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Abstract

In recent years, with the continuous development of in-depth learning, image research and appli-
cation based on in-depth learning has achieved excellent results in many fields. RCNN network and
full convolution network make the development of target detection technology more and more
rapid. Faster R-CNN algorithm has been proposed and widely used in the field of target detection
and recognition. In this paper, we mainly study the object detection based on Faster R-CNN algo-
rithm for the image in the data set of self-made office supplies. Compared with RCNN series algo-
rithms, Faster R-CNN proposes a regional recommendation network, and integrates feature ex-
traction, candidate box extraction, boundary box regression and classification into a network,
which greatly improves the overall performance. In this paper, an improved Faster R-CNN algo-
rithm based on activation function is proposed. When extracting features, the data set usually has
a large number of high-density continuity characteristics, while the activation function is sparse,
which solves the problem of target detection of office supplies under small targets and complex
background, and improves the detection speed and accuracy.
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BEE VR 22 MR AR PR & R, BAREN[2]5 BARRAE LS P 2Pk EEIEE 2
IR A, IF BRI 1A A ROR o B AR D2 4 Hh MR sl A b B SO R 11 B b, i 4 TR i
XN R B AAAE B Aok i e Bbrfr B, T BAsMSERAI3]. RS SR 0 —. f£H
BRSO H, RS 2 AT (8] TS A W 7 92 ) T At (4], T AR S ot I8 L S AT IR A R B R S 4w A
AT TAERCEREA IR K FEN o A G I )80 & AR SR IR m e AR . BT AR 4G AN [F] (1 S L
FHIAR, BN E6E. BRI RN, BARl— B LA s i B Pt 1) 1) @ 5] (Rl
HARS I A% O RS . HARA SRR AFRAN ARTALE . H AR E AR I AR e S8 g 2 st
WL 21 80E, AT B m AN Zr, Bl N BHR B HAT 55 45 R — P e (6] H bR i 722 M -
FROESREL - 702K, [BE[7].

Fast R-CNN JE A s B 21 35 (AT I [8],  (H 2 AE 1% 7 14 44 %R (Selective Search, faiFR SS)H%[9] [10]42
g e A I 55 B R 2R R IR 8], &FXZ 7@ Faster R-CNN Bk d$g T X483 i3 4% (Region Proposal
Network, fAiFK RPN) [11][HE&, XA~ RPN W22 F #2026 B O ) SR P AR Ak X 3 12] . fEAR 3
I F i R £ B DR BB T S R R AR B UV R, AR SCHE BRI ¥ Faster R-CNN 53 {8 A ReLU Al
Leaky ReLU ¥ eR £, X A7 EAR KRR BEHIAE & 1 AR i ok DX 3 i) w] S FE A bksr U ) HERA BE, I HL
A RS T R A

2. EF Faster R-CNN EZB N 5iR 51
2.1. Faster R-CNN %

Faster R-CNN ff:Jy—#ft CNN R2% H ARl 592, B e ERRRBUR A BB AR [13], 124F
TEEIR LT RPN MZE M4 RE Z[14]. BEJS H RPN W28 A2 s X 308 1, T8I softmax 73 284 4 Wi i
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5 R X AR BURHIE B, SRR N R 2 0 AR o f Ja R FH DX 3 SURPAIE P T A0 DX d
WHIZEA,  [E I P fE a2 S A Bl S RN SRR RAB A [ 16 IR A I AE RS B AL B, il 1 o
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Figure 1. Faster R-CNN algorithm flow chart
[& 1. Faster R-CNN B ERTEZE

2.2, XML

20 W PR I 59 A P B ME A 70 RO RIS, s P 0 67 R AN P < B P PR B AE s B0 RCNIN
AL F L AR R (Selective Search) /7 i/ F BRIEHE . 1] Faster RCNN SR AR 14 A 20 i 1) 7 20 2
2 VRE BN R T35, SO DX R 28 SR 2B RS TINHE , 3X 2 Faster RCNN (9 — KA A A1
B 1R 7 A 3k LA B AR K g ey

DRI 285 — D BRI [17], BRI O BRI CNN B4 I 2% B2 A X,
il P YRR i AR W B B A R a B ARR B sl —it,  H (s DX L A AE (] )5 7T BAAS 51 2
JRURE 24 B8 bU AR XA A

DX A5 D3P 208 T LA o A ol DX s el PR AT 553047 o 1 I 2, (RIS BE 6 00 14 1 o Fr) 3 A A7)

DX 38 2 A 45 P i N T DU AT R R/ RS B e RPN IR 28 44 AR A0 1 ) A7 B 4 B ol — I RFAAE )
B R MIE A BARMS  AIAHERNT, i 5 2 RPN 2SRRI 7 B E e i B
2 FRUBE K 98 B A DS H ARt 2 AHIAME [ )

2.3. JEARAKIEHMFI

AR AR 1 572 (Non-Maximum Suppression, &% NMS)J& 2 Ja 58 B AR, [RIB F0 ) JE AR KA
JTCRMIE AR . B bRt i A v v 3 i 0 2 SR ICRAIE AN 43 28 38 0 KON S [ 18], A& #5338 — 4
HAr135r IF BAEE — BARI AL E Eoe A RE R IRIEAE, XS IR HEA B2 A AT R s S8, BRI 3RATD
i M F AR OB A 4R 2 8OR S A 1) B AR I FE, TEBRTUAR A FHE . RN E I ) fE 2. |k
R A B A4S 0 S IR HEREAT HE Y, £ BAS P S I RE Sty th 4 A5 PR de v PR kB AHE ML 5t
SR MBS, THE PTG FHER AR, B RS 0 s G 5 ek e i S A2, MR
B ERTHE BHE R RIGHE:, RSB ZATHIPIR, ERAFAEYI R T

10U JE X T/ MEIEMEMESE, WHEBETL. T2, HEEET . T2 E2SEAHEAXA:
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10U =(T1INT2)/(T1uT2), 10U BLRHIEAET1 . T2 ESME L T1. T2 ISR EER ).
NMS )2 WA TH RS, Filn HARERER . EAR U Ee 240 LA SO 4%

3. XIE
3.1. AlexNet 188 5 7E iR ¥

AlexNet Bi% /& 2012 4 H Alex Krizhevsky $2 i, ZIACRA T 8 EMhLe Mz, 5 AMEREZEM 3 A4
B . AlexNet i ReLU HR¥U/E N CNN IS BREL, Rk T 7EIRFEM 25 Sigmoid R &S B B6 B2
SR IR R

AALEH T ReLU si#L, B & & om0, M B AG Mg, JF B 7S 80E M
HARAFIIR R, ARG T A RS R A . RN ASCENSEHMANT Leaky ReLU %L, Mk T
Relu B EE N A7 X (8] f5 , T UM T AN 2% 2 1 0] 75 o 00 bR 73— AN B BURFAE 2 - B2 AT LAIX 20 (197
A B TAE W 2% v 0] 5 HERETH R T AR ) 5% ZE R I AT S Tl DA IR SR (207, 2R 5 AH S {5 AR FE T
e Bl HABAR AL B AR ACAL L DAl iR 7

ReL U Wi bR B7E S Rl A6 6 SRR 20 FE N TH B AR/, T IRZ . ReLU & MRFBITIE B IE)
— PR, relu(x)=max(0,x). HHIA x<ON, %0, Hx>00f, Hitihx. ReLU ik e #ae %
FEINPRIR AE R U Sl e AN, RV RT DIORHUR 2K el 2 /DA TR X x> 0 T DUXRE, [t
FHETE B/ E— - XS R A S TR F T ) & 4 - Leaky ReLU BREZ 2 ML) ReLu WU iR A2 1K,
Z R S T E NG IR . Leaky ReLU B S HUE RN ANE,
leakyrelu (x) = max (0.01x,x) . AW D EBRMRZ T I, FOVFEE TRAEEI2: 5T .

3.2. gAY Faster R-CNN

FERFAERECT, BT KEA S B, &R BN MER,, s EE, AR TET
AlexNet 2432 ] Faster R-CNN H b 5% , 76 5L 4E ) CNN HEZL i F ReLU Al Leaky ReLU S bR 54,
T SRR T S ), RN . CNN BN 1] 2 iR

WAEG ) BRI D BR2 2y BRI Dy B4
LeakyReLU LeakyReLU LeakyReLU LeakyReLU
A1 A4k 2 @
bk 1 bt 2

softmax {9 4R (K3 4mpR7 Q| aEgRe KI BHS

ReLU ReLU ReLU

ik 5

Figure 2. CNN model diagram
2. CNN 2RI

FE R BB NV — AN SRt R, 7 BRI A DX e DX I ) B 2 BEOR VISR A, &R
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F ARG R P — A ] B A BT e v, AE VISR 5 245 AN TUTE R, XM AR R H AR 1R X
35 A F AR DO DI Y, B, AR R, Rz, MREEEIR, THERILX IR
IR XIS AL, A B R K B 5 KT B 0k DA IC N IEREAS s K 5 IR X (&
JEE /T AR AR A 328 X A Ae 9 SR AS o

4. SCIEAST R
B B bR A S DA AR SC R S e FE AN B R AT .
4.1. SR E R HIEE

ASEIG B TR ESREN A H I S EEAE . RAESIREA ST 295 IKIKAEEG: BHlA
FH SR EIEEALE 30 22905, &35 50 5K, 3L 1500 dkIE A, ISk B BB R H WA, seibrd, EEL
BRI 60%TENINZEE, 40%LE Iyl S 46 I 45 B A

4.2. SLEEE

CNN W4 SEMEE, LB R ERATR A 3 * 3 BB TBR, SRADDIE N 2 1 3 * 3 {25 (Al [X 45
PR AL FERAT R, TEAEEE R IIN— N ELMEN ReLU 2. ARSI 25 21 CNN M4k
BT HRFE R EL

WZEEE, F—A/MEEEEE S N — K B P BN 256 Mgk X, Foh Bi s AR R 5
FEARSHL 128 4, IEAHGEIER] 1:1. R —AEBRH I IEFEAZUNT 128, W2 H— SRR L 2 H
256 AMEIEX AT DU Tl Z5. BUESHRE, Wim)L=ES 802 8 61702 B &S AR EdE 5
FNZRASCHR ) CNN BERSR AT HIAa 1L,  Hi3s i 2 A E 31 B i 2 0 35948, prdkEZE4 0.01 19
E AR IATRIAG . F 2) R E N 0.001, mini-batch v 1 SREET 5.

TESEI A BAE ZAT 551K X, ¥ HARR B /MU, FasterR-CNN Htf —AN G s B0 UK :

R WATA RS WoTA LR e (ORI PR R 0

TR, m RREXIRIOERE], p, RAFEX I m TR EARR IR . 1, ={1,.1,.0,.1,} ——A

I, R BN BRI DY N AR S HL o), S IERE A BLIER X LA A bR i s L (. p;, ) 22
PAAS ) B0 B0 2 5

L(pnpy)==log| p,ps+(1-p,) (1= P} )] )

L, (t,.t;,) REVABR, HL (1,1, )= S(t,.1, ) KITH, S A smooth L1 #%L.

Fast R-CNN P24 73 155y IR A A T 2, XA R m B R i = . kB ER T
R, Bt e+l 4B p, BRBT ¢ BT FIMAE . XA RO 4t 25 #8824 1 .
p=(posppop ) b, pH o+ 1 R AEREFIH softmax 77 K31 HAFH

i 26 HE FREI = FH T (gade DX B TR 8, i L AR RV A2 A%, St dx e e84 e, Rom g T ¢ 36
I, RNAZF R AR 2 4.

e = (e85, 807 ) 3)

cFIRFANRT] ot RIGHDS T ISR BREARR TS, 15,1 45080 8] oA R T X 3

W55
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Faster R-CNN B 73 DB IR, H P20 I 25 DR AR I I 4%, il T Fast R-CNN p%%, J5 P304
R P g S, B AR 2% HEAT F ARl . BB IR AR ISR FE, AR T AR P BRR
FEMSLAIIIZRIT. ¢ 1 J9 Epoch 79 10 HJ RPN I 25 Il ZRid 72 ) — #8570 He s

Table 1. RPN training process
= 1. RPN &2 12

Epoch Iteration Mini-batch loss Mini-batch Accuracy Base Learning Rate
1 1 1.5318 21.09% 0.0010
2 50 1.5326 100.00% 0.0010
3 100 1.6181 100.00% 0.0010
4 150 0.8708 96.88% 0.0010
5 200 1.0628 100.00% 0.0010
6 250 1.1254 100.00% 0.0010
7 300 0.8630 100.00% 0.0010
8 350 1.9528 75.10% 0.0010
9 400 0.9821 100.00% 0.0010
10 450 0.8431 100.00% 0.0010

4.3. LWER RS

SEEGN T 36 UE Faster R-CNN SE R n@E R, X H il I8A F 5 R £ AR ERARE 0 BT 1% 5
Mo [RIF, S T f# R Faster R-CNN B0E7E B il 02 FH i 8RS R BARBUN. BB R I A A
BIg, $EH T 3T H0E R B i (1) Faster R-CNN 5y, @I nGAZ, #H ReLU 5 & £ Leaky
ReLU WU ek odt 1 RFESR I CNN B8, FERFIESEBOE AR g b T ARG BRI ER, e T AR
st S SR A 5

MF 2 ATLLE H, 4 epoch 24 2 B Faster R-CNN BUATEVR EHE S LIRSS RN 77.21%, 16 H
IR RS 4R IR IISE N 62.34%; 24 epoch iy 5 I, Faster R-CNN HIAFEIR -4 4 1R I 45
RN 78.19%, £ B Mo FH A A BRI SE 3R 67.07%; 4 epoch 24 8 B, Faster R-CNN HE{EIR
TR AR BRSO 88.09%, fE B il 70 A F i BdE 52 BRI SE R 69.36%: 24 epoch 24 10 B,
Faster R-CNN SyE1EVR ZE5E 4 L A 25 5 92.74%, 15 E 1l 70/ F S Bs 45 L AG N 45 oM 74.62%
VLA 24 epoch A 10 B, il & &4

Table 2. Experimental results of Faster R-CNN in different data sets
%% 2. Faster R-CNN ZEAN[5] epoch THYSLIG AR

Epoch 2 5 8 10
REHIRSE 77.21% 78.19% 91.60% 92.74%
) I A FH A 4 62.34% 67.07% 69.36% 74.62%

e 3 fran, 2 epoch =2 B, ARSCHRHAIIET AlexNet Ui Faster R-CNN 773 5048 4 L A
40N 78.12%, 4R T 0.91 ME N AL B HIIAA A EEESE BRSO 62.51%, #7017 4
H5r R Mepoch = 5 I, ASCHEH BEVEIEIRERIRE LRSS RN 82.12%, #&& 1 3.93 NHE A,
T H 750 i B S BRI EE RN 68.27%, $igim 1 1.2 NEJr s 2 epoch = 8 I, ARSI FVEALE
IRERIRE LR RN 92.74%, & T 114 DA A, A ARHSEIEE Erfei s f o
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69.62%, FEi 7 0.26 NHESF A 2 epoch = 10 B, ASCHEH EIEER LIRS LIRILE RN 94.53%,
Pem T 179 NE AL RTINS EEE RIS RN 76.34%, fEm T 172 MES A BT H
Bl A i EOE SR R UG BE D TR R BIR R BG i, DRI I &5 RBOR R Sk im0, (2
SO JE R T A B E A I 5 S, O VR IR IR RS . AR E SR,
2 R 2 —Ff B N B4 H B I AR, B REEE A I R E RN S 2 MBS R, HEAM
BRI ZRB RIS, wtm] LA 2 00 286 LA A N HE 2 D (R B SS E 70 RIS 5 B2 I R g AN 8 e e B2 5
W@ A R [ ), BME TG NG AREE. BFIRGGEE R s, ResrEtas T
JRIERARFAE £, R A FH 0 bR 00T LA S8 R E I 4 I S, T DA G IR i 2 ST R S, B A BE AR 4R L
FRBRRFAE o ASSCHRH B HARA I RIS F T A RIS AR, P2 7RSI B, 1948 1 IO 1)

Table 3. Experimental results of Faster R-CNN based on AlexNet in different datasets
3 3. HT AlexNet BUi#HY Faster R-CNN ZEAR[F] epoch TNHUSEIG4ER

Epoch 2 5 8 10
REHIRSE 78.12% 82.12% 92.74% 94.53%
H il A F S 4R 62.51% 68.27% 69.62% 76.34%
5 R4

ARSCHE ] ReLU 00 B AU LeakyReLU 03 BR 0K DUk Rp AR 42 HUBE Y, 72 5 B2 19 i
LeakyReLU il B #UM . CNN HEZL . 7ESRIG s ik Al JZ R A fE e 4, L b BB EEh A TU ARG B
FEMEERGAL, (£ R LRk Tl . IZHESIL B, LeakyReLu BRI S B B0 3EAT AL
DUAL » BEAZ I Bl 73 A1 SCOR BA A8 23 AR, A o 17 24 1R S 00 i OB AN 5 S 1B A B6 B AE T 1 it
AR A B AE R, B TR . IR SRR D, BT S R BGH Y Faster R-CNN ARl
G5 IRIL T 94.53%, TETPA R B TIAR] 76.34% . F B itk 1) 4 AR 22 I 25 HE B S A7 38K TAT 1 . R
TG B R, FATER AR RS o, 80 RO R R R, 4RI AR IR
B, XARBATT L LR U A
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