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Structural diagram of the automatic fish fry counting device

Fig.1

1: BLEE;

2. JEOEIE; 3. JCIEmMG 4. Wi AWM 5. EMAE; 6. MK, 7. AdERERE; 8. K,

9: frEME; 100 BBk 11 AAOERESL; 12 THEHL; 13 HEKE; 14 AEIHEAS.
1: Frame; 2: Counting slide way; 3: Light source panel; 4: Acrylic observation panel; 5: Fish inlet trough;
6: Water inlet distribution trough; 7: Touchscreen; 8: Water pump; 9: Mobile casters; 10: Camera;
11: Storage hard disk; 12: Industrial computer; 13: Water inlet pipe; 14: Shooting dark box.
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Fig.9 Simulation analysis of the counting slide way
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Tab.2. Counting accuracy
LA SIRE e MBI Sk L Wik e
Fish fry specifications/cm Actual ql.lantlty Test quz.mtlty Accuracy/% Algorithm processing Frame Standard deviation
/Tail /Tail speed/ms rate/FPS of accuracy
3~5 200 204 98 6.5 154 0.33
250 247 98.8 6.6 152
300 296 98.6 6.5 155
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250 248 99.2 6.5 155
300 299 99.7 6.5 154
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Abstract With the continuous expansion of the aquaculture industry and the advancement of
technology, the production model of the industry has gradually shifted toward greater modernization,
mechanization, and automation. This transformation has become the primary trend in industry
development, signaling the movement from traditional farming methods to intelligent and automated
approaches. Fish fry, as a crucial link in the aquaculture supply chain, play an important role in the entire
industry. Accurate fish fry counting is essential for managing the industry effectively, conducting
scientific feeding practices, controlling stocking density, and ensuring fair pricing and transparent
transactions in the sale of fry. In traditional aquaculture practices, fish fry counting mainly relies on
manual methods, which are not only time consuming and labor intensive, but also prone to significant
errors. Many farms still use the "pushing method" and "bowl method" for fry counting. The pushing
method involves estimating the number of fry in a pile manually, whereas the bowl method estimates this
number based on a sample. Both methods are subject to human error and often lead to inaccurate counts.
Moreover, these manual methods are not only inefficient but can also harm the fry. During counting, the
fry are often handled repeatedly, which can negatively impact their growth and survival, causing stress
and affecting fry quality. With the advancement of technology and the development of computer systems,
automated devices have been gradually introduced into the aquaculture industry. The advent of automatic
fish fry counters has effectively addressed the inefficiencies of manual counting while ensuring accurate
and transparent counting. These automated devices use sensors, image recognition, and machine learning
technologies to automatically detect and track fry, efficiently completing counting with real-time data
collection, high accuracy, and reliability. These tools provide aquaculture operators with a more scientific
and convenient way of management, allowing for more precise feeding practices and reducing
overfeeding or underfeeding, thus improving farm efficiency. However, despite the widespread use of
automated counting technology in aquaculture, several challenges remain. In particular, when dealing with
large volumes of fry, existing counting technologies face limitations in efficiency, accuracy, and handling
fry overlap. As the number of fry increases, counting accuracy tends to decrease, especially when dealing
with smaller fry, where detection systems can make errors. Additionally, the complex environment of

@  Corresponding author: TIAN Yunchen, Email: tianyunchen@tjau.edu.cn



1] F B4 BT YOLOVS-ByteTrack 18 [ Zhi1 50 & i 55

109

aquaculture farms, such as light conditions, bubbles, and debris in the water, can interfere with counting
accuracy, making the process complicated for automatic counting systems. Therefore, enhancing the
accuracy of automated counting, especially in large volumes of fry or in complex environments, is still a
technical issue that needs to be addressed. To tackle these issues, researchers have made significant
improvements and innovations in automatic counting technology. The accuracy and efficiency of
automatic counting systems have been significantly enhanced by incorporating advanced image
recognition algorithms, deep learning techniques, and multisensor fusion technologies. These improved
algorithms are effective at separating and tracking targets, achieving precise counting. Furthermore, with
the development of simulation technology, virtual testing and simulations have played a crucial role in
optimizing and designing automatic counting devices. Simulation allows device performance to be
predicted under different working conditions, reducing the need for testing with live fry and minimizing
potential losses. It also improves design efficiency and ensures that the stability, safety, and durability of
the devices are thoroughly validated before practical application, providing reliable technical support for
their implementation. Nevertheless, when handling large volumes of fry counting, challenges related to
efficiency and dealing with overlapping fry remain. For instance, when designing automatic fry counting
devices, design parameters are often difficult to calculate accurately because of the limitations of the fry
and the aquaculture environment. Therefore, machine operating parameters must be adjusted to test
counting effectiveness. However, this method wastes both human and material resources, and repeated
testing can cause stress and harm to the fry. Simulation allows for testing the operational performance of
prototype designs, reducing the need for physical testing and saving costs. This study introduces an
improved YOLOV8-ByteTrack algorithm to achieve high-precision detection and tracking of fry. This
algorithm focuses on real-time performance and efficiency by combining the lightweight YOLOVS8 model
for object detection with the precise multi-target tracking capabilities of ByteTrack. YOLOVS, being a
lightweight model, reduces computational load while maintaining high detection accuracy, offering fast
and stable performance in resource-limited environments. Once the fry are detected, ByteTrack uses an
efficient data association strategy to track multiple targets and maintain identity consistency, significantly
reducing issues such as ID switching and target loss caused by rapid movement, overlap, or environmental
changes. Unlike traditional algorithms that rely solely on high-confidence detections, ByteTrack
incorporates low-confidence results by utilizing motion consistency and appearance features, thus
improving counting accuracy and continuity. To verify the performance and stability of the proposed fish
fry automatic counting device in practical applications, a series of accuracy testing experiments was
conducted on fish fry of different sizes. The experiments tested 3—5, 68, and 9—12 cm-sized grouper fry,
with 200, 250, and 300 fry per group, respectively. The test results showed that the counting accuracy of
the device was 99.1% and 99.6% for the 68 and 9—12 cm fry, respectively, with a slightly lower accuracy
of 98.5% for the 3-5 cm fry. The algorithm achieved an average frame rate of 155 FPS, with a
single-frame processing time of approximately 6.5 ms. Moreover, the processing speed at different frame
rates demonstrated high real-time stability, with a minimum processing speed of 6.3 ms (158 FPS) and a
maximum of 6.6 ms (152 FPS). The lower accuracy for the 3—5 cm fry can be attributed to their smaller
size, which makes them more susceptible to background complexity and rapid movement, leading to a
slight decrease in detection precision. As fry size increases, their features become more distinct, and their
movements become more stable, resulting in higher detection accuracy. These results validate the
excellent real-time and efficient performance of the algorithm even with limited hardware resources,
meeting the practical needs of speed and accuracy in fish fry counting scenarios. The fish fry automatic
counting device proposed in this study offers an innovative solution to improve fry counting precision and
efficiency, providing valuable insights for theoretical research and practical applications in aquaculture.
Key words Automatic fish fry counting device; Counting slide way; Image capture; YOLOVS;
ByteTrack



