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FE PN EERE L, BITRE:

(1) Wiki _EX} Pornography 5 X

Pornography (often abbreviated porn) is the portrayal of sexual subject matter for
the exclusive purpose of sexual arousal.
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BERE R RATFREES

AR TR R, 382 T EOREM R R . 25T, TR s B R R TR
PEERBWHA . —42& Pornography Dataset [1] , AAiT 2016 5; H—PEAEERA B4k
ZFR, KIET GitHub ER)—MIFEDE (21, AAT 2018 4.

Pornography Dataset

IXAEEERIVER S E University of Campinas, Brazil (MXEZZNET M) o AbAITHIBT
FUAH FLT7 RAE T AU B A . AN 2014 4FFF4G, M 1A — RPN R EIE CRFEE A FRL
D RAMTAELRE [1] .

Pornography dataset [1] k5T Pornography-2k dataset [4) , &= EEHK— T4,
Pornography dataset £l 7 1 800 NANEFLAF By, B K2 80h. IR ARAEAT FhoT, 55
LR EHEETE R TE 2] . BARRHECTEAE “Data Processing” #70A BN,
CINRE e e RS i

2 Pornography dataset 47451

800 /MM F1 B, “ Porn/Non-Porn & i — 22 . Porn #7351 i HLEZ I 3k, Tfi) Non-Porn
Aok B AR
“Non-Porn” M. 7, B EEA “difficult” #4r. 1E& ¥ "beach”, "wrestling",
"swimming"iX 3 PNAEIgE T ALY hard example. F & A X £z 5t b H B AR A,
5 2 NG RARE SRV OG5
A summary of the Pornography database.

Class Videos |Hours | Shots per Video
Porn 400 57 15.6
Non-porn ("easy") 200 11.5 33.8
Non-porn ("difficult") 200 8.5 17.5
All videos 800 77 20.6

K 3 Pornography dataset (i #48 (1)

FEPRIL “Porn” IX—SERIMIMIRT, 1FH AR IRAIEFAFRREMIRKIN, CAEHESE
HRAMNREN.
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Ethnic diversity on the pornographic videos.

Ethnicity % of Videos
Asians 16%
Blacks 14%
Whites 46%
Multi-ethnic 24%

4 Pornography dataset B (2)

AR RN AR T, EPrflE W s AR SR AR AR A E . EFF Porn #1L
WU B B BOALICEARIE N “Porn” o AREAR, XEF R RO R UL, JFARITE
MRS B . T H, AR SR LU, AU BN HEZ i B R R, A S 24
PR ARS o MEZ AR AR, .

AT L R B T8, (HE R EHE A B0 BB AFE 2 RSB A Hodia it
I AR [ 2 B B AR R lol,

Github Project: nsfw_data_scrapper

XA RIE T AT B A s ¢ Ripme) UK RS . T H REEAEE R url A2
L A B .

HEAE — IR0y 5 AR, B2 H AR HE T -

® porn - pornography images

® hentai - hentai images, but also includes pornographic drawings

® sexy - sexually explicit images, but not pornography. Think nude photos, playboy, bikini,

etc.

® neutral - safe for work neutral images of everyday things and people

® drawings - safe for work drawings (including anime)

{EE LT H 4G A 5514 : “Disclaimer: the data is noisy - do not use to train a production
model unless you want negative media coverage!”

FHEFERLVMER: (D BIRRAZRLEANLIRNE. () B0ENNE A 2R
R TR RSB, KEAE.

AR R I B 10 8, ST 25 BT IR ace IXSefpr LSt 2 KIS HME. mH,
ML 5] FTEAEH, porn XA I Hick Zam iz KT HoAh S, S aIRE A A2 1
I R A 2

Number of URLs in ../raw_data/drawings/urls_drawings.txt:
25732

Number of URLs in ../raw_data/hentai/urls_hentai.txt:
45228

Number of URLs in ../raw_data/neutral/urls_neutral.txt:
20960

Number of URLs in ../raw_data/sexy/urls_sexy.txt:
19554

Number of URLs in ../raw_data/porn/urls_porn.txt:
116521


https://github.com/RipMeApp/ripme
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Hand Crafted Feature
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Video Google ! ' ! Tolias et al.
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K 7 BRI 5 A T
f NS SR R R AR, it A2 I IR P o 7 E BN BRI N AR A i e 25
RIS B A GO i (B2 7kt D (K 81 (6], 1 H MK S v
KERGr o PTEL, S A RHEAE O s AR AE (5] o Jaok, ARG tiX — %
AEAEREE , FEBC RO Al LRI SORARFAER Ul B hoR 75 HE I N SR A a8 s ) i e
ANAAP AR S 7 Py S 79 5o RIS A BRI s, RUA AR B At 2 R 5 G
t, SOHIZHE 2 R IR R BEAT RF AL SR B, 3oty ide 7 SReasxt B 202K



KE TR ( SIGAI ) (XN AZEIFER) www.tensorinfinity.com

0.08 0.08
0.07 007
0.06 0.06
0.05 005
0.04 0.04
0.03 003
0.02 0.02
001 001

0 a

u 208 l pili 270 360 ' iy . K
(a) Flickr (b) Adult

Fig. 1 The hue value distribution of the pixels of a 100,000 random images downloaded from Flickr
and b 100,000 images with adult content (including background pixels). The hue value is represented
by an angle between 0° and 360° according to its definition in the HSV color space. The ratio of
pixels in the skin color range (the red-orange area roughly with an extent of 30°) is notably higher
for adult images

8
Flickr FT & B A guit it B 7’ ()
Porn IR Gt Bt B 7| ()
2003 4E H I BOVW (Bag of Visual Word) [91 PLK 2004 4 Hi B SIFT [8]) filif3 K%
1) handcrafted $FfiF FH 4% JR)RFAIE [ Jo) SR AE Vo0t ol Jok PSR ) S AR A A 2 B Sy 4 1 11 4 1
BOVW H{3% VLAN FHiE, FFZ5E SVM 7328488, BRI AN i BA B QR ) Stk iR bm 7 503X A
I S G R X AN B, HAART pipeline 41~ (K 9] -

Visual-based Pornographic Recognition System

preprocess Feature extractor classifier — Porn / No Porn

9 W E&IHH pipeline
ANE ) CAEAE T AN R SRR G 7 VAN 20 2528 2 IR 2 A o B WA 2L A BE S R TS U 1Y)
iR,
2012 SFERJBF RN CNN 77k [RIRE B R 0X M40 2012 S LAJR, FEA LATE W Lo
PG AR ) TAEERAEAE I CNN 7 VR S8

1996-Finding Naked People [5]

Kb B AR oy B A S IR LR 10] = (D FIHBIE SR, BRI ER Ak
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Fig. 2. Grouping a spine and two thighs: Top left the segment axes that will be grouped
into a spine-thigh group, overlaid on the edges, showing the upper bounds on segment
length and the their associated svmmetries; Top right the spine and thigh group
assembled from these segments, overlaid on the image.

Kl 10

2006-Large scale image-based adult-content filtering [101]

Google i, — MR ERE S o KA T ARAERI 3 K 159 pipeline [E] 91 SR32IH .
Feature Extractor &%)

FHIL & FHEHE

SKIN COLOR
CONNECTED COMPONENT ANALYSIS
SKIN TEXTURE FEATURES
LINES
IMAGE FEATURES
ENTROPY FEATURES
CLUTTER FEATURES
FACE DETECTION
SIESEE T 18 MRFEAE N — 5K L BIRHE
Classifier #4):
i FFRTE LIBSVM JEFS 0288, 23 porn/nonporn ) 4335,

N N N W -, N BN

2008-Bag-of-Visual-Words Models for Adult Image Classification and Filtering [11])

NBAZ M, E3CE A I AR SR ARE bR E (A 11] MEVEH, XA HdEE
AT R A 75 BRI — S R TR AR s AR . BUEE R, IXFRIIARE BARANAE cover B
AP EE RS, EAEEDGHIR T

class 0: inoffensive images,

class 1: lightly dressed persons, might be offensive in
very strict environments,

class 2: partly nude persons, might be objectionable in
school environments,

class 3: nude persons, likely objectionable in many en-
vironments, and

class 4: porn images, probably offensive in most envi-
ronments.
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B 11 B SRS AR 2B bRV bRt
Feature Extractor #47:
DOG + random patch + PCA KAXE SIFT(sift FIKE K, ERBIEGELR, mMiEEIANGE
SENE T EE, RNIRTURIE “nude person” TENFRIETENR). HJE BOVW $F1E.
Classifier 547 :
SVM ¥ log-linear models 52 1 vs. rest 532,

2015-A Comparative Study of Local Feature Extraction Algorithms for Web Pornographic
Image Recognition

X P ITE R AP s . R Coarse-to-fine [ /8 AR SLEN B F 45 3%
[ 12] . Coarse &S NG ARG, i PEIR K —EB5r B o Fine #8543, FIF K4 local
feature K% BOVW B VLAN, %54 SVM 73288 e A sl i - /i [ 13] .

Coarse Detection

Original Skin-color . Fine Recognition
Image Data Detection ») Face Detection " | Detection Results

A
¥

Fig.1. The proposed scheme in this paper
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2015-Applying deep learning to classify pornographic images and videos [13])

5 CNN B % 5 5 1Y) paper 22—« AU porn/nonporn B =028, RS A
A ITREARLE (1] .

FARSZIL L, % imagenet B EETIZRIF 1] AlexNet I GoogleNet ELF7E H O 1 EdE 5
A finetuneo MBI fige, KPR AMSERL I i L A RABUEE 2 A9 Bl 4 1 0 A5 R T’ 14]
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Fig. 3. Proposed AGNet porn image classifier.

&l 14 AGNet 4514
(B 14) , ATiE ANet 572 AlexNet, T GNet 5i/& GoogleNet. X Fi/MERL )7 finetune.

2016-Bootstapping Deep Feature Hierarchy For Pornographic Image Recognition [14]

KmERE PR, HREET NN SEELE 5. RN IS A — M%) CNN 732
BT R E . (EF NG, SOHIXFER low lever BREXT T F A o fRE 2, 75 214N
E . FrCAEE R CNN AJFJZE Z 8] feature 81t SPP-layer i T resize ZR G AEL Atk [
151 , ERNHRAEN SR 24 (B 16] .

Multi-level
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Fig. 1. Schematic diagrams of mainstream CNNs for image
classification (left), and our proposed MLFF-CNN for porno-
graphic image recognition (right). Our architecture incorpo-
rates features from multiple levels to perform recognition.
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b
Fig. 2. The detailed architect(uges of our MLFF-CNN (a), and
PT-CNN which is used for pre-training (b).
16
T HAEVZRR %, B0 7 EZR 1 hard negative mining, 4R (Il 25
AU [EI17) B2, BREhEJEBZ, R0 8RR

0.925

0.9204
0.92

0.9115

> 091
E 0.9055
3 09 0.9011
< o9 — 0R9RE
0.895
0.89
0.885
MLFF-CNN-5 MLFF-CNN-45 MLFF-CNN-345 MLFF-CNN-2345 MLFF-CNN-AII
Fig. 3. Comparison between five networks which increasing-

ly incorporate more layers.
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2017-Adult Image and Video Recognition by a Deep Multicontext Network and
Fine-to-Coarse Strategy [15]
IR R &, AR EREA O (1) K iaa i B e S 2039 2 B & 1)

by () 3HEE (D BIATER R, RN INEEPEEE “Sensitive Dataset” , X & o
WAL bounding box FIFRE [ 18] &

Fig.3. Some confusion examples. The first row illustrates the full images, and images in the second row are
local regions with respect to the full images. The first and second columns are normal images, whereas the
third and fourth columns should be considered as adult images
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] 18 Sensitive Dataset 7154
Mzg R [E 19) , BRI 7 B E S5 K f b 2228 SR As Il i 2%
Faster-RCNN, FR[EJEB4> G 4 SSD KIS FAE. M2, BiE4E 4 local #1 global M5 &, ZHIK
FEEE, B R 2 3 N
(1)  normal (995 classes are defined by ImageNet, and two categories are defined by
our collections)
(2) adult (nine remarkable eroticism and nudity fine-grain categories e.g., nudity, oral
sex, sexual organs, sexual behaviors)
(3)  unsuitable for children (e.g., underwear, swimwear, leggy model)

Local-Context Modeling

Loss Layer Pornographic Recognition
Reglon Proposal Net

ol V- Sbox_reg
n = 1 RN -
/‘q—» & |3 saman
") y 15
e A | : g lg I |
4 b4 A Sbox _reg
- -~ = .! %01 Pookng :—":- & ” < “ ‘
» Images Cross-Context . ] S r-t.k 3
8¢ Modding g % » Softma /
- o :_:_ » E:_: 7_ 15 g
N = I8
™ e : ‘\ ()] Softmax
it » 1000
festure map
Shared convolutional layers Global-Context Modeling

FTiE “fine-to-coarse” HLIAILLE loss layer F| &% i 7. P& 15— branch
HBAZ BN LRI, SVl Zk global context 733815 base model. A5 FIIZILAB A branch.
YIZ5 local Al cross-context IX# ™ branch, REFXF—#B70J8 A (M8 B , BUBEBALO M detection
HIll 25

B 28 A — A — 2 1 maxout HIMIZ% [ 201 , E K 3 4> branch (% i 1 fik

&, FER “fine-to-coarse” FEAE:

Fpucn = max((1 — wy — wa) - j:-global, w1 ‘j'z;focals wa - j:-cross)- (6)

K 20
EANLE, KXY TH T 2B MG LI B AR, SRRk [13, 14 #
P LA R AR . 1 B, 3E FE B L TR B AR TR (H'EfEBE T — 41, attention
B Zar SR s P 7 % P 4 1) b B E A T8 T PR AR o

ik

PP S 3 B K I P O A AL T Bt SR AR AR VRN AR 0 Bt — . BIH AR, 2540
AFEFTHEREOR A, AR R BdE S LT, JUP ARSI, mH, ASFE
T Z R A AT BT, FEXANTT A A ER B 8 7 AR AT 1Y paper $EAR S o

WHRMNE 228, BERARKMWE RS & IR 304 5 “Porn” B
HOONSFW” BIRREE, SRR AR A BRI AR oI s B R R TR . L,
A B E RO S B B D TR T (16 (UK under skirt #1354t
W) .

B 1B RASE,  SCAR AR AR B ) 4550 B R 2 AR T BT 7 05 17
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