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Abstract  In recent years, with the rapid development of deep learning, its application in the
field of smart security inspection has become a research hotspot. However, unfortunately, there
is no X-ray segmentation dataset so far for research in relevant fields such as prohibited item
instance segmentation and Threat Image Projection (TIP). At the meantime, it is universally
acknowledged that deep learning approaches are data hungry and their performance is closely
related to the amount of training data, though, but manually annotating ground truth instance
masks is an extremely time-consuming task, especially in X-ray images. For these reasons, this
paper proposes an efficient approach based on Polygon-RefineNet (PRN) for automatic annotation
of prohibited items in X-ray images, aiming at minimizing the annotation time and yield high
quality annotations. In particular, we construct a “fully convolutional” network to adapt prohibited

items in different scales and styles, which takes as input an arbitrary-size initial bounding box

WA F 91 :2019-08-29 5 fE LR KA H 381 :2020-05-13. A PRABTG B] [H &K [ AR R A 4 (U1613214) [ K # S BF K 18] (2018 YFB14041) B
Bh. B B 5T E B SET W O ML A S TS HLAL 6. E-mail: 2010285 @ stu. neu. edu. cn. B B GE{FIEH) . W+, ##2,
T S0 T 2 (CCP) 2 By, R B FT U WL 2% > QU T S HL L 5. E-mail : jiatong@ise. neu. edu. cn. X # 4,
L 1 WA SN -8 S I Sy e e B = /8= TR - e i | e SR 8 3 1 s B | R e e S = | K i



396

Y,
&

it B il

given by a user containing region of interest and automatically produces a series of correspondingly-
sized continuous vertices of the polygon outlining the prohibited item by efficient learning and
inference. And our model allows the user to correct vertex at the end to produce as accurate
annotation results as desired. Because of a large amount of overlapping phenomenon in X-ray
images, the background of the images is complex and the boundary of the prohibited item is
blurred. To solve this problem, we first introduce a multi-path refinement mechanism to refine
the edge details of the polygon by making full use of the low-level spatial information and
high-level semantic information that are extracted during the down-sampling process. Then, we
design a mixed loss function by introducing the evaluation metric into the loss function for
modifying the overall shape and position of the polygon and meanwhile eliminating the subjectivity
error on account of the ground truth itself, which makes the network have strong generalization
ability. Finally, to evaluate the proposed approach, we present a high-quality X-ray segmentation
dataset named Prohibited Item X-ray (PIXray). The dataset consists of 2623 X-ray images by
manually labeling, in which 10 classes of 7257 prohibited items have pixel-level ground truth. For
a fair comparison, we validate our approach on our PIXray dataset and the public Cityscapes
instance segmentation dataset, respectively. Experimental results demonstrate that our approach
accelerates the annotation process by a factor of 3.7 in all classes of PIXray, while achieving
93.1% agreement after manual fine-tuning in IoU (Intersection over Union) with original ground
truth, matching the typical agreement between human annotators. Besides, we outperform the
baselines in 8 out of 10 categories, particularly well in the wrench, pliers, bat and razor. Our
approach also obtains an IoU of 67. 93% on Cityscapes dataset without using any fine-tuning. We
further prove the effectiveness of our approach on Aerial Rooftop dataset, MS COCO dataset and
PASCAL VOC dataset.

relatively high reduction in time for annotating a new segmentation dataset.

The results show that the users can use our approach to achieve a
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(2) ZWIE IHR K R N FALE 12
Mg — 2R 2 i AR AT LS BB TS A T T
S AL FT L o T RO 4 5 ok ) i — A 2. (3
T T AR T I B8 B il A7 A 1 5 M I 2 R
9 T A8 b3 FLAH (ground truth) Jgk [ 2 /) 1M 5 A
A 7 WL S ke B 5 Hh 308 5 22 30 T T 19 22 A 4. B A
SR ] 23 S R RUATE D B A B Y ) 45 2K o

B, 23 1 B AR 2 T A B T A 5 TO0 e A A B
HERESMBREA S TGN, XiEE T
ML Z IS B A ZREE A0 m B E
8 FT 7R » 24 TH i A s TN A Ay 5 — B 1 50 B, {8l
A3 R PR BUVE S A TR R AR pR B A ()
FEERR AL 22 TS5 A A T0000 {8 Sy 55 — 47 0 A (B 55
AR ZIEANE O B B2 — ), B8R TS A A
ANGE A A RN 25 SR o B SR A 2 100 %6, A R
I I AR EUAE P 3 2 400 2R o B Dy A R oR B
23 O B LA LR R SR X R . AR SCH
A GIoU #it % iR % ( Generalized Intersection over
Union) """ Ry Z2 30 [ 13 8 2 oR 550, K5 OF #r 35 b
FIABE R RS, T IHBR BEA SRR
F MR 25, I W] BP0 b 0 2 30 J) 3R 4R 1 TR R
AL E .

A b R '
(GT)

A A ' '

R R
(AR TS | (TAARATES)

perem” iU .

kit

BRI e o

s N 8o

K B

B8 WD 2EXT Y LR PRN KLY 7 A2 f) 3 i

GloU i 2k sk % F2 2L e 724 ToU 1R Ny #5155 pRi
Bt WAE 5 BAEREA TR A BURMEN 0 ok iifk
1)L GloU 45 2k pf B8 24 20 AT
[ANB|  [C\(AUB|
|AUB| |C|
Hrp A B /il RoR Bl Zh R MEMEZHNIE.C
FORHE A B WE/NMNY 2N Ch 1T AR
FHHIE).

Lreg:LtzloU:1_< ) 4)

4 PlXray HiE&E

8 T B 3F Polygon-RefineNet & 8 iy 4 %k ¥,
ASCHENT T — A i A X LB 4R PIXray 04
OZBIR AR I 2623 5k X &K EMR 1 3 10 FlE
RIS 7257 A~ A v F AR W R 2R A EE TR (Gun) |
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J] (Knife) . #x F+ (Wrench) . 4 T (Pliers). 57 JJ
(Scissors) . ] k HL (Lighter) | Hi Jth (Battery) | ¥ Bk
M (Bat), #40 JJ B (Razor) Fl [ 11 25 % (Pressure
Vessel, /i # PV). PIXray B4 8 B £ 4 52 i 5 B
1 fros. PIXray %0 £ iy 9 5 50 44 B 26 — 3
53 ASCN SIXray B thBEHLE T Hh 8
FERY 553 gkl A i AR i i B AE Dy PIXray 08 4R 1)
—EB X —E S T T T ARTHE AEY )

5 RN . th T SIXray Hfls 5 4l 1 O AR A K
b i DAAS SO R . 58 38853 Hoav iy 2070 5K X 4R
PG h o2 3 38 N BRI L S SR AR Y 46 U
FTRAL HL s R SR AR A2 e FE ) 5 4% 6 28+
53 WABENZS 5 4 AR 5B A5 . g 9k UG i Y 5
i UNX5030E # X S £ 2 UL 43 #4715 2, e A7 K5
PIURAF I TPG s 2. Z )5 i FH IR R AR LabelMet
KT LARE 2T X L ER . SORE A 9 frs .,

F 1 PlXray HiEEMNMEI TR
A2k Bt /A

Fit 457

71 974

|®F 175

Ht+ 136

PIXray $ 4 4 57 7] 48
(3% 2623 5k X L E 50 FT kAL 840
ZERA 1423

EERAR 692

HT) R 1135

JE S 7558 1377

Bl 9 PlXray $flfe F TArEACR A

FCrp g A i A5 il 1 ELAECHR th 20 80 3% A o B 1Y
Z Y BTG A bR 2 4 K R A — A 24 7
X TSON SO T A7 BB .

5 XBEREHH

ARCMSLE R R GTX 1080Ti GPU, IR 24
AJHESE S Pytorch, i fif 5 ) Python. A5 4% 7 4
PN T 0 R JBE 7s 2 36 445 R, 3P 45 2R A ob 4 2R
B4R, B PRN 5 B 7 PIXray 048 5 F#Y & 50
FEPR IS SR, 55 80, O 1 B UM R 7R PR A Y
O T ) I TE B PTXray %04 56 09 & B, AR 3C
73 AE PIXray Bfls 5 B T HoB A 19 i bs
BB, 5] i DeepMask 8 5% | SharpMask
L8] Polygon-RNN 5 FIEY DL ) Polygon-RNN-++
BEALS  ANEE B Oy T — 25 4 B PRN B RS () 45
T R A SRR i 7 A58 B e HL e A RO 4R B
FeW 3 Cityscapes R4 | Aerial Rooftop %k
P& MS COCO % #7497 #1 PASCAL VOC ¥
A AR R, LT SRR R R B0 A 3
PR 48 SR T B0 [ 2 $000 0 25 3 BN 285 4T ]
T LA

RO AR SOR F2 2 BLR = A 5 T R B fr
PRN ##8. (1) PF o #2845 2 0 2 30 08 %8 58 (1)
JoT g BT B3 — S 0 22 300 08 A B ) B £ 30
JE 1 A 2, >R A A5 i ToU (Intersection over
Union) (iR FE (B4 1AM OB A 260 TR HEE 2
fBs (2) VPN BB 5 i 3 A5 i 40 B 0 3 B L B 53
PIRRE — B2 S T ] O M P s T
AR S0 22 3008 B N TR AE & DS SOk B =
RIS F— LR B ShARTE N 2008, Ge it 2L
BB A T B A RE A 22 0 T 35 3 i 10 1) o 6.

5.1 HHXRE
5.1.1 PIXray ${#E 4

b ik, PIXray il de 605 2623 skali A id
ARG X 2B R A SCREHL R BT g 2100 5K
FURAVE I 25 4 . 173 5K KR VR B 36 U 52 T AR 1Y
350 5K EMGAE S, 3R 2 J8IR T 4% PIXray ¥
RT3 I Bl i A o T 1 R

* 2 PXray HIEEIFHERE

Por TR/ A /A BF/A BT/ I/ ATREUA R/ A BRI/ A RIBUTR /A IR/ A AR

BEUA EGRBEY K

Wekg 367 766 114 83 22 635 1114
®ifk 35 92 17 17 8 59 33
Mik#E 55 116 44 36 18 146 276

542 999 1176 5818 2100
47 18 65 391 173
103 118 136 1048 350
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5.1.2  BEPRAG

3 BN T ORFBALAE PIXray ¥4 5 A9
45 B, 145 DeepMask # HIM%) | SharpMask 1
Bt Polygon-RNN #% MY Polygon-RNN - 5
RIS PL R A SCHE 1 B Polygon-RefineNet # %I,
TAORUEL o A SO J 7s B AT 28 3 AT A - LA M 1Y)
S5 NFR 3 A R0 B B bR R B A T AR A X &
KR iR B A B . DeepMask #7 fy F H %
FHUR BE G M 2 2% T 1) i 2 0F A5 B 1T 20 51
PG RN R AR 3 F 45 RO F]
5 R AR R RO IS WK 3 % 1 43 HLKS. Sharp-
Mask #% B! Polygon-RNN # %I Fl Polygon-RNN-+-+
B B ANRL S T IR)Z 23 A5 B 5w 2 T U5 Bk s
PRI G ANT B AL o A X SEA R IF A % T IS 2

B A B R 2. T HLZE K s B R B AL &
TS B WO A B I B R A 2 I K
A7 B FUE R, A0 L5 A SCHR A9 PRN B RS 75
PIXray 445 LRI T 7000 F5 . 10 Fhidi 25 5 2 51
W 8 RPN A MERR R A T e AL, O Y o
KRR T Sk AR A (Polygon-RNN -+ 4 A1)
29 5. 6% R REAE T L HEF B ERAR DL &R 40 T]
RO PR AR S MR RS 22 R K2
min b PRIN RS TR BR 3 11 o 536 B8 2 KR JE 4 Je e
iR, & 10 R Tl PRN #5 80 [ 3 bR v i 25 5
X KRR a5 R, [FIB Ry 7 50 U HE 5 ) PRIN 45 72
PP A SCHE ] 11 Hh i — 28 J@ 7R T i ] Polygon-
RNNA--H7 [ ZhbRTEE 10 o (D 4G A 45 5
XF HE A5 AT, AR LT Polygon-RNN 4+ ##1 , PRN

F 3 7EPIXray HIEE FMRALE R JoU E/ %) (RETEFMFIHIED

(g ER J] wF 7 95J) ATHML Wi B BIZUIR JEJIAA CFHIE
DeepMask 56.92 63.57 49. 32 38. 60 57.38 74.19 77.53 59.58 61.14 64.18 60. 24
SharpMask 59.93 68.63 52. 84 44. 37 62. 96 78.15 81.72 66. 25 64. 45 67.38 64. 67
Polygon-RNN 61.37 71.01 54. 79 47. 67 68. 65 78.82 82. 48 65. 04 66.52 69. 73 66.61
Polygon-RNN++ 71. 45 77.28 62.95 57.25 77.91 88. 23 88. 45 72.20 79.07 80. 11 75.49
Polygon-RefineNet 78. 34 79. 44 76.43 66. 64 77.02 89.11 87. 86 83.55 86. 21 86. 09 81.07

T A o
VEGH

(c) (d)

B 10 1 PlXray $4E % EAARE S R IE (B —4 K% () (b) (o) (D)) E 7 % b B K (ground truth) ,
TR G 9 B S bR eSS R E (A 2T TR

HETPRNAEI
H Bhbridigh R

~— _"
PR

HF
Polygon-RNN++
TR ) H B bR
EEE S
FRyEAT
B 11 4y50di F§ PRN #5751 f1 Polygon-RNN -+ &

RUBRTE [R] — K X 2k &5 A 45 2R 0t L 18]

BT Gl 0% AE R T 51 40 2% LA D0 SRS o i 4
P& 3525 5 T S AC E A L JF HLRT DA 4 b bR i K
B b 22 BIAR R 25 i il an &1 11 pig J). {3 PRN
BRI AS B A7 7E — 2 I 2 5 Ho 1 2 W A4S 3 &% 0 5
it 43 A B PRNOASE R 1 38 B 5 R 248, o
F1L i A T4
5.1.3 WG AE B FEME BT

HY TP 78 8 A 5 J 2 B DX 19 ) 4 320 HE
FEFER R T 2, B A ST — 25 43 #r 45 1 7
i A 6] RS B4 400 B 320 s A5 TR A o i 2R AR A 1
O+ BV LA 46 20 HE 5 B2 A e B2 A3 L BE LY S )
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5% ~10% LK 10%6~15% 4" J& 31X P4~ B BE Y
WA A E AT SE 00 L 25 AN 4 TR, N SE IR 5 BT
HL AR SCHR ) PRN BETUX F 0~5% 3 & i 40 4
OHE A KA & ok BT 520 ~ 1020 Al
1026~ 152 47 J& (4 1 300 AE , A5 784 b, BB 0 46 O v
Hu TR AR 2 R 5.

& 4 PRN REXMEHIERN S BRI

5.1.4  EEEETRAY

PRN #8955 — fft #wlt 2 2V 7 78 i e
T AR O A 22 008 LLARAS HE A AT T A S
PR&E. D9t A SCHE PIXray K dfs 48 o BE AL € B 1
30 gk X ZR R, I o0 i S8 3t ol ad 40 F T As i A
A AR (4 R A RO R X8R ) iR D
DA AT B Bl A i (BB Bl v + - 00 .
25 7 A5 SO X Y 0 4 K HE D B HE Bl SRR I

VIR AE D R Y B % (10U ff/ %) 6] JF SR (. 25 R E/RAEFR 5. N3 5 WA,
035 :é ZZ Zord A R T T IS PRN 5 B bR v 1 o 7 R
5~10 78. 24 Al PLIRF) 93, 1% H bR vE o 2 4l F T AT
10~15 74.62 3.7 ,ﬁ‘j}:
F5 FHRE—ERRFEMNEERH U E
LASRE S i Frid g5 3K 5] /s IoU &/ %
4 F T hRiE 28.8 100. 0
N Polvon RNNH B SR C 2 ?i:%§+$ﬂﬁiiﬁ]) » o
PRN #7 ) Elzjﬂf/fﬂ? A 0.3 81.1
k[ dh bR CH Zibs i+ F TR 7.8 93.1
5.1.5 FLEESHT 100
AR SCHE— 2553 B T Ao g 25 A ot LGk 3]
90 Y0 L - W 38 0 T 169 - 1 o OB S 56 R A »/_-g----
IHRH LR 30 5k X kB4 e 25 R R /R fE 3R 6 % :%
Hr. A 6 AT A ] PRN BEAY 5 3l b5 1 1 3 4% i X — i
1055 T T OB T4 6.6 KRR S s —in
AT LIS ] 93, 1 %6 B af . 3Lop FT JCHL L s 21 -
B R 3 FTEAR T 26 1 3 48 L 1~ 3 W A ok R
A9 T 26 8 A 120 0 o 0 25 TG 77 09 3 2 TRk 60 . . : %1
o B X A L U 7 R B
BORAEIE 2 30 T8 0 48 BE. B 25 i 2% 5 AE 00 i R Bl 12 16 BB 0 Il 3 2 Al i 22 1)
ol RS Pl B E R R RS I 12 5.2 Eishsne

JIr 7.

Fo6 FIRABEEERTEHRTN AT REM
it Bz ik B 59 ToU &

ST B S H4 g B IR FrisFI ToU {8/ %
Fib 8.4 92. 4
il 5.1 93.8
|®RF 9.6 91.4
¥ 13.2 92.0
5] 11. 4 90. 8
FT kML 1.6 96. 4
F, 1.8 95. 8
R AR 5.3 92.5
T R 3.4 93.5
FE A 5.7 92.2

S5 6.6 93.1

Y AT 4 T PRN AR (4 VB8 A SCikE— 2D A
BN EA T — R Y525 404G Cityscapes
K P 4219 | Aerial Rooftop %t # 4£2% . MS COCO
Bl AR DL Je PASCAL VOC %4 5. 1 B 15
Cityscapes 44 FH B IZR 1 PRN BLAL, FE 340
MR T m 45 1. Z 5 ik 1 78 Cityscapes $U4fE
8 BN ZRad rY BB 0 B R R SR iz AL RE )
£145 Aerial Rooftop £ 4 . MS COCO %44 5
PASCAL VOC %z 4E.

5.2.1  BWUAMEHEE

Cityscapes #4464 H Hil 5 42 A9 K8 5 B Ar

RS 2 — ZERE ER IR E 27 T [ ki
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AR [ 4 T 1 T8 i 3 S bR T8 R IR
W5 2R R EAR 53 3 & 4T A (Person) 3 F (Rider) |
B (Car), F % (Truck) . 22 3¢ % (Bus) . ¥ %
(Train) . & 3£ % (Motorcycle) fil H 47 % (Bicycle) ,
5 2975 FRINZR L, 500 K B ik B4R #1525 5K
M B Ry T ARIESE 30 45 R 1) A1 A U T 5
SCHR 1T A 7] 4 ol 4R v 43 0 =K.

Aerial Rooftop i 5 i iy G2 7 A @ Y
I £ #3575 AL B 5. MS COCO %4 4 A
PASCAL VOC % ffs S48 & + 708 W1 KR
RHEG A FERE M H H 5.

5.2.2 BWAMERSS
F 7R T PRN BB AE Cityscapes 4

A BRI g R A SCR AR ] B3R B DeepMask
fE /I . SharpMask 5 & | Polygon-RNN #& &I ) K
Polygon-RNN 45 U 1 Sy A 52 55 (1) X b A AY. ML
T ALHL A SCHR R ) PRN BB FEFRTE Cityscapes
bl 4 b B i st AR It T DL B A M i R AR T
MoK HAE BT E AL E I ED REFEEX 4 2K
BB bR LRI T B e IE R, B 2R )
KEN T 63.22%.82.89% .64. 34 Y% Fll 65. 26 % L H 15
T 1 J2 » Polygon-RNN —+ - #52 # 3 H] B 5 K 11
ResNet 51 (AR VGG-16 4544).
5.2.3 A

13 JE7R T PRN B8 5 gl bk 3 5 308 7 1
&L B 14 R T & i Cityscapes 3048 48 U1 25 19

& 7 7 Cityscapes R &£ IR LR (loU E/ %) (REFEMF THIAD CHps : 20)
e AT H NEH fiN LR +#F FEAEH wE CER Rk
DeepMask 47.19 69. 82 47.93 62. 20 63.15 47.47 61. 64 52. 20 56. 45
SharpMask 52.08 73.02 53.63 64. 06 65. 49 51.92 65.17 56. 32 60. 21
Polygon-RNN 52.13 69.53 63.94 53.74 68.03 52.07 71.17 60. 58 61. 40
Polygon-RNN+ 63.06 81.38 72.41 64.28 78. 90 62.01 79.08 69.95 71.38
Polygon-RefineNet 63.22 82.89 61.84 64.34 73.28 65.26 73.37 59. 20 67.93

II‘\

ground
truth

JH:FPRNE
U E BhR
R R

(a)

(c)

Bl 13 7E Cityscapes U84 A0 bR 1 45 1 (B — L 1% ((a) (b) (o)) B 5 i % R BLME K (ground truth)
OB EME A B Shbr e g S K QR et AT AT T T R0ED)

JETPRNEE
A E lbr

Aerial Rooftop

Bl 14 fERMEIRSE B bR S RIS ONZE R BB 5 55k A Aerial Rooftop i 4 \MS COCO ¥4 4 fl PASCAL
VOC dfi 5. Horh 07 WIS I a6 B 1 7 i B O B Slbn i 46 2R B QB s AR 4] 3 0D

MS

COCO PASCAL VOC
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Background

In recent years, Artificial Intelligence (AI) has received
extensive attention. As a technology of realizing artificial
intelligence, deep learning, is triggering the upsurge of
research and the development of new technologies in the field
of smart security inspection. Deep learning as a method based
on representation learning of data, in which data are the basis,
however, manually labeling datasets is both time consuming
and expensive, especially for pixel-level annotation. Since
Boykov et al. proposed the Graph Cuts algorithm in 2006,
interactive image segmentation has entered people’s vision
ensuingly. An accumulating number of approaches for annotating
segmentation datasets using interactive image segmentation
technology has been proposed, though, but they are applied
to annotate natural images or other X-ray images such as
medical images. In our knowledge, there is no annotation
approach specialized for the security inspection field so far.
As a result, this paper proposes an automatic approach based
on Polygon-RefineNet for annotation of prohibited items in
X-ray images, aiming at speeding up the annotating process
There

and yield high quality annotations. are numerous

LIU Yi-Zhe., M.S. candidate. His research interests
include machine learning and computer vision.
HUA Xin-Yu., M. S.

candidate. Her research interests

include machine learning and computer vision.

overlapping phenomena in prohibited item X-ray images,
which leads to the complex background and blurred edges of
a prohibited item. Other approaches do not perform satisfying
in prohibited item X-ray images. It is well-known that, in a
high-level

features helps to extract global and contextual information,

deep convolutional neural network, semantic
which low-level visual features helps to generate sharp,
detailed boundaries. Therefore, we introduce a multi-path
refinement network to generate high-resolution and detailed
results by effectively combining high-level semantics and
low-level features. Besides, we also design a mixed loss
function for modifying the overall shape and position of the
prediction polygon. Through specific experiments, we can
prove that our approach has compelling improvements over
other existing approaches and can annotate prohibited item
instances accurately and quickly.
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