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Abstract: In the case of the glass tube for pharmaceutical applications, high-quality defect detection is made via inspection
systems based on image processing. Such processing must be fast enough to guarantee real-time inspection and to meet the
increasing rate and quality required by the market. Defect detection is complex due to specific problems of the production
process: vibration, rotation and irregularity of the tube. All these aspects prevent the efficient use of known techniques. The
authors present an algorithm that decreases the processing time of the defect detection phase. The algorithm is based on a
moving average filter working at row level, that allows to minimize the effects of rotation, vibration, and irregularity of the tube.
Luminosity variations due to the tube curvature are cut by the filter and a threshold algorithm can be applied. They made the
evaluation considering different solutions taken from literature. The algorithm outperforms, in processing time, all these solutions
with increased accuracy. Experimental measures show that the algorithm achieves a throughput gain of 2.6 times with respect
to Canny. They develop also a methodology to get the best values for the algorithm parameters directly at the factory, during the
change of production batches.

1 Introduction transferring it to the host computer. The system utilises three
cameras with related illuminators and frame grabbers to cover a
360° inspection of the tube. The host computer implements defect
detection and classification and it takes discard decisions,
communicating them to a discarding component. The cutting
machine produces tube slices of fixed length (typically of about
1.5m). Discard decisions are taken considering process
parameters, specified via an operator interface or received by the
order management system.

The decision to possibly discard a specific slice of the tube can
only be made after all the defects detected on the slice have been
identified and analysed. This implies that defect detection and
classification is subject to strict time constraints. The image
acquisition subsystem sends images to the host computer with a
rate correlated to the sampling time of the line scan camera. The
processing rate of the images during the detection and
classification of defects must not be less to avoid overload
conditions with consequent loss of some frames. Therefore, the
interval between two frames represents an upper limit to the time
required to perform the detection and classification of defects. The

Glass tubes that must be later converted into pharmaceutical
containers such as vials, syringes, and carpules have historically
been made of borosilicate glass [1, 2]. This kind of glass can
present defects such as knot inclusions (blobs) due to imperfections
in the raw materials used in the furnace, lines of air, or flexible
fragments called lamellae and these defects can cause subsequent
problems and pharmaceutical recalls [2—6]. Therefore, it is
important for pharmaceutical glass manufacturers to check the
quality of tubes, with the aim of delivering tubes with defects not
influencing the final quality of the product. Such checks can be
performed by an inspection system based on machine vision [7],
able to recognise defects that are relevant for the specific use of the
tube.

An inspection system is depicted in Fig. 1 [8]. Like similar
systems [7, 9-11], it is constituted by the image acquisition
subsystem and the host computer. The image acquisition subsystem
is constituted by a light-emitting diode (LED)-based illuminator, a
line scan camera, and a frame grabber, which groups together
sequential lines captured by the camera into a single frame,
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Fig. 1 Architecture of the inspection system
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Fig. 2 Blob defect

Fig. 3 Air-line defect. The line, although straight, in the frame appears
irregular and curved due to the rotation and vibrations of the tube
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Fig. 4 Luminous intensity of the pixels belonging to a defect-free row in
the frame of Fig. 2

required reduction of production costs and the required increase in
the quality of the defect detection process for a good competitive
position on the market lead to the adoption of faster production
lines and cameras with greater image definition. This can be
achieved by using line scan cameras with reduced sampling times
and defect detection and classification algorithms with reduced
processing times.

Machine vision has been successfully adopted to perform the
inspection in many production processes [7, 12—-19]. Anyway, the
glass tube inspection task is characterised by specific factors and
requirements that do not permit fully exploiting techniques known
in the literature. Algorithms based on edge detection [20] can be
adopted [8], but are too computationally expensive for the
increasingly stringent requirements of such an environment. The
glass tube has a cylindrical shape that produces darker areas near
the edges of the tube, while the glass is partly suspended and
vibrates due to the production process, and in some instants, the
illuminator is not perfectly aligned with the tube. Besides, the glass
is not perfectly cylindrical but has irregularities that produce a
variation of luminosity intensity. As a consequence, algorithms
based on global thresholds [21] such as the algorithm proposed by
OTSU [22] cannot be adopted due to the cylindrical shape of the
tube. Furthermore, since the tubes vibrate and do not have a
perfectly circular shape, techniques that exploit background
knowledge or other template matching schemas cannot be used [7,
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23]. Algorithms based on local thresholds derived from Niblack's
[21] can be adopted, but their computational cost can be not
adequate to the timing requirement of glass tube production.

The objective of this work is to derive an algorithm to detect
defects with reduced processing times compared to the algorithms
known in the literature, without reducing the quality of the
detection. The achieved algorithm is based on a moving average
filter working at the row level, whose combined effects are to
cancel the luminous intensity variations due to the curvature of the
tube and to limit the effect of rotation and vibration. Via
thresholding it is then possible to detect defects. The algorithm is
evaluated considering conventional algorithms, such as Canny
[20], Niblack [21], or improvements [24]. The results show that the
algorithm reduces the processing times by 86% (in the detection
phase), the overall throughput increases by 2.6 times, with greater
accuracy in detecting defects. We characterise also the
dependencies of detected defects and their features by the
algorithm parameters and exploit them to develop a tuning
algorithm that gets the best values for the algorithm operating
parameters, directly at the factory, during the change of production
batches.

The paper is organised as follows: in Section 2, we describe the
inspection task, in terms of defects that must be detected and the
effects of the production process on the acquired images; the
quality and performance requirements, and the main settings of the
system. In Section 3 we describe the state-of-the-art, and in
particular, the typical stages for achieving defect detection, the
solutions proposed in the literature, and how such solutions may be
applied to our inspection task, and in Section 4 we present the
rational of the proposed solution. In Section 5 we describe the
proposed algorithm, the strategy adopted for classification, and we
present a methodology to tune the algorithm parameters. In Section
6, we first describe the system set-up, the benchmark, and the
metrics utilised in the evaluation, then we present and discuss the
results.

2 Inspection task description and requirements
2.1 Inspection task description

The main types of defects that can occur in the production of
pharmaceutical glass tubes [1, 8], relevant for their critical
dimensions and for the significant impact they can have on the
final quality of the product are

(i) Knot inclusion (blobs), due to imperfections in the raw materials
used in the furnace appears on the captured image as dark patches
(Fig. 2).

(i1) Air-lines due to the presence of air bubbles in the furnace,
which are pulled by the drawing machine; they appear as darker
lines of long dimensions (Fig. 3) with a back illuminator, with the
end parts thinner than the centre one. This line, when it is too close
to the tube surface, breaks to become thinner and more difficult to
detect.

In the pharmaceutical use of tubes, the portions of the tube that
present air-lines cannot be utilised for some applications, i.e. in
syringes for vaccines, as they can cause contamination of the
content. The blob is related to the cosmetic look of the tube, and, in
the case of vials, can induce in consumers the idea of the low
quality of the product contained.

The inspection task is characterised by the following factors: (i)
the cylindrical shape of the glass produces darker areas near the
edges of the tube profile; (ii) the glass is partly suspended, and
vibrates due to the production technique and, in some instants, the
illuminator is not perfectly centred with the tube. By considering
only the relevant section of the tube, the luminous intensity of a
row presents the increasing variation in the proximity of the edge
of the tube, eventually not symmetrical due to the not aligned
illuminator (Fig. 4). A row including a defect shows marked
downward fluctuations compared to the profile of a defect-free line
(Fig. 5). Besides, the glass is not perfectly cylindrical but has
irregularities that produce a variation of luminosity intensity (right
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Luminous intensity of the pixels of a row including a portion of a blob defect
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Fig. 5 Luminous intensity of the pixels belonging to a row including a
portion of a blob defect (Fig. 2)
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Fig. 6 Each sensor in the camera catches the light that from the
illuminator goes through a virtual rectangle of the tube. Such a rectangle
has different orthogonal and longitudinal sizes

side of Fig. 2). These factors must be considered when choosing or
implementing a defect detection algorithm.

2.2 Quality and performance requirements

The line scan camera has a single array of sensors (line array), and
a frame 2D image is built by collecting sequential line scans when
the tube is moving. Each sensor in the line array covers a virtual
rectangle on the glass tube (Fig. 6). The virtual rectangle has a
dimension in the orthogonal direction of the tube (orthogonal size)
that can be derived from sensor size and optical magnification (1),
and a dimension in the longitudinal direction (longitudinal size)
that can be calculated from tube speed and line acquisition period

2
orthogonal size = sensor size X magnification (1)
longitudinal size = tube speed X line acquisition period 2)

The area of the virtual rectangle covered by one sensor is used to
derive the size of the defects observed in the images. The virtual
rectangle represents a pixel in the 2D image.

As for the requirements, given the structure of air-lines that due
to vibration and rotation change their thickness, achieving a high
orthogonal resolution (orthogonal size) is much more important
than a longitudinal one (longitudinal size). For glass converting
companies, the vision system must identify defects with an
orthogonal resolution of 15 pm, and with a longitudinal resolution
of 0.5 mm at the maximum tube speed of 4 m/s. The aim is to
increase (up to double) the speed of the tube while keeping a
resolution.

The cameras are placed near the drawing machine that pulls the
tube. Afterwards, the tube undergoes a cutting device that produces
a tube slice; the subsequent discarding device must receive the
decision to accept/discard taken by the inspection system. Such a
decision for each portion of the tube must be taken before it arrives
at the discarding device. To ensure this, it is compulsory to process
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each frame in parallel with the acquisition of the next frame and to
satisfy the following constraints:

frame processing time < acquisition period 3)

The acquisition period depends on the number of lines in a frame
and the line acquisition period (4)

acquisition period = number of lines in a frame X line 4)
acquisition period

To satisfy the requirements on orthogonal resolution (15 um) and
longitudinal resolution (0.5 mm), we adopted a 2k charged-
coupled device (CCD) camera, with CCD sensors size of 7 x 7 um
that scan with a frequency of 8 kHz (corresponding to a line
acquisition period of 125 ps per scan). The optical magnification
has been set to about 1:2.15. From these settings, according to (1)
and (2), we can derive that the orthogonal size is about 15 um due
to the sensors' size and optical magnification. The longitudinal size
is about 0.5 mm when tube speed is 4 m/s

orthogonal size (height) = 7 yum X 2.15 = 15 ym
longitudinal size (length) = 4m/s X 125 x 10™°s = 0.5 mm

With the adopted scan frequency and by considering that in our
case, a frame consists of 1000 lines, for formula (4) the acquisition
period is 125 ms. Consequently, according to formula (3), the
frame processing time must be <125 ms.

As the production speed increases (i.e. tube speed increases) to
keep the longitudinal resolution constant, according to (2), we must
reduce the line acquisition period (4) proportionally (i.e. increase
the sample rate of the camera) and therefore the frame processing
time must also be reduced (3).

Other requirements are related to the quality of detection,
determined by the discard policies. They concern the capability of
detecting all the defects without interpreting noise in luminous
intensity as defects, and the accuracy in detecting length/area of the
defects.

3 State-of-the-art

A commonly adopted procedure for the inspection of glass tubes,
as in other manufacturing environments, is carried out in three
stages [9, 10, 16]

» Image preprocessing
¢ Defects detection
¢ Defects classification

The preprocessing phase prepares the image for the subsequent
phases to reduce the errors introduced as a result of the acquisition
and identifying the region to be investigated. The algorithms
generally adopted are algorithms for noise reduction, contrast
improvement [25], and identification of the region of interest (ROI)
[26].

ROI extraction is needed as the acquired frame includes also
portions of the support on which the object is placed; such support
can be covered with dust and fragments that can easily be classified
as defects [27]. For the glass tube, in this phase, is identified as the
portion of the image related to the internal part of the tube (Fig. 7).
The image portions of the tube edges are excluded from the ROIL.
Such edges, in fact, look dark in the image due to the reflection of
the light rays generated by the illuminator, thus not affecting the
sensor of the camera. A ROI extraction algorithm has been
proposed in [8]. The algorithm, starting from the centre, search on
the left and right part of the tube the minimum values of the
luminous intensity and their column numbers, then move from
them to detect the edge of the not visible portions of the tube.

In the stage of defect detection, techniques are applied to
identify portions of the image whose pixels may represent a defect
[9, 10, 16]. These portions are extracted via segmentation methods
[16], typically utilising edge detection [20, 28], or thresholds [7].
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Fig. 8 Proposed methodology

(a) For each row of the frame, (b) A reference profile is derived via a moving average
filter, (¢) By subtracting the reference profile to the row, (d) Defects can be detected
applying a threshold

In classification, specific algorithms get and analyse a series of
attributes from the segmented regions, possibly combining them
within prearranged classes of defects [16].

Edge detection techniques [28] exploit sharp brightness
variations in an image to identify defects. Among these techniques,
the Canny algorithm [20] is considered one of the best algorithms
for detecting defects in noisy images [28]. Using this algorithm,
various inspection systems have been implemented, both to detect
defects during the production of the glass tube [8] and for detection
in other types of glass production [13] and other production sectors
[12, 14, 15]. However, the computational complexity of the
algorithm may make it unsuitable in future production lines.

Threshold-based techniques can use (i) a global threshold, i.e. a
single threshold for the entire image, and (ii) a local threshold, i.e.
distinct thresholds in the various areas of the image [21].

The OTSU algorithm and its improvements [22, 29] are widely
used techniques based on the global threshold. OTSU works well
for images whose luminous intensity histogram has a bimodal or
multimodal distribution [16]. Based on OTSU, many inspection
techniques have been realised: in [17, 18] to detach defects in
glass, in [7] it has been applied to float glass, in [16] for the
analysis of transparent part. As a consequence of the characteristics
of the glass tube, the detection of the defects cannot be obtained
through a single threshold or multiple thresholds, since the
luminous intensity of the columns that do not include defects is
similar or lower than the luminous intensity of the columns that
include defects (Fig. 5). Furthermore, since the tubes vibrate and
do not have a perfectly circular shape, techniques that exploit
background knowledge or other template matching schemas cannot
be used [7, 23].

With regard to the techniques based on local thresholds, the
Niblack's technique [21] consists in the use of an adaptive
threshold, calculated through the standard deviation and the mean
values of the luminous intensity of the pixels belonging to a
window of assigned size, positioned centred in the pixel. The
method is effective in separating the text from the background; it
has also been applied in the processing of text-free images [30] and
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in the industrial field [19]. Several improvements have been
proposed; they try to improve detection or reduce processing time
[24, 31]. However, also in these cases, the computational
complexity may make such a class of algorithms unsuitable in
future production lines.

4 Rational of the proposed solution

To achieve an efficient defect detection algorithm, we start from
the observation that the luminous intensity of a row becomes
darker in the proximity of the edges of the tube and shows a slow
variation in the central area (Fig. 4). In frames where defects are
present, the Iluminous intensity shows marked downward
fluctuations compared to defect-free rows (Fig. 5).

Our proposal consists in (i) building the luminous intensity that
a row would have in the absence of defects (reference profile) and
(i1) subtracting to it the actual luminous intensity of the row,
obtaining a signal that significantly varies over zero only in
correspondence of a defect (Fig. 8).

A single row cannot be adopted as a reference profile for all the
rows in the frame. The tube rotates, vibrates, and in some areas has
a not perfectly circular section. These aspects produce significant
changes in luminous intensity from one row to another. Anyway,
they introduce only low-frequency variations in luminous intensity
along a row, while the noise and the defects are a broader band or
high-frequency signals added to the reference profile (Fig. 8). The
reference profile can then be built by applying a low pass filter to
the row. By subtracting the resulting signal to the row, we obtain
only the high-frequency components, i.e. noise and defects, and a
single threshold can be applied to detect defects. We choose a
moving average filter [32] as a low pass filter due to its low
computation costs.

The proposed algorithm, moving average glass defects
detection algorithm (MAGDDA) calculates, for each pixel of a row
(I(i, j) denotes the luminous intensity of the pixel with coordinates
i, j), the average value M(i, j) of the window of width WindowSize
(WS) centred in the pixel itself (5) and (6)

AWS = Wlndc;wSlze] 5)
| hws
M@, j) = ms=zhwsl(l +5,J) (6)

The difference between M(i, j) and I(i,j) is compared with a
threshold kyyes and, if greater than it, the pixel (i, j) is marked as
belongs to a defect (7)

if (M0, j) = 1. j) > Kinres

7
then the pixel (i, j) belongs to a defect M

Accordingly, parameters of MAGGDA are the WS and threshold

thres-

5 Algorithm

We assume that the ROI of a frame, extracted using an algorithm
known in the literature, consists of grey-scale pixels of R rows and
C columns. The algorithm returns an output image O. Pixels of the
output image are denoted with O(i, j) and their initial value is
white.

The algorithm analyses one row of the image at a time (Fig. 9).
The moving average filter of width WS that generates the reference
profile is recursively applied in the main loop section. Then, ke
is utilised for defect detection.

For pixels that have a distance from the edge of the ROI less
than half WS, a symmetrical window of width twice the distance
from the pixel to the edge (start-up loop, final loop) is applied.
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1. C = # of columns of Image I

2. R = # of rows of Image |

3. hWS = [Wmd;wszzel

4. forj=0,j<R, j++

5. // Elaboration of the row j

6.

7. SUM(,)) = M(0,)) = 1(0,))

8.

9. // Start-up loop

10. i=1

11. while 0 < i< hWS

12, SUM(i,j) = SUM(i — 1,/) + 1(2i, ) + 1(2i — 1,))

13, M(i,j) = SUMC(,j)/(2i + 1)

14. if (M(i,j)— 1@, ) > kepres then 0(i,j) = Black

15. i=i+1

16. end while

17. // End of Start-up loop

18.

19. // Main loop

20. while (WS < i < (C—hWS —1)

21 SUM(i,j) = SUM(i — 1,j) + I(i + hWS, ) — (i — RWS —
)

22. M(i,j) = SUM(i,j)/(2hWS + 1)

23. if (M(i,j)—1(@,))) > kepres then 0(i,j) = Black
24. i=i+1

25. end while

26.  //End of Main loop

27.

28. // Final loop

29. while (C —hWS -1)<i<C

30. SUM(i,j) = SUM(Gi— 1,j) —I(i — (C — ),j) —
Ii—-(C-H-1))
31 M(i,j) = SUM(, )/ (2(C —i) — 1)

32. if (M(i,j)—=10,))) > kinres then 0(i,j) = Black
33. i=i+1

34. end while

35.  // End of Final loop

36. end for

Fig. 9 MAGDDA algorithm. The algorithm takes as input an image I,
made by grey-scale pixels of R rows and C columns, and a threshold k..
1t produces an output image denoted with O of the same size as |

6 Classification

After applying the defect detection algorithm to classify defects,
we build, for each group of adjacent black pixels in the output
image, the smallest rectangle that contains them (container of the
recognised pixels). The analysis of the containers allows us to
detect the real defects, discarding the noise, and classify blobs and
air-lines.

To perform classification, we utilise the following parameters:

MA: minimum area in terms of number of pixels
BLHRj,,- blob length and height ratio, minimum value
BLHR),x: blob length and height ratio, maximum value
ALLHR: air-line length and height ratio

In particular, MA is the size of the smaller defect that the machine
is able to detect. Such size is a quality parameter required by the
customer: defects with an area smaller than this value are
considered not relevant by pharmaceutical companies. The other
parameters are used for classification and derived from the
property of the defects to be detected.

For each container, we evaluate the following quantities:

A: area of the container in a number of pixels
LHR: length and height ratio of the container

The classification is performed as follows:

1. If A>MA, the container is classified as a potential defect.
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2. If BLHRp, <LHR <BLHRyj,x the potential defect is
classified as a blob

3. If LHR > ALLHR, the potential defect is classified as an air-
line.

The classification algorithm used in the experiments is configured
with the following values: MA =20 pixels, BLHRy,=0.1,
BLHRy,x=0.8, ALLHR =2. They were suggested by the experts
and derived from the camera settings described in Section 2.2.

6.1 Consideration on WS and k.5 and tuning

The parameters of algorithm kg, and WS influence the detection
quality. To evaluate such influence, we refer to a frame including
an air-line (Fig. 3) with an expected length measured by a human
operator (the observed behaviour is common to all the other
frames).

The choice of ke and WS must (i) maximise the number of
defects that are properly detected [true positives (TPs)]; (ii)
minimise the error in the detected air-lines length; (iii) minimise
the number of detected defects that do not represent actual defects
[false positives (FPs)]; and (iv) avoid that actual defects are not
detected [false negatives (FNs)]. To highlight the dependence
between the detected length, the number of FPs and WS and ks,
we have taken a frame that includes an air-line and we have
repeatedly applied the MAGDDA and the classification algorithm
to it, to determine the detected length. Each time the ks and WS
parameters were changed. We got the following figures: Fig. 10a
shows in a 3D graph the detected air-line length by varying ke
and WS; Fig. 105 shows the error in the percentage of detected air-
line length by varying ks for a set of WS values; Fig. 10c shows
the detected air-line length by varying WS for a set of ks Values;
finally, Fig. 10d shows the number of FPs by varying k.5 for a set
of WS values.

We can observe that

(1) in an interval of WS values the detected air-line length is
independent of WS (this interval can be determined in [50, 300])
and such length is determined only by ke (Figs. 10a—c). Outside
this interval, the detection performance degrades (Figs. 10c).

(i) The error in the detected air-line length decreases as kyres
decreases up to a ke value for which the error is null (kpoerr 1S
about 5 in Fig. 10b). Below this value, the error increases.

(iii) For kipres below kyof, value, FPs are present (kyofp is about 7 in
Fig. 10d). At this point, there is a small detection error (<10% of
the real length in Fig. 10d). For &y, Over a certain value (about 17
in Fig. 10b), no defects are detected (FNs appear).

According to these considerations, the optimal ks value can be
chosen in the interval [knoerrs knotp] to (i) minimising the number of
FPs or the error in detected length and to (ii) avoid FNs.

In an industrial scenario, the MAGDDA parameters depend on
some production-related factors (size, diameter, thickness, opacity,
and colour of the tube). We have developed an algorithm that
permits us to get the best values of the MAGDDA parameters
according to the changes in production factors (tuning algorithm).
Such an algorithm is executed during the changes of production
batches.

The algorithm is based on the premises:

i. a defect causes a high variance value in the columns on which
it is placed (variance criteria);

ii. the curvature and the not perfect alignment of the camera and
illuminator produce almost linearly change in the column
variance;

iii. there is an interval of WS over which the detected defect size
is independent of WS value.

The algorithm examines a frame sequence towards the end of a
new production batch start-up, and looks for a ke value that (i)
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Detected air line length with MAGDDA algorithm
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Fig. 10 Dependence between the detected length, the number of False Positives and the parameters of the algorithm kthres and WS
(a) 3D graph showing the detected length of an air-line according to kthres and WS parameters, (b) Error (percentage) in detected air-line length when changing kthreg and for WS =
24,100, 200, 300, (c) Detected air-line length when changing WS and for ktpres =3, 6, 9, 12, 15, (d) Number of FPs when changing ktpreg and with WS =24, 100, 200, 300
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1.  Aframe is acquired.

2. //firstsection: evaluation of kp,f,

3. Calculates vector V, the variance on the columns of the
frame.

4.  Calculates vector T, the linear regression model fitting to V
in the least-squares sense.

5.  Calculates vector V* =V-T

6.  kipres=0,ws =150

7.  Apply the MAGDDA algorithm and classification with <
knres, ws>

8.  while there is at most a defect with V*(j) <2 for each
column j of the defect // premise 1

9. Increase kpres
10.  Apply the MAGDDA algorithm and classification with <
kinres, ws>

11. end while

12, knosp= Kenres

13. //second section: evaluation of k;,,na

14. if there is atleast a defect with the last classification

15. kpouna= knogp

16.  SIZE(kyosp) = vector of the sizes of the defects inside the
frame detected with threshold k

17. SIZE(kpouna) = SIZE(Knogp)

18.  while SIZE(kpoynq)i>= SE * SIZE(kp,pp)ifor each i

19. Increase kyouna

20. SIZE (kp,ouna)= vector of the sizes of the defects inside
the frame detected with threshold Kbound

21.  end while

22.  decrease Kpouna

nofp

23. else
24.  kpouna= Undefined
25. endif

26. Return kn,rp, Kpouna
Fig. 11 Tuning algorithm for a frame

eliminates FPs and (ii) determines an error in detected defect size
lower than a threshold defined by the operator. If such ks does
not exists, it furnishes a list of ks values and, for each of them,
the number of frames for which the condition of zero FPs or
bounded length error is not satisfied. The final choice of ks Will
be performed by the operator based on the production order
requirements.

The algorithm, in the first phase, estimates for each frame, a
threshold k5, that guarantees no FPs. The application of the
algorithm to all the frames furnishes a set of k., values. The
maximum (Kpmay) of kyofp values guarantee no FPs are detected in
the frames.

Anyway, in some frames, as k;,,, may be higher than the related
knofp> the adoption of k., can introduce error in detected size. To
bind such error for all the frames, in the second phase, the
algorithm looks, in each frame, for a new threshold kpyung, defined
as the largest threshold for which the detected size is less than size
factor (SF) times the size detected with threshold k. We call
kbound_min the minimum of all the kyoung values. If ko < kvound_mins
the use of k., guarantees no FP and bounded error. Otherwise, the
use of k., may introduce additional error in detection with respect
to SF. In this case, the requirement on no FPs may be relaxed,
improving the quality of detection at the cost of more FPs.

According to these ideas, the algorithm assumes an initial WS
value (i.e. 150 from Fig. 10c) and examines a frame sequence. For
each frame, it estimates kyof (Fig. 10d). As the algorithm is
running in an unsupervised mode, the algorithm evaluates the
lowest kipes for which there are no defects detected in low-variance
zones (experimentally, a variance value over 2 may indicate the
presence of a defect). This suggests—premisel—that such a value
of kires eliminates most or all FPs in the frame, and it is a good
approximation of k.

The tuning algorithm is described in Fig. 11. It acquires a frame
and calculates vector V of the variance of each individual column,
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vector T representing the linear regression model fitting to V in the
least square sense (premise 2) and the difference ¥* =V —T. Then
applies MAGDDA to the frame with parameters WS=150,
kires = 0. After the classification, while there is at most a defect
with V*(j)<2 for all of the columns j, the algorithm increases ks
and iterates MAGDDA and classification. The loop ends when no
defects are detected or all the defects are placed on at least a
column j with F*(7) > 2. kipres is assigned to Knofp.

In the second section, the algorithm, searches for the threshold
kbound> With kpound > knofp defined as the largest value for which the
size of the detected defect is less than SF times the size detected
with threshold kyof,. The algorithm returns kyop, and Apoung-

7 Performance evaluation
7.1 System set up, benchmark, and metrics

A prototype inspection system has been implemented, working on
a production line of a glass tube foundry. The image acquisition
subsystem is composed of a 2K Basler Racer Ral.2048 linear
camera [33], and a Matrox Solios eCL/XCL-B Camera Link frame
grabber with PCI-X and PCle connections [34]. Illumination is
obtained with a COBRA Slim LED Line based on red light [35] in
backlight configuration [36]. The illuminator guarantees high
power and uniform source of illumination so that changes in the
environmental conditions determine no effects on the light on the
sensors. The algorithm has been implemented in OpenCV [26].
The communication between the host computer and the cutting and
discarding machine is realised via a CIFX 50E-DP board [37].

To evaluate the performance, we used a dataset of 30 frames
obtained during production. The dataset includes six air-lines and
ten BLOBs; three BLOBs are included in one frame, while two
airlines are included in another frame. The number of frames
without defects is 17.

Experiments are executed to measure the following parameters:
processing time, number and type of classified defects, length of
air-lines, and blob area. We perform experiments on a machine like
the production one. To evaluate the processing time, we perform
1000 executions of the whole dataset of images [38], and we take
the average execution time of each phase and the maximum total
processing time. For the number and type of defects, we measured
the number of TPs, FPs, and FNs. We considered also the number
of defective frames, i.e. the number of frames that contain at least
one defect, with a classification like the previous one. Defects have
been identified by human experts, with a visual inspection of the
tubes.

7.2 Considered algorithms

We have compared MAGDDA with the Canny algorithm [20],
Niblack's technique [21], and the Sauvola and Pietikainen [24]
improvement of Niblack.

The same ROI extraction algorithm has been utilised in all the
algorithms [8]. MAGDDA has been configured with Ayes = 10.1,
WS =150, by running the tuning algorithm of Section 5.2 with WS
=150 and SF=0.8. For Canny, we adopted the thresholds (35 and
80); we take a windows size of 40 x 40 and K=-1.7 for Niblack
and K=0.05 for Sauvola. For each of these algorithms, we
performed a design space exploration to evaluate the parameter
values that permit us to optimise the quality of detection.

Table 1 summarises the main features of the host computer, the
algorithms utilised, and the configuration parameters.

7.3 Results

Table 2 reports the number and types of defects detected, the
number of defective frames, and their classification. We can
observe that the accuracy in defect classification of the MAGDDA
and Canny algorithms is similar: MAGDDA has only one more FP
than Canny, but the same value for defective frames. In Niblack,
there is an increase in FP as tube portions are not perfectly circular,
and they produce horizontal darker spots that are detected with the
square windows of Niblack. Sauvola works not well near the edge
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Table 1 Host computer
Hardware configuration
Processor Intel® Core™ i7-940 processor (8 MB cache, 2.93 GHz)
RAM 8 GB
defect detection system
algorithm name Canny MAGDDA Niblack Sauvola

pre-processing
defect detection
parameters

post-processing

implementation

ROI extraction [8]
Canny algorithm

low-high thresholds (35 and 80)

classification
(Section 5.1)
OpenCV

ROI extraction [8]
local threshold (Section 4)
WS =145
Kthres = 10.1
classification
(Section 5.1)
OpenCV

ROI extraction [8]
Niblack algorithm
N=20x20
K=-17
classification
(Section 5.1)
OpenCV

ROI extraction [8]
Sauvola algorithm
N=20x20
K=0.05
classification
(Section 5.1)
OpenCV

Table 2 Number of recognised defects/defective frames and their classification

Expected value TP Canny TP/FP, FN MAGDDA TP/FP, FN

Niblack TP/FP, FN  Sauvola TP/FP, FN

blobs 10 10/5 (0) 10/6 (0) 10/11 (0) 10/655 (0)
air lines 6 6/0 (0) 6/0 (0) 6/0 (0) 6/2 (0)
defective frames 13 13/2 (0) 13/2 (0) 13/4 (0) 13/17 (0)
Table 3 Air-line length [pixels]

Frame Expected value Canny algorithm MAGDDA Niblack Sauvola
1.1 94 81 72 73 83
1.2 483 473 456 455 464
2.1 823 709 758 718 702
2.1 453 337 402 353 306
2.6 634 502 509 500 477
3.9 538 450 513 487 468
cumulative sum 3025 2552 2710 2586 2500
cumulative percentage 100 84.36 89.59 85.49 82.64
avg abs error, % 0 15.42 12.09 15.60 16.76
Table 4 Blob area [pixels]

Frame Expected value Canny algorithm MAGDDA Niblack Sauvola
1.3 135 270 94 60 124
1.5 81 198 74 54 104
1.7 97 186 68 47 94
1.9 100 132 81 56 112
3.2 32 48 29 28 34
3.3 110 236 125 83 139
35 1172 1958 1259 217 1258
3.7 18 38 14 24 33
3.7 43 55 49 56 79
3.7 22 38 24 39 49
cumulative sum 1796 3159 1817 664 2026
cumulative percentage 100 174.53 100.39 36.69 111.93
avg abs error, % 0 81.16 16.36 44.38 38.14

of the ROI, because the average value in the window is low and the
deviation is high due to the imperfect circular shape.

Tables 3 and 4 report the air-lines length and the blobs’ area of
defects that are TP, as detected by an operator and by the
algorithms. We report also (i) the cumulative sum of the defects
and the fraction of defects (in percentage, row cumulative
percentage) detected by the system with respect to the operator
measures and (ii) the average of the abs error in percentage (row
avg abs error).

All the algorithms have similar accuracy in air-lines length
detection. They detect the cumulative length of air-lines with an
error of about 15%, and, in each detection, they have an error of
15% on average apart from MAGDDA, which has an error of
about 12%. For blobs, the cumulative area is detected by the
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MAGDDA algorithm almost without error, and in each detection, it
has an error of 16% on average. The increased error of Canny for
the blobs is caused by the use of the morphological dilate operator
to improve the detection of connected regions (useful in air-lines
[26] detection). Niblack presents the worst accuracy in blobs area
detection: windows including blobs have high values of standard
deviation and so the thresholds are low. Sauvola instead has the
highest thresholds when the blobs occur, so overestimate them.

Fig. 12 shows the output images obtained when applying the
algorithms on a frame including two air-lines. The slopes are
opposite because the air-lines are in two radially opposite sections
of the tube. We can observe that Niblack detects a high number of
noisy points, Sauvola detects FPs near the edge of the ROI. Canny
and MAGDDA perform similarly.
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Fig. 12 The ROI from a frame including two air-lines and output images obtained by the tested algorithms

(a) ROI Image, (b) Canny, (c) MAGDDA, (d) Niblack, (e) Sauvola

Fig. 13 reports the measured processing time, highlighting the
average time spent in ROI extraction (ROI), defect detection (Elab)
and classification (class), and the maximum among the total
processing times for each frame in the dataset (total). Elab of
MAGDDA is 8 ms while Elab of Canny is 61 ms, with a decrease
of 86%. Total for Canny is about 90 ms and for MAGDDA is about
34 ms, with a decrease of 75%. The Niblack's versions considered
are not suitable for real-time execution (due to their high
computational cost [21]), as they are over 2 s of processing time.
Both present a high classification time, due to the high number of
noisy point and FP detected (Fig. 12). We tested also an improved
version of Niblack that applies an adaptive threshold to each sub-
image [31]: processing time is a bit lower than MAGDDA, but the
inspection quality is low as, in any case, a fixed threshold cannot
be applied also in a sub-image. We report also the throughput in
frames per second (FPS) that can be sustained at the maximum

IET Image Process., 2020, Vol. 14 Iss. 12, pp. 2911-2921
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execution time. MAGDDA can sustain an FPS of 29.4, which is
2.6 times the fps of Canny.

The proposed MAGDDA algorithm is therefore effective in
reducing processing time for defect detection, without reducing the
detection quality with respect to algorithms known in the literature.
According to (4), the reduction of the processing time allows us to
use linear cameras with a higher sampling frequency. Therefore,
MAGDDA can be used to improve the quality of inspection, by
detecting defects of smaller dimensions, or can be used in faster
production lines, maintaining precision and accuracy.

It should be noted that improvement in quality (resolution)
and/or production speed, with respect to the parameters used in the
study, may result in a change in the lighting system and camera
features (resolution and sampling rate), as can be derived from
Section 2.1. The proposed tuning algorithm allows the MAGGDA
thresholds to be adjusted to changes in defect properties (in terms
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Processing Time

10000
1000
g 100
PO | L [ ([
1
MAGDDA Canny Niblack Sauvola
HROI Elab mClass mTotal
Processing Time Throughput
Algorithm ROI Elab Class Total FPS
MAGDDA 7.693 8.333 8.114 33.941 29.5
Canny 7.845 61.538 9.395 89.824 11.1
Niblack 7.934 2,323.89 50.606 2,642.17 0.4
Sauvola 7.705 2,331.53 41.696 2,645.73 0.4

Fig. 13 Processing time for an inspection system based on MAGDDA, Niblack, Sauvola, and Canny. The vertical axis is in logarithmic scale. The table below

includes also the throughput

of luminous intensity and number of pixels). The short processing
time of MAGGDA allows, as said, increasing the sampling
frequency of the cameras keeping the real-time constraints of the
inspection system. For example, if the line speed has to be doubled
from 4 to 8 m/s, maintaining the resolution requirements of Section
2.2, the camera sampling rate has to be doubled and therefore a
frame processing time of 62.5 ms is required (Section 2.2). Of the
algorithms considered, only MAGDDA is able to guarantee this
level of performance.

8 Conclusion

The quality of the glass tube for pharmaceutical use can be
controlled through a vision-based inspection system. The evolution
of production processes and the need for greater precision and
accuracy in detecting defects increase the frame rate and the
number of pixels per frame. Therefore, it is necessary to decrease
the time taken to detect the defects even in the presence of an
increase in the number of pixels per frame. In the case of glass
tubes, the detection is more difficult by specific problems due to
vibration and rotation of the tube, and the tube irregularities
(imperfect circular shape) which characterise the production
process. These aspects prevent the efficient use of techniques
known in the literature.

In this study, we have presented and evaluated an algorithm that
significantly decreases the processing time of the defect detection
phase with respect to algorithms known from literature. The
algorithm adopts a moving average filter that works at the row
level, minimising the effects of vibration, rotation, and tube shape
not perfectly circular. Luminous intensity variations due to the
curvature of the tube are cut by the filter, and a threshold algorithm
can be applied after filtering to detect defects. The algorithm
provides a similar or higher quality of detection than solutions
available in the literature (Canny, Niblack, and its improvements)
and reduces by 75% the overall processing time. It improves also
throughput of 2.6 times with respect to Canny. It can be employed
in faster production lines or to increase the image resolution in
detection. We have characterised also the dependence between the
quality of detection and the parameters of the algorithm. We
exploit such dependence to develop an algorithm to get the best
values for such parameters directly at the factory, during the
change of production batches.
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