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Abstract; In the breeding and cultivation process of Penaeus vannamei, parameters such as body length and weight are important
reference data for breeding and production process management, and generally require frequent measurements. Currently, manual
measurements are mainly used, which are time—consuming, labor—intensive, error prone, and inefficient. This article proposes a
method for measuring the size of floating shrimp that combines object detection, keypoint detection, and binocular vision. With
sufficient data and training, the Faster R—CNN detection network is used to solve the problem of locating floating shrimp; Use
RTMPose network for keypoint detection, determine shrimp posture based on keypoints, and then decide whether to calculate shrimp
length; Using the principle of binocular camera imaging, calculate the coordinates of two—dimensional key points of shrimp in
three—dimensional space. Through experimental verification, the relative average error of the length measurement results in this
article is 3.46%, and the relative average error of the quality estimation results is 8. 19%, providing key technical references for
online non—destructive real-time monitoring of shrimp intelligent equipment in aquaculture industry.
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Table 1 Shrimp length measurement result table

AHF K /mm WK /mm MXRE/% | MIF HEKE/mm WK /mm AR %
1 117.1 125 6.74 16 120. 8 127 5.13
2 109.5 114 4.10 17 130.4 132 1.22
3 127.3 13 2.12 18 120.3 125 3.90
4 120.7 128 6.04 19 118.2 122 3.21
5 122.1 126 3.19 20 126.3 129 2.13
6 115.9 115 0.77 21 145.2 140 4.26
7 125.0 123 1.60 22 127.5 130 1.96
8 117.3 121 3.15 23 124.5 129 3.61
9 122.0 128 4.91 24 122.7 120 2.20
10 116.7 123 5.39 25 116.9 121 3.50
11 123.8 128 3.39 26 112.3 122 9.52
12 118.7 122 2.78 27 128.2 132 2.96
13 114.5 119 3.93 28 123.6 121 2.10
14 132.6 131 1.20 29 123.9 122 1.53
15 118.7 115 3.11 30 116.2 121 4.13
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Table 2 Shrimp quality estimation results

MR /mm B ESE/g A KE/mm fi Bt g WRATHREXT R/ % BT 22 %
125 18.4 117.1 16.3 6.74 11.23
114 14.4 109. 5 16.7 4.10 15.71
13 20.0 127.3 19.9 2.12 0.69
128 19.7 120.7 17.5 6.04 10.97
126 18.5 122.1 18.0 3.19 2.58
115 17.2 115.9 15.9 0.77 7.31
123 17.9 125.0 19.0 1.60 6.40
121 18.8 117.3 16.4 3.15 12.77
128 19.2 122.0 17.9 4.91 6.31
123 17.6 116.7 16.2 5.39 7.94
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