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Abstract

Aiming at the problem that the accuracy of image recognition in the field of digital substation
measurement needs to be improved, this paper proposes an image recognition method based on
improved deep learning algorithm. This method optimizes the traditional image recognition algo-
rithm to make the synthesized shape closer to the target object, and improves the convolution
layer. By using deformable convolution, the ability of modeling the deformation of different ob-
jects in the measurement equipment image is enhanced. This paper introduces the principle, algo-
rithm and process of the improved method in detail, and develops the corresponding measure-
ment image recognition software. The verification results show that the algorithm has the advan-
tages of good adaptability and high recognition reliability.
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N LR REEARANE A —TUHNER, TERKRERONRIG, BT R B2 M2 B, BT
RGVEHAME . RBRIZI AR G R ST, A8 A 5 E Bl 9 10 Ak 2 U845 22 BT, A 9
WSS e B (E BaEAE . . il BT, BT RS OUR. i TR SN TR R
A EEEIRA) . EFE SRR BT822 T T BEA B R T LA A S iR 1] 0

BRSO, A B TSR GE BORAN N TR REHOAR P A B S op AN AE I RO B, I R AL
XPGRUER CCE” PSR, EEE AR, EIAH P AR EEE . B
TR, YRR, SIS IR R AR DAL RERRL A SCNERER SR R A S BOR 5
FBL R T RIELT, AFET AT LUBRE B [2]. A ERAAIRES, Bk TR gk
VRO R 5 R il o 5 -2 AR 1), AR, 9% N TR BEBOARAE L X3 2 A0 14 52 FH 19 Ak k2 2B i B3] [4] -

BT 2 A7 AR AR F s T S AR U N DR REROR I 1, RSO R T8 1 HREEE
AT TR, W DU RAR G TR s T BRI ZR R B, JFREAT A R I ZRbRi aF
MR B, SESRILS % IR AR 1 e & B R AT PUIUL S, T AT Bl B #3847 AT A 45
S AT A HL s - B AR S B ) B

N Y TSR SR SEEORAEAR R wh v N T A HER P, JRATHCEE T yolo-v3 EHEUNSRNE, % 50E
REMS B AF @ MR A AR, S A it TR Ve BB o RS R ARG R
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PRHCHE AN 6138 FH T o SRR e A 1) — RAVEE, JEH R AR T — A N LA W 2% (1) BB Y 45 44
Horbr, N AR 2R X 48 A0 45 i 17 160 242 X 4% (Feedforward Neural Networks, FNN). 55 #1244 (Convolutional
Neural Networks, CNN)FI1E 3 #1254 (Recurrent Neural Networks, RNN)&s J 1 3= B2k R (5],

T IE A N 28 R RSB, W BB, RS B R 2%, W R—MEFS, B
3 7 S IS 200 B R T o P RS S B S 3 i I S IR Rl BB e 0 B LB 37 v FH 1) s i
TR, ARSCRHEZME MG BAUEREEA, Fx 2 G SR AT e s, FEREMH
GG B AT OO, AR PR = BB PR R, AR R B, ek 1 IS8l [a]
6]

PR, M B N R Rk ) & A E R G, HERIEIE A UG, TR
B, AR ST AR R A B TR

BT & ERARIINEARR, ARSI EARE, I 35w st & FrRE N B s A
AR SE 2 55, S AT AL GO SR LU BRIk R . 54 Mat Emp B R A E L, JUH
ST X B A AR Fs T S U BB i, AR R yolo-v3 MG A R E e AT ek, DAIE B T
e B UGN A

2.2. yolo-v3 BH&IRBIE %

T IR 2 ST H PRI Q42 o B Zh 2 5. AU . MU, 2 REAL 8% N SEATa iA% O
AR, T IAT K 22 H0K B2 w5 000 B bRAsr I B00, S BEAEC:, TovZi@ B Tk S0t T H Al S i (1 75 5K
1M B8 J5 LR yolo S5 Ik 7 LA R AEREG, BN T MR R T S0 1 e Lk 4%

yolo ik — AN SR LI 4 7, 3% & Redmon 25 A 7E 2016 fEf—RWFA i SC P ér & 11 . yolo
KXo AN T SO — N ) e BN S AR I 2 B T REANEE, K R g, T
TUAEAS X A% RIS 2 R0 3 FRAE 7]

yolo ByEAY I — AN T R 40 I 265 I 26 B 42 TN AN [5) H AR (2800 S5 00 L, SROVRARG R, 25 5 e i
W, BAESEEER. B5RMARE. BRI .

YT yolo LM BRI A, FRATIESE yolo SR SLIL H AR . yolo By HET AL T 3 MlA
MEAR,  BOFTIARAS 2 yolo-v3 5%, TETBE ARG I 1315 1 B RII3RT, A0 yolo-v3 LRI T
A H Sl A R T MR I

THRAS RSB A% O 75 SR ) FH 5k U AR A M 2 (N, ELBEEAE S 2 [RVA BT 75 18 501 MG 5
HERIAr B R FAT IR 2R . S RE 2 R B ARKIIRA, A SC78 53 R yolo-v3 Bk BRI AR 5, $RHEL
HEARMEER, RS H A B iris 4.

TER O BRME R AE SR BT T, yolo-v3 SR T #RZ A Darknet-53 HIMI4R 45K, 128554 53 MG
2, EEETIREMSIME, LB AW E TIRGEREE, DU EESER.

Darknet-53 /414 1 fr7, Darknet-53 % 2% % ] 256 x 256 x 3 {E %A, [€] 1 /e A — 411 1.
2. 8, 4 FHFRRZ DN EENRELAM . BRI B G R BRE N — R
AT DA~ P A S0k FE A BRI R R, IXRE T — S P 2SR 1748 W sl 1h B 55 v ) Tl FH
AHEER .

N T RS AN R R H AR BRI, 58 8 DR 2% E = AN [F] (0 ROBE B EAT AN, A2 48 Hh i) = AN AN R A7
BEAL, FE=FASER /N IRFAE B SR ASE PRSI0 A A% R 56 Bk I A o 0 T AN B, S5 — 1631 416 x 616
BIRAN, DREEMEEAE =ANSEGL BT TN, X 38 3 43 APk N R B RSE R RFE 32, 16 1 8 K& ffithes
i, AR E 2 s
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Type Filters Size Output
Convolutional 32 3 x3 256 x 256
Convolutional 64 3 x3/2 128 x 128
Convolutional 32 1x1

1x| Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3 x 3/2 64 x 64
Convolutional 64 1 x1

2x| Convolutional 128 3 x3

Residual 64 x 64
Convolutional 256 3 x 3/2 32 x32
Convolutional 128 1x1

8x | Convolutional 256 3 x3

Residual 32 %32
Convolutional 512 3 x 3/2 16 x 16
Convolutional 256 1 x 1
Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3 x 3/2 8§ x 8
Convolutional 512 1 x|

[~
X

4x| Convolutional 1024 3 x3
Residual 8 x8
Avgpool Global
Connected 1000
Softmax

Figure 1. Yolo-v3 algorithm backbone network
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Figure 2. Image recognition and detection flow chart
Bl 2. EfBIRAEMRFEE

1) SE—AI 2 82 EEAT, X TRT 8L 2, B HIMA N RFE, 11558 81 EAA 32 PR, W
FEINN 416 x 416 (G, IS HREE EDR EA 13 x 13 (ke X BAE A A%, $24t 13 x 13 x
255 [P IIREAE ]

2) RHAE 79 MEHEMS LTI VNEIE, SRE 1 2 f5 FoRFEE] 26 x 26 HI4EE, AR EMUE 5k A
JZ 61 RHIE R BEE S . 2 )5, HE IRFERUN 2 IR EZ LA SR Z DR G ok BB = R . 18
I 94 FEHHTE KT, R4 26 x 26 x 255 FIATIRFE K

3) FHUCEAGIAARLRE, ook A2 91 MRHEETE SR A 2 36 FIRHIE RIR iR i & )i/ &
PIERE, DRGRELATIIE R . REATES 106 EHTH =G, 724 ]~ N 52 x 52 x 255 [14F
fiEA.
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BORERESEBL T 13 x 13 2 4 Skl K, T 52 x 52 K BNk, 26 x 26 2 il oh e k.
3. REFIHEMHAR
3.1 ETHMANEE TR

yolo-v3 3R H4Hi &7 (Anchor box) IS, A Bh T390 HFRA I PERE . 4 &0 T 44440 Il s
W AEH K, H LB RETF LRk, BE TN RIERK S LI &7, RE1E4
B PA— e 1B 2l o X i 7 7R I A 28 3 1 B R A 7 vk B e 2 3 - T yolo-v3 B I
BT R Z ALE T, I K-Means S50 B 42 A BN s vk kA . B X R T L
N R K B R RB R & T, BT R A

1) KFEBIF I & T A e S X3, X Sl 1 A A AT AT/

2) BB FAB S X G5 AR, TGS 5 S50 G0 i L SR8 /DN, F5 e U R
T IO I L B i L2 R K I L

DRI b A SO6F B Tl T s AT e, Hoh i r I R 1) #E o E, Bk
BT RIS MEAN RN 2) RAE s, 258 RNBIRER.

BT TR RN, GRS ST UG , AR ER A E — RAVIIGEEA, BT e R, #1545
NN, BMEXANMANANTEUIGAEA S, hasgit Bir, RESESEER . Hik % (loss) &
FASRAG B P4 AR S Bl B b2 R )22 8E, (B R4 51 J7 1A

A SCAE FH Darknet53 4 H (O RFAEOLAL S & 100 B AR/, H loss a1 Fati:

L =L +AL

anchor loc shape (1)

A Lyoe MR T7 B T 733 10SS,  Lshape AEEEL IR TN 43 3 loss, A FLAVRRE —# (AL E, 1 JFiR
WEY 0.5, 2 J5 BUE AR kTS (A B R 22 ke, TR B AR ZE BT, XA ZE 5 N 4l B o fr
B AT A RHE B X355 e R bt X380, A1 Bl DXIg0RT 2200 XA, A O DX B S5 380 AR P
RIALE, ARCNIEREAS . ARICHERR HhoC XSS BRI B R E, ARl N2, IZRET AL . bR
TCHE LA DX S B S BREAE IR RO B, FRid A RS, IXFEAL B R a4k o — A 2K, R ME
A XK o

TEARTIM 73 S 1) H A 2 i e 1O, TR 5, X e — AN EEESS . BT AR 58
i, PRITEIE B3 8 i T RO/ BL 48 RN E , IRl TGIE A e A0 H AR

Bk, ARSCRMEBIE T, BREJLAE LTS, BEEFoia 52 a KT
(Intersection-over-Union, loU)I\IFRICHE, HULEfEMAL H bR, A, A&7 1098 sz 5 X8
PRICHE AT iR 10U, 2002 3] Ja i & 1 S A c e AT BOR IAIG ToU. TR TN 43 3¢ loss & F =X

[ wow, [ h hy
Lm@e:Iﬂ[l—nun(;%n—GTJJ+lﬂ[l—nun(ﬁg,T;]] 2

SR LBk, (W )Ry, hg, 20 RBUNAS & TR A AR .
3.2. ERE#H

BB T-SARICHERY 10U K, M TR RMEIRAE TR S, RS KIEREA, ET
IO R AR 3 R R TR 4 5 2 W R OB, 3 BB R E T, T —
SRR 1 F 2 A ST B L. SRR TR R THR A, R RS R, AN
M2 2R T, SRR AR R R A e 3,

DOI: 10.12677/csa.2021.113057 565 MR 5 R


https://doi.org/10.12677/csa.2021.113057

TH %

RGBTSR e 3 x 3 &AL, X PRI T ML 1)L ge /). A SCR AR A
(Deformable Convolution)fiitl, £ &) i &% 2 BUE A RIVIE T AR A RE /7 . WA TR BT — /AT
W 2% 77 2] offset, fHi453 5 ARIZ AR NRHE B R AE UK AE W FS , S b T IRATBOGER 1) X Sk AR R )
T4 RRAE ST T BN 28 M DU N LRTEAR R R, 9 7 HISSIX AN R, 3SR h AR AL B
HIGIN T — MwE AR, W LSRG H A B T B R T AN IR T BT RS f . ARTTH R E
Darknet53 ) C9-C11 ## N[ AT EF

TERET AR &7 0B, B TGS RS RN DA, Ji 4 [ 5 RO PR 7 R ik B
B [F] — AP RE IR R SE RPN, AU 3 x 3 AR TE BT EE IE B AR I RFIE B, B & 1 58 B A s
FEEE—A 1 x VBB R RERNENREE, RS T XIRPRHER A 2] — W, HEER
TR TR R IR AE AN VCC ) /. fR T XA S T, X 40 X e Pl e s AR T SRR I

B, IR ARG, WA ST RHE X AR E N 0, DA E R

4, BEESEM
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Figure 3. Image recognition training process of deep learning algorithm
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1) i EGRE I ING T RS AKEMIIZ B BB ERM(EF BT, S rRM8), R
JETFAES R TR B R AT AR LR L, BEIKIE A 2 ZRMHIE( AR RS IR IS ATAT S VLR R
ESIACESE

2) framE R ARiC TAESE e BEAT VARG, TR 2 2 (54 2 P 2 B g SR 3, ARR R BB ) -

3) MUK 13 x 13 i & 1, EGAIS IR P IHE loU B, X T loU KT REMAE, $2H
HE R BORUEL, 50 R 5 ARG B, TSRO 2 UL, 0 BT ARORESS 2 1) id A
xR id, X ARG R T 13 x 13 AN AR T REAT T

4) R DAV LR R B A AR Bk TR R, R BEIE A, BHRRAIN I T yolo-v3 S,
R B Az s TR B I R R TR MBS B AR, NN R EE B  hR CR THEUE,
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TREEBEIR T —EHTEGREAINEE KNG R, T TERE L N E AR L T
TE. B3l SR TAE R A A AT

THRRM TG HEERNTT N, ISKHZUH .. 2R R0 E LRI, T e
WL — ki, A SCE BRI AU A AR s TR R AT IR A ST I B R, N ZR TR SCRR A
T IhhE:

1) TR Z NG TR PG U SRAT xml M sCaEAT R B2 27 ST IR TR A 5 B AR
LA, B A TRSIRTEMNIG IR, DT, Wi 4 fos. Vs izl TR SA
B S bric 45 B AT A Y. tab 20 TUREAT VR

7803k B (3163K WbFii)

Figure 4. The management interface of the training project
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WEE GPU RIFATIIZRFEH .

&3 H AT E N AMNITE AR HREE B SCHEAER BRI 22 21 57001, PIRIRATRA & GPU B
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Figure 5. The main interface of engineering training

Es IRN&EARAE

2) VIR RINZRTE R i T

T EE R anlE 6 Pos. FCm A M o BoR e BRI U5, ARSERR A AR TR . A2 T R
IR R IEN 22, 10 EE A RN TN R BLE, tB [RI Rosbric i 70 80 1 Fr
SR ST AERG A o JXRERENE AR 5 7 T S A L ) BRI ZR R, 5 IR N 0 S I 2
A, B BRI RS

v it pienn o vhoss QEEC e |

EFERROE

“LF fi 4 (LTI 248

JF 8

Figure 6. The prediction result of engineering training
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Figure 7. The loss curve of the training set
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Figure 8. The loss curve of the validation set
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