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Abstract

In view of such special applications as power line insulator inspection with flying aircraft and
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crack inspection of tall buildings, the idea of running deep network program on edge equipment to
realize intelligent detection is put forward in this paper. Taking the structural characteristics,
training difficulty and running speed of common lightweight networks into consideration, the Pe-
lee is selected as the required lightweight deep network. In order to run efficiently on some edge
devices, the dual-channel dense layer structure was modified, and the new deep learning network
consisting of stem block, residual prediction block, dual-channel dense layer and residual predic-
tion block was redesigned with the 13 x 13 image output. Then, the Pelee lightweight learning al-
gorithm and structure was designed on Darknet deep learning framework. After establishing da-
taset in Pascal VOC format for crack detection and training with Cli command, the Pelee-based
crack detection deep network was deployed on RaspberryPi 4B. The results show that the Pelee
algorithm has significant advantages in weight file size and total calculation in comparison to the
YOLOv4-tiny network and its overall performance can be comparable to that of YOLOv4-tiny. The
innovations of this paper focus on modifying structure of the dual-channel dense layer, adding an
RPB module, and adopting a single YOLO output head structure to improve the detection effect of
small cracks.
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1. 5|8

BT WX 28 AR B R, B ST AETRE 28 36 mE 2 A Al (artificial intelligence) R 4t H#i % &, HAEH
SRIE T . ANIRA. BAnsras. BARiRAL EF IR 385 0 E) K& RS T A% 25 U8 A5 31 B o) N H
Google. Facebook. Amazon. HJESF A4 HlHEH B8R A Tensorflow. Pytorch. MXnet 1 Paddlepaddle
SETFIRIR L M 2% 240, ) AE Github Fl Gitee 550 H TR &2 B HURACHS, #E3h 1 AT ECR R SR J
SRR AN, B I ZREE IR 22 SR BE M 28 s O AT AT I LAE T %6 BB, 218
BT A S E R FE M S I SR TR ORI RISCRE, BRI IR ST “R7 AL RGT K

BEXTHLJ Bei e R A A A I A5 R A AR R B Jetson NANO 55 5 4 PR IR 2 ¥ o5 il ds 1 2%
RPN 6, 3R B AR B WX 28 2 FEAN S INASE A A S5 A S RT BB 8, TS AR IRAN Jetson 2514 41X
I R WA B R R E NS T INA 5. HAr, FRAENZG K& Easiair AR &R E S
AR W 2t B N TR B R FE AR 2 S () o — AN EOR R TT 1) o A SCHERR B AN I 2 1F 90 L4tk |
W3t Pelee W45 2544 J4 /F Darknet PRFERESE FIFSCHLEFRE, HAEM IR 4B LRI R A SL08 75 V5
2. EAREUREMNLE

7E B AR5 43, 5 F B BL SSD Al YOLO AfREE I i (one-stage) 572, Fast-rcnn Al Faster-RCNN
R BRI (two-stage) 517 LA S R-CNN FI SPPNet AR 2 i (multi-stage) 55 — R, X EEE LA —MK
WZKER, SHIRZ, LGNS FEBEBITARKHERE, Mo%EIE T RN, mxs
LM 254 Densenet. Efficientnet. Ghostnet. MobileNet %741 Pelee. Shufflenet. Squeezenet. Thundernet.

VoVnet. VarGnet & Xception 55 JLF. FeH, JELL Efficientnet. MobileNet & %11 Squeezenet b N
2o IRV RE K FF2 K Pelee 2% [1RARTAE JL-F-ANIG I vH 581 00 T SR THRFIER I B8 I &R,
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> A Github O FEFRBE A SSD 59221 [3]+ Pytorch HEZLSZIN[4] M T 5 AR IR B cifar TR HI[S]HITEAR
W, JP P AE R . AR DG 7T U R T A @ s HARRTII[6] . SERT AT 7] AR
SOCARTI[8] PCB G A RII[9] EHUE 73 FI[10] KWI% 2 08 I H AR Aill[ 1] K B PR RE[12)55 05 T,
TEZLEEAG I 7 T B FH D

EEXFIE N 1600 43 s KSR EE R N B RT3 5K, JF25 G M EERT IR BE 75 5K, € R H Pelee
BRRALIR E LR IR REUR 4B B BAE N AR 2B T &

3. Pelee BE W RE ML
Pelee #2545 T F{E Densenet WX 4% (14844 K 3870 PEREIG SR A, BG40~ JLANE G 43
3.1. EFZ(Stem Block)

T2 HPREIEM A K, /2 Pelee BRAMILE N EE — &R 7>, o H K /&8 I BERAT AT i iE £ L
FIRERRIL HARHEAE, MR N v . AN 1 s

EHE EHE
stride=1,size=1 stride=2,size=3 N
B ( ’ ‘ ) B
BN stride=2 route/Z stride=1
size=3 size=1

> AT )R (stride=2,size=2)

Y

Figure 1. Stem block of Pelee network

1. Pelee EFELEH

3.2. WBIELERE (Dense) B

5 Inception 5K 3810L, SR A XUHAE 4> HE 4L = 73 Al e A R ROZ 2 BFE B S —IBIEL )= 1 x 1
LB, BAE—)Z3x3 B/ FmMENEAEHZ 3 x 3 EHEEmE Zoute)iiit . Hr, WIEE1x1
BRZEA U (bottleneck), A Pelee HEALMZE B FRFFIESEIUIAZ o NIE— DI SRS U PERE,
TEJR IR TSR Z I 7T — N BAGIE ReERZ . AR, ks R FE N 2% n] Re R g G,
B LUK £ 7R IR T ) B A ol , Sk R XUE TE AR IR S M ] 2 s .

Figure 2. Dual-channel of dense layer of Pelee network

2. BB ERESEN

T BARRA], TR0 K003 (bottle neck))= « 1 )2 A1 K FH T 5 (post-activation) 45 74 [ &

£ i 4 (Composite Function))Z A A4, IG5 A Y Pelee B /7 3CH4[ 1]

3.3. BRETFAM(Residual Prediction Block, RPB)E 4514

FERTIN 9332, A5 Pk 22 I 46 32 AT T30

Hat

y PR

itk 3 fros.

BRE B ER=
> (stride=1,size=1) (stride=3,size=3) (stride=3,size=3) ”
HHZ
stride=1,si »| route/Z
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EBRE EHE 5
(stride=1,size=1) (stride=3,size=3) 7
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Figure 3. Residual prediction block of Pelee network

B 3. REMNELEN

TR AE O 5 H ARSI ) 25 S5 4, Bk 22 T 25 T DA S NG TE 4 45 R 416 DA m RPAE SR UM A
XA AT T Z ) — KF

4. BT Pelee BELMLEH B RN E ZEREGH

PRAE Pelee BEALIN LS 2 T IE T BRRFIESR IUBE Ik o0 25, JLEs Ml i, 28080 7EH]
TNREEA MR, BT EIRE Pelee 10 P45 FUAFAESR BUVE RE I 2 SO o Y LAURT T H AR Aer g -
N, FEETREMAERLZ N T — M TNER TR . 5% Yolov4-tiny 5% Bk
FAVERERIRE 2L, /£ Darknet JRFZHEZE ETE T LA Pelee # &AL M4y T HIHT B B Ak I 503% .
K 4 s

BRI 416x416%3
|
v }
2D ##3 (208%208x32) [ RPB(52x52x384) ]
| ’ |
Y y N
Stem block(104x104x96) 2D B (13x13x256)
|
. \ ¢ \
RPB(104x104x192) 2D #7H (13x13x256)
’ |
Y v
Dense Layer(52x52x64) Yolo fithi 3k (13x13x18)
. . Y,

Figure 4. Sketchmap of this new algorithm
4. FBEEEHINER

WA WR UM R 1) BRI 7 UERIIRe, RERAT IR BRI, A e R b
TOTREAFEM IS R &y 2) 7EFRUE Pelee S5 HFERL I, 3IN—ANRZETNE IS £ TR0 A DA &
FESREUIERE: 3) RHIH Yolo fnth k&, Mty 13 x 13, I THUNRCIREEG ARt . iEf iz
B BIATERCAXT Yolo it Sk 28 K th 7 X RATRI IR T A0/ RO AR RS 2R A

Pelee BB AL 2 4 Caffe FI Pytorch 45 8 2 SIHESL ESEH . VE#AE Darknet ¥ 5257 SIHESE | SEH)
(1] Pelee 32 LM 2 S5 4N 1<) 5 Fiom

DOI: 10.12677/airr.2021.104032 316 PNER ST IR YN


https://doi.org/10.12677/airr.2021.104032

*
<
®
patid
%
%

convolutional convolutional

biases {16} biases {32)
scale {16} scale {32}
mean {16} mean (32}
208 variance {16) 208x208x16 | variance {32}
weights {32x16x1%1) weights {16x32x3x3)

convolutional

convolutional

convolutional

biases {32)
saale (32)
mean (32)

biases {32)
scale {32}
mean {32}

416x416x3 | variance (32} 416x416x32 | vanance (32} biases (64> 104 104x96
weights (3x32x3x3) weights {32x32x3x3) saale {64)
route mean (64}
208x208x32 208x208x32 | variance (64} 104x104x64

weights (32x64x2x2)

(a) EFEEM

convolutional convolutional convolutional

biases {32) biases (32) biases {64)
scale (32) scale (32> scale (64)

mean (32) mean (32) mean {64
variance {32 104x104x32 | variance ¢32) 104x104x32
weights (32x32x1x1} weights (32x32x3x3) weights (32x64x1x1)

variance {64}

glx104x32

convolutional

biases (32}

scale (32)

mean (32)

variance (32)
weights {96x32x3x3)

104x104x192

104x104x96

convolutional

biases (128)

scale (128)

mean (128)

variance (128)
weights (32x128x1x1}

104x104x32 104x104x128

104x104x32

(b) H— ZRE TR 454

convolutional
biases (64) biases (32)
scale (64) scale (32)
mean (64) mean (32}
52x52x32 variance (64) 52x52x64 | variance (32) 52x52x32

convolutional

weights (32x64x1x1) weights (64x32x3x3)

biases. (32)
scale (32)
mean (32)

variance (32)
weights. (192x32x1x1)

104x104x152 52x52x132

biases (32}
scale (32)
mean (32)
variance (32) 52x52x32
weights (32x32x3x3)

biases (32
scale (32)
mean (32
variance (32)

weights (128x32x3x3)

biases (128)
scale (128)
mean (128)
variance (128}

weights (32x128x1x1)

52x52x32

52x52x32 52x52x32 52x52x128

(c) &EEEM

convolutional

convolutional convolutional

biases (64) biases (128}

scale (64 scale (128)

mean {64} mean {128

variance (64} 52x52x64 | variance (128}
weights (64x64x3x3) weights (64x128x1x1)

biases {64)
scale (64}
mean (64}
variance {64}

weights (64x64x1x1)

52x52x%64

convolutional

biases (64)

scale (64}

mean (64}

variance (64)
weights {64x64x3x3)

52x52x64

cenvoelutional

biases (256}

scale (256)

mean (256}

variance (2567
weights (64x256x1x1)

52x52x64 52x52x64

52x52x256

(d) 25 25k Z T 2 45

convolutional convolutional

biases (256) biases (256) convolutional

scale (256) scale (256)
es {18)
maxpool mean (256) mean (256)
. . weights (256x18x1x1)
52x52x384 26x26x384 | variance (256) 13x13x256 | variance (256) 13x13x256 13x13x18
weights (384x256x3x3) weights (256x256x3x3) linear

(e) Yolo it Hi 3k 2514
Figure 5. Structure of Pelee lightweight network designed with Darknet frame
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Hr, BT @AM R ZE TR SR B TS 5. (B8 Yolo it Sk /il (P /= &A1
JEEIRH 256 AN UER (filter) ZHUY SN UASE s /NREERT TR RE, TR BE 4= AR TR BAL BETHEOK .

5. MR ERE

YE# M https:/github.com/ N % AlexeyAB fit A< [f] Darknet i£ /& 255/ 0HY, &2 image.c 5 A0S
DU LB FOOAE oAby . BASEE . RIS & 2RISR A St 85, i E R GPU A
(¥) Darknet R AT SCAF » LA IS ZRATIN K Il 253485 2 64 £ Ubuntu16.04 LTS, MX150 £, 8G RAM,
i5-8250 CPU, CUDA 10.1, cuDDN 7.3.

ZLEEHAR BENUR T X 2% [ FIE RS N R 3R Eamas it & R R K Fr o B RGE I R R RSE . /)
Pae. PR EERIRMEILE S VIR 28RS, {8 Imagemagick FAFEIUN 416 x 416 ]R~F 1 RGB B f, I
AL 600 TKHRAEHHEL . B RS python SCAFH% 7:2:1 OB BNZREE . MKEMIAELR, 4% 1%
& Pascal VOC #%UF1 H k4141

WEREON . FEVEH LA RN b, R CL AT AJE BB SR S &N -

./darknet detector train Cracks/cfg/voc.data Cracks/cfg/pelee.cfg

& CE TN E U pelee 1000.weights. pelee 2000.weights & pelee last.weights 2580 EE 14, K/
79 6.61 Mo IIZRIFE 455K (Loss) EI(ER 71 I ] 6 Fras . AL S 85, Loss S WEUE 0.5 [t
i, ¥ H./darknet map #7215 2] Pelee M4% mAP 4 52.52%.
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Figure 6. Loss map output during training (partial)
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XL ofg P& C B SO AT 2045 2 1 weights BUE O3 TR A7UR 4B SD RG4S E, BIsER
Pelee M FEM ZFIR 4B LHIEEE . £, Pelee M4 S5 &4 3.842 BFLOPS.

6. it 535

ERanE 5 Frs it Pelee AL S FI Yolova-tiny P25 7E 28 NNpack #4E INE 45k 4 B Lk
1T 7 R 525 Hrp, Yolov4-tiny MIZ% mAP A 60.18%, RLE LM A/NA23.5M, HitHEN 6.787
BFLOPS. MALE SCAFFILETHE BT L Pelee W48 5 B 8UR , 4 25 R B8 40 3 22 F00 J2g o — 20 B A i
THA R AR N E SCfF o DA B (/ms) A H AR IR R (S IR AR . EERINEE AR )
Ko BAB (%) ], HXTELansE 1 pos.

Table 1. Comparison of detection results of Pelee network and Yolov4-tiny network

5% 1. Pelee 485 Yolov4-tiny PI4EH&MILE R XTEL 3R

Pelee Yolov4-tiny
HEHEE  mHEE ReHE BEE HEdEE REHE RE%E BEE
K1 2239 ms 1 0 40% 2378 ms 1 0 97%
B2 2296 ms 2 0 66% 2350 ms 2 0 7%
BHF 3 2681 ms 1 0 28% 2353 ms 0 0 -
EH4 2598 ms 7 2 93% 2439 ms 7 0 99%

FE AR h BEALIZE BT B DY Fh 73 S 8 B ) ST, SERRAS IS SR in 5] 7 B

(a) Pelee MZ5 A &5

(b) Yolova-tiny R 45 {6 i £ 5

Figure 7. Detection results of Pelee network and Yolov4-tiny network
7. Pelee I4& 5 Yolov4-tiny 4% SEFRAE IR

UL ] DL, B DAk B TR o P A B 58 % 18 (<3 %) AT L1 FE RS IR Ah, Pelee 455 Yolov4-tiny 4% 3170
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RILT, Pealiean

A4 22 591 o B RIRLEE SR Yolova-tiny WIZ% ) 28.13%, B In— MR ZETINZ G ST E 8N Yolov4-tiny
ML 56.61%, Pelee 3 aEALMZS I SEFRAT I BUR 76 40T A2 . IR H, 3 HHES, B A i A E .
HEZMAREY], XIS Pelee Xt /INFELEA AN 2 A7 NHERA, Yolova-tiny i T 558 24 4% 1 2 1Hi Bt
TSI 7 57 B8 A HERA

Pelee 2 BAL M LRIZATIEE FIE ERHT Yolov4-tiny &% . B H PN B 7E(E K& size = 1 Al stride = 1
(&R TARHE SR ORI AE R0k, X 2 PR RIS Fl W — KRR . [FR, FHEIRENCH 35 2
(Yolova-tiny M5 38 JZ2), FHESRIUNAH R A5y, WL EE AL, 1% (Loss) sEIHIR . FAFAE
TR, BHRERD LNGSER waMAERE, HAREA BRSO 2=,
7. 867

TE S0 SOBIE B Z 450 I, WiE T BL Pelee AET ML, ETZE. BETNE . &EEZ. 7%
ZETI 2 e B Yolo it Sk B R 42 Ak H AR X 2%, HF7F Darknet 8 B % SIHESE s iHsel. BAEE
WERIR 4B LiEAT T SEPRMR S, Pelee 2L LS ISR . 28.13% MR E LA 56.61% 11 1H5
IR Yolova-tiny M2 A RO ZE R, HEGEM mAP BRAK, (AMFEORSE s m. #t—24g
F AR B RS R, R ] S 418 N I2 shiz ] R G s 2 N — S5 H xR

E&WE
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