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Establishing expected performance for residential

air-to-water heat pumps under real-world conditions

Abstract

As heat pumps become increasingly prevalent in residential buildings, discrepancies between expected
and achieved efficiency can increase operating costs and undermine confidence in this technology. Yet,
determining whether individual installations perform as expected remains challenging because efficiency
strongly depends on operating conditions. Conventional assessments based on absolute efficiency
thresholds cannot distinguish demanding operating conditions from additional performance shortfalls,
while scalable methods for establishing installation-specific expectations are lacking. Here, we develop
an approach to estimate expected heat pump efficiency under actual operating conditions, combining
thermodynamic relationships, product-specific laboratory data, and field measurements. Validated using
176 heat pumps, the approach achieves a median absolute percentage error of 7.03%. Applying the
method to 10,087 installations, we identify 5.1% with both low absolute efficiency and substantial
deviations from expected performance. Systems falling below 80% of expected performance exhibit 2.3
times the incidence of subsequent recorded service contacts, whereas conventional absolute efficiency
thresholds show no substantial difference between groups. These findings establish a scalable basis for
assessing whether individual heat pumps perform as expected, enabling targeted performance monitoring
and supporting greater transparency and efficiency in residential heating.

1 Introduction

Buildings account for approximately 30% of global final energy consumption, with space and water heating
responsible for around half of building energy use [1]. Decarbonizing this demand requires both rapid heat
pump deployment and efficient operation of installed systems. Heat pumps already supply around 12% of
global heating demand in buildings, while annual global sales represent approximately 108 GW of heating
capacity [2, 3]. Operating efficiency directly affects electricity consumption, costs, and the economic
benefits of heat pump investments. In a study of 297 preselected Swiss households, on-site optimization
reduced electricity consumption by an average of 15.2% in approximately half of the inspected installations
[4]. However, such expert-led assessments cannot readily be scaled to millions of installations, particularly
given shortages of qualified personnel [3]. Reliable methods for evaluating installed heat pumps and
prioritizing improvements are therefore increasingly important to identify underperforming systems,
enable targeted operational improvements, and guide future system design.

The measured efficiency of a heat pump depends not only on its laboratory-tested performance but
also on the conditions of its installation, particularly outdoor and supply temperatures, domestic-hot-water
demand, and system operation [5–7]. A seasonal performance factor (SPF) of 2.8, for example, may be
expected in a high-temperature radiator system but indicate underperformance for the same product
supplying low-temperature floor heating. A low SPF therefore does not necessarily indicate a problem
with the heat pump itself.

Existing methods address different aspects of heat pump efficiency. Standardized product ratings, such
as seasonal coefficient of performance (SCOP) under EN 14825, characterize performance under prescribed
conditions, while VDI 4650 estimates annual efficiency using application-specific design assumptions [8,
9]. Field-monitoring studies document achieved performance [10, 11], and short-term monitoring methods
estimate seasonal efficiency from limited observations [12]. A previous field-based approach estimated
space-heating SCOP under standardized climatic conditions by fitting heating-curve and COP models to
individual installations [13]. Although this enabled comparisons under a common climate, the resulting
SCOP was a model-derived estimate for conditions not necessarily experienced by an installation, rather
than its achieved efficiency over a specific observation period. Moreover, the approach required sufficient
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observations for system-specific model fitting, did not account for domestic hot water (DHW) in the
SCOP evaluation, and did not establish product-specific performance expectations. The complementary
challenge is therefore to estimate the efficiency expected from a given heat pump model under its
observed operating conditions, rather than translating observed performance to standardized conditions.

Here, we estimate expected field performance by combining model-specific laboratory coefficient of
performance (COP) data, thermodynamic temperature-lift relationships, and an empirically calibrated field
correction. This provides a product-specific expectation under observed operating conditions, accounting
for differences in laboratory-rated efficiency between heat pump models. Expected SPF is calculated
separately for central heating (CH) and DHW and combined according to their thermal-energy contributions.
Comparing achieved and expected SPF defines target achievement, allowing performance evaluation
from monthly observations without fitting a model to each installation. The resulting reference accounts
for observed operating conditions but does not determine whether these conditions could be improved,
for example by reducing heating supply temperatures. We develop and validate the approach using field
data from 176 heat pumps and apply it without recalibration to 10,087 installations. Systems achieving
less than 80% of their expected performance had 2.3 times the incidence of recorded service contacts,
whereas an absolute SPF threshold of 3.0 showed little difference between groups. These findings indicate
that context-adjusted performance evaluation can help prioritize installations for further investigation
using routinely available operational data.

2 Results

2.1 Estimating expected performance under field conditions

The aim of this study is to estimate the seasonal performance factor that can reasonably be expected
from an individual heat pump under observed operating conditions. The approach considers outdoor and
supply temperatures, which determine the temperature lift; model-specific laboratory COP values, which
characterize product performance; and the contributions of CH and DHW, which account for differences in
operating temperature requirements. We develop the corresponding estimation procedure and compare
alternative formulations for translating laboratory-based performance to field conditions.

The influence of temperature lift on heat pump efficiency is well established, and previous field studies
have evaluated heat pump performance relative to the thermodynamic Carnot limit using a Carnot
efficiency factor, reaching around 0.39 [5, 6]. This factor reflects both the efficiency of the heat pump
itself and the effects of its operation under field conditions. We build upon this approach and distinguish
these two contributions using two separate factors: a product-specific laboratory factor derived from
standardized coefficient of performance (COP) measurements, describing how efficiently the heat pump
approaches the Carnot limit under test conditions, and an empirical field factor capturing additional
efficiency losses during installed operation, including effects associated with transient operation, cycling,
control strategies, and installation practices. This distinction allows the efficiency of the heat pump itself,
as determined under laboratory conditions, to be evaluated separately from the effects of real-world
installation and operation. Figure 1 illustrates the progression from thermodynamic potential to expected
and achieved field performance.

Performance is evaluated at monthly resolution to balance short-term variability with timely assessment.
Daily efficiency fluctuates with weather and operating conditions, whereas annual evaluation delays
feedback. Previous research has demonstrated the feasibility of estimating seasonal performance from
shorter monitoring periods, recommending at least 10 days of observations [12]. Monthly performance
indicators are also well established in field-monitoring studies [10, 14].

2.1.1 Complementary field datasets for model estimation

The approach was developed and evaluated using three complementary reference datasets comprising
176 residential air-to-water heat pumps: five systems from a supervised Swiss field study with calibrated
measurement equipment, 104 from HeatpumpMonitor.org with independently metered heat and electricity,
and 67 quality-screened installations monitored through manufacturer telemetry. The manufacturer subset
was selected using installation-quality indicators independent of measured efficiency, while the open-
source systems were screened for comparable metering boundaries and data completeness. For all
systems, model-specific laboratory COP values were retrieved from the KEYMARK database [15], and the
estimation was conducted separately for CH and DHW at monthly resolution. Together, these sources
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Figure 1: Conceptual framework for context-specific heat pump performance expectation and evaluation.
Thermodynamic temperature-lift dependence provides the physical reference, while model-specific labo-
ratory COP data characterize the performance potential of the installed heat pump model. An empirical
field correction translates this laboratory-based potential to expected field performance under application-
specific operating conditions. These conditions may be anticipated during system design or observed
after installation. In the present study, the framework is developed and evaluated using observed field
conditions. After installation, comparison of achieved and expected SPF defines target achievement and
enables context-adjusted performance screening.

provide different measurement approaches and operating contexts for developing and evaluating the
model.

The datasets represent substantially different operating conditions (Fig. A1). The open-source systems
experienced milder outdoor temperatures during the heating season than the Swiss and German installa-
tions (8.1 versus approximately 5.2 ◦C). More pronounced differences occurred in CH supply temperatures
evaluated at an outdoor temperature of -10 ◦C, averaging 63.8 ◦C in the German dataset compared
with approximately 38 ◦C in the Swiss and open-source datasets. Consistent with these differences
in temperature lift, mean achieved total SPF ranged from 2.88 in the German dataset to 3.98 in the
open-source dataset, with 3.42 in the Swiss study. These contrasts illustrate why differences in measured
efficiency cannot be interpreted independently of operating conditions.

The datasets also differ in thermal energy demand and operating-mode contributions. Mean annual
thermal output ranged from 9.9 MWh in the open-source dataset to 19.4 MWh in the small Swiss sample,
while the average DHW contribution was relatively similar across datasets (17-23%) but varied consider-
ably between individual installations. This contribution makes DHW relevant to the evaluation of total
system efficiency, rather than treating space-heating performance as representative of the entire instal-
lation. These characteristics provide additional variation in heating requirements and operating-mode
composition. The resulting heterogeneity forms the basis for estimating the field correction and evaluating
its transferability across distinct operating conditions and monitoring systems, rather than relying on a
single type of installation. Detailed dataset characteristics and selection criteria are provided in Methods.
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2.1.2 Selection and evaluation of the field-correction model

We compared nine candidate formulations to determine how product-specific laboratory performance can
best be translated to field conditions. The formulations explored additive and multiplicative corrections,
different dependencies on operating conditions, including outdoor and supply temperatures, temperature
variability, and system utilization, as well as corrections applied either directly to predicted performance
or to Carnot-normalized efficiency. A multiplicative field correction depending on outdoor temperature
provided the best cross-validated performance for both CH and DHW (Appendix Table A2). Expected
performance was therefore calculated as

SPFexpected,m = COPCarnot(Tout, Tsupply) · Flab,m(Tout, Tsupply,COPlab) · Ffield,m(Tout) . (1)

Here, m denotes the operating mode (CH or DHW), while Tout and Tsupply denote mean outdoor and
supply temperatures, respectively. COPCarnot represents the thermodynamic efficiency limit, Flab accounts
for product-specific performance based on laboratory COP measurements (COPlab), and Ffield corrects for
systematic differences between laboratory-based expectations and observed field performance. Both
correction factors are mode-specific.

The selected approach achieved cross-validated median absolute percentage error (MdAPE) values of
6.63% for CH, 8.39% for DHW, and 7.03% for total performance, with corresponding R2 values of 0.76, 0.43,
and 0.65 (Table 1). We further examined whether deviations from expected performance varied primarily
between installations or across observation periods. Between-system variability in target achievement
was greater for CH and DHW, whereas within-system variability was greater for total performance. The
selected field correction was subsequently re-estimated using the complete reference dataset for fleet-
scale application. Detailed validation statistics and final model parameters are provided in Appendix
Tables A2 and A4.

Table 1: Cross-validated prediction accuracy and variation in target achievement. Target achievement is
reported as mean ± standard deviation. Between-system and within-system standard deviations describe
variation across installations and observation periods, respectively, in percentage points (pp). N denotes
monthly observations (system-months), and n denotes individual heat pump systems.

Mode MAE MdAPE (%) RMSE R2 TA µ ± σ Between SD (pp) Within SD (pp) N n

CH 0.33 6.63 0.45 0.76 100.00 ± 11.09 9.77 7.74 969 169

DHW 0.34 8.39 0.49 0.43 100.02 ± 16.04 14.45 9.95 1,621 175

Total 0.34 7.03 0.47 0.65 99.88 ± 13.74 9.85 10.72 1,654 176

Figure 2 illustrates how the resulting expected performance varies with outdoor and supply temperatures
for CH and DHW. As expected from the thermodynamic temperature lift, efficiency decreases with lower
outdoor and higher supply temperatures. The figure uses representative laboratory COP values for
illustration, whereas expected performance is calculated using product-specific laboratory data for each
installation. As reference input, we use the fleet-average laboratory COP values at the operating points
A−7/W35, A2/W35, A7/W35, A−7/W55, A2/W55, and A7/W55, which are 2.60, 4.74, 6.15, 2.11, 3.54, and
4.65, respectively.

Magnitude of laboratory and field correction factors. The laboratory factor increased with outdoor
temperature, while the empirical field correction decreased, partly offsetting this increase. At an outdoor
temperature of 7 °C, close to the reference datasets’ mean, themedian laboratory factor was approximately
0.55 for CH at 35 °C supply temperature and 0.65 for DHW at 55 °C. The corresponding field factors were
0.63 and 0.56. Together, these factors indicate that approximately 35–36% of the theoretical Carnot
efficiency would be expected under these illustrative conditions. For comparison, Fraunhofer ISE reported
Carnot efficiencies of 0.32–0.44 (mean 0.39), while HeatpumpMonitor.org reports approximately 0.45–
0.55 [6, 16]. These values are not directly comparable because each approach uses slightly different
temperatures to calculate the theoretical maximum. Fraunhofer uses the temperature entering the
heat pump on the source side and the average heating-water temperature, while HeatpumpMonitor.org
assumes refrigerant temperatures 2 K above the supply-water temperature and 6 K below the outdoor-air
temperature. Our approach uses the measured outdoor-air and supply-water temperatures directly, as
these were available across all datasets. Therefore, differences in the reported fractions do not necessarily
indicate differences in actual heat pump performance.
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Figure 2: Expected heat pump performance under representative operating conditions for a central
heating and b domestic hot water. The values are calculated with the proposed method, using exemplary
laboratory COP values at the standard operating points A−7/W35, A2/W35, A7/W35, A−7/W55, A2/W55,
and A7/W55. The heatmaps illustrate how the expected performance factor decreases with lower outdoor
temperature and higher supply temperature. Grey hatched areas indicate operating conditions that are
not applicable for the respective mode.

Accounting for operating-temperature effects Across the pooled system-grouped out-of-fold pre-
dictions, mean target achievement remained close to 100% for CH, DHW, and total performance (99.88%
for the combined total), without a pronounced seasonal pattern. Furthermore, outdoor and supply temper-
atures explained little of the remaining variation in target achievement (R2 at most 0.032), indicating that
the model captures most of their systematic linear influence. Detailed distributions, monthly trends, and
residual analyses are provided in the Appendix A2.2 and Table A3.

Transferability across monitoring datasets To examine whether the approach generalizes beyond
the data used for calibration, we performed leave-one-dataset-out assessment. In each iteration, the
field correction was estimated using two reference datasets and evaluated on the third, previously
withheld dataset. The resulting MdAPE ranged from 5.33% to 7.85% for CH and from 6.73% to 13.11% for
DHW. Mean target achievement ranged from 94.93% to 106.66% across the withheld datasets. These
findings support transferability across heterogeneous monitoring sources, although remaining dataset-
specific deviations indicate that calibration is not fully independent of the monitored population (Appendix
Table A5).

Robustness across observation periods Heat pump performance is commonly evaluated over
monthly or annual periods in field-monitoring studies [10, 14], while previous research has also explored
estimating seasonal performance from shorter monitoring periods [12]. Since our model was calibrated
using monthly observations, we examined whether the same field-correction parameters remain applicable
at annual resolution without re-estimation. Applied to annually aggregated reference data, mean target
achievement remained close to 100% for CH (102.14%), DHW (100.98%), and combined performance
(102.12%). For combined performance, the MdAPE was 5.04%, with an R2 of 0.756. In the larger
manufacturer fleet, annual predictions also retained moderate absolute errors but explained considerably
less variation between installations, with R2 values of 0.149 for CH, 0.035 for DHW, and 0.205 for total
performance. These findings indicate that the monthly-derived correction can also be applied to annual
performance assessment, although its ability to explain differences between installations varies across
datasets. Its reliability for observation periods shorter than one month remains untested. Detailed residual
analyses are provided in Appendix Section A2.
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2.2 Fleet-scale performance assessment and service demand

To evaluate the applicability of the proposed approach at scale, we applied the previously estimated
model without further recalibration to operational data from 10,087 residential air-to-water heat pumps.
The systems originate from a single manufacturer, are installed predominantly in Germany, and were
monitored between April 2025 and April 2026. Unlike the Swiss and open-source monitoring datasets, the
manufacturer telemetry provides estimates of electricity consumption and thermal energy output derived
from sensors integrated into the heat pumps, which is common practice in most modern heat pumps [17].
The fleet includes a broad range of operating conditions and installations, allowing us to examine the
distribution of achieved efficiency and context-adjusted target achievement in practice.

In addition to the telemetry data, anonymized service records covering November 2025 to February
2026 were linked to the monitored heat pumps. The resulting analysis included 9,604 systems, of which
1,017 (10.6%) had at least one recorded service contact. These records include customer inquiries,
technical support requests, and fault-related service contacts, and therefore do not necessarily indicate
technical faults. We subsequently investigated whether context-adjusted underperformance was associ-
ated with increased service demand and operational anomalies, and compared these associations with
those obtained using absolute SPF thresholds. Further details are provided in Methods.

2.2.1 Identifying potentially underperforming installations

Absolute and context-adjusted efficiency capture different aspects of heat pump performance. A low
achieved SPF may reflect demanding operating conditions rather than poor system operation [13], whereas
a substantial shortfall from expected performance can also occur at relatively high absolute efficiency.
We therefore considered both criteria when identifying potentially underperforming installations. An
absolute SPF threshold of 3.0 was selected given the predominantly German fleet, its use in previous
literature, and earlier German building-efficiency funding requirements, which specified a calculated
annual performance factor (Jahresarbeitszahl (JAZ)) of at least 3.0 according to VDI 4650 Blatt 1 [18].
Although this design-stage criterion is not directly equivalent to measured SPF, it provides a policy-relevant
reference for combined performance. The target-achievement threshold was set at 80%, representing
a performance shortfall of more than 20% relative to expectation, substantially exceeding the median
prediction errors reported above. Both thresholds serve as screening criteria rather than established
technical fault boundaries. Their influence on the classification was therefore evaluated across alternative
threshold combinations. Full analysis is available in Appendix Section A2.6.

At the selected thresholds, 7.8% of CH systems, 4.7% of DHW systems, and 5.1% of systems based
on total performance had both an achieved SPF below 3.0 and target achievement below 80%. In
comparison, an absolute SPF below 3.0 alone identified 46.6%, 92.8%, and 60.5%, respectively. The
joint classification thus distinguishes installations with low absolute efficiency from those additionally
performing substantially below their context-specific expectation. The proportion of systems identified as
potentially underperforming depends on the selected target-achievement threshold. Keeping the absolute
SPF threshold fixed at 3.0, lowering the target-achievement threshold from 80% to 70% reduced the
proportion of identified systems from 5.1% to 0.3%, whereas increasing it to 90% raised this proportion to
26.0% (Fig. A2). These findings demonstrate the additional selectivity of context-adjusted screening while
highlighting the importance of threshold choice.

2.2.2 Performance groups identified by context-adjusted screening

The combination of achieved and expected SPF distinguishes three forms of context-adjusted underper-
formance (Fig. 3). All three groups have target achievement below 80%. Zone I comprises systems with
achieved SPF below 3.0 despite an expectation of at least 3.0. In Zone II, both achieved and expected
SPF are below 3.0, indicating demanding operating conditions combined with an additional performance
shortfall. Zone III comprises systems with achieved SPF of at least 3.0 that nevertheless fall substantially
below their higher expectation.

For total performance, 3.0% of all evaluated systems belonged to Zone I, 2.2% to Zone II, and fewer
than 0.1% to Zone III. Thus, 5.1% combined low absolute efficiency with substantial context-adjusted
underperformance. The distributions differed between operating modes: 6.0% of systems evaluated for
CH belonged to Zone I, whereas 4.6% of systems evaluated for DHW belonged to Zone II. These findings
illustrate how similar absolute efficiency levels can reflect different operating contexts and deviations
from expected performance.
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Figure 3: Large-scale application of the target-achievement metric to 10,087 air-to-water heat pumps. a,
central heating; b, domestic hot water; and c, combined performance. Upper panels compare achieved
and expected SPF, with marker size indicating the number of systems per bin and colour distinguishing
performance groups. Dashed lines indicate SPF = 3.0 and 100% target achievement, while the solid blue
line marks 80% target achievement. Lower panels show the proportion of systems in each group, as
defined in the legend.

2.2.3 Operational characteristics of underperforming systems

The identified performance groups differed in thermal energy characteristics, operational behaviour,
heat pump characteristics, and operating conditions (Fig. 4). Zone I (n=300) comprised relatively small
heat pumps, with 16% lower nominal capacity, 9% lower total thermal energy output, and 12% lower
CH supply temperatures than the fleet average. Despite these comparatively favourable temperature
requirements, compressor-alarm duration was 7.27 times and auxiliary-electric-heater energy 7.19 times
the fleet average. These substantial deviations indicate that the low achieved efficiency of Zone I systems
is associated with operational irregularities rather than particularly demanding temperature requirements.

Zone II (n=218) showed a different operating profile, combining higher temperature requirements
with pronounced operational deviations. Compared with the fleet average, these systems had a 57%
higher DHW share, 26% greater DHW energy output, and 9% higher CH supply temperatures, while CH
energy output was 26% lower. Compressor starts were 33% higher, compressor-alarm duration was 7.03
times the fleet average, and auxiliary-electric-heater energy was 8.87 times higher. Thus, Zones I and
II exhibited similarly elevated operational indicators despite different temperature requirements and
heating-demand profiles.

Zone III (n=9) comprised systems with relatively low heating demand, DHW contributions, and CH
supply temperatures. Unlike Zones I and II, these systems showed below-average compressor-alarm
duration and auxiliary-electric-heater energy, despite achieving substantially less than their expected SPF.
However, the small sample limits the interpretation of these differences. Laboratory-weighted performance
factors remained relatively close to the fleet average across all groups, suggesting that the observed
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differences are not primarily associated with the laboratory-rated product characteristics represented
by these factors. Overall, the results reveal distinct operating profiles among underperforming systems,
although the observed associations do not establish the causes of individual performance shortfalls.
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Figure 4: Characteristics of heat pumps across performance groups. Cells show the ratio of the group mean
to the fleet mean for each variable, grouped into thermal energy characteristics, operational behaviour,
heat pump characteristics, and operating conditions. Values above and below 1 indicate higher and
lower group means relative to the fleet, respectively. The colour scale is capped at 0.75–1.25 for visual
clarity, while cell labels report the actual ratios, including values outside this range. Sample sizes are
indicated above each group. All three underperformance zones have target achievement below 80%:
Zone I comprises systems with achieved SPF below 3.0 and expected SPF of at least 3.0; Zone II comprises
systems with both achieved and expected SPF below 3.0; and Zone III comprises systems with both
achieved and expected SPF of at least 3.0. Rest comprises all remaining systems.

2.2.4 Association with recorded service demand

To investigate whether performance deviations precede increased service demand, we compared monthly
SPF and target achievement with recorded service contacts in the subsequent month (Fig. 5). Unlike
the full-period fleet assessment in Fig. 3, this analysis captures performance shortly before potential
service activity, meaning that system classifications may differ between the two observation periods.
Among the 9,604 systems with linked service records, 22.2% of those achieving less than 80% of expected
performance had at least one subsequent service contact, compared with 9.6% of the remaining systems.
This corresponds to a 2.3-fold higher service-contact incidence.

By contrast, an absolute SPF threshold of 3.0 showed little difference, with service-contact incidence of
approximately 10.6% in both groups. The mean number of recorded contacts also differed more strongly
between target-achievement groups (0.39 versus 0.15 contacts per system) than between absolute SPF
groups (0.18 versus 0.15). These findings indicate that context-adjusted performance deviations are more
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strongly associated with subsequent service demand than absolute efficiency alone, although service
contacts do not necessarily indicate technical faults and the observed associations do not establish
causality.

0% 10% 20% 30% 40%
Systems with ≥1 service call

SPF ≥ 3.0  (n=3,784)

SPF < 3.0  (n=5,820)

TA ≥ 80%  (n=8,821)
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a  Service-call incidence
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2.3×
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0.00 0.15 0.30 0.45
Mean service calls per system

b  Service-call frequency

0.15

0.18

0.15

0.39

Figure 5: Association of target achievement and absolute SPF with recorded service activity. a, Fraction of
systems with at least one recorded service contact during the service-reporting period; error bars indicate
95% Wilson score confidence intervals. b, Mean number of recorded service contacts per system; error
bars indicate 95% confidence intervals estimated using negative-binomial models. Both panels use the
same system-level analysis cohort and thresholds of TA=80% and SPF=3.

3 Discussion

3.1 From absolute efficiency to context-adjusted performance

Field studies have reported substantial differences between laboratory-rated and installed heat pump
efficiency [17, 19, 20]. However, these differences do not necessarily indicate deficiencies in the heat
pump itself. Miara et al. found average deviations below 10% between laboratory and field COP when
measurements were restricted to comparable quasi-steady operating conditions [10]. Such comparisons
assess product performance at selected operating points but exclude much of the dynamic operation
relevant to seasonal efficiency. For example, Bernal et al. identified quasi-steady conditions during
only approximately 17% of monitored space-heating operation [21]. Cycling, defrosting, installation
characteristics, and system controls can further affect performance over longer periods [19]. The relevant
question is therefore not whether a heat pump reproduces its rated COP under selected conditions, but
whether it achieves reasonable efficiency throughout its actual operation.

Established methods such as VDI 4650 estimate annual efficiency using product performance data and
standardized design assumptions, but do not provide a reference for specific monitoring periods. Carnot-
based assessments, already used by Fraunhofer ISE and HeatpumpMonitor.org, account for operating
temperatures [6, 16]. However, translating the theoretical Carnot limit into expected field efficiency
requires both a consistent definition of the temperatures and an appropriate efficiency factor. Our findings
show that this factor depends on product characteristics and operating conditions, making a single
constant value, such as 0.35, insufficient for evaluating individual installations.

Previous field-based normalization to EN 14825 reference conditions relied on system-specific heating-
curve and COPmodels to estimate space-heating SCOP [13]. Although useful for standardized comparisons,
these estimates could require extrapolation to conditions not observed by individual installations and did
not directly represent the ratio of delivered heat to consumed electricity over the monitoring period. The
need for sufficient observations and suitable model fits also restricted the earlier efficiency evaluation to
708 of 1,023 installations (69.2%). The present approach instead evaluates achieved SPF under observed
operating conditions against an independently estimated, product-specific expectation. By eliminating
system-specific model fitting, it allows assessment from monthly observations without requiring the
operating-condition variation needed to fit individual models. Incorporating laboratory COP characteristics
also means that heat pump models with higher certified efficiency are assigned higher expectations
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under comparable conditions. Furthermore, the evaluation extends beyond CH to include DHW, which
contributed approximately 17–23% of useful heat output on average across the reference datasets.
Together, these changes provide a more directly interpretable measure of observed performance relative
to expectation, while reducing the dependence on extensive system-specific monitoring histories.

The results suggest that such a reference can be estimated with useful accuracy from routinely available
operating data, despite differences between installations and monitoring sources. Cross-validation yielded
median absolute percentage errors of 6.6% for CH and 8.4% for DHW, while leave-one-dataset-out
assessment supported transferability across the available datasets. The greater uncertainty for DHW
also highlights the limits of representing complex operation through monthly averages. Intermittent
operation, storage losses, draw-off patterns, and control strategies may introduce variation not captured
by the available temperatures and laboratory characteristics. Similar influences of cycling, defrosting,
and auxiliary heating on field efficiency have been identified in previous studies [17, 22–24]. Thus,
the approach provides a practical expectation for performance screening without requiring a detailed
representation of every operational process.

3.2 Operational profiles and service relevance

Combining target achievement with absolute SPF provides a more differentiated basis for interpreting
low heat pump efficiency. Zone I systems, which operate under comparatively favourable temperature
conditions but exhibit elevated operational indicators, appear particularly relevant for diagnostic follow-up.
Zone II systems instead combine demanding heating requirements with additional performance shortfalls,
suggesting that both system design and operational behaviour warrant investigation. Previous studies
have identified elevated supply temperatures, auxiliary heating, compressor cycling, and control settings
as important influences on seasonal efficiency [17, 19, 23, 25, 26]. The identified profiles can therefore
help direct further investigation, although the observed indicators cannot establish whether performance
losses arise from faults, system configuration, or operating conditions not captured by the model.

Zone III illustrates a different limitation of absolute efficiency thresholds: systems may achieve seem-
ingly satisfactory efficiency while still performing substantially below their product-specific expectation.
The absence of pronounced alarm activity or auxiliary-heater use suggests that such deviations need
not coincide with obvious operational warning signs. However, the small number of systems in this
group limits further interpretation. Overall, the classification provides a basis for distinguishing different
diagnostic priorities rather than identifying specific fault types.

The association between low target achievement and subsequent service contacts further supports the
practical relevance of context-adjusted screening. Previous research has shown that energy-monitoring
data can help preselect heat pumps for professional inspections [4]. By incorporating product-specific
performance and observed operating conditions, the present approach provides a more differentiated
reference for identifying installations that may warrant attention. However, service contacts do not neces-
sarily indicate technical faults, and the observed association does not establish causality or demonstrate
that the identified performance shortfalls are correctable.

3.3 Implications for homeowners, industry, and policy

For homeowners, the proposed approach could make performance feedback more interpretable and
actionable. Reporting only an achieved SPF leaves users without a reference for deciding whether the
value is appropriate for their home and heat pump product. This information gap matters because
household satisfaction with heat pumps is influenced by operating and maintenance costs, while a
survey of heat pump users found that 68% desired feedback on fuel and cost savings and 58% on
system efficiency [27]. Target achievement could help homeowners distinguish between low efficiency
that is broadly consistent with observed operating conditions and performance that falls substantially
below expectation. In the former case, attention could turn towards reducing temperature requirements
through improved system settings or building insulation, whereas the latter may warrant investigation
of operational inefficiencies or technical issues. However, the approach does not establish whether
operating conditions are optimal or identify specific faults, and such feedback should guide users towards
appropriate professional support rather than encourage unsupervised changes [28, 29].

For manufacturers and service providers, the principal implication is more efficient allocation of
diagnostic resources. Connected heat pumps already generate the temperature, operational-state, and
energy data required for remote monitoring, yet many existing services remain focused on displaying
consumption or reporting explicit alarms [30, 31]. Target achievement adds a fleet-level screening
layer before detailed fault diagnosis, helping prioritize installations and guide subsequent investigations.
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Systems in Zone I could be prioritized because low efficiency is not readily explained by the evaluated
context, whereas Zone II systems may require a broader assessment of temperature requirements, DHW
demand, control, and system design. Combining context-adjusted benchmarking with complementary
assessments of heating-curve settings and temperature requirements could provide a more comprehensive
basis for identifying optimization potential and supporting installation quality assurance. Zone III systems
may warrant lower-priority optimization review despite acceptable absolute efficiency. This hierarchy
could reduce unnecessary on-site visits while increasing the likelihood that limited service capacity is
directed towards systems with potentially recoverable efficiency losses. Such prioritization is increasingly
relevant because heat pump deployment is already constrained by shortages of qualified installation and
service personnel [3].

For installers, repeated assessment during commissioning and early operation could provide a feedback
loop that is largely absent from one-off design and installation processes. Installers are influential
intermediaries in technology selection, system sizing, configuration, and user guidance, but they face
rapidly changing technologies and substantial uncertainty when estimating building demand and realized
energy use [32–34]. Unlike conventional fault alarms, target achievement can reveal performance shortfalls
even when no explicit technical fault is recorded, helping installers assess whether a system operates
efficiently under its actual conditions. This would complement established field-monitoring and quality-
assurance initiatives, which have identified substantial optimization potential through improved system
sizing, control settings, and commissioning practices [5, 6, 35]. Aggregated results across an installer’s
portfolio could also support learning by showing whether particular design or commissioning practices
are systematically associated with lower target achievement. The proposed approach cannot attribute
deficiencies to installers, because building conditions, product behaviour, occupants, and subsequent
control changes also influence performance. Its value lies in identifying cases and patterns that merit
closer examination.

For policymakers, context-adjusted performance could complement rather than replace standardized
product ratings. Energy labels influence technology choices and provide comparable information at
the point of purchase [36], while standardized laboratory conditions remain necessary for fair product
comparison. However, interpreting standardized ratings as achievable field performance may create
unrealistic expectations [17, 19]. The automotive industry illustrates the broader consequences of such
discrepancies, where substantial gaps between official fuel-consumption ratings and real-world perfor-
mance have prompted public criticism of manufacturers and testing procedures [37]. Similar discrepancies
in heat pump performance could undermine consumer confidence even when products operate as ex-
pected under their actual conditions. The proposed approach could help bridge this gap by translating
product-specific laboratory performance into realistic expectations for individual installations. Aggregated
target achievement distributions could also provide an outcome-oriented indicator for installation-quality
programs, subsidy evaluations, or large-scale monitoring initiatives while avoiding the assumption that all
homes should achieve the same absolute SPF. Such use could improve the evaluation of public expenditure
on heat pump deployment [38, 39]. The present thresholds should not yet be adopted as regulatory fault
boundaries, because they are empirical screening choices derived predominantly from one manufacturer’s
fleet and require independent validation.

Although the approach was evaluated retrospectively, its structure also suggests a possible connection
between design-stage expectations and post-installation assessment. Established procedures such as
VDI 4650 estimate prospective seasonal performance from assumed climate and system characteristics.
If anticipated outdoor and supply temperatures and the expected contributions of CH and DHW are
available during design, the present formulation could similarly provide an application-specific expected
SPF. Observed conditions could then update this expectation after commissioning, and target achievement
could quantify whether realized performance remains consistent with the updated reference. A continuous
reference across design, commissioning, and operation could improve operating-cost estimates, which are
central to heat pump total-cost-of-ownership assessments [40, 41]. This prospective application was not
validated here and should be treated as a research direction rather than as a replacement for established
design-stage calculations.

The proposed approach may also be applicable beyond manufacturer platforms. Smart-meter data
have demonstrated potential for heat pump identification, preselection, and performance-related feedback
when direct telemetry is unavailable [4, 22, 42, 43]. However, estimating target achievement requires
information on useful heat output, operating temperatures, operating-mode contributions, and product-
specific laboratory performance that conventional electricity meters do not provide directly. Manufacturer-
independent application would therefore require additional sensing, standardized data interfaces, or
validated methods for estimating these inputs. This requirement highlights the value of interoperable and
privacy-preserving access to operational heat pump data.
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3.4 Limitations and future research

Several limitations constrain interpretation and generalization. First, the empirical field correction was
derived from curated field datasets that do not necessarily represent fault-free or optimally operated
systems. Expected SPF therefore reflects typical performance under observed conditions rather than a
technical optimum. Suboptimal supply temperatures, weather compensation, cycling, or system sizing
may reduce both expected and achieved performance, such that high target achievement can coexist
with remaining optimization potential [6, 7, 35].

Second, the reference datasets differ in sample size, measurement equipment, temporal resolution,
processing, and system boundaries, contributing to dataset-specific bias. Leave-one-dataset-out assess-
ment supports transferability across the available sources, but further independent validation is required,
particularly for sparsely represented extreme operating conditions.

Third, the laboratory translation relies on fixed modelling assumptions necessitated by sparse product
data, including interpolation and bounded extrapolation of Carnot-normalized efficiency, within-period
temperature smoothing, a common heating-balance temperature, and fixed outdoor-temperature bins.
These choices were specified independently of achieved field performance but were not validated indi-
vidually; the out-of-sample evaluation therefore assesses the formulation as a whole rather than each
assumption separately.

Fourth, the large-scale application represents predominantly recent heat pumps from one manufacturer
and geographic region. Generalization to other manufacturers, climates, refrigerants, building types,
distribution systems, and control concepts remains uncertain. Manufacturer energy quantities are partly
controller-derived rather than independently metered, and differences in measurement boundaries may
introduce additional uncertainty [19]. Monthly aggregation further limits sensitivity to short-duration
phenomena such as defrosting, auxiliary-heater operation, and transient faults.

Fifth, relevant installation characteristics such as hydraulic configuration, building heat demand,
storage operation, emitter characteristics, occupant behaviour, and control settings were unavailable or
inconsistent. Low target achievement therefore indicates a performance deviation but cannot identify a
specific underlying cause.

Finally, service records covered only November 2025 to February 2026 and did not distinguish between
technical faults, commissioning issues, remote support, or on-site interventions. The observed service
associations are therefore descriptive rather than causal. Likewise, the thresholds of SPF=3.0 and target
achievement of 80% are screening choices rather than fault boundaries. Future work should validate
the method and threshold selection using additional manufacturers, independently diagnosed faults,
interventions, realized energy savings, and longer observation periods.

4 Conclusion

This study introduces a method for estimating the SPF expected from residential heat pumps under
their observed operating conditions. By combining product-specific laboratory data with thermodynamic
relationships and an empirical field correction, the method provides a reference for evaluating individual
installations without system-specific model training. Cross-validated median prediction errors were 6.6%
for CH and 8.4% for DHW, with applicability demonstrated at monthly and annual resolution.

Application to 10,087 heat pumps demonstrated the practical value of evaluating efficiency relative to
expectation. Systems achieving less than 80% of expected performance in the month preceding service
activity had a 2.3-fold higher incidence of subsequent service contacts, whereas an absolute SPF threshold
of 3.0 showed little discrimination. Furthermore, systems with unexpectedly low absolute efficiency (Zone I)
exhibited 7.27 times greater compressor-alarm duration and 7.19 times higher auxiliary-electric-heater
energy than the fleet average. These associations suggest that context-adjusted performance evaluation
can help identify installations warranting further investigation using routinely available operational data,
without requiring prior fault diagnosis.

As heat-pump deployment increases, such context-adjusted evaluation could support scalable, low-
cost performance screening, help installers prioritize inspections, and provide homeowners with more
meaningful efficiency assessments. It could also support commissioning quality assurance without
requiring detailed manual assessment of every installation. The method is intended for identifying
potential performance shortfalls, not diagnosing faults or determining optimal operating conditions.
Further validation across manufacturers and independently verified fault cases is needed before diagnostic
or regulatory use.
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5 Methods

5.1 Data

To develop and evaluate the method for expected efficiency, we use three complementary field-reference
datasets from Switzerland, the United Kingdom, and Germany, comprising 176 heat pumps. The German
reference dataset comprises 67 quality-screened systems selected from a substantially larger manufacturer
telemetry fleet. The complete manufacturer fleet of 10,087 heat pumps, including these 67 reference
systems, is subsequently used for temporal robustness assessment and fleet-scale application without
further recalibration. The remaining fleet systems do not contribute to model development or parameter
estimation. Table 2 summarizes the four datasets and their roles; extended selection and measurement
details are provided in Appendix A1.1.

Table 2: Overview of datasets used for reference development, validation, and fleet-scale application.

Dataset Systems System-
months

Quality gate Analytical role

Swiss
field-monitoring
study

5 180 Participation in an FH OST field study with on-site visits
to selected installations, suggesting greater attention to
system installation and operation.

Reference
development and
validation

Open-source field
monitoring

104 1,029 Publicly documented installation and performance data,
with named installers, potentially encouraging greater
attention to installation quality.

Reference
development and
validation

Quality-screened
manufacturer
subset

67 464 Installations by teams ranking in the best 20% for
quality-control rejection rate, rework rate, and reported
cold starts.

Reference
development and
validation

Total reference

dataset

176 1,673 – –

Large-scale
manufacturer fleet

10,087 112,649 No installer-quality restriction. fleet-scale
application

5.1.1 Reference datasets

Field-monitoring in Switzerland The first dataset originates from an official field-measurement study
conducted in Switzerland [44]. The installations were monitored within a dedicated research campaign
involving on-site assessments and dedicatedmeasurement equipment. Five heat pumpsmeet the inclusion
criteria of being variable-capacity air-to-water systems with corresponding COP values available in the
KEYMARK database [15]. Data is available between September 2019 to August 2022. The measurement
equipment was calibrated at the Heat Pump Test Center (WPZ) in Buchs and subsequently verified on-site
[45].

Open-source field-monitoring data The second dataset was obtained from HeatpumpMonitor.org, an
OpenEnergyMonitor community platform for sharing and comparing real-world heat pump performance
data. The systems are voluntarily equipped with comparatively detailed monitoring and are publicly
documented by their owners and installers. HeatpumpMonitor.org uses independent heat and electricity
meters, including MID-certified equipment [7, 46]. Systems were excluded when external control strategies
were reported, electricity-metering boundaries were incompatible, or backup electric heating could not be
measured separately. Only months containing measurements for at least 28 distinct days were retained.
After filtering, 104 systems with 1,029 valid monthly observations remained.

Manufacturer field-monitoring data The manufacturer reference subset was defined using
installation-team quality indicators that were independent of the heat-pump efficiency outcomes analysed
in this study. Teams were retained only if they simultaneously ranked within the best 20% (that is, the
lowest values) for three internally monitored quality metrics: Installation Quality Control Proof rejection
rate, rework rate, and the number of reports classified internally as “cold start” per installed system.
Three installation teams met the criterion; after applying the telemetry-completeness and model-input
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requirements, 67 systems remained. Rather than being independently metered, thermal and electrical
energy values are estimated by the heat-pump controllers using operational measurements [17]. The
performance metrics encompass the electricity consumption of the compressor, fan, and auxiliary electric
heater, approximately corresponding to the H3 system boundary [8, 47].

The three datasets are complementary. The Swiss study provides data from a closely supervised
field-monitoring campaign, the open-source dataset offers a comparatively large and heterogeneous
sample dominated by systems operating at relatively low supply temperatures, and the manufacturer
dataset represents the type of telemetry that can be collected at scale without additional measurement
hardware, primarily from retrofit buildings. Differences in sensor quality, measurement boundaries,
temporal resolution, and data processing across the datasets must be considered when interpreting the
results.

The three reference datasets were selected to represent the performance that residential air-to-water
heat pumps (AWHPs) can reasonably achieve under real-world operating conditions. While optimal instal-
lation and operation cannot be guaranteed, each dataset provides grounds for confidence in installation
quality. The Swiss systems participated in a structured FH OST field study involving on-site visits to
selected installations, suggesting greater attention to installation and operation. The HeatpumpMoni-
tor.org systems publicly disclose installation details and operational performance, often alongside installer
identities, creating reputational incentives for installation quality. The manufacturer subset comprises
installations by three teams that simultaneously ranked within the best 20% for quality-control rejection
rate, rework rate, and reported cold starts. Together, these selection criteria reduce the likelihood that
systematic installation deficiencies influence the empirical field reference, without assuming that the
selected systems operate optimally.

5.1.2 Large-scale manufacturer fleet

The final method was applied to the manufacturer telemetry dataset comprising 10,087 residential
air-to-water heat pumps monitored from 1 April 2025 to 1 April 2026. The systems originate from a
single manufacturer and are installed predominantly in Germany, with a smaller proportion located in
other European countries. Measurements are obtained from sensors integrated into the heat pumps
and transmitted through their internet-connected control systems. The energy balance follows the H3
monitoring boundary of the SEPEMO taxonomy [47]; electrical and thermal energy quantities represent
controller-derived estimates rather than measurements from independent energy meters. The present
study uses daily features derived from the high-frequency measurements; days containing incomplete
measurements or relevant data gaps are excluded.

Service records Service records from the same heat pump fleet were available for the period from 1
November 2025 to 28 February 2026. The service records were linked to the monitoring data using an
anonymized system identifier. Repeated records belonging to the same heat pump were aggregated to
derive a binary indicator denoting whether at least one service contact had been recorded, while the total
number of recorded contacts per system was retained as a complementary count outcome. In the final
common analysis cohort, 9,604 systems had the required monitoring variables, of which 1,017 systems
(10.6%) had at least one recorded service contact. The records do not distinguish between technical faults
and other service-related interactions and are interpreted as an indicator of recorded service demand
rather than an exhaustive fault history.

5.2 Estimation of expected performance under observed operating conditions

The aim of the study is to estimate the seasonal performance factor that can reasonably be expected
from an individual heat pump under a specified set of operational conditions. These conditions include
the relevant outdoor and supply temperatures, heat pump model characteristics, and contributions of
CH and DHW. Figure 1 illustrates the idea of progression from thermodynamic potential to achieved
field performance. The Carnot COP represents the physical efficiency limit imposed by the temperature
lift. This potential is first adjusted by the laboratory factor Flab, derived from model-specific COP data,
and subsequently by the empirical field factor Ffield, which accounts for the systematic transition from
laboratory to field performance. The resulting context-specific expected SPF is subsequently compared
with the achieved SPF to quantify target achievement. Performance is evaluated at monthly resolution,
the finest common resolution across the reference datasets, to balance short-term operating variability
with timely assessment. While daily efficiency is sensitive to changing weather and operating conditions,
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annual evaluation delays feedback. Previous research has demonstrated the feasibility of multi-day
seasonal performance estimation [12], while monthly performance indicators are well established in
field-monitoring studies [10, 14]. For central heating, observations from May to September were excluded,
as were months with a mean outdoor temperature of at least 20 ◦C or less than 50 kWh of CH electrical
input from the compressor and auxiliary heater. DHW observations were retained throughout the year.

5.2.1 Laboratory-based performance expectation

Thermodynamic reference. For each observation period i and operating mode m ∈ {CH,DHW}, the
effect of the temperature lift is represented by the Carnot coefficient of performance,

COPCarnot,i,m =
Tsup,i,m + 273.15

(Tsup,i,m + 273.15)− (Tout,i + 273.15)
, (2)

where Tout,i denotes the mean outdoor temperature recorded by the outdoor sensor during observation
period i, and Tsup,i,m denotes the corresponding mean supply temperature measured during CH or DHW
operation. These directly measured temperatures were used without applying additional offsets to
approximate refrigerant evaporation or condensation temperatures. Such adjustments depend on heat
exchanger characteristics and operating conditions, introducing assumptions that may not be consistently
applicable across different heat pump models and monitoring systems [6, 16]. Using measured outdoor
and supply temperatures provides a transparent and reproducible thermodynamic reference based on
commonly available signals. Temperatures are converted from °C to kelvin for the Carnot calculation.
Period-mean temperatures were used as the finest common temporal resolution across the three reference
datasets, allowing expected and achieved performance to be evaluated over identical periods. Owing
to the nonlinearity of the Carnot relationship, this represents a period-level approximation rather than a
reconstruction of instantaneous thermodynamic performance.

Model-specific laboratory performance. Laboratory COP values were available for the outdoor-
temperature test points at -7◦C, 2◦C, and 7◦C each at supply temperatures of 35◦C and 55◦C. To estimate
laboratory performance at the supply temperature observed in the field, the laboratory COP values were
first expressed relative to the corresponding Carnot COP.

For each laboratory outdoor-temperature point Tj ∈ {−7, 2, 7} ◦C, the Carnot-normalized laboratory
efficiencies at supply temperatures of 35 and 55◦C are

ηlab,j,35 =
COPlab(Tj , 35)

COPCarnot(Tj , 35)
, (3)

and

ηlab,j,55 =
COPlab(Tj , 55)

COPCarnot(Tj , 55)
. (4)

The Carnot-normalized laboratory efficiency corresponding to the observed supply temperature was
then obtained by linear interpolation or limited extrapolation:

ηlab,j
(

T ∗
sup

)

= ηlab,j,35 +
T ∗
sup − 35

55− 35
(ηlab,j,55 − ηlab,j,35) , (5)

where

T ∗
sup = min (70,max (30, Tsup)) . (6)

Thus, laboratory performance is interpolated within the measured range of 35-55◦C, while limited linear
extrapolation is allowed between 30 and 70◦C. Supply temperatures outside this range are evaluated at
the respective boundary to avoid extrapolation into operating conditions insufficiently represented by the
available laboratory data.
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Weighting of laboratory test points. Laboratory COP values were consistently available at outdoor
temperatures of -7 °C, 2 °C, and 7 °C. To derive a laboratory reference representative of each observation
period, we approximated its outdoor-temperature distribution by a normal distribution centered on the
observed mean outdoor temperature µTout,i, as shown in Fig. 6a:

pT,i(T ) = N
(

T ;µTout,i, σ
2
T

)

. (7)

A fixed standard deviation of 3 K was used for both CH and DHW as a common smoothing assumption
across datasets and observation periods, rather than a location-specific estimate of climatic temperature
variability.

For CH, the temperature distribution was additionally weighted by relative space-heating demand,
approximated according to the heating-degree principle as

Qrel(T ) = max (0, Tbal − T ) , (8)

where the heating-balance temperature Tbal was set to 16 °C, as shown in Fig. 6b. The resulting
demand-weighted distribution assigns greater importance to colder outdoor temperatures when weighting
the three laboratory test points (Fig. 6c).

Following the heating-degree principle, heating demand was approximated as proportional to the
positive difference between the heating-balance temperature and outdoor temperature,

Qrel(T ) = max (0, Tbal − T ) , (9)

and the resulting heating-energy-weighted temperature distribution is

pCH,i(T ) =
pT,i(T )Qrel(T )

∫ ∞

−∞

pT,i(T )Qrel(T ) dT

. (10)

For DHW, no space-heating-demand weighting was applied because DHW production is not governed
by the building’s space-heating demand. Consequently,

pDHW,i(T ) = pT,i(T ). (11)

Each outdoor temperature was mapped to the nearest available laboratory test temperature. With
laboratory COP values available at -7◦C, 2◦C, and 7◦C, the corresponding assignment boundaries are
given by the midpoints -2.5◦C and 4.5◦C. This defines the temperature regions

R−7 = (−∞,−2.5), R2 = [−2.5, 4.5), R7 = [4.5,∞). (12)

For operating mode m, the weight assigned to laboratory point j is

wi,m,j =

∫

Rj

pm,i(T ) dT, j ∈ {−7, 2, 7}, (13)

with

wi,m,−7 + wi,m,2 + wi,m,7 = 1. (14)

The model- and context-specific laboratory factor is then calculated as the weighted mean fraction of
Carnot performance across the three laboratory operating points:

Flab,i,m =
∑

j∈{−7,2,7}

wi,m,j ηlab,j
(

T ∗
sup,i,m

)

. (15)

The product COPCarnot,i,mFlab,i,m therefore represents the performance expected from the specific
heat pump model based on its laboratory characteristics and the temperature conditions of observation
period i and operating mode m. As the laboratory weights are derived from the observed mean outdoor
temperature of each period, the formulation does not rely on a prescribed climatic profile, such as the
EN 14825 average climate, or location-specific design temperatures. It can therefore be applied across
different climatic conditions, although transferability of the empirical field correction requires separate
validation. This laboratory-based expectation does not yet account for systematic differences between
standardized laboratory and field operation.
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Figure 6: Illustration of the observation-period-specific weighting of laboratory COP test points for central
heating. The outdoor-temperature distribution is centered on the observed mean outdoor temperature
and weighted according to relative central-heating demand. Each outdoor temperature is assigned to
the nearest available laboratory test outdoor temperature of -7◦C, 2◦C, or 7◦C. The illustrated example
assumes a mean outdoor temperature of 5.1◦C and a standard deviation of 3.0 K.

5.2.2 Empirical field correction and model selection

Laboratory-based performance does not capture all differences between standardized testing and real-
world operation. These differences may reflect cycling, part-load operation, auxiliary-electric consumption,
control settings, hydraulic integration, or other installation- and operation-specific effects. An empirical
field correction was therefore estimated from the curated field-reference datasets.

For each observation i and operating mode m, the observed multiplicative field factor is defined as

Ffield,obs,i,m =
SPFachieved,i,m

COPCarnot,i,mFlab,i,m

. (16)

The field factor quantifies the remaining difference between achieved field performance and the
corresponding laboratory-based expectation after accounting for temperature lift and model-specific
laboratory performance. It should not be interpreted as the average field loss of the complete installed
heat pump population or as a thermodynamic optimum, rather, it represents the empirical relationship
observed in the curated field-reference datasets used for model development.

The nine candidate formulations included global additive and multiplicative corrections and corrections
based on outdoor temperature, supply temperature, supply-temperature variability, and system utilization
(Appendix Table A1). The Carnot and laboratory components were identical across all formulations, and
all models were evaluated separately for CH and DHW.

Candidate models were evaluated using 20 repetitions of five-fold cross-validation grouped by heat
pump system. All observations belonging to the same heat pump were assigned exclusively to either
the training or validation set within a given fold, preventing information leakage between repeated
observations of the same installation.
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Within each repetition, predictions from the five held-out folds were pooled for evaluation. System-level
fold stratification and performance aggregation are detailed in Appendix A1.3.

All quantities required by a candidate model, including field-correction parameters, temperature-bin
definitions, and fallback values, were estimated exclusively from the training systems of the respective
fold and applied unchanged to the held-out systems.

Predictive performance was assessed primarily using mean error (ME), mean absolute error (MAE),
MdAPE, root mean square error (RMSE), coefficient of determination (R2), and calibration intercept and
slope were used as complementary measures of predictive accuracy and calibration. Mean and dispersion
of target achievement were additionally examined to identify systematic over- or underprediction. Model
selection considered both predictive performance and model parsimony.

Based on this model-selection procedure, an outdoor-temperature-dependent multiplicative field
correction was selected for both CH and DHW. For this formulation, observations are grouped into 5◦C
outdoor-temperature intervals. Within each interval b, the field factor is estimated from the training
observations as

Ffield,m,b =
1

nm,b

∑

i∈Bm,b

Ffield,obs,i,m, (17)

where Bm,b denotes the training observations of operating mode m assigned to outdoor-temperature
interval b, and nm,b denotes the corresponding number of observations.

Expected performance for observation i is then

SPFexpected,i,m = COPCarnot,i,m · Flab,i,m · Ffield,b,m. (18)

The outermost temperature bins were extended beyond the training-data range; fallback and numerical
safeguards are documented in Appendix A1.3.

After model selection, the selected formulation was fitted once to the complete curated field-reference
datasets separately for CH and DHW. The resulting parameters were fixed before application to the
large-scale manufacturer fleet. Apart from the predefined 67-system quality-screened subset included in
the reference sample, no additional systems from the large-scale manufacturer fleet contributed to model
development or parameter estimation.

5.2.3 Expected total performance and target achievement

The achieved SPF of operating mode m over the considered observation period is calculated as

SPFachieved,m =
Qout,m

Ein,m

, (19)

where Qout,m denotes useful heat output and Ein,m denotes the corresponding electrical energy input
over the same observation period.

Total expected performance was not fitted as a separate model. Instead, the independently estimated
CH and DHW expectations were combined according to their contributions to useful heat output:

SPFexpected,total =

(

1− y

SPFexpected,CH

+
y

SPFexpected,DHW

)−1

, (20)

where

y =
Qout,DHW

Qout,DHW +Qout,CH

(21)

denotes the fraction of total useful heat output attributable to DHW production. Consequently, 1− y
denotes the corresponding CH fraction.

The achieved total SPF is calculated directly from the combined useful heat output and electrical
energy input:

SPFachieved,total =
Qout,CH +Qout,DHW

Ein,CH + Ein,DHW

. (22)

For CH, DHW, and total performance, target achievement is defined as

TAm =
SPFachieved,m

SPFexpected,m

· 100%. (23)
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A target achievement of 100% indicates agreement between achieved performance and the context-
specific expectation derived from the curated field-reference datasets. Values below 100% indicate
performance below this reference, whereas values above 100% indicate performance exceeding it. Target
achievement does not represent thermodynamic optimality and cannot identify suboptimal system
parameterization, such as unnecessarily high heating-curve settings, or specific installation, control,
or component faults. Rather, it serves as a screening metric for identifying systems whose achieved
performance deviates substantially from the level expected under their observed operating conditions.

5.3 Evaluation and fleet-scale application

After model selection and final parameter estimation, the approach was evaluated for out-of-sample
robustness across systems, monitoring sources, and observation periods, and subsequently applied
without further calibration to the large-scale manufacturer fleet.

5.3.1 Out-of-sample robustness and transportability

Predictive performance and calibration. Prediction accuracy was evaluated using the system-
grouped out-of-fold predictions described above. Metrics used for model selection were calculated for each
complete out-of-fold prediction vector and summarized across 20 repetitions. For secondary analyses, the
held-out predictions for each observation were averaged across repetitions; every contributing prediction
came from a model fitted without that system’s data. Calibration was assessed using the intercept and
slope of a linear regression of achieved against expected SPF. Variation in target achievement (TA) was
summarized using the standard deviation across observations, the standard deviation of system-specific
mean TA, and the pooled within-system standard deviation of observations around their respective
system means. These measures describe variability rather than formal variance components. Residual
dependence on outdoor temperature, supply temperature, DHW share, auxiliary-electric-heater share,
and specific energy output was assessed using separate univariate linear regressions for CH, DHW, and
total performance. The calculations and diagnostics are detailed in Appendix A2.7.

Cross-dataset transportability. Transportability across the three reference datasets was assessed
using leave-one-dataset-out evaluation, separately for CH and DHW. In each iteration, one complete
data source was withheld, the parameters of the selected model formulation were re-estimated using
the remaining two sources, and the fitted parameters were applied without recalibration to the withheld
source. The procedure was repeated until each dataset had served once as the held-out source; no
system identifiers overlapped between training and held-out datasets. Prediction accuracy, calibration,
and the distribution of TA were evaluated for each withheld dataset. The results were not used to modify
the model form, final parameters, or screening thresholds. Because all three sources contributed to the
preceding candidate-model comparison, this analysis evaluates transportability of the selected model
structure rather than fully independent external validation of model-form selection.

5.3.2 Robustness across observation periods

To assess sensitivity to temporal aggregation, the field-correction parameters estimated from monthly
reference observations were applied without re-estimation to yearly aggregated observations from the
reference datasets and to both monthly and yearly observations from the manufacturer fleet. At each
resolution, expected and achieved SPF were calculated using the corresponding operating temperatures,
mode-specific useful heat contributions, and accumulated energy quantities. CH and DHW expectations
were calculated separately and combined according to Eq. 20. Prediction accuracy and TA distributions
were compared across observation periods; the reported metrics are specified in Appendix A2.7.

5.3.3 Fleet screening and performance groups

The final model was applied without further calibration to annual system-level observations from the
manufacturer fleet. Screening combined a TA threshold of 80% with an absolute achieved-SPF threshold of
3.0. The relative threshold identifies performance more than 20% below the context-specific expectation;
the absolute threshold provides a policy-relevant reference corresponding to the minimum calculated
design-stage Jahresarbeitszahl (EN: seasonal performance factor) (JAZ) previously specified in the German
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Federal Funding for Efficient Buildings programme [18]. Design-stage JAZ and measured operational SPF
are not directly equivalent, and neither threshold represents a technical fault boundary.

Threshold sensitivity was assessed by varying TA from 70% to 90% in five-percentage-point increments
and achieved SPF from 2.0 to 3.5 in increments of 0.25. For each combination, the proportion of valid
systems below both thresholds, and the proportion below the absolute SPF threshold alone, were calculated
separately for CH, DHW, and total performance.

Performance-group definitions. Among systems with TA below 80%, Zone I comprises systems with
SPFachieved <3.0 and SPFexpected ≥3.0; Zone II comprises systems with SPFachieved <3.0 and SPFexpected <3.0;
and Zone III comprises systems with SPFachieved ≥3.0 and SPFexpected ≥3.0. All remaining systems are
classified as Rest. Zones I and II satisfy both the relative and absolute screening criteria, whereas Zone III
identifies substantial underperformance despite an achieved SPF of at least 3.0.

Operating characteristics of the groups. Annual system-level operating characteristics were com-
pared descriptively across the groups defined by total SPF. For each variable, the mean within a group
was divided by the corresponding mean across the complete valid fleet; a ratio of 1.0 indicates the fleet
mean. Compressor-alarm duration was calculated as the mean monthly accumulated duration of the
compressor alarm state, averaged over available monitoring months for each system. These associations
are not interpreted as causal evidence of specific faults.

Association with recorded service activity. Service records were linked to the monitoring data by
anonymized system identifier and aggregated per system. Systems were compared using TA below versus
at least 80% and achieved SPF below versus at least 3.0. Service-contact incidence was the fraction of
systems with at least one recorded contact; 95% Wilson score confidence intervals were calculated for
these proportions. The number of contacts per system was analysed using separate negative-binomial
generalized linear models with a log link and performance group as the explanatory variable, to account
for overdispersion. Group-specific mean contact frequencies and 95% confidence intervals were obtained
from the fitted models. For the service-association analysis, achieved SPF and target achievement were
evaluated over the month preceding the corresponding service-observation period, rather than over the
full annual monitoring period used for fleet classification. This temporal alignment allows performance
before recorded service activity to be examined, while avoiding the inclusion of subsequent operating
periods in which performance may have changed. The resulting classifications can therefore differ from
those obtained using annual performance.
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