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Abstract 
 
This paper investigates using microwaves from 1.5 to 14 GHz for monitoring concrete compressive strength in real-time 
to implement a non-intrusive sensor. The approach is based on acquiring reflected microwave spectra by the concrete 
irradiated through a rectangular cavity antenna connected to a Vector Network Analyzer (VNA) and investigating their 
relationship with strength. Since the information is hidden in the spectrum, we used the multivariate statistical analysis 
technique to create both classification and regression models. The acquired Voltage Standing Wave Ratio (VSWR) 
spectra were statistically inferred with compressive strength from destructive tests. The experimentation was performed 
on 16 concrete samples, lasted 28 days, and the acquired data consisted in 409 spectra where the reflected spectra are 
correlated with the compressive strength during curing time. The inference processes show high predictability, with an F1 
score from 0.91 to 0.99 for classification and a cross-validation value of the parameter R2 of 0.997. 
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1. Introduction 
 

Concrete is the most used material in the civil 
infrastructure and construction industry. It is composed 
of a mix of cement powder, sand (fine aggregates), gravel 
(coarse aggregates), and water. The ratio of these 
components influences the mechanical properties of 
concrete. In particular, the water/cement (w/c) ratio is 
critical for the strength and durability of concrete due to 
the role of water in the hydration process and the 
microstructure evolution [1]. So, it is crucial to monitor 
the conditions and characteristics of concrete during the 
hydration process, especially in the first hours. 
Nowadays, several tests are used as the gold standard for 
the evaluation of hardened concrete properties, like the 
water absorption test (ASTM C: 642-81), rapid chloride 

ion penetration test (ASTM C1202), impact strength test 
(ACI 544.2R-89), and compressive strength test (ASTM 
C39/C39M). However, even if they allow a satisfactory 
evaluation during construction, all these methods are 
time-consuming and expensive. Moreover, they require 
an invasive approach and the creation of additional 
samples [2] with different mechanical characteristics for 
the on-site batch due to other manufacturing processes 
and materials affecting the results [3], [4].   

For these reasons, non-destructive techniques (NDT) 
have been recently studied with several different 
technologies: acoustic waves [5], [6], ultrasonic wave 
propagation [7], Ground Penetrating Radar (GPR) wave 
attenuation [8], [9], piezoelectric materials [10], [11],  
gamma scattering [12], electrical resistivity [13], [14], 
and many others. Among them, a particular interest is 
aroused by microwaves, which allow penetrating the 
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material and gathering information on the internal water 
content. The microwave spectra are highly influenced by 
the hydration of concrete and the consequent changes in 
the water content because of its significant influence on 
the dielectric properties. Different techniques were used 
to determine these dielectric properties of concrete and 
their changes: the first tests were performed by Bhargava 
and Lundberg [15] in 1972 with a microwave resonant 
cavity, obtaining a linear relationship between the output 
of the instrument and the moisture content of concrete. 
Three years later, Wittman and Schlude [16] studied 
microwave absorption using concrete disk samples with 
a free wave technique. The results showed that the wave 
attenuation decreases and then reaches a plateau due to 
the absorption of the free water contained in the sample. 
In 1982 Gorur et al. [17] introduced a different 
measurement method, focusing on using a two-port (a 
waveguide section full of concrete) and using the 
scattering parameters S to compute the complex 
dielectric constant. Results showed that the dielectric 
permittivity decreases with time and increases with the 
w/c ratio of the concrete. More recently, the same results 
were obtained by Haddad and Al-Quady [18], that used 
a coaxial transmission line in the range of 100 MHz to 1 
GHz, whereas Buyukozturk et al. determined the 
complex permittivity and the loss factor of several 
materials from the transmission coefficient and the Time 
Difference of Arrival (TDOA), using a network analyzer 
in the range of 8-18 GHz, obtaining similar results. More 
in general, in the last two decades, several different 
techniques have been used to study and monitor the 
dielectric properties of concrete, like horn lens antennas 
[19]–[21], Ground Penetrating Radar (GPR) [22], [23], 
time-domain reflectometry [24], and several types of 
waveguides [25]–[28]. However, all the above 
techniques only focused on the variations of dielectric 
properties without trying to correlate them with the 
changes in the concrete physical properties. Furthermore, 
their outputs are often hard to interpret and interfaced 
with quantitative measurements and lack robust 
predictive models. Different from conventional spectra-
based approaches, the main goal of this work is to 
introduce a sensing technique that operates by extracting 
hidden information from raw data, even if this is not 
evident at first sight [29]. 

The proposed approach uses a Vector Network 
Analyzer (VNA) connected with a rectangular open 
cavity antenna emitting an RF signal towards the 
concrete material. The VNA allowed us to grab 
scattering coefficients (S-parameters) and derive them in 
a spectrum between 1.5GHz and 14GHz, a range where 
the water component presents a higher dielectric constant 
(from 88 to 27) versus other concrete constituents. Many 
concrete cubic samples were cast simultaneously using 
the same material (sample twins) from which spectra 
were acquired for 28 days. Part of these samples was 
used in destructive tests to determine compressive 
strength. Then, the acquired spectra and the compressive 
strength data were used as input for a multivariate 
statistical analysis referred to as the Soft Independent 
Method of Class Analogy (SIMCA). This algorithm 
allows for resolving classification problems, where new 
samples are assigned to existing groups of similar 
samples, thanks to modeling the common properties of 
the classes [30]. Finally, a subset of spectra was used to 

create a preliminary regression model, thanks to a 
technique called Partial Least Square Regression 
(PLSR), which allows for predicting compressive 
strength values from newly acquired spectra. 

Since the predictive model could be easily 
implemented in low computationally demanding digital 
platforms such as a microcontroller, the present research 
aims at exploring a compact, non-destructive and cost-
effective instrumental chain for concrete hardening 
monitoring. 

 

2. Preliminary investigations 
 

The task of the preliminary tests is twofold. First, we 
must determine the best microwave spectrum that copes 
with the application. Second, we need to understand the 
most suitable spectrum for building the dataset of the 
predictive model. 

As far as the first objective is concerned, we need to 
investigate the penetration depth of microwaves inside 
the concrete to understand the best operating spectra 
bandwidth. This data is important since the proposed 
technique aims to extract material information from a 
sufficiently large volume where the surface can differ 
from the inner material conditions. Therefore, the radio 
frequency penetration depth was estimated from 
experimental permittivity measurements. The 
penetration depth (dp) is defined as the distance where an 
incident electromagnetic wave penetrates the material 
under test with an intensity (power) falling to 1/e [31] and 
it can be calculated by permittivity as follows 
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where c is the speed of light in vacuum, 2.998×108 m/s, f 
is the frequency (Hz), ɛ𝑟𝑟′  and ɛ𝑟𝑟′′ are, respectively, the real 
and imaginary part of the relative complex permittivity 
𝜀𝜀𝑟𝑟∗ = ɛ𝑟𝑟′ + 𝑗𝑗ɛ𝑟𝑟′′, depending on the frequency. It should be 
pointed out that equation (1) is related to the matter 
interaction with plane waves and in far-field conditions 
[32], which is only an approximation in our case. 
However, the calculation is useful to get a rough 
estimation of the spectrum range used for this 
application. Preliminary EM simulations considering the 
true geometrical features of the entire system show 
penetration depths longer by a factor between two and 
three. However, these analyses will be objective in a 
future paper since they are away the focus of the present 
one. 

The complex parameters were assessed using an 
open-ended coaxial instrumental chain (Speag, DAK 3.5, 
Swiss) and reflectometer (R140, Copper Mountain, 
USA), depicted in Fig. 1.  

 



 
 

Figure 1. Layout of the instrumental setup used for 
the preliminary calculation of penetration depth. 
 
The frequency range investigated was 1.5-14 GHz, 

and each spectrum was composed of 10000 spectral 
points. Measurements were conducted after 2.2 hours of 
the concrete preparation (wet), after 23 hours (semi-
dried), and at advanced hardening (104 hours). The latter 
time is considered sufficient to achieve the drying 
condition of the concrete uppermost layer that can be 
assumed (from the dielectric point of view) as 
representative of the hardening state of the inner part of 
the sample after about 28 days. On the other hand, due to 
its conformation, the coaxial probe performs only 
superficial dielectric measurements (in the order of a few 
mm), so the measurements can be taken as indicative of 
the sample's inner dielectric properties. As a reference, 
the real and imaginary values of the complex electric 
permittivity (ɛ𝑟𝑟′  and ɛ𝑟𝑟′′) for a frequency of about 2 GHz 
were the following: 27.3+j7.1 (wet), 11.2+j1.7 (semi-
dried), 7.3+j0.89 (dried).   The penetration depth (𝑑𝑑𝑝𝑝) 
calculated using (1) within the instrument spectrum 
bandwidth is shown in Fig. 2.  

 

 
 

Figure 2. Penetration depth (𝑑𝑑𝑝𝑝) as a function of 
frequency (MHz) for wet, semi-dried, and dried concrete.  

 

In conclusion, we can say that the spectra frequency 
range and the concrete's hydration level directly affect 
the penetration depth. Using the bandwidth we 
investigated, we can grab information from the concrete 
under test with a dp in the order of centimeters scale, 
especially for frequencies below 7 GHz. It should be 
pointed out that the penetration depth is a reference 
parameter that indicates the distance at which the surface 
intensity decays of a factor 1/e.  However, the reading 
depth, i.e., the depth at which the VNA can detect the 
reflected signal with an acceptable signal-to-noise ratio, 
can be much greater than the penetration depth. This 
mainly depends on the output power and dynamic range 
of the instrument. In our application, tests (not discussed 
in this paper) conducted by placing a reflecting surface 
under the concrete sample found a reading depth up to 
about three times greater than the penetration depth. 
Therefore, we can still detect reflected signals at further 
greater depths using higher incident power and/or 
instrumental chains with lower noise floor. So, data from 
the calculation and preliminary tests were used to design 
the microwave apparatus. It was chosen as a probe, a 
short open section of a waveguide optimized for a TE10 
mode at 2GHz with a cutoff frequency of 1.56GHz (Fig. 
3a) with the antenna inserted at a ¼ of the guided 
wavelength.  

As far as the second objective of preliminary 
investigations is concerned, i.e., the choice of the kind of 
spectrum, we proceeded as follows. We connected the 
designed open waveguide, as shown in Fig. 3a, and used 
the setup as detailed in the following “Measurement 
Setup” section. Then, we acquired several spectra based 
on S-parameters, e.g., real and imaginary parts of S11 and 
VSWR spectra, in the frequency range from 1.5 to 14 
GHz). The relationship between 𝑆𝑆11 and VSWR is given 
by  

 

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 =  1+ |𝑆𝑆11|
1− |𝑆𝑆11|, (2) 

where 

|𝑆𝑆11| =  ��Re(𝑆𝑆11)�2 +  �Im(𝑆𝑆11)�2,  (3) 

 
We noticed that they all show variations versus the 

compressive strength state due to the evolution of the 
chemical process. However, to understand what 
spectrum is better suited for building the dataset, we 
compared the Root Mean Square Error in Cross-
Validation (RMSECV) values of the predictive model 
(see the “Result” section) for the datasets built on 
different spectra. Since we did not get any appreciable 
differences, we decided to use VSWR mainly for its 
better simplicity of implementation [33] in a future 
prototype. An example of a VSWR spectrum grabbed 
with the designed setup is shown in Fig.3b. 

 
 

3. Measurement setup 
 

A total of 16 cubic samples (15×15×15 cm3) were 
prepared for the acquisition of electromagnetic spectra 



and compressive strength evaluation. All the samples 
were cast (compacted by needle vibrator) from the same 
batch, with a w/c ratio of 0.45, and the following 
components: 40 kg of cement, 18 L of water, 17 kg of 
fine sand 0-1 mm, 74 kg of sand 0-5 mm and 85 kg of 
gravel 5-15 mm. After the first day, when the concrete 
hardened with progressive reduction of the free water 
content, all the samples were stored in a climatic chamber 
with a temperature of 20±2°C and an RH=60±5%. 
Electromagnetic spectra were acquired with the designed 
cavity antenna (internal dimensions, in mm: 96 × 46 × 
118) connected to a VNA (R140, Copper Mountain, 
USA), as shown in Fig.3. The VNA was calibrated using 
a calibration kit (N1801, Copper Mountain, USA). The 
instrument provides spectra of the real and imaginary 
parts of the scattering parameters. At the end of the 
acquisition period, which lasted 28 days, a total of 409 
VSWR spectra were acquired, each calculated as the 
mean of 5 consecutive acquisitions. Measurements 
frequency decreased starting with a period of 10 minutes 
up to 6 hours, as reported in Table I.  

To take the maximum information on the evolution 
of the process, spectra acquisition intervals should be set 
to have an equal increment of the compressive strength. 
Therefore, sampling intervals should not be equally 
spaced since the curing process is fast at the beginning 
and slows down to an asymptotic value at the final state. 
For the above reason, we have set the spectra acquisition 
times as summarized in Tab.1, where intervals are denser 
at the beginning compared to later times.  
 

 

Figure 3. a) Schematic layout for the acquisition of 
electromagnetic spectra. Legend: OEW, open-ended 
waveguide; A, antenna; VNA, vector network analyzer; 
S, NVA support. The drawing is not to scale. b) Example 
of a VSWR spectrum. 

Table 1. Time interval and number of acquisitions of the 
electromagnetic spectra on concrete  

Interval of time 
[days] 

Time between 
acquisitions [min] 

Number of 
acquisitions 

0 - 0.09 10 14 
0.09 - 0.96 20 59 
0.96 - 3.24 30 102 
3.24 – 8.98 60 127 
8.98 – 14.2 180 50 
14.2 - 28 300 62 

 

4. Data acquisition 
 

The data acquisition procedure was conducted as 
follows. Sixteen equal concrete samples were cast at the 
same time. Among them, two were used for acquiring 
VSWR spectra and temperature measurements at 
increasing curing time, while others were subject to 
destructive compressive tests, according to the schedule 
of Tab. 2.  

 
4.1 Destructive resistance tests 

During the first 4 hours, when concrete was starting 
to develop its mechanical properties, its penetration 
resistance was measured by a Concrete pocket dial 
penetrometer Matest (diameter of the penetration plunger 
6.4 mm, load 0-50 kg/cm2), providing the load necessary 
to plunge a probe of the known area into concrete to a 
fixed depth. From this parameter, a proper calibration 
coefficient provided the corresponding compressive 
strength. Two cubic concrete samples were used for this 
purpose, and the penetration resistance was determined 
as the average of three different plungings. After the first 
hardening, the strength was measured at significant 
curing times by compression tests (2 samples for each 
condition) in a universal testing machine with 4000 kN 
capacity. Tab. 2 reports all the compressive strength 
values, including both those coming from the early 
penetration resistance values and those measured by the 
destructive tests. As shown in Fig. 4, the compression 
strength values closely follow a predictive model 
available in the literature [34] described by the following 
equation 

𝑅𝑅𝑅𝑅𝑅𝑅 =  𝑒𝑒
𝑠𝑠∗�1−�28𝑡𝑡 � ∗ 𝑅𝑅𝑐𝑐,28,               (4) 

 

where s = 0.2, t is the time from cast expressed in 
days, and 𝑅𝑅𝑐𝑐,28 = 27.8 MPa is the 28 days compressive 
strength. 

 

 

 

 

 



Table 2. Time of acquisition and results of the compression 
strength of concrete. 

Time         
[day] 

Strength           
[MPa] 

Instrument 

0.045 0.67 

Concrete 
penetrometer 

Matest 

0.062 0.81 

0.083 2.13 

0.104 2.67 

0.125 3.60 

0.146 3.90 

0.167 5.00 

1 11.7 

Universal 
Testing 
machine 

2 17.7 

3 18.9 

7 23.4 

10 23.7 

14 25.7 

28 27.8 
 

Figure 4. Measured resistance (dots) and theoretical 
value according to (4) (line). 

 

4.2 Spectra acquisitions 

Fig. 5 shows all the 409 acquired spectra, colored by 
the order, from blue (first measure) to yellow (last 
measure). It is easy to see that in certain regions, there is 
a clear trend in the spectra, where the VSWR values 
gradually change over time in a monotonous way. This 
trend is a good indication for the creation of statistical 
models: already, from the observation of these data, it is 
plausible to assume that the spectra contain useful 
information about the dielectric properties of the 
concrete and, consequently, about its free water content 
and compressive strength. Moreover, this phenomenon is 
more pronounced in the first part of the spectrum (1.5-6 
GHz), which is conveniently also the part of the spectrum 
with the higher penetration depth, as reported previously.  

 
 
 

Figure 5 Visualization of all the 409 acquired spectra, 
colored following the acquisition time, from blue (day 1) 
to yellow (day 29). 

 

5. Statistical inference and 
predictive model setup 

 
The objective of the present section is to present the 

theory behind the statistical analyses used to set up the 
predictive models, inferring the compression strength 
from spectra. Firstly, a cluster analysis was carried out 
by dividing the full scale of values into several ranges of 
interest. Then, VSWR spectra were used with the 
measured compressive strength values to create a 
classification model that estimates the actual strength 
range from spectral variations. In general, a spectrum 
could be seen as a series of K variables; this means that a 
single point could describe it in a K-dimensional space. 
In the present case, the variables are the values of VSWR 
at different wavelengths. The spectral data acquired on 
the concrete sample created the first experimental 
dataset, which was utilized as input for the multivariate 
analyses. Among them, the first one used on these data 
was the Principal Component Analysis (PCA) to analyze 
the primary relationships between all the variables. PCA 
finds a number A < K of new variables, called Principal 
Components (PCs), that contain most of the original data 
variance. From a geometrical point of view, PCA 
extracts an A-dimensional subspace of the original K-
dimensional space that still contains most of the original 
information of the spectra. Thus, following the classical 
linear regression analysis approach [35], the original 
dataset matrix X of dimensions 𝑁𝑁 × 𝐾𝐾 (N spectra, each 
defined by K frequency values) could be defined as 

 
𝑿𝑿 = 𝑻𝑻𝑾𝑾 ′ + 𝑬𝑬,   (5) 

 
where T is called the score matrix of dimensions 𝑁𝑁 × 𝐴𝐴 
and contains the spectral acquisitions already present in 
X but recalculated in the new PCs variables, whereas W’, 
of dimensions 𝐴𝐴 × 𝐾𝐾, is the transpose of the weight (or 
loadings) matrix, and represents how each of the original 
K variables contributes to the calculation of the values of 
T starting from X. Finally, E is the residual matrix. 
Returning to the geometrical viewpoint, the PCA 



algorithm calculates the values of the loading that 
maximize the projections in the PC's subspace, thus 
minimizing the residual errors. Therefore, T represents a 
“good summary” of the original dataset matrix X since it 
maintains most of the information in a reduced 
dimension. 
This analysis helps to identify clusters in the data and 
allows us to divide them into classes that could maximize 
the interclass difference and, consequently, the 
classification accuracy. This “classified” dataset was 
used as input for a second analysis, called Soft 
Independent Method of Class Analogy (SIMCA), to 
solve a classification problem and identify the more 
representative class for future acquisitions. SIMCA 
approach could be divided into two subsequent steps. In 
the first one, a PCA analysis is carried out separately on 
the spectra of each cluster class (Fig. 5), finding a series 
of A PCs for each of them, all contained in the original 
K-data space (A could be different for each class). From 
the geometrical point of view, projection subspaces are 
defined for each class. Then, for each new acquisition 
submitted to the model, SIMCA calculates for each class 
two statistical parameters, called Q residuals and 
Hotelling’s T2, describing how well the new sample 
belongs to them[36]. In particular, the Q residual, also 
called Squared Prediction Error (SPE), measures the 
squared error of the projection of the new sample in the 
PC spaces [37]. Thus, it indicates the amount of 
information lost in the process, measured as the distance 
from the PC's subspace [38]. In general, for an i-th 
observation, the Q-residual related to a given cluster is 
calculated as 

𝑄𝑄𝑖𝑖 =  𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖′,    (6) 
where 𝑒𝑒𝑖𝑖 is the residual of the projection of the 
observation in the PCA models calculated by the SIMCA 
analysis, and it is a row of the E matrix for the related 
cluster. On the other side, Hotelling T2 measures the 
difference between the new observation and the mean 
value of the model. From a geometrical point of view, it 
measures the Euclidean distance between the center of 
the PCs subspace and the projection of the observation, 
and it is calculated as 
 

 𝑇𝑇𝑖𝑖2 =  𝑡𝑡𝑖𝑖𝑡𝑡𝑖𝑖
′

𝜆𝜆
,    (7) 

 
where 𝑡𝑡𝑖𝑖 is the i-th observation score, that is, the 
projection value of the observation along all the 
considered PC variables (it is a row of the T matrix); λ 
represents the distribution variance [37]. Note that Ti and 
Qi are orthogonal contributions. For a given new 
observation, SIMCA combines these two parameters in a 
final parameter𝑅𝑅𝑖𝑖, with the following formula 
 
 

𝑅𝑅𝑖𝑖 =  �(𝑄𝑄𝑖𝑖2 +  𝑇𝑇𝑖𝑖2).    (8) 
 

 
The observation is finally assigned to the class with the 
lowest 𝑅𝑅𝑖𝑖 value: it is the class that better describes the 
new spectrum. Fig. 6 shows a geometrical visualization 

of the prediction process for a new sample between two 
classes. 

 

Figure 6. Visual representation of the prediction of a new 
sample with a SIMCA algorithm. Every point represents 
a spectrum, whereas PCs create a subspace in the k-
dimensional space of the original variables 
(frequencies). In the present case, d is defined by eq. 8. 

 

For our application, 80% of the original spectral data 
(266) were used to build the SIMCA model, creating the 
calibration test. The remaining 20% (66), randomly 
chosen and, in percentage, equally distributed between 
all the classes, were used as a test set to perform the 
validation phase: these spectra were assigned to the 
different classes by the model, and the results compared 
to the actual classes, obtaining a confusion table and a 
confusion matrix, useful to compare the predictive 
robustness to different SIMCA models.  
To obtain more informative results, 10 SIMCA models 
were created, with different test sets (always chosen at 
random), and a mean value of the obtained statistical 
parameters was calculated. Moreover, we explored the 
use of the regression analysis called PLSR for the 
quantitative prediction of concrete resistance. PLSR is 
based on PCA, but it goes a step further with the 
introduction of a second dataset, Y (𝑁𝑁 × 𝑀𝑀), that 
contains the values of M variables of interest (for this 
work, the compressive strength, thus M = 1) related to 
every spectrum contained in the dataset X. Also the 
PLSR algorithm founds new directions in the dataspace, 
similar but not equal to the PCs: these new directions, 
called Latent Variables (LVs), are the one that at the 
same time contains most of the X data variance, of the Y 
data variance, and the covariance between the two 
datasets [35]. 
So, from a mathematical point of view, X can be defined 
with eq (5), where the spectra contained in T are 
calculated alongside the LVs. Regarding Y, thanks to the 
assumptions of PLSR, it can also be described with the 
score matrix T: 

 
𝒀𝒀 = 𝑻𝑻𝑪𝑪 ′ + 𝑭𝑭;   (9) 

 
Merging (5) and (9), we obtain: 
 

𝒀𝒀 = 𝑿𝑿𝑿𝑿𝑪𝑪 ′ + 𝑭𝑭 = 𝑿𝑿𝑿𝑿 + 𝑭𝑭;  (10) 
 
defining a direct and linear relationship between an input 
spectrum X and the corresponding variable of interest Y 
[39]. 



For the creation of the PLSR model, we needed a strict 
correlation between the spectra contained in dataset X 
and the respective values of compressive strength 
contained in Y: to obtain this, we selected the three 
acquisitions closest in time with every one of the 
destructive tests reported in Table 1, for a total of 33 
spectra, and linked the respective resistance values to 
them, obtaining the X and Y calibration datasets. This 
selection was performed to create a regression model 
with the spectra strongly related to the experimental 
resistance value. The prediction ability of the model was 
tested with a process named Cross-Validation (CV): it 
divides the datasets into a series of subsets, then 
iteratively selects one of them and uses the other ones to 
create a model. The selected subset is used to test its 
prediction ability, evaluating the error between the 
predicted and the actual Y subset values. With this 
technique, a coefficient of determination of cross-
validation (𝑅𝑅𝐶𝐶𝐶𝐶2 ) was obtained: the closer the value of this 
parameter is to 1, the better the predictive abilities of the 
model. 
 
5.1 Data preprocessing and explorative PCA 

Before being used as input for SIMCA analysis, all 
the VSWR spectra were preprocessed with two standard 
techniques: the Savitsky-Golay smoothing and autoscale, 
which performs a mean centering and scales each 
variable to unit standard deviation. This preprocessing 

phase, and all the following statistical analyses, were 
performed thanks to PLS_Toolbox [40], a software 
developed by EVRI in a MATLAB environment. The 
first statistical analysis performed on the preprocessed 
spectra was an explorative PCA (with A=5 PCs) to 
visualize clusters in the dataset and divide them into the 
classes mentioned above, which is necessary for the 
following statistical analyses. We empirically divide the 
data into 4 classes based on the obtained score plot, 
shown in Fig. 7. This plot shows the data in the space 
defined by the first 2 of the 5 total PCs, which contains 
the majority of data variance (62.95 % the first PC and 
17.37 % the second one, for a total of 80.32%), allowing 
us to easily visualize the data trends and clusters. Then, 
we linked these classes to ranges of compressive 
strength. To do so, we evaluated the time of acquisition 
of the first and last acquisition of each subset: if it is close 
to one of the destructive tests reported in Table 2, we 
used the experimental value as a reference; in the other 
case, we evaluated the theoretical strength with (4). With 
this method, we obtained these references for the 
compressive strength: <12 MPa for class 1, 12 - 18.5 
MPa for class 2, 18.5 – 23.4 MPa for class 3, and 23.4-
28 MPa for class 4. 

Finally, for creating the PLSR model, a different set 
of preprocessing algorithms was used. After the same 
Savitsky-Golay algorithm, we applied a Multiplicative 
Scatter Correction (MSC) that performs a weighted 
normalization, a baseline correction of the spectra, and a 
Mean Centering.  

 

Figure 7. PCA score plot. The 4 classes used as input for the classification algorithms are highlighted. 

 

 

 



6. Results 
 

 
 As reported in section 5, the SIMCA analysis utilizes two 
parameters, Q and T2, to assign new samples to the more 
representative class (the one with the lowest value of both 
parameters). Fig. 8 shows the Q-T2 plots of one among the 10 
SIMCA models as an example. It can be observed that for the 
first two classes (<12 and 12-18.5 MPa), there is a 
considerable difference between the samples of the correct 
class to the other ones, while for class 3 (18.5 – 23.4 MPa) and 
4 (23.4 – 28 MPa) the difference is less noticeable. However, 
as shown in Figs 8e and 8f, there are still enough differences 
between the values of Q and T2 to correctly classify the test 
samples in most cases. 

 
Table III reports the mean confusion matrix, whereas 

Table IV is the mean of the classification parameters measured 
by PLS_Toolbox [41], both obtained from the mean of the 10 
SIMCA models. N is the number of spectra used as a test set 
for every class. The values TPR (sensitivity), FPR (false 
positive rate), TNR (specificity), FNR (false negative rate), Err 
(misclassification error), PPV (precision), and F1 (F1 score) 
are given by the following relationships  

 

𝑇𝑇𝑇𝑇𝑇𝑇 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
                                     (8) 

 

𝐹𝐹𝐹𝐹𝐹𝐹 =  
𝐹𝐹𝐹𝐹

𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 
                                 (9) 

 

𝑇𝑇𝑇𝑇𝑇𝑇 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
                              (10) 

 

𝐹𝐹𝐹𝐹𝐹𝐹 =  
𝐹𝐹𝐹𝐹

𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 
                              (11) 

 
 

𝐸𝐸𝐸𝐸𝐸𝐸 =  
𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 
                  (12) 

 

𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
                               (13) 

 

 𝐹𝐹1 =  
2

(𝑇𝑇𝑇𝑇𝑇𝑇)−1 + (𝑃𝑃𝑃𝑃𝑃𝑃)−1
                    (14) 

 

where TP = true positive, FP = false positive, TN =true 
negative and FN =false negative. Note that one of the most 
significant parameters for the classification performance is 
F1, which is the harmonic mean of sensitivity and precision, 
thus emphasizing the smaller of the two. Since precision is 
related to the displacement of the decision threshold towards 
the negative result distribution and sensitivity is related to 
threshold displacement for the positive results, F1 is a 
representative indicator of the threshold placement between 
classes.

 



 
Figure 8. a) – d) Plots of T2 vs. Q for each of the 4 classes. e)-f) Zoom for classes 3 and 4 to better visualize the 

differences between the test samples.

Table 3. Mean confusion matrix 

 Observed class 

Pr
ed

ic
te

d 
cl

as
s  <12 12-18.5 18.5-23.4 23.4-28 

<12 10 0.2 1.4 0.4 

12-18.5 0 6.7 0 0 

18.5-23.4 0 0 27.3 0 

23.4-28 0 0 0 18.3 



 

Table 4. Mean statistical parameters, calculated from the confusion matrix 

TPR  =  True Positive Ratio,   FPR = False Positive Ratio, TNR = True Negative Ratio, FNR = False Negative Ratio, Err = Error, PPV = Precision, F1 = F1 score

 

The most interesting and promising results are the low 
misclassification error Err and the high F1 score obtained 
for each class: the SIMCA models have a good prediction 
ability concerning the four classes. The “limit” values (0 and 
1) obtained in some cases from TPR, FPR, TNR, and PPV 
could be explained by the fact that, given the low number of 
test samples and the good general clustering of data, no test 
samples were classified to a wrong class.  

Regarding PLSR, we created a series of models with 
different datasets as input, as already stated in the 
“Preliminary investigations” section. We inspected the 
parameter Root Mean Square Error in Cross-Validation 
(RMSECV), which indicates how closely the models 
predict the measured values: it can have any values starting 
from 0, and the smaller, the better: 0.846 (1.5-14 GHZ) –
0.743 (1.4-6 GHz) for the real component of S11, 0.814 
(1.5-14 GHZ) - 0.835 (1.4-6 GHz) for the imaginary 
component of S11, 0.964 (1.5-14 GHZ) - 0.984 (1.4-6 
GHz). Therefore, as stated in the “Preliminary 
investigations” section, there is no real advantage of using a 
kind of spectrum versus others, and we have chosen VSWR 
for future implementation ease reasons. Fig. 9 shows the 
results of the Cross-Validation for the chosen dataset 
(VSWR, 1.5-14 GHz), where for the purpose, we used N = 
33. For all the X spectra (represented by the blue dots), the 
prediction of the compressive strength was close to the Y 
values (the red line represents the ideal fit between the 
prediction and the observed values). This result is also 
supported by the excellent value of the parameters 
RMSECV, 0.986, and 𝑅𝑅𝐶𝐶𝐶𝐶2 , equal to 0.997.  

 

Figure 9. Predicted vs. observed plot of the PLSR model. 
The blue dots are the compressive strength predicted by 
the model (Y-axis) versus the observed values (X-axis). 
The red line is the bisector, representing the ideal 
prediction 

7. Conclusions 
 

A novel non-invasive approach for concrete resistance 
monitoring during curing time was explored; it consists of 
the acquisition of reflected microwave spectra coupled with  
a statistical predictive model. The technique is based on a 
VNA governed by a PC-based graphical user interface 
coupled with an open waveguide. This system was used to 
acquire a total of 409 VSWR spectra in the frequency range 
from 1.5 to 14 GHz over 28 days: in several frequency sub-
ranges, these spectra present a clear descending trend 
concerning the acquisition time, showing that they contain 
good information about the amount of free water in the 
concrete samples.  First, we divided measurements into 4 
classes thanks to an explorative PCA. At the same time, a 
series of 14 tests for compression resistance was performed 
(7 with the penetrometer and 7 with the universal testing 
machine), and the obtained values were used to link the 
classes to 4 different concrete resistance ranges, up to 28 
MPa. These classified data were the input for two types of 
predictive models: the first one, SIMCA, was able to 
classify new acquisitions in one of the 4 resistance classes, 
whereas the PLSR, applied to a subset of data, predicted the 
precise values of resistance. The statistical results obtained 
from the SIMCA models show a relatively low error of 
misclassification and a high F1 score. Also, the regression 
prediction ability of the PLSR model was good, with a very 
high value of the parameter 𝑅𝑅𝐶𝐶𝐶𝐶2 . For future development, it 
will surely be necessary to test the model accuracy with 
spectra acquired on concrete samples with different 
parameters (water content ratios, components, etc.) and 
under different environmental conditions.  The parameters 
of the acquisition process could be refined in future studies: 
the results show that the most informative region is a subset 
of the one we explored (from 1.5 to 6 GHz). Moreover, other 
reflection parameters than the VSWR, like the phase, the 
impedance, or the simpler S11 parameter (real or 
imaginary), could contain information to predict the 
concrete compressive strength. Finally, regarding 

Class N TPR FPR TNR FNR Err PPV F1 

<12 10 1.00 0.04 0.96 0.00 0.03 0.84 0.91 

12-18.5 7 0.97 0.00 1.00 0.03 0.003 1 0.98 

18.5-23.4 30 0.95 0.00 1.00 0.05 0.02 1 0.97 

23.4-28 19 0.97 0.00 1.00 0.03 0.01 1 0.99 



classification analyses, different classes and resistance 
ranges could be tested to find any accuracy improvements. 
In conclusion, this initial approach is promising for 
developing future autonomous and non-invasive monitoring 
devices for curing time monitoring since the predictive 
models, once developed offline on a dataset, could be easily 

implemented in a microcontroller in real time due to its low 
level of computation: to predict a new compressive strength 
value, 𝑌𝑌�  related to an acquired spectrum, it is sufficient to 
multiply 𝑋𝑋 �  by the coefficient array B (see (10)), resulting in 
a  linear complexity O(K).
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