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A B S T R A C T

Amorphous substances are relatively common in food industry and their characteristics depend highly on the
moisture content. Process parameters are adjusted based on online measurements to control the product quality
of the agglomerates. This leads to two major challenges: precise moisture content measurements of amorphous
particles at (i) different temperatures and for (ii) a wide moisture content range.
In this study two workflows (inline fluidized bed and conditioned fixed bed) calibration of microwave sensors

are compared and it is shown that for fluidized beds inline calibration is necessary to achieve accurate moisture
measurements. The application of the novel microwave sensor MW 4200 working at resonance frequencies of 2.3
and 5.6 GHz is described. The temperature influence on the measurement is investigated with measurements of a
fixed particle bed. Rapid, reliable in-process moisture control at a wide range of moisture contents and tem-
peratures for agglomeration in fluidized beds, with a mean relative accuracy of 82 %, is achieved. This tech-
nology improves productivity and precision in industrial operations, minimizes waste and optimizes energy
usage.

1. Introduction

Fluidized bed agglomeration is a particle processing method that is
frequently used in a variety of sectors and provides a flexible way to
have high throughput of particles with specific qualities. Thus, fluidized
bed spray granulation and agglomeration are essential processes in the
food, fine chemical, and pharmaceutical industries. They allow the
production of powders that are free from dust and flow easily, which is
important as these properties also influence heat and mass transfer
[1,2,3]. Agglomeration is also commonly used in the pharmaceutical
manufacturing process for several key purposes, including: (i)
enhancing the flowability, porosity and uniformity of powders; (ii)
preventing segregation; (iii) regulating the rate of drug release and (iv)
minimizing the production of dust [4]. The process affects the product
size and removes excess moisture from the particle, enhancing its
strength for further handling, such as tableting, which is a key process in
the pharmaceutical industry [5].

The size and structure of the final product can be influenced by
several factors that also affect the fluid bed agglomeration process itself
[6]. Agglomeration refers to the overall process of binding primary
particles together to form bigger, porous secondary particles known as

agglomerates [7]. A fluid bed granulator is associated with several
physical mechanisms occurring simultaneously, including: (i) the at-
omization of liquid into fine droplets, (ii) the evaporation of droplets,
(ii) the deposition of droplets onto the surface of particles, (iii) the
drying of the particles and (iv) the formation of agglomerates from wet
particles [8,9,10].

Fluidized beds are typically used for granulation, agglomeration and
drying of solid materials. It is a widely recognized process that effec-
tively combines these processes in a single step [11]. Due to the
empirical development of operating conditions and equipment geome-
try, the actual influence of fundamental mechanisms in the process (such
as wetting of the particle surface and particle interactions) remains little
comprehended. Therefore, many unwanted phenomena such as local
overwetting or lump formation are common side effects. Overwetting
leads to the formation of large particle clusters in the immediate vicin-
ity, while achieving consistent particle growth requires the spray liquid
to be evenly dispersed. To predict and avoid overwetting, faster inline
measurements are necessary. The moisture distribution within the
apparatus also has a significant impact on the size and structure of the
final product [12]. The moisture content of the particulate materials also
has a significant effect on the particle interactions [13]and the efficiency
and effectiveness of agglomeration in a fluidized bed. To obtain the best
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product quality and process control, precise and real-time moisture
monitoring during the fluidized bed agglomeration process is essential.

Offline techniques, which entail routine sampling and analysis of
agglomerates, have historically been used to quantify moisture in flu-
idized bed agglomeration. Although these methods can be quite useful
for determining the moisture content of the final product, they are un-
able to record moisture dynamics and do not contribute to moisture
control during the process. The necessity for a non-intrusive, real-time
monitoring method that provides continuous moisture measurement
within the fluidized bed, enabling precise control and optimization of
agglomeration conditions, is therefore urgent. The US Food and Drug
Administration released guidelines on process analytical technologies in
2004. These guidelines promote the use of real time measurements
during processing, improved process understanding and increased con-
trol over industrial processes [14]. Following these guidelines is of
highest importance, not only to ensure consistent high product quality
but also to avoid increased maintenance and plant shut down, which
increases costs and waste.

The development of inline moisture measuring devices, which have
the potential to transform the fluidized bed agglomeration process, has
been made possible by recent advances in sensor technology
[15,16,17,18,19,20,21]. Microwave sensors are an excellent option for
in-situ monitoring of moisture dynamics during fluidized bed agglom-
eration because of their non-intrusive nature. This allows researchers to
gain important knowledge on the temporal variation of moisture levels
and how it affects agglomerate growth without influencing the process
dynamics with the probe position.

The incorporation of a multi-resonance microwave sensor for real-
time moisture monitoring of fluidized bed agglomeration is a substan-
tial achievement in the field of sustainable process monitoring. This
novel methodology not only improves effectiveness and precision in
industrial processing but also conforms to the worldwide necessity for
sustainable practices [22]. This method allows for regulation of mois-
ture levels during the agglomeration process, resulting in minimal waste
and energy usage, hence reducing the environmental impact. Moreover,
its utilization goes beyond just improving efficiency in operations,
providing a flexible and adjustable solution that tackles the wider issues
of conserving resources, avoiding waste and promoting sustainable

industrial growth [22]. This achievement embodies the interplay be-
tween technological innovation and environmental care, paving the way
for more sustainable industrial processes.

Microwave sensor calibration has made great progress through the
development of methodologies that solve the obstacles given by
different material properties. The density-independent calibration
function allows the precise measurement of moisture contents of gran-
ular material [23]. It was shown how versatile microwave sensors are in
simultaneously identifying the composition and other aspects of mate-
rials, highlighting their suitability for use in intricate settings such as the
food industry [24]. Building on these concepts, multivariate calibration
techniques were investigated to analyze dielectric spectra directly,
thereby increasing the accuracy and adaptability of microwave sensing.
These techniques included partial least squares regression and artificial
neural networks [25]. By confirming the general applicability across
various granular materials of the permittivity-based calibration tech-
nique, researchers builton previous research and strengthened the po-
sition of microwave sensors as trustworthy instruments for non-invasive
material examination [26]. More recently multivariate linear regression
was used [19,21] and also combined with principal component analysis
[18].

Previous studies have shown that microwave sensors are efficient in
evaluating moisture levels in fluidized beds during drying [15] but also
layering granulation [19]. These studies generally concentrate on pre-
dicting moisture content for single experiments, leading to calibrations
that have limited applicability to specific moisture and temperature
ranges as a result of a single set of process parameters. Nevertheless, this
characteristic restricts their usefulness for ongoing, immediate obser-
vation in ever-changing industrial settings where process variables
frequently vary. In order to maintain a constant level of quality in the
final product, it is necessary to develop calibration methods that are
more flexible and can handle a broader range of process parameters.
While current literature frequently proposes custom calibrations for
specific studies, a more comprehensive approach would entail creating
calibrations based on the inherent characteristics of materials. This
approach would allow for wider implementation in diverse situations,
including varied temperatures and moisture levels, to meet the
increasing need for accurate process control and flexible reactor design

Nomenclature

A Change in resonance frequency. Hz
B Increase of half width of resonance distribution. Hz
C Constant
d Particle diameter. µm
D Microwave density signal. −
f Resonance frequency. Hz
k GT constant. −
m Sample weight. g
mm BET constant. −
n BET constant. −
r (Spearman) rank correlation coefficient. −
R2 Coefficient of determination. −
RH Relative humidity. −
S Microwave moisture signal. −
T Temperature. ◦C
xwb Particle moisture content (wet based). wt%
Xdb Particle moisture loading (dry based). wt%
Y Dataset Y
Z Dataset Z

Latin symbols
α Water activity. −

ρ Pearson correlation coefficient. −
σ Standard deviation

Abbreviations
BET Brunauer–Emmett–Teller
CFB Conditioned fixed bed
CFD-DEM Computation fluid dynamics
DEM Discrete element method
DoE Design of experiment
Exp Experiment
GT Gordon and Taylor
IFB Inline fluidized bed
MAPE Mean average percentage error
MD20 Maltodextrin with dextrose equivalent of 20 wt%
PBM Population balance model

Subscripts
0 Initial/empty state
f Filled state
g Glass transition
s Solid
w Water
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in the industrial sector.
In this study amorphous maltodextrin is used, where the deposited

liquid penetrates the surface layer and plasticizes the surface of the
particle [27]. This physical mechanism occurs due to the glass transition
phenomena, which results in a reversible change in viscosity [28]. The
material transitions from the glassy to the sticky state, leading to the
formation of agglomerates due to sintering [29,30].

1.1. Goals and contents

The use of a microwave sensor for inline moisture measurements
during fluidized bed agglomeration processes is thoroughly examined in
this study. The main objective of this study is to enable consistent and
accurate monitoring of moisture during agglomeration at various
operating conditions. It is intended to also showcase the effectiveness of
the microwave sensor and analyze the effectiveness and trustworthiness
of such a device, for real-time moisture monitoring within the fluidized
bed, bringing up new opportunities for improved process control and
optimization.

In this study the two following workflows are differentiated: cali-
bration through (i) inline sampling, by drawing samples from the pro-
cess chamber during the agglomeration process and analyzing the
moisture content offline referred to as inline fluidized bed calibration
(IFB) and (ii) the conditioned fixed bed calibration (CFB), which refers
to conditioning of a settled particle bed using a climate chamber. In this
work, the latter approach is applied to fast moving and dilute particle
clusters in fluidized beds and then compared to the IFB calibration.
During the CFB measurements particles are not moving (not fluidized)
and in direct contact with the sensor, which allows for the whole sensor
volume to be filled with particles, ensuring ideal conditions for mea-
surements under different temperature and moisture conditions.

2. Material and methodology

2.1. Materials

For this study Maltodextrin, a complex carbohydrate obtained from

the partial enzymatic breakdown of potato starch, is used. The selected
form of maltodextrin has a dextrose content of around 20 wt%. The food
grade maltodextrin Avebe MD20P (Biesterfeld AG, Germany) is used in
this study.

Maltodextrin, as a polysaccharide, is composed of a series of glucose
molecules connected by glycosidic linkages. The dextrose content,
measured at 18.9 wt%, indicates the proportion of glucose present in the
maltodextrin. The selection of this composition was due to its great
solubility and functionality. Therefore, it is often used as model material
in the food industry.

The material was kept in a controlled environment, considering
temperature and humidity, to maintain its structural integrity until it
was utilized in the experiments. In order to reduce product uncertainty,
maltodextrin from a single producer and batch was used consistently
throughout the trial.

2.2. Lab scale fluidized bed

The fluidized bed used in this study is the GF3 lab scale fluidized bed
(Glatt GmbH, Germany). A scheme of the conical fluidized bed setup
with internal filters is displayed in Fig. 1. The air distributor plate is 18
cm in diameter and has a mesh size of 105 µm. The fluidized bed is run in
top spray configuration at a nozzle air pressure of 2 bar (absolute) and
an air volume flow rate of 2 m3/h. The nozzle setup consists of a Series
970-S4 (Düsen-Schlick GmbH, Germany) with a liquid nozzle orifice

Fig. 1. Scheme of the lab scale fluidized bed setup.

Fig. 2. Scanning electron microscopy image of MD20 before (top) and after
(bottom) agglomeration in fluidized bed. There are visible structural differences
on the particle surface at microscopic level.
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diameter of 1.2 mm and the corresponding air cap at level 3 resulting in
a spray angle of about 50◦. The spray setting results in droplets with a
d50,3 of 33 µm. The exact spray characteristics can be found in [31]
among others for different spray configurations. The spray nozzle is
located 25 cm above the distributor plate. The liquid water is pumped
into the chamber with a TBE peristaltic pump (MDX Biotechnik Inter-
national GmbH, Germany). Experiments are performed in batch mode
with a bed mass of 0.5 kg.

The microwave sensor is positioned at the lower process chamber
port at a bed height of 6 cm. The sensor aligns with the process chamber
wall and is therefore non-intrusive and suitable for agglomeration.

The filters are cleaned by reversing the flow direction through every
single filter for 1 s at 5 bar (absolute). The process of filter cleaning is
performed every minute and the cleaning cycle lasts for about 30 s, after
which samples are collected. As a result, the sample drawing intervals
are a multiple of the entire cleaning cycle, which lasts about 1.5 min in
total. The samples for offline analysis are drawn from the sample drawer
at a bed height of 16 cm and a radial depth of 2 cm.

In the sticky state, colliding particles form a viscous bridge that turns
into a solid bridge upon drying due to sintering. The solid bridge
eventually breaks due to stresses experienced through bed fluidization.
The process results in coarse agglomerates starting from fine particles
shown in Fig. 2 on the top and bottom respectively. The high-resolution

scanning electron microscopy images are taken with a Supra 55 VP (Carl
Zeiss AG, Germany).

The particle size of the powder has been determined using the dy-
namic image analyzer Camsizer XT (Microtrac Retsch GmbH, Germany).
The maltodextrin powder is sieved before conducting agglomeration
experiments as fine particles easily stick to filters and walls as a result of
elutriation. After the agglomeration process, which takes a few minutes,
substantial increases in particle size are detected, as shown in Fig. 3.

Furthermore, it is crucial to acknowledge that the porosity of the
particles undergoes severe alteration during the process of agglomera-
tion (data not shown). The probable cause of this is the creation of voids
between the primary particles inside an agglomerate.

2.3. Microwave sensor

The microwave resonance technology exploits the interaction be-
tween water molecules and alternating electromagnetic fields. The fre-
quency at which the sensor measures is determined in advance by the
resonance wavelength of the microwave inducing resonator. When the
resonator is filled with material, there is an increase in the storage of
electric field energy, resulting in a decrease in the resonance frequency
(Buschmüller et al., 2007). The microwave resonator method enables a
moisture measurement that is independent of the sample mass. Alter-
natively, it is also possible to measure the mass of the product inde-
pendently of its moisture content. The subsequent discussion will cover
the fundamental principles of this measurement approach. A microwave
resonator has multiple resonance frequencies, which correspond to
certain frequencies at which microwave transmission reaches its
maximum. The resonance frequencies are contingent upon the di-
mensions of the resonator. A resonance curve is defined by two pa-
rameters: (i) the resonance frequency and (ii) the width of the resonance
curve at half of the maximum as shown in Fig. 4.

When a substance is introduced into the measuring volume of the
sensor, it causes alterations in the properties of the resonance curve: (i)
the resonance frequency decreases as the wavelength within the mate-
rial decreases and (ii) the resonance curve widens because of microwave
energy losses within the material [17].

As the moisture content increases, the resonance curve shifts towards
lower frequencies and the amplitude at resonance diminishes (Knöchel
et al., 2001).

Thus, the measured quantities consist of the shift of the resonance
frequency and the augmentation of the half-width of the resonance
curve. Therefore, by measuring two factors, namely the moisture con-
tent and the mass of the product being measured, it is possible to
determine both unknown material properties. Since the changes in the
resonance curve are identified in every measurement, the empty state of
the resonator also holds significance for the measurement. Hence, it is
necessary to determine the parameters of the resonance curve of the
empty resonator. Defining this empty state at the expected process
temperature prior to each measurement is highly recommended. The
determination of the measurement signal is as follows:

The first parameter to determine is the change in the resonance
frequency A with f0 the resonance frequency of the empty and ff of the
filled sensor in Hz [17]:

A = f0 − ff (1)

The second parameter is the increase of the half-width B with w0 the
half-width of the resonance curve of the empty and wf half-width of the
resonance curve of the filled sensor [17]:

B = wf − w0 (2)

Combining the two parameters allows the calculation of the mass-
independent microwave moisture S:

Fig. 3. Particle size distribution of the initial, sieved and final agglomerated
material after the agglomeration experiment.

Fig. 4. Characterization of resonance curve with resonance frequency and the
half width of resonance. Resonance curves of a filled and empty reso-
nator volume.
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S = arctan
(
B
A

)

(3)

Both parameters A and B exhibit the same mass-dependent relationship.
Hence, the division of A by B is mass independent. In theory the outcome
is solely determined by the measured moisture content of the material.
The arc tangent of this quotient is computed to constrain the range of the
moisture value between 0 and 1 as a dimensionless value [17].

The granule moisture content is measured using the MW 4200
(TEWS Elektronik GmbH & Co. KG, Germany) microwave resonance
sensor. The sensor allows to use two frequencies 2.3 GHz and 5.6 GHz
simultaneously. This measurement is influenced by the particle position.
Particles near or in direct contact with the sensor show agreement while
with increasing distance from the sensor the microwave signal increases
and fluctuates more. The experimental evaluation of the impact of the
particle position in the measurement volume is shown in the appendix.

It is confirmed that the device can determine the moisture content
independent of the mass, which is a function of bulk density due to a
constant measurement volume as shown in appendix. This makes it

suitable for agglomeration processes with bulk density changes.

2.4. Conditioned fixed bed sample preparation

To compare the prediction of the calibration a second approach,
using a CFB, is chosen. This allows to create a controlled environment
and eliminate all phenomena that occur naturally in a fluidized bed that
may have a negative impact on the measurements, such as bubble for-
mation, channeling near the wall, material sticking to the sensor and
determination of the particle temperature. The material is conditioned
for over a week at different moisture contents and temperatures using
the climate chamber ICH 110 (Memmert GmbH+Co. KG, Germany). The
examined sample volume is chosen to be a multiple of the previously
determined measurement depth and sensor width to ensure the entire
sensor measurement volume is filled with material. The CFB samples are
supposed to cover the same moisture content and temperature range as
the IFB samples. The conditioned sample values are displayed in Fig. 5.

The conditioning of the material in a climate chamber is done by
setting the relative humidity and temperature. With these parameters, it
is possible to determine the resulting equilibrium moisture content of
the material using the sorption isotherm displayed in Fig. 16 shown in
the appendix.

2.5. Feature selection

The surface plot of the microwave moisture signal at 2.3 GHz in
Fig. 6 shows that at low temperatures and low moisture content the
signal is also low. The signal appears to increase not only with increasing
moisture content but also with increasing temperature. Deriving amodel
to predict the moisture content when looking at the correlation between
the signals and the moisture content of the samples appears difficult as
multiple parameters affect the signal of the sensor. Therefore, feature
selection is applied to identify the relevant input parameters to get the
best prediction. Surface plots as shown in Fig. 6, in addition to Figs. 21-
23 in the appendix, visualize the correlation between the input and
target values.

Feature selection is applied, as it is common in machine learning, to
find appropriate input parameters that show a high correlation to the
target value. In order to reduce the number of input parameters of the

Fig. 5. The investigated moisture content and temperature range compared to
the glass transition temperature of the used material MD20 (GT MD20). The
model to determine the glass transition as a function of moisture content is from
Gordon and Taylor [35] and is shown in Equation (11). The figure also contains
the IFB and CFB samples.

Fig. 6. Interpolated surface of the MW moisture signal at 2.3 GHz of MD20 for
a moisture content and temperature range. The black dots show the moisture
content and temperature of the IFB samples.

Fig. 7. The Pearson coefficient as a heat map.
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model it is important to identify dependencies of the input parameters
among each other [32,33].

Two distinct criteria are utilized to characterize the degree of cor-
relation between the input parameters and the target and the input
parameters with each other. The first parameter, the Pearson correlation
coefficient, characterizes the linear relationship between two pop-
ulations Z and Y:

ρZ,Y =
Cov(Z,Y)

σZσY
(4)

The standard deviations of each population are denoted by σZ and σY .
The Spearman rank correlation coefficient is selected as the second
parameter to quantify non-linear correlations. In order to evaluate the
relationship between the input parameter and the target it can be
characterized using a monotonic function:

rZ,Y =
Cov(rg,Z, rg,Y)

σrg,Zσrg,Y
(5)

The ranks of a quantity are rg,Z and rg,Y , the smallest value having rank 1.
The standard deviations of each ranking are σrg,Z and σrg,Y .

The selection of input parameters is done by comparing the Pearson
coefficient and Spearman coefficient. An overview is given by the
heatmap in Fig. 7 visualizing the Pearson coefficient of the input pa-
rameters and the target value as well as the input parameters among

each other. The heatmap for the Spearman coefficient and histograms
can be found in the appendix. In Table 5 the Pearson coefficient and
Spearman rank coefficient of the input parameters with the target value
is displayed.

The input parameters are the four signals retrieved from the micro-
wave sensor (S2.3, S5.6,D2.3, D5.6) and the temperature T. Additionally,
various combinations are investigated such as the quotient of microwave
moisture content signal and the temperature (S2.3/T, S5.6/T) and the
quotient of the microwave moisture at different frequencies (S2.3/S5.6,
S5.6/S2.3). The quotient of microwave moisture content signal and the
temperature (S2.3/T, S5.6/T) represents a decreasing moisture content in
case of a decrease in moisture content signal or in case of an increase in
temperature. The quotient of the microwave moisture at different fre-
quencies (S2.3/S5.6, S5.6/S2.3) is added to cover a larger range of moisture
content with multiple frequencies. The temperature T has a high nega-
tive correlation to the target value and the highest correlation of indi-
vidual signals overall. The quotients of the microwave moisture signal
and the temperature (S2.3/T, S5.6/T) has the highest correlation of all

Table 1
Process parameters used in lab-scale batch agglomeration experiments.

Inlet air flow rate [m3/h] Inlet air temperature [◦C] Spray rate [g/min]

60 40 6
75 60 10
80 70 12
85 80 14
100 100 18

Fig. 8. Experimental design matrix.

Table 2
Coefficients and threshold of IFB calibration.

C1 C2 C3 C4 SThreshold

− 163.14 110.37 − 10.72 − 0.07 0.33

Fig. 9. Parity plot showing the predicted moisture content using IFB calibration
over the IFB samples. The predictions are made using Eq. (6). The MAPE equals
18% and the relative accuracy is 82%.

Fig. 10. Moisture content evolution over time during fluidized bed agglomer-
ation experiment 23.
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input parameters. The temperature and the quotients of the microwave
moisture signals and the temperature (S2.3/T, S5.6/T) have a similar high
correlation to the target and a very high correlation with the tempera-
ture T. Therefore, the quotients of the microwave moisture signals and
the temperature (S2.3/T, S5.6/T) are discarded and the temperature T is
chosen as the first input parameter.

The quotient of the microwave moisture signals (S2.3/S5.6, S5.6/S2.3)
and the microwave moisture signal at 5.6 GHz S5.6 have a higher
nonlinear correlation than the microwave moisture signal at 2.3 GHz
S2.3 but are at a similar level when it comes to linear correlation. The
microwave moisture signal at 5.6 GHz S5.6 has a very high standard

Fig. 11. Interpolated contour of the MW moisture signal at 2.3 GHz of MD20
for a pre-set moisture content and temperature range. The black dots show the
moisture content and temperature of the CFB samples.

Fig. 12. MW moisture signal at 2.3 GHz of MD20 plotted over the CFB cali-
bration samples at different temperatures.

Fig. 13. Moisture signal function offset plotted over the temperature.

Table 3
Coefficients of CFB calibration equation.

C1 C2 C3

0.0140 0.0021 0.1098

Fig. 14. Parity plot showing the predicted moisture content using CFB cali-
bration over the CFB samples. The predictions are made using Eq. (10).

Fig. 15. Glass transition temperature of MD20 over increasing moisture con-
tent. GT refers to the Gordon and Taylor equation [35]. The equation fits with
an R2 of 1.00 using parameter k of 6.4.
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deviation of about 10 %while the microwave moisture signal at 2.3 GHz
S2.3 has a lower standard deviation and enables therefore a better error
propagation. The microwave density signals (D2.3, D5.6) have a very low
linear correlation to the target and are therefore not considered.
Therefore, the microwave moisture signal at 2.3 GHz S2.3 is chosen as a
second input parameter. This final set of input parameters allows to
differentiate the impact of moisture and temperature.

2.6. Design of experiment

The process parameters modified during the experiments are the
fluidization volume air flow rate, the inlet air temperature and the liquid
spray rate as displayed in Table 1.

Given the complexity of the operation, the limit process conditions,
at which agglomeration is still possible, need to be outlined in order to
build the DoE. In order to conduct the experimental study, a two-phase
full factorial design was selected, which led to the creation of an
extended full factorial design that includes a center point [34].

Each parameter was assigned an upper and a lower limit. Further-
more, the average value of these limits was used as the third level to
identify non-linear patterns. Two additional levels, the fourth and fifth,
are introduced between the lower and upper bounds and the average
value to facilitate the estimation of quadratic terms in models. This
would result in a total of 125 experiments in the five-level full factorial
approach, therefore a two-phase strategy is chosen. The experimental
design space is visualized in Fig. 8. This design results in a total of 17
individual experiments. Experiments are ended when defluidization
occurred or the equilibrium moisture content is reached.

The number of experiments needed for calibration can be reduced to
a minimum. Samples and experiments needed to be removed from the
dataset due to defluidization ultimately leading to an inhomogeneous
moisture distribution and inconsistent measurements. The removal of
samples and experiments is executed in case of high standard deviation
due to measurement errors or too fast agglomeration leading to het-
erogeneously distributed bed. The final dataset comprises 29 experi-
ments and 169 samples.

3. Results and discussion

In the following chapters the application of the two calibration
workflows in fluidized beds is discussed. Typically, the CFB calibration
is preferred since ideal conditions for calibration can be established.

3.1. Inline fluidized bed calibration

With the identified input parameters S2.3 and T from section 2.5 it is
possible to build a model using multivariable regression. The results are
compared and discussed.

The calibration uses the 2.3 GHz moisture signal of the microwave
sensor. The input parameters are used in a second order approach: S2.3
refers to the signal at 2.3 GHz, T to the temperature, xwb is the predicted
wet based moisture content in wt%. C1, C2, C3 and C4 are fitting co-
efficients and SThresh is a threshold that equals the maximum of the
second order polynomial:

xwb(S2.3,T) =

{
max

(
0,C1S22.3 + C2S2.3 + C3 + C4T

)
, S23 < SThreshold

C1SThreshold2 + C2SThreshold + C3 + C4T, S23 ≥ SThreshold
(6)

For the regression Excel Solver GRG Nonlinear is used. The fit is ach-
ieved by minimizing the sum of the squared error. This leads to pa-
rameters C1, C2, C3 and C4 as shown in Table 2.

The equation fits the total dataset with a MAPE of 0.18. The fit is
visualized in a parity plot in Fig. 9. The points are distributed around the
ideal correlation at 45◦ with an almost constant offset. The relative
deviation at lower moisture contents is higher than at higher moisture
contents.

Fig. 16. Adsorption isotherm of MD20 at 20 ◦C. BET refers to the Bru-
nauer–Emmett–Teller equation [36]. The model fits with an R2 of 0.97 using
parameters mm and n with values of 3.7 and 11.9 respectively at 20 ◦C.

Fig. 17. Experimental setup to investigate impact of particle position and MW
measurement volume filling level by approaching the sensor with a packed bed
perpendicular to the sensor surface.

Fig. 18. Experimental setup to investigate impact of particle position by
approaching the sensor with a packed bed perpendicular to the sensor axis,
while maintaining contact with the sensor surface.
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It indicates that there are experiments with a very poor prediction,
while the majority has a good prediction quality. The error increases
with increasing inlet air temperature and decreasing water spray flow
rate, which results in lower moisture contents and higher temperatures.

An example plot of the moisture progressing over time showing
experiment 23 is shown in Fig. 10. The predicted moisture content over
time is plotted against the IFB samples.

3.2. Conditioned fixed bed calibration

The contour plot in Fig. 11 shows that the microwave moisture signal
at 2.3 GHz not only increases with the moisture content but also with the
temperature. The authors would have expected an increase of the mi-
crowave moisture signal only with increase of the moisture content of
the particles. When looking at Fig. 12 clear trends are visible, which
allows to derive a model based on the trends instead of using feature
selection.

The figures for the surface plot of the MW moisture content signal
5.6 GHz, MW density signal 2.3 GHz and MW density signal 5.6 GHz can
be found in the appendix.

In Fig. 12 the MW moisture content signal at 2.3 GHz shows a linear
correlation to the moisture content. The linear fit is very high but de-
creases with increasing temperature. Additionally, the slopes are similar
at different temperatures while they maintain different offsets. The
figures for MWmoisture content signal at 5.6 GHz, MW density signal at
2.3 GHz and 5.6 GHz are shown in the appendix as they do not show
clear patterns and correlations to the moisture content.

This linear dependency allows to assume that the slope is solely
correlating to the MW moisture content signal at 2.3 GHz while the
temperature only correlates to the offset. In Fig. 12 also a systematic
offset at different temperatures can be seen:

S2.3 = C1xwb + f(T) (7)

Equation (7) can be reformulated for the moisture content as follows,
where C1 is the average slope:

xwb =
S2.3 − f(T)

C1
(8)

The offset is a function of the temperature as shown in Fig. 12. In Fig. 13
the offset is plotted against the temperature and it can be seen that the
offset is a linear function of the temperature.

The offset is a linear function of the temperature with a R2 of 1.00:

Offset = C2T+C1 (9)

With the newly found correlation and dependencies of moisture content
on MWmoisture content signal at 2.3 GHz and temperature it is possible
to derive an equation for calibration by combining Equation (8) and
Equation (9). Starting with the linear dependency of the moisture con-
tent on the MW moisture content signal at 2.3 GHz leading to Equation
(10). S23 refers to the microwave moisture signal at 2.3 GHz and T refers
to the particle temperature:

xwb =
S2.3 − C2*T + C3

C1
(10)

The coefficients C1, C2 and C3 stem from the average slope in Fig. 12 and
the temperature dependency in Fig. 13, resulting in Equation (10) with
the parameters C1, C2 and C3 as summarized in Table 3.

The parity plot in Fig. 14 shows that a great fit with a MAPE of 0.45
and R2 of 0.96 is achieved and the model is able to accurately predict the
moisture content.

When applying the IFB calibration derived in section 3.1 a MAPE of
194 % is reached, Fig. 25. This shows that the IFB calibration is only
applicable to fluidized beds. The prediction above a moisture content of
3 wt% is overestimated, while in the lower moisture content range it is
underestimated.

Fig. 19. Microwave signal evolution over one minute at 2.3 and 5.6 GHz for initial (left) and agglomerated (right) material. The positions correspond to Fig. 17
where position 4 is in contact with the sensor and 1 is the farthest away.
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Fig. 20. Microwave signal evolution over one minute at 2.3 and 5.6 GHz for
agglomerated material. The positions correspond to Fig. 18 where position 4 is
the sensor center and 7 is the farthest away from the center.

Table 4
Process parameters of fluidized bed experiments.

Experiment Air flow rate
[m3/h]

Temperature
[◦C]

Water flow rate
[g/min]

1 80 70 12
2 80 70 12
3 60 40 6
4 100 100 6
5 60 100 18
6 100 40 6
7 60 100 6
8 100 40 18
9 100 100 18
10 75 60 10
11 75 80 10
12 75 80 14
13 85 60 10
14 85 80 10
15 85 80 14
16 80 70 12
17 60 40 6
18 100 100 6
19 100 40 6
20 60 100 6
21 100 100 18
22 75 60 10
23 75 60 14
24 75 80 10
25 75 80 14
26 85 60 10
27 85 60 14
28 85 80 10
29 85 80 14

Fig. 21. Interpolated contour of the MW moisture signal at 5.6 GHz of MD20
for a moisture content and temperature range. The black dots show the mois-
ture content and temperature of the IFB samples.

Fig. 22. Interpolated contour of the MW density signal at 2.3 GHz of MD20 for
a moisture content and temperature range. The black dots show the moisture
content and temperature of the IFB samples.

Fig. 23. Interpolated contour of the MW density signal at 5.6 GHz of MD20 for
a moisture content and temperature range. The black dots show the moisture
content and temperature of the IFB samples.
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When investigating the 5.6 GHz signal a clear pattern cannot be
found. This might be due to the reason that higher frequencies are
usually applied to higher moisture contents, which are seldom reached
in the current experimental set-up and thus, resulting in unreliable
values.

When applying the CFB calibration to the IFB data from 3.2 it results
in a MAPE of 51 %. As the parity plot in Fig. 24 shows, the prediction
quality is poor. This shows it is only possible to derive a mechanistic
approach from CFB measurements that is valid for fixed beds.

These results show that the two different experimental cases need
different calibration workflows. The CFB calibration does not capture
the same behavior as the IFB calibration. This might be due to the (i)
lower number of CFB samples and a result of overfitting, the (ii)

fluctuations in the fluidized bed influencing the measurement due to
bubbles moving between the sensor tip and material or due to the way of
(iii) recording the particle temperature.

The impact of the distance between material and the sensor on the
measurement is severe as shown in the appendix. Above a certain
threshold the increasing distance leads to an increase of the microwave
signal and the signal fluctuates more. Bubble and void formation in
fluidized beds is natural. Considering the effects of the distance, the
impact of bubbles on the measurement is severe, therefore the posi-
tioning of the sensor is essential. The authors recommend placing the
sensor in a position where the material is very close to the wall or sensor
and does not form voids such as the annular zone in a spouted bed, a
downer in a circulating fluidized bed or connecting pipes between
process units. In case of inline measurements in a fluidized bed, as it is
examined in this study, it is recommended to add a recycle stream from
and to the process chamber and to measure in the pipes or letting the
material settle on the sensor before reintroduction. In case direct mea-
surement in the chamber is preferred it is recommended to position the
sensor as low as possible to ensure the sensor is covered in material.

The authors suggest using the (i) IFB workflow for inline measure-
ments in fluidized beds or processes forming bubbles or any type of voids
and the (ii) CFB workflow for online measurements for fixed beds or
dense particle clusters. It is recommended to preheat the sensor outside
of device and set the empty reference state before the experiment, so all
have the same reference point. This allows to account better for tem-
perature influences for a large range of process parameters and the
resulting process conditions.

Accuracy of the calibration can be improved by reducing the pre-
dictive range of the calibration. It is still possible to achieve high ac-
curacy, R2 of 0.9 and above, when the calibration is done for a single
experiment. This agrees with what has already been done in literature
[17,19,21,20].

Comparing the two workflows regarding time effort shows that the
IFB calibration is faster to execute (within weeks), while the CFB
approach takes multiple weeks and up to several months due to the long
duration of conditioning of the material. The IFB calibration also re-
quires access to a fluidized bed and size, while the CFB calibration only
requires a climate chamber for conditioning.

Fig. 24. Parity plot showing the predicted moisture content using CFB cali-
bration over the IFB samples. The MAPE is 49%.

Fig. 25. Parity plot showing the predicted moisture content using IFB cali-
bration over the CFB samples.

Fig. 26. The Spearman coefficient as a heat map.
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4. Conclusion

In this study two workflows (inline fluidized bed and conditioned
fixed bed) for the calibration of a two-resonance frequency microwave
sensor are developed and compared. The derived calibrations are valid
for a wide moisture content and temperature range and can be applied to
dense or dilute particle clusters. The results of the study have shown that
there are two types of calibration necessary for dense and dilute particle
clusters.

Using a statistical experimental strategy, fluidized bed agglomera-
tion experiments were conducted with various combinations of process

parameters to examine the capabilities of the microwave sensor at
different process conditions. The true moisture content is determined
with the gravimetric method. To find the best input parameter set for the
calibration feature selection is used.

As a second approach a fixed bed is examined under ideal conditions.
The material is conditioned in a climate chamber. From these mea-
surements a linear correlation describing the temperature dependency
of the microwave signal was found.

The impact of bubbles in the fluidized bed on the microwave mea-
surement is simulated by placing the materials in different positions of
the measurement volume. The microwave signal shows a high de-
pendency on the particle position. This is expressed by an increase in the
signal with increasing distance from the sensor as well as an increasing
fluctuating signal. Further it was found that for this type of material,
range of moisture and temperature one frequency achieves a higher
accuracy than two frequencies combined.

In summary, a major development in the field of process monitoring
has been made with the use of multi-resonance microwave sensors for
in-line moisture monitoring of fluidized bed agglomeration. A few
benefits of this innovative technology are increased precision, improved
process control and real-time, non-invasive measurement capabilities. It
is clear from the thorough analysis of current research and case studies
that this strategy has a lot of potential for streamlining fluidized bed
agglomeration operations in a variety of industrial settings.

The utilization of multi-resonance microwave sensors in fluidized

Fig. 27. The input parameters displayed as histogram.

Table 5
Pearson and Spearman coefficients of the input parameters to the target values
of the IFB data.

Input parameter Pearson coefficient Spearman coefficient

S2.3 − 0.17 − 0.09
S5.6 0.28 0.25

S2.3/S5.6 − 0.21 − 0.40
S5.6/S2.3 0.43 0.40

T − 0.68 − 0.67
S2.3/T 0.73 0.77
S5.6/T 0.73 0.77
D2.3 0.02 0.21
D5.6 0.01 0.20
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bed agglomeration process monitoring presents a viable approach to
enhance process effectiveness, minimize operational expenses, and
elevate product quality. This technology has the potential to signifi-
cantly impact several sectors and increase process control and moni-
toring with further study and development.
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Appendix

Material

The measured poured bulk density of the powder is 564 kg/m3. After grinding the material to a fine powder, the helium pycnometer AccuPyc 1330
(Micromeritics Instrument Corporation, United States) is employed to measure its skeletal density of 1480 kg/m3. The moisture level of the powder
remains continuously at around 3 wt% during storage.

In the fluidized bed liquid water is fed through the top spray into the process chamber. The liquid is atomized by the pressure of the air in the two-
fluid nozzle. The glass transition temperature of the maltodextrin was measured at different moisture contents using a differential scanning calo-
rimeter DSC 204F1 Phoenix (NETZSCH-Gerätebau GmbH, Germany). The discrete data points are fit using the Gordon and Taylor equation [35]
shown in Equation (11). The equation describes the glass transition temperature as a function of the glass transition temperature of the pure com-
ponents Tg,w and Tg,s, the mass fraction of liquid xwb and a fitting constant k:

Tg =
kxwbTg,w + (1 − xwb)Tg,s

kxwb + (1 − xwb)
(11)

The glass transition temperature of the solid material Tg,s equals 167 ◦C and of water Tg,w is − 135 ◦C. The resulting curve is displayed in Fig. 15.
The material is conditioned using a climate chamber for the CFB calibration. The correlation between temperature relative humidity and granule

moisture content in equilibrium at 20 ◦C can be described with the sorption isotherm in Fig. 16.
The sorption isothermwasmeasured using a dual vapor gravimetric sorption analyzer DVS Resolution (SurfaceMeasurements Systems Ltd., United

Kingdom). The Brunauer–Emmett–Teller model [36], shown in Equation (12), is fit to experimental measurements. Xdb is the water loading,mm refers
to the monolayer value, which is the quantity of water molecules present in a single layer on the surface, αw refers to the water activity and n is a fitting
parameter:

Xdb = mm
nαw

(1 − αw)(1+ (n − 1)αw)
(12)

Lab scale fluidized bed

It is assumed that the particle bed is well mixed and their moisture is homogenously distributed. This is confirmed by comparing the moisture
content of the last sample with samples from the entire particle bed. The temperature sensor is positioned at a similar bed height as the microwave
sensor at about 5 cm. The temperature in the particle bed is homogeneously distributed. Deviations of less than 1 ◦C are measured when comparing the
temperature sensor of the fluidized bed at a height of 12 cmwith a second temperature sensor of the moisture probe at a height and depth of 5 cm (data
not shown). These small temperature differences confirm the assumption of a homogeneously distributed bed.

Microwave sensor

In order to examine the measurements dependence on the particle position two experimental setups are used as shown in Fig. 17 and Fig. 18: the (i)
first setup allows to examine the effect of the distance perpendicular to the sensor and the (ii) second setup allows to investigate the effect of the
distance from the sensor center parallel to the sensor tip while maintaining contact with the particles.

The investigated particle positions inside the measurement volume are numbered from 1 to 7.
The maximum penetration depth of the sensor is about 1.5 cm into the bed normal to the sensor tip. This is determined by approaching the sensor

tip normal to the sensor tip until a signal is retrieved as shown in Fig. 17. In Fig. 19 the impact of the distance perpendicular to the sensor tip is
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displayed for the initial and agglomerated powder at 2.3 and 5.6 GHz. The moisture signal is clearly influenced by the distance between the solid and
the sensor tip in all four cases. In case of the initial powder at 2.3 GHz the measurement is independent of the measurement volume if the sensor plane
to particle distance is below a certain threshold at 2.3 GHz. The signal fluctuations of the initial and the agglomerated powder increase with increasing
distance. At 5.6 GHz there is a clear increase of the signal with increasing distance for both powders. This means that the measurement volume does
not have to be filled completely, but material needs to be rather close to the sensor tip to achieve reproducible and distance independent measurements
at 2.3 GHz while at 5.6 GHz the signal converges to the signal at direct contact with the sensor.

The measurement is independent of the particle position parallel to the sensor plane in case of agglomerated powder at all frequencies. This is
examined by approaching the measurement volume from the side of the probe as shown in Fig. 18. The results are shown in Fig. 20.

The device can determine the moisture content independent of the mass, which is a function of bulk density due to a constant measurement
volume. Two samples are conditioned, one with fine initial powder and a second coarse agglomerated powder produced in the fluidized bed with bulk
densities of 550 kg/m3 and 270 kg/m3 respectively. The two samples have a moisture content of 10.08 wt% and 9.88 wt% for fine and agglomerated
material respectively. ThemeasuredMWmoisture signals at 2.3 GHz are 0.297 and 0.288 with a standard deviation of 0.05% and 0.23% respectively.
The measured MW moisture signal at 5.6 GHz are 0.532 and 0.528 with a standard deviation of 0.11 % and 0.14 % respectively. This shows that the
MW sensor can measure the moisture content independent of the bulk density at both frequencies.

The device corrects for the change in resonance frequency caused by sensor hull expansion due to different temperatures. The reference resonance
frequency in an empty state is set before every experiment. Prior to the adjustment the sensor is preheated as close as possible to the process tem-
perature. The inlet temperature was chosen to approximate the temperature in the process chamber since the process temperature depends onmultiple
factors such as inlet temperature, inlet air flow rate, bed mass, initial particle moisture content, liquid spray flow rate and others.

Gravimetric method

A precision balance is used to determine the granule moisture content of the samples of about 1 g offline. The samples are weighted before and after
drying. The moisture content can then be determined using Equation (13). The samples are dried in the oven for 5 days at 110 ◦C. The samples are
spread in the container to create a thin layer to accelerate drying. The method is compared to an established moisture analyzer. The measurements
coincide with moisture analyzer EM 120-HR (Precisa Gravimetrics AG, Germany):

xwb =
mwet − mdry

mwet
*100 (13)

Design of experiment

The process parameters of all experiments are listed in Table 4.

Calibration

The contour plot of the microwave moisture signal at 5.6 GHz is shown in Fig. 21.
The contour plot of the microwave density signal at 2.3 GHz is shown in Fig. 22.
The contour plot of the microwave density signal at 5.6 GHz is shown in Fig. 23.
The parity plot of the CFB calibration applied to the IFB dataset is shown in Fig. 24.
The parity plot of the IFB calibration applied to the CFB dataset is shown in Fig. 25.

Feature selection

The heat map of the Spearman coefficients of the different input parameters for feature selection is shown Fig. 26.
The histograms of input parameters for feature selection are shown in Fig. 27.
The input parameters and the corresponding Pearson and Spearman coefficient for feature selection are shown in Table 5.

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.cej.2024.156053.
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