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Abstract

This manuscript presents the results of an experimental
study carried out to evaluate the delay of the transient
responses of five capacitive hygrometers with respect to
four chilled mirrors. Several experiments were carried out
changing the values of air flow rate, temperature, and
relative humidity in the test chambers in the RELAB
research group facility. The results were used to derive
different models of the sensors, that can be used to check
and eventually reconstruct data from transient operation
of desiccant evaporative cooling heat exchangers. The
results show that the chilled mirrors are faster for coupled
temperature and relative humidity step changes, while for
just a relative humidity change the two instruments
perform in a similar fashion. This is due to the inherit
dependence of relative humidity from dry bulb
temperature.

Key Innovations

e Showcase of the transient response for several
capacitive hygrometers and chilled mirrors.

¢ Implementation of transient signal
reconstruction for desiccant heat exchanger
humidity profiles.

Practical Implications

This manuscript shows a strategy that can be used to
reconstruct delayed relative humidity data, due to a slow
sensor response time. The readers willing to implement
this methodology must pay particular attention to the
identification and validation dataset. Furthermore, the
choice of the gain factor K and the implementation of a
noise rejecting filter are also very important.

Introduction

Desiccant Evaporative Cooling (DEC) systems have seen
an increased interest in academia (Yang, Cui, and Lan
2019) and commercial applications (Beccali et al. 2018)
for Heating, Ventilation and Air Conditioning (HVAC)
applications. The core components of these systems are
the direct or indirect evaporative cooler coupled with a
desiccant component. Traditionally the process air goes
through a desiccant wheel made of silica gel or other
desiccant materials, and after being dehumidified and
heated up is cooled via the direct or indirect evaporative

cooler (Wu et al. 2018). However, in the last years
compact systems that perform the evaporative cooling and
the desiccant processes at the same time were developed
as shown in (Ge et al. 2008) (Beccali et al. 2018). These
new heat exchanger designs do not allow a global steady
state operation as in the desiccant wheel case; they are
cyclic transient systems where the silica gel first
dehumidifies the air moisture until saturation and then it
is regenerated so that the cycle can repeat. Precisely
measuring the humidity for these devices is important
since their energy and water balances rely on this
property. In a commercial application, where a humidity
sensor is needed for control and monitoring, capacitive
hygrometers are commonly employed for cost reasons.
When switching between the adsorption and regeneration
phase of the cycle, the humidity and temperature changes
tend to be faster than the capacitive hygrometers response,
leading to a delayed measure. Therefore, the objective of
this manuscript is to evaluate what is the impact of the of
the delay on the humidity measurement, create a model of
the humidity sensor and reconstruct the real humidity
profile.

In literature there are several examples on high speed
capacitive hygrometer sensor element modelling (Kang
and Wise 2000; Tetelin and Pellet 2006) and some
experimental studies to better calibrate the sensors in
dynamic conditions (HOgstrom, Salminen, and Heinonen
2020). However only a handful of examples are available
on humidity data reconstruction from capacitive
hygrometers due to delays, for atmospheric data
(Wildmann, Kaufmann, and Bange 2014),(Dupont 2020)
and human breathing data (Bellitti et al. 2019). The
concepts developed in these articles will be applied and
expanded to the data from experiments carried out at
RELAB ( Politecnico di Milano) testing facility. Several
experiments were carried out for three air flow rates (100-
360-550 kg/h), two values of temperatures (20-30 °C) and
two (20-60 %) values of relative humidity. Then the data
processing and model identification were carried out
using the Matlab ® system identification toolbox to derive
a suitable model for the humidity sensors. After, the

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

1773
https://doi.org/10.26868/25222708.2021.30585



S INTERNATIONAL

s BUILDING
= PERFORMANCE
SIMULATION
ASSOCIATION
model can be inverted to reconstruct the output-input Capacitive * (1.4 + 1%*mv) % Air flow
relationship. hygrometer RH Im/s <25s
Methods EE31 (Heavy
E . tal set sensor tip)
xperlr.nen.a setup o - 1m/s <15 s
Two climatic chambers, in Figure 1, were used to provide (Grid
:Ez :\é\;cisdlfferent temperature and humidity conditions for sensor tip)
S Chilled mirror | +0.2 Dew Point °C 1°C/s
OptiDew T
Mitchell
Chilled mirror +0.1 Dew Point °C 1.5°C/s
S8000 Mitchell
Thermal flux + 1.5% Mass flow Step
meter Proline t- rate (kg/s) change <
mass 65 30s
. KIMO pressure +15-2% Negligible
Figure 1: RELAB 50(kW) climatic chambers to simulate Sensor

external and internal environments.

These climatic chambers and their measurement
instrumentation are certified according to the EN 17025.
All the instrumentation is connected to the control panel
inside the cambers and then the digital signal travels from
the acquisition system to the computer interface on the left
of Figure 1. The acquisition time step of each climatic
chamber is 2 s.

A total of five capacitive hygrometers and four chilled
mirrors were tested to measure humidity together with
several PT1000 thermo resistances and T type
thermocouples for temperature, one thermo flux meter for
air flow rate and a differential pressure sensor. One of the
capacitive hygrometers, position 1 in Figure 3, has a
lighter metal grid tip, while the others have a heavy-duty
metal tip. A picture of the tips is shown in Figure 2.
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Metal grid tip

Figure 2: Capacitive hygrometers tips.

In Table 1 a short summary of the characteristics is
reported:

Table 1: Instrumentation parameters.

Instrument Accuracy Response
time too
Thermocouples +0.5°C <3s
Type T
Thermal * Air flow
resistors (0.15+0.002*|T/°C|) | 1m/s10s
PT1000 °C

Two capacitive hygrometers and PT1000 are used to
control the conditions in the chamber, the other
instruments are placed in a 16 (cm) diameter, 4 (m) long
insulated plastic tube as shown in Figure 3.

RHXI RHXI RHxl n

;
T\3 T\ 3 T\" T\3
Tx2 Tx2 Tx2

005 T 15 2 s 5 (m)
- Thermocouple -Humldlty chilled

mirror

- Thermoresistor - Thermal flux

(PT1000) meter
= A e
oon | raom >
Figure 3: Instruments setup schematics
The x-axis coordinate shows the position with respect to
the tube inlet. The designation “xN” tells how many
instruments of the same type are present in the same tube
section. The tubes are numbered 1 to 4 from the inlet of
the first tube.

The climatic chambers are also provided with an absolute
barometer used to adjust for ambient pressure together
with the differential pressure sensors.

Experimental design

The experiments were designed as a series of step changes
between the conditions of the two rooms. As shown in
Figure 3, the experimental setup is installed in climatic
chamber 2. There is a small aperture between the two
chambers where the end of the flexible channel can tightly
fit. Two lab technicians were able to move the flexible end
of the tube from one measuring point in a chamber to the
other in around 1 second, while also sealing or opening
the aperture between the two climatic chambers, the fan
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would suck air inside the duct until a steady state is
reached. A total of twelve step change experiments were
conducted considering different relative humidity,
temperatures, and flow rate as shown in Table 2:

Table 2: Experiments conducted.

Name T2 RH1 T1 RH2 m

NG [CC) | @) | (C) | (©) | (kgh)
A(1->2) | 20+0.2 | 60+3 20£0.5 | 20+1.5 | 100£2
B(2>1) | 20+0.2 | 60+3 20+£0.5 | 20£1.5 | 100+2
C(1>2) | 20£0.2 | 60£1.5 | 20+0.5 | 20+£1.5 | 36016
D(2->1) | 20+0.2 | 60£1.5 | 20+0.5 | 20+1.5 | 36016
E(1>2) | 20+£0.2 | 60£1.5 | 20+0.5 | 20+1.5 | 55048
F(2->1) | 20£0.2 | 60£1.5 | 20+0.5 | 20+1.5 | 55048
G(1>2) | 20£0.2 | 60+1.5 | 20+0.5 | 20£1.5 | 130+2
H(2->1) | 20£0.2 | 20£2.5 | 30+1.1 | 20+1.5 | 100+2
1(1>2) 20+0.2 | 20+2.5 | 30+£1.1 | 20+£1.5 | 5508
L(2>1) | 20£0.2 | 20£2.5 | 30£1.1 | 20+1.5 | 55048
M(1->2) | 20+0.2 | 20+2.5 | 30£1.1 | 20+1.5 | 360+6
N(2->1) | 20£0.2 | 20£2.5 | 30+1.1 | 20+1.5 | 360+6

The first column indicates the name of the experiment
which corresponds to the capital letter, while 2]
corresponds to the direction of the step, the tube is moved
from chamber i to chamber j. The variable values inside
the tables are the mean value of the variable + two times
the standard deviation for each experiment.

Dataset processing

In the first step of the analysis the capacitive hygrometers
data are compared with the chilled mirror data. This
analysis shows a relative humidity offset between the
instruments, Figure 4, even at constant temperature. The
capacitive hygrometers tend to overestimate the relative
humidity in very dry conditions (T = 20 °C, RH = 20%),
while the error gets closer to zero at conditions closer to
factory calibration (T = 20 °C, RH = 60%).
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Figure 4: Humidity ratio plot of experiments C and D,
dotted lines for the room humidity, dashed lines for the

capacitive hygrometers (C) and solid lines for the chilled
mirrors (CM)

Therefore, a linear correlation to adjust the capacitive
sensors measurements was introduced, by carrying out a
linear regression on the mean error in humidity ratio with
respect to the relative humidity for all the sensors in all
the available experiments as shown in Figure 5.
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Figure 5: Humidity ratio error between capacitive
hygrometer (C) and chilled mirror (CM). The red dots
are the mean errors for all the experiments, the black
solid line is the regression curve.

The RMSE of the linear regression is 0.17538 (g/kg),
while the R? is 0.71. The data points between RH = 20%
and RH = 60% belong to the experiments shown in Table
2. The other data points were collected in previous
unrelated experiments with the same set of instruments in
the same climatic chambers.

In Figure 6 the regression curve is applied to the RH
measurements.

The second factor to consider is the thermal capacity of
the measuring tubes. In experiments Hto N there isa 10°C
temperature step change, however, the air temperature
inside the measuring tubes is affected by their thermal
capacity causing a delay in the step experiment. The delay
in the temperature change causes an increase in the time
response of the capacitive hygrometers. To have a fair
comparison with respect to the case at constant
temperature, the relative humidity inside the tubes was re-
estimated starting from the humidity ratio and the
thermocouple temperatures for each part of the tube;
under the assumption that the thermocouple is fast enough
to catch the real air temperature inside the tubes.
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Figure 6: Relative humidity discrepancy due to tubes
thermal capacity. RH is the relative humidity measured,
RHadj is the adjusted value of the relative humidity.

Looking at Figure 6, once we consider the real relative
humidity, RHadj, inside the tubes, the tg time response,
which is the time that it takes to arrive at 90% of the
steady state value, of the capacitive hygrometers is similar
in experiments | and D. Furthermore, RH-TUBEL time
response is faster than RH-TUBE2 and RH-TUBE4
because of the metal grid tip with respect to the heavy-
duty tip.

Changing the flow rate from 100 to 350 and 550 kg/h,
which correspond to speeds of 1.1, 4.4 and 6.3 m/s inside
the tube does not particularly affect the measurements of
the capacitive hygrometers in the experiments at constant
temperature A to G, even though for the 100 kg/h
experiments we must consider 4 seconds delay for all the
air to be displaced inside the tube. Meanwhile in the
experiments with a step temperature change, H to N, the
smaller flow rate affects the heat exchange inside the
tubes leading to a slower thermal response and slower
change in the real relative humidity inside the tubes. The
chilled mirrors instead could be affected by the change in
flow rate if the opening of the sensor is not changed to
achieve around ~1 m/s of speed inside the sensor opening.
Having a smaller aperture would lead to a slower response
time of the sensor, while having a bigger aperture would
lead to an initial overshooting of the measurement due to
the overcompensation in the internal heat control of the
chilled mirror.

Finally, the changes in air properties due the pressure drop
inside the tubes is neglected, this is since even at the
maximum flowrate, 550 kg/h, the pressure drop is around
19 Pa and therefore the effect can be considered
negligible.

Model identification

In (Wildmann, Kaufmann, and Bange 2014) the
capacitive hygrometer is modelled as a porous medium
where water vapour diffuses using a finite volume
approach, the capacitance of the sensor is then function of
the moisture content inside the porous media. The
equations result in a grey box model where capacitance

and diffusivity are the tuning parameters. However, in our
case it was not possible to directly acquire the data of the
measure capacitance. For this reason, the authors tried
several black box models running a batch identification
process. Out of all the models tested State Space models
(SS) and Autoregressive Regressive eXogeous (ARX)
polynomial models resulted in the best performance. The
dataset was divided into identification and validation,
experiments C, D, M and N were used for validation, a
sub dataset of all the others was used for training. A
summary of the results inferred from Figure 7 is reported
below.

e  The plot reports the results of the identification
process using different models (empty, filled)
and datasets (shape and color). The y-axis
reports the model fitness on the validation
dataset intended as 100*(1-NRMSE), where
NRMSE is the Root Mean Square Error
normalized with respect to the norm of the
difference between the measured data and the
mean of the measured data.

e Higher orders do not improve the accuracy of
the model, instead they increase the
autocorrelation residuals and the inverse model
stability bringing unwanted high frequency
components. Therefore, low order models such
as one, two and three will be used for the final
model.

e  Models trained with combined step up and
down datasets perform better than only step up
or step-down data. The justification is that
capacitive hygrometers present a small
hysteresis in the adsorption and desorption of
water vapour, thus the trained model will
correspond to a mean model between the two
phases.

e Looking at the empty vs filled shapes state space
models seem to perform better with respect to
the polynomial models, thus only state space
models will be used for the final model.

e Each colour corresponds to a specific
identification sub dataset. However, it does not
seem that there is a specific correlation between
the type of dataset and the quality of the model.
This shows that the quality of the experiments is
uniform and comprehensive across the overall
dataset. However, since capacitive hygrometers
have a slight correction of the relative humidity
as a function of temperature outside of the 20
°C, shown in (1), the authors preferred to use
only experiments from A to G as identification
dataset where the temperature is 20 °C, to avoid
including the correction correlation in the
model.

ARH = gRH(T — 20) €))
Where g = —0.003 + 10%, RH is the relative

humidity measured as a function of the
capacitance and T is the measured temperature.
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Figure 7: Model fitness (NormalizedRMSE) vs Model
order for RH-TUBEZ2, the colors and shapes correspond
to the specific identification set from all the available
experiments.

Signal reconstruction

Now a state space model of the form (2-3) can be chosen
among the models that have a better performance.

x(t) = Ax(t) + Bu(t) 2)

y(t) = Cx(t) + Du(t) ©))
Where t is the time, x(t) are the states, x(t) their
derivatives, u(t) are the inputs and A,B,C and D are the
system matrixes. To reconstruct the original signal, the
model needs to be inverted to find the relationship output-
input. For convenience, the state space model can be
converted into a transfer function in the Laplace domain
as shown in (4-5) for a single-input single-output SISO
model.

Y(s) = G(s)U(s) 4)
G(s)=C(sI—A)™B+D (5)
Where s is the result of the Laplace transform, Y(s) and
U(s) are the system output and input in the new
coordinates, and | is the identity matrix with the same
dimensions as A.

Now the model can be easily inverted according to (6).

U(s) = GTH(s)Y(s) (6)
Which corresponds to inverting numerator and
denominator of the transfer function G.

However, the authors found that the identified models
with a good fitting resulted in strictly proper transfer
functions, meaning that the order of the denominator is
higher than the order of the numerator. This results in an
improper inverse transfer function, which cannot be
converted back into space-state form and therefore it
cannot be directly simulated using only input, but it would
require also knowing the derivative of the input
(Buchholz and Grunhangen 2008).

There are several ways to avoid estimating the input
derivatives  (Murray-smith  2011; Buchholz and
Grunhangen 2008), the authors tested two typical
approaches .

The first one is to append as many high frequency
“propening” poles as necessary to make the transfer
function proper. This roughly corresponds in coupling the
inverted model to a high frequency pass filter. The
resulting transfer function, which is the product (7) of the
inverted model and the high pass filter, introduces
unwanted fast dynamics that can make the system stiff
and hard to solve (Murray-smith 2011; Buchholz and
Grunhangen 2008).

G*(s) = H(s)G™'(s) )
Where H(s) is the “propening” transfer function.
The second approach is to invert the original system
through a conventional feedback loop and choosing a
reasonably high value for the input gain K, as shown in

Figure 8. Equation (8) shows the reasoning behind the
inversion of the feedback loop.

1= 21 Inverted feedback loop transfer function G*
i 1 Original transfer function G

Figure 8: Inverted feedback loop model

u”(t) corresponds to the humidity read by the sensor, y*(t)
is the output of the feedback loop and corresponds to the
reconstructed signal u(t) and G corresponds to the
inverted transfer function.

K

1 _KG S = Ze10S = ces
(s) 1+1<poles (8)

G*(s) =

_ Kpoles
" poles + Kzeros

In this way additional poles are added to the denominator
making the inverse transfer function proper. This
approach is computationally more robust than the
previous one, while leading to similar results. The only
drawback is the high gain K which makes the inverted
model very sensitive to noisy data, therefore care should
be taken in the data pre-processing.

Results

From now on all the results will be referred to the
capacitive hygrometer RH-TUBE2 in position 2 in the
tubes. The identification and model inversion processes
are similar for all the humidity sensors.

Sensor model validation

The best model resulted to be a state-space model with
two states, the matrix coefficients are reported in (9). To
choose this final model the authors screened the models
from the results showed in Figure 7. Then took the model
with the lowest residual autocorrelation and highest
Signal to Noise Ratio (SNR), which where also calculated
using Matlab Identification Toolbox.
-0.1277 0 0.0019
A= ( 0 —0.00256> h ( 0 )
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The validation with respect to experiments C and D is
shown in Figure 9.
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Figure 9: RH-TUBE2 model validation

The plot shows good correspondence between the
experimental data and the model output in terms of time
response constant, which is slightly smaller than the
datasheet value 25 s. The step up and down experiments
are also in agreeance with the experimental data, having a
Root Mean Square Error (RMSE) of 0.79 % for
experiment C and a RMSE of 071 % For
experiment D, which are well within the instrument
tolerance.

Inverse model validation

Once validated the model, it is then converted to a
transfer function in accordance to (4-5) and then
combined with the gain K according to (8) to find the
final model. The parameter K should be big enough to
isolate the poles at the denominator, but not too big to
avoid excessive sensitivity to noisy data. After carrying
out a sensitivity analysis the gain K was chosen to be 40,
further increasing the value of K does not bring any
significant improvement in the results, the impact of K is
shown in the signal reconstruction example section. In
Figure 10 the validation for the inverted feedback loop
model is shown
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Figure 10: RH-TUBE2 inverse model validation

The inverse model can accurately reconstruct the original
data for the step change. However, it does introduce some
small nonphysical oscillations in the humidity signal,
which can be filtered out with a noise rejecting filter such
as a moving average or a Savitzky-Golay filter. Despite
the noise introduced the RMSE for both experiments are
below the sensor tolerance being 0.9 % for experiment C
and 1.4% for experiment D. It is also interesting to notice
at 255 s for experiment C and 235 s for experiment D the
fact that if the sensor input presents some small noise, it
will be amplified by the inverse model. This further
confirms the necessity to properly pre-process the data
before applying the inverse model.

Signal reconstruction example

Let us assume that the real humidity profile variation in
the desiccant heat exchanger cycle is a sinusoidal function
of the form (10):

RH = 20sin (% t) +40% (10)

Where RH is the real relative humidity and t is the time in
seconds. By using this as input signal for the model
diagram in Figure 8, we obtain:

80

— — — - Real humidity

Sensor humidity

70 Reconstructed humidity K=10
Reconstructed humidity K=40
Reconstructed humidity K=1000

B a (2]
o o o
T T T

Relative humidity (%)

w
o
T

20 P

40 60 80 100 120 140 160 180
time (s)

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

1778
https://doi.org/10.26868/25222708.2021.30585



INTERNATIONAL
BUILDING
PERFORMANCE
SIMULATION
ASSOCIATION

Figure 11: Simulating real humidity profile as sinusoid
and reconstruction at different K gain values.

The plot in Figure 11shows that the inverse model can
accurately reconstruct the initial sinusoidal humidity
signal, the RMSE is 4.2 % for K = 10. 1.2 % for k=40 and
0.97 % for K = 1000 However, if we add +2% noise,
which corresponds to the instrument tolerance, to the real
signal the plot in Figure 12 is obtained:
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Figure 12: Simulating real humidity profile as sinusoid
and reconstruction at different K gain values including
+2% random noise.

In this case the RMSE for K = 10 becomes 4.5 %, 3.9 %
for K=40and 4.3 for K =1000. Finally, a Savitzky-Golay
filter is added to the noisy signal leading to the final result:
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Figure 13: Simulating real humidity profile as sinusoid
and reconstruction at different K gain values including
+2% noise and noise rejecting filter.

In this case the RMSE for K = 10 becomes 3.4 %, 1.06 %

for K =40 and 9.6 for K = 1000.

Conclusions

e A total of twelve step humidity change
experiments were carried out in the RELAB

facility, considering three air flow rates (100-
360-550 kg/h), two values of temperatures (20-
30 °C) and two (20-60 %) values of relative
humidity. A total of five capacitive hygrometers
and four chilled mirrors were tested.

e The systematic error of capacitive hygrometers
was corrected developing a linear correlation
starting from the chilled mirror data.

e Asuitable state space model for each sensor was
identified and validated against experimental
data leading to an average RMSE lower than 1%.

e A feedback loop inversion strategy was applied
to reconstruct the original relative humidity
profile. The resulting inverted model has an
average RMSE lower than 1.5 %.

e The inverted model was tested against a
synthetic humidity profile showing a good
agreement between the starting profile and the
reconstructed one with an RMSE of 1% even in
presence of a £2% random noise.

e  The sensitivity analysis on the K value shows the
importance in the careful choice of this
parameter to balance on one side the quality of
the model and on the other the sensitivity to
noisy data. Furthermore, a noise rejecting filter
is also needed to improve the overall quality of
the model output and remove most of the noise
amplification.

The developed strategy can now be applied to
capacitive hygrometers that are installed in desiccant
evaporative air conditioners allowing for an
improvement in the transient monitoring of these
systems and a more robust humidity driven control
without delays.
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