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Abstract

Heating and cooling systems typically spend most of
their operation time in part load. Predicting the
number of hours within specific part load ratios may
be helpful for the planning of well-performing systems
and controls. This contribution proposes a simulation-
based investigation of part load ratios as a basis for the
development of simplified estimation procedures.
Dynamic building simulations were carried out with
multiple parameter variations, and their results
analysed with a focus on the distribution of part load
ratios. The possibility of estimating the number of
hours in given ranges of part load ratios with simple
formulas was investigated.

Introduction

Heating and cooling systems typically spend most of
their operation time in part load, i.e. under loads lower
than the maximal load for which they have been sized.

Regulations such as those defining the seasonal energy
efficiency ratio (SEER) and seasonal coefficient of
performance (SCOP) of heat pumps address the part
load behaviour of components (DIN EN 1SO 2019).
However, there is no regulatory requirement for
evaluating the function of the whole system operating
in part load. Still, considering part load behaviour in
the HVAC planning phase would be beneficial.
Conversely, the lack of consideration of part load
behaviour when dimensioning HVAC-systems can
lead to the following issues:

e poor control behaviour of control valves in
minimum-load operation;

e heat pumps or chillers frequently switching on
and off;

e unnecessarily high pump energy consumption, as
the pump’s minimum operation point exceeds
needed values;

e unintended mixing temperatures;

o efficiency losses due to laminar flow in heating or
cooling coils.

In order to integrate calculation methods for part load
behaviour into the usual planning process, the
necessary methods need to be simple and robust.

Related work

Part load operating points are typically characterized
by a part load ratio (PLR), calculated as the ratio of the
load at a given time to a “maximum load”. The
definition of the latter is context-dependent. In the
context of a whole system, the maximum load refers
to the maximum expected useful power. In the context
of a single energy conversion component, the
maximum load rather refers to the maximum power
that may be supplied by the component working at full
capacity. For components such as heat pumps and
chillers, the influence of part load on efficiency can be
taken into account by multiplying the coefficient of
performance (COP) corresponding to full load
operation by a part load factor (PLF) calculated as a
function of the part load ratio (Bettanini, Gastaldello,
and Schibuola 2003; DIN EN I1SO 2019).

Investigating part load behaviour requires not only
assessing performance for given part load ratios, but
also estimating the frequency of part load ratios in
general operation. The simplest approach to this
question may be the “bin method”, in which outdoor
temperatures for the calculation period are grouped in
temperature “bins” of equal breadth (e.g. 1 K or 5 °F)
(ASHRAE 2005). Heating and cooling demand are
calculated for each bin, assuming a linear function of
outdoor temperature until a temperature limit. While
fixed values might be assumed for the corresponding
temperature limits, a more accurate value can arguably
be calculated as a function of building characteristics
such as transmission losses, solar and internal gains
and set points (Loga 2004).

By accounting for time-dependent boundary
conditions and transient phenomena, dynamic thermal
simulation is arguably a tool of choice for the
assessment of part-load conditions and related
analyses of system performance (Albers 2017;
Underwood and Yik 2004). While simulation studies
often investigate the impact of parameters on
aggregate energy demands and/or peak loads, there is
a relative scarcity of studies focusing on the
distribution of part load ratios. Thermal simulation
was used to analyse part load ratio characteristics of
chillers in an office building (Seo and Lee 2016),
concluding on the importance of low part load ratios
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in terms of annual energy demand. In another study, Surface type
. g . - xterior
which looked specifically at heating and cooling load Adiabatic Wall
duration curves for Flemish office buildings, 14 dofiraround Siab
representative cases were defined on the basis of an hverior Floor
energy certificate database and simulated (Mahmoud B Window
et al. 2019). While the resulting load duration curves
mostly looked similar, they also showed significant
differences both in terms of maximal loads and energy
demand. = N
Because of the effort implied by dynamic simulation, w N § N
various approaches have been proposed to derive §
simplified and faster models from simulation results. o |
Such models, referred to as surrogate models, can for s
mst_ance be used for raplgl f_eedpack in the conceptual Figure 1: Building geometry for simulations
design stage or for optimization (Westermann and
Evins 2019). A variety of regression models can be A variety of input parameters, summarized in Table 2,
used as surrogate models, including linear regression, were subject to variations. These parameters
neural networks and Gaussian processes. These correspond to major design variations but also
models have been used to approximate outputs such as occupant-related uncertainties. Latin hypercube
heating and cooling energy demand, overheating and sampling was used to sample the corresponding
carbon emissions (Westermann and Evins 2019). parameter space with ng;,, = 200 sets of input
However, the authors do not know of any previous parameters.
results concerning surrogate models for indicators
related to part load. Table 1: Default values of selected model parameters
Goal PARAMETER VALUE
This contribution presents a simulation-based study of U-value of exterior walls 0.35 W/(m2.K)
the frequency distribution of part load ratios for space
g y P P U-value of roof 0.20 W/(m2.K)

heating and cooling. It aims at analysing the impact of

various parameters on the distribution of part load U-value of ground slab 0.40 W/(m2.K)

ratios and proposing simple formulas for estimating

the number of hours in given ranges of part load ratios U-value of windows 1.4 Wi(m?.K)
without simulation. Window solar heat gain
coefficient 0.55
Method
Mean power of internal gains 4.0 W/m2
Overview - :
Cooling temperature set point 26.0 °C

Dynamic building simulations are carried out with
multiple parameter variations, including thermal

. . ; Table 2: Simulation parameters subject to variations
envelope quality, glazing ratio and weather data. The P !

simulation results are then analysed with a focus on SymBOL PARAMETER RANGE
the Q|str_|but|on of part Ioa_d_fatlos. F}thhgr, the ACH Air change rate in h-1 0.3-0.5
contribution looks at the possibility of estimating the —
number of hours in given ranges of part load ratios ACH multiplication factor .

it o PN o i Xnv for night ventilation 1.0-2.0
with simple methods not requiring simulation. or night ventitatio

. . . . . . 0.15-
Simulation model and design of experiment WWR | Window-to-wall ratio 0.35
Dynamic thermal simulation are carried out with y Night temperature setback 0or 1
EnergyPlus 9.5. The goal being to assess part load NTS (with/without)
ratios independently of particular heatm_g_and cooling ) Heating temperature set 21.0-
systems, these are not modelled e_xpllcnly. Rather, sp.h point in °C 23 0
idealized loads are calculated. A simple rectangular —
building geometry with 4 floors and 1440 m? gross XU Multiplication factor for 0.6-1.2
floor area is assumed, as illustrated in Figure 1. The U-values
building parameters corresponds to a new or recent . Multiplication factor for 0.8-1.2
residential construction. Default parameter values are 10 internal gains T
summarized in Table 1, some of them overridden by Exterior shade solar
parameter variations. 4 transmission 0.2-1.0
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Derivation of simplified formulas

Based on the simulations described above, simple
formulas for evaluating indicators related to the part
load ratio are derived. The considered indicators are
the full load hours in given ranges of part load ratio:
under 20%, 20-40%, 40-60%, 60-80% and above
80%., i.e. the energy demand in kWh in each range
divided by the overall maximum load in kKW.

Multivariable linear regression, arguably the simplest
regression method (Bishop 2006), was used to derive
simple formulas in the form of Equation (1), using the
implementation in scikit-learn (Pedregosa et al. 2011).
Five-fold cross-validation is used to evaluate the
accuracy of the resulting models.

p
y(x,w) = wy + Z W;X; 1)
i=1
n, = number of input parameters; x; = value of input
parameter i; w; = regression parameters (weights).
Results

From Figure 2, which shows space heating load
duration curves for all simulations, it can be seen that
heat demand, maximum heating load and heating
hours are subject to significant variability.

Heat load in W/m?
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Figure 2: Heat load duration curves for all
simulations

Figure 3, which shows duration curves of the
corresponding part load ratios, reveals that the number
of hours spent in hight part load ratios (>80%) is
generally lower than the number of hours spent in
lower part load ratios (<40%). The latter is quite
variable.

Part load ratio heating in %
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Figure 3: Duration curves for heating part load ratio

In further result analyses, the simulated part load ratios
are discretized in five ranges of equal width. Figure 4
shows operating hours in such ranges for 10
simulations (selected to span low to high values of full
load hours). It can be seen that the number of operating
hours varies widely, from as low as 2000 to almost
5000 hours. Furthermore, it seems that part load ratios
under 20 % account for a high proportion — mostly
between 35 % and 50 % — of operating hours. A
different picture emerges when one looks at full load
hours, weighting hours by their part load ratio, as
shown in Figure 5. Full load hours appear to be
concentrated between 40% and 80% part load ratio.
Heating operation at load ratios above 80% accounts
for 6% to 15% (in average 9%) of the yearly heating
demand. Cooling operation at load ratios above 80%
accounts for only 5% to 10% (in average 7%) of the
yearly heating demand.

Operating hours
per PLR range (heating)

6000

5000 -

4000 1

< 3000 1

Part load ratios in %
0 s 20-40 I 60-80
0-20 mmm 40-60 Hmm 30-100

Figure 4: Distribution of operation hours in ranges
of part load ratio for 10 selected simulations
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Figure 5: Distribution of full load hours in ranges of
part load ratio for 10 selected simulations

As an example, Equation (2) represents the application
of the linear formula of Equation (1) to the heating full
load hours with a part load ratio between 20% and
40%.

HFLHyo_409, = —905 + 1249.8 x ACH
—0.3 X xpy
—1388.1 x WWR
—168.4 X xyrs 2)
+79.7 X 05, +283.5 X xy
—241.6 X x;5 —153.0 X T
—168.4 X xyrs

Because of the different scales of the input parameters,
the absolute values of the regression coefficients are
not directly informative. Hence, normalized
coefficients were calculated by multiplying each
regression coefficient by the range of the
corresponding input parameter and dividing by the
mean value of the regressed indicator, so as to better
tell the relative importance of the input parameters,
and such that the resulting normalized coefficients
take values between -1 and 1. The normalized
regression coefficients for all the full load hours
indicators are illustrated in Figure 6 and Figure 7. It
appears that the parameters HFLH,o_400, €Specially
tends to increase with higher air change rates and
decrease with higher window-to-wall ratios. The night
temperature setback xnrs can be seen to have a
particularly significant impact on the heating full load
hours at high part load ratios (by increasing the
maximum heat load) and on the cooling full load hours
at low part load ratios (by reducing the need for
nighttime cooling). The shade solar transmission t can
be seen to have a modest impact on heating (and only
at low part load ratios) but a significant impact on
cooling.

Despite their simplicity, these formulas often provide
a rather good approximation of the considered
indicators, as illustrated in the scatter plots of Figure 8

and Figure 9, where most points are located close to
the diagonal.
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Figure 6: Heat map with normalized regression
coefficients for heating full load hours (HFLH) in the
considered ranges of part load ratio
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Figure 7: Heat map with normalized regression
coefficients for cooling full load hours (CFLH) in the
considered ranges of part load ratio

Two clusters can clearly be discerned in Figure 9,
corresponding to operation with night temperature
setback (low full heating load hours in part load ratios
above 80%) in yellow and without night temperature
setback in gray. The coefficients of determination
summarized in Table 3 confirm a good agreement
between approximated and simulated indicators in all
cases, with R2 values above 0.9 in all cases but one.
The accuracy appears to be slightly lower in the
cooling case as compared to the heating case, and for
the full load hours as compared to the overall energy
demand and maximum loads. The errors (vertical
distances from the diagonal) appear not to be normally
distributed, especially in Figure 9, which suggests that
a surogate model with higher capacity than linear
regression may reach higher accuracy.
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Regression vs Simulation
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Figure 8: Scatter plot of simulation results vs results
approximated by regression for full heating load
hours with part load ratios under 20%
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Figure 9: Scatter plot of simulation results vs results
approximated by regression for full heating load
hours with part load ratios above 80%

Table 3: Coefficients of determination for the test

sets between simulated and approximated indicators:

maximum load and energy demand, as well as full
load hours (FLH) in various ranges of part load
ratio, for heating and cooling

RZ
HEATING COoOLING

MAX. LOAD 0.99 0.96

ENERGY

DEMAND 0.99 0.94
FLH 0-20% 0.93 0.92
FLH 20-40% 0.92 0.86
FLH 40-60% 0.98 0.97
FLH 60-80% 0.99 0.95
FLH 80-100% 0.97 0.95

k=
=
s
ibpsa

Discussion

Load duration curves for heating and cooling take a
wide variety of shapes. This is apparent even in the
restricted space of the considered model variations.
Low part load ratios below 20% often account for
almost half of operating hours. Full load hours and
energy are concentrated in higher ranges of part load
ratio, but an overwhelming share of heating demand
occurs at part load ratios under 80%. These results
confirm the need to plan for efficient part load
operation. Knowledge of the part load ratios can help
to adjust sizing to the actual needs. One example could
be the installation of two chillers in different sizes
instead of one chiller, in order to meet the best
efficiency of the chiller in operation. Additional
examples could be the sizing of regulation valves or
pumps.

As the results show, linear regression applied to
simulation results can yield simple surrogate formulas
which, as measured by the coefficients of
determination, account for a large proportion (between
85% and 99%) of the variance in indicators of interest.
Indicators used in this paper are in particular the full
load hours in given ranges of part load ratio.
Multiplying each of these indicators with the
maximum heating or cooling load yields an estimate
of the useful energy demand in the respective ranges
of part load ratios. Thus, for the building geometry and
the weather data considered here, the accuracy of the
linear formulas obtained here, seems sufficient for a
rough assessment of the weight of various ranges of
part load ratios. The obtained coefficients are also
quite revealing of the relative importance of various
building parameters for different load situations. As
shown in the heat maps Figure 6 and Figure 7, the
impact of each parameter may differ not only in the
heating and cooling cases, but also depending on the
part load ratio.

Limitations of the present study are related to its
simulation assumptions and to the considered models.
The parameters subject to variations have been
selected to be as representative as possible but, as in
any parametric study, they only represent a small
subset of possible parameters. Two important
limitations in terms of parameter variations is that all
simulations were carried out with the same weather
data and the same building geometry. Also, ideal loads
have been simulated, rather than loads in an explicitly
modelled system. While this arguably yields more
generally interpretable results, significant differences
between ideal results and real systems should be borne
in mind. These include aspects related to heat delivery
and storage, as well as controls. In particular, ideal
load simulations yield some results with very low part
load ratios (e.g. 1 — 5%) which cannot be assumed to
occur in real systems. In real systems, such cases may
either be outside of the respective (heating or cooling)
season and thus not occur, or they may be covered



with some storage and/or cycling behaviour. Thus, a
“minimum load” can be assumed for real systems, but
it cannot directly be derived from ideal load
simulations. Generally, actual energy consumption
patterns may differ significantly from energy demand
patterns, which calls for additional studies with
detailed system modeling.

The results presented in this paper and the gained
information will be pushed further in practice.
Simplified calculation methods for part load behavior
are one of the goals pursued in the national research
project Digiaktiv. A related challenge is the passing of
part load information between different stakeholders —
from HVAC planning to building automation system
(BAS) planning — through the various planning
phases, which currently is not well established in real-
world planning situations. One approach is the
advanced use of building information modeling
(BIM). One simple possible way will be to add
additional properties to BIM components containing
operational values for different part load behaviour as
well as values for operation modes. However, the first
step is a simplified calculation method that can be used
quickly and easily with a manageable set of input
parameters to ensure application by HVAC planners.
In the intended process, HVAC planners should define
and investigate a few part load conditions
(approximately 3-4). These would include on the one
hand minimum-load conditions, helping avoid poor
HVAC system behaviour due to wrongly dimensioned
components, and on the other hand frequently
occurring part-load conditions. BAS planners in
particular would benefit from part load information,
for instance for the sizing of control components such
as valves and energy meters. In current practice this is
usually not available, which results in more effort in
the general planning phase and in the worst case in a
not well performing HVAC system. Besides,
knowledge of part load conditions may also improve
benchmarking and fault detection during building
operation.

Conclusion

This paper presented a simulation-based study of the
frequency distribution of part load ratios for space
heating and cooling. 200 simulations were carried out,
with variations in 8 building parameters. The resulting
heating and cooling load duration curves showed
significant diversity. Accordingly, indicators such as
the full load hours in given ranges of part load ratio
exhibited wide variations. To a large extent, these
variations could be explained with simple linear
functions of the parameters. Temperature setback,
which has a limited impact on energy demand, was
found to have a remarkable impact on maximal heat
load and part load ratios. Further work is required to
generalize these findings with diverse building
geometries and weather data — and with realistic
system operation.
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