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Abstract – Moisture content (MC) is the weight of water contained in rice and other grains 
expressed in percent. Accurate MC testing is essential for managing and selling the paddy and rice, 
depending on the marketing goals. Inaccurate MC measurement leads to lower head rice, extra 
drying cost, and a loss of quality, whereas spoilage and harvesting losses if the paddy is harvested 
wetter than necessary. Currently, the assessment of rice MC is based on a sampling and single point 
measurement, and so far, there is no available method for the overall measurement of the MC in a 
rice silo. This research intends to reconstruct a Radio Tomography Imaging (RTI) of the rice MC. 
By using the tomography method, one can assess the rice MC in the whole silo. The efficiency and 
accuracy of the localization of moisture distribution in the rice silo can be investigated by mapping 
the strong and weak received signal strength (RSS), where different colors in the tomogram represent 
the changes in moisture distribution. The mapping of the RSS in terms of RTI tomogram was 
reconstructed by three proposed image reconstruction algorithms which are linear back projection, 
filtered back projection and Gaussian. In this study, eight different phantoms' position and size have 
been tested. The reconstructed images were analyzed using the Mean Structural Similarity Index 
(MSSIM). Gaussian algorithm scored the highest MSSIM index for all phantoms' features. In 
conclusion, this study offered a new finding on the tomography approach to localize the rice MC in 
a whole silo. 
 

Keywords: Gaussian, Moisture content, Radio tomographic, Receive signal strength, Rice 

 

 

1. Introduction 

 

 Developing countries that produce food grain lose large 
quantities of grain annually due to poor storage conditions 
and their circulation after harvest. Many factors may damage 
them, for example, the lack of suitable storage places to 
ensure their protection from spoilage or the lack of a 
complete study on the appropriate storage conditions for the 
grain or both of these conditions. The storage of rice grain is 
a crucial post-harvesting method in agricultural applications 
[1]. Safe storage must be ensured for the rice produced until 
it is needed for consumption, further processing, or 
commercial purposes [2]. 
  Accurate MC testing is essential in managing and 
marketing rice because the rice has different ideal MC 
depending on the purpose for which it is intended. Higher 
MC measurements lead to extra drying costs, loss of quality 
if the rice is over-dried, and weight loss (which losing profit) 
if the rice is sold too dry [5]. But, if the MC is measured too 
low, the grains become brittle and more likely to break. 
  MC measurements have usually been done manually, 

and this is the biggest problem for rice in storage. Being 
inefficient with poorly MC reading leading to inaccurate 
measurement and, in turn, damaging the rice due to excessive 
moisture [6]. Thus, this study aims to design and develop a 
Radio Tomography Imaging (RTI) system for localizing the 
MC in a rice silo. Correlations between multiple radio 
frequency (RF) attenuation information can be gathered and 
analyzed using a tomography method to locate the moisture 
distribution in the silo. Image reconstruction algorithms such 
as Linear Back Projection (LBP), Filtered Back Projection 
(FBP), and Gaussian enable the results to be visualized 
analytically and statistically [7]. This proposed solution can 
benefit the agricultural sector in securing food storage for the 
country and reducing the damage to rice in silos.  

 

2. Literature Overview 

 

A high moisture level during storage can lead to rice 
discoloration, encourage the development of mold, and 
increase the likelihood of attack from pests. Rice must be 
dried to a specific moisture content (MC) depending on the 
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storage period shown in Table 1. 
 

Table 1. MC Depending on the Storage Period [4] 
Storage period Required MC for 

Safe Storage 

Potential problems 

Weeks to a 
few months 

14% or less Mold, discoloration, 
respiration loss, 
insect damage, 

moisture adsorption 

8-12 months 13% or less Insect damage 

storage of 
farmer's seeds 

12% or less Loss of germination 

<1 year 9% or less Loss of germination 

 

 There are several methods of rice moisture detection, 
including the drying technique, resistance technique, 
capacitive technique, microwave technique, electrical 
moisture meter technique, Wi-wheat technique, relative 
humidity [8],[9], smart detector network system technique 
[10],[11], FTIR spectroscopic technique, microwave 
technique [12], microcontroller technique [12], neutron 
technique and radio frequency (RF) technique [13]. Above 
all, the current MC levels of rice are based on sampling and 
individual single point measurement, and there is still no 
overall measurement of MC in a silo available. The 
conventional measurement of the MC will fail due to very 
localized variations and will not represent all of the rice in 
the silo. 
 Our proposed study presented a tomography imaging 
technique that can help localize the moisture inside the rice 
silo. Tomography is the process of obtaining the plane 
sectional image of a three-dimensional object. Previously, 
electromagnetic tomography has been demonstrated to be 
useful in mapping the velocity profile of unknown moisture 
distribution in rice grain, and the correlation forms the basis 
for the rapid determination of the moisture content of rice 
grains electrically [14]. Although it provides reliable 
moisture measurement, it generally lacks spatial resolution. 
 In this study, RF signals are studied and known to have 
some level of sensitivity towards moisture content. This 
characteristic can be exploited to locate the source of the 
moisture in the form of a tomogram (moisture distribution 
map). In order to reconstruct the map, some information 
needs to be collected from the RF sensor nodes configuration, 
data acquisition and suitable image reconstruction algorithm. 
The radio tomography approach thus can give a full spectrum 
of MC locations inside the silo. 
 

3. Model of Radio Tomographic Imaging 

 

 There are 𝑁 sensor nodes deployed around the monitoring 

area. A line-of-sight (LOS) path is established between any 
two sensor nodes, and the total number of links can be 
denoted as 𝑀=𝑁(𝑁−1)/2. When a target phantom exists in 
the monitoring area, the received signal strength (RSS) value 
of the associated links will be changed as defined by 
Equation (1) [15].                                        𝑦 = 𝑊𝑥 + 𝑛                                       (1)  
 

where y denotes the changes of all the links inside the 
network, W is the shadow weight matrix, x is the signal 
fading value, and n represents the noise. 
 When there is a phantom in the imaging area, some links 
will be attenuated, which means that the signal will 
experience significant attenuation, usually up to 4–20 dBm 
[16]. In order to obtain the image of the attenuation when the 
signal travels through the imaging area, the area is divided 
into many square regions of the same size, where each small 
region is called a pixel. Suppose that the total number of 
pixels is N, 𝑥𝑗  is the attenuation when the signal passes 
through the pixel j. Therefore, 𝑦𝑖  can be seen as the weighted 
sum of 𝑥𝑗 as shown in Equation (2) [17],[18].                                        𝑦𝑖 = ∑ 𝑤𝑖𝑗𝑥𝑗 + 𝑛𝑖𝑁

𝑗=1                                 (2)   
 where 𝑤𝑖𝑗 is the weight of pixel j for link i, and 𝑛𝑖  is the 
noise due to the perturbation during the signal transmission. 
Since the attenuation only occurs at the pixels located in the 
LOS path, the weight of pixels that are not in the LOS path 
should be zero. Fig. 1 illustrates a link of the wireless 
network, which is a LOS path. 

 
Fig. 1. A link of the wireless network in a LOS path [18]. 

 

 In order to look more compact, Equation (2) can be 
written in matrix form as: 𝑦 = 𝑊𝑥 + 𝑛  𝑦 = [𝑦1, 𝑦2, 𝑦3, … . . 𝑦𝑀]𝑇  𝑥 = [𝑥1, 𝑥2, 𝑥3, … . . 𝑥𝑁]𝑇  𝑛 = [𝑛1, 𝑛2, 𝑛3, … . . 𝑛𝑀]𝑇  𝑊 = [𝑤𝑖𝑗]𝑀×𝑁 (3) 

 

where y is the shadowing loss vector, W is the weight matrix 
of dimension M×N, x is the pixel vector, and n is the noise 
vector. Then we proposed an ellipse model to determine the 
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weight for each link in the network [17],[19]. For a particular 
link, the transmitting and receiving nodes are located at the 
end of the ellipse area. When the affected pixel is located 
within the ellipse's region, the corresponding weight is 1; 
otherwise, the weight is 0. Considering that the distance 
between two nodes may be different, the weight will be 
normalized by the square root of the distance: 
 𝑤𝑖𝑗 = 1√𝑑𝑖 {1 if 𝑑𝑖𝑗(1) + 𝑑𝑖𝑗(2) < 𝑑𝑖 + 𝛿0 otherwise  (4) 

 

 where δ is the tunable parameter, which we call the ellipse 
parameter, describing the width of the ellipse, 𝑑𝑖   is the 
distance between the two nodes, 𝑑𝑖𝑗(1) and 𝑑𝑖𝑗 (2) are the 
distances between the centre of pixel j and the two nodes, 
respectively, for link i. 
 

4. Radio Tomographic Imaging Setup 

 

4.1 Configuration of RF Nodes 
 

The specification of the mathematical calculations for the 
RTI model is significant as they are the factors of the design, 
which affect the signals transmitted among the RF nodes, 
consequently affected the image reconstruction. When a 
signal from an RF node is emitted, it transmits out 
electromagnetic (EM) waves into free space. They are 
broadly divided into three regions: near field region, Fresnel 
region, and far field region, as shown in Fig. 2. 

 

 
Fig. 2. Near and far field regions of radiating RF nodes 

 

where 𝐷 is the maximum linear dimension between the 

two opposite RF node and 𝜆 is the wavelength of the EM 

waves. The condition that must be met when making 

measurements in the far-field region is that the distance from 

the RF node must be much higher than the size of the nodes 

and the wavelength, λ. If the distance between the adjacent 
nodes is less than 5 cm, it will interfere with the existing 

signals. In this prototype RTI system, the design consists of 

20 transceivers (TRx) nodes mounted equally around the 

silo. The silo has a diameter of 36 cm, and there are 5 cm 

spaces between each node. Fig. 3 a show the single 

projection model for Tx and Rx as a sample from all other 

projections. If node TR01 is designated as a receiver, the 

remaining nodes, numbered TR02 until TR20, are designated 

as transmitters. The full projection for the RTI system is 

shown in Fig.3 b. 

 

 
Fig. 3. a) Model of Single Projection, b) Complete Projection 
of the Measurement. 
 

4.2 Received Signal Strength (RSS) 
 

 In this study, the RSS value of the Wi-Fi signal is reported 
as the wireless signal power received by each receiver, 
represented in dBm. The unit dBm is an absolute number 
constituting the power level in mW (milliwatts). Decibels 
(dBm) are also known as the ratio of RF power, indicating 
the signal level of an electronic device and radio waves. 0 
dBm is equal to 1 mW of output power. As the decibels 
decrease, the value of the output power will also decrease. 
The theory can be expressed using Equation (5) and (6). 𝑃(𝑑𝐵𝑚) = 10 log10 (𝑃(𝑚𝑊)1𝑚𝑊 ) (5) 

  𝑃(𝑚𝑊) = 1𝑚𝑊 ∙ 10𝑃(𝑑𝐵𝑚)10  (6) 

 

This RTI system was designed to use water to differentiate 
the moisture phantom from the dried rice medium. Initially, 
the system was tested to measure the RSS value with an 
empty PVC container. The RSS signal fluctuates almost 
uniformly, with a slight variance. On the other hand, a PVC 
container full of water will show strong fluctuations in the 
signal graph, as shown in Table 2 below. 
 

Table 2. Sensitivity of RSS value vs size of water phantom 

No Diameter of PVC 
container (mm) 

PVC container with 
water (dBm) 

1 19.5 -38.5 

2 25.3 -39.0 

3 32.1 -40.0 

4 46.5 -42.0 

5 58.3 -43.0 

It is observed that even a small volume of water in the PVC 
container can affect the RSS value. This phenomenon proves 
that the RF links are sensitive to the water phantom and that 
sensitivity possibly supports the RTI system to localize the 
moisture distribution inside the monitoring area. 
 

b a 
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4.3 Hardware System Design  

  

 Essentially, process tomography techniques are divided 
into many categories based on the sensory system. Fig. 4 
below shows the structure of the proposed RTI system 
consists of an RF sensor network, the interfacing part for data 
acquisition, and an image reconstruction unit. The 20 RF 
nodes were equally arrayed to transmit and receive the RF 
signals attenuation for data acquisition purposes.  

 The accumulative RSS measurements from each RF 
nodes is used to reconstruct the image of the moisture 
distribution. Finally, the image reconstruction algorithms 
LBP, FBP, and Gaussian are used to analyze and display the 
data as a moisture mapping tomogram. 

 
Fig. 4. Structure of the RTI system 

 

  The RSS data obtained at the AP are send off to the cloud 
by using Message Queue Telemetry Transport (MQTT) 
protocol and Firebase. Firebase is one of the platforms which 
allows user to store and synchronize the data in real-time 
using a cloud-hosted, NoSQL database. 
 

5. Prototype Design  

 

The system’s hardware is designed based on the RF nodes 
transmitting EM waves at a Wi-Fi frequency of 2.4 GHz. The 
2.4 GHz frequency was utilized due to its low-cost 
technology operating in the 802.11 b/g/n ISM band. The 
prototype design is as shown in the following Fig. 5. 
 

 
Fig. 5. The Experimental Setup Conditions 

 

 In this study, RF sensor nodes are signified by ESP8266. 
ESP8266 Serial Transceiver Module ESP-E12 based on 
WSN is proposed to simplify the system’s performance 
[20],[21]. The module supports the standard IEEE 802.11 
b/g/n WLAN communication, with a complete TCP/IP 
protocol stack. Therefore, it provides an unsurpassed ability 
to embed Wi-Fi capabilities within other systems or function 
as a standalone application, with a high integration wireless 
system-on-chip (SOC), cheaper cost and low power-
constrained.  

 

6. Image Reconstruction Algorithm 

 

 The LOS describes the influence that the contents of the 
pixel j have on the measured signal strength of a link i. This 
is a matrix that contained a row for each link and a column 
for each pixel. If the content of a pixel j has influenced a link 
i, according to a signal disruption model, then the entry in 
the weight matrix in row and column is non-zero. Since the 
attenuation only occurs at the pixels located in the LOS path, 
the weight of pixels that are not in the LOS path should be 
zero [21]. The wireless network is modelled as a pixel grid 
of size 𝑖 × 𝑗 . It is essential to know which links are 
intersected by the moisture phantom as that information is 
used to determine moisture distribution mapping within the 
monitored rice silo. 
 

6.1 Linear Back Projection Algorithm (LBP) 
 

 In general, the LBP algorithm is identified by multiplying 
the corresponding sensor loss reading from each sensor node 
with its computed sensitivity maps. The modelled sensitivity 
matrices are used to represent the image plane for each view. 
Then, the same elements in this matrix are summed to 
provide the back-projected signal distributions, and finally, 
these signal distributions will be represented by the color 
level (color pixels). This process can be expressed 
mathematically as Equation (7). 
 𝐺𝐿𝐵𝑃(𝑥, 𝑦) = ∑ ∑ 𝑆𝑇𝑥,𝑅𝑥 × 𝑀𝑇𝑥,𝑅𝑥(𝑥, 𝑦)20

𝑅𝑥=1
20

𝑇𝑥=1  (7) 

 

Where: 
         𝑆𝑇𝑥,𝑅𝑥 = 𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛  
         𝑀𝑇𝑥,𝑅𝑥 = 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑚𝑎𝑝𝑠  

 

6.2 Filtered Back Projection Algorithm (FBP) 
 

 FBP is one of the analytical approaches for image 
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reconstruction algorithms used in different tomography 
fields that can remove noise using a filter matrix. Filter 
matrix is the matrix with a similar dimension as the 
sensitivity matrix in the LBP algorithm and can be expressed 
mathematically as in Equation (8). The filter is generated 
from the sensitivity matrix by finding the highest pixel value. 𝐹 (𝑥, 𝑦) = 𝑃𝑚𝑎𝑥𝑊𝑛  (8) 

  

where the maximum pixel value in the weight balanced map 𝑃𝑚𝑎𝑥, is divided by the weight balanced map, 𝑊𝑛 to obtain 
the filter matrix, F(x,y). 𝐺𝐹𝐵𝑃(𝑥, 𝑦) = 𝐹(𝑥, 𝑦) × 𝐺𝐿𝐵𝑃(𝑥, 𝑦) (9) 

 

where 𝐺𝐹𝐵𝑃(𝑥, 𝑦) is the FBP algorithm, 𝐺𝐿𝐵𝑃(𝑥, 𝑦)  is the 
LBP algorithm, and F(x,y) is the filter matrix 

 

6.3 Gaussian Algorithm 

 

 Besides that, we recommended the image reconstruction 
technique to include the Gaussian model as an alternative to 
the ellipse model [22]. It is assumed that the distribution of 
environmental noise, including multipath interference, fits 
(reasonably well) to a standard or Gaussian distribution. The 
model is based on the log-distance path loss model, one of 
many radio signal propagation models [23]. The log-distance 
path loss model is defined in Equation (10). 
 𝑓(𝑥) = 𝛼𝑒(𝑥−𝜇)22𝜎2  (10) 

 

 In the above equation, α is the height of the curve's peak, 
μ is the location of the peak's centre, and σ is the standard 
deviation that controls the width of the top of the curve. 
These parameters are well depicted in Fig. 6, along with a 
plot of the Gaussian function for 𝛼 = 1, 𝜇 = 0, and 𝜎 = 0.5. 
The variable σ determines the two points of the curve at 𝑥 =𝜇 − 𝜎 and 𝑥 = 𝜇 + 𝜎.  

 

 
Fig. 6. Gaussian function model. 

 

 The Gaussian model makes use of the Gaussian function 
to assign weights for the pixels.  

 The idea is to give the most weight to the pixels of 
the LOS path and less weight to pixels that are farther away, 
depending on their distance from the LOS path. To achieve 
this objective, we specifically use a Gaussian function with 𝛼 = 1  and 𝜇 = 0  where the best sigma, 𝜎 = 0.7 , as this 
value ensures that the pixels on the LOS path get that highest 
weight (as their distance to the LOS path is zero or very close 
to zero). The sigma parameter, σ may be tuned as, in practice, 
to select the most suitable value. 

The weight 𝑊𝑙,𝑝 of a link 𝑙 and a pixel, 𝑝 is determined 

by Equation (11), in which 𝑑𝑙,𝑝 is the length of a link l and 
dl is the sum of the distances from the centre of pixel 𝑝 to 
the endpoint of the link l. 
 

 

 The Gaussian model assigns the weights for a link. Pixels 
on the LOS path has the most weight since 𝑑𝑙,𝑝 − 𝑑𝑙 ≈ 0 and 

the Gaussian function then assigns 𝑊𝑙,𝑝 ≈ 1 . The farther 
away the pixels are from the LOS path, the less weight they 
are assigned, as the value of the Gaussian function quickly 
decreases when 𝑥 = 𝑑𝑙,𝑝 − 𝑑𝑙 increases. 
 

7. Experiment Design 

 

 Analysis has been directed to research the hypothesis of 
radio tomography image. 20 RF nodes with a peer-to-peer 
network were deployed at the periphery of the rice silo. The 
data sampling size at each RF node is 100 samples for an 
experiment. Each experiment had 380 links for a complete 
cycle of 20 RF nodes. The silo weight is 20 kg, and the height 
is 36 cm. To evaluate the feasibility of using the RTI system 
in moisture content localization, we conduct an experimental 
study on several different positions and sizes of moisture 
content phantoms.  

 The strong and weak RSS values displayed in the 
tomogram differentiates the changes in RSS readings. When 
RSS decreases the moisture content at a high level, and when 
RSS increases the moisture content at a low level. This is 
because RF signal loss occurred more frequently when the 
moisture content changes since the interference can prevent 
signals from reaching the receiver node.  

 Finally, the evaluation on the reconstructed images using 
similarity index error is done to compare the reconstructed 
images to the real phantom in order to assess the percentage 
of similarity of images by reference to the real phantoms.  

 The calibration of the RTI system was done in two 
conditions. Firstly, the RSS value was measured when the 
silo was empty, and the second, when the silo was filled with 
dried rice at 16.5% MC without any existing phantom, as 

𝑊𝑙,𝑝 = 𝑒−(𝑑𝑙,𝑝−𝑑𝑙)22𝜎2  
(11) 

𝑓(𝑥)  

𝑥 
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shown in Fig. 7. When the silo was empty, the average RSS 
value recorded was in the range of −23 x − 26dBm, whereas 
when the silo was empty, the range of the RSS value was −36 "𝑥" − 38dBm as shown in Fig. 7. 
 

 
Fig. 7. Range of RSS values for empty and rice silo. 
  

 Figure 8 below shows the RSS values when there is a 
moisture phantom existed inside the rice silo. The RSS value 
is ranging from −38 x − 60 dBm. Hence, within this range, 
the RTI identifies a change in moisture content inside the silo. 
The nodes affected due to the existing phantom are TR07, 
TR08, and TR09, as illustrated in Fig. 9. The rest of the nodes 
were not affected because the phantom location did not 
obstruct the transmission links. 
 

 
Fig. 8. Rice silo with one moisture phantom 

 

 
Fig. 9. Range of RSS values for rice silo with one moisture 
phantom 

  

 Figure 10 below shows the RSS values when there are two 

moisture phantoms existed inside the rice silo. It is observed 
that the range of RSS value almost the same compared to the 
condition when only one phantom existed. The nodes 
affected due to the phantoms are TR07, TR08, TR09, and 
TR13, TR14, TR15, as illustrated in Fig. 11. The rest of the 
nodes were not affected because the phantom location did 
not obstruct the transmission links. 
 

 
Fig. 10. Rice silo with two moisture phantoms 

 

 
Fig. 11. Range of RSS values for rice silo with two moisture 
phantoms 

 

8. Experiment Results and Discussions  

 

8.1 Image Reconstruction Analysis  

 

A tomography reconstruction algorithm helps to 
reconstruct the cross-sectional image of the internal object's 
structure. In this study, the image reconstruction technique 
used MATLAB regularization to form the tomogram. The 
algorithms applied in the system were the LBP, FBP, and 
Gaussian. Then, the quality of the reconstructed images was 
evaluated based on the MSSIM image quality assessment in 
order to conclude the outcomes of the proposed RTI system. 

Since the moisture inside a silo is unevenly distributed, 
this initial study has suggested several phantoms purposely 
to test and evaluate the system's feasibility. The various 
proposed phantoms' size and position remarked as A, B, C, 
and D are shown in Table 3. 
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Table 3. Image reconstruction results in 2d view of phantoms.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

8.2 Mean Structural Similarity Index (MSSIM) Analysis 

 The Mean Structural Similarity Index (MSSIM) 

evaluation is an effective technique to measure an image 

quality approximated to its actual structural information. 

There are numbers of researchers that used MSSIM 

assessment in their study [24]-[25].   

 Table 4 below noted the MSSIM indexes computed on the 

reconstructed images of phantoms A, B, C, and D. Based on 

Table 4, we observed that the Gaussian algorithm gives the 

highest MSSIM index for overall phantoms' size and position. 

Gaussian algorithm recorded the highest and lowest MSSIM 

indexes for phantom D, 0.7362 and A, 0.5314, respectively. 

For the LBP algorithm, phantom D also offers the highest 

MSSIM index at 0.7350and the lowest index at 0.5303 by 

phantom A. Lastly, the FBP algorithm recorded the highest 

and lowest MSSIM indexes for phantom D, 0.7123 and A, 

0.5243, respectively. 

 

Table 4. MSSIM indexes computed on reconstructed Images 
of experimental study 

 

  

 

Therefore, it appeared that the Gaussian algorithm 

reconstructs the best moisture distribution mapping 

technique, followed by FBP and LBP algorithms. The 

improvements achieved by the Gaussian approach are as 

shown in Table 5, where the minimum percentage 

improvement is 0.16% for phantom I and the most 

significant improvement is 8.93% for phantom B. 

 

Table 5. The caption must be followed by the table 

 

9. Conclusion 

 

 An RTI system for moisture content localization has been 
successfully experimentally tested. 20 RF nodes were used 
as the sensory system to localize the moisture distribution 
inside the rice silo. four proposed phantoms at different 
positions and sizes have been tested to reconstruct 
tomography imaging. The measurements of the RSS value at 
each node were collected and processed by three proposed 
image reconstruction algorithms. At the end of the study, the 

Phantom Real Image LBP FBP Gaussian 

A 

    

B 

    

C 

    

D 

    

Phantom Gaussian 

A 0.21 

B 2.68 

C 1.79 

D 0.16 

Phantom LBP FBP Gaussian 

A 0.5303 0.5243 0.5314 
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feasibility of the system's performance was evaluated by 
using an image quality assessment, MSSIM Index. 
 Among the three proposed image reconstruction 
algorithms, the Gaussian approach seems to be the most 
reliable option for reconstructing images of the moisture 
distribution inside the rice silo, since Gaussian algorithm 
scored the highest MSSIM index for overall phantoms 
proposed. 
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