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1. INTRODUCTION   

In recent years, China's shrimp production has

gradually increased, and the peeling of shrimp balls

from whole shrimp is an important part of its pri-

mary processing, and identifying whether the

shrimp is qualified or not is an important part of

it [1-2]. At present, the identification of shrimp

quality is generally done manually, which takes a

lot of time and labour costs and has a higher possi-

bility of misjudgement. Research on quality de-

tection based on the degree of curling of shrimps

has not been reported, but target detection techni-

ques have been used in the food sector, where deep

learning-based target detection techniques have

demonstrated their superiority in many fields [3-7]

and are favoured in food processing and inspection

[8-10]. Song Chao [11] used unsupervised K-

means combined with support vector machines in

a traditional method and a deep learning method

to detect egg cracks, and the results showed that

the traditional method had poor environmental

adaptability, and the defect recognition rate based

on deep learning. Fan et al. [12] used a method

based on candidate defect region counting and sup-

port vector machines to detect defects in apple ap-

pearance online, and its detection accuracy was

much lower than that of the deep learning method.

Yin Hongpeng et al. [13] found that deep learning

is the best visual recognition method today, and

has more room for development than traditional

methods.

YOLOv4 is a recently proposed deep convolu-

tional neural network with higher detection

efficiency. To ensure the efficiency of the shrimp

detection model, the paper proposes to design a
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shrimp quality inspection method based on YOLOv4

deep learning network, by making various forms

of shrimp data images such as adding noise and

rotation to shrimp images, using YOLOv4 network

model to learn and train the data set, using in-

dustrial CCD cameras to collect and detect the

quality category of shrimp online, verifying that

the classification of the model The accuracy and

detection speed of the model can meet the pro-

duction requirements and can improve the effi-

ciency of shrimp production.

2. TECHNICAL METHODS

The production of shrimp balls requires that the

shrimps are cooked to a semi-cooked state, when

the shells are bright red and the curling angle <90°

is qualified shrimps. The quality of the shrimps is

judged by their curling characteristics.

Shrimp inspection is done in 3 parts: image ac-

quisition, image processing and shrimp sorting.

The detection system model is shown in Fig. 1.

The use of industrial cameras to capture images

of the shrimp production line, industrial light sour-

ces help to obtain clearer images of the production,

which helps to improve the accuracy of the system

detection.

The trained YOLOv4 model is transplanted to

an industrial computer and used for real-time in-

spection of the shrimp production line; shrimp

sorting is carried out by a robotic arm or other

sorting device to pick out the detected unqualified

shrimp.

2.1 YOLOv4 Network Framework

YOLO network is a classification algorithm that

uses regression networks to achieve target detec-

tion. Compared with traditional region candidate

networks [14-15], YOLO network integrates two

phases of candidate region generation and de-

tection, and treats the detection task directly as a

regression problem, so it has faster detection speed

and shows good results in most target detection

tasks, and can achieve The overall network struc-

ture of YOLOv4 is shown in Fig. 2.

The YOLOv4 target detection network uses the

CSPDarknet53 as the backbone and contains five

CSP modules with 3×3 convolutional kernels in

front of each module and a step size of 2 to further

enhance the learning capability of the network; the

Path Aggregation Network (PANet) is used as the

neck, with additional Spatial Pyramid Pooling

(SPP) modules with 1×1, 5×5, 9×9 and 13×13 max-

imum pooling. The pooling method can increase the

perceptual area and separate more important con-

textual features; the YOLOv3 detection head is

used as the head. yOLOv4 uses Mosaic and CutMix

data enhancement strategies to increase the input

image variability and enrich the image feature in-

formation, and the designed target detection model

can obtain higher robustness, while label smooth-

ing, learning rate cosine annealing attenuation and

other techniques are used to optimize the network

training process [17].

2.2 Detection Principle

The YOLO network divides the input shrimp

image into an N×N grid. The grid is responsible

for detecting the shrimp target if the centre coor-

dinates of the shrimp to be measured fall in one

of the grids. In the detection process, each grid cell

predicts B bounding boxes, and each bounding box

contains five prediction values:  ,  ,  ,  and

the confidence level, which reflects the confidence

level and prediction accuracy of the predicted tar-

get box [18]. The centre coordinates    and the
Fig. 1. Shrimp quality classification. (a) Qualified and 

(b) Unqualified.
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width and height  ,  of the predicted boxes are

calculated according to equation (1).










   
   

  


  


（1)

where

 - the logistic function.

 ,  - the coordinates of the upper left corner

of each grid in the feature map.

 ,  - the width and height of the a priori box

relative to the feature map.

 ,  ,  ,  - the coordinates of the centre of

the model prediction and the width and height.

The centre coordinates and width of the pre-

dicted box are divided by the corresponding feature

image size and multiplied by the original input im-

age size to obtain the actual value of the predicted

bounding box coordinates relative to the original

image of the shrimp.

Each grid still needs to predict one category of

information, recorded as category C, so the output

is a tensor of size ××. At the same

time, the detection system calculates the cross-

merge ratio according to equation (2).

 ∪

∩ （2)

where

 - Intersection over Union.

 - Prediction box.

 – Ground truth box.

 is an important indicator of the accuracy of

the prediction frame; the larger the  , the more

accurate the location of the prediction frame.

The specific prediction process for shrimp is

shown in Fig. 4. The YOLOv4 algorithm first re-

sets the input shrimp image to 608×608 size; uses

the CSP-Darknet53 network to extract the image

features; sends the feature vectors to SPP and

PANet for prediction; and applies the non-max-

imum value suppression algorithm to eliminate re-

peated predictions to obtain the final prediction

results.

2.3 Loss Function

The loss function for the YOLOv4 network

training consists of 3 parts: regression loss  ,

confidence loss  , and classification loss  .

If no target exists in a certain bounding box, only

Fig. 2. Yolov4 network structure diagram.
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the confidence loss is calculated, and if a target ex-

ists, the 3 losses are calculated. The expression of

the loss function is:
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where

   - feature map scales and a priori boxes.

 - the weighting factor.


 

 - if there is a target at the jth a priori

frame of the ith grid, take 1 and 0 respectively, if

there is no target, take 0 and 1 respectively.

∙ - the Euclidean distance.

c - the diagonal distance between the predicted

box and the closed region of the actual box.

   - the centre coordinates and width and

height of the prediction box.

   - coordinates of the centre of the ac-

tual box and its width and height.




 ̂ - the confidence level of the predicted
frame and the labeled frame.




 - the category probabilities of the pre-

diction frame and the labeled frame.

Confidence loss and classification loss are calcu-

lated by the cross-entropy method, and the bound-

ing box regression loss is calculated by the CIoU

loss function. Compared with the traditional mean

square error loss function, CIoU effectively avoids

the problem of being sensitive to the scale of the

target object and can better focus on the relation-

ship between the position of the predicted box and

the actual box, reflecting the connection between

the two.

3. DATA PRE-PROCESSING

3.1 Data Collection

The dataset used for the experiments is taken

and annotated by the autonomy. To make the im-

ages taken by the autonomy have higher robust-

ness, the dataset images are subjected to dataset

augmentation operations and random scale changes,

cropping, flipping, and rotation of the images to in-

(a) (b) (c)

(d) (e) (f)

Fig. 3. Image preprocessing. (a) Original picture, (b) horizontal flip, (c) vertical flip, (d) vertical and horizontal flip, 

(e) Gaussian blur, and (f) enhanced contrast.
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crease the variability of the input images, so that

the training model has higher robustness to the

images taken from different scenes. The pre-proc-

essed images are shown in Fig. 3.

A total of 10,716 images of shrimps of different

sizes, shapes and colours were obtained from the

data expansion. There are two types of shrimp

samples in the picture data, with a total of 4986

qualified samples and 5730 unqualified samples, so

that the size and richness of the data can be

guaranteed.

3.2 Data Labeling

The data set needed to be annotated before

training the YOLOv4 model, using the, LableImage

data annotation tool, setting the qualified shrimp

category to 0 with a label of qualified and the un-

qualified category to 1 with a label of unqualified,

saving the text file in YOLO data format by default

after annotation, and the sample labelling infor-

mation for both categories of shrimp is shown in

Fig. 4.

The content of the text file saved after data an-

notation is shown in Table 1. Each row in the table

represents the location information of a shrimp tar-

get, the label represents the category of the specific

target annotation, and x, y, w, h are floating point

numbers from 0 to 1, which are normalized values

relative to the scale of the whole image. Eighty

percent of the annotated images were randomly

divided as the training set and 20% as the test set.

As shown in Table 1.

4. TESTING AND ANALYSIS

4.1 Test Configurations

Deep learning network model training usually

requires high training platform configuration.

YOLOv4 network can be trained on CPU or GPU,

and GPU is chosen for its low training cost due

to its much higher computing power than CPU.

The labelled and segmented shrimp dataset was

used as the training sample, and the specific con-

figuration information of the YOLOv4 network

model training platform is shown in Table 2.

The training parameters of the network learning

model are: the input image size is 608×608, the total

number of input images for each iteration is 64, the

training is divided into 8 batches, the momentum

value is 0.9, the weight decay factor is 0.0005, the

maximum number of iterations is 10 000, the initial

learning rate is 0.001, and the mosaic The data

augmentation strategy was used, and the learning

rate started to decay at 8,000 and 9,000 iterations.

4.2 Model Assessment

Loss value The loss value is the error between

the predicted value and the true value of the sam-

ple, and is calculated by the loss function; the

smaller the loss value, the better the prediction

effect. A complete training log is kept during the

training of the network, and the loss value is plot-
Fig. 4. Sample marker chart.

Table 1. Dataset labeling.

Category x y w h

0 0.783 0.380 0.215 0.148

1 0.177 0.391 0.336 0.159

x and y represent the x-axis and y-axis coordinates
of the centre of the marker box; w and h represent
the width and height of the marker box respectively.

Table 2. Training platform configuration.

Name Configurations

Operating system ubuntu 16.04.06

Framework Pytorch

CPU Intel i7-9700K

GPU NVIDIA GeDorce RTX 2080S
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ted visually according to the log information after

the training is completed, and the loss value line

graph is shown in Fig. 5.

As can be seen from Fig. 5, the loss value de-

creases as the number of iterations increases, and

after 10,000 iterations, the loss value is generally

<0.4 and fluctuates around 0.35, proving that the

network model is well trained.

Test results The mean average precision (mAP)

is an important measure of target detection effi-

ciency and is determined by the precision and recall

rates. The area under the P-R curve is called the

mean accuracy value. The larger the value of the

mean accuracy value for all target categories, the

more effective the neural network model is.

The trained network model was used for shrimp

test set prediction and the precision (P) and recall

(R) were calculated separately according to equa-

tion (7).
















（7)

where

 - the positive class judged to be a positive

class.

 - negative class judged to be a positive class.

 --- positive class judged to be a negative

class.

The test set contained a total of 2489 qualified

shrimp samples and 2366 unqualified shrimp sam-

ples. As can be seen from Table 3, there were a

few false positive samples for both categories of

shrimps, but the precision and recall rates for each

category were >93% and the model predicted bet-

ter performance.

Comparative analysis After training and testing

with the YOLOv4 model on the shrimp dataset, the

configuration information of the training platform

remained unchanged, and the Faster RCNN [19],

EfficientDet [20] and YOLOv3 deep learning mod-

els were used for training and analysis on the same

dataset, and the mean accuracy means and frames

per second (FPS) of the different models were

compared in Table 4.

As can be seen from Table 4, compared with the

FasterRCNN with ResNet101 [21] as the backbone,

the EfficientDet with EfficientNet-B0 as the back-

Table 3. Test results of two types of shrimp.

Prediction Results of
Qualified Products

Prediction Results of
Unqualified Products

Accuracy Rate/% Recall/%

qualified unqualified qualified unqualified qualified unqualified qualified unqualified

1532 35 30 1372 97.77 97.86 98.10 97.44

Table 4. Performance comparison of different models.

Model Backbone Network mAP/% FPS/frame

Faster R-CNN ResNet-101 86.3 20

EfficientDet EfficientDet-B0 87.1 17

YOLOv3 Darknet-53 81.7 26

YOLOv4 CAPDarknet-53 89.2 31

Fig. 5. Loss value curve.
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bone and the YOLOv3 with Darknet53 as the back-

bone, the mean accuracy of the YOLOv4 model has

improved by 2.9%, 2.1% and 7.5% respectively.

The number of frames per second has increased

by 11, 14 and 5 frames per second respectively,

which has improved the prediction accuracy and

detection speed.

4.2 Testing Results

To verify the feasibility of the YOLOv4 model

and the online detection capability of the shrimp

inspection system, the model was ported to a

shrimp real-time inspection platform with a Z390

motherboard, an i7-9700K CPU at 3.6GHz, an

NVIDIA RTX 2080Ti GPU with 11G of video mem-

ory and 32G of RAM. an industrial CCD camera

was used to online The shrimp production pipeline

images are acquired, and the network model per-

forms scale cropping and classification feature ex-

traction on the acquired images to detect the qual-

ity category of shrimp in the high-speed pipeline

in real time, and the effect of the images collected

by the camera in real time and completed detection

is shown in Fig. 6.

Through a series of experiments, it can be seen

that the improved yolov4 algorithm has high de-

tection accuracy in shrimp quality detection task,

and has good robustness in different environments,

which improves the application range of the

algorithm. As can be seen from Figure 6, the model

is capable of completing the task of detecting

shrimps in a variety of forms with an accuracy of

93.7% and an average detection time of 47ms,

which can meet the task of detecting shrimps in

high-speed production processes.

Fig. 6. Detection effect.

5. CONCLUSION

A shrimp quality detection method based on

YOLOv4 neural network is proposed. After auton-

omously collecting and annotating shrimp images,

the detection model obtained after training is better

than networks such as Faster RCNN and Efficient

Det with better robustness through image expan-

sion strategy to meet the richness of shrimp mor-

phology in the dataset. Due to some difficulties in

collecting a large amount of complex data in-

dependently, the home-made shrimp data images

have a single background, and the model is poor

at detecting shrimp categories in complex back-

grounds with a certain false detection rate. The

subsequent work will focus on overcoming and

improving this problem in order to further enhance

the generalisation performance of the detection

model.
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