Opto-Electronic Engineering Art|C|e

% ¢ x 4

20194 ,5546% , 54 1A
DOI: 10.12086/0ee.2019.180307

H [ ZFE E B¥riH 78 DRFCN
R LRI T R SEIR

ARV, ZEEFL & AL FREDL O

1

Total Aircraft: 1458 Fighters: 411 Al S
3 100 1 8 h‘ Fixed-Wing Attack Aircraft: 453 Transport Aircraft: 345

Traineg Aircraft: 259 Helicopters: 686 Attack Helic opters: 79

2 310023

FE. A2 B AFRAATRBEA—AZEEABT L FE M E s, KIGHIHFEZNT —H#H 6@ & EE 8 478
% 5 R 69 DRFCN iR E M %, &2k, /£ DRPN (48 A AR F ik i 0 7 X, LA REREHER T & — Zej45 L,
FIEG R BAFRAE R BARIR; 0k, /£ DFCN 30l i ko BB AR & A1 &, EARAER R A 47
AR Fefz B2 ETRM; &5, 4T DRFCN RKEMAHA L MABR LM %7 k. SR, #—Fst DRFCN
BRI RT ot 5itie: 1) AT PASCAL VOC #4B £#tATaftb 250, 4 RAW, & T RALBREILMZ LI
Frik, HERAFRAPHEEME, TR EMSER X &, DRFCN EE¥HPREHTeALATRESET WA
P85 Fik; FlAE, 309E T DRFCN Hok T VAR B8R R4S B RSt AR F AL, 2) AR A 2 EF B RS £ #4725,
R AW, DRFCN Fik £ f o Ffn it b L% R EF B AFASES.

X921 FEF T, BiFR5); PASCALVOC #iE&; EFH 4

hES2ES: TP391.41; TB872 XHRFRERD: A

IR x4, FM4AF, &K, F. @OEFH 7549 DRFCN AR 4kt A FAJ]. Ko T4, 2019, 46(4):
180307
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Abstract: Automatic target recognition (ATR) technology has always been the key and difficult point in the military
field. This paper designs and implements a new DRFCN in-depth network for military target identification. Firstly, the
part of DRPN is densely connected by the convolution module to reuse the features of each layer in the deep net-
work model to extract the high quality goals of sampling area; Secondly, in the DFCN part, we fuse the information of
the semantic features of the high and low level feature maps to realize the prediction of target area and location in-
formation in the sampling area; Finally, the deep network model structure and the parameter training method of
DRFCN are given. Further, we conduct experimental analysis and discussion on the DRFCN algorithm: 1) Based on

Wi HHEA: 2018-06-04; UWEIIEKFSEHA: 2018-08-07
HE&mA: (61333009 61427808)
EEEN: (1971-) E-mail gutlj@163.com

180307-1



DOI: 10.12086/0ee.2019.180307

the PASCAL VOC dataset for comparison experiments, the results show that DRFCN algorithm is obviously superior
to the existing algorithm in terms of average accuracy, real-time and model size because of the convolution module
dense connection method. At the same time, it is verified that the DRFCN algorithm can effectively solve the problem
of gradient dispersion and gradient expansion. 2) Using the self-built military target dataset for experiments, the re-
sults show that the DRFCN algorithm implements the military target recognition task in terms of accuracy and

real-time.
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Table 2 Comparison of pre-training model sizes for DRFCN on ImageNet datasets
Top-1/% Top-5/% /MB
DRFCN5 74.9 90.1 50.8
DRFCN16 76.1 93.1 112.3
VGG16 76.0 93.2 548.3
ResNet-18 70.4 89.6 44.6
ResNet-101 80.1 94.0 203.5
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Overview: Automatic target recognition (ATR) technology has always been the key and difficult point in the military
field. Photoelectric detection is one of the key detection methods in modern early warning and detection information
network. In actual combat, massive images and video data of different types, timings and resolutions can be obtained by
optoelectronic devices. For these massive infrared images or visible light images, this paper designs and implements a
DRFCN in-depth network for military target identification applications. Firstly, the DRFCN algorithm inputs images
and the part of DRPN is densely connected by the convolution module to reuse the features of each layer in the deep
network model to extract the high quality goals of sampling region; Secondly, in the DFCN part, we fuse the informa-
tion of the semantic features of the high and low level feature maps to realize the prediction of target area and location
information in the sampling area; Finally, the deep network model structure and the parameter training method of
DRFCN are given. In the experimental analysis and discussion part: 1) Through a large number of experiments, we
draw various types of LOSS curves and P-R curves to prove the convergence of the DRFCN algorithm. 2) On the
pre-training classification model based on the ImageNet dataset, the DRFCN algorithm achieved 93.1% Top-5 accuracy,
76.1% Top-1 accuracy and the model size was 112.3 MB. 3) Based on the PASCAL VOC dataset, the accuracy of
DRFCN algorithm is 75.3%, which is 5.4% higher than that of VGG16 network. The test time of the DRFCN algorithm
is 0.12 s. Compared to VGG16, the test time was reduced by 0.3 s. The DRFCN algorithm has advantages over the exist-
ing algorithm. Therefore, it is superior to the existing depth learning based target recognition algorithm. At the same
time, it is verified that the DRFCN algorithm can effectively solve the vanishing gradient and exploding gradient. 4) Us-
ing the self-made military target data set for experiments, the DRFCN algorithm has an accuracy rate of 77.5% and a test
time of 0.20 s. Compared to the PASCAL VOC2007 dataset algorithm, the accuracy is increased by 2.2%. The time is
reduced by 80 milliseconds. The results show that the DRFCN algorithm achieves the military target recognition task in
accuracy and real-time. In summary, compared with the existing deep learning network, the comprehensive perfor-
mance of the DRFCN algorithm is better. The DRFCN algorithm improves the recognition average accuracy, reduces
the depth network model and effectively solves the vanishing gradient and exploding gradient.

Citation: Liu ], Meng W X, Yu J, et al. Design and implementation of DRFCN in-depth network for military target iden-
tification[J]. Opto-Electronic Engineering, 2019, 46(4): 180307
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