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Small Target Detection in Airport Scene via Modified Faster-RCNN
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Abstract: For the low precision of small target detection in the existing convolution neural network methods
used in airport video surveillance, in this paper, a small target detection algorithm based on Fasterr RCNN
combined with multi-scale feature fusion and online-hard-example-mining (OHEM) is proposed. First of all,
ResNet-101 is adopted as the feature extraction backbone, and a top-down multi-scale feature fusion pathway
is established based on the ResNet-101 to generate richer semantic feature maps of a fine resolution. During
the network training, OHEM is adopted to make the network more robust to locate the region of small target
objects. At last, an airport dataset containing 5 982 pictures is constructed manually, which is used to verify
the training and testing of the model. The results show that our modified Fasterr RCNN algorithm significantly
improves the accuracy of small target detection under airport situation. Besides, the mean average precision
reaches 80.8% , which is higher than other advanced object detection models.
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Fig.3 Top-down module of feature map fusion
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T R AR BRI AR T AT AL B R, BY )
PR H A B 37 b 1 T A — 26 F AR Sk e A5
) Y JC 5 1 1A, A B SO T A AR I 15 2 B — gk &
F L A3 B &R B 2 BE 2 1.920X 1 080 F1 960 X 540
GERPIFN, HeTt 5 982 5K A AL & F, 27 320 P A Ar

TS . B JE 3K 5 982 5K K] F B ™ A% e B IR AL
i 4k Pascal VOC2007 B9 4% 300 £ 7K FZ v i )
SR AT A R T TARVE o B T AR AR AR R R 31 1
19 Fe A9 53 R DN 4 5 AR T S IR 4 b i 5
ESOLERE e sl N R NSRS Sl BNy
S3Ul F L BE, BTN SR A B0 2 e ) 2%
H TR I 5 e S ) 3 o R AR o R 9 P 1
A PR BRI R 045 LA R B AE AR R
/N BBy A, B A T T R B U B TE KR
Al B A SRR /NIRRT
2.2 KEETS5FMIRE

AL S B BE T TensorFlow ¥ i 4 ~J HE 48 it
3, 3% FH — ¥t NVIDIA GXT-1080Ti i K I Intel
(R)Core 17-8700K CPUAE N W1}V & , #2718 17 0
568 Ubuntu 16.04LTH/ER S, B TIRE 2=
B A B A o i UL f I AE ImageNet 43 2541 55
H T YI 25 1) ResNet-101 85 4] & 16 % 26 AL 2
B o X T RPN R 4% 5 Fast-RCNN B 4% (1) Il 25 i
T, 2R H Faster- RCNN JE 8 3CH 9 28 8 1l 4505 =X,
XF A3 I o A SO 2 A Ak T vk SR BE DL B2
T B#(Stochastic gradient descent SGD), X % 4% 117
AT WERINZR, Hat X=X (1), Hh &t
Y25 5008 A 25 128 Tk Il Sh B AR G Wl TR k22 )
R 0.01, 78 2 J7 I AUG % 2 RN 0.000 1,
Fn B E s o 0.9 B FE 1715 22 1Y I A4 4 -
BRI 2 Ab 3B R T T UG OK P e i LR 5, RS
A7 TS0 A AR 1 5 O Ok i v 5T ) 45 1) WA S

0.=0,—a>, (h(z")—y")zl (1)
=1

s 0 NBIEPRE NS o B T 3308 15
A3 m RN AEA 8 5 by (20) R NS B
PR ;) R UL 2oy R AL v

X 52 86 45 SR PEAL , R ] AP(Average preci-
sion) - HHg £ X 6 IS o 85 B AT A

J= zw] P/M (2)

TR BRI N — SR P YRS B, M Ry SR RE
A TE A A B, PR AEAS TR T A BCT X AN [ Y
A [ {H (recall) 77 i K AY E B 2R (precision), AP {H
A DA e o D 2 A5 3 ) A A TR A I 2R )
BY 2 BLFE B, mAP(mean average precision) g & #U
TEAS I I A7 200 b B 4F I 3 5 K A 2 531 i o )i
AP AR 5152 .



5 6 ]

BEAN T 4 L T Faster RCNN BYALIZ 7 T /N B AR 90 746 10 440 3 739

2.3 ERERESW

R TG A B i AS SO v B O A 4 SR Y 5
i), 38 2o 7 AL 37 Eh e 4 v ok AN [ 1Y 52 96 SR i iR 47
S TR T RRIE AR U 4% ResNet-101 %) T
VAN & 7 a1 3 e K 10 A RS B B A s o | B S
7ZF-Net,VGG-16 DL & ResNet-101 i) Faster RCNN
R AR o Sk 7 28 S LUAS [R) S 56, B 0 FH B e 1k
W28 AR LLAE , S50 I 20 BRI R R — 3, 5
WA R ILE 1,

F1 AEFFERN SN BR LB

Tab.1 Comparison of parameters between different fea-

ture extraction Networks

AL ) 2% AL N KR mAP

ZF-Net 90.6 7.1 69.9 55.9
VGG-16 90.7 19.1 79.8 63.2
ResNet-101 90.7 27.2 79.6 65.8

1 AT D 38 o R 4 A ) 9 R A 4 I 2%
ResNet-101 W £ 48 mAP %5 3£ I #8 [t ZF-Net,
VGG-16 43 M F T 9.9%,2.6% , B AR EML S 4%,
X P BA R RS 0y B bs E A I 25 531 LT
FEF  HAE B0 A I 25 SR 5L T T 20.1%
58.1% . X FHIEM T ResNet-101 58 22 XF F /)
B bs A o O 8RR o it Ah 25 B R IR 1Y Fast
er- RCNN 1 B 4 HH 89 A 10 S 4l A R~ R/
F{128%,256%,512%,}, 1% R ~F KNS GEAR 4 3th 78 35
BL B 4 h i ) IR B L. PR I 5 X 1 T
AN TR A RO R/INTE AL 37 B0 a2 1 4 DN 14 fE 25
R AR AR N 2R D8 A B i R FH A Al
FERCT DR — S0, 8 R RS KON A o3 A A
(1287, 2562, 512%,}, B 4H {647, 1282, 2567}, C 4H {167,
32°,64%,128%,256%), SLELER WK 2,

R2 REHE R R R R
Tab.2 Comparison of parameters between different
pre-defined anchor sizes
A RSE BB WHL AR EH mAP
A ResNet-101 90.7 27.2 79.6 65.8
B4 ResNet-101 90.6 49.7 88.3 76.2
CH ResNet-101 90.7 52.1 88.8 77.2

HY 2% 2 10 5K A R R T RN 3 Sk {647,
128°, 2567} A B 4k S22 A1 A Jin o /N B AR (16, 327,
A R SF 4 A7 B3 By AR AE P U 32 BF (W) 5 T 4
5 B0 S P R 1 K /INE B, DA ResNet-101 2
FEAE ) 48 1 Faster- RCNN 76 A 51 5 240 b (19 46 1)
AP {8 F % T JF 15 Faster- RCNN A % B ¥ I 45

IERTET 24.9% 59.2% o XUEH T BN IUE
S AR BEAT ZCA 4R T/ FAR 9 R I 245 2 5 46 9 14
HERIE A PERE . B, LI 2 fieJm — A7 B s i il
DRy AR SE TR VRS A Tl 6 90 245 5 7 24 0 491472 4l 12E
FrNGR5 I, S2 g 45 R I3 3.

R3 FEREME S OHEM X4l 45 2 % 0

Tab.3 Ablation experiments of top-down module and

OHEM
FAFmGM4% OHEM  kHL  ABL 48 mAP
N/ 92.5 554 90.2 794

N/ 924 538 89.1 784

N/ N/ 94.3  56.7 91.4  80.8

F 2 30T LA 2, 1) 36 o I 45 V5 0 22 R AR AE
Rl PN 25 e, T T A 230 ) G T 45 SR 35 4 40 A
FH o e rp P B 05 3R v R /N 8 N B 2K B ) G T
AR TE T 3.3%, BXAUE WA T a3 R AE @l f O w1 5
FEAE FIE SCME B0 7 35 3 /N B As K T A7 5%
Mo FEREALYI St A2 v 8 o A e ME 42 4 D
2L RS R T 1.2% M mAP 2 TF, 35X 350 B HAl 15
JIN s B8R AR i T G e g P 2 AR AR ) L B
W WA A R T/ IN B ARG I 25 S 1 7 ik A 4 L AR
SC7 1 AE DL 37 0 1R T 14 25 S0 T 35 o 1 R e K Gk
F 7 80.8% o B LiRSZIG AN, Sy B b b iE B AR SO
TR R AR SO R S A S R 9 2 TR A )
) A A AL AT TR LG R IR WL R 4

T4 AXFHESERBRG N ERNL R

Tab.4 Results comparison between the proposed meth-

od and other methods on the airport dataset

Iy ik ®HL O OABL AR mAP

J5L I Faster R-CNN 90.7  19.1  79.8  63.2
SSD300 89.4  13.6 856  62.9
YOLOv3 92.6 236 90.3 688
ATk 94.3  56.7 914  80.8

H1 2% 4 AT, 76 25 25 W 0K 00 A6 I 45 21 1, AR S
(4 75 1% A A 1 LAt 2 0 A R B 2 20 E s R T A
o T — R SCHE A ST T A LR BR Y
FasterRCNN 7€ mAP 42 F+ T 17.6 % , JC H 2 1E
INAFRZEI A BT T 37.6% 9 AP, %R T
WEB T AR SO R s . R RS SRR TR AR
U5 5 F AR Faster- RCNN 347 328 it — 2 52 431]
RORE . ATLUE B, A SO 3 T 3 i/ H bk
0 T A, ) 2 SR A R 0 A
GG



740 Moa o ox® KR ¥R %51 %
Conference Research in Air Transportation. [S.1.] :
DLR, 2006: 221-230.
[2] GIRSHICK R, DONAHUE J, DARRELL T, et al.
Rich feature hierarchies for accurate object detection
= *ﬁ and semantic segmentation [C]// 2014 IEEE Confe -
s | rence on Computer Vision and Pattern Recognition.
T ! Columbus, USA: IEEE, 2014.
(b) Detection results of the proposed method 3] REN S. HE K. GIRSHICK R ¢ ol Fast
, , , et al. Faster
FI5 WA SRR I : T s
Fig.5 Results comparison between the FasterrRCNN R'CNN: Towards realtime object detection with
and the proposed method region proposal networks [J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39
. (6): 1137-1149.
3 % T ; ; :
[4] EVERINGHAM M, van GOOL L, WILLIAMS C
ASCHEH T — Fh gk i Faster RCNN H 7 K K I, et al. The pascal visual object classes (VOC)
{WJ Tﬁ ﬂ;ﬁﬁ’q’: y%m % % i 1 /J\ H 7{‘/]? % Mi Kﬁ (M l\'ﬂ i challenge [ J]. International Journal of Computer Visi-
N N N N on, 2010, 88(2): 303-338.
LIRS A (5] W14, o, HEOE % 5 36 T LB £ A L)1)
5 AN, ‘sDn‘\sk‘A. S ?}LMJ“’T? ‘i,/\| JI.
(DT —Fh A W T 02 R RHE K &
e g AR AL 25 A K22, 2019, 51(5) : 669-674.
Tk o VAR R B HOR TR R A 38 HU Bin, YANG Cheng, SHAO Yeqin, et al. Vid-
> = AN < - A 4 b IR ot 5
1T B A ResNet- 101 R 412 3 0 245 245 £y 7 119 eo-based person re-identification [J]. Journal of Nan-
AN TA) RUBE K /N R AR T DA A= B[R] Bk 5 A e o 3 % jing University of Aeronautics & Astronautics, 2019,
55 e T 0SB RRAE L T DX A 8 R 2% ) 3 25 LA 51(5): 669-674.
K e SRR . SEERIE B BB EEA 2 (6] LIN T, MAIRE M, BELONGIE S, et al. Microsoft
L VN E| 1:,—ﬁ${j{ﬁhjﬁ]’£ FA s Ak 4 4{31%‘4%\ ” E e a] B , COCO: Common objects in context [ C]//European
LTV /N H A7 ) 25 Conference on Computer Vision. [S.1.] : Springer,
(2)3 32 5 HFHL % b M 0 B 64 e 20U TROTED
N ; s » [7] HANC, GAO G, ZHANG Y. Real-time small traffic
SCRRE RS A AL BT, 6 RN | L] R B 4
. o N sign  detection with revised FasterRCNN/[J].
W37 T 09 W A RS Y L I 38 s S 1 /N RS i . o
‘ o ) -~ Multimedia Tools and Applications, 2019, 78 (10) :
W% 5 M I S . 7 VI it B b R Lo 10
Q‘ y o ¢ S j e U\ é’ ¢ {‘\ \‘ =t . o ) N
LRGN RN OSSR ) o phvese, o040, % DB 3 55
IR 10 2 i B R 00 55 20 /I HAR R RS AIE o 530 3% 58 (). 7 A2 0 k2 2 4, 2018,50(6) -
B, 5 5 if Faster- RCNN B RIXS BE AR SCHY £ 46 1% 745-753.
TS5 IR G GEE — LR SHLI IS T 0 H G LIAO Zhilin, LU Xiaoan, HUANG Yimin, et al.
M2 H % 2 R N 2R B R T O B Research progress of landing guidance and control for
(3) 0 T 3FASG A S B bR ke I e 1t o A 25 R carrier-based helicopter [J]. Journal of Nanjing
ZIKX_FEM/E THRTHEN %ﬁm%%?ﬁ*ﬂﬁﬁ E"]M%@l University of Aeronautics &. Astronautics, 2018, 50
v > - \ (6): 745-753.
et . fESEE D, id it 5 )5 iR Faster ROCNN AL
. . . [9] WU X, SAHOO D, HOI S C H. Recent advances in
AR Se g B H AR KI5 3k SSD, YOLOV3 X H . _ _ ,
" - deep learning for object detection[ EB/OL].(2019-08-
H y ¥ S A RN ES
AR BRI IOTRAENL I 5T 19 H b b 9 5 10)[2019-10-20]. https: //arxiv. org/abs/1908.036737
PR BE 1 0 6 Al B 0 e, L7 1 2% 1 e/ e Y
I e I T e R A Sk [10] LIU W, ANGUELOV D, ERHAN D, et al. SSD:
_ Single shot multi-box detector [EB/OL]. (201512 -
5% §
08)[2019-10-20]. https://arxiv.org/abs/1512.02325.
[1] SCHMIDT M, RUDOLPH M, WERTHER B, et [11] REDMON J, FARHADI A. YOLOV3: An incr -

al. Remote airport tower operation with augmented

vision video panorama HMI [C]//2nd International

emental improvement[ EB/OL]. (2018-04-08) [2019-
10-20]. https://arxiv.org/abs/1804.02767.



% 6

FEAA R, 4 2 T o Faster RCNN (ML 3% 1 /N H bR 4 4446 I 555 12

741

(12]

[15]

LIU L, OUYANG W, WANG X, et al. Deep lear-
ning for generic object detection: A survey [ EB/OL].
(2018-09-06) [2019-10-20]. https://arxiv. org/abs/
1809.02165.

BOSQUET B, MUCIENTES M, BREA V M.
STDNET: A convnet for small target detection[ C]//
BMVC. [S.I.]: [s.n.], 2018: 1-12.

SIMONYAN K, ZISSERMAN A. Very deep convo-
lutional networks for large-scale image recognition
[EB/OL]J. (2014-09-04) [ 2019-10-20]. https: //arxiv.
org/abs/1409.1556.

SHRIVASTAVA A, GUPTA A, GIRSHICK R.
Training region-based object detectors with online
hard example mining [C]//Proceedings of the IEEE
conference on computer vision and pattern recognition.
[S.1.]: IEEE, 2016: 761-769.

LENG Xuefei, GONG Zhe, FU Ruizhe, et al. A

sequence image matching method based on improved

[19]

[20]

high-dimensional combined features[J]. Transactions
of Nanjing University of Aeronautics and Astronaut -
ics,2018,35(5) : 820-828.

HE K, ZHANG X, REN S, et al. Deep residual
learning for image recognition[ C]//Proceedings of the
IEEE conference on computer vision and pattern
recognition. [ S.1.]: IEEE, 2016: 770-778.
GIRSHICK R. Fast R-CNN[C]//Proceedings of the
IEEE international conference on computer vision. [ S.
1.]: IEEE, 2015: 1440-1448.

BOSQUET B, MUCIENTES M, BREA V M.
STDnet: A convNet for small target detection[C]//
BMVC. [S.I.]:[s.n.], 2018: 253.

ZHANG Zhouyu, CAO Yunfeng, ZHONG Peiyi, et
al. An edge-boxes-based intruder detection algorithm
for UAV sense and avoid system [J]. Transactions of
Nanjing University of Aeronautics and Astronautics,

2019,36(2): 253-263.

(% 4 RFE)



