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Abstract

This paper presents the formulation of an ARX and ARMAX model predictors
for model identification and prediction of power consumption in residential buildings.
A total of 18,000 data samples from the Power Holding Company of Nigeria were
collected for different residential buildings in Akure, Ondo State — Nigeria, namely:
1). single flat housing unit (SFHU); 2). multiple flat housing unit (MFHU); 3). single
flat housing unit based on climatic conditions (SFHUC); 4). multiple flat housing
unit based on climatic conditions (MFHUC); 5). single flat housing unit based on
square-feet (SFHUSF); and 6). multiple flat housing unit based on square-feet
(MFHUSF). The performances of the two model predictors are validated by one-step
and five-step ahead prediction methods. The results obtained from the application of
these two model structures and predictors for the modeling and prediction of power
consumption in residential building as well as the validation results show that the
ARMAX model outperforms the ARX model with much smaller predictions error and
good prediction capabilities with appreciable degree of accuracy and that the
proposed ARMAX model structure can be used for power consumption predictionsin
real scenarios.
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1.0 Introduction

The key reason for building energy modeling and simulation is to understand the building condition and check it against
utility bills with a view to reducing the energy consumption of the buildings. Computer based modeling and simulation is a
proven technique for evaluating building energy consumption [1]. Due to growing environmental concerns as well as
economic and political requirements, the envisioned future power grid will increasingly rely on renewable sources such as
wind and solar energies. For example, President Obama’s “New Energy for America” calls for renewable energy to supply
10% of the nation’s electricity by 2012, rising to 25% by 2025 [2].

This era of fossil fuel dependency and concerns about greenhouse gas emissions has increased interest in the use of policy
and technology solutions to reduce and shift energy use. The residential sector accounted for about 22% of total primary
energy consumption in the U.S. in 2009, indicating that there are major potential gains from implementing such solutionsin
residential settings [3]. The potential energy, cost, and emissions savings of such policies and technologies can be
investigated by modeling their impacts on residential energy demand and the resulting interactions between this demand and
the power grid, renewable generation, energy storage, and plug-in electric vehicles.

Energy consumption of buildings (both residential and commercial) has steadily increased, reaching figures between 20%
and 40% in developed countries [4]. For example, building energy consumption accounts for one-third of the societal energy
consumption in China, and has the largest energy-saving potential [5, 6]. In recent years, with the rapid development of
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urbanization, economic development, people's incomes and living standards, China's building energy consumption has
increased dramatically.

In the UK and many other industrialized countries, offices, as a basic unit for work buildings, are intensively distributed in
big cities and urban areas. As climate change becomes a very important global issue, the UK government has, for example,
set atarget of cutting CO, emission by 34% of 1990 levels by 2020 [7, 8]. In the UK, the energy consumed in the service
sector took up 14% of overall energy consumption of the whole country in 2001. Most of the energy for the service sector is
used in various kinds of offices for heating, lighting, computing, catering and hot water. Thus, energy consumption in office
buildings is one of the research areas which have significant importance for meeting the UK government’s 2020 target [7, 8].
Similarly, commercial buildings consume approximately 19% of all energy and account for 18% of all CO, emissions in the
U.S. [9]. By 2035, commercial building floor space is expected to increase by 28% in the U.S. compared to the total floor
space area in 2009, reaching 103 billion sg. ft. [9]. This makes commercial buildings a significant target for achieving
sustainability.

Different models have different data input requirements, so building energy consumption models may differ in their
calculation and predictions. In general, according to the principle of energy consumption modeling technology, energy
consumption models can be mainly divided into macro models and micro models [5]. However, in [6], only the macro model
approach is discussed.

Two general classes of techniques are available to model residential power demand: top-down and bottom-up models [10].
Top-down models use estimates of total residential sector energy consumption, together with other pertinent macro variables,
to attribute energy consumption to characteristics of the housing sector. This class of models can be compared to econometric
models, which require little detail of the actual consumption process. These models treat the residential sector as an energy
sink and regress or apply factors that affect consumption to determine trends [10, 11, 12, 13]. Depending on availability, the
input data required to develop these models can include the structural characteristics of the dwellings, occupants and their
behavior, appliances’ characteristics, historical energy consumption, weather conditions, and macroeconomic indicators.
Stochastic predictors, based on time-series approach, such as auto regressive moving average methods, are also used to
forecast home energy consumption [14, 15, 16].

Bottom-up models, on the other hand, identify the contribution of each end-use towards the aggregate energy consumption of
the residential sector [17, 18, 19, 20]. Bottom-up approaches refine the modeling of energy consumption, allowing the
simulation of the effects of technology improvements and policy decisions. These models calculate the energy consumption
of an individual or group of households and extrapolate the results to a region or nation. This aggregate result is generally
accomplished by using a weight for each modeled house or group of houses based on its representation of the sector [9].
Moreover, the bottom-up approach has the capability of determining total energy consumption of the residential sector
without relying on historical data. Common input data to bottom-up models include dwelling characteristics (e.g., size and
layout, building materials, and appliances’ characteristics), weather conditions, household occupant behavior and related use
of appliances, lighting use, and characteristics of heating, ventilation, and air conditioning (HVAC) systems. This high level
of detail represents the strength of bottom-up models, providing the ability to model the impact of different technology
options and allowing the implementation of energy optimization techniques. On the other hand, the use of such detailed
information, in particular regarding household members’ behavior, introduces great model complexity. The input data
requirements are typically greater than that of top-down models.

20  Formulation of the Research Problem

The main problems attempted to be solved in this work can be formulated as follows. Due to the nature of the metering
system in Nigeria as provided by the Power Holding Company of Nigeria (PHCN), only power consumption from the newly
introduced pre-paid meters are available. The pre-paid metering system does not provide power consumed by individual
items in homes, offices, industries nor industries. For this reason, the data obtained and used for this research work is
classified as power consumed by home appliances including lighting.

In view of the above, the problems considered here is in terms of the power consumption by residential buildings which is
further sub-divided into three categories according to the following six criteria: 1). The type of housing units: (i) single-
family homes (single flat housing unit, SFHU) and (ii) multi-family homes (multiple family housing units, MFHU); 2). The
type of climate during electricity consumption: (i) single-family homes (single flat housing units by climate, SFHUC) and (ii)
multi-family homes (multiple family housing units by climate, MFHUC); 3). The sgquare footage of the housing units: (i)
single-family homes (single-flat housing units by square footage, SFHUSF), and (ii) multi-family homes (multiple family
housing units by sguare footage, MFHUSF). Please note that multi-family homes are apartments with more than 2 blocks of
flat units. The climate referred to here is the data between November and January usually called the harmattan period in
Nigeria.

The main objective of thiswork is on mathematical modeling for prediction of power consumption in residential buildingsin
Akure using efficient modeling algorithms. Thisis achieved through: 1). Data collection and data pre-processing to remove
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outliers, 2). The development of an ARX and ARMAX model predictors for the modeling and prediction of electricity
consumption in residential buildings; and 3). The validation of the efficiency of the ARX and ARMAX model predictors for
the prediction of future power consumption in buildings.

3.0 Experimental Data Acquisition

The 3,000 data each for the six criteria making 18,000 data used in this work was collected from the distribution unit of the
Power Holding Company of Nigeria, Akure which is now Benin Electricity Distribution Company (BEDC), Akure.
However, various ideas have been proposed for modelling and prediction of power consumption but there are equally various
challenges in their accuracy which is due to the complexity in the rate at which different building consumes power at a
particular point in time throughout the year. Certain physical attributes such as climate, the number of occupants in the
building, the square footage of the building etc plays a vita role in the rate at which power is consumed in residential
building thus playing vital role in the prediction process. As mentioned earlier, the aim of this paper is on the model
identification for the prediction of electricity consumption in residential building ARX and ARMAX model predictors.

4.0  Problem Formulation for the Power Consumption in Residential Buildings

Series of work have been carried out in order to model and predict to a high level of accuracy the power consumption in
residential building but the required accuracy has been influenced by certain environmental and human factors. To carry out
this work, the rate of power consumption in KWhr per number of houses needs to be estimated.

Below are the graphs plotted to show the rate of power consumption in residential building against the number of houses
sampled. Fig. 1 shows the graph of Power Consumption in KWhr for a single flat housing unit and multiple flat housing units
against the number of sampled houses. Also, Fig. 2 and Fig. 3 shows that of single flat housing unit by climate and single flat
housing unit by square-feet and their corresponding multiple flat housing units respectively.

50 Power Consumption by Housing Units

Fig. 1(a) and Fig. 1(b) show the graph of power consumption by housing units taken over sampled houses. Fig. 1(a)

represents single family flats by housing units while Fig. 1(b) represents multiple family flats by housing unitsin KWhr,

When Fig. 1(a) is compared with Fig. 1(b), there is a considerable difference in the power consumption of single family flats

to that of a multiple family flats. In single family flats, the power consumption is above 100KWhr whereas in the multiple

family flats, the power consumption based on the sampled houses is less than 80K Whr.

Based on the data collected and the graphs plotted, it can be deduce that more power is consumed in the single family flats

compared to a multiple family flats. Various factors could be attributed to this such as:-

Q) Number of occupants in the building: This is one of the factors that determine the rate at which power is consumed
in buildings. If there are many occupants in a building, there will be reasons to consume more power. For instance
there will be more use of air conditioner during hot weather condition while during the cold weather, there will be
much more use of water heater.

Inrelation to Fig. 1(a) and Fig. 1(b), the rate of power in single family flat which is considerably high compared to
the multiple family flats could be as aresult of more occupantsin the single family flats under study.

(i) The nature of their work : Depending on the nature of the occupants of a building, some people work from home,
while some return home early after work whereas some spent most part of their of their day at work. This attributes
also contribute to the rate of power consumption in residential buildings.People that spent most part of their day at
work are likely to consume less power than those that work from home or return home early from work. This
probably have an effect on why single family flats consumed more power than multiple family flats.

Power consumption by climatic (KWhr)
40 T g 3

30

20

10

Multiple family flats by climate  Single family flats by climate

(b)
Number of house samples

Fig. 1: Graph of power consumption in kWHr for: (a) single flat housing units (SFHU) and (b) multiple flat housing units
MFHU).
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Power consumption by housing units (KWhr)
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Fig. 2: Graph of power consumption in KWhr for: (a) single flat housing units by climate (SFHUC) and (b) multiple flat
housing units by climate (MFHUC).

(iii) Their awareness about power consumption: This is another factor that influences how power is consumed in
residential buildings. Some people, especialy in Nigeria leaves their home without switching off their bulbs,
electronic appliances like air conditioner, electric fan etc. This leaves these appliances to consume unnecessary
power. Thisinvariably determines the rate of power consumption in buildings.

(iv) Types of Electrical Appliances. The consuming rate of the electrical appliances is another factor that influence the
rate of power consumption in residential building. Some homes have a lot of appliances that consume much energy
whereas some homes have less electrical appliances.

6.0 Power Consumption by Climate

Climate change is expected to lead to changes in a range of climatic variables such as in the temperature levels, and as
electricity demand is closely influenced by these, there is likely to be an impact on power demand patterns. The magnitude of
the potential future climate changes on electricity will depend on the power use patterns in the absence of climate change as
well as long term socio-economic trends.

The rate of power consumption during rainy or harmattan season is relatively low when compared to other period of the year.
Fig. 2(a) and Fig. 2(b) show the power consumption of single family flats and multiple family flats respectively during a
climatic weather conditions. The maximum value of power consumption during harmattan for single family flatsis less than
40KW while that of multiple family flats is less than 15KW. When Fig. 2(a) and Fig. 2(b) are compared to the Fig. 1(a) and
Fig. 1(b), it shows that less power is consumed in residential building during climatic condition than other time of the year.
This explains why power is more stable during rainy or harmattan season. Various reasons could be attributed to this, such as:

Q) Reduction in the use of air conditioner: During cold weather, people tend to avoid the use of air conditioner simply
because the weather is cold enough.

(i) Change in living habits of occupants: During this period, there is a considerable change in the habits of people in
residential areas. They tend to change their way of life to suit the environmental condition at this particular time.

(iii) Reduction in the rate of consumption of cold drinks etc.

7.0 Power Consumption By Sizesin Square Footage

Fig. 3(a) shows the graph of single family flats by sizes against the number of houses samples while Fig. 3(b) shows the
graph of multiple family flats by sizes against the number of house samples.

It can be deduce from the graph that the power consumption of single family flat is much more than the power consumption
of amultiple family flats. According to Fig. 3(a), the power consumption is about 20KW over the period when the data was
taken whereas that of Fig. 3(b) shows that the power consumption is about 7KW under the same condition.
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Power consumption by sizes in square footage (KWhr)

Single family flats by sizes

Multiple family flats by sizes

Number of house samples

Fig. 3: Graph of power consumption in KWhr for: (a) single flat housing units by square-feet (SFHUSF) and (b) multiple flat
housing unit by square-feet (MFHUSF).

Building designs and construction techniques can maximize the use of natural light and ventilation which minimizes the need
for artificia light and HVAC equipments. Using building shading techniques, installing window to minimize solar intake,
(depending on region) and properly insulating against unwanted airflow between indoor and outdoor spaces improve energy
use.

8.0 Mathematical Models of Dynamic Systemsand Their Model Predictors

The method of representing the behaviour of dynamical systems by vector difference or differential mathematical
relationships is well established in system and control theories [21, 22, 23, 24, 25, 26]. These relationships constitute the so-
called mathematical model of the system.

One very common method of modeling the behaviour of a p-input g-output multivariable plant in the discrete time space is
by the family of the following general mathematical relationship [21, 24]:

4 _ 4Bz C(z)
AZ)Y(K) =2 F(z‘l)U(k)+D(z‘1)e(k) D)

where Y (k) isthe vector of order n of the q outputs at the timing instant k responding to the vector input U (k) ; (k) isthe

noise disturbance vector; and A(z*), B(z"), C(z"), D(z ") and F(z") are polynomial matrices given by
Az =1+AZ ++AZ"

B(z')=B,+Bz"+---+B zZ"®

C(zY)=1+Cz"+--+C " 2
D(z")=1+D,z"+---+D, "™

F(zY)=1+FRz '+ +F 2"

d is the system delay, A, C, D and F are monic polynomial matrices in the backward shift operator z* Their dimensions
ae n,xn, gxn,, qxn,, gqxn, and gxn, and their degree n, m, c, |, respectively; B isa n,x p stable polynomial
matrix (i.e. al its zeros are all inside the unit circle) of degrees of degree r . The term monic implies that the leading
coefficients of A, C, D and F are identity matrices of appropriate dimension to avoid division by zeros and also because the
magnitude of e(k) can be adjusted to compensate for thisif necessary. In this discussion, it is assumed that: 1) the time delay
d of the system is known, i.e. d =1; 2) the coefficients of the polynomials matrices A(z"), B(z'), C(z"), D(z") and
F(z*) are unknown; 3) the polynomials matrices A(z*), B(z'), C(z"), D(z') and F(z') arerelatively prime; and 4)
that the upper bound on the order or each polynomial matrix is known or can be specified exactly.

Since the noise term e(k) enters the general model equation (1) as a direct error term, the model of (1) is often called an
equation error model [21, 24]. Depending on how the five parameters A, B, C, D and F are combined, several model

structures can be obtained from (1)
The choice of the models that will represent the noise disturbances is asimportant as the choice of the system model.
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Depending on the different assumptions made about the spectral density of the noise, e(k) and how the noise is assumed to

enter the system given by (1); 32 different model structures can be derived from (1) based on the combination of the five
parameters A, B, C, D and F [24]. However, the model structures considered in the present work is limited to the structures
derived from the combination of the four parameters A, B, C and F, that is ignoring the D parameter in (1). The reason for
choosing these four parameters is because, as literature shows, they were adequate for the modeling needs of the model
predictive control (MPC) for a wide range of dynamical systems [21, 27]. The combination of A and B results in an Auto
Regressive with eXogenous inputs (ARX) model, the combination of A, B and C gives an Auto Regressive Moving Average
with eXogenous inputs (ARMAX) model, and the combination of B and F corresponds to the output error (OE) model. The
output error (OE) model is a form of equation error model [21, 23, 24] and can also take the form based on A, B, C and D
which iswidely used in MPC literature [21, 27, 28]. Rather than using A, B, C and D to describe the output error (OE) model,
the choice of using B and F is adopted in this work for the output error (OE) model [21, 24].

Let g(k) beaparameter vector which encapsulates the model parameters given in (2) and defined as:

a(K)=[-A..~A,. B....B,, oGy =Dy Dy, ~FrFy, | 3

Since the exact value of the parameter vector q(K) in (3) is unknown, a parameterized set of model structures ® can be
defined as a set of candidate models given as:

®: q(k)ell , R —>q(k) (4)

where [] , is some subset of 9" inside which the search for a model is carried out; N is the dimension of ¢(K) ; d(k) is
the desred model associated with the parameter vector (k) and contained in the set of models

© ={q(k),0,(K),....q (K)} ; d(k),,0,(K)....,q, (k) } Each member of this set is a distinct value of q(k) ; and

t =12,...,max,, isthenumber of iterations required to determine the qA(k) from © .

Thus, the minimum variance (one-step) ahead predictor of (1) at time k based on the system information up to the time
k —1 can be expressed as

4 B(z')D(z") D(z)

F(z')C(z") C(z")
Note the inclusion of g (k) as an argument to indicate that the model structure represents a set of models. For notational
convenience, the k —1 will be omitted henceforth. The prediction error e(k,q) can be computed directly from (1) and (5) as
follows:

e(ka(k) =Y (k) - Y(k,q(K))

Y(k|k-1q(k-1)=z

U (k) {1— Az }Y(k) 5)

_D(@Y)| gt 4 B(z) (6)
C(z ){A(z Y(K)-z Flz )U( )}
By introducing  d(k,q(K)) = z° BEZj;U() (7
ad  U(kq(K) = A(ZHY(K)-d(k,q(k) (8)
and using (7) and (8), equation (6) can be expressed as
e(k () =Y (9 -V(ka() = 2 3 (k.a () ©

Let the regression vector (the so-called state vector) derived from the difference equation form of (1) be:
] (k,q(k)):[Y(k—l),...,Y(k—na), U(k-d),....U(k-d-n), e(k-1q(k))....,e(k—n.,q(k))
d(k=1g(K)),....d(k-n;,q(K)), 9(k=ny,q(K)),.... 9Ky q4) ]

Using the parameter vector given in (3) and the regression vector in (10) above, equations (7) and (9) can be expressed
respectively as:

d(k,a(k) =BU (k—d)+-+B,U(k—d—n)+Fd(k-1q(k) +-+F, d(k—n;,q(k)) (11)
e(k,q(k)) =Ce(k-1q(k)) +---+C,e(k—n,q(k)) +V(k,q) + DV(k—d) +---+ D, V(k—d —ny) (12)

(10)
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Inserting V(K,q) from (12) and substituting d(k,q) from (11) into (6) gives

e(k,q(k)) =Y(k)-j (k,a(k)a(k) (13)
TAhus, the one-step ahead predictor can then be expressed as:
Y(k,a(k))=j (k,a(k)a(k) (14)

9.0 Remarkson the Disturbance M odel
The disturbance model, i.e. the second term in (1), plays significant role in modeling the overall system behaviour. Let the
disturbance model be defined as

C(z*
=S ) g (15)
D(z™)
In MPC literature, the model of (15) is usually called CARIMA (controlled auto-regressive and integrated moving average)
model [21, 27, 28]. In practice, €(k) cannot be measured but it can be estimated as deterministic or stochastic noise [21, 23,
24, 25].

M

10.0 Autoregressive with Exogenous I nput (ARX) M odel

The deterministic case is simply achieved by setting C(z ™) = D(z ) =1 with the assumption that e(k) is a zero-mean
white noise with finite variance while its first few terms are made non-zero. Additional assumption on e(k) is that it is
independent of past inputs and that it can be characterized by some probability function [21, 24]. With these assumptions on
(15) and setting F(z'l) =1 in (1), equation (1) essentially reduces to an autoregressive with exogenous input (ARX) model
structure, which is stable for wide range of operations. From (5), the ARX model predictor becomes:
Y(k|k-1q(k-1)=2z""B(z")U (k) +[1- A(z")]Y(K) (16)

Note that the ARX model predictor uses the system outputs Y (k) and the model parameters (K) to predict future outputs
Y(K).

11.0 Autoregressive Moving Average with Exogenous Input (ARMAX) Model
The stochastic case is somewhat more involved. Consider the case of modeling a stationary, zero-mean white noise process,

namely E{e(k)?} =s?, E{e(k)e(k—I)}=0 foral | =0, the probability distribution of e(k) being the same for all
(k), and each e(k) being independent of (1 ) if | = k; where theterm E{[} implies the expectation or mean value of

its arguments. Then, if C(z %)/ D(z") is an asymptotically stable transfer function, the (15) will be a stationary process
with spectral density given by

ce ™)’

D (W) =52

. ! . jwT |2 T CWTY . 1
where s isthe spectral density. Note that since ‘C(e )‘ =C(e’™)-C(e™"),itisaways possible to choose C(z )
such that all its roots lie inside the unit disc, i.e. without restricting the spectral densities which can be modeled in this way.
Also for the same reason, the factors of C(z’l) do not affect the spectral density. This property shows and guarantees a
useful way of selecting C(z’l) to lie inside the unit circle for models with moving average such as ARMAX and output
error (OE) models.

As in the previous sub-section 4.1, with the assumptions on (15) and setting D(z ) = F(z %) =1 in (1), equation (1)
essentially reduces to an autoregressive moving average with exogenous input (ARMAX) model structure, which is usually

unstable but find applications in wide range of systems with coloured noise. From (5), the ARMAX model predictor
becomes:

1
C(zh

Y(k|k-1q(k-1)=2z" LCawly (K) + {1— AZY)

C(zh
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Note that the moving average filter C(z’l) must be estimated at each time step and must equally lie within the left-hand
plane of the unit circle for stability [21].

12.0 TheARX and ARMAX Model Validation Algorithms

Network validations are performed to assess to what extend the trained model predictors have approximated and captured the
behaviour of the underlying dynamics of a system and as measure of how well the model being investigated will perform
when deployed for the actual system modeling and future predictions [22, 24, 29].

Thefirst test involves the comparison of one-step output predictions of the true training data using the model predictors given
in (16) and (18) and the evaluation of their respective corresponding prediction errors using (13).

The second test involves the comparison of one-step output predictions of the true validation data that was not used during
the model predictor development and the eval uation of their respective corresponding prediction errors using (13).

The third method is the K-step ahead predictions [21, 24] where the outputs of the trained network are compared to the
unscaled output training data. The K-step ahead predictor follows directly from (8) and for j (k)= j"(k+K) and

q(k) :(i(k) , takes the following form:
Y((k+K) [ka) = 32" (k+K),q(k) (19)
where | (k+K)=[U(k+K-D]q),..., U(k+K-m)|q),

Y((k+K=D|q),..., Y(K+ K +1-min(k,n) |q), Y((k+K =1 [|q)...., Y((k+ K — max(n—Kk,0) |q)]"

The mean value of the K-step ahead prediction error (MVPE) between the predicted output and the actual training data set is
computed as follows:

MVPE = mean i Y=Y+ K TR | q0006 (20)
KoK Y(k)

where Y(k) corresponds to the actual output training data and \?((k +K)| k,d ) the K-step ahead predictor output.

13.0 Simulation Studies and Discussion of Results

The ARX and ARMAX mathematical model with their respective predictors developed in Section 4 as well as the model
validation algorithms proposed in Section 5 are applied for the modeling and prediction of power consumption in residential
building based on the available data as discussed in Section 3.

14.0 Estimatingthe ARX and ARMAX Models
The input vector to the ARX and the ARMAX model predictors are the past values of the inputs (n,) and outputs (n,) as well
as the order of moving average filter (n;) which constitute the regression vector each defined from (10) for ARX and

ARMAX &S | arx =[N, Ny] @d | aguax =[Nas Ny, N.] respectively. The inputs are the past values contained in the
regression vector while the outputs are the predicted values of \?(k) given by (16) and (18) for ARX and ARMAX model
predictors respectively while the optima value of the adjustable parameters of the models q(k) defined in (3) becomes
a(k).

For assessing the model prediction performances, the model predictors was trained for t = 500 epochs (number of iterations)
with the following selected parameters: p=6, =6, n,=4, n,=4,n.=4,n =48 (ARX), n =72 (ARMAX).
The details of these parameters are discussed in Section 4; where p and  are the number of inputs and outputs of the
system, n,, n, and n, arethe orders of the regressorsin terms of the past values, | is the total number of regressors (that

is, the total number of inputs to the model predictor).

The 3,000 data each collected for the six criteria considered for the present case study is divided into two parts: 2400
(80%) to form the training data used for estimating the two models while the remaining 600 (20%) is reserved for the two
estimated model validation.

15.0 Validation of the Estimated ARX and ARMAX Model

According to the discussion on model validation algorithms in Section 5, an estimated model can be used to model a process
once it is validated and accepted, that is, the model demonstrates its ability to predict correctly both the data that were used
for its development and other data that were not used during the model development.
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The results shown in Fig. 4, Fig. 5 and Fig. 6 each having (a) to (I) corresponds to the one-step ahead output predictions of
the training data, one-step ahead output predictions of the validation data and five-step ahead output predictions or the
training data respectively for the six criteria considered, namely: SFHU, MFHU, SFHUC, MFHUC, SFHUSF and MFHUSF.
Their respective corresponding prediction errors are given in Table 1 for the one-step ahead training, one-step ahead

validation and 5-step ahead prediction errors.
Table 1: One-step ahead training, one-step ahead validation and 5-step ahead prediction errors.

Training Errors Validation Errors 5-Step Errors
ARX ARMAX ARX ARMAX ARX ARMAX
SFHU NaN 23.0593 NaN 25.7131 NaN 23.7404
MFHU 8.3377e+193 2.9089 5.8161e+47 3.3121 12.4594 11.7963
SFHUC 3.0735e+85 0.1833 2.0903e+22 0.2688 74.6538 4.3244
MFHUC NaN 0.0422 NaN 2.2336 NaN 2.3666
SFHUSF NaN 5.3131 NaN 13.7211 NaN 3.8967
MFHUSF NaN 0.1104 NaN 0.1863 NaN 1.3115

16.0 Validation by the One-Step Ahead Predictions Simulations

In the one-step ahead output prediction method, the errors obtained from one-step ahead output predictions of the estimated
model are assessed. In Fig. 4(a)—(1) the graphs for the one-step ahead predictions of the scaled training data (blue -) against
the trained network output predictions (red --*) using the estimated ARX and ARMAX models respectively are shown for

500 epochs.

x 10 One-step ahead output prediction of the training data % 10?°2  One-step ahead output prediction of the training data
w 2 2 6
S S g Training data
= S 4}
2, K —&— ARX model
g s
g g *
g 2} — S
> Training data S o
i hd —&— ARX model T
P 4 = 2
o 500 1000 1500 2000 250( o 500 1000 1500 2000 2500
(@) @
One-step ahead output prediction of the training data 2 One-step ahead output prediction of the training data
g 200 — 2 15 Training data
3 Training data 8 —#— ARMAX model
b1 —&— ARMAX model g 10p
£ 100 s
> Z s
= - z
= o =,
=< o
2 z .k
& -100 L s
o 500 1000 1500 2000 250( o 500 1000 1500 2000 2500
(b) (h)
x 10 One-step ahead output prediction of the training data © 20 One-step ahead output prediction of the training data
1 = T T
g —% Training data
5 g 15 —#&— ARX model
g O . a
s z 10
o
& <
< -1 E w5
2 Training data a
L —&— ARX model T o
- w
20 500 1000 1500 2000 250( 0 500 1000 1500 2000 2500
(©) @
One-step ahead output prediction of the training data 2 .0 One-step ahead output prediction of the training data
@ ] T T T
g 100 T T T T S
2 Training data g
2 —+— ARMAX model g 1 |
£ s0 S
> < i
2 o 4
o e <
s w -10 Training data 1
= o 2 20 —&— ARMAX model
-5 T -
= 0] 500 1000 1500 2000 250( [ o 500 1000 1500 2000 2500
[C))
x 10%* One-step ahead output prediction of the training data 2 6% 10'®  One-step ahead output prediction of the training data
2 3 2 —
s Training data | # S Training data
2 5
S 2t —&— ARX model . 3 —&— ARXmodel |
g g 4 =
> 1 z
S <,
S o F ] & r
2 2
[ z
@« 1 = O
[ 500 1000 1500 2000 2500 500 1000 1500 2000 2500
(e) (k)
- One-step ahead output prediction of the training data 2 One-step ahead output prediction of the training data
g 40 S 10
£ Training data 5 Training data
3 —&— ARMAX model B —— ARMAX model
5 20} i 5 5 il
% 2
<
= *, $
Z o 4 < 0 q
o % he
«
z 2
o 20 i 5
@ 0 500 1000 1500 2000 2500 = o 500 1000 1500 2000 2500
(0]

®

4: Comparison of the one-step ahead output predictions of the original training data: (8) SFHU by ARX, (b) SFHU by ARMAX,
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Fig. 5: Comparison of the one-step ahead output predictions of the validation data: (a) SFHU by ARX, (b) SFHU by ARMAX, (c)
MFHU by ARX, (d) MFHU by ARMAX, (€) SFHUC by ARX, (f) SFHUC by ARMAX, (g) MFHUC by ARX, (h) MFHUC by
ARMAX, (i) SFHUSF by ARX , (j) SFHUSF by ARMAX, (k) MFHUSF by ARX, (I) MFHUSF by ARMAX.

The mean value of the one-step ahead prediction errors are given in the second column of Table 1 for ARX and ARMAX

respectively. It can be seen in these figures that the output predictions of the training data based on the ARMAX model

closely match the original training data while the predictions based on the ARX model is completely out of phase with the
true training data with much larger errors when compared to the errors obtained based on the ARMAX model as shown in the
second column of Table 1. These small one-step ahead prediction errors are indications that the ARMAX model captures and
approximate the dynamics inherent in the data to an appreciable degree of accuracy and that the ARMAX model predictor
can be used for the future power consumption predictions.

Furthermore, the suitability of the ARX and the proposed ARMAX model predictors for the model identification and
prediction for use in real power consumption predictions is investigated by validating the estimated models with the 600
validation data that was not used during model development. Graphs of the estimated ARX and ARMAX model one-step
ahead output predictions (red --*) of the validation data with the actual validation data (blue -) using the ARX and the
ARMAX models are shown in Fig. 5(a)—(l) for the six criteria considered. Again, as one can observe in these figures that the
output predictions of the validation data based on the ARMAX model closely match the validation data while the predictions
based on the ARX model is completely out of phase with the true validation data with much larger errors when compared to
the errors obtained based on the ARMAX model as shown in the third column of Table 1. These small one-step ahead
prediction errors of the validation data are indications that the ARMAX model can again be used for power consumption

predictionsin real scenarios.
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17.0 K-Step Ahead Prediction Simulations

The results of the K-step ahead output predictions (red --*) using the K-step ahead prediction validation method discussed in
Section 5 for 5-step ahead output predictions (K = 5) compared with the original training data (blue -) are shown in Fig. 6(a)
to Fig. 6(1) for the estimated ARX and ARMAX models. Again, the value K = 5 is chosen since it is a typical value used in
most model predictive control (MPC) applications to investigate the capabilities of trained model for future distant
predictions. The comparison of the 5-step ahead output predictions performance by the ARX and the proposed ARMAX
model indicate the superiority of the proposed ARMAX model predictor over the so-called ARX model predictor for distant
predictions. This is further justified by the small output prediction errors produced by ARMAX model when compared to
relatively large and infinite (NaN) error produced by ARX model as shown in the fourth column of Table 1.
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18.0 Conclusion

This paper presents the formulation of an ARX and ARMAX model predictors for model identification and prediction of
power consumption in residential buildings. The 18,000 data used in the study has been obtained from the Power Holding
Company of Nigeria, Akure. The results obtained from the application of these two model predictors for the modeling and
prediction of power consumption in residential building as well as the validation results show that the ARMAX model
outperforms the ARX model with much smaller predictions error and good prediction abilities with appreciable degree of
accuracy and that the proposed ARMAX model predictor can be used for power consumption predictionsin real scenarios.
Although the ARX model is stable while the ARMAX model is unstable due to the moving average filter coupled with the
nonlinear nature of the power consumption data, the next aspect of the work is on the dynamic modeling and nonlinear model
identification of the multivariable nonlinear systems using nonlinear neural network autoregressive moving average with
exogenous input (NNARMAX) model which may give much better predictions and good tracking of the data for much more
reliable power consumption predictions.
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