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ABSTRACT 

Demand Side Management plays an important role in the 

emerging smart grid by reducing peak load and adapting 

demand side resources to fluctuating generation. We here 

demonstrate an approach to optimally scheduling the 

energy consumption of individual dwellings so as to 

maximize individual net reward subject to utility-imposed 

constraints and user preference constraints. We categorize 

load resources in terms of their flexibility in energy 

consumption and operating time. Particle swarm 

optimization is used to solve the optimization problem. 

Optimization is performed for different types of dwellings 

and Load. With respect to the unscheduled peak, 

reductions range from about 1%, for maximum comfort, to 

about 24%, for minimum comfort. Under CPP DR 

requests, with respect to TOU pricing, there is effectively 

no change in the peak under the minimum comfort 

scenario. As comfort increases, the DR request is able to 

depress the peak by up to 10% under the maximum comfort 

scenario. Thus, even under the modest TOU pricing, it is 

comfort, not CPP, that constrains the DR response. 

INTRODUCTION 

Utilities are investigating the use of demand response (DR) 

programs to address the increasing peak-to-average ratios 

(PAR) for electrical consumption in the residential sector 

[1]. This requires home energy management systems 

(HEMS) with the ability to reschedule loads in response to 

utility request. Effective load profile reshaping must 

address customer comfort and pricing concerns, which are 

then the minimal constraints in any DR optimization 

approach.  

Many energy management approaches for smart dwellings 

exist, such as mathematical optimization, model predictive 

control, and heuristic control. Yang et al. [2] considered 

DR using particle swarm optimization (PSO) based on 

time-of-use (TOU) and critical peak pricing (CPP) signals, 

finding load shifting was achieved with minimum user 

discomfort. Zhao et al. [3] used a genetic algorithm to 

minimize the electricity cost, combining real time pricing 

(RTP) with the inclining block rate (IBR) model, and 

including an appliance delay time rate as a customer 

comfort proxy. They find both PAR and cost reductions 

under comfort constraints. Roh and Lee [4] categorized 

household appliances into sets, depending upon their 

energy consumption and operating characteristics, and 

developed a load scheduling algorithm that incorporates 

TOU pricing under budget limits. Optimization was 

formulated as a mixed integer nonlinear programming 

(MINLP) problem using a generalized Benders 

decomposition approach. Huang et al. [5] proposed 

gradient-based PSO for optimal scheduling of household 

appliances to minimize the electricity cost based on TOU 

pricing. Paterakis et al. [6] used a mixed integer linear 

programming (MILP) model for HEMS optimization of 

load and generation assets under different pricing and peak 

power-limiting-based DR strategies. Azar et al. [7] 

considered scheduling of time-shiftable appliances under 

centralized control and consumer flexibility constraints, 

formulated as a Knapsack problem. Zhou et al. [8] 

proposed a binary PSO based real time optimal usage 

strategy considering the TOU pricing and an energy 

threshold, where a feedback signal was generated to shift 

or curtail the power demand. We take a Multi-Dimensional 

PSO approach to reduce the computational cost by 

optimizing set of appliances rather than sequential 

optimization.  

The paper is organized as follows. We first treat the 

appliances – their categorization and descriptions. Then 

we address the optimization problem, describing the 

objective functions and the algorithm. The simulation 

results are then presented, followed by a brief conclusion. 

TREATMENT OF APPLIANCES 

General Categorization 

We categorize the loads based on their DR potential and 

operating characteristics. There are three fundamental 

appliance categories which we define hierarchically in 

terms of their elasticity, deferability, and interruptibility. 

Elasticity implies loads with flexible energy consumption 

during any given time interval; deferrable implies loads 

that may be time shifted; and interruptible implies loads 

whose operation may be paused and restarted. Various 

combinations of these classes yield appliance types. A 

simple (and fundamental) type is a fixed load – 

inelastic→non-deferrable→uninterruptible. We consider 

the various appliance types, and the operating constraints 

applied to each, first broadly grouping the classes 

according to their dominate character, consumption or 

scheduling.  

In addition to the simple Fixed (F) loads, we generally 

classify appliance types as either Elastic Non-Deferrable 

Loads (E), Inelastic Deferrable Loads (I), or Fixed. E 

loads are those whose energy consumption can be 
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modified in each time interval in response to a Pricing or 

DR signal. I loads are those whose energy consumption 

profile is fixed but whose operating cycle can be scheduled 

with or without intermittent interruption in response to 

pricing or DR signal from utility.  

E loads are further sub-categorized as class 1 (𝐸𝑐1
), where 

total energy consumption over the operating time is fixed 

(i.e., constrained elasticity); class 2 (𝐸𝑐2
), where total 

energy consumption over operating time is not fixed (i.e., 

unconstrained elasticity); and class 3 (𝐸𝑐3
), where energy 

consumption is a dependent parameter (i.e., comfort-

based). 

I loads are further sub-categorized as Interruptible (𝐼𝑖𝑛), 

which can be shifted in time with intermittent interruptions 

in their operating cycles (e.g., clothes dryer); and 

Uninterruptible (𝐼𝑢𝑛 ), which can only be shifted in time 

without any interruption in its duty cycle (e.g., washing 

machine). 

Appliances a are distributed across the load sets 𝐸 =

{𝐸𝑐1
∪ 𝐸𝑐2

 ∪ 𝐸𝑐3
}, 𝐼 = {𝐼𝑢𝑛  ∪ 𝐼𝑖𝑛} and 𝐹. Let us consider 

the scheduling of loads within a time period T, divided into 

N equal time intervals t, such that 𝑇 = {𝑡1, 𝑡2, … , 𝑡𝑁}. We 

define a binary scheduling vector for appliance a as  

𝑋𝑎 ≜ [𝑥𝑎
𝑡1 , 𝑥𝑎

𝑡2 , … , 𝑥𝑎
𝑡𝑁], ∀ 𝑎 ∈ 𝐼 (1) 

where 𝑥𝑎
𝑡  is unity if a is on during t or zero if it is off.  

𝐽𝑎  ≜ [𝑗𝑎
𝑡1 , 𝑗𝑎

𝑡2 
, … , 𝑗𝑎

𝑡𝑁], ∀ 𝑎 ∈ 𝐸 (2) 

where 𝑗𝑎
𝑡  is the appliance energy consumption during 𝑡.  

Since optimization proceeds either by consumption or by 

scheduling, X and J are conjugate decision vectors. The 

former is thus used solely for I loads, and the latter for E 

loads. Constraints on appliance operation are used to 

address the conjugate quantity. That is, for scheduling, the 

constraints are on 𝑗𝑎
𝑡 ,; for consumption, the constraints are 

on 𝑥𝑎
𝑡 . As regards the latter, we define a permissible 

operating time vector 𝜏𝑎 = [𝑡𝑠
𝑎, 𝑡𝑠+1

𝑎 , … , 𝑡𝑓
𝑎], where 𝑡𝑠

𝑎 may 

be unity within 𝜏𝑎 but must be zero elsewhere in T.  

Category Descriptions 

Appliances 𝐸𝑐1
 (constrained elasticity; e.g., battery 

charging) are constrained within each time interval t across 

the permissible operating window first by the minimum 

and maximum energy consumption. Thus 

𝑗𝑐1𝑎
𝑚𝑖𝑛 ≤ 𝑗𝑐1𝑎

(𝑡) ≤ 𝑗𝑐1𝑎
𝑚𝑎𝑥  , ∀ 𝑎 ∈ 𝐸𝑐1

. (4) 

They are further constrained by restricting the total 

permissible energy consumption 𝑗𝑡𝑜𝑡 as 

∑  𝑗𝑐1𝑎
 = 𝑗𝑡𝑜𝑡

𝑡𝑓

𝑡=𝑡𝑠

, ∀ 𝑎 ∈ 𝐸𝑐1
. (5) 

We may further constrain 𝐸𝑐1
 by requiring 𝑡 ∈ 𝜏𝑎 to 

accommodate scheduling constraints to address time 

shifting and interruptibility. 

Appliances 𝐸𝑐1
 (unconstrained elasticity; e.g., dimmable 

lights) are constrained only by minimum and maximum 

energy consumption within each time interval t across the 

permissible operating window. Thus 

𝑗𝑐2𝑎
𝑚𝑖𝑛 ≤ 𝑗𝑐2𝑎

(𝑡) ≤ 𝑗𝑐2𝑎
𝑚𝑎𝑥  , ∀ 𝑎 ∈ 𝐸𝑐2

. (6) 

There is no explicit constraint on 𝑗𝑡𝑜𝑡, but again, we may 

further constrain 𝐸𝑐2
 by requiring 𝑡 ∈ 𝜏𝑎 to accommodate 

scheduling constraints. 

For appliances 𝐸𝑐3
 (comfort-based; e.g., thermos-statically 

controlled loads), we restrict ourselves to thermostatically 

controlled loads, such HVAC (i.e., heating and cooling), 

that can be modeled as follows. As before, such loads are 

constrained within each time interval t across the 

permissible operating window first by the minimum and 

maximum energy consumption, whence  

𝑗𝑡
𝑐3𝑎,𝑚𝑖𝑛

≤ 𝑗𝑡
𝑐3𝑎 ≤  𝑗𝑡

𝑐3𝑎,𝑚𝑎𝑥    
, 𝑡 ∈ 𝜏𝑎  , ∀ 𝑎 ∈ 𝐸𝑐3

(7) 

Second, there is an explicit comfort constraint based on 

minimum and maximum permissible temperatures 

𝜃𝑡
𝑎,𝑚𝑖𝑛 ≤ 𝜃𝑡

𝑎,𝑖𝑛 ≤  𝜃𝑡
𝑎,𝑚𝑎𝑥      ,   𝑡 ∈ 𝜏𝑎   , ∀ 𝑎 ∈ 𝐸𝑐3

. (8) 

We use a discrete time model [9] to calculate the interior 

temperature 𝜃𝑡
𝑎,𝑖𝑛

 as a function of 𝑗𝑡
𝑎 (the appliance energy 

consumption in time interval t, which we now write with 

subscript and subscript reversed, for convenience) as 

𝜃𝑡
𝑎,𝑖𝑛(𝑗𝑡

𝑎) = 𝜁𝜃𝑡−1
𝑎,𝑖𝑛(𝑗𝑡−1

𝑎 ) ± (1 − 𝜁)(𝜃𝑡
𝑜𝑢𝑡 − 𝜂𝑗𝑡

𝑎/𝐴), (9) 

where the first term denotes the effect of energy 

consumption from previous sub-interval and second term 

defines the heating or cooling effect of appliance; 𝜃𝑡
𝑜𝑢𝑡 is 

the outside temperature, 𝜁 is the factor of inertia (a thermal 

lag between the time steps), 𝜂 is the thermal conversion 

efficiency, and A is the thermal conductivity (values of 

0.99, 3.0, and 0.14 used, respectively).  

All appliances I (inelastic) have a common constraint on 

the total energy consumption as 

∑ 𝑗𝑎
𝑡 𝑥𝑎

𝑡

𝑡𝑓

𝑡=𝑡𝑠

= 𝑗𝑎
𝑡𝑜𝑡  , (10) 

which is specifically the case for appliances 𝐼𝑖𝑛 (e.g. 

clothes dryer). For uninterruptable appliance 𝐼𝑢𝑛 (e.g., dish 

washer), we must also assert phase sequence logic as in 

[6]. Again, we may further constrain these appliance by 

requiring 𝑡 ∈ 𝜏𝑎 to accommodate scheduling constraints. 

THE OPTIMIZATION PROBLEM 

We solve the multi-objective optimization (MOO) 

problem with a multi-dimensional (MD) PSO approach, 

considered as an energy consumption scheduling problem. 
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Scheduling is performed over one full day, equally divided 

into 96 subintervals of 15 minutes each. Optimization is 

performed subject to the following: electricity cost 

minimization based on consumer comfort with respect to 

a baseline state, a time TOU pricing signal, and reward 

maximization during a DR pricing signal.  

The objective functions 

We describe objective functions f by the appropriate 

decision vector, which is load-dependent. Customer 

comfort is treated quadratically with respect to deviation 

from some nominal uncontrolled, or baseline (bl) state. For 

E appliances, 

𝑓𝑐𝑜𝑚𝑓𝑜𝑟𝑡 =   ∑ ∑ ( 𝑗𝑎,𝑠𝑐ℎ
𝑡  − 𝑗𝑎,𝑏𝑙

𝑡  )
2

  

𝑡𝑓

𝑡=𝑡𝑠

𝑛

𝑎=1

       ∀ 𝑎 ∈ 𝐸, (11) 

where 𝑗𝑎,𝑠𝑐ℎ
𝑡  is the decision variable describing the 

determined energy consumption of appliance a at time t 

and 𝑗𝑎,𝑏𝑙
𝑡  is the baseline consumption. For I appliances, 

 

𝑓𝑐𝑜𝑚𝑓𝑜𝑟𝑡 =   ∑ ∑ 𝑗𝑎
𝑡 ( 𝑥𝑎,𝑠𝑐ℎ

𝑡 − 𝑥𝑎,𝑏𝑙
𝑡 )

2

  

𝑡𝑓

𝑡=𝑡𝑠

𝑛

𝑎=1

 , ∀ 𝑎 ∈ 𝐼, (12) 

where 𝑥𝑎,𝑠𝑐ℎ
𝑡  is the decision variable describing the 

determined energy consumption of appliance a at time t 

and 𝑥𝑎,𝑏𝑙
𝑡   is the baseline consumption.  

Under general HEMS control (no DR), electricity cost 

functions for E and I appliances are defined purely in terms 

of their decision variables as  

𝑓𝑐𝑜𝑠𝑡 = ∑ ∑ 𝑃𝑡  𝑗𝑎,𝑠𝑐ℎ
𝑡   

𝑡𝑓

𝑡=𝑡𝑠

𝑛

𝑎=1

  ,    ∀ 𝑎 ∈ 𝐸, (13) 

𝑓𝑐𝑜𝑠𝑡 = ∑ ∑ 𝑃𝑡  𝑗𝑎
𝑡   𝑥𝑎,𝑠𝑐ℎ

𝑡

𝑡𝑓

𝑡=𝑡𝑠

𝑛

𝑎=1

 ,    ∀ 𝑎 ∈ 𝐼, (14) 

respectively, where 𝑃𝑡 is the TOU pricing at time t.  

To address a utility DR request given across a time interval 

defined by 𝑡𝑠𝑑𝑟 and 𝑡𝑓𝑑𝑟, the starting and finishing times, 

respectively, we assume linear response in terms of a 

pricing signal 𝛿𝑑𝑟
𝑡 . The DR objective functions for E and I 

appliances are thus 

𝑓𝑑𝑟 =  𝜃𝑑𝑟 ∑ ∑ 𝛿𝑑𝑟
𝑡 (𝑗𝑎,𝑏𝑙

𝑡  −  𝑗𝑎,𝑠𝑐ℎ
𝑡 )

𝑡𝑓𝑑𝑟

𝑡=𝑡𝑠𝑑𝑟

𝑛

𝑎=1

 ∀ 𝑎 ∈ 𝐸 (15) 

𝑓𝑑𝑟 =  𝜃𝑑𝑟 ∑ ∑ 𝛿𝑑𝑟
𝑡 𝑗𝑎

𝑡 (𝑥𝑎,𝑏𝑙
𝑡  −  𝑥𝑎,𝑠𝑐ℎ

𝑡 )

𝑡𝑓𝑑𝑟

𝑡=𝑡𝑠𝑑𝑟

𝑛

𝑎=1

∀ 𝑎 ∈ 𝐼 (16) 

respectively. Since DR events are intermittent, this cost 

function is gated by 𝜃𝑑𝑟, which is either 0 (no DR event) 

or 1 (DR event). Thus, DR events can be treated as a cost 

perturbation on TOU pricing. 

The overall optimization problem is defined as weighted 

sum of the comfort and cost objectives as  

 

𝑓𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑤1 𝑓𝑐𝑜𝑚𝑓𝑜𝑟𝑡 + 𝑤2 (𝑓𝑐𝑜𝑠𝑡 − 𝑓𝑑𝑟), (17) 

where 𝑤1 ≥ 0 and 𝑤2 ≥ 0 are scalar weights of user 

comfort and electricity cost with 𝑤1 + 𝑤2 = 1. In 

addition, we add as a secondary constraint that  

∑ 𝑗𝑎
𝑡 ≤  𝜓𝑟

𝑛

𝑎=1

, ∀ 𝑡 (18) 

where 𝜓𝑟  is the rated capacity of the distribution panel.  

The Algorithm 

To incorporate constraints (4) – (10) and (18) into the 

objective function, we employ the penalty function method 

[10]. We thus use MDPSO [11,12] to minimize 

𝑓𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 + ∑ 𝜆 𝑝𝑛

8

𝑛=1
, (19) 

 
Figure 1 PSO based multi-dimensional energy consumption 

scheduling 

 

Figure 2 Flowchart for simulation study 
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where  𝑝𝑛 is the nth constraint (i.e., the deviation within the 

search space), with 𝜆, the penalty for constraint violations, 

determined heuristically during optimization.  

Particle swarm optimization is a population-based 

approach, where swarms of individual particles, 

representing random realizations of the objective function, 

are iteratively evolved using a velocity update equation  

𝑣𝑖+1
𝑎,𝑡 =  𝑣𝑖

𝑎,𝑡 + 𝑐1𝐫𝐚𝐧𝐝 [�̅�𝑖−1
𝑎,𝑡 − 𝑢𝑖

𝑎,𝑡]

+𝑐2𝐫𝐚𝐧𝐝 [�̅�𝑖−1
𝑡 − 𝑢𝑖

𝑎,𝑡] (19)
 

where 𝑢𝑖
𝑎,𝑡

 is the ith iteration of the decision variable (either 

x or j) for appliance a at time t; �̅�𝑖−1
𝑎,𝑡

 is the best decision 

for appliance a over the previous 𝑖 − 1 iterations; �̅�𝑖−1
𝑡  is 

the best decision for all appliances over the previous 𝑖 − 1 

iterations; 𝑐1 = 𝑐2 = 1.95 are acceleration constants used 

to scale the social (first term) and cognitive (second term) 

components, respectively; and rand is a random number 

between zero and one. The swarm is generated by 

randomly seeding 𝑢1
𝑎,𝑡

 throughout the search space, with 

iteration leading to convergence, as illustrated in Figure 1. 

SIMULATION RESULTS 

The algorithm from which the simulation results are 

generated is described by the flowchart given in Figure 2. 

The load input data from which the aggregate load profiles 

are generated is given in Table 1. The outdoor temperature 

is constant over the scheduling time interval. Parameters 

for the discrete time model are taken from [9]. 

We consider three different customer comfort scenarios: 

maximum comfort, 𝑤1 = 0.8 , 𝑤2 = 0.2 ; Medium 

Comfort 𝑤1 = 0.4 , 𝑤2 = 0.6; and minimum comfort 

𝑤2 = 0.0 , 𝑤2 = 1.0 . Figure 3 compares the unscheduled 

and scheduled energy consumption profiles, for these 

scenarios under TOU pricing. Similarly, Figure 4 

compares these profiles under the impact of a DR request, 

using a CPP (critical peak pricing) of 𝛿𝑑𝑟
𝑡  = 0.15 $/kwh 

(i.e., a financial reward). The results are summarized in 

Table 2, which provides the daily energy cost under the 

given scenarios. 

Table 2 reveals that the impact of typical contemporary 

TOU pricing on the daily energy cost, given typical 

loading, is fairly modest. With respect to the unscheduled 

TOU costs, reductions range from about 4%, for maximum 

comfort, to about 11%, for minimum comfort. The impact 

of CPP is more significant. With respect to TOU pricing, 

daily cost reductions ranging from 8% for maximum 

comfort, to 15% for minimum comfort are found.  

The impact on the demand peaks for these scenarios is 

summarized in Table 3. With respect to the unscheduled 

peak, reductions range from about 1%, for maximum 

comfort, to about 24%, for minimum comfort. The impact 

of CPP, with respect to TOU pricing, is quite interesting. 

There is effectively no change in the peak under the 

minimum comfort scenario. As comfort increases, the DR 

request with CPP is able to depress the peak by up to 10% 

under the maximum comfort scenario. This implies that 

Table 1: Load input data for appliances classes E, I, and F 

I Power 

(W) 

E Power(W) 

Washing 

Machine 

500 HVAC 1500 

Dishwasher 1300 Refrigerator 500 

Lawn Mower 3000 PHEV 3300 

Clothes Dryer 3500 Battery 

Charger 

1500 

Dehumidifier 250 Lighting 

Loads 

550 

FilterMotor3/4 

HP 

1200 Controllable 

Fan 

400 

F  F  

Monitor and 

Printers 

200 Stove 5000 

TV 200 Kitchen 

appliances 

2000 

 

 
Figure 3 Unscheduled vs scheduled energy consumption 

(TOU Based) under various customer comfort scenarios. 

 
Figure 4Unscheduled Vs Scheduled Energy consumption 

[TOU + DR EVENT 5:00PM-7:00PM] 

Table 2: Daily energy cost for the scenarios 

Comfort 

Level 

Energy cost ($/day) 

Unscheduled TOU = 9.0 

 TOU TOU + CPP 

Minimum 8.0 6.8 

Medium 8.3 7.4 

Maximum 8.6 7.9 
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even under the modest TOU pricing, it is comfort, not CPP, 

that constrains the DR response. This has significant 

implications for demand side management and consumer 

engagement and education. 
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Table 3: Peak reduction for the scenarios 

Comfort 

Level 

Peak Reduction comparison 

Unscheduled Peak = 15.2 KW 

 TOU TOU + CPP 

Minimum 11.6 11.7 

Medium 13.1 12.8 

Maximum 15.0 13.5 

 


