VSDSD AMSDD(BMSDD)H oxp (17%) /lupdate decision variable of Eq. (22)
4 Cyq= HA'}J"E?DH SD H +Caw_1 —05(L 4 L2710 /lupdate the constant of Eq. (23)
5. for g=0Oto (M/4 —1)
6: URPQ A% Rj(zMSDSDY _ 518712 lirelate L5~ "? to real part ofzMSDSD
7: ™9 = BY . g(zMSDSDy _ g, 5L”_1’1 lirelate L5~ ! to imag part ofg?4SDSD
8: cW_, = —|tR€9| - |t1m-"| - PI /lupdate the local minimum PED increment
9 bh=(t"<0)
10 by = (19 <0)
11: CWm" _, = bin2deq(b1b2bs - - - beps) /lwe have[bs - - - bgpg) = dec2bin(g)
12: nﬁ_l =0 /lupdate child node counter for each group
13: end for
14: [Ay_1,4] = mln({C 1}M/4 H /lthe global minimum isA, _; = CWJ_,
15: my_1 = CWmv_1 /Irecord the global optimum index
16: ny—1 =0 /lupdate global child node counter
Subfunction: [{CWJ_, },20 {cw 1}M At Y, {ed? 1}M LA 1,m1, 1, nw—1] = findNext-DPSK(
{Itfeq1|}M/4 1 {|t1mq|}M/4 1 {P? 1}2/1 4— {CWU 1}1\/1/4 1 {CWm?_, 51;1:/61717 1}M/4 1 {ed?_ 1}M/4 L
A'U 1,My—1,Ny— 1)
1: [b1---bgpg = dec2bin(m,—1) /lobtain the previously tested child node
2: g = bin2dedbs - - - bgps) /lupdate the previously tested group’s index
3: nfj 1+t /lupdate child node counter
4: switchnf_,
5: casel: ccgf1 = sign(| \ — \tImQ D /lupdate the condition of group
6: ifed? | ==1
7: CWI_, =t T 4l - pI /lalter the imaginary part of local minimum
8: CWle = bin2deq(b1 babs - - bes) /lalter by in the local optimum child node
9: else
10: A e T /lalter the real part of local minimum
11: C\ng_1 = bin2ded(b1b2bs - - - beps) /lalter by in the local optimum child node
12: end if
13: break
14:  case2: CW_, = —A,_; —2P7 | /falter the second child node
15: CWmﬂ1 = bin2deq(b1 b2b3 - - - bps) /lalter bothb; and b in the previous decision
16: break
17:  cased: CWI_, = [t T+ [t ™7 - PY_, /lalter the local optimum child node
18: if qu o, ==1 CWmU .= = bin2deq(b1 babs - - - bgps) /lalter by in the previous decision
19: eIseCWm,%l = bin2deq(b1b2bs - - - beps) /lalter by in the previous decision
20: break
21: end switch
22: Ay_1 = inf /linitialize global minimum
23: for g=0to (M/4—1)
24: fCWI_, <Ay_randn?_; <=3 /lcompare local minimums from un-full groups
25: Ay 1= CW _1 /lupdate global minimum
26: My—1 —CWmv 1
27: end if
28: end for
29 ny—1 =ny—1+1 /lupdate global child node
TABLE IV

7| and |t2"7].

(30). This is the subfunction of “findBest-DPSK” for theinvoking (30).

=A%, from (30),

Following this, the
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M- which is explicitly

exemplified by Figs. 1 and 2. There are numerous sorting
algorithms that may be suitable, such as Bubble sort, Titnhsor
Library sort [42], [43], etc., but the average number of camp
isons required by these algorithms is as highD&a/ log M ).

By contrast, the reduced-complexity MSDSD of Tables II-IV
does not require any sorting algorithms. As exemplified by
Figs. 3 and 4, the proposed Schnorr-Euchner search strategy
does not have to maintain the complete ranking order of con-
stellation points, which dispenses with a considerablebarm

of comparisons.

the PED increment value§A?" ;

a) Example of Reduced—Complexity Soft-Decision MSDSD Conceived
for DBPSK Detection
v=1
el v=2
) <)
{ T v=3
4246 11.423 i i
b) Example of 8PSK constellation diagram visited by Reduced—Complexit]
Soft-Decision SD
v=2| (C,_1 = 6.986) —Find the pgsﬁtgan&date at St@p
Group GO IIII
L 011 A 001
| Grou Gl
e potis | | [ |
o 030] e I 1'00%0 ] Comparls/' Window:
o % K o=l A 1_A,1=—3487
3 el : : —Gl -5
© o I A =14, =-0998
© @ @100 A =min (A AT} = -3.287
Ay g11 | q0nBe o A =B 00 = 3499
e ~Find the next candidate at S
Z: 1 Z;‘—I : ind the next candidate at St@p as
Group G1 Group GO _.
ow s T T
Comparison Window-
AP = Z? 1 = 4.364 (condition|tZ<Y| > |¢tIm0|)
A =R = 0998
oA, 1 = min {A,,BP 1_1} = —0.998
A=A +Cy =5.988
Fig. 4. Example of the soft-decision MSDSD aided D8PSK, which

corresponds to the example seen in Fig. 2, subject to therefiife that the
reduced-complexity algorithms of Tables | and IV are invoked.

Fig. 4 portrays the D8PSK example of Fig. 2, where the
reduced-complexity algorithms of Tables | and IV are invabke
More explicitly, it can be seen in Fig. 4 that the “findBest-
DPSK” subfunction in Table IV may firstly initialize the CW
by the M/4 = 2 local minima of (28) astol = —3.487
and AU 1 = —0.998, and then the CW invokes (30) in order

to obtain the global candidate af,_; = Af,ol = —3.487.
Moreover, when the SD re-visits index = 2 in Fig. 4,
the “findNext- DPSK” in Table IV may firstly update a new
local candldateAv 1 = 4.364 from Group GO by visiting
the QPSK-like constellation points in a zigzag fashionirejy
on the relationship between*?| and [t/™|, and then the
CW invokes (30) again in order to obtain the new global
candidate ofA,_; = Zf_ll = —0.998. As a result, the
reduced-complexity MSDSD exemplified in Fig. 4 visits a
reduced subset of the constellation points compared to the
conventional MSDSD exemplified in Fig. 2, yet the same SD
result is arrived at. (

Moreover, it is worth pointing out that the conventional
MSDSD algorithm in [3] requires the Schnorr-Euchner search
strategy to invoke a sorting algorithm, which was represgnt
by the “gsort” function on line F-6 in the pseudo-code al-
gorithm table of [3]. As a result, alM constellation points

{zm}M-! are ranked according to an ascending order of

(2)

Lp(bk) = {

V. APPROXLOG-MAP IMPLEMENTED BY MSDSD

The soft-decision MSDSD discussed in the Secs. Ill and IV
aims to implement the Max-Log-MAP of (15), which may
impose a performance loss compared to the near-optimum
Approx-Log-MAP of (16). In order to mitigate this open prob-
lem, we propose the Approx-Log-MAP solution for MSDSD

follows:

(1) Letus define the leaf nodes of a SD structure as the candi-

dates associated with the SD index N,,. For example,

the M = 4 candidates visited at the SD’s step @f in

Fig. 1-a) as well as thé/ = 8 candidates visited at step
@ in Fig. 2-a) are all leaf nodes. This leads us to the pro-
posed change of the MSDSD output scenario. When the
MSDSD algorithm is invoked for the first time, instead of
just producing the global optimund,; 4 and the MAP
hard-bit decisiongsM 47} N =VBPS 4| the PED values

of the leaf nodeqdcan = dy }vw=n, as well as all the
corresponding hard-bit decisiomékoAN}gl‘{’l)Bps may
also be recorded and produced. For example, the SD of
Fig. 1-a) may produce both the MAP solution, which is
represented by, 4p = 7.28 and {pM AP} N w=1BPS _

1010, as well as all the leaf nodes, which are repre-
sented by{dcany} = {18.4,25.331,7.28,16.211} and
pMAPYNe=DBPS _ 11000, 1001, 1010, 1011}.

For each soft-bit output, the MSDSD algorithm is in-
voked again with a fixed bib, = b4, Similarly,
whenever the SD VISItS mdex = Nw, the resultant
M leaf candldateidlg“ml\’,k } may all be recorded and
produced. For example, when the SD of Fig. 1-a) is
invoked again with a fixed bib; = 0, the resultant
SD structure is portrayed in Fig. 5, where the two
sub-groups of leaf node$25.118,35.09,18.97,14.91}
and {20 05, 24.09,46.615,35.05} may be recorded as
{dlg“Af\’,k }. We note that there may only h&//2 leaf
candidates, when the fixed b, = bM4” is at the
specific position in the range df € {(N,, — 2)BPS+

-, (Ny — 1)BPS}

1 .
3) Fmally, the Max-Log-MAP of (20) may be revised for

the Approx-Log-MAP as:
if BAP =1
if BMAP —(
(31)
We note that when the ,Sizes of the two candidate
groups{dcan} and {dc’f;Nk } are not the same, the

_TMAP
jac (—dean) —jac (—diine ),

) b =bM AP .
jac (—dgan® ) —Jac (=dcan),
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v=1 - (1) DQPSK, MSDSD (Max-Log-MAP)
—-——- (2) DQPSK, MSDSD (Approx-Log-MAP)
— (3) D16PSK, MSDSD (Max-Log-MAP)
v=2 —-—— (4) D16PSK, MSDSD (Approx-Log-MAP

Yy
AW

25.1184 18.974 2054 46.61%
35.09 1491 2409 3505

Fig. 5. Example of the soft-decision MSDSD conceived for D&PS
implementing Approx-Log-MAP, which invokes the SD seen in.Figwith
a fixed bit ofb; = 0.

0)

1)/Pr(lJb=

size of the larger group may be reduced, so that ideally
both groups disregard the same number of candidates.
Ideally, any potential deviations introduced both by the

_3TMAP
jac (—dcan) and by jac(—dlg;f\’,’“ ) operations may

be cancelled out. In practipN(IaAPthe SD’s output candi-
dates for{dcan} and {dbck;l\’,’“ } are always consti- 6 4 2 0 2 4 6

. . Le
tuted by either the SUb_grouD dif leaf candidates or Fig. 6. LLR accuracy test for DQPSK and D16PSK employing botipryx-

by the sub-group ofM//2 leaf candidates. Therefore, og-MAP and Max-Log-MAP aided Subset MSDSDV(, = 4), recorded at
for the larger-sized group, we may compare the beSNR=0dB and/s =0, where we haveVy = 2 and fg = 0.03.

leaf candidates, which are supposed to have the min-

In(Pr(Lg|b:

. : _ annel 'TC coded DPSK (Schematics Fig. 3.1 in [38])

imum PED values in each sub-groups, and then @ ding IRCC-URC coded DPSK (Schematics Fig. 5.1 in [38])

may delete the sub-groups associated with the higit-coded TR, fterations within TC decodef Rrc—_arspsp

est locally best leaf candidate’s PED value. For tf@SK iterations between TC decoder and MSDSD

example of Fig. 5, we may delete the sub-group [B{cC:URC |[Hurc-mspspiterations between URC decoder and
oded MSDSD; I1rcc—{urRCc—MSDsD} iterations between

{20.05,24.09, 46.615, 35.05}, because the local best leghpsk IRCC and the amalgamated URC-MSDSD decoder.

candidates from each sub-group have the relationshigF@ime Tength| 1 000 000 bits

20.05 > 14.91. As a result, the Approx-Log-MAP of (31) TABLE V

may be implemented for the example seen in Figs. 1-a) SYSTEM PARAMETERS

and 5 asL,(b;) = jac (—{18.4,25.331,7.28,16.211}) —

jac (—{25.118,35.09, 18.97,14.91}). .
The Approx-Log-MAP may also be straightforwardly ap-

One may argue that the SD does not visit all the MSDBjied to the reduced-complexity soft-decision MSDSD of
candidates, which means that the group sizes{@fan} Sec. IV, where the simplified Schnorr-Euchner strategy of
and {dbck;l\’,k } seen in (31) may be smaller than the groupables II-IV can be invoked for all SD indice satisfying
sizes ofS’ € S, —; andS? € S;,—, seen in (16). In other v < N,,. However, the original Schnorr-Euchner strategy of
words, ideally, the Approx-Log-MAP of (16) may include all[3] has to be invoked for the specific SD index= N,,,
the MSDD candidates, but naturally the SD may only vishiecause all the leaf nodeswat= N,, have to be recorded and
a subset of them. Nonetheless, as suggested by [39], wipgaduced for the Approx-Log-MAP.
the Approx-Log-MAP corrects the difference between two
probability metrics ofld* — d?|, only 8 values corresponding VI. PERFORMANCERESULTS
to |d' — d2\'ra'ngin.g between 0 gnd 5.0 may be taken intg Approx-Log-MAP versus Max-Log-MAP
account. This implies that large differences|@f — d?| > 5.0 . o
are inherently ignored by the Approx-Log-MAP. Therefore, w First of all, the accuracy of the extrinsic LLRs pro-
may assume that the leaf candidates ignored by the SD ed by the Approx-Log-MAP and Max-Log-MAP algo-
also be ignored by the Approx-Log-MAP, so that no extrgnms are tested as portrayed in Fig. 6, where the two

complexity is imposed on the SD by our proposed Approx-2FS {P(Le[b)}o=(0,1) may be obtained by estimating the
Log-?/IAPy P y Prop PP histograms ofL., with the source bits being = {0, 1}. If
: . . the LLR definition of L, = In 2E<l"=1) js statistically true,
We note that for a better implementation, Step (2) ma% . P(Leb=0) : :
be executed for all BRSV, — 1) fixed bits {by — © en the_ LLRs accuracy test is supposed to result in a didgona
v ine in Fig. 6. However, the LLRs of the Max-Log-MAP suffer

= _ |
pMAPYBPING =) hefore proceeding to Step (3), so that al - o oh Naly i
the leaf nodes visited by the repeated SD searches maylirlﬁm a noticeable deviation, which is effectively improvig

o . . 3 proposed Approx-Log-MAP, as evidenced by Fig. 6
utilized in Stefc,sg);bﬁfpa resulfdoan} in g?%?vﬂ,‘%pbe It is worthy to note that the so-called Subset MSDSD
replaced by{d¢,y ™ }, and then both{d,y "} is employed throughout this section. More explicitly, it va
and {d(gff\’,"' } in (31) may include all the leaf nodesdiscovered in [44] that the symbols at the middle of the
obtained from Steps (1) and (2) corresponding to the speciitSDSD window may be more reliably detected than those
bit b, beingbMAF and b} AP, respectively. at its edges. Therefore, the Subset MSDSD overlaps the
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~ - IR7c=4, IRrc.muspso=4 (Approx-Log-MAP) real-valued mul-| real-valued comparisons$ visited
== IR1c=4, IRrc.vspso=4 (Max-Log-MAP) tiplications additions nodes
sortDelta 4N, 4N, Mlog M) M
~#- IRyrc-msps5=2, IRrce-urc-mMspspy=90 (Approx-Log-MAP) ( 6]\;3:)M + [ QJ\iv)M + | OMlog
—— IRyrc-msps5=2, IRrce-{urc-mspspy=50 (Max-Log-MAP) findBest-DBPSK [INpv + 8NR 4NRUI+ NG 5 i
el I R B R B r findNext-DBPSK [0 2 ' 0 1
‘“&3 findBest-DOPSK UNrv+8Nr+ ANpvI4ANg+ | 4 i
10" |- 7 6
= ° findNext-DQPSK [< 1 <4 <3 1
Ll \DQPSK findBestDPSK  dNpv+8Ng+ WNpv+iNgp+ | 5M/4 M4
o 05 M +4 3M/2 + 2
w 5 D16PS findNext-DPSK__|<3 <7 <M2+2 |1
w0 12 TABLE VI
o] COMPLEXITY OF SOFFDECISIONMSDSD SUBFUNCTIONS
10t &
[©]
By i
10-5 L % L L [ N B MSDSD
05 10 25 3.0 . 40 45 50 55 S
Ey/No(dB) &~ MSDSD’s lower bound
Fig. 7. BER performance of TC/IRCC-URC coded DPSK employings@ti —@- Reduced-complexity MSDSD
MSDSD (N, = 4), where we havéVy = 2 and f; = 0.03. - ~@- Reduced-complexity MSDSD's lower bound
5 e QT T T
. ) . ] 2 1400 14=0 — 1400 Ep/Ny=0 dB-
consecutive detection windows by, = 3 observations, so S L 1 L

[N

N

o

S
T

that the(Nor — 1 = 2) symbols detected at the edges may beg 1200 - 7
discarded. The BER performance of Fig. 7 further confirm% 1000 - |
the advantage of the proposed Approx-Log-MAP algorithm i@ L 1
both TC coded and IRCC-URC coded DPSK systems, whee 800 - N

=

o

o

o
T

complexity (real-valued multiplication

the simulation parameters are summarized in Table V. S ool |
. _ ) 100 08QO0000005TTTEK
B. Complexity Reduction 2
To elaborate, the asymptotic complexity analysis of MSDS@ 200
was presented in [45] following the same guideline as the o 3 6 9 12 15 00 02 04 06 08 10
SD aided BLAST of [18], which was only feasible when Ee/No (dB) la
invoking the sub-optimal Fincke-Pohst strategy of [21]. By @ £v/No =0~ 15dB B) Ia=0~1

contrast, in this work, we focus our attention on the comipjex Eig- 8. hCOfnP'exit){ (nlfnl\}lkjsetf) SOEf) r?al-\{éﬂuedfr{\gl]lltiplicationz)nwrison

. . . etween the conventional agorlt m O associatd w =4
reduction a.Chleve_d for the optimal SChnorr'.EUChner Sgwt_eand the reduced-complexity MSDSD algorithm of Tables | amhdail coded
of [1]. Against this background, the detection complesitieDQPSK, where we havay; = 2 and f; = 0.03.

of the soft-decision MSDSD subfunctions are summarized

in Table VP, where “sortDelta” refers to the conventional = MSDSD (Approx-Log-MAP)

Schnorr-Euchner search strategy in [3], while the rest ef th -5 MSDSD (Max-Log-MAP)

proposed subfunctions are given by Tables II-IV. It can be —#— Reduced-complexity MSDSD (Approx-Log-MAR)

seen in Table VI that the proposed Schnorr-Euchner seagh ~~ Reduced-complexitgMSDSD (Max-Log-MAP)

strategy visits a reduced number of nodes, which results inga 5

reduced complexity in all categories. o 1000 T 21800 ]
The complexity of the conventional MSDSD algorithm ang  °%° J 5 600" /i

that of the proposed MSDSD algorithm conceived for codgdl 8% P ] 8 1400 - =

DQPSK are compared in Fig. 8 in terms of the total numbé&r 700 i1 £ Lol .

of real-valued multiplications. It is confirmed by Figs. B(ag 600 ’_Q% g 1000 - 52;/

and 8(b) that the complexities of the MSDSD algorithms m@ 500 . § L i

converge to their lower bounds, & /N, and/orl, increase. g a0 :;0/ E 800 7

Fig. 8 demonstrates that the proposed MSDSD of Table | sup- 5, 7 g e ]

stantially reduces the complexity of the conventional MSDS% 200 [f B Li, 400 \88.7%
5We note that the choice oNoy is independent ofN,,, and it was %_ 100 7] i:j_ 200 - ]

demonstrated in [44] that increasin§o beyond three does not provide £ o L B IS o T A T

any further advantage. 8 3 4 5 6 8 2 4 8 16
SWe note that unneccessary calculations are eliminated fbteT¥I. Ny, M

For example, botH{0.5L% 1!}y, and {0.5L2"*?}y, may be calculated (@) N = {3,4,5,6} (b) M = {2,4,8,16}

before invoking the MSDSD’s subfunctions. Furthermore, thection of . . . . .

[b1---bgpg = dec2bin(m) may be implemented by a pre-stored IookuH:'g- 9. _ Complexny-Red_uctlon Ratio (CRR) achieved by theursdi-
table for bit-mapping, while its inverse function = bin2dedb; - - - bgps) = complexity M_SDSD algorithm of Table | compared to the conveamai
by 2BPSLy by 9BPS24 . 4 hone 1.2 1 bgps may require a total number MSDSD algorithm of [3] recorded ak,/No = 0 dB andI4 = 1, where

of (BPS — 1) multiplications as well asBPS — 1) additions. we haveNp = 2 and fg = 0.03.
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in [3]. The Complexity-Reduction Ratios (CRRs) achieved by —— Coherent QPSK, PSAM (N=22,Noy=30), {=0.001
our reduced-complexity design are further presented inig - 'l'OCOhere”tQPSK’ PSAM (=12.Now=12), fd:0'03_>
We note that for the conventional MSDSD, the Approx-Log-
MAP and the Max-Log-MAP impose the same number of real- 8
valued multiplications. By contrast, for the proposed MEDS 6
the Approx-Log-MAP has to invoke the conventional Schnorr-
Euchner strategy for the specific SD index= N,,, which
results in a higher number of multiplications than the Max-
Log-MAP. Nonetheless, Figs. 9(a) and 9(b) demonstrate that
substantial complexity reductions of up ORR = 48.0%
and CRR = 52.2% are achieved by the Subset MSDSD
(N, = 6) aided DQPSK and by the Subset MSDSB,( = 4)
aided D16PSK, when the Approx-Log-MAP is implemented. 6
Furthermore, even more substantial complexity reductimns 5
CRR = 66.7% and CRR = 88.7% are achieved by the
Subset MSDSD §,, = 6) aided DQPSK and by the Subset o & 6 4 2 o 2 4 6 8 10
MSDSD (V,, = 4) aided D16PSK, when the Max-Log- Le
MAP is implemented. We note that the complexity reductiorfgd: 10. LLR accuracy test for PSAM [11] aided coherent QPEiCorded
. . . ... atSNR=0dB andl4 = 0, where we havéVg = 2.

achieved by the proposed MSDSD are especially significant,
when the MSDSD s iteratively invoked several times by the IRCC-URC-QPSK: |jrc.gpsiel, hirce-urc-opsk=60
turbo detected systems. IRCC-URC-DQPSK: lrc-mspso=2, lirce-{urc-mspspy=30

Once again, we note that the proposed soft-decision MSTC-QPSK:kc=16, hc.gpsicls TC-DQPSK: {¢=4, e mspso=4
DSD algorithm presented in Tables |-V has exactly the same | -+ Coherent QPSK, PSAM (M=22, N,,=30), f=0.001
detection capability as the conventional soft-decisiorD88 —— DQPSK, Subset MSDSD (N+4), f=0.001
algorithm presented in Appendix | of [3]. We have arranged | -o-- Coherent QPSK, PSAM (N=12, Noy=12), £,=0.03
for them to decode the same channel output associated with | -=— DQPSK, Subset MSDSD (J\:4), £,=0.03

0))

=1)/Pr(Lb=

In(Pr(L¢|b

the samea priori soft input, and we found that they always 10" 11 10
produce exactly the same SD decisions.
10" | % 10' B @B
C. Coherent versus Noncoherent § ! ¥| ?ZQ d 4
| .

Last but not least, MSDSD aided DQPSK is compared” |5 d 95 b
to its PSAM aided coherent QPSK counterpart. First of ali |5 o S
Fig. 10’ demonstrates that when we hafe= 0.03, the LLRs 10° B2 H 10° % .
produced by the PSAM aided QPSK detector suffer from = N =
severe deviation from the true probabilities, which mayultes 10 g 23 ] 10° §_ i
in disproportionately high LLR values that may misinforne th © ®
channel decoder. JB L L B

Secondly, Fig. 13 demonstrates that when we hayg = W e 0 1 2 02 0 1 2
0.001, the coherent PSAM aided QPSK significantly outper- E/Ny(dB) Ey/No(dB)
forms the Subset MSDSD aided DQPSK in both our TC and (@) TC coded systems (b) IRCC-URC coded systems

IRCC-URC coded S,ySt,emS' However, when the normallzle—%. 11. BER performance comparison between TC/IRCC-URC code
Doppler frequency is increased tf; = 0.03, the PSAM psam [11] aided coherent QPSK and TC/IRCC-URC coded Sub&DHSD
aided QPSK’s performance degrades substantially, whide thided DQPSK, where the Approx-Log-MAP is invoked, whir = 2
Subset MSDSD aided DQPSK only suffers from a smadlfceive antennas are used.

BER performance degradation, which gives the noncoherent

schemes &).7 dB and al.4 dB performance advantage

over their coherent counterparts in the context of our Te€andidate for channel coded systems operating at high Boppl
and IRCC-URC coded systems, respectively, as evidencedfigguencies.

Fig. 11. Therefore, we may conclude that the DPSK schemes

employing MSDSD may be deemed to be a more suitable VIl. CONCLUSIONS

In this paper, the Schnorr-Euchner search strategy was

; - L . . _ Ch . )
When we havefs = 0.03, the PSAM's pilot spacingVps is reduced  configured to always visit thel/PSK constellation points

to 12 in order to sample the channel more frequently, while tBAN's . . . ..

observation window lengthNoyw, (number of filter coefficients) is also IN @ zigzag fashion both for the hard-decision MSDSD of

reduced to 12, due to the weak temporal correlation. Sec. Il and for the soft-decision MSDSD of Sec. IV. The
8There is no iteration between the QPSK detector and the ehaecoder complexity results of FigS. 8 and 9 demonstrated that our
in Fig. 11, because the QPSK detection does not produce amgtidn . . . .
gain [28]. Nonetheless, the coded coherent schemes andritveaoherent proposed design offers a substantial complexity reduction
counterparts have the same total number of iterations footdetection. Furthermore, the Approx-Log-MAP algorithm implemented
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by the MSDSD was proposed in Sec. V, which improved tHeED may be formulated a$, = d,.1 + A,, where the PED
Max-Log-MAP, as demonstrated by Figs. 6 and 7. Finally, oimcrementA,, may be expressed as:
comparison of the channel-coded coherent and noncoherent ~

Y, — Zi\;Tv lt,vst

schemes characterized in Figs. 10 and 11 suggested that the

2
‘ BPS

SD
DPSK schemes employing MSDSD may be deemed to belv = No Iy {bk La(bg,) - Ca’l%v]
more suitable candidates for channel coded systems amgrati ky=1
at high Doppler frequencies. B ’ESD SMESDF BPS [,57 L) =D ]
- v Cv P - ky~a\Y%k, ) T “ak,y |
ky=1

APPENDIX (36)

l'u.'v

In this section, we aim to conceive the SD aided V-BLAST } are we haveis? — VoS0t lewse and BSP —
v v

employing M/PSK [29]-[34] in the same form as the MSDSDAS a result, (36) is in the s\éﬁe form as the MS ngST PED

aided DPSK, so that the reduced-complexity SChnorr’Eucm?ﬁcrement of (19) in Sec. lll and (21) in Sec. IV. Therefolres t

search strategy proposed in Sec. IV and the Alolorox'I‘Og'M'Atjgduced-complexity Schnorr-Euchner search strategy laad t

3222;52 in Sec. V may also be applied to the V-BLAS[,,n,qed Approx-Log-MAP solution may be directly applied

Explicitly, the (1 x Nr)-element V-BLAST transmission
matrix is given by:

5™ sV [1]
S:[Slv ) SNT}:[\S/NiTa R ﬁN;:|

(32)
where theM PSK/QAM symbols are separately modulated ad?!
{s™}N7  while the factor,/ N7 normalizes the transmission
power. The signal received by thér antenna elements at the [3]
receiver may be modelled as:

[4]
Y=SH+V,

(33)
where the(1 x Np)-element vectorS and the (1 x Ng)- [
element vectolY' represent the input and output signals of theg
MIMO channels, respectively. Furthermore, th¥; x Ng)-

elementH matrix of (33) models the MIMO’s Rayleigh fading ["]
channels, while thd1l x Ng)-element AWGN vectorV of

(33) models the zero-mean Gaussian random variables wit
a common complex variance a¥,, whose PDF is given

- CstH)? [
there is a total number of/N* combinations{S® f‘igT‘l [10]

for the MIMO transmission matrixS in (33). In order to
invoke the classic SD, the V-BLAST receiver may appIYll]
QR decomposition td” [31]-[34], which results inH =
(QU)H = LQY, where the(Nr x Nr)-element matrixQ
has orthogonal column@” Q = I,., while U andL. = U
are upper- and lower- triangular matrices, respectively.aA
result, (33) may be reformulated as:

(12]

(13]

Y =YQ=SL+ VQ, (14]

(34)
whereVQ has exactly the same statistics as the AWGN vectgi,
V. Based on the conditional probabilip(Y|S*) as well as

on the Bayes's theorem of (5), the ED to be minimized by thes)
SD may be expressed as: [34], [40]

Y, ’ [17]
21];\/51 Y, — Zé\g) lt,vSt Nr BPS .
1= =2 555 fietatoe TR
' vt ko=t (18]
(35)

where an extra consta@fi 2 [|La(bg,)| + La(b,)] 19
is introduced in order to guarantee that the ED remains n&n—]
negative [34], [40]. According to the ED of (35), the SD’s

to the SD aided V-BLAST employing/PSK.
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