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Abstract: Reflective phenomena often occur in the detecting process of pointer meters by inspection
robots in complex environments, which can cause the failure of pointer meter readings. In this pa-
per, an improved k-means clustering method for adaptive detection of pointer meter reflective areas
and a robot pose control strategy to remove reflective areas are proposed based on deep learning. It
mainly includes three steps: (1) YOLOv5s (You Only Look Once v5-small) deep learning network is
used for real-time detection of pointer meters. The detected reflective pointer meters are prepro-
cessed by using a perspective transformation. Then, the detection results and deep learning algo-
rithm are combined with the perspective transformation. (2) Based on YUV (luminance-bandwidth-
chrominance) color spatial information of collected pointer meter images, the fitting curve of the
brightness component histogram and its peak and valley information is obtained. Then, the k-means
algorithm is improved based on this information to adaptively determine its optimal clustering
number and its initial clustering center. In addition, the reflection detection of pointer meter images
is carried out based on the improved k-means clustering algorithm. (3) The robot pose control strat-
egy, including its moving direction and distance, can be determined to eliminate the reflective areas.
Finally, an inspection robot detection platform is built for experimental study on the performance
of the proposed detection method. Experimental results show that the proposed method not only
has good detection accuracy that achieves 0.809 but also has the shortest detection time, which is
only 0.6392 s compared with other methods available in the literature. The main contribution of this
paper is to provide a theoretical and technical reference to avoid circumferential reflection for in-
spection robots. It can adaptively and accurately detect reflective areas of pointer meters and can
quickly remove them by controlling the movement of inspection robots. The proposed detection
method has the potential application to realize real-time reflection detection and recognition of
pointer meters for inspection robots in complex environments.

Keywords: inspection robot; YOLOV5s; k-means clustering algorithm; reflection detection; pose

transformation

1. Introduction

At present, there are a large number of pointer meters in petrochemical scenes, most
of which are manually inspected. Missing detection and false detection often occur, and
there are great safety hazards during detection. With the development of robot technol-
ogy in recent years, more and more inspection robots have been used in petrochemical
scenes to replace manual inspection tasks. In petrochemical scenes, the working environ-
ment of inspection robots is very complex, including adverse factors such as reflection,
occlusion, water mist, and smoke. Thus, it is very difficult to detect and identify pointer
meters in such a working environment. Among these factors, a reflective phenomenon is
inevitable in the process of pointer meter detection, which is one of the main factors
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affecting pointer meter readings [1]. Generally speaking, a small reflective area does not
affect the meter’s reading, which can be processed by an image inpainting algorithm or
uneven lighting correction algorithm [2]. However, the influence of a large reflective area
is obvious. In this case, the pointer meter dial information may be seriously lost, and it is
hard to obtain a high-quality image only by image processing algorithm. Therefore, it is
necessary to be supplemented with hardware adjustment for image acquisition. It is par-
ticularly important to accurately detect the reflective area and then adjust it according to
the detection results.

In order to solve the problem of reflection detection, Sato et al. [3] used the patio-
temporal information of images to detect and remove reflective areas based on time-var-
ying image sequences. Liu et al. [4] estimated the relative intensity of the sun and the sky
by extracting the plane feature point group of each frame in the video stream. Although
this kind of method has good processing results, it is not practical because it processes
sequence images and needs large computing power. Zhang et al. [5] used the principle of
polarized light to summarize the distribution of the degree of polarization of each pixel in
images, and then separated the transmitted light and the reflected light. Islam et al. [6]
used the Lytro Illum camera to capture MSPLF (multispectral polarimetric light field) im-
agery and then used the polarization information of the image to determine reflective ar-
eas. Hao et al. [7] designed a new multi-band polarization imager to collect images, which
can acquire all the spectral and polarization information, and proposed a joint multi-band-
polarization characteristic vector constraint to detect reflective areas. These methods re-
quire professional equipment, special types of images, and complex processing. There-
fore, they are limited in practical application. Zhai et al. [8] used the color information of
the image to extract the saliency region by extracting the chromaticity difference between
each pixel and the neighborhood pixel. Guo et al. [9] estimated the pixel brightness by the
maximum value information in the RGB channel of each pixel. The processing effect is
good to use some attributes of each pixel information, but the related computation is large
and complex. In addition, for a reflective area of pointer meters, the brightness component
is relatively saturated, and the two-color reflection model is generally not satisfied in this
area [10]. Therefore, the method of decomposing pixel features is constrained. Zhang et
al. [11] used grayscale images for mean filtering and used the maximum between-class
variance to determine the threshold of image binarization for reflective area segmentation.
Cao et al. [12] determined the reflective area by solving the non-mirror reflectance estima-
tion map and then solving the diffuse reflectance chromaticity estimation of each pixel.
Kang et al. [13] converted images to the HSI model and filtered the reflective pixels by the
combination of the k-means clustering algorithm and filter. However, these methods have
limited applications due to their shortcomings in precision, speed, and complex illumina-
tion conditions. Asif et al. [14] used the intrinsic image layer separation (IILS) technique
to detect reflective areas. However, this method is easy to misdetect the high saturation
areas of the high saturation image as the reflective areas. Nie et al. [15] used color change
and gradient information to determine reflective areas. This method is suitable for images
with prominent color features. However, pointer meter images are not, so this method has
limitations.

Aiming at the shortcomings of these methods available in the literature, an adaptive
detection method of pointer meter reflective areas is proposed based on a deep learning
algorithm. There are two main contributions to this paper. Firstly, we propose an im-
proved k-means clustering algorithm that can accurately and quickly detect reflective ar-
eas. Secondly, based on the detection results, we propose a new pose control strategy for
inspection robots to adjust reflective areas, which can increase their reading accuracy and
efficiency. Compared with some mainstream reflection detection algorithms, the main ad-
vantages of our proposed method are strong adaptability, low dependence on equipment,
and simple. The disadvantage of this method is that the detection accuracy of some images
with large color saturation is slightly lower. It is because the YUV (luminance-bandwidth-
chrominance) model is not very suitable for highly saturated color images.
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The rest of this article includes five sections. A pointer meter detection approach
based on deep learning is introduced in Section 2. An improved k-means algorithm based
on curve fitting is described in Section 3. A robot pose control strategy is proposed in
Section 4. In Section 5, an experimental platform is described first and followed by exper-
imental results and discussions to verify the performance of the proposed method. The
main conclusions are summarized in the last section.

2. Pointer Meter Detection Based on Deep Learning
2.1. Deep Learning Image Acquisition

With the development of deep learning, more and more models are applied to ma-
chine vision, such as GANs (Generative Adversarial Networks), VGG (Visual Geometry
Group), U-Net, Faster RCNN (Faster Region CNN), YOLO (You Only Look Once), etc.
They greatly improve the automation and intelligence of target inspection [16-19]. So, in
this paper, a deep learning network is adopted to detect pointer meter panels. YOLO is
one of the best deep learning networks in the field of target detection. It is fast and accurate
to achieve real-time target detection. Therefore, it is widely used in all walks of life, espe-
cially in the field of robots. YOLO has developed from the original v1 to the current v8.
Among them, the most widely used version is v5. Some scholars have proposed v6, v7,
and the latest v8 version based on v5. However, this paper chooses YOLOV5 as the net-
work framework due to the universality and stability of the current use, etc.

YOLOVS5 has strong flexibility and fast recognition speed. It is easy to deploy on in-
spection robots and has good recognition accuracy. Therefore, the most lightweight
YOLOV5s network is selected on the premise of ensuring recognition accuracy [20].

YOLOv5s network structure is shown in Figure 1. It consists of the input layer (in-
put), the backbone network (backbone), the bottleneck layer network (neck), and the de-
tection layer (output). The backbone and neck are composed of Focus, CBL (Convolu-
tional, Batch normalization, Leaky Relu), CSP (Cross Stage Partial), and SPP (Space Pyra-
mid Pooling) [21]. Images are input by Input layer, and their feature extractions are per-
formed through backbone network and the neck network. Three feature maps of different
sizes are obtained at output layer to detect targets of different sizes.

In this paper, 5102 pointer meter images are collected as dataset, and the training set
and verification set are divided according to the ratio of 7:3. Labellmg software is used to
label each meter image. Category contains only “pointer”. Pytorch is selected as the deep
learning framework. The initial learning rate is 0.01, the termination rate is 0.2, and the
number of training rounds (epoch) is 300. The training results of precision and recall rates,
which are used as evaluation indicators, are shown in Figure 2.
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Figure 1. YOLOv5s network structure diagram.

The precision rate is relative to the prediction results, which indicates how many
samples are among the positive samples predicted. The recall rate is relative to the initial
samples, which indicates how many positive samples are correctly predicted in the sam-
ples.

. TP
Precision = ————— (1)
TP+ FP
Recall = — )
TP +FN

where TP (true positive) represents the number of positive samples which are truly de-
tected by the model, FP (false positive) represents the number of positive samples which
are falsely detected by the model, while FN (false negative) represents the number of neg-
ative samples for model false detection.

Figure 2 shows that with the increase in training rounds, the precision and recall rates
tend to be stable.
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Figure 2. Precision and recall rates: (a) precision; (b) recall.

The detection results of some pointer meters are shown in Figure 3. If the confidence
level can reach the set threshold for the probability of a pointer meter (the maximum is 1,
which is set as 0.7 in this paper), the pointer meter will be selected in its image with a box
and its confidence level. After testing, the pointer meter recognition rate in this paper is
above 95%.
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Figure 3. Detection results of pointer meter.

2.2. Image Perspective Transformation

Generally, when a pointer meter is identified by human eyes, if the line of sight is
perpendicular to the pointer meter dial, the captured pointer meter image is a circle. How-
ever, when a robot is used to collect images, the camera plane is often not parallel to the
pointer meter panel, so the collected pointer meter image may be in an ellipse. In this case,
the pointer meter images to be inspected are distorted images [22]. Perspective transfor-
mation is to project an image onto a new visual plane to transform an ellipse into a circle.
The circle is obtained using the condition that the perspective center, image point, and
target point are collinear. Therefore, the perspective transformation principle is adopted
to transform an ellipse into a circle to obtain the front view of a pointer meter image. The
schematic diagram is shown in Figure 4.

Figure 4. Perspective transformation diagram.

Figure 4 shows that the perspective transformation is to transform an ellipse perspec-
tive into a large circle outside. The relationship between the corresponding points is:

p(xy)—>p(xy) ®)
where P;(X,Y) represents the point on the ellipse, and P, '(X,Yy) represents the point

on the circle obtained by perspective transformation.
The perspective transformation formula is expressed in formula (4):

a; &, O
(x,y,w)=(U,v,w)|a,;, a,, 0 (4)
O 0 1

where (X, Y,wW") represent the coordinates of the circle on the transformed image.
(U,V,W) represent the coordinates of the ellipse on the original image. The matrix rep-
resents the transformation matrix between the original image and the transformed image.
W' and W are both equal to 1.
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According to the geometric relationship between the straight line, the ellipse, and the
large circle, four pairs of the corresponding points can be found for perspective transfor-
mation. Formula (5) gives the corresponding geometric relationship:

yZiEX yZiEX

y2 X2 (a>b>0) or X2 y2 (a>b>0) (5)
DA | AN S |

a2 b2 a2 b2

In order to reduce the computational cost and speed up the calculation, deep learning
is combined with an ellipse detection algorithm [23]. Firstly, a pointer meter is detected
using YOLOV5s, and the detected pointer meter area is selected with a box. Then, the el-
lipse detection algorithm is applied only for the selected area, which reduces the detection
range of irrelevant areas and greatly improves the detection speed. Figure 5a is the boxed
area detected using YOLOv5s, and Figure 5b is the ellipse detection of the detection result.

(b)

Figure 5. Deep learning and ellipse detection results: (a) deep learning detection results; (b) ellipse
detection results.

After the ellipse is detected, the pointer meter perspective view angle is corrected by
perspective transformation. The correction result of Figure 5a is shown in Figure 6. It can
be seen that the pointer meter panel is changed from an inclined angle to a positive angle.

P {
*W02220048% ) 3
NE NGy

Figure 6. Perspective transformation results.

Once the reflection of a pointer meter is detected during its detection process, it is
necessary to make some changes to eliminate the reflection. The changes are based on an
improved k-means algorithm and a robot pose control strategy.

3. Improved K-Means Algorithm Based on Curve Fitting

In this section, an improved k-means algorithm based on curve fitting is described
using the YUV color model.

3.1. Color Model

A color model is a set of visible light in a 3D color space. It contains all colors of a
color domain. The same object constitutes different color models from different measuring
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procedures, such as RGB, HSV, LAB, and YUV. Because this article mainly needs the
brightness information of images, it mainly needs a color model to separate brightness
information from chromaticity information.

Figure 7 shows the commonly used image color models. RGB has no brightness chan-
nel. HSV and LAB are intuitive color models. They are commonly used in image editing
tools and are not suitable for lighting models. YUV model takes the brightness infor-
mation as a separate component, which is separated from the chromaticity information U
and V. It is suitable for the lighting model analysis. Therefore, in this paper, YUV is se-

lected as the color model for image processing [24].
RGB HSV YUV
Therefore, it is necessary to convert pointer meter images from the RGB model into

Figure 7. Color model comparison.

the YUV model. In the YUV model, Y is the brightness component, and U and V are the
chroma components. Formula (6) gives the relationship between the RGB model and the
YUV model.

Y =0.299R+0.587G +0.114B
U =-0.147R-0.289G +0.436B (6)
V =0.615R-0.515G -0.100B

Image histogram can be used to show the brightness range and the number of pixels
in an image. In this paper, image histogram statistics are made on Y in images converted
to YUV color model. A pointer meter image and its brightness histogram are shown in
Figure 8. The horizontal axis of Figure 8b represents the brightness range, which is set as
[0, 255]. The larger the horizontal axis value is, the higher the pixel energy value is, and
the brighter the image is. The vertical axis represents the corresponding number of pixels,
and the red polyline represents the brightness pixel distribution of the pointer meter im-
age.

14,000 original curve

12,000

10,000

I 8,000

I 6,000

y number of pixels

0 50 100 150 200 230

x brightness

(b)

Figure 8. Brightness component histogram; (a) original figure; (b) histogram.
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3.2. Polynomial Curve Fitting

For a nonlinear curve of data in the brightness component histogram, the law cannot
be obtained by direct processing. Thus, it is often fitted into a linear model by curve fitting.
In various curve fitting methods, polynomial fitting has the characteristics of rapid mod-
eling, a significant effect on small data, and simple relationships. In this paper, the poly-
nomial fitting method selected for the data is small in size, simple in the relationship, and
single in attribute, which fits the conditions and requirements of polynomial fitting [25].

The mathematical expression of the polynomial fitting is expressed in (7):

M .
y(x,0) = ox’ (7)
j=0

where M is the highest order of the polynomial, x’representing the j-th power of x, and
o' represents the coefficient of x!.

Gradient descent method is used to solve the polynomial. The objective loss function
is expressed in (8).

L@) =3 {y(%,0)-tF ®

where N represents the number of samples, ti corresponds to the true value.

The polynomial order M determines the polynomial fitting effect. If the order is
small, there will be under-fitting with large fitting curve deviation and serious feature
loss. While if the order is large, there will be over-fitting with being sensitive to noise and
poor generalization ability [26]. In order to determine the optimal order M, the evaluation
index of reflective area marking accuracy (in Section 5.2) is used as the fitting accuracy.
The relationship between the fitting accuracy and fitting times is shown in Figure 9.

1.0

TN

fitting accuracy

1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
fitting times

Figure 9. Fitting accuracy vs. fitting times.

Figure 9 shows that when the fitting times are less than 12, the fitting accuracy is not
good, and there is an under-fitting phenomenon. When the fitting time is 12, the fitting
accuracy is optimal. With the increase in the fitting times, the fitting accuracy fluctuates
within a small range, indicating that the increase in the fitting times has no obvious effect
on the fitting accuracy. When the fitting times are more than 18, the fitting accuracy shows
a downward trend and over-fitting occurs.

In order to determine the final order M, the method proposed in [27] is adopted to
analyze the complexity of the k-means algorithm from the perspective of energy, as shown
in (9):

AQ =Tb(kInn—nInk) 9)
where T is the temperature, b is the Boltzmann constant, n is the number of samples, k is
the number of clusters, n is much larger than k in this paper. AQ >0 represents the
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energy released by the system and AQ <O represents the energy input by the system.
For calculation, only AQ <O can be satisfied, and the greater AQ is, the lower the
complexity of the algorithm is. Therefore, when T, b, and n are all determined and n much
larger than k, the smaller k is the better it is. In curve fitting, the fewer the fitting times, the
peak number will decrease accordingly, and the smaller k it is. Therefore, under the prem-
ise of the best fitting accuracy, it is determined that it is the best when M is equal to 12.
The comparison of under-fitting, fitting, and over-fitting curves are shown in Figure 10.

14,000 A peak point original curve = A peak point original curve i 4 peak point original curve
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Figure 10. Under-fitting, fitting, and over-fitting curves; (a) under-fitting curve; (b) fitting curve; (c)
over-fitting curve.

The black marks in Figure 10 represents the peak and valley points of the fitting
curves. It appears that Figure 10a which is under-fitting curve has only a small number of
marked points, especially in the range of [150, 250], missing a lot of key information. Fig-
ure 10c which is over-fitting curve has too many marked points, especially in the range of
[0, 150], containing a lot of irrelevant information. Figure 10b shows that the nonlinear
curve fitting of the original data is fitted into a smooth curve with peak and valley infor-

C,(m=1,23..)

mation. The peak points are defined as , the valley points are defined

as Tn(N=12.3.) The peak and valley points are unified to the feature point set P:

P= {Cm,Tn} (10)

A peak is formed when the curve trend goes up and then goes down at the stationary
point. Similarly, a valley is formed when it goes down first and then goes up at the sta-
tionary point. Therefore, no peak or valley will be formed at the beginning and end of the
curve, that is, at x =0 and x = 255. However, for data integrity, it is necessary to add these
two points to the feature point set P to form a complete feature point set Pa:

P,={0,C,,T,,255} (11)
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3.3. Principle and Improvement of k-Means Algorithm
3.3.1. Principle of k-Means Algorithm

The basic principle of the k-means algorithm is to cluster n objects
Xy =% Xz X0} wyith k center points C, ={&. G CF and gather them into k clus-
ters according to the similarity among the objects. Each object has only one corresponding
cluster, and the value of each cluster center is continuously updated iteratively until the
iteration conditions are met.

Among these objects, the similarity between objects is measured by calculating the

distance, which is generally using Euclidean distance:

dis(X,,C) = [3(X, ~C, ) (12)

where | represents the number of attributes of objects, Xir represents the f-th attribute
of the i-th object, Cji represents the f-th attribute of the j-th cluster. In this paper, there is
only one attribute of brightness, therefore »=1.

Although the k-means algorithm is simple and fast, the selection of the k value and
its initial values has a great influence on the clustering effect [28]. The main disadvantages
are shown in the following two aspects:

(1) The k value is uncertain. The k value of the traditional k-means algorithm is given
manually, and the k value for different objects is also different. Selecting the k value
improperly will affect the clustering effect.

(2) The clustering effect is sensitive to initial clustering center values. The initial values
are generally given randomly, and they have relatively large contingency and are
easy to fall into local convergence. Therefore, it cannot achieve the goal of global con-
vergence.

3.3.2. Improved k-Means Algorithm

According to the two shortcomings of traditional k-means clustering algorithm, fol-
lowing improvements are made in this paper:

(1) According to the peak information of the fitting curve to determine the k value adap-
tively.

A peak point represents that the number of pixels corresponding to the brightness
value is the largest in the range between the two adjacent valleys on the left and right
sides of the point. This point can represent the brightness information within the thresh-
old of the two adjacent valleys. Additionally, in terms of one peak, the range from its right
side of the peak to the adjacent valley can be considered “bright”, while the range from
its left side to the adjacent valley can be considered “dark”. Thus, each peak represents
two brightness levels. Therefore, when the idea is extended to the overall situation, the k
value corresponds to twice the number of peaks m, so it is determined according to the
peak points C (M =1,2,3,...) mentioned in 2.2, i.e, K=2xm. It is worth noting that

the brightness level represented by each peak here is local. Some small peaks will be swal-
lowed up by large peaks during clustering, and then the brightness levels will be re-di-
vided. Therefore, the global brightness levels can be divided only after the clustering is
completed.

(2) According to the peaks and valleys information of the fitting curve to determine the
values of the initial cluster centers.

According to the conclusion of improvement (1), each peak Ca(M=12.3) corre-

sponds to two brightness levels, which corresponds to two initial clustering centers. In

order to avoid the phenomenon of the local optimal solution, in this paper, the set of points

P. is used as the reference to select the initial cluster values, i.e., in P , one initial value

| . . .
@ of a cluster center is randomly selected from each adjacent two points.
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lens =P, +a(B, —P,), 0<a<l{t|0<t<m+n+2teN}) @3

is the initial value of the cluster center, & is a random number of 0~1, t is

cen,t

where Icen’t

the number of pointsin p_ . By adopting this value-taking method, it can not only ensure

the randomness of the values but also cover the overall data to avoid falling into the situ-
ation of the local optimal solution, which is more reasonable.

After the k value and the initial clustering center values are determined, the bright-
ness values % =12.-2K) a6 obtained by k-means clustering. At the same time, the
global brightness level number is set as k. The larger i corresponds to the higher brightness

level which is brighter reflecting on the image. In addition, the reflective area generally
corresponds to the area with the highest brightness level {X |Q, <x<255xeN } )

In this paper, the k-means algorithm is combined with polynomial curve fitting,
curve peak, and valley information. A new image processing algorithm is developed to
determine the optimal number of clusters and the initial cluster centers. The steps of the
improved k-means algorithm are as follows:

(1) First, an image is converted to a YUV color model to calculate the image brightness
information histogram;

(2) The brightness information histogram is fitted into a smooth curve by a 12th fitting
curve;

(3) Count the peak and valley information and add the two end-points to form the fea-
ture point set P,

(4) Determine the optimal number of clusters kK =2xm according to the number of
peaks m;

(5) Determine the initial clustering center |, values according to the feature set of

cen
points P,
(6) Finally, k clusters, are obtained by clustering calculation, i.e., there are k brightness

levels. Eventually, the reflective area can be determined based on the highest bright-
ness level.

The improved k-means algorithm is used to determine the robot pose control strat-
egy.

4. Inspection Robot Pose Adjustment

If there is a large area of reflection on a pointer meter, it is hard to obtain enough
image information by image processing only, which affects the accuracy of reading and
even cannot read at all. Therefore, it is necessary to adjust the camera shooting angle with
inspection robot, and remove the reflection detected based on light reflection law [29]. The
reflection law is shown in Figure 11.

91=92

incident light 0 1 g, reflected light

reflected plane

Figure 11. Reflectance law.
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For a reflective pointer meter, after its image perspective transformation, the im-
proved k-means algorithm will be used to detect its reflective areas. Then, the specific
position information of the reflective areas on the pointer meter can be obtained to deter-
mine the motion direction and distance for the robot’s adjustment.

4.1. Determination of Motion Direction

In this paper, to prevent losing the pointer meter image due to the robot’s movement,
the center c of the detection target with radius r is designed as the center of the moving
path, which is a circular arc with radius R of the projection distance between the detection
target and the camera [30]. Figure 12 shows the motion diagram of robot pose adjustment.

camera

detection
target

detection
path

infrared
lamp

Figure 12. Motion diagram of robot pose adjustment.

As shown in Figure 12, two arrow arcs in different directions represent the two path
adjusting possibilities of the robot. The moving direction of the robot is determined by the
central axis of the pointer meter [31] and the reflective areas on it. Firstly, the pointer meter
contour circle is divided into two semicircles through the central axis, and then the reflec-
tive detection results are mapped on the two semicircles for comparison. The robot will
move in the direction of larger reflective area on the two sides of the pointer meter. As
shown in Figure 13, the red dotted line is the central axis of the pointer meter.

Figure 13. Medial axis diagram of pointer meter.
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4.2. Determination of Moving Distance

After the moving direction is determined, in order to give the robot an exact moving
distance, it is calculated according to the geometric relationship between the robot posi-
tion, pointer meter position, incident light angle, and reflected light angle. In this paper,
the reflective area on the right side of the pointer meter axis is taken as an example, and
the robot position relationship is shown in Figure 14.

Figure 14. Diagram of robot position relationship.

In Figure 14, the black thick line Me represents the pointer meter dial (radius r), and
the Cartesian coordinate system xoy is established based on the center of the pointer me-
ter. The red circle arc C with two arrows is the motion path of the robot. Ak and kb are the
incident light and reflected light of the farthest reflection point k (shown in Figure 15 for
details) and the corresponding position of the robot is b. a’k” and k’b’ are the expected
incident light and reflected light and the corresponding robot correction position is b". kk’
represents the maximum reflection length and d is the distance from the farthest reflection
point to the central axis.

reflective area
i _~ division line

; reflective area
(T - d)mu,\’ S

incident light

medial axis

Figure 15. Reflective area diagram.

According to the reflective area diagram shown in Figure 15, the position of point k
in Figure 14 can be obtained. Then, the position of point b’ can be obtained according to
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the geometric relationship shown in Figure 14. Thus, the arc length corresponding to bb’
in Figure 14 is the trajectory of the robot to move. Formula (14) represents the geometric
relationship between the robot and the reflective point:

X +y?—R*=0
Rx—dy—Rr=0

where (x,y) is the coordinate position of the robot, R is the projection distance of the

(14)

camera relative to the pointer meter, r is the pointer meter radius, and the straight line k'b’
is expressed as Rx—dy —Rr =0.

Substituting the coordinate position O%s ¥o) of point b’ into formula (14) yields:

_ Rr—RdyR*+d?-r?

b’ R2+d2
(15)
Rdr + R*yR? +d? —r?
Yo = R?+d?

According to the relationship between the arc length and its angle, the arc length |,
corresponding to bb’, which is the actual motion distance of the robot, can be obtained.

T X,
|, = ——arctan|—

180
By determining the moving direction and moving distance of the robot, the reflective
area can be precisely moved out of the dial, which can provide an accurate basis for the
robot pose transformation. Thus, it can avoid cases that the reflection is not completely
removed due to insufficient moving distance, or a new reflection is introduced due to
excessive moving distance.
In the next section, the proposed method in the above sections will be verified by
experiments.

16
Yo (1o

5. Experimental Platform and Test Verification

In this section, an experimental platform is described first. Then, some reflective de-
tection examples are presented. The experimental results are compared with those by
some typical methods available in the literature. Finally, a robot pose adjusting example
is demonstrated.

5.1. Experimental Platform and Detection Process

The experimental platform is shown in Figure 16. Its configurations include: NVIDIA
Jetson agx Xavier developing board, BTS-1C explosion-proof network cloud platform
which contains a camera and an infrared lamp, Autolabor Prol robot chassis, PC, display.

Experimental environments of PC are: Intel(R) Core(TM) i5-12400 CPU @ 3.2GHz, 4
GB RAM, Windows 10 64-bit operating system, Python language and Pytorch1.8.1 deep
learning framework.
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PC display
infrared lamp camera
NVIDIA Jetson
robot chassis agx Xavier

Figure 16. Experimental platform.

The flow chart of pointer meter detection is shown in Figure 17. Before detection and
adjustment of the reflective area of a pointer meter, it is necessary to first collect the image
of the pointer meter, and then try to read the pointer meter. If the reading is successful,
the task will be completed. If the reading fails, the reflective detection will be carried out
to determine whether the reflective area exceeds the set threshold. If the threshold is ex-
ceeded, it may be caused by light reflection which affects the reading pointer meter, and
the robot pose will be adjusted according to the detection results to complete the reading.
If the threshold is not exceeded, it may not be affected by light reflection. The initialization
of the reading program will be re-conducted for further detection.

inspection robot
collects a pointer
meter image

whether
the reading is
successful

yes— read the pointer meter

no

L

detect reflective area

whether the
eflective area exceeds the
set threshold

initialize the reading
program

yes

control inspection
robot pose according
to reflective area

Figure 17. Flow chart of pointer meter detection and recognition.
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5.2. Reflective Area Detection

The improved k-means algorithm is used to detect the reflective area and compared
with other detection methods available in the literature. Figure 18 shows the detection
results of the proposed detection methods and those in [11-13] and [24]. In this figure, the
white parts are identified as the reflective areas of the images detected. It can be seen from
Figure 18 that the detection results of the proposed method and those in [13] are good,
indicating that the reflective area can be accurately detected, while there are a few false
detections by using that in [24]. Additionally, the detection results by using those in [11]
and [12] are poor, including obvious false detections.
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Ours

Figure 18. Reflective area detection results [11-13,24].

In order to further examine the detection speed and accuracy of the proposed
method, experiments of 100 times are conducted to detect 592 pixels x 562 pixels (length
x width) pointer meter images in Figure 18 collected in four different situations, respec-
tively. The evaluation results of the average detection time and detection accuracy, i.e.,
the intersection over Union (IoU) of the reflective area, are listed in Table 1. Those methods
in [11-13] and [24] in the same experimental conditions are also listed in Table 1. The IoU
here is an evaluation index characterizing the accuracy of the marked reflective area. It is
the overlap rate of the marked reflective area (&J) and the subjectively evaluated reflective
area (¢). It is also the ratio of their intersection to the union. The ideal case is full overlap:
IoU = 1. Its calculation formula is shown in (17).

N
loU = LAl (17)
pUe
Table 1. Comparison of evaluation results.
Zhang [11] Cao [12] Kang [13] Zang [24]
Method (2017) (2021) (2021) (2015) Ours
detection 1.0477 3.1545 2.8415 1.3349 0.6392
time/s
detection ac-
0.143 0.611 0.833 0.727 0.809
curacy

Evaluation results in Table 1 show that the proposed method not only has good de-
tection accuracy but also has the least detection time compared with those in [11-13] and
[24]. The average detection time is about 0.64 s, which has good real-time performance.
There are two main reasons for the fast speed. The first is to perform histogram statistics
on the pixel brightness information of the image and divide the pixels into 256 groups.
When the k-means are performed according to groups, it will greatly reduce the pro-
cessing time of the k-means. The second is that an improved k-means initial values
method is proposed instead of the traditional random values method, which will shorten
the convergence time.

5.3. Robot Pose Adjustment

As an example, Figure 19 shows that the robot is adjusted from position A, Figure
19a, to position B, Figure 19b, according to the robot control strategy proposed in this
article. The corresponding collected pointer meter images are shown in Figure 20. Figure
20a represents the original pointer meter image with light reflection, and Figure 20b rep-
resents the image taken after the robot position adjustment. It can be seen from Figure 20
that the method in this paper and the robot pose control strategy can effectively remove
the reflective area from the pointer meter and obtain a high-quality pointer meter image.
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Figure 19. Robot pose adjustment experiment; (a) position A; (b) position B.

(b)

Figure 20. Comparison of light reflection adjustment; (a) image without removing light reflection;
(b) image after removing light reflection.

6. Conclusions

In this paper, to solve the problem of difficult identification and reading caused by
the reflection phenomenon in detecting pointer meters by inspection robots, high-quality
pointer meter images are obtained by combining machine vision with hardware real-time
adjustment. YOLOv5s network and perspective transformation are combined to detect
pointer meters based on an improved k-means clustering algorithm. An adaptive detec-
tion method for the reflective area of pointer meters and a new robot pose control strategy
is proposed. The reflection detection method can avoid the instability of the clustering
effect by adaptively determining the optimal number of clusters and the initial clustering
center of the k-means algorithm. The pointer meter reflective areas can be removed ac-
cording to the detection results by using the proposed robot pose control strategy.

Experimental results show that the reflective detection method has good robustness,
fast speed, and high accuracy. The robot pose control strategy can effectively adjust the
shooting angle to collect high-quality pointer meter images.

The advantages of this proposed method are mainly reflected in several aspects. It
can adaptively process pointer meter images under different reflective conditions. There
is no need for color segmentation for images. It has low requirements for the continuity
of image frames, equipment, and types of images. There is no need to localize reflective
areas through interactive prior information. The proposed method can provide a good
solution for the pointer meter reading of inspection robots in a reflective environment.

In the practical testing, although the pointer meter recognition rate is more than 95%,
there are still very few false detections and missed detections. This is because there are
many types of pointer meters, and YOLOv5s has not learned enough features of all pointer
meters.
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