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SUMMARY 
 
Cable failures are disruptive, costly to repair and have a serious impact on customer confidence. 
Developing a reliable online condition monitoring prognostic indicator tool is of a great interest as it 
could predict and prevent upcoming failures in a power system network. This paper introduces a novel 
thermal prognostic indicator system for MV underground cable joints based on the machine learning 
Support Vector Regression (SVR) algorithm that predicts the likely temperature along the cable thirty 
minutes into the future and is able to detect temperature anomalies, which potentially can indicate 
upcoming failures.  
 
The above system was developed through an experiment in a distribution substation collaboratively with 
the Electricity Authority of Cyprus (EAC). Temperature condition monitoring units were installed on 
four underground cable joints within a 132kV/11kV substation in Cyprus. Real-time current loading 
data, weather conditions as well as surface temperature by the cable joints were used during the 
development of the online condition monitoring prognostic indicator tool. Following development, the 
reliability of the system was subsequently tested over a period of four years in the same substation. This 
paper presents the findings of the four year testing period of the developed tool installed on one of the 
investigated cable joints and explores the possibility of further implementation of the system into 
Industry 4.0 application.  
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1. INTRODUCTION 
 
Cables start to age the moment they are put into operation. The lifetime of an aging cable is affected by 
a combination of mechanical, thermal and electrical stresses as well as environmental conditions [1]. 
Higher ambient temperatures cause an increase in the temperature of the ground, which as a result will 
cause the soil to dry-out, potentially increasing the soil thermal resistivity. Drying out of soil, especially 
one rich in clay, will cause movement of the ground that may result in damage to the cable joints. When 
this occurs during periods of high cable loading there is a significant danger of the cable overheating 
which will cause mechanical insulation damage and consequently failure of the system [2]. High current 
cycling loads cause severe extension and contraction stresses to the connector of the conductors. If the 
connector used is not fully appropriate for the type of conductor, the connection between conductor and 
connector will loosen up. The high resistance of the joint and high currents produce significant amount 
of heat. This as a result leads to the creation of voids in insulation around the joint, which can weaken 
the insulation material and lead to failure of the joint [3]. 
 
This paper aims to present a reliable and robust online condition monitoring thermal prognostic indicator 
system which can reduce the risk of failures in a power system network. The abovementioned system 
has been installed in distribution substation in Cyprus and has been operational for the past four years. 
For research into condition monitoring of power cables, Cyprus represents an ideal system to study as 
it is an islanded network that sees heavy demand during the tourist season as well as being far smaller 
and less complex in design compared UK distribution networks. 
  
In addition to the above, Cyprus offers environmental conditions different to the UK (dry hot summers, 
mild winters). Hence, data collected in these conditions alongside the data collected in the UK, can be 
a key factor to investigate a lifetime of the cable in different environments and development of universal 
condition monitoring thermal prognostic indicator system effective in a variety of environments. 
 
The proposed online condition monitoring thermal prognostic indicator system was established using 
the Support Vector Regression (SVR) algorithm, which predicts the likely temperatures of cable joints 
30 minutes into the future. The monitored joints were chosen to be within the close proximity to the 
substation as, according to the literature and local experience they are the most critical, have the highest 
potential risk of failure and are easier to access. Real-time measurements (weather conditions, 
temperature of the cable joints, loading demand) taken close to underground cable joints were used to 
update the prognostic models. Anomalies of temperature measurements along the cable compared to 
predicted temperatures can indicate a possible degradation activity in the cable.  
 
The proposed system was able to identify hot-spots in one of the four monitored cable joints 
approximately one month prior to the significant temperature rise seen on the cable joint surface.  
 
This paper also presents how the future of cable systems can be transformed through the integration into 
Industry 4.0 application. Industry 4.0 is commonly referred to as the fourth industrial revolution and is 
the umbrella term used for interconnectivity, automation, machine learning and real-time data. Cloud-
based forecasting/prognostic models can be used across the transmission/distribution networks to 
monitor and predict the health state of critical cable joints in real-time. The ability to accurately monitor 
the real-time health of power network systems is the ultimate aim for distribution/transmission 
companies for tasks such as planning, asset management, identifying possible weaknesses of their 
networks and increasing their network reliability and customer confidence.   
 
2. ONLINE THERMAL PROGNOSTIC MONITORING SYSTEM BASED ON SUPPORT 

VECTOR REGRESSION ALGORITHM  
 
2.1 Support Vector Regression 
 
Support Vector Regression is a machine learning algorithm which uses a non-linear mapping to 
transform data into a high dimensional feature space where linear regression is performed [4]. SVR has 



3 
 

the advantage that it not only fits the training data in order to find a solution but also keep the highest 
possible degree of generality when new unseen data are introduced [5]. 

 The ε-SVR is used to predict the values by solving the following optimization problem [6]: 

minimize   
1
2

 ‖𝑤𝑤‖2 +  𝐶𝐶 �(𝜉𝜉𝑖𝑖 +  𝜉𝜉𝑖𝑖∗
𝑙𝑙

𝑖𝑖=1

 ) 

 

subject to    �
   𝑦𝑦𝑖𝑖 − 𝑤𝑤𝑇𝑇𝜑𝜑(𝑥𝑥𝑖𝑖)− 𝑏𝑏   ≤   𝜀𝜀 + 𝜉𝜉𝑖𝑖 
   𝑤𝑤𝑇𝑇𝜑𝜑(𝑥𝑥𝑖𝑖) − 𝑦𝑦𝑖𝑖 + 𝑏𝑏   ≤   𝜀𝜀 + 𝜉𝜉𝑖𝑖∗

𝜉𝜉𝑖𝑖  , 𝜉𝜉𝑖𝑖∗ ≥ 0
       (1) 

 
 
where  𝑥𝑥𝑖𝑖   is a feature vector of the input space with dimension N,  𝑦𝑦𝑖𝑖 is the output value to be estimated, 
b is a parameter of bias, w controls the smoothness of the model, φ(x) is a function used to map training 
samples 𝑥𝑥𝑖𝑖 to a higher dimensional feature space, penalty factor C controls the trade-off between 
complexity of the function and the frequency with which errors are allowed and 𝜉𝜉𝑖𝑖  and  𝜉𝜉𝑖𝑖∗ are slack 
variables which compute the error for overestimating and underestimating the true output value  𝑦𝑦𝑖𝑖. The 
parameter ε determines the maximum deviation from the target output value 𝑦𝑦𝑖𝑖. Figure 1 shows the 
situation graphically. 
 

 
Fig. 1 Parameters for the Support Vector Regression algorithm. 

 
This above optimization problem can be transformed into the dual problem, as mentioned in [7] and its 
solution is given by: 
 

𝑓𝑓(𝑥𝑥) = �(𝛼𝛼𝑖𝑖 −
𝑙𝑙

𝑖𝑖=1

𝛼𝛼𝑖𝑖∗)𝐾𝐾(𝑥𝑥𝑖𝑖 , 𝑥𝑥)          (2)   

 
where the dual variables 𝛼𝛼𝑖𝑖 and 𝛼𝛼𝑖𝑖∗ are subject to constrains 0 ≤ 𝛼𝛼𝑖𝑖  , 𝛼𝛼𝑖𝑖∗ ≤ C. The Kernel function 𝐾𝐾(𝑥𝑥𝑖𝑖 , 𝑥𝑥) 
is used to avoid the complicated calculations of the inner products of the mapped inputs in the feature 
space φ(x). 
 
For instance, if the selected Kernel is a Gaussian RBF function 𝐾𝐾(𝑥𝑥𝑖𝑖 , 𝑥𝑥) = 𝑒𝑒(−𝛾𝛾 ‖(𝑥𝑥𝑖𝑖−𝑥𝑥‖2 ) then the final 
answer of the f(x) can be seen as an approximation function of a sum of Gaussian RBF functions which 
have as there centre the Support Vectors. The parameter γ controls the width of the Gaussian RBF 
function while the parameter C which is related with the Lagrange multipliers α and α* controls the 
amplitude of it. The LIBSVM toolbox [8] in Matlab was used for the development of the thermal 
prognostic model. 
 



4 
 

2.2 Modification of SVR to Moving Window SVR 
 
The moving window strategy technique was implemented for the development of the data-driven 
prognostic models. Data collected within the first month of the installation of the system is not enough 
to develop generalised yearly predictive models due to the large variation of load and temperature 
profiles in the investigated cable joints. 
 
Hence, a moving window strategy of 56 days was chosen for the development of the system. During the 
development of the first model, from the 28 days of available data, part of it was used for data features 
and training. The last three days of the first 28 days were used to test the model and identify the tuning 
parameters C and γ. Subsequently the existing model stayed unchanged to predict the next 28 days of 
the unknown data. After that period of 28 days the unknown data was used as the new training and 
testing data for a new model. The previous training and testing data was not taken into the account but 
saved as historical data in a database for a development of a universal model over the time.  The 
graphical representation of the moving window strategy is shown in Figure 2.  
 
 
 
 
 
 
 

 
Fig. 2 Graphical representation of Moving Window - SVR approach. 

 
Implementation of the moving window strategy enabled the development of small and robust models 
that use the latest captured data and remove the previous data to ensure that newly developed models 
are up-to-date with the current dynamics.  

2.3 Thermal Anomaly Decision algorithm 

A Thermal Anomaly Decision Algorithm (TADA) has been developed and implemented for the thermal 
prognostic models. The suggested algorithm helps to bring more confidence in the reliability of the 
whole system. The proposed thermal prognostic condition monitoring system is shown in Figure 3. 
 
Real time measurements update the thermal prognostic algorithm where the output of it is checked real 
time by TADA. TADA is capable to identify whether an instantaneous difference between real 
temperature and predicted temperature is an actual upcoming failure alert due to the development of 
hot-spot or any other different scenario such as an emergency rating, power cut, heavy rain, model 
problem or sensor failure. 
 
 TADA is activated during the period of the unknown data. If TADA identifies a hot-spot, the model 
continues working unchanged in order not to use the hot-spot data in the development of the next model. 
In case of an emergency rating, power cut or a heavy rainfall the data during that period has to be 
excluded from the new training dataset. On the other hand, if TADA identifies a model problem then 
the model has to be retrained again with the last 28 days of data. In this way the system can continue to 
work robustly without any interference. 
 
Three alarm zones (Green, Orange and Red) are used to identify the severity of the hot-spot activity 
based on the temperature difference between the real and the predicted temperatures. The Green zone 
(low risk) identifies the formation of hot-spots with temperature difference magnitudes of up to 1 ̊C. The 
Orange zone (medium risk) identifies hot-spots with temperature difference magnitudes between 1 ̊C - 
2 ̊C. The Red zone (high risk) identifies hot-spots with temperature difference magnitudes between 2 C̊ 
- 3 ̊C and above. 
 

0           7            14          21    25  28          35      42    49    56 

Training 
 

Testing 
 

Unknown  
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The above mentioned strategy can be implemented into Industry 4.0 via cloud based computing 
solutions where real time data from various sensing devices is sent to more sophisticated machine 
learning forecasting prognostic models that are updated real-time. The embedded decision anomaly 
algorithms such as TADA can notify operators about any issues within the system enabling them to 
prioritise maintenance as well as to avoid any potential failures as shown in Figure 3.  
 

 
Fig. 3 Online thermal prognostic system for cable joints with extension for Industry 4.0.  

3. IMPLEMENTATION OF THERMAL PROGNOSTIC MONITORING SYSTEM ON 
CABLE JOINTS  

The installation of the system took place in a 132/11KV substation in Cyprus. Electricy Authority of 
Cyprus (EAC) identified and exposed four cable joints which represent the most common type of joints  
found in their network. Thermocouples (TCs) were installed across the length of the investigated joints 
and then were connected to dedicated condition monitoring units, one for each of the joints. Those units 
are continuously recording and sending real time the temperature readings data via internet connection 
to a dedicated server alongside with the cable loading and weather conditions data such as ambient 
temperature, solar radiation etc. The full experimental setup can be found in [9].      
 
This paper presents a case study of the developed models that have been monitoring continuously the 
health state of a straight transition joint (XPLE-PILC) for the duration of four years (1460 days). 
 
Analysis of the data, collected for the period of 1460 days, was performed and predictive models were 
implemented for the investigated cable joint. Data collected during the first 25 days of the experiment 
were used to develop a model that predicts the cable temperature for a period of the following 28 days. 
Thus, the first moving window length for Year 1 was 53 days. Afterwards, the 28 days of unknown data 
were used as the new training data for a new model. Hence, all the remaining moving windows after the 
first window had 56 days. Data from thermocouple T1, T2, T3, current loading of the Blue, Yellow and 
Red phase as well as the ambient temperature were used for the development of the model that predicts 
the temperature of thermocouple T6 30 minutes into the future. The positioning of the thermocouples 
on the cable joint is shown in Figure 4. The temperature measurements of T1, T2 and T3 as well current 
loading for the duration of the 1460 days is shown in in Figures 5 and 6 respectively. Due to some 
communication issues of the monitoring unit, the temperature data was not recorder from day 254 until 
266. There were no further data gathering interruptions from day 266. The Root Mean Square Error 
(RMSE) was used to check the performance of the models during the testing and unknown period. 

CLOUD 
Dashboard 
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Fig. 4 Layout of thermocouples attached on the surface of the cable joint  

 
Fig. 5 Current loading for the period of 1460 days 

 
Fig. 6 Temperature measurements for thermocouples T1, T2, T3 and T6 for the period of 1460 days 

 
3.1 Case study – Performance of predictive models in Year 1, 2, 3 and 4  
 
The performance of the first 53 days of the thermal prognostic model is shown in Figures 7 and 8. As it 
can be seen, the prediction error in the first moving window slowly started to deviate but there was no 
need to retrain the model as the prediction error was within the allowed error boundaries set by TADA. 
The over predictive performance of the model was due to the fact that there were not enough 
representative patterns of data during the training period which could give the model capability to 
perform well during the temperature increase of the cable from day 25 and onwards. 
 

  
Fig. 7 Comparison between predicted temperature 
on Testing Data (RMSE=2.12%) and Unknown 
Data (RMSE=12.04%) with the real temperature of 
TC T6. 

Fig. 8 Temperature prediction error for TC T6. 
 

The results of the model prediction for days 53 - 173 are shown in Figures 9 and 10. On day 94 of the 
experiment an emergency rating occurred, as it can been seen in Figure 5, resulting in an increase of 
surface temperature on the cable joint by 1 ̊C. From day 94 when the emergency rating happened until 
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the day 108 when the first hot-spots were identified, a period of 2 weeks passed. TADA was able to 
identify both the emergency rating and hot-spots as they fall outside the allowed upper limit boundary 
as shown in Figure 10. 
 
After the identification of the hot-spots the model was left to run unchanged. From day 108 and onwards 
the difference between real and predicted temperature started slowly increasing every day, reaching a 
temperature difference increase of more than 3 ̊C 12 days prior to the temperature spike on day 170. The 
temperature difference reached its highest point of 14 ̊C within 7 hours and the total duration of the 
abnormal spike lasted for 12 hours. It can be seen from Figure 6 that on day 170 the loading demand 
had suddenly increased. The reason behind the increased loading demand was a sand storm from the 
Sahara desert which struck Cyprus resulting in an increased usage of air conditioning by consumers.  
 

 
Fig. 9 Comparison between predicted temperature on Testing Data (RMSE=1.8%) and Unknown Data 

(RMSE=28.52%) with the real temperature of TC T6. 
 

 
Fig. 10 Temperature prediction error and alarm zones for TC T6 during Year 1. 

 
TADA alarm zone strategy, Figure 10, gave a better insight into understanding the current state of the 
investigated cable joint. From day 134, 36 days prior to the temperature spike, the temperature difference 
lay within the red zone indicating an increased risk of a potential failure. Despite the negative 
expectations, the joint did not fail after the huge temperature spike on the day 170. In contrast, as it can 
be seen from Figure 5 and 6, the temperature across the joint surface reduced as the load decreased. 
 
A new model was developed after the spike event, which excluded 9 days post the spike event. The 
model was retrained from day 182 with a moving window of 56 days. 
 
Based on the first year results of the prognostic system, it was observed that the highest risk for the 
formation of a hot-spot activity in the cable joint was during the summer months due to the high cyclic 
loading demand and high ambient temperatures. No hot-spot activity was found during the winter period.  
 
The same methodology as in Year 1 was applied to monitor the cable joint continuously over the 
remaining period of three years. This paper, however, focuses on the performance results during the 
summer periods only as hot-spot activity was subsequently found during the summer periods of Year 3 
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and Year 4. No hot-spot activity was identified during the summer period between days 462 – 574 of 
Year 2 as it can be seen in Figures 11-16. 
 

   
Fig. 11 Comparison between predicted 
temperature on Testing Data 
(RMSE=1.40%) and Unknown Data 
(RMSE=2.89%) with the real 
temperature of TC T6. 
 

Fig. 13 Comparison between predicted 
temperature on Testing Data 
(RMSE=5.85%) and Unknown Data 
(RMSE=6.45%) with the real 
temperature of TC T6. 

Fig. 15 Comparison between predicted 
temperature on Testing Data 
(RMSE=1.35%) and Unknown Data 
(RMSE=3.68%) with the real 
temperature of TC T6. 

   
Fig. 12 Temperature prediction error 
for TC T6.  

Fig. 14 Temperature prediction error 
for TC T6.  

Fig. 16 Temperature prediction error 
for TC T6.  

 
 
Hot-spot activity was identified again in the summer period of Year 3 between days 816 – 903, as it 
can be seen in Figure 17 and 18.  
 
After the identification of the hot-spot on day 816 the model was left to run unchanged. From day 821 
the difference between real and predicted temperature started to increase daily. It reached a temperature 
difference of more than 3 ̊C on day 823, 9 days prior to the temperature spike on day 832. The 
temperature difference reached its highest point of 15 ̊C within 3 hours and the abnormal event lasted 
for 6 hours. As it can be seen from Figure 5, the initiation of the temperature increase on day 816 could 
be related to the sudden load step change during those days. After the temperature spike on day 832, the 
temperature difference reduced and remained within the orange and green zones. The real temperature 
matched the predicted temperature during days 903 - 918 which proves that SVR was able to develop a 
generalised model based on the data collected during the training period. From day 918 TADA identified 
that the model started slightly to over predict the real temperature. However, as the temperature 
difference remained within the allowed 1 ̊C limit, the model could run until the end of the ongoing 
moving window. The new moving window was trained and tested from day 910 to 938 and then was 
left to run on the unknown data until day 966.  
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Fig. 17 Comparison between predicted temperature on Testing Data (RMSE=1.11%) and 

Unknown Data (RMSE=29.51%) with the real temperature of TC T6. 
 

 
Fig. 18 Temperature prediction error and alarm zones for TC T6 during Year 3. 

 
Hot-spot activity was identified again in the summer of Year 4 between days 1200 – 1303, as it is 
shown in Figure 19 and 20.  
 
On day 1200 the first hot-spot was identified and hence the model was left to run unchanged. From day 
1214 and onwards the difference between real and predicted temperature started increasing, reaching a 
temperature difference of more than 3 ̊C on day 1224, 26 days prior to the highest temperature on day 
1250. The temperature difference reached its highest point of around 5 ̊C within 2 hours and lasted for 
4 hours. Once again the temperature increase on day 1200 could have been triggered by the load step 
change. After day 1250 the temperature difference reduced to below 3 ̊C and remained within the red 
zone until day 1281.  From day 1281 temperature difference decreased further and remained in orange 
zone until day 1302 where the hot-spot disappeared.  The real temperature and predicted temperature 
eventually matched on day 1330 showing that the SVR was able to develop a generalised model. The 
new window was trained and tested from day 1302 to 1330 and then run on the unknown data until day 
1358.  

 
Fig. 19 Comparison between predicted temperature on Testing Data (RMSE=2.68%) and Unknown Data 

(RMSE=26.59%) with the real temperature of TC T6. 
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Fig. 20 Temperature prediction error and alarm zones for TC T6 during Year 4. 

 
From the results obtained over the period of four years, it was observed that the investigated cable joint 
has started to age and was subjected to an increased risk of failure, particularly during the summer 
periods, due to the hot-spot activity and abnormal temperatures spikes found on the cable joint surface.  
 
Despite the abnormal temperature anomalies found on the cable surface, the joint did not fail. One of 
the possible reasons for that could be explained by the self-healing behaviour of the mass impregnated 
cables. The TC T6 is located on the PILC section of the cable joint. The self-healing properties of mass 
impregnated cables have been previously reported in both experimental [10] and field [11] conditions. 
Partial discharge activity in micro-voids can initiate a degradation in the cable insulation. On some 
occasions PD activity can stop after the electric field in the micro-voids is neutralized due to the 
development of a carbonized path. While in some other cases as the temperature of the cable is rising, 
the viscosity of the mass impregnated oil inside the cable reduces and as a result it flows easier and 
closes the micro-voids. Hence, when the temperature is reduced the viscosity becomes again high and 
fills in the internal voids permanently.  
 
Self-healing phenomena in power connectors have been reported in [12] due to cyclic loads. Cyclic 
loads can alter the contact pressure within the interface of the connector and the conductor if the 
connector used is not fully appropriate. This could result in an increase or decrease of the connector 
resistance within the cable joint. For example, as the temperature increases the interface region between 
the connector and conductor will soften which will increase the contact area and decrease the connector 
resistance as well as the temperature. The above-mentioned self-healing mechanism could potentially 
explain the sudden decrease of temperature after the abnormal temperature spikes on day 170 of Year 1 
and day 832 of Year 3.  
 
Another mechanism that could have contributed to the hot-spots activity found by the thermal prognostic 
models on the cable surface could be related to the poor soil condition surrounding the cable joint. As 
the soil surrounding the cable dries out during the summer months in Cyprus due to high ambient 
temperatures, lack of rain as well as high loading demand, the thermal dissipation properties of the cable 
will be very poor. The dry soil acts as thermal barrier around the cable joint and causes the temperature 
of the joint to increase. In the extreme scenarios where the heat generation by the cable joint exceeds 
the heat dissipation to the surrounding soil it could lead to thermal breakdown. Thus, hot-spot activity 
identified by the prognostic models for Years 1, 3 and 4 could be related to the drying out of the soil 
surrounding the joint.  
 
The formation of a hot-spot activity could be caused by a combination of factors. Based on the performed 
analysis it can be concluded that the investigated cable joint has an increased risk of failure. The 
prolonged exposure to abnormal temperatures accelerates the thermal aging of the insulation material 
within the cable joint.  
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Conclusions 
 
The developed thermal prognostic system based on SVR algorithm has proven to be a reliable tool to 
continuously monitor and detect abnormal temperature behaviour on the cable joints. The system is able 
to identify hot-spot activity on the monitored cable joints at the initial stages of its formation. Over the 
four years of testing period in the field, it could identify the formation of the hot-spots prior to the 
significant temperature increase. The developed system also incorporates Thermal Anomaly Decision 
Algorithm (TADA), which is able to effectively determine the likelihood of the potential failure risk of 
the monitored joint through the established three alarm zone strategy. TADA is able to identify whether 
an instantaneous difference between real temperature and predicted temperature is an actual upcoming 
failure alert due to the development of hot-spots or any other different scenario such as an emergency 
rating. This could provide an asset owner with an early indication of an ongoing degradation activity 
within the cable joints giving enough time to investigate the issue, schedule and prioritise the necessary 
maintenance as well as plan accordingly the capital and operational expenditures.  
 
Implementation of the developed online thermal prognostic condition monitoring system propagates the 
future way of the condition monitoring of cable systems that can be integrated into Industry 4.0 cloud-
based forecasting/prognostic applications to monitor the health state of the assets within 
transmission/distribution networks. The ability to accurately monitor the real-time health of power 
network systems is the ultimate aim for distribution/transmission companies for tasks such as planning, 
asset management, identifying possible weaknesses of their networks and increasing their network 
reliability and customer confidence. 
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