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Abstract— A novel iterative receiver for the highly energy and [6]-[8]. We propose an iterative interference cancellation type
bandwidth efficient serially concatenated continuous phase mod- equalizer for CPM combined with minimum mean-squared
ulation (SCCPM) is proposed. The receiver uses soft feedback orrqr (MMSE) filtering. Similar equalizers have been proposed

information from a simplified demodulator to perform iterative . . . . . .
equalization and estimation while also utilising iterative decoding. for linear modulations in [7] and CDMA in [9]. Non-iterative

The Laurent signal model for CPM is exploited to reduce €dualizers have been derived for CPM in [10] and [11], which
the complexity of all the receiver components. The proposed only consider the ISI inherent in CPM signals, not the ISI
equalizer consists of interference cancellation followed by linear caused by a physical channel. An equalizer similar to the
filtering under the MMSE criteria. Three well-known iterative one we propose has been suggested independently in [12].

channel impulse response (CIR) estimation techniques that use - .
training symbols and soft information are compared for CPM, Our equalizer however, has the advantage that it is based on

and the least squares (LS) algorithm is found to be the best the Laurent signal model, which subsequently allows for a
practical choice. Iterative SNR estimation based on a simple significant decrease in the decoding complexity as outlined in
averaging technique is also integrated into the receiver. Heuristic [11].

methods for switching between one-shot training based and Many authors when dealing with detection problems assume

iterative CIR and SNR estimation are proposed. These methods that the ch i | CIR d si It .
are shown to be effective through simulations based on randomly at the channel impulse response ( ) and signal-to-noise

generateda-priori information. Numerical BER simulations show  ratio (SNR) are known at the receiver. We are interested in
that the proposed receiver performs well compared to the case the realistic case where these parameters need to be estimated.

when the channel parameters are perfectly known. Recently, iterative methods for doing this have shown excellent
Index Terms— Continuous Phase Modulation, iterative detec- results, see for example [13], [14]. To the author’s knowledge,
tion, equalization, channel estimation. iterative channel estimation for CPM has not yet been treated
in the literature. We consider a system that employs training

|. INTRODUCTION symbols in a block fading environment, such that the chan-

Continuous Phase Modulation (CPM) is widely used iﬂel is time-varying but assumed to be constant for a given

commercial and military wireless communications due to i%;;:}kigl ZL;%ZES:}S;@\QV&?'umeéowivsr:u:;? T:V:(;alas\'veg'rlt(g?v(\;r;r
excellent energy and bandwidth efficiency and its constal q ploy P

envelope [1]. It is well known that iterative (turbo) processin erative CPM receiver. It is also of interest to investigate

can produce excellent results with reasonable complexity en soft data-aided channel estimation is beneficial over

a variety of estimation and detection problems [2]. GivePnurEIy training-aided estimation. Analytical criteria for doing

these two facts, it is our aim to design a high performanﬁis have been derived when estimating the CIR in [15] and

receiver for CPM using turbo methods. Turbo decoding h 6] Such criteria can often be complex to determine and

been applied to serially concatenated CPM (SCCPM) to yieI ccurate for long CIRs. We therefore propose a simple

powerful communications systems in the context of additi\/PempIrlcal method for switching between training and soft data-

hi . ise (AWGN Ravleigh fadi h r?yded chaqnel .estimatio.n.
\r/]vege[ﬁaussmn noise (AWGN) [3] and Rayleigh fading cha SNR estimation algorithms that use soft data, and therefore
In thié work. we are interested in the case of CPM signarleake up part of an iterative channel estimator, have also been

transmitted over frequency-selective channels. This requir%t died in the literature, see for example [17]. An estimate

equalization to combat inter-symbol interference (ISI). In th the SNR may be requwed.for the.CIR estimator and/or
first turbo equalization scheme [5] a MAP equalizer wa € equallzer.'Based on Fhe fmdmgs n [18].’ we mtegrate' a
proposed. In more recent work, several reduced complex mple averaging SNR estimator into our receiver, and examine

turbo equalization schemes have been presented mainly bat &jperforman_ce of the overall system th_rough simulation. TO
tain an estimate of the SNR, an estimate of the CIR is

on soft interference cancellation and/or linear filtering, e.?. . )
9 equired. We therefore also study the effect that an imperfect
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and receiver models, while Section Ill describes the proposéé decide to sample at the symbol rate because it provides
iterative equalizer for CPM. Section IV outlines several CIR very convenient signal model and has also been used
estimation algorithms and presents results for these algorithsugcessfully in similar situations where sufficient statistics are
assuming a known SNR. Section V describes the SNR et easily obtained [22]. The sampled signal is
timation algorithm that we employ and presents results for -
the overall iterative SCCPM receiver. Finally, Section VI ro(nT) = ZGO»n—lhO(ZT) =hpaon ®)
concludes the paper. !
where
Il. SYSTEM MODEL

— T
A Signal Mode Bo = ko sy s koo horgl™  (6)

T
We make use of the Laurent decomposition of CPM [19], don = [don-ry - GonGonirz] ™

whereby the comLpIg:l‘x baseband signal can be represente@@$h, containsLi + 1 and L2 causal and non-causal symbol-
the sum ofQ = 2%~" PAM pulses, where. is the memory gpaced taps respectively. A similar channel can be derived for

of the modulation, i.e. for normalized pulses a1.,. The sampled received signal can then be written as
! T T
s(t,u) = Z Z akngk(t —nT), 1) mn A hgag, thyag, +w,, 8)
k=0 = where w,, is filtered AWGN that has two-sided power

where thegy.(t) are pulse shaping filters with lengths rangingv, = 202.

from T"to (L+1)T and theqay, ,, have a non-linear relationship

Fo the input bitsu,, € {-1, 1}. The Lgurent decomposition C. Overall System Mode
is extremely useful in receiver design because for M-ary
modulation, the majority of the signal energy lies in the first Fig. 1 shows the overall system model. A block of source
M—1 pulses. Therefore the receiver can be simplified by onjts are convolutionally encoded, randomly interleaved and
accounting for these pulses resulting in a very small sacrifiizen conceptually passed through a set of Laurent encoders
in performance. In this work we focus on GMSK binanjo give @ blocks of N pseudosymbolsP training symbols
signalling with a modulation index of = 1/2 because of are then multiplexed into the,, data stream which will

the useful properties of this class of signals. In this case the explained further in Sectionlll. The symbols are then
ax.n, which are referred to as “pseudosymbols”, are in the s@odulated and transmitted over the physical chans(e)
{£1,+5} and alternate between real and imaginary valuathich is assumed to be constant for the duration of the block.
For eachk, the sequence can be considered the output offBe signal is subject to noise and filtered to givgnas given
recursive encoder [11] allowing, for example, MAP decodini (8). The training symbols are then used to give an initial
to be applied. Since we only need to consider one principg§timate ot and possiblyh,, as well as the SNR, before the
pulse for M=2, the simplified receiver consists of just onesignal is equalized. The output of the equalizer is then passed
filter, for exampleg,(—t), and a decoder that only consideréo a CPM MAP decoder which combined with the channel
ao.n. For this modulation we havey,, = ag,,_1u,j. From MAP decoder performs standard SCCPM iterative decoding by
this point forward, as in [10] for GMSK, we approximate thexchanging log-likelihood ratios (LLRs) denotad; -). After

CPM signal with the first two pulses, i.e. the zeroth iteration, the LLR&(ag; O) are available and are

used for iterative equalization and possibly re-estimation of
s(t) =~ Z (a0,n90(t = nT) + a1,001(t =nT))  (2)  the channel.

n

B. Channel Mode IIl. | TERATIVE EQUALIZATION

We choose to align ourselves with the GSM standard andAs noted in Section II-A and shown in [11], only a very
use the specified EQ channel [20] as the physical channelsimall performance degradation is suffered when decoding over
all our simulations. We assume wide-sense stationary uncorees, only as opposed to afl) pseudosymbols. Since we are
lated scattering (WSSUS) and use a Jake’s simulator [21] witiierested in keeping complexity as low as possible, we decide
a low enough Doppler frequency to effectively achieve blodk design our CPM MAP decoder in this way. As such, the
fading. Considering just the first term of the approximation iturbo equalizer need only produce LLRs fgy,,, i.e. A(ag; I).

(2) for now, the equivalent channel fap ,, can be written as Since we plan to use linear filtering as part of the equalization
process, it is useful to define a window of received data as

ho(t) = fr(t) @ p(t) @ fr(t), (3)
where fr(t) = go(t), p(t) is the physical channelfz(t) is 'n ~ Hoagn +Hiasn + wn, ©)
the receiver filter andb denotes the convolution operator. Theyhere
part of the received filtered signal that contains,, denoted T
ro(t), can be written as In = [FnoNy s Tny s Tig ) (10)
fr— DRI .. T
ro(t) = Zao,jho(f —jT) ) aon = [a(),anlfL})a » @0,m5 aa(;n+N2+Lg] (11)
7 Wnp = [wn—N17"' y Wny " o 7wn+N2] 5 (12)
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Fig. 1. CPM based communication system employing full turbo estimation/detection

and Hy is the (N; + No + 1) x (Ny + No+ L} + L2 +1) such that the number of filter coefficients ¥, + Ny + 1.
channel matrix where [Hol;; = h,Léﬂ-,i when These coefficients are calculated according to
0<j—i<L{+L3 and O otherwise. Similar definitions

£, = in E fHy |2
exist for Hy anda; ,, as forHo and ag ,, respectively. We n = argmin {laom —£2'yn |}

now define the LLR output from the CPM decoder as (for = argmin £/ E{y, yZ }f — 267E{ay v, } (18)
aop,, real) fa ’
Pr{ag, = 1|\(ag; 1)} Due to space limitations we do not complete the full derivation
Aao,n; 0) = log Pr{ao, = —1|\(ag;I)} (13)  of f,. After some manipulations, it is given by

A-posteriori as opposed to extrinsic information is deliberately f — [HoVoHY + H HY + 20°W] —1H(1)Vl+Lé+1’ (19)
fed back to the equalizer as this was found to produce ,
better results. This is consistent with the observations WhereHj denotes the'" column of Ho, the elements oW
other researchers [22]. These LLRs are now used-pori  are defined by
information for equalization. We remark that in a typical turbo 00
system we would have an interleaver between the decoder and ~ [Wlij = / JrR(=t)fr((i = )T —t)dt  (20)
the equalizer. Unfortunately this is not practically possible in -
the case of CPM due to the statistical dependencies betw
the pseudosymbols. The exception to this is the special casepf _ 4i L L
full-response CPM [23]. Soft data symbols can now be defineego diaglvon-ny-1ys 7+ Unmts Ly tns, ’UHNﬁLé]l’)
as
tanh (A(au,n;o)) n even wherev; = 1 — |a;|2. Here we have used the fact that for
ao.pn = { Maon:0)4 (14) h = 1/2, E{a; ,a;,,} = E{a, ,}E{a],,}. We are also
tanh (=*%5“=) +j n odd making the assumption thB{ ao ,,} = do.,. The output of this
If the channel is assumed to be known, these soft data symiiter is very well approximated by a Gaussian distribution in
can be used to cancel interference from neighbouring bits gionilar contexts [7] [9]. We therefore wrii@) ,, = ptna0,n+1n

give where i, is the equivalent gain angh,, ~ N(0, p?). It can

5 . _ eHyprNitHLHL
Vn ~ Hoagn — Hodon + Hiarn + wa, (15) be shown that these values are given/y= f“H,

andp? = u — |u|?. The distributionp(ag , |ao,,=ao) required
where to calculate(ag ;) is now fully specified. It can be seen
agn = [&077L_N1_L(1),... 2 G0.n—1,0,00 41, - 7d0,n+N2+L(2)]T from (19) that esnmqtes of_bothg and h; are required to
(16) implement the equalizer. Since a composite symbol-spaced

cpannel is being estimated from an underlying physical chan-

Since onlyay,, statistics are used for decoding, estimates el that is not symbol-spaced, determining an estimate of one
a1,, and the other pseudosymbols cannot be calculated. It

theref ¢ ible t | the interf d Pthese channels from an estimate of the other may be non-
erefore not possible 0. cancg € nter erer_me cau_sg %Wial. Given this, and since, ,, carries only a fraction of the
these terms. However, this detrimental effect will be minim '

d o the interf d by the, t if ¥mount of energy thatg , carries, it is of interest to know
compared 1o the interierence caused by g, terms. how much benefit is actually gained from including thage,

we considery,, t0 b? an upda?ed es'qmate @, It can'be. statistics in the calculation df,. We determine this by running
|mproved_ throggh _Ilnear fl_lterlng using the MMS_E_ C”te”a'a simulation to compare the performance of the system when
As th_ere ISa-priort mformauon avaﬂ_able_:, the coefﬁm?{ntﬁl, f,, is calculated as in (19) to the performance of the system
are time-varying. The filter output is given lay . = £,7y,, when theH, HY term is simply neglected. The results are not
where presented here, but we find that including the, statistics

fo = [fo-nys s fos s fotnNa)s (17) provides a negligible improvement in terms of bit-error-rate
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(BER). We therefore conclude that it is not worth estimatingith the equalization process, we find that only a negligible
h; for the purpose of equalization. As such, we only focus dmprovement in the estimate can be achieved by doing this. For
estimatinghg in the sequel. the purpose of estimation, we therefore further approximate
To fully evaluate the performance of the proposed equalizéng received signal as, ~ Ag p,ho + w. Given that forL=4
its complexity must be considered. The most computationakiypproximately 99.2% of the energy is accounted foraby,,
expensive operation is the inversion of the matrix in (19e feel comfortable with this approximation.
In general, the complexity of inverting & x K matrix is To obtain the optimal training sequence, we maximize the
O(K?). In this caseK = N; + N, + 1. In [9] a procedure is normalized signal to estimation error as described in [26].
described for recursively calculating the inverse of a simildor LS and LMMSE estimation, this is done by maximizing
matrix to reduce the complexity t®(K2). This technique tr{M}' whereM = [AJ A, ]7'. It turns out that this also
can also be applied here. The complexity of the simplifiegives a good training sequence for LMS estimation [14]. Based
CPM MAP decoder is only)(2) making the total complexity on this criteria, a computer search was carried out to find
of the equalizer/decoded(K?) + O(2). The complexity of the best length 26 training sequence. Care must be taken in
a full CPM MAP detector with modulation indek=q/p is multiplexing the training sequence into the data stream since
O(p2L+Let1) where L.=L{ + L3 + 1 is the total memory of thea,,, have memory. We require two training sequences with
the physical channel. The number of coefficients of the filtelifferent final values to ensure that the trellis “fits together”
must be increased for longer channels, but the complexity fof decoding when the training information is removed. The
the proposed detector is still only polynomial id. This is two sequences used, both of which are optimal, are shown in
compared to the MAP detector that has exponential complexifgble I. We remark that these sequences are not unique.
in both the channel and modulation memory.

(TSI L4153 LALE 0511503141 |

| TS2 [ ),-1j,-1,-,-1,j,-1,-,1,4,-1,-15,-1,4.1,4,1,4,-1,4,1,5,-1)
TABLE |

OPTIMAL TRAINING SEQUENCES

IV. I TERATIVE CIR ESTIMATION

We now turn our attention to determining the performance
of the detector proposed in the previous Section when the CIR
must be estimated. We consider three well-known estimation
algorithms, namely the least squares (LS), the linear minimum o o
mean-square error (LMMSE) [24] and the least mean-squdte Training based CIR estimation
(LMS) [25] algorithms. The system being considered usesGiven the approximation that we are using for the received
training symbols to obtain an initial estimate of the CIRsignal, we use the notatidm in place ofhg for convenience.

On average, a GSM burst contains 26 training symbols aiitie one-shot training-aided channel estimates using the LS,
116 data symbols [20]. We therefore consider a block fadingMMSE and LMS algorithms respectively are

system whereby the channel remains approximately constant -, y 1.l
for 142 symbols with a preamble of 26 training symbols his =[AopAopl™ Aoptp (23)
followed by 116 data symbols. hivase = ConAl plAopChnAep +20°W] e, (24)

) o thWS,p = ths,pq

A OpF|maI tra.mlmg sequence + pag(r, — h{}\’{s@_lao’p)’ p=0---P—1

Optimal training sequences for the GSM and EDGE stan- (25)
dards are well known. Although these standards employ
GMSK modulation (or at least Laurent filtering in the case ofn (24), Cnn is the channel correlation matrix, with elements
EDGE), they don't treat the CPM modulation as a recursivdefined by
code and therefore don't use a true SCCPM system. Instead the oo
entire modulation, from the output of the interleaver onwards, [Chnli,j = /
is simply considered part of the channel. Referring to Fig. 1, it -
is then theu; channel that needs to be estimated as opposed ¥therem = —L} +i — 1, n = —L} + j — 1 and under the
theao ,, channel as in our case. Since a non-linear relationstapsumption of a WSSUS channel, we define
exists between,, anday ,, there is no ftrivial translation that R(t)
can be performed on the known GSM training sequences to E{p(t)p*(T)} = {

. . . . 0

obtain the requiredi , sequences. If in general the first

symbols in a block are training symbols, then the approximatg  (25), BILDMSp_l is the estimate from the

R(t)fe(—t —mT)fp(—t —nT)dt,

t=r

otherwise (26)

received signal due to these symbols can be written as previous iteration with hyarso=E{h}=0
rp ~ Agpho+Ajphy +w, (22) @o0p =lag, 15 a0p  -agpr2]”  which is  padded
. . with zeros when required, arl< p < 1 is the step size.
whererp=[rps, -, rp_r2 1]", w=[wpa, -, wp_rz2 1]", Each of the estimation techniques has its pros and cons.

[Ao,pli,j=a0,rt +r21i—; and a similar definition exists for The piggest disadvantage of the LS algorithm is its complexity

A1 p. Although we do not intend to estimafie; directly e to the required matrix inversion. This also requifas,
for equalization, it may also be possible to obtain a better

estimate ofhg if we estimatehg andh; jointly. However as  tr denotes the trace of a matrix
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to be full rank which is not guaranteed if the number ofutual information/, as described in [27]. This reflects an
training symbols is small compared to the memory of thapproximation of the real system where thg, are correlated,
channel. LMMSE estimation also involves a matrix inversiorand the signal also includes;...o_1,,. We remark that in
only without the same full-rank requirement &f, . It does most standard turbo systems, the estimates will be roughly
however rely upora-priori information being available for the independent due to interleaving, so these results readily lend
channel, i.e. it require®(t) to be known which may not be themselves to such systems. The block size, and all other
the case. Depending on the physical channel, it might also fedevant simulation parameters, are the same as previously
possible to estimat&(¢) with a predetermined function, for described. Fig.2 shows numerical results for Idw(l4 ~
example an exponential profile. The LMS algorithm has low.1), mid-rangel (4 ~ 0.5) and high7,(l4 ~ 0.9) for
complexity, but generally speaking does not perform as well= 1.1. Every point is averaged over 100,000 blocks, each
as the other estimators. with a different EQ channel realization. We note that the
training-aided estimation error is independent/qf The use

C. lterative data-aided CIR estimation

After the zeroth iteration, soft data values are available for
estimation. As an example, the data-aided LS channel estimate o+, ..  ———— ]

. 3 S — + — training-aided
is given by L — % — data-aided
& ~ —O— criteria

i. D H —1AH

hig = [AO,dAO,d} Ao,drd ) (27)
where [Ao,_d]i,j:[aoyd]LurLgH_j, the ve~ct0r of d~ata esti- "
mates Is given by‘lo,d:fao,o, o ,a0,p—1,00,p, " , G0, N—1] =
andrq=[rp1, - ,ry_r2_1]" . LMMSE and LMS estimation

using soft values are performed in a similar way. It has
been established in the literature that when using iterative
estimation, the CIR should only be re-estimated when an
improvement on the initial training based estimate can be
gained [15]. Ideally this means that data-aided estimation SNR (dB)
should only be used when the critedd, ; < 03, , where
Jih’p and 02Ah7d are the analytically determined training andrig. 2. Effect of using switching criteria in channel estimation
data-aided estimation error variances respectively. Defining the
error asAh = h — h, and again using LS estimation as amf this criteria (referred to as “criteria” in Fig.2) appears
example, it is easy to show thaf;, , = 20°diag{M}. This to work well, because theverage performance over the
is straightforward to evaluate assuming the noise variancecsnsidered SNR range is better than that of training or data-
known. Similarly, the data-aided error is found to be aided estimation alone. In this cagewas chosen to give the
best performance over a large SNR range for demonstration
Ahg = [MAgdAO —Ih+ MAgdW’ (28) purposes. In general however, the approximate operating range
which makes calculatingZ,, 4 difficult since it is dependent Of the receiver should be taken into account. The proposed
on h. Empirical approximations for finding?2, 4, for LMS method should also be effective when using LMMSE or LMS
and other estimation techniques have been suggested in [@8jmation, however. since LS estimation is considered for the
and [16]. We have found however, that these are not neces&yerall system design in the sequel, these cases were not
ily robust for long CIRs, and therefore suggest a simple altgionsidered further.
nate adaptive criteria. Firstly, note that the average variance of\€xt we compare the BER performance for each of the
a block of soft symbols is given by = ijPN_lvi,wherevi c_onsidgred estimation algorithms for a known .SNR. The
is defined in (21), and the average training-aided estimati§f'i‘1u'at'0% parametersl‘ l:_sed Iare tl<’;1/52follows. Ref_errlnghto Flgi. 1,
e i =2 _ 1 L§ 2 we consider a convolutional ra non-recursive channe
er;or 1S 9"’e” bYTAnp T LotLg+l Zi:*L_é [U%’”’]’ where code with generator [5,7]. The interleaver is pseudorandom of
[0An,pli 1S the error variance of tap estimatg. We then ;60048 The CPM scheme employed is binary GMSK with
propose that the initial tra|n|ng. based .channel es_t|mate shoyld yulation indexh=1/2 and memoryL=4. As previously
only be used when the normalized tra|r£|2ng error is less hangiateqd, the GSM EQ physical channel is used. The receiver
i.e. whenay,, , < afkv, wherek), = 3,2 h? (k)" and filter used was a square-root raised cosine (SRRC) filter
a is a constant. To test this hypothesis we plot the normaliz@gth roll-off factor 0.3. While this doesn’t generate sufficient

mean-squared error, statistics, it turns out to be a good choice practically when the
L2 . ) channel is unknown. It is straightforward to implement and
MSE, — Zi:—Lg) E{|hi — hi } (29) also has the advantage that AWGN sampled at the symbol rate
h — 9

ZL_{% o E{‘h”g} at the filter output remains white. To implement the equalizer,
=m0 the channel estimate is used to obtdiy which is used in

by generating channel estimates based on random Gausgiace ofHg in (19). We remark that a small performance gain

i.i.d A(ap;O) and correspondingi, , for a given average may be achieved by including the statistics of the channel
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estimation error in the derivation of the equalizer, howeveariance. It has been shown in [18] that the minimum vari-
doing so is outside the scope of this work. Numerical resulésice unbiased estimator (MVUE) outperforms other standard
are shown in Fig. 3 for six iterations of the receiver. It waSNR estimation algorithms, and it is therefore the one we
found that little to no improvement can be gained after sisoncentrate on. Its output when using training symbols and
iterations when the CIR has to be estimat®dt) is assumed soft estimates is given by

1 PHN-L2-1 L2
NP = — i lao.alies]?
O " PEN—(LI+L2+1) }Zl Ir ‘Zl jla0.ali+]
i=Lg j=—L;j
—6— known CIR | (30)

which can easily be altered to use training symbols only. The
higher order pseudosymbols are again neglected due to the
SR trivial amount of signal energy they account for. Analogous to
estimating the CIR, we require a criteria for switching between
N and NP based on the quality of the soft information.
- The situation is complicated by the fact that (30) requires an
estimate of the CIR. An analysis is again very difficult, so
we search for other heuristic solutions. Fig.2 shows that at
R S low SNR, it is better to usé®” thanh? (based on the LS
T algorithm). We use the notatiofiV;’)” to denote a variance
estimate that is calculated using soft information directly
according to (30), and is also based on a CIR estimate that
was calculated using soft informationN’)” on the other

to be known perfectly for the purpose of LMMSE estimatioﬁ‘anq’ denotes an estimatg calculated using ;oft informgtion,
in this case. The step sizeis set to 0.05 for training symbols but is based on a CIR estimate calculated using only training
and 0.02 for soft data estimates for LMS estimation. A&Ymbols. _ _
expected, LMMSE estimation performs the best in terms of Simulations also show that at low SNR, there is a crossing
BER, and is only approximately 2.5 dB worse than wheROINt betweer(Ng")” alnd(]\f.(f’)_D. The switching criteria that
the CIR is known perfectly. LS and LMS estimation ard/€ Propose to deal with this is based upon one suggested in
approximately 4.2 dB and 5 dB worse than perfect cIR8l. hoyvever our analy5|s t'reats the case where the qhannel
knowledge respectively. The use of the switching criter@N€rgy is not necessarily unity, and the CIR may be estimated
with the LS algorithm only gave a negligible performanctSing training and soft data symbols. The main idea is th_at
gain in this case, so the results for when it wasn't used df¢ Soft data should only be used to re-estimate the noise
omitted. It is unlikely thatR(¢) would be known exactlya- variance if the |n|t|alltra|n|ng based estimate is S|g_n|f|cantly
priori, meaning that it would need to be approximated Witﬂr?gt%r than the variance of the soft information, i.e. when
a known function. An estimate of the noise variance is alddo )~ > BExv. We must also employ the switching criteria
required to use LMMSE. This creates a difficult situatioffo™M the previous Section to ensure that we are using the best
because an estimate of the channel is required to estimggssible CIR estimate to calculate the noise variance. This is
the variance as will be shown in the sequel. Given these fa@idficult because the noise variance is required to calculate
we conclude that LS is likely to be preferable to LMMSE7Ah.p: WeAtBeI!efore must define an approximate value as
especially considering that its performance is only about 1%\h.p = (No) dlagijy} and the corresponding average as
dB worse than that of LMMSE. We remark that a methoday, , = mzii%é [645 )i We expect that the best
for utilising LMMSE estimation when the noise variance isalue of« will be different to that from the previous Section
unknown is currently under investigation. Fig.3 shows thaince we can no longer calculate the channel estimate error
LMS is only approximately 0.7 dB worse than LS estimationzariance exactly.
It also has lower complexity. In the block fading environment To sum up, the algorithm used to calculate the variance
that we consider however, the estimation complexity is very, is shown in Fig.4. Using the same technique as in
low compared to the equalization complexity. We therefotbe previous Section, the normalized noise variance error
conclude that under the considered conditions, LS is superidiVo = E{(Ny — 202)/(202)?} is plotted in Fig. 5 for a high
to both LMMSE and LMS. As such, it is the estimatiorrange averagd4(l4 ~ 0.9) with @ = 0.6 and 8 = 2.2.
technique considered in the sequel. Also shown for comparison purposes is the resulting error
if perfect switching could be performed. In this case, as
the SNR increases, the estimate would ideally follow the
sequence NP)P — (NP)P — (NF)P. This reflects the
We now focus on the case when the noise variance mugted for the two separate criteria. An intuitive explanation
be estimated in addition to the CIR for use in (19). Just &sr why AN, tends to infinite when using soft information
with CIR estimation, it is possible to use soft data estimatés provided in [18]. Fig.5 shows that the switching criteria
in addition to training symbols to iteratively estimate the noisgabelled “criteria”) works well since it is close to the perfect

BER

Fig. 3. Comparison of iterative channel estimation methods

V. ITERATIVE SNR ESTIMATION
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IF (NO)P > BE,D T T T e

“DA\D —©— known chan, known var
— — % — known chan, est var
NO o (NO ) —<— est chan, known var
ELSE — + — est chan, est var
LZ Eh
IF Tap, <a N
~ ~ x
No = (Ng )" 3
ELSE
\7P\D E
No = (No )
END
END ‘ ‘ ‘ ‘ :
Fig. 4. Switching algorithm for SNR estimation SNR(ng) 10 1 12 13

Fig. 6. Overall system performance

10" —— 1'% = (:Q(f)

VI. CONCLUSION

We have proposed a novel receiver for SCCPM that com-
bines iterative estimation, equalization and decoding by feed-
ing back soft information from the CPM demodulator. The
Laurent signal model has been exploited to greatly simplify
the algorithms utilised by the system. The performance of
the receiver indicates that it would be a good alternative to
highly complex optimal receivers. Future work will focus on
extending the capabilities of the receiver to deal with fast-
fading channels and also further analysis techniques.

— % — criteria

—%x— - perfect switch

0 5 10 15 20
SNR (dB)
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