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Abstract: Timely detection and treatment of moisture anomalous regions in grain storage facilities is 

crucial for preventing mold growth, germination, and pest infestation. To locate these regions, this 

paper presents a novel anomalous moisture region localization algorithm based on the delay-

multiply-and-sum (DMAS) beamforming techniques, including the design of an effective spatial 

arrangement of electromagnetic wave transmitters and receivers, along with comprehensive testing 

of detectable regions and experimental validation of anomaly localization across varying moisture 

levels and positions within grain piles. Following initial localization using the proposed algorithm, 

the study introduces a reliability assessment method for unknown samples based on comparing the 

region of maximum response intensity with that of maximum connected domain volume. The system 

demonstrated successful localization of a 7 cm × 7 cm × 7 cm region with 15.4% moisture content 

within a cubic experimental bin containing 10.5% moisture content long-grained rice, achieving an 

average recall accuracy exceeding 50%. The proposed method presents rapid detection capabilities 

and precise localization, showing potential for moisture content evaluation of anomalous regions and 

practical applications in grain storage monitoring systems.  

Keywords: moisture detection; grain; electromagnetic wave; anomaly localization; delay multiply 

and sum algorithms 

 

1. Introduction 

Grain storage systems are crucial for ensuring food security. However, global grain storage 

losses amount to approximately 8% annually, with even more substantial losses among dispersed 

rural households due to inadequate storage conditions. Storage losses are primarily influenced by 

two factors: moisture and temperature. Moisture impact is particularly significant, as excessive 

moisture can lead to localized hotspots (deteriorating regions with elevated temperature and 

moisture) within storage facilities. These conditions trigger multiple issues including seed 

germination, mold growth, and pest infestation [1]. Currently, effective methods for timely detection 

of these anomalies in deep grain storage areas remain lacking. 

In-situ moisture detection techniques for grain piles primarily include conventional sensors 

(temperature, moisture, or chemical sensors) [2,3], near-infrared moisture measurement [4], acoustic 

temperature detection, and microwave scattering methods [5]. The first three approaches share a 

common limitation: shallow detection depth. This constraint arises from two main factors: 1) grain’s 

excellent thermal insulation properties, which limit sensor sensitivity to nearby grain only; and 2) 

limited penetration capabilities of near-infrared and acoustic methods, restricting their application to 

surface-level detection. These limitations make it difficult to detect hotspots in deep grain layers. In 
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contrast, microwave-based methods show promising potential for deep-layer hotspot detection, 

primarily due to microwaves’ superior penetration capability. 

Current microwave-based methods for detecting moisture anomalies in grain piles primarily 

comprise two approaches: electromagnetic imaging reconstruction [6–11] and electromagnetic wave 

reflection analysis [12–14]. For instance, Joe LoVetri et al. [7,8] at the University of Manitoba applied 

electromagnetic imaging to grain inspection, developing a finite element contrast source inversion 

(FEM-CSI) method and designing thin coaxial semi-circular antennas for hotspot detection in 

industrial-scale grain silos. However, significant challenges persist. Methods using Maxwell’s 

equations to describe microwave scattering phenomena face inherent complexities [15], including 

solution non-uniqueness due to non-radiating currents; non-linearity associated with multiple 

scattering effects; ill-conditioned problems and high computational costs [16].These challenges can 

result in processing times of several hours and potential artifacts. Additionally, Lian et al. [17] applied 

ground-penetrating radar for hotspots detection in flat warehouses but achieved poor results in 

cylindrical silos of 20-30 m depth. External detection was also severely compromised by complex 

internal structures. 

Despite microwaves’ strong penetration capability, electromagnetic reflection methods for 

moisture assessment typically achieve only shallow detection depths [12,14]. For example, Zhang et 

al. [12] developed an open-ended coaxial wave-guide sensor for direct insertion into grain piles for 

moisture measurement. However, this sampling-based approach has significant limitations: it may 

miss anomalies when multiple irregular regions exist, and it proves ineffective for detecting deep-

layer anomalies within grain piles. 

In summary, deep-layer moisture anomaly detection in grain piles faces multiple challenges, 

including artifacts, slow computation speeds, limited detection depth, and susceptibility to external 

interference. Beyond the aforementioned methods, digital beamforming offers an alternative 

approach to electromagnetic imaging. As a readily implementable and rapid imaging technique, 

digital beamforming has been successfully applied in radar systems, sonar systems, seismological 

research, and medical imaging [18–20]. This paper presented a novel application of digital 

beamforming technology [21] to grain moisture detection, employing the delay-multiply-and-sum 

(DMAS) algorithm [20,22] for rapid localization of moisture anomalies in grain piles. This approach 

offered distinct advantages: rapid detection speed and accurate positioning, demonstrating 

significant potential for grain monitoring applications. 

This study employed long-grained rice as the test subject, which, after drying, exhibited a 

moisture content of approximately 10.5%. Generally, moisture levels exceeding 5% above that of 

dried grain were considered abnormal and unsuitable for long-term storage. Therefore, the primary 

objective of this research was to locate regions with moisture content greater than 15% within a cubic 

experimental bin containing long-grained rice dried to 10.5% moisture content. This localization 

aimed to facilitate subsequent treatment and prevent grain deterioration. The remainder of this paper 

was organized as follows: Section 2 presented the detection system based on electromagnetic wave 

DMAS beamforming techniques, the fundamental principles of DMAS and the algorithm for 

localizing abnormal moisture regions within grain piles. Section 3 showed the impact of 

electromagnetic transmitter and receiver layouts on the detection area’s resolution capability and 

determination of the detectable region. Section 4 discussed the method for assessing the reliability of 

localization results and localization tests for areas with 15.4% abnormal moisture content within the 

grain pile. Section 5 provided a conclusion and insights into potential future research directions. 

2. Materials and Methods 

2.1. Experimental Setup of a Detection System for Anomalous Moisture Region in Grain Piles 

Multiple grain samples with moisture content exceeding 15.0% were prepared for this 

experiment. These anomalous samples were placed in acrylic cubic containers of varying volumes. 

Dry grain was placed in a 0.4 m × 0.4 m × 0.4 m cubic experimental bin, with the moisture-anomalous 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 April 2025 doi:10.20944/preprints202504.0336.v1

https://doi.org/10.20944/preprints202504.0336.v1


 3 of 17 

 

samples positioned at arbitrary locations within the bin. Patch antennas were uniformly distributed 

on all four side walls, with the most effective arrangement of this paper shown in Figure 1 (the impact 

of different transmitter and receiver layouts on detection area resolution is discussed in Section 3.1). 

These antennas serve as both electromagnetic wave transmitters and receivers. For precise 

localization, antennas on two side walls were designated as transmitters, while those on the 

remaining walls functioned as receivers. This study employed ultra-wideband electromagnetic 

waves with a frequency range of 2-3 GHz. 

 

Figure 1. Detection system for detecting anomalous moisture regions in the grain pile and the data acquisition 

and processing unit. Red arrows indicate electromagnetic wave emission, while blue arrows represent the 

reception of electromagnetic waves containing information about hotspots (areas of anomalous grain moisture). 

The data acquisition and processing unit comprised the following components and 

functionalities: radio frequency (RF) switches were employed to selectively connect electromagnetic 

wave transmission channels; A micro-controller served as the control circuit, working in conjunction 

with a host computer to coordinate the channel switching of the RF switches; A vector network 

analyzer (VNA), operating through the RF switches, was utilized to collect electromagnetic field data; 

A master control computer managed the vector network analyzer to acquire data for subsequent 

processing. This system operated by controlling the emission and reception of electromagnetic 

waves, collecting electromagnetic field data that contained information about moisture anomalies. 

The master control computer then processed and analyzed this data. 

2.2. Principle of DMAS-based Localization Method for Anomalous Moisture Region in Grain Piles 

This paper employed a digital beamforming technique based on DMAS algorithm to localize 

regions of anomalous moisture content within the grain pile. Data acquisition was performed using 

an extended multi-static approach: N transmitting antennas in the antenna array emitted signals in 

succession, while the scattered signals were received by all M receiving antennas. Upon completion 

of the transmission cycle by all elements, a total of N × M scattered signals were recorded. 

To enhance detection accuracy, this experiment necessitated the reduction of environmental 

interference, as its amplitude significantly exceeded that of the response from anomalous regions. 

Consequently, we proposed a calibration method for scattered field data 𝑦𝑠𝑐𝑡. The scattered field 

data collected under conditions of completely dry grain was utilized as background data 𝑦𝑖𝑛𝑐. Thus, 

the calibrated scattered field data could be expressed as: 𝑦𝑠𝑐𝑡 = 𝑦𝑖𝑛𝑐 − 𝑦𝑒𝑛𝑣. This calibration method 

was readily implementable, as the condition of completely dry grain could be conveniently achieved 

and maintained for reference measurements. 

The algorithm principle is as follows: First, calculate the round-trip path length from each 

transmitting antenna to a focal point in the grain and then to the receiving antenna, converting this 

to a time delay. The calculation considers all media traversed during the round trip, computing signal 

propagation velocity in each medium by assuming the relative dielectric constant at the excitation 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 April 2025 doi:10.20944/preprints202504.0336.v1

https://doi.org/10.20944/preprints202504.0336.v1


 4 of 17 

 

pulse’s center frequency. Time shifts are applied to the processed scattered signals based on the 

calculated time delays, followed by paired multiplication and summation, with the output as 𝑦∗(𝑡). 

Finally, the focal point response 𝑟(𝑖) is obtained by integrating over a time window 𝑊 [22]: 

𝑟(𝑖) = ∫ 𝑦∗(𝑡)
𝑊

0

𝑑𝑡. (1) 

The time window 𝑊 = 𝑎𝛥𝑡, where a represents the number of time steps in the finite difference 

time domain (FDTD) method. The paired multiplication refers to the calculation of spatial cross-

correlation between all received signals. Specifically, this is achieved by computing the signed 

geometric mean values between two adjacent signals, which is equivalent to a new signal. 

Subsequently, all equivalent signals are summed, resulting in the following expression [22]:  

𝑦∗(𝑡) = ∑ ∑ 𝑠

𝑁×𝑀

𝑗=𝑖+1

𝑁×𝑀−1

𝑖=1

𝑖𝑔𝑛 (𝑦𝑖
𝑠𝑐𝑡(𝑡)𝑦𝑗

𝑠𝑐𝑡(𝑡)) × √|𝑦𝑖
𝑠𝑐𝑡(𝑡)𝑦𝑗

𝑠𝑐𝑡(𝑡)|. (2) 

2.3. Anomalous Moisture Region Localization Algorithm 

The grain pile anomalous moisture region localization algorithm developed in this paper was 

designed to locate a single anomalous moisture region. It was important to note that the full width at 

half maximum (FWHM) method, commonly used in tumor detection, could not be directly applied 

to identify the region with the maximum value as the anomalous moisture area in grain piles. This 

was because the response from normal regions (10.5% moisture content grain) and anomalous 

regions (>15% moisture content grain) did not differ significantly, especially for grain with 15% 

moisture content. The signal-to-mean ratio (SMR) (Equation 3) for such cases only differed by 

approximately 10 (refer to Sections 4.1 and 4.2). In this experiment, smaller maximum values were 

particularly susceptible to misidentification due to interference. Additionally, there was no definitive 

solution for determining what percentage of the maximum value should be classified as an 

anomalous region in grain-related applications. Finally, when using the recall method (Equation 8) 

to evaluate localization accuracy, it was necessary to provide the actual target object size. Therefore, 

the size of the anomalous region to be detected was predetermined. The specific process was 

illustrated in Figure 2. 

 

Figure 2. Flow chart of the grain pile anomalous moisture region localization algorithm. In the hotspot 

localization result image, the red voxels represent the localization result, while the yellow frame indicates the 
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actual anomalous region, the bottom is a cross-sectional view of the focal point responses at z=0. No further 

explanation will be provided hereafter. 

The set of points within the grain pile region 𝑃 = {𝑝(1)𝑝(2), . . . 𝑝(𝑛)} . The corresponding 

response values 𝑟(𝑖) of 𝑝(𝑖) have been calculated according to Equations 1 and 2. To facilitate a 

more intuitive analysis and comparison of the data, as well as to eliminate environmental interference, 

the response value of each point 𝑟(𝑖) is converted to its corresponding SMR value 𝑟̂(𝑖). This is 

accomplished by dividing 𝑟(𝑖) by the average response value of the entire region: 

𝑟̂(𝑖) =
𝑟(𝑖)

1
𝑛

∑ 𝑟𝑛
𝑖=1 (𝑖)

. (3) 

Anomalous regions typically correspond to higher SMR values. To identify these areas, this 

study employed a two-stage localization process: preliminary and secondary localization. 

The objective of preliminary localization is to identify regions with rapid SMR decline. It is 

noteworthy that extensive experimental testing has revealed these regions may include both 

anomalous and normal areas due to interference (refer to Figure 11), particularly when grain moisture 

anomalies are low, intensifying the interference. The computational method involves sorting spatial 

points in descending order, followed by smoothing to obtain 𝑟̃(𝑖): 

𝑟̃(𝑖) = 𝑆𝑚𝑜𝑜𝑡ℎ (𝑆𝑜𝑟𝑡𝐷𝑒𝑠𝑐(𝑟̂(𝑖))). (4) 

Subsequently, the rate of descent between adjacent points is calculated. A slope threshold 𝜃 is 

established, which is used to determine the corresponding response intensity threshold. Regions 

exceeding this response intensity threshold 𝑝𝑜𝑢𝑡𝑝𝑢𝑡1 are then extracted for further analysis: 

𝑝𝑜𝑢𝑡𝑝𝑢𝑡1 = {𝑝(𝑖): 𝑖 ≤ max {𝑗:
𝑟̃(𝑗) − 𝑟̃(𝑗 + 1)

𝑑𝑗
> 𝜃}. (5) 

The slope threshold 𝜃 is an empirical value. Extensive experimental testing has demonstrated 

that, given a constant volume of the anomalous region, an increase in grain moisture content 

corresponds to an increase in the number of points displayed. The aim is to localize grain with 15% 

anomalous moisture content (𝜃 ≈ 0.01). Consequently, when measuring grain with other moisture 

contents, the region obtained after preliminary localization is typically much larger than the actual 

volume of the anomalous region. 

Due to the emergence of sporadic interference regions with strong responses, this paper 

implemented a secondary localization process to identify the actual anomalous regions. To counteract 

strong external interference, in addition to calculating the region containing the maximum value 

within these connected domains 𝐷max , a method for determining the region with the maximum 

volume 𝐷𝑣𝑜𝑙  was introduced. When moisture differences are substantial, resulting in strong 

responses, 𝐷max and 𝐷𝑣𝑜𝑙 yield consistent results. However, when responses are weak, the minimal 

difference between the maximum value and other values increases the likelihood of 𝐷max 

misclassification. During experimentation, discrepancies between 𝐷max and 𝐷𝑣𝑜𝑙 frequently arose 

when the SMR of the anomalous region was approximately 10. Nevertheless, experimental evidence 

suggests a high probability that the anomalous region is located within the merged area of these two 

methods: 

𝑝2 = 𝐷max ∪ 𝐷𝑣𝑜𝑙 , ({𝐷max, 𝐷𝑣𝑜𝑙} ⊆ 𝑝𝑜𝑢𝑡𝑝𝑢𝑡𝑙), (6) 

where the value of each point within 𝑝2 is 𝑟2(𝑖). Finally, the responses within 𝑝2 are arranged in 

descending order. Based on the predetermined volume of the area to be detected, the strongly 

responsive points corresponding to this volume size are: 

𝑝𝑜𝑢𝑡𝑝𝑢𝑡2 = {𝑝2(j): j ≤ VN and j ∈ 𝑆𝑜𝑟𝑡𝐷𝑒𝑠𝑐(𝑟2(𝑖))}, (7) 

where, VN represents the number of voxels occupied by the region, calculated based on the volume 

of the area to be detected and the spatial resolution. 
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To evaluate the accuracy of the localization of anomalous moisture regions in grain piles, this 

paper proposed the use of the recall method, commonly employed in the field of image segmentation 

[23,24]. Let A represent the actual region and B represent the predicted region. The recall is defined 

as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝐴 ∩ 𝐵

𝐴
. (8) 

When calculating the recall, if 𝐷max and 𝐷𝑣𝑜𝑙 are not in the same region, the recall value tends 

to be relatively low, indicating a decrease in the reliability of the results. To address this issue, this 

paper proposed a method for assessing the reliability of localization results for unknown samples. If 

𝐷max = 𝐷𝑣𝑜𝑙 , it typically indicates that the SMR value of the anomalous region is relatively high, and 

the calculated recall value is also high, suggesting high reliability of the localization results. 

Conversely, if they are not equal, it implies a decrease in the reliability of the results. However, it is 

crucial to understand that a decrease in reliability does not necessarily mean the localization result is 

entirely incorrect. It may indicate a reduction in localization accuracy, as explained in Section 4.1 of 

this study. 

3. Results 

3.1. Limited Resolution Capability of Detection Area Affected by Electromagnetic Transmitter and Receiver Layout 

To suppress clutter and enhance anomalous region responses, this paper employed a method 

similar to multi-static approaches, increasing the quantity of sampling data. This technique aimed to 

achieve reliable detection in reconstructed images through additional clutter suppression and 

anomaly enhancement. The experiment explored how to obtain reliable detection results using fewer 

sampling data. For cubic experimental bins, detectors needed the capability to resolve moisture 

anomalies along the x, y, and z axes. 

This paper evaluated several electromagnetic transmitter and receiver layout methods. A 7 cm 

× 7 cm × 7 cm acrylic cubic container filled with grain samples of varying moisture content was used. 

The localization results of moisture anomalies in the grain pile were as follows: 

3.1.1. Comparison of “Single-layer” and “Double-layer” Layouts 

Figure 3(a)(b) clearly demonstrated that the “single-layer” layout was unable to obtain height 

information. With only 9 sets of sampling data, accurate localization was not possible, resulting in 

erroneous localization areas. However, the detector exhibited a preliminary capability to distinguish 

anomalous regions. By increasing sampling data along the z-axis, as shown in Figure 3(c)(d), the 

“double-layer” layout achieved a degree of z-axis resolution. This increase in sample size 

significantly enhanced prediction capability, potentially eliminating prediction errors. 

  

(a) (b) 
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Figure 3. Results using 19% moisture content grain. (a) “Single-layer” layout along the z-axis; (b) Hotspot 

localization results for the “single-layer” layout, showing lower response intensity and inability to obtain height 

information, resulting in localization errors; (c) “Double-layer” layout along the z-axis; (d) Hotspot localization 

results for the “double-layer” layout, demonstrating enhanced response intensity and improved anomaly 

resolution capability along the z-axis, but poor resolution capability along the y-axis. The red boxes in the layout 

diagrams indicated the currently detectable areas (analyzed and explained in Sections 3.2 and 3.3). 

Comparing the SMR between single and double layers, as illustrated in Figure 4, revealed that 

increasing the sample size enhanced the response to anomalous regions. When the SMR fell below 

10, prediction capability decreased, and external interference increased. Therefore, in this experiment, 

to improve prediction accuracy, efforts were made to ensure the SMR of anomalous regions reached 

or exceeded 10. 

 

Figure 4. Comparison of SMR values for “single-layer” and “double-layer” layouts. The SMR values for the 

“double-layer” layout were higher than those for the “single-layer” layout. When the SMR fell below 10, 

localization accuracy decreased, resulting in erroneous regions as shown in Figure 3(b). 

3.1.2.“. Fan-Shaped” Layout 

The “fan-shaped” layout was an intuitive arrangement initially considered. The ultimate goal 

was to develop a detector capable of resolving moisture anomalies in grain piles along the x, y, and 

z axes. However, as evident from Figure 5, the “fan-shaped” layout clearly lacked resolution 

capability along the y-axis. Although the regions near the transmitter, where electromagnetic field 

channels were dense, allowed for more accurate localization, the y-axis resolution deteriorated 

 

 
(c) (d) 
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significantly at greater distances from the transmitter. This resulted in elongated voxel 

representations of the anomalous regions in the localization results. Given these limitations, it became 

necessary to improve the transmitter layout to achieve the desired resolution capabilities across all 

three axes. 

Figure 5. Results using 19% moisture content grain. (a) The “fan-shaped” layout configuration; (b) Hotspot 

localization results near the transmitter (x-axis); (c) Hotspot localization results far from the transmitter (x-axis). 

Near the x-axis, the layout demonstrated resolution capability in both x and y directions. However, at greater 

distances from the x-axis, while x-axis resolution was maintained, y-axis resolution decreased significantly. The 

predicted hotspot regions appeared “elongated” and were inaccurately positioned along the y-axis, showing a 

shift towards the x-axis. 

3.1.3.“Cross-shaped” Layout 

In Figure 6, each face utilized 3 transmitters or 6 receivers. This configuration aimed to reduce 

costs and accelerate computation speed by minimizing the number of transmitters and receivers. 

Additionally, the double-layer arrangement of receivers was implemented to achieve z-axis 

resolution capability. 

The experimental results aligned with expectations: The three-row transmitter or receiver 

arrangement along the x-axis provided resolution capability only in the x-direction. Similarly, the 

three-row arrangement along the y-axis yielded resolution capability only in the y-direction. When 

these two layout methods were combined, as shown in Figure 6(e), the two elongated prediction 

areas overlapped at the hotspot. This combination resulted in resolution capability in both x and y 

directions. 

 
 

(a) (b) 

 

 

 

 

(c)  
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Figure 6. Results using 15.4% moisture content grain. (a) X-axis transmitter layout; (b) This layout demonstrated 

resolution capability only along the x-axis. The voxel representation of the anomalous region was elongated in 

the y-axis direction; (c) Y-axis transmitter layout; (d) This configuration showed resolution capability only along 

the y-axis. The voxel representation of the anomalous region was elongated in the x-axis direction; (e) “Cross-

shaped” layout; (f) This arrangement resulted in a “cross-shaped” hotspot, successfully localizing the anomaly 

with resolution capability in both x and y directions. 

 

 

 

(a) (b) 

 

 

 
(c) (d) 

 

 
(e) (f) 
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3.2. Artifactual Regions 

In Figure 7, the vertical spacing between the upper and lower layers of receivers was 10 cm. At 

this distance, the signals received by the two layers were approximately similar, which led to the 

emergence of artifacts. Based on the analysis in the previous section, this study concluded that to 

achieve z-axis resolution capability, at least three rows of transmitters or receivers should be arranged 

along the z-axis, similar to the arrangement in the x and y directions. Consequently, the measurable 

area for the layout method shown in Figure 6(e) was limited to the region within the red box. 

Figure 7. Results using 17.7% moisture content grain. (a) The layout method that previously achieved accurate 

localization (as shown in Figure 6(e)) was employed. The blue boxed area indicated regions where artifacts 

appeared; (b) When the calculation area was expanded to include the blue boxed region, artifacts emerged at 

the bottom of the expanded area. 

To enhance the signal difference between the two receiver layers, this experiment increased the 

vertical distance between them. The test results, as shown in Figure 8, revealed that while symmetrical 

artifacts were not observed, the z-axis resolution capability remained poor due to insufficient z-axis 

sampling data. This outcome aligned with the analysis from the previous section. Furthermore, the 

increased electromagnetic wave propagation distance enhanced the differentiation between the data 

received by the two antenna layers. However, the lower layer of receivers still detected the anomalous 

region above, resulting in a small number of anomalous points at lower positions. 

 

 

 

(a) (b) 

 
 

(a) (b) 
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Figure 8. Results using 17.5% moisture content grain. (a) The layout from Figure 6(e) was modified by increasing 

the vertical distance between the upper and lower layers of receivers; (b), (c), and (d) showed localization results 

for three different positions. While this modification expanded the detection range, it did not significantly 

improve the z-axis resolution capability. Instead, the response intensity decreased, making the system more 

susceptible to external interference and potentially reducing localization accuracy. 

3.3. Detection of Blind Spots 

The SMR values and detectability of grain moisture anomalies varied depending on their 

location within the experimental storage. As shown in Figure 9, the detectable area (indicated by the 

red box) was smaller than the entire experimental storage, with areas outside the red box constituting 

detection blind spots. To enhance the response and improve accuracy, it was determined that 

increasing the number of electromagnetic field channels passing through the anomalous region 

would be beneficial. 
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Figure 9. Results using 19% moisture content grain. (a) A top view of the layout from Figure 6(e) was shown, 

with localization performed for hotspot areas in three different positions. (b), (c), and (d) displayed the 

localization results for positions #1, #2, and #3, respectively. Only position #3 was predicted accurately. Position 

#2 showed relatively low prediction accuracy, while the prediction for position #1 was entirely incorrect. 

Consequently, the area capable of accurate prediction was limited to the region within the red box. 

4. Discussion 

4.1. Reliability of Localization Results for Unknown Samples 

This paper extensively demonstrated, as shown in Figure 2, that the reliability of results for 

unknown samples could be determined based on comparing the region of maximum response 

intensity 𝐷max with that of maximum connected domain volume 𝐷𝑣𝑜𝑙. This validation process was 

deemed necessary because preliminary localization always produced results, regardless of whether 

the actual moisture anomaly in the grain pile was successfully located. Therefore, further evaluation 

of the detection results was required. Figure 9 presented three different types of localization results. 

Consequently, their SMR values were plotted for analysis to assess the reliability of each result. 

As illustrated by position #3 in Figure 10, when the response from the anomalous location was 

significantly higher than other areas, accurate localization of the true region was achieved. However, 

as demonstrated by positions #1 and #2 in Figure 10, when the difference in response between the 

anomalous location and normal areas decreased, the prediction accuracy diminished, resulting in 

either low accuracy or completely erroneous predictions. 

Extensive experimental results, exemplified in Figure 11, demonstrated that while the SMR 

values for anomalous locations were typically around 10, interference from normal regions 

frequently exceeded this threshold. In Figure 11(a), several areas with SMR values above 10 were 

scattered across various regions. More critically, as shown in Figure 11(b), the interference SMR 

values from normal regions occasionally surpassed the response from the actual anomalous area. 

This phenomenon rendered the 𝐷max  localization method ineffective in identifying the true 

anomalous region. Instead, the actual anomalous area corresponded to the region 𝐷𝑣𝑜𝑙, as illustrated 

in Figure 12. This observation explained why the localization accuracy recall decreased when the 

SMR of the anomalous region only marginally exceeded 10. Overall, when 𝐷max = 𝐷𝑣𝑜𝑙, reliability 

was high, with the anomalous region exhibiting higher SMR values and improved localization 

accuracy recall. Conversely, when 𝐷max differed from 𝐷𝑣𝑜𝑙, reliability decreased, accompanied by 

lower SMR values and reduced recall. 
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Figure 10. The SMR values of the response intensities for the three positions shown in Figure 9. 

Figure 11. (a) The distribution map 𝑝𝑜𝑢𝑡𝑝𝑢𝑡1 after preliminary localization for the hotspot shown in Figure 2. 

The final localization accuracy recall = 64.58%; (b) The distribution map 𝑝𝑜𝑢𝑡𝑝𝑢𝑡1 for position #2 from Figure 9, 

recall = 25.00%. 

 

Figure 12. The SMR values for the region 𝑝𝑜𝑢𝑡𝑝𝑢𝑡1 containing 𝐷max and 𝐷𝑣𝑜𝑙 from Figure 11(b). In this case, 

𝐷max and 𝐷𝑣𝑜𝑙 were not identical, while the actual anomalous location was at 𝐷𝑣𝑜𝑙. Consequently, a method 

  

(a) (b) 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 April 2025 doi:10.20944/preprints202504.0336.v1

https://doi.org/10.20944/preprints202504.0336.v1


 14 of 17 

 

combining the 𝐷max  and 𝐷𝑣𝑜𝑙  regions was proposed to enhance localization accuracy. However, the recall 

(25.00%) was lower, leading to a decrease in the reliability of the localization results. 

4.2. Localization Results of Anomalous Areas with 15.4% Target Moisture Content in Grain Piles 

This section evaluated the ability of the layout depicted in Figure 6(e) to localize anomalous 

regions with a moisture content of 15.4% within grain piles. Test results from four arbitrary positions, 

as illustrated in Figure 13, successfully located the anomalous regions. The maximum SMR values of 

the responses exceeded 20, aligning with the predicted SMR range from the previous section, which 

suggested that the SMR of anomalous regions should be distinguishable from the interference SMR 

of normal regions. The localization accuracy for these positions was calculated to be above 50%, with 

position 4 achieving a remarkable 88.33% accuracy. Figure 14 displayed the localization result for the 

anomalous region at position 4. 

 

Figure 13. SMR response and localization accuracy for anomaly areas at any 4 positions using the layout of 

Figure 6(e). 

 

Figure 14. Example of anomaly area localization results at the fourth position in Figure 13. 

Finally, the device demonstrated the capability to localize anomalous regions in grain piles with 

15.4% moisture content and dimensions of 7 cm × 7 cm × 7 cm, with potential for localizing regions 
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of even lower moisture content. Despite successful localization, moisture content evaluation 

remained challenging. As evident from Figure 9 and Figure 13, SMR results varied across different 

positions, with enhanced response when the target was penetrated by more electromagnetic fields. 

Additionally, SMR was influenced by factors such as the volume of the anomalous region and 

variations in moisture content. 

5. Conclusions 

This paper, based on DMAS beamforming techniques, and the grain pile anomalous moisture 

region localization algorithm, successfully located a 7 cm × 7 cm × 7 cm region with 15.4% moisture 

content within an experimental cubic bin containing 10.5% dry long-grained rice. The average 

localization accuracy recall exceeded 50%. 

Through testing various layouts of electromagnetic wave transmitters and receivers, an effective 

configuration and detectable space were identified. Detection capabilities varied across different 

positions, with stronger detection observed when the target was penetrated by more electromagnetic 

fields. To achieve enhanced spatial resolution and reduce artifacts, at least three rows of 

electromagnetic wave transmitters or receivers were arranged along each axis. 

Extensive experimental validation revealed that after preliminary localization using the grain 

pile anomalous moisture region localization algorithm, the reliability of unknown sample 

localization results could be effectively assessed by comparing 𝐷max and 𝐷𝑣𝑜𝑙. When 𝐷max = 𝐷𝑣𝑜𝑙, 

reliability was high, with the anomalous region exhibiting higher SMR values and improved 

localization accuracy recall. Conversely, when 𝐷max  differed from 𝐷𝑣𝑜𝑙 , reliability decreased, 

accompanied by lower SMR values and reduced recall. 

While the developed method demonstrated rapid detection and accurate localization, several 

challenges remained for practical application. Future research directions included: adaptation for 

larger grain storage facilities; improvement of detection speed; reduction of external interference. The 

method’s sensitivity to external interference was attributed to the small difference in moisture content 

between anomalous and normal regions, resulting in similar calculated responses. While increasing 

sampling data could enhance the response, this approach would increase both cost and computation 

time. Moreover, moisture content evaluation remained a significant challenge. The relationship 

between moisture content, size, location of anomalous regions, and response intensity exhibited 

complex non-linear characteristics. 
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