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I. INTRODUCTION

The relationship between the real and imaginary part of
the Fourier transform of a causal signal is well known. They
are related through the Hilbert transform. However, in general
there exists no such relationship between the Fourier transform
magnitude and phase. The knowledge of either one is not
sufficient to uniquely specify the signal. Under certain
conditions, however, these two components are related. For
minimum phase signals, the logarithm of the magnitude and the
phase form a Hilbert transform pair. Minimum phase signals
require that all the poles and zeros of the Z-transform of
the signal be within unit circle., This condition is too
restrictive in that it reduces the scope of applications.
However, using certain windowing techniques, these relation-
ships have been exploited to solve a number of problems in
different areas [11].

Recently Hayes et E&' (1] have developed a different
set of conditions under which the signal can be exactly
reconstructed to within a scale factor from the knowledge
of either phase or magnitude alone. This ability to recon-
struct the signal is useful in a number of applications.

For example, in the problem cof "blind deconvolution," the
observed signal is the convolution of the desired signal
with some unknown signal. In the absence of any information

about either the desired signal or the distorting signal,



the recovery of the desired signal poses a difficult problem.
However, 1f the distorting signal is known to have a zero
phase, then the phase of the desired signal is exactly known.
In such cases the signal can be exactly reconstructed from

the undistorted phase --e.g., when images are blurred by
severely defocused lenses with circular aperture stops [2].
Here, except for phase reversals, the phase of the observed
signal is the same as that of the desired signal. Therefore,
it is of interest to study the problem of signal reconstruction
from phase alone.

In this report we describe the conditions under which
the signal can be exactly reconstructed from the phase infor-
mation alone. We also discuss several algorithms for imple-
menting this reconstruction. One of them is a closed-form
solution and it involves the solution of a set of simultaneous
equations. There are several iterative methods in which the
signal is refined after each iteration. Compared to iterative
algorithms, the closed-form solution has the advantage that
the desired solution is guaranteed. On the other hand, it
requires computing the inverse of an (N-1) x {N=-1) matrix,
where N is the number of signal points. This may lead to
numerical problems and severe round-off errors, particularly
as N becomes large. It becomes impractical to use this method
for image reconstruction. In such cases an iterative approach
is the only viable alternative.

We first illustrate the reconstruction process for some

one-dimensional signals using different methods, and make



comparisons of the convergence rate for different methods,
for signals of different lengths. Then we apply these tech-
nigues to two-dimensional signals, using the two-dimensional
transform. We will also reconstruct some images from their
phase, and also demonstrate the ability to remove the effect

of blurring.



II. UNIQUENESS OF A SEQUENCE OF KNOWN PHASE

In this section the conditions under which a signal
can be uniquely specified by its phase are stated. These
conditions were developed by Hayes et al. [1], first for
one-dimensional signals and later on extended to M dimensions
by the same author [3]. 1In the following discussion, the
signals are assumed to be real and their Fourier transforms
are assumed to converge, i.e., the region of convergence of
their Z-transforms include the unit circle.

Let x{n) and y(n) be two finite length sequences and
let ex(w} and ey(w) denote their phase functions. Then we

have the following theorem.

Theorem 1: [1]

Let x(n) and y(n) be two finite length sequences whose
Z-transforms have no zeros in reciprocal pairs, or on unit
circle., If ex(w) = sy(w) for all w, then x(n) = gy(n) for

some positive constant 8. If tan ex(w) = tan ey(w) for all

w, then x(n) By(n) for some real constant 8.

The conditions of Theorem 1 can be explained as follows.
A zero at 2 = ZO and a pole at Z = 1/23 contribute the same
amount to the phase, but different to the magnitude of the
Fourier transform. Given phase alone, there is an inherent

ambiguity between the zero at Z = Z, and the pole at Z = 1/25.

0
We need the finite length sequence condition to remove this

ambiguity. The exclusion of zeros occuring in reciprocal



pairs obviates the possibility of zero phase components
which can never be recovered from the phase alone.
The dual of Theorem 2, which states the uniqueness

conditions for an all pole sequence, is stated next.

Theorem 2: [1]

Let x{(n) and y(n) be two sequences whose Z-transforms

have no poles in reciprocal pairs and which have finite

duration convolution inverses. If ex(w) = ey(w) for all w,
then x(n) = gy(n) for some positive constant 8. If tan
ex(w) = tan ey(w), then x(n) = gy(n) for some real constant 8.

If E(n) is the convolution inverse of x(n), then
L
X(n) » x(n) = 8(n)

where §(n) is the impulse sequence.

Hence the phase of X(n) is negative of the phase of
x(n), and ®¥(n) is uniquely specified by its phase by virtue
of Theorem 1. Since Q{n) is unique for each x(n), Theorem 2
follows from Theorem 1.

We now describe a conceptual algorithm, which helps to
lend insight into Theorems 1 and 2 (1]. It is formulated for
Theorem 1, but can be easily extended to Theorem 2.

Let ex(w) and Bx(w) be the specified phase function
{Modulo 2r), and unwrapped+ phase function respectively.
From the conditions related to Theorem 1, x(z) is restricted

to be of the form

+See appendix A for a description of this term.
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x(z) = cz k£

where ¢ is real, n, an integer, lak|<1, |bki<1 for all Kk,

and a, % b* for all k and 1.

k 1
The algebraic sign of ¢ is obtained from the value of the
phase at w = o, using the fact that ¢ is positive iff ex(o)

is zero. The value of ng is obtained from the unwrapped

phase function as

. 1 g2 _ &
n, = = [e, (n) 0, (0)] (2)

From the unwrapped phase function and the value of Ny

we form a new phase function ¢x(w) as

-~

o (w) = Sx(w) - n_w - 8_(0) (3)

This corresponds to the transfer function,

N

1
-1, @
(1=ayz ) y=y

1
1

==

x1(z) = |cli K (1—bkz) (4)

The minimum phase sequence for x1(z) can be formed by

reflecting all zeros outside unit circle as poles within

unit circle, and Bt {z) is given by
N
= el R 1 ~1
*min (z) = Bl ey CT=®®
N - (5)
(ET -z

Using the Hilbert transform, x (n) can be obtained from

min

¢x(w). The ak and the bk

Since pole-zero concellations can not occur by virtue of

in (5) are the same as those in (1).

conditions of Theorem 1 {a, # b’:‘i},r the coefficients a, can



" be obtained from the zeros of x {z) and the bk can be

min

found from the poles of x (z).

min

The conditions of Theorem 1 ensure that pole-zero
cancellations do not occur in (5). If the original sequence
contained zeros in reciprocal pairs, then the above algorithm
may still be applied to recover all but those zeros which
occured in reciprocal pairs.

In the above two theorems, we assumed that the phase
function was available at all frequencies. In the computer
implementation of such algorithms, the phase is known only
at a set of N discrete frequencies. As such we state the
following theorems, which require that the phase be speci-
fied at a sufficient number of discrete frequencies. Here
again it is assumed that all sequences are real, and the

regions of convergence of their Z-transforms include the

unit circle.

Theorem 3: [1]

Let x{(n} and y(n) be two finite length sequences
which are zero outside the interval o £ n £ N-1, with
Z-transform which have no zeros in reciprocal pairs, or on

the unit circle. 1If ex(w) = sy(w) at N-1 distinct fregquen-

cies in the interval o < w<n, then x{n) = By{n) for some
positive constant 8. If tan ex(w) = tan sy{w) at N-1 distinct
frequencies in the interval o < w < =, then x(n) = 8y(n) for

a real constant g.



8

The dual of Theorem 3, for an all pole sequence is the

following.

Theorem 4: [1]

Let x(n) and y(n) be two sequences whose Z-transform have
no poles in reciprocal pairs and which have convolutional

inverses which are zero outside the interval o < n < N-1, If

@X{w) = ey(w) at a set of N-1 distinct freguencies in the
interval o < w< 1, then x(n) = gy(n) for some positive constant
R. If tan ex(w) = tan ey(w) at a set of N-1 distinct frequen-
cies in the intervél o<w<mn, then x{n) = gy(n) for a real

constant B.

The theorems we have stated so far imposed certain condi-
tions on the unknown sequence y(n). We would like these condi-
tions to be simpler, so that they can be implemented easily in
the reconstruction algorithms. To this end, some additional
information about x(n) is needed to guarantee that the sequences
obtained from the algorithms satisfy the conditions of Theorem
1. The additional information needed is the first non-zero
point of x(n). 1In such cases, we can show that if x(n) satis-
fies the conditions of Theorem 1 and if x(n) = o outside the
interval o < n < N-1, then x(n) and scaled versions of x(n)
are the only sequences which are zero outside the given inter-

val, and have the same phase as x(n).

Theorem 5: [1]

Let x(n) be a sequence which is zero outside the interwval



o <n < N-1 with x(0o}) # o, and whose Z-transform has no
Zeros 1in reciprocal pairs, or on the unit circle. Let y(n)
be any sequence which is zero outside the interval o < n <
N-1. If ex{w) = ey(w) at N-1 distinct frequencies in the
interval o < w < 7w, than x(n) = B8y(n) for some positive
constant 8. If tan ex(w) = tan ey(w) at N-1 distinct fre-
gquencies in the interval o < w < m, then x(n) = 8y(n) for

some real constant 8.

Theorem 6: [1]

Let x{n) be a sequence whose Z-transform has no poles
in reciprocal pairs, or on unit circle, and whose convolution
inverse is zero outside the interval o < n <N-1, and non-zero
at n = o. Let y(n) be any seguence whose convolution inverse
is zero outside the interval o < n < N-1. If ex(w) £ ey(w)
at N-1 distinct frequencies in the interval o < w < m, then
x(n) = By(n) for some positive constant g. If tan ex(w) = tan
ey(w) at N-1 distinct points in the interval o < w < w, then
x(n) = gy(n) for some real constant 8.

Note that in contrast to Theorem 1 through 4, the
above two theorems do not impose any restriction on the zeros

of y(n). So y(n) may be any sequence which is zero outside

the interval o < n < N-1.
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III. CLOSED-FORM SOLUTION

The closed-form solution of x(n) from the given phase
function ex(w) follows directly from the definition of ex(w);

i.e.,

Imag [x(w)]
(X (W) ] (6)

e ex(w) Real:

Since x{(n) is real,

N-1 N-1
FT{x(n)] = I %X(n) cos nw - j £ x(n) sin nw (7)
n=1 n=1

where FT[-] denotes the Fourier transform.

Thus
N-1
tan ex(w) = = ¢ x(n) sin nw (8)
n=1
N=-1
I x{n) cos nw
n=1
when ex(w) = +un/2, (8) becomes
N-1
£ x{n) cos nw = O (9)
n=1

When the phase samples are available at N-1 distinct points

Wir Woue Wy g4 where o < W < w for k = 1,2...N-1, we have,
N-1 1 -1
. - _| s ;
I X{(n) cos nwk sin ex(wk{J = x(n) sin nwK cosex(wk)
n=o n=o
(10)

or
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N-1

niox(n){cos nwk-SLnG%(wk) + sin nwk CcOs ew(wk)} = 0 {(11)
That is

N=-1

ni1x(n) sin [ex(wk) + nwk] = =x(0) sin ex(wk) (12)

if w, # & 1/2

and
N-1
£ x(n) cos nw, = - x (o) (13)
n=1 '
if Gx(wk) =+ 1/2.

The above equations represent a set of N-1 linear equations
with N-1 unknowns, when the value of x(o) is known. This
system of equations could be overdetermined, if the phase is
given at a set of M points, where M > N-1. If the value of

x (o) is not specified, the set of equations are homogeneous
and in any case there will be at least one arbitrary constant,
which can be thought of as a scale factor. Equations (12)

and (13) can be expressed in matrix form as
5x = -x(o) b (14)

where &T = [%(1) %x(2) ...%x(N=-1)]
b is a column vector where bk = sin ex(wk)
and Spn = Sin [ex(wm) + nwm} is the element in the mh row

and nth column of S.
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The solution of (14) is given by

x = -5 " x(0) b (16)
= uS-1 b
where a = -x{0).
if 8 ' exists. If S is overdetermined, the least-squares

solution is given by

1 &T

x = a(s7s)”" s (17)

As stated earlier, this algorithm is useful when the
length of the sequence is small. As N becomes large, the
problem of round-off errors become severe, and worsens when
the matrix sTs is ill-conditioned. The problems associated
with the closed-form solution motivates one to search for
alternate algorithms for reconstruction. These algorithms
are iterative and usually involve repeated transformations
between the time and frequency domains. In all the iterative
algorithms we discuss, one typically needs to specify the
phase at M points, where M > 2N, for a sequence of length N.
These M points are usually Discrete Fourier transform (DFT)
values and the normalized frequency w is between o and 2w.
This means that the information in (o, n) is repeated in

(m, 27), and hence M has to be at least twice as large as N.
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IVv. ITERATIVE METHODS

We discuss three iterative schemes. 1In each case
the seguence is assumed to be zero outside the interval
o <n < N-1 and x(0o) # 0, and we start with an initial
estimate g(n) of x(n). The wvalue of Q(n) in each iteration
is refined. The three methods only differ in the way values
of X(n) are updated. They have different convergence rates,
and faster convergence usually requires more computation.
The first of the iterative methods is the well-known steepest
descent method, used to solve a set of linear equations. The
second iterative algorithm is.similar to the one developed
by Gerchberg and Saxton [4], and Fineup [5], for reconstruct-
ing a signal from the magnitude information, and also to the
algorithm developed by Quatieri [6] for reconstructing a
minimum phase signal from only the phase information. The
third method is a combination of first two methods and it
has an adaptive parameter x which is chosen to maximize the

rate of convergence.

A. Gradient Method
Let x° = [x(1) %x(2)...x(N-1)] and o = -x (o). Then from (14)

we have
Sx = ab {18)

If the phase is specified at M points, we have M equations

and N-1 unknowns. The matrix S is of size M x N-1 and b is
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a (M x 1) column matrix. The elements of S and b are given
by

b = 8in Gx(wk) (18a)

Smn = Sin Iex(wm) + nwm] (18b)

It is known that the solution of (18) is the minimum point

of the gquadratic error surface e, where ¢ is given as
T
£ = (sx - ag) (Sx - ab) (19)

In the gradient method, we start with an initial guess of
the solution and update the current solution using the

recursion

o X+ (-7e) (20)

where y is a parameter which can be chosen to give the maxi-
mum convergence rate and the term within the brackets is the
gradient of e with respect to x. Using certain matrix manipu-
lations, (20) can be replaced by a set of DFT's which can be
computed using Fast Fourier transform (FFT).

Starting with the error surface e, we have,

ve = 25 (Sx - ab) (21)

Elements of S and b are given by equations (18a) and (18b).
If we use the DFT to obtain the phase, then the w_are equally
spaced and equal to (m-1)wo, where W, is fundamental frequency.

That is



5

wn
It

o Sin [ax(ﬁ?1wo) + (m-1) nwo]

jo_ (m=1w_.) . oJ (m=T)nw

= Imag[eJ X o o]}

The second term of the product is an element of the DFT
matrix. Since each row of the matrix is multiplied by a

x(m—1wo)

single factor el® , 1t can be replaced by premulti-

plication by a diagonal matrix ¢ of size (M x M) whose mth
diagonal element is ejex(5:1wo). A selection matrix R can
be used to select only columns 2 through N from the product
of the diagonal matrix ¢ and the DFT matrix W. This has to
be done since S is of size M x (N-1) and the columns corres-

pond to column 2 through N, of the product #W. Finally S

is given as

S = Imaqglo®WR] (22)
. 1
where e]¢x(0) ,
Je, (W)
@ =
ejéx(M—1WJ
(M x M)
w = [ DFT matrix |
Mx M
and [0 O vves D]
T O esea O
0 F svss O
R = =
. 14..Nth row
O .-.IO
e ceve O]

M x (N-1)
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The resulting matrix is seen to be of size M x N-1 and its
elements are same as those of S.

Now the gradient term is given by
v.E = 2_Imag{¢WR}T [Imag{¢WR} X = ab] (23)

The vector b can also be written as a product of ¢ and a

selection matrix to obtain
b = 1Imag [ovy]

where TT = [100 ....0], and "Imag" denotes the imaginary
M X1
part. Thus the terms within the square brackets of (23) can
be written as
Imag [2{Wyl}]
T
where y= = [e X(1) %x(2)...%x(N-1) o O ... O]
(1 x M)
Next the iterative algorithm can be stated as follows.
1y Start with the initial guess X, = [xo(1) xo(z) xO(N—1)]
2) Form the vector y by appending x with zeros until the
vector y of size M x 1 and set x(0) = a, where a is the
chosen scale factor
3) Compute the DFT of the appended sequence in step (2)
4) Multiply the kth element of the DFT by ed®x (K1) for
k = o through M - 1.
5) Extract the imaginary part.
. ; : jo_ (k=1w_)
6) Multiply each element obtained in step (5) by e- "x o}

as in step 4 for k = o through M - 1.
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7) Compute the inverse DFT.
8) The resulting column matrix is proportional to the negative
of the gradient of the error with respect to x. Update

X

X, using

X = X + uRT {gradient vector in step 8]

9) Repeat steps 2 through 8 to complete the recursion. The

optimum value of u that maximizes the convergence rate is

given as
" _ T T
k = (gl Yi)/(gi Agi)
where y. = ab - sx.
i =i

and 9 is the gradient vector.
It is known that the convergence of the steepest descent
method depends on the eigenvalue distribution of the matrix
STS. If the ratio Amax/amin is large, the rate of convergence
is usually slow. In the examples we considered it was found
that the steepest decent method converges fast in the beginning,
but tends to slow down after some time. The steepest decent

method did not converge much faster even when techniques

were used to accelerate convergence.
B, Non-expansive Convergence Algorithm

In this method, the current estimate of x is a nonlinear

function of the previous estimate. Thus the update becomes

Rer = FlZy)
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where F is a nonlinear transformation. The algorithm we
describe now, falls into a class of mappings known as non-
expansive mappings. These mappings have been proven to yield
a unigue solution and an_iterative algorithm with such a
mapping always converges to the correct sclution [7]. The
algorithm is described next.

We let x(k) be the kth DFT component of the M-point DFT

of x(n) and write x(k) as
x(k) = |x(k)y] ed®x(¥)
Step 1: Begin with an initial guess of the unknown DFT

magnitude |xo(k)]. Form x,(k), an estimate of x (k) as

xy (k) = |x (k)] ed%K)

Compute the inverse DFT of x1(k) to obtain the first estimate
x1(n) of x(n). Since an M-point IDFT was used x1(n) is in

general non-zero for N < n < M-1.

Step 2: Use x1(n) to form another sequence y1(n) as
y1(n} = x1(n) 0 < n < N-1
{ o N <n < M-1

Step 3: Take the M-pocint DFT of y1(n). The magnitude
|y1(k)| of y,(n) is then considered as a new estimate of

|x(k)|. Then form a new estimate of x(k) as

jo_ (k
x, (k) = |y (k)] e?% ()
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From this a new estimate x2(n) is formed by computing the
IDFT of xz(k). Repeating steps 2 and 3 sets up the recursion.
In this iterative procedure, the total squared error
between x{n) and its estimate xk(n) is a non-increasing
qguantity with each iteration [1]. To prove this, let xp(n)

be the estimate at pth iteration and let us define the error

E_as
P

3]
I
(]
—~
b
b=
|
b
3
o
[ 8]

:o|x(k) - x (k)!2

1
P M P

Since x(k) and xp(k) have the same phase, Ep becomes

M-1

1 2
E = = I k - k
. M k:Oi!x( ) | ENNN
M-1
1 2
= = lxtk| = Jy _, ()]
M k=0 p-1
using the triangular inequatity [12]
M-1
1 2
E, 2 ® kio |x (k) - Yo (k)|

Again using Parseval's theorem yields

M-1 2
< —
Ep < kio {x(n) yp_1(n)}
Since yp_1(n) = xp“T(n) 0 < n < N-1
o] N <n < M-1

We have,



M- 2 M-1
I {x(n) - y__.{n)} < . {x(n) - %x__,(n)} = E__
n=o0 = n=o B B
Thus
E < E
p - p-1

with equality holding iff yp_T(n) = xp_1(n}. In general,
the above condition is not enocugh to ensure convergence.
However, recently it has been shown by Lim et al. [7] that
such an iterative scheme always converges. This is achieved
by showing that the iterative algorithm falls into a class of
non-expansive mappingsz. Further, using certain properties
of such mappings the convergence of the algorithm has been
proven. In all the examples that were considered in the
current study this algorithm was always found to converge

to the correct solution. It was also observed that fewer
iterations were needed when larger DFT sizes were used, as
illustrated in Fig. 5. However, this does not result in
shorter computation time, since larger DFT's need more

computations.

C. Adaptive Relaxation [7],[3],[8]

The two methods described above do not converge fast
all the time, when the length of the sequence is large.

Hence, it is of interest to find ways to accelerate the

2See Appendix B for a more detailed discussion on this topic.
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convergence rate. One way of doing this is to express the
new estimate of x as a linear combination of the previous

estimate and the current estimate; i.e.,

E+1 gy o+ (1 =) B

where F is non-linear operation on Xy to get the current
estimate, and A is the convergence parameter which is chosen
adaptively to achieve a faster convergence at each iteration.

Now x, is partitioned as
(1)
X T 177127 = v (24)

where zé1) consists only of the elements of x(n) for o < n <

(2)
k

Next, rewriting the above recursion equation we have

N-1 and ¥ contains all x(n) for n > N.

o1 = (V= 2) ¥+ 3 F V)
Next, defining
v = FY) Ty
we obtain
A S (25)

This is equivalent to the original iterative scheme, when
A, = 1.

The objective is to choose A e SO that the convergence
rate at each iteration is maximized. Rewriting (25) using

(24) we get
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The phase of v, and F(Xk) are same and it is equal to the

k

phase of x. Therefore, for any a

(2) (1)
Yr+1 k+1

Thus, a reasonable approach to maximize the rate of conver-

k* Yyg4q has the same phase

as x. If goes to zero, then v will be equal to x.

gence 1s to choose i

(2)
vector v, i;

e in such a way that the norm of the

is minimized. That is

2 2
a_ fvedhil .
dx - x*
k
*

which gives the optimum value of A which is denoted by A

*
Solving for A we get

* 2

)\ = — <l},(<2)' lli }
2 2

v 2

>

where <-,-> denotes the inner product between the two vectors.
In the examples considered, this method has the fastest
convergence rate. It required significantly smaller number
of iterations to achieve a certain mean square error (m.s.e}
compared to the first two methods. Figures 2 and 6 Elearly
demonstrate this fact. The factor M
(2} (2)

two vectors lp and gp . The elements of these vectors tend

to become smaller as we approach the correct solution. Due

is evaluated using the

to machine round-off errors, the value of Ak obtained is

unreliable. Thus, below a certain m.s.e. the solution does
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not improve much due to unreliable estimates of x. However,
the m.s.e. at this point is usually so small, that the recon-

structed signal closely matches the original signal.
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. V. EXTENSION TO TWO DIMENSIONS [1],[3]

One usual way to accomplish the extension from one to
two dimensions is to stack all rows or columns to form a
large column vector, and then apply the one dimensional

theorems to it: i.e.,
X4 [nyN + n,] = x(n,, n,)

where %(k) 1s the constructed one—dimens@onal signal and
X(n,, n,) is defined for o < n < Ny,-1 and o < n < N,-1

and N > N1.
For this case,

X«i (W) = x(w‘l! w2)| W P NW,

1 Wo TV

But recently, Hayes [3] extended Theorems 1 through 6 to the
multi-dimensional case using theorems of algebra of several
variables. The constraints on the Z-transforms of the signals
are same as that for one-dimensional signals. Before we go

on to state the theorems, certain definitions from algebra

of several variables are worthwhile considering.

Definitons

An m-dimensional sequence is a function of m integer

variables, n, through N which is denoted by x(n1,n2...nm).

The Z-transform of the m-dimensional sequence is given by

b ! -n
seee o x(n1, n2...nm)211, z, 2

X(Z., ZoseeeZ_ ) =
1 2 m i

A
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For ease of notation we will represent X(n1""nm) as x(n}
and x(zj, 22...zm) by x(z). With this notation the above

eguation becomes

Throughout the rest of our discussion, all sequences are
assumed to have rational Z-transforms with a region of
convergence which includes the unit poly disk. That is, the
n-dimensional sequence 1s assumed to have a convergent Fourier

transform, which is defined as

where x(w) = x(w1, WopesaW
All the sequences are assumed to have "finite support,"
i.e., x(n) is non-zero only for a finite number of values of n.
It is also assumed, without loss of generality, that a sequence
with finite support is equal to zero for all n < o. (Ifm
and nr are two vectors, then m < n means that m < ny for each
k).
The Z-transform of a sequence x(n) is defined to be

symmetric if, for some vector k of positive integers

x(z) = +z % x(z7)

It is seen from this definition that a one-dimensional signal
with all of the zeros on unit circle or in reciprocal pairs
is symmetric. With these definitions we state the following

theorems.
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Theorem 1:

Let x(n)and y(n) be two multi-dimensional sequences
with finite support and let M > 2N - 1. If x(z) and y(z)
have no nontrivial symmetric factors and if ¢x(§) = oy(i)

for all k o <k <M -1, then x(n) = gy(n) for some positive

constant g. If tan ¢X(5) = tan @Y(E) for all k, o < k < M-1,
then x(n) = B8y(n) for a real constant 8.

Theorem 2:

Let x(n) and y(n) be two multi-dimensional seguences

with finite support and let M > 2N - 1. If x(z) has no

symmetric factors and ¢x(5) = @y(h)for all k, o <k s M- 1,

then x(n) = gy(n) for a positive constant 8. If tan @x(i) =
tan ¢y(5) for all k, o < k < 2M-1, then x(n) = gy(n) for a
real constant Bg.

Note that in contrast to Theorem 1, the second theorem
does not require any constraints on y(n}), in that it can be
any multi-dimensional sequence with support R(N). The exclu-
sion of trivial symmetric factors excludes any factor of the
form Eﬂo. This implies that either the location of first

nonzero term is known, or n, is equal to zero. That is,

x(z) is reducible to the form.

x(z) = z ° 1 x.(z)

k

where n. = o0 or n_ is known.
~0 = -0
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For reasons stated earlier, the iterative algorithms
are the only way to solve multi-dimensicnal reconstructicn
problems. In fact all three algorithms can be easily extended
to multi-dimensions. The transforms used will be m-dimensional
DFTs instead of one-dimensional DFTs. We illustrate this

aspect via the following flow chart related to the non-expansive

iterative algorithm.

> - -

Set x (p)=0
Outside R(N)
and 1(0)=a,

y,

M-point DFT 1

o (K)—>w (k)

X’"{y = IYIM elpU!.(U]

{' M-point IDFT

lrl(_q_)

i
[}
I
]
[}
[]
]
]
]
]
]
]
]
1
1
1
]
1
1

A Y, = ¥, 00 explo, (0]
]
1
]
]
\
|
]
1
[}
I
]
]
i
|
]
1
1
1
L]

L. - - - -

: Bl(;ck diagram of the phase-only iteration.

This algorithm can be modified to implement the adaptive
relaxation algorithm. This is desirable, since this would

result in faster convergence and the reconstructed sequences

can be obtained in fewer iterations.
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VI. GSOME EXPERIMENTAL RESULTS

In this section several data sets are used to first
demonstrate that reconstruction does occur and that the
related m.s.e. decreases as the number of iterations increases.
Secondly, we wish to compare the convergence rates of different
iterative schemes and evaluate the extra computation required
to achieve a faster convergence rate. Next we compare the
convergence rates with respect to different DFT sizes used
for the iterative methods. For the gradient method we wish
to study the effect of larger DFT sizes and longer sequence
lengths on the convergence rate. One would expect the matrix
sTs in (17) to become ill conditioned as its size becomes
larger. Finally, reconstruction is demonstrated for some
image data, using two-dimensional DFTs. '
Figure 1 shows that all three methods achieve perfect
reconstruction after sufficient number of iterations. For
the data used it was observed that the gradient method needed
140 iterations, the nonexpansive iteration needed 300 iterations
and the adaptive relaxation needed only 60 iterations to give
a m.s.e. of 3. Figure 2 shows the comparison of convergence
rates of different methods. It is clear that the adaptive
relaxation method converges the fastest and the nonexpansive
method the slowest. The gradient method is as fast as the
adaptive relaxation in the beginning, but tends to slow down
after about 50 iterations. Figure 3 shows the reconstruction

of a sequence of length 8 and using a 16-point DFT, at different
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iterations, while Figure 4 shows the reconstruction of a
sequence of length 32 using a 128-point DFT. These two
figures show the reconstructed signal at various iterations.

Figure 5 shows the convergence rates of the same method
using two different size FFTs. One would naturally expect
the larger size FFT iteration to converge faster, since more
information is known about the signal, in terms of its phase
at a larger number of points. Experimental results concur
with this conclusion. However, larger FFT involves more
computation and hence, the computation time required for
reconstruction was more or less the same, when different size
FFTs were used for reconstruction. Figure 6 shows that for
all DFT sizes, the adaptive relaxation method converges the
fastest, It involves only 3(M-N) more multiplications and
additions than the nonexpansive iterative method, where M
is the FFT size and N is the signal length. Since it requires
significantly smaller number of iterations than the other
two methods, the savings in terms of computer time is signi-
ficant. Therefore, one can save more computer time by using
adaptive relaxation, rather than using a larger FFT for
reconstruction.

Figure 7 compares the convergence rates of gradient
method and the nonexpansive method at different DFT sizes.
It is seen that even-for larger DFTs the gradient method
converges faster than the nonexpansive method for a short
sequence. Hence, one may conclude that the condition number

(Amax/amin) of the matrix STS is not affected even when



¥9 = 9215 JJdd ‘g€ = oduanbas jo yjzbuan
SUOTIPID]T JUDI38IJTIP 3B Teublis paaIodonijzsuonay

:p 2anh1g

o
™ u
87
ddlﬂn—.-.-.--.--
r’..ll’\\ull..\u
K uor3le1IaIT |
- -
T e -t
SUDT31RII}T G
3 ]
b —
——
- SUOTIRIIIT () .
L -
- ZUoTIeJd931 07 -
r -l
SUOTILIaIT 0§
! SUOTIEI33T 007
PUSED DU UOUE U N S N Lo 4 ¢ 3 ¥ 4 o




*g = @aousnbas ay3 jo yibuay
“S9zZ1S JLJd JusasJJIp JO Ss23p1 adusabisauo) jo uostiedwo) g a1nbig

<t
o~
Iaquin uorTjei1a .
0-002 quoN 3 3T 0000
v T T T T 4 Y L Y | T Y T T L Y L§ ¥ Jﬂd.l.lhili.h.l.!..- ¥ T T T T T Wee' e
3 -ou.-..'fl ;
f/.;.

o s -

Ldd gel "

- Ldd 91 ——




g8 = 92ouanbas syl jo yybusg
POyl aul

BATILI3] T dATsSUerdXauoN pue uoTjexeial aaridepy Jo uosTtaedwo)

35

IaqunN uoT3IeIa)I

*9 210b1a

AL

™ v Y T T T T T v \J Y T T T

—ETTT T T
™~

gomT

.,
i 158

J‘..iu‘....’

.
-"

i JJ4 8zZ1 ‘°oat1idepy -—--
L ILJdJd B8Z1 ‘OATSURPdXDUON +—--—
[ Ldd 9| ‘’‘aar1ydepy -
” IAJd 91 ‘aAarsuedxauonN

A A ] L A Il A 'l i — ] L A ' I A i | /] — A A L 1 i

T Li

N

reed

E

901

00 oz



g = @2douanbas ayy jJjo syizbual
SPOYIOW dAaTIsurdxauonN pue juaipein ayl jo uostiedwo) 1y sanbrg

o' 002 JaqUNN uor3oisq] i T

L LJ G AJ L | L. - r L ¥ T L L] v d||1—lll|‘.|. L T r st ) ¥ . ;‘.. - .
L L) L] v T - .lf- .

S | ) /
et taa e, B S - ) /
[ -1-.-.......!.!..!..!. ..... II. / .__
i ST I
hRLLTEE a
T, I ’ l

901

Ldd B8ZL ‘judipein -—.—

LAd 8Z1 ‘oATsuedXdUON ----

T

Ldd 91 ‘jusaipean "~

ILJdd 91 ’‘2at1suedxsuoN ——




37
larger DTSs are used; i.e., it depends only on the length of
the sequence. Figure 8 shows the reconstruction of a larger
image. Figure 9 shows that for a larger seqguence the gradient
method performs poorer compared to the nonexpansive method.
Figure 10 shows that the adaptive relaxation converges the
fastest even for long sequences. It is seen that about 50
iterations are sufficient to achieve a good reconstruction
using this method. Of the three methods studied so far, the
adaptive relaxation method was found to be the most effective.
With very little additional computation, it schieves a much
faster convergence.

A 8 x 8 image was also used for reconstruction (see Fi-
gure 11a). A 64 x 64 DFT was used at each iteration and the
reconstructed signal is shown after 50 iterations (Figure 11b).
The reconstructed signal compares closely with the original
signal, even though each point is off by a small fraction.
Figure 11c shows the image, when rounding to the nearest
integer was used. This compares exactly with the orginal
signal. The inference is that for standard digital images,
it does not require too many iterations to achieve a S/N
ratio in the same order as the related quantization noise.
Therefore, it appears that about 50 iterations would be
adequate to get a fairly good picture as a reconstruction image.

Figure 12a through 12 f show the original and the recon-
structed image at various iterations. It is a 64 x 64 image
and a 128 x 128 DFT was used. It is seen that the reconstructed

image is of comparable guality to the original image. Figures
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—

L3 4 5 & 4 2 o 3 4 5 & 4 2 1
A 2 1 1 4 2 3 4 4+ 2 1 1 4 7 3
7 & 9 & 72 & 5 7 7 & 9 4 7 & S5 7
8 11 1315 7 8 9 4 8 11 13 15 7 8 9% &
¢ 3 12 5 & & & & 4 3 12 & & & & &
& & & 8 9 7 5 4 & & & 8 9 7 S5 &
? 11 7 9% 38 4 3 s ¢ 1L 7 9 3 4 3 s
1 8 8 S5 4 4 7 3 11 8 8 5 4 & 7 3
(a) ()
1,500 3.47¢ 4,089 5.078 Gstls $.072 2,054 1,001
4,084 2040 1,007 1.027 4,051 7058 L6130 4.0t
7.148 6.072 9,201 4,029 7.182 4,091 5,069 7.141
8.15¢ 11.24 13.15 15.38 7.080 3.127 .202 5,092
4,343 3.010 12,30 6,009 6:133 40129 $.082 §.112
2.0%% 8,125 5,084 8.150 F.1% 7,138 S.100 44034
3.132 11,26 7.092 9.186 8.159 4,057 3,03 - S.1:8
11.27 B.097% 8,195 5.095 4,054 4,109 7.167 3.033

(b)

Figure 11: Image Reconstruction, 8 x 8 image.
a) Original
b) Reconstructed image after 50 iterations
¢) Reconstructed image when rounding off is done
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a)

C)

e)

Fig. 12. Phase only reconstruction of a €4 x 64 image,.
a) original b) after 1 iteration
¢) 5 dterations d) 10 iterations

e) 20 iterations f) 50 iterations
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13a through 13f show the reconstruction for a larger image.
A 128 x 128 image was the test data and a 256 x 256 DFT was
used at each iteration. Here again near perfect reconstruction
is achieved.

Finally to demonstrate the ability to remove blur,
the image is severely lowpass filtered and the blurred picture
is shown in Figure 14b. The original is shown in 14a. The
reconstructed images at 20 and 40 iterations are shown in
Figures 14¢ and 144, respectively. It is apparent that the
reconstructed images are much sharper and are of comparable
guality to the original image.

In the reconstruction alogrithms, constraints such as
positivity can be imposed. Such constraints can be shown
to be a class of nonexpansive mappings and the algorithms
can be shown to converge. In fact such constraints make the

iterative schemes converge faster [7].
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a) D)
c) d)
e) £)

MEkN TORIC

Fig. 13. Phase only reconstruction (128 x 128)
a) original b) After 5 iterations
c) 15 iterations d) 30 iterations

e) 40 iterations f) 50 iterations



Fig.

14,

Reconstruction of an LPF image.

a) original b) LPF

c) After 20 iterations d) 40 iterations

(@3]



46

VII. CONCLUSIONS

In this report we have demonstrated that a signal can
be uniquely reconstructed from the phase of the Fourier trans-
form. The conditions for unigqueness were developed for one-
dimensional and multi-dimensional signals. Different algorithms
to do the reconstruction were also developed. Reconstruction
was demonstrated for some one-dimensional as well as two-
dimensional signals. Convergence rates of different algorithms
and the effect of signal length on the convergence rate were
studied. The ability remove blur for zerophase distortions
was demonstrated. Recently this phase only reconstruction
algorithm has been used as a means of implementing Hilbert
transformers for minimum phase signal [9]. The nonexpansive
iterative algorithms have been used to implement two-dimensional
filters iteratively [10].

Of the reconstruction algorithms that were considered

in this study, the adaptive relaxation method was found to be

the most effective. This assessment was made on the basis of
the m.s.e. incurred in reconstruction, convergence rate, and
computational considerations.

Certain problems need further investigation. One of
them is the sensitivity of the reconstructed signal due to
changes in phase information; i.e., how does the reconstructed
signal change due to inaccurate specification of phase?
Another problem of interest is to develop similar theorems

for reconstructing the signal from the magnitude information
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alone. Such problems are of interest in optics where only
the magnitude information alone is available in the form of
diffraction plane pictures.

Computer programs used to carry out the experimental

results reported here are given in Appendix C.



48

REFERENCES

[t] M.H. Hayes, J. S. Lim, and A, V. Oppenheim, "Signal
Réconstruction from Phase or Magnitude," IEEE Trans.
Acoust., Speech and Signal Processing, Vol. ASSP-28,
pp. 672-680. Dec. 1980.

[2] H. C. Andrews and B. R. Hunt, Digital Image Restoration.
Englewood Cliffs, NJ: Prentic Hall, 1977.

[3] M. H. Hayes, "The Reconstruction of a Multi-dimensional
sequence from the Phase or Magnitude of it's Fourier
Transform," IEEE Trans. Acoustic, Speech and Signal
Processing, Vol. ASSP-30, pp. 140-154, Apr. 1982.

[4] R. W. Gerchberg and W. O. Saxton, "A Practical Algorithm
for the Determination of Phase from Image Diffraction
Plane Pictures", Optik, Vol. 35, pp. 237-246, 1972.

[5] J. R. Fineup, "Reconstruction of an Object from the
Modulus of it's Fourier Transform", Opt. Letters, Vol.
3, Pp. 27«29, 1978.

[6] T. Quatieri, "Phase Estimation with Applications toc Speech
Analysis and Synthesis", Sc. D. dissertation, Dept. of
Elect. Eng., M.I.T., 1979.

(7] v. T. Tom, T. F. Quatieri, M. H. Hayes and J. H.
McClellan, "Convergence of Iterative Nonexpansive Signal
Reconstruction Algorithms", IEEE Trans. Acoustic, Speech
and Signal Processing, Veol. ASSP-29, pp. 1052-1058, Oct

1981.



49

[8] V. T. Tom, "Constrained Iterative Signal Reconstruction
Algorithms", Sc. D. dissertation, Dept. of Elec. Eng.,
M.I.T., Cambridge, 1981.

[9] T. F. Quatieri and A. V. Oppenheim, "Iterative Techniques
for Minimum Phase Signal Reconstruction from Phase or
Magnitude", IEEE Trans. Acoust., Speech and Signal Pro-
cessing, Vol. ASSP-29, pp. 1187-1193, Dec. 1981.

[10] T. F. Quatieri and D. E. Dudgeon,"Implementation of 2-D
Digital Filters by Iterative Methods", IEEE Trans. Acoust.
Speech and Signal Processing, Vol. ASSP-30, pp. 473-487,
Jun. 1982,

[11] A. V. Oppenheim, and R. W. Shafer, "Digital Signal Pro-
cessing, Englewood Cliffs, NJ: Prentice Hall, 1975.

[12] R. V. Churchil, J. W. Brown and R. F. Verhey, Complex
Variables and Applications, McGraw-Hill Book Company,

New York, 1960.

[13} J. §. Lim, J. C. Anderson and C. L. Searle,"Signal Recon-
struction from Cosine Transform Magnitude", Proceedings
of the IEEE, Vol. 70, pp. 1460-1462, Dec. 1982.

[14] J. R. Fineup, "Space Object Imaging through the Turbulent

Atmosphere", Opt. Engg., pp. 529-534, Sept. 1979.



50

ACKNOWLEDGMENTS

I would like to take this opportunity to thank
Dr. Nasir Ahmed, Dr. Donald Hummels and Dr. Rodney Bates
for being members of my graduate committee. 1In particular
I wish to thank Dr. Ahmed for his encouragement and
guidance. Thanks are also due to Marcus Junod for his
assistance in taking the pictures. I also wish to
thank the Department of Electrictrial Engineering for

their financial support.



51

APPENDIX A

Phase Unwrapping

From the definition of the phase of the Fourier transform

we have,

_ -1 |Imagi{x(w)]
Belwl = tan [;eal[x(w)]

where ex(w) is the phase of x(n}) and x(w) is the Fourier trans-
form of x{n). Since arctan function is a periodié function,
there are infinitely many values that ex(w) can have at each
value of w. One simple way to avoid this problem is to limit
ex(w) between -7 and -n. A typical phase function of this

type appears as/shown in Figure A-1-a.

It is seen that the phase function thus computed has a
finite number of discontinuities, where the values of ex(w)
jump from +m to -% and vice versa. In some problems like
homorphic filtering, one requires that ex(w) be a continuous
function for all w. To circumvent this problem, we add an
appropriate interger multiples of 2% to the value of ex(w)
obtained as shown above. Figure A-1-b shows the correction
to be added and Figure A-1-c shows the resulting phase that
is continuous for all w. A practical way of accomplishing
this would be to compute the phase with modulo 2w, detect the
discontinuities, and add 27 to the phase if it is needed. To
detect the discontinuities correctly, one should calculate

the phase at sufficiently large number of points. This is
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generally not a severe limitaticn because of the existence

of FFT algorithms.
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APPENDIX B

Non-Expansive Mappings

A metric space consists of a set X alcong with metric or
a distance function d defined on X. We simply refer to X as
a metric space and assume that an underlying metric d has been
defined on X. The distance function d is defined as follows.
N-1 X

: [x(n) - y(n)1? (A-1)
n=0o

4|

d(x,y)

A point x ¢ RN is an N-dimensional vector but will also refer
to an N-point sequence x(n). In this context, we assume that
x(n) is defined for all n with x(n) equal to zero outside the
interval [o, N-1].

A mapping F from a subset A of metric space X into X will
be represented notationally as F:A ¢ X +X. First we define
what is meant by a contraction mapping.

Let A be a subset of metrix space X and let F be a
mapping which maps A into itself. Then F is said to be con-
traction mapping if there is a constant a, o < o < 1, such

that for all x,y e A.
d(Fx, Fy) < a d(x,¥) (A-2)

A wider class of mappings results if we allow a equal to one
in the definition of contraction mapping. In this case, the

mapping F: A c X + X is said to be nonexpansive if

+The material in this section is taken directly from [7].
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d(Fx, Fy) < d(x,y) (A-3)

for all x,y ¢ A. The mapping F is strictly nonexpansive if

strict inequality holds in (A-3) when over x # yv. The proofs

of convergence and details on the properties of these mappings

can be found in [7].
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COMPUTATION OF FHASE 56

G FORTRAN S SCURCE FILENAME! FHASE .FR

Y 1 T Cr oy

LEFARTKENT OF ELECTRICAL ENGINEERING  KANSAS STATE UNIVERSITY

REVISION DATE PROGRAMMER

00.0 JAN 12, 1983 PLHARAN
LXRXRXRKEXKKERRARXRKEKEKEEEXALRA LR LA REEREETREXEREEEEXXRRREERXRKRLAX

_PURPOSE

THIS ROUTINE COMPUTES THE PHASE OF THE GIVEN

ONE DIMENSIONAL SIGNAL. IF DESIRED, PHASE

UNWRAFFING CAN BE DONE.

ROUTINE(S) CALLEL BY THIS ROUTINE

CFFT

DOOAOATOO0OOO0O0D oOa00m

CRRERRKEREX R IR LKL R KKK ERKE KKK KKK R EKKKK KKK KRR REKXERR AR R KKK K

[ ]

DIMENSION X{(312)
COMFLEX X
LOGICAL SIGNsLARGE

INITIALIZATION

(e B W e ]

STGN=,FALSE,
LARGE=,FALSE.
PHA1=0.0
THETA=0.0

T=1 ;

GET THE INPUTS NEEDEL

a0

ACCEFT * HOW MANY POINTS *sN
CALL BUERY(® INPUT BY HAND QR DISKFILE "rIANS)
IFCIANS.LT.0)GO TO 200

INFUT THROUGH TERMINAL

[ B B e |

D0 10 I=1,M
WRITE(10,1) I
1 FORMAT(’ INPUT X(“9IZy*)=> "92)
ACCEPT * "»B
X(I)=CMPLX(B+0.0)
10 CONTINUE
GO TQ 200

INFUT THROUGH DISK FILE

00 CALL OPENR(Os" INPUT FILENAME 7 "s4,F1)
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CALL READRW(OsIsAs1sIER)
CALL CHECK(IER?
R(II=CHPLX{A20.0)

I=I4t

IFCILGT.N)GG TO 200

G0 TO 100

CONTINUE

CHOOSE THE DESIREDR FFT SIZE

ACCEFT * HOW HANY POINT FFT "M

APFEND WITH ZEROS FOR THE DESIRED FFT SIZE
DO 40 I=N+1:M

X(1)=(0.0+0.0)

CONTINUE
K=M

COMFUTE THE FFT

CALL FFT(XsK+O)

CALL OPENW(1»* FHASE FILENAME 7 ':14,F2)
CALL GQUERY(" WNWRAP FHASE ? °rIANS)
IF(IANS.LE.Q)GD TO 500

THEDRITICALLY THIS IS 2%3.1415

ACCEFT * DISCONTINUITY SIZE *»DEL
CONTINUE

D0 20 J=1,M

D=REAL (X(J})

C=AIMAG(X(J))

CALCULATE THE PHASE

Y=C/h
PHA=ATAN(Y)

FIND OUT WHICH QUADRANT THE COMFLEX VECTOR IS IN.

IF(C,LT.0.AND.D.LT . 0)PHA=-3,144FHA
IF(C+GT+0ANDLDL.LT.0)PHA=Z.14+FHA

UNWRAP FHASE IF DESIRED

IF{IANS.LT.0)GO TO 400
IF(PHALXFHA.LT.0)SIGN=,TRUE.
IF(ARS(PHAL1-PHA).6T.DEL)LARGE=,TRUE.
UNWRAP=0.,0
IF(LARGE.AND.SIGN)UNWRAF=6.28
IF(PHA.GT .0 ) UNWRAP==UNKRAF
THETA=THETA+UNUWRAF

FHA1=FHA

FHA=FHA+THETA

SIGN=.FALSE.

LARGE=.FALSE,

57



QUTPUT THE “HASE FUNCTICHN

CALL WRITRW(i:JeFHAL1:IER)
CALL CHECK(IER)

COMTINUE

STOF
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3TGMAL RECONSTRUCTION FROM FHASE 59
UG FORTRAN 5 SOURCE FILENAME! MAG.FR
UEFARTHENT OF ELECTRICAL ENGINEERING KANSAS STATE UNIVERSITY

REVISION DATE FROGRAMMER

00,0 JAN 12, 1983 . F.HARAN

ERRKEEEKEIREX R R R KRR KRR ERKERERR KR KRR RERXEERRKRRKR

PURFOSE
THIS FROGRAM RECONSTRUCTS THE SEQUENCE FROM THE GIVEN
PHASE FUNCTION USING THE NONEXFANSIVE ITERATIVE METHOD.
ROUTINE(S) CALLED BY THIS ROUTINE

LFFT

OFENW

JFENR

b3S 2P0 03024030022t P 0P 2200000330000t eoR oot 0 Y]

OO0 MO cT OO OO0 T Cyen O o

DIMENSION XFHASE(S12),XMAG(S12),X(512)Y(512)sERR(1000)/1000%0.0/
COMFLEX X
DATA XMAG/312%1.0/9Y/512%0.0/

£

c REAL THE FHASE FUNCTION

C
ACCEFT * HOW MANY POINTS IN FHASE FILE ‘N
CALL OFENR(0»* PHASE FILENAME 7 "r4+F1)
CALL READRW(Os1sXPHASEsNsICyIER)
CALL CHECK(IER)

C .

c GET ALL OTHER INPUTS NEEDED

C
ACCEFT * LENGTH OF SERUENCE '»M
ACCEFT * MAXIMUM ¥ OF ITERATIONS *sNITER
ACCERFT * SCALE FACTOR *®sSCALE
ACCEPT * OQUTPUT INTERVAL 'sNOUT
CALL OFENW(1s' OUTPUT SEQUENCE FILENAME 7 "1+4+F2)
CALL OFENR(Zs'ACTUAL SEQUENCE FILENAME ? ‘s4,F1)
CALL READR(3s1sYsM»IC,»IER)
CALL CHECK(IER)

c

c INITIALIZATION

c
NDUMF=0
ITER=O
TREC=1

C

THE FROGRAMMING LOOF BEGINS HERE

by |
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50
CALCULATE X{w) FROM THE FHASE AND THE MAGNITUDE

I0 10 I=1»N
XREAL=XMAG( I XCOS({XFHASE(I))
XIMAG=XMAG(I XSIN(XPHASE(I})
X(Ii=CMFLX(XREALXIMAG)
CONTINUE

COMPUTE THE INVERSE FFT

CALL FFT(XsN-1)

OUT PUT THE CURRENT ESTIMATE OF THE SEQUENCE
IF DESIRED.

[F(NNOUMF.NE.NOUT)GO TO 300
C=REAL(X(1))

D0 40 I=1sN
YREAL=REAL(X(I))XSCALE/C

CALL WRITRW{1,IREC,»XREALs1,IER)
IREC=IREC+1

CONTINUE

NDUNP=0

NDUMP=NDUMF+1

MULTIPLY THE SEQUENCE BY THE SCALE FACTOR.

C=REAL(X(1))

00 40 I=1+M
XREAL=REAL(X{(I))
XREAL=XREAL/CXSCALE
XERR=Y(I)-XREAL

CALCULATE THE MEAN SQUARE ERROR

ERR(ITER+1)=ERR(ITER+1)+XERRXXERR
X(1)=CHPLX(XREAL:0.0} '
CONTINUE

SET x{(n)=0 OQUTSIDE THE INTERVAL 0<n+N

D0 20 I=#H+1sN

X(I)={0.04+0.0)

CONTINUE

WRITE(10s1) ITER

FORMAT(’ ITERATION # ‘»I3,’ IS COMPLETED )
IF(ITER.GE.NITER}IGO TO 400

- ITER=ITER+1

COMFUTE THE FFT
CALL FFT(XsNs0Q}

ESTIMATE THE CURRENT MAGNITUDE
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N0 30 I=1.N

AREAL=REAL(X!IT))

LIHAG=AINMAG! X (I 1)

XMAGIT) =XREAL®XREAL4+XIMAGXXINAG

AMAG{I =SOQRT(XMAB(T 1)

CONTINUE

GO0 TO 190

CALL OFENW(2»" FINAL OUTFUT FILENAME ',4,IER)
IREC=1 :

QUTPUT THE ERROR FUNCTION

CALL OPENW(4,'ERROR FILENAME 7 '»4+F1)
CALL WRITR(4+1sERR/NITER,IER)
CALL CHECK(IER)

QUTFUT THE RECONSTRUCTED SEQUENCE

L0 50 I=1,M
XREAL=REAL(X(I)}

CALL WRITRW(2,IREC,XREAL:1,IER)
CALL CHECK(IER)

IREC=IRECH!

CONTINUE

STOF

END
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IGMNAL RECOMSTRUCTIOM FRCH FHASE 62

ul

DG FORTRAN T SOURCE FILENAME! NEWMAG,FR
DEFARTHMENT OF ELECTRICAL EMGIMEERING KANSAS STATE UNIVERSITY
REVISION DATE PROGRAMMER

00.0 JAN 12, 1983 P .HARAN

bR S PEFSPEE I3 b TS eE 0300320300030 033 0032000800320 00303 3000000000 0TS

PURFOSE
THIS PROGRAM RECONSTRUCTS A SEQUENCE FROM THE GIVEN
FHASE FUNCTION USING THE ADAPTIVE RELAXATION METHOD.

ROUTINE(S) CALLED RY THIS ROUTINE
OFENR

OFENUW
OFFT

ST+ 3203403333230 0823330 5003800003320t 00t00E2202000008 0

DiHENSIDN XPHASE(S12) s XMAG(TI12)» X(T12)»XR(512)/512%0.0/
LIMENSION ERR(O:311)/3512%0.0/,X1(312)/312%0.,0/

COMFLEX X
DATA XMAG/S12X%1.0/

READl THE PHASE FUNCTION

ACCEFT * HOW MANY FOINTS IN PHASE FILE "N
CALL OFENR(Os" PHASE FILENAME 7 "»4,F1)
CALL READRW(Qs1,XPHASEsN,»ICsIER)

CALL CHECK(IER)

GET ALL OTHER INFUTS MEEDED

ACCEFT * LENGTH OF SEQUENCE *'»M

CALL OFENR(I,»*ACTUAL SEQUENCE FILEMAME 7 '14,F1)
CALL READR(3+1sXReM»ICsIER)

CALL CHECK(IER)

ACCEPT " MAXIMUM # OF ITERATIONS °*,NITER

ACCEPT * SCALE FACTOR *rSCALE

INIALIZATION

ITER=0
IREC=!

THE MAIN PROGRAMMING LOOF BEGINS HERE

CALCULATE X{(w) FROM THE PHASE AND THE MAGNITUDE



00 0g 10 I=1.NM
AREAL=4MAG{I)#COS{XPHASE(I) Y
YIMAG=XMAG( I)XESIN(XFHASE(LY)
£LT=CHPLXCXREAL » XIMAG)
COMTINUE

[

COMFUTZ THE INVERSE FFT

[ TN o B e S S

CALL FFT{XsN»1)
C=REAL(X(1})
XNME=0.0
DENN=0.0
FACT=SCALE/C

CALCULATE THE ADAFTIVE PARAMETR LAMDA

[N ]

DO 70 I=MW+i:N
XREAL=REAL(X(I)YXFACT
A=X1(IIXX1(T)
B=X1(I)XAREAL
XNMR=XNMR+E-4A
DEMM=TENM+(XREAL-X1{I} Y R(XREAL-X1(I})
79 CONTINUE
XLAM=-XNMR/DENM
00 50 I=1sN
XCT)=XLAMXFACTRX (D) +{1,.0-XLAM)RX1(I)
IF(I.EQ.1IC=REAL(X(I))
X1(Ii=REAL(X(I))/C*SCALE
go CONTINUE
C=REAL(X{1})

c

c CALCULATE THE MEAN SQUARE ERROR

C
DO 90 I=1sM
XREAL=REAL (X(I))%xSCALE/C
ERR(ITER)=ERR(ITER)}+(XREAL-XR{I))%x%2
2(L)=CHPLX{XREAL»Q.0)

?0 CONTINUE

c :

M SET #{(n)=90 QUTSIDE THE INTERVAL 0<n<N

c
00 20 I=H+1i,MN
K(I)=(000!0t°}

20 CONTINUE
WRITE{10s1) ITER

1 FORMAT(" ITERATION # ’,I3s’ IS COMFLETED )
IF{ITER.GE.NITER)GO TO 400
ITER=ITER+!

C

E COMPUTE THE FFT

g
CALL FFT{XsNs0)

CALCULATE THE CURRENT ESTIMATE OF THE MAGNITURE

L S Y o
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U3 30 T=t+N

IREAL=REAL(X(I))
XIMAG=AINAB(XII )

AMEGIT) = REALXXREALE X IMAGRXIMAG
*MAGCI)=5QRT{XMAG(I))

CONTINUE

GO TO 1090

CALL OPENW(2s* FINAL OUTPUT FILENAME °"»4,IER)
QUTPUT THE ERROR FUNCTION

CALL OPENW(4,"'ERROR OUTPUT FILENAME ? ®»4,F1)
CALL WRITR(4s1,ERRsNITER,IER)
CALL CHECK(IER)

QUTPUT THE RECONSTRUCTED SEQUENCE

[REC=1

D0 5¢ I=LlsM

XREAL=REAL{(X(I))

CALL WRITRW(Z,IREC)XREAL,1,IER)
CALL CHECK(IER)

IREC=IREC+1

CONTINUE

STOF

ENT
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SIGHAL SECONSTRUCTION FROM PHASE 85
08 FORTRAN © SOURCE FILENAME! HEW.FR
DEFARTMENT OF ELECTRICAL ENGINEERING KAMSAS STATE UMIVERSITY
REVISION DATE ' FROGRAMMER
0.0 SN 125 1982 PLHARAN
ERKKKERKKKKEKKKKKKRKERRRKKKKRKEKKREAKE R KA ERRAEREEE AR KK KKK R RRKRRR KKK
FURPOSE

THIS FROGRAM RECONSTRUCTS THE SIGNAL FROM THE GIVEN
FHASE FUNCTION USING THE GRADIENT METHOD.

ROUTINE(S) CALLED BY THIS ROUTINE
GFENR
OFENW
CFFT

Lt LSt D sttt i sttt tte et atts et et sestesodacctsssyesestessssis:

OCOOOOQOCO O OO0 0O00O00000 000 e

DIMENSION X(0$511)sERR(S12)sPHASE(S12)+XA(0:233) sXERR(1000)
COMPLEX ERRsPHASE,CTEMP,ATEMP(312)

REAL NMR

DATA XA/256%0.0/»XERR/1000%0.0/

ITER=(

oy BN ap |

GET THE FHASE FUNCTION

ACCEPT. * HOW MANY POINTS IN PHASE FILE 7 "N
CALL OFENR(Qr* FHASE FILENANE 7 "sNX4,F1)
CALL REALR(Os1:X»1,ICs1ER)

CALL CHECK(IER)

b B )

FORM THE FPHASE AS A COMPLEX ARRAY

00 19 T=0sN-1

FHREAL=COS(X(I))
PHIMAG=SIN(X(I))
FHASE(1+1)=CMPLX(FHREAL sPHIMAG)

0 CONTINUE

READ IN THE ACTUAL SEDUENCE

3 CY O -

ACCEFT ' HOW MANY FOINTS IN THE SEQUENCE 7 "M
CALL OFENR(1:® ACTUAL SEQUENCE FILENAME 7 *:MX4,F1)
CALL READR(1-1:,XAs1,IC:IER)

CALL CHECK(IER?

b |

INPUT ALL FARAMETERS
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ACCERPT ' HOW MANY ITERATIONS 7 "»NITER
ACCEFT ' CONVERGEMCE FARAMETER HU ' :XMU

START WITH UNMIT MAGNITUDE AND ESTIHATE
THE STARTING SIGMAL VECTOR.

00 20 I=1sN
ERR(I}=FHASE(I)

COMFUTE THE INVERSE FFT
CALL FFT{ERRsN»1)
SCALE THE SERUENCE

SCALE=XA(Q)
C=REAL(ERR(1))
£=5CaLE/C

D0 30 I=1+M
¥({I-1)=REAL{ERR{I)1%C
CONTINUE

THE MAIN FROGRAM LOOP BEGINS HERE

CALCULATE THE MEAN SQUARE ERROR

00 40 I=0sM-1
XERR(ITER+1)=XERR(ITER+1)+(XA(I)=X(I))%x*2
CONTINUE

FORM THE VECTOR Y

ERR(1)=CHFPLX(XA(0)+0.0)

00 50 I=2:H

ERR(I)=CMPLX(X(I-1)+0.,0)

CANTINUE

THIS FART AFPENDS THE VECTOR x WITH ZEROS

00 60 I=M+tl:N
ERR(I)=CMPLX(Q0.,0+0.0)

COMFUTE THE INVERSE FFT

CALL FFT{ERRsNs1)

D0 70 I=1:N

MULTIPLY BY THE PHI MATRIX
ERR(I)=ERR(I)$PHASE(&)
EXTRACT THE IMAGINARY PART

TEMP=AIMAG(ERR(I))
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CTEMP=CHPLX(TEMF+0.0)
MULTIFLY BY THE FHI HATRIX AGAIN

cRAR({IV=CTEMFXFPHASE/T)
CONTINUE

COMPUTE THE INVERSE FFT

CALL FFT(ERRrN:1)
NMR=0.0

CALCULATE THE NUMERATOR PART OF MU

00 110 I=2,M
NMR=NMR+AIMAG(ERR(I))%X2
CONTINUE
ATEMP(1)=(0,0+0.0)

CALCULATE THE DENOMINATOR FART OF MU

00 120 I=2+H
TEMF=AIMAG(ERR(I))
ATEMF(I)=CHFLX(TEMP,0.0)
CONTINUE

DO 130 I=M+1.N
ATERP(I)=(0.0,0.0)

CALL FFT({ATEMFsNs1)
DENN=0.0

00 140 I=1.N
CTEMP=ATEMP(I)XFHASE(I)
TEMP=AIMAG(CTEMF)
DENM=TIENM+TENFXTEMF
CONTINUE

CALCULATE MU
XMU=NHR/DENM

UPDATE THE ESTIMATE OF THE SIGNAL
DO 80 I=1sH-1
TEMP=AINAG(ERR(I+1))
X(I)=X(1)-XNUXTENP

CONTINUE

ITER=ITER+1

OUTPUT THE CURRENT ERROR

WRITE(10s1) ITERsXERR{ITER)

FORMAT(® ITERATION # = *»I46»" ERROR =

IF(ITER.LE.NITERJIGO TO 100

QUTPUT THE RECONSTRUCTED SEQUENCE

'1616.8)

CALL OPEMW(Zs"FINAL OUTPUT FILENAME 7 ":4:F1)

CALL WRITRIZs1+X:HsIER)

67
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CALL CHECK(IER)
CUTFUT THE ERROR FUNCTION

CALL OPENW(Zs" ERRCR OUTFUT FILENAME 7 'sd,F1)
CALL WRITR(ZsL+XERRsNITER,IER:

CALL CHECK({IER)

STOF

END
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T4l DIMENSIOHAL SIGNAL RECOMSTRUCTION FROM FHASE

UG FORTREAN T SOURCE FILENAME: TWOD.FR

59

DEFARTMENT OF ELECTRICAL EMGINEERING RANSAS STATE UNIVERSITY

REVISION DATE FROGRAMMER

00.0 JAN 12y 1983 P.HARAN

FURPOSE

THIS PROGRAM RECONSTRUCTS A TWO DIMENSIONAL SIGNAL
FROM ITS GIVEN FHASE FUNCTION USING THE NONEXPANSIVE
ITERATIVE SCHEME. THIS USES TWO-DIMENSIONAL FFTS

ROUTINE(S) CALLED BY THIS ROUTINE

OFENR
OFENW
THOMN
FTIOMN
FFT2D

INTEGER IOFILE(13)sPHFILE(13)sIUFD(18)
COMMON /0PN/ IUFDyIOFILE

ITER=0

GET THE FHASE FILENAME

CALL OPENR(Os" PHASEFILENAME 7 *s4:F1)
D0 10 I=1513

PHFILE(I)=I10FILE(D)

CaLL CLOSE(O,IER)

GET THE DATA FILENAME

CALL OFENW(1,* OUTPUT FILENAME ®,4»F1)
CALL CLOSE(1sIER)

BET ALL INPUT PARAMETERS

ACCEPT " IMAGE SIZE "sN

ACCEPT * FFT SIZE "M

ACCEPT * VALUE OF THE IMAGE AT ORIGIN *:X%0
ACCEFT " MAXIMUM NUMBER OF ITERATIONS *sNITER
ACCEPT * PAUSE AT 7 ', INTER

THE MAIN PROGRAM LOOF BEGINS HERE
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AFFLY FREQUENCY UOMAIN CONSTRAINTS
Call FOOMN{IOFILESFHFILE.M)
COMEUTE THE Z2-0 IFFT

Call OFT2D(IDFILEsMe1)

AFFLY THE TIME DOMAIN CONSTRAINTS
CALL TDOMN(IDFILEsMsNsX0)

CHECK IF PAUSING IS DESIRED

IFCITER.NE.INTER)GO TO 200

THIS IS DONE TO GET THE CURRENT
RECONSTRUCTED SEQUENCE

FAUSE ' PAUSING TO CHECK RESULTS *
ACCEFT '* NEXT FOINT TO PAUSE '/,INTER
IF(ITER.GE.NITER) GO TO 200

COMFUTE THE 2-D FFT
CALL DFT2D(IOFILE.M-0)

ITER=ITER+1
WRITE(10,1) ITER

FORMAT(//»“ITERATION NUMBER ‘»I3s" JUST COMPLETED ‘»//)

GO TO 100
STOF
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A EREQUENCY DOMAIN CONSTRAINTS 71
n 06 FORTEAN 5 SOURCE FILENAME: name of file on disk

c DEFARTMENT OF ELECTRICAL ENGINEERING KANSAS STATE UNIVERSITY
c

C REVISION DATE PROGRAMMER

C ________ AR e e v v v i i

> 00,0 JAN 12, 1983 P . HARAN

c
CRXRXXEREREEERREEREREREEERXKXKAEEXXKEAXKXEXXXXXKELXLERREKRREEERKEREXEKRKX
c

C PURPOSE

c

o THIS FROGRAM IMPLEMENTS THE FREQUENCY DOMAIN

C CONSTRAINTS, THIS READS THE GIVEN ESTIMATE

n OF THE SIGNAL SFECTRUM AND IMPLENTS THE

C GIVEN FHASE CONDITIONS.

C

c ROUTINE(S) CALLED BY THIS ROUTINE

C

o NONE

c

C

C ARGUMENTS REQUIRED FROM THE CALLING ROUTINE

¢

c IOFILE -> 26 EYTE DATA CONTAINING THE NAME OF

c THE DATA FILE

c

c PHFILE -» 2& BYTE DATA CONTAINING THE NAME OF

c THE PHASE FILE

e

c M - SIZE OF THE .FFT USED

c )
CRRKKKAXETEKEIKXRRIAKKKK KKK EAX KKK LR T XK KXAKRKE R KKK KEKKKKK KKK KKK
c

SUBRQUTINE FDOMN(IOFILE,PHFILE,M)
DIMENSION IOFILE(13) PHFILE(L13)sPH(SI2)
INTEGER FHFILE

COMPLEX X(512)

COWMON /DUM/ X

DATA ITER/1/XMAG/1.0Q/

IREC1=M%x4
IREC2=Mx%83
c
c THIS IS INCLUDEDL TO CONTINUE THE ITERATION
c FROM WHERE IT LAST STOPPED,
C
IFCITER.EQ.L)TYPE * INPUT 1 IF YOU ARE®
[F{ITER.EQ.1)ACCEPT" IN THE MILDLE OF ITERATION "'rIANS
TF(IANS.EQ.1)ITER=2
€
c OFEN DATA FILE
C

CALL OPEN(&yIOFILE»2yIREC2yIER?
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CALL CHECK(IER)
CFEN FHASE FILE
CALL OPEN(7,FHFILE»2sIRECI-IER)
CALL CHECK(IER}

00 10 I=1yM
IF(ITER.EQ.1)GO TO 200

READ ONE ROW OF DATA

CALL READR(&+I+Xs1»ICsIER)
CALL CHECK(IER)

READ ONE ROW OF PHASE

CALL READR(7+I+PHs1+IC,IER)
CALL CHECK(IER)

00 20 J=1sM ,
IF(ITER.EQ,1)60 TO 100
CALCULATE THE CURRENT MAGNITUDE
XMAG=CARS(X(J)) .

APPLY THE PHASE CONDITIONS
XREAL=XHAGXCOS (PH(J))
XIMAG=XMAGXSIN(PH({J))

X (J)=CMPLX(XREAL s XIMAG)
CONTINUE

DUTPUT THE NEW ESTIMATE OF THE FOURIER TRANS FORM
CALL WRITR(&sIsX+1sIER)

CALL CHECK(IER)

CONTINUE

CLDSE ALL FILES

CALL CLOSE(4¢IER)

CALL CLOSE(7,IER)

ITER=10Q
RETURN
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TIME DOMAIN CONSTRINTS 73
DG FORTRAN S SOURCE FILENAME: THOMM, FR
DEFARTMENT OF ELECTRICAL ENGINEERING KANSAS STATE UNIVERSITY
REVISION DATE FROGRAMMER
0.0 JAN 12, 1983 P HARAN
XXXXKXKEEKKKKEEKKRKXXKKALRRKREKKARKKXKRRRRRKKKXXXXK XXX KKRERKEKKKXRKX AR
PURFOSE
THIS FROGRAM IMPLEMENTS THE TIME DOMAIN CONSTRINTS

IN THE FHASE ONLY ITERATION ALGORITHMS. THIS MAKES
THE SIGNAL ZEROC OUTSIDE THE DEFINED INTERVAL AND

ALS0 CORRECTS FOR ANY NEGETIVE VALUES FOR PEL
VALUES.,
ROUTINE(S) CALLED BY THIS ROUTINE

NONE

ARGUMENTS REQUIRED FROM THE CALLING ROUTINE

IOFILE -> 24 BYTE DATA CONTAINING THE NAME OF THE

DATA FILE
N - -» FFT SIZE USED
N -» SIZE OF THE SEQUENCE
X0 -» SCALE FACTOR

AXEEKKKELEEKEKRKK KKK KRERRIRAKERRRIERRKKKKK KA KRR KKK A K
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SUBROUTINE TDOMN(IOFILE,M:N»X0)
DIMENSION IOQFILE(13)sX(312)
COMPLEX X

COMMON /DIUM/ X

IREC=Mx8

OPEN THE DATA FILE

[ B B

CALL OPEN(6sIOFILE»2,IREC,IER)
CALL CHECK(IER)

i

00 10 I=1:N

READ OME ROW OF DATA

[om B I o |

CALL READR(&sI+Xs1+1C,IER)
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FIND THE SCALE FACTOR
74

CALL CHECK({IER}

SCALING IS DONE BY THE FOLLOWING LOOF
[0 50 KK=1:N

XIKK)I=X(KK) /X1%X0

A=X(KK)

CHECK FOR NEGETIVE VALUES AND CORRECT

[FCALT0IX(KK)=0,0
CONTINUE

SET THE SIGNAL EQUAL TO ZERO OUTSIDE THE
DEFINED INTERVAL.

00 20 J=N+1sM
X(J)1=(0,010,0)

CONTINUE

OUTPUT ONE ROW OF DATA
CALL WRITR(&»I+Xs1sIER)
CALL CHECK(IER)
CONTINUE

SET THE SIGNAL EQUAL TO ZERO QUTSIDE THE
DEFINED INTERVAL

00 40 I=1.M
X(I)=(000!000)
CONTINUE

QUTPUT THE DATA

D0 30 I=N+1:M

CALL WRITR(4+IsXs1sIER)
CALL CHECK(IER)
CONTINUE

CLDSE THE DATA FILE

CALL CLOSE(&»IERR)
RETURN
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IG FORTRAN 5 SOURCE FILENAME! FFT20.FR
IEFARTMENT OF ELECTRICAL ENGINEERING KAMSAS STATE UNIVERSITY
REVISION DATE PROGRAMMER
0.0 AN 12, 1983 P . HARAN

L3RR e B e e e St s e e e st T e et 0320082882883 88s.
PURFOSE
THIS PROGRAM COMPUTES THE TWO DIMENSIONAL FFT USING

- ONE-DIMENSIONAL FFTS, THIS IS DONE BY COMPUTING 1-D

FFT FIRST FOR ROWS AND THEN FOR COLUMNS.
ROUTINE(S) CALLED BY THIS ROUTINE

DFFT

ARGUMENTS REQGUIRED FROM THE CALLING ROUTINE

IOFILE -» 26 BYTE DATA CONTAINING THE NAME
OF THE DATA FILE

4 -+ SIZE OF THE FFT NEEDED
INV -+ 0 MEANS FFT AND 1 MEANS INVERSE FFT

AR R R E AR LR R LR ERR RO X
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SUEROUTINE DFT2D(IOFILEsM»INV)

DIMENSION X{(312),X2(512,8),BLK(8)IOFILE(13)
COMPLEX X:X2,BLK

COMMON /DUM/ X

EQUIVALENCE (X{1)sX2(1s1))

IREC=Mx%8

r

C OPEN THE DATA FILE

c
CALL OPEN(&yIOFILE»2yIREC,IER)
CALL CHECK(IER}

c

c COMPUTE THE FFT ALONG ROWS

C -

0D 10 I=1:HM

CALL READR(&9I+Xs1+IC,IER)
CALL CHECK{IER)

CALL FFT(X MsINV)

WRITE TEMFRORARY DATA ONTS DRISK

[ L B ¢ )
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Call WRITR(&»I»Xe1s1IER)
CALL CRECK(IER)
CONTINUE

caLL CLOSE(S.IER)

CALL CHECK(IER?

NOW THE FROEBLEM IS COMFUTE THE FFT ALONG
COLUMNS., THIS IS DONE BY READING 8 COLUMNS
AT A TIME AND DO B FFTS. THE POINTER IREC
POINTS TO THE CURRENT RECORD BEING READ.

LENGTH=64

CALL OPEN(&,IDFILEs2,LENGTH»IER)
CALL CHECK(IER)

N=M/8

DO 20 I=1i,N

DO 30 J=1+M

IREC=NX(J=-1)+I]

CALL READR(&4sIRECBLKs1,ICrIER)
CALL CHECK(IER)

STORE THE 8 COLUMNS OF DATA IN THE ARRAY X2

DO 40 K=1,8
X2(JsK)=BLK(K} .
CONTINUE
CONTINUE

TAKE 8 FFTS ALONG COLUMNS

DO SO K=1.8
CALL FFT(X2(1:K} M2 INV)
CONTINUE

QUTFUT 8 COLUMNS.OF DATA

PO &40 J=isM

N0 70 K=1.8
BLK(K)=sX2(JsK)/IFIX(M)
CONTINUE

IREC=(J=1)XN+I

CALL WRITR(&s,IREC,BLKs1:IER)
CALL CHECK(IER)

CONTINUE

WRITE(10s1) I%8
FORMAT('EIGHT COLUMN DFTS ENDING WITH'sI4»'’
CONTINUE

ELOSE THE FILES
CALL CLOSE(4y1ER)

CALL CHECK(IER)
RETURN

JUST FINISHED’)
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C

f THO DIMENSICON FILTERING FROGRAM b
C

G LG FORTRAN T SOQURCE FILENAME? 2LFIL.FR

6 DEFARTMENT OF ELECTRICAL ENGINEERING KAMSAS STATE UNIVERSITY
c

E REVISION IATE FROGRAMMER

0 e s ekl

C 90.0 FEE 11, 1980 MYRON FLICKNER -

c

43420 RS PP R 0886333833388 3338434333833 808833333 0¢0¢3¢33 8¢ 444433
C

C PURFOSE

c

Iy THE ROUTINE DCES TWO DIMENSIONAL FILTERING OF

C AN IMAGE INPUT FILE. THE FILTERING IS [ONE

c IN THE FREQUENCY DOMAIN VIA THE 2 DIMENSIONAL FFT,

C SEVERAL FILTER TYFPE CAN BE IMPLEMENTED.

C :

g ROUTINE(S) CALLED BY THIS ROUTINE

c

C BLFF

C OFTS

C OPENR

C OPENW

r READR

C WRITR

C

B EPPEP I E 0P PT R4 s P22 0P+ 8083835803033 5343532383033 383038303 03080208044
C

C use this space for sdded information unigue to this routine

C

S e 282t e Rt st ttstssttsotttdsssstsddstsstbossvisesiiotestsstessetsdeidss
C

COMPLEX IMAGE(64:64),YLINE(64)

REAL XLINE(&4)

INTEGER ILINE(64)

LOGICAL HP

ACCEPT ’ IMAGE SIZE (MUST BE A POWER OF TWO) ? ‘.M
CALL ASK( ¢ HIGH FASS FILTER ? ‘s HF )

IF( +NOT., HP ) TYPE ’ LOW PASS FILTER SELECTED
ACCEFT / VALUE OF DO (CUTOFF FREQUENCY) 7 ’» DO
ACCEPT * ORDER OF FILTER 7 ‘N

CALL -OPENR(Q»’ INPUT IMAGE FILENAME 7 ’M,»FSIZE)
CALL OPENW(1,’ QUTPUT FLOATING POINT FILENAME 7 ’,M%X4,F)

c
C GET BYTE DATA BY ROWS AND CONVERT TO COMPLEX
£ THEN TAKE FORWARD FFT BY ROWS
c
DO 1000 NLINE=1,M4
CALL READIR(OsNLINE,ILINE:1,ICNT,IERR)
c

DO 1003 NELEM=1,M
IBYTE=BYTE{ILINENELEM) ¥ ((-1)XXR(NELEH+NLINE})
1203 IMAGE (NELEMyNLINE)=CHMPLX{FLOART{IEYTE}+ (. 0Q)



CALL DFTS(IMAGE(1+NLINEI»#+0)
CONTINUE

00 1010 NELEM=L/HM

B
g GET A COLUNMN OF DATA
g
00 1015 NLINE=1+M
1015 YLINE(NLINE)=IMAGE (NELEM/NLINE)
C
c TAKE FFT OF THE COLUMN
c
CALL DFTS(YLINEsM+0)
C
r MULTIPLY THE RESULT BY THE TRANFER FUNCTION
C
IFC HP ) CALL BHFF{YLINE MsNELEMsDOsN)
IF( .NOT. HPF } CALL BLPF(YLINEsMsNELEM)»DOsN)
f
c TAKE INVERSE TRANSFORM OF THE COLUMN
£
CALL DFTSC(YLINEsHM»1)
C
C REFLACE COLUMN IN IMAGE MATRIX
c
D0 1020 NLINE=1,HM
1020 IMAGE (NELEMsNLINE)Y=YLINE (NLINE)
o
1010 CONTINUE
f
c NOW TAKE INVERSE FFT OF ROWS
G
0 1025 NLINE=i.M
CALL DFTS(IMAGE(1sNLINE) sMs1)
¢
c MOVE THE DATA INTO REAL OUTPUT BUFFER
£
D0 1030 NELEM=1sM
R = REAL( IMAGE(NELEMsNLINE) )
Al = AIMAG( IMAGE(NELEMsNLINE) )
XLINE(NELEM) = SQRT( RXR + AIXAI )
1030 CONTINUE
C
) WRITE QUT THE OUTPUT BUFFER TO DISK
C &
CALL WRITR(1sNLINEsXLINEsi,»IERR)
1025 CONTINUE
C
c CLOSE ALL OPEN FILES
c
CALL RESET

STOF * NORMAL TERMINATION

END
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ABSTRACT

This is a tutorial paper on Signal Reconstruction from
phase. The conditions for uniqueness of a signal of known
phase is discussed. Algorithms for the reconstruction are
developed and a comparison of the different methods shows
that Adaptive Relaxation is the best method. 1Image recon-
struction using phase information is shown and the ability

to remove blur is demonstrated.



