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A River Ship Target Detection Algorithm Based on YOLOv3 and
Transfer Learning

LI Hui' ,JIANG Quan®" "

(1. School of Electronic Information, Guangxi Minzu University, Nanning, Guangxi, 530006, China; 2. School of Artificial Intelli-
gence, Guangxi Minzu University, Nanning, Guangxi,530006 , China)

Abstract: In order to strengthen the monitoring and tracking of granular material transportation ships in river
monitoring video images,so as to assist in the realization of intelligent and efficient river sand mining supervi-
sion and granular material scheduling,a river granular material ship target detection algorithm is proposed
based on You Only Look Once version 3 (YOLOv3) algorithm and transfer learning. Firstly,the COCO data-
set is used to train the initial YOLOv3 algorithm,and the pre-training weight of the model is obtained. Then,
the image data of sand mining and sand transportation ships collected from the monitoring equipment around
the important rivers in Guangxi are processed to obtain a high-quality ship dataset. Finally, driven by this
dataset,the transfer learning pre-training weight is used to train the YOLOv3 detection model for key targets
such as river sand mining ships. The model uses Darknet-53 as the backbone network and integrates multi-
scale feature maps to achieve the detection of small, medium and large targets. The experimental results show
that the average accuracy value and detection speed of the algorithm on the test set reach 98.00% and 17. 78
fps.respectively,which is of practical significance for improving the supervision efficiency of river sand min-
ing and realizing the intelligent scheduling of granular materials.

Key words: YOLOv3;transfer learning; granular material ship;target detection;sand mining supervision
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Beijing Opera Binary Classification Simulation Based on RF -
BiLLSTM-Attention Music Classification Method

GONG Yicheng"** " ,LIU Qing'?,XIAO Haoyi'

(1. School of Science College, Wuhan University of Science and Technology, Wuhan, Hubei,430065, China; 2. Hubei Province Key
Laboratory of Systems Science in Metallurgical Process (Wuhan University of Science and Technology) , Wuhan, Hubei, 430081,
China)

Abstract:In order to popularize Beijing Opera,a music classification method of RF-BiLSTM-Attention was
proposed based on Random Forest (RF) coupled Attention mechanism and Bidirectional Long Short Term
Memory (BiLSTM) network,which was used to classify Beijing Opera and other types of music ( hereinafter
referred to as ‘Beijing Opera binary classification”). Firstly,all spectral features of music were extracted,and
important features were selected by RF. Then,the attention layer was embedded the hidden layer and the out-
put layer of the BiLSTM network to classify,train and predict the data. Using 1 500 pieces of music from the
popular music platform and GTZAN dataset for Beijing Opera binary classification experiments,the effect of
RF on 9 models such as Recurrent Neural Network (RNN), Long Short Term Memory (LSTM) and Bil.-
STM was compared. The results showed that the classification accuracy of RF-BiLSTM - Attention was
89.00% ,with a run time of 33.22 s. Compared with the best performing RF-BiLSTM model in the simple
model, the classification accuracy was improved by 3.33% ,and the run time was reduced by 40.54%. Com-
pared with the original BiLSTM-Attention model, the classification accuracy was increased by 6. 33% ,and the
run time was shortened by 96. 89%. Compared with traditional audio classification work, this article considers
the binary classification of Beijing Opera,which plays a good role in promoting Beijing Opera.
Key words: Beijing Opera; BILSTM network;attention mechanism;random forest;binary classification
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