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CHAPTER3

Zeroth order validation of TKP source
extraction and source measurement code

3.1 Abstract
The source extraction and source measurement modules in the TKP software pipeline were

validated by processing a large number of different maps with and without artificial point

sources. To make those maps, the visibilities of a certain VLA observation were replaced by

Gaussian noise. The point sources, with the size and shape of the appropriate restoring beam,

were inserted in the images. We tested the background and noise estimators, the deblend-

ing algorithm, the False Discovery Rate algorithm and the peak flux density and position

measurements.

3.2 Description
Zeroth order validation is the first step in the validation of the TKP source extraction and

source measurement software. It comprises of a series of tests on artificial maps whose prop-

erties are completely controlled and known. Sources are therefore inserted directly in the

image plane, to avoid the introduction of biases from a cleaning process. Although these

biases are probably small and can be quantified, we decided to conveniently avoid them at

this first stage in the validation process. The next step, first order validation, would involve

the insertion of sources in visibilities. The maps from those visibilities would then be cleaned

using some appropriate algorithm. Subsequently, the measured fluxes and positions would

be compared with the corresponding values of the inserted sources. After that, second order

validation would use real maps with cleaned sources, e.g., NVSS and WENSS maps, and
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compare the source parameters derived by the TKP software with the corresponding cata-

logues that were constructed using different source extraction packages.

3.3 General
All of the output from the TKP source extraction and source measurement software, such

as noise and background levels and source parameters are considered sufficiently accurate

if they are the ”best”estimators of the true values. However, ”best”estimator as such is an

ill defined concept. In general, since an extremely large number of maps will be processed

by the TKP, we will want all of our estimators to be unbiased. This means that the sample

estimators of a certain quantity averaged over the total number of samples, should be equal

to that quantity over the complete ensemble. We also require the sample estimators to have

the smallest possible mean squared error (M.S.E.). It is known from statistics that these two

requirements cannot always be met simultaneously and I will discuss those cases when they

occur.

3.4 Source free maps
The maps were made by adding Gaussian noise to the visibilities of the dataset from the

discovery observation of GCRT J1745-3009 (Hyman et al. 2005), using the AIPS task

’UVMOD’. The actual data were not used, just the (u, v) coverage of this observation. Gaus-

sian noise can be added to the visiblities in units of Jy/weight, by setting the adverb ’FLUX’

to the desired rms value. To avoid any complexity from the visibility weights, we changed

them all to 1 using the AIPS task ’WTMOD’. This ensures that, for both of the polarization

products, the pixel rms noise will be equal to the value of the adverb ’FLUX’ divided by the

square root of the number of visibilities in the case of natural weighting. We aimed for an

rms noise value in Stokes I dirty images of 1 Jy beam−1, so we set the adverb ’FLUX’ in
UVMOD to

√
2 · 807417 to make the first ”random”(u, v) dataset. 807417 is the total num-

ber of visibilities, the extra factor
√
2 is required to attain the desired noise level in Stokes I.

We made another 9996 (u, v) datasets, every new dataset was made by adding noise with a

standard deviation of
√
807417 to −1/

√
2 times the previous dataset. In this way, we made

sure that all 9997 datasets had the same noise level.

The dirty images were made with natural weighting by setting the adverb ’UVWTFN’ equal

to ’NA’ in the AIPS task ’IMAGR’. A pixel size of 12” in both dimensions was chosen and

an image size of 2562 pixels. The FWHM size of the dirty beam is 67.14” × 56.15”, so the
dirty beam was sampled with more than 4 pixels in both dimensions.

To check whether the distribution of the noise in both the visibilities and the maps is normally

distributed, we made histograms of both the real and imaginary part of the visibilities for the

first dataset. We have also investigated if the cumulative noise of the visibilities in the datasets

was still Gaussian. This was indeed the case. However, we found that deviations from normal

distributions do occur when new datasets are made by adding noise to the previous dataset

times 1/
√
2 instead of −1/

√
2.
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(c) 3D histogram of the real and imaginary
part of the visibilities in our last source free
dataset.

Figure 3.1: 3D Histogram of the last source free (u, v) dataset as produced by ’UVMOD’ (bottom) and
histograms of pixel values (top).
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A 3D histogram of the real and imaginary part of the visibilities of the last source free dataset

is shown at the bottom of figure 3.1. Histograms of the pixel values of the first and last image

are also shown in that figure. This indicates that we have indeed produced Gaussian noise in

our images. The noise will also be spatially correlated within the psf, as we desired.

3.5 Validation of the TKP background mean and background
noise estimation

3.5.1 General
For validating the correct determination of the background mean and noise, we divided each

of the 9997 source free images into 7 × 7 subimages, of size 32 × 32 pixels. Of course, since
each of the images has a size of 256 × 256 pixels, we could have used 8 × 8 subimages per
image, but we wanted to avoid any edge effects by excluding an edge of 16 pixels along all

sides. So the total number of submaps processed is 9997×49 = 489853 and the total number
of pixels processed is 5 · 108. These numbers are large enough to provide statistics that are
accurate enough for validation.

For source free maps, the plain mean is the true background level, so this gives us a way

to assert the accuracy of the TKP background level determination, which is essentially a

mode estimator. Without sources, the mean should be equal to the mode. In the presence of

sources the mean background should be close to the mode of all the pixel values. Thus, two

approximations are involved when sources are present. The mode is estimated and the mode

itself is an approximation to the true source free mean background, because pixels from weak

sources and the outer pixels from strong sources can shift the mode depending on the density

of sources.

3.5.2 Source free maps
We ran tests on these 489853 maps as well as on an equal number of maps of the same size

with uncorrelated Gaussian noise. We also compared the TKP method with an alternative

method commonly used: histogram fitting. For every subimage we made a histogram with

100 bins and fitted a 1-D Gaussian to it. Figures 3.2 and 3.3 show all the results graphically

and table 3.1 contains the most important numbers. The main conclusions are that neither

method shows any serious bias in determining the means or modes, but that the variance of

the means is smaller when they are determined by histogram fitting. For uncorrelated noise

this effect is most significant.

It is remarkable that, in the case of correlated noise, the statistics of the subimages are

better described by 30 than by 50 independent elements. The FWHM synthesized beam is

covered by 20.56 pixels, so if every synthesized beam would correspond to an independent

element, that would amount to 1024/20.56 = 49.8 independent elements. Evidently, the

spatial correlation between pixels is significantly larger than the FWHM synthesized beam.

In the TKP software, the user can enter the pixel correlation length in both dimensions.

This is indeed a very important parameter, since it is used in the determination of the error
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bars in fitted source parameters. The product of the two correlation lengths (×π/4) should
correspond to an area somewhat larger than the FWHM synthesized beam such that the

number of independent elements matches the pixel statistics, similar to the Gaussians with

N = 30 in Figure 3.3.

The distribution of the submap noise variances, s2 is theoretically given by a Pearson type
III distribution 1, at least in the case of uncorrelated noise:

f (s2) =
( N2σ2 )

N−1
2

Γ(N−12 )
(s2)

N−3
2 e−

Ns2
2σ2 (3.1)

where Γ denotes the gamma function. A plot of this function for unit variance and 20 elements

per sample is shown in figure 3.4. The mean of this distribution is N−1N σ
2. This result should

not surprise us since we know that s2 is a biased estimator of the true variance, σ2. The
plain noise variances are compared with Pearson type III distributions in figure 3.5 for both

correlated and uncorrelated noise. Both the theoretical curves as well as the actual noise

variances were corrected for biases by multiplying the abscissa values by N
N−1 . It is striking

that the shape of the distribution of plain noise variances is best matched by a Pearson type III

distribution with N > 60 although the distributions of the means in figure 3.3 were indicating
that the statistics of the submaps were well described by N � 30. Nevertheless, it turns out
that solving N in the equation that corrects for the bias in the variances:

σ2 =
N
N − 1 < s

2 > (3.2)

where <> denotes the averaging over the samples, gives N � 30 as before. In calculating
N we have assumed that the true noise variance is equal to the variance of the complete
ensemble of 489853 submaps:

σ2 � s2tot (3.3)

A similar assumption was actually made in determining the biases with respect to the true

mean in the sense that the true mean was assumed to be equal to the mean of the complete

ensemble.

The fact that we find N = 30 again from equation 3.2 should not be a surprise. Consider the
following equation for the variance of the complete ensemble of submaps:

σ2 � s2tot =< s2 > + < x2 > − < x >2=< s2 > + < x2 > −μ2 =< s2 > +σ(x)2 (3.4)

with μ is the average of all pixel values in all samples and σ(x)2 the ensemble variance of the
means. Equation 3.4 is equivalent to equation 3.2 if

σ(x)2 = σ2/N (3.5)

1http://mathworld.wolfram.com/SampleVarianceDistribution.html
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However, from the ensemble statistics of the means we have already determined σ(x)2:

σ(x)2 � σ2/30 (3.6)

It follows that we find N = 30 again. Summarizing, the bias of the noise variance is
well corrected by N = 30, while the variance of the noise variance seems to correspond to a
number of independent elements per sample at least twice as large.

Histograms of measured variances calculated by the TKP software and by histogram fitting

are shown in figures 3.6 and 3.7. The most important results from the validation runs are

shown in table 3.2. The main conclusion is that the TKP method outperforms histogram fit-

ting in terms of the mean squared error, i.e., the variance of the variance, but not with respect

to the overall bias. The rms noise as calculated by the TKP software is significantly biased

too low, but only by 0.2% in the case of uncorrelated noise and by 0.3% in the case of cor-

related noise. This will not compromise the overall performance of the pipeline in any way.

The advantage of lower mean squared errors seems more important than the disadvantage

of a larger, but still relatively small bias. In the TKP pipeline sources are detected above a

threshold defined in terms of the local rms noise. A robust estimation of the local rms noise

is therefore necessary since any severe underestimate of the local rms noise will cause false

alerts, i.e., noise peaks will be falsely identified as sources.

For the purpose of validating the TKP noise variance estimation we have made use of the

following formula for the variance of the plain variance 2, s2:

σ2(s2) = 2
N − 1
N2
σ4 � 2

N
σ4 (3.7)

σ(s2) �
√
2

N
σ2 (3.8)

The latter expression is used to determine the significance of the overall bias.

3.5.3 Maps with sources
With sources added to the maps, determining the rms and mean of the background becomes

more challenging. When the number of source pixels approaches the number of noise pixels,

distinguishing between them becomes increasingly difficult. At some point it will be clear

that determining the background characteristics will become impossible, e.g., in the case of

a ”classical”confusion limited map (Hogg 2001; Condon 1974). Here, it is our goal to assess

the proper operation of the TKP software for some reasonable concentration of sources in a

map, i.e. when the number of source pixels is still a minor fraction of the total number of

pixels.

We added sources to the 9997 maps of the previous section, with fluxes randomly distributed

between 0 and 5 Jy. The source positions were also randomly chosen. We did three test

2From http://mathworld.wolfram.com/SampleVarianceDistribution.html
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(a) TKP method for 1024 uncorrelated pixels per submap. Naturally, the
plain means completely coincide with the theoretical distribution.
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(b)Histogram fitting method for 1024 uncorrelated pixels per submap. Nat-
urally, the plain means completely coincide with the theoretical distribu-

tion.

Figure 3.2: Comparison of background level determination methods, for uncorrelated noise in the
source free case.
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(a) TKP method for 1024 correlated pixels per submap, the FWHM beam-
size is 20.56 pixels. The plain means completely coincide with the theoreti-

cal distribution for N=30.
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(b) Histogram fitting method for 1024 correlated pixels per submap, the
FWHM beamsize is 20.56 pixels. The plain means completely coincide

with the theoretical distribution for N=30.

Figure 3.3: Comparison of background level determination methods, for correlated noise in the source
free case.
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Figure 3.4: The distribution of sample variances is a Pearson type III distribution. This plot is for
N = 20 elements per sample and for unit variance, σ2 = 1. The mean of this distribution equals N−1N σ

2.

runs, one with 100 inserted sources per map, one with 200 and one with 400. The results

for all three runs are shown in table 3.3 and figures 3.8, 3.9 and 3.10. It is evident that both

the biases and mean squared errors become significant when the average number of sources

per map is 400. Both the background level and the noise are severely overestimated. The

number of pixels in a map, in units of the number of pixels in the FWHM synthesized beam,

is 49 · 1024/20.56 = 2440. In units of truly independent pixels, as we have calculated above,
this number is about 49 · 30 = 1470. Thus, 400 sources represents a fraction of 27% of
the total number of independent pixels. Apparently this fraction is too high to determine the

background characteristics accurately.

It remains to be investigated where this error comes from. Is the mode shifted away from

the true mean background or is the TKP mode estimator not accurate enough? In the former

case histogram fitting will not give better results. In the latter case, it may be more accurate.

Histogram fitting has the disadvantage that the bin size should be chosen carefully and that,

in the presence of sources, only the highest part of the histogram should be used for fitting.

Alternatively, one could decide to use only the negative part of the histogram for fitting. This

reduces contamination by source pixels in Stokes I images. Note that negative pixel values

can still have a small contribution from a source. Also, in radio maps there are often nega-

tive pixel values near sources from cleaning artefacts or negative sidelobes. Problems with

accuracy remain if the histogram does not have a sharp peak. According to Patat (2003,

paragraph 3) the statistics in small subimages are probably not good enough to derive back-

ground characteristics from histograms. Also, histogramming is a computationally expensive
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(a) Plain noise variances for 1024 uncorrelated pixels per submap. Natu-
rally, this completely coincides with the theoretical distribution.
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(b) Plain noise variances for 1024 correlated pixels per submap, the FWHM
beamsize is 20.56 pixels. Also shown are Pearson type III distributions for

various N.

Figure 3.5: Plain noise variances compared with theoretical distributions in the source free case.
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(a) TKP method for 1024 uncorrelated pixels per submap.
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(b) Histogram fitting method for 1024 uncorrelated pixels per submap.

Figure 3.6: Comparison of noise variance determination methods, for uncorrelated noise in the source
free case.
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(a) TKP method for 1024 correlated pixels per submap, the FWHM beam-
size is 20.56 pixels.

> ? > > ? @ A ? > A ? @ B ? > B ? @
C D E F G H I J E I L M G

> ? >

> ? @

A ? >

A ? @

B ? >

B ? @

N ? >

O P
QR S
T

C D J U I W E X G Y Z E F [ D \ J I U D ^ Z E F [ D \ J I U ^ E [ [ G Y L D E F G H I J E I L M G F I L Y [ Z G D J G [ E M I W M c J H G F

d e f g h i j k l m e n n n o p h q g p r s q p i j u p q v r p f h x i g g e x q p i j y i g z { | }
d e f g h i j k l m e n n n o p h q g p r s q p i j u p q v r p f h x i g g e x q p i j y i g z { ~ }
d e f g h i j k l m e n n n o p h q g p r s q p i j u p q v r p f h x i g g e x q p i j y i g z { � }
z i p h e � f g p f j x e h y g i � v p h q i � g f � y p q q p j � u p q v r p f h x i g g e x q p i j y i g z { � � � �

(b) Histogram fitting method for 1024 correlated pixels per submap, the
FWHM beamsize is 20.56 pixels.

Figure 3.7: Comparison of noise variance determination methods, for correlated noise in the source
free case.
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(a) TKP mean background estimates, theoretical curves and plain means
for an average of 100 sources per map.
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(b) TKP noise variance estimates and theoretical curves for an average of
100 sources per map.

Figure 3.8: TKP background level and noise estimates with 100 sources per 2562 pixel map. The
FWHM beamsize is 20.56 pixels.
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(a) TKP mean background estimates, theoretical curves and plain means
for an average of 200 sources per map.
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(b) TKP noise variance estimates and theoretical curves for an average of
200 sources per map.

Figure 3.9: TKP background level and noise estimates with 200 sources per 2562 pixel map. The
FWHM beamsize is 20.56 pixels.
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(a) TKP mean background estimates, theoretical curves and plain means
for an average of 400 sources per map.
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(b) TKP noise variance estimates and theoretical curves for an average of
400 sources per map.

Figure 3.10: TKP background level and noise estimates with 400 sources per 2562 pixel map. The
FWHM beamsize is 20.56 pixels.
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Figure 3.11: The distribution of the number of falsely detected pixels divided by the total number
of detected pixels with 100 inserted sources per 2562 pixel map. All three histograms are normalized

equally. In order to represent, in this loglog plot, the bin with most counts, i.e., with zero falsely detected

pixels, we have chosen to center the bins on the right bin edges. The left bin contains all fractions in the

interval [0,1e-3]. All other bins have equal size on a log scale.

process. We expect that improvements could come from an asymmetric clipping algorithm,

possibly similar to the one proposed by Ratnatunga & Newell (1984). Perhaps the simple

adjustment of clipping only the pixels that are larger than the median+3σ and not the pixels
that are smaller than the median−3σ will remove most of the bias if the algorithm is applied
to properly cleaned maps where negative sidelobes are negligible.

3.6 False Discovery Rate algorithm
The False Discovery Rate algorithm was derived relatively recently (Benjamini & Hochberg

1995) and implemented in SFIND 2.0, the MIRIAD source extraction algorithm (Hopkins et

al. 2002). The prime advantage of it is that the maximum number of falsely detected source

pixels is expressed as a fraction of the total number of detected pixels. For the TKP, this

can be translated into a maximum allowed fraction of false alerts for the discovery of new

transients, which is a useful quantity. Without this algorithm, the threshold would have to

be set as a multiple of the local rms noise (nσ), which can be converted to a number of

false positives only after the total number of pixels processed has been determined. It is a

slight disadvantage of the FDR algorithm that it refers to source pixels, not sources. Hopkins

et al. (2002) pointed out that the FDR algorithm provides a less than strict constraint with
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Figure 3.12: The distribution of the number of falsely detected pixels divided by the total number
of detected pixels with 200 inserted sources per 2562 pixel map. All three histograms are normalized

equally. In order to represent, in this loglog plot, the bin with most counts, i.e., with zero falsely detected

pixels, we have chosen to center the bins on the right bin edges. The left bin contains all fractions in the

interval [0,1e-3]. All other bins have equal size on a log scale.

respect to sources but that it is still a quite good estimator in that respect. These authors

also note that FDR loses some of its fidelity when contiguous pixels with values between the

detection threshold and the (lower) analysis threshold are included. For simplicity, we have

only considered source pixels in our tests and we have always set the analysis threshold equal

to the detection threshold.

It should be clear that the maximum allowed fraction refers to ensemble averages (Miller et

al. 2001). This means that in the processing of individual maps the fraction of falsely detected

source pixels can exceed the overall maximum fraction.

Before we discuss the results from our tests it should be noted that it is not precisely α, the

maximum allowed fraction of false positives, that is entered in the algorithm, but ratherα/CN .
The quantity CN expresses the degree of correlation between the pixels:

CN =
N∑
i=1

1

i
(3.9)

where N is the total number of pixels in the image if all pixels are fully correlated. The

usual way of processing radio maps is to set CN equal to the number of pixels in the FWHM
synthesized beam. We have chosen a slightly larger area of pixels corresponding to the true

correlation length. In this way, we again have that the number of independent pixels, as cal-



“thesis” — 2010/5/10 — 8:46 — page 74 — #82
�

�

�

�

�

�

�

�

Software validation Chapter 3

� � � � � � � � � � � � � � � 	 � � �

 � � � � � � � � � � � � �  !  � � � # � � # % � � � � � � � � ( � ) � # �

� � � �

� � � 	

� � �

� � 	

� � �

� � �

* +
,- ./

0 .
123 4 5

6 8 9 ; � � � � 	 � 
 � ; � � � ; � � � ; � � � � � ; � � � � � � � � ! # � % � � � � � ' ( ) * � ; + � � - . � 0

1 3 4 6 7
1 3 4 6 4 7
1 3 4 6 4 4 7

Figure 3.13: The distribution of the number of falsely detected pixels divided by the total number
of detected pixels with 400 inserted sources per 2562 pixel map. All three histograms are normalized

equally. In order to represent, in this loglog plot, the bin with most counts, i.e., with zero falsely detected

pixels, we have chosen to center the bins on the right bin edges. The left bin contains all fractions in the

interval [0,1e-3]. All other bins have equal size on a log scale.

culated from the bias of the sample variances, times this area equals the total number of pixels

in the map.

There is a subtlety with respect to the definition of correctly and falsely detected source pixels.

A correctly detected pixel can be associated with an inserted source. This means that the de-

tected pixel must be above one of the source pixels. However, the inserted sources are Gaus-

sians which, strictly speaking, extend out infinitely, although we have inserted them as 322

pixel arrays. It is unclear how ”associated”is defined in the tests run by Hopkins et al. (2002).

We have chosen a 52 pixel area centered on the source to distinguish between falsely detected,
unassociated pixels and correctly detected, associated pixels. More concretely, the code used

for our tests makes use of the watershed−ift algorithm from Scipy. watershed−ift uses
a watershed from markers algorithm as described by Felkel et al. (2002). Thus the associ-

ation is determined by 25 equal markers centered on every inserted source. This number is

somewhat arbitrary but it takes care of the few rare cases where the peak pixel of a source is

missed due to a negative noise peak while adjacent pixels were in fact detected.

It should be clear that watershed−ift also marks all the contiguous pixels as ”correct”pixels
if they were detected. SFIND 2.0, which was tested by Hopkins et al. (2002), also discards

all pixels from fits that did not converge. We did not copy that in our tests.

We have done three test runs with a number of 100, 200 and 400 point sources inserted at ran-

dom positions in each map. We again used our 9997 source free maps of 2562 pixels for each
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Table 3.4: Ensemble averaged fraction of falsely detected pixels
Sources inserted α = 0.1 α = 0.01 α = 0.001

100 0.011 0.0040 0.0019

200 0.0060 0.0023 0.0011

400 0.0028 0.0010 0.00047

run. The rms noise in these maps is 1.0 Jy. The fluxes of the inserted sources were randomly

distributed between 0 and 5 Jy. The results are presented in figures 3.11, 3.12 and 3.13 and

in table 3.4. The main conclusion that can be drawn is that a fraction of less than 0.1% false

positives is generally not achieved. Only in the case where many (400) sources are inserted

are the FDR promises actually kept. Hopkins et al. (2002) did not run tests for α = 0.001,

so this makes it hard to compare. If pixels that do not give converging fits are left out, as

these authors did, the fraction of falsely detected pixels will likely drop. We tried to derive

the cause of the discrepancy by also running tests on source free maps. For α = 0.1, 0.01

and 0.001 we found that the fraction of maps with any pixel above the FDR threshold was

2%, 0.7% and 0.17%, respectively. The latter fraction decreased by only 0.02% when we

changed the correlation length to include all pixels in the maps. This makes it unlikely that

the correlation length was chosen too small. Thus it remains unclear why the FDR algorithm

gives poor results when the allowed FDR is set very low 3.

3.7 Deblending
The performance of deblending algorithms naturally depends on the separation between

sources, on the fluxes of the blended sources with respect to the detection threshold, but

also on the ratio of the fluxes of two neighbouring sources if the algorithm requires saddle

points. Saddle points emerge at some minimum separation. We are interested in the limit-

ing case where the minimum between two peaks is not yet apparent. Instead, we have a flat

plateau near the weakest source which can be found by setting the first and second derivatives

of the blended source to zero:

Σ = Ce−
x2
2σ2 + Be−

(x−D)2
2σ2 (3.10)

dΣ
dx
= 0 (3.11)

d2Σ
dx2
= 0 (3.12)

We have assumed that the blended source is composed of two point sources with peak

values C and B and separation D. In the case of point sources the sources they have the same
3See, however, the remark in paragraph 3.8



“thesis” — 2010/5/10 — 8:46 — page 76 — #84
�

�

�

�

�

�

�

�

Software validation Chapter 3

� � � � � �� 	 � � 
 � � � � � � � � 
 � � � � � � � � � � � � � ! ! " 
 � � � � � � � � � � � � � � � � � 
 & � � � � � � � ) � ! � �
* , . /
* , . 0
* , . 1
* , . 2
* , . 4

* , 4
* , 2
* , 1
* , 0
* , /

56 78
9:;< = >

? @A

B " � C � � � � � � � � 
 � E � F � � � � � E � � � � H 
 � � � � � � � H � � � � � � � � � � � � � � 
 � � � � � � � � � � � � � ! ! " 
 � � � � � �
K L N P R T V X Y
K L [ P R ] V X Y

Figure 3.14: The sum of two Gaussians (with equal width) show saddle points at some mimimum
separation which is a weak function of the flux ratio of the sources.

width σ as the psf.

When we work out these equations, we find

x± =
D ±
√
D2 − 4σ2
2

(3.13)

B
C
± = D ±

√
D2 − 4σ2

D ∓
√
D2 − 4σ2

e∓
D
√
D2−4σ2
2σ2 =

d ±
√
d2 − 4

d ∓
√
d2 − 4

e∓
d
√
d2−4
2 (3.14)

With d ≡ D/σ. The functional dependence between d and B/C± has been depicted in
figure 3.14. It is clear that the mimimum separation depends weakly on the flux ratio. A

separation of � 6 Gaussian widths is required for a flux ratio of 106 : 1. Higher flux ratios
should not be expected, because this ratio exceeds the highest dynamic range ever achieved

in radio astronomy (5 · 105 : 1 is the highest according to Walker (2006)).
Validation of the deblending algorithm was run on 9800 of our 2562 pixel maps, with

1 Jy beam−1 rms noise and 64 pairs of sources per map. The pairs were inserted on a uni-
form grid to avoid any overlap between pairs. We chose a 10σ detection threshold and a 3σ

analysis threshold. The flux of the weakest source was always 20 Jy and the flux ratios were

logarithmically spaced between 1 and 1000. For every flux ratio 20 maps were processed

successively, each map having a fixed separation between the two sources in each of the 64

pairs. The separations corresponding to each of the 20 maps were linearly spaced between 2

and 7 Gaussian widths. Since the psf is elliptical, we have chosen to align the sources in each
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Table 3.5: Performance of TKP deblending algorithm for different values of DEBLEND−MINCONT
0.1 0.05 0.01 0.005 0.001

% extra sources deblended 6.9 14.8 31.6 37.5 43.7

% of incorrect deblendings per source 6.9 · 10−3 2.1 · 10−2 0.88 1.6 5.6

figure of merit 6.9 14.7 28.5 31.9 23.7

pair along their minor axes and use the Gaussian width along the minor axis of the ellipse,

1.987 pixels, as a unit for separation.

The high detection threshold ensured that no detection could be a noise peak, which sim-

plified the validation of the deblending algorithm. The user sets the deblending parameters

DEBLEND−NTHRESH and DEBLEND−MINCONT as in SExtractor (Bertin 2006, paragraph 6.4)
runs. We set DEBLEND−NTHRESH = 32, the default value in SExtractor. This determines
the number of subthresholds between the smallest and largest pixel value of the composed

object, logarithmically spaced. We ran tests for five different values of DEBLEND−MINCONT.
This parameter ensures that only subislands with significant flux will be regarded as separate

sources. It works like this: connectivity is determined at subsequent subthreshold levels, start-

ing at the lowest level. When more than one subisland is found, the fluxes of the new-found

”branches”above the subthreshold are divided by the flux of the original blended source. At

least two ratios have to be above DEBLEND−MINCONT before the corresponding subislands will
be considered separate. Also, the peak values of those subislands have to be above the de-

tection threshold. Pixels belonging to subislands that do not satisfy both of those conditions

are neglected. The results for DEBLEND−MINCONT = 0.1, 0.05, 0.01, 0.005, 0.001 are shown
in table 3.5.

The ”% extra sources deblended”is the % of extra sources that are found relative to plain

source extraction. Plain source extraction can, of course, identify the different components

of a blended object if they are not connected at the level of the analysis threshold. Thus,

plain source extraction already does some deblending. It should be noted that these and

other numbers in table 3.5 depend on the specific range of flux ratios and separations of the

inserted pairs of sources. The ”% of incorrect deblendings per blended source”is the rate at

which blended sources are decomposed in more than two components, which is, of course,

incorrect in these specific test runs. The ”figure of merit”applies a penalty for those incorrect

deblendings, such that one incorrect deblending crosses off one correct deblending. If the

figure of merit is defined in this way, we find that DEBLEND−MINCONT = 0.005 is best. This
is also the optimum value found from SExtractor test runs (Bertin 2006, paragraph 6.4).

It should be noted that DEBLEND−MINCONT sets a lower limit on the flux ratio of the faintest
source to the brightest source in a composed object that can be deblended. That lower limit is

somewhat larger than DEBLEND−MINCONT because the significance criterion of the deblending
algorithm compares the flux of a subisland above the subthreshold with the total flux of the
composed object.

Without a deblending algorithm, the numbers of detected sources are depicted in figure 3.15.

For DEBLEND−MINCONT = 0.05 and 0.005 we have depicted the numbers of detected sources
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Figure 3.15: Distribution of detected sources without a deblending algorithm. The dots indicate the
minimum separation required for saddle points (equation 3.14).

divided by these numberswithout a deblending algorithm. It is evident from figure 3.16 that if

the flux ratios are very small, deblending is done very poorly for DEBLEND−MINCONT = 0.05.
In figure 3.17 we see more complete deblending for these small flux ratios. It should be kept

in mind, however, that this comes at the price of a larger number of erroneously deblended

objects, with more than two components, as quantified in table 3.5.

3.8 Determination of peak flux densities and positions
For the validation of the correct determination of fluxes and positions, we used 9980 of our

2562 pixel maps, with 1 Jy beam−1 rms noise. All 64 sources in a single map were inserted
with equal flux on a regular grid. The values BACK−SIZEX and BACK−SIZEY that determine
the size of the background window for mean background and background noise interpolation

across the map, were set to 256, which results in a flat background across the map. Both

the analysis threshold and the detection threshold were set to 6 times the rms noise, to avoid

picking up noise peaks which would complicate the validation.

It is interesting to do some checks on the number of pixels above a certain level. We have

processed a total of 9980 · 2562 = 6.54 · 108 pixels in our validation runs. If all of these
pixel were independent, then we could expect less than one pixel, 0.645 to be precise, above

6 times the rms noise, i.e., 6 Jy. We found that, in fact, there were a total of 147 pixel values

from 90 maps above 6 Jy, with the highest pixel value between 8 and 9 Jy! Of course, the
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Figure 3.16: Distribution of detected sources when the deblending algorithm is run with

DEBLEND−MINCONT = 0.05 divided by detected sources without a deblending algorithm. The dots
indicate the minimum separation required for saddle points (equation 3.14).

pixel values are correlated in each map, but even so, for any number of uncorrelated pixels per

map the ratio of the actual to the expected number of very high pixel values remains equal to

147/0.645 = 228. This shows that, in fact, there are strong deviations from normal distribu-

tions in the pixel values, although the visibility noise was strictly Gaussian. As we know, the

Fourier Transform (FT) of a Gaussian is also a Gaussian, so if the pixel distribution deviates

from a normal distribution this must arise from the fact that we have applied a Fast Fourier

Transform (FFT) with interpolation and limited sampling instead of applying a true FT to an

infinitely extending and complete (u,v,w) space. In any case, this is something that needs to

be accounted for when searching for transient sources. It involves a deeper understanding of

the noise properties of maps, which is beyond the scope of this thesis. However, me may now

have found an explanation for some unsatisfactory results in the FDR validation runs. When

the rate of false positives was set very low (α = 0.001), the number of falsely detected pixels

was slightly higher than allowed, also in the case of source free maps. It should be kept in

mind that the FDR algorithm assumes that the background noise has a normal distribution.
If this is not actually the case, FDR cannot be expected to work correctly.

For the purpose of testing the accuracy of the measurements by the TKP software we have

chosen the source fluxes to be linearly spaced between 10 and 1000 Jy. The lower limit of 10

Jy, 4σ above the detection threshold, was chosen to avoid any considerable truncation bias

in the flux measurements. Also, the error bars that we use for the fitted parameters are given

by the Condon formulae (Condon 1997). They are valid only at high signal-to-noise. The
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Figure 3.17: Distribution of detected sources when the deblending algorithm is run with

DEBLEND−MINCONT = 0.005 divided by detected sources without a deblending algorithm. The dots
indicate the minimum separation required for saddle points (equation 3.14).

upper limit of 1000 Jy was chosen to cover a wide range of signal-to-noise ratios. We chose a

flat flux distribution for the inserted sources to give equal weight to all signal-to-noise ratios

in our statistics. In 10 of the 90 maps with noise peaks above 6σ, the number of detected

sources exceeded 64. Those maps were not used for our validation statistics. In the other 80

maps, the slight overestimate of the mean background and noise caused by the 64 inserted

sources, filtered out those noise peaks at the 6σ detection threshold.

Figure 3.18 shows a histogram of the peak flux density measurements in the remaining 9970

maps, where the differences between the calculated peaks and the true peaks have been di-

vided by their reported errors. It is immediately obvious that the distribution from our mea-

surements is narrower than it should be. Most likely, the reported errors are overestimated.

If the reported errors were 14% larger overall, the measured distribution would match the

theoretical curve. It may be that the errors are smaller than expected since we have inserted

sources in the image plane, which is somewhat artificial. More realistic would be to insert

sources in the visibilities and then clean the images. This has the large disadvantage that the

cleaning process is complicated and can introduce unknown biases, e.g., because it is un-

clear at what level cleaning should be stopped. Thus, this approach hinders a straightforward

validation.
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Figure 3.18: Relative peak flux errors of 638080 sources in 9970 maps by TKP pipeline software as a
normalized histogram and the theoretical curve, i.e., a standard normal distribution.
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Figure 3.19: Distribution of reported peak flux errors from 638080 source measurements in 9970 maps
by TKP pipeline software as a normalized histogram.

Figure 3.19 shows the number density of the reported flux errors. They are very close to

the rms noise (1 Jy beam−1), as expected from theory (Condon 1997).

For the validation of position measurements, we had to add some lines of code to the

flux measurement validation script. The positions of the inserted sources were converted to

celestial coordinates by new code, i.e. code that was independent from the conversion code

in the TKP pipeline software. Also, since the order of the output source measurements was

unknown and each measurement had to be coupled to the corresponding inserted source, code

for correct reordering had to be applied. This, of course, would have been unnecessary if only

one source were inserted per map.

The results for the right ascension are depicted in figures 3.20 and 3.21. From figure 3.20 we,

again, have to conclude that the reported Right Ascension errors are overestimated, by about

23%, since the distribution is narrower than a normalized Gaussian. The reported position

variances, as implemented in the TKP software, are copied from the NVSS (see equation 25

in Condon et al. 1998). They are twice the theoretical values (Condon 1997), taking into

account the very dirty synthesized beam of a VLA snapshot. Most likely, this is the cause

of the overestimate, since the (u,v) coverage used to produce the artificial noise maps for

these validation runs, corresponds to about 6h of VLA synthesis and not to a snapshot. The

theoretical values, on the other hand, would be too small. A value in between 1 and
√
2 times

the theoretical position standard deviation would be most appropriate.

The declination errors are depicted in figures 3.22 and 3.23. From these graphs, similar
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Figure 3.20: Relative Right Ascension errors of 638080 sources in 9970 maps by TKP pipeline soft-
ware as a normalized histogram and the theoretical curve, i.e., a standard normal distribution.
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Figure 3.21: Reported Right Ascension errors from 638080 source measurements in 9970 maps by
TKP pipeline software as a normalized histogram.
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Figure 3.22: Relative declination errors of 638080 sources in 9970 maps by TKP pipeline software as
a normalized histogram and the theoretical curve, i.e., a standard normal distribution.

conclusions can be drawn as from the Right Ascension statistics. The reported declination

errors are 40% too large. In other words, if the reported declination errors were decreased by

40% overall, the observed distribution in figure 3.22 would match the theoretical curve.

Table 3.6 lists the outliers and biases of both the flux and position measurements. We

have processed 638080 sources, so we expect our highest outlier at about the 4.7σ level. This

is not what we see for the positions, indicating, again, that the position errors have been over-

estimated. The flux outliers are also smaller than expected, but not by so much.

The positions are measured without any considerable bias. The fluxes, however, are system-

atically low. This is due to the overestimate of the background level from κ, σ clipping. Table

3.3 shows an overestimate in the mean background of 0.073 Jy when 100 sources are inserted.

From this table, one would expect an overestimate in the mean background of about 0.046

Jy when 64 sources are inserted. Consequently, when the error in the background mean has

been corrected, one expects an overall bias in the fluxes of only +0.013 instead of -0.033. Of

course, a more exact approach would involve redoing the calculations of paragraph 3.5.3 for

exactly the set of sources we have used here.

3.9 Conclusions
We have processed large numbers of maps with and without sources. The TKP source extrac-

tion and source measurement software met the requirements with regard to robustness: we
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Figure 3.23: Reported declination errors from 638080 source measurements in 9970 maps by TKP
pipeline software as a normalized histogram.

Table 3.6: Outliers and biases in TKP flux and position measurements
highest highest overall significance

negative positive bias of overall

outlier outlier bias (σ)

(measured - true peak flux)/reported error 4.3 -4.2 -0.033 26

(measured - true R.A.)/reported error 3.8 -3.8 0.0022 1.8

(measured - true declination)/reported error 3.6 -3.4 0.00084 0.67

did not encounter any halts. Speed requirements were met: these 256*256 pixel maps were

processed in less than 1s per map. Errors in the determination of background and noise levels

increased with the fraction of source pixels. Possibly, the application of an asymmetric clip-

ping algorithm could improve the performance, especially towards confusion limited maps.

The deblending of sources was optimum for DEBLEND−MINCONT = 0.005, which resulted in
37.5% extra sources deblended and an error rate of 1.6% per source. The FDR algorithm

performed satisfactory down to a fraction of less than 1% false positives. The discrepancy

for α = 0.001 can possibly be explained by non-Gaussianity in the distribution of the back-

ground pixels. Source positions were measured accurately. Source fluxes were biased low.

This reflects the overestimate of the background level which increases with the fraction of

source pixels. Again, performance could possibly be improved by a more advanced clipping
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algorithm.
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