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Abstract: It is necessary to determine the location and number of leaks in a pipeline in time to repair
it, thus reducing economic losses. A multizone leakage detection method based on the YOLOv5
and OMD-ViBe algorithm is proposed to detect the metal hose’s location and leakage rate. The
deep learning model of YOLOV5 is used to accurately recognize the zone of the metal hose for the
region of interest rectification. The multiframe averaging method is applied to construct the initial
background of the video frames. The OTSU algorithm based on the background difference method
and the adaptive threshold of the maximum intraclass and interclass variance ratio method is used
to improve the recognition rate of bubbles and reduce the influence of illumination change. In a
comparison with the existing algorithms, the experimental results showed that OMD-ViBe improves
the F-measure by 1.79-16.41% and the percentage of misclassification by 0.003-0.165%. Analysis of
the pressure data indicated a comprehensive leakage error reduction of 1.53-25.19%, which can meet
the requirements of metal hose leakage detection.

Keywords: air tightness detection; metal hose; YOLOv5; OMD-ViBe

1. Introduction

Air tightness testing is widely used in industry and is an essential standard for evalu-
ating metal hoses’ safety and quality. Products should be tested for leaks before leaving the
factory according to the standards set by the industry. Various methods have been applied
to leak detection, such as pressure detection, ultrasonic detection, infrared thermal imaging
detection and machine vision.

Leak detection can be detected by pressure changes, flow noise and image information.
Lietal., Yang et al.,, Shi et al. and Juan et al. located the leakage position and quantified
leakage volume based on the pressure change [1-4]. If more than one leakage occurs,
finding it becomes easier. Song et al., Zhou et al., Lang et al., Lyu et al., Quy et al., Li and
Xue et al. located leakage position by detecting flow noise [5-11]. Flow noise can overwrite
leak point information and interfere with leak detection results. Wang et al., Guan et al., Yu
et al.,, Penteado et al., Wang et al. and Jadin et al. used infrared thermal imaging to locate
the leakage position [12-18]. The infrared thermal image detection method requires there
to be a temperature difference between the leakage media and the environment.

At present, deep learning is widely used in the field of ROI recognition due to its high
recognition accuracy and high detection speed, and deep learning is being increasingly
applied to image detection. Ren et al. and He et al. used two-stage target detection methods,
but the detection speed needed to be faster [19,20]. Subsequently, Redmon et al. [21],
Berg et al. [22] and Nepal al. [23] compared the two-stage detection methods and then
improved the detection speed using the one-stage target detection method [21-23]. Based
on the extracted ROI area, it is possible to continually identify the leaking bubbles in the
area. Pan et al. obtained bubbles at the leaky point of the underwater confinement device
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using machine vision [24]. They extracted the bubble contour of the leaky end using a
interframe difference algorithm combined with edge detection. Trunzer et al. combined
infrared video data and machine vision techniques to extract frame feature blocks using
principal component analysis and removed them with the K nearest neighbor method to
classify the frame feature blocks and detect and locate the leakage point of liquid pipes [25].
Saworski and Zielinski combined a visual flow-splitting strategy with the Horn-Schunck
algorithm to detect underwater bubbles and estimate the bubble size [26]. Several of the
above machine vision methods use single-frame image segmentation methods to overcome
the problem of ignoring the concentration of bubbles that are difficult to detect when the
leakage rate is too fast.

Some researchers have proposed using the image information in video to detect leaks,
which has a better detection effect than does the abovementioned method of using single-
frame image information. Furthermore, Gao et al. used the background modeling algorithm
to improve the bubble recognition efficiency using the video capture data method [27]. The
background modeling algorithm is an image processing algorithm applied when significant
differences between the current frame and the background model are shown, which gener-
ally includes the Gaussian mixture algorithm, ViBe algorithm, PBAS algorithm, etc. [28-32].
The ViBe algorithm proposed by Olivier Barnich et al., among other background modeling
algorithms, is widely used as one of the features of faster and more accurate detection of
moving targets.

Several researchers have used improvements of the ViBe algorithm in target detection.
Zhou et al. improved PWC detection by inputting image depth information into the back-
ground model [33]. Qin et al. applied ViBe combined with the frame difference method to
a vehicle detection system to remove the shadowing problem in ViBe detection [34]. Lyu
et al. proposed a ViBe and EfficientNetB0O combination algorithm for leak identification to
improve detection accuracy [35]. Dai and Yang proposed a ViBe adaptive threshold calcu-
lation method based on temperature field offset to eliminate the noise in the background
and a round modeling method and threshold segmentation calculation value of the ViBe
algorithm to improve the detection speed [36]. The abovementioned background model
still had a poor detection effect on leak bubbles, so the ViBe algorithm was improved to
improve leak detection performance.

The goal of this work is to provide a solution for metal hose leak rate calculation and
leak location based on OMD-ViBe and pressure analysis. Different types and sizes of metal
hose leaks affect bubble detection. The framework mentioned can be used for different
types and sizes of metal hoses. In order to reduce the interference of the nonleakage area,
YOLOVS5 is used to extract the metal hose ROI area. In addition, it is proposed that OMD-
ViBe uses multiframe average initialization background to eliminate the false detection
caused by impurities or bubbles in the first frame of the video and uses the difference idea
combined with OTSU and the maximum intraclass variance ratio method to calculate the
adaptive threshold to improve the bubble detection effect. The multipoint leakage rate is
calculated based on OMD-ViBe combined with pressure data and the foreground point
frequency calculation method. The leakage location is realized by using the frequency
superposition of the foreground points combined with the central moment method. Finally,
the metal hose leak detection method based on YOLOv5 and OMD-ViBe can effectively
improve the leak detection effect.

The remainder of the paper is organized as follows. In Section 2, the formula of
YOLOVS5 region correction is given, and the improvement of the OMD-ViBe algorithm, the
calculation method of foreground point frequency and the central moment leakage location
method are presented. The metal hose leakage detection results are provided in Section 3.
Finally, concluding remarks and potential future work are given in Section 4.
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2. Leak Detection Methods
2.1. Detection Process

Pressure detection and machine vision are utilized to detect the leakage rate and leak
location of the metal hose. Figure 1 shows the diagram of the metal hose leakage detection
algorithm, including the leak bubble, recognition, leak location detection and leak rate
calculation. To detect the leakage in multiple zones of the metal hose, the total video of
the metal hose should be captured and recorded via camera. The ROI region of the metal
hose is extracted to decrease the calculation burden based on the YOLOv5 model. The
Mosaic image enhancement method balances and enlarges the data to improve the model’s
generalization capability in YOLOVS5. Then, a target area correction is adopted to extract
the metal hose area, as shown in Figure 2. Based on the oblique ROI extraction of YOLOVS5,
the foreground calculation method of the background modeling algorithm is adopted to
identify foreground points. Then, centroid coordinates are extracted based on the frequency
of foreground points to obtain the location of the leakage area. Finally, e the collected
pressure data values are combined with the frequency of foreground points in the leakage
area for the multipoint leakage volume calculation.
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Figure 1. Algorithm detection framework.
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(b)

Figure 2. ROI rectification: (a) YOLOVS5 results and (b) rectification results.

2.2. ROI Rectification

The ROI area partially corresponds to the metal hose. The detection frame is too large
when the metal hose is tilted. The ROI area is corrected to conform to the tilted metal hose,
as shown in Figure 2. The yellow box represents the nut area. The red box is the net sleeve
area. When there is a deviation in the pressure vessel in the prediction box, as shown in
Figure 2b, the center lines of the yellow and red boxes form a certain deflection angle 8, and
the red ROI area is rotated counterclockwise according to the deflection angle to correct the
target box. The ROI correction formula is as follows:

{xHose = ngxl + X1, YHose = yz;m +n (1)
XNut = x45x3 4 X3, YNut = y45y3 +]/3
0 — tan~! YNut — YHose 2)
XNut — XHose
xi = (xl - xHose) * cos ) — (]/1 - ]/Hose) * Sin 6 + Xpose
y/1 = (xl - xHase) *sin 6 + (]/1 - yHose> * €08 6 + YHose
/ . . 3)
x5 = (X2 — XHose) * €050 — (Y2 — YHose) * SIN 6O + Xose
ylz = (x2 - xHose) *sin 6 + (yZ - yHose) * cos 0 + YHose

2.3. OMD-ViBe

After the ROI region obtained, background subtraction can be used to recognize the
bubbles, and the proposed method improves ViBe to better recognize bubbles. OMD-
ViBe improves the background initialization and fixed threshold calculation in the ViBe
algorithm, resulting in improved recognition performance compared to other algorithms.

2.3.1. ViBe Theory

During the process of background initialization, the ViBe algorithm randomly extracts
M pixel values as the background model of each pixel in the N (x, y) domain centered on
the pixel by traversing each pixel in the first frame image.

BKm = f(x,y)|(x,y)eNg(x, y). @)

where BK)y is the established background model.

In the step of foreground detection, the Euclidean distance between the corresponding
pixel points can be found by comparing the following image pixel values with the back-
ground model. The number of sample points is counted, as the Euclidean distance is less
than the fixed threshold R in Figure 3. If the number of sample points is less than the set
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threshold, the pixel is determined as the foreground point; otherwise, it is determined as
the background point. The determination formula is as follows:

, ~ [Ni(x,y) +1, if dist(fi(x,y), BKm) < R
Ni(xy) = {Ni(xry) +0, else ’ ©)

DB;(x,y) = foreground, if Nj(x,y) <T

DB;(x,y) = background, else ©)

i) = {
where dist (f'(x,y), BK},) is the Euclidean distance between the image and the background
model, R represents the fixed threshold, T represents the decision-matching value, and
Ni(x,y) represents the matching number of the coordinates corresponding to the back-
ground model.

A

C, TS Sr(v(@)

o
\

Figure 3. Threshold segmentation.

The ViBe algorithm adopts a conservative update strategy with a random selection
of pixels, which effectively guarantees the spatial consistency of neighborhood pixels. If
the pixel is determined as the background point, there is a 1/ ¢ probability of updating
the background model BK),; that is, the pixel value in the current image of DB;(x,y) is
randomly replaced by BKj,.

1 (t+db)—t
(t, ¢ +dt) = (9”;) . @

2.3.2. Improving ViBe

The traditional ViBe algorithm is prone to ghosting if moving bubbles are in the initial
frame. Meanwhile, the water surface ripple can easily affect the detection resulting from
image interference under the detection conditions of a metal hose. The originally fixed
threshold R cannot adapt to this detection condition well. Therefore, this paper improves
the background modeling and foreground detection part for the ViBe problem.

The traditional ViBe algorithm builds up a background sample library by the first
frame, but if there are, for example, floating bubbles or impurities in the first frame, this
can cause interference pixels in the background sample library and eventually lead to false
detection. Therefore, we use the first n frames of the images to improve the background
initialization: the first n frames of images are used to create a total image set, each pixel
point in the metal hose picture is traversed, and the pixel values are randomly extracted on
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the corresponding neighborhood of the image set M times to form a background sample
library BK),. This library is expressed as follows:

BKy = gn(f"(x,y)|(x,y)eNg(x,y, M)), M = range(10)). ®)

where f"(x,y) is the pixel value of the pixels in the neighbourhood extracted by all the
pixes (x,y) in the first n frames of the metal hose image, N (x, y) is the neighborhood of
the pixel (x,y). gn(*) represents the execution of N times, and range(*) represents the
random number.

The main idea of the OTSU algorithm is to divide the image into background and
foreground according to the gray characteristics so that the variance between background
and foreground is the largest. However, the OTSU algorithm can easily misjudge the
foreground point as the background in image segmentation. In this paper, the background
model in the ViBe algorithm and the OTSU algorithm are combined to calculate the dynamic
thresholds T; and T, by using the image difference idea. Additionally, the maximum
intraclass and interclass variance ratio methods are introduced, and the threshold Tj is
calculated by using the characteristics of this method. The final dynamic threshold is
derived by combining the thresholds with the calculation. The OTSU and the maximum
intraclass and interclass variance ratio methods rely on the mean difference and variance to
calculate the results via Formulas (9) and (10).

W= 5 Lreyect F(09), 03 = Cppect (F(xy) — 1)’
_ 1 2 _ 2/ )
H2 = N5 Zf(x,y)€C2f(x/y)/02 - Zf(x,y)eCZ( XY)— }42)
N, N,
pr= = (10)

Nimage Nimage

where f(x,y) is the picture of the video, C1 belongs to the foreground set, C2 belongs to the
background set, N1 is the number of foreground pixels, N, is the number of background
pixels, Nipage is the total number of pixels in the image, 1, yi2 is the mean value, 012, 022 is
the variance, and p1, p; is the distribution probability.

Based on the maximum gray value and minimum gray value of the image, the maxi-
mum of p10? + pp05 is obtained by traversing the two value intervals, and the threshold TH
calculated by the OTSU algorithm is accepted at this time. Then, T} and T, are computed
using OTSU combined with the background model difference results and frame difference
results. In the maximum intraclass and interclass variance ratio method, p1, p2, 012, (722 is
used to calculate S and S, and the ratio of S to S, is searched from the minimum gray
value to the maximum gray value to obtain T3. The threshold obtained by Tj, T; and T3 is
used to adjust the parameters of the actual leakage detection image to acquire the final R;.
Finally, the dynamic threshold R; distinguishes the front and back attractions. The formulae

are as follows:

OTSUry = (p10} + P203) pyaer (11)
{ Ty = gorsu (| fi — BKY|) (12)
T = gorsu(lfi — fi-1l)
Si=p1* (1 — 1)+ pax (g2 — p), (13)
So = p1* Zf(x,y)GCl (NCl - ,ul)z +p2* Zf(x,y)eCZ(ch - “1/12)2, (14)
S1
T, = (== 15
3=(5), (15)

R;=aT; + ﬁTz + T3, (16)
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1 filx,y) > R;
BWi = {0 otherwise (17)

where OTSUry is the threshold calculated by OTSU, f;(x, y) is the i-th frame image, Sy
is the intraclass variance, S, is the interclass variance, BW; represents the foreground or
background points obtained by combining the grayscale values of Tj, T, and T3 determined
for the current frame as represented by 1 and 0.

2.4. Foreground Frequency Calculation Method

The binary image generated by OMD-ViBe is utilized to compute the frequency of
foreground points within each subregion. This involves summing up the frequency of
changes in foreground points for each pixel coordinate within the subregion. The average
frequency of changes A; is computed based on the number of images, and the subregions
exhibiting excessive changes are filtered out using a threshold. The percentage of sub-
regions exhibiting excessive changes is then computed to determine the extent of leakage.
The formulae are as follows:

Xi = Zte[l,m] I(fit,(xry) = foreground), 18)
Xt(x,y) — (Xt) .
Ay = TS, Xy € X, 9)
F=1I(A; >¢)x Zte(n/m] I(fit,(x,y) == 255), (20)
azg}emu. 1)
1

where m is the final frame number of the video, X! is the sum of the pixel change frequency
of the subregion, A; is the average pixel change frequency of the subregion after the maxi-
mum normalization, F; is the frequency of the corresponding region, P, is the percentage of
the leakage subregion, I(*) is the conditional function when the conditions are met, and
I(¥*)=1orI(x)=0.

2.5. Leakage Point Location

The frequency distribution of the top attractions is obtained by F;. By calculating the
central moments of the frequency distribution of the front point, the coordinate points of
the front point in the most densely distributed area of the image are obtained as follows:

M
b= g 22)
1, — Mo~

where My is the set of pixel values in the region of F;, My is the set of x coordinates in the
region of F;, My, is the set of y coordinates in the region of F;, and I and I, are the centroid
coordinates of the leakage region.

2.6. Leakage Calculation

As the inflation is completed, the holding pressure testing is performed. The pressure
data are collected to obtain the pressure drop value during the holding process.
According to the ideal gas state, Equation (23) is as follows:

pV = mRT. (23)
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Pressure reducing valvej

Which is converted to Equation (24)

v
m:%T (24)

The gas mass before leakage and the gas mass after leakage are calculated as follows:

_nv_pV
Am = RT, _ RT;" (25)
Substituting the gas state equation yields Formula (26):
Ay = AmRTo (26)
Po
The calculation result of the total leakage is obtained as follows:
AV
=—. 27
Q=" 7)

Finally, when the total leakage and the leakage proportion of the subregion are known,
the subregion leakage can be calculated as follows:

Qi=QxP. (28)

where p is the pressure in the container, V is the volume of the container, m is the gas
mass in the container, R is the gas constant, T is the temperature in the container, Tj is
the ambient temperature, py is the atmospheric pressure, Q is the leakage, and At is the
holding time.

3. Experiment and Results

The length of the two metal hoses in the experiment was 310 mm and 430 mm, as
shown in Figure 4. The platform mainly consisted of the pressure-reducing valve, solenoid
valve, electric proportional valve and pressure sensor (0-1 Mpa, accuracy of 0.01 %, gauge
pressure, 24VDC). The data acquisition system included one control board (STM32F107)
and a personal computer.

(b)

Figure 4. Experimental installation: (a) leakage detecting device and (b) reservoir.

The experimental images were collected with an XW-200 color industrial camera. The
camera’s complementary metal oxide semiconductor (CMOS) was 1/2.7”, and the effective
pixel size was 200 w (1920 x 1080). In addition, the image processing was performed
on a computer with the Windows 11 operating system using Opencv and PyTorch. To
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adequately handle the processing of the YOLOVS5, the laptop used had a GeForce GPU T4
graphics processor. This proposed method’s training set includes 1000 self-made pictures
and labels. Figure 5 is a representative picture of the training set, Figure 5a is taken from
the side when the brightness is high, Figure 5b is taken from the front when the light is
strong, Figure 5c is taken from the side when the brightness is low, and Figure 5d is taken
when the brightness is low frontal shot. As shown in Figure 2, labels were set on the net
sleeve part and the nut. respectively. The data set used in the moving target algorithm
included 9000 frames of metal hose leakage original video as the moving target algorithm
detection data set.

(d)

Figure 5. Representative picture of the training set: (a) high brightness side shot, (b) high brightness

frontal shooting, (c) low brightness side shot, and (d) frontal shot with low brightness.

The platform works as follows: (1) The metal hose is connected with the gasket and the
trachea; (2) After installation, the metal hose is placed in water; (3) The proportional valve
and solenoid valve are opened to adjust the pressure. When the pressure value reaches
a stable value, the image information is processed, and the pressure data are collected.
(4) After the test time is completed, the solenoid valve is opened for pressure relief, and
the air tightness test results are given in combination with the algorithm described in
this paper.

3.1. Evaluation Index

The evaluation indexes of the YOLOv5 model and moving target algorithm mainly
include mAP50, precision, recall, F-measure and percentage of wrong classification (PWC).
The precision and recall rate index tends to be 1, and the F-measure is used as the compre-
hensive evaluation index of the precision and recall rate. The closer the error ratio is to 0,
the better the effect. The indexes are defined as follows:

.. TP
Precision = m, (29)
P
Recall = (30)

TP + FN’
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Precision * Recall
F- =2 1
meastre * Precision + Recall’ (31)

FP +FN
PWC = TP + FN + FP + TN’ (32)

TP represents the number of foreground points detected correctly, TN represents the
number of background points detected correctly, FP represents the number of background
points mistakenly seen as foreground points, and FN represents the number of foreground
points incorrectly identified as background points.

3.2. Experimental Results
3.2.1. YOLOVS5 Results

This section analyzes and discusses the training results based on YOLOv5 under
the self-made metal hose dataset. Figure 6 shows that the training accuracy and recall
rate of YOLOvV5 was 100 %, the mAP50 result was 99.5%, the detection speed with the
YOLOvV5 model was 30 FPS, and the detection with the YOLOv5 model could meet the
detection requirements.

I ’ "IN:\,‘ T S e e e it _ ‘. T
1 precision
I recall
08 L HI I\v map50 |
xl’l
0.6 ’( ]
ff
|l _
04
i
ool | |
|
oL . . . .
0 50 100 150 200 250 300

epochs

Figure 6. YOLOVS training results.
3.2.2. Bubble Recognition Based on OMD-ViBe

To find suitable values for the parameters «, f and 7, the image set with bubbles
in 1000 frames under 0.4 Mpa pressure was extracted as the dataset for the optimization
parameters of the particle swarm optimization algorithm (PSO), and the image frames with
bubbles in the data were selected to calculate the results of the improved ViBe algorithm
and the image frames using the F-measure values. The 1000 frames were used to find the
optimal values of «, 8 and +.

The particle swarm algorithm had 50 iterations and a population of 10, and the
parameters «, B and <y were optimized within [0.05,0.3]. The F-measure value was a
combination of accuracy and recall, which was the target of the calculation and better
reflects the comprehensive evaluation of the image algorithm. Finally, « = 0.188, g = 0.05
and 7y = 0.05 were used as the optimized parameter values. The F-measure value obtained
according to the PSO algorithm was 83.97%, as can be seen in Figure 7.
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Figure 7. PSO iteration result.
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Table 1 presents the results of comparing OMD-ViBe with other algorithms after
the particle swarm optimization algorithm was applied. After the accuracy, recall, F-
measure and error rate were evaluated, it was evident that the OMD-ViBe algorithm
outperformed ViBe in terms of F-measure and PWC, with an improvement of 4.33% and
0.049%, respectively. These findings demonstrate that the proposed OMD-ViBe algorithm
in this paper represents a significant advancement in computing dynamic thresholds
using the parameter values obtained through the particle swarm optimization algorithm

for optimization.

Table 1. Algorithm comparison results of 1000 frames.

Algorithm Precision Recall F-Measure PWC
ViBe 72.84% 87.87% 79.64% 0.113%
GMM 68.33% 87.88% 76.88% 0.096%
DPPratiMediod [30] 74.53% 79.17% 76.78% 0.111%
PBAS [31] 61.89% 97.65% 75.77% 0.165%
KNN 74.53% 79.17% 76.78% 0.111%
ViBeImp [32] 86.17% 78.54% 82.18% 0.084%
SigmaDelta 56.69% 98.59% 71.28% 0.201%
Adaptive Background Learning 51.74% 97.30% 67.56% 0.246%
Our method 80.88% 87.31% 83.97% 0.081%

To validate the efficacy of the parameters obtained from the optimization of 1000 frames
in enhancing ViBe, tests were conducted on 8000 additional frames of data, which were
divided into 8 intervals using every 1000 frames. The results, including the average accu-
racy, recall, F-measure and PWC, are presented in Table 2. The findings indicate that the
approach proposed in this paper provided an improvement in the F-measure for the test

dataset as compared to the other algorithms.

Table 2. Algorithm average test results.

Algorithm Precision Recall F-Measure PWC

ViBe 81.64% 66.01% 71.12% 0.08%

GMM 68.49% 66.48% 60.58% 0.12%
DPPratiMediod 73.57% 85.10% 77.99% 0.08%

PBAS 62.64% 93.78% 73.21% 0.12%
KNN 66.48% 94.64% 76.85% 0.010%

ViBelmp 61.14% 66.75% 61.46% 0.11%
SigmaDelta 56.99% 97.08% 70.33% 0.15%
Adaptive Background Learning 59.22% 94.94% 71.43% 0.14%
Our method 85.47% 77.18% 81.11% 0.05%

In Figure 8, leak detection bubbles are denoted by red boxes in the diagram. When
bubbles leak, the background subtraction algorithm recognizes the bubbles as former points
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of interest to distinguish them from nonbubble background points. To make it easier to
compare the leak detection results of each image recognition algorithm, a local comparison
is used as an intuitive way to compare the algorithms.

Figure 8. Metal hose leakage.

In Figure 9, the frames 186, 365, 570, 837 and 911 are shown to compare each algorithm.
In the figure, white indicates that the target has been correctly detected, green indicates that
the target has been misjudged as a nontarget, and red indicates that the actual nontarget
has been underestimated as a target.

In frame 186, it can be observed that the traditional ViBe algorithm is susceptible
to ghosting due to the slow movement of bubbles. This results in inconsistent detection
outcomes with the target, leading to false detections. However, in frame 365, it is shown
that PBAS and the adaptive background learning algorithms can detect many disturbing
factors during bubble movement, which could be attributed to water lighting effects or
image noise in the actual scenario. It can be concluded that the algorithm is highly resistant
to interference and can further improve detection accuracy by eliminating the ghosting
caused by slow bubbles.

This paper presents constructed videos depicting normal leakage and minor leakage,
consisting of a total of 1000 frames per video. We propose the OMD-ViBe algorithm and
conducted comparison experiments between the original ViBe algorithm and the improved
version. The effectiveness of these algorithms was analyzed in each detection scenario
based on two working conditions. The following section provides a detailed analysis of the
impact of both algorithms in each scenario.

Figure 10 displays the results of normal leak detection, showcasing three frames
of bubble movement at frames 185, 188 and 205 for comparison. Figure 10a presents
the original video image, while Figure 10b,c show the detection outcomes of the OMD-
ViBe algorithm, with the bubbles marked in red boxes for easier analysis. The figures
reveal that the bubble profile obtained by the OMD-ViBe algorithm is more comprehensive
than that of the original figure. This improvement is attributed to the dynamic threshold
calculation method used by the OMD-ViBe algorithm, which has higher sensitivity to
bubble appearance in the frame image, resulting in better detection outcomes.

Figure 11 presents the results of tiny-leak detection, with frames 174, 184 and
198 selected for comparison. Figure 1la displays the original video image, while
Figure 11b,c present the detection outcomes of the OMD-ViBe algorithm. Both algorithms
could detect the bubble to some extent, but it can be observed that in frame 198, Figure 11c
has a false detection. This false detection is due to the ghosting phenomenon caused by
the traditional ViBe algorithm when the bubble moves slowly, and the detected bubble
foreground target is not updated in time, leading to false detection. However, the algorithm
proposed in this paper effectively avoids this situation and accurately identifies the target.

To determine the frequency of each pixel point, the detection results of the OMD-ViBe
and ViBe algorithms were overlaid on 1000 frames, and the calculation formulae outlined
in Equations (18)—-(21) were applied. The statistical outcomes are presented in Figure 12.
Through a comparison of the results in Figure 12a,b and Figure 12¢,d, it can be observed that
the OMD-ViBe algorithm has a slightly higher frequency than does the ViBe for both the
normal leakage and microleakage scenarios. This indicates that the OMD-ViBe algorithm
detects bubbles corresponding to a higher number of former attractions, as shown in
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Figures 10 and 11. Thus, these findings confirm the superior effectiveness of the OMD-ViBe
algorithm in extracting bubble information.

The 186 The 365 The 570 The 837 The 911

ViBe

S
=
&)

Q

PBAS DPPratiMediod

KNN

ViBelmp

AdaptiveBackgro
Our method undLearning SigmaDelta

True positive pixels [ False negative pixels [l False positive pixels

Figure 9. Background algorithm segmentation results.
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Figure 11. Tiny-leakage bubble recognition effect: (a) original image, (b) OMD-ViBe, and (c) ViBe.
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Figure 12. Histogram of the former points of interest superimposed: (a) Normal-ViBe, (b) Normal-
OMD-ViBe, (¢)Tiny-ViBe, and (d) Tiny-OMD-ViBe.

Figure 13a displays the original map without any leakage, while Figure 13b shows the
map with leakage points. Figure 13c,d demonstrate the effect of the ViBe and OMD-ViBe
algorithms on the frequency superposition of former points of interest for normal and
minor leakage scenarios, respectively. The superimposed plots have been normalized using
Equation (19) to represent the highest and lowest frequencies within the image. The colors
used to represent the normalized values are red for 0.8-1, yellow for 0.4-0.8 and blue for
0-0.4. Frequency counts between 0 and 0.4 mostly represent noise or false detections due
to environmental interference and do not indicate the location of the leak. The closer the
frequency count is to 1, the closer the leak is to the corresponding pixel point.

As seen in Figure 13¢,d, excluding frequency counts above 0.2 could effectively elimi-
nated noise in the background and false detections caused by environmental interference.
The results can pinpoint the location of the leak with higher frequency counts, indicating
the effectiveness of the overlay localization method for former points of interest.

3.2.3. Leakage Calculation

This section presents a comparative experiment using nonleakage and leakage metal
hoses to verify the accuracy of regional leakage calculation. The inner diameter of the
leaking metal hose was 25.3 mm and the outer diameter was 32.3 mm. The test time
included pressure data collected by the image within 9000 frames. The pressure data
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were divided into three stages, with the first and third stages representing the working
pressure and the second stage representing the test pressure. Figure 14 illustrates the
pressure data collected from the device and the leaky metal hose. The pressure data of
the intact metal hose were also declining as a whole because the acquisition device itself
had specific leakage. However, the pressure drop of the leaky metal hose was significantly
higher, indicating that the metal hose’s leakage degree was more significant than was the
acquisition device’s leakage. Therefore, using the pressure acquisition method proposed in
this paper is feasible.

(d)

Figure 13. Front point overlay performance map: (a) normal-ViBe, (b) normal-OMD-ViBe, (c) Tiny-
ViBe, and (d) Tiny-OMD-ViBe.
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Table 3 shows the results of the separate tests for the leakage of pipe 1 and pipe 2 at
0.2 Mpa, 0.3 Mpa and 0.4Mpa. Table 4 shows the results of the leakage rate of the device
itself and the simultaneous test of the leakage pipes 1 and 2. Each data group was measured
five times to ensure the accuracy of the data.

Table 3. Leak 1 and leak 2 test results.

Pressure Leak 1 Leakage Rate Leak 2 Leakage Rate
(Mpa) Leak 1 Pressure Drop (Pa) Leak 2 Pressure Drop (Pa) (mL/min) (mL/min)
0.2 4652 1233 0.235 0.092
0.3 8259 2259 0.416 0.168
0.4 13,654 5322 0.688 0.397
Table 4. No leak and two leaks combined test results.
Pressure No Leak Pressure Drop Combined Pressure Drop  No Leak Leakage Rate =~ Combined Leakage Rate
(Mpa) (Pa) (Pa) (mL/min) (mL/min)
0.2 2 2705 0.0007 0.338
0.3 3 4653 0.0011 0.581
0.4 6 8934 0.0021 1.116
In Table 5, the algorithm in the Table 4 is used to calculate the foreground frequency
of the leakage pipe. The leakage rate of different pipes was calculated according to the
leakage rate calculated by the pressure and compared with the separate leakage pipe. It
can be concluded that the comprehensive leakage error of pipe 1 and pipe 2 calculated by
the foreground frequency of other algorithms was reduced by 1.53-25.19%. By considering
the higher F-measure and PWC in Table 1, it can be concluded that the computed leakage
is more accurate, which shows the algorithm’s effectiveness in this study.
Table 5. Leakage rate comparison between the proposed method and eight traditional methods.
Algorithm Leak 1 Leaka'lge Rate Leak 2 Leaka'age Rate Leak 1 Error Leak 2 Error
(mL/min) (mL/min)
ViBe 0.755 0.361 9.71% 9.01%
GMM 0.711 0.405 3.35% 2.00%
DPPratiMediod 0.635 0.481 7.76% 21.25%
PBAS 0.709 0.407 3.01% 2.58%
KNN 0.701 0.415 1.89% 4.53%
ViBelmp 0.757 0.359 9.98% 9.48%
SigmaDelta 0.699 0.417 1.58% 5.07%
Adaptive Background Learning 0.722 0.394 5.00% 0.85%
Proposed Method 0.685 0.431 0.37% 3.45%

3.2.4. Leak Location

The length of the actual measurement tube 1 was 310 mm, and the size of tube 2 was
430 mm. The leakage points of the two were divided into 89.53% and 85.48% of the total
tube length. As shown in Table 6, the positioning error was 1.2-9.11% in the application of
the corresponding moving target algorithm combined with the foreground point calculation
method and the centroid calculation method proposed in this paper, which can meet the
actual detection requirements.

In Table 7, based on the YOLOv5 and OMD-ViBe algorithms proposed in this paper,
the algorithm performance was tested at 0.2 Mpa, 0.3 Mpa and 0.4 Mpa. The detection
time of YOLOV5, the detection time of OMD-ViBe and the recognition accuracy of YOLOv5
were respectively evaluated. Each experiment used 9000 frames of pictures.
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Table 6. Leakage rate comparison between the proposed method and eight traditional methods.

Algorithm Leak 1 Location Leak 2 Location Leak 1 Error Leak 2 Error
ViBe 91.97% 86.22% 2.44% 0.74%
GMM 80.12% 86.48% 9.41% 1%
DPPratiMediod 81.33% 86.88% 8.2% 1.53%
PBAS 91.16% 86.35% 1.63% 0.87%
KNN 85.54% 86.48% 3.99% 1%
ViBelmp 91.16% 87.14% 1.63% 1.66%
SigmaDelta 86.55% 86.35% 2.98% 0.87%
Adaptive Background Learning 85.54% 86.35% 3.99% 0.87%
Proposed Method 90.36% 85.95%% 0.83% 0.47%
Table 7. YOLOv5 and OMD-ViBe performance test.
Pressure Number YOLOvV5 Dgtectlon Time OMD-ViBe ]?etectlon Time YOLOV5 Recognition Accuracy
(Mpa) (ms/image) (ms/image)
1 32.5 6.2 98.7%
0.2 2 32.8 5.8 98.4%
3 34.1 5.9 99.2%
1 33.2 6.0 98.5%
0.3 2 33.4 6.0 98.4%
3 317 5.9 98.2%
1 32.4 6.0 98.7%
0.4 2 30.6 6.1 99.1%
3 33.8 6.1 98.6%

Three experiments were conducted under different pressures. The detection results
of YOLOV5 can met the actual detection requirements, and the detection speed of the
algorithm satisfied the purpose of application.

4. Conclusions

This papers proposes the multizone leakage detection of metal hose based on the
YOLOv5 and OMD-ViBe algorithm for metal hose gas tightness detection. The accuracy,
recall rate and mAP of the YOLOv5 model with the correction target box were 100% and
99.5%, respectively. The OMD-ViBe algorithm improved the F-measure to 83.97% and
reduced the PWC to 0.081%. The F-measure was increased by 1.79-16.41%, and the PWC
was decreased by 0.003-0.165%. Finally, after the OMD-ViBe recognition results were
superimposed at each moment, the calculation errors of the multizone leakage rate of the
leaky metal hose were 0.37% and 3.45%, the comprehensive leakage error was reduced
by 1.53-25.19%, and the positioning error was 1.2-9.11%. Compared with the traditional
manual visual inspection, the method of machine vision combined with pressure drop
analysis can better detect the leakage of metal hoses, which can realize the calculation of
leakage location and leakage rate. The use of industrial cameras can help avoid the false
detection caused by artificial long-term observation. Through the construction of the device
platform in this study, no close observation is required, which ensures safety and certain
economic benefits.

In future work, we will study the identification of small air bubble leaks, which
requires higher resolution industrial cameras. It should be noted that the research objects
in this paper included only a few types of metal hoses. In future studies, this method will
be applied to more models and expanded to a wider variety of conditions.
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