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ABSTRaCT

Self-compacting concrete (SCC) mix designs demonstrate complexities in their mechanical 
properties due to natural compounds of the material and the diversity and abundance of factors 
that affect the properties. In this paper, a set of SCC mix designs is made using silica quick-
sand (as a ýller) instead of rock powder with other required materials. The tests of fresh con-
crete such as the slump þow, J-ring, V-funnel, L-box tests and the hardened concrete tests are 
investigated and considered. The test results are shown that, a high quality has been achieved 
for SCC mixture contains the quicksand and silica fume contents with low lubricant admixture 
dosage. The research is embodied the use of a branch of Artiýcial Neural Networks (ANN) as 
a quick and reliable method of such concrete experimental testing. The results conýrm that the 
ANN technique can perform as a satisfactory algorithm to provide speedy prediction of opti-
mum silica quicksand content must be added prior to SCC mix design. Carry out experiments 
are usually costly and time consuming, therefore, the proposed algorithm can be used as an 
approximate method.
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1. Introduction

Self-Compacting Concrete or SCC was carried out 
by Okamura for the ýrst time in late 1980 in Japan 
for earthquake-prone buildings that were located 

in areas with a high density of reinforcement.[1,2] Recently, 
this type of concrete is widely applied in many countries 
in order to vary the shape of the structure has been used. 

Self-Compacting Concrete or SCC is treated as a mix 
of lubricant admixtures such as rock powder, silica fume 
(SF), þy ash (Fly-Ash) and superplasticizer (SP) contents 
and a very low water to cement ratio. Granulometry and 
heat treatment have been optimized to obtain excellent 
mechanical and durability properties. Starting point of 

the SCC mix design is the packing theory. These types 
of concrete are very smooth and without undergoing any 
signiýcant separation that can be spread readily into place 
and fill the framework without any consolidation, thus 
SCC mixes, which requires less-skilled workers, in con-
struction's development can be found.[3]

The strength and durability of SCC as the main criteria 
for success are the properties of fresh concrete mixes, but 
it is much wider than conventional concrete is compacted 
by vibration. In general the relation between compact-
ing and mechanical properties of concrete is known, and 
usually a granulometric curve of the solid components 
such as gravel, sand, ýller (rock powder, þy ash and silica 
fume) and cement is selected. These mixes are extensive-
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ly tested, both in fresh and hardened states, and meet all 
practical and technical requirements such as a low cement 
and admixtures.[4]

However, SCC mixture should maintain continuity and 
no separation between aggregate grains occur. The Japa-
nese method suggest that the coarse aggregate content in 
the SCC mix corresponds to generally ýxed at 50 percent 
of the total solids volume, the fine aggregate content is 
ýxed at 40 percent of the mortar volume and the water /
powder ratio is assumed to be 0.9-1.0 by volume depend-
ing on the properties of the powder and the SP contents. 
In many countries, the Japanese method has been adopted 
and used as a ýrst step for training on the development of 
the SCC mix design.[5]

A new mix design method developed for creating SCC, 
henceforth was referred to as Chinese method.[5] First, in 
this recent method the amount of all aggregates require-
ment is determined, and the paste is then filled into the 
void space of the grading aggregates to guarantee that the 
concrete thus obtained has flowability, compactability, 
without segregation and other desired SCC properties. 
Recently, several researchers follow that the particle size 
distribution (PSD) of all aggregates in the concrete mix 
should follow the grading line of the modiýed Andreasen 
and Andersen (A&A) model. This line grading compris-
es the ýne aggregate and goes down to a particle size of 
typically 150ɛm. In order to model the SCC mix design, 
all solid components should be considered, so also the 
cement and the filler.[5] This modified model verifies the 
positive relation between the rheological properties and 
the compacting of the SCC mix: accomplishing full com-
pacting, the enough water is available to perform as lubri-
cant for the solid components, and the better þowability. 
Both the Japanese and Chinese methods do not consider 
the PSD values of the aggregates.[6]

The amount of aggregates, powders, water/filler ratio 
and water/cement ratio, as well as type and dosage of su-
perplasticizer to be used are the major factors inþuencing 
the properties of SCC mixture.[7,8]

The principal consideration of the SCC mix design 
method is that the void space of the aggregate is filled 
with paste requirement (cement, water and rock powder). 
Further, the grading of the ýne and coarse aggregates is an 
important characteristic because it determines the paste to 
obtain suitable workability. Further, the paste is the factor 
calculating the price, since the increase of the cost of paste 
is use of higher powder content and it can also be reduced 
by use of various mineral materials such as rock powder, 
þy ash, metakaolin etc., as partial replacement of cement. 
However, it is generally noted that, the mineral materials 
also improve the mechanical properties and durability 

of the SCC [9,10]. It is therefore desirable to accomplish, 
the more aggregate, the less paste and consequently, less 
þowability. Subsequently, the cement content is evaluated. 
This quantity is assessed by the required mechanical prop-
erties and durability of the hardened concrete stage.[11]

A serious lack of the mineral material resources (such 
as rock powder and fly ash) increases the cost of SCC 
production. Therefore, in some countries natural substitute 
materials such as quicksand can be used. Mineral mate-
rials which are also known as mineral admixtures have 
been used as replacement cements for a long time ago. 
There are two types of materials crystalline and non-crys-
talline. Micro silica (or called silica fume) is very ýne of 
non-crystalline type. But it should be noted that the use of 
the micro silica has led to an increase in the cost of ýller, 
and the price of SCC.

Over the last two decades, the development of an ac-
ceptable artificial neural network (ANN) model is nec-
essary for the prediction of reliable results for a problem 
such as mechanical properties of concrete.[12] 

In the literature, many researchers either selected the 
different data mining methods to input the variables for 
their ANN models in studying the compressive strength 
of concrete [13-17]. Therefore, the correct selection of the 
input and output of ANN algorithms can be likely to be 
impressive. Thus do the steps of data preparation and 
training/testing are very sensitive and important. To 
achieve an optimal result, several iteration steps are usu-
ally required. Usually the Backpropagation (BP) layout of 
neural network model is used. In fact, BP is kind of  the 
training algorithm in which pattern provided direction of 
the data þow, either forward or backward. BP requires at 
least three layers in order to predict correctly, and training 
is conducted in a supervised processes. Training of a BP 
neural network occurs in two steps.[18]

The purpose of this study was to examine tiny silica 
quicksand (at Kerman desert) as ýller for a broad range of 
SCC concrete mixes. This was achieved by mix the quick-
sand ratio for 5, 10, 15 and 20% by weight, as a substitute 
for concrete rock powder. The quicksand is considered as 
ýller and its price is about 1/4 the price of the rock pow-
der. The natural silica quicksand is usually a gray colored 
powder somewhat similar to some micro silica and they 
are generally classiýed as ýller content.

The empirical studies show that, the quicksand treats 
as rock powder and þy ash and it was initially suitable as 
cement replacement material and sometimes it can view 
as an alternative to micro silica. As known that, micro sil-
ica content may be used as costly pozzolanic admixtures. 
Following the previous references methods, the concrete 
paste lines are considered for significant water/powders 
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(cement, fly ash and rock powder). A general relation is 
achieved between the compacting and specific surface 
area of each solid, and the water required for bleeding, 
þowing and deformability of paste phase. The effects of 
quicksand content in addition to rock powder, silica fume 
(SF) and superplasticizer (SP) dosage on fresh and hard-
ened concrete properties of SCC are considered. This mix 
is introduced all practical and technical requirements such 
as a low cement and powder content, therefore the exper-
imental results are illustrated that the mix design has the 
high compressive strength and low cost.

As mentioned, due to the variation in the SCC con-
crete constituents has different behavior. As a result,  it 
is necessarily the view of the mechanical properties such 
as compressive strength and workability is  reviewed. In 
this research the objective goal was not the evaluation of 
concrete durability. Therefore, the two artificial neural 
network (ANN) models that were selected for the pres-
ent study are predictions of SCC mechanical properties. 
These two models are developed to predict the following 
attributes of the SCC mix design: 1) mechanical property, 
2) rheological property. 

In order to present study, the results of forty-five ex-
perimental samples are utilized to develop these two ANN 
models, incorporating some of the effective parameters on 
their mechanical properties.

2. Experimental Stage
The experiment stage is consisted of six studies on for-
ty-ýve full scale mixes. Each study is built 
upon techniques and observations as the 
SCC mix designs are limited to standard 
mix designs at a constant, moderate level 
of workability. Furthermore, the studies 
are statistically designed to estimate all of 
the possible properties variation that might 
occur in SCC preparation, as explained in 
the next sections. The materials used are 
chosen to allow the optimal use of stan-
dard requirements, which proved to be vi-
tal in extracting information from the data 
in the previous studies.

2.1. Materials
Cement:The cement used was type II of 
Portland cement with a specific gravity 
3.15ton/m3, produced by Kerman cement 
factory. The XRD test results show that 
chemical characteristics of the cement 
satisfy the ASTM C150 Standard Speciý-
cation.

Fine aggregate:The fine aggregate 

(sand) used in the samples was the natural siliceous clean 
and free of impurities crushed stone sand with a speciýc 
gravity 2.7ton/m3. It was obtained from Kerman aggregate 
mine in eastern south of Iran. Its maximum nominal size 
(4.75mm) is suitable to be used in SCC and absorption 
of the sand found 0.7%. Granulometric curve of the used 
ýne aggregate is shown in Fig. 1. Sieved sand over sieve 
of size 0.6mm was discarded as impurities. This indicates 
that the ýne aggregate is unstable and contains void. Ade-
quate grading and packing is therefore required to obtain 
workable fresh concrete.

Coarse aggregate: Two types of coarse aggregates used 
to make mix design were obtained from Kerman crushed 
aggregate mines. Maximum size of the coarse aggregate 
used in concrete was 19mm.

Specific gravity and water absorption of the coarse 
aggregates (gravels) under examination are determined 
using ASTM standard C127. The values of speciýc grav-
ity and water absorption of aggregates are found 2.7ton/
m3and 0.7%, respectively. Sieve testing results of the used 
coarse aggregates are shown in Fig. 1. 

Silica fume (SF): It is a product of micro silica consist-
ing mainly of amorphous silica (SiO2) and non-combusti-
ble particles. It was produced by Ferro Alloys Corporation 
Ltd. The main constituent material in SF is silica (SiO2), 
the content of which is normally over 90%. Table 1 shows 
chemical components obtained by the XRD test of a com-
mercially available silica fume. The silica fume used was 

Figure 1. Sieve analysis of ýne and two types of coarse aggregates

Table 1. The chemical components of the silica fume

Chemical
Composition SiO2 Al2O3 Fe2O3 CaO MgO K2O Na2O N2O P2O5 Cl

Average (%) 93.6 1.32 0.87 0.49 0.97 0.87 0.50 1.01 0.16 0.04
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satisýed with the main requirements of ASTM C1240.
Superplasticizer: In order to improve the workability 

of fresh phase without an additional amount of water, the 
high-range water-reducing admixtures, often referred to 
as superplasticizer was added to the mixture. In this study 
a naphthalene sulphonate group based superplasticizer, 
supplied by Chemical Supply Manufactory was used. The 
main properties of the used superplasticizer were con-
formed to ASTM C494-Type F.

Figure 2. Particle Size Distribution(PSD) of ýllers and sand
Quicksand: Because of its unique nature, some of the 

silica quicksand has the potential to significantly reduce 
SCC costs. There is not currently an exact standard re-
quirements regard to proportioning of the quicksand in the 
SCC mixes.

In this study, the clean silica quicksand materials as 
filler were prepared from deserts around Kerman prov-
ince. The physical properties (granulometric tests and SE) 
have been used as examples of ýne aggregate (sand). As 
the A&A model accounts for ýllers (<250ɛm) better, it is 
better suited for designing SCC and when the cumulative 
PSD satisýes equation as follows [6],

q

maxD
D)D(P öö
÷

õ
ææ
ç

å
=

� (1)

The parameter P is a fraction that is based on the size 
of sieve D, Dmax is the maximum particle size of the ag-
gregate components and q has a value between 0 and 1. 
Based on Andreasen and Andersen (A&A) research, the 
optimum packing will be obtained when value of q å 0.37.

The sieve analysis results of the used ýllers and the ýne 
aggregate are compared in Fig. 2. The results are implied 
that all of the quicksand materials (Type I to IV) are with-
in the speciýed limit and these values are suitable as ýller 
for construction work (see Fig. 2). 

2.2. Mix design
In present study, the effects of the quicksand (as filler) 
instead of the rock powder content are investigated for a 

broad range of SCC concrete mixes. This was achieved 
by mixing the quicksand ratio for 5, 10, 15 and 20% by 
weight, as a substitute for concrete rock powder.
At ýrst step, the most important consideration is that the 
voids between incompact aggregates are ýlled with paste, 
and that the packing of the aggregates is minimized. 

0
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Figure 3. Void fraction of aggregates mixes, before and 
after compaction process

Therefore, the locally fine aggregate (sand) and a 
gapped grading has been used for the coarse aggregates (2 
types) made by combining what has been retained on the 
sieve #4. Hence, the density of the aggregate components 
depends on the sand/coarse ratio, and not only to the value 
of sand or gravel alone.

The void fraction of the densely packed aggregate is 
determined as follow [5],

a

d
ad

r
rj -= 1 � (2)

where d
ar  and ar are density of the compacted aggregate 

(referred to apparent density) and its speciýc density (or 
particle), respectively. 

Fig. 3 shows the void fraction values with sand/coarse 
(mass) ratios of both in loose and compacted situation. As 
shown in this ýgure, the ýne aggregate (sand 0-4.75mm) 
achieves a minimum value of the void fraction when its 
content is 56% in combination with coarse aggregate.

The second step is the addition of the powders (cement 
and ýller) contents. The concrete samples are carried out 
based on replacement of powder by the quicksand as ýller 
material. The required cement content is directly related to 
the desired compressive strength. In the most previous re-
searches, a linear relation between the mechanical proper-
ties of the hardened concrete and the cement content is as-
sumed. Furthermore, the quantity of water for the cement 
and the powders follows from the þowability requirement. 
Then the mix designs were carried out according to num-
ber of trail mixes to produce SCC without segregation and 
bleeding. In the trail mixes, it can be noted that the quan-
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tity of water for the cement and the ýller can be achieved 
in fresh mix according to the þowability requirement. For 
this study, SCC mixes were prepared with a different ýller 
ratio.

These mix designs are introduced in detail here, where-
by the quicksand and other supplementary cementitious 
materials are now also included as ýller content. 

As shown in Table 2 the more details on the prepara-
tion procedure of the SCC mixes have been contained the 
following specifications, Mix QS expresses a concrete 
with just quicksand content, Mix RP and Mix SF represent 
mixes create just containing rock powder and Silica Fume, 
respectively, Mix RP + SF and Mix QS + SF concretes re-
lated to mix design by rock powder plus silica Fume and 
mix using quicksand in combination with silica Fume, re-
spectively, and Mix RP + QS introduce mix include rock 
powder and quicksand as ýller material content. 

Table 2. Dosage of developed SCC mixes

Material (kg/m3) Mix 
QS

Mix 
RP

Mix
 RP + 
QS

Mix 
RP + 
SF

Mix
 QS + 

SF
Mix
SF

Cement 450 450 450 450 450 450
Rock powder -- 250 125 120 -- --

Fine aggregate (sand) 850 800 850 850 850 850
Coarse aggregate I 450 450 450 450 450 450
Coarse aggregate II 400 400 400 400 400 400

Quicksand 250 -- 125 -- 125 --
Water 170 140 170 130 145 145

Silica Fume (SF) -- -- -- 50 125 250
Superplasticizer (SP) 20 20 20 20 15 10
Water/cement ratio 0.38 0.31 0.38 0.29 0.32 0.32

Water/(QS+SF) ratio 0.68 0.56 0.68 0.77 0.58 0.58
Finally, the plastic and hardened properties of the SCC 

were monitored and measured. 

2.3. Fresh Concrete Experiments
Several tests for the fresh properties (paste phase) of SCC 
have been proposed [19]. Tests was included density, air 
content, slump þow and passing ability that are measured 
by L box, V-funnel time and J-ring. Further, characterizing 
method for the mortar properties were proposed and the 
indices for deformability and viscosity were deýned as mG

and mR  [4].
2
0

2
021 )( ddddm -=G � (3)

d1, d2 : Measured þow diameter through slump þow
d0 : Flow cone diameter
Rm = 10/t� (4)

(sec)t : Measured time (sec) for mortar to þow through 
the V-funnel

In Eqs. (3) and (4) a larger mG  shows higher deforma-
bility and a smaller mR  indicates higher viscosity. 

The test results of the fresh concrete are given in Table 
3 according to the different standard reference methods. 
Table 3. Results of fresh SCC tests according to standards

Result Mix 
QS

Mix 
RP

Mix
 RP + 
QS

Mix 
RP + 
SF

Mix
 QS 
+ SF

Mix
SF

Slump (mm) 665 631 684 671 709 720
Slump þow time T50(sec) 4.9 4.7 4.5 4.6 4 2.8

L-Box ( 12 hh )% 81 76 80 79 89 90
V-funnel time (mm) 12 13 12 9 10 8
J-ring diameter (cm) 64.5 61 66.1 66.3 69.9 71.2
J-ring ( 12 hh - ) (mm) 11 13 11 7 7 5

Superplasticizer (kg/m3) 20 20 20 20 15 10
Superplasticizer/powder (%) 8 8 8 11.8 6 4

Air content (%) 1 1 1 1 1 1
Density (kg/m3) 2590 2510 2590 2470 2560 2555

The properties of the freshly-prepared SCC mixes are 
tested including density as the speciýed limit by European 
standard.

Table 4. Results of hardened SCC tests

Result (kg/cm2) Mix 
QS

Mix 
RP

Mix
 RP 

+ QS

Mix 
RP + 
SF

Mix
 QS 
+ SF

Mix
SF

28 days compressive 
strength 300 480 380 585 820 660

modulus of elasticity (Ĭ105) 2.60 3.29 2.92 3.63 4.20 3.85

2.4. Hardened SCC Experiments
Hardened concrete tests on SCC included compressive 
strength and modulus of elasticity.

The six different mixes have been cast in standard 
cubes of 150Ĭ150Ĭ150 mm3 for the compressive strength 
testing at 28 days, (standard BS EN 12350-1). At ages of 7, 
14 and 28 days, four cubes per mix QS+SF with a quick-
sand ratio as much as 5% to 20% (of the weight) are test-
ed, and the mean values of the tests results are represented 
in Fig. 4.
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Figure 4. Compressive strength versus age (Mix QS+SF)
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The data regarding the compressive strength for all the 
mixes is presented in Table 4 and indicates that average 28 
days strengths of 820 kg/cm2 obtained for 5% quicksand 
content (Mix QS + SF).

Based on results of hardened concrete tests, using the 
quicksand (as ýller) instead of the rock powder, decreases 
the amount of SP. Additionally, there is a consistent be-
havior for both 7 and 28 days compressive strengths have 
been observed. When the amount of the quicksand content 
exceeds 5%, the compressive strength is decreased with 
the same SP dosage. Further, a condition of good disper-
sion of mortar with more content of the quicksand (greater 
than 5%) due to high SP dosage could increase the amount 
of weak zones, interfacial transaction zone. thereby de-
crease the compressive strength of mortar. More impor-
tantly, the experimental results pointed out that there ex-
ists a critical unit quicksand volume for mortar with W/C 
= 0.32 of the Mix QS + SF included content of SP dosage. 
The compressive strength of mortar would be affected 
when the content of quicksand exceeded this critical vol-
ume. It was due to the differences of effective thickness 
of paste around aggregates. The maximum compressive 
strength has been achieved for this critical volume (see 
Fig. 4).

3. Investigating the Alkali-Silica Reaction 
(ASR)
In this section, standard test method for evaluating the 
potential Alkali-Silica Reactivity of combinations of the 
pozzolan and the aggregates is investigated. Materials re-
quired for the Accelerated Mortar-Bar Method (AMBM) 
are selected based on the norm ASTM C 1260recommen-
dation. In all tests, to determine the effect of pozzolanic 
activity on the ASR, the rate of deformation of specimens 
from concrete components (with constant value) contain-
ing different percentages of the pozzolan to the cement 
was observed over a period of approximately 14 days and 
compared to the control specimen reviewed.

Table 5. Mortar-Bar mixing with different pozzolan re-
placement ratios

Specimen
No.

Oven-dry 
aggregate

(kg)
Cement 

(kg)
Water 
(kg) (w/c)

Special 
Weight 
(kg/m3)

Poz-
zolan 
(%)

Air-En-
trained 

(%)

P-1 878 350 200 0.47 2274.3 0 2.49

P-2 878 350 200 0.47 2251.9 5 0.48

P-3 878 350 200 0.47 2237.6 10 1.11

P-4 878 350 200 0.47 2224.1 20 1.71

P-5 878 350 200 0.47 2215.7 35 1.89

P-6 878 350 200 0.47 2054.8 50 1.70
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Figure 5. Specimens expansion containing Pozzolan for a 
period of 14 days

It should be noted that, in the AMBM test, expansion 
of specimens is considered to be more than 0.1% for 14 
days as ASR criteria.Fig. 5 show the expansion rate of 
specimens against the alkali solution. Figure demonstrated 
that mortar with 20% pozzolan replacement (instead of 
cement) are activated with an alkali solution and expand 
less than 0.1% after almost 14 days.

4. ANN modeling stage 
Experimental studies of engineering issues are time-con-
suming and expensive. Particularly in concrete mixing 
designs, the selection of suitable components may be due 
to an error. So using simulation methods to predict results 
can be very useful. One of the most commonly used sim-
ulation methods in engineering issues is artificial neural 
network (ANN). In this section, application of artificial 
neural network (ANN) to develop two models for predict-
ing SCC mix design properties is presented. These two 
models are developed to predict the following attributes: 
1) mechanical property (ANN1), 2) rheological property 
(ANN2). In this study, two proposed ANN models are 
initially converted into an input layer, multi-hidden layers, 
and an output layer. The ýnal layers for these two mod-
els are as shown in Fig. 6. As seen in the figure, in the 
multi-hidden layer case, the output of each hidden layer 
is used as an input for the next hidden layer. In fact, in 
ANN1 model, the inputs are the values ​​of concrete com-
ponents and the output is an estimate of the compressive 
strength of different ages. In ANN2 model, inputs are the 
same values ​​as components, and the output represents the 
parameters that illustrate the workability of fresh concrete 
phase. 

In this research, in both ANN1 and ANN2 models, the 
tansig transfer function in the hidden and output layer was 
used. Furthermore, the feed-forward Back propagation 
(BP) learning algorithm is used to ýnd a local minimum 
of the error functions of the training data set.
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Results from two models were evaluated based on three 
error functions: the square of the correlation coefficient 
( 2R ), root mean squared error (RMSE), and mean absolute 
error (MAE). If the calculated error of the test set was less 
than the previous optimal network, the current network 
would be saved; these steps would continue until no up-
grading in the current network occurred. An average error 
for all training cases would then be calculated for compar-
ison purposes. However, a lower calculated error would 
indicate that the network performance is better.

4.1. ANN steps
After modeling, its computational operations are carried 
out in two basic steps:1) The preparation of the training 

data; and 2) training/testing. 
The preparation of the training data ר
As shown in Fig. 6, the parameters for input (X1 to X10) 
and output (O1 to O5 in ANN1 model and O1 to O2 in 
ANN2) was introduced to the network. In order for the 
architecture design of the network, 70% of experimental 
data for training, 15% for validation and 15% for testing 
was chosen. Selecting the data was random using the 
software. In the architecture of neural networks, the num-
ber of neurons in the input layer is similar to the number 
of the input parameters, i.e. number 10. The number of 
neurons in the hidden layer neurons initially was consid-
ered 10 and then the optimum number of the neurons was 
determined. Also, the number of the output layer neurons 
depends on the number of the output parameters of each 
model. According to the Fig. 6, the output data of ANN1 
and ANN2 models was 6 and 2, respectively.

The training process was set for 100 epochs (or in order 
to modify the values of the weight are 100 times the all 
data entered) and the best case was obtained nearly in 20 
times. This process is repeated until the error reaches the 
priority level. Recent step is very time-consuming and re-
duces the efýciency of the ANN method. A common way 

to select the appropriate number of neurons in each hidden 
layer is to perform a parametric analysis of the network 
and check the accuracy of the results. In each iteration 
step using Eq. (5) between the input data will be summed 
together with their weight values and with the bias, 

)1()()( -D+-=D tWerrortW ah � (5)

where h , a  are training rate and momentum factor, re-
spectively.

The parametersh , a  both are in the range 0 to 1. The 
weight and bias values will be initially selected as random 
numbers and then adjusted according to the obtained re-
sults of the training process. This method causes the mod-

el to become agile and decreases 
during the execution of the oper-
ation. 
The training/testing ש

The validity of the proposed 
ANN models is then tested by 
applying training/testing on the 
results of the experimental data. 
So that, 30% of the experimen-
tal data results were initially set 
aside for simulation purposes 
at this step. It should be noted 
that, these data are not used for 
training step, and if they can ac-
curately predict the results, then 

it can be said that the network is 
reliable and usable.

5. Results and Discussion
To determine the optimum number of neurons in the hid-
den layer, with neural network architecture is mentioned 
only by the number of different neurons from 1 to 30 was 
created by neurons and minimum RMSE, MAE and 2R
of each of the two obtained the network that the results 
shown in Table 6. Results shown that, the maximum er-
rors for 45 test results are about less than 20%, on the oth-
er hand, it can be seen that 98% of the output results has 
errors less than 15%.

Table 6. Performance results for the two ANN models

Model Network
Architecture

Maximum 
error (%)

2R RMSE MAE

ANN1 Backpropagation 14.5 0.925 3.972 3.521

ANN2 Backpropagation 15.3 0.928 3.859 3.126

According to Table 6, the minimum error and the max-
imum correlation coefýcient in 11 neurons was happened. 
The value of the squared error has decreased for 1 to 11 
neurons and then increased. Also, the value of the correla-
tion coefýcient has increased slowly with increasing the 

Inputs
X1: Cement
X2: Rock powder
X3: Fine aggregate (sand)
X4: Coarse aggregate I
X5: Coarse aggregate II
X6: Quicksand
X7: Silica Fume (SF)
X8: Superplasticizer (SP)
X9: Water/cement ratio
X10: Water/powder ratio

Outputs
ANN1 model:
O1: 3 days compressive strength
O2: 7 days compressive strength
O3: 14 days compressive strength 
O4: 28 days compressive strength
O5: 42 days compressive strength

ANN2 model:
O1: mG deformability index
O2: mR  viscosity index

Figure 6. The basic structure of the created two ANN models
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number of the neurons. Meanwhile, with the increase in 
the number of neurons to more than 11, the value of the 
squared error has increased sharply and the value of the 
correlation coefficient with large slope is reduced. This 
means that, increasing the number of neurons is not al-
ways improves network performance, but also the number 
of neurons is dependent on the number of all input data of 
a neural network. In this research the number of all input 
data is 45 and the number of the appropriate neurons in 
the hidden layer is 11. Therefore, the number of neurons 
in the hidden layer must be approximately 1/4 to 1/5 of 
the number of all input data.

Figure 7. Actual v/s predicted results of the 28-day com-
pressive strength(kg/cm2) using ANN1

Fig. 7 shows a plot of actual compressive strength against 
corresponding ANN1 model predication for testing data. 
A linear correlation can be observed and the square of the 
correlation coefýcient is found to be 0.925. Thus it can be 
concluded that the model successfully predicted the com-
pressive strength of concrete in good manner.

Figure 8. Predicted results of the comprehensive strength 
(kg/cm2) using ANN1

Fig. 8 shown that, the results suggest that ANN, can 
effectively be used to predict the compressive strengths 
of the SCC included different percent of the ýller content. 

There is a wide variation of two parameters i.e. the con-
crete age (days) and the percent of quicksand content (ýller 
%) which can be used.

The second model (ANN2) involved choosing the ideal 
model for the rheological property of the SCC, again by 
minimizing the weighed errors produced for model and by 
also evaluating the ability of the network to produce results 
for deformability and viscosity indices. The results for the 
optimum model for ANN2 are shown in Fig.9. The results 
are suggested the prediction of the rheological property 
based on characterizing method for the mortar properties 
were proposed using the mG  and mR  indices. Hence the 
square of the correlation coefýcient was found to be 0.928.

Figure 9. Actual v/s predicted results of the deformability 
and viscosity indices using ANN2

As shown in Fig. 10, separate training and testing was 
conducted for rheological property model (ANN2 model) 
which predicted the deformability and viscosity for differ-
ent percentage of the ýller content.

It is anticipated that the results for both networks could 
only improve with the addition of further experimental 
data for training and testing the networks.

Figure 10. Predicted results of the deformability and vis-
cosity using ANN2
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6. Conclusions 
The process of choosing a suitable silica quicksand con-
tent material to make SCC is considered with the aim of 
determining the relative amounts of concrete produced 
economically as possible and with the maximum of re-
quired properties, particularly compressive strength, com-
pactability and þowability. Based on these considerations, 
increasing the amount of quicksand (as filler) instead of 
rock powder samples of SP is reduced.

Characteristics of fresh SCC tests show that, high com-
pactability and restrained flowability is usually depends 
on the shape, size and quantity of the aggregate, and the 
friction between the solid particles, which would be re-
duced by adding the amount of quicksand to the mortar. 
It was due to the quicksand act as a roller between the 
aggregates. Further, the segregation phenomena is usually 
related to the cohesiveness of the paste of the fresh con-
crete, which can be improved by some combination of in-
creasing the volume of paste, reducing the free water con-
tent and the coarse aggregate, which would be achieved 
by adding the quicksand content to the SCC mixture.

Further, adding silica quicksand as much as 5% (of 
the weight of the cement) in the concrete, the concrete 
strength will be seen, as 28-day compressive strength 
increased by 40% compared to the control sample (using 
both rock powder and silica fume materials). Slump þow, 
V-funnel, L-þow, J-ring tests were carried out to examine 
the performance of fresh concrete, and the results indicate 
that using the quicksand in the mixture could produce suc-
cessfully SCC of high þowability, without segregating and 
saves cost. Mortar with 20% pozzolan (instead of cement) 
are activated with an alkali solution and expand less than 
0.1% after almost 14 days.

Two ANN models for both mechanical and rheology 
properties of SCC containing silica quicksand (as filler) 
have been developed. The optimal network is a three-lay-
er network with 11 neurons in the hidden layer. The use of 
the Levenberg-Marquardt training function and the tansig 
transfer function in the hidden and output layers and the 
number of neurons between 1/5 to 1/8 of the input data 
will have the suitable results for predicting the properties 
of the self-compacting concrete. Results of each model 
were trained with input and output experimental data. Sta-
tistical values such as the square of the correlation coefý-
cient, RMSE and MAE that are calculated for comparing 
experimental data with two ANN models. Consequently, 
compressive strength and flowability properties of SCC 
can be predicted in the two models without attempting 
any experiment al program.
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1. Introduction

Energy consumption of buildings has a negative 
impact on the environment. They are responsible 
for approximately 40% of the total world annu-

al energy consumption. Most of this energy is for the pro-
vision of lighting, heating, cooling, and air conditioning. 
Increasing awareness of the environmental impact of CO2 
and NOx emissions and chlorofluorocarbons triggered 
a renewed interest in environmentally friendly cooling 
and heating technologies [1]. Windows are generally the 
weakest link of buildings regarding energy conservation. 
Approximately one-third of the energy loss from a typical 
house occurs from windows [2].

In many countries, codes are regulating minimum win-
dow size to provide problems of glare and overheating. 
The window size is generally deýned as a WWR which is 
related to an annual thermal loads calculation. However, 
this coefficient neglects several parameters that have a 
direct inþuence on thermal loads such as the orientation. 
Alan Pino and al [3] analyzed the thermal and luminous 
behavior of an office building in Santiago, for different 
design conditions through a year, by changing four ar-
chitectural parameters that are the window to wall ratio 
(WWR), the outdoor solar protection devices, the type 
of glazing and the orientation. In winter, the window is a 
thermal losses element and also a source of thermal gains 
due to solar radiation. Taking into account this thermal 
gains reduce heating loads; in this case the window has an 
optimal size. In summer, the window is only as a thermal 
gains element, this means that the optimal window size 
is 0m². Consequently, the WWR cannot be considered as 
optimal for the whole year. This makes the optimization 
of the window size much complex for cooling-dominated 
climates.

The window as a thermal loads element is also a source 
of daylight, according to Scartzzini and al [4] daylighting 
strategies can contribute to curb the energy consumption 
of buildings, as well as the related carbon emissions, by 
reducing their artiýcial lighting and cooling needs.

In this study, the effect of using different types of glaz-
ing taking into account the daylight on optimized window 
dimensions of an ofýce room (for 4 different orientations: 
North; South; East; West) is investigated. The Algerian 
standards (DTR) [5] and the Hourly Analysis Program (HAP 
software) are used to calculate the required hourly cooling 
loads (for 15th of July as an example study) for different 
types of glazing. Genetic Algorithm is used to determine 
the optimal size of the windows. The results of the hour-
ly optimization are analyzed to evaluate the impact of a 
proper window optimal glazing area in a typical office 
room in Ghardaia city (south of Algeria) and to minimize 

the energy impact of windows.

2. Description of the Referenced Room
An ofýce of an arbitrary surface area of 25.9 mĮ, located 
in Ghardaia region in south of Algeria (32.49Á N latitude; 
3.67ÁE longitude), is selected for this case study. It should 
be pointed out that Ghardaia is located in a hot climate 
with speciýc solar radiation (Fig.1 and Fig.2). 

Fig 1. Solar radiation map for Algeria

Fig 2. Solar radiation for Ghardaia region (ASHRAE method)
Figure 3 shows the schematic design of the ofýce room. 

The dimension of the studied ofýce room is 5.18 m long, 
5 m wide and a height of 3 m. This model has one window 
placed on the external wall. Furthermore, all other opaque 
surfaces of the reference office room are considered as 
adiabatic (no heat exchanges) except the external wall. 
The usual external wall typology in Algeria has double 
wall (2 cm mortar, 15 cm brick wall, 5 cm air gap, 10 cm 
brick wall, 2 cm gypsum) with transmittance of 1.14 [W/
mĮ.ÁC]. Four orientations South, East, North and West are 
considered for load calculations. The optical properties 
of glazing are shown in Table 1. The same products have 
been studied by reference [6] where SF is the Solar Factor 
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[%], U is the thermal transmittance [W/mĮ.ÁC] and Ű is the 
luminous transmittance of the glazing [%]. Furthermore, 
these types of glazing are as commonly used in the Alge-
rian building construction industry.

Fig 3. Schematic design of the ofýce room
In this study, the cooling setpoint is considered equal 

to 26ºC. Only cooling load of the glazing, the luminaires, 
and the external wall are considered. For a standard ofýce 
room, the internal illuminance level is equal to 500 lux. 
For uniform control of the illuminance Spot luminaires 
has been chosen with unitary luminous flux of 1300 lm 
and electrical power of 11.6 w.

3. Methodology for Cooling Loads Optimiza-
tion
For the total thermal loads calculation, the method given 
by the Algerian Standards DTR [5] is used. However, the 
mathematical models for thermal loads calculation used 
in the Algerian Standards are simplified. For accuracy 
purposes the Carriers' method implemented by the Hourly 
Analysis Program (HAP) is used to recalculate the total 
thermal loads considering the optimal parameters obtained 

by the Genetic Algorithm. As the cooling loads are calcu-
lated on hourly basis, the ASHRAE [7] method is used to 
calculate solar irradiation intensity taking into account day-
time for Ghardaia region.  The objective function (Qt) to 
optimize is the total cooling loads due to glazing (Q glazing), 
the external wall (Q external walls) and the artificial lighting 
installation (Q luminaires) that is:

Qt= Q luminaire +Q glazing +Q external walls,� (1)
While satisfying an equality constraint which is ex-

pressed as follow:
E luminaires + E natural =500 lux,� (2)
E luminaires is the illumination level ensured by the electric 

lighting installation, E natural is the natural illumination lev-
el ensured by the daylight. The internal illuminance level 
(Ei) calculation in the ofýce room was carried out using 
the daylight factor DF Eq.3 The daylight factor method 
has been adopted by the C.I.E. (International Commission 
on Illumination) and is therefore internationally used [8]. 
In the formula for Daylight Factor calculation, the Orien-
tation Factor (OF) is ýxed (average value over a year) [9].  
However, in the present work the Orientation Factor was 
not taken as fixed. Indeed its value varies with daytime 
and orientation and introduced in Eq.3 to consider the 
case of clear sky.

DF=[(AgĬŰĬMĬɗĬOF) /AtĬ(1-RĮ)]=(Ei / Ee)Ĭ100� (3)
Where Ag is the glazing area of the window; t is the 

luminous transmittance of glazing; M is the maintenance 
correction factor M=90% (clean space); q is Vertical angle 
of visible sky from the center of the window q=90Á (no 
obstacles); OF is orientation factor for glazing; At is the 
total area of room-surfaces; RĮ average reþectance of all 
room-surfaces R²=0.5 (clear interal surfaces); Ei is the re-
quired illuminance (500lux recomanded by the standards 
for ofýce room) and Ee is the outside illuminanc on hori-
zontal surface given by the method of reference [10].

The solution methodology is illustrated by the flow-
chart as depicted by Figure 3:

Table 1. Glazing type characteristics

  Glazing type SF [%] U [W/
mĮ.CÁ] Ű [%] Thickness 

[mm]
Type 1 Simple glazing 0.83 5.8 0.87 4

Type 2 Double glazing classic 0.75 3.3 0.81 4(6)4

Type 3 Double solar control glazing Air 0.47 2.8 0.41 6 (12) 6

Type 4 Double solar control glazing Air 0.12 2.3 0.07 6 (12) 6

Type 5 Double glazing (Reinforced Thermal Insulation) and solar control Air  0.08 1.4 0.07 6 (16) 6

Type 6 Double glazing (Reinforced Thermal Insulation) and solar control Argon 85 % 0.37 1.2 0.40 6 (16) 6

Type 7 Double glazing (Reinforced Thermal Insulation) and solar control Argon 85 % 0.08 1.2 0.07 6 (16) 6

Type 8 Double glazing (Reinforced Thermal Insulation) and solar control Argon 85 % 0.17 1.1 0.18 6 (16) 6

Type 9 Double glazing (Reinforced Thermal Insulation) and solar control Argon 85 % 0.08 1.1 0.07 6 (16) 6
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Fig 4. Structure of the proposed methodology
For the Genetic Algorithm optimization, the initial 

population ranges from 0 to 12 m². The number of gener-
ation is 100. The population is taken 50 individuals. The 
crossover and mutation fractions are respectively 80% and 
10%.

4. Results 
The cooling loads optimization for different type of glaz-
ing and orientations are depicted in Fig. 5, 6, 7, 8, 9, 10, 
11 and 12:

Fig 5. Variation of the optimal glazing surface for each 
type of glazing according to the time (East orientation)

Fig 6. Variation of the total cooling load for different type 
of glazing (East orientation)

Fig 7.Variation of the optimal glazing surface for each 
type of glazing according to the time (West orientation)

Fig 8.Variation of the total cooling load for each type of 
glazing (West orientation)
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5. Discussion
From previous work, it has been found that the optimal 
glazing surface calculation was related only to orientation, 
glazing types. However, in this study orientation, glazing 
types, daytime and clear sky have been considered. From 
the obtained results it can said that:

For East Orientation, the optimal glazing size decreas-
es for all glazing types (6 a.m to 11 a.m). This is due to 
the high solar radiation intensity. From 12 a.m to 5 p.m, 
the optimal glazing size increases (the external wall is in 
shade). The glazing types 1, 2, 3 and 6 give the minimum 
of optimal glazing area than glazing types 4, 5, 7, 8 and 9. 
The glazing type 4 gives a maximum of total cooling loads 

compared to all the other glazing types, which means that 
this glazing type is not adequate for this orientation. 
At 5 p.m the optimal glazing size for glazing type 4 is 
equal to 0 m² (in relation to a minimum cooling load). 
This can be justiýed by the fact that the heat transmission 
from the glazing is higher than daylighting transmission, 
because the glazing has a high thermal transmittance and 
a low luminous transmittance. 

For West Orientation the optimal glazing size increas-
es for all glazing types (6 a.m to 12 a.m) at this time the 
glazed area is in shade. From 1 p.m to 5 p.m, the optimal 
glazed size decreases, this is due to the high solar radia-
tion intensity. The glazing types 1, 2, 3 and 6 give a mini-

Fig 9.variation of the optimal glazing surface for each 
type of glazing according to the time (North orientation)

Fig 10.Variation of the total cooling load for each type of 
glazing (for North orientation)

Fig 11.Variation of the optimal glazing surface for each 
type of glazing according to the time (South orientation)

Fig 12.Variation of the total cooling load for each type of 
glazing (South orientation)
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mum of optimal glazing area than glazing types 4, 5, 7, 8 
and 9. 

The glazing type 4 gives a maximum of total cool-
ing loads compared to all the other glazing types, which 
means that this glazing type is not adequate for this orien-
tation. 

For North orientation, the optimal glazing surface is 
the largest compared to all the other orientations. For this 
orientation the glazing area is in shade all the daytime. 
The glazing types 1, 2, 3 and 6 give a minimum of opti-
mal glazing area than glazing types 4, 5, 7, 8 and 9. From 
1 p.m to5 p.m, the optimal glazing size for glazing type 4 
is equal to 0 mĮ, this can be justiýed by the fact that The 
heat transmission from the glazing is higher then daylight-
ing transmission, because the glazing has a high thermal 
transmittance and a low luminous transmittance. 

The glazing type 4 gives a maximum of total cool-
ing loads compared to all the other glazing types, which 
means that this glazing type is not adequate for this orien-
tation. 

For South orientation, the optimal glazing size is the 
lowest compared to those obtained considering the other 
orientations. In this case the glazing is permanently ex-
posed to the sun. The glazing types 1, 2, 3 and 6 give a 
minimum of optimal glazing area than glazing types 4, 5, 7, 
8 and 9.

The glazing type 4 gives a maximum of total cool-
ing loads compared to all the other glazing types, which 
means that this glazing type is not adequate for this orien-
tation.

It is shown from the above analysis that the optimal 
glazing size depends on daytime, solar radiation intensity, 
orientation and glazing types.

The optimal glazing size increases when the luminous 
transmittance of the glazing decreases while giving a min-
imum of cooling loads.

Finally, it can be said that for hot climate, glazing with 
high thermal and luminous performances should be used 
in the construction industry.

6. Conclusion
This study evaluates the influence of daylight on opti-
mized glazing size in an ofýce room in hot climate. Un-

like the Wall to Window Ratio (WWR) method for glaz-
ing surface calculation, this study shows that the optimal 
window size depends on daytime, orientation, the glazing 
type and solar radiation intensity. In fact, the glazing type 
and room orientation have a large effect on cooling load 
when optimum dimension of glazing is considered under 
a clear sky. The results show also that daylight is a key 
factor in limiting the glazing size while having a mini-
mum of cooling loads. Indeed, the choice of an adequate 
glazing type allows reducing cooling loads and increasing 
the window size. This result indicates that there is a sig-
niýcant effect of daylight on optimizing window size to 
reduce the energy consumption of an ofýce room located 
in a hot climate.
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ABSTRaCT

Detailed energy-use information of ofýce buildings' occupants is necessary to implement 
proper simulation/intervention techniques. However, acquiring accurate occupant-speciýc 
energy consumption in ofýce buildings at low cost is currently a challenging task since 
existing intrusive load monitoring (ILM) technologies require a large capital investment 
to provide high-resolution electricity usage data for individual occupants. On the other 
hand, non-intrusive load monitoring (NILM) approaches have been proven as more cost 
effective and flexible approaches to provide energy-use information of individual ap-
pliances. Therefore, extending the concept of NILM to individual occupants would be 
beneýcial. This paper proposes two occupancy-related energy-consuming features, delay 
interval and magnitude of power changes and evaluates their signiýcances for extracting 
occupant-speciýc power changes in a non-intrusive manner. The proposed features were 
examined through implementing a logistic regression model as a predictor on aggregate 
energy load data collected from an ofýce building. Hypotheses tests also conýrmed that 
both features are statistically signiýcant to non-intrusively derive individual occupants' 
energy-use information. As the main contribution of this study, these features could be uti-
lized in developing sophisticated NILM-based approaches to monitor individual occupant 
energy-consuming behavior. 
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1. Introduction 

Growing interest in reducing energy consumption 
in office buildings attract attentions from re-
search and industry toward intervening occupants 

to keep energy-saving behaviors since this method has re-
cently been considered as the most cost-effective approach 
for enhancing office buildings' energy conservation;[1-7] 

up to 24 percent energy savings can be achieved through 
intervening occupants' behaviors in an ofýce building.[8,9] 
For achieving this goal, personalized feedback approaches 
have been mainly considered as the most effective inter-
vention technique to adapt energy-efýcient behaviors.[10,11] 
Effectively implementing of such approaches critically 
depends to the availability of occupant-speciýc energy-use 
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information. Such information is also extremely important 
in advancement of occupancy-related simulation tech-
niques.[12]

To acquire the energy-use information of an occupant 
of interest, conventional methods typically utilize intru-
sive load monitoring (ILM) approaches which require 
plug load sensors installed for the appliances controlled 
over by the occupant. These sensors then provide the en-
ergy-consuming information of the appliances and accord-
ingly estimate the occupant's energy consumption. ILM 
methods generally provide data with high level of reso-
lution and accuracy, however they are not economically 
feasible due to high capital investments and conýguration 
efforts especially for a large scale deployment.[13] By in-
stalling a sensor per occupant's workstation, Gulbinas and 
Taylor[14] collected the data of individual occupants at a 
multi-story office building occupied by 115 employees; 
the data was used to examine the impact of organizational 
network energy-use feedbacks on intervening behaviors. 
Such studies highlight the high cost and installation com-
plexity associated with implementing of ILM methods in 
an office setting. Therefore, utilizing alternative cost-ef-
fective methods for data acquisitions is necessary. 

Increased interest in economically detailed energy 
sensing led to the emergence of non-intrusive load mon-
itoring (NILM) which has been widely employed for 
more than two decades as an appropriate viable solution 
to perform energy monitoring of major appliances (e.g., 
HVAC systems) in residential and office settings.[13,15-17] 
NILM is a technique which relies on the aggregate electri-
cal energy-use information provided by a building's meter 
to disaggregate energy information at the appliance level 
and identify which appliance and when uses how much 
electricity.[16] Accordingly, compared to the ILM, NILM is 
perceived as less expensive and more feasible approach to 
monitor appliance-speciýc energy consumption in ofýce 
buildings.[15,17,18]

Although current research has made a great advance-
ment in economically tracking the energy use of individ-
ual appliances through NILM techniques, there is still a 
need for tools to economically monitor individual occu-
pants' energy consumption in office buildings.[2,9,19] As a 
springboard for developing a solution to address this need, 
extending the NILM concept from individual appliances 
to individual occupants could be investigated. Current-
ly, the growing advancement in building' energy and 
occupancy sensors which deliver data with high gran-
ularities, provides the possibility of distinguishing the 
energy information of a single occupant from a group 
of people.[2,9,12,14] Given this, a NILM-based approach 
might help in extracting this information.[20-23] Recently, 

there has been an especial emphasis in extending NILM 
concept to the occupancy sensing area. Through utilizing 
aggregate data provided by electricity meters in residential 
buildings, Chen et al.[24] and Kleiminger et al.[25,26] demon-
strated that a meter can be used as an occupancy sensor 
in houses; such occupancy information of houses has 
typically been exploited for promoting smart grids. With-
in the office settings, Ardakanian et al.[27] revealed how 
non-intrusive techniques could be utilized for real-time 
occupancy estimation; this information can make a great 
help in building system automation and demand-driven 
HVAC operation. Overall, such abilities in sensing occu-
pancy information based on the NILM concept particular-
ly indicate the possibility of extending this concept into 
occupancy energy consumption area. 

In order to extend a NILM-based technique for mon-
itoring occupant energy consumption, at the first step, 
the general structure of NILM approaches should be 
studied. In general, a NILM approach includes two 
main steps:[13,15,16] (1) selecting and characterizing appli-
ance-speciýc features; (2) developing an algorithm to de-
tect the features of different appliances in aggregate load 
data in order to identify how much electricity consumed 
by each appliance and when. In particular, each appliance 
has speciýc electrical/non-electrical features which should 
be precisely identified;[13,15,16,28-30] the success of a NILM 
approach critically depends on the features identiýcation. 
The electrical features are generally defined as a set of 
parameters which can be measured from aggregate load 
data.[31] Real power[17,32-35] reactive power,[36-40] harmon-
ic signals[41,42]  power factor,[43] shape features of volt-
age-current trajectory,[44,45] voltage noise,[46,47] and transient 
power[48–52] are the electrical features mainly utilized by 
conventional NILM approaches. Non-electrical features of 
appliances such as usage duration and time of the day also 
contributes to more accurate load disaggregation perfor-
mance.[53,54] For example, a printer in an ofýce space is not 
used from 6:00PM to 7:00AM and this non-electrical fea-
ture could tell that any information derived by an NILM 
algorithm regarding printer usage during this time could 
be incorrect.

With the signiýcance of features in mind and seeking 
to develop a NILM-based solution for monitoring occu-
pant-specific energy consumption, identifying electrical/
non-electrical features related to energy-consuming be-
haviors of occupants is necessary. Therefore, this paper 
identifies and examines occupancy-related energy-con-
suming features which could be utilized in developing 
NILM-based disaggregation approaches for estimating 
occupant-speciýc electrical energy consumption in ofýce 
buildings, which is still an extremely challenging issue in 
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these buildings [9]. The paper is structured as follows: Sec-
tion 2 introduces the features. The research methodology, 
experiment and hypotheses are presented in Section 3. 
Section 4 provides the results and discussion. In section 5, 
the limitations of this study are presented. Finally, conclu-
sions are provided in Section 6.

2. Occupancy-Related Energy-Use Features 
In general, to understand energy-use behaviors of oc-

cupants, literature has typically studied their energy-use 
intensity, energy-use efficiency, and energy-use entropy 
patterns [8,12,20,55]. In particular, the energy-use intensity 
patterns account for the amount of energy that occupants 
consume during working hours. Due to this fact that a 
NILM approach estimates how much energy is consumed 
by an appliance, the energy-use intensity patterns could 
be utilized as the occupancy-related energy-use features 
in developing a NILM-based approach for monitoring 
occupant energy consumption. To this end, finding such 
the patterns of individual occupants is favorable.In[19,56], 
by collecting data through an ILM method, it was statisti-
cally conýrmed that major energy-use actions (turn on/off 
appliances) of individual occupants are predominantly oc-
curred right after entering to a building (entry event) and 
right before leaving a building (departure event). There-
fore, it is of interest to extract energy-consuming informa-
tion of individual occupants at these events. Through[19,56], 
it was also revealed that each occupant has a recurring 
pattern for the power changes at the entry and departure 
events since she typically use a same set of personal appli-
ances repeatedly across different days. With these ýndings 
in mind and seeking to find occupants' energy-consum-
ing features, the recurring patterns of occupants' power 
changes (as an energy-use intensity patterns) at entry and 
departure events could be utilized as a feature in load dis-
aggregation processes.

Additionally, it was also found[19,56] that there is a delay 
interval between an occupants' entry/departure event to 
a building and the start/end of her energy-consuming be-
haviors (the creation of power changes at entry/departure 
events). Then, it was statistically proofed that each occu-
pant has a recurring consistent pattern for the delay in-
tervals at entry and departure events. This interval allows 
ýnding an occupant's time of starting/ending energy con-
suming behavior based on the time of her entry/departure 
event. Therefore, in a disaggregation procedure, the delay 
interval could act as a feature to detect the time when an 
occupant creates a power change at an event. 

In summary, it can be concluded that there are two 
features related to occupant energy-consuming behavior 
at entry/departure events in office buildings: (1) delay 

interval (ȹT), and (2) magnitude of power change (ȹP). 
The information of these features can be collected through 
existing sensing infrastructures (occupancy attendance 
systems and electricity meters) of ofýce buildings. Figure 
1 shows an example of these features for an entry event. 
Since each occupant has a recurring pattern for each of ȹT 
and ȹP [19,56], incorporating the information of these fea-
tures might allow extracting the power changes caused by 
occupants at the occupancy events (i.e., entry/departure 
events).  

Figure 1. Occupancy-related energy-use features: delay 
interval (ȹT) and power change (ȹP)

In order to investigate this, an experiment was conduct-
ed to collect required data in ofýce building and then to 
analyze the data through conventional supervised predic-
tion methods used in NILM literature. In addition, hypoth-
eses tests were also statistically checked the significant 
of features. The following sections provide the detailed 
description of the methodology and results.

3. Methodology

3.1 Experiment Design and Data Acquisition
An experiment was designed and conducted in an ofýce 
building over two months. The entire building has 2200 
square feet and it was fully occupied by eighteen staffs. 
Due to the different usage for each room of the building, 
various ofýce building appliances such as personal com-
puters, laptops, printers, scanners, video projectors, desk 
lamps, microwaves, refrigerators, and coffee makers, were 
used during the experiment. Five groups of staff were 
chosen as target occupants for this study.

In order to acquire the aggregate load data, a smart 
meter which collected data with 1-second interval res-
olution, was installed on a circuit which covered all 
outlets and end-users within the office space. Ground-
truth load data with 1-second interval resolution was 
also collected through plug load meters installed at the 
occupants' workstations. To detect the entry and depar-
ture events, a Wi-Fi sniffer was installed at the building 
to passively track the transmitted Wi-Fi packets of the 
occupants' smartphones.
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3.2 Method Selection
Aggregate energy-use data correlated with occupancy 
events during the experiment was identiýed and collected 
for each occupant. Figure 2 shows data points correlat-
ed with entry events (i.e., data points captured after the 
entry events) of one occupants in 20-min time-windows. 
Each data point is plotted by two features: ȹT measured 
in seconds, and ȹP measured in watts. The vertical axes 
in ýgure 2 were limited to the range of -200 to 200 watts 
for better visual demonstration of power changes caused 
by occupants. Positive ȹP at the entry events suggest the 
occupant increased their loads when entered.

Figure 2. Power changes correlated with entry events of 
an occupant; other data points are the power changes are 

not caused by the occupant
Figure 2 particularly demonstrates that aggregate data 

points (i.e., power changes) correlated with an occu-
pant's events could be divided into two groups: (1) power 
changes caused by the occupant (group 1), and (2) power 
changes not caused by the occupant (group 2). Figure 2 
particularly shows that the data points caused by each oc-
cupant are within a speciýc range of ȹT and a few values 
of ȹP among aggregate data provided by meters. There-
fore, the speciýc ranges/values might allow to utilize these 
features' information for extracting data points caused by 
occupants.

To check this, logistic regression model (logit model) 
was selected as a predictor to investigate the signiýcance 
of ȹT and ȹP in predicting the correct group of the data 
points. Logit model is the most common and widely used 
statistical regression method utilized in the terms of pre-
diction when there is a set of m independent predictor 
variables X={X1, X2, …, Xm}, and one binary response 
variable, Y [57,58]. Y determines two groups into one of 
which, a data point can be assigned. In general, a logit 
model is expressed by: 

Logit (ˊ)=ɓ0+ɓ1 X1+ɓ2 X2+...+ ɓm Xm� (1)
Where ɓ={ɓ0, ɓ1, …, ɓm} is a set of regression parame-

ters, and ˊ  (0<ˊ<1) is the estimated of Y and determines 

the value of probability which is used to predict the group 
of a data point. 

In addition, the logit model through estimated values 
for the set of regression parameters (ɓ), particularly pro-
vides an opportunity to statistically test the importance of 
features (X) used in the prediction process. Therefore, in 
this research, the feasibility of ȹT and ȹP in the correct 
prediction of the groups of data points also tested through 
the following hypotheses:

- Hypothesis 1. Predicting the correct group of data 
points by using ȹT as a predictor is feasible.

- H0: ȹT is not statistically signiýcant in the prediction 
process. 

- HA: ȹT is statistically significant in the prediction 
process.

- Hypothesis 2.  Predicting the correct group of data 
points by using ȹP as a predictor is feasible.

- H0: ȹP is not statistically signiýcant in the prediction 
process. 

- HA: ȹP is statistically significant in the prediction 
process.

3.3 Data Selection
Correct performance of the selected classiýers and predic-
tor depends to the size of time windows which capture the 
data points correlated with occupancy events. The points 
within these time windows are the input data for the 
classifiers/predictor. Figure 2 as an example shows data 
points captured through a 20-min time window. Selecting 
a big size for time windows (e.g., 2-hour time windows) 
provides a lot of data points which are not caused by a 
specific occupant and could disturb the performance of 
a technique which derive the occupant's data points.  On 
the other hand, small size time windows (e.g., 3-min time 
windows) cloud lead to losing some data points caused by 
occupants.

To address this issue, a size for time windows was 
selected in this study as follow. For entry events of an 
occupant, the maximum time of ȹT was estimated by the 
ground-truth data acquired for his/her entry events and 
considered as the size of the time window for his/her en-
try events. Then, this time window captured data points 
correlated with his/her entry events and put into a dataset 
which will be analyzed by the classifiers and predictor. 
Similarly, the size of time window for his/her departure 
events was also estimated and data points correlated with 
his/her departure events (data points caused before his/
her departure events) were captured and put into another 
dataset. Figure 3 shows a time window which selected the 
data points for departure event of an occupant. The neg-
ative ȹP suggests that this occupant reduced energy load 
when left the building.
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Figure 3. A time-window captures data points correlated 
with departure events of an occupant; other data points are 

not caused by the occupant

4. Results and Discussion
In order to run the predictor, and hypothesis testing on the 
datasets, R-programming, an open-source statistical lan-
guage, was selected. The following results were achieved 
through the predictor implementations. 

4.1 Predictor Performance
In this study, there were two possible groups for a data 
point: group 1 and group 2. ȹT and ȹP also act as inde-
pendent predictors. Therefore, the logit model used in pre-
dicting the correct group of the data points was expressed 
by Logit (ˊ)=ɓ0+ɓ1 æT+ɓ2 æP.

The performance of a logit model in predicting pro-
cesses signiýcantly depends on the cutoff point which is a 
threshold deýned for . In this study, for each occupant, all 
possible values of the cutoff point (all values between 0 
and 1) were examined to understand how the logit regres-
sion model performs for different cutoff values. Accord-
ingly, receiver operating characteristic (ROC) curves were 

utilized to illustrate the performance of the logit model for 
all cut off values; a ROC curve visually demonstrates the 
performance of a binary classifier or predictor when the 
threshold is varied.[59,60] For each value of the cutoff point, 
a confusion matrix returned number of true positives (TP), 
true negatives (TN), false positives (FP), and false nega-
tives (FN). Then, the curve is allowed to show the tradeoff 
between true positive rates (TPR) against false positive 
rate (FPR) for all values of the point. TPR and FPR are 
deýned as follows: 

� (2)

� (3)

These metrics are ranged between 0 and 1. While the 
higher value of TPR indicates the more accuracy, the 
lower values of FPR indicate the better results. Figure 4 
demonstrate the ROC curve generated for the occupants' 
events. TP, FP, TN, and FN contributed with the same 
weight to TPR and FPR and the equal error cost was con-
sidered during the process.

The ROC curves in ýgure 4 typically demonstrate the 
higher TPR compared to FPR for all occupancy events. 
In particular, the curves for few events (e.g., entry events 
of occupant 2) touched the 45-degree line in a few points 
which indicates some values of cutoff points for these 
events leaded to worthless predictions (FPR is equal to 
TPR). The stochastic nature of ȹT and the possibility of 
coincidence in ȹP with similar magnitude could be the 
main source of errors in the prediction procedure. Fur-

Figure 4. Roc curves: (a, b, c, d, e) entry events, (f, g, h, i, j) departure events
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thermore, more the area under curve (AUC) for departure 
events of occupant 3 compared to the events of all occu-
pants, indicating more accurate prediction for data points 
of this occupant at departure events.  Overall, the ROC 
curves in ýgure 4 demonstrated that using ȹT and ȹP for 
appropriately predicting power changes caused by occu-
pants with higher TPR to FPR rates is feasible.

4.2 Hypotheses Test Results 
For entry and departure events of each occupant, the max-
imum likelihood estimation was used to estimate the set 
of parameters for . Then, the estimated values were tested 
through Wald and Likelihood-Ratio (LR) tests for the 
constructed hypotheses; Wald and LR tests are the tests 
mainly utilized to statistically investigate the importance 
of parameters in a regression analysis [61]. Table 1 lists the 
results of the tests. 

The results of LR and Wald test draw a same conclu-
sion for events of individual occupants. The statistically 
signiýcant p-values give evidences for rejecting null hy-
potheses for all events and indicate that ȹT and ȹP are 
statistically signiýcant to derive power changes caused by 
occupants among aggregate data points.

4.3 Further Discussion on the Results 
The ROC curves achieved through the logit model, and 
the statistically significant p-values obtained for the hy-
pothesis tests revealed that using ȹT and ȹP for extracting 
power changes caused by occupants from data provided 
in building operations is feasible. The information of ȹT 
and ȹP is collected from existing occupancy and energy 
sensing infrastructures in office buildings, without in-
stalling new hardware. As discussed, the possibility of 
coincidence in data points with similar ȹT and ȹP could 

be interpreted as the main source of error which did not 
allowed the classiýers and predictor to achieve the maxi-
mum performance (highest accuracies).

Furthermore, Figure 2 and 3 demonstrate data points 
caused by occupants are limited to the few value of ȹP 
which means these data points caused by personal ap-
pliances typically used during the experiment. Through 
the help of the acquired ground truth data, it was ýnally 
found that these data points were caused by the personal 
computers used at the workstations. In fact, since the per-
sonal computers were typically used every day during the 
experiment, their caused data points (power changes) had 
most frequently in datasets which allowed making dense 
clusters; such clusters were utilized by classiýers/predic-
tor.

Currently, NILM techniques typically provide the ener-
gy-use information of the major appliances (use the most 
energy) in a building [13,15,16]; this information is valuable 
in enhancing overall energy efficiency in built environ-
ments. Similarly, ȹT and ȹP helped extracting energy-use 
information of the personal computers which were the 
major appliances with maximum frequency of usage at the 
occupants' workstations during the experiment. Accord-
ingly, the energy-use data of personal computers could 
provide valuable information for understanding occupants' 
energy-use behaviors.

5. Limitations 
While current energy and occupancy sensing infrastruc-
tures in offices building have not been demonstrated to 
be suitable to provide real-time occupants' energy-use 
behavior information, the results of this study indicated 
that such infrastructures have capacity to provide occu-
pant-specific energy-use information at entry and depar-

Table 1. Wald and LR tests results

Occupant Hypothesis

Entry Events Departure Events

Wald Test LR test Wald Test LR test

Z-value P-Value -2log( ) P-Value Z-value P-Value -2log( ) P-Value

1
1 2.637 0.00837 7.531 0.00606 2.722 0.00648 7.648 0.00568

2 2.028 0.04258 9.527 0.00202 -3.419 0.00062 11.504 0.00069

2
1 2.504 0.01229 11.350 0.00075 -2.279 0.02266 12.151 0.00049

2 -3.867 0.00011 16.942 3.85e-05 4.724 2.31e-06 24.688 6.74e-07

3
1 2.391 0.01679 14.831 0.00011 -3.416 0.00063 12.213 0.00047

2 -5.029 4.94e-07 37.395 9.64e-10 4.753 2.01e-06 36.208 1.77e-09

4
1 1.960 0.04999 13.342 0.00025 -5.119 3.07e-07 37.654 8.447e-10

2 4.707 2.51e-06 53.612 2.44e-13 6.279 3.40e-10 60.741 6.51e-15

5
1 2.471 0.01347 9.978 0.00158 2.911 0.00360 8.124 0.00436

2 -3.750 0.00017 46.557 8.90e-12 3.559 0.00037 26.585 2.52e-07
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ture events. The main objective of this paper was to assess 
whether the two proposed features are able to derive occu-
pant-speciýc power changes based on the NILM concept. 
This objective was confirmed through the results from 
the logit model. However, this research is subject to some 
limitations.

As discussed, the results significantly depend on the 
size of time-windows which select data points. In this 
research, the size was selected based on the maximum ȹT 
in each dataset. In fact, due to the lack of enough data, 
no analysis such as a sensitivity analysis could result in 
strong conclusions. Accordingly, further research into 
different sizes of time windows through various datasets 
would be beneýcial to recommend the optimal size for a 
time window which lead to higher accuracies.

Furthermore, in this study, all data points correlated 
with an occupancy event were studies together in a time 
window. However, considering one time-window for each 
day based on its ȹT and studying data points in individual 
daily time windows might suggest an optimal size for the 
time window. Such individual daily time windows might 
also help looking more in depth into occupants' ener-
gy-use information.

6. Conclusion
This research was the ýrst step in developing a non-intru-
sive occupant load monitoring approach in office build-
ings. The results from implementing the predictor and 
hypothesis tests on aggregate load data from a building 
conýrmed the feasibility of ȹT and ȹP in non-intrusively 
extracting power changes caused by occupants at entry/
departure events. Compared to the previous research ex-
tended the NILM concept for occupancy sensing, this re-
search extended this concept for monitoring occupant-spe-
ciýc energy consumption. Furthermore, within the ofýce 
settings, building management systems have utilized in-
creasingly extensive sensor networks, but these networks 
fail to leverage aggregate load data as a measurement of 
occupant-specific energy consumption. However, this 
study particularly shows that without installation any ad-
ditional hardware in an office building, the information 
provided by current infrastructures (i.e., Wi-Fi networks 
and metering devices) could be utilized for monitoring in-
dividual occupants' energy-use information. Overall, this 
study presents promising options for future research into 
occupant energy sensing in office buildings at minimal 
costs.
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ABSTRaCT

This paper presents a methodology to optimize building envelope energy performance for 
multi-storey residential buildings using a design performance model approach. Five analysis 
techniques, applied to a database of parametric simulation results, are proposed to derive in-
formation on various building performance features that can support early design decisions. 
Information may include optimal combination of design parameter values to achieve lowest 
energy consumption, or the relative impact of design parameters on a given design, such as 
a base case. A workþow template is established to provide support for the design process of 
energy efýcient multi-storey residential buildings. This template can form a basis for the de-
velopment of an interactive tool that integrates energy performance principles into early stage 
design decisions. The application of this methodology to a building in Vancouver (BC, Cana-
da, 49°N) is presented as a case study. Results of this application demonstrates that adopting 
a speciýc combination of building envelope parameters, thermal load can be reduced by up to 
85% as compared to a base case designed according to commonly built apartment buildings in 
the studied location.
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1. Introduction

The achievement of a highly energy efýcient build-
ings, which aim at minimizing negative environ-
mental impact, requires implementing energy 

efýciency principles at early design stages, with particular 
attention to envelope design [1,2]. Building envelope de-
sign plays a signiýcant role in the energy performance of 

multi-storey buildings, both residential and commercial. 
Increasing the efficiency of building envelope, coupled 
with improved climate control technologies, is considered 
as one of the main design strategies in achieving highly 
sustainable buildings [3,4,5]. Moreover, the design of build-
ing envelope can be manipulated to increase the potential 
of buildings to generate renewable solar energy [6,7].
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Building simulation tools that allow flexibility in de-
sign, combined with feedback on energy performance, can 
be instrumental in exploring design solutions and their 
impact on building performance. Implementation of de-
sign performance models (DPM) is a convenient strategy 
for optimizing building envelope for energy performance 
at early design stages, allowing þexibility and ease of ap-
plication in responding to design changes [8]

Several researchers have attempted to develop tools to 
facilitate the design and energy performance analysis of 
buildings, both in new buildings and for retroýt purposes.  
Ochoa and Capeluto [9] propose an interactive tool, based 
on the EnergyPlus simulation software, to provide alter-
native facade design configurations to support decision 
making during the early design stages of homes in hot 
climates. Alternative facade design scenarios are provid-
ed based on geographical location, building orientation, 
occupancy type, degree of automation, natural lighting, 
contextual setting, and building depth. 

Attia et al. [10] propose an interactive tool, ZEBO, which 
employs a DPM approach to provide support for early 
design decisions based on building envelope parameters 
including orientation, shape, window size/type, wall/roof 
insulation, and passive solar shading controls. Hemsath [11] 
discusses the importance of using building performance 
simulations to inform decisions during the early stages of 
design for buildings. Conceptual design elements include 
building orientation, geometry/shape, envelope material/
thermal resistance, window to wall ratio (WWR), shading, 
thermal mass, renewable energy, inýltration, and others.
The parameters that need to be considered in modelling 
buildings' energy performance in a given geographic lo-
cation vary according to, the type of building, the stage 
of design and its complexity and the objectives to be 
achieved. A large body of research discusses various pa-
rameters implemented in the simulation of energy perfor-
mance, methods of modelling of buildings, and different 
methods of performance analysis. Yēldēz, and Arsan [12] 
employ sensitivity analysis to identify building parameters 
that inþuence thermal energy loads of apartment buildings 
in hot-humid climates, including design parameters such 
as window size, indoor space height, and features of mate-
rials. Samuelson et al. [13] employ an exhaustive parametric 
method to calculate all possible combinations of a discrete 
set of building envelope parameters,  including WWR, 
glass type, building orientation, building shape and wall 
insulation. Echenagucia et al [14] employ genetic algorithm 
optimization to minimize the energy need of a 5-story of-
ýce building for heating, cooling and lighting, by varying 
building envelope design parameters. These parameters 
include thickness of the masonry walls, number, position 

and shape of the windows and the type of windows.
Statistical methods are employed to obtain informa-

tion related to the impact of various design parameters on 
performance. Hygh et al. [15] use a Monte Carlo algorithm 
and EnergyPlus simulations to develop a multivariate lin-
ear regression model based on a large number of design 
parameters for a rectangular ofýce building. Standardized 
regression coefýcients are calculated to show the relative 
impact of each of the input parameters on heating, cool-
ing, and total energy loads. Tian [16] discusses a variety of 
sensitivity analysis methods that are applicable to building 
energy analysis.

While a rich literature exists on optimizing energy 
performance of buildings of specific configurations and 
environments[17,18], the objective of this paper is to present 
a generalized methodology to optimize building envelope 
energy performance of multi-storey  buildings during the 
early design stage, while providing flexibility in setting 
design parameters. Despite the fact that the proposed 
methodology is developed with residential buildings in 
mind, it can be extended to include other types of build-
ings, including multifunctional. . 

The proposed methodology includes five modelling 
analysis techniques that can be employed to analyse the 
output of exhaustive parametric study of building enve-
lope design parameters. A simpliýed þow-chart is provid-
ed to illustrate the main stages of this methodology and 
the potential of each of these techniques to provide specif-
ic information to support design decisions. 

A case study of a residential building in Vancouver (BC, 
Canada, 49°N) serves to illustrate the application of the 
methodology in a speciýc design.

2. Methodology and Simulations 
The methodology presented in this paper consists of the 
following stages. First, a base model is developed at the 
suite level to represent typical multi-storey residential 
buildings in the relevant location (Vancouver, Canada in 
the case study). Next, a parametric study is designed to 
investigate the effects of selected building envelope pa-
rameters on energy performance.  Finally, the output of 
the parametric study is analysed using design performance 
modelling techniques.

2.1 Parametric Study
An extensive parametric study is developed to investigate 
parameters associated with the building envelope expected 
to inþuence energy performance. Each of the parameters 
is incremented at discrete input intervals over a range of 
values expected to be valid for the considered design and 
combinations of parameters are simulated to measure the 
predeýned energy performance. Once every combination 
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of the parameter values has been evaluated, a database of 
response variables corresponding to all parameter combi-
nations is created to serve as a base for further analysis. 
The simulations are performed separately for each res-
idential unit of the base model, in order to account for 
differing climatic effects on energy performance of units 
of differing positions and orientations. The following sec-
tions summarize the simulation software utilized in this 
research, details of the parametric workflow, definitions 
of design parameters, and the response variables that are 
included in the analysis.

2.1.1 Simulations

EnergyPlus v8.5 is selected to conduct all building design 
simulations. These simulations aim at determining the 
annual thermal energy required for heating and cooling of 
the studied apartments, as well as the electric load for ap-
pliances and equipment, and the PV electricity generation 
potential. The weather ýle for the studied region (Vancou-
ver, Canada in the case study – section 3, [19]) is employed 
in the simulations. The parametric study is conducted 
following the methodology of software package jePlus [20], 
where discrete values are assigned to variables deýned in 
an EnergyPlus input data ýle. EnergyPlus simulations are 
performed for each combination of the input parameter 
values to build a database of annual energy performance 
associated with each of the residential suites. 

This approach allows a full set of results to be comput-
ed without reference to order of precedence of parameters. 
There is, however, a practical limit to the number of sim-
ulations that can be included in the study, based on soft-
ware and data processing resources. This limitation needs 
to be considered when selecting ranges and intervals of 
parameter values. 

In the proposed modelling, residential suites are sim-
ulated individually, assuming that only the exterior wall 
interacts with the outside environment.  All interior walls, 
þoors, and ceilings are set to 'adiabatic', implying no heat 
transfer through these surfaces. This assumption reflects 
the scenario where the suite is mid-level in the building, 
and has neighbouring suites with similar temperature set-
tings.

2.1.2 Input Parameters and Response Variables

Input parameters are selected, based on their anticipated 
influence on energy performance, as identified by large 
body of research [1,17,18,21]. The nature, and particular-
ly values of parameters, depend on the climatic region 
considered. While the ten parameters considered in this 
investigation (see case study, section 3) are selected with 
northern climate in mind, primary parameters, such as 
wall insulation, thermal mass represented by a concrete 

slab, glazing size and properties, are expected to feature 
in the majority of climatic conditions, albeit at varying 
ranges of viable values. The increment of values for each 
parameter is set to provide sufýcient data to deýne a trend, 
while keeping the overall number of simulations to a man-
ageable number (due to software limitations, as mentioned 
above). 

Typical response variables employed to indicate the 
performance of various building envelope designs are 
heating and cooling loads, heating and cooling energy 
consumption, electrical loads (including lighting, domestic 
hot water, and appliances), and, optionally, photovoltaic 
electricity generation potential. Heating and cooling loads 
account for various heat transfer mechanisms through the 
building envelope, solar heat gain and various internal 
heat gain sources (e.g. people, lights and appliances). 
Heating and cooling energy is based on heating and cool-
ing loads, but may be modiýed by climate control devices, 
such as a heat pump. PV potential represents the amount 
of energy generated by photovoltaic cells integrated into 
the opaque surfaces of exterior façade surfaces, as well as 
the upper surface of window overhangs (when available). 

The results from each simulation have a unique pattern 
of heating and cooling loads (and PV potential), depend-
ing on the geometry and materials used in the design. It is 
important to keep in mind that heat gain or loss can be ei-
ther beneýcial or costly depending on the need for heating 
or cooling. For example, solar heat gain can be beneýcial 
to supplement mechanical heating during the winter, but 
can contribute to overheating of the suite during the sum-
mer. Similarly, the heat gains from internal loads (occu-
pants, lighting, and equipment) can be a beneýt or a cost 
depending on the interior temperature balance.

2.2 Design Performance Modelling Analysis Tech-
niques
The American Institute of Architects (AIA) distinguishes 
two concepts for evaluating energy related design: design 
performance modelling (DPM) and building energy mod-
elling (BEM) ([8]. Whereas a BEM is designed to reflect 
the detailed geometry and materials for a building to en-
sure compliance with energy codes and targets, DPM is a 
less complex and time-consuming procedure to evaluate 
energy use at the design stage before the building is ýnal-
ized. The methodology employed in this study follows the 
concept of DPM by generalizing basic envelope param-
eters to allow designers to get rapid feedback on various 
conýgurations of envelope components without expending 
the effort to build a detailed energy model. EnergyPlus 
simulations are primarily based on forward modelling [22], 
and it supports both BEM and DPM approaches. 

In this section, five data analysis techniques are pre-
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sented to analyse data created by the parametric simula-
tion. These methods include reduction, extreme scenarios, 
sensitivity analysis, trend analysis and optimization.  
Trend analysis was employed by RDH Building Engineer-
ing [23] to optimize a base model for a typical multi-storey 
residential building in Vancouver. The sensitivity analysis 
technique is a statistical method applied by Hygh et al [15] 
to prioritize the significance of input variables. Extreme 
scenarios were introduced for an exhaustive parametric 
study by Samuelson et al[13]. The Reduction and optimi-
zation techniques are proposed in this research to explore 
the full population of simulation results created in the 
parametric study. Any combination of these analysis tech-
niques can be employed in a given design based on design 
priorities.

2.2.1 Reduction

The reduction technique allows the user to set a perfor-
mance threshold to remove design options that do not 
achieve the desired performance level. Some values of en-
velope parameters are complementary, while others are in 
conþict, resulting in poor energy performance. For exam-
ple, designs that combine large windows, high solar heat 
gain coefýcient (SHGC), and no solar shading controls are 
conducive to high cooling loads. On the other hand, de-
signs that combine high inýltration rates, large windows, 
low U- values, and low wall insulation values have high 
heating loads. The worst performing designs combine pa-
rameters that result in high heating and cooling loads.

This analysis technique is proposed to allow users to 
filter out design options based on a threshold of energy 
performance. Using the results from all simulations in 
the parametric study, and a threshold setting for one or 
more response variables, a subset of the available design 
options is removed from consideration. In some instances, 
a design parameter will only be available when combined 
with certain elements. For example, if larger windows are 
desired, it may be necessary to include shading overhangs 
and low SHGC glazing in order to minimize cooling load 
requirements. 

2.2.2 Extreme Scenarios

This technique, which is, in fact, a simpliýed optimization 
technique, queries the simulation database for extreme 
scenarios based on a selected metric. Examples of extreme 
scenarios include lowest net energy, lowest heating load, 
lowest combined heating and cooling load, and highest 
PV generation. Since the parametric study is conducted 
at the suite level, it is possible to query the database for 
scenarios where all suites have the same parameter values, 
as well as scenarios where heterogeneous designs among 
various suites are allowed. For example, the optimal win-

dows to minimize net energy for the suites on the south 
orientation may differ from the north-oriented suites.

This DPM technique is a quick method to identify 
combinations of envelope parameters which yield the best 
outcome for a specific metric. When combined with the 
optimization technique, discussed in section 2.2.5 below, 
the designer can for instance start with an extreme sce-
nario and make incremental changes until an acceptable 
balance between energy performance and other design 
requirements is achieved.

2.2.3 Sensitivity Analysis

Sensitivity analysis allows to recognise the most signiý-
cant parameters, which affect building performance and, 
thus to concentrate design and optimization of buildings 
on these parameters [24]. Standardized regression coeffi-
cients (SRCs) are calculated to indicate the relative impact 
that input variables have on a selected output metric [25]. 
Hygh et al.[15] calculated SRCs to investigate the sensitiv-
ity of input variable changes on heating and cooling loads 
for a commercial office building. Calculating SRCs for 
a given scenario provides valuable context to prioritize 
design decisions based on maximizing impact. For exam-
ple, if during the design process, limitations exist to select 
a number of design element of the building envelope to 
optimize energy performance while responding to budget 
constraints, this technique allows selection of the most 
impactful design parameters to adopt. 

While sensitivity analysis is initially applied to the base 
case design, it can be re-calculated to analyse a subset 
of the data that remains after employing one of the other 
techniques listed in this section. For example, the designer 
may want to know which input variables will be most in-
þuential at reducing the heating load of a design with 80% 
WWR. The results of the analysis of this subset of data 
may vary signiýcantly from the original scenario.

Once the most important variables are identified, the 
designer will need to know whether there are trade-offs or 
synergies associated with them. This analysis is discussed 
below.

2.2.4 Trend Analysis 

A significant aspect of design performance modelling is 
to delineate the relationships between input and response 
variables for various design scenarios. Trends that are 
observed when altering the base model may not be con-
sistent with trends that are observed for alternative start-
ing points for the conceptual design. For example, if the 
design is constrained to have high WWR and low wall 
insulation, the relationships between the remaining input 
variables and results can vary signiýcantly from the base 
model trends.
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Using the full set of results from the parametric study, 
or a subset of results deýned by one of the other analysis 
techniques, trends can be investigated between the input 
and output variables. Plotting multiple input variables 
against a response variable can identify trade-offs or syn-
ergies that exist. For example, WWR and overhangs both 
affect the thermal loads of a building. As WWR increas-
es, so does the heating load due to the relatively higher 
conductive heat losses through the glazed area. Also, as 
WWR is increased, the opaque area available to integrate 
solar technologies (if this is part of the design consider-
ations) is reduced, limiting the capacity for renewable 
energy generation. As window overhangs are increased in 
length, cooling loads are decreased due to the reduction of 
unwanted solar heat gains, and available opaque area for 
potential integration of photovoltaic cells is increased. By 
combining these two input parameters in a trend analysis, 
the overall effect of these parameters on net energy con-
sumption can be evaluated for a given design scenario.

This DPM analysis technique can be focussed by ýlter-
ing the population of simulations to explore incremental 
changes to a speciýc design, or can be broadened by aver-
aging a range of parameter values. It can be employed to 
showcase the interdependent nature of various design op-
tions. For example, the effect of changes in WWR, regard-
less of the window type, can be investigated by averaging 
the range of results for all values of U-value and SHGC.

2.2.5 Optimization 

Optimization is deýned, in the general sense, as a proce-
dure minimizing or maximising the value of a parameter, 
subject to prescribed constraints. In the present context 
the parameters being optimised are energy performance 
parameters, in terms of selected response variables. Since 
all combinations of the input parameters are simulated in 
the parametric analysis and values of the response vari-
ables are stored in the data base, any design scenario that 
combines parameter values under given constraints can 
be investigated. The simpliýed optimization technique re-
ferred to under Extreme Scenarios (section 2.2.2), consists 
of selecting design parameter combinations that optimize 
selected response variables, such as minimizing total ener-
gy consumption or net energy consumption. The extreme 
scenario technique, which considers all parameter com-
binations in the data base can be modiýed to account for 
specific constraints applied to selected design parameter 
values, such as requiring a ýxed value or a limited range 
of values. For instance, a minimal WWR or daylight-
ing values may be prescribed for aesthetic and comfort 
considerations. However, the constraints may be more 
complex than specifying values to certain parameters. For 

instance, limiting costs involves a wide range of param-
eters and determining the values of the main parameters 
that govern cost is a more rigorous procedure than the ex-
treme scenario.   This procedure, that involves incremen-
tal changes to input parameters, is illustrated in the case 
study presented below.

2.3. Interactive Workþow template for Design 
Performance Modelling
Although design is an iterative process, energy perfor-
mance characteristics of the building envelope are often 
determined during the conceptual design stages [8]. De-
sign performance models (DPM) offer a direct, flexible 
approach to evaluating the energy performance at early 
stage building designs. The ýve design performance mod-
elling techniques discussed above can be integrated into 
an interactive template of modelling workþow, to provide 
support for the design of multi-storey residential build-
ings. Figure 1 is a representation of the workþow template 
proposed in this paper. This template has the potential of 
being developed into an interactive tool for early design 
stage of energy efýcient buildings.

The workþow consists of two phases. Phase 1 includes 
the construction of the base model and parametric simula-
tion of energy performance of each unit to generate a data 
base of energy performance. Phase 2 involves the five 
data analysis techniques discussed above.

Stage 1 starts with input of the "background informa-
tion" including location of the building , followed by geo-
metric data and then followed by the parametric energy 
performance simulations and compilation of the database 
of response variables of all envelope parameter combina-
tions (on individual unit basis). Stage 2 starts with reduc-
tion and the other analysis techniques, which produce as 
output the parameter levels and response variable values 
of the resulting design. Reduction technique is used to 
exclude all results that do not meet minimum energy efý-
ciency requirements. An examination of the lowest net en-
ergy extreme case is presented to provide context around 
the range of possible outcomes. A sensitivity analysis in-
dicates the parameters manipulation of which has the big-
gest impact on outcomes. Trend analysis is presented to 
showcase the interdependent nature of some of the design 
options. Optimization technique enables obtaining optimal 
set of parameter values that maintain speciýc constraints, 
such as relating to non-technical aspects like aesthetics, 
comfort etc. 

An illustration of the implementation of the workþow 
template for design performance modelling of a residen-
tial building in Vancouver, Canada is presented in section 
3.3 below.
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3. Case Study
In this section the methodology outlined in section 2 is 
applied to a residential building in Vancouver, Canada 
(49oN). The presentation of the analysis and design proce-
dures follow the general layout of section 2.

3.1 Base Case
The geometry of the residential suites that make up a sam-
ple þoor plan is shown in Figure 2. This þoor is assumed 
to be located in the mid-section of a 12-story building. 
Each suite has the same þoor area of 90m2, with full width 
windows on each exposed façade. Consequently, the cor-
ner suites on the SW, SE, NW, and NE have double the 
glazed area as the single-façade suites on the S, E, W, and 
N sides of the building. The central area, labelled 'C', is 

the common area that contains the corridors and service 
core of the building. This area is not included in the cur-
rent study for the sake of simplicity.

The base case is designed to represent the existing 
multi-storey residential buildings in the Vancouver area 
built over the last 40 years, which is still representative of 
the majority of the existing building stocks. This base case 
is employed as a reference against which energy perfor-
mance associated with building envelope improvements 
are measured.  Table 1 shows the parameters adopted to 
represent the base case for the current study, together with 
the source for each parameter.  Representative parameters 
for existing  building stock are based on an analysis by 
RDH Building Engineering Ltd [23]. Data from Canadian 
Mortgage and Housing Corporation (CMHC)[26] is used 

Figure 1. Design performance modelling workþow template

Figure 2. (a) Geometry of the eight unique suites of a story of the base case, and common area 'C'; (b) Illustration of the 
use of overhang and ýns in the simulations.
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for occupancy levels, ASHRAE 62.1 is referenced for the 
ventilation rate, and the schedules from the National Ener-
gy Code (2011) for Buildings [27] are used for all cases. 
PV panels are assumed to cover all opaque areas (exclud-
ing the north facades), including overhangs when applied. 
A 12% PV efýciency is assumed  in the simulations (using 
EnergyPlus). The study assumes all-electric scenarios, 
to allow valid comparison of PV electricity generation 
potential of the residential units, to their total electricity 
consumption.

3.2 Parametric Study

3.2.1 Input parameters and Response Variables

Parameters identified, with the objective of optimizing 
the performance of the base case, are listed in Table 2, 
with the discrete values that are substituted in the simula-
tions.  Parameters include wall insulation, thermal mass, 
represented by a concrete slab, inýltration rates, shading 
overhangs (presented as the ratio of overhang width to the 
height of the window), window ýns (measured as ratio of 
the fin width to the window width) (see Fig 2), internal 
blinds, window U-value and solar heat gain coefficient 
(SHGC), window to wall ratio (WWR), ventilation heat 
recovery, and façade orientation.  Although concrete slab 
and ventilation heat recovery are not associated with the 
envelope design of the building, they constitute important 

factors in designing energy efýciency, when considering 
passive solar gains capture and energy transfer mecha-
nisms. The number of values for each parameter are set to 
provide sufýcient data to deýne a trend, while keeping the 
overall number of simulations manageable. 

The window U-value/SHGC values shown in Table 2 
correspond to the window assemblies presented in Table 
3. The base case window (see Table 1) is representative of 
the existing multi-story residential building stock in the 
Vancouver area  [23]. The NECB 2011 minimum window 
is the prescribed U-value under NECB 2011 8 with an 
assumed solar heat gain coefficient (SHGC) and visible 
transmittance (VT) based on the triple, low-e, high SHGC, 
argon ýlled window.

The main response variables employed to indicate the 
performance of various building envelope designs are 
heating and cooling loads, heating and cooling energy 
consumption, electrical loads, and potential photovolta-
ic electricity generation assuming BIPV installed on all 
opaque surfaces and overhangs of east, south and west fa-
cades. Net energy is calculated for each suite based on the 
heating energy, cooling energy, electrical loads, and PV 
potential using the following formula:

Net Energy=Heating+Cooling+Lighting+Equipment+ 
Hot Water-PV

Heating and cooling energy is calculated assuming 

Parameter Value Units Source

Plug Load 5.6 W/m2 RDH, 2012

Suite Lighting Load 8.7 W/m2 RDH, 2012

Inýltration Rate 0.572 ACH RDH, 2012

Ventilation Rate 0.35 ACH ASHRAE 62.1

Temperature Setpoint (day) 22 °C RDH, 2012

Temperature Setback (night) 18 °C RDH, 2012

People Load 1.9 Persons per suite CMHC, 2013

Suite Area 90.67 m2 RDH, 2012

Window to Wall Ratio 46 % RDH, 2012

Overall Wall R-value 0.63 m2K/W RDH, 2012

Overall Window U-value 3.97 W/m2K RDH, 2012

Window SHGC 0.67 dimensionless RDH, 2012

Storey Height 3 m Modiýed from RDH, 2012

Occupancy Schedule fractional NRCAN, 2011

Suite Lighting Schedule fractional NRCAN, 2011

Plug Load Schedule fractional NRCAN, 2011

Weather Data Vancouver .epw ýle U.S. Department of Energy, 2016

Photovoltaic Cell Efýciency 12 percent Installed in all opaque areas

Table 1. Base case parameter values
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that a heat pump with Coefýcient of Performance (COP) 
of 4.0 is used to deliver heating and cooling to the suites. 
Electrical loads are associated with lighting and electrical 
equipment, excluding the heat pump. Energy requirements 
for lighting and equipment are based on NECB 2011[27], 
and domestic hot water requirements are set to 2.62 KWh/
occupant/day[29]. Assuming an average occupancy of 1.9 
people per suite[26] the energy required for domestic hot 
water (DHW) is 1817 KWh/year/suite. The energy re-
quirements for the common areas (i.e.: corridor heating 
and lighting) and centralized services (i.e.: elevators, lob-
by) and the solar energy generation from the roof of the 
building are not included in the calculation.

3.3 Design Performance Modelling
This section details the application of the workþow tem-
plate for design performance modelling (DPM) as out-
lined in Figure 1. The analysis techniques employed in 
the performance modelling in this case study are carried 
out primarily through Excel spreadsheet processing of the 
database generated by EnergyPlus simulations.

3.3.1 Sample Case

The example presented below represents an updated scenar-
io of the base case corresponding to NECB 2011 minimum 

requirements (Tables 2, 3). A PV system, which is not in-
cluded in the minimum requirements, is assumed. Figure 3 
shows the total heating energy, cooling energy, PV poten-
tial, and electrical loads for this energy code scenario for 
the eight-suite þoor plate. The Ratio of energy generation 
to total consumption for all eight suites reaches 26%.

Figure 3. Sample case heating, cooling, PV, and electrical 
loads for the eight suite þoor plate

At this point, the optimization technique (presented in de-
tail below) can be used to explore the effects of modifying 
individual input parameters. However, for this case study, 
the reduction technique is used first to limit the field of 

Assembly Frame U-Value SHGC VT

Base case window (RDH 2012)   3.97 0.67 0.7

Double, low-e, high SHGC, argon ýlled Aluminium 3.63 0.38 0.61

Double, low-e, low-SHGC, argon ýlled Aluminium 3.57 0.26 0.49

NECB 2011 minimum U-value window (NRCAN 2011) 2.2 0.41 0.50

Triple, low-e, high SHGC, argon ýlled Improved non-metal 1.14 0.41 0.5

Triple, low-e, low SHGC, argon ýlled Improved non-metal 1.08 0.18 0.37

Quadruple, low-e, high, SHGC, krypton ýlled Improved Non-metal 0.77 0.41 0.36

Table 3. Window assemblies used for the base case and parametric study [28]

Parameters Units Values

Wall RSI m2K/W 1.76 3.6 6.2 8.8

Thermal Mass 10cm slab with carpet 10cm slab 20cm slab

Inýltration ACH 0.03 0.09 0.27 0.57

Overhang/Window Ratio % 0 33 66 100

Fin/Window Ratio % 0 16 48 100

Window U-value/SHGC W/m2K 0.77 / 0.41 1.08 / 0.18 1.14 / 0.41 2.2 / 0.41 3.57 / 0.26 3.63 / 0.38

Window/Wall Ratio % 20 40 60 80

Internal Blinds zone > cooling SetPoint Always Off

Heat Recovery % Sensible 0 65 85

Façade Orientation SW S SE W E NW N NE

Table 2. Envelope parameters and values considered in this research
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