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Abstract

Due to the rapid development of agriculture and technology, robots are more used in agricultural
production. Machine vision is an indispensable part of robot design. How to realize real-time video
capture and video processing and optimization on an embedded platform is currently a popular re-
search direction. The system adopts the combination of software and hardware to realize the video
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collection fruit recognition system on the ZYNQ platform. The hardware platform is XILINX ZYNQ
7020 board, the binocular camera collects fruit images and transmits the video data to the host
computer through the Ethernet port; the host computer uses the improved MobileV3-YOLOv3 algo-
rithm to identify the images. The results show that the hardware platform can transmit real-time
video data to the host computer, and the images processed by the pre-processing IP core are ob-
viously optimized. The improved algorithm AP50 reaches 92%, FPS is 34 f/s, the model parameter
quantity is 235.61M, and the position of the object is retrieved three-dimensional.
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K SR PG R 7E B B AT P B AT S AT, 38 I K SR B R S AT DA SE I R A R SR (] SRR
REHERE B DLAOK R H MRS . Bar, B KIRBE AR CHX I E CPU fl GPU “F& Rsisl 1
M, (AR IFEMEE S CPU Al GPU oV H T H BT IR A N ah &t e[ 1], Bk, aifare
RN & ST WU P R ATAL 22 UL R A At, 2 B TR TRIE A 7 1

ASCR AL R R e iE 7 iE, 456 EAINLE AX7020 FFARBCEEIUIRA SUK R IR 251, R4
FEAFEIYRI S, EEMGCRER . BE T BG4 5 EG R 2] HPEIgRR
. BT S TR AL S T RETE FPGA 16 L5, KR EMG IR A Thfg b _EATHLE &

7E FPGA #5), R OV5640 XU H G R K R B HEAT RS, RESWEHZ @S HLS TH&HH
€ SCIP AT B TIAL B, 280 Tl Ak 35 A A e i i TR LK 1 3 58 L UDP #hsCR% 2 B L,
Z5 BT B E v TG 80— 2B se G RBI HE, RIFAL ST FPGA 58/ Ab B W], 7]
B eV

AR, BB B0 AR IR B 5] N T AN R (PR B 2 S 53], 40 Girshick %5 A [4]7E 2014 4F
B IRAEF R-CNN 34T BFRIR A5, 4k H I Fast RCNN. Faster R-CNN 25 B brta i ®y, HifT1%
FEE I SIE NG A 755 17 7, Redmon 55 A2 H YOLO (You Only Look Once) R FIHE[5] [6] [7]
e DR LA U0 528 55 50K P55 AR R e ) i2 S PR YT 22l 20 R4 . (H DAL 1 H ARG I 511k
VIAFAER AR . OV IR AN B & TS In) R, il 2 G I 5 VR AE iR N 3 45 RO RS 2 8 4 B A FH R
RMETER, ARSCLL YOLOV3 AL A3 ACHE 42 JE2 46 /K AR B S ORI 7E X2 B f) R 28 5 i 1E A T 2
BSOE, NESEEVEMBHE S E R AR NAEW T 8B EENAAE zyng WM RS BB
HKREGERESER RS BRSO E R EMKRIR R, S EEA-F & LS EAE
MR BRI, R i 45 AT X L.

2. BF zynq HKFRIRF ARG T

TE FPGA 3 73 Wi MG R AR KAk 3R BLR WAL B4 R 45 i1 & >R H Xilinx 2 5] 1 zyng7020
TFRIL, ZYNQT020 5 Fy 7] 23 AL FH 38 22 G5 3 73 (PS 3 M AT i A3 B840 (PL 3%), JEBCAKM O R T
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it DDR3 12247, fJaimid TJk LUK 1 E & X UDP PG seimf s i 2 Earpl, 78 EAyLsR A
B0 /5 1) MobileNetV3-YOLOV3 P48 HEAT K AR B4R ISR IBUK IR 67 B AS B, B4R RGAE R W& 1 FR

0V5640 | - Bi& LIk 5)
Bkl “ % AKX Bt 5
| B — MobileNetv3-
A Y ! volovsssky
e % sSeIp
0V5640 | # Bl -
g k2 EEX;WMUDP E{iT#L

FPGA

ARM Cortex-A9

ZYNQ-7020

Figure 1. The overall system block diagram of fruit recognition

B 1. K RIRAEE R R BAEE

2.1. BE&E 1P it

N T SEBUK R AR, R R AR, IRE RGN LE, KRGTE FPGA #0317
K B4 AL PR ERME, {8 F VIVADO HLS (High-Level Synthesis) T 5 SZH B4 kL #5068, HLS
TRF C/CHIET BT BE AR EE 1P %, o MAk Gurd (5 18 15 55 150 1 B K R TR R S B
PG B30 Ak 338 o P A5 1 e AT SR el B, () B 488 5 LG R 4 T T 2 5 50 50, 30K P I 22,
SEG I AR EAE, A BT JE X B AR AT IR B R B . = B MG B 7 VR o iR s
Pk ARG e FR M fr A iR B B AL 3 1P M. M e i A A S A SRy 24403 b
BFEIREART € FIE ISR N L EAR R PR RS, e OB R IR EE R — B B, 4RI
BEFEIKE @ T E FERIARIR AN L EAR R PR R, s OB R R R — 04w, DAt se sl
BEBANAL BR8], 4 IR ok Heh Ay A 4 e R n(1) R :
O f O f

sz(x,y)— axz + 8)/2
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FOu R B BOT R R W) PR :
VZf:[f(x+1,y)+f(x—1,y)+f(X,y—1)+f(x,y+1):|—4f(x,y) )

Pt P ST B R AN B REANAA REIS M L i 57 oH SRS A PR P AT e
ANSEREAT IeHE Ja PR EAT PR AT B 45 R ] o e ANAR A A5 2 557 72 48N T THD AR B P 8 5 8 R 1
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i HLS T.H B & A s b 3 1P A% B IR an il 2 Bros. s 2 mrdn, fddr gtk
AL IP #%7E ZYNQ /) BRAM 18K (5% N 2%, DSP48E. FF 5HH N 1%, LUT 5HFEN 3%.

= Summary

|Name BRAM 18K | DSP48E | FF | LUT |
§ DSP . = . - + 5 . e {
| Expression - - 0 7
(0| of - | o] 384
Instance | 6 4| 1584 1473
e _ o B A
j Multiplexer ‘ - ‘ - | = | 6 '
Register ‘ - [ 1 2 - |
Total ‘ 6 4 1646 1870
| Available | 280 | 220 | 106400 | 53200 |
Utilization (%) 2 ey

Figure 2. Image sharpening IP core resource consumption

E 2. EgHiL 1P ZEIRER

fEEH] LCD Bt i AL #E 1P A2 BRI AL Th REXT Ee 2] 3 Ffros, Hixg EEml %0, fEG R Bifk T ¥ )5,
AR BB T FIAL B AT b I 55

() TALEERTRCR (b) BALHLE R

Figure 3. Comparison of image preprocessing effects

B 3. EfgmA BRI

2.2. VDMA BINBEBLE

AXI VDMA (AXI Video Direct Memory Access), & Xilinx &4t %A% 1P. HIhEEF AXI DMA 25481,
Hrr LURAE 2R B AXT4-Stream 2K B RSN 2 [A1FE (it =77 96 B4R AA 6 25 A7 H . A DMA AL, VDMA
HEINY WIS AT 1) 2 AL AN [F) 28 A (GenLock) 55 D RE, &4 1 AT XRS5 8 R FH T A0 25 R PR DMLAL
VDMA AL 1 Wil [F) 25 F 2D DMA s & FZhRe, AR TE ZYNQ “F & 224 kAT G AL
AALEE, W K4E5E T IR I[9]. DMA Al VDMA (5 Ebin e 1 fias.
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Table 1. Comparison of DMA and VDMA
# 1.DMA 5 VDMA 3itt

Xt EE NP A% DMA VDMA
T AT A # B AXT4-Stream 28 H ¥r4M % AN 8B AXT4-Stream 25 H FRAMSE SRR
fe SR 9 A7 WRATHL, WA 25 25 % Fh A7 L)
IR 5 H B BE
R PO AR L, WEE ADDA T B XTSRS A, gk
" R R R 55 AT yIN

ERRG T, H— VDMA B, SECREMIEIE 5, X R T0E 1P &, A8 )5
P O IE M4 2 VDMA BB, VDMA )5 il PRk A EE 5 N\ DDR A7 R A7, N T 5 A
HARR S ThRE, (E6E VDMA IS0l E 155 5E, I [F I3 5 A 55440 . Memory Map #2 F R H AX14
B, 5 ZYNQ HP L7882 B, #2H PS 3 DDR H () EME 55 . fifiE Frame Buffers 4y 3, Bl 3 i
B RA7, B RERMNEGBEIR, HTARRG T ENWEAIITERN S AMEH, A7 85 EmE
R S [R5 1) [F] —1t, AT VDMA LB sh S FE BB . VDMA B E W R 1 4 fis .

Basic Advanced

Address Width (32-64) 32 bits
Frame Buffers = 3 ~
+| Enable Write Channel +| Enable Read Channel
:m Memory Map Data Width = 64 v Memory Map Data Width = 64 v
Write Burst Size 64 v Read Burst Size 64 L4
Stream Data Width (Auto) 24 Stream Data Width 24 w
Line Buffer Depth 4096 W Line Buffer Depth 4096 v

Figure 4. VDMA 1P core configuration
[ 4. VDMA IP #ZFc E 1R

2.3. EfRREEHIHRR

2.3.1. BERERGEAHIT

KRAGK A ZYNQ AW ARG LT R O, E 8 OVS5640 FRAZ LB, BT F X 3G kT v)
WG A BEEH A, BIkE CMOS SCL {55 F1 CMOS_SDA {55 %4 EhidpH, SCCB i M & it
EMIO #4% PS 1, SCCB 4Rzl H1 PS S8l JRHE WK 5 Fis.

OV5640 1% L85 1 S B3 | PS 3t 1) VDMA TP &% WiZEA7E B N, & Xilinx $24E (1) Video in
to AXI4-Stream TP AZSZBLEHE #545, J@IT VDMA TP #H (1) 5@ I8 AXI4 Memory Map #% 2 ¥ i 4
He il AX14-Stream FEEHRGH 5 ANMZAET . RGEARR 1K 6 Fis.
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Figure 5. OV5640 hardware schematic
[ 5. OV5640 RE 1R [E
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Figure 6. System data flow process diagram

6. RGHIERETIEE

RGBS R AR

1) OV5640 REMEHCA H & SLIP %, 550 F B 5% e AT 5045 ;

2) MR HHE A T Video in to AXI4-Sream IP 1% 5% 4 it AX14-Stream IP 4% AR, 28 )5 18 1E VDMA
1) 5 138 ¥ i AX14-Stream Map %3, IS5 N\ DDR HA7H;

3) VDMA it AXI Smartconnect IP 15 AXI-HP 3 LU EATEHE, IS %5 i1l DDR3, HEAT M54
FEHILS[9]:

4) FE X udp PHSCREARATEE HT 60 9 o fas it DK I 44 2 AL,

B RGAER R 7 BR.

Zk, RGREEERS T SE e, e AR S AR R BRI SO, S ] SDK, #E47 SDK 27
Jo TE SDK T2 3= 253 Sy BG4 11l 350 43 1 LUK X B AL 8 o R GU 08 o S Gl 11 8 Fiom
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Figure 7. FPGA system block diagram
[ 7. FPGA REHEE]
Utlization Post-Synthesis | Post-Implementation
Graph | Table
LUT 13%
LUTRAM = 3%
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Figure 8. ZYNQ7020 resource occupancy
& 8. ZYNQ7020 HiRHFIEMR

2.3.2. LWIP BUK IR SFtE 3

DAIK A& —Fp S 2 s, 2 B andes . SsaB HFEET.  HT DUOK A (E E 5
s RS PP PR — RAMR A, BT BRIl WS RR b Dol B 3k ST iE
BEHF RS G . WA A LUK I 9 T-J8 BLK (1000 Mbit/s) 5 73 I8 BAK (10 Gbit/s),
KRG AT ICLLKM

DAK 38845 o 40dis 2 DL L e St SRR & vl is 3L+ EEEE ETANT, MR N
BET, BREEEERIUCN— T . UDP (User Datagram Protocol, F /20 i f5i30) 8 PAK R B8 A% 4
L) — B, BRSO R BT & JE T URE JE R ok SE I B AL . Fd g R & 9 R

PRI, AP

! |
! |
i ' 18~1472Byte
i i 8Byte
i 20Byte
UDPEE ! UDPES BiEsk
IPE IPEEB BEE
MACE | ®ISH | s [RlKRINE BiEE FCS
| 7Byte | 1Byte| 14Byte .| 46~1500Byte , AByte |
i€ 1 1\ P ¢ ¢ 4

Figure 9. Ethernet packet data format
9. IKMBHIHEER
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N TSSO S AR R, AR RS0 H T X UDP Bl B, 3 BB RO SRR R (5 BRI

PEPIER Sy, e 2, %3 fis.

Table 2. Get board information

2. REURFER

W I i 2 (71T 40 {5 R
1 header
4 0x00020001
V2 i 2 (71T 40 {5 R
1 Header|0x01
4 0x00020001
6 R MAC Huhik
4 B TP ik
1 0x02
Table 3. Get data
3. REVEE
(a) #=Hldr 4
il 2 (712D LIPS,
1 Header
4 0X00020002
6 R MAC ik
1 TG kEE L
1 JREfES
(b) MEmA
P2 i 2 (71T 80 i {5 2
1 Header|0x01
3 0x000200
1 HWIERRR, 2 ARGk 1, 3 AREGL 2
3 Feals, BLRMARS, T BRG]
N

SEES e

A~ UDP B8 & HH Header, 7E55— N7, HAEa# 4 Fros.
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Table 4. UDP header information
% 4.UDP €3L152

LR 1H(0) fE(1)
bit0 A i a VS
bit0~bit7 Bt B 45

TERARS EAHLIEE TARRFE -

1) ALK A iy 4

2) FFRARSZ W] 5

3) AL AR ] iy A 13 SR E A

4) FERIRIEEAR ;

5) S35 415,

FESE RS e, A R S, S B SDK, #H4T SDK 2T &« #£ SDK TAE EHE /N
LG 47 1] 348 3 0 LA ToX) 5040 A 5 4

B 3 ) 0 o0 A = BRI AG 4k i s i) 88 . WIUR AL = MiTZR A7 WIia LT, BB PR, VI
X, vdma JEIE K E B S E

AR P 50405 A A 30 AR 4 5 0 R K B50An T

1) 347 Iwip IRJIALL, SERER MAC ik, P Huhk, TR, MEE, 33547 DHCP & &,

2) SN IP Hbhik, ZF5E BIVE ek E, [0 Bk 25052 1Bl R 50 40 IR A 2 R SR I R 2% udp B8l

3) FIH sendpic KIXEME, fEFERECT I ANEL, b, EHREER RS SR

Z ik, FPGA #i7 BEUE IR T S5 &MThRE e M. FFARBRBE AR &R 10 FioR.

Figure 10. ZYNQ7020 hardware connection diagram
& 10. ZYNQ7020 ¢ EEE

3. EF YOLO-v3 M7k RiRBIE %
YOLO (you only look once)& H Redmon [5]55 ATE 2015 =42 H i 2155 1) H AME I R B, H ik
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25 S R A T R BN A, A3 YOLOvL. YOLOV2 [6]F1 YOLOV3 [7]1%%, H:f YOLOv3
PLYOLOV2 Sid yEa, X AN T o N2 . SR 7 M i B, R =20 R i i
T[3],  FERIT M35 AL S ARG A 55 PR oRS FEE FD s 5 TSR, RGN A 1 BE A8 B4R KA Tt .

3.1. YOLO-v3 iRPIE L5

YOLOV3 A A5 7Y = 2 ey 1 1 Do 28 ARSI 199 2% 5 38 73 A4 Ji, 51 FH Darknet-53 /2% (T 52 J2F AT
RIS 4%, 245 Darknet-53 (%45, MMAEERMNE, 51N T ResNet FRZE ML 451, 2%
FRIR JZ AR I 28 TR FEVH SR B IR R, KRR, PRI SRR 2, T RAERAEK N 2 1
HHUZSCI . RH Faster R-CNN H [JRHIE & 758 G5 R A X 28, AT REd /D RRIER 2R, B8 kAR
JZ. YOLOV3 [IM&Ein (=l 11 Bizs, AHXF YOLOv2 KA HIRIMERE. HH Convulutional HIZEH
Z fitEIH—)Z A leaky RELU ¥E Z /I, residual RoRFEZELEH), conv2d KRB REAE, up sampling
L~ LKA, concatenate 3R A ZH #EAT HH LR 1E[3].

Type Filters Size Output
Convolutional 32 3x3 256x256

Convolutional 64 3x3/2 128x128
Convolutional 32 1x1
1x| Convolutional 64  3x3

Residual 128x128
Convolutional 128 3x3/2 64x64
Convolutional 64  1x1
2x| Convolutional 128 3x3

64x64
_Convolutional 256 3x3/2 ~ 32x32
Convolutional 128  1x1
8x| Convolutional 256 3x3

Residual 32x32
Convolutional 512  3x3/2 16x16
Convolutional 256  1x1
8x| Convolutional 512  3x3

Residual 16x16
Convolutional 10024 3x 8x8
Convolutional 512 1x1
4x| Convolutional 10024 3x3

residual 8x8
Convolutional Convolutional .
1x1 ¢ 3x3 ¢ Convolutional Set | Convolutional Set
Predict one $

Convolutional Convolutional
1x1 1x1

Up Sampling

Convolutional
3x3

i

Convolutional Convolutional R Convolutional
1x1 ¢ 3x3 Convolutional Set x1
Predict two v ¢

Convolutional

Convolutional
1x1

Up Sampling

Concatenate [¢

3x3

v

Convolutional
1x1

Convolutional Convolutional :
1x1 [ 3 H Convolutional Set

Predict three

Figure 11. YOLOvV3 network structure diagram
11. YOLOV3 F4g L5 [
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3.2. BREFMLE MobileNetV3

BRI A A% A S K A RS X 28 B v R B I s R ) W 8 1 B 7 5K, T8 I I Y AT R AN O Y 4
PERERITE DL T IRD W 265 S 508 [3], 3T LSRR RS, DU J5 2R 7 b S ILLE 7% 2 ¢ o B N S0 &
HHRH .

Hul MM EER N A SqueezeNet, MobileNetV3 DL ShuffleNet W45, REALIR IF 1 7E RS Bl A
AR Ig A, ikt H AT ERAE RSN GE, & T MobileNetV3 W48 %F YOLOV3 Sk M 4%
BRI HE T 504 . MobileNetV3 4% /& i1 MobileNetV1 Fl MobileNetV2 Hiidt fifa B M4, £ EH ARG
DN AVEY

1) FINREW 7 EER

2) {4 B0 R % RELUG:

3) GINZRENRS (515% 22 45445

4) GINE:T SE G54 1) B e T

5) A% FHB0E B £ h-swish(x);

6) FIF T KT M M R 7575, (R rl R I T A JLE TR R, B0 i 1] R0k~ 3
WAL EBATRIR, KA TRE, a7 OREFER T, IR TRSUZ TR, e
ESUGIZE ] 12 fis .

. BN
H-swich —swi
H-swich H-swich

y y 3x3 y y y l’
1x1 conv 1x1 conv
1x1 conv
D —»
I — BN _>I’_> conv _»I’—p P —PI’—V BN _VI Avg_pool-{1x1 conv .
960 960 20

160 1230

3.
(a) JRUGZEIE

I 1x1 conv , 1x1 conv l l
o (s o | [0 frreon] >
H-swich H-swich 1000 1000
160 960

(b) it )E Sk

Figure 12. Network structure diagram comparison

12. MLEEERHEXTEE

3.3. YOLO-v3 B3k nis

AR RGKH YOLOV3 HyEAE /KRR A AR EE a5, (HlE T YOLOV3 HAUARI K HSHE L, 1)
AR E AR TIEIEB B MA RS EN B E AR IR AINLEE NS5, 7ESEPRR AR
P L BRI AR R AG RS B S AbR,  fif ok H AR RN 5 2 R EE R R BRI, A i@id s bt B ar
TR B2 N2, 1% 84 MobileNet 42 825 2% 5] X YOLO-v3 H ARSI 4% 71, 15 F] MobileNetV3-YOLOV3
BiR!, MobileNetV3 i VR EE AT 73 BB RURM A, KA SE VR IR MRERIARE )T,
I, MobileNetV3-YOLOV3 B AUAMY B A YOLOV3 BRI A, AT 8 5 S8 oKD, RRIE N
FTEZHUR N A&

M S Y MobileNetV3-YOLOv3 %
JEE YOLOV3 H Darknet-53 MR 1E 249 MobileNetV3 4%, AR5 45 58] — 452 T, (BT
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AR5 B E RIS, I ZE4EXT MobileNetV3-YOLOV3 W £ fiisk— 35 (1 ek it

FR4E MobileNetV3-YOLOV3 FIMIZE 45, HINTEERZERIMSS, 18 RsT it al s 2. R KRRE
Pl T DL SE o (A /N BRI RE 55, 4 50 = G AR 2 SR AR Bk AT R, B R 52 x 52 97 K0 104 % 104,
PRI RS 104 x 104 RGFRRHERGHE, M/ B bR 43 210 58 4 0L RE R RAE R A7 BAE B [3]. 34
IR VE DU T, Horp AL 104 x 104, 52 x 52, 26 x 26, 13 x 13 PUANTRIIR B, 3@5id % K77
s XU AN ELb o S MR APHIRS Dt VA € S il i B BU DRt 0 35 10 Sei i pvivk = PG S prumied S &/ g et

HE, JEXS 2RI HORNEAT RO, DISRIS IR EERI I ZRBOR 3]

input operater exp size #Hout SE NL s output
416, 416, 3 conv2d 16 HS 2 208,208, 16
208, 208, 16 bneck, 3X3 16 16 RE 1 208,208, 16
208, 208, 16 bneck, 3X3 64 24 RE 2 104, 104,24
104, 104, 24 bneck, 3X 3 72 24 RE 1 104, 104,24
104, 104, 24 bneck, 5X5 72 40 4 RE 2 52, 52,40
52,52,40  bneck, 5X5 120 40 Y RE 1 52, 62, 40
52,52,40  bneck, bX5 120 40 J RE 1 52, 52, 40
52,52,40  bneck, 3X3 240 80 HS 2 26, 26, 80
26, 26,80  bneck, 3X3 200 80 HS 1 26, 26, 80
26, 26,80  bneck, 3X3 184 80 HS 1 26, 26, 80
26, 26,80  bneck, 3X3 184 80 4 HS 1 26, 26, 80
26, 26,80  bneck, 3X3 480 112 ¥ HS 1 26, 26, 112
26,26, 112  bneck, 3X3 672 112 4 HS 1 26, 26, 112
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Figure 13. The improved MobileNetV3-YOLOvV3 network structure
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Table 5. Comparison of accuracy and speed of different network models
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Figure 14. The experimental results of the video acquisition and
transmission system
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Figure 15. Fruit recognition and coordinate return effect
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