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Fig.1 Shrimp meat and shell identification test bench
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Fig.2 Shrimp image dataset enhancement
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Note: ¢, is the n-th feature map.
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Fig.3 Ghost module diagram
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Note: BN ReLU is a combination of the batch normalisation and ReLU
activation function, BN denotes batch normalisation.
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Fig.4 Ghost bottleneck structure
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Table 1 Comparison of effective feature layer size
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Backbone feature extraction network 45— 2 = BERE

First layer Second layer Third layer

CSPDarknet53
GhostNet

52x52x256 26x26x512 13x13x1 024
52x52x40  26x26x112  13x13x160
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Note: X for the input feature map, Y for the original input feature map after
feature transformation, S for the weight of channel attention, X for the feature
map with channel attention, /4 ’xw’x[’ for the input feature map size, ixwx/ for
the original input feature map size after feature transformation. 1x1x/ for the
weight size, Fy for feature map transformation,Fyq(-) for squeezing
operation,Fex (-, W) for excitation operation,Fc,pe (-, -) for scaling operation.
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Fig.5 SE attention mechanism flowchart
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a. GIoU schematic diagram
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b. CIoU cchematic diagram
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Note: Yellow box is minimum outer rectangle; red box is detection box; blue box
is labelling box. Distance-a is the coordinate distance between the center point of
the dimension box and the prediction box, Distance-c is the minimum
circumscribed rectangular diagonal distance.
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Fig.6 GloU and CloU schematic diagram
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Fig.7 Effects of frame selection with different loss functions
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Fig.8 Improved YOLOvV4 network architecture diagram
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Table 2 Comparison of different target recognition models
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Index v7 YOLOv4 V2-YOLOv4 V3-YOLOv4 Improved
YOLOv4
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Calculated amount/ 103.51 7.72 10.09 7.13 6.59
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Fig.9 Model training loss value change trend diagram
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A E A kb
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Table 3 Comparison of ablation test results

SRS A SR &
GhostNet  SE  CloU mAP/% Params/M  Weights/MB

- - - 86.7 63.94 243.92

v - - 89.6 11.43 43.54

\ V - 91.4 11.48 43.71

V V x/ 92.8 11.48 43.71
TEe N RRIINIZEIER, =7 RORAHATIIRIE . mAPAE S I bR B Y
0.5 I (PB4 FE 21
Note: “V” indicates joining the module, and “—” means that this operation is

not performed. mAP is the average accuracy mean when the intersection to union
ratio threshold is taken as 0.5.
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Fig.10 The detection effect of shrimp in different models under different conditions
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Table 4 Results of shrimp meat and shell detection with different training models
o P TTISTIN A E T T T e W
Models Unshelled shrimp recognition precision/% Shelled shrimp recognition precision/%  Overall average precision/% FPS/ (iii-s™")
YOLOV3 88.4 87.2 87.8 15.7
YOLOv4 91.8 92.6 92.2 13.6
MobilenetV3-YOLOv4 94.2 93.7 94.0 23.4
GhostNet-YOLOv4 95.3 96.4 95.9 25.0
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YOLOv4 BERIAHLY, HHRAER R FIE 5I5Em T 10.64
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Fig.12  Shrimps with different shelling methods
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Table 5 Precision of shrimp meat and shell recognition for

different shelling methods %
Shj?njj zzeit%lods YOLOvS  YoLow Vl;/{(\);)gggi4 ?(lg’itgfi
De-taﬁfﬁrimp 874 92.5 91.7 94.5
Deeﬁftjﬂirimp 752 834 85.3 87.7
Shrir‘:ljl;%v%tl\h tail 79.4 84.6 85.7 93.8
Buttilfﬂﬂm}%fﬁrimp 7.1 82.9 83.2 85.6
FHIME Average 79.8 85.9 86.5 90.4
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Fig.13  Shrimps of different species
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Table 6 Precision of shrimp meat and shell recognition for

different species %
B Species  YOLOW  YOLOW 330764 YoLow
Rougfyf ﬂ:lrimp 64.3 71.2 76.9 84.2
Black%gﬁizﬂ:hrimp 70.2 78.6 82.4 86.8
Japijjjgl;ﬁrtmp 63.7 75.7 78.2 90.7
FEIE Average 66.1 75.2 79.2 87.2
4 & r
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2) AIEIT GhostNet & THFEIREN M 45 B 4. SE
FEEJIHLEIGIN. CloU i 2k B AL vH % YOLOv4 [ 4%
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GhostNet-YOLOv4 15 84 & {4~ 35 15 1l ¥ 1 22 4 95.9%,
I E R 25.0 Mi/s.

3) XA ) GhostNet-YOLOv4 FAY AT 1 AE 1R 5
SERRH], AT U N SRR R P E A
90.4%, A~ [A] iR PR 52 S TR A F T 34 87.2%.
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Improved lightweight YOLOv4 model-based method for the
identification of shrimp flesh and shell

CHEN Xueshen, WU Changpeng, DANG Peina, LIANG Jun, LIU Shanjian, WU Tao™
( College of Engineering, South China Agricultural University, Guangzhou 510642, China)

Abstract: An improved lightweight YOLOv4 model was proposed to realize the accurate, real-time, and robust automatic
sorting of bare and shelled shrimp in the shrimp mechanical shelling process under complex scenarios. The CSP-Darknet53
network was replaced by the GhostNet in the YOLOvV4 structure. The ability of the model was then improved to extract the
features adaptively. The calculation of model parameters was also simplified after improvement. The GhostNet network was
used for the YOLOv4 backbone feature extraction, in order to reduce the network model complexity, and the model parameters
for better storage capacity and detection efficiency. A lightweight attention mechanism was introduced into the Resblock
module of the YOLOv4 backbone feature extraction network, in order to enhance the feature extraction capability of the
backbone feature extraction network. The SE attention mechanism module was used to enhance the attention between feature
channels. The attention of the network model was improved to the shrimp shell by fitting the relevant feature information to the
target channel and suppressing invalid information. The model recognition accuracy was improved to reduce background
interference. The original GIoU loss function was replaced with a CloU loss function to improve the regression effect of the
prediction frame. The CloU loss function made the data obtained from non-maximal suppression more reasonable and efficient.
Furthermore, the prediction frame was more accurate to minimize the distance between the centroids of the detection frame and
the labelled frame. The lightweight GhostNet-YOLOvV4 model was compared with the YOLOv7, EfficientNet Lite3-YOLOV4,
ShuffleNetV2-YOLOvV4, and MobilenetV3-YOLOv4 models. The results showed that the GhostNet-YOLOv4 model shared the
lowest number of parameters and computational effort. An ablation comparison experiment was designed to verify that
replacing the backbone feature extraction network and embedding the SE attention mechanism optimized for the module. The
replacement of the CSP-Darknet53 backbone feature extraction network with the GhostNet resulted in a 2.9 percentage point
improvement in the mAP and a significant reduction in the number of model parameters and output weights, compared with the
original model. The addition of the SE attention mechanism improved the anti-interference and feature extraction ability,
whereas the mAP was improved by 1.8 percentage points. After replacing the GIloU loss function with the CloU one, the
shrimp recognition accuracy was further improved, where the mAP was improved by 1.4 percentage points. According to the
actual operating environment of the shrimp shell inspection test bed, two types of image datasets were produced, namely bare
flesh shrimp and shelled shrimp. The GhostNet-YOLOv4, YOLOv3, YOLOv4, and MobilenetV3-YOLOv4 models were used
for testing. The results show that the GhostNet-YOLOv4 model achieved detection accuracy and speed of 95.9% and 25
frames/s, respectively. The GhostNet-YOLOv4 model outperformed all other models in terms of detection speed under the
condition of guaranteed detection accuracy. The performance of the GhostNet-YOLOv4 network model was evaluated to
identify the shrimp shells for four treatments with the changes in light brightness, speed, shrimp posture, and shrimp species.
The shrimp shell detection test showed that the average accuracy of shrimp shell recognition reached 90.4%, fully meeting the
operational requirements. It indicates that the test bench was suitable for installation on mobile-embedded devices. The
GhostNet-YOLOv4 network model still shared excellent generalization performance, when identifying other species of shrimp
shells outside the sample set, with an average accuracy of 87.2%.

Keywords: machine vision; target detection; shrimp; deep learning; YOLOv4
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