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H I G H L I G H T S

Grey box modeling of supermarket CO2
refrigeration evaporators and cabinets.
Analysis of physically interpretable pa-
rameter estimates.
Classification of refrigeration cabinets
based on parameter estimates character-
istics.

G R A P H I C A L A B S T R A C T
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A B S T R A C T

Aiming to enable robust large-scale fault diagnostics and optimized control for supermarket refrigeration
systems, a data-driven grey box model for an evaporator and its surrounding cooling cabinet (or room) is
presented. It is a non-linear model with two states: the cabinet temperature and the refrigerant mass in the
evaporator. To demonstrate its applicability, data with one-minute sampling resolution from ten evaporators in
a supermarket in Otterup (Denmark) was used. The model parameters were estimated using a Kalman filter and
the maximum likelihood method. Since the dynamical properties of the cabinets constantly change as goods
are added and removed, the parameters were re-estimated for each night, over a period of approximately 2.5
years. The model is validated through a statistical analysis of the residuals and the importance of the ongoing
re-estimation of parameters is highlighted. Furthermore, the physical meaning of the estimated parameters is
discussed and potential applications for characterization and classification of cabinets are demonstrated, by
showing how they can be differentiated as either open- or closed cabinets or rooms, using only the estimated
heat transfer coefficients and heat capacities. For a selected case it is shown that the estimated parameter
values are close to physics derived values, and that the accuracy measured by the standard errors of the
estimates is approximately ±10% relative to the estimated values. The analysis demonstrates that the model
is robust, accurate and reliable in terms of estimating physically meaningful parameters and it is therefore
appropriate for large-scale implementation.
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Nomenclature

Parameters

�̇� Mass flow (kg/s)
𝜆 Conductivity (W/(m K))
𝑃 Pressure (Bar)
𝜌 Density ( kg/m3)
𝐴 Valve Constant (

√

10 m2)
𝐶 Heat capacity (kWh∕K)
𝐻 Height (m)
ℎ Enthalpy (J∕kg)
𝐿 Thickness (m)
𝑀 Mass (kg)
𝑅 Thermal resistance (K/kW)
𝑇 Temperature (◦C)
𝑊 Width (m)
UA Heat transfer coefficient (kW/K)

Super- and subscripts

a Ambient air
c Air inside the cabinet (or room)
e Evaporator
load Surface of wall and door between the room

and ambient air
m Surface of evaporator
r Refrigerant inside the evaporator
rec Receiver tank

. Introduction

To better exploit the benefits of system modeling and automation,
he need for digital twins (digital representations of a physical systems)
s growing, as reported for industrial systems in general by [1] and
or refrigeration systems in particular by [2]. With the increasing
mount and resolution of data being gathered from all sorts of sources,
he potential and applications expand, opening up for new research
uestions to be answered. The present paper focuses specifically on
ata-driven modeling of supermarket refrigeration rooms and display
abinets. The presented methodology is an outcome of the continued
esearch from the results presented in [3], where some limitations were
ound with the applied model and numerical implementation, e.g. lack
f robustness and convergence in the estimation.

Grey box modeling – characterized by being a combination physics
nd statistics – of supermarket refrigeration systems is a research area
f great interest and potential. The models can be used for applications
n optimized control [4,5] and fault detection [6]. Thus, we achieve
hysical insight of the parameters of the overall and complex system
sing measured time series data, as described in more detail by [7,8].
arly methodologies on parameter estimation in stochastic differential
quations describing a physical system have been around for many
ears [9], but are only recently being implemented on a large-scale
ith the new data era. The method has been well tested in many
pplications, for estimating building thermal dynamics, see [10,11],
nd for refrigeration system applications, see [2].

A promising approach to data-driven modeling and optimization of
ne-stage refrigeration systems is with neural networks and predictive
ontrol as presented in [12] to increase the efficiency of the compressor
n a refrigeration system. This is later followed-up in [13], where
n energy reduction of 17% was achieved on the one-stage system.
owever, supermarkets’ refrigeration systems are usually two-stage

ystems with two temperature levels, one for frozen goods and one
2

Fig. 1. Flow sheet of a supermarket CO2 refrigeration system. The three main parts are
marked on the figure. The modeled evaporators and cabinets are in the ‘‘Distribution
system and display cabinets’’ part. On the figure measurement points are marked with
numbered labels — descriptions of them are found in the main text.

for refrigerated goods, each with its own compressor equipment, which
significantly complicates the models needed.

Data-driven modeling of supermarket refrigeration systems can be
done by modeling each single component; compressors, condensers and
evaporators separately, see [14] for modeling of a compressor, [15] for
evaporators and condensers, and [16] for a gas-cooler example. Alter-
natively, the system may be modeled as a near-complete refrigeration
system with several components integrated, see [17] for modeling a
vapor compression plant, [18] for phase change materials and [19]
for a high heat flux removal system example. Detailed data-driven
models of a complete system were developed by [20], using sub-
space modeling – a method for parameterization in non-linear Multiple
Inlet Multiple Outlet (MIMO) systems [21]. In the particular study the
refrigeration cabinets were not considered individually. Using single-
component models, the parameterization can be done in higher detail,
whilst having fewer parameters per model compared to single multi-
component model — this makes parameter estimation easier and more
reliable. Thus, a clever way to use both principles is to first param-
eterize separate models of the main components (e.g. refrigeration
cabinets, compressors and the condenser) – this was done in [22], using
Predictive Error Minimization for estimation. Afterwards, the complete
system was modeled using the estimated parameters. The model was
applied to develop control strategies utilizing the high heat capacity
of the goods to enable demand flexibility of supermarket refrigeration
systems.

A problem with previously suggested models is their lack of prac-
tical identifiability due to high model complexity. This is pointed out
in [3], where an evaporator in a refrigeration room was modeled. It
was shown that model over-parameterization led to physically unre-
alistic parameter estimates. The model predicts very well the cabinet
temperature, hence it is applicable for control, however, with physi-
cally infeasible parameter estimation the system properties and energy
demand cannot be determined.

The objective with the present paper is to demonstrate the bene-
fits and potential applications from simplifying the previously applied
models. The key novelty of the presented results is the application of
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Fig. 2. Open display cabinet, ref.: Arneg/WICA.

Fig. 3. Closed display cabinet, ref.: Arneg/WICA.

the simpler model with fewer parameters and the demonstration of how
that ensures identifiability, and thus consistently physical meaningful
parameters. The estimation results using the simpler model for each
night for ten individual cabinets the parameters were re-estimated each
night, in total 4143 independent estimations of the model are included
in the presented results. It is shown how the estimates can be used
for various applications e.g. characterization and fault detection, which
would not be possible with previous presented models.

In Section 2, the supermarket refrigeration system which were
modeled is presented and explained. In Section 3, the applied grey box
model and method for parameter estimation are presented. In Section 4,
the resulting model is illustrated using a five-hour prediction on both
in-sample and out-of-sample data. Furthermore, a residual analysis is
presented for validating the model. In Section 5, a potential application
of the model is presented and discussed. It is shown how the model
can be used for classification of the cabinet type — i.e. whether it is an
open- or closed cabinet, or a room. Finally, in Section 6 the results are
discussed and in Section 7 the conclusions are drawn.

2. The refrigeration system and data

The modeled cabinets are part of the supermarket refrigeration
system in the store named ‘‘Fakta’’ in the city of Otterup, Denmark. We
consider ten cabinets — six for fresh foods and four for frozen foods.
3

Fig. 4. Refrigeration room, ref.: Arneg/Incold.

Table 1
Evaborators with their cabinets and valves installed in the system. The
last column lists the valve constants 𝐴 – derived from a previous study
[23].

Cabinet Type Valve 𝐴[
√

10𝑚2]

MT1 Room AKV 10–3 0.58765
MT2 Room AKV 10–5 1.48523
MT3 Open cabinet AKV 10–4 0.94185
MT4 Open cabinet AKV 10–5 1.48523
MT5 Open cabinet AKV 10–5 1.48523
MT6 Closed cabinet AKV 10–2 0.37191
LT1 Room AKV 10–3 0.58765
LT2 Closed cabinet AKV 10–2 0.37191
LT3 Closed cabinet AKV 10–2 0.37191
LT4 Closed cabinet AKV 10–2 0.37191

The study is based on data from 2012 to 2014 where the opening hours
were 8:00–21:00 every day. The system is a CO2 booster system with a
nominal cooling capacity of around 38 kW and refrigerant mass flow of
0.293 kg/s CO2. A flow sheet of the system is presented in Fig. 1, where
numbering labels mark measurement points. After the receiver, at the
point marked by ‘‘1’’, the refrigerant is liquefied- and from there, it is
split into the medium temperature evaporator (MT) string and the low
temperature evaporator (LT) string, where expansion valves drop the
pressure to the desired saturation temperature letting refrigerant into
their corresponding evaporator. The valves are controlled with either
a hysteresis or a modulating method with feedback from the measured
cabinet temperature. After the evaporators, at stages ‘‘2a’’ and ‘‘2b’’,
the refrigerant is superheated to avoid any droplets from entering the
compressor. At stage ‘‘4a’’, ‘‘4b’’ and ‘‘5’’, after the low-temperature
compressor rack, the pressure is the same, but the enthalpy varies as
the MT string and bypass (bp) string from the receiver connects. The
refrigerant now enters the high-pressure compressor rack and continues
the condenser to a sub-cooled state at stage ‘‘8’’- and the cycle repeats.

The present research focus on modeling each cabinet and their cor-
responding evaporator, hence anything between stage ‘‘6’’ and ‘‘8’’ will
not be discussed further. The cabinets included in this study are listed
in Table 1 with specifications. MT refers to medium temperature (fresh
food) and LT refers to low temperature (frost). We distinguish between
three types of cabinets: room, open- and closed cabinet (illustrated in
Figs. 2–4).

The cooling energy released in each cabinet is mostly determined
by the refrigerant mass flow through its corresponding evaporator.
This flow is determined by the opening degree and the valve constant
— the latter is a measure of the specific evaporator valve size. The
valve constants must be known in advance for the parameter estimation
suggested in this paper otherwise the applied model will be over-
parameterized. The valve constants can also be estimated separately,
as shown in [24].

2.1. Data

The study uses one-minute sampling data consisting of pressures,
temperatures and valve openings measured at the numbered points on
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Fig. 5. Nightly averages of the mass flows entering the evaporators for each of the eight cabinets (from 00:00 AM to 4:59 AM every night in the period).
t
{
t
w
i

𝑌

w
n
c
e
a

t
u

Fig. 6. The mass flow entering the evaporator of the cooling room MT2 during 29th
f October 2013. This is an example of hysteresis control, where the valve is either
ully open or closed.

ig. 1. The mass flow entering evaporator 𝑖 is calculated by

̇ in,𝑖 =
√

(𝑃rec − 𝑃0,𝑖)𝜌𝑖 ⋅ 𝑜d,i ⋅ 𝐴𝑖 (1)

here 𝑃rec is the pressure in the receiver, 𝜌 is the refrigerant density,
nd for the 𝑖’th evaporator 𝑃0,𝑖 is the suction pressure measured at point
‘3a’’ and ‘‘3b’’, 𝑜d,i is the valve opening degree (between 0%–100%)
nd 𝐴𝑖 is the valve constant, which values are specified in Table 1. In
ig. 5 the nightly averages of the mass flow entering each evaporator
re shown for the full 2.5 years period. It can be see that there is a
relative large variation in the flows for all the MT cabinets except
T6. Noticeably, it is seen that the refrigerant flow variation in MT6 is

ery small compared to any other cabinet — this is the only cabinet
sing modulating control rather than hysteresis control used in the
ther cabinets. Furthermore, the LT cabinets are seen to generally have
ess variation than the MT cabinets.

A plot of the one-minute values during a single night of mass
low entering the hysteresis controlled evaporator of MT2 is shown in
ig. 6. It can be seen how the valve opens fully, which occurs when
he upper cabinet temperature bound is reached, and closes again,
hich occurs when the lower bound is reached. In Fig. 7 the mass

low for the modulating controlled MT6 is shown. It is seen that the
low is continuous, however around 00:30 the valve is fully opened
nd afterwards closed — the reason for this event is not known. To
void disturbances e.g. customer interference, the model is fitted for
ll evaporators during closing hours every night from 12AM to 5AM –
.e. five hours with 300 observations as shown in the two figures.

. Methodology

In this section grey-box model and estimation method are presented.

.1. Modeling

The model is a state space model, derived from thermodynamic state
quations describing the heat and mass dynamics of the cabinet and
4

n the evaporator as a lumped dynamic process model [25]. As noted
Fig. 7. The mass flow entering the evaporator of the closed cabinet MT6 the 29th of
October 2013. This is an example of modulating control, where the opening of the
valve is set as a continuous value by the controller.

before, models applied in previous literature [3,22,26] were three-state
models with the states: cabinet air temperature, temperature of the
goods and refrigerant mass in the evaporator. In most cases this leads
to parameter estimates, which are not realistic according to physics –
e.g. as described in [3] the heat transfer coefficient through the walls
and doors can end up very close to zero, because the goods can act
as an infinite heat reservoir. Therefore, in the present study we have
simplified the model by removing the state of the goods thus lumping
together the cabinet air and the goods parts into a single part. The
model for a single cabinet (note, that the 𝑖 subscript on the variables is
omitted for clarity) consists of the system equations

d𝑇 c
𝑡 = 1

𝐶c

(𝑇 a
𝑡 − 𝑇 c

𝑡
𝑅load

+𝑀 r
𝑡
𝑇 e
𝑡 − 𝑇 c

𝑡
𝑅m

)

d𝑡 + 𝜎cd𝜔c,𝑡 (2)

d𝑀 r
𝑡 =

(

�̇�in,𝑡 − �̇�out,𝑡
)

d𝑡 + 𝜎rd𝜔r,𝑡 (3)

where �̇�out,𝑡 =
𝑀r

𝑡
𝑅m𝛥ℎe

. The latter term in each equation is the diffusion
erm, they are formed by the standard Wiener processes {𝜔c,𝑡} and
𝜔r,𝑡}, where 𝜎c and 𝜎r become the incremental standard deviations of
he processes. The ambient temperature, 𝑇 a

𝑡 , is an input variable , which
as set constant 𝑇 a

𝑡 = 20◦C, since measurements of the air temperature
n the store were not available. The measurement equation is

𝑘 = 𝑇 c
𝑡𝑘
+ 𝑒𝑘 (4)

here 𝑒𝑘 ∼ 𝑁(0, 𝜎obs) and i.i.d., hence the model output is the cabi-
et temperature. The enthalpy difference over the evaporator, 𝛥ℎe, is
alculated using CoolProp [27]. The deterministic part of the system
quations can be illustrated by an RC-diagram [28]. A diagram for the
pplied model is shown in Fig. 8.

In the following presentation of the results UA-values rather than
hermal resistances 𝑅 are used, because they provide a more intuitive
nderstanding (UA = 1

𝑅 ).

3.2. Parameter estimation

The R package, CTSM-R, is used for maximum likelihood estimation
of the parameters. For all details on how the Kalman filter is used for
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Fig. 8. RC-diagram diagram of the model. The refrigerant mass state, 𝑀 r , is included
n the heat source illustrating the heat transfer to the cabinet.

tate estimation and calculation of the likelihood function, and how it
s maximized for the parameter estimation, see [29,30].

. Results

In this section the obtained parameter estimates are discussed and
he model is validated using an example from the fresh food refriger-
tion room (MT2). The validation is carried out for the night the 9’th
f July 2012, which was selected as a representative night of regular
peration. The estimated parameters for the night are listed in Table 2.

It is found that the UAload estimate is fairly low because it is the well
nsulated refrigeration room. Assuming a simple physical model of the
oom the UA value have been calculated based on the room specifica-
ions and physical material properties, as explained in Appendix. The
alculated UA value is 31.34W

K , which is within a fair range from the
stimated value 37.5W

K .
The specific heat transfer coefficient over the evaporator, 𝑈𝐴m,

escribes the rate at which the evaporator transfers heat to the cabinet
hence, it can be affected by both conditions inside the evaporator as

ell as on the outside e.g. obstacles such as fouling and icing.
The heat capacity of the cabinet, 𝐶c, reflects to some extend the

evel of goods stored — it represents the combination of the heat
apacity of the air, cabinet parts and outer layer of the goods, which
esponds to the temperature dynamics. The center temperature of the
oods is more or less stationary. The estimated heat capacity should
herefore be interpreted as the effective heat capacity, hence the heat
apacity which was activated during the particular operation during
he observed period.

The estimates of the diffusion terms standard deviations, 𝜎c and 𝜎r,
nd the measurement standard deviation, 𝜎obs, indicate that the model
ncertainty is absorbed in the refrigerant mass state, since its standard
eviation is much higher than the other two.

The standard error estimates (in the ‘‘Std. Error’’ column) indicate
he accuracy of the parameter estimates. A 95% confidence interval
s roughly plus and minus two times the Std. Error away from the
stimate. It can be seen that the parameters are reasonably accurately
etermined, with standard errors roughly ±10% relative to the esti-
ated values and thus certainly highly significantly different from

ero.
The model performance is further analyzed by five-hour multi-step

redictions of the two states. In Fig. 9 the prediction of the same night
n which the estimation was carried out is shown — hence an in-sample
rediction. Small issues can be seen in predicting the dynamics during
he off-periods when the temperature is rising. In Fig. 10 a plot of
he prediction for the following night is shown — hence an out-of-
ample prediction. Here, the prediction is much worse. The reason is
hat the dynamics of the room have changed. From having a frequency
f only 11 valve openings during the five hours, it now has 14 openings.
he most plausible explanation is that fewer goods are stored in the
oom leading to a decreased heat capacity. Thus re-estimation of the
odel must be done regularly to reflect the dynamics, which change
epending on the loaded goods, especially if the model is to be used
5

or temperature prediction in a controller.
Fig. 9. Zero to five hour in-sample predictions covering the selected night (2012-06-09)
for evaporator MT2. The upper plot is of the measured cabinet temperature state and
the lower is of the hidden mass state.

Fig. 10. Zero to five hour out-of-sample predictionscovering night following the
selected night (2012-06-09) for evaporator MT2. The upper plot is of the measured
cabinet temperature state and the lower is of the hidden mass state.

Table 2
Model parameters estimated for evaporator MT3 on
the 9th of June 2012.
Parameter Estimate Std. Error

𝑈𝐴load

[

W
K

]

37.5 4.0

𝑈𝐴m

[

W
kgK

]

270.2 42.3

Cc

[

kJ
K

]

356.5 34.6
𝜎c 3.3e−12 –
𝜎r 1.4 –
𝜎obs 5.6e−11 –

4.1. Residual analysis

Diagnostic plots of the in-sample one-step prediction residuals are
shown in Fig. 11. They do suggest that the model can be improved.
From the two upper plots (time series and auto-correlation function
(ACF)), it is seen that there is significant periodic auto-correlation in
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Fig. 11. Diagnostic plots of the in-sample one-step prediction residuals (2012-06-09).
The upper-left plot is of the residuals, the upper-right plot is the auto-correlation
function, the lower-left is the Q-Q plot and the histogram of the residuals.

the residuals, likely caused by the increasing errors during the off-
period of every cycle. From the two lower plots, the QQ-plot and the
histogram, it can be seen that both indicate slightly skewed residuals.
For predictive applications previously presented models out-perform
the current simplified model e.g. the three-state model from [3,22].
However, one issue demonstrated in [3] was the lack of robustness and
more often than not the parameter estimates were not reasonable from
a physical point of view, thus they could not be compared and analyzed
from day to day. With the current simpler model, we were able to get
consistent results and thus enabling a useful comparison of parameter
estimates with some interesting potential applications – in spite of the
inferior model predictions and diagnostics.

5. Parameter analysis and applications

In this section the parameter estimates for all the cabinets from the
entire period, together with some suggestions of potential applications,
are presented and discussed.

5.1. Cabinet classification

From the models fitted every night over the 2.5 years, a clear
pattern arise in the characterization of every cabinet. In Fig. 12, the
estimated heat capacities of the cabinets, 𝐶c, are plotted versus the
stimated heat transfer coefficients, 𝑈𝐴load – each dot represents the
arameter estimates for a single night. It can be seen that, generally,
ll cabinets can be identified using these two parameters as they all
learly have distinct distributions. Furthermore, all closed cabinets are
lustered with low 𝐶c and low 𝑈𝐴load, they are the frost cabinets, LT2,

LT3 and LT4, along with the fresh food cabinet, MT6. All of them are
closed cabinets that are generally smaller and better insulated than
open cabinets. The light blue dots represent the frost room (LT1) –
they are differentiated from the closed cabinets by having a larger heat
capacity explained by its larger volume. The open cabinets and fresh
storage room all have a higher variation and higher 𝑈𝐴load. Here, too,
the room (red dots) has a higher heat capacity.

This analysis shows that the model and this type of data can be used
6

to clearly differentiate between rooms, and closed and open cabinets. It
Fig. 12. Each dot represents the estimates of 𝑈𝐴load and 𝐶c for a single cabinet during
one night. It can be seen that there is a clear different pattern from the open and closed
cabinets.

is useful insights into the refrigeration system that can help optimizing
control settings for individual evaporators, and has potential for use
in fault detection, e.g. if the parameters drift outside of their normal
range. Applications which can be investigated in further research.

6. Discussion

The presented results show that useful information can be extracted
from data using a rather simple grey box model. Because of its robust-
ness and simplicity, it can be implemented as a general model on a far
larger scale than previous models. The applications of the model are
also different, whereas previous models primarily were derived with
the objective of control, this model can be used for more informative
applications, such as classification and fault detection. Without further
knowledge about a supermarket refrigeration system, we can extract
information about the cabinet type. Potentially, the methodology can
be used to extract operational information about the systems e.g.
detection of fault states (icing built-up, refrigeration leakage etc.). It is
through residual analysis and tracking of the parameter estimates that
cabinet outliers and faulty operation can be identified — enabling early
detection of cabinets which should be repaired or replaced. Further
research involving multiple supermarkets can analyze the potential for
scaling up the applications. Furthermore, tracking of the heat capacity,
𝐶c, in the storage rooms can be used to track deliveries.

These are just a few examples of the potential applications for
the model, and as further research into the area drives deeper, more
applications will most likely be revealed.

7. Conclusion

A grey box model describing the thermal dynamics of a supermarket
refrigeration cabinet and its evaporator was presented. It was demon-
strated how it, together with a maximum likelihood estimation method,
can be used to extract important physical parameter estimates with data
from a regular supermarket refrigeration system. The relatively simple
model of the cabinet temperature was proved to be sufficient for the
purpose. It was furthermore demonstrated that the parameter estimates
could be used to effectively differentiate between rooms, and open
and closed cabinets. This enables automatic classification of cabinets
in large scale deployments. Thus further research should include data
from multiple supermarkets and focus on development of classification
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Fig. 13. Floor diagram of the refrigeration room. It has glass doors towards the sales
area on the left and an insulated door to the stock area on the right. The costumers
take the cold goods through the doors on the left and staff enters the room through
the door on the right. Dimensions used in the calculations are marked.

models using the parameter estimates as input. Possible applications,
such as tracking of abnormal cabinet operation for early fault detection,
should also be investigated in follow-up studies.
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Appendix. UA calculation for fresh food refrigeration room.

The refrigeration room has glass towards the sales area on the left.
It has a thick insulated door towards the storage area to the right. The
walls and the door towards the storage room have 7 cm of insulation
in the walls and the glass doors are 2 cm thick (properties used for
walls: 𝜆 = 0.022 W∕(mK) & 𝐻 = 2.5 m, and for glass doors: 𝑈 =
1.1 W∕K & 𝐻 = 2 m). Data about the room is listed in Table 3. The
walls are referred to as 𝑊 and use the same numbering as in Fig. 13.
7

Table 3
Room specifications: 𝑊 is the width of the section and the
area, 𝐴, is calculated from the room height, 𝐻 = 2.5 m. The
heat transfer coefficient, 𝑈𝐴, is calculated in two parts — first,
the total area of the parts with insulation (walls and roof) then

the total area of the glass doors (𝑈𝐴 =

(

𝐴
𝐿
𝑘

)

).

Parameter 𝑊 [m] 𝐴 [m2] 𝑈𝐴 [W∕K]

Insulated walls, door and roof
𝑊1 2.8 m
𝑊2 1.5 m
𝑊3 3.9 m
𝑊4 6.3 m
Roof 20.37 m2

Total 55.62 m2 17.48 W∕K
Glass doors
Total 3.9 m 12.6 m2 13.86 W∕K
Complete room
Total 31.34 W∕𝐊

The wall widths are listed under 𝑊 and the areas calculated under 𝐴.
The heat transfer coefficient, 𝑈𝐴, is calculated in two parts — first, the
total area of the parts with insulation (walls and roof) then the total
area of the glass doors.
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