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Abstract— Low voltage transformers are the most important 
and expensive assets in a power distribution system. The life time 
of a mineral-oil-immersed transformer is decreased by raising 
the Hottest Spot Temperature (HST) in peak hours. This paper 
assesses the effect of load shaping through households’ appliances
scheduling on lifetime of a distribution transformer. An IEEE 
standard transformer is used to estimate transformer aging. This 
paper provides Demand Response (DR) optimization models to 
mitigate the thermal stress of transformers caused by 
overloading. Three smart home management strategies based on 
DR are compared and evaluated; In the first scenario smart 
home management is based on preference of customers, then real 
time pricing is taken into account , and finally the Loss of Life 
(LOL) of transformers are considered as an objective. To 
validate the three management approaches, realistic data for 
household load curves and device parameters are employed. Case 
studies and results reveal the significant impact of appliances’ 
scheduling strategies on the expected lifetime of distribution 
transformers.

Index Terms—Transformer, demand response, hottest spot 
temperature, smart home management, customer comfort, aging

I. INTRODUCTION

Asset management is a combination of management and 
financial actions in order to provide the required level of 
service with the most cost effective method which is applied to 
assets[1]. Management for physical assets can be clustered into 
three groups[2]: (1) Equipment (evaluating the lifetime of 
equipment) , (2) Process (maintenance management), and (3) 
Strategic (providing the short and long term policies of 
utilities). Due to the significant number of distribution network 
equipment compared to that of transmission and generation
network, asset management in distribution system is much 
more important and critical.

Transformers are generally the most costly assets in a 
distribution system and play eminent role in reliability of 
customers [3]. Aging or deterioration of a transformer is a time 
function of temperature, moisture, and oxygen content. 
Operators have traditionally been leveraging temperature as 
the only controllable factor in transformer management [4].
Overloading puts higher thermal stress on distribution 
transformers [5]. By online monitoring and limiting the loading 
of transformers up to their dynamic thermal rating (DTR) 
temperature of transformer can be kept within the allowed 
range [6]. Advanced metering infrastructure (AMI) provides 

utilities with a bi-directional communication system to 
continuously measure the loading of transformers and send the 
control signal to smart homes in order to modify their
consumption behavior[7].

Smart Home Management System (SHMS) enables homes 
to monitor and control smart devices through a communication 
infrastructure. [8, 9]. This system brings remarkable benefits 
for consumers and utilities such as reducing electricity bill,
empowering consumer to participate in load shaping programs 
and improving the utilization of assets.

Research on presenting an optimal scheduling method for 
home appliances has gained momentum. In [10], a decision-
support tool for smart homes was proposed to minimize
electricity bill. In [11], game-theoretic analysis is applied to
home appliances scheduling problem to decrease peak-to-
average ratio in consumption pattern. In [12] a novel method is 
evaluated to minimize the householder’s electricity bill without 
considering the preference of customers. To schedule 
thermostatically controlled loads, in [12] appliance commitment 
algorithm is presented based on price and load forecasts. In these 
studies, asset utilization factor has not been considered as an 
objective. 
Significant load growth in recent years requires distribution 
transformers to be upgraded. According to the high capital 
cost of these assets, utilities are willing to increase the 
utilization of transformers and postpone the reinforcement. DR 
as a strategic solution can modify the loading of distribution 
transformers by peak shaving and load shifting. 

Demand response is defined as “changes in electric usage 
by demand-side resources from their normal consumption 
patterns in response to changes in the price of electricity over 
time, or to incentive payments designed to induce lower 
electricity use at times of high wholesale market prices or when 
system reliability is jeopardized” [13]. In the literature, various 
approaches for improving the aging of transformers by 
implementing DR programs have been studied. Impact of 
Electrical Vehicle (EV) charging management along with load 
shifting on aging of transformers was investigated in [14]. In 
[15] impact of charging electrical vehicle on residential
transformer is evaluated. Load shaping as a solution was 
proposed to improve the usage of transformers. A demand 
response optimization model based on HST of transformer is 
solved in [3]. The electricity price was not considered in 
scheduling the appliances. In [16] transferring load to neighbor 
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substations and load curtailment are applied to limit the load on 
transformers.

There is a lack of studies on assessing the effect of 
scheduling the home appliances with considering customer 
comfort, Real Time Pricing (RTP) and aging of transformers. 
Recognizing what has been missing in the literature, this paper 
aims to figure this out by presenting load shaping as a DR
strategy assisted by a SHMS to decline the transformer
overloading problems with regard to customer preferences and 
electricity bill.

The rest of this paper is organized as follows: Section II 
explains thermal model of transformer and SHMS elements. 
Section III provides a determination of three strategies for 
scheduling the smart home appliances. Section IV provides 
numerical studies and discussions on different strategies. 
Conclusion of this paper is given in Section VI.

II. SIMULATION SETUP

In this section, LOL of transformers and elements of DR
are explained.

A. Transformer Thermal Model
According to IEEE Guide for Loading Mineral-Oil-

Immersed Transformers and Step-Voltage Regulators [4], the 
HST of transformer is calculated as follows. The effect of a 
variable ambient temperature is also considered.
The transformer winding HST ( ) can be estimated by Eq. 1.
It consists of three components: (1) ambient temperature ( A); 
(2) top-oil rise over ambient temperature ( ); and (3) 
winding hottest-spot rise over top-oil temperature ( ). All 
of the temperatures are in °C.

H A TO H                             (1)
The top-oil rise and HST rise are given by the following:

, , ,( )(1 exp )TO
t

TO TO U TO i TO i (2)

, , ,( )(1 exp )w
t

H H U H i H i (3)
where, TO,U and TO,i are ultimate and initial top-oil rise 
over ambient temperature, TO is oil time constant, H,U and 

H,i are ultimate and initial hottest-spot rise over top-oil 
temperature, and w is the winding time  constant. For the 
multi-step load cycle analysis with a series of short-time 
intervals, Eq. 2 is used for each load step, and the top-oil rise 
calculated for the end of the previous load step is used as the 
initial top-oil rise for the next load step calculation. H is 
transient winding hottest-spot temperature rise over top-oil 
temperature.
The ultimate top-oil rise and ultimate hottest-spot rise can be 

calculated by the following formulas:
n
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where TO,R and H,R , are top-oil rise and hottest-spot at 
rated load, respectively; KV is the ratio of ultimate to rated 
load; R is the load loss ratio; m and n are empirically derived 

exponent used to calculate the variation of H with changes 
in load and the variation of TO with changes in load,
respectively. These factors depend on the type of cooling of 
the transformer. Equation 4 is used to calculate the ultimate oil 
rise for each load step.

B. Transformers Lifetime Expectation
The word “life” is used in this paper, which means calculated 
insulation life, not actual transformer life [4]. Aging 
acceleration factor (FAA) is the rate at which transformer 
insulation aging is accelerated compared with the aging rate at 
a reference HST. The formula for calculating FAA is given 
below.

1500 1500
exp

383 273AA
H

F (6)

The equivalent aging factor (FEQA) for the total time period can 
be calculated, where r is the index of time interval, N is the 
total number of time intervals, and FAA,r is the aging 
acceleration factor for tr.
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The percent loss of life (LOL) of the transformer for hours of 
operation can be obtained by Eq. 8. Normal insulation life of 
the transformer is 180000 hours (20.55 yr.), with continuous 
operation at the HST of 110 C [4].

100
% EQAF t

LOL
Normal insulation life

(8)

C. Effect of DR Programs on Transformer Performance
Due to the strong relationship between loading pattern of a 

transformer and health of insulation and winding, DR strategy 
as a load shaping tool brings about significant opportunities for 
utilities such as life extension of transformers and deferred 
reinforcement [3].

Efficiency of transformers can be enhanced by three major 
strategies of DR: load shifting (changing start time of 
appliances), peak shaving (reducing the operation time of 
heaters or curtailing some loads) and onsite generation [3]. In 
this paper, load shifting and peak shaving are applied as DR 
programs by SHMS.

D. Elements of SHMS
SHMS is implemented to determine the optimal control 

strategy for each appliance based on constraints and objectives 
of customers and the utility.

Home appliances with regard to their type and consumers’
preference are classified as follows: 

Noncontrollable appliances
It refers to the appliances which need to be operated in a

certain time and cannot be modified such as television.
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These appliances do not have the potential to be part of 
home management programs.

Controllable appliances
This category includes all appliances for which starting 

time can be shifted across the day in response to price 
variations or some technical issues without considerable impact 
on customers’ comfort. Wet machines are capable of shifting 
wash action and modifying cycle duration. Also, dryer can 
change their consumption by delaying operation time. Air 
conditioners (AC) have more flexibility in changing the 
consumption by postponing start time and slightly violating 
temperature limits which set by customers. The parameters of 
devices are given in Table I [17].

E. Thermal Appliances
ACs can make a noticeable impact on residential 

consumption pattern, whereby they need to be modelled in 
more details. ACs are considered as closed-loop temperature
controlled devices operating to maintain internal house 
temperature as set point. In this paper, acceptable bounds on 
the temperature, which will be specified by customers, are used 
as the comfort constraint in the scheduling process.

F. Thermostatic Model of a Home
A thermal dynamic model is required to describe the 

behavior of thermostatic appliances. This paper presents a 
methodology to determine the optimal output power of each 
thermal appliance, considering price, consumers’ comfort and 
aging of transformer.

Thermal appliance operation model requires a thermal 
dynamic model that describes its heat exchange with the 
environment [18].

Considering a day with 24 one-hour intervals, at the 
beginning of each time interval of the day, SHMS determines
the appropriate output power of that interval based on 
electricity price, ambient temperature, comfortable temperature 
and current temperature. At first stage, SHMS determines the 
desired power of appliance during the next one-hour time 
interval to arrive at the comfortable temperature. Equation 9 to 
12 are used to determine that how much power is needed to 
arrive at the comfortable temperature during a time interval.

                )( 12mCQPt total                       (9)
where t is the duration time, m is the mass of the home air, C is 
heat capacity and 1 and 2 are the initial and final temperature 
of the home, respectively. Moreover, Qtotal is thermal 
conductivity of home and is computed as follows:

TABLE I. PARAMETERS OF DEVICES

Device Rated Power
(kW)

Duration Time 
(Hours)

Desired Start Time 
(Hours)

Coffee maker 1.2 0.25 6 and 22

Dish washer 1.5 1 21-24

Clothes washer & 
dryer machine

W=2 W=2 W=16-22

D=1.5 D=1 D=16-22

                    fcwtotal QQQQ                            (10)

Where Qw, Qc and Qf are thermal conductivity of wall, ceiling 
and floor, respectively. 

                  fcwlAkQ lll ,,                      (11)

      fcwlee
hhkl

,,111

2

2

1

1

21

           (12)

where is the temperature difference between outside and
inside the home ( = in- out) and Al is the area of wall, ceiling 
or floor. 1 and 2 are coefficient of thermal conductivity of 
lined and middle layer, respectively. Moreover, e1 and e2 are 
the lined and middle layer thickness. ki is the coefficient of 
thermal conductivity of wall, ceiling or floor. 

III. CONTROL STRATEGY DETERMINATION

Consumer is free to select a mode (controllable or 
noncontraollable) for each appliance. Three smart home 
management strategies are presented in this section.

A. Smart home management strategy based on customer 
comfort
In this mode, starting and operation time of appliances are 

related to customer preferences. SHMS is not able to change 
the consumption pattern of customer. 

B. Smart Home Management Strategy Based on Customer 
Comfort and Electricity Price
SHMS determines the real time control strategy based on 

electricity price, operation cycle, desired start time of each 
device, ambient and desired temperature. 

To define the optimal starting time for each appliance, 
SHMS should minimize the objective function which is given
as follows:

Minimize 
( )( )

( )
Cost tObj t

Comfort t
                                (13)

where Comfort (t) is the value of comfort profile for each 
appliance at time t. Moreover, cost (t) is the electricity energy 
cost of an appliance is computed as follows:

)(*)( hpricePowertCost
dt

th

                                  (14)

where t is the starting time of appliance’s operation, d is the 
time duration that each appliance operation takes long. 
Moreover, Power and price (h) demonstrates the appliance 
power and electric price during time h.

C. Smart Home Management Strategy Considering Aging of 
Transformer
In this scenario, based on historical data, such as ambient 

temperature, transformer parameters, customer comfort and 
aging of transformers, the optimal scheduling of home 
appliances is proposed. The LOL of transformers multiplied by
capital cost of transformers should be added to Eq 14. In this 
strategy, increasing the lifetime of transformer is considered as 
an objective to maximize the profit of utilities.
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IV. SIMULATION RESULTS

In this paper, three scenarios have been tested to evaluate 
the effect of home management system strategies on lifetime of 
a transformer. Electricity pricing data of Ontario on December 
5, 2011, is used in the numerical study is shown in Fig. 1[19].
The parameters of thermal appliances and 1000 KVA 
distribution transformer and are listed in Table II and Table III, 
respectively[3]. Acceptable bounds on the temperature is (20°C 
-24°C). To determine the transformer load curve, individual 
residential load curves are summed up [17]. A share of 70% 
households with flexible devices is assumed [20].

In the first strategy, customers make decision about their 
usage. Temperature of home and scheduling of appliances are
to be set up based on their comfort. In this scenario, utilities are 
not allowed to change the consumption pattern of customer by 
load shaping.

In the second strategy, The SHMS proposes a time-based 
DR program, which employs algorithm to reduce electricity bill 
by changing consumption pattern of customers. In this mode,
peak shaving and load shifting based on RTP and customers’ 
preferences are applied to increase the profit. 

In the third strategy, the SHMS by monitoring ambient 
temperature, loading of transformers, electricity price, HST of 
distribution transformers, and predicted consumption pattern of 
customers, implements an approach to fulfill the expectations
of consumers as well as decreases the LOL of transformers. 

Figure. 2 indicates the loading pattern of the residential 
transformer in three mentioned strategies. As it can be seen, 
from midnight to morning, due to some limitations like 
customer comfort and low flexibility of appliances, differences 
between three scenarios are negligible. By applying second 
strategy, consumption in peak hours has been shifted to off 
peak hours during which electricity prices are cheaper. Thus, 
an overload has been shifted in two other periods.

Fig. 1. Electricity price in Ontario

TABLE II. THERMAL APPLIANCE PROBLEM INPUTS

Parameter )(11
21 w

Cm
hh 1e (m)

2e (m) )(
cm

w
b )(

cm
w

C
Home 

Dimension(m3)

Value 0.17 0.15 0.3 1 46 10*8*3

Parameter kc kw kf t(h) c m2

Value 2.926 2.832 1.72 1 1.12 1.2*240

TABLE III. SECONDARY DISTRIBUTION TRANSFORMER PARAMETERS 

Type of cooling ONAN

Hottest-spot rise over ambient at rated load 80°C

Top-oil rise over ambient at rated load 55°C

Load loss at rated load to no-load loss 8

Winding time constant (min) 5 

Oil time constant (min) 155 

   
     Due to HST constraint in third scenario, loads are slightly 
alleviated by changing the operation time of AC. The internal 
temperature of home will be lower compared with two other 
scenarios, meaning that considering the LOL of transformer 
can affect customers’ comfort.

According to Eq. 1 to Eq. 8, HST of the transformer will be 
raised up during overloads. During scenario 1, HST reaches 
162°C, which is reduced to 126°C (scenario 3) by optimally 
shifting and reducing the flexible demands. According to the 
load shifting and peak shaving, the average and maximum HST 
of transformers have been reduced. The HST of transformers in 
a day is shown in Fig. 3.

HST has a significant impact on aging of transformers. As 
it could be seen in Fig. 4, transformer LOL has been reduced 
considerably in third scenario. The results reveal the LOL of a 
transformer has been reduced up to 20% by load shaping 
considering HST of transformers.

As it mentioned in section II, there is a strong relationship 
between operation time of ACs and their set points. To analyze 
the role of ACs operation time in loading of transformers, three 
set points have been tested. The impact of different set points 
on LOL of transformers is shown in Fig. 5. The result 
demonstrates that LOL is highly reliant on ACs set point. 

Fig. 2. Loading pattern of secondary distribution transformer

Fig. 3. HST of the transformer in three strategies
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Fig. 3. LOL index of the transformer in three strategies

Fig. 4. LOL index of transformer in three scenarios

Fig. 5. Impact of AC set point on LOL index

V. CONCLUSION

This paper proposed a DR program as a load shaping tool in 
the smart home to extend the lifetime of equipment by 
overcoming overload issues. By taking into account the 
preference of customers, proposed strategies have had minimal 
impact on customers’ comfort level. The proposed method was 
applied to an IEEE standard secondary transformer. LOL is 
calculated by an IEEE standard model for insulation aging to 
obtain numerical results for three strategies of smart home load 
management. In this paper, clothes washer and dryer, dish 
washer, and ACs are considered as flexible household devices.
Results demonstrate substantial improvement in aging of
transformers after implementing SHMS and DR programs.
When SHMS makes a decision for scheduling based on RTP, a 
peak is divided and shifted into two periods which have lower 
electricity prices. In the third case, the optimal appliance
scheduling with regard to HST of transformers is determined. 
Based on the objectives and constraints of the system, control 
signals will be sent to activate peak shaving and load shifting.
Results show that load shaping in second and third strategies 
decreased the average and highest amount of HST and 
accordingly LOL in comparison with the first scenario. In 
addition, the relationship between AC set point and aging of 
transformer illustrated.
In future work, uncertainty of customers’ behavior and the 
effect of EVs on optimal scheduling can be included.
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