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ABSTRACT

This paper proposes a novel heat recovery steam generator (HRSG) early tube leak detection model which leverages a 
convolution neural network classifier by utilising transfer learning with ResNet50 architecture. The design goal of this 
model was to achieve high classification accuracy with a minimal amount of leakage data. The model is also intended to be 
user-friendly and require minimal hyperparameter tuning. The proposed neural network was trained on the drum-specific 
conductivity time series data of HRSGs encoded in the Gramian Angular Difference Field (GADF). The model yielded a 
validation accuracy of 96.64%, true-positive rate of 93.28% and precision of 100% in regard to the validation set. The study 
included experiments on the influence of different encoding algorithms, Markov Transition Field (MTF) and Recurrence Plot 
(RP), and architectures on the performance of the model. This paper further discusses the viability of adapting the design to 
other time series classification problems.
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to variances in the captured data and ignored. The last 
detection method is to observe the pattern of chemical 
dosing in HRSGs. The conductivity of boiler water in BPPS 
is regulated by trisodium phosphate dosing. Under normal 
operation, the specific conductivity of boiler water does not 
undergo drastic fluctuation. A leak in a boiler will invariably 
cause a loss of phosphate dosing and subsequently cause 
a fluctuation in specific conductivity. Observant operators 
may notice an increased frequency in boiler dosing and 
suspect a leak in the boiler. 

All the operational detection measures only provide 
circumstantial evidence that indicates a possible leak in 
a boiler, and an internal inspection inside the boiler is 
necessary to confirm an actual leak. In order to safely 
perform an internal inspection, operators must request a 
maintenance outage from the grid operators in order to shut 
down the unit and allow the interior to cool sufficiently 
such that personnel may enter the HRSG interior safely 
for leak detection. For the entire duration of the unit being 
shut down for inspection, the equivalent availability factor 
(EAF) will decrease and indirectly increase the operational 
cost of the unit (IEEE Standard Association, 2007). From a 
maintenance standpoint, early leak detection can potentially 
shorten the maintenance time. Allowing a boiler leak to 
develop also threatens the integrity of other surrounding 
equipment. The leaked water serves as a coolant to the 
surrounding metallic objects, e.g., support structures, boiler 
tubes in the vicinity and the HRSG casing. The cooling of 
these objects creates a temperature gradient on the surfaces 
and induces an undesirable strain on the material which can 
potentially damage or shorten its lifespan (Hu et al., 2019).

This poses a challenge for the operators of HRSGs 
since one must decide whether to risk performing an 
early but possibly futile internal inspection at the cost 

1. Introduction

The HRSG is a necessary component for combined 
cycle gas turbines (CCGTs) to generate steam for steam 
turbines. HRSGs are mechanically very similar to steam 
boilers in design. Dual pressure HRSGs like the ones 
studied in this paper are composed of low-pressure (LP) 
and high-pressure (HP) circuits. A steam drum may be 
present in the circuits, the main purpose of which is to 
separate wet steam from sub-critical boiler water. Boiler 
tubes in an HRSG absorb heat from gas turbine exhaust gas 
for transfer to boiler water. Leakage in a boiler tube will 
therefore adversely impact the efficiency of a CCGT.

Early detection for HRSG poses both operational and 
maintenance challenges. From an operation standpoint, 
it is difficult to detect tube leaks by sensor measurements 
alone. As part of the emission control regime, moisture 
sensors are installed at the chimney of the HRSGs in Black 
Point Power Station (BPPS) to provide data regarding 
the emission content. Operators of HRSGs may suspect 
a HRSG leakage if there is an increase in moisture in 
emission content, since the leaked water would enter the 
exhaust gas path and escape via the chimney. However, this 
method is rarely reliable if the moisture is low, and also the 
moisture content in the chimney is heavily influenced by 
the humidity of the atmosphere. A second method involves 
regular testing for the rate of water consumption in CCGTs. 
Operators regularly capture the water consumption data of 
CCGTs to monitor for any trends in abnormal consumption 
and perform corresponding corrective measures. The 
drawback of this method is that the trace amount of water 
from early boiler tube leakage will not severely impact the 
overall water consumption of the unit. A slight increase in 
water consumption due to tube leakage may be attributed 
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of decreasing the unit EAF or allow the leak to develop 
until the circumstantial evidence is convincing enough to 
justify the shutting down of the unit. This paper proposes 
an alternative detection tool to detect the onset of a tube 
leak which develops a characteristic time series pattern in 
the specific conductivity of drum water in order to aid this 
decision.

The development of a deep-learning classifier requires 
expertise in the devising of a neural network and domain 
knowledge to select appropriate data for training. The 
proposed model aims to maximise the user-friendliness of 
the model and minimise its engineering cost by eliminating 
the need to build a training neural network from scratch. 
Conventionally, a convolution neural network (CNN) or 
recurrent neural network (RNN) is used to classify a time 
series. Since boiler tube leaks are rare events in most plants, 
it is often impractical to gather enough tube leak records 
to train a deep CNN or RNN effectively from scratch. 
This motivated the use of encoding algorithms to convert 
times series data into images and train the classifier using 
a pretrained neural network such as ResNet50, in order 
to maximise the classification performance based on the 
minimal amount of failure data.

Similar previous pursuits to leverage machine learning 
for boiler leak detection have been impractical because 
of the use of data from simulated leak conditions in 
laboratory setups and the need for hyperparameter tuning 
or knowledge to design neural network architecture. This 
motivated a study to determine a machine learning solution 
to the boiler leak problem that can be easily deployed, by 
adopting transfer learning and pretrained networks, which 
are consistently accurate, through the use of data from real 
boiler leak occurrences.

2. Literature review

The research on the detection of early-stage boiler 
tube leakage can be categorised into sensor-driven and 
data-driven approaches. The prevalent methods proposed 
in the first category use acoustic sensors. Acoustic sensors 
are a traditional, non-contact solution that can be deployed 
at any location of a boiler. When a boiler tube ruptures, the 
quickly depressurised boiler water turns into a high-speed 
steam jet in the flue gas area that emits a loud noise that 
can be subsequently located by acoustic sensors, thereby 
locating the source of the leak. This solution has two main 
disadvantages. The first is that in areas of lower pressure, 
such as economisers and evaporators, or in boilers with a 
lower pressure rating, early-stage tube leaks do not create 
a loud enough noise to be detected by acoustic sensors. 
The other disadvantage is that the background noise in the 
operation area can confuse the acoustic sensors (Anujaa 
et al., 2020). After compensating for background noise by 
decreasing sensors’ sensitivity, their capability to detect 
early-stage tube leaks is also reduced.

The second category of research attempts to use 
various algorithms or spectral analysis (Wan et al., n.d.) 
to classify the time series data from sensors, e.g. acoustic 
sensors (Ramezani et al., 2020) and tube metal temperature 
sensors (Ismailet al., 2016). The methodology commonly 
involves a combination of statistical procedures to clean 
raw sensor data such as principal component analysis 
(PCA) and various variants of neural networks such as 
fully connected neural networks (FCNN) (Sohaib and 
Kim, 2019) and bidirectional LSTM models (Ramezani 
et al., 2020). There are several areas of improvements in 
these attempts which motivated this study. Firstly, most 
of the research is done on data generated from laboratory 
setups instead of real data (Shahul Hamid et al., 2013). 
This makes the trained model susceptible to signal noises 
that are common in practical environments. The proposed 
models can only demonstrate the capability of classifying 
time series data generated in controlled settings but not 
necessarily in an industrial area. Secondly, the research 
favours directly classifying time series data with FCNN and 
RNN. The design of FCNN and RNN requires specialised 
knowledge of the hyperparameters in optimisation 
algorithms, effect of different layers on the training outcome 
and appropriate selection of loss functions. The goal of the 
model proposed in this paper is to minimise the amount 
of fine-tuning such that the model is readily deployable in 
practical situations. Lastly, the previous research all trained 
their proposed neural networks on large datasets from 
scratch. Large-scale, balanced datasets with adequate failure 
examples are difficult to acquire since tube leaks are rare 
in most boilers. A neural network trained on an unbalanced 
dataset would make incorrect inferences from the data (Wei 
and Dunbrack, 2013) and mislead boiler operators.

3. Dataset

The proposed convolution neural network is trained 
and validated using time series data of the LP drum specific 
conductivity of the HRSGs in BPPS encoded using the 
Gramian Angular Difference Field. The LP drum specific 
conductivity readings are captured by the online chemistry 
monitoring system which actively and continuously 
samples the boiler water and analyses it in comparison to 
standard solutions. The dataset contains 1,280 days (1 July 
2017 to 1 January 2021) of the drum specific conductivity 
readings of eight CCGTs. The CCGT units the data of 
which was used in this study, belong to the same model. 
The time series data was labelled as ‘normal’ and ‘leak’, 
corresponding to the state of the HRSGs at the time when 
the data was captured. Both ‘normal’ and ‘leak’ class time 
series data was purposefully unaltered in order to retain 
the subtle impact on the time series patterns caused by 
the normal deterioration and routine operations (such as 
blowdown) of the HRSGs. This was to ensure that the 
model trained by the data can preserve its effectiveness 
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when deployed to classify real-time series patterns and 
prevent the model from misclassifying normal operation as 
tube leaks.

The number of images from the ‘leak’ class varied 
from 4.66% to 5.35% of all data, which is highly 
imbalanced. Neural networks trained by an imbalanced 
dataset yield misleadingly high accuracy by classifying all 
the images into the dominant class. For example, without 
proper treatment of the dataset, the neural network would 
be incentivised to classify all images as the ‘normal’ class. 
This is due to the neural network being trapped in a local 
minimum and is unable to escape as there are too few ‘leak’ 
images to learn from. The practical usefulness of the model 
would therefore be very low despite the high training and 
validation accuracy.

There are numerous techniques to circumvent 
imbalanced datasets, such as oversampling, undersampling 
and data augmentation (Kotsiantis et al., 2005). This paper 
adopts an undersampling strategy called weighted random 
sampling. The weighted random sampler first shuffles 

all images and assigns a weight given by the following 
formula:
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During the training, the sampler randomly picks 
training samples according to the weights of the class. 
Therefore, the dominant class is less likely to be fed into the 
network and the dataset can thus be balanced. 

4. Encoding Algorithms

4.1. Gramian Angular Field (GAF)

This study adopts the algorithm proposed by Wang 
and Oates (2015) to encode the time series with polar 
coordinates represented in a Gramian matrix. The algorithm 
of GAF first rescales the entire time series and converts all 
time series values into the interval [-1, 1], as necessitated 

Table 1. Image dataset under different encoding algorithms and settings.

Algorithm Variant Sample Window Time interval (min) Number of 'Normal' Images Number of 'Leak' Images Leak-to-normal Ratio

GAF

Difference

Daily

5 6994 333 4.76%
10 7004 336 4.80%
30 7146 341 4.77%
60 7146 341 4.77%

Weekly

5 951 47 4.94%
10 951 47 4.94%
30 951 47 4.94%
60 951 47 4.94%

Sum

Daily

5 7146 341 4.77%
10 7146 341 4.77%
30 7004 336 4.80%
60 6994 333 4.76%

Weekly

5 951 47 4.94%
10 951 47 4.94%
30 951 47 4.94%
60 951 47 4.94%

MTF

Daily

5 6444 341 5.29%
10 6444 341 5.29%
30 6337 336 5.30%
60 6314 333 5.27%

Weekly

5 878 47 5.35%
10 878 47 5.35%
30 884 47 5.32%
60 878 47 5.35%

RP

Cross

Daily

5 6994 341 4.88%
10 6994 341 4.88%
30 7004 336 4.80%
60 7146 333 4.66%

Weekly

5 951 47 4.94%
10 951 47 4.94%
30 951 47 4.94%
60 951 47 4.94%

Joint

Daily

5 6994 341 4.88%
10 6994 341 4.88%
30 7004 336 4.80%
60 7146 333 4.66%

Weekly

5 951 47 4.94%
10 951 47 4.94%
30 951 47 4.94%
60 951 47 4.94%
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by the next procedure, which plots the time series as a polar 
coordinate. The permutation of trigonometric sums and 
differences of each polar coordinate, which corresponds to 
one time series value, provides the final Gramian matrix. 
If the calculation uses trigonometric sums, it is a Gramian 
Angular Summation Field (GASF); otherwise it is a 
Gramian Angular Difference Field (GADF). 
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Figure 1. Encoded images from the GADF during (a) 
normal HRSG operation; and (b) leaking HRSG. Encoded 
images from the GASF during (c) normal HRSG operation; 
and (d) leaking HRSG.

In contrast to the traditional Cartesian approach of 
visualising the time series, which is helpful for human 
interpreters to gain insight into the time series data, the 
polar plot is less comprehensible by humans but is able 

to preserve the absolute temporal relation. This feature 
is essential in order to obtain distinctive and descriptive 
images to train the convolution neural network. Other 
boiler operation, such as continuous blowdown, may mimic 
the time series pattern of a boiler tube leak in a Cartesian 
representation, but not necessarily in a polar representation. 
The images generated by this algorithm, therefore, reduce 
the number of false positives in its detection and improve 
its robustness. Convolution neural networks require the 
images to be of the same dimensions for classification to 
be properly performed. Since the spatial relationship in the 
Gramian matrix relates to the temporal relationship of the 
time series data, the square shape of the images eliminates 
the need to use preparation techniques such as scaling and 
padding, which reduce the difficulty of using the model.

4.2. Markov Transition Field (MTF)

The encoding algorithm of transforming time series 
X into the MTF follows the treatment described by Wang 
and Oates (2015) by first determining the size of the image 
Q x Q, and selecting the quantile bins q to assign to each 
x in the time series X. The Markov transition matrix is 
constructed by counting the transitions between each q by 
the first-order Markov chain. The matrix is subsequently 
normalised such that wij = 1.

(a)
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Figure 2. Encoded images from the MTF during (a) normal HRSG operation; and (b) leaking 

HRSG 

The MTF describes the times series as a multi-span transition probability from one bin to 

another. The colour is assigned to the elements in the MTF by its magnitude in transition 

probability and the colours of the pixels reveal the temporal relationship between time 

series data. The selection of E directly influences the temporal resolution of the subsequent 

images. As the temporal resolution increases, the image size increases. As such, it would 

also increase the VRAM requirement if a GPU were deployed to train the neural network. 

Therefore, the MTF encoding algorithm provides users an additional control over the 

ensuing neural network by trading off training speed for additional temporal information in 

the images.  
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An RP is a two-dimensional plot of time against time on the same scale, where dots 

Figure 2. Encoded images from the MTF during (a) normal 
HRSG operation; and (b) leaking HRSG.

The MTF describes the times series as a multi-span 
transition probability from one bin to another. The colour 
is assigned to the elements in the MTF by its magnitude in 
transition probability and the colours of the pixels reveal 
the temporal relationship between time series data. The 
selection of Q directly influences the temporal resolution 
of the subsequent images. As the temporal resolution 
increases, the image size increases. As such, it would also 
increase the VRAM requirement if a GPU were deployed 
to train the neural network. Therefore, the MTF encoding 
algorithm provides users an additional control over the 
ensuing neural network by trading off training speed for 
additional temporal information in the images. 
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4.3. Recurrence Plot (RP)

The last encoding algorithm studied in this paper is the 
recurrence plot introduced by Eckmann et al. (1987) which 
visualises the periodicity of a time series through phase 
space. An RP is a two-dimensional plot of time against time 
on the same scale, where dots represent the recurrence of 
state at time i and a different time j. The recurrence plot can 
be described by the following equations:
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in another system.

(a)

H F CHOW 

represent the recurrence of state at time # and a different time I.  The recurrence plot can 

be described by the following equations: 

JK%3 = Θ9ε% − NA5OOO⃗ − Q6OOO⃗ NR, (5) 

SK%3 = Θ9ε7 − NA5OOO⃗ − A6OOO⃗ NR ⋅ Θ9ε8 − NQ5OOO⃗ − Q6OOO⃗ NR, (6) 

where Θ(x) is the Heaviside step function: 

Θ(x) = 	 V
1, A > 0
0, A ≤ 0

. (7) 

The RP of a time series can therefore be interpreted as the trajectory of the data re-visiting 

the same state at different time signatures. There are two variants of RP: cross recurrence 

plot, which accounts for all the times that a state of one system occurs simultaneously in 

another system, and joint recurrence plot, which accounts for all the times that a recurrence 

in one system occurs simultaneously in another system. 

(a) (b) 

  

(b)

H F CHOW 

represent the recurrence of state at time # and a different time I.  The recurrence plot can 

be described by the following equations: 

JK%3 = Θ9ε% − NA5OOO⃗ − Q6OOO⃗ NR, (5) 

SK%3 = Θ9ε7 − NA5OOO⃗ − A6OOO⃗ NR ⋅ Θ9ε8 − NQ5OOO⃗ − Q6OOO⃗ NR, (6) 

where Θ(x) is the Heaviside step function: 

Θ(x) = 	 V
1, A > 0
0, A ≤ 0

. (7) 

The RP of a time series can therefore be interpreted as the trajectory of the data re-visiting 

the same state at different time signatures. There are two variants of RP: cross recurrence 

plot, which accounts for all the times that a state of one system occurs simultaneously in 

another system, and joint recurrence plot, which accounts for all the times that a recurrence 

in one system occurs simultaneously in another system. 

(a) (b) 

  

(c)

H F CHOW 

(c) (d) 

  

Figure 3. Encoded images from Joint RP during (a) normal HRSG operation; and (b) leaking 

HRSG. Encoded images from Cross RP during (c) normal HRSG operation; and (d) leaking 

HRSG. 

RP inherently preserves the temporal relationship of the time series data and periodic 

patterns are visualised as checkerboard-like structures in the plot. Other time series 

behaviour such as drifts and rising trends drastically alter the appearance of the plots. The 

main advantage of recurrence plots is the distinctiveness of the plots under different time 

series patterns which assist the neural network to learn from the training example, since 

recurrence plots of a time series representing an early leaking boiler would be striking. 

However, the major downside of recurrence plots is that the generated figures are 

monochrome, which means that there is less information to be learnt by the neural network 

which leads to a higher risk of overfitting. 

5. Methodology 

(d)

H F CHOW 

(c) (d) 

  

Figure 3. Encoded images from Joint RP during (a) normal HRSG operation; and (b) leaking 

HRSG. Encoded images from Cross RP during (c) normal HRSG operation; and (d) leaking 

HRSG. 

RP inherently preserves the temporal relationship of the time series data and periodic 

patterns are visualised as checkerboard-like structures in the plot. Other time series 

behaviour such as drifts and rising trends drastically alter the appearance of the plots. The 

main advantage of recurrence plots is the distinctiveness of the plots under different time 

series patterns which assist the neural network to learn from the training example, since 

recurrence plots of a time series representing an early leaking boiler would be striking. 

However, the major downside of recurrence plots is that the generated figures are 

monochrome, which means that there is less information to be learnt by the neural network 

which leads to a higher risk of overfitting. 

5. Methodology 

Figure 3. Encoded images from Joint RP during (a) normal 
HRSG operation; and (b) leaking HRSG. Encoded images 
from Cross RP during (c) normal HRSG operation; and (d) 
leaking HRSG.

RP inherently preserves the temporal relationship of 
the time series data and periodic patterns are visualised as 
checkerboard-like structures in the plot. Other time series 
behaviour such as drifts and rising trends drastically alter the 
appearance of the plots. The main advantage of recurrence 
plots is the distinctiveness of the plots under different time 
series patterns which assist the neural network to learn from 
the training example, since recurrence plots of a time series 
representing an early leaking boiler would be striking. 
However, the major downside of recurrence plots is that the 
generated figures are monochrome, which means that there 
is less information to be learnt by the neural network which 
leads to a higher risk of overfitting.
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Figure 4. Graphical summary of the model training pipeline. 

The 1,280 days of time series data of drum water specific conductivity were encoded into 

images under different sampling windows (daily and weekly) and different time intervals (5, 

10, 30 and 60 minutes). For each variant of the encoding algorithm, a set of images were 

generated and trained with the same neural network such that the influence of the aspects 

of encoding time series data on the training outcome could be examined. In total, 40 image 

datasets were created containing 157,647 unique images in total. 

Collect raw time series data of boiler 
conductivity

Sample the raw data with a selected 
sampling interval and window 

Encode the sampled data with the 
selected encoding algorithm into 

images

Create a train-validation split of the 
images

Re-train the pretrained ResNet 50 
network with the train set and assess 

model accuracy with the validation set

Figure 4. Graphical summary of the model training 
pipeline.
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The 1,280 days of time series data of drum water 
specific conductivity were encoded into images under 
different sampling windows (daily and weekly) and 
different time intervals (5, 10, 30 and 60 minutes). For each 
variant of the encoding algorithm, a set of images were 
generated and trained with the same neural network such 
that the influence of the aspects of encoding time series 
data on the training outcome could be examined. In total, 
40 image datasets were created containing 157,647 unique 
images in total.

To balance the dataset before training, the ‘normal’ 
class images were randomly selected from the dataset and 
removed to attain a 1:1 ‘leak’ to ‘normal’ class ratio. This 
was done to prevent the neural network from assigning all 
images to the dominant class. For datasets with few ‘leak’ 
class images, such as the ones generated under a weekly 
sampling window, the class ratio was raised to 1:3 to bulk 
the dataset while implementing random weighted sampling 
during the training to weaken the effect of class imbalance 
in the dataset. 

This experiment was divided into two sections. The 
first one was an iterative experiment on the time series 
data encoding algorithms. Tests models were trained with 
ResNet50 architecture with 10 epochs. To isolate the 
effect of the encoding algorithm, the hyperparameters of 
the optimiser, the number of epochs and the ResNet50 
architecture were unchanged. The second part was an 
examination of the effect of the number of layers and 
effectiveness of transfer learning. The results from transfer 
learning models were compared with a simpler convolution 
neural network trained from scratch while the time series 
encoding algorithms were unchanged. 

Transfer learning is a technique popularised by 
deep learning practitioners to improve neural network 
performance at a target domain by transferring the 
knowledge acquired from a different but related domain 

(Zhuang et al., 2019). For computer vision problems, 
transfer learning of neural networks is achieved by pre-
training the neural networks on a large dataset such as 
ImageNet, the dataset used to pretrain the networks 
discussed in this study. The dataset originated from the 
ImageNet Large Scale Visual Recognition Challenge 
(ILSVRC) which contains 1,461,406 images from 1,000 
object classes (Russakovsky et al., 2015). After the 
pre-training, the network weights were frozen and the 
architecture was unchanged except for the last layer, which 
was replaced by a fully connected layer with two output 
neurons to accommodate for the binary classification task 
in this study.

The model utilised the architecture of ResNet50 as 
proposed by He et al. (2015). The ResNet is a family of 
deep convolutional neural networks that were designed 
to overcome the degradation problem encountered by 
numerous attempts at creating very deep convolution 
neural networks. Researchers found that image 
classification accuracy increases with network depth, i.e. 
more convolution layers. However, the early attempts at 
training deep convolution neural networks encountered the 
problem of vanishing or exploding gradients that prevented 
the networks from converging. The ResNet family 
implemented an innovative architecture called ‘shortcut 
connections’ to allow for identity mapping to circumvent 
the degradation problem.

The ResNet family of neural networks feature a 
largely similar design with different depths. Popular choices 
are 18, 34, 50, 101 and 152. Raising the number of layers 
will increase the classification accuracy at a cost of higher 
FLOPS, which will increase the training time. It was found 
during the experimentation that the increase in network 
depth did not justify the longer training time. ResNet50 was 
chosen as a compromise between computation cost and 
accuracy. 

Table 2. The neural network architectures of the ResNet family.
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Optimisation algorithms are an essential component 
in the training of a neural network to locate the global 
minima of network loss. Kingma et al. (2014) proposed 
Adam, which stands for adaptive momentum estimator, 
and it became a popular optimisation algorithm among 
deep learning practitioners due to its consistent empirical 
performance (Ruder, 2016).
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Table 6. Summary statistics of the validation accuracies and 
true positive rates of different sampling windows.

Validation accuracy True positive rate
Sampling window Daily Weekly Daily Weekly

Max accuracy 96.64% 97.22% 95.31% 100.00%
Mean 84.91% 86.93% 85.65% 92.59%
Mode 83.33% 88.89% 77.78% 88.89%

Standard deviation 6.28% 6.18% 7.05% 8.05%

6. Discussion

6.1. Effects of encoding algorithms on model accuracy

The performance of the models can be evaluated by 
their validation accuracy score, precision, the true positive 
rate and true negative rate. The model trained with images 
generated by the GADF under a daily sampling window 
and five-minute sampling frequency yields the best overall 
performance, scoring a 96.64% validation accuracy, 100% 
precision, 93.26% true positive rate and 100% true negative 
rate. 

Among the encoding algorithms, models trained 
by images generated by the GADF and MTF have a 
markedly higher maximum validation accuracy, and the 
GADF yields a higher mean validation accuracy and lower 

standard deviation. Models trained by images generated 
by RP yield poorer maximum validation accuracies which 
could be attributed to the monochrome images generated 
by RP, which have a lower information entropy given the 
same pixel counts than other algorithms which have RGB 
images. In terms of true-positive rates, models trained by 
GADF images yield better results in terms of maximum 
true-positive rates, standard deviation and mean.  

The models trained under a weekly sampling window 
have marginally better consistency in regard to validation 
accuracy, yielding a 0.0618 standard deviation compared 
to 0.0628 standard deviation from models trained under a 
daily sampling window. The weekly sampling window also 
yielded a slightly higher validation accuracy with mode 
as 88.99% against the models trained on a daily weekly 
sample which yielded a mode of 83.33%. The difference 
can be attributed to the fact that the images generated with 
more time series data points will be larger in dimension, 
thereby providing more information entropy per image 
for the neural networks to learn from. However, as shown 
in Table 3, some of the images using a weekly sampling 
window required scaling down to fit into the VRAM of 
the GPU used in this study. The weekly sampling window 
also decreased the number of ‘leak’ images generated with 
the same time series data, which means that to acquire an 
equivalent amount of ‘leak’ images, a larger time series 
dataset with more tube leak occurrences would be required. 
It could be impractical for some boilers to obtain a large 
amount of tube leak data since tube leaks are rare events 
under normal boiler operation.

The sampling intervals did not indicate a significant 
influence on the validation accuracy and true positive rates 
of the models. Using a sampling interval of five minutes 
yielded the highest pixel count for the generated images 
and therefore demanded the most VRAM out of all the 
sampling interval options. A higher pixel count could lead 
to a better training result as it increases the number of 
parameters in the model.

6.2. Effect of neural network architecture

The purpose of transfer learning with pretrained 
ResNet50 was to minimise the amount of labelled data 
necessary to acquire high classification accuracy while 
reducing the engineering time to construct a neural network. 
Acquiring an adequate amount of labelled data is difficult 
due to the rarity of boiler tube leaks and the construction of 
a deep convolution neural network from scratch requires 
resources and expertise that will discourage adoption by 
boiler operators. 

A simple convolution neural network was constructed 
and trained on the image datasets encoded by the GADF 
with a sampling interval of five minutes and daily sampling 
window for comparison with the ResNet50 architecture.
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Figure 5. The architecture of the simple CNN constructed to compare its performance with 

ResNet50. 
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Figure 6. The training and validation (a) accuracies; and (b) model losses of the simple CNN 

and ResNet50 in 50 epochs. 

From the plots of accuracies and losses above, both ResNet50 and the simple CNN had 

converged at around the 10th epoch. The upward trending accuracy plots and the 

downward trending loss plots indicate that the neural networks were learning as the epochs 

progressed. The simple CNN had converged on lower accuracies and higher losses, scoring a 

validation accuracy of 76.05% and validation loss of 0.5106. It was found that the 

Figure 5. The architecture of the simple CNN constructed 
to compare its performance with ResNet50.

From the plots of accuracies and losses above, both 
ResNet50 and the simple CNN had converged at around 
the 10th epoch. The upward trending accuracy plots and 
the downward trending loss plots indicate that the neural 
networks were learning as the epochs progressed. The 
simple CNN had converged on lower accuracies and 
higher losses, scoring a validation accuracy of 76.05% and 
validation loss of 0.5106. It was found that the performance 
of the neural network increased with the number of layers 
(or ‘network depth’) (Szegedy et al., 2014). However, 
upon reaching a certain depth, the network suffered from 
degradation (He et al., 2015). The residual blocks of the 
ResNet50 architecture circumvent the issues that come 
with degradation and transfer learning. Since the neural 
network is pretrained, it requires a relatively small amount 
of labelled data.
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Figure 6. The training and validation (a) accuracies; and 
(b) model losses of the simple CNN and ResNet50 in 50 
epochs.

6.3. Effect of the number of epochs

In order to minimise the training difficulty for practical 
deployment, the pretrained ResNet50 neural network was 

Table 4. Summary statistics of the validation accuracies and true positive rates of different encoding algorithms sampling 
intervals and sampling windows.

Validation accuracy True positive rate
Encoding algorithm GAF

MTF
RP GAF

MTF
RP

Difference Sum Cross Joint Difference Sum Cross Joint
Max accuracy 96.64% 90.63% 97.22% 91.67% 92.19% 100.00% 100.00% 100.00% 100.00% 100.00%

Mean 87.26% 83.98% 86.54% 85.65% 87.85% 91.80% 87.19% 91.07% 90.67% 90.63%
Mode 88.89% 83.33% 83.33% 77.78% 88.89% 88.24% 88.89% 100.00% 88.89% 88.89%

Standard deviation 6.72% 8.28% 7.55% 4.94% 2.63% 6.05% 11.18% 10.36% 7.52% 6.26%

Table 5. Summary statistics of the validation accuracies and true positive rates of different sampling intervals.

Validation accuracy True positive rate
Sampling interval (m) 5 10 30 60 5 10 30 60

Max accuracy 97.22% 94.44% 94.44% 94.44% 100.00% 100.00% 100.00% 100.00%
Mean 87.25% 87.12% 85.66% 84.99% 90.22% 94.22% 89.77% 86.88%
Mode 88.89% 83.33% 83.33% 88.89% 88.89% 100.00% 88.89% 96.30%

Standard deviation 8.53% 4.32% 5.58% 6.33% 4.76% 4.77% 7.27% 13.03%
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utilised instead of training the neural network from scratch 
using the encoded images. A pretrained convolution neural 
network such as ResNet50 can already detect abstract 
geometrical patterns, so the pretrained weights are activated 
by the patterns and features in the encoded images. This can 
reduce the number of epochs in the training for the model 
solution to converge. 

Using the images generated by the GADF with five-
minute interval and a daily sampling window, the model 
was trained with 10 epochs and 50 epochs to compare the 
effect of the number of epochs on the model performance. 
From Figure 6, both training and validation accuracies 
converged at around the 10th epoch and underwent no 
further improvement in the subsequent training epochs. 
Meanwhile, the training and validation losses also 
converged at around the 10th epoch. As such, the proposed 
model can be trained using 10 epochs only.

(a)
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Figure 7. Training and validation accuracies for (a) 10 epochs; and (b) 50 epochs. Training 

and validation losses for (c) 10 epochs; and (d) 50 epochs. 

Since there is no mathematical treatment to pre-determine the optimal number of epochs, 

it is recommended that practitioners should start with 10 epochs and observe whether the 

losses and accuracies converge, and then adjust the number of epochs accordingly.  

6.4. Deploying the model in a practical environment 

When selecting a model from the candidates to deploy, it is important to maximise the 

precision of the predictions. A high-precision model means a low false positive rate, which 
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Figure 7. Training and validation accuracies for (a) 10 
epochs; and (b) 50 epochs. Training and validation losses 
for (c) 10 epochs; and (d) 50 epochs.

Since there is no mathematical treatment to pre-
determine the optimal number of epochs, it is recommended 
that practitioners should start with 10 epochs and observe 
whether the losses and accuracies converge, and then adjust 
the number of epochs accordingly. 

6.4. Deploying the model in a practical environment

When selecting a model from the candidates to deploy, 
it is important to maximise the precision of the predictions. 
A high-precision model means a low false positive rate, 
which would significantly improve operators’ confidence in 
identifying a leak when the model detects a positive leak in 
the time series data. The model had a true positive rate of 
93.28%; assuming that a model attains a 1% false positive 
rate, and the probability of tube leak occurrence is 0.1%, by 
Bayes’ theorem:
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would significantly improve operators’ confidence in identifying a leak when the model 

detects a positive leak in the time series data. The model had a true positive rate of 93.28%; 

assuming that a model attains a 1% false positive rate, and the probability of tube leak 

occurrence is 0.1%, by Bayes’ theorem: 

!"($%&'	|	!*+,-,.%) 	= 	 !"(!$%&'&()	|	,)-.)	!"(,)-.)!"(!$%&'&()) , (13) 

where  

!"(!*+,-,.%) 	= 	!"(!*+,-,.%	|	$%&')	!"($%&') 	+ !"(!*+,-,.%	|	2*"3&4)	!"(2*"3&4). (14) 

Therefore, !"($%&'	|	!*+,-,.%) would be 8.54%, given the assumptions. In other words, 

out of 100 positive identifications by the model, only around eight would be tube leaks. This 

phenomenon is due to the fact that tube leaks are rare occurrences and therefore most 

positive identifications are false positives. By halving the false positive rate to 0.5%, the 

!"($%&'	|	!*+,-,.%) would increase to 15.4%. This incentivises choosing a model with the 

lowest false positive rate. 

6.5. Feasibility to adapt the model to other problems 

The design of the proposed model is not restricted to HRSG tube leak problems. The goal of 

the design is to encode distinctive time series patterns into images so that a pretrained 

neural network may learn to accurately classify time series data with minimal effort in 

neural network construction, computation cost in training, data collection and labelling. 

Operators of other boiler types may adapt the proposed model according to their 

equipment, if there is an adequate amount of failure data. Operators can achieve this by 

gathering and labelling time series data during which the boiler suffered damage or failure, 

followed by encoding the time series data and splitting the images into training and 

 ,� (13)

where 
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 .� (14)

Therefore, Pr(Leak | Positive) would be 8.54%, 
given the assumptions. In other words, out of 100 positive 
identifications by the model, only around eight would be 
tube leaks. This phenomenon is due to the fact that tube 
leaks are rare occurrences and therefore most positive 
identifications are false positives. By halving the false 
positive rate to 0.5%, the Pr(Leak | Positive) would increase 
to 15.4%. This incentivises choosing a model with the 
lowest false positive rate.

6.5. Feasibility to adapt the model to other problems

The design of the proposed model is not restricted 
to HRSG tube leak problems. The goal of the design is to 
encode distinctive time series patterns into images so that a 
pretrained neural network may learn to accurately classify 
time series data with minimal effort in neural network 
construction, computation cost in training, data collection 
and labelling. Operators of other boiler types may adapt the 
proposed model according to their equipment, if there is an 
adequate amount of failure data. Operators can achieve this 
by gathering and labelling time series data during which the 
boiler suffered damage or failure, followed by encoding the 
time series data and splitting the images into training and 
validation sets. Operators are encouraged to experiment 
with different encoding algorithms under different sampling 
intervals and windows to optimise the model for the best 
classification results. To maximise the robustness of the 
subsequent model, it is crucial to include time series data 
that reflects normal and typical operation as the ‘normal’ 
set. As such, the neural network would be able to learn the 
effect of general wear and tear on the time series pattern. 
Tampering with the ‘normal’ set may yield a high accuracy 
in training but low accuracy when deployed. In principle, 
the proposed model should also be able to be applied to 
conditional monitoring of equipment unrelated to boilers as 
well, so long as there are enough records of the occurrence 
of the incidents which cause a certain distinctive time series 
pattern to emerge.

7. Conclusion

This study aims to propose a model for early tube 
leak detection in HRSGs based on transfer learning, and 
describes its design and capability. The model offers several 
improvements for tube leak detection based on neural 
networks as proposed in the past. The model proposed in 
this study was trained on real operational data and tube 
leak history. The use of transfer learning with pretrained 
ResNet50 architecture significantly reduced the engineering 
time and computation cost due to training the neural 
network. In the experimentations, it was found that the 
encoding algorithm setting, i.e. encoding algorithm variants, 
and data sampling interval and window, had a considerable 
impact on the final performance of the model. A simple 
CNN was also constructed for comparison to validate the 
use of ResNet50 architecture. Boiler operators and deep 
learning practitioners are encouraged to adopt the proposed 
design for other time series classification problems for 
enhanced classification accuracy with minimal engineering 
efforts.
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