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Abstract ; Aimed at the shortcoming that the loss of low-frequency information of alternating current millimeter-wave ra—

diometer signal, relevance vector machine (RVM) algorithm is used to compensate the lost component in discrete cosine

transform (DCT) domain, and through inverse discrete cosine transform (IDCT) we can receive the compensated sig—

nal. RVM exploits Bayesian learning framework , which has dramatically fewer kernel functions than comparative support

vector machine. So that accurate prediction models can be acquired. Experimental results also show that this method

can obtain good compensation effect.
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1 Introduction

The millimeter-wave ( MMW ) radiometer is a
high-sensitive detector for millimeter wave passive de—
tection, which is widely applied to military, remote
sensing, civil areas and so on" Alternating current
(AC) radiometer use direct current ( DC) isolation
circuit to filter the system noise in signal. But simulta—
neously DC isolation circuit causes the distortion of AC
signal, which contains target information. The loss of
part of energy will cause more trouble in feature extrac—
tion and target identification. Ref. [ 2] researched low-
frequency compensation of AC signal of the MMW total
power radiometer through transcendental function. As
the AC signal can be considered as Gaussian signal,
with the information of undistorted parts, the whole
spectrum can be recovered through solving the nonlin—
ear equations by separately real and imaginary parts.

Therefore a compensation algorithm is designed for
AC radiometer signal. After discrete cosine transform
(DCT) of signal, relevance vector machine (RVM) is
used to predict the filtered lowHrequency ingredient in
DCT domain and then utilize inverse discrete cosine
transform (IDCT) to get the compensated radiometer
signal. After DCT, RVM algorithm only carries on real
part, but the effect is actually almost or fairly good. It
simplifies the process of compensation and obtains bet—
ter results.
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2 Discrete cosine transform

Ahmed introduced a definition of DCT, that is:
for a given signals (n) with length of M, its cosine

. .. . [3]
transforming coefficient f(k) is " :

Ak = a(k) Z(rw{ Gn + D]

2M
OsksM-1
1/2
Where, a(k) :{ E;j%;m’i;g ,0<ksM-1

From above definition, it can be seen that DCT of
input signal is to decompose the sequence into linear
adding of a group of basic cosine elements. If s(n) is
real, then its DCT is also real. Compared with discrete
Fourier transform ( DFT) | DCT avoids the complex op—
eration .

. . [6
The inverse transform is
M-1

s(n) = Z;a(k)f(k)cos

0snsM-1
Fig. 1(a) shows the DC MMW radiometer signal
and AC MMW radiometer signal whose frequency is no
less than 7 Hz is in Fig. 1(b). Fig. 1 (c) is the DCT
coefficients (DCTC, first 50 sequences) of DC MMW

radiometer and the same for AC signal is given in

(2n + 1)1@
2M ’

Fig. 1(d). There is difference in smaller sequence be—
tween Fig. 1 (¢) and Fig. 1 (d), but they are nearly
the same in higher sequence. So, the difference of
DCTC is due to the loss of low-frequency component,

and the loss information can be compensated through
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Fig.1 DC and AC signals and their
DCT coefficients

3 Relevance vector machine (RVM)

RVM is a nonlinear machine learning algorithm
based on positive nucleus which is proposed by Michael
. 17,8 . . .
E. Tipping It exploits Bayesian learning frame—
work. Compared with support vector machine (SVM) ,
Besides, RVM hasn’ t

needed to adjust any parameters of model, and doesn’

RVM has sparser solutions.

t have any restriction on the selection of kernel func—
tion.

Tipping took Lagrange coefficient vector w as
weight parameters to establish corresponding significant
framework, which inferred datum corresponding non-
zero w; and called relevance vector (RV). RV is equal
to the support vector in SVM. For a same dataset, the
number of RV is much fewer than SV, so the test time
used by RVM is much shorter than that of SVM.

3.1 Model specification

The RVM makes predictions based upon the func—
tion y(x ) defined over the input space. A flexible and
popular set of candidates for y(x)is that of the form:

N

y[x,w] = Zwtq)t[x] = w ®(,)
i=1,...,N (1)

Where, ® (x) is nonlinear kernel function and w is the
model weights. Gaussian function of every datum is
chosen as kernel function. Learned from minimize
structure risk principle, that is, if the parameters are
not defined but maximizing likelihood function will lead
to severe overfitting. A prior probability distribution

p(w;la;) is defined for each weight in RVM .
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Where, a is the hyper parameter which is associated
9]

o (w; 1 oy) { & e { 10Lw2
. . = — X _—
l 7 7 2’Tr p 2 )

with the distribution of weight w'

Given a dataset of input—target pairs{ xi 1 i\;l , to—
gether with input vectors X ={ %} and corresponding
target values T ={ tl} , so that =y[ X; ,w] +&;. Sup-
pose the targets ¢; are independent and the noise &g, is
assumed to be mean—zero Gaussian with variance o .
The likelihood p[ tlw ,UZJ of the dataset can be written

as:
_x —|t-ow/[’
p[tlw,O'Z] =(2mo’) Zexp ‘72‘”} (3)
T 2()- m
Where,t = (£, ,...,tx) w=(w,...,wy) , P is

matrix whose lines are the response to every input x;
with @, =[ 1,®, (x.),...,®y(x)].
3.2 Inference
Having defined the prior and likelihood, from
Bayes rule, the posterior of weight w, Pl wlt,a,czl
is given the data:
p[ wla)

P[wlt,(x,O‘zJ =p[t|w,0‘2J 3
p[tla,oj

(4)

Where, the denominator is not related to w, so the
posterior distribution over the weight is submit ted to

Gaussian distribution, that is:

Plwlt,a,0’) =N n,3) (5)
with mean and covariance:
p=c 3 d't,
S=(c’®'d+a) " (6)

Where, A is diagonal matrix [ a e ,aNJ , when
a—% , u =0.
3.3 Optimizing the hyper parameters

According to Bayesian framework , marginal likeli—

hood distribution of hyper parameters is written as:
P(t\a,az) = jﬁp(t‘w,cz)'

p[w‘a]dw =N[(),CJ (7)
C=cT+PA D"

2 .
Values of awrand oyr can be estimated through

Where, covariance is

maximizing the likelihood distribution of hyper parame—
ters, but Eq. (7) cannot be obtained by analytic form
so iterative re-estimation is considered. Fora, differen—
tiation of Eq. (7), equating to zero and rearranging,

following the approach of MacKay“m , gives:

o' = %/MZ (8)
Where, v, =1 — o, 2, W is the " posterior mean
weight from Eq. (6) and 3 is the i diagonal element
of the posterior weight covariance from Eq. (6) compu—
ted with the current a and o values. The same with
noise variance o , differentiation leads to the re-esti—
mate :



Co?)™ = e - dpl'/ (V- iw,

i=1,...,N (9)

The learning algorithm thus proceeds by repeated
application of Eq. (8) and Eq. (9), concurrent with
updating Eq. (6) , until some suitable convergence cri-
teria have been satisfied. In practice, during re-esti-
mation, many of the «; are generally tended to infinity.
From Eq. (5), this implies that P (w ‘t,OL,O'z ) be-
comes highly peaked at zero and those corresponding
w; are posteriori zero. The corresponding basis function
can thus be “pruned” | and sparsity is realized.
3.4 Making predictions

At convergence of the hyper parameter estimation
procedure , predictions are made based on the posterior
distribution over the weights, conditioned on the maxi—
mizing values ayp and (rlzvjp , the predictive distribution

can then be computed. For a new datum x~ ;
p(t ‘t,al\ll’,o-iu’) =§P(t ‘W,O-MP)'

plw |t e o) duw (10)
Since both terms in the integrand are Gaussian, this is
readily computed, giving:

P(t" [t e, o) =N(p o)
with predictive mean and variance ;

po=p O(x)
2 % 2

o =om + P (x)ID (x)  (12)

So the predictive mean is intuitive y(x , ). A

(11)

probabilistic Bayesian learning framework is utilized in
RVM to solve the selection of model parameters, which
has better applicability. RVM used into prediction can

possess more perfect performance.

4 Compensate algorithm

Fig.2 is the flow chart of compensate algorithm.
Discrete cosine transformation is taken on processing
signal and can receive a DCT sequence {fl e ,f\‘}.
DCT is closely related with DFT, so that the significa—
tion of DCT sequence is similar to DFT and can be
seen as a frequency spectrum.

According the low frequency of DCT sequence is
almost zero, it is made allzeros and use the highre—
quency left to train RVM. How to distinguish low or
high frequency? Looking for the serial number n corre—
spond to the maximum absolute value D,. in signal
DCT coefficients sequence. The coefficient whose seri—
al number bigger than n is defined as highHrequency
.,f\} is used to

training RVM network. For more information, input/

sequence. HighHrequency {fMl ye

output is written as matrix form

Input signal

Separation of high | High-frequency RVM training
and low frequency

High-frequency  Training results
A 4

Y Low-frequency —
RVM prediction

Output

Fig.2 Flow chart of compensation algorithm

fn+l ﬁ f1+1
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fNM-l fw-l f\
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If non-inear basis function is chosen as Gaussian func—

tion (0‘2 =1), RVM network can be expressed as:

N-n
yi = (x,w*) = Zwiexp( - ‘x] _xk‘) + w;,
where k=1 +1,...,N. After that, the trained RVM

network is used to predict low-requency sequence
Ui b

At last, highHrequency of signal sequence and
lowrequency of signal sequence integrate into one se—
quence {f, e ,f s fuitye e ,fx} IDCT is taken
on the integrated sequence and the compensated results

can be obtained.

S Experiment result

Fig.3(a) shows the original DC radiometer signal
and Fig.3(b) is the compensated signal. The error of
compensated and original signal in DCT domain dis—
plays in Fig. 3(¢). The pictures show that the error
between them is very small. The computed MSE is
4.52x10° , which is 3 ~4 measure levels smaller than
Compared with Ref. [ 2], the

process of transform, prediction and re-transform is

the original signal.

much simple, and the results can also be satisfied to

practical use.
Fig.4 is the

Fig.4(a) is the original platform signal and Fig.4(b)

experiment of platform signal.

is filtered signal. The compensated signal is shown in
Fig.4(c). Fig.4(d) and Fig.4(e) is the DCT coeffi—
cients of the two signals and the error is in Fig.4(f).
From above, we can see the compensated signal is sim—
ilar to original signal totally. Because of the error of
high-Hrequency ingredient in DCT, the signal is not

compensated very well somewhere.
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6 Conclusions

DC isolation network of AC radiometer removes
lowrequency ingredient of MMW radiometer signal,
but causes the distortion of signal at the same time. In
order to overcome this disadvantage of AC radiometer,
we propose a compensated method which exploits RVM
to predict lowHrequency coefficients of signal in DCT
domain. After the fusion of the high and low frequency
coefficients, IDCT is taken to obtain the AC MMW ra—
RVM exploits

framework. It has excellent generalization properties

diometer signal. Bayesian learning
and good prediction results. Therefore, signal compen—
sation system designed in this paper can compensate

the lowHrequency ingredient of millimeter-wave radi—
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ometer signal effectively.
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