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Abstract. Quantifying energy savings from building retrofits is complicated by uncertainty in baseline
model form, since agreement between two conventionally linear tools may simply reflect a shared
assumption rather than genuine model adequacy. The main objective of this study is to develop and
validate a general, uncertainty-aware measurement and verification (M&V) framework that resolves this
ambiguity through three-way cross-validation, demonstrated via a lighting retrofit case study in a
commercial building in London, Ontario, Canada. This objective was achieved by analyzing three years
(2021-2023) of monthly electricity consumption alongside Cooling Degree Days (CDD) using linear
regression aligned with IPMVP Option C, applying Cumulative Summation (CUSUM) analysis to track
savings persistence, and cross-validating the baseline model across three independent methods:
commercial M&V software (RETScreen Expert), custom numerical regression (MATLAB), and a
structure-free evolutionary search (Symbolic Regression via Genetic Programming, GP) that imposes no
predetermined functional form. The most important results are that all three methods converged on the
same linear CDD-based baseline model (R? = 0.9762-0.9765, AR? < 0.0003), confirming that this
agreement reflects genuine model adequacy rather than shared linear bias. The case study yielded verified
annual savings of 232.056 kWh (27.846.72 CAD; 23.57 tCO.), with CUSUM confirming persistence,
though the high fit obtained reflects this facility's specific consumption profile and is addressed as a
limitation. The significance of the obtained results lies in demonstrating a replicable, uncertainty-
guantified cross-validation methodology that practitioners can apply beyond the specific case examined.
Keywords: Symbolic regression, genetic programming, cooling degree days, cumulative sum tracking,
cross-platform validation, emission verification.
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O arhitecturi de masurare si verificare a economiilor de energie in cladiri, care tine cont de incertitudine,
bazati pe regresia cu validare incrucisata si regresia simbolica prin programare genetica
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Departamentul de Energie Regenerabild, Universitatea Tehnologica din New Cairo, Egipt

Rezumat. Cuantificarea economiilor de energie rezultate in urma modernizarii cladirilor este complicata de
incertitudinea asociatd formei modelului de referinta (baseline), intrucat concordanta dintre doud instrumente bazate
pe modele liniare conventionale poate reflecta mai degraba utilizarea unei ipoteze comune decat adecvarea reald a
modelului. Obiectivul principal al acestui studiu este dezvoltarea si validarea unui cadru general de masurare si
verificare (M&V), care sa tina cont de incertitudine si sa elimine aceastd ambiguitate printr-o metoda de validare
incrucisata tripartitd. Abordarea este ilustratd printr-un studiu de caz privind modernizarea sistemului de iluminat
intr-o cladire comerciald din London, Ontario, Canada. Pentru atingerea acestui obiectiv, au fost analizate datele
lunare privind consumul de energie electrica din perioada 2021-2023, corelate cu indicele Cooling Degree Days
(CDD). Analiza a inclus aplicarea regresiei liniare, in conformitate cu Optiunea C a Protocolului International de
Masurare si Verificare a Performantei (IPMVP), utilizarea analizei sumelor cumulate (CUSUM) pentru
monitorizarea persistentei economiilor si validarea incrucisatdi a modelului de referintd prin trei metode
independente: software-ul comercial de M&V RETScreen Expert, regresia numerica personalizatd implementata in
MATLAB si o metoda de cautare evolutiva independentd de o structura prestabilitd, bazatd pe regresia simbolica
prin programare genetica (GP), care nu impune o forma functionald predeterminata. Rezultatele principale arata ca
toate cele trei metode au condus la acelasi model liniar de referintd bazat pe CDD, cu valori ale coeficientului de
determinare R2 cuprinse intre 0.9762 si 0.9765 si o diferenta maxima AR2 de 0.0003. Importanta rezultatelor consta
in demonstrarea unei metodologii reproductibile de validare incrucisatd, concepute pentru a lua in considerare
incertitudinea si care poate fi aplicata de specialisti in contexte diferite, dincolo de cazul particular analizat.
Cuvinte-cheie: regresie simbolica, programare genetica, grade-zile de racire, monitorizare prin sume cumulate,
validare cross-platforma, verificarea emisiilor.
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MeToanka u3MepeHust 1 Bepu(puKalnu dHeprocoepeskeHHs B 3IAHUAX C y4eTOM HeollpeleJeHHOCTH,
HCNOJIb3YI0IIasi PerPecCcHIO ¢ MepeKPecTHOM MPOBEePKOi U CHMBOJIBHYIO PerpeccHio Ha OCHOBE
reHeTH4eCKOro NPorpaMMHpPOBaHUS
Xazem Xaccan Asn Caiien
Otnen ynpasnenus sHepronorpednenuem, Luminous Energy Solutions, Kanrapu, Karnana
OTnen BO30OHOBIISIEMO# SHEPTreTHKH, TexHomornueckuii yausepcuter HoBoro Kaupa, Erumer
Annomayus. OUEHKa SKOHOMHM SHEPIMM TPH MOJCPHH3ALMH 3[aHUH OCIOXKHSICTCS HEONPEAEICHHOCTHIO B
OTHOIIEHNX BHAa 0a30BOW MOJEINH, MOCKOJIBKY COBIIAJICHHE PE3yIbTaTOB ABYX WHCTPYMEHTOB, HCIIOIB3YIOIINX
JIMHEIHBIE 3aBUCUMOCTH, MOXKET OTPaXKaTh JIUIIB OOIIYIO allpHOPHYIO MTPEATNOCHIIKY, 8 HE PealbHYIO aJeKBaTHOCTh
Mojenu. OcCHOBHasi IeJb JAHHOTO MCCIICOBAHUS — pa3pabdoTKa W BaIMAALUS YHUBEPCAJIBHOM METOIUKH
n3Mepennsi u Bepuduramuu (M&V), yuyuTBHIBAIOIIEH HEONPENEeNeHHOCTh W YCTPaHSIOMIEH yKa3aHHYIO
HEO/IHO3HAYHOCTh TOCPEACTBOM IIEPEKPECTHOW NPOBEPKH IO TPEM HampaBiieHHsM; 3((GEKTHBHOCTb MOAXOAA
MIPOJICMOHCTPUPOBaHa Ha NPHMEpPE MOJCPHU3AIMU CHUCTEMBI OCBEIICHHS B KOMMep4eckoM 3naHuu (T. JIoHIoH,
nposuHims OHTapuo, Kanana). [l noctrmkeHus 5ToW 1enw ObLI NPOBEIEH aHAIM3 JAHHBIX 00 €XeMeCSYHOM
MOTPEOICHUH SJICKTPOIHEPTHH U TIOKA3ATEISIX «Tpaxyco-cyTok oxnaxaenus» (CDD) 3a tpu roga (2021-2023 rr.)
C HCIIONIF30BaHUEM JIMHEHHOW perpeccu (B coorBeTcTBHU ¢ ommueil C mpotokona IPMVP); takxke mpumeHsuics
Meton KymymsTuBHBIX cymm (CUSUM) mis OTCleXWBaHUS YCTOWYMBOCTH SKOHOMHH, a 0a30Bas MOIEIb
MIPOXOJMIA TEPEKPECTHYIO IIPOBEPKY TPEMs HE3aBHCHMBIMH CIIOCOOaMH: C IOMOINBIO CHENHATH3HPOBAHHOTO
nporpammuoro obecrieueHus (RETScreen Expert), myTeM mOCTpoeHUsT COOCTBEHHOW perpeccHOHHON Mojenu (B
cpene MATLAB) u mocpeIcTBOM 3BOJIONMOHHOTO MOUCKA 0€3 KECTKOH CTPYKTYPHI (CHMBOJBHAS PEerpeccHs Ha
OCHOBE I'eHeTH4YecKoro nporpammupoBanusi — GP), He HaBsI3bIBAIOLIETO 3apaHee ONpeACICHHBIH BUI (YHKIMH.
KitroueBbIM pe3yIbTaTOM CTaJIO COBMACHUE BCEX TPEX METOIOB Ha OHOM U TOH e TMHEeHHON Moienu, 3aBUcsIen
ot nokazateinst CDD (R? = 0.9762-0.9765, AR? < 0.0003); 3To moATBEpIkKAAET, YTO COITIACOBAHHOCTD PE3YJIbTATOB
CBHJETEIBCTBYET O PealbHOM aJeKBaTHOCTU MOJETH, a He 00 oOmel cucreMaTH4ecKkoil ommoOke, CBOHCTBEHHOM
JUHEHHBIM MeToJaM. 3HAa4YMMOCTh pPa0OThl 3aKIIOYaeTCss B JIEMOHCTPAIMM BOCIPOU3BOAUMON METOIUKU
MIEPEKPECTHONH IPOBEPKH C KOJIWYECTBEHHOH OIIEHKOW HEONPENENCHHOCTH, KOTOPYIO CHEIHAHCTHI-TIPAKTUKI

MOTYT IIPUMEHSTH U 32 IPeIelaMH PACCMOTPEHHOTO KOHKPETHOTO CITydast.
Kniouegvie cnoea. CUMBOIBHAS PErpeccHs, I€HETHYECKOE IMPOTPaMMHPOBAHUE, T'PaTyCO-CyTKH OXJIXKICHUS,
OTCJIC)KUBaHNE KYMYJIATHBHBIX CyMM, KPOCCIUIaT(OPMEHHAs ITPOBEPKa, BEPUPHUKALS BEIOPOCOB.

INTRODUCTION quantifying temperature-driven energy

Unlike prior M&V studies that validate g:onsumption, with CD[.) becoming ir)creasingly
baseline energy models using a single regression wlﬁ)ﬁ;tan:hzs u][:g?i tc%ollanOI(cjjemiﬂcrisatrése Eggo[rz]s
tool or a single fixed functional form, this study significantly i heryHDD than CDD _annuall
Is, to the authors' knowledge, the first to cross- C%D is sel){ecteg as the sole independent variabslg
validate a building energy savings baseline across P

three fully independent computational approaches given that the _Ilghtlng retr_oflt directly redyc_es
— commercial M&V software (RETScreen internal heat gains and cooling-related electricity

. X consumption, a choice statistically validated by R?
(EI\)/(IFE'?I)_ AB) m;t(cj)ma strS(L:jtrSreer-I?fele ev(r)e|8trie osriza?; =0.9762 across the full dataset. Despite widespread
search (Sy,mbolic Regression via Genetic implementation o_f Epergy Copservatlon Measures
Programming) — thereby removing  the (ECMs)- suph as lighting r_etroflts, HVAC upgrgdes,
possibility that agreement between conventional and building e_nvellope Improvements, a critical
tools merely reflects a shared assumption of Cha.”ef‘ge persists: accurately_ quantn_‘ymg and
linearity. This three-way validation, compared to verifying the actual energy savings achieved. The

the two-tool comparisons typical in the literature, International - Performance = Measurement and

constitutes the central novel contribution of this Verlflcat_lon P_rotqcol (IPMVP) provides
work. standardized guidelines for measurement and

Buildings account for approximately 30% of verification (M&YV), yet uncertainties in baseline

. A modelin weather normalization and
global ‘energy consumption and a significant measure?r;ent accuracy can cause re orteél savings
portion of greenhouse gas (GHG) emissions, y P g

. - . S to deviate from actual performance by
making energy efficiency improvements critical . . .
for climate change mitigation [1]-[3]. In Canada, approxmately 10.% [8]'[.10]' This uncertainty
where harsh winters and growing cooling gndermmes conflde_nce N energy eﬁ_‘|C|en_cy
demands create substantial energy burdens, Investments, comp!lcates access 10 flnancw_ll
commercial and institutional buildings represent a incentives, and limits the scalability of retrofit

key opportunity for energy conservation. Heating programs.

. Recent M&YV research has explored increasingly
(Dcegg;a DSZ};\S/e(HESD) fi?](éa(r:noe?:tlglg aqeegtrr(iagsD?‘)cﬁ sophisticated statistical and machine-learning
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approaches, each with distinct limitations.
Gaussian process models [11] and Bayesian
approaches [12] offer strong uncertainty
guantification but demand substantial
computational  resources and  specialized
statistical expertise, limiting practical
deployment. Deep reinforcement learning [13]
shows promise for HVAC optimization but
requires extensive training data and lacks the
interpretability that M&V transparency demands.
Simplified performance-indicator models [14]
address  complexity  concerns  but  risk
oversimplifying building dynamics. Energy
management system studies [15] and policy-
focused research [16]-[17] provide valuable
regulatory and organizational context but often
disconnect from practical implementation.
Benchmarking [18] and audit-based
methodologies [19]-[20] contribute process
documentation but tend to oversimplify site-
specific variability. Measurement-uncertainty
research from manufacturing contexts [21] and
optimal energy management studies [22]-[23]
offer useful principles but rely on assumptions
that may not generalize to building operation.
Smart-technology and edge-computing
frameworks [24]-[25] present innovative concepts
without sufficient practical validation across
diverse environments. Notably absent from this
literature is the use of structure-free, evolutionary
search methods — such as Symbolic Regression
via Genetic Programming — as an independent
cross-check on baseline model form, despite their
established use in other fields for discovering
governing relationships without imposing a
predetermined functional structure.

The current literature reveals three critical
gaps: (1) limited validation of M&V software
tools against independent methods for accuracy
assessment; (2) insufficient practical guidance for
implementing IPMVP protocols using accessible,
replicable tools; and (3) inadequate quantification
of model-form uncertainty — specifically, the
untested assumption that agreement between two
conventionally linear tools (e.g., RETScreen and
MATLAB) is sufficient evidence that a linear
model is the correct choice, rather than an artifact
of both tools sharing the same underlying
assumption.

This study addresses these gaps by developing
and validating a comprehensive, uncertainty-
aware M&YV framework that integrates parametric
regression analysis, CUSUM tracking, and —
critically — a third, structure-free validation layer
using Symbolic Regression via Genetic
Programming, demonstrated through a three-year
case study (2021-2023) of a lighting retrofit in a
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commercial building in London, Ontario, Canada.
The research makes four key contributions:

o Validated baseline modeling methodology,
using linear regression with CDD-based
weather normalization, achieving high model
confidence (R* > 0.97) across multiple time
periods.

e Three-way cross-validation framework,
comparing RETScreen Expert, independent
MATLAB analysis, and an unconstrained
Genetic Programming search to quantify
model-form uncertainty beyond what two-tool
comparisons can establish.

e Practical complexity assessment, evaluating
the trade-off between model complexity (linear
vs. polynomial fits up to 10th degree, and
unrestricted symbolic forms) and practical
accuracy.

e Complete uncertainty quantification, aligned
with IPMVP requirements, demonstrating that
a  structure-free  search  independently
rediscovers the same linear relationship rather
than favoring added complexity.

This article is organized as follows: Section 2
presents the Theoretical Framework, covering the
counterfactual M&V method, the IPMVP
guidelines, policy and measures for building energy
efficiency, general principles of lighting retrofits,
the CDD-based regression formulation, and the
Symbolic Regression via Genetic Programming
formalism used as an independent, structure-free
validation method. Section 3 presents the Case
Study, describing the building, the data collection
and preparation process, and a qualitative
demonstration of the retrofits effect on
consumption. Section 4 presents the Results and
Discussion, reporting the RETScreen—-MATLAB-
GP cross-validation findings and a discussion of the
study's limitations. Section 5 concludes the article.
This examination is conducted while adhering to
the IPMVP options and considering Canadian
conditions relevant to these analyses, including the
application of RETScreen for effective energy
savings evaluations.

THEORETICAL FRAMEWORK

Counterfactual M&V Method

The counterfactual method quantifies energy
savings by comparing observed post-intervention
outcomes to a predicted baseline representing the
absence of implemented measures. Most M&V
methodologies use this approach to determine
avoided consumption—the difference between
actual post-retrofit use and adjusted baseline (Fig.
1)—extending beyond electricity to water and

A.
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natural gas. The fundamental equation for energy
savings calculation is described as follows:

ESt = I:Eb,adj (t) - Emeas (t):l * RA\ (1)

Energy savings ES, at time t equals adjusted
baseline consumption E, , (t) minus measured
post-retrofit consumptionE,.(t), plus routine
adjustments for non-routine eventsRA . The
baseline period requires: (1) adequate data points
(typically 12 months minimum), (2) measured
consumption data, and (3) independent variables
like weather parameters. For weather-dependent

facilities, the CDD-based baseline model is
expressed as:

E,=p,+8.CDD+¢ 2

Where E, is the monthly electricity baseline
energy consumption (kWh), g, is the intercept

(base load consumption independent of weather),
B.is the slope coefficient (weather-dependent

consumption rate), CDD represents cooling
degree days (°C.days), and ¢ is the error term.
The adjusted baseline for the reporting period
becomes:

®3)

By o (1) = 5, + B,.CDD, (1)

Here CDD,(t) represents actual cooling

degree days during the reporting period. ECM
refers to actions or technologies reducing energy
usage, including LED lighting, high-performance
HVAC, enhanced insulation, and equipment
upgrades implemented to lower costs and carbon
emissions.

The cumulative energy savings CUSUM
over the reporting period are calculated as:

CUSUM = Y ES, = [ B,y 0 Ep O] (4)

Where n represents the number of reporting
periods (months or years). The associated cost
savings CS are determined by:

CS=Cumulative SavingsxUnit Energy Cost

©)
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Adjusted Baseline Model
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Fig. 1. Counterfactual method [9].

The coefficient of determination (R?) assesses
baseline model accuracy:

R2 :1_ SSres :1_
SS

>o(v-v)

6
Z:ﬂ(yi '7)2 ( )

tot

Actual energy consumptiony,=E,_ (t) is

compared to predicted consumptiony, from the
baseline model, and mean consumptiony using
residual SS. and total sumsSS, of squares to

calculate R?. Per IPMVP guidelines, R*>0.75
indicates acceptable model fit, while R%*>0.9
represents excellent fit.

B. IPMVP

M&V methods provide systematic, transparent
approaches to quantify energy savings with
verifiable accuracy. IPMVP, developed by the
Efficiency Valuation Organization, serves as the
global standard for efficiency verification across
40+ countries [3], defining four options (Table 1):
A (key parameter measurement), B (all parameter
measurement), C (whole facility analysis via utility
data and regression), and D (calibrated simulation).
IPMVP is critical for Canadian buildings, providing
standardized methodology, flexible options,
regulatory alignment with NECB and provincial
codes, compatibility with incentive programs,
support for GHG reduction targets, and
professional development through organizations
like AEE [7]. IPMVP emphasizes uncertainty
quantification, recognizing M&V calculations can
deviate from actual savings by ~10% due to
measurement errors and modeling limitations [3].

C. Policy and Measures of Building Energy
Efficiency

Canadian building energy efficiency policies
establish comprehensive frameworks to enhance
sustainability and reduce operational costs. The
NECB mandates minimum performance standards
for building envelope, HVAC, lighting power
density, and electrical systems, with
provincial/municipal jurisdictions often exceeding
these minimums to meet 30-40% GHG reduction
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targets by 2030.

Financial incentives drive implementation
through utility rebates, federal grants (Investing in
Canada Infrastructure Program), and provincial
initiatives in Ontario and Alberta. Mandatory
energy audits identify savings potential for
incentive eligibility. Key measures include LED

reductions), high-efficiency HVAC with heat

recovery, envelope improvements, renewable
energy integration, and smart building
technologies. = LEED  certification  fosters

sustainable practices and market differentiation [6].
These coordinated policies deliver economic,
environmental, and social benefits, positioning

retrofits with advanced controls (30-75%  commercial retrofits as strategic investments
supporting national climate commitments.
Table 1
IPMVP measurement and verification option
IPMVP . . . .
Option Option A Option B Option C Option D
Partial
measurement of key Regression Computer-
. Full . A
Measurement parameters; analysis of utility based energy
. measurement of all . - . .
Approach remaining billing data with modeling calibrated
relevant parameters o
parameters normalization to measured data
estimated

Short-term or

Continuous or

Monthly or

Detailed

. spot measurements; long-term interval utility data; | building geometry,
Data Requirements . .
engineering measurements of weather data systems, schedules,
estimates energy use (HDD/CDD) calibration data
S HVAC
. .nghtlng upgrades, variable- Whole- - NeW.
Typical retrofits, motor . - . buildings, major
L speed drives, building retrofits, i
Applications replacements, . renovations,
simple ECMs process multiple ECMs complex systems
P improvements plexsy
.LOW cost; . . Captures Applicable
simple High accuracy; | . . i .
Advantages . . . interactive effects; when baseline data
implementation; reduced uncertainty L .
. uses existing data are unavailable
quick assessment
Higher Higher cost; . High
. . Savings . .
L uncertainty due to increased A modeling effort;
Limitations . . : attribution may be .
estimated instrumentation and requires expert
X less granular
parameters data handling knowledge

D. Lighting Retrofits: General Principles

Building lighting retrofits in Canadian
commercial and institutional buildings enhance
energy efficiency, indoor environmental quality,
and operational costs. Retrofits begin with audits
identifying  inefficiencies and  outdated
technologies. LED transition is most effective,
reducing consumption up to 75% versus
incandescent/fluorescent fixtures, with ~25,000-
hour lifespan versus 1,000 hours [5]. Advanced
controls—occupancy Sensors, daylight
harvesting, dimming—add 30-50% savings by
activating lights only when needed. Compliance

with NECB lighting power density requirements
ensures projects meet or exceed efficiency
standards. Benefits are substantial: (1) 30-50%
energy savings with 2-5 year payback periods, (2)
enhanced comfort and 5-10% productivity gains,
(3) reduced maintenance from extended LED
lifespan, and (4) decreased GHG emissions—
50,000 kWh saved annually yields ~30 tons CO:
reduction. Successful retrofits across Canadian
public buildings, schools, healthcare facilities, and
offices demonstrate proven frameworks. As shown
in Table 2, lighting retrofits deliver robust financial
returns while advancing Canada's climate action
objectives.

Table 2

Impacts of lighting retrofits in Canadian commercial buildings

Aspect

| Conventional Lighting | LED Retrofits with Controls |

Typical Impact |
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Fixture Type Incandescent / LED luminaires —
Fluorescent
Power Reduction — 30-75% lower wattage Slgnlflcgnt
energy reduction
Lamp Lifetime ~1,000-10,000 h ~25,000-50,000 h mainTeenda“nCCeed
_— __ Occupancy sensors, Additional 30—
Lighting Controls Manual switching daylight harvesting, dimming 50% savings
Annual Energy Savings Baseline 30-50% L%\il\llles r utility
Simple Payback — 2-5 years atfr?ci?\za”y
Maintenance Cost High (frequent Low O&M savings
replacement)
GHG Emission Reductions Baseline N3I?Vt/$12;\1/)§é 50,000 Ebn;/rllgc;ﬂmental
. Often non- NECB-compliant or Regulatory
Code Compliance compliant better alignment
E. CDD-Based Regression Modeling Po+B,CDD+2
B, +B3,.CDD+ B3,CDD’ +¢

The weather normalization is as follows:

CDD,
Enorm = Emea.s Wtypal (7)

actual

Where E_. is normalized energy

consumption (kwWh), E,.. is actual measured
consumption (kWh), CDD,,, is long-term
average CDD for the location, and CDD,,,, is

actual CDD during measurement period. The
monthly CDD billing period aggregation can be
calculated as follows:

n

CDDmontth = Z[Tavg,i _Tbase:| Tavg,i > Tbase (8)

i=1

Where T, average daily

(°0), acts as base

temperature (typically 18°C for cooling). A
comprehensive analytical framework quantifies
energy savings and validates model accuracy
through four complementary techniques: time
series visualization for consumption patterns,
linear regression to establish the energy-CDD
relationship and baseline models, CUSUM
analysis for progressive savings tracking, and
M&V charting for net savings per IPMVP
standards. Model-form uncertainty between two
regression platforms can be quantified as:

represents
and T,

base

temperature

AR® = |R2RETScreen - RZMATLAB| (9)

The polynomial regression models are given:
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E(CDD) ={ B, +.CDD+ j3,CDD? + 3,CDD* + &

By+> 5.CDD' +¢
i=1

(10)
Where  E(CDD) is predicted energy
consumption (kWh), and B, = regression
coefficients.

F. Symbolic Regression via Genetic
Programming

This study further validates the baseline
modeling approach using Symbolic Regression via
Genetic Programming (GP), an independent,
structure-free search method. Unlike regression's
fixed functional form, GP evolves structure and
coefficients together, using expression trees under
selection, crossover, and mutation to minimize
error against the electricity-CDD data, determining
whether non-linearity or linearity better explains
the dependency. GP searches the unrestricted
expression space built from function set F and
terminal set T:

E(CDD)=®(CDD),® < S(F,T) (11)

Where @ is a candidate expression (tree), and
S(F, T) denotes the space of all syntactically valid

trees composable from:
F ={+=x+,In, exp(.)},T ={CDD,c} (12)

With ¢ an ephemeral random constant (ERC).
Fitness function is F: each candidate o, is

evaluated against the n measured observations
using:
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RMSE (@, ) = %i[Em (t)-@,(coD,) T (13)

t)-®,(CDD,)| (14)

meas (

MAE(CDi)=% n |E

t=1

2t (- (CDD)]
1] B (1) B (1)

R?(®,) (15)

Selection (tournament): the fittest individual
among k randomly drawn candidates are selected
as a parent:

parent g @ e(d)l,»--,q’k

) RMSE(®,) (16)
Genetic operators: new individuals for
generation g+1 are produced from generation g

according to:

Crossover (@, @, ), with probability p,
@ ={  Mutation(®, ),with probability p,
@, with probabilityl—p - p,

(17)

Where crossover exchanges randomly selected
subtrees between two parents, and mutation
replaces a randomly selected subtree with a newly
generated random subtree. Convergence criterion:

the evolutionary process terminates after G
generations, returning the best overall model:

D

best

—arg min min)RMSE(q)i(g)) (18)

ge(l,...,G)ie(l,.“,P
Where P is the population size.

CASE STUDY

1. Building Information

This study applies RETScreen Expert to analyze
3 years of electricity data from a London Airport,
Ontario  commercial ~ building,  evaluating
performance following a February 2022 lighting
retrofit. The baseline period (Jan 2021-Dec 2021)
and reporting period (Jan 2022—Dec 2023) enable
linear regression modeling correlating consumption
with CDD, quantifying energy savings, cost
reductions, and GHG emission reductions for
stakeholders.

Cross-validation via RETScreen Expert and
MATLAB ensures robust, verifiable results
supporting investment decisions and a replicable
framework for Canadian retrofits—capturing
whole-facility effects, particularly reduced cooling
loads from decreased LED internal heat gains.
Although lighting retrofits are commonly evaluated
using IPMVP Option A, this study applies IPMVP
Option C to capture whole-facility and interactive
effects using utility billing data and weather-
normalized regression (Table 3). Lighting retrofits
offer 30-75% energy reductions via LED
technology and controls. M&V focuses on fixture
power, operating hours, and coincident peak
operation [4].

Table 3

Measurement and verification approach for the lighting retrofit based on IPMVP option C

Item Description Source / Method
IPMVP option Option C — Whole fa_cility measurement and IPMVP [8]
verification
ECM type LED lighting retrofit Project documentation
Measurement boundary Entire building electricity consumption Utility billing data
Analysis period 36 months (Jan 2021 — Dec 2023) Utility records
Baseline period Pre-retrofit period (Jan 2021 — Dec 2021) Utility data
Reporting period Post-retrofit period (Jan 2022 — Dec 2023) Utility data
Energy data Monthly electricity consumption (kWh) Utility bills
Independent variable Cooling Degree Days (CDD) NASA / RETScreen

Baseline model

Linear regression of energy vs. CDD

RETScreen & MATLAB

Weather normalization

Adjusted baseline using actual CDD

IPMVP Option C

Savings calculation

Difference between adjusted baseline and
actual consumption

Counterfactual method

Performance tracking

CUSUM analysis

RETScreen & MATLAB

HVAC interactive

Captured implicitly at whole-facility level

Option C characteristic

Uncertainty treatment

Cross-validation (RETScreen vs. MATLAB),
R? analvsis

This study
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Power is directly measured; hours are
established via energy surveys, forming a
consistent baseline. Key assumptions: constant
pre-retrofit hours, direct power measurement,
exclusion of HVAC effects, and unchanged
lighting levels. The study examines a London,
Ontario office building (15,290 ft?, mixed-use),
retrofitted February 2022, with the retrofit's effect
on consumption demonstrated qualitatively in
Table 6.

2. Data Collection and Preparation

A 36-month electricity dataset (Jan 2021-Dec
2023) was collected with owner authorization

from the local utility serving London, Ontario,
including monthly consumption, billing dates,
and commercial rates (0.10-0.13 CAD/kWh,
Table 5). CDD data were extracted from NASA
via RETScreen, synchronized with billing
periods; supplementary parameters (temperature,
solar radiation, humidity, precipitation) enabled
energy-weather correlation analysis. Although
Climate Zone 6A-Cold-Humid shows HDD
(4,009) far exceeding CDD (1,078), CDD remains
methodologically appropriate since the LED
retrofit reduces internal heat gains and cooling
loads—validated by R?=0.9762 (full dataset) and
R?=0.9952 (baseline).

Table 4
Building characteristics for the case study
facility
Parameter Description
Commercial /
Building type Institutional office
building
. London, Ontario,
Location
Canada
Year of construction ~25 years old
Number of floors Two
Total floor area 15,290 ft2

Primary occupancy

Offices, classrooms,
common areas

Cold climate (Canadian

Climate zone
context)
- . Local electric utility
Utility provider (Ontario)
Primary energy source Electricity

Energy Conservation

LED lighting retrofit

Measure (ECM)
ECM implementation February 2022
date
Analysis boundary Whole-building

electricity consumption

Operating profile

Typical commercial
occupancy
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Table 5
Electricity pricing trends prices
Sector Average Price
(CAD per kWh)
Residential 0.12-0.15
Commercial 0.10-0.13
Industrial 0.08 - 0.10
Agricultural 0.09-0.11
Institutional (e.g., schools, 0.10-0.12
hospitals)
Government 0.11-0.13
Electrlc_: Vehicle 0.15 - 0.20
Charging

The dataset was prepared using RETScreen
Expert, integrating NASA weather data with
building-specific parameters (coordinates, climate
zone, elevation, design temperatures) for London,
Ontario. A  dual-platform  approach  was
implemented: RETScreen for baseline modeling
and savings quantification, and MATLAB's basic
fitting tool for independent verification of
regression coefficients, R?, and uncertainty across
polynomial degrees—strengthening confidence in
results and supporting transparent uncertainty
quantification per IPMVP standards.

3. Facility Information

RETScreen's facility characterization module
consolidates building metadata (type,
classification, address, manager) and benchmark
parameters. Key metrics include facility size
(15,290 ft?), Energy Use Intensity (kWh/ft*), and
comparative ~ benchmarks  against  similar
commercial/institutional  buildings. Automated
benchmark analysis evaluates performance against
industry standards, incorporating base case and
proposed case EUI values, energy plans, and
projected fuel savings. While facility size was
manually input, all derivative parameters—
benchmark ranges, intensity metrics, performance
indicators—were automatically calculated based on
location, climate zone, and building classification.

4. Qualitative Evidence of Lighting Savings

Before the full regression-based wvalidation,
Table 6 illustrates directly how the February 2022
lighting retrofit reduced consumption, independent
of any statistical model. It compares selected
months from pre-retrofit 2021 against post-retrofit
2023 (measured data, Table 9), chosen to hold
cooling demand constant—equal, near-zero, or
higher CDD post-retrofit—so that reductions
cannot be attributed to milder weather.

January and February show zero CDD in both
years, so cooling plays no role; the 3.5% and 3.9%
reductions reflect genuine base-load savings,
consistent with lower internal heat and standby draw
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from the new LED fixtures. April and November
show higher post-retrofit CDD (48 vs. 29; 22 vs.
19), which should raise cooling use, yet
consumption still fell—indicating lighting savings
outweighed added cooling demand, confirming the
retrofit, not weather, drove the reduction.
December shows the largest drop (16.5%),
consistent with peak pre-retrofit lighting load
during the year's shortest daylight period.

5. Energy Consumption Data

The workflow began by importing 36 months of
electricity data (Jan 2021-Dec 2023) into
RETScreen Expert, which calculated monthly
usage (kWh/month). NASA weather data was
integrated, using CDD instead of raw temperature
to better capture cooling-related demand.

Before/after comparison of matched-CDD months, pre-retrofit (2021) versus post-retrofit (Z'B’;t;)l)e °

Month Prekg/z\/%n) CP[;‘E Poslt(\(/sgzs) ggsé A KWh (%) Note

Jan | 147,719 0 142,609 0 (:i’. 15;(:) {dentical CDD - pure base-

Feb | 151876 0 146,001 0 (:?s’.gz/i) {dentical CDD - pure base-

Apr | 155,876 29 154,705 48 (:%f. gz/l) Post CDDstﬁ?(ﬁ’)VTe‘-’rher' kWh

un | 225817 | 245 213,932 246 (11513855) Virtually identical CDD

Aug | 278402 414 273,659 406 (:1’.772) Nearly identical CDD

Nov | 160,089 19 142,968 22 (:112)17%/1) Post CDDIS\'Ai/gPﬂ{NTghe“ still

Dec 142,109 1 118,721 0 (:2136’.35'%/?) Nearly identical CDD

CDD values were aggregated per billing period
for temporal alignment. An event log marking the
lighting retrofit's completion (February 2022)
established the baseline-reporting boundary,
separating pre- and post-retrofit consumption for
accurate M&V-based savings quantification.
RETScreen Expert enabled scenario modeling,
sensitivity analysis, and GHG calculations. For
robustness, regression, CUSUM, and M&V
procedures were run separately across the full
dataset (36 months), pre-retrofit baseline (11
months), and post-retrofit period (25 months).
Parallel MATLAB fitting (Fig. 2) independently
validated RETScreen results, comparing
regression  coefficients, R? values across
polynomial degrees (linear—10th order), and error
guantification—strengthening confidence and
transparency in reported savings.

Measured Data

e >
Excel Sheet

kwh CcDD kWh/CDD

Uploaded to MATLAB
Using M-File Script

Curve Fitting
Tool

Fig. 2. Basics fitting tool based-MATLAB m-file
coding.
The CDD variable, rather than HDD, is used
because: (1) this is a lighting retrofit, not a heating
upgrade—LEDs produce less waste heat,
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reducing cooling loads, making HDD irrelevant;
(2) reduced internal heat gains from LEDs lower
cooling-related electricity use in warm months, a
relationship CDD captures directly.

RESULTS AND DISCUSSION

The location of the facility according to the
nearest climate data station are illustrated in Fig. 3
and Table 7. The climate data parameters based on
NASA database are depicted in Fig. 4 and Table 8.
The electricity bill data and other relevant
information for a commercial building in London,
Ontario, were analyzed to assess electricity
consumption patterns over the years as illustrated in
Table 9. The goal was to establish a relationship
between the annual electricity usage and the CDDs
for the same period, in order to evaluate the energy
savings from the February 2022 lighting retrofit
according to the climate data location. Energy
savings were estimated by applying the theoretical
framework of Section 2 to the 36-month measured
dataset (2021-2023) described in Table 9, under the
following two validation cases:

A. Case 1: RETScreen Versus MATLAB Cross
Validation

A time series graph is obtained which represents
a relationship between the CDD (°C-days) and
energy (kWh/month) on the vertical axis, and the
number of the months on the horizontal axis (time)
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as illustrated in Fig. 5. The graph in Fig. 5 is
obtained via RETScreen and MATLAB software
to validate the accuracy and reliability of the
energy savings and performance models created
in RETScreen by cross-referencing them with a
custom-built model in MATLAB.

Lucan Biddulph
iddlesex

Woodstock

9 Ingersall
Thames @
London Centre N
South-West
Oxford

Middlesex
Centre

radoc

lllllllll

H
Legend
C} Facility location

’/ Climate data location

Fig. 3. Facility legend using RETScreen software.

location location
Canada- Canada-
Name Ontario- ON-
London-Airport London
Latitude °N 43.0 43.0
Longitude | °E -81.2 -81.2
Climate 6A-Cold-Humid | 8/A°Cold-
zone Humid
Elevation m 278 275
7
6
5 g
24
E

kwh,

Daily Solar Radiation - Horizontal
Qo B NW

Month

Legend

||| Daily solar radiation - horizontal Air temperature

Air Temperatu

Table 7
. : . Fig. 4. Climate data-based NASA database usin
Locatlc?n detall_s of the facility — REgl'Screen software: Daily solar radiation and agir
‘ Unit I Climate data Facility temperature versus time.
Table 8
Weather parameters-based NASA database using RETScreen software
Heating design temperature -15.9
Cooling design temperature 28.5
Earth temperature amplitude 21.4
. Rela- Dail
Alr tive | Precipita- sola)r/ Atmosphe- Wind Earth
Month | Tempera- | ¢ ti diation- rc speed | Temperature | PP | €PD
ture umt on radiati pressure P P
dity horizontal
°C % mm kWh/m?/d kPa m/s °C °C-d | °C-d
January -6.7 79.0% 44.95 1.61 98.2 5.3 -5.6 766 0
February -6.2 76.0% 40.04 2.62 98.3 5.0 -5.0 678 0
March -0.5 72.8% 45.26 3.63 98.2 5.0 -0.2 574 0
April 6.2 68.1% 57.00 4.69 98.1 5.0 6.4 354 0
May 12.6 67.9% 68.51 5.79 98.2 4.2 12.9 167 81
June 17.7 70.5% 69.30 6.34 98.2 3.6 18.8 9 231
July 20.3 72.8% 70.06 6.13 98.3 3.1 22.1 0 319
August 19.3 76.7% 63.55 5.12 98.4 3.1 21.3 0 288
September 15.3 77.3% 74.40 3.92 98.5 3.3 16.7 81 159
October 9.1 77.6% 68.20 2.71 98.5 3.9 9.5 276 0
November 3.3 79.6% 61.80 1.55 98.3 4.7 3.1 441 0
December -3.4 80.7% 52.39 1.27 98.3 5.0 -2.7 663 0
Annual 7.3 74.9% 715.46 3.79 98.3 4.3 8.2 4009 | 1078

This graph depicted in Fig. 5 helps identify
seasonal trends in energy consumption,
particularly during warmer months when cooling
demand increases. By correlating CDDs with
electricity usage, users can assess how temperature
fluctuations drive energy needs. This visualization
also facilitates performance monitoring, enabling
the evaluation of energy efficiency measures such
as in this case lighting retrofits by observing
reductions in energy use during periods of high
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cooling demand. Additionally, the graph can
reveal anomalies, such as unexpected spikes or
drops in consumption, which may indicate
operational inefficiencies or system malfunctions.
It also aids in benchmarking, allowing
comparisons between actual consumption and
expected performance based on historical data,
ensuring the building operates efficiently under
varying cooling requirements.
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iy 500 Table 9
300,000 - =+~ Electricity .
=+~ Weather (COD) Measured data of energy consumption, CDD, and
250,000 1 L 00 specific energy
g A Measured Data
X 2000001 300 Cooling -
2 5 Electricity | Degree Specific
$ 150,000 £ End Date (kwh) Davs Energy
5 -0 g Y" | (kwh/CDD)
% 100,000 4 2 (CDD)
100 1/13/2021 147719 0 0
o 2/13/2021 | 151876 0 0
. ‘ ‘ ‘ ‘ 3/15/2021 144003 0 0
202107 2022-01  2022-07 202301  2023-07
4/14/2021 155876 29 5297
; (@) 5/15/2021 | 165287 | 55 2995
3.5 Pt ‘ ‘ a——mEl 6/15/2021 | 225817 | 245 920
5l PR/ oo 7/15/2021 | 254126 357 712
25l /\ L300 8/14/2021 278402 414 673
s \ | 91472021 | 254973 327 780
-
2 J \ [ 200 10/14/2021 | 184822 117 1581
1.5 \ {100 11/15/2021 160089 19 8602
. . . . 0 12/15/2021 142109 1 116483
0 10 20 30 40
Nummber o Months 1/15/2022 | 142935 0 0
b) 2/13/2022 139964 0 0
. . . . 3/14/2022 132370 0 0
Fig. 5. Time series graph using: (a) RETScreen
software. (b) MATLAB software. 4/13/2022 139338 ! 21306
5/12/2022 138656 30 4656
1200004 ) 6/12/2022 202999 192 1055
g | 7/12/2022 | 231160 | 310 745
£ 8/14/2022 | 305790 458 667
80,000
< 9/15/2022 244017 329 741
5 60,000
g 10/15/2022 171816 138 1249
g 11/14/2022 | 134897 2 85378
& 12/13/2022 | 132993 0 0
o 2021-07-01 2022-01-01 2022-07-01 2023-01-01 2023-07-01 1/13/2023 142609 0 0
2/13/2023 146001 0 0
. ® 3/15/2023 140928 3 42068
x10
" caml | 4/15/2023 | 154705 | 48 3214
§ 10 v 1ees0 1 5/15/2023 166711 64 2620
g ol 6/15/2023 213932 246 870
g 7/16/2023 | 275489 | 431 640
& o ’ 8/16/2023 | 273659 | 406 674
if: 4f 1 9/16/2023 237560 338 702
g | 10/15/2023 | 158415 76 2083
w2
J 11/15/2023 142968 22 6594
o L _ A
0 10 20 30 40 12/12/2023 | 118721 0 0
Number of Months
(b) Ultimately, the graph provides a clear way to
Fig. 6. Time series graph of specific energy track energy consumption patterns a_lnq_as_sess the
consumption versus time using: (a) RETScreen effectiveness of energy-saving initiatives in

software. (b) MATLAB software. response to environmental factors. The second step
involves plotting specific energy consumption
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(kWh/CDD) versus time, as depicted in Fig. 6, to
analyze cooling system efficiency relative to
outdoor temperature variations. Normalizing
energy consumption to CDD reveals seasonal
trends, performance issues, and the impact of
energy-saving measures such as lighting retrofits
by comparing pre- and post-intervention
consumption.

350,000
< 300,000 + =
S 250,000 |
€ 200,000 + _ g @
150,000 'lll
100,000 —
50,000 +
0

0 500

Weather (CDD)
(a)

Energy (kWh/

x10

* ¥

kWh/Month
)
*
*

sk
1.5;{35 T

*

0 100 200 300 400 500
CDD

(b)

Fig. 7. Actual energy consumption versus CDD
graph using: (a) Excel sheet. (b) MATLAB
software.

Anomalies such as unexpected spikes may
indicate inefficiencies or operational problems.

RETScreen and MATLAB are both used to
estimate specific energy, assessing model
uncertainty and potential error sources. The third
step plots energy consumption (kWh/month)
versus CDD, as illustrated in Fig. 7, analyzing the
relationship between cooling demand and energy
usage through regression analysis. Here, energy
consumption serves as the dependent variable
while CDD acts as the independent variable,
reflecting temperature-driven cooling demand
across the entire study period. Regression analysis
guantifies the relationship between CDD and
energy consumption, enabling a predictive model
that estimates usage based on temperature
variations. This identifies how cooling demand
impacts energy efficiency, with Fig. 7 prepared
via Excel prior to RETScreen and MATLAB
validation. The fourth step establishes the baseline

model using linear regression, as depicted in Fig. 8.
The resulting R? value of 0.9762 indicates an
excellent model fit, confirming a very strong
correlation between CDD as the independent
variable and monthly energy consumption as the
dependent variable.

300,000 4 — Baseline predicted .
+ Data - regression

Electricity (kWh)

0 100 200 300 400
Weather (CDD)

@
5
3.5 X 10
*  Actual
Predicted
3L *
w5
=
E257 f;*
= x *
= *
= 2
== *
*
-
1.5 =~
e
1 . . .
o 100 200 300 400 500
CDD

Fig. 8. Baseline model using linear regression
analysis using: (a) RETScreen software. (b)

MATLARB software.
Table 10
Regression results for the 3 years data
RETScreen MATLAB AR?
Eq | Y7326.9687"X+ [ Y=326.9669"X+
139685.9384 139687.2334
R2 0.9762 0.976211 0.000011
Table 11
Different types of fit for R in MATLAB software
Types of fit R?
Linear 0.9762
Quadratic 0.9773
Cubic 0.9786
4™ degree polynomial | 0.9788
5t degree polynomial | 0.9794
6™ degree polynomial | 0.9794
7™ degree polynomial | 0.9794
8™ degree polynomial | 0.9802
9™ degree polynomial | 0.9805
10" degree polynomial | 0.9805

The comparison illustrated in Table 10 between the
regression results from RETScreen and MATLAB
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demonstrates a high degree of alignment, with
both tools producing nearly identical linear

regression equations and R? values (0.9762 in
RETScreen and 0.976211 in MATLAB).

300,000
= Baseline predicted
+ Data - regression

260,000

220,000

Electricity (kWh)

180,000 4

140,000

100 200

Weather (CDD)

(a)

300 400

kWh/Month
N
in

~N
T

* Actual
Predicted

400

1.5%

260 360
CDD
(b)

Fig. 9. Baseline model using linear regression
analysis during the 11 months (pre-retrofit case)
using: (@) RETScreen software. (b) MATLAB

software.

This minor difference in AR? values suggests
that both methods provide almost equivalent
results when applying a linear fit, confirming the
accuracy of RETScreen’s linear regression
relative to MATLAB's model.

Table 11 presents results for different
polynomial degrees tested in MATLAB, showing
that higher-degree polynomials slightly improve
R?, reaching up to 0.9805 with a 9th or 10th
degree polynomial.

However, the improvement becomes minimal
beyond a certain degree, confirming that the linear
model remains a practical and reliable fit, as
supported by the similarity in R? values across
models.

The fifth step involves CUSUM analysis based
on the pre-retrofit interval to determine energy
savings during the first year of new lighting
operation. As shown in Fig. 9, R? equals 0.9952,
indicating an excellent model fit.

Tables 11 and 12 further confirm that the linear
model is highly effective for pre-retrofit analysis,
as higher-order polynomials provide no
significantly better fit, validating RETScreen's
linear approach while demonstrating MATLAB's
flexibility for exploring complex alternatives.

500
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Table 12
Regression results for 11 month before ECM (pre-
retrofit case)

RETScreen MATLAB AR?
E Y=310.8369*X+ Y=310.8331*X+
4. 148829.1626 148830.6142
R? 0.9952 0.9952 0
Table 13

Different types of fit versus R? in MATLAB
during pre-retrofit interval.

Types of fit R?

Linear 0.9952
Quadratic 0.9952
Cubic 0.9952

4™ degree polynomial | 0.9953
5t degree polynomial | 0.9960
6™ degree polynomial | 0.9966
7t degree polynomial | 0.9978
8™ degree polynomial | 0.9988
9™ degree polynomial | 0.9987
10" degree polynomial | 0.9943

The CUSUM analysis graph, depicted in Fig.
10, evaluates changes in energy consumption over
time following energy efficiency measures, using
cumulative energy usage as the dependent variable
and time as the independent variable. It
complements regression analysis by comparing
actual cumulative consumption to predicted values,
highlighting deviations from expected
performance. This enables trend visualization,
effectiveness assessment of conservation measures,
and informed decision-making regarding energy
management strategies. From Fig. 10, a negative
CUSUM curve indicates that actual energy
consumption is consistently lower than predicted,
confirming that energy efficiency interventions
have been effective in reducing usage. This reflects
improved energy management performance,
leading to significant cost savings through reduced
energy  bills, while highlighting  further
optimization opportunities. Fig. 10 is estimated
using both RETScreen and MATLAB to verify
model robustness, ensuring key indicators such as
R? values and energy savings align across both
platforms, providing confidence in the results.
Combining the M&V chart with cumulative sum
analysis enables a thorough assessment of the
lighting retrofit's first-year savings and confirms
their persistence over time. As shown in Fig. 11, net
savings reached 232,056 kWh, equivalent to
27,846.72 CAD, calculated by measuring the
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difference between actual post-retrofit and
predicted baseline consumption. Consequently,
gross annual CO: emission reductions amount to
23.57 tCO-, based on Ontario's emission factor of
0.1016 tCO2/MWh.

0 1o

-50,000 4

-100,000

-150,000 -

CUSUM (kWh)

-200,000

-250,000

T T T T T
2021-07-01 2022-01-01 2022-07-01 2023-01-01 2023-07-01

(a)

CUSUM (KWh)

0 10 20 30
Number of Months

(b)

40

Fig. 10. CUSUM analysis graph based on baseline
model of pre-retrofit case using RETScreen
software using: (a) RETScreen software. (b)

MATLAB software.

300,000
250,000
200,000

150,000

Electricity (kWh)

100,000

—e— Baseline predicted
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= Actual data start
- - Commissioning

50,000 1

Net savings as of 2023-12-12:
232,056 kWh

'
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2021-07-01  2022-01-01 2022-07-01 2023-01-01 2023-07-01

Fig. 11. M&V chart using RETScreen software.

B. Case 2: Symbolic Regression Via Genetic
Programming Results

To independently validate the baseline model
established through RETScreen Expert and
MATLAB's basic fitting tool, a GP algorithm was
applied to the same 36-month dataset (Table 9),
using a population of 60 individuals evolved over
1000 generations under the function set and
operators defined in equations (11)—(18).The
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convergence curve demonstrates that the best-
individual RMSE stabilizes by approximately
generation 250, after an initial rapid descent over
the first ~50 generations, indicating reliable
convergence rather than premature stagnation, as
illustrated in Fig. 12 and Fig. 13, respectively.

x10° Best Evolved Symbolic Regression Model
357
® Measured data

GP best-fit model

Electricity (kWh)

200 300 400
CDD

0 100

Fig. 12. GP-derived symbolic regression model of
electricity consumption vs. CDD.
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N
T

<

Best RMSE (kWh)
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Generation

200

=

1000

GP Convergence - R2

Best R?

400 600 800
Generation
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1000

Fig. 13. Convergence of the GP search over
generations.

The final evolved model achieved R? = 0.9765,
RMSE = 7970.7 kWh, and MAE = 6404.9 kWh
(Table 15), closely matching both RETScreen's and
MATLAB's baseline regressions and statistically
indistinguishable from their R* values (0.9762 and
0.976211, respectively). The resulting model
disagreement, AR’ rerouee, =0-0003, is of the same

order of magnitude as the RETScreen-MATLAB
disagreement reported in Table 10 (AR’
=0.000011), confirming that GP—despite
searching an unrestricted, structure-free space
including non-linear operators such as
independently  rediscovers the same linear
relationship rather than favoring a more complex
form. Furthermore, repeating the GP search across
15 independent runs (each with max Gen=1000)
yielded a mean R? =0.9765 with standard deviation
+0.0000005, demonstrating that the evolutionary
process reliably converges to a similar fit quality
across runs. Collectively, this three-way cross-
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validation—RETScreen, MATLAB, and GP—
provides strong, independent confirmation that
the linear CDD-based baseline model is not only
statistically adequate but also the naturally
optimal structure for this dataset, reinforcing the
study's central finding that model simplicity does
not compromise M&YV reliability. Tables 13-15
summarize the genetic programming setup and
outcomes. Table 14 lists the GP algorithm
parameters used to evolve the linear-restricted
model (population of 60, 1000 generations,
tournament selection, arithmetic crossover,
Gaussian mutation).

Table 14
GP Algorithm Parameters (Linear-Restricted
Model, MATLAB Implementation)

max tree depth

after operations ()

Selection method Tournament selection
Tournament size k 3
Crossover prob. p, 0.70

Arithmetic (blend) crossover:
child =ap, +(1-a)p,,

a~U(0,1)

Crossover type

Mutation prob. p,, 0.20

Reproduction prob.

0.10

Best individual preserved

Elitism !
each generation

Fitness function

RMSE (minimization)

Table 15 compares the resulting GP equation
against the RETScreen and MATLAB baselines,

Parameter Value showing an R? 0of 0.9765 and a AR? of only 0.0003
Population size P 60 relative to RETScreen — on the same order as the
No. of Gen. G 1000 RETScreen—-MATLAB discrepancy itself. Table 16
Expression tree (variable- | reports the GP model's error metrics (RMSE =
length) 7970.7 kWh, MAE =~ 6404.9 kWh) and confirms
Chromosome Fe { =2, In . exp (_)} convergence within 200-300 generations across 15
form I independent runs with negligible variance (R?=
T ={CDD,c} 0.9765 + 0.0000005).
min/max initial
tree depth (2/5)
Table 15
Comparison among GP vs. RETScreen vs. MATLAB
. ) AR? (vs.
Method Equation R RETSc(reen)
RETScreen Y =326.9687X + 139685.9384 0.9762 —
MATLAB Y =326.9669X + 139687.2334 0.976211 0.000011
GP (this icity = (-
Stuij) 61323.64+(((CDD/Iog(CDD))*sqrtE(zggtr;I(CC;gD)’(*(CDD+187487.87))))+203080.20)) 0.9765 0.0003
Table 16 ~ 1x107° rather than an undefined value, following
GP Results standard practice in symbolic regression
Parameter GP Result implementations.
RMSE (kWh) 7970.7+ 0.01 C Limitations
MAE (kWh) 6404.9+ 0.7 :
, 0.9765+ The high R? values warrant caution rather than
R 0.0000005 evidence of general validity. Three factors likely
Number of generations to 200300 explain _the strong fit: (1) 10 of 36 monthly
convergence observations (28%) recorded CDD = 0, clustering
Number of independent runs 15 over a third of the dataset at one input value and

Together, these results show that even an
unconstrained, structure-free search method
independently converges on the same linear
CDD-based relationship identified by RETScreen
and MATLAB, reinforcing the robustness of the
baseline model. It is obvious in Table 15, to avoid
domain errors at CDD = 0 (present in 10 of 36
monthly observations), the logarithmic operator
in the GP function set F was implemented as a
protected log, returning log(CDD + ¢) with ¢ =
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reducing the variability to explain; (2) the sample
size—36 months, only 11 pre-retrofit is modest
for treating R? as generalizable rather than in-
sample; and (3) CDD was the sole predictor,
leaving occupancy changes and holiday schedules
uncontrolled. The high R? likely reflects this
facility's specific profile—a stable base load with
one clean seasonal cooling swing—rather than
proof that a linear model generalizes to buildings
with variable loads or multiple HVAC zones.
Accordingly, the study's contribution is not the R?
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magnitude, but the cross-validation methodology:
three  independent approaches—commercial
M&V software, custom regression, and structure-
free evolutionary search—converge on the same
model form. Future work should test this across
more heterogeneous buildings.

CONCLUSION

This study developed and validated a
comprehensive M&V framework for a LED
lighting retrofit in a commercial building in
London, Ontario, Canada. Cross-validation
between RETScreen and MATLAB quantified
model uncertainty as minimal (AR? = 0.000011),
establishing linear regression as sufficient and
reliable for practical M&V. Verified annual
savings of 232,056 kWh yielded 27,846.72 CAD
in cost savings and 23.57 tCO: in emission
reductions. Critically, Symbolic Regression based
on Genetic Programming, unconstrained by any
assumed  functional form, independently
converged on the same linear relationship (R* =
0.9765), further reducing structural uncertainty
and ruling out shared linear bias as an explanation
for tool agreement. This three-way validation
offers a stronger, replicable basis for uncertainty-
aware baseline modeling in future M&V studies.
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