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Abstract: In traditional target recognition algorithms, the classical region proposal net (RPN) has
large amount of computation and high complexity of time at extracting the target candidate region.
Cascade region proposal network (CRPN) is proposed as a new search method for improving the
performance of RPN, in which residual learning based deep residual network (ResNet) is also used
effectively to suppress the degradation phenomenon in deep-level convolution neural networks.
Aimed at the network models with different depths and parameters, a novel multi-strapdown residual
network (Mu-ResNet) model, which is of less memory and lower time complexity, is designed by
combining two-layer and three-layer residual learning modules. The combination model of
Mu-ResNet and CRPN is used for multi-target recognition test by using the unmanned aerial vehicle
(UAV) target data and PASCAL VOC data. The results have shown that nearly 2% of recognition
accuracy isincreased compared with the combination model of ResNet and RPN.
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Mu-ResNet #Eff Z £ A WriE F+ (] 6), BAEIZRA T
TR RS BRI G, (RIS mT IR FE b 3%
PEEHERAE . I A VA TR AR AR I TR FE I L AL .
TR 1 25 e % 58 47 Hh B2 T+ Mu-ResNet 114 B -
32 FZAHB#RRA!

UAV T B AR RIS EZAE ML 1T AL
INRZE REIASE . MELAR AT 56 10 K% 0L
Hbr. FEIEFERIET ImageNet, & KFFIEEHE
P LA ST UAV o i) & 3L 100 000 5k HAeks
70 000 7K B AE R YIZREE, 30 000 FKAE il it 4E «

T WA [F P B 2 B0 R AT $5 E R 286 X6 1R
AR B, SRR T 3 AN RITR L 1) X 48 AT
PR R . 22, 37. 57 Z 1 ResNet 70 %l N
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T AT X, R RL B S VGGI6,
ZF FEE gk 72 I 2 45 B 20 B X a4 28 I 25 AT 1
RELLES. JEILTE VAV HAsBdag B rilgs, W
TR B 25 I 2 B AR M AR ) 1R ) v 2 DL %
AR sk B R st R], g5 R LR L.

®1 TRIMBSIIEERITEL

% B9 (%)
ZF 0.035 79.2
VGG16 0.116 86.6
ResNet-57 0.107 89.0
Mu-ResNet-22 0.076 87.8
Mu-ResNet-37 0.089 88.2
Mu-ResNet-57 0.093 90.4

E 1 1, Mu-ResNet-57 (1135 B HERf 208 = T
ResNet-57, {E I B (8] B 7L ;. Mu-ResNet-22  #lI
Mu-ResNet-37 3R REMAIL T VGG16 Fil ZF M
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% . KA SCHE I 5 2R 2 2 S L g ) 245 755
RURERS TG SO M BRI BE, 7B TS ) AR
HIKE B _E#E BTt .

¥ ZF, VGG16, ResNet-57 fil Mu-ResNet-57
4h4 CRPN, 19378 UAV B ArEE 4 i 4 a1 2R i
LR NP 8 ok

1.0 =
09| T TTiR
0.8
07} RN
% 0.6
= 0.5} R
o4l W

03| --- ZF+CRPN N

oal VGG16+CRPN A\

0.1 ----ResNet-57+CRPN SN

—— Mu-ResNet-37+CRPN 1"~

0 -
0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
10U

8  ANIA] WA A AR TR [ 44 [m] 3% i 2

K 8 Won, X H ARk X /DI, 10U B,

ResNet-57 1 Mu-ResNet-57 ()73 [A] 2518, 24 10U
7E 0.70~0.75 [X |8 Mu-ResNet-57 %R flf. 7F
|OU i /N<0.60)F, FREUFEMLIX it %, ™ H 50
W25 IRTI3RE , 7 10U I K (>0.80) i, FRE AR X 45
o, FECH EERE.

* 2 NET ik EE T UAV HiE4E b,
VGG16, ResNet-57 fil Mu-ResNet-57 545 i [X Iz 48
RN TG IR XA RN B AL &, W R—KE bR
IRV Rf 2 . RPN [1) proposal Z$% FH SCHk[15]
HHRUR B A7 19 2 000 AXSCHE HL Y CRPN H proposal
Z 44 1000. HH3 2 A 41, Mu-ResNet X airplane,
human, automobile, truck [¥] 7> 2R3 R AL T VGG16
Al ResNet, %I ship, bird, horse )23 5 % T
ResNet. iM% CRPN 14 RE A Z L T RPN,

WP SRS, 255 RE A I R R B )
DARKS I R %, SR FH 5 25k 2 2 ST d 1)
57 JZ Mu-ResNet Z54 CRPN 7EX#E4E LA F
90.40% (1) 3R 51l 2 HLAS I 7K % R 75 22 0.093 s, i
ZM RS G T UAV B FRiR S

®2 TRIMEEBRT BIRE & LA AE TR (%)

- POy AT 25

s VGGI16+RPN  VGG16+CRPN  ResNet-57+RPN  ResNet-57+CRPN  Mu-ResNet-57+RPN  Mu-ResNet-57+CRPN
mAP 86.80 86.60 89.70 89.10 91.90 90.40
airplane 92.13 92.36 94.21 91.895 93.03 95.07
automobile 90.27 90.55 93.20 89.38 90.06 94.08
bird 89.35 90.10 92.05 89.14 88.31 89.30
balloon 94.78 96.48 95.11 93.75 95.17 96.14
cat 86.33 85.31 86.31 87.86 84.93 90.11
dog 93.27 93.17 95.07 93.15 95.02 96.22
human 90.30 93.09 94.30 91.81 93.34 94.87
horse 87.92 88.16 91.82 83.09 86.79 90.60
ship 90.12 91.07 91.74 88.92 90.88 93.17
truck 82.06 85.30 86.26 88.48 90.12 88.40

3.3 PASCAL VOC

PASCAL VOC 2007 %4 1F N4 i FF Y5 £
A, B 5k MIZREMEA G AN 5 k AU A A
%, ILH 20 AR R 0. PASCAL VOC 2012
HAE AT 16 k YIZRFEASHT 10 k MINAFEAS . A SCfd
F VOC 2007 1] 5 k A1 VOC 2012 1] 16 k 1 NP 2% 1]
YR, f#H VOC 2007 (1) 5k A1 VOC 2012 17 10 k
1ERMZE RS . KA ZF, VGG16, SCHR[10]+
FEH 1) ResNet A1) Mu-ResNet-57 Y
43995 SCHR[15] Y RPN AIA SCHE HE Y CRPN 2545,
SKPEAl 25 [P 3R RS B2, 7E VOC 2007+2012 %¢
PR A 25 2R WK 3.

# Mu-ResNet-57 5 CRPN 45478 VOC2007+2012
g Bk, #EmZILE] 76.20%. K HEIRE M
7% ResNet-57 Fl Mu-ResNet-57 1R 3 BURSAEIT

CRPN ZUR4EL RPN AT, 1R EKZ M % ZF
A VGG16 fAI, CRPN 5 RPN X 45 5 50 3 A
TE X

3 TR 8 TN B

P 255 A7 Bl e MAP(%)
ZF+RPN VOC 2007+2012 58.6
ZF+CRPN VOC 2007+2012 58.8
VGG16+RPN VOC 2007+2012 715
VGG16+CRPN VOC 2007+2012 72.1
ResNet57+RPN VOC 2007+2012 74.6
ResNet57+CRPN VOC 2007+2012 75.3
Mu -ResNet57+RPN VOC 2007+2012 74.8
Mu-ResNet57+CRPN VOC 2007+2012 76.2

K 9 /& L) New-ResNet-57 454 CRPN HE47 13
ML REL T AL RE TN BREHRN
VU RIFIIRLR, 1% MBI KNS [F] 14
RN RO, B R I B
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