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In recent years, scholars have completed many studies on the fault diagnosis of air-conditioning systems based on
Building Energy Management System (BEMS) data, but these studies seldom cover the leakage of water pipes and
the damage of insulation layer, that are common but undetected by BEMS. To fill in the gaps, an automatic
diagnosis algorithm based on infrared thermal images is proposed here to detect fault occurs on insulated heating
pipes. This method can automatically diagnosis of pipeline leakage and insulation damage, so as to prevent
pipeline corrosion and heat loss. The algorithm includes two sections: an image segmentation processor and a
fault diagnosis module. The fault diagnosis module can detect three categories of faults: insulation damaged,
insulation fall-off, and pipeline leakage. Experimental study demonstrates that the overall accuracy of the al-
gorithm is 97.59%, while filed studies in commercial buildings exhibits an accuracy of 92.74%. These data prove
the algorithm’s feasibility in practice and the method can be applied with an infrared camera installed on an
inspection robot or at a fixed location in a machine room. Although images of hot water pipes are used as inputs

of the research, this method is also applicable to cold water pipes by modifying relevant parameters.

1. Introduction

The detection of building HVAC faults has been well studied since
1980s in order to ensure the efficient operation of HVAC system. Today,
commercially available automated fault detection and diagnostics (FDD)
tools are increasingly used in practice. Janghyun Kim et al. summary
ranges of fault prevalence and incidence rates for various faults derived
from the 26 studies as well as number of studies quantifying each fault in
HVAC system [1]. However, these faults did not include the faults of
water pipelines. There is no doubt that the transmission and distribution
system occupies a large part of the energy consumption of the
air-conditioning system. After being used for a long time, pipes/ducts
with or without thermal insulation inevitably suffers damage and leaks.
The common faults of hot water pipes in heating mode include pipe
blockage, corrosion, leakage and damage and fallen-off of insulation
layer. Hallberg et al. indicated that failures on district heating pipes are
often caused by water leaks due to corrosion, mechanical impacts and
insufficient or deteriorated performance of the thermal insulation so-
lutions [2]. In order to fill the gap in the fault detection and diagnosis of
water pipes, we study the three kinds of faults (i. e. pipeline leakage,
damaged insulation layer and fallen-off insulation layer) that are often

* Corresponding author.
E-mail address: xupeng@tongji.edu.cn (P. Xu).

https://doi.org/10.1016/j.buildenv.2022.109111

ignored during operation. These faults often do not directly affect the
normal operation of the system, but if not repaired in time, they will lead
to energy waste and heat loss of the system.

At present, most studies about pipeline fault diagnosis adopt model-
based (eg. Ref. [3]), data-driven (eg. Ref. [4]) or the combination of the
above two methods (eg. Ref. [5]) to diagnose pipeline leakage [6].
However, these methods are difficult to detect small changes in pressure
or flowrate caused by insulation damage or tiny leakage, so it is much
difficult to detect and determine the specific location of fault. In addi-
tion, these methods rely on sensor data (such as pressure, flowrate,
temperature, etc.) collected by building automation systems. However,
due to the high cost of the sensor, drift and other faults occur after being
used for a long time, the reliability of the data is also reduced. In
addition, due to the poor reliability of the control network of the
building automation system, problems such as data loss, false positives
and confusion of signs are easy to occur. It is obvious that these common
fault diagnosis methods cannot address the water pipe problems.

With the maturity of computer vision technology and the existing
problems in the fault diagnosis of water pipes in air conditioning system.
An automation fault diagnosis method for water pipes based on infrared
image is proposed in this paper. The surface temperature of an insulation
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layer is one of the most common indicators that the layer is damaged.
For example, the surface temperature distribution of a pipe is abnormal
when its thermal insulation layer is damaged. As a nondestructive
technique, infrared thermography (IRT) can be employed to remotely
measure the temperature of an object and provide the thermal image of
an entire component [7]. This technique has been successfully utilized
for building diagnostics, such as the evaluation of the thermal perfor-
mance of building envelopes, electrical inspection, and the detection of
air leakages and moisture in building components [8-12]; it is also an
effective tool to detect the faults of the thermal insulation layer of pipes.

Recently, a few studies employed IRT for water pipe diagnostics;
however, most of them focused on leakage in pipes [13-16]. Ref. [13]
developed a novel method utilizing IRT and ground penetrating radar
(GPR) technology to detect and locate the leakage point in the pipeline
network. GPR is used to find the location of buried pipes, and IRT is for
the detection of the leaks. They processed images to isolate the leakage
area and calculate its centroid using Green’s theorem. Manekiya et al.
applied IRT to detect the water leaks of the defected heating pipeline
buried in the floor and performed image analysis on the infrared image
in MATLAB. They used a threshold-based image segmentation method to
obtain the pipeline leakage region and calculate its area [15].

There have been seldom studies relevant to the detection of insu-
lation layer damage in pipes. Fan et al. verified the effectiveness of IRT
for detecting defects of the pipeline heat insulation layer, and they
analyzed the relationship between the maximum temperature of the
infrared thermal image and the size and depth of the heat insulation
layer defects [17]. Although they successfully used IRT to inspect the
pipelines of a boiler system, methods for detecting faults of the insu-
lation layer were not mentioned in their report. Therefore, their in-
spection relied on experienced inspectors to collect and judge the
infrared images. Wu et al. investigated the changes in soil surface tem-
perature and soil moisture above a buried heating pipeline when it
leaked and when its thermal insulation layer was damaged in the lab-
oratory. They concluded that IRT can detect the temperature anomalies
caused by leaks and the damaged thermal insulation layer. The humidity
difference between the normal and abnormal areas is the key to dis-
tinguishing between the two types of failure [18]. However, in their
study, there was no clear threshold for the difference in humidity used to
distinguish them, and the method has not been tested in practice. In
addition, an algorithm based on neural immune ensemble learning is
proposed by Xiao Yu to diagnose abnormal high temperature region in
infrared steam pipeline image. Later the researcher adopted the same
method to diagnose insulation faults [19,20].

The previous studies proved that IRT is an excellent tool to detect
abnormal high temperature region, the thermal insulation layer damage
and pipe leakage, but there is no denying that other key parameters,
such as pressure, are useful for diagnosis. However, no automatic fault
diagnosis method and integrated method has been proposed, and these
studies can only diagnose one of the failures of pipeline leakage and
insulation degradation. Thus, this paper studies three common failures
and aimed to develop an automatic algorithm to detect the damage and
fallen-off of the thermal insulation layer and leakage of hot water pipes
that can be applied in practical buildings by installing infrared cameras
in inspection robots or machine rooms. Since the number of additional
sensors installed varies depending on the diagnosis method and HVAC
system types, it is difficult to judge the initial investment of data-driven
diagnosis method against this method. However, it is worth noting that
this approach is simple to deploy and easy to maintain. In addition,
compared with the previous methods, the method proposed in this paper
has the advantages of single data type, non-intrusive monitoring. It can
be conducted with inspection robots to diagnose and realize the smart
management of air conditioning system.

The rest of this article is organized as follows. In Section 2, the details
of the methodology adopted for fault diagnosis are introduced. The
performance of the proposed algorithm is evaluated in Section 3 using
experimental and actual data. And in Section 4, notes of the algorithm
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are discussed. Finally, Section 5 concludes the work with a description of
the contributions of the study and a discussion of potential work.

2. Methodology
2.1. Overview of the proposed method

As shown in Fig. 1, the proposed algorithm consists of two processes:
image segmentation and fault diagnosis. In the first process, to eliminate
the influence of the background, gray processing, binarization and
mathematical morphological processing are used to isolate the pipe from
the background. In the second process, temperature analysis, pipe
diameter analysis, and defect analysis are conducted to classify the pipe
into three categories: normal, damaged, and fall-off.

2.2. Image segmentation

The main purpose of image segmentation is to eliminate irrelevant
information in the image, enhance the detectability of relevant infor-
mation, so as to improve the reliability of feature extraction, image
segmentation, matching and recognition. In this study, Infrared image
segmentation is conducted to obtain the infrared image and binary
image containing only the pipe area and eliminate the influence of
background areas. The flowchart of the image segmentation method
used is shown in Fig. 2. Fig. 3 illustrates the processing result of each
step of the image segmentation method. The first step of image seg-
mentation is cropping, which can remove the noise of the background in
the infrared image, such as the temperature scale and brand logo. The
result of cropping is shown in Fig. 3 (b).

2.2.1. Gray processing and threshold processing

Threshold processing is simply and commonly used to separate the
object of interest from the background or distinguish objects on the basis
of their absolute intensities [21] which can convert a gray image into a
binary image. As shown in Fig. 4, pipes in the image are quadrilaterals
with uniform width variation, while other heat sources (such as water
pump motor, one of the common heat sources in the plant room) are in a
certain area of the image. In addition, there is a difference between pipe
temperature and the temperature of other heat sources. In the case of
normal motor, the pipe temperature and the motor surface temperature
are different. Therefore, other heat sources will be removed as back-
ground noise as much as possible through threshold processing. There-
fore, before threshold processing, gray processing of the raw infrared

Raw infrared images

Image segmentation

Failure free

Diagnosis result

Fig. 1. Framework of the proposed algorithm.
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Fig. 2. Flowchart of infrared image segmentation.

€2 (h) ) G
Fig. 3. Image-processing results of image segmentation: (a) raw infrared image, (b) infrared image after cropping, (c) gray image (i.e. the red component image), (d)
the segmentation result using Otsu’s technique, (e) histogram of the red component image (the red circle indicates the right peak), (f) the segmentation result using
the right peak method, (g) the largest connected component of (f), (h) the result of closing, (i) the result of opening (the binary image of the pipe), and (j) the infrared
image of the pipe. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

image is necessary because the infrared image is a color image. image have been labeled and their area has been calculated, small re-
Considering that the temperature of the hot water pipe is higher than gions are cleared (as shown in Fig. 3 (g)).
that of the background and the pipe area has a larger red component
value in the infrared image, the red component of the raw infrared 2.2.2. Mathematical morphology image processing
image (i.e. gray image) is extracted as the input for threshold processing. Mathematical morphology is a useful tool for smoothing and seg-
As Fig. 3 (c) shows, in the red component image, there is a clear dif- mentation [25,26]. Closing can smoothen the contour of an object,
ference in gray values between the high-temperature and connect narrow breaks, and fill holes smaller than the structuring
low-temperature regions. element. Opening also can smoothen the contours; however, as opposed
Thresholding is to select a threshold to divide the grayscale image to closing, it can remove regions that are smaller than the structuring
into background and regions of interest, and it can be expressed as [22]: element and break thin connections [22]. In this study, a morphological
| floy) > T filter consisting of a closing followed by an opening was used. As shown
glx,y)={ 0 f(x7y) <7 (€D)] in Fig. 3 (h) and (i), closing fills the small gaps in the pipe area, and
= opening removes the noise, such as lamps and water pipes of other
Where f(x,y) is the original grayscale image, and Tis the set threshold. branches connected to the target pipe in the image. In morphological

operation, the selection of structural elements is very important. In this
paper, the size of structural element depends on the size of the hole to be
filled in closing operation, and the size of the structural element depends
on the size of the noise in the infrared image in opening operation.

Threshold selection has a significant impact on the result of seg-
mentation. Otsu’s technique is a commonly used method based on a
discriminant analysis, which determines the optimal thresholds by
maximizing between-class variance and minimizing within-class vari-

ance [23,24]. To separate the pipe and the background more accurately, Various experiments have been conducted to determine the appropriate
the gray value corresponding to the right peak of the histogram was structuring element. In the present case, the structuring elements used in
selected in this study as the threshold for binarization (as shown in Fig. 3 closing and ope}ning are, Fespectively, 15 x 15 and 20 x 20. Sim'ilarly,
(€)). As the process results of Fig. 3 shows, compared with Otsu’s tech- after the opening operation, the small connected components in the

nique (as shown in Fig. 3 (d)), this method can remove more background image are cleared.

regions (as shown in Fig. 3 (f)) and the threshold selected by this method

does not vary with variance. However, there are still some small back- 2.2.3. Binary image with the infrared image by multiplying
The result of the above image processing is a pipe binary image

ground areas that need to be removed in the binary image after . 14 -
without temperature characteristics. By extracting the red, green, and

threshold processing. After all connected components in the binary
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(b) Infrared 1mages of normal motor

Fig. 4. Infrared images of normal water pipes and normal motor in the plant room.

blue components of the original infrared image, multiplying them by the
pipe binary image and then synthesizing them into a color image, one
can obtain the pipe infrared image for temperature analysis. As shown in
Fig. 3 (j), this method preserves the color of the pipe area in the infrared
image and sets the background to black.

2.3. Fault diagnosis

After image processing, three analysis methods including tempera-
ture analysis, pipe diameter analysis and defect analysis are conducted
to analyze the temperature, pipe diameter and defect characteristics of
pipes. Then the fault category can be determined based on the results of
feature analysis.

2.3.1. Temperature analysis

The relationship between temperature and color must be established
to obtain the temperature information of an infrared image. As shown in
Fig. 4, the temperature scale on the right side of the original infrared
image was extracted, the upper and lower temperature values were
recognized, and linear interpolation was used to obtain the temperature
value of each pixel, to determine the relationship between temperature
and color based on linear regression. The linear relationship can be
expressed as

— 0 R=0,G=0,B=0 @
aR+bG+cB+d R>00rG>00rB>0

Where t is the temperature, °C; R is the red component value of the pixel;
G is the green component value of the pixel; B is the blue component
value of the pixel; a, b, and c are coefficients; and d is a constant. They
are all decided by linear regression.

As mentioned above, the background of the infrared image is black,
and its temperature value is set to zero in this part. The processed image
is an infrared image, so there are only two parameters in the linear

model, namely a and d. After determining the linear relationship be-
tween temperature and color, the temperature matrix of the entire
image can be obtained. The point where the temperature value is zero
corresponds to the background and is eliminated when performing
temperature analysis.

An optical character recognition (OCR) system typically consists of
several phases, including extraction, localization, segmentation, and
recognition [27]. The FLIR-E6 camera used in this study can automati-
cally identifies cold or hot spots until temperature limits are captured
when taking infrared images. Other specific technical parameters are
listed in Table 1. First, because the locations of the temperature scales
are fixed (the location of the temperature scales is on the right of the
image taken by FLIR-E6 camera as shown in Fig. 9) and the upper and
lower limits of temperature are respectively at the upper and lower parts
of the temperature scale if the images are taken by the same device,
cropping was used to extract the upper and lower temperature limits
from temperature scales which are equally important to the later linear
model. Second, to locate the characters, the parts of the image that did
not contain characters were eliminated after thresholding based on
Otsu’s technique. The segmentation was then realized vertically to
divide the characters. The division used a histogram to look for columns
that do not have any white pixel, which is considered as a region to cut
[28]. The sample of segmentation results can be seen in Fig. 5. Finally, in
character recognition, a template matching technique was used to
recognize the characters, and all the templates were extracted from the

Table 1

FLIR-E6 camera specification.
IR resolution 160 x 120
Thermal sensitivity <0.06 °C
Spatial resolution (IFOV) 5.2 mrad
Object temperature range —20-250 °C

Accuracy +2 °C or +2% of reading
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Fig. 5. Temperature—color linear relationship establishment process. (For interpretation of the references to color in this figure legend, the reader is referred to the

Web version of this article.)

captured infrared images by the abovementioned extraction, localiza-
tion, and segmentation. Based on the characteristics of pixel distribu-
tion, the character to be recognized was adjusted to the same size as the
templates, compared with the templates, and classified into the category
of the template with the maximum number of identical pixels. The
recognition result of the rightmost character is the number after the
decimal point, that of the second character on the right is the decimal
point, that of the third character on the right is the ones digit, and that of
the fourth character on the right is the tens digit (if there is no fourth
character on the right, its recognition result is set to 0). Although there is
a powerful OCR tool in MATLAB, this method performed better in this
case.

After identifying the values of the upper and lower temperature
limits, the temperature scale image was extracted, a column of 181
pixels was taken for linear interpolation, and the result of linear inter-
polation was used as training data to obtain the linear relationship be-
tween temperature and color. In addition, the upper and lower
temperature values varied from one image to another; thus, the rela-
tionship between temperature and color needed to be obtained for each
infrared image.

The 30 rule is a common criterion for discriminating significantly
abnormal data in data cleaning, which is based on normal distribution,
and the data outside the interval (p-30, p+30) is considered abnormal
data. If there is no fault in the pipe, the external surface temperature of
the pipe in the image should follow the normal distribution. Therefore,
this paper adopts 3¢ to judge whether there are significantly abnormal
temperature values in the water pipe area. Following getting the average
temperature of the pipe tand the standard deviation of the temperatures,
the 30 rule was adopted to determine whether there were abnormal
temperatures in the pipe area. In particular, the average value of the first
1% maximum temperature was taken as the maximum temperature of
the water pipe area tm to determine whether it was higher thant+ 3e¢. If
it was higher, this water pipe was considered to be a faulty water pipe;
otherwise, the water pipe was considered not faulty. In addition, we also
adopted temperature analysis methods when identifying leaking pipes
and pipes with falling off the insulation layer. Because the temperature

of the air-conditioning hot water and the temperature of pipe where the
insulation layer falls off are much higher than the surface temperature of
the pipe with insulation layer, we stipulate that the pipe leaks or the
insulation layer falls off when tm-t>4 °C, and the constant is determined
through several tests.

2.3.2. Pipe diameter analysis

The purpose of pipe diameter analysis is to identify pipes where the
insulation layer has fallen off. As shown in Fig. 6 (a), if the thermal
insulation layer of the hot water pipe falls off, the diameter of that
section of the pipe is smaller than that in the other sections. In this study,
the diameter of a horizontal pipe was defined as the sum of the pixel
values in each column. To analyze the diameter characteristics of a pipe
lacking a part of the insulation layer, Fig. 6 illustrates the binary images
and the pipe diameter difference curves of three horizontal pipes: a pipe
with a part of the insulation layer fallen off, a normal pipe, and a normal
T-shaped pipe. The pipe diameter difference graph depicts the rela-
tionship between the columns and the diameter difference between the
current column and the subsequent 60th column. As Fig. 6 (b) shows, the
pipe diameter difference of the normal pipe was small, with a maximum
of three pixels. However, for the other two pipes, the pipe diameter
difference varied significantly with the columns. Moreover, in contrast
to the pipe with a part of the insulation layer fallen off, the pipe diameter
of the T-shaped pipe increased at a certain section; therefore, the column
corresponding to the maximum diameter difference was greater than the
column corresponding to the minimum.

Hence, the method for pipe diameter analysis is as follows.

Step Obtain the maximum and minimum row values of the pipe area and
1 calculate the height of the water pipe area. If the height of the water pipe
area is equal to the image height, the pipe is vertical, and the image needs to
be rotated 90° counterclockwise.

Step Count the number of pixels with a pixel value of 1 in each column as the pipe
2 diameter.

Step Starting from the first column, calculate the diameter difference between
3 the columnjand the columnj + p.

(continued on next page)
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Fig. 6. Pipe diameter characteristics of different pipes: (a) the binary image of a pipe with a part of the insulation layer fallen off, (b) the binary image of a normal
pipe, (c) the binary image of a normal T-shaped pipe, (d) the pipe diameter difference curve of (a), (e) the pipe diameter difference curve of (b), and (f) the pipe

diameter difference curve of (c).

(continued) (continued)
Step Obtain the maximum diameter differenceD;,and its column m. Step Calculate the area of the filled area S and its maximum temperature t;. If S >
4 Obtain the minimum diameter differenceD,and its column n. 6 0 andt,, — t; < 0.1, the insulation layer is damaged; otherwise, the insulation
Step When Dy, > k, m < n, and ||Dm| — |Dn|| < a, the part of the thermal layer is not damaged.
5 insulation layer is missing; otherwise, the insulation layer does not fall off.

The values of p, k, and a are related to the thickness of the thermal
insulation layer and the size of the binary image. In this case, p is 60, k is
16, and a is 10.

2.3.3. Defect analysis

When the damage depth of the pipe insulation layer is shallow, the
temperature analysis may not be sufficient to detect the fault. Therefore,
in this study, defect analysis was conducted to determine whether there
was an abnormal high-temperature damage zone in the pipe area.

Edge detection methods have been widely used to detect defects of
pipes and ducts, and they have performed well [29,30]. In the defect
analysis, the edge detection method was used to extract the edges of the
internal defects of the water pipe and fill it to examine whether its area
was greater than 0 and its maximum temperature was close to the
maximum temperature of the water pipe area. The specific steps are
shown below.

Step The Canny algorithm [31] is used for the binary image of the water pipe to

1 extract the outer edge of the water pipe, and the dilation of the edge by a 20
x 20 structuring element is recorded as H.

Step Obtain the blue component I of the infrared image of the pipe, and use the
2 Canny method to extract edges I.

Step Calculate K = I — H, and Kis the inner edge of the pipe.
3

Step Calculate J = I; x K, processing J by Otsu’s method and connecting fracture
4 edges.

Step Fill holes formed by closed edges and subtract Kto obtain the filled area.
5

(continued on next column)

Fig. 7 shows the image-processing results of defect analysis. Fig. 7 (a)
and (b) are the binary image and infrared image of the pipe respectively
First, the Canny algorithm was used to extract the edges of the binary
image of the pipe and thicken the outer edges of the water pipe by
dilation, as shown in Fig. 7 (c) and (d).

Similar to the previous binarization processing, when extracting the
overall edge information of the pipe, the blue component of the pipe
infrared image was selected for processing, because the defect area
appeared approximately white in the infrared image, having larger blue
component values than other areas of the pipe. As shown in Fig. 7(e),
there were obvious differences in gray values between the defective part
and other areas.

By obtaining the edges of the blue component image based on the
Canny method and subtracting the outer edges, one can obtain the inner
edges of the pipe, as shown in Fig. 7(g). To remove more noise and
eliminate the edges of non-defective areas, a multiplication operation
was performed with the blue component image and the internal edge
image, and then the image binarization was conducted, as shown in
Fig. 7).

Unfortunately, the edges are not continuously connected. Therefore,
an edge connection algorithm was used to connect the edges, identifying
and connecting the endpoints that meet the distance requirements [32].
Finally, the closed edges were filled and the edges were subtracted to
obtain the binary image of the filled area, as in Fig. 7(1).

In the defect analysis, the index to determine whether there was a
defect in the insulation layer was the area and maximum temperature of
the filled area, where the area was the total number of pixels with a pixel
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(d (e)

(h)
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value of 1, and the maximum temperature was the average of the first
1% maximum temperature. If the area was greater than 0 and the
maximum temperature was close to the maximum temperature of the
water pipe area, the insulation layer was damaged; otherwise, the
insulation layer was considered sound.

In the defect analysis, the parameters were the results of various
experiments, which were determined according to the actual situation,
such as image size, pipe size, and defect size. In addition to the struc-
turing element used for dilation, in this study, the upper and lower
thresholds of the Canny algorithm were, respectively, 0.3 and 0.16, and
the distance set in the edge connection was 5 pixels.

2.3.4. Flow of fault diagnosis

Based on the above three analyses, a fault diagnosis process was
formulated, as shown in Fig. 8. The first step was to carry out a tem-
perature analysis to determine whether the pipe temperature was
abnormal; if it was, it is further determined whether the temperature
difference between the highest temperature and the average tempera-
ture is greater than 4 °C. When it is not greater than 4 °C, it is considered
that the water pipe maybe have an insulation damage failure; otherwise,
diameter analysis is conducted. When the diameter characteristics of the
pipe were consistent with those of the pipe with a part of the insulation
layer removed, the insulation layer was determined to be; otherwise, the
pipe was classified as leakage. For cases where the pipe temperature was
normal, if the defect analysis showed there was no high-temperature
damaged area in the infrared image, the pipe was considered normal;
otherwise, if further temperature analysis indicates the temperature
difference between the highest temperature and the average tempera-
ture is not greater than 4 °C, its insulation layer was considered

-\
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Fig. 7. Image-processing results of defect analysis:
(a) binary image of the pipe, (b) infrared image of the
pipe, (c) outer edge of water pipe, (d) dilation of (c),
(e) blue component of (b), (f) edges extracted from
(e), (g) the inner edge of the water pipe, (h) the edge
in the blue component image, (i) the binary image of
(h), (j) the edge connection result, (k) the filling
result, and (1) the filled area. (For interpretation of
the references to color in this figure legend, the
reader is referred to the Web version of this article.)

¥

@

)]
M

Failure free

Pipe leakage

Y
Insulation layer fall-off

Fig. 8. Flowchart of fault diagnostic.
damaged.
3. Results and analysis
3.1. Evaluation indicators

In this study, the classification performance was measured based on
the confusion matrix, which displays the classification results in rows
and the actual values in columns. The percentage of accuracy (ACC),
precision (P), recall (R), and F1 were selected as indicators to evaluate
the performance of the proposed algorithm for the experimental and
actual data. The relevant definitions are as follows [33].



H. Guan et al.

Tested
pipe
Water tank

Pump Valve

Fig. 9. Flowchart of fault diagnostic.

nrp + Ny
nrp + gy + Npp + Ny

ACC=

nrp

nrp + npp

nrp

nrp + npy

2x P xR
Fl="-"-"=
P-+R

Where nzp is the number of positive samples classified correctly, nry is
the number of negative samples classified correctly, ngp is the number of
positive samples classified incorrectly, and npy is the number of negative
samples classified incorrectly.

3.2. Experimental results

3.2.1. Test setup and experimental procedure

To obtain infrared images of normal and faulty hot water pipes, an
experimental platform was set up, consisting of a water tank, a water
pump, two valves, a thermometer, a pressure gauge, and pipelines, as
shown in Fig. 9. The size of the water tank was 500 x 500 x 300 mm
(length x width x height), and the diameter of the galvanized steel pipes
was 40 mm. Rubber foam was used as the thermal insulation material for
the heat preservation of the water tank and pipeline. The right pipe was
the tested pipe, whose two ends were screw-threaded connections,
which was convenient for disassembly to replace different types of pipes.
The experimental steps were as follows.

a. Prepare a normal or faulty pipe as the tested pipe and connect it to
the system.

b. Fill the water in the water tank to the standard water level and heat it
to 50-60 °C with an electric heater.

(a) ®)
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c. Turn on the water pump and start the system. After the system is
stable, acquire the infrared images of the tested pipe.

3.2.2. Experimental results

A total of 290 infrared images with a size of 320 x 240 were obtained
from the experiments: 64 images of healthy water pipes, 101 images of
pipes with a damaged thermal insulation layer, 43 images of pipes with a
part of the thermal insulation layer fallen off and 82 images of pipes with
leakage. The typical images of the four types of pipes are shown in
Fig. 10, demonstrating that the temperature distribution of the fault-free
water pipe was uniform. The infrared image of the faulty water pipe has
obvious temperature anomalies.

Table 2 summarizes the confusion matrix of the test results of the
algorithm applied to experimental data, whose diagonal is the number
of samples diagnosed correctly. The rest are the number of samples
diagnosed incorrectly. The table shows that three images of normal
pipes were classified as pipes with damaged insulation layers, three
images of pipes with damaged insulation layers that were diagnosed as
normal pipes, and one image of a pipe with a part of thermal insulation
layer fallen off was diagnosed as leakage. Most of the misclassification
occurs between normal pipes and pipes with damaged insulation layer.
As can be seen from Fig. 11 (a), the insulation layer of the pipeline is
slightly depressed (we consider the pipe is normal). And in Fig. 11 (b),
although the insulation layer damage occurred in this pipe, it was
wrongly classified as normal pipe due to the small scope of damage.
After comparison, it was found that the infrared image of slight sag and
slight damage of insulation layer is very similar, so it will cause
misclassification between them. No other reason of misclassification was
found. Fig. 11 (c) and (d) respectively show the infrared image of the
fallen-off insulation layer misclassified as leakage and an infrared image
of pipeline leakage. From the perspective of temperature distribution,
one side of the temperature distribution in both images has abnormally
high temperature. From the perspective of pipe diameter, there is a
phenomenon of pipe diameter reduction. That is to say, when insulation
falls off at the pipe joint or pipe diameter reduction, it may be mis-
classified as leakage. Therefore, only 7 of the 290 images were diag-
nosed incorrectly, and the proportion of correctly classified samples
accounted for 97.59% of the total samples, indicating that the algorithm
has a high accuracy.

Table 3 lists the performance indicators of the algorithm based on the

Table 2
Confusion matrix obtained from the evaluation of the algorithm using experi-
mental data.

Estimated Actual

Normal Damaged Fallen off Leakage
Normal 61 3 0 0
Damaged 3 98 0 0
Fall-off 0 0 42 0
Leakage 0 0 1 82

()

Fig. 10. Infrared images captured from the experiments: (a) infrared image of a healthy pipe, (b) infrared image of a pipe with a damaged thermal insulation layer,
(c) infrared image of a pipe with a part of the thermal insulation layer fallen off, and (d) infrared image of a pipe with leakage.
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Fig. 11. Images of misclassified pipes: (a) images of a normal pipe that is misclassified into a pipe with a damaged thermal insulation layer, (b) images of a pipe with
a damaged thermal insulation layer that is misclassified into a normal pipe, (c) the infrared image of the fallen-off insulation layer misclassified as leakage, (d) an

infrared image of pipeline leakage.

Table 3

Performance indicators of the algorithm evaluation using experimental data.
Class Accuracy (%) Precision (%) Recall (%) F1 (%)
Normal 97.93 95.31 95.31 95.31
Damaged 97.93 97.03 97.03 97.03
Fall-off 99.65 97.67 100.00 98.82
Leakage 99.66 100.00 98.80 99.40
Average 98.79 97.50 97.79 97.64

above-mentioned confusion matrix, including classification accuracy,
precision, sensitivity, and specificity for normal, damaged, fall-off
classes. The classification accuracies of the classifier for normal,
damaged, and fallen off, and leakage were, respectively, 97.93%,
97.93%, 99.65% and 99.66%. The average per-class accuracy, precision,
recall, and F1 were 98.79%, 97.50%, 97.79%, and 97.64%, respectively.
In practical applications, because of the waste of labor and time, people
are often worried that the normal pipes will be recognized as faulty
pipes. The accuracy rate of normal water pipes in Table 3 indicates that
the probability of such misjudgment is 2.07%. Therefore, under the
experimental conditions, the algorithm can accurately detect and isolate
insulation faults of water pipes with good performance.

3.3. Case study

In order to know if this method can be applied in practice, a typical
commercial building is selected for testing. In this study, images of hot
water pipes in the heating, ventilation, and air conditioning (HVAC)
plant room in this commercial building plant room were collected as
actual data to evaluate the performance of the developed algorithm.
Since it is difficult to collect images for the other two types of failure and
the time to capture images is limited, the infrared images and visual
images of a normal pipes and pipes with an obviously damaged insu-
lation layer collected in the plant room, as shown in Fig. 12. The plant
room had been used for a long time, and the thermal insulation layer was
damaged. The temperature of the damaged zone in the infrared image
was significantly higher than the temperature of the normal area of the
water pipe, making it more easily recognized than in the visual image.

Therefore, it is more reliable to use the infrared thermal-imaging tech-
nique for fault detection than the naked eye. In the field investigation of
the air-conditioning water system, the damage of the insulation layer
mostly occurred at the joints of pipelines, which relevant personnel or
machines should pay more attention to when performing an inspection.

Because there were no pipes with a part of thermal insulation layer
fallen off and leakage in the plant room of the New Jiangwan Cultural
Center, only the images of two types of pipes were collected. The actual
data consisted of 124 infrared images: 27 images of normal water pipes
and 97 images of pipes with a damaged thermal insulation layer.

Table 4 summarizes the confusion matrix as the test results of the
algorithm on actual data. Table 5 lists the performance indicators of the
algorithm based on the abovementioned confusion matrix, including
classification accuracy, precision, sensitivity, and specificity for normal
and damaged classes. For the actual data, 115 of the 124 images were
classified correctly, accounting for 92.74% of the total samples.
Compared with the experimental results, the diagnostic accuracy of the
algorithm in the actual building was relatively low, because the actual
infrared image was more complicated than the experimental infrared
image. As shown in Fig. 12 (c), the noise of the infrared images taken in
practical buildings includes not only the surrounding pipes but also the
lamps in the plant room. Because of this, the images of normal pipes in
practical buildings are often misjudged as faulty pipes. Therefore, when
collecting images, a suitable angle for taking pictures should be chosen
to avoid the effects of surrounding pipes and lights. Furthermore,
appropriate structuring elements should be used for the opening oper-
ation in image segmentation to remove the most noise.

4. Discussion

The method can be used with the infrared camera installed on the
intelligent inspection robot. It has a high accuracy in the diagnosis
process of experimental and actual buildings, but there are some notes
about the application of this algorithm:

1) The size of structural element depends on the size of the hole to be
filled in closing operation, and the size of the structural element
depends on the size of the noise in the infrared image in opening
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(b)

(d)

Fig. 12. Images captured in actual buildings: (a) the infrared image of a normal pipe, (b) the visual image of (a), (c) the infrared image of a pipe with a damaged

insulation layer, and (d) the visual image of (c).

Table 4

Confusion matrix obtained from the evaluation of the algorithm on actual data.
Estimated Actual

Normal Damaged

Normal 23 5
Damaged 4 92

Table 5

Performance indicators of the algorithm evaluation on experimental data.
Class Accuracy (%) Precision (%) Recall (%) F1 (%)
Normal 92.74 85.19 82.14 83.64
Damaged 92.74 94.85 95.83 95.34
Average 92.74 90.02 88.99 89.49

operation. If the size of the infrared image changes, adjusting the

relevant parameters for image processing in image segmentation,

pipe diameter analysis, and defect analysis is recommended.
2) The algorithm has certain requirements for the image, or it might
lead to misclassification. It is necessary to ensure that the hot water
pipe is a high-temperature region in the infrared image and to
minimize hotpots other than the water pipe, such as lamps, other
water pipes or other heat sources. Therefore, when collecting image
data, a suitable angle should be selected to avoid the influence of
surrounding pipes and lighting in the machine room as much as
possible.
If the infrared camera is installed on the inspection robot, it should
be taken into account when planning the inspection route to ensure
360° full picture of the water pipe. In addition, the damage of the
water pipe insulation layer mostly occurs at the joints of the water
pipes, where the inspectors should take more photographs when
performing regular inspection and maintenance. In our previous

3

~

10

study, intelligent inspection robot has been put into use to fulfil the
inspection task of the machine room. The composition of the robot is
shown in Fig. 13. It can carry out all-day and high-frequency in-
spection according to the specified path and the task positions
(Fig. 14 gives an example of the inspection route and task positions of
the inspection robot in a plant room). The reliable data obtained by
inspection robot can combine with the fault diagnosis algorithm to
ensure the normal operation of the plant room.

4) As for other faults, for example, pipe blockage, although it is not
within the scope of this paper, temperature abnormality can also be
detected in the temperature analysis. Even if it is misclassified as
leakage or damaged or fallen-off insulation, an alarm can be issued to
remind timely repair of the fault.

5. Conclusion

An automatic diagnosis algorithm based on infrared images was
proposed to detect pipeline failures are often ignored (i.e. damaged
insulation layer, the fallen-off thermal insulation layer and leakage)
using infrared thermal images including abnormal information.
Compared to previous methods, the new method has three advantages.
Firstly, the previous method (i.e. pressure-based approach) cannot
detect the small changes caused by insulation damage or tiny leakage.
That is to say, the previous method cannot detect the insulation damage
or tiny leakage. Secondly, the method in this paper will not be affect by
drift and other faults of sensors. Moreover, this method is easy to deploy
and to maintain. Another advantage is non-invasive when collecting
images, so it is available in existed building and don’t affect the oper-
ation of system. The diagnosis algorithm includes image segmentation
and fault diagnosis. Gray processing, binarization and mathematical
morphological methods were adopted in image segmentation to extract
the pipe area in the infrared image. Since the infrared images of these
are similar, three analyses are adopted to identify the differences and
develop classification rules. Temperature analysis is conducted to
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Main infrared camera

The camera has a 150 ° vertical movement
angle and a 360 ° rotation angle, which can be
adjusted with the robot angle to achieve fully
directional shooting.

Slam lidar

It is used for real-time map scanning and
construction, robot positioning and obstacle
detection. It is the main component to realize
the inspection function "
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Auxiliary camera
# It can take photos or videos from multiple
/| angles of lower position equipment

—» Automatic charging port

Fig. 13. Components of intelligent inspection robot.

Inanndn sl it

Mo
ELLILTTES

h&[t—_\-:?;_.;aii:,%:::—: SR e e e

k.
I

P

_I.I
-4

E I}
[
o SR

Fig. 14. The specific route and part of task positions of the inspection robot (In fact, there are more task points than are shown in the figure).

examine whether the temperature of the pipe is abnormal. Pipe diameter
analysis is applied to determine whether the thermal insulation layer has
fallen off. Defect analysis is used to detect the defects inside the pipe
area. In order to evaluate performance of the diagnosis method, accu-
racy, precision, recall and F1 score are adopted to evaluate the diagnosis
algorithm. The conclusion are as follows:

1) First of all, we set up the experimental platform, and collected the
infrared and visible images of these faults for all types of faults. The
results show the accuracy of the algorithm was 97%.

2) In order to test whether the algorithm can be applied in practice, a
typical commercial building is selected for testing. Due to time
constraints, we only collected infrared images of normal pipes and
pipes with damaged insulation layer, and the accuracy of the algo-
rithm is 93%. It can be said that the algorithm can be applied in
actual buildings.

3) On the whole, the algorithm was relatively robust, and it can be said
that the algorithm was relatively robust. And due to the advantages
of single data type, non-intrusive monitoring and convenient
deployment compared the data-based method, it can be applied in an
infrared camera installed on an inspection robot or in a machine
room.

6. Limitation and future work

Although the proposed algorithm can accurately identify three faults
of water pipes in an HVAC system, the severity of the fault has not been
evaluated, and further research on this is needed. Moreover, this method
cannot distinguish the insulation layer falling off at the pipe joint and
the reduction in pipe diameter. However, due to the low probability of
such misclassification, we ignore this shortcoming in our study. This will
be considered in future studies. It should be noticed that this study only
studies three common failures, some other faults using infrared images
collected by non-invasive devices, such as pipe blockage, cannot be
identified. More data (such as the changes of pressure or flowrate col-
lecting by invasive sensors) are needed to assist the method to diagnose
pipe blockage or other faults. Due to the viscosity of the fluid, temper-
ature, pipe size, there will be a pressure drop between the two positions
of pipe system. If there is no fault, the pressure drop should be normal.
While fault occurs, such as pipe blockage, the pressure drop will be
abnormally high. The combination of non-invasive and invasive method
for fault diagnosis is our future work. In addition, more tests in actual
building are needed to verify the reliability of the proposed method.
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