
III. Imaging and De
onvolutionFourier Transform ImagingA Fourier Transform relation exists betweenthe sky brightness I , the primary beam patternA, and visibility V :A(l;m)I(l;m) = Z +1�1 Z +1�1 V (u; v)e2�i(ul+vm)dudv
\Dirty Image":ID(l;m) � Z +1�1 Z +1�1 S(u; v)V 0(u; v)e2�i(ul+vm)dudvwhere S(u; v) denotes the sampling fun
tionand V 0(u; v) the observed (noisy) visibility. Ina brute for
e evaluation, a DFT 
an be made atevery N �N grid asID(l;m) = 1M MXk=1V 0(uk; vk)e2�i(ukl+vkm):



Sampling Fun
tion:S(u; v) = MXk=1 Æ(u� uk; v � vk)Sampled Visibility Fun
tion:V S(u; v) � MXk=1 Æ(u� uk; v � vk)V 0(uk; vk)i.e., V S = SV 0Let F denote the F.T. operator:ID = FV S = F(SV 0)By the 
onvolution theorem:ID = FS � FV 0For a point sour
e of unit strength at (l0,m0),jV 0(u; v)j = 1FV 0(l;m) = Æ(l � l0;m�m0)) FS � FV 0 = FS � Æ = FSThus, synthesized beam B = FS.



Weighted Sampling Fun
tion:W (u; v) = MXk=1RkTkDkÆ(u� uk; v � vk)� Rk = reliability weight (e.g. ���T 2sys )� Tk = tapering weight (beam shaping)� Dk = density weight{ \natural weighting": Dk = 1{ \uniform weighting": Dk = 1Ns(k)Weighted, Sampled Visibility Fun
tion:V W (u; v) � MXk=1RkTkDkÆ(u�uk; v�vk)V 0(uk; vk)i:e:; V W = WV 0In this 
ase, synthesized beam isB = FW



De
onvolutionV (u; v) = Z +1�1 Z +1�1 I(l;m)e�2�i(ul+vm)dldmIn general ID = B �FV , and if ID and B areknown, it is mathemati
ally possible to re
overI � FV by Fourier Transferring ID, dividingby F�1B, and Fourier Transform ba
k, i.e.I � FV = F�1( FIDF�1B )In pra
ti
e, uv-sampling is �nite and F�1B =W is zero at many pla
es, and the division byW is not possible. Therefore the re
overy ofI(l;m) is not possible through a linear trans-form.Instead, a non-linear de
onvolution might bedone by 
onstru
ting a 2-D model image Î thatsatis�es,V̂ (u; v) = NlXp=1 NmXq=1 Î(p�l; q�m)e�2�i(pu�l+qu�m)



whi
h is related to true visibility asV (u; v) = W (u; v)(V̂ (u; v) + �(u; v))where �(u; v) is a 
omplex, random error.By the 
onvolution theorem,IDp;q = Xp0;q0 Bp�p0;q�q0Îp0q0 + Ep0q0
Non-Uniqueness:Some of the spatial frequen
ies allowed in themodel are not present in the data, and 
hangingthe amplitude of the 
orresponding sinusoids inI have no e�e
t on the �t to the data. In par-ti
ular, any fun
tion Z that satis�es B �Z = 0
an be added to the solution and satisfy the
onvolution equation.



The CLEAN AlgorithmApproximate an image as an ensemble of pointsour
es in an otherwise blank �eld and de
on-volve ea
h point sour
e using a simple iterativeapproa
h. The �nal de
onvolved image (theCLEAN image) is the sum of these CLEAN
omponents 
onvolved with a (Gaussian) CLEANbeam.� H�ogbom (1974) algorithm1. �nd the peak in the dirty image2. subtra
t 
IDp;q � B at the peak position(
 � 1)3. 
onstru
t Î using the position and mag-nitude of the subtra
ted 
omponent4. loop ba
k until some threshold level isrea
hed5. 
onvolve Î with an idealized CLEAN beam6. add the residual noise in the dirty mapto Î .



� Clark (1980) algorithm { the time 
onsum-ing step of shifting and s
aling of dirty beamis done as a 
onvolution using a 2-D FFT.� Cotton-S
hwab algorithm (S
hwab 1984) {similar to Clark algorithm but CLEAN 
om-ponents are subtra
ted on the ungridded vis-ibility data (redu
ed aliasing noise and grid-ding errors).� Major short
omings:{ highly non-linear pro
ess{ extended sour
es poorly modeled{ \noise" analysis diÆ
ult



Maximum Entropy Method (MEM)
\Entropy" H is de�ned asH = �Xk Ik ln IkMkwhere Mk is a \default" image in
orporatingany a priori knowledge. Maximize H subje
tto the 
onstraint that�2 = Xk jV (uk; vk)� V̂ (uk; vk)j2�2V (uk;vk)be equal to its expe
ted value.Major short
omings:� image tends to be smooth� varying resolution with S/N� bias and positivity


