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Abstract— Amplification of signals with fluctuating envelopes leadsa  rectly, the inverse relation directly. The PA (in case ofdoir
distortion because of non-linear behavior of the Power Amgfier (PA). Digi- Learning) or the predistorter (in case of Indirect Learmimm
tal Predistortion can counteract these non-linear effectsA crosscorrelation : .
predistorter is a digital predistorter, based on the calcuation of crosscor- be modeled US'”Q memo_ry polynpmlals (See [3]) One_ Can use
relation functions using coarsely quantized signals. Therosscorrelation ~'normal’ polynomials, which are simply the powers of diteit
functions are transformed to the frequency domain and the spctra are  orders, or orthogonal polynomials (see [6])
used to calculate the coefficients of the predistorter memgr polynomial. In this document we present simulation results of a croscor-
This method has reduced complexity and equivalent performace in com- . . . . .
parison with existing schemes. In this paper, four alternaive schemes to  '€lation predistorter based on the four combinations: rewdi
implement a crosscorrelation predistorter are analyzed. Tie PA charac- Learning - normal polynomials, Direct Learning - normalysol
teristics can be determined either directly or indirectly using 'normal’ or nomials, Indirect Learning - orthogonal polynomials andddt
orthogonal polynomials giving four alternatives. All four alternatives give . . . .
significant reduction of Adjacent Channel Interference. Learning - OrthOgon_al pqunomlals' First _We _W'” introduae

Keywords— Power Amplifiers, Digital Predistortion, Crosscorrelation, ~general scheme which fits the four combinations. Second the
Fourier Transform, Memory Polynomial. crosscorrelation predistorter will be described and tefubm

simulations will be presented.

|. INTRODUCTION
II. THE CROSSCORRELATIONPREDISTORTER

OWER Amplifiers (PAs) are inherently non-linear. One of

the techniques to linearize PAs is digital predistorticge(s A. General Scheme
[1]). The general principle is to apply the inverse inputpu Figure 1 shows that the predistorted signahnd the PA out-
relation of the PA to the signal at the input of the PA. Predisput (converted to basebangare used to determine the non lin-
tortion followed by the PA (and its inherent distortion) st~ ear characteristics of the PA. The output can be written apa f
result in linear amplification. In digital predistortiomg digital  tion of the input:y = fi(x,) (Direct Learning) or vice versa:
baseband signal is predistorted before it is converteddatia- x, = f2(y) (Indirect Learning). This is generally described by:
log domain, frequency translated to RF and amplified (seedigur: = f(x1), wherez; = x, andz, = y, for Direct Learning
1). andz; = y andzy = x,, for Indirect Learning. The functioff

can be described by means of basis functiar(s:):

—~ ! Predistortion Digital to RF — K Tmaz—1
2a(t) =Y > arwlar(t— 1)) (1)
k=1 71=0
2 We can use polynomial basis functiong = ¢, where
Predistortion| RF to Digital ér(z) =| z |*~! 2. These basis functions can lead to instabil-
- ities in the calculations further on. In [6] it is suggestedise

orthogonal polynomial basis functions,. We will only give
Fig. 1. Digital Predistortion odd polynomials up to the fifth order (for other basis funeto
see [6]):

Because the input-output relation of the PA changes in time
due to temperature changes and aging of components in the arq‘ba(
log part, a control mechanism constantly adapts the padist !
tion. A small fraction of the PA output is fed back and con-¥3() = 15|z [* 2 =20 |z | = + 6z
verted from RF to baseband. An adaptation algorithm consparg, (z) = 210 |z |* . — 504 | = |> +420 |z |* =
this signal with the output of the predistorter. Two diffietep- 140 |z |z + 152
proaches exist: Direct- and Indirect Learning. When usig D
rect Learning, the input-output relation of the PA is detieen. By using the definitions above, 4 different predistortion
This relation is inverted and used for predistortion. Forean schemes exist:
ample, see [3]. The Indirect Learning scheme was introducéd Indirect Learning, normal polynomials:;; = y, z2 = z,
in [4]. The input-output relation of the PA is determinediind ~; = ¢.

x)= x

(2)
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T is the number of consecutive samples, available to the pre-
= Predistortion Digital to RF — distorter and is generally much larger thah We define the
matricesI'y fork =1,..., K andr =0, ..., Tyee — 1, andXs
as:
Clipping
Ty, = [mm, e (T = N+ D)7,
T (7)
(), (1|
Predistortion .
— Control P RF to Digital
Fig. 2. Digital Crosscorrelation Predistortion Xa = [[172(1)a oy x2(T = N + 1)]Ta D)
T (8)
i i iale; — _ [22(N), ..., z2(T)]T
2. Indirect Learning, orthogonal polynomials; = y, x2 = 20V )52
Tp, Ve = V- ) _
3. Direct Learning, normal polynomialst; = z,, 2 = y, The crosscorrelations are defined as:
Ve = Pk-
4. Direct Learning, orthogonal polynomialsj = =, 2 =y, .
Tk = V. re = LirXq ©)
Using 1, 22 and~, a general description of the crosscorre- r = Xoxg (20)
lation predistorter can be given for all 4 predistortionesties. ) _
We define the signals: The crosscorrelation vectors. andr are tapered with a
Hanning taper:
Yer (8) = (21t = 7)) (3) o '
h(7) = 5(1 = cos(2n(j — 1)/(N —1))) (11)

for t € Z. Via linear combination of these signals, an estimate
of signalz, can be constructed using the least squares criterion.
In the crosscorrelation predistorter however, the sighalsare )
not combined directly. First;,, andz, are crosscorrelated with H = diag(h(1), ..., h(N)) (12)
a reference signal. We chose to crosscorrelate with a smglehere ‘diag()’ indicates a diagonal x N matrix. A Discrete

it representati f figure 2 h ntiz . ; . .
b.t eprese tat?’%.o zp (see gure )b(_acauset € quantize ourier Transform is applied to the tapered crosscoroalatéc-
signalzg has significant power in the adjacent channels Whetn

the predistorter is operational. ors
Single-bit quantization is defined as:

fi, = WHry, (13)

zQ(wp) = sign(Re(zy)) + jsign(Im(z,)) (4) f = WHr (14)

whereW equals the DFT kernel. The elementis, of the ker-

where sign() is defined as: )
nel are defined as:

. -1 <0
sign(z) = {1 -0 (5) o p1
T = Wpq = expﬂQWT(q*l) (15)
Re() indicates the real part of a complex valueand Im(z) If the vectors (spectrali.- are concatenated into a matrix

the imaginary part. Using a single-bit quantized value asafn F — [f,,, ... fxo, ..., fir,._, ..., fkr... ] and the vectoa is de-
the operands of a crosscorrelation drastically reducesdh®  fined asa = (@105 -0y QKOs -0 Qlrpy g s -0 OK 7] tE MEMOTY
plexity. The multiplications involved become very simpém-  polynomial predistorter is described in the frequency dioraa:
plement: the second operand of the multiplication is eitafr

unchanged or its sign is reversed if the first operand equals 1

or -1 respectively. The number of points (or lags) of the sros f = Fa (16)
correlation is even and equalé. Using vector notations, the ) o
single-bit quantized signal equals: The least squares solution minimizes #ixsolute error over

the frequency domain. Because the signal has a relatively lo
power spectral density in the adjacent channels, solvingeq
tion 16 can result in solutions where theative errors in the
adjacent channels are (too) large. For that reason, we nzi@im

1 1 r
XQ = xQ(zp(gN +1)),...,zq(zp(T — 5]\7 +1)) (6)
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the relative error. This is realized by normalizing the spec
with f:

1
x t)zi(xt -Gl xp(t—=1) )z t—l) (23)
kN
grr(n) = 17) where
() = 2 (17)
K
8ir = [gkr (1), s gir (M) (18) Br@) = D et (24)
k=1
apr = Qpr (25)
G = (810, s BKO» s lrmuns s EKromas ) (19) The problem with this algorithm is thatr, (¢) | needs to be
- - known in order to calculate, (¢). In [3], it is suggested to use
The N element vectog is defined as: zirtial — z(t) as an initial value. The algorithm then calculates

anew estimate of,(¢), uses this as the next initial value, calcu-
lates a new estimate etc. This process is repeated untibke sta
g(n)=1, n=1,..,N (20)  estimate ofr,(t) is obtained. The algorithm gives satisfactory
results if the PA satisfies 2 conditions. First, the memofgaté
should not be severe which means that fhesalues should be
significantly smaller than thg, values. Second, the distortion
should be weak; the first order parametgy should be close to
1. To cope with amplifiers with severe distortion and memory
The least-squares solutiarequals: effects, we modified the algorithm. In case of severe memory
effects, wheréi;; > a9, we assume thait,, = aro and use an
additional delay in the predistorter:

The normalized version of equation (16) becomes:

g = Ga (22)

a=(GHG)1GHg (22)
. . Qe =  Gpe if < a
wheref! indicates the complex conjugate transpose. To reducé” A @k ?f Cf“ = ?10 (26)
the effects of noise on the correlation functians., we select = dgr41 if a1 > as

only those vector elements which represent the power inrihe p
mary channel and the first adjacent channel leading to &gtor
andg, with limited length.

Instead of using:}"#**! (t) = x(t) we used as initial value:

o 1
B. Implementation Aspects el (t) = " (w(t) = (| ap(t = 1) ap(t — 1)) (27)
The complexity of current polynomial predistorters is ase . . .
O(T); the number of complex multiplications scales linearly The part between the large brackets takes into considaratio

with the number of samples used to update the predistortgr pothe memory eﬁectg from the beginning. The effects_ (.)f.the fi.rs
nomial coefficient&. In the crosscorrelation predistorter, th grder component differing from 1 are canceled by divisiothwi
size of the vectorg, andfy, is reduced taV (instead of7’). In ~ #10-
generalN is much smaller thafi". If an FFT is used to trans-
form the vectors from the time domain to the frequency domain i . )
the complexity isO(V log, N). The reduction of the length of A_S|mulator, baS(_ad on the structure p_resented in the previou
the vectors is due to the crosscorrelation. The crossedioalis ~ SECtions has been implemented. As a signal source we used two

easy to implement. Due to the single-bit quantization:gfno data generators: one for the real part of the signal and arikdo
full-precision complex multiplications are required, be pver- imaginary part. A data generator is based on the signal eourc
all complexity of the crosscorrelation predistorter isetetined US€d in [2] and generates sine waves with different consecut

IIl. SIMULATION RESULTS

by the FFT. frequencies, equal amplitudes and randomly selected piiase
oversampling factor is 10. We used 2 PA models, both predente
C. Theinverse of the PA memory polynomial in [5].

In the Indirect Learning scheme, the estimate of the polyngs pa model 1
mial coefficients ¢) can be directly used in the predistorter; the ) ) ) ) )
incoming datax is predistorted according to the memory poly- This _model is a Wiener-Hammerstein model. It c_onS|s_ts of
nomial determined by the polynomial coefficientsin the Di- ~ an lIR filter H (z) followed by a memoryless polynomial which
rect Learning scheme, however, the inverse of the memogy poPn tS turn is folloyved by a second IIR filte(z). The filter
nomial has to be determined. A procedure to approximate tif@€cifications are:
inverse of a memory polynomial in case of a Direct Learning
scheme, was presented in [3]. The predistorted signa gen- 1+0.5272 1—-0.1z72
erated according to the following algorithm: H(z) = 1-02z-1" (2) = 1— 0421 (28)
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Fig. 3. Crest-factors of the generated datasets Fig. 4. ACI levels with and without predistortion for PA mdde
The memoryless polynomial equals: We see that after 10 cycles, the predistorter system stabi-

lizes. Scheme 1 (Indirect Learning - normal polynomialsy ha
a slightly worse performance that the other schemes. On aver
age, the suppression of power in the adjacent channels iB20 d

L
w(n) =) biro(n)|v(n) [ (29)
; l B. PAmodel 2

wherew indicates the output of filtef/ andw the input of fil- The second PA model is a parallel Wiener model (see [5]):

ter G. The coefficients areb; = 1.0108 + 0.0858j,b3 =

0.0879 — 0.15834, b = —1.0992 — 0.88915. All other b-values 3

equal zero. The standard deviation of the complex inputasign y(n) = Z F;(H;(x(n))) (30)

is 4.24 1072, In our simulations, we used blocks of 8K samples i=1

(T = 8192) and 64-point crosscorrelation functions (= 64).

For the predistorter, we used only odd polynomials up to the 1403271 1-0.2z"1

fifth order (¢ = 1, 3,5) and the memory depthis 2 & 0, 1). Hi(z) =1, Ha(2) = 1_012-1 Hy(z) = 1_042-1
The performance of the different schemes is determined by (31)

the AClI levels: the power in the channel adjacent to the piyma

channel. This power is related to the power in the primaryeha .

nel and for that reason measured in dB’s. The performante tha N _ -1

is achieved depends on the input signal. New settings of the Fi(x) = ;alzz =] (32)

predistorter are based on data that already has been ttéatsmi B

New data might contain signal-excursions which have nohbee The values for the polynomial distortion coefficients are:

accountt_ad for. This can lead to _Iimited supprgssion of AQJ le a1y — 1.0108 + 0.0858j, @z = 0.0879 — 0.15837,

els and in severe cases to settings from which the predistort

cannot recover. For that reason, we simulated for all 4 ptedi 951 = —1.0992 — 0.8891j, a1z = 0.1179 + 0.0004;,

tion schemes, 100 cycles where every cycle consisted obthe f azo = —0.1818 + 0.03915, as2 = 0.1684 + 0.00345, (33)
lowing stages: generation of an 8K samples dataset for éycleq,, =  0.0473 — 0.00585, a3 = 0.0395 + 0.0283,
predistortion of this dataset using the predistortermsgstfound 55 = —0.1015 — 0.0196;

in cyclei — 1, distortion, determination of the memory polyno- o3
mial and determination of the new predistorter settings\y a We used the same signal source as for PA model 1 with the
eraging the memory polynomial found (weight = 0.25) with thenly difference that the standard deviation eq@ais10~2. In
averaged previous polynomials (weight = 1). For all four-prefigure 5, the average ACI levels with and without predistorti
distortion schemes the same data is used and the crestsfactre given.
(ratio of the peak amplitude and the standard deviationheft Also for PA model 2, Scheme 1 (Indirect Learning - normal
generated data are given in figure 3. polynomials) has a slightly worse performance. On averthge,
The bandwidth of the adjacent channel equals the bandwidshppression of power in the adjacent channels equals 35aiB. R
of the primary channel. The average ACI levels in the adjacemarkable however is the good performance of Scheme 3 (Direct
channel are presented with- and without predistortion inrég Learning - normal polynomials). This scheme gives an addi-
4, tional suppression of 5 dB for this PA model.
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Fig. 5. ACl levels with and without predistortion for PA mdde

IV. CONCLUSIONS

In this paper, four different PA-predistortion schemegam-
bination with a crosscorrelation predistorter, have begesti-
gated: Indirect Learning - normal polynomials, Direct Lidag
- normal polynomials, Indirect Learning - orthogonal palyn
mials and Direct Learning - orthogonal polynomials. A sim-
ulation model has been implemented and the performance of
the different schemes has been determined. Performanee is d
fined as the power in the adjacent channel (ACI-levels) edlat
to the power in the primary channel. All four schemes give sta
ble performance and a significant reduction of ACI levelse Th
performance depends on the input data and the PA model. The
combination Indirect Learning - normal polynomials gives i
general the worst performance and largest variations. Tier o
three schemes have more or less equal performance. The Direc
Learning - orthogonal polynomials scheme in combinatiottwi
PA model 2, has a performance which is better than the perfor-
mance of other schemes.
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