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Abstract

Serious albeit tiny surface defects can remain on the sur-
face of superconducting radio frequency (SRF) cavities af-
ter polishing and cleaning. These defects reduce the effi-
ciency of cavities and often limit the maximum attainable
fields. We applied a Haar cascade artificial vision technique
for automated identification, counting, and sizing of defects
induced on niobium surface by Nb-H precipitates formed
at cryogenic temperatures. The defects were counted and
sized by a computer program and also counted and mea-
sured manually to estimate detection rate and accuracy of
sizing. The overall detection rate was 53%, and the overall
false positive rate was 29%. The technique that was used
to automatically size the features was found to oversize the
features, but oversize them consistently, resulting in a size
histogram that represents the defect size distribution on the
sample. After scaling the histogram data, the average de-
fect area was found to be 90 ym? with the standard devia-
tion of 70 um?.

INTRODUCTION

Superconducting RF structures made of sheet metal nio-
bium are widely used around the world to accelerate parti-
cle beams [1]. Being cooled to liquid helium temperatures,
they provide an efficient way to deliver electric energy to
particle beams. While very efficient, the cavities are still
prone to limitations such as multipacting, field emission,
Q-slopes, and defects. For the best cavities to date, the
two main gradient limitations are defects and field emis-
sion. Larger defects left on the cavity surface after cav-
ity preparation lead to higher dissipation and eventually
quench, while smaller defects contribute to dissipation and
reduce the quality factor, which is the measure of cavity ef-
ficiency.

A number of tools have been developed for internal in-
spection of cavity surface for small surface imperfections.
The tool most widely used presently is the so-called KEK
system [2] and its modifications. The tool is capable of
capturing images of the cavity surface at the equator and
iris regions. The modifications to this tool include imag-
ing of 9-cell cavity equator regions with automatic cavity
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positioning and focusing [3, 4]. The pictures captured by
these imaging systems still need to be reviewed in order to
identify, count, and record defects on the inner surface. To
achieve full automation of cavity inspection process, de-
fects need to be identified automatically. Hence, there is
an interest in exploring different techniques for automated
defect identification.

METHOD

Sample pictures were captured with a HIROX KH-7700
digital microscope. The MXG-2500REZ lens was used
at high-range (x1000), as was an angular light filter. The
samples were made out of high residual resistivity ratio
(RRR 300) niobium. The defects on the samples surface
were formed by hydrogen precipitates formed in the bulk at
about 100 K. More details about these defects can be found
in [5]. The photographing procedure was to take a picture,
move the stage so that there was a small overlap between
frames, adjust the lens focus, take another picture, move the
stage a little again, and so on. About 2000 negative pictures
and 1000 positive pictures were taken. An attempt was
made to seek negative pictures generally with backgrounds
similar to those in the positives, however some with less
similar backgrounds were also intentionally taken. Of the
pictures taken, a certain number of positives and negatives
were reserved for testing only.

For defect recognition, a C++ program was written in
Visual Studio C++ 2008 that uses the OpenCV 2.1. library
and a Haar cascade [6, 7]. Instructions and materials for
training the cascade can be found online, e.g. [8]. In total,
731 positive pictures were taken for training, and the total
count of training defect samples obtained from these im-
ages was 1148. The total number of the negative training
pictures was 1917.

For testing, four folders of images that were not used in
cascade training were assembled. Every test image was a
jpg image with dimensions of 1600 by 1200 pixels. One
was a folder of 90 negatives. The other three were folders
of positives which were separated according to how diffi-
cult it was thought it would be for the program to detect
the defects. There was an easy folder with 8 images and
medium and hard folders with 21 images each. The as-
signment of positives into these folders was based on per-
sonal judgment of the quality of surface cleanliness and de-
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fect distinction. Generally, if nearly all defects had distinct
edges and had no other significant surface features in their
immediate proximity (e.g., dirt, scratches), the image was
placed in the Easy folder. If between about a quarter to
two-thirds of the defects were indistinct or had other sig-
nificant features in their immediate proximity, the image
went to the Medium folder. Otherwise, the image went to
the Hard folder.

The number of defects was counted for each of the pos-
itive test images. Defect, in this case, was defined accord-
ing to the following criteria: a surface feature caused by the
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Figure 1: This is the output image for one of the positive
test pictures from the Easy folder. One of the false positives
is indicated by the arrow. It counted as a false positive for
two reasons: more than 50% of contained defect area was
contained in other, true positives, and it contained defects
separated by more than 10 pm.

formation of Nb-H precipitates in the metal (and when in
doubt, to not count it), surrounded completely by negative
space (and when in doubt, to count it), and having a major
axis of ten micrometers or greater (and when in doubt, to
count it). The total number of defects from all three posi-
tive folders was found to be 1709.

To calculate the size of detected defects we used a built-
in OpenCV function, which identifies rectangular regions
containing defects. The pixel area of each region is calcu-
lated and scaled using the known physical size of the image
to determine the physical size of the identified defect. The
program also counts and outputs how many defects are de-
tected within certain size ranges, and from this data, a his-
togram demonstrating defect size distribution is created.

For the positive test images, other built-in OpenCV func-
tions were applied so that a copy of the input image with
rectangles drawn around the identified defect regions was
outputted. As the program outputted the total number of
detections, the false positives could be counted in these out-
put images and the number of true detections obtained as
well. In order to make this counting process more objec-
tive and consistent, false positive was defined to mean not
containing 50% or more of a defect, containing two defects
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Figure 2: This is the output image for one of the negative
test pictures. As it was a negative image and thus contained
no defects, any detection would be a false positive. The
detection here is a false positive specifically because it does
not contain at least 50% of a defect.

separated by more than ten micrometers, or having more
than 50% of contained defect area contained in another de-
tection that is true. When any of these requirements was
doubted, the detection was not counted as a false positive.
For each positive image, one true positive identification
was chosen to test sizing performance. The chosen true
positive identification was the one whose rectangles center
was nearest to the center of the output image. The rectan-
gles and defects areas were then measured on the computer
screen using a ruler. When a positive identification con-
tained two or more defects, they were treated as one larger
one. The defects area was approximated by measuring its
major and minor axes and multiplying them together.

DISCUSSION

In Figures 1 and 2, sample output windows are shown.
In Figure 1, the result of automatic identification on an im-
age with defects is shown. Green boxes are drawn by the
program around the area identified as defective. The red
arrow was drawn manually in the picture and marks a false
positive identification on this image. This identification is
a false positive because more than 50% of contained de-
fect area was contained in another, true identification and
because this identification contained defects separated by
more than 10 um. In Figure 2, the result of automatic iden-
tification on an image without any defect is shown. The
picture shows a false positive identification by the program.
Figure 3 is a histogram constructed using the defect size
data outputted for all of the positive test folders. It demon-
strates the distribution of the calculated areas for detected
defects amongst 20 area ranges. The results of testing are
summarized in Table 1. It contains, for each positive test
folder, the detection rate, false positive rate, and the aver-
age and relative average deviation of the quotients of calcu-
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Figure 3: The program counts and outputs how many de-
fects are detected within certain area ranges. This his-
togram is constructed using the data from all of the positive
test folders. The size ranges are scaled by one-fifth since
the calculated area was found to be five times larger than
the actual value on average. From this data, it can also be
determined that the average defect area (using the scaled
values) was 90 ym? with a standard deviation of 70 um?.

lated defect area to measured defect area. It also contains,
for each folder, the average run time per image. Overall
values over all the folders are included also, calculated as
the average of all the values from each folder. The number
of negative test images that had at least one false positive
detection and the total number of false positive detections
for the negative test folder are also included. The over-
all detection rate and false positive rate were, respectively,
53% and 29%. The detection rate was as high as 71% for
the Easy folder and as low as 40% for the Hard one, and the
false positive rate was as low as 19% for the Easy folder
and as high as 37% for the Hard one. The overall time
per image was 2.1 seconds. Overall, the rectangle area was
5 times larger than the defect area with a percent relative
average deviation of 30%. 11 out of the 90 test negatives
had at least one false positive, and there were 18 such false
positives in all.

CONCLUSION

Haar-cascade feature identification technique was ap-
plied to a set of images of niobium surface with well-
defined defects. The overall detection rate was 53%, and
the overall false positive rate was 29%. The detection rate
was 71% and the false positive rate was 19% for images
where defects had distinct edges and had no other signif-
icant surface features in their immediate proximity. The
technique was also used to automatically size the features,
and was found to size the features consistently, resulting in
a size histogram that represents the defect size distribution
on the sample. The average defect size after scaling was
found to be 90 m? with the standard deviation of 70 m?2.
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Table 1: Results of testing: (-) column denotes negatives,
#1 — “Easy” folder images, #2 — "Medium”, and #3 —
Q?Hard57.

() #1 #2 #3  Overall”
Detection rate(%) 71 59 40 53
False positive
rate (%) 19 29 37 29
Time per image (s) | 1.81 3.0 2.8 25 2.1
Average ra/da® 6 4 5 5
% rad (%)° 30 40 30 30
Number of negative test images with
false positive detection(s)? 11
Total number of false positive
detections in negative test images 18

“Average of all data values from each of the folders
b(Rectangle area) / (defect area)

“Percent relative average deviation of ra/da quotients
490 negative test images total
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