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A Robust Off-line Writer Identification Method

CHEN Shi-Ming" WANG Yi-Song* 2

Abstract Off-line writer identification plays an important role in forensics and historical document analysis. The
current well-known off-line writer identification approaches are based on local feature extraction. They rely heavily on
data augmentation and global encoding for writer retrieval, and need a great number of written contents for writer
recognition. This paper proposes a new off-line writer identification method, called DLS-CNN, which combines document
line segmentation in terms of statistic and deep convolutional neural network. More precisely, handwriting documents are
segmented into patches using document line segmentation at first. Secondly, an improved residual neural network serves
as the identification model. Finally, the mean value of all local features vectors are used as final global features for writer
identification. Experimental results on ICADAR2013 and CVL benchmark datasets show that, due to the extracted
robust local features, DLS-CNN achieves higher identification rate with fewer written contents, and better retrieval result
without data augmentation and global encoding. All the experiment codes are available at https://github.com/shiming-
chen/DLS-CNN.
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BEREM K Z 2 P HE R, B, 1) g
FENEB G K, HBE5 AR A —Emi
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P55 4) BABEENEDMEEE S £l
FRERIEE A IR, XX T LR > VA B R L
IS AT S5 R AR K B PR, R BE X T IR B R
£ M 2% (Convolutional neural network, CNN) J7
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DLS-CNN  (Document line segmentation-
convolutional neural network) i i3 &85 1)
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BOFIEAL I B 22 1 2219 2% (ResNet-50) X ik 26
R IMR R BRIEAT N 4) RIUITZRG B 0
BAR VAT SR AR LSRG 5) REXT N 2 AT A Y B
A SRR AEBOIE AT S A SX MU AT e St R
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K1 DLS-CNN HEZRK
Fig.1 The framework of DLS-CNN
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(a) The result of document line segmentation

Al the world’s a stage and oll the men and women merely

Line_1
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(b) ZrHlE AT B AR
(b) The line handwritten content after segmentation
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Fig.2 The example of document line segmentation

"
e 1T f A
- Iy e o
(a) EHITERIEL A
(a) The patches extracted with conventional method
a s e
(b) 64 Rk
Samples of 64 patch size

yr J

(b)
Jvoégu«.;:
(c) 256 R EEREA
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Fig.3 The segmented patches
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REERRZEMZ M %% (ResNet) i He 2% 4241,
HATTRE R 25 5| ABR 2524 3] BR TR T A M5 B 52
P, A5 BE A W 45 0 AR 2 H PR Ak i B
%, Medt— T4 368 ). i1 ILSVRC FI
COCO2015 ey HARE L. ArE]. . R
B IR E— ML RS bEiE, fhfls—

HIRRRETREM A M 22> 6e 1, It 525y
% BB 22 28 () 24 2 2 WITR IR 2 > R ) SRR ) ) 4%
B4 Christlein 2524 3 i3 036 R A SR 22 0 £
V4] 2% 7 28 300 S AT 45 HP L Al D) 2% 5L A B iR 11 R ALE
REJI. AL, FEEBEA R ] ResNet 2% > Ji # 4
fE. hTPAFIRISE B . WEIRIEAE S S 0K, |’
185 ResNet-50 X AMERUAELL. (T2 08 1 BT
5 BERIRE, K ResNet-50 i 7 4H B B9 Ak F sk,
HES AR 1 s, A THRBOE R 2RSS
FEVE ) R AL, FRATTRE B 46 10 ~F- 3 Tt Ak J2 iR 4
Jt Al 2. A, BT IR AR A BN 5 I 2 e IR
PR, FATFEA )2 ST T relu S FHIE
)25 dropout |2, 3 dropout ZiXE N 0.5, DA
SR IE AR, B kA LA RIS R AT 55
SF ) B BEE N 0.1, FFAEYIZE 30 2 J5 R = BN
0.01; FE R FUE S5, 2> PG EH 0.1, I
%5 20 22 Je R H AR/ R 0.02, 7145 30 22 )5,
— 5 =45/ R 0.01. B Ry BRI R 224
X 224, BREE WIS & H T 0.9, softmax 2
IR/ NEE B AR5 (B Bl R) 5%k
e, JATFE ICDAR2013 ##in 4k M8k
FRAESS I, RN E R 100; WHE CVL Hidls 4
BRI SF B, FRATRFH A/ NEE N 310.
%1 ResNet-50 451y

Table 1 The structure of ResNet-50
Layer name Layers Output size
Convl 7 x 7, 64, Stride 2 112 x 112
Conv2-x1 3 X 3 Max pool, Stride 2 56 X 56
[ 1 x 1,64 |
Conv2-x2 3 x 3,64 x 3 56 x 56
1 x 1,256
[ 1 x 1,128 |
Conv3-x 3 x 3,128 | x4 28 x 28
1 x 1,512
[ 1% 1,256 |
Conv4-x 3 x 3,256 x 6 14 x 14
1 x 1,1024
[ 1% 1,512 ]
Convb-x 3 x 3,512 x 3 X7
1 x 1,2048
-Global average-pool 1x1
Fc, Relu, Dropout, Softmax 1x1

1.4 FEBFHIELRER

Xt LA AL, 751 ) MR R B
AT R PR AL SR . A= 300 5% & Jeit A 2 5 4
R IEIEAT T AR AR R (128, 512, 1024,
2048) HFEHL, DA AR SR R AR AL AEAFAIESE
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R, H B Na L 20 YEi T
KR g T AR Z, MBUYE LS | Fisher
Vectors iyl . GMM gafigyklt38 VLAD %4
Ty 02240 25 Hor g = e g i 0 2R o R
57720, X ILFh A% 77 =X 78 70 R e SRR AR 1 AH %
5 BN 2B A R AR W AR HEVE K. T U E A
HTE Bk 2, MR H AR AR BT R
BTt HASCH TEAIF DLS-CNN A8 24 > i
SR ISR R A BN, 5 Fiel %0 41
AL AT A5 S0k, DLS-CNN 4R J #l Fiel
2508 B B E A g S 7 2. XA BO Y 75 =,
Je R0 B R FE T R T A/ IMB R B RRAE [
HIIELAE R X Aoy i b B A B B9 & SRy R AIE. PR LSS
J [RGB & JRFRE VR

1~ G
Vi=y 2o
i=1

Ho, N NES 5 03 G B AR IME R B,
o) R BRI R i A MR R B
(RGNS LS W ENSE SR SNIDE I i
HRRE IS B I 1SR I, U AR 2 2 5 ) Jy A
M RA R B Sz LR ). WS, RFdm i 4
JRy R AE SR IURY 2 ) 28500 SCRS B9 A SZAH LB AT A R
i

2 SSWERSHH

1 F ICDAR2013 A1 CVLES A~ BoA Bk
A R 22 T8 B R i S AT e T S A S S B 5
il e 22 AR A 22—, AT ) I P S Ao
HERAR AR PP DLS-CNN $2 HURFAE Y i S A P AT
MpsE e dr. Hop, JAlHE ICDAR2013 #dladk
MBI RAT S, 45 CVL $dise b Mgl HiE
%

2.1

(5)

T FRE

R VT Al B g & R Sz A EE 1, AN
fiff I S35 E 00 R ¥ {H (Mean average precision,
mAP). Soft top-k. Hard top-k =4k Fx i
TR RS, ISP TRAEZ T Z N H T

5K AL AR E. FATE ] Top-k WAL bREM
TAEL AL .

SEHERESE: mAP 2T R A,
LR S A TR T A O SOR R PR RE R AR Bk
A N AR Bkl WE ¢ A2kt
BHFIHER A AP (i) 2y

g

P(k) - rel(k)
- ©

Hrp, M FoRENE (AW ELmEUE) £
FORHCE, eSO, el R 2 ICDAR2013 1y
MRS — A EE. R FonamiEh 55405
WEELAPRAR G (7] —2Ei) /SR P(k) %
AEECR AT b AEERER R, BIET & 2
SEA DU R AL RS kY ELAE. rel(F)
AR R, MRS kAN AR S,
WA 1, WA 0. AT mAP & SCh:

AP =

| X
mAP = N;AP(Z) (7)

Soft top-k 5 Hard top-k: Soft top-k (S-k)
VAL 5 BT ULECRREE (Cumulative match-
ing characteristic, CMC) £y, HRMEARAL A A~
FHR SO B R EREFR AR, YRR AR ET & A2
GIREH A (DA L) FH R ST, FATTHRFHE X
H— R IEHAA 1], Soft top-k /R A 1E WA ]
IR S S AR BN A 4 L. I7E Hard top-k
(H-k) WAGARAES, MR EAHT B DAL R 4R
FH SO B, FRATTRFH SO — IR IE# 25 f), Hard
top-k KR M IE IR YA RS S A R B A
L, HZIEBIATE 2 AN K S0k ERgPERE . 1R
2, Soft top-k BiZFE k BEIEINT T, Hard top-k
B K LIS 0 A

Top-k: Top-k iFfiliatr H TR HIESS, 5
Soft top-k VAR i b it L — 3k, i S W AL 7E B
ANAH RSO B RETE AR 4B BRI ki
P R oA 5 HARE BN, AR H 2 XL
H—UIERR, W) Top-k 27 B A7 IE 8 H 3 Y
U BRI A 43 L.
2.2 ICDAR2013 #iE&%E

ICDAR20131! 5 ¥t 42 1 I 5 42 40 ) i 42
ST 100 #1250 ASHBEH LR, B4
FEHTTER 4 KEDA R, Hod 2 5K EL NN
PO, AN KNS M TIRGET, XMEUE
SR B H A BRI, X EE 4 BT
64 5 256 RUERHBRERYIHIZ )G, 64 REVIEIR/ MG
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FHHRH: YIZREE TOO1T A4S, Blik4E 218999 4;
256 RBEYIHIR/IME B0 Y124 21160 A4,
MR SE 64 820 A, FRATT 43 BT X AN ROBEY) #1194
PadEAT T 500w, g% 2 R, 4R ER: E T
PR R IR O FRAIE LS T A RO S/ NE
PERHRHIE, TEIrA W Fatn FI AT I A py R, &
BH 35 T 3R G0 A /N B B 3 5 T DLS-CNN,
R BTG RN E R S 2 1 e R . I
H, 256 REEVIEIRG R 64 RIZVIEIG R
b, RSB 256 ROBE B L T SCgn ) isfr
B A AE XTSI, 2R ok W i SE IR 3T 256
ROBEDIE 5.
%2 FREZIFRMIXE (%)

Table 2  Comparison of different patch sizes (%)

S-1 S-5 S-10 H-2 H-3 mAP
64 R 87.8 94.7 97.0 57.3 36.7 76.5
256 R 95.0 98.4 99.3 70.3 49.5 84.7

%3 AFHFFLZ XL (%)

Table 3 Comparison of different feature layers (%)

S-1 S-5 S-10 H-2 H-3 mAP
2Rz 95.4 979  98.5 63.1 41.2 79.7
AR 95.0 98.4 99.3 70.3 49.5 84.7

4 FHERCH BT (%)

Table 4 Comparison of feature numbers (%)

S-1 S-5 S-10 H-2 H-3 mAP
128 95.2 98.7 99.0 70.1 48.6 84.3
512 95.0 98.4 99.3 70.3 49.5 84.7
1024 95.0 98.4 99.0 70.0 48.8 84.1
2048 96.0 98.4 98.6 67.1 45.8 83.0

AN, FEATHR I T R A 2 4 U A 3 30
fE 11, FESCIR P A BRI T & RHALIE 5 48 2
BORHIENE SRR T, SCI0s AN 3 s, S5 5
e AR RIS GEAL Soft top-1 1447 H 4 )
o R U AL 2 B0 22, AR A6 bR R
ML RAEI. X EBTART: 1) &58RER
X T T2 ORI 3 O 2 T A 25 W O
AT, B AR A R A A R A 2) KR
DAAE I B2 2 HORRAE A 40 2K e, 43282 = 2
BOSRJH E BT T 2 2 2, 15 e 2 2 T
FRIUAN Hef . FEBLEERY b, FRATTRHR B B AR
THE R, 41X 128, 512, 1024, 2048 4~
A AT T 950 SR, ST 512 AR
B, LA BRI, I FLCR R i 15
) 522 AT B, S5 A 4 R,

1 DLS-CNN #5702 5 4 404t B2
P TR, TR 95 % 1T A EHIENE R

RAWRAERFHE. 40— 2R, PCA AAEA IR R
R ACBE ST, T Hak il i e 4 A 0 29 1 2B A
ZKINTH], 2RI 5 R,

F#5 PCA FLIIERL (%)

Table 5 Evaluation of PCA_Whitening (%)

S-1 S-5  S-10  H-2 H-3 mAP
JPCA gtk 889 97.1 98.0 639 476 82.1
A PCA 1tk 95.0 98.4 99.3 70.3 49.5 84.7

)5, Mok DLS-CNN 5 HoAth Y4 5 38 L 47 1)
BRI TS . 4R AE 5 Fiel 26 3 pfsiz
X, A DLS-CNN Ak sl #25 Fiel 2852 i
B, BT Fiel S8 0T R AT
b PRSIV IE vAS Rl N R [ET O S 7 7 N e s e
A5 AE S 2B kg ICDAR2013 #ifs 45 B2
FRIAE. LR R, FATHE B BIAAE G
S WP TR ARER IS I B iR B, OF BHAE Hard
top-2 5 Hard top-3 F4r 51 29.8% 5 33.7% 1y
$27F, U8 DLS-CNN 554 T H T4740%] 5 CNN
BERAAN . b4, DLS-CNN #i# 5 Christlein
1241 HR (R AR AR (R RE il P O (1 4 ) 1 15 O
A% e, DLS-CNN fE Soft top-1 5 mAP W4
P FEAR E BRI T 8.2% 5 5.8 %, RIFET 4
T SRS AT 20 515 TR B A B 28 I 265 11 28 300 48 1) O
EWBL R RE 215 o LG W RRE, HA IR
fRE ). (B 2IATHE W I YASE Soft top-k BY4EH
EIHEA TSN R, FRATE S — 251
IS 4% H AR 8 S BB 1F 1 A 00 ) 2B A R, R B IRATT Y
T XL Fr G ) 2B A RHR B 5. 4% /M2
BERBFEGIINE 3 (c) Fros. Wl REJE A LA
A1) T EIRE T HES R BB B D, F3
TS B A b2 > RH 2 T 55 28 300 R R (4 A Y R AIE
2) T I S 2B I REAS R R AT M 1 40
(EEEIIRINIGOICE S NN IR AT RS EISH
ELRSEEGXT L ANk 6 .

2.3 CVL #iE&E

CVLET s S i I 2R 5 MRS 43 3l L 25 27
5 283 MHEE, FEINGRSMAETEIBEE
Pl tHR 7 45 5 (AR, A EEEE 4
TR Em AR, HA Y ISR AR S,
TENGRE P EAMEF IS -5 M2 AR A 25
R ELA R 2R 310 L4553 TRk 1550
(WA 256 RUZ 0 FIAL 153 315 /DR ER
B, I 8:1:1 A LB R INZREE . Bk AR A A,
TESL B AR b, O TR IR B 2l R AT 55
YRSz AL RE T, FRATEHXT 256 RUZR/NY/IMR
FHAATYIZRS L.
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K6 GHABIRIRIE (%) SIREERATE 4 R, SIZEHGRE) 35
Table 6 Comparison with other models (%) 2 J5, DLS-CNN (il R A f 5, Top-1 I
S 5 s w1 an BUNEN 95.8%, Top-5 MURFTANIZILE) 9.9 %.
UMD o e o oo T A JESN HITHI 20 BH ) ERK, LRSI
CS-UMD-b!3! 95.0 986 99.2 20.2 8.4 N/A @I#H%Tﬁﬁiﬁﬁﬂ@%%ﬁ%%ﬁ, ”—[,:E 20 554%‘%2
HIT-ICGI 948 980 983 632 365 N/A FaE/N D AL, BRI R E, 1E 30 B Jeit—
TEBESSA-all  90.3 967 983 582 332 N/A W S g5 2 A, RIS TR E. B
TEBESSA-bP® 934 978 985 626 365 N/A g 4 s, B 4 (a) £ Top-1 BYTH 5K,
Christlein/*)  97.1  98.8 99.1 428 23.8 67.7 Kl 4 (b) FR Top-5 R BIE. 5451 CVL %
Wt 90986638 365 N/A R e AR IR R T 1 AT L, DLS-CNN
Nieolon 972 980902 929202 NA gyl 256 JREEA/NIGE A Top-5 L
e s non aow Now o e PBEFIAST LSRR Top-5 FUHIEAL
DLS-CNN 950 984 99.3 70.3 49.5 84.7 99.8% $2Ft £ 99.9 %, WU HlFr R,
7 PR (HIENTRTEAE Top-1 WAL HER B
AR, SRR T IRATH 7 o M 2 TS 1Y 4 5
1 AR BB I LB RO AR L AT S e 1 ).
09 SRR, DLS-CNN figfg DAMR /& 1Y 28 30845 SAS
" YT R HH B, A3 T DLS-ONN AEfE2E
o IR HIMESS o B BRI B Sz AR
' £T HHABBE I (%)
%‘i’ 06 Table 7 Comparison with other models (%)
= 0.5
T ol HAEIHE  Topl  Top5
& TSINGHUA 2] 15 97.7 99.0
0.3 Fiell® 173 98.9 99.3
02 Waul% 15 99.2 99.5
o1 Nicolaoul'4 17 99.0 99.4
Christlein!38! 1 99.4 N/A
% 5 10 15 20 25 30 35 40 45 50 Tang!*? 13 99.7 99.8
Lt DLS-CNN 256 5% 95.8 99.9
(a) Top-1 I
(a) Top-1 identification rate 3 /E\é:él:'—ﬁ%tzé
1
, ACCHR I T R TSI SR 0 R
‘ JEE TR 28 P 28 25 5 1) B RSB i A8 5 O Yk, DA
08 FLAG 5 B T 1Y Sy R A R B R 2 AL B ) 1) B A
07 JE R, R T HA T SR ERARR AR A A 50 2 S T VA
0.6 i T Sy F R AIE A R ARORSE KR B0 44 5 15 4 SR G B 1Y

0

5

10 15 20 25 30 35 40 45 50
(b) Top-5 #4=
(b) Top-5 identification rate

K4 256 RUZR/MEIRBIR

Fig.4 The identification rate of 256 patch size

PRI 237 AL BE ) A A ). X A48 T2 T 40
T SCRIAT 2080 D5 ¥R AT SORAT 20 B RG HE R 4, DA
L OB P B 22 o 28 I 245 iR < o) BE RO DB, AE
ICDAR2013 5 CVL W% 215 5 B4R HE R 4R
LRSI R R T DLS-CNN 22— LA 55 B 1%
PR B 2 B 2 R T YA

TEARSR ) TAE R, BTGt iy ST AT 50 #1007 34
A DA — 20 Bt 3 I A SO T SRR AR 1A
ARAS g W AT S VA O B 2, (S AR W AR AT
AT ARSI, AT S-S SRS B B A7 1. 5K
6 ke Bl RS TRLAE 5 I SE AR AN BEBCAF Y
S0, BEFAR BT IR A BEAE Soft top-k s
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