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Heat Recovery Ventilation (HRV) systems reduce building energy demand by thermally coupling
exhaust and fresh outdoor air streams through a plate heat exchanger core, without auxiliary
heating. This study presents a machine-learning (ML) framework for predicting and optimizing
the passive performance of the Argemsan K-203 cross-flow plate heat exchanger under variable
airflow conditions. Outdoor fresh air at 7.8°C/81%RH was drawn through the HRV core and
supplied to the occupied space, while indoor exhaust air at 21.1°C /55%RH was simultaneously
discharged outside through the same core-the built-in 1500W electrical heater was intentionally
deactivated throughout. Experiments were conducted over 60 minutes at 13 measurement states
spanning U, €{2, 4, 6} m/s and U,E€{2, 4, 6, 7.2} m/s. Three regression models - Random Forest
(RF), Gradient Boosting (GB), and Ridge Regression-were evaluated via Leave-One-Out Cross
Validation (LOO-CV). RF achieved R?=0.931, MAE=0.261°C for fresh-air outlet temperature
(T4); Gradient Boosting achieved R?=0.880 for sensible efficiency (7). Sensible efficiency ranged
from 48.2% to 78.8% (mean 58.9%) and a humidity-ratio—based latent effectiveness of 35-59%
(mean 44%). Recovered heat power spanned 245-713W, yielding 236-685 kWh/year of annual
energy savings and 48-138 (natural gas) or 100-290 (grid) kgCOa/year avoidance per unit.

Response-surface analysis identifies U,=2 m/s with U, >6 m/s as the optimal operating band.

1. Introduction

The building sector accounts for approximately 36% of
global final energy consumption and 39% of energy
related CO; emissions [1]. The European Union’s Energy
Performance of Buildings Directive (EPBD) mandates
near-zero-energy building (nZEB) targets for all new
constructions [2]. Within HVAC systems, ventilation is a
major energy sink: outdoor air must be conditioned to
indoor comfort standards before delivery, and the thermal
content of exhaust air is conventionally wasted. HRV
systems address this by thermally coupling exhaust and
supply streams through a heat exchanger core, recovering
energy without auxiliary heating input [3].

In a passive HRV configuration-the focus of the present
Study-heat transfer occurs entirely through conduction
across aluminum plate surfaces, with no supplementary
electrical or combustion heating. Thermal performance is
conventionally characterized by a single rated efficiency
obtained under EN 308 standard conditions [4]. In
practice, performance varies strongly with the flow rates
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on both sides, ambient temperature and humidity, and
seasonal climate variability [5-6]. Conventional fixed-
efficiency models are therefore insufficient for real-time
prediction and control.

ML models trained on in-situ sensor measurements can
capture non-linear dependencies among operating
variables without explicit knowledge of exchanger
geometry [7-8]. Ensemble tree methods such as Random
Forest and Gradient Boosting demonstrate strong
predictive performance on small tabular datasets typical of
building science experiments [9]. The present study
employs the Argemsan K-203 training unit [10] and makes
four contributions: (1) a structured experimental dataset
from 12 passive-HRV operating conditions; (2) a
systematic LOO-CV comparison of three ML models for
T4 and nr prediction; (3) a two dimensional response-
surface optimization over the (u., u;) velocity space; and
(4) a quantified energy and carbon reduction analysis
linking HRV efficiency to annual CO, avoidance under
Gaziantep climate conditions.

© 2026, The Author(s). This article is licensed under the CC BY-NC 4.0 International License (https://creativecommons.org/licenses/by-nc/4.0/).
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2. Review of the Literature
2.1 HRV performance

Fanger (1970) and Persily & Emmerich (2012) define the
thermal-comfort and IAQ constraints that bound acceptable
T4 values [11-12]. Persily (2016) established field-
protocols for ventilation systems and
quantified the gap between rated and in-situ performance
[13]. Nasif et al. (2010) demonstrated non-linear coupling
between sensible and latent heat transfer in variable-air-
volume systems [6]. Choi et al. (2018) showed that
temperature efficiency can vary by up to 20 percentage
points across seasonal climates [5]. Zhao and Liu (2022)
further demonstrated that the feasibility and performance of
heat recovery ventilation systems are strongly influenced by
climate conditions and occupant behavior, highlighting the
critical role of operational parameters in system optimization
[14]. Recent air-to-air heat-recovery studies report cross-
flow plate effectiveness in the 50-75% range [15] and
provide directly comparable fixed-plate energy-recovery-
ventilator [16] and combined mechanical-ventilation-heat-
recovery/solar pre-heating [17] benchmarks; related HVAC
thermal-performance analyses have also appeared in this
journal [18]. More recent work reinforces these trends:

measurement

Hamburg et al. [19] evaluated centralized and decentralized
mechanical ventilation with heat recovery for the deep

renovation of high-rise apartment buildings, while Amir et al.

[20] experimentally quantified heat-pipe-based recovery
effectiveness under varying fresh-air intake temperatures.

2.2 ML in buildings

Tsanas & Xifara (2012) applied RF to a 768-sample
building energy dataset, achieving sub-2% normalized
RMSE [21]. Aste et al. (2017) surveyed ML approaches for
building energy and control, consistently recommending
ensemble methods for small-N datasets [7]. Kallio, Johanna,
et al.(2021) showed ensemble methods outperform linear
models for indoor CO; and energy prediction using machine
learning [22]. Demirezen, Gulsun, et al. (2020) trained
neural networks for heat-exchanger performance, reporting
R?>0.95 for outlet temperature [23]. Wang et al. (2019)
highlighted feature importance interpretability as critical for
operational HVAC decision-making [24].

2.3 Carbon accounting

International Energy Agency (2023) reports Turkey’s grid
electricity emission factor at 0.423 kgCO,/kWh [25]. IPCC
(2006) assigns 0.202 kgCO,/kWh for natural gas [26]. Bao
et al. investigated the performance of heat recovery
ventilation systems across five different climate regions and
demonstrated that climatic conditions substantially influence
their energy-saving potential, with greater heat recovery
benefits observed in colder regions [27]. Menter et al. (2003)
confirmed that SST k-o turbulence modelling is consistent
with duct velocity profiles at the K-203 geometry, supporting

the mass-flow calculation in Section 3 [28].

3. Background of System Thermodynamics, Al,
and Statistical Models

3.1 Passive HRV Operating Principle and Mass Flow

In the passive configuration studied here, fresh outdoor air
(state: T3, RH3) enters one side of the cross-flow core, gains
heat from the opposing exhaust stream, and is delivered to
the space at 74, RH4. Indoor exhaust air (71, RH1) gives up
heat and is discharged at 7>, RH>. The 1500W heater of the
K-203 unit was intentionally deactivated; all heat exchange
occurred exclusively through plate conduction.

With duct diameter @=0.15m and air density p = 1.2 kg/m*:

V, = 0.785d? - 0.9u, (D

ThtZVt'p (2)

The factor 0.9 corrects for the parabolic velocity profile
(u=0.9-umax) in circular ducts [28]. At u,=2m/s: = 0.0382
kg/s; at u,=6m/s: m;= 0.1145 kg/s.

3.2 Thermal Performance Metrics

The primary metric is the NTU-effectiveness:

T,—Ts 3)
= % 1009
T1 T3 00%

nr

This is bounded in [0, 100%] and independent of the
flowrate ratio between the two streams [4]. The K-203
manual additionally defines the heat-balance efficiency [10]:

T, —T.
Nk203 = T4 2 % 100% “)

2

Both metrics are computed and compared in Table 3.
Moisture recovery efficiency:

RH, — RH, 5)
=———x 1009
RH = RH, — RH, %
3.3 Recovered Heat Energy and Carbon Savings
Instantaneous useful heat energy:
Qhrv =1mcy (T, —T;) [W] (6)

with ¢, = 1005 J/(kg-K). Annual energy savings (8 h/day,
120 heating days/year):
Esavea = Qnry/1000 X 960  [kWh/year] (7

Annual CO; avoidance:
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saved X EF [kg/year] (8)

where EF=0.202 kg/kWh (natural gas [26] or EF=0.423
kg/kWh [25].

Mco, =

3.4 Machine Learning Formulation

Feature vector x;= [T1, T3, RH1, RH3, u;, u,|™ € R6, targets
V€ Tu, yr }, N =13. All features standardized to zero mean
and unit variance. Model hyperparameters (RF: B=500 trees;
GB: M=200 stages, v=0.1) were kept at standard library
defaults rather than tuned. With only N=13 samples, an
explicit hyperparameter search would risk over-fitting the
leave-one-out folds and inflating the apparent performance;
the defaults therefore provide a deliberately conservative
baseline. The three learners rest on established statistical-
learning theory: Random Forest is a bagging ensemble of
regression trees [29-30], Gradient Boosting builds additive
tree expansions by stagewise steepest descent [31-32], and
both are treated within the standard ensemble and statistical-
learning framework [33-34]. Comparable small-sample,
cross-validated regression pipelines have recently been
reported for renewable-energy and
prediction [35-36].
Random Forest (B = 500 trees):

thermal-storage

rr(x) = =51 Ty(x) ©)

Gradient Boosting (M = 200 stages, v=0.1):

FM () = ™D (x) + v hpy (x) (10)

The LOO-CV evaluation metrics:

1 N
MAE = =3ly; = 3l (an
1 . (12)

RMSE = |3 X:(yi = 91)?

2 _ 1 _ Zivi-99? (13)

R 1 Yii-y)?

1

OmaE = 75" std(|e;]) (14)

4. Experimental Setup
4.1 Experimental Setup Unit - Argemsan K-203

All experiments used the Argemsan K-203 Heat Recover
Local Ventilation Training Set [10]. The unit features a
cross-flow heat exchanger, two
independently controlled centrifugal fans (Fan 1: fresh-air
supply; Fan 2: exhaust extraction), flexible ducts of inner
diameter d=0.15 m, and a safety interlock (RCD +
emergency stop). Fan speeds are set via phase speed control
switches. The integrated 1500W electrical heater was not
activated at any point; all thermal exchange occurred

aluminum plate

passively through the plate core. Sensor ports follow the K-
203 designation: Ti/H; at exhaust inlet; 7»/H> at exhaust
outlet; 75/Hx at fresh-air inlet; 74/Hs at fresh-air outlet. Each
port has a calibrated combined temperature/RH transducer.
Boundary conditions: outdoor dry-bulb 7.8°C, wet-bulb
9.4°C, RH81%; indoor dry-bulb 21.1°C, wet-bulb 15.0°C,
RH55%. Figure 1 shows the physical experimental setup unit.

4.2 Measurement Protocol

Following the K203-02 thermal efficiency protocol [10],
measurements were taken at S-minute intervals over 60
minutes (N = 13; measurement 0: baseline, both fans off;
measurements 1-12: active HRV). Steady state was
confirmed before logging each point. Fan velocities followed
a balanced partial-factorial design: u€{0, 2, 4, 6} m/s x
u.€{0, 2, 4, 6, 7.2} m/s. Table 1 provides the complete
experimental dataset.

5. Results and Discussion

5.1 Experimental Profiles

Figure 2 shows temperature and humidity profiles. T}
remained stable at 20.4-21.2°C (steady indoor conditions).
Passive heat exchange raised 74 to 15.1-18.3°C-a net gain of
4-8°C with zero auxiliary energy. #tranged from 48.2% to
78.8% (mean 58.9%; Table 1). Moisture recovery #ru
consistently exceeded nr by 10-19 pp, consistent with the
Lewis analogy for air/water-vapor systems [3].

However, because nru is defined on relative humidity, it
is dominated by the temperature-driven RH shift rather than
by genuine latent transfer. Re-evaluating moisture exchange
on the humidity ratio w, obtained psychrometrically from the
measured T and RH, gives a latent effectiveness of only 35-

59% (mean 44%).
Control Panel
& Fan Switches

. .-
Y mm

Exhaust Air
Inlet (T4/RH;)

=

; Fresh Air
Outlet (To/RH.)

i
Exhaust Air
Qutlet (T2/RH;)
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Heat Exchanger Core

/
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Figure 1. Heat recovery ventilation experimental setup
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Table 1. Complete experimental dataset.

T | T: | Ts | Ts | RH: |RH: TR
No. |t [min]| uc [m/s] | ue [m/s] nr[%]

[°Cl{ [°Cl| I°CT | [°Cl | [%] | [%] %]
o | o] o 0 [212]183]113]17.3] 584 [74.5| 606 | 845
1| s 2 2 |21 [183] 11 |174] 587 [761| 64 | 885
2 | 10| 2 4 [207]183]108[18.1] 582 | 77 | 73.7 | 952
35| 2 6 [207]187]106]183| 58 [77.7] 762 | 975
4 | 20| 2 | 72 |204]184]105]183] 58 | 78 | 788 | 98
5 1 25| 4 2 |212| 17| 11| 16| 573 [790] 49 | 638
6 |30 | 4 4 |21 |172] 95 |151] 573 [805] 48.7 | 65.1
7 35| 4 6 [212{177]97] 16 | 565 | 80 | 548 | 723
8 | 40 | 4 | 72 |208|17.3] 94 |156] 567 |80.4| 544 | 722
9 |45 | 6 2 [207]162] 9.7 |154] 57.1 | 80 | 518 | 59
105 | 6 4 |211] 17 |97 [152] 564 [80.1] 482 | 629
1| ss| 6 6 [208]172] 94 |156| 56 [81.3] 544 | 672
12| 60 | 6 | 72 |212]176] 94 |156] 554 |809] 525 | 67.1

The persistent ws > w3 indicates a small inter-stream
moisture gain, consistent with limited cross-leakage in the
aluminium core rather than membrane-type latent recovery.
Each condition was measured once and the velocity levels
were applied sequentially, so the apparent ut sensitivity is
partly confounded with a slow downward drift of the fresh-
air inlet temperature Ts; replication and randomised ordering
are needed to separate these effects. At u=2 m/s, increasing
ue from 2 to 7.2 m/s raised #r by 14.8 pp (64.0%—78.8%).
Increasing u; from 2 to 6 m/s at constant ,~6 m/s reduced 71
by 21.8 pp (76.2%—54.4%), because shorter residence time
limits heat transfer. This asymmetric sensitivity-large
negative effect of u,, moderate positive effect of u.-is the key
operational finding.

5.2 Machine Learning Performance

Table 2 summarizes LOO-CV results. RF achieved
R?=0.931 (MAE=0.261+0.21°C, ¢ over 13 LOO folds) for 74
prediction. Given N=13, these estimates carry substantial
sampling uncertainty; bootstrap resampling (B=1000) over
the LOO residuals yielded a 95% confidence interval of
R?€[0.82, 0.96], indicating that the point estimate should be
interpreted with caution [22]. For #r , the three regressors
perform comparably; the best fit is Gradient Boosting
(R?=0.880), with Random Forest and Ridge Regression close
behind within the tested range. Random Forest attains
comparable #t accuracy (R=0.868), and no model shows the
pronounced overfitting expected at this small sample size
[22]. Figure 3 presents predicted vs. measured 73 for all three
models (panel a), error metrics (panel b), and RF Gini feature
importance (panel c). The supply velocity u; ranks first,
followed by the inlet humidities RH3 and RH,, consistent
with the dominant role of u; identified in the velocity analysis;
the inlet temperatures 73 and 77 and the exhaust velocity u.
contribute least. Because most of the predictive signal is
carried by u; and the two inlet humidities, a reduced-
instrumentation set is proposed only as a hypothesis for
future work [23].
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Figure 2. Measured profiles (passive HRV). (a) Temperatures;
(b) relative humidities; (c) nr map; (d) efficiency time series.

Table 2. LOO-CV prediction performance

Target Model MAE RMSE R?
Random Forest 0.261+0: 0.311+0: | 0.931
T4(°C) | Gradient Boosting 0.292+0> 0.349+c. | 0913
Ridge Regression 0.344+03 0.421+05 | 0.874
Random Forest 3.290+0. 3.937+cs | 0.868
nr(%) | Gradient Boosting 2.870+0s 3.746+cs | 0.880
Ridge Regression 3.491+06 4.281+cs | 0.844
(@) (b)
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Figure 3. LOO-CV evaluation. (a) Predicted vs. measured 7T4;
(b) error metrics; (c) RF feature importance.
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Figure 4. RF response surfaces over (ue, ut); (a) T4; (b) 5t with
optimum (%) at ue ~6.7, ut =2.0 m/s

5.3 Response Surface Optimization

Figure 4 shows RF response surfaces for 74 (panel a) and
nt (panel b) over the (ue, u;) plane (other features held at
experimental means: 71=21.0°C, 75=9.9°C, RH, = 56.9%,
RH3=179.5%). The nr surface peaks at u~6.7 m/s, u=2.0 m/s,
with #1~60.1% and 74~16.5°C. The contour gradient is
substantially steeper in the wu; direction than in .,
quantitatively confirming the asymmetric sensitivity in
Section 5.1.
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Table 3. Efficiency metric comparison: NTU-effectiveness vs. K-
203 heat-balance ratio for all active operating conditions.

- K203
No. ut [m/s] | ue [m/s] NTU [%] Heat-bal.
[%]
1 2 2 64 95
2 2 73.7 87.8
3 2 6 76.2 90
4 2 7.2 78.8 100.0
5 4 2 49 60
6 4 4 48.7 52.6
7 4 6 54.8 65.5
8 4 7.2 544 62.1
9 6 2 51.8 58.1
10 6 48.2 52.9
11 6 6 544 58.3
12 6 7.2 52.5 55.6

(b)

L 2 3 4 5 [ 7
U, (ms)

Figure 5. (a) Pearson correlation matrix; (b) effect of u; on T4
and 777 by uy level.

5.4 Correlation Analysis and Efficiency Comparison

Table 3 compares #t (Equation (3)) and #k203 (Equation
(4)). As expected, k203 consistently exceeds 7t because its
denominator (7 -75) is smaller than (7' -73); Spearman rank
correlation between the two metrics equals 1.00.

Figure 5 presents the Pearson correlation matrix (panel a)
and the velocity effect on T4 by u level (panel b). The strong
negative correlation »(u, #1) = —0.81 (p < 0.01) and weak
positive r(ue, 1) =+0.27 (p <0.10) are statistically consistent
with the velocity analysis.

5.5. Energy Efficiency and Carbon Reduction

Figure 6 quantifies the environmental impact of passive
HRYV operation. Recovered power spans 245-713W (panel a,
Equation (6)). The highest absolute power occurs at =6 m/s
(large mass flow) despite lower #t, demonstrating that power
and efficiency are non-equivalent optimization objectives. A
two-sided energy balance was also evaluated. With the
corrected supply mass flow (d=0.15 m), the supply-side gain
M=riyc,'(T4-T3) spans 245-713 W, whereas the exhaust-
side release e cp-(T1-T2) spans only 104-497 W; the two
sides do not close (supply/exhaust ratio 1.0-3.8, largest at
high ut and low ue).
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Figure 6. Two-sided energy and carbon analysis. (a) Recovered
power: supply-side bars (by ur) with the exhaust-side release as
the recovery bound; (b) annual supply-side energy saving vs. nr;
(¢) annual CO2 avoided (grid factor), supply-side vs.
conservative exhaust-side; (d) cumulative 25-year CO; avoided
for the mean unit, each band spanning the natural-gas—grid
emission factors.

Since the heater is off, the excess supply-side heat can only

originate from the ~ 21°C ambient surrounding the unit, i.e.
parasitic casing gain. The exhaust-side release is therefore
taken as the defensible upper bound on genuine air-to-air
recovery, giving conservative annual savings of 99-477
kWh/year and CO; avoidance of 20-96 kg (natural gas) or
42-202 kg (grid electricity) per unit.
From Equations (7) and (8), annual energy savings reach
236-685 kWh/year and CO, avoidance 48-138 kg/year
(natural gas) or 100-290 kg/year (grid electricity) per unit
(panels b-¢c). Over a 25-year service life (panel d), the mean
unit avoids 2.3-4.7 tCO: on the supply-side estimate and
1.4-3.0 tCO: on the conservative exhaust-side basis (natural-
gas to grid factors), i.e. meaningful contributions at campus
or district scale with multiple units [27].

6. Conclusion

This study presented an integrated experimental and ML
based analysis of the Argemsan K-203 cross-flow plate HRV
system in fully passive mode (heater off) under real winter
conditions (outdoor 7.8°C /81%RH, indoor 21.1°C/55%RH).
Key findings:

e Passive heat recovery raised 74 to 15.1-18.3°C from
outdoor 9.4-11.3°C with zero auxiliary energy.

o 1 : 48.2-78.8% (mean 58.9%); #ru: 59.0-98.0% on a
relative-humidity basis (mean 75.7%), corresponding to
35-59% (mean 44%) latent effectiveness when
evaluated on the humidity ratio.

e  uis the dominant control variable: increasing u; from 2
to 6 m/s reduced 7t by up to 25 pp. Minimizing u; within
ventilation constraints is the highest-leverage control
action.

e RF:R?=0.931, MAE= 0.261°C for 7. GB: R?>=0.880
for #. Minimal sensor set {71, T3, uc} is not supported;
the importance analysis instead identifies the supply
velocity and inlet humidities as the dominant inputs, so
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sensor reduction remains future work.

e  Optimal band: u; =2 m/s, u. > 6 m/s (5t =~ 60.1%, This
surrogate optimum (=60.1%) lies below the best
directly measured value (78.8% at ut=2 m/s, ue=7.2 m/s)
because the surface is evaluated at the mean inlet
temperature T3=9.9°C, whereas the highest-efficiency
points coincided with a warmer inlet (T3=10.5°C). The
response surface should therefore be interpreted as an
interpolation at mean conditions, not as an attainable
global optimum. 7} = 16.5°C).

e 236685 kWh/year and 48-138 (gas)/100-290 (grid) on
the supply side, and conservatively 20-96/42-202 on the
exhaust-side balance kgCO»/year per unit; 2.3—4.7 tCO:
(supply) or 1.4-3.0 tCO: (conservative exhaust) over 25
years.

These findings should be read as an exploratory, single-
unit characterization rather than a generalizable predictive
framework. With only 12 active operating points, the
machine-learning models are used descriptively; the reported
R2 wvalues carry wide sampling uncertainty, and the
response-surface, optimal-band, and sensor-reduction
statements are first-order indications that require
confirmation on larger, replicated, and multi-climate datasets.

Future work should extend to larger seasonal datasets,
transient inertia modelling, and deployment of the RF
response surface (Figure 4) as a surrogate within a model-
predictive controller.
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