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Abstract. Due to the particularity of underwater environment, such as uneven distribution of light,
interference caused by various underwater noises to imaging, and weak target features caused by
the protective colors of underwater organisms themselves, the existing target detection technology
is not ideal in underwater application scenarios. In this paper, the photography function of
underwater robot was used to take photos of four objects, namely sea urchins, scallops, sea
cucumbers and starfish, and the parts with obvious texture characteristics were selected to make a
dataset URFD with 8,000 images. In order to ensure the adaptive ability of the detection algorithm
to application scenarios, we selected the yolov5 algorithm with the best comprehensive
performance by testing the performance comparison of various existing networks, and optimized
and improved it. In order to reduce the redundant computation of convolution operations, the
fasterNet structure is introduced. By optimizing the loss function of the original network structure
and reducing the coupling degree of the original detection head, yolov5 dropped 2 points from
floating point operation and improved the map by 2 points on the basis of the original performance.
And the training time cost is reduced by 22%. The name of the improved algorithm is yolovsfd.
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1. Introduction

In recent years, with the continuous development of fisheries, deep learning algorithms have
provided technical support for smart fisheries. Through the combination of computer vision and
underwater robot, intelligent fishing can not only improve the efficiency of fishing, but also reduce
the risk of artificial underwater operation[1-3]. Compared with the application scenarios on land,
the underwater environment has weak light and uneven distribution, low chroma, and the influence
of water flow, impurities and other factors. For underwater organisms, factors such as low
foreground differentiation caused by protective colors adapted to the environment, and irregular
texture caused by shapes are great tests for visual algorithms[4-6].

At present, there is no shortage of data sets of underwater related scenes to provide training
resources for deep learning[7]. However, most of the existing data sets are pictures taken from a
wide Angle, so the detection targets are almost all widely distributed small targets, which will cause
the model to be unable to fully extract and train the features of the target[8-11]. In order to make up
for this shortcoming of the underwater datasets, the underwater photography robot is used to shoot
the target in shallow water area at close range, so that the target has a clear texture display[1, 5, 12].
We selected 2000 pictures with significant texture for four kinds of targets, namely sea urchin,
scallop, starfish and sea cucumber, and integrated them with other original small target distribution
pictures to make a dataset URFD with a total amount of 8000 pictures.

As for the network model of target detection, it is mainly divided into two-stage and single-stage
network model algorithms. The classical two-stage algorithm, such as faster-rcnn, which has high
accuracy, but too many operational parameters lead to slow detection speed and cannot meet the
real-time requirements[13-16]. Detection single-precision algorithms include ssd and yolo series,
which are characterized by high speed but low precision[17-19]. With the development of multi-
scale network algorithms, yolo series has been continuously improved, and the higher version of
yolo algorithm also has relatively high accuracy[20-22]. Coupled with the speed advantage, yolo
series algorithm is the best choice to meet the real-time detection.

By comparing the performance of various target detection algorithms in underwater application
scenarios, yolov5 is selected to improve the network model. In order to improve the underwater
adaptive ability of the network model, the previous methods are to introduce attention mechanism
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or modify a certain network structure module, but this is often at the expense of speed to improve
the accuracy[20, 22-24]. In this paper, the latest algorithm idea, fasternet, is introduced for
convolutional redundant parameter calculation to ensure that the parameter number of the whole
network will not be affected by the improvement of accuracy. In this way, the accuracy will not be
improved at the premise of sacrifice. In this paper, by optimizing the original loss function and
combining the decoupling detection head, the convergence ability of the network model is improved,
the training time cost is reduced by 22%, and the map index is also improved by 2 points. We call
the new algorithm yolovsfd.

2. Yolovsfd

The yolovsfd network model, based on yolovS5, uses FasterNet network structure to replace C3
modules that bottleNeck and backbone parts. In this way, the efficiency of feature processing and
the overall computing speed of the network are improved[25]. In the network header, the
decoupling header is used to replace the original shared branch header. In this way, the detection
accuracy can be improved. In addition to the structural explicit improvement, we also improved the
CIOU loss function of the original network by using NCIOU-Loss. This loss function not only
improves the fitting ability of the whole network, but also greatly saves the convergence time, thus
saving the time cost of model training. As shown in Figure 1:

Jroatt— S e B G ] e W jreevl— | s

Decouplecbet OecoupiecDet

Figure. 1 yolovsfd

2.1 Optimization loss function

Yolov5 takes the center point of the bounding box, the intersection over union and the aspect
ratio as the loss basis. This method has excellent convergence speed and regression
performance[26].
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Where the av is the aspect ratio of bounding box. p?(b, b°!) is the Euclidean distance between
the center point of the prediction box and the ground truth. ¢ is the diagonal distance of the smallest
closure area capable of containing both the prediction box and the ground truth. However, the
aspect ratio is still different from the true length and width, which may result in that even if the
aspect ratio of the prediction frame and the ground truth is exactly the same, the length and width
are not necessarily the same. This shortcut lowers the performance of network .

In order to solve this defect, length and width are added as the loss basis of regression box on the
basis of original loss function, so as to increase the upper limit of prediction accuracy.
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Where the p?(h9, h) and p? (w9, w) respectively are the difference of height and width between

prediction box and ground truth. A is used to avoid overfit of the network, we set it’s number is
0.001.

2.2 FasterNet Moudle

The characteristic of PConv structure is that only part of the input feature image is processed by
convolutional filter, which achieves lower FLOPs than conventional convolutional network and
higher FLOPS than Depthwise Group convolutional method. The FasterNet module is the first
feature extraction by the above PConv module, and immediately connects two 1-dimensional
convolution kernels. The primary BN layer and RelU activation function are used in the
intermediate modules of the two PWConv modules to ensure feature diversity and low network
latency[25].
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Figure. 3 FasterNet Block
2.3 Decoupled detection head

In the original structure of yolov5, the detection header is realized through classification and
regression branch fusion sharing. In yolox[27], the research team uses decoupling to separate the
modules of each network task, so that each function has its own branch, so as to reduce the coupling
between network modules and improve the detection accuracy. The author reduces the number of

convolutional modules by using mixed channel strategy. Thus, the problem of decreasing the floats
of the model due to the increase of the number of parameters is alleviated[28].
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Figure 4 Decoupled detection head
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3. Experiment and result analysis

3.1 Experiment environment

In this experiment environment,NVIDIA GeForce RTX 2080 was used.

3.2 Ablation experiment

Table 1. Comparison of ablation

echinus | holothurian | scallop | starfish | Map | FLOPs | Time of train
AP
Yolov5-doubleHead 87.0 70.3 40.0 78.5 56.6 23.0 1.601H
Yolov5-EClou 83.4 66.6 38.0 79.3 54.6 16.0 1.234H
Yolov5-FasterNet 79.0 60.2 23.0 86.5 52.3 13 1.405H
yolovsfd 87.5 68.2 42.0 89.2 57.2 15 1.118H

In this experiment, 50 rounds of training were conducted for each model improvement method,
and the input size was 640x640. The Batchsize is 32.

Through testing different optimization components of the three network structures separately, it
can be seen from the above table that the decoupling detection head can significantly improve the
accuracy of the obvious original model, but it will increase the burden of floating point operation.
The optimized loss function can also improve the recognition accuracy and reduce the training time.
And the FasterNet module can have a low float numbers.

3.3 Experimental comparison

Table 2. cmparison of networks

echinus | holothurian | scallop | starfish | map FLOPs Time of train
AP

FasterRenn 88.0 65.7 35 88.9 56.7 30 1.756H
SSD 76.3 60.1 22 75.2 49.1 17 1.545H
Yolov3SPP 80.0 55.3 24 77.5 48.6 18 1.601H
Yolov5 83.4 65.6 30 88.3 55.6 16 1.434H
Yolov8 82.0 60.2 23 84.5 52.3 12 1.505H
yolovsfd 87.5 68.2 42 89.2 57.2 15 1.118H

As can be seen from the above table, before improving the network, this paper first trained and
compared five original network algorithms. Although the accuracy of FasterRcnn is the highest, its
floating point arithmetic is too large, which means that the real time performance is poor. Therefore,
for comprehensive consideration, we chose yolov5 algorithm, and on this basis, improved the
algorithm, and then proposed a yolovsfd algorithm model with higher efficiency. As can be seen
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from Table 3-1, yolovsfd has better recognition performance, and its real-time performance is not as
good as that of Yolov8, but compared with the original yolov5, the parameter calculation of
yolovsfd has also decreased by one point, which means that yolovsfd has better real-time
perormance than yolovS5.

3.4 Validation result

It can be seen from the test results that yolovsfd has a more ideal detection ability on sea
cucumbers, starfish and sea urchins. However, due to environmental problems, feature extraction of
scallops is more difficult, which makes our algorithm not good for scallop recognition. The
unbalanced number of object samples and the environmental interference are serious obstacles to

A el . PP
Figure. 5 The result of detection

4. Conclusion

We use the latest object detection network structure FasterNet and decoupledDt, improve the
original yolov5 network structure, and propose yolovsfd algorithm. yolovsfd not only improves the
recognition accuracy of the network model to the underwater target, but also improves the detection
rate of the algorithm, ensuring the real-time detection of the algorithm. In terms of loss function, by
optimizing CIOU loss function, we improved the limitations brought by the original aspect ratio,
and added longer than wider as a loss sentence, which is that the convergence speed is increased
during network training. Compared with the original algorithm, yolovsfd saved 22% of the training
time cost. This paper also uses other network algorithms to compare performance with yolovsfd,
and yolovsfd shows better performance.
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