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Abstract 

An effective Feeding Management System (FMS) is crucial in shrimp farming, as both overfeeding and 

underfeeding can adversely affect shrimp growth. To ensure optimal nutrition, an accurate FMS must account for 

factors such as shrimp size, weight, age, and leftover feed. This study presents a method for detecting leftover shrimp 

feed using custom-designed lift nets equipped with paired ultrasonic sensors. Two critical aspects are examined: the 

optimal timing for measurement and the ideal placement of the transmitter. Results show that measurements should 

be taken within 10 minutes of feed immersion to avoid feed disintegration. Additionally, placing the transmitter on 

the outer side of the lift net improves measurement accuracy. Ultrasonic echoes are analyzed to classify leftover feed 

using the k-Nearest Neighbors algorithm. Root Mean Square voltage-based classification effectively groups leftover 

feed into five classes, highlighting its potential to improve aquaculture feed management. 
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1. Introduction 

Shrimp farming represents a promising strategy for enhancing food security in Indonesia [1], with Vannamei shrimp being 

the most widely cultivated species [2-5]. Reports from the regional marine and fisheries department show that 70-80% of farms 

still rely on traditional methods, creating opportunities to shift toward more intensive and efficient systems. The transformation 

toward modernized aquaculture requires technology integration and skilled farmers supported by data-driven decision-making. 

A crucial element is the Feeding Management System (FMS), which regulates feed quantity based on shrimp species, size, 

age, population density, and environmental conditions [6-8]. Proper feeding prevents stunted growth, waste, and environmental 

degradation. Conventional methods often face challenges in accurately identifying leftover feed, as manual methods are 

subjective and imprecise. Therefore, the ability to detect feeding imbalances by analyzing leftover feed is essential for 

improving the effectiveness of FMS in modern shrimp aquaculture. Traditionally, shrimp farmers place 0.5%-1% of the total 

feed into a lift net and check leftover feed after a few minutes. But this process is inefficient and prone to error. 

Studies on the detection of leftover shrimp feed in pellet form using image processing techniques were conducted in 2021 

and 2023 [9-10]. This approach is feasible due to the floating position of the leftover feed, which enables visual capture using 

a camera, followed by computational image processing. In the same year [11], quantification of leftover shrimp feed in the 
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form of sinking pellets was also undertaken. In this case, the camera was able to detect the submerged feed due to the clear 

water conditions in the cultivation pond.  

In the context of detecting leftover feed in shrimp ponds, neither of the aforementioned conditions is ideal. Shrimp ponds 

typically exhibit turbid water characteristics, and the coloration of the water often closely resembles that of pellet feed. These 

factors significantly reduce the accuracy of camera-based detection methods for identifying leftover shrimp feed. This 

limitation highlights the need for alternative sensing approaches capable of operating effectively under such challenging optical 

conditions. 

Ultrasonic technology presents a promising solution, offering measurement capabilities that can address multi-layer 

material detection through wave penetration, even in opaque environments [12-14]. The echo signals generated from ultrasonic 

wave reflections can be processed and reconstructed to yield meaningful detection outputs. Based on the advantages of 

ultrasonic technology, the present study proposes the digitization of lift nets by redesigning their structure and incorporating 

multiple ultrasonic sensors. By leveraging ultrasonic wave propagation through water to detect the surfaces of solid materials 

(i.e., leftover feed), the system processes and classifies echo signals of ultrasonic waves to quantify the amount of uneaten 

shrimp feed. This approach is expected to overcome the limitations of optical detection methods.  

This study proposes several lift net designs and identified the most optimal one for classifying leftover shrimp feed within 

the net. The classification of this residue is carried out using the k-Nearest Neighbors (k-NN) method. In the preliminary study, 

research was conducted under controlled laboratory conditions, which does not fully express the complexities of the actual 

operational environment. Consequently, certain environmental factors such as water speed and turbidity, and the existence of 

shrimp inside the liftnet are not incorporated into the study. These limitations may affect the direct applicability of the results 

to real-world scenarios. Therefore, future research should focus on validating the proposed system under actual field conditions 

to ensure its effectiveness and robustness in practical aquaculture operations. 

2. Materials and Configuration  

This section describes the materials and components used in the proposed system. These include shrimp feed, ultrasonic 

sensors, conventional lift nets, and electronic components. A detailed explanation is also provided for the custom-designed lift 

net, which replaces the function of traditional lift nets in this system. 

2.1.  Shrimp Feed 

To promote optimal shrimp growth, Artificial feed with high nutritional value is essential to ensure rapid and healthy 

shrimp growth. Fig. 1 displays one of the commercial shrimp feeds used in this study. From left to right, it shows 3S as a small 

type, 3M as a medium type, and 3L as a large type. The feed is pelletized, with sizes varying according to the shrimp’s age 

and size. As the shrimp mature, the pellet size is adjusted to accommodate their growth. 

 

Fig. 1 Shrimp feed 
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2.2.  Ultrasonic Sensor 

Ultrasonic sensors generate high-frequency mechanical waves above 20 kHz and are widely used in applications such as 

distance measurement, cleaning, industrial automation, and medical diagnostics [15-18]. Distance measurement with 

ultrasonic sensors can be conducted using either reflection or transmission methods. In the reflection method, a single 

piezoelectric transducer emits ultrasonic waves, which are reflected by a target object and received by the same or a different 

transducer. In the transmission method, two transducers are used—one as a transmitter and the other as a receiver—positioned 

directly opposite each other. Fig. 2 shows the waterproof ultrasonic sensors used in this study. 

 

Fig. 2 Waterproof ultrasonic sensors 

2.3.  Lift Net 

The lift net, illustrated in Fig. 3, also known as Anco (in Indonesia), is widely used in shrimp farming to monitor shrimp 

growth and manage feed. Typically shaped as a square or circular lift net, it is mounted on a rust-resistant frame made of 

stainless steel or bamboo. Although simple in design, the lift net plays a critical role in modern shrimp farming. Its consistent 

use contributes to successful harvests and optimal production.  

 

Fig. 3 Conventional lift net 

In this study, the conventional lift net was digitized while retaining its core function of monitoring leftover feed. To 

determine the most effective design for feed detection, four models were compared and fabricated using 3D printing with PLA 

material, as shown in Fig. 4. Each structure underwent sealing and painting, while the bottom was modified by attaching a 

mesh to prevent feed loss. Fig. 4(a) and 4(b) represent conical-shaped lift nets, while Fig. 4(c) and 4(d) represent pyramid-

shaped designs.  

 
(a) Conical 5 cm (b) Conical 10 cm (c) Pyramid 5 cm (d) Pyramid 10 cm 

Fig. 4 Portable lift net prototypes 
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To facilitate feed measurement, nine pairs of ultrasonic sensors were mounted on the top section of the lift net. Each pair 

consists of one transmitter and one receiver. The sensors are strategically positioned as follows: one pair at the pos-1 (shown 

by number 9), four pairs at the pos-2 region (shown by numbers 5, 6, 7, and 8), and four pairs at the pos-3 (shown by numbers 

1, 2, 3, and 4), as illustrated in Fig. 5. 

 

Fig. 5 Sensor placement on the lift net  

2.4.  Electronic Module 

The electronic module of the system is depicted in Fig. 6. This section comprises a power supply unit, amplifier, relays, a 

microcontroller, and ports for connecting the electronic module to the ultrasonic sensors at the lift net. A 35 kHz acoustic 

signal is generated by the microcontroller, and then it is amplified before being transmitted to the ultrasonic sensors. The 

microcontroller also controls which sensors are active by switching the corresponding relays on and off. With this control 

mechanism, the ultrasonic sensors work alternately, thereby reducing echo signal interference between sensors. 

 

Fig. 6 Electronic components 

3. Research Methodology 

This chapter outlines the research methodology, including the proposed system, the measurement concept, and the 

classification method. The proposed system, comprising the electronic components and lift net, is described in detail. 

Additionally, this section explains how the measurements are set up, how echo signals are acquired and processed, and how 

the data is analyzed using the k-NN algorithm. 

3.1.  The Proposed System 

Fig. 7(a) illustrates the proposed system comprising an electronic module, a lift net, and ultrasonic sensors, while Fig. 7(b) 

shows its block diagram. During the measurement process, the ultrasonic sensors, liftnet, and feed are immersed in water. In 

the hardware section, a microcontroller generates a 35 kHz signal for the transmitter (Tx), which converts it into an acoustic 

signal. The microcontroller also selects the active pair of ultrasonic sensors to work alternately to minimize echo interference. 
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This acoustic signal travels through the water until it reaches the feed or the lift net frame and is received by the receiver (Rx), 

which converts it back into an electrical signal. These signals are then acquired by the microcontroller and processed on a 

computer.  

 

 

 
(a) Overall system  (b) Block diagram system 

Fig. 7 The proposed system 

3.2.  Measurement Method 

The classification of leftover shrimp feed is based on the analysis of echo signals. The echo signals provide two parameters: 

time of flight (ToF) and signal magnitude, which is represented in voltage. Fig. 8(a) illustrates the measurement of one-

dimensional space using these parameters. When a trigger signal is emitted by the transmitter ultrasonic sensor, the receiver 

ultrasonic sensor detects the returning echo. The blue echo (Echoblue) refers to the signal reflected from the surface of the feed. 

It provides the time of flight for the blue echo signal (ToFblue) and its magnitude, measured using Root Mean Squared (RMS) 

and peak-to-peak voltage. The red echo (Echored) is the signal reflected from the lift net frame, serving as a reference. It 

provides (ToFred) and its respective magnitude values as well. Once both (ToFred) and (ToFblue) are known, the distance (d) can 

be calculated using the difference between d₂ and d₁, as defined in Eq. (1) through Eq. (3). 

2
2

=  redToF
d c  (1) 

1
2

blueToF
d c=   (2) 

2 1d d d= −  (3) 

where c is the acoustic speed in the water. In this study, both Time of Flight (ToF) and signal magnitude were evaluated in 

terms of voltage measurements. Two modes of voltage representation were applied: peak-to-peak [19] and RMS [20]. Each of 

these modes provides specific strengths and limitations in the context of material characterization [21]. The peak-to-peak 

measurement reflects the voltage span between the maximum positive and negative signal excursions, thereby emphasizing 

the full dynamic range of the echo response. On the other hand, the RMS measurement represents the effective voltage, defined 

as the DC-equivalent value that produces the same average power dissipation across a load, and is therefore often considered 

more robust for energy-related analysis. The formula of RMS voltage is shown in Eq. (4). 

𝑉𝑟𝑚𝑠 =  √
1

𝑇
∫ 𝑣(𝑡)2 𝑑𝑡

𝑇

0

 (4) 

where 𝑣(𝑡) is the instantaneous voltage as a function of time, and 𝑇 is the period of the signal. The squared voltage values are 

integrated over one complete cycle and then averaged by dividing by 𝑇. Finally, the square root is applied to obtain the RMS 

value. This calculation provides the effective voltage of an AC signal, which is equivalent to the DC voltage that would deliver 

the same power to a resistive load.  
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(a) Measurement concept  (b) Transmitter (Tx) placement 

Fig. 8 Measuring the lift net frame as a reference signal 

The ToF was used to compare two transmitter positions: inner and outer side positions using an empty lift net, as shown 

in Fig. 8(b). Alternatively, the one-dimensional space (d) can be estimated from the Echoblue magnitude, where smaller values 

indicate longer travel distances. Thus, either the ToF or the voltage magnitude approach can be used to calculate or predict (d). 

Once the echo signal is obtained, it’s processed by extracting features such as RMS and peak-to-peak voltage, and then used 

for classification and comparison using the k-NN algorithm. 

3.3.  Classification Method 

Measurements were carried out for five different feed quantities: 0 g, 50 g, 100 g, 150 g, and 200 g. In the initial phase, 

data acquisition was conducted in an aquarium to record echo signals from leftover feed placed in the lift net under simplified 

conditions, excluding turbidity, flow dynamics, and shrimp presence, as shown in Fig. 9. The feed was placed inside the lift 

net and submerged in water. In this study, each feed sample had a flat and circularly symmetric shape, and all experiments 

were conducted under ideal conditions in an aquarium (water tank), free from external disturbances. 

 

Fig. 9 Illustration of an experiment in an aquarium 

The classification process was performed using the k-NN algorithm [22-24], which classifies the leftover feed into five 

categories based on the amount of leftover in the portable lift net. k-NN was chosen because it is simple, easy to implement, 

and suitable for small data sets [25]. A study comparing enhanced SVM and k-NN for IoT-based human activity recognition 

showed that k-NN achieved a higher average accuracy (97.08%) than SVM (95.88%) [26]. In this study, k-NN algorithm uses 

three input parameters to produce one output: the classification of leftover feed in the lift net. The sensor at the pos-1 is 

represented by the z-axis, sensors in the pos-2 are represented by the y-axis, and sensors on the pos-3 side are represented by 

the x-axis. Distance in the k-NN (dknn) can be calculated by using the Euclidean method, as shown by Eq. (5): 

2 2 2( ) ( ) ( )knn n x n y n zd x a y a z a= − + − + −  
(5) 

where xn, yn, and zn are the attributes of the training data (learning data), and ax, ay, and az are the attributes of the test data. The 

distance (dknn) represents the distance between a test data point and one point in the training dataset. The distance calculation 
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is repeated for all available training data. The value of k in the k-NN algorithm influences the probability that a particular class 

will be selected as the final classification result. It determines how many of the closest data points are considered when 

estimating the class of a test sample.  

4. Results and Discussion 

This chapter presents the results and discussion of the measurements, including the condition of the feed when submerged 

in water, sensor position analysis, and feed measurement in the lift net using four different types of lift nets. The analysis is 

performed using the k-NN algorithm. The objective is to determine the most suitable lift net model for measuring the leftover 

shrimp feed. 

4.1.  Shrimp Feed Dissolution Time in Water 

In this study, Dissolution times for three shrimp feed types (3S, 3M, 3L) were measured (Fig. 1), as feed gradually 

dissolves depending on its type and composition. Once the dissolution time was determined, all measurements were conducted 

within the determined dissolution time to ensure accuracy, using locally available feed. Experiments assumed that zero water 

flow and no shrimp were present in the lift net, so there was no need to differentiate echo signals from the feed and those from 

shrimp. Experiments were conducted under two conditions: still water and moving water. Observations were recorded every 

five minutes, up to a maximum of 30 minutes.  

   

(a) 1 minute (b) 15 minutes (c) 30 minutes 

Fig. 10 Shrimp feed (3L) condition over time 

Table 1 shows the condition of each shrimp feed type in water (sturdy, rather sturdy, and fragile) over time, indicating 

that leftover feed measurements are best conducted within 10 minutes before degradation to the “rather sturdy” condition. Fig. 

10 shows 3L shrimp feed after immersion in still water. Sturdy condition is shown in Fig. 10(a) after 1 minute immersion, and 

rather sturdy and fragile conditions are shown in Fig. 10(b) and Fig. 10(c) after 15 minutes and 30 minutes immersion, 

respectively. Still water was used to ensure image clarity, avoiding turbidity from water movement. 

Table 1 Shrimp feed condition over time 

Shrimp 

Feed Size 
Water Condition 

Feed Condition (Minutes) 

Sturdy Rather Sturdy Fragile 

3S 
Still 0-15 15-25 >25 

Moving 0-10 10-20 >20 

3M 
Still 0-20 20-25 >25 

Moving 0-15 15-20 >20 

3L 
Still 0-25 25-30 >30 

Moving 0-20 20-30 >30 

4.2.  Sensor Position Analysis 

This section presents additional experiments to determine distance information based on echo signals with the lift net 

empty. As shown in Fig. 8, two transmitter (Tx) positions were tested: one placed on the outer side (farther from the center of 

the lift net) and one placed on the inner side (closer to the center). Only pos-2 and pos-3 ultrasonic sensor regions were used, 
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since pos-1 is equidistant from Tx and Rx and thus unaffected by transmitter placement. To determine the distance between 

the sensor surface and the lift net frame, Eq. (1) was used, with c, the speed of sound in freshwater, approximated at 1480 m/s. 

The experimental results are presented in Table 2.  

Table 2 Comparison of distance measurement results 

Transmitter 

Position 

Portable Lift Net 

Type/Height 
Sensor Position 

Actual Distance 

(cm) 

Calculated Distance 

(cm) 
% Error 

Inner side 

Conical/ 5cm 
Pos-2 4.8 5.426124 13.04 

Pos-3 2.8 3.206346 14.51 

Conical/ 10cm 
Pos-2 9.2 9.86568 7.23 

Pos-3 5 5.426124 8.52 

Pyramid/ 5cm 
Pos-2 4.8 5.179482 7.90 

Pos-3 2.8 3.69963 32.12 

Pyramid/ 10cm 
Pos-2 9.2 10.112322 9.91 

Pos-3 5 5.672766 13.45 

Outer side 

Conical/ 5cm 
Pos-2 4.8 4.93284 2.76 

Pos-3 2.8 2.713062 3.10 

Conical/ 10cm 
Pos-2 9.2 9.125754 0.80 

Pos-3 5 4.93284 1.34 

Pyramid/ 5cm 
Pos-2 4.8 4.686198 2.37 

Pos-3 2.8 3.452988 23.32 

Pyramid/ 10cm 
Pos-2 9.2 9.619038 4.55 

Pos-3 5 5.179482 3.58 

In ultrasonic propagation, the near and far fields influence wave behavior, which is critical for sensing leftover feed or 

the lift net frame. However, since the diameter of the sensor is 10 mm and the wavelength (λ) is 37 mm, it means the diameter 

of an ultrasonic sensor is less than or equal to λ, causing diffraction and near-omnidirectional beam spread. In this scenario, 

the relatively small aperture leads to significant beam divergence, causing the ultrasound waves to propagate widely in all 

directions [27-28]. This omnidirectional behavior is further influenced by the relationship between wavelength and frequency, 

where longer wavelengths contribute to a broader beam spread. As shown in Table 2, placing the transmitter on the outer side 

yields more accurate measurements than the inner side. These results are also visualized in Fig. 11. Among all configurations, 

the conical-shaped lift net (5 cm and 10 cm height) provides the highest measurement accuracy. From the measurement, the 5 

cm conical-shaped lift net showed an error of 2.76% at Post-2 and 3.10% at Post-3. Meanwhile, the 10 cm conical-shaped lift 

net achieved a lower error of 0.8% at Post-2 and 1.34% at Post-3.  

 

Fig. 11 Comparison of measurement errors 

According to Fig. 12, the lift net frame is represented by the solid black line, ultrasonic propagation by blue and red lines, 

and the normal line by the red dashed line, which is perpendicular to the lift net frame. As illustrated in Fig. 12(a) and Fig. 

12(b), it can be seen that when the transmitter is positioned at the inner side, the frame tilt directs the signal away from the 

receiver and makes it more difficult to detect, resulting in weaker detection. Conversely, as shown in Fig. 12(c) and Fig. 12(d), 

positioning the transmitter on the outer side directs the signal toward the receiver, as shown by solid red lines. Thereby, this 

configuration improves measurement accuracy. 
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Additionally, a comparison between the conical-shaped and pyramid-shaped lift net designs in Fig. 11 reveals that the 

conical-shaped lift net achieves higher measurement accuracy. This advantage is attributed to the conical-shaped frame’s 

ability to concentrate the echo signals, producing stronger received signals and enhancing resistance to noise disturbances. 

    
(a) Inner side for 5 cm (b) Inner side for 10 cm (c) Outer side for 5 cm (d) Outer side for 10 cm 

Fig. 12 Propagation analysis of ultrasonic signal based on transmitter position. 

4.3.  Shrimp Feed Measurement Inside the Lift Net 

This section presents the results of shrimp feed measurements conducted inside four different lift nets: a conical-shaped 

net with heights of 5 cm and 10 cm, and a pyramid-shaped net with heights of 5 cm and 10 cm. For each lift net type, five feed 

weight classes were defined as references for the leftover feed inside the lift net: 0 g, 50 g, 100 g, 150 g, and 200 g. A total of 

125 measurements were performed, with 100 data points used for training and 25 data points used for validation. When an 

ultrasonic signal is emitted by the transmitter, it propagates through the water, reflects off the shrimp feed, and is received by 

the receiver ultrasonic sensor. The resulting echo is analyzed based on RMS voltage and peak-to-peak voltage. In this study, 

four k values (1, 3, 5, and 7) are used to obtain the most suitable for the accuracy of classification. 

 

Fig. 13 Data plot from measurement using a 5 cm conical-shaped lift net 

Fig. 13 shows a plot of the data from measurements using a 5 cm conical-shaped lift net. To assess the success of the 

classification, 25 new data points based on measurements were tested using Eq. (5). The results of this test are presented in 

Table 3. 

Table 3 RMS and peak-to-peak voltage measurements using a 5 cm conical-shaped lift net 

Class RMS Voltage Peak -Peak Voltage 

0 g All K values are correct All K values are correct 

50 g All K values are correct All K values are correct 

100 g All K values are correct All K values are correct 

150 g All K values are correct All K values are correct 

200 g All K values are correct All K values are correct 

Similarly, the data plots obtained from experimental measurements using the 10 cm conical-shaped lift net, the 5 cm 

pyramid-shaped lift net, and the 10 cm pyramid-shaped lift net are clearly presented and compared in Figs. 14-16, respectively. 
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Fig. 14 Data plot from measurements using a 10 cm conical-shaped lift net 

 

Fig. 15 Data plot from measurements using a 5 cm pyramid-shaped lift net 

 

Fig. 16 Data plot from measurements using a 10 cm pyramid-shaped lift net 

Once the classification based on weight was completed, testing was conducted using new data. The results of these tests 

are sequentially presented in Tables 4-6, which show the test outcomes for a 10 cm conical-shaped lift net, a 5 cm pyramid-

shaped lift net, and a 10 cm pyramid-shaped lift net, respectively. 

Table 4 RMS and peak-to-peak voltage measurements using a 10 cm conical-shaped lift net 

Class RMS Voltage Peak-to-Peak Voltage 

0 g All K values are correct All K values are correct 

50 g All K values are correct 

For K = 3, 1 neighbor is false 

For K = 5, 3 neighbors are false 

For K = 7, 4 neighbors are false 

100 g All K values are correct All K values are correct 

150 g All K values are correct All K values are correct 

200 g All K values are correct All K values are correct 
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Table 5 RMS and peak-to-peak voltage measurements using a 5 cm pyramid-shaped lift net 

Class RMS Voltage Peak-to-Peak Voltage 

0 g All K values are correct All K values are correct 

50 g All K values are correct All K values are correct 

100 g All K values are correct All K values are correct 

150 g All K values are correct All K values are correct 

200 g All K values are correct All K values are correct 

Table 6 RMS and peak-to-peak voltage measurements using a 10 cm pyramid-shaped lift net 

Class RMS Voltage Peak-to-Peak Voltage 

0 g All K values are correct All K values are correct 

50 g All K values are correct All K values are correct 

100 g All K values are correct All K values are correct 

150 g All K values are correct All K values are correct 

200 g All K values are correct All K values are correct 

Based on the classification results from the voltage plots, both the RMS and peak-to-peak voltage, the 5 cm lift net 

provides better classification accuracy. This is evident from the plots, where the leftover feed for 5 weight classes forms distinct 

groups based on weight. The deviation within each group is minimal, reducing the potential for overlap. 

Conversely, for the 10 cm lift net, the leftover feed for 5 weight classes tends to cluster more closely together. Although 

the deviation within each group remains insignificant, the shorter distance between classes results in reduced classification 

accuracy, particularly when measurement issues, such as noise interference, occur. This can be observed in Table 4, where 

some inaccuracies were noted in the measurements for the 10 cm conical-shaped lift net, particularly with peak-to-peak voltage.  

 

Fig. 17 Results of leftover feed classification using RMS voltage for 5 cm and 10 cm conical-shaped lift nets 

Based on these results, the subsequent discussion will be focused on the measurement result using RMS voltage only. As 

shown in Subchapter 4.2, the transmitter positioned on the outer side outperforms the inner-side configuration, while the 

conical-shaped design of the lift net shows superior performance compared to the pyramid-shaped design. Moreover, the 10 

cm conical-shaped lift net achieved higher accuracy than the 5 cm variant. Interestingly, these results appear to contrast with 

the k-NN classification presented in Subchapter 4.3, where the 5 cm conical-shaped lift net was shown to perform better than 

the 10 cm conical-shaped lift net. This argument is reinforced by the results shown in Fig. 17, where the k-NN classification 

using the 5 cm conical-shaped lift net demonstrates smaller deviations and greater inter-class separation compared to the 10 

cm conical-shaped lift net. These characteristics imply that the classification errors with the 5 cm conical-shaped lift net are 

lower, therefore yielding higher accuracy than the 10 cm conical-shaped lift net. 



Advances in Technology Innovation, vol. 11, no. 1, 2026, pp. 56-69 67 

4.4.  Model Evaluation 

To strengthen the previous analysis, model evaluation was carried out using additional datasets for the 5 cm and 10 cm 

conical-shaped lift nets, focusing on the RMS voltage feature. The evaluation is presented in the form of classification reports 

and confusion matrices to demonstrate the classification performance of both models. Results of the classification report for 

the 5 cm conical-shaped lift net are shown in Table 7. 

Table 7 Classification report for 5 cm conical-shaped lift net using RMS voltage 

Class Precision Recall F1-score Support 

0 g 1.00 1.00 1.00 7 

50 g 1.00 0.82 0.90 11 

100 g 0.85 1.00 0.92 11 

150 g 1.00 1.00 1.00 15 

200 g 1.00 1.00 1.00 6 

Accuracy   0.96 50 

Macro avg 0.97 0.96 0.96 50 

Weighted avg 0.97 0.96 0.96 50 

The results show that classification using the 5 cm conical-shaped lift net achieved an accuracy of 96%, with precision, 

recall, and F1-scores above 0.82 across all classes, with very few misclassifications, mainly occurring in the 50 g classes. The 

results of the classification report for the 10 cm conical-shaped lift net are shown in Table 8. From these two tables, it can be 

seen that the performance of the 5 cm conical-shaped lift net is better than that of the 10 cm conical-shaped lift net. 

Table 8 Classification report for 10 cm conical-shaped lift net using RMS voltage  

Class Precision Recall F1-score Support 

0 g 1.00 1.00 1.00 7 

50 g 0.90 0.82 0.86 11 

100 g 0.83 0.91 0.87 11 

150 g 1.00 1.00 1.00 15 

200 g 1.00 1.00 1.00 6 

Accuracy   0.94 50 

Macro avg 0.95 0.95 0.95 50 

Weighted avg 0.94 0.94 0.94 50 

This conclusion is further supported by the confusion matrix analysis in Fig. 18, which consistently highlights the stronger 

performance of the 5 cm conical-shaped lift net. Therefore, for the task of classifying leftover shrimp feed, a conical-shaped 

lift net with a 5 cm height is recommended. 

 

 

 

Fig. 18 Confusion matrix of RMS voltage for 5 cm and 10 cm conical-shaped lift nets 
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5. Conclusion 

This study proposes and validates an ultrasonic-based method for quantifying leftover shrimp feed in a lift net. Four lift 

net designs were evaluated, each equipped with nine ultrasonic sensor pairs, and performance was further assessed using the 

k-NN classification algorithm with RMS voltage as the primary feature. The results demonstrate the feasibility of integrating 

ultrasonic sensing into an automated Feeding Management System (FMS). 

The main conclusions are as follows: 

(1) Measurements should be conducted immediately and within 10 minutes, as feed particles become fragile and deteriorate 

after prolonged water immersion. 

(2) Transmitter sensors positioned on the outer side of the lift net exhibited superior performance, particularly when the net 

is empty. 

(3) Among all tested designs, the 5 cm conical-shaped lift net achieved the highest accuracy. 

(4) With RMS voltage as the classification feature, the k-NN algorithm achieved accuracies of 96% for the 5 cm conical-

shaped lift net and 94% for the 10 cm version. 

(5) The proposed system shows strong potential for classifying leftover feed and may serve as a foundation for integration 

into automated FMS in shrimp aquaculture. 

(6) Future work should compare current results with the Time of Flight (ToF) technique or with volume estimation based on 

sensor positions. 

(7) Additional experiments under turbid and flowing water conditions, along with tests involving shrimps inside the lift net, 

are recommended, as shrimps are likely to enter the net during feeding. 
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