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Abstract: Faults in electrical facilities may cause severe damages, such as the electrocution of
maintenance personnel, which could be fatal, or a power outage. To detect electrical faults safely,
electricians disconnect the power or use heavy equipment during the procedure, thereby interrupting
the power supply and wasting time and money. Therefore, detecting faults with remote approaches
has become important in the sustainable maintenance of electrical facilities. With technological
advances, methodologies for machine diagnostics have evolved from manual procedures to vibration-
based signal analysis. Although vibration-based prognostics have shown fine results, various
limitations remain, such as the necessity of direct contact, inability to detect heat deterioration,
contamination with noise signals, and high computation costs. For sustainable and reliable operation,
an infrared thermal (IRT) image detection method is proposed in this work. The IRT image technique
is used in various engineering fields for diagnosis because of its non-contact, safe, and highly reliable
heat detection technology. To explore the possibility of using the IRT image-based fault detection
approach, object detection algorithms (Faster R-CNN; Faster Region-based Convolutional Neural
Network, YOLOv3; You Only Look Once version 3) are trained using 16,843 IRT images from power
distribution facilities. A thermal camera expert from Korea Hydro & Nuclear Power Corporation
(KHNP) takes pictures of the facilities regarding various conditions, such as the background of the
image, surface status of the objects, and weather conditions. The detected objects are diagnosed
through a thermal intensity area analysis (TIAA). The faster R-CNN approach shows better accuracy,
with a 63.9% mean average precision (mAP) compared with a 49.4% mAP for YOLOv3. Hence, in
this study, the Faster R-CNN model is selected for remote fault detection in electrical facilities.

Keywords: sustainable maintenance; infrared thermal image; object detection; fault detection

1. Introduction

In electric power systems, minor cracks or loose connections between sockets deteri-
orate energy efficiency and generate unexpected heat in the system. A gradual increase
in the heat can melt circuits and sheaths, causing a fire [1]. Unexpected component faults
may cause failure of the entire system and casualties. From 2014 to 2018, the Korea Electric
Power Corporation (KEPCO) spent USD 1.2 billion on fault inspection, and this budget
has increased annually [2]. In the case of accidents related to electrical work, from 2000
to 2010, severe injuries and deaths accounted for 61.9% of all industrial injuries in Ko-
rea [3]. The KEPCO continues to increase transmission circuit and distribution, hereby the
budget for the maintenance of these facilities is also increasing [2]. Each year, USD 105
million (on average) was spent on maintenance during 2008 to 2017 in Korea [2]. More and
more resources are required each year and the rate of cost and resource consumption is
increasing rapidly. In order to maintain power systems sustainably, KEPCO developed a
reliability centered maintenance system. This technical note presents a safe and efficient
fault detection approach for expanding the system by using an infrared thermal (IRT) based
Convolutional Neural Network (CNN) model.
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Experts in machine maintenance have developed a variety of fault diagnosis methods
to manage the maintenance and reliability of electrical facilities in a sustainable manner [4,5].
Various signals have been analyzed for the fault diagnosis of mechanical facilities, including
vibration, electric current, and acoustic emission [6]. Among these signals, vibration-
based diagnostic methods are the most intensively studied because they can directly
represent the dynamic behavior of rotating machines [7–9]. However, vibration-based
diagnostic methods have many shortcomings and constraints, such as the necessity of
contact-type detection, inability to detect heat deterioration, contamination with noise
signals, and high computation costs [10,11]. Vibration signals include a large amount
of noise from many environmental factors, such as temperature and electromagnetic
inference [6]. To capture the correct frequency, classifying the noise and analyzing its cause
requires high computation costs, which may require super computers [12]. Although many
methods have been proposed to remove the noise from vibration signals, the noise may
include fault information, thereby degrading the fault diagnosis performance [11,13,14].

Recently, an infrared thermal (IRT) image-based diagnostic method has become an
alternative to vibration-based diagnosis for sustainable machine health monitoring sys-
tems. In the field of rotating machinery, IRT-based diagnostic methods have been applied
to detect faults in rotating machinery, considering temperature energy signals as useful
sources for pre-diagnostic analysis in mechanical facilities [15–17]. Lim et al. [18] pro-
posed a fault diagnosis method using IRT images along with the support vector machine
algorithm to identify machinery faults. Janssens et al. [19] developed an IRT-based fault
diagnosis method for machinery using a discrete wavelet transform, a feature selection
tool with classifiers. IRT technology is suitable for non-contact fault diagnosis by detecting
deterioration problems of power distribution facilities. The main parts of the facilities, such
as the current transformer, lightning arrestor, insulator, and cut-out switch, are electric
components that may generate irregular heat without mechanical vibrations. Therefore, an
IRT analysis has a vast range of applications, including fault diagnosis for electrical and
mechanical system maintenance. This note presents the capability of CNN model usage
in fault diagnosis approaches by detecting electric components and heat from 16,843 IR
images.

A thermal camera is used to measure invisible infrared energy. The camera detects
the relative strength of infrared energy emitted from an object. Infrared energy is part of a
spectrum with wavelengths long enough to be invisible to the human eye. The thermal
camera expresses the difference in infrared energy as different intensities in gray value scale
or color differences by a color pallet selection of the camera function. The commonly used
thermal cameras are designed to detect particular wavelength ranges: short-wave infrared,
medium-wave infrared, and long-wave infrared [20]. The FLIR T660 model (FLIR Systems,
Wilsonville, U.S.) used in this research detects long-wave infrared. In order to measure the
correct temperature values of the target, industrial level thermal cameras, such as FLIR
T660, have additional calibration functions that remove noise from radiation and weather
conditions (humidity, atmospheric temperature, etc.). A typical thermal camera cannot
measure accurate temperature values by providing only relative difference in intensity
of radiation energy [21]. In this research, the thermal camera expert from Korea Hydro
& Nuclear Power Corporation (KHNP) used FLIR T660, which has a variety of control
functions, for measuring the accurate temperature of targets.

To detect faults or monitor the system intelligently, deep learning algorithms are
required to search for and extract an object with the corresponding temperature across a
large number of IRT images. A deep learning algorithm allows the extraction of features
automatically, while most industries using IRT images manually search for faults with a
small number of datasets (Mahalanobis distance, relied algorithms, etc.) [22,23]. CNN is an
effective deep learning algorithm that automatically extracts the features of raw image data.
This algorithm can extract features directly from images, avoiding the loss of information
that may be important for diagnosing a machine [24].
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The methodology proposed in this note enables the detection of defective facilities
through IRT image analysis via deep learning object detection algorithms. To select a
proper CNN algorithm for detecting an object using temperature, this note compares
several image processing models that are widely used in the engineering field.

The rest of this research is organized as follows. In Section 2, the theoretical back-
ground of Faster Region-based Convolutional Neural Network (Faster R-CNN) and You
Only Look Once version 3 (YOLOv3) is reviewed. In Section 3, the steps of the proposed
intelligent fault-detection model are presented. In Section 4, the proposed method is used to
classify the types of power transmission facilities. Finally, Section 5 concludes the note. By
measuring the performance of the proposed model through experimentation, IRT images
and deep learning-based object detection models are verified to be effective diagnostic
methodologies for sustainable machine maintenance.

2. Background

A fully connected layer based neural network planes RGB image data in a single
dimension. The original coordinates from RGB image data are removed during the dimen-
sion transformation. The coordinates provide feature information of an object to the neural
network algorithm, hereby removing coordinates causes the algorithm to not recognize
the object.

However, CNN maintains the coordinates during the dimension transformation
process by using a filter which condenses the spatial information of the original image. The
filter transmits the condensed information to each dimension. Therefore, the algorithm is
able to extract the features from the input image by integrating information from the entire
dimensions—convolution layer process. The number and size of the filter determine the
number and size of the transformed dimensions, respectively. The user of CNN selects
the size of a filter as 3 × 3 or 5 × 5 (a rule of thumb in the field of CNN). For each point
on the image, a recognition score is calculated for feature extraction via filter convolution
operation. In order to clarify the feature, CNN integrates each convolutional layer into a
feature map.

In order to detect the object automatically, CNN based deep learning algorithms are
employed in this research. The object detection model employs CNN models in order
to indicate specific targets from the feature maps. The CNN used in object detection is
called “backbone CNN” or “shared CNN.” The object detection model learns feature maps
(output from the backbone CNN) by classifying each object and predicting the coordinates
of the objects with regression models.

2.1. Faster R-CNN

Currently, Faster R-CNN shows the best performance across multiple affiliate algo-
rithms of Fast R-CNN [25,26]. Fast R-CNN uses a selective search for generating regions of
interest (ROIs) from input images. The selective search shows high accuracy in candidate
area extraction, but it requires a lot of computational effort during the process. In the stage
of generating the ROI, Faster R-CNN provides a concurrent processing that is composed
of a region proposal network (RPN) and a CNN convolution map [27]. The RPN receives
the feature map of the CNN. The network operation is performed by the sliding window
method over these feature maps. At each window, it generates k anchors of different
shapes and sizes. Anchors are boundary boxes of given images that are composed of three
different shapes and sizes (k ≤ 9). For each anchor, RPN predicts two things. The first is
the probability that an anchor is an object, and the second is the bounding box coordinate.
The structure of Faster R-CNN is shown in Figure 1.

Faster R-CNN extracts ROI faster than the previous Fast R-CNN by replacing selective
search with RPN [28].
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Figure 1. Model flow of Faster Region-based Convolutional Neural Network (Faster R-CNN).

2.2. YOLOv3

YOLOv3 detects objects by exploring the feature with a single stage neural network.
However, the models presented in the previous Section 2.1 are dual stage neural networks,
hereby slower than YOLOv3. This object detection model employs a logistic classifier
as a multi-label classification to calculate the likeliness of the object having a specific
label [29]. For the classification loss, YOLOv3 uses the binary cross-entropy loss for each
label, instead of the general mean square error used in the previous versions (YOLOv1,
YOLOv2) [30,31]. YOLOv3 divides an input image into the grid and uses bounding box
prediction approaches to extract ROI. It associates the objectness score one to the anchor,
which overlaps a ground truth object more than other anchors. The model ignores the
anchors that overlap the ground truth object by more than a chosen threshold. Therefore,
this model assigns one anchor to each ground truth object. YOLOv3 predicts boxes at three
different scales and then extracts features from those scales. The prediction result of the
network is a 3-d tensor that encodes a bounding box, an objectness score, and prediction
over classes. This is why the tensor dimensions at the final step are different from those in
previous versions. Finally, YOLOv3 uses a new CNN feature extractor named Darknet-53.
It is a 53-layer CNN that uses a skip connection network inspired by ResNet. It also uses
3 × 3 and 1 × 1 convolutional layers. It has shown state-of-the-art accuracy, but with fewer
floating point operations and better speed than previous versions [28].

3. Methods

In this section, an intelligent fault detection system is proposed for diagnosing me-
chanical facilities via IRT images and deep learning-based object detection algorithms. This
system consists of three stages; Figure 2 is a schematic of the system.
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3.1. Data Collection and Preprocessing

In order to collect accurate temperature from objects by using a thermal camera, vari-
ous conditions such as the background of the image, surface status of the objects, weather
conditions, and thermocouple should be considered while acquiring IRT images [32]. In the
preprocessing stage, a labeling process is performed to train object detection models. The
label of an image includes an object’s bounding box coordinate information and the type
of object for each image. FLIR T660 provides the original image of the target and thermal
data of every pixel in the IR image also (Figure 3). In this experiment, RGB represented IR
images are employed to train the deep learning algorithm. Once the algorithm detects the
objects, then the methodology matches the thermal data to corresponding coordinates.
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3.2. Object Detection

In this study, Faster R-CNN and YOLOv3 were trained with the same IRT images and
compared. Algorithms in the R-CNN series have traditionally shown fine performance
in object detection, and the YOLO series models reduce detection time with simple and
efficient approaches [28]. The object detection model plays a key role in intelligent fault
detection systems. This study examines whether they are applicable as a methodology
for diagnosing mechanical facilities using IRT images. Similar to the existing model of
R-CNN series, Faster R-CNN initially processes the entire input image, later divides the
proposal and maintains regional proposals, finally pooling the ROI. In addition, it selects an
RPN to expedite the processing of proposals. YOLO initially divides the entire image and
processes it later using CNN. Furthermore, YOLO completely skips both sliding windows
and regional proposal steps and directly divides the input image into grids. It predicts
the object for each grid cell and identifies the location and size of the objects through the
bounding box. These two models were trained and compared using IRT images, and the
specific models are as follows [28].

3.2.1. Structure of Faster R-CNN

To process the input IRT image with Faster R-CNN, there are two stages that need to
be performed (Figure 4). The architecture of the Faster R-CNN detection pipeline is shown
in Figure 4. The input IRT image with a size of 640 (width) × 480 (height) × 3 (RGBs)
is first passed through the backbone CNN to obtain the feature map. A CNN applies
VGG-16 (very deep convolutional networks for large-scale image recognition), which is
easy to accumulate in layers. Faster R-CNN creates a computational advantage by sharing
the weights of the feature map from the backbone CNN with the RPN and Fast R-CNN
networks as the detector network [33]. The output features of the backbone CNN depend
on the stride of the backbone network. The VGG-16 network has a stride of 16; therefore,
the feature map is output with a size of 40 (width) × 30 (height) × 512 (dimension). The
RPN produces N region proposals (Figure 5). The region proposals pool features from
the backbone feature map: ROI pooling layer. This layer divides the features from the
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region proposal into sub-windows and performs a pooling operation in each of these sub-
windows. This brings out fixed-size output features of size N × 7 × 7 × 512, where N is the
number of region proposals. These output features are reflected in the fully connected layer
(FC layer), the classification layer (clf layer) with Softmax, and the bounding-box regression
layer (reg layer), respectively, in the Fast R-CNN network (Figure 4). The classification
layer with Softmax produces the probability values of each ROI belonging to categories.
The bounding-box regression layer output is used to set the coordinates of the bounding
box. The classification layer in the Fast R-CNN network has C units for each class in
the detection task. Each class has an individual regressor with four parameters, hereby
corresponding to C × 4 output units in the regression layer.
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Finally, the output of the Faster R-CNN is the four coordinates of the boxes and
the probability that the objects in that IRT image are of a particular class. In the overall
structure, the detector network and ROI pooling training are the same as in the previous
version of Fast R-CNN. The architecture of the Faster R-CNN detection pipeline is shown
in Figure 4.

3.2.2. Region Proposal Network (RPN)

An RPN takes a feature map as input and outputs a set of rectangular region proposals
and objectness scores. The architecture of the RPN is shown in Figure 5. In order to generate
region proposals, the RPN slides a network over the feature map output by the VGG-16.
This network is fully connected to a 3 × 3 spatial window of the input feature map. Each
sliding window is mapped to a lower-dimensional vector (512-d for VGG-16). This vector
is inserted into each box-regression layer and a classification layer, respectively. ReLUs
(Rectified Linear Unit) are applied to the output of the 3 × 3 convolutional layer. At each
sliding window, the network predicts k region proposals. Therefore, the box-regression
layer has 4k outputs encoding the coordinates of k boxes, and the classification layer has 2k
output scores on an object or not-object. The k proposals are parameterized connections to
k reference boxes, which are called anchors. Each anchor is centered at the sliding window.
The anchor is related to three scales (8, 16, 32) and three aspect ratios (0.5, 1.0, 2.0), hereby
resulting in k = 9. For a feature map of size W × H, the RPN predicts W × H × k anchors.
In this experiment, 40 × 30 × 9 anchors were created for each feature map. The 36 units in
the box-regression layer give an output of size 40 × 30 × 9 × 4 (Figure 5). This output is
used to give the four regression coefficients of each of the nine anchors for every point in
the backbone feature map of size 40 × 30. These regression coefficients are employed to
improve the coordinates of the anchors that include objects. The 18 units in the classification
layer give an output of size 40 × 30 × 9 × 2 (Figure 5). The output is used to predict the
probability that each point is in the backbone feature map.

In order to train the generation of region proposals, the RPN assigns each anchor a
binary class that represents whether it is an object or not-object. To assign an anchor a
positive label, the following conditions must be satisfied:

(i) The anchors with the highest IoU (Intersection-over-Union) overlap with a ground-
truth box.

(ii) An anchor that has an IoU overlap greater than 0.7 with any ground-truth box.

An anchor is labeled negative if its IoU with all the ground-truth boxes is less than
0.3. Anchors between 0.3 and 0.7 do not contribute to RPN training. On the basis of these
conditions, the RPN is trained to minimize the following loss function:

L({pi}, {ti}) =
1

Ncls
∑

i
Lcls(pi, p∗i ) +

λ

Nreg
∑

i
p∗i Lreg(ti, t∗i ) (1)

In this loss function, i is the index of an anchor. Table 1 presents the variables of the
loss function. The outputs of the classification layer and regression layer consist of {pi}
and {ti}, respectively. The terms ti and t∗i in the regression loss are calculated as:

tx = (x− xa)/wa, ty = (y− ya)/ha, tw = log(w/wa), th = log(h/ha),
t∗x = (x∗ − xa)/wa, t∗y = (y∗ − ya)/ha, t∗w = log(w∗/wa), t∗h = log(h∗/ha),

(2)

where x and y correspond to the two coordinates of the center of the box, and h and w
correspond to the height and width of the box, respectively. The variable x is for the
predicted box, and xa is for the anchor, for y, w, and h. This is the boundary box regression
process for the ground-truth box close to the anchor.
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Table 1. Variables and explanations in the RPN loss function.

Variable Explanation

pi Predicted probability of anchor i being an object
p∗.

l
Ground-truth label of whether anchor i is an object (1 or 0)

ti Vector representing the four parameterized coordinates of the predicted box
t∗i Vector representing the four coordinates of the ground-truth box

Ncls The batch size
Nreg The number of anchors
Lcls Classification log loss over two classes (object vs. not-object)
Lreg Regression loss

λ Balancing weight

3.2.3. Structure of YOLOv3

YOLOv3 consists of a backbone network (Darknet-53) and detection layers (YOLO
layers). The architecture of YOLOv3 is shown in Figure 6. Darknet-53 is primarily com-
posed of a series of convolutional layers with dimensions of 3 × 3 and 1 × 1, with a total of
53 layers. Each convolution layer is followed by a batch normalization layer and Leaky
ReLU. The network also adopts residual blocks as the basic components. Each residual
block (residual in Figure 6) consists of a 3 × 3 and 1 × 1 convolutional layer pair with a
shortcut connection for every layer. Finally, the IRT image is transformed into a feature
map with a size of 13 × 13.
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Figure 6. Architecture of You Only Look Once version 3 (YOLOv3).

In this note, the original IRT image is resized to a scale of 416 × 416 pixels with the
RGB colors. YOLOv3 adopts a multi-scale prediction similar to a feature pyramid network
(FPN); the initial output size of 416 × 416 downsizes to 208 × 208, then 104 × 104, until it
reaches 13 × 13 (Figure 6). In order to make predictions on a multiple-scale feature map,
YOLOv3 needs to acquire image features at different scales, which greatly improves the
detection of objects. The final three feature maps are formed by combining three feature
maps with sizes of 52 × 52, 26 × 26, and 13 × 13. The feature map is transmitted to the
three adjacent scales using up-sampling twice. As a result, each cell at each feature map
predicts three bounding boxes. For each bounding box, the YOLOv3 network predicts x, y
corresponding to the two coordinates of the center of the box, h and w corresponding to
the height and width of the box, respectively, and c and p representing the confidence and
category probabilities, respectively.



Sustainability 2021, 13, 557 9 of 15

3.2.4. Training of YOLOv3

YOLOv3 divides the input IRT image into S × S grids. This grid is responsible
for detecting the object. Each grid outputs B prediction bounding boxes, including the
coordinates of the center point, width, height, and prediction confidence. As described
in the previous Section 2.2, YOLOv3 combines anchors and multi-scale ideas to assign
multiple anchors to each scale feature map according to the height and width of the
anchors. The model calculates the IoU of anchors to each ground truth and assigns the
ground-truth to the feature map of the anchor. When performing box regression training,
backpropagation calculates the predicted anchor close to the ground-truth box. Since the
YOLOv3 network is an end-to-end network, the whole process applies a sum-square error
for the loss calculation. The loss function of YOLOv3 consists of coordinate error, IoU error,
and classification error. YOLOv3 is trained to minimize the following loss function:

Total loss =
S2

∑
i=0

CoordinateError + IoUError + Classi f icationError (3)

with the assumption that:

BCE(coordiates∗i , coordinatesi) = −[coordinates∗i log coordinatesi + (1− coordinates∗i ) log (1− coordinatesi)] (4)

SF(weighti, heighti) = 2− weighti ∗ heighti (5)

The BCE function is the binary cross-entropy loss function, which is employed to
calculate each coordinate error and classification error by allocating variables coordinates
(x, y) and confidence (c), respectively. The value calculated using the SF function is the
scaling factor. Assuming the above, each loss in YOLOv3 is as follows:

CoordinateError =
S2

∑
i=0

B
∑

j=0

{
Iobj
ij SF(wi, hi) ∗

[
BCE

(
x∗i , xi

)
+ BCE

(
y∗i , yi

)]}
+λcoord

S2

∑
i=0

B
∑

j=0

{
Iobj
ij SF(wi, hi) ∗

[(
w∗i − wi

)2
+
(
h∗i − hi

)2
]} (6)

IoUError =
S2

∑
i=0

B

∑
j=0

Iobj
ij BCE(c∗i , ci) + λnoobj

S2

∑
i=0

B

∑
j=0

Inoobj
ij BCE(c∗i , ci) (7)

Classi f icationError =
S2

∑
i=0

Iobj
i ∑

c∈classes
BCE(p∗i (c), pi(c)) (8)

where (x∗, y∗, w∗, h∗, c∗, p∗) represent the center coordinates, width, height, confidence,
and category probability of the ground-truth box, respectively. The variables without the
asterisk are predicted for the bounding box. The variable Iobj

i (Equation (8)) represents if

the object appears in cell i and Iobj
ij (Equations (6) and (7)) indicates that the jth bounding

box predictor in cell i is responsible for that prediction. Inoobj
ij (Equation (7)) represents that

there are no targets in this bounding box. In this experiment, λcoord is set to 0.5, thereby
indicating that the width and height errors are less effective than the errors of the center
coordinates (x, y) in Equation (6). The coordinate error is calculated only when the grid
predicts an object. In Equation (7), λnoobj in the IoU error is set to 0.5 to reduce the effect of
the weight of the grid that does not include objects. As a result, the YOLO layer on each
scale outputs N × N × [3 × (4 + 1 + C)], where N is the scale of the layer and C is the
number of classes. The three YOLO layers have N values of 32, 16, and 8, respectively.
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3.3. Thermal Intensity Area Analysis

In order to measure the temperatures of electrical facilities via IRT, the subject’s
emissivity needs to be identified. Errors may occur if the subject from the IRT image is
analyzed with the basic set up of thermal cameras (i.e., emissivity with 0.95). Since the
emissivity of the subject is the measure of its ability to radiate infrared energy, the value
of emissivity tends to vary from one material to another. Therefore, the methodology in
this note compensates each emissivity of the components (current transformer, lightning
arrestor, insulator, and cut-out switch) in IRT images with values (Table 2) from the previous
studies and experiments with KHNP [34,35]. The surface of the current transformer is
made of steel plates. The housing material of both lightning arrester and insulator is
made with polymeric rubbers. The emissivity of materials used in electrical facilities
is shown in Table 2 [34,35]. Since the surfaces of some components are oxidized, this
research employs different emissivity values for each oxidized material, respectively. The
components are also made up with different materials, hereby attaching T-type(omega)
thermocouple on the test subjects to calibrate temperature difference between the thermal
camera and direct surface temperature measurement. In order to calibrate the deviation of
temperature error, KHNP examined the temperature measurement with multiple materials
regarding the thermocouple. The thermocouple is compared with a small blackbody
measurement system.

Table 2. Emissivity values for electrical facilities [34,35].

Material Emissivity

Aluminum Weathered 0.83
Copper Polished 0.05
Copper Oxidized 0.78

Nickel 0.05
Polymeric rubber 0.96

Stainless Steel Polished 0.16
Stainless Steel Oxidized 0.85

Steel Polished 0.07
Steel Oxidized 0.79

A deep learning-based object detection model identifies the area that contains the
object from the IRT image. By employing the model, the electrical facility in the IRT
image is detected automatically for the fault detection process. In this technical note,
thermal intensity area analysis (TIAA) is presented to determine the defects in a facility
by analyzing specific areas. TIAA determines whether a facility has failed based on meta
information of IRT images, type of facility, and standard specifications of the International
Electrotechnical Commission (IEC) for the facility. The main purpose of TIAA is to provide
a warning about the potential risks in the facility by comparing detected temperatures
and the maximum temperatures of the facility, which can be obtained from the IEC or
manufacturers’ manuals. Therefore, it is difficult to diagnose the faults in detail. However,
examining each electrical facility requires many resources, such as time and manpower. The
manual process requires tools, electricians, and sometimes causes actual risks to humans.
The methodology presented in this note prevents these factors by detecting and analyzing
potential faults remotely and automatically (Algorithm 1).

Algorithm 1. Thermal Intensity Area Analysis (TIAA)

Input: Ti: Temperature of detecting facility i
Conditions (Emissivity Ei, Air temperature Ai, Relative humidity Hi, Thermocouple)
of facility i
Si: Standard temperature of facility i

Output: Alert with detecting facility’s conditions
1. If Ti > Si then
2. Alert TIAA System
3. Provide conditions (Ei, Ai, Hi) of facility i
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4. Experimental Results

The PC used to evaluate the performance of the system proposed in this technical
note is an Intel Core i7-7700HQ CPU (Santa Clara, CA, USA) with 16 GB of RAM and an
NVIDIA GeForce GTX 1070 GPU (Santa Clara, CA, USA). The development environment
was implemented using Python, Keras, and Tensorflow. The thermal camera used in the
experiment is a T660 model from FLIR.

4.1. Data Collection and Preprocessing

In this study, 16,843 IRT images with resolutions of 640 × 480 were collected to
verify the intelligent fault detection system. The IRT image data were collected in a single
snapshot under various environments and seasonal conditions. The IRT image data were
all composed of power transmission facilities, and there was a difference in backgrounds
caused by shadows and luminance differences over time during IRT image acquisition.
Since the reflective temperature from the surrounding of the component may influence
its actual temperature, the KHNP expert used the sky as a background for the images to
reduce the impact of the environment (i.e., trees, land, buildings, etc.). Four component
types, i.e., current transformer (CT), lightning arrestor (LA), insulator (INS), and cut-out
switch (COS), were selected as components causing failure resulting from deterioration in
power transmission facilities (Figure 7). Labeling the collected IRT images, a total of 93,315
objects were detected, with 2841 CTs, 11,439 LAs, 72,242 INSs, and 6793 COSs. The IRT
image data were separated into training sets and test sets at a ratio of 8:2.
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Figure 7. IRT images of Current Transformer (CT), Lightning Arrestor (LA), Insulator (INS), and Cut-Out Switch (COS).

4.2. Object Detection Model Training and Evaluation

Object detection models were trained using the collected power transmission IRT
images. The two models, Faster R-CNN and YOLOv3, were trained and verified with the
same IRT images. Examples of detection results for both models are shown in Figure 8.
Faster R-CNN recognizes the objects with identification probabilities and boxes as shown
in Figure 8a. For instance, the blue square with CT:94 (bottom right) in the second picture
of Figure 8a describes that the object in the box is 94% likely to be a current transformer
(CT: 94).

Frame per second (FPS) and mean average precision (mAP) were used to measure the
performance of the object detection models. It is difficult to compare performance with the
simple overarching values of precision and recall with trade-off relationships. Therefore,
the average precision (AP) was calculated for each class to evaluate the model. Most of
the performance of object detection and image classification models in computer vision
is evaluated by AP. If there are multiple classes of objects, the performance of the model
is evaluated by combining all APs per class and dividing them by the number of classes,
which is called mAP. In this study, the detection accuracy of each object detection model,
Faster R-CNN and YOLOv3, was compared using mAP.
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While mAP is used as an indicator of accuracy, FPS is an indicator of the image
processing speed of the models. Object detection models not only increase accuracy, but
also attempt to increase the speed to reach real-time [36]. Therefore, speed is a significant
indicator of the performance of the object detection model. FPS is usually used to indicate
how many images per second are processable when expressing the speed of a model.
Accuracy is easy to compare for each methodology, but speed depends on the size of the
image and hardware, so only relative comparisons are possible. In this experiment, two
models were trained using the same hardware and IRT image data. A table of performance
indicators for the models is shown in Table 3.

Table 3. Evaluation metrics for Faster R-CNN and YOLOv3.

Measure Faster R-CNN YOLOv3

Average precision (AP) of COS 70.4% 62.2%
AP of CT 55.7% 38.1%
AP of INS 68.2% 78.0%
AP of LA 61.2% 19.1%

Mean average precision (mAP) 63.9% 49.4%
Frame per second (FPS) 4 33

In this study, Faster R-CNN showed better performance with respect to AP than
YOLOv3, while the FPS for each model showed the opposite results. The methodology
proposed in this research focuses on accuracy rather than speed because that is its main
purpose. Because TIAA focuses on early fault detection, which may not instantly lead to
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urgent circumstances, image processing speed is a less important factor than precision.
Therefore, the Faster R-CNN is employed for TIAA. However, encouraging FPS without
losing precision advances the current model. This research is a pilot study for exploring
the possibility of using IRT image-based object detection models in the actual field.

4.3. Thermal Intensity Area Analysis

As described in Section 3, the IRT image and deep learning-based object detection
models were tested for applicability to diagnostic methods. The TIAA proposed in this
note presents meta information of IRT images and IEC standards as the basis for facility
diagnosis. In this experiment, IRT images were obtained using FLIR T660. TIAA shows the
following information from the processed IRT images of the facility: facility name, facility
type, IRT image file name, number of facilities within image, IEC standard for the facility,
maximum temperature, emissivity, air temperature, and relative humidity. An example of
the results of the TIAA is shown in Figure 9.
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5. Conclusions

In this technical note, an intelligent fault detection system using IRT images and a deep
learning-based object detection model is proposed for sustainable machine maintenance.
Currently, various faults from electrical facilities are diagnosed via vibration analysis.
Although vibration-based diagnostics show outstanding results, limitations still remain.
Some parts of the electrical facilities do not cause any vibration. However, these parts
may emit heat instead of vibrations because of their nature, i.e., pure electric components.
Vibration analysis requires direct contact with the facilities, while some parts are difficult
to attach to the system for various physical reasons. This traditional analysis also requires
huge computation power for the denoising process to extract signals from vibration data.
Because of its nature, detecting deterioration is almost impossible. Therefore, this study
proposes TIAA as an alternative or complementary methodology for diagnosing deteri-
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oration caused by irregular rotation (mechanical reasons) or irregular power (electrical
reasons). Acquiring IRT images of the facility is a remote process that allows measuring
the temperature of the facility and its surrounding conditions, such as humidity, air tem-
perature, and emissivity, thereby providing electricians with various datasets, other than
simple vibration data, in a safe manner. This technical note presents a safe and efficient
fault detection approach for maintaining power systems sustainably.

To extract objects from IRT images of a power transmission facility, each deep learning-
based object detection model (Faster R-CNN and YOLOv3) was trained with 16,843 IRT
images, which contained 93,315 objects (2841 CTs, 11,439 LAs, 72,242 INSs, and 6793 COSs).
The IRT image data were separated into training sets and test sets at a ratio of 8:2. The
results of the experiment for detecting four components of the power transmission facility
showed mAP values of 63.9% for Faster R-CNN and 49.4% for YOLOv3. Conversely,
YOLOv3 (FPS = 33) had a higher FPS value than the Faster R-CNN (FPS = 8), which
indicates that the image processing speed of YOLOv3 is faster than Faster R-CNN. Based
on the results, Faster R-CNN showed better performance with respect to AP than YOLO v3
did, while the FPS for each model showed the opposite results. Te methodology proposed
in this research focuses on accuracy, as TIAA is used for early fault detection for sustainable
operation, which may not lead to urgent issues. Therefore, Faster R-CNN was selected and
trained for TIAA. This research is a pilot study for analyzing the possibility of using IRT
image-based object detection models in the actual field; therefore, encouraging FPS without
losing precision advances the methodology proposed in this note. The facilities’ surface and
operating conditions may vary the emissivity. The correlation between oxidized surface
and the emissivity values of materials will be examined for further research. Each variation
of voltage and current may influence the emissivity of the facilities, respectively. In order
to improve the accuracy of TIAA, further studies with KHNP will explore the variation
trend analysis for each factor.
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