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Base Station Network Traffic Prediction Method Based on Wide & Deep Learning

CHEN Haojie'”, HUANG Jin'?, ZUO Xingquan'?, HAN Jing’, ZHANG Baisheng’

(1.School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China;2.Key Laboratory
of Trustworthy Distributed Computing and Service ( BUPT) , Ministry of Education, Beijing 100876, China;3.Zhongxing Telecom-

munication Equipment Corporation, Shenzhen 518057, China)

Abstract; Aiming at the long-term prediction problem of wireless communication network traffic, a base
station network traffic prediction method was proposed based on Wide & Deep learning. Firstly, S-H-ESD
('seasonal hybrid extreme studentized deviate test) algorithm and data smoothing method were used to prepro-
cess the network traffic data, and to reduce the impact of noise data on the prediction. Then, the network flow
was input into the deep part ( neural network) of the Wide & Deep model, the radio resource control (RRC)
and physical resource block (PRB) were input into the wide part (linear model) of the Wide & Deep model,
and the deep and wide parts were combined to predict the network traffic. The method established one predic-
tion model for the network traffic of all base stations. The root mean squared logarithmic error ( RMSLE) of
prediction results was 0. 985, which was significantly better than that of the traditional seasonal autoregressive
integrated moving average model (RMSLE was 2.095) and that of the long short-term memory network model
(RMSLE was 3.281). Experimental results showed that the Wide & Deep model could better solve the
problem of long-term prediction of wireless network traffic via combining the memory ability of the linear model
and the generalization ability of the depth model.

Keywords: Wide & Deep model; deep learning; base station network traffic; traffic prediction; time series

prediction ; neural network
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Figure 2 Normalization attribute of X'
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Table 3 Oil layer recognition results of Q1 well

P A A IRt 1] /s PN/ %
QPSO-SVM 17.79 93.50
PSO-SVM 12.06 92. 00
CS3VM 0.37 90. 00
A SCRE 4.92 95. 00

x4 QHIHMMERIRANER

Table 4 Oil layer recognition results of Q2 well

U A5 7Y VI ER S B E/ %
QPSO-SVM 10. 63 93.91
PSO-SVM 7.03 91.89
CS3VM 0.35 90. 95
AR SR 3.85 94. 07
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Figure 3 Comparison of actual and predicted oil layer distribution of Q1 and Q2 wells
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An Improved Ghost-YOLOVS Infrared Target Detection Algorithm Based

on Feature Distillation

LI Beiming', JIN Ronglu'?, XU Zhaofei’, LIU Qing’, WANG Shuigen’

(1.College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. Yantai

IRay Technology Co., Lid., Yantai 264000, China)

Abstract; Infrared target detection algorithms suffered from problems such as poor adaptability and high com-
putational complexity. An improved Ghost-YOLOvS5 infrared target detection algorithm was proposed based on
feature distillation to solve the above problems. Firstly, GhostNet block was used for backbone pruning. Se-
condly, two effective data enhancement methods including Mosaic and Copy-paste were used, together with
feature distillation to improve the accuracy in object detection. Furthermore, an infrared image dataset that
contained a variety of scenarios with pedestrians, motor vehicles, and non motorized targets was constructed.
The test experimental results on the above dataset showed that the model parameters obtained by the algorithm
proposed in this paper using GhostNet module were only 1. 9M, and the accuracy of the small model on the in-
frared dataset were improved by 6. 6% through feature distillation and data enhancement. And the overall mAP
value reached 90. 1%. The detection speed of the model could reach 25 frames per second and the average de-
tection accuracy could reach 90. 2% when measured empirically on Hisi, all achieving higher detection accu-
racy compared to a variety of common models portable to this platform.

Keywords: infrared target detection; data enhancement; model pruning; feature distillation; Hisi plat-

form

(1355 19 1)
Improved Co-training Semi-supervised SVM and Its Application in

Oil Layer Recognition

PAN Yongke, HE Ziping, XIA Kewen, NIU Wenjia

(School of Electronics and Information Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract: It is expensive to obtain labeled data in actual oil logging, and a large amount of cheap unlabeled
data are not used. How to use limited labeled samples and a large number of unlabeled samples to obtain accu-
rate oil layer distribution remains to be solved. The semi-supervised learning methods were widely used
because they could obtain good classification models using both a small number of labeled samples and a large
number of unlabeled samples. Therefore, based on a semi-supervised support vector machine (S3VM) , an im-
proved semi-supervised support vector machine based on co-training and quantum-behaved particle swarm opti-
mization algorithm ( QPSO-CS3VM) was proposed for oil layer recognition. Firstly, the multi-view-based co-
training strategy combined with S3VM was used to construct two independent initial classifiers, and then ex-
changed and labelled unlabeled samples to improve the overall oil layer recognition accuracy. Secondly, in or-
der to improve the initial classification accuracy of original classifiers, the quantum behavioral particle swarm
algorithm was introduced to optimize S3VM. Finally, a newly nearest neighbor data editing approach was used
to predict the confidence of the pseudo-labelling of unlabeled data to reduce the deterioration of model perfor-
mance caused by misclassification of data. The improved co-training semi-supervised SVM proposed in this pa-
per improved the classification accuracy by 5.00% and 3.12% compared to the traditional co-training
algorithm by performing oil layer recognition on the logging data of the two wells. The algorithm proposed in
this paper had high accuracy in oil layer recognition and had practical application.

Keywords: semi-supervised support vector machine; co-training; QPSO; data editing; oil layer recognition



