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Abstract: Modern neural networks have made great strides in recognising objects in images and
are widely used in defect detection. However, the output of a neural network strongly depends on
both the training dataset and the conditions under which the image was acquired for analysis. We
have developed a software–hardware method for evaluating the effect of variable lighting on the
results of defect recognition using a neural network model. The proposed approach allows us to
analyse the recognition results of an existing neural network model and identify the optimal range
of illumination at which the desired defects are recognised most consistently. For this purpose, we
analysed the variability in quantitative parameters (area and orientation) of damage obtained at
different degrees of illumination for two different light sources: LED and conventional incandescent
lamps. We calculated each image’s average illuminance and quantitative parameters of recognised
defects. Each set of parameters represents the results of defect recognition for a particular illuminance
level of a given light source. The proposed approach allows the results obtained using different light
sources and illumination levels to be compared and the optimal source type/illuminance level to be
figured out. This makes implementing a defect detection environment that allows the best recognition
accuracy and the most controlled product quality possible. An analysis of a steel sheet surface showed
that the best recognition result was achieved at an illuminance of ~200 lx. An illuminance of less than
~150 lx does not allow most defects to be recognised, whereas an illuminance larger than ~250 lx
increases the number of small objects that are falsely recognised as defects.

Keywords: defect detection; steel strip; convolutional neural network; parameter variability;
illumination

1. Introduction

Recognising defects in rolled metal is a primary scientific and technical task [1]. De-
pending on the rolling machine type, roll wear type, etc., the surface may contain various
defects (scratches, abrasions, dimples, pits, etc.) [2], characterised by diverse geometry and
morphology. This makes defectoscopy algorithms reasonably complicated. In addition,
defects may have different shapes and be of different types. This causes errors in their
classification and recognition since certain defects are similar in shape and structure [3–5].

In recent years, many approaches based on convolutional neural networks have been
proposed to address the problem of recognising the position of defects on the image of a
surface [6–8]. With an adequate training sample, this recognition technique allows for a
high accuracy (more than 95%). For example, the paper in [9] introduced a lightweight
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convolutional neural network, WearNet, to realise automatic scratch detection for compo-
nents in contact sliding, such as those in metal forming. WearNet can reach an excellent
classification accuracy of 94.16% with a much smaller model size and faster detection speed.

However, in line with other optical–digital methods, the techniques considered are
highly dependent on the image acquisition conditions, which predetermine their use in
natural industrial conditions [10,11]. Changing the illumination parameters, the position of
the light source relative to the object of interest, and the presence of several light sources
may have a crucial effect on the image obtained using a digital camera [12–15]. As a result,
several images of the same surface obtained with a digital camera in different light and
photo-shooting conditions may be significantly different. Changing the conditions under
which digital images are obtained may enhance (or, on the contrary, blur) individual surface
artefacts, which may significantly affect the final recognition result. Thus, insufficient
(or, conversely, excessive) illumination of the surface may entail diagnostic errors. In
this regard, investigating the effect of the illumination level on the recognition of digital
images of surfaces with defects appears relevant and essential. This will provide a better
understanding of the possibilities inherent in this method and make it possible to find the
conditions that minimise recognition errors [16–18].

So, based on computer vision, surface defect detection remains challenging due to
uneven illumination and non-stable image-obtaining conditions [19]. Low contrast and
the heterogeneous patterns of defects make this task even more complicated. Current
methods usually present a lack of adaptability for various scenes, and the insufficient
repeatability of measurement results in an environment with uneven illuminance (day-
light/lamplight/mixed light, etc.). The paper in [19] proposes a method that employs
saliency detection and intrinsic image decomposition, which can improve the detection of
diverse types of defects under uneven illumination.

The paper in [20] proposed a method for detecting surface image defects based on a
convolutional neural network, which is based on the adjustment of convolutional neural
networks and training parameters and on changing the structure of the network to identify
various defects accurately. Experiments on the defect inspection of copper and steel images
show that the convolutional neural network can automatically learn features without
preprocessing the image and correctly identify various types of image defects affected
by uneven illumination, thus overcoming the drawbacks of traditional machine vision
inspection methods under uneven illumination.

The authors in [21] propose a joint-prior-based uneven illumination enhancement
method that improves defect detection using a particular semi-coupled retinex model.

The mentioned methods can make defect detection more accurate, but they do not
give insight into the repeatability of measurement results (under uneven illumination) and
do not allow the best defect detection conditions to be estimated.

Modern investigations showed that neural network-based defect detection methods
allow high accuracy to be reached in the recognition of different classes of surface de-
fects [22–24]. However, investigating and streamlining neural networks’ capabilities and
limitations in detecting, classifying, and calculating the parameters of the most common
group defects appear crucial [25–27]. This article considers how the illumination level ap-
plied to the surface of a specimen made of rolled metal may affect the results of recognising
defects using a neural network.

Our experiments used several numerical parameters (defect area and orientation) to
characterise the recognised defects. In addition, their variability was determined under
different types of light sources and illuminance levels. An application for analysing the
recognition results and calculating/analysing quantitative parameters was used for the im-
age analysis, along with a previously developed and trained convolutional neural network.
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2. Research Technique
2.1. Object of Interest

The surface of a metal plate with scratches applied onto it was used to analyse the
effect of illumination on the detection and parametric description of defects found in rolled
metal. Most scratch-type defects of the rolled metal result from wear of metal rollers,
scale adhesion, etc., during which the rolled metal surface is subjected to mechanical
scratching. Therefore, the scratches were applied mechanically, making it possible to
accurately consider simulated defects to reflect defects obtained in production conditions [2].
Optical–digital methods for identifying defects of the rolled metal surface are impeded by
a non-uniform scatter of illumination on the surface of interest. The surface colour may
also change due to the oxidation of rolled metal, thus making another impediment. These
facts were considered while designing the laboratory and experimental setup.

2.2. Setup for Investigating the Effect of Illuminance

The power consumption in industrial conditions can be reduced by lighting devices
based on semiconductor light sources, the main advantages of which include high luminous
efficiency, long service life, and environmental friendliness [28]. The standard values of
qualitative and quantitative light parameters can be ensured by increasing the power and,
consequently, the light flux coming out of lighting devices at the level of the diagnosed
surface of the metal strip, which leads to a variation in the illuminance level.

The problem of analysing the influence of illumination on defect recognition accuracy
consists of the following:

– evaluating the surface illuminance level and determining its influence on the defect
recognition algorithm;

– defining the most favourable lighting conditions for diagnostics.

The design and general view of the experimental setup are presented in Figures 1
and 2. The setup consists of a box (KAMERA), on the bottom of which we placed the
ES specimen of interest. The reflected component of the light flux affected the specimen
surface. To eliminate this effect, a coating with a reflection coefficient close to zero was
applied to the inner surface of the camera.
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Figure 2. General view of the experimental setup. KAMERA—lightproof box; F—photo camera;
EL1—incandescent lamp, EL2—LED module; LUXMETER—luxmeter; V1—voltmeter; T1—voltage
regulator.

Replaceable modules with the EL1 incandescent lamp and EL2 LEDs were used
as light sources in the camera’s upper part. These light sources were powered by the
alternating voltage source, the laboratory autotransformer, and the constant voltage source,
respectively, which, in turn, were powered by the mains. The illuminance level applied
to the specimen was varied by changing the supply voltage and, naturally, the light flux
coming out of the light sources. The supply voltage of the module with the incandescent
lamp varied from 80 V to 230 V. The LED module’s constant voltage varied from 8 V to 13 V.
The V1 voltmeter connected in parallel to the light sources recorded the supply voltage of
the light sources. The illumination measurement results were compared to the LUXMETER
device readings to provide high accuracy in measurement results.

Five minutes after applying voltage to the light sources, after their transition to the
preset operating conditions, plate surface images (Figure 3) were obtained using the Canon
EOS 1300D camera (Canon, Tokyo, Japan) at room temperature. The aperture number was
5, and the shutter speed was 1/60 s. Fragment 1 of the plate image shown in Figure 3 was
used for further analysis. The resolution of this image fragment was 2650 × 4734 pixels.
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2.3. Photometric Characteristics of the Light Source

Before obtaining the images, we measured the photometric characteristics of the
two light sources used, namely, the dependence of the light flux on the consumed voltage
(Figure 4) and the light scatter. The light intensity curves that characterise the light sources
are shown in Figure 5. The photometric characteristics were measured in the specialised
lighting laboratory of VATRA Corporation OSP LLC.
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for the incandescent lamp at a consumed voltage of 220 V (b).

2.4. Calculating Illumination of the Specimen Surface

The straight line showing the illumination component, obtained based on the light
flux from the light sources, was calculated for the specimen surface in the zone of the
obtained images. The specimen surface illuminated with the LED lamp was calculated
based on the geometric scheme presented in Figure 6a. In this scheme, the LED light source
(2) with its geometric and optical centre at point O is represented by a uniformly bright
disk (d = 0.158 m) placed at a distance (h = OO1 = 0.200 m) from the surface covered by
the image 1 zone.
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EA the illumination of point A, which is located on the specimen surface covered by
the image zone, is calculated according to the following equation [26]:

EA = π · L · sin2 φ, (1)

where L is the brightness of the LED light source; φ is the half value of the angle at which
the LED light source is visible from the calculation point.

The following ratios determine brightness:

L =
M
π

=

Φ
π· d

4
2

π
=

4 · Φ

(π · d)2 , (2)

where M, F are the brightness and the light flux coming out of the LED light source,
respectively.

φ = 1
2 · (φ2 − φ1) =

1
2 ·
(

arctg
lOA1

+r
h − arctg

lOA1
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h

)
=

= 1
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h ·
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h
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2 · arctg 2·h·r

h2+lOA1
2−r2 ,

(3)

where lOA1 = lAO1 is the OA1 segment length; r = d
2 .

Substituting (2) and (3) into (1), we obtain:

EA = π · 4·Φ
(π·d)2 · sin2

(
1
2 · arctg 2·h·r

h2+lOA1
2−r2

)
=

= 4·Φ
π·d2 ·

1−cos

(
arctg 2·h·r

h2+lOA1
2−r2

)
2 =

= 2·Φ
π·d2 ·

1 − 1√√√√1+

(
2·h·r

h2+lOA1
2−r2

)2

 =

= 2·Φ
π·d2 ·

(
1 − h2+lOA1

2−r2√
h2+lOA1

2−r2+4·h2·r

)
.

(4)
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Before obtaining images, we measured distances between points O0 and O1 along the
coordinate axes. The position of the point O0 on the plate is shown in Figure 3. Along the
abscissa axis, lO0O1

x = 0.083. Along the ordinate axis, lO0O1
y = 0.112 m.

Then, the lAO1 distance was determined as:

lAO1 =
√(

xA − xO1

)2
+
(
yA − yO1

)2
=

=
√(

xA − xO0 + lO0O1
x)2

+
(
yA − yO0 + lO0O1

y)2
=

=
√(

lAO0
x + lO0O1

x)2
+
(
lAO0

x + lO0O1
y)2,

(5)

where lAO0
x = xA − xO0 , lAO0

y = yA − yO0 is the difference between the relevant coordi-
nates of points A and O0.

Numerical values of lAO0
x and lAO0

y are obtained from the following equations:

lAO0
x =

(
nA − nO0

)
· lp · F

h0−F ,
lAO0

x =
(
mA − mO0

)
· lp · F

h0−F ,
(6)

where nA, nO0 = 4696, mA, mO0 = 708 is the ordinal number of columns and rows of
the digital image, which corresponds to the positions of points A and O0, respectively;
lp = 4.3 · 10−6 m is the pixel size of the matrix photoconverter of the Canon EOS 1300D
camera; F = 35 · 10−3 m is the focal length of the camera’s optical system; h0 = 38.71 ·
10−3 m is the distance between the optical system and the matrix photoconverter’s surface.

We calculate the specimen image zone illuminated by the incandescent lamp (the
calculation scheme is presented in Figure 6b) based on the distance inverse square law,
according to which [26]:

EA =
Iα · cosα

lOA
2 =

Iα · cosα

lOA1
2 + h2

, (7)

α = arctg
(

lOA1

h

)
, (8)

where Iα is the light intensity in the direction of the calculation point; α is the angle between
the Iα direction and a normal to the calculation plane.

lOA1 was calculated by Equations (5) and (6), given that lO0O1
x = 0.103 m and lO0O1

y =
0.154 m. Moreover, the distance between the luminous body of the incandescent lamp and
the calculation plane was h = OO1 = 0.125 m.

Light intensity Iα in the direction of the calculation point is determined using the
following equation:

Iα = K f · Iα(α), (9)

K f =
Φ(U)

Φ(220 B)
, (10)

Iα(α) = −498.000 · α6 + 1871.500 · α5 − 2676.600 · α4+
+1784.800 · α3 − 555.440 · α2 + 69.791 · α + 74.004

(11)

where Iα(α) is the function for approximating the dependence of light intensity on the
illumination angle (Figure 7) obtained at the consumed voltage of 220 V (the relative
maximum error is 1.17%); K f is the coefficient, which considers the following ratio: light
coming out of the incandescent lamp at a given consumed voltage versus light coming out
at a voltage of 220 V.
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Figure 7. Graph showing the dependence of Iα(α), which was obtained experimentally (1) at a
consumed voltage of 220 V and using a sixth-order polynomial (2) with a relative maximum error of
1.17%.

The obtained specimen images were loaded into the MATLAB package, in which
the illumination of the horizontal surface covered by the image zone was calculated for
each digital image element. Equations (4)–(6) were used for the images obtained using the
LED light source, while Equations (7)–(11) were for those obtained using the incandescent
lamp. Figure 8 shows the scatter of illumination over the surface in the digital image. We
can see the specimen fragment obtained using the LED light source (Figure 8a) and the
incandescent lamp (Figure 8b) at a consumed 13 V and 170 V, respectively.
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Figure 8. Scatter of light over the surface, which fell into the digital image obtained when illuminated
by the LED light source (a) and the incandescent lamp (b) at a consumed voltage of 13 V and 170 V,
respectively.

The average illuminance level of the specimen shown in the image was used to analyse
the defect recognition efficiency under different illumination conditions. The latter was
taken as the technical parameter of illumination [29]. The current illumination values
generated by the light sources considered were brought to this parameter. This was done
for the following reasons:
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(1) The defect was studied over the entire plate surface, which fell into the image zone.
Therefore, the average illumination level characterises the total light flux that falls on
the surface considered.

(2) When designing lighting systems, the average illumination level of the working
surface is the standard parameter given in the documents [30].

We calculate the average illumination level Eav, which fell into the image zone from
the equation given in [29,30].

Eav =
∑

i=m
j=n
i,j=1 EAi,j

m·n (12)

where m = 4734, n = 2650 is the size (in pixels) of the specimen fragment considered.

2.5. Calculating the Illumination in the Zone of the Image Fragment

The results of calculating the illumination in the zone of the image fragment, obtained
at different values of supply voltage of the light sources, are presented in Tables 1 and 2.

Table 1. The results of calculating the illumination of the horizontal surface, which fell into the zone
of the specimen image obtained when illuminated by the LED light source.

Supply voltage, V 13.0 12.5 12.0 11.5 11.0 10.5 10.0 9.5 9.0 8.5 8.0

Luminous flux, Lm 106 102 90 81 72 64 52 43 32 21 12

Brightness, cd/m2 1721 1656 1461 1315 1169 1039 844 698 520 341 195

Maximum illumination in the area
of the image fragment, lx 470 453 399 359 320 284 231 191 142 93 53

Minimum illumination in the area
of the image fragment, lx 195 188 166 149 133 118 96 79 59 39 22

Average illumination in the area of
the image fragment, lx 324 312 275 248 220 196 159 131 98 64 37

Table 2. The results of calculating the illumination level of the horizontal surface, which fell into the
zone of the specimen image obtained when illuminated by the incandescent lamp.

Supply voltage, V 170 164 155 147 135 122 105 88

Luminous flux, Lm 382 330 261 211 153 99 51 29

Axial force of light, cd 29.17 25.20 19.93 16.11 11.68 7.56 3.89 2.21

Maximum illumination in the area of the
image fragment, lx 461 399 315 255 185 120 62 35

Minimum illumination in the area of the
image fragment, lx 140 121 95 77 56 36 19 11

Average illumination in the area of the
image fragment, lx 270 233 184 149 108 70 36 20

2.6. Neural Network for Defect Recognition

A neural network with a U-net architecture [31,32] (Figure 9) and the ResNet152-based
encoder [33] were used to recognise defects on the surface of a metal strip. This allowed
for the semantic segmentation of the image by marking the arrays of image pixels as
belonging to damage. The ResNet152 encoder makes it possible to create a detailed map
of features characteristic of damage, while the U-net decoder unit allows projecting the
features recognised in the image back onto the original image, thus highlighting the areas
with damage.
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Figure 9. The general architecture of the U-net neural network. Blue rectangles indicate multi-channel
feature maps. The number of channels is presented above them. White rectangles indicate the feature
maps that were copied. The feature map size is presented near the lower left edge. Arrows indicate
the direction of operations.

To train the neural network, we used:

– images of rolled steel from the Severstal company (Russia) posted on the Kaggle
platform in 2019 [34];

– images of defects from the research entitled “Detecting Defects on Rolled Metal
Surface” (placed on the Kaggle platform in 2020 [35]).

The training images were screened, checked, and marked by experts. A total of
11,000 images were compiled into a training sample (5800 images with defects of various
shapes and orientations and 5200 defect-free images). The training sample was divided
into the test part (10% of the total number of images), the validation part (15%), and the
training part (75%). The training and validation samples were used to train the neural
network, and the test sample was used to evaluate the trained model.

The classical SGD (Stochastic gradient descent) optimiser with the Nesterov moment
was used to train the neural network. In SGD, instead of using the entire dataset for
each iteration, only a single random training example (or a small batch) is selected to
calculate the gradient and update the model parameters. The advantage of using SGD
is its computational efficiency, especially when dealing with large datasets. This made it
possible to accelerate the optimiser in the right direction and smooth out the fluctuations of
the loss function [36,37].

The DSC metric (Dice similarity coefficient or Sørensen–Dice coefficient) was used to
evaluate the quality of segmentation:

DSC =
2
∣∣∣Ytrue ∩ Ypred

∣∣∣
|Ytrue|+

∣∣∣Ypred

∣∣∣ (13)

where Ytrue is the array of pixels that belong to the valid object of damage in accordance
with the markup, and Ypred is the array of pixels that belong to the detected object of
damage.

DSC measures the similarity between two datasets—pixels that belong to recognised
and actual defects. In other words, DSC shows the proportion of overlap between the
two sets, normalised by the size of the sets. This metric ranges from 0 (no overlap) to 1
(perfect overlap).
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The training sample contains images of different sizes. Therefore, regions of
256 × 256 pixels (corresponding to the size of the neural network’s input layer) were
randomly selected from images larger than 256 × 256 pixels during training. Then, the
input tensor was formed. In addition, the augmentation technique was used. For this, each
frame (image) was randomly transformed (using horizontal or vertical display and rotation
by a multiple of 90◦). This approach made it possible to diversify training data significantly
and provided conditions under which training packages are never repeated in practice.

The model with the best DSC metric was chosen as the final model for further research.
The relevant test metric is DSC@0.55 = 0.93.

2.7. Calculation of Quantitative Parameters of Defects

As a result of image recognition, we obtain a set of damage fragments at the output,
each containing a set of connected pixels (at least one background pixel between any two
such fragments). The area and inclination of the damage fragment were used to quantify
the damage found independently. The damage fragment area was calculated as the total
number of pixels. The inclination of fragment θ was calculated as the angle between the
equivalent ellipse’s central axis and the image’s X axis (Figure 10).
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3. Defect Recognition Results and Analysis

The developed application was used to process a series of images obtained during the
experiment, with different illumination levels applied to a specimen with surface damage.
Figure 11 shows the initial images of surface damage obtained using the LED source with
the average illumination of 324, 159, 64, and 37 lx (Figure 11a) and the results of their
recognition using a neural network (Figure 11b). Images obtained using the incandescent
lamp with the average illumination of 270, 149, 70, and 36 lx are shown in Figure 12.

Regardless of nearly the same illumination range for both light sources (37...324 lx for
the semiconductor source and 36...270 lx for the incandescent lamp), the results obtained
using the neural network model differ significantly (see Figures 11b and 12b). With the
LED source, both horizontal and vertical scratches were recognised, while the incandescent
lamp was nearly unable to detect vertical scratches. Less pronounced parts of most defects
were also recognised in different ways. The colour range of damage found on the plate
illuminated by the incandescent lamp is apparently closer to that of undamaged areas;
therefore, the damage becomes less pronounced.

Thus, changing the light source type appears sufficient to affect the final result of
recognition significantly.

This indicates that the images used to train the neural network appear close to those ob-
tained using the LED source. Therefore, the training sample should be expanded to include
the images obtained under the incandescent lamps to improve the recognition results.
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4. Discussion

As is seen from the results obtained, the area of the sections recognised as damage
increases with an increase in the illuminance level applied to the surface of interest. This is
because minor scratches (and other morphological elements of the surface) become more
visible.

A transition from a lower to a higher light is especially noticeable (from 37 to 64 lx
for the LED source or from 36 to 70 lx for the incandescent lamp). In the former case, the
vertical scratches can hardly be seen in the image, while with the average light of ~64 lx,
some become recognisable. At 159 lx, the neural network recognises most of them (with
the LED source).

When increased above 150 lx, the light level adds nothing to detecting new scratches
(except, perhaps, very small ones). At the same time, it makes the objects of damage
somewhat larger. Therefore, we can conclude that the total area of damage in the image
increases with an increase in the light level.

We note that the neural network is very sensitive even in low light, especially for
images obtained using the LED source; most pronounced damage is well-recognised at the
average light level of 64 lx, even though the camera adds darkness to the images, making
damage practically invisible (Figure 11a, third image). However, the damage is no longer
recognisable at 37 lx on average (Figure 11a, the last image). In this case, pixel intensity
varies from 1 to 5 in the zone with unrecognisable damage (see the initial photo). In other
words, we can state that with 37 lx, the input image obtained is not informative enough
to conclude the presence of the objects of interest. Therefore, the neural network model is
good at recognising the objects of interest in all the images where at least a small gradient
is preserved between the damage pixels and the background. Low-light images have
another feature; small objects become invisible in them. Therefore, low light should be
used when the most pronounced damage needs to be recognised. This will provide for
much lower noise in the image caused by an increased detail of surface artefacts that may
not belong to damage (in high light). The area of damage is one of the most essential and
apparent parameters characterising the surface. Figure 13 shows diagrams of the total
areas recognised as damage using the two light sources considered. There is a significant
difference in the total areas recognised as damage. This is because thin vertical scratches
are practically not recognised when using the incandescent lamp (Figure 12b).
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When the illumination generated by the LED source varies from 35 to 160 lx, the
total area recognised as damage noticeably increases from 5000 pixels to 100,000 pixels
(Figure 13a). A further increase in illumination does not entail a significant increase in this
parameter (its values range from 100 to 125 thousand pixels). That is, the neural network
has detected all the damage it was trained for. Further increase in the light level will not
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add any new details that could be identified as damage. A similar pattern is observed
for the incandescent lamp (Figure 13b). With the light level of 108 lx, the area of damage
recognised increases only slightly. An exception is a very high light of 270 lx, at which
some vertical scratches, which were not detected before, are starting to be recognised.

The scatter of damage areas recognised in the image under the LED source is shown
in Figure 14a,b. On the scatter plot (Figure 14a), each marker corresponds to a particular
fragment of damage. The graph allows us to conclude that most fragments have areas up
to 15 thousand pixels. Areas bigger than 20 thousand pixels contain individual fragments.
The box plot (Figure 14b) contains percentiles that characterise the scatter of areas. The
lower boundary of the rectangle corresponds to the 25th percentile, the upper to the 75th
percentile, and the line between them to the 50th percentile (median). The percentile
indicates the number of defects in an area smaller than the specified one. For instance,
the 25th percentile with an area of 5000 pixels means that 25% of all fragments have an
area smaller than 5000 pixels. Outlier lines on this diagram show the values, which fall
within ±1.5 of the interquartile range IRQ = a75 − a25 (where a75, a25 are the 75th and 25th
percentiles, respectively).
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Figure 14. Scatter plot (a,c) and box plot (b,d) of defect areas for LED (a,b) and incandescent lamp
(c,d) sources.

For the incandescent lamp (Figure 14c,d), the scatter of the recognised defect areas is
approximately in the same range (average light above 108 lx). Thus, after reaching a certain
“saturation” level, the scatter of the “damage area” values is the same for both light sources.
Therefore, in addition to having only slight changes in the areas of fragments recognised,
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only a few new fragments are recognised. This is especially noticeable in the case of the
incandescent lamp.

Bar plots drawn up for the LED source allow us to conclude that regardless of the
light level, half of all damage fragments recognised have an area of up to 7000 pixels (the
median). The number of very big fragments increases with the light level. Thus, with
220 lx on average, fragments of damage with an area of 40,000 pixels and more appear
in the image. This is because many more small defects can be recognised in higher light.
Moreover, when located close, they merge into one large fragment.

The lowest scatter of fragment areas is observed at the light level up to 100 lx (for both
light sources). Speaking about the object of interest, only the most pronounced horizontal
damages, which have approximately the same shape, direction, and area, are recognised
in low light. As the light level increases, the scatter of areas also increases, showing
approximately the same results for all light levels.

Figure 15 contains scatter plots showing the orientation (tilt angle) of the damage
fragments found. In the diagram, each marker represents a piece of damage recognised.
Three groups of damage can be distinguished, the slope of which relative to the x axis
is close to 0 rad (zone 1) and ±π

2 rad (zones 2 and 3). This corresponds to the visually
recognisable directions of scratches on the test specimen (Figure 13), which contain mainly
horizontal and vertical scratches. Angles ±π

2 and ±π
2 have the same orientation, given

that damage is not represented by a direction vector. Note that the x axis is vertical and the
y axis is horizontal in Figures 11 and 12.
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incandescent lamp (b) sources.

The incandescent lamp helped recognise defects that have the same orientation. Given
this, the scatter plot became even more compact (Figure 15b). Defects of different orienta-
tions could be found only at the highest light (~270 lx).

To assess the general influence of the illuminance level on defect recognition, the
calculated results were compared with the data marked by the expert. The Dice similarity
coefficient (13) was used as a metric.

Figure 16 shows the dependence of the DSC coefficient on the illuminance level applied
to the test surface under the LED source. The best result (DSC = 0.93) was obtained at
196 lx. A lower DSC at lower light levels means that some defects are still not recognised.
DSC decreases at a high light because the surface formations become more visible, and the
recognised fragments become wider. In addition, small fragments appear in high light,
erroneously identified as damage.
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5. Conclusions

A new software–hardware-based method for evaluating the effect of illumination
on the efficacy of recognising metal strip defects has been created, which includes the
specifically developed laboratory setup and artificial intelligence algorithms. The proposed
method, combined with digital imaging and computer techniques, allows for testing the
parameters of technical control systems intended to detect metal rolling defects and evaluate
their performance.

The method is based on the statistical estimation of quantitative defect parameters.
Defect area and orientation were used as descriptive quantitative parameters for the
investigated surface.

The influence of variable surface illumination on the variability of the quantitative
parameters (area and orientation) of recognised damage was investigated for the first time
using the proposed method. The optimal lighting range for two light sources (LED unit
and incandescent lamp) was found.

A specimen to which variable illumination from two different light sources was applied
was used as an example. This was done to illustrate that changing the type of illumination
can significantly affect the recognition results. Regardless of the light source, changing
the average illumination in the lower range (which may differ slightly for various light
sources) greatly impacts the recognition result. When varied in this range, illumination can
significantly affect the result of damage recognition. At the same time, a further increase
in illumination does not significantly affect the quantitative parameters of the recognition
results but slightly increases their scatter.

The best result for investigated steel sheet defects (DSC = 0.93) was obtained at
illuminance ~200 lx. Illuminance less than 150 lx does not allow the recognition of most
defects, whereas illuminance larger than 250 lx increases the number of small objects falsely
recognised as defects.

The proposed method allows us to estimate the variance in quantitative parameters
depending on illuminance and choose the optimal level of illuminance to detect defects
with the highest accuracy. This will aid in adopting the defect recognition platform in
actual industrial conditions and enhancing the quality of the investigated equipment.
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