
 

1 

 

A High-Resolution Data-Driven Approach for Calibration of Cooling 1 

Energy Models 2 

Morteza Haddadi1, Abbas Rajabi-Ghahnavieh1*, Natasa Nord2 3 

1Department of Energy Engineering, Sharif University of Technology, Azadi Ave., Tehran, Iran 4 

2Department of Energy and Process Technology, Norwegian University of Science and Technology, Trondheim, Norway 5 

*Corresponding author: Email: Rajabi@sharif.edu, Fax: +98-21-66081722, Tel.: +98-21-66166105 6 

Keywords  Abstract 

 

Building energy calibration 

Cooling model 

Energy Management 

Building operation 

 

 
Building energy simulation is widely employed to support sustainable design, retrofit evaluation, and 

operational decision-making. However, the reliability of such applications depends critically on accurate 

model calibration. This study proposes a novel calibration methodology for building cooling load models 

that leverages high-resolution data to enhance accuracy and robustness. The approach extends the 

ASHRAE Residential Cooling Load Factor method by introducing the Tuning Night and Day Cycle 

(TNDC) technique, which differentiates between nighttime and daytime thermal dynamics. Specifically, 

nighttime cooling loads are exploited to identify infiltration rates, while daytime loads are utilized to 

estimate the solar heat gain coefficient. An integrated simulation framework was developed using 

EnergyPlus and the Python-based package OpyPlus to implement the proposed method. The approach 

was validated through a case study of an office building, demonstrating substantial improvements in 

calibration accuracy: the normalized mean bias error (NMBE) decreased from 44% to 1%, and the 

coefficient of variation of the root mean square error (CV(RMSE)) was reduced from 53% to 24%. These 

results highlight the potential of TNDC as a rigorous and scalable strategy for improving building energy 

model calibration using high-resolution data. 
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1. Introduction 9 

Buildings are among the most energy-consuming sectors [1]. One-third of the global carbon emissions are generated from 10 
residential, commercial, and institutional buildings [2]. Therefore, improving building energy efficiency is considered an 11 
effective strategy for carbon reduction in institutions, cities, and buildings. 12 

Cooling energy use represents a significant share of building energy consumption, particularly in hot climates. In recent years, 13 
the energy required for cooling has increased considerably due to rising living standards, widespread accessibility of air 14 
conditioning systems, elevated urban temperatures, and global climate change [3]. Energy projections for the coming decades 15 
indicate that this increasing trend will become even more critical, especially in emerging and growth-led economies that are 16 
expected to experience warmer climates [4]. Since a large portion of building energy use is associated with cooling demand, 17 
optimal design and operation of air-conditioning systems can significantly improve overall building energy performance [5]. 18 
Building energy models are widely used to evaluate energy performance, retrofit strategies, and operational improvements [6]. 19 
These models are also applied in building performance monitoring, where simulated results are compared against measured data 20 
to assess system behavior and operational correctness [7]. The precision of a simulation model mainly depends on how well the 21 
simulated outputs match the available measured data [8]. The degree of confidence in modeling results therefore strongly 22 
depends on the calibration level of the building energy model (BEM). In other words, to make BEM a reliable tool for 23 
performance assessment and optimization, improved agreement between simulated energy use and measured data has emerged 24 
as an essential requirement [9]. Calibration of building energy simulation models has consequently been the focus of many 25 
studies [10–12] and a comprehensive review highlights various methodologies for data collection, modeling, and calibration 26 
[13]. 27 

In order to quantify the benefits of retrofitting, a stochastic-based approach for calibrating building energy models using 28 
monthly energy use has been proposed [14]. A calibration methodology for a university building utilizing a genetic algorithm 29 
to optimize a large set of input parameters based on monthly energy data was presented in [15]. Bayesian calibration techniques 30 
have been employed to generate probabilistic predictions of building performance while accounting for uncertainties related to 31 
retrofit interventions [16]. Another calibration approach links parameter tuning with bias pattern recognition based on monthly 32 
utility bills [17]. In addition, inverse modeling approaches validated using hourly energy use data have also been investigated 33 
[18].  The impact of energy data resolution on model calibration accuracy and retrofit analysis has been examined in [19]. The 34 
results show that models calibrated with monthly energy data can exhibit deviations of up to 38% when applied to hourly energy 35 
use calculations [19]. Furthermore, a simplified calibration method based on only two weeks of hourly measured cooling and 36 
heating data was developed and successfully implemented for an office building [20]. The calibrated model satisfied standard 37 
acceptance criteria when evaluated against monthly energy use [20]. 38 

A comprehensive discussion on model calibration challenges and the relative importance of model parameters is provided in 39 
[21]. Several studies have identified air infiltration and window properties as among the most influential parameters affecting 40 
hourly building energy use [22]. In this study, 44 parameters were screened based on assumed uncertainty ranges, and sensitivity 41 
analysis revealed that air infiltration and Solar Heat Gain Coefficient (SHGC) were primarily responsible for hourly variations 42 
and daily cooling peaks [22]. A comparison between simulation results and utility bills further demonstrated that accurate 43 
estimation of air infiltration improves model accuracy, resulting in a 3–11% reduction in CV(RMSE) and a 2–11% reduction in 44 
NMBE [23]. The strong influence of SHGC and infiltration on summer hourly cooling loads has also been extensively 45 
investigated [24,25] . 46 

Air exchange through infiltration or exfiltration has been shown to significantly affect building energy use [26]. A 47 
comprehensive analysis of 225 dwellings in Mediterranean cities and the Canary Islands reported an average air change rate of 48 
8.43 ACH at 50 Pa, corresponding to cooling energy impacts between 0.54 and 3.06 kWh/m²·year [26]. Simulation-based studies 49 
further highlight this effect. For a typical office building in Changsha, China, reducing air infiltration rates by 94% decreased 50 
cooling energy use from 14.29 to 0.75 kWh/m²·year [27]. These findings emphasize the importance of infiltration control for 51 
improving cooling energy efficiency. 52 

The International Green Construction Code (IgCC) [28] specifies a maximum infiltration rate of 2 lit/s/m² at a pressure 53 
difference of 75 Pa. ASHRAE 90.1 defines a baseline infiltration rate of 9.14 lit/s/m² at the same pressure difference, which is 54 
commonly used as a reference for evaluating building airtightness [29]. In addition, ASHRAE 189.1 provides recommended 55 
SHGC ranges between 0.19 and 0.5 based on building location and orientation [30].  56 
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Recent studies have advanced building energy model calibration using methods such as machine learning surrogates, Bayesian 57 
inference, sensitivity analysis, and high-resolution monitoring data [31–39] Surrogate-based approaches mainly focus on 58 
reducing computational time, but often provide limited physical interpretation of calibrated parameters [31]. Bayesian 59 
frameworks offer strong uncertainty quantification, yet generally assume that influential parameters remain constant over time 60 
[32,33]. Studies using hourly data improve model accuracy, but typically adjust several parameters at once without clearly 61 
identifying their dominant temporal effects [34,35]. Simplified and automated calibration approaches improve scalability, but 62 
are usually evaluated at aggregated time scales, which limits their ability to capture diurnal cooling behavior [36,37]. Although 63 
sensitivity-based studies identify infiltration and SHGC as key cooling-related parameters, temporal variations in their influence 64 
are rarely used in the calibration process [38,39].Overall, existing calibration frameworks do not clearly distinguish between 65 
daytime solar-driven cooling loads and nighttime temperature-driven envelope losses. This limitation reduces the identifiability 66 
and physical interpretability of cooling-related envelope parameters and highlights the need for calibration approaches that 67 
explicitly account for diurnal thermal regimes. 68 

Table 1 summarizes representative building energy model calibration studies and highlights the research gap addressed in this 69 
work. 70 

 Calibration data resolution: monthly, daily, hourly 71 
 Calibration method: stochastic, GA, Bayesian, inverse modeling 72 
 Calibrated parameters: multiple parameters, HVAC efficiency, envelope properties 73 
 Explicit separation of daytime/nighttime effects: mostly not addressed 74 
 Data requirements: utility bills, sub-metering, sensors 75 
 Research gap: lack of a physically interpretable, hourly calibration method that explicitly separates daytime solar-76 

driven effects and nighttime infiltration-driven effects using high-resolution data 77 
 This study: proposes TNDC to address this gap 78 

The objective of this study is to propose an hourly calibration approach for building cooling energy models using high-79 
resolution data. The proposed approach determines SHGC and air exchange, broadly referred to as infiltration, through 80 
mathematical formulations describing their relationship with cooling energy use. A novel Tuning Night and Day Cycle (TNDC) 81 
technique is introduced, which separates daytime and nighttime energy use to improve parameter identifiability. Using this 82 
separation, SHGC is primarily calibrated from daytime energy use, while infiltration is calibrated from nighttime energy use. 83 
The resulting calibrated model satisfies standard acceptance criteria based on NMBE and CV(RMSE). To implement the 84 
proposed approach, an integrated simulation-based workflow was developed using Energy Plus and the Python-based package 85 
OpyPlus. The methodology is applied to a real case study building to evaluate the effectiveness of the proposed calibration 86 
approach. 87 

The main contributions of this paper are as follows: 88 

• Development of a novel hourly BEM calibration approach using high-resolution energy data; 89 

• Determination of SHGC and infiltration parameters by explicitly segregating daytime and nighttime energy use; 90 

• Provision of a semi-automatic calibration framework integrating Energy Plus and OpyPlus. 91 

The rest of the paper is organized as follows. Section 2 describes the methodology. Section 3 presents the case study. Section 92 
4 discusses the building energy model and calibration results, and concluding remarks are provided in Section 5. 93 

 94 
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2. Methodology 95 

Mathematical formulations to describe a novel technique, revealing a crucial relationship between energy use and building 96 
parameters, SHGC and infiltration, are introduced and described in this section. Building upon this evidence, the TNDC 97 
technique is introduced in this section afterward. 98 

2.1 Background of Proposed Approach 99 

Firstly, to emphasize the critical role of two parameters, SHGC and infiltration on building cooling load, theoretical foundation 100 
using the ASHRAE Residential Cooling Load Factor (RLF) method is presented [40]. Subsequently, this will enable us to delve 101 
into the details of the TNDC algorithm, which facilitates the precise calculation of SHGC and infiltration. Despite its practicality, 102 
the RLF method has limitations, as outlined in the ASHRAE Handbook. Expert knowledge is essential for correct application, 103 
as improper use may lead to oversizing or under sizing of HVAC systems. Additionally, the RLF method is most suitable for 104 
specific climatic conditions and latitudes. Nevertheless, due to its widespread adoption and adaptability, it serves as a 105 
foundational method for load calculations. In our approach, RLF was selected as the basic method for theoretical discussion 106 
because evaluating and comparing cooling load during the day and night was essential for our analysis. Based on RLF, building 107 
cooling load was obtained as the sum of the following: 𝑞𝑜𝑝𝑐 that represents the cooling load from opaque surfaces (walls, floors, 108 
ceilings, and doors), 𝑞𝑓𝑒𝑛𝑠 corresponds to the cooling load from fenestration surfaces (windows, skylights, and glazed doors), 109 
𝑞𝑖𝑛𝑓  that is infiltration cooling load, and 𝑞𝑖𝑛𝑡 accounts for the internal load (lights, people, appliances, and equipment). The total 110 
fenestration cooling load, 𝑞𝑓𝑒𝑛𝑠  can be calculated as: 111 

fens f fenq A CF 
 (1) 

 0.46fen f sCF U t DR PXI SHGC IAC FF        (2)  

where 𝐴𝑓 (𝑚2) is fenestration area (including frame), 𝐶𝐹𝑓𝑒𝑛𝑠(𝑊 𝑚2)⁄  is surface cooling factor, 𝑈𝑓(𝑊 𝑚2 ∙ 𝐾)⁄  fenestration U-112 
factor, ∆𝑡 (𝐾) is the cooling temperature difference, 𝑃𝑋𝐼 (𝑊 𝑚2)⁄  is the peak exterior irradiance, 𝑆𝐻𝐺𝐶 is the solar heat gain 113 
coefficient, 𝐼𝐴𝐶 is the interior shading attenuation coefficient, 𝐹𝐹𝑠 is the fenestration solar load factor, 𝐷𝑅 (𝐾) is the cooling 114 
daily range. PXI is related to 𝐸𝑡 , 𝐸𝑑 , 𝐸𝐷 (𝑊 𝑚2)⁄  the peak total, diffuse, and direct irradiance respectively. The 𝐸𝑡 , 𝐸𝑑 , 𝐸𝐷  values 115 
are too much higher during the daytime than at nighttime, because there is no irradiance during the night. Eq. 2 may be rewritten 116 
as Eq.3 and Eq.4, where 𝑞𝑓𝑒𝑛𝑠𝑑𝑎𝑦

 is the fenestration cooling load during the day and the 𝑞𝑓𝑒𝑛𝑠𝑛𝑖𝑔ℎ𝑡
 is the fenestration cooling 117 

load during the night; therefore,  118 

 0.46
dayfens f f f sq A U t DR A PXI SHGC IAC FF         (3) 

 0.46
nightfens f fq A U t DR    (4) 

From Eq.4, it is clear that the cooling load during the night does not depend on SHGC. The infiltration cooling load (𝑞𝑖𝑛𝑓) 119 
is calculated as:  120 

inf s lq q q   (5) 

Infiltration sensible (𝑞𝑠) load can also be expressed as: 121 

s s sq C Q t   (6) 

where 𝐶𝑠 = 1.23 is the air sensible heat factor in 𝑊/(𝑚3. 𝑠. 𝐾), 𝑄𝑠  is the air volumetric flow rate in 𝑚3/𝑠 and 𝛥𝑡 is the air 122 
temperature difference across processes in K. Latent infiltration load (𝑞𝑙) is expressed as:  123 

https://www.ref-n-write.com/paraphrasing-tool/
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 Fopq opq t b rC U OF t OF OF DR      (7) 

where 𝐶𝑙 = 3010 is the air latent heat factor in 𝑊/(𝑚3. 𝑠) and 𝛥𝑤 is the difference in air humidity ratio between outdoor and 124 
indoor air associated with the infiltration process, expressed in  𝑘𝑔𝑤/𝑘𝑔𝑑𝑎. 125 

Based on the Sherman and Grimsrud model [41], the infiltration rate can be calculated as: 126 

21

1000
s ss w w

A
Q C t C V    (8) 

where 𝑄𝑠  (𝑚3/𝑠) is the air volumetric flow rate, 𝐴𝑙 (𝑐𝑚2) is building effective air leakage area, 𝐶𝑆𝑆 is stack coefficient in 127 
(𝐿/𝑆)2/(𝑐𝑚4. 𝐾), Cw is wind coefficient in (𝐿/𝑆)2/(𝑐𝑚4. (𝑚/𝑆)2), 𝑉𝑤  (𝑚/𝑠) is the average wind speed measured at the local 128 
weather station for time interval of calculation. The value of 𝐶𝑆𝑆 depends on building height and 𝐶𝑤 depends on both the shelter 129 
class and the height of the building. Based on [40], effective air leakage area can be considered proportional to the building's 130 
exposed wall area 𝐴𝑒𝑠 (𝐴𝑙 ∝  𝐴𝑒𝑠). 131 

Based on [42] the ratio of the building exposed wall area to the building floor area is defined as Geometric Efficiency (GE) 132 
as: 133 

esA
GE

A
  (9) 

where 𝐴 (𝑚2) is the total building floor area. According to Eq.8 and Eq.9, the airflow rate can be written as: 134 

1

2
sQ GE A t    

(10) 

The volume of the building depends on floor height, 𝐻, and floor area, 𝐴, (𝑉 = 𝐻 ∙  𝐴). Finally, according to Eq.6, Eq.10 can 135 
be rewritten as: 136 

3

2
sq GE A t    (11) 

Considering the building’s indoor temperature as constant, the sensitivity of the sensible infiltration cooling load (𝑞𝑠) to the 137 
variation in the outdoor temperature (𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝛥𝑡) can be calculated by taking derivation of Eq.11 as: 138 

1

2
3

2

sq
GE A t

t


  


 (12) 

Dividing both sides of Eq.12 by 𝑞𝑠, and by rearranging, the following will be obtained:  139 

3

2

s

s

q t

q t

 



 (13) 

Eq. 13 shows that the variation in the sensible infiltration cooling load is highly dependent on the variation in outdoor 140 
temperature. For example, if the indoor temperature is fixed at 20oC and the outdoor temperature changes from 30oC to 35oC, 141 
50% change happens in 𝛥𝑡 as 𝛥𝑡 increases from 10 to 15. In this case, according to Eq.13, the sensible infiltration cooling load 142 
increases by 75%.  143 
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To recall Eq.5, the infiltration cooling load is composed of the sensible and latent loads. In Eqs. 6-13, it is shown that sensible 144 
cooling load highly depends on variation in the outdoor temperature. Based on Eq.7 and in a similar manner, it can be shown 145 
that the latent infiltration cooling load (𝑞𝑙  ) highly depends on the variation in the outdoor temperature. In general, it can be 146 
concluded that the infiltration cooling load depends on the outdoor temperature as shown in Eq.14 in which 𝐶𝑖𝑛𝑓 is always higher 147 
than 1.5:  148 

inf inf

inf

q C t

q t

 



 (14) 

Regarding opaque surface cooling load (𝑞𝑜𝑝𝑞), Eqs. 15 and 16 were obtained based on the RLF method as: 149 

opq opq opqq A CF   (15) 

 Fopq opq t b rC U OF t OF OF DR      (16) 

where 𝐴𝑜𝑝𝑞 (𝑚2) is the net surface area, 𝐶𝐹𝑜𝑝𝑞 (𝑊/𝑚2 ) is surface cooling factor, 𝑈 (𝑊/𝑚2. 𝐾) is the construction U-factor, 150 
𝛥𝑡 (𝐾) is the cooling temperature difference, 𝑂𝐹𝑡 , 𝑂𝐹𝑏 , 𝑂𝐹𝑟 are opaque-surface cooling factors, and 𝐷𝑅 (𝐾) is cooling daily 151 
range. 152 

The sensitivity of 𝑞𝑜𝑝𝑞 to the variation in the outdoor temperature as Opaque Load Sensitive Factor (𝐶𝑜𝑝𝑞) can be calculated 153 
as in Eqs.17 to Eq.20.   154 

opq

opq opq t

q
U A OF

t







 (17) 

( )

opq opq opq t

b ropq
opq opq t

q U A OF t

OF OF DRq t
U A OF

t t

 



 
 

 
(18) 

 

opq

opq

opq

q t
C

q t

 



 

(19) 

t
opq

t t
t

OF
C

OF OF DR
OF

t t



 
 

 
(20) 

As 𝑂𝐹𝑡 , 𝑂𝐹𝑏 , 𝑂𝐹𝑟 for the opaque surface is obtained from Table 2. 155 

It can be observed in Eq.20 that the sensitivity of the opaque surface cooling load to the variation in the outdoor temperature 156 
depends on 𝛥𝑡. In particular, the smaller values for 𝛥𝑡 result in lower values for 𝐶𝑜𝑝𝑞. Finally, 𝐶𝑜𝑝𝑞 is shown for daily outdoor 157 
temperatures in (cooling design day) Fig. 1 was made based on Eq.20 in which 𝑂𝐹𝑡 , 𝑂𝐹𝑏 , 𝑂𝐹𝑟 were set to 1, 8.2, and -0.36, 158 
respectively.  159 

Fig. 1, it can be observed that 𝐶𝑜𝑝𝑞 had higher values during the daytime than during the nighttime. The maximum value obtained 160 
for 𝐶𝑜𝑝𝑞 was much lower than the minimum value for 𝐶𝑖𝑛𝑓 that was 1.5 as shown in Eqs. 13-14 In particular, the 𝐶𝑜𝑝𝑞 during 161 
the nighttime was much smaller than 1.5. Therefore, it can be concluded that the opaque surface cooling load during the nighttime 162 
is much less sensible to the variation in the outdoor temperature than the infiltration cooling load. For a regular building that is 163 
not fully air-tightened, the magnitude of the infiltration cooling load is much larger than the opaque surface cooling load. 164 
Consequently, it can be concluded that the hourly variation in the total building cooling load during the night is mainly attributed 165 
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to the infiltration cooling load. In other words, the hourly variation in the total building cooling load during the night can be 166 
used to find an accurate infiltration rate for the building.  167 

The transparent fenestration area accounts for at least 30% of the building façade area. At least half of the building's external 168 
area is dedicated to the building façade in cases such as building blocks. Therefore at least 15% of the building's external area 169 
is dedicated to fenestration. Solar irradiance during summer days can reach 700 W/m2 in the hot climates. Solar heat gain is a 170 
dominant contributor to the cooling load during the days in the summer days. It can be shown that the hourly variation in solar 171 
irradiance has a stronger effect on hourly cooling load than the outside temperature. Thus, the SHGC associated with fenestration 172 
can be determined based on hourly variation in the cooling load during the days. 173 

2.2 Proposed TNDC Technique  174 

Fig. 2 presents the proposed TNDC calibration technique. This technique starts from the preparation stage consisting of 175 
gathering building properties, weather data, and measured data. Next, daytime and nighttime hours are defined. All nighttime 176 
data of the calibration periods were defined as night cooling, and all daytime data of the calibration period were defined as day 177 
cooling. Next, TNDC uses the night cooling load to calibrate the infiltration and then uses the day cooling load to calibrate the 178 
SHGC associated with the fenestration. It should be remembered that the term “infiltration” in the proposed approach and TNDC 179 
represents any building air exchange, whether infiltration or exfiltration.    180 

Initially, the building model was developed and the parameters were set related to the envelope and cooling based on available 181 
data or ASHRAE 90.1. Fig. 2 illustrates the two key multipliers in the proposed technique: the Infiltration Rate Multiplier (IRM) 182 
and the Solar Gain Multiplier (SGM). These multipliers fine-tuned the infiltration and SHGC, respectively. Both multipliers are 183 
set to unity at the start. In Stage 1, the total building energy use was calculated during the night using simulated energy (Pn,m) 184 
and actual energy use (Pn,a) as follows:  185 

 
2

1

( ) 100

pN

i ii

p

m s

N
CV RMSE

m


 
 
 
 

 



 

(21) 

 , ,n a t m

night

P Q h  
(22) 

where at hour ℎ, 𝑄𝑡,𝑎(ℎ) is the actual cooling load and 𝑄𝑡,𝑚(ℎ) is the simulated cooling load. 186 

Two commonly used indices, the NMBE and CV(RMSE), were employed to evaluate the performance of the calibrated 187 
building energy model [43–48]. NMBE serves as a non-dimensional bias measure, capturing the mean difference between 188 
measured and simulated data as: 189 

 
1

1

100

Np

i ii

Np

ii

m s
NMBE

m






 



 (23) 

where 𝑚𝑖 and 𝑠𝑖 are the measured and simulated data points, respectively. Np - is the number of data points at interval ‘p’. CV 190 
(RMSE), determining how well a model fits the data and it is calculated as: 191 
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 
2

1

( ) 100

pN

i ii

p

m s

N
CV RMSE

m


 
 
 
 

 



 

(24) 

ASHRAE Guideline 14 outlines specific criteria to assess the accuracy of the building energy model performance [43]. For 192 
monthly predictions, the NMBE should not exceed 5%, while the CV(RMSE) should remain below 15%. In the case of hourly 193 
predictions, the NMBE limit is 10%, and the CV(RMSE) should not exceed 30%. If the NMBE and CV(RMSE) fail to satisfy 194 
the hourly criteria, or if the CV(RSME) continues to decrease, the simulated energy (Pn,m) and actual energy use (Pn,a) were 195 
employed to update the IRM as follows: 196 

,

,

n a

updated

n m

P
IRM IRM

P
  (25) 

According to Eq. 25, if Pn,a, exceeds Pn,m, the IRM is adjusted upwards to a new value, denoted as 𝐼𝑅𝑀𝑢𝑝𝑑𝑎𝑡𝑒𝑑. Subsequently, 197 
the building energy model underwent another simulation. If the calibration criteria were met and CV (RSME) began to increase, 198 
the IRM tuning process was terminated.  199 

In the next stage (Stage 2), after calibrating the cooling load for the nighttime, the total building energy use during the days 200 
(Pd,m) was estimated alongside the actual measured energy use (Pd,a). Based on the NMBE and CV(RMSE) criteria, the achieved 201 
model accuracy was estimated. If the criteria were not met or CV (RSME) continued to decrease, the SGM was updated 202 
accordingly: 203 

,

,

d a

updated

d m

P
SGM SGM

P
  (26) 

 , ,d a t a h
day

P Q  
(27) 

 , ,d m t m h
day

P Q  
(28) 

Eq. 26 implies that when Pd,a exceeded Pd,m, the SGM was adjusted upward. By setting SGM equal to the updated value 204 
𝑆𝐺𝑀𝑢𝑝𝑑𝑎𝑡𝑒𝑑 , the model underwent an update. This process was iterated until both the NMBE and CV (RMSE) achieved for the 205 
day cooling load or CV (RSME) started increasing from the last iteration. Moving to Stage 3, the updated energy model to 206 
calculate the building’s 24-hour energy use for the entire tuning period was utilized. If the calibration criteria were met, the 207 
tuning algorithm terminated. Otherwise, it returned to Stage 1 to re-update IRM and SGM. 208 

2.3 TNDC Implementation 209 

In the proposed TNDC approach, daytime and nighttime periods are defined based on solar radiation data. Nighttime hours are 210 
defined as periods when the global horizontal irradiance (GHI) is equal to zero, while daytime hours correspond to periods with 211 
non-zero GHI values. The GHI data are obtained from the weather file used in the simulation, ensuring a consistent and 212 
reproducible separation of daytime and nighttime conditions. In the implementation of the TNDC technique, a Python-based 213 
script integration with the Energy Plus simulation program was utilized. Specifically, the Python package called Opyplus was 214 
leveraged for the BEM calibration [49]. Opyplus facilitates the integration of external Python scripts into the simulation 215 
workflow, offering robust features and capabilities for building energy analysis [50]. The script is available on GitHub [51]. 216 
Nighttime hours are defined as periods with GHI ≤ 10 W/m², while daytime hours correspond to periods with GHI > 10 W/m².  217 

Fig. 3 illustrates the coupling of the Energy Plus model with the Python scripts. This integration is essential for configuring 218 
the environmental inputs and criteria metrics toward research objectives that establish a Cooling Energy Model Calibration. 219 
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In this study, the RLF formulation is adopted as a theoretical basis to support the physical interpretation of the proposed TNDC 220 
approach. The RLF framework explicitly distinguishes between solar-driven heat gains during daytime and temperature-driven 221 
loads during nighttime, which provides a clear rationale for separating the calibration process into day and night cycles. It should 222 
be noted that RLF is not used here as a detailed cooling load calculation method, but rather as a conceptual framework to explain 223 
parameter sensitivity and identifiability. Alternative theoretical bases could also be employed to support the TNDC concept, 224 
including heat-balance methods, energy-balance formulations, or sensitivity-based approaches derived from first-principles 225 
building physics. Therefore, the proposed TNDC methodology is not limited to the RLF formulation and can be generalized to 226 
other physically consistent modeling frameworks. 227 

 In the TNDC methodology, two separate objective functions are defined for nighttime and daytime periods. The nighttime 228 
objective function quantifies the discrepancy between measured and simulated cooling energy use during nighttime hours, when 229 
solar gains are negligible. This objective function is primarily used to tune the infiltration-related parameters. Similarly, the 230 
daytime objective function evaluates the discrepancy between measured and simulated cooling energy use during daytime hours, 231 
when solar radiation is present, and is used to tune the SHGC. By separating the objective functions in this manner, the 232 
identifiability of key parameters is improved. 233 

2.3.1.  Parameter credibility and validation strategy 234 

The credibility of the calibrated parameters is ensured through a combination of statistical validation, physical plausibility 235 
checks, and independent evidence. From a statistical perspective, the calibrated model satisfies standard acceptance criteria for 236 
hourly calibration based on NMBE and CV(RMSE). From a physical standpoint, the calibrated infiltration parameter falls within 237 
reasonable ranges when converted to standard infiltration indicators, and the calibrated SHGC is interpreted as an effective value 238 
reflecting combined solar-related effects rather than a nominal glazing property. Finally, the consistency of the calibrated 239 
parameters with building standards and observed retrofit measures provides additional confidence in the reliability of the 240 
proposed approach. 241 

2.3.2. Theoretical and practical limitations of the TNDC method 242 

The proposed TNDC calibration method has several theoretical and practical limitations that should be considered when 243 
interpreting the results. From a theoretical perspective, the method relies on the separation of daytime and nighttime energy use 244 
to improve parameter identifiability. However, certain model parameters, such as infiltration, SHGC, internal gains, and HVAC 245 
operational characteristics, may still exhibit coupling effects that cannot be fully eliminated. In addition, the approach assumes 246 
negligible solar gains during nighttime hours, which may introduce minor uncertainties under specific conditions. Moreover, 247 
the current implementation focuses on calibrating two key parameters, namely infiltration and SHGC, while other parameters 248 
are assumed to remain constant. 249 

From a practical standpoint, the TNDC method requires high-resolution energy use data to enable reliable separation of daytime 250 
and nighttime periods. Buildings with only monthly or low-resolution energy data may not be suitable for direct application of 251 
the method. Furthermore, significant operational changes, manual interventions, or non-standard control strategies during the 252 
calibration period may affect the robustness of the calibrated parameters. Finally, the effectiveness of the day–night separation 253 
may be reduced in buildings with limited window areas or highly variable shading conditions. 254 

3. Case Study 255 

3.1 Main Attributes 256 

In implementation of the proposed approach, an educational building was selected as the case study. This section provides a 257 
detailed description of the building's main attributes. The chosen building, shown in Fig. 4, is situated near the campus of Sharif 258 
University of Technology in Tehran, Iran. It consists of symmetrical Northern and Southern blocks interconnected by corridors.  259 
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As shown in Fig. 4, the case study comprises 14 HVAC zones in five stories, including a basement, ground floor, and three 260 

upper floors. Adjacent to the Western side of the building, an amphitheater and a library contribute to a total conditioned space 261 

area of 4,775 m2. Notably, substantial portions of the Southern and Eastern façades feature window coverage. Additionally, the 262 

roof incorporates a skylight spanning of 44.8 m2.  263 

Table 3 shows the properties of the case building envelope. According to the properties in the last column of Table 3, 35 % of 264 
the case building envelope is covered with fenestration. The building relies on natural gas for both cooling and heating. 265 
Specifically, the annual gas use intensity is 40.5 Nm3/m2yr or 405 kWh/m2yr. The case building used over 169,000 Nm3 of 266 
natural gas in 2014. However, this energy intensity significantly deviates from the prescribed energy standard intensity for 267 
educational buildings outlined in the Iranian standard Building [52]. 268 

3.2 Basic Parameters of Case Study Building 269 

The detailed energy audit was first accomplished, and the information associated with the HVAC system and envelope of the 270 
case study was identified. Energy Plus software has been used to develop the building energy model in which HVAC zones have 271 
been included. Table 4 and 5 show the composition of the external walls, roof, and glazing, from which the initial estimate based 272 
on ASHRAE 189.1 for SHGC were obtained [30].  273 

The two-week study period coincided with the educational summer vacation. This fact provided reliable information related to 274 
internal loads including occupant presence and the setpoint for the indoor temperature. The setpoints were set as the following, 275 
for weekdays 24℃ and weekends 27℃. In the summer, the internal load in the building consists of lighting at 3 W/m² and plug 276 
loads at 3 W/m². Additionally, there were nine occupants present. 277 

The data associated with the HVAC zones and HVAC system were utilized to develop a comprehensive HVAC model for the 278 
case study in Energy Plus encompassing all HVAC zones, as shown in Fig. 5.  279 

To supply cooling demand, a powerful HVAC system was deployed in the case study building. The HVAC system uses a 280 
combination of air handling units (AHU) and fan coil (FC) units. Natural-gas direct-fired absorption chiller is used for providing 281 
cooling. Table 6 presents the main characteristics of the case study HVAC components. The case study comprises 14 HVAC 282 
zones for which the basic information and the associated HVAC components are presented in Table 7. 283 

Commonly references and standards specify air leakage rate of building envelope acceptance criteria in terms of lit/s/m2, 284 
typically at a pressure difference of 75 or 50 Pa. To apply this criterion within the EnergyPlus software, which models building 285 
performance under normal conditions, it is necessary to use adjusted values corresponding to the building’s normal pressure 286 
conditions. The ASHRAE Standard 90.1 provides equations and conditions for applying criteria based on building specifications 287 
[53]. 288 

According to ASHRAE Standard 90.1, the baseline air infiltration rate of the building envelope is set to 1.8 cfm/sf or 9.14 289 
lit/s/m² at 75 Pa over pressure difference between indoor and outdoor for all the HVAC zones [54]. Considering the envelope 290 
specifications of the case study and at a reference wind speed of 4.47 m/s, the baseline for infiltration under the normal pressure 291 
is 1.2 lit/s/m² or 1.4 ACH which was used as the initial point in our model [54]. 292 

3.3 Building Data Gathering  293 

As natural gas constitutes the primary energy source for the HVAC system in the case study building, see Fig. 5, hourly gas use 294 
was required to be collected to provide data for 𝑃𝑑,𝑎 and 𝑃𝑛,𝑎 as the main input for the model calibration. The gas meter of the 295 
building is a conventional volumetric gas meter without a data logger. As all historical data has been generated by the meter, 296 
there is no possibility of changing the meter with a smart one. Another solution was to add a smart meter in series with the actual 297 
meter, but that entailed a specific requirement that was not met. To cope with this challenge, a system called Smart Reading 298 
System (SRS) was installed in front of the numerator of the gas meter. Using image processing techniques, the digits of the 299 
numerator were read and recorded once each hour. The digits were then used to calculate the hourly gas use. The SRS was 300 
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installed at the case building on June 10th, 2015. The measurement period of the two weeks from July 27th to August 6th has been 301 
chosen as the calibration period for tuning the cooling model. 302 

To evaluate the performance of the calibrated model, two specific days, July 21st (a working day) and July 24th (a weekend 303 
day), were selected, because both felt outside the calibration period. Additionally, for monthly validation, the case building gas 304 
use data from June to September were analyzed. The simulation results were then compared with the 5-year average monthly 305 
usage during the same months. 306 

4. Results on Building Model Calibration  307 

This section outlines the methodology employed to calibrate the cooling energy model for the case educational building. 308 
Initially, the baseline parameters were used to develop BEM. Subsequently, the performance of the uncalibrated BEM was 309 
evaluated. To achieve calibration, the optimization parameters based on two weeks of hourly data were extracted. Finally, the 310 
calibrated model using data from days beyond the calibration period was validated. 311 

4.1 Pre-Calibration Result 312 

Following the development of the initial EnergyPlus model based on a detailed audit, the initial simulation using weather data 313 
specific to Tehran city was conducted. The ambient temperature for Tehran was obtained from [55]. As mentioned in Section 3, 314 
the pre-calibration infiltration rate was equivalent to 1.2 lit/s/m2 at normal pressure and SHGC was 0.2. Therefore, the simulated 315 
pre-calibrated model assumes the baseline standard for infiltration and SHGC. The results for the pre-calibrated model along 316 
with the measured cooling gas use are presented in Fig. 6.  317 

The results show that the values obtained from the pre-calibrated modeling have a significant difference from the actual values 318 
The parameters CV(RMSE) and NMBE are 53% and 44%, respectively, and they have a significant and meaningful difference 319 
from the acceptance criteria. These results indicated that the BEM needed to be deeply calibrated.  320 

4.2 TNDC Application Results  321 

The TNDC technique was deployed to calibrate the model as explained in Sections 2.2 and 2.3. Initially, the calibration of 322 
hourly gas usage for 14 nights, associated with the calibration period, was accomplished and the initial corrected value for 323 
Infiltration was obtained. To find the minimum night CV(RSME), the infiltration rate was increased from 1.2 to 4.0 lit/s/m2 (1.4 324 
to 4.6 ACH) based on SGM = 1 (SHGC = 0.2). The results on variations in CV(RSME) for the night hourly gas use versus the 325 
air infiltration rate are shown in Fig. 7. As can be noted in Fig. 7, the CV(RSME) value got lower as the air infiltration rate 326 
increased but started again to increase after a certain value of the air infiltration rate. 327 

Investigating the results in Fig. 7, a significant reduction in the night CV(RSME) was observed when the infiltration rate 328 
increased from 1.2 to 2.8 lit/s/m2 (3.2 ACH), corresponding to IRM = 2.3. Specifically, the night CV(RSME) decreased from 329 
51 to 13%, which is lower than the ASHRAE Guideline 14 requirement of 30% for the hourly BEM [43]. Consequently, the 330 
corrected value for IRM was set at 2.3 that fitted to the minimum value of CV(RSME) that equal to 2.8 lit/s/m2 or air change per 331 
hour 3.2 (ACH).  The duration curves for the calibrated and measured night gas use for the night period are shown in Fig. 8. The 332 
values for the calibrated BEM are corresponding to IRM of 2.3 and SGM of 1. 333 

  For the results in Fig. 8, NMBE and CV(RSME) associated with the night gas duration curve were 6% and 13% respectively, 334 
both in the acceptable range based on the ASHRAE Guideline 14 requirement of 30% for the hourly BEM. Keeping IRM at 2.3, 335 
the tuning for hourly gas use during 14 days was done to find the corrected SGM. SHGC was increased from 0.2 to 0.9, and 336 
similar to Fig. 7, variation in CV (RSME) for the days was analyzed. The minimum CV (RSME) was obtained for SHGC = 0.6 337 
corresponding to SGM = 3, this shows that daytime energy use is directly influenced by the SHGC. The duration curves for the 338 
calibrated and measured gas use for the daytime are given in Fig. 9. 339 

 Finally, the corrected values for IRM and SGM were set to 2.3 and 3, respectively. The BEM was re-evaluated for the entire 340 
24-hour day of the 2-week calibration period. At this stage, the corrected IRM was again calculated as 2.3, and the optimum 341 
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IRM was set to 2.3. Regarding SGM, as shown in Fig. 10, the optimal value was set to 4 (SHGC = 0.8). Based on IRM = 2.3 342 
(infiltration= 2.8 lit/s/m2) and SGM = 4, the 24-hour gas use duration curve was obtained as shown in Fig. 11.  343 

 The simulated and measured hourly gas use are given in Fig. 12 for the two-week calibration period for which NMBE and CV 344 
(RSME) both have met the calibration criteria based on the ASHRAE Guideline 14 requirement of 30% for the hourly BEM 345 
[43]. 346 

 For the simulated gas use, four instances of significant deviations were identified and labeled as cases a, b, c, and d in Fig. 12. 347 
In cases a and b, the unexpected chiller shutdown led to a reduction in the gas use on the shutdown day, followed by an increase 348 
on the subsequent day. In the cases c and d, unauthorized adjustments to the chiller set point by the operational staff were 349 
promptly detected and rectified.  350 

A comparison of the heat gain from windows, opaque surfaces, and the air infiltration on a typical day on July 23rd was 351 
performed for the calibrated model and obtained calibrated parameters such as SHGC, infiltration, and opaque surface heat gain. 352 
The comparison results are shown in Fig. 13, it can be noted that the amount of heat gains from the infiltration at night was 353 
higher than that of the windows. During the day, the heat gain from the windows was higher than the opaque surface. Therefore, 354 
the general conclusion made in Section 2 confirms focusing on the air infiltration during the nighttime and using the solar heat 355 
gain for the daytime is a proper way for calibration.  356 

According to Table 8, the SHGC requirement based on the ASHRAE 189.1 standard is between 0.19 and 0.5. However, in our 357 
model, it was 0.8, which means the windows used do not meet green standards, potentially leading to increased energy usage. 358 
Additionally, according to the ASHRAE 90.1, the baseline for the air infiltration rate is 9.14 lit/s/m2 at 75 Pa or 1.2 lit/s/m2 (1.4 359 
ACH) at normal pressure, while after the calibration of our model, it was obtained as 2.8 lit/s/m2 (3.2 ACH) at normal pressure, 360 
or 21.3 lit/s/m2 at 75 Pa based on [53]. 361 

4.3 Validation of the Calibrated Model  362 

To test the calibrated model, two days i.e., July 21st (working day) and 24th (weekend day) were chosen outside the calibration 363 
period. The calibration model was done, according to the results Fig. 14. 364 

According to Fig. 14, it can be realized that the simulated gas use was in good accordance with the actual gas use. The difference 365 
between the simulated and the actual gas issue was evaluated by NMBE < 10% and CV(RSME) < 30%, which was treated as 366 
acceptable according to [43]. 367 

Finally, monthly verification was performed for the calibrated model. Based on the historical data for the cooling seasons in 368 
Tehran [56], the results of the case building gas use from June to September are presented in Fig. 15. The simulation results 369 
were compared with the 5-year average of the monthly use for the same months. 370 

Based on Fig. 15, it can be pointed out that the results obtained by the calibrated energy model were in good accordance with 371 
the actual results. NMBE was 3.8% and CV(RSME) was 6%, which ensures the accuracy of the calibrated model. The results 372 
presented in Fig. 14 and Fig. 15 show that the energy model was well verified.  373 

4.4 Practical Implementation 374 

The calibrated model revealed significant air leakage, a value that deviated significantly from our expectations and the accepted 375 
standards. Based on the data presented in Chapter Ventilation and infiltration ASHRAE fundamental [40], it is evident that only 376 
a small number of buildings exhibit an infiltration air change rate exceeding 3 ACH at normal pressure. This discrepancy raised 377 
suspicions and prompted a thorough architectural investigation of the building. Before attributing the discrepancy to a model 378 
error, we meticulously examined the building’s architectural integrity. A detailed inspection focused on the building envelope, 379 
revealing major air pathways from the false ceiling to the exterior along the Northern and Southern facades. Fig. 16 illustrates 380 
some of these airways within the concealed space of the false ceiling, extending to the well-lit exterior. 381 
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The false ceiling was originally intended to remain isolated from the conditioned space, as there was no expectation that any 382 
leakage from the false ceiling to the exterior would directly affect the conditioned area. Consequently, it was recommended to 383 
address the air pathways connecting the false ceiling and the air conditioning zone. A thorough inspection of the building 384 
revealed additional airways between the false ceiling and the conditioned space, as depicted in Fig. 17a. Undoubtedly, this was 385 
identified as an architectural flaw that could alter the building’s performance conditions, resulting in an infiltration air change 386 
rate exceeding 3 ACH at normal pressure. To mitigate air leakage within the building, civil works were implemented during 387 
August in August 2015 to effectively isolate the false ceiling space from the conditioned area, as illustrated in Fig. 17b. 388 

The retrofit measures were implemented for the case study building; however, high-resolution post-retrofit cooling energy data 389 
were not available within the timeframe of this study to reapply the TNDC method. As a result, a post-retrofit recalibration was 390 
not conducted. Nevertheless, applying the proposed TNDC approach after retrofit implementation represents a valuable direction 391 
for future work, as it would enable direct quantification of parameter changes, particularly infiltration-related improvements, 392 
and provide additional validation of the method’s robustness. 393 

5. Conclusions 394 

In this study, the approach for calibrating building cooling load models was proposed aiming to improve the accuracy of the 395 
calibrated model. Our proposed technique, called TNDC leverages high-resolution data. The proposed approach focuses on two 396 
key parameters: SHGC and Infiltration. During the daytime, SHGC significantly impacts the cooling loads, therefore, 397 
adjustments were made based on the observed cooling load data. For the nighttime cooling loads, the air infiltration plays an 398 
important role, and the suggested approach tunes the air infiltration rate using the night cooling load data. The combination of 399 
these adjustments led to a more accurate BEM. The approach was applied to a building over two consecutive weeks. Hourly 400 
data were collected and the pre-calibrated model served as a baseline. The approach successfully reduced the NMBE and 401 
CV(RMSE) for the hourly BEM from 44% and 53% (pre-calibrated) to 1% and 24%, respectively, which is in accordance with 402 
the ASHRAE Guideline 14 calibration requirements. 403 

The results showed that the TNDC technique operated effectively with short-term, high-resolution data. Its straightforward 404 
algorithm made it suitable for scripts and automation, and it can be seamlessly integrated into building management systems. 405 

Further evaluation of the TNDC effectiveness for other building types would be beneficial. Additionally, assessing its 406 
applicability to calibrating heating energy models remains unexplored, despite the negligible heating energy use in the case 407 
study building. 408 

In summary, the TNDC technique offers a promising solution for improving cooling load models, enhancing building 409 
performance, and advancing energy-efficient designs. Further research and validation will strengthen its applicability across 410 
diverse building types. 411 
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Table 1. Summary of building energy model calibration approaches and research gap 446 

Data 

resolution 

Calibration 

method 

Key calibrated 

parameters 

Main contribution Identified research gap Ref 

Hourly Surrogate 

modeling + neural 

networks 

Envelope and 

system 

parameters 

Development of a surrogate 

NN-based framework to 

accelerate BEM calibration 

Lacks physical interpretability of 

calibrated parameters and does not 

distinguish day/night effects 

[31] 

Monthly / 

Hourly 

Bayesian 

inference 

Multiple 

uncertain model 

parameters 

Open-source Bayesian 

platform for probabilistic 

BEM calibration 

Computationally intensive and does 

not target physical identifiability of 

key cooling-related parameters 

[32] 

Hourly Simulation-based 

calibration 

HVAC and 

envelope 

parameters 

Calibration of BEMs for 

multi-unit NZEB buildings 

Parameters calibrated in an 

aggregated manner; no explicit 

temporal (day/night) separation 

[34] 

Monthly / 

Hourly 

Simplified 

calibrated models 

Reduced 

parameter set 

Use of minimally calibrated 

models for retrofit 

performance prediction 

Limited capability to reproduce 

hourly cooling dynamics 

[36] 

Hourly Comparative 

validation 

Air infiltration Assessment of infiltration 

impact on calibration 

accuracy 

Infiltration treated as a time-

invariant parameter without diurnal 

sensitivity 

[38] 

Monthly Automatic 

calibration 

Envelope and 

system 

parameters 

Automated calibration of 

prototype BEMs for retrofit 

analysis 

Insufficient resolution for accurate 

hourly cooling load representation 

[37] 

Hourly Sensitivity-based 

calibration 

Infiltration, 

SHGC 

Investigation of modeling 

complexity versus 

calibration accuracy 

No operational framework for 

temporal separation of parameter 

sensitivity 

[39] 

Hourly Multi-variable 

calibration 

Solar and thermal 

properties 

Integration of air and surface 

temperatures in calibration 

Focuses on numerical accuracy 

rather than physical parameter 

identifiability 

[35] 

Hourly (high-

resolution) 

Bayesian + deep 

learning 

Multiple 

envelope 

parameters 

High-resolution calibration 

accounting for uncertainty 

Method complexity limits 

transparency and practical 

engineering application 

[33] 

 447 

Table 2. Opaque Surface Cooling Factor Coefficients [40]  448 

Surface Type OFt OFb - K OFr 

Ceiling or wall adjacent to vented attic 0.62 14.3α − 4.5 -0.19 

Ceiling/roof assembly 1 38.3α -7 -0.36 

Wall (wood frame) or door with solar exposure 1 8.2 -0.36 

Wall (wood frame) or door (shaded) 1 0 -0.36 

Floor over ambient 1 0 -0.06 

Floor over crawlspace 0.33 0 -0.28 

 449 

Table 3. Envelope Properties of Case Study 450 

 North East South West Total 

Wall Area [m2] 1216 1248 1216 1248 4928 

Window Fenestration Area [m2] 598.4 374.7 598.4 160 1731 

Window–to-Wall Ratio [%] 49.21 30.02 49.21 12.82 35.12 

Gross Roof Area [m2]     1314 
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Table 4. External Walls and Roof Construction and Parameters 451 

Construction layers 

Thermal 

Conductivity 

[W/(m.K)] 

Density 

[kg/m3] 

Specific 

Heat 

[J/(kg∙K)] 

Overall U-

value 

[W/m2∙K] 

External wall Brick-fired clay - 2400 kg/m3 - 102mm 1.34 2400 790 

0.84 
 Concrete HW 200mm 1.7 2243 837 

 Wall Insulation 50mm 0.08 91 837 

 Gypsum 12.5mm 0.16 785 830 

Roof Roof Membrane 9.5 mm 0.16 1121 1460 

1.217  Roof Insulation 500 mm 0.08 256 836 

 Metal Decking 1.5 mm 45 7680 418 

Table 5. Glazing Construction and Parameters 452 

Glazing Construction 

U-value 

 [W/m2∙K] 

SHGC 

(Initial estimate) 

Exterior Window 2× GREY 6mm+ Air 6mm 2.6 0.2 

West Glass Wall Clear Glass Block  5.5 0.2 

Sky Roof  GREY 12mm 5.5 0.2 

Table 6. Case Study HVAC Components 453 

Item ID Capacity Unit Type 

Chiller - 100 RT Unicold JAR-100-DS 

Fan Coil FC 2000 CFM TAHVIEH TFD-TB-3400 

AHU T1 5000 CFM SARAVEL-MLZ-500 

AHU T2 7000 CFM SARAVEL-MLZ-700 

AHU T3 10000 CFM SARAVEL-MLZ-1000 

Table 7 . Zone HVAC Attributes 454 

Zone 

No. 

Zone Name Area 

(m2) 

Volume 

(m3) 

HVAC 

Component (No.* 

ID) 

1 Amphitheater 252 1512 1*T2 

2 Corridors 208*5 624*5 10*FC 

3 Engine Room 359 1077 Unconditioned 

4 Lab 359 1077 1*T2 

5 North 1-2 359*2 1077*2 1*T3 

6 North-GF 359 1077 1*T2 

7 North 3 359 1077 1*T1 

8 South 1-2 359*2 1077*2 1*T3 

9 South-GF 359 1077 1*T2 

10 South 3 359 1077 1*T1 

11 Library 252 1008 1*T2 

12 Stairs 24*5 480 Unconditioned 

13 WC-AHU 56*10 168*10 Unconditioned 

14 Plenum 1038*5 1038*5 not part of total 

Conditioned Total 4775 15333  
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Table 8. Calibrated Infiltration and SHGC for The Case Study 455 

   
Case Study Baseline 

Ref: [53], [54]   

Green standard 

Ref: [28,31] 

Whole Case Study Air Leakage Rates 

(lit/s/m2) (75 Pa) 
21.3 9.14 2 

Whole Case Study Air Leakage (ACH) 

(normal pressure) 
3.2 1.4 0.3 

SHGC 0.8 0.5 0.19-0.5 

 456 

  457 
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 458 

Fig. 1. Opaque Load Sensitive Factor (C-opq) 459 

 460 

Fig. 2. Information flow for the proposed TNDC technique 461 

 462 
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 463 

Fig. 3. Python–EnergyPlus TNDC workflow for Infiltration and SHGC 464 

 
 

Fig. 4. Case Study Building  465 

 466 
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Fig. 5. Case Study HVAC Model 467 

 468 

Fig. 6. Actual and Pre-Calibrated Cooling Gas Use )27th July – 6th August  (  469 

 470 

 471 

Fig. 7. CV(RSME) versus air infiltration rate  472 
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 473 

Fig. 8. Duration Curves for Nighttime Gas Use from 27th July to 6th August 474 

 475 

Fig. 9. Duration Curves for Daytime Gas Use from 27th July to 6th August 476 
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 477 

Fig. 10. CV(RSME) versus SHGC 478 

 479 

 480 

Fig. 11. Duration Curve for the entire day gas use 481 
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 482 

Fig. 12. Measured and Simulated Gas Use from 27th July to 6th August 483 

 484 

Fig. 13. Heat Gain from Windows, Opaque Surfaces, and Air Infiltration on a Typical Day July (23rd July) 485 
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a) 

 

b) 

Fig. 14. Simulated and Actual Gas Use for a) 21st July Weekday and b) 24th July Weekend 486 

  487 
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 488 

Fig. 15. Simulated and Actual Cooling Gas Use for Summer Months  489 

 490 

Fig. 16. False Ceiling Air Ways to the Exterior. 491 
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a) b) 

Fig. 17. a) Air ways to false ceiling, b) isolation after the retrofit  492 

 493 
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