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Abstract
The strong survival ability, low environmental requirements, widespread and random distribu-
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tion of weeds will inevitably compete for the living conditions such as water and nutrients needed
by crops, leading to a certain degree of reduction in crop quality and yield. To solve these prob-
lems, this paper designs a weed recognition system based on embedded deep neural network. The
system uses embedded devices to view the distribution of weeds in farmland, detect the specific
location and species of weeds, and remove them in a targeted manner, improving crop quality and
yield, saving labor costs, and protecting the ecological environment. This system selects the YOLO
series algorithm for model training and deploys the appropriate model on embedded devices for
target detection through model conversion. Specifically, a sufficient number of weed image sam-
ples are first selected and corresponding label files are obtained through manual labeling to ob-
tain the dataset. Then, the dataset is used for model training. The algorithms used in this paper
are YOLOv4, YOLOv4-tiny, and YOLOx, and the PTH model is obtained. The PTH model is loaded
on the PC side, and the TRT model is generated through model conversion and deployed on the
embedded Jetson Nano. The experimental results indicate that when evaluating model accuracy
using F1 score and mAP (mean Average Precision), YOLOx achieves the highest accuracy, sur-
passing 80.48%. When evaluating object detection accuracy using counting accuracy, all three al-
gorithms perform above 94% in this metric. For speed evaluation based on single-frame pro-
cessing time, YOLOv4-tiny, as a lightweight network, requires only 0.0068 seconds, and on the
embedded platform, it takes only 0.0453 seconds, equivalent to real-time detection.
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Figure 1. YOLOv4 Network architecture diagram
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Figure 2. YOLOvA4-tiny Network architecture diagram
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Figure 3. The YOLOXx algorithm simplifies the structure diagram
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Figure 4. System flow chart
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Figure 5. Jetson Nano physical picture
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Table 1. Jeston Nano performance parameter table
%% 1. Jeston Nano £8E& 81K

GPU 128 #% Maxwell %244 GPU
CPU Vi#% ARM A57 @ 1.43 GHz
WAF 4 GB 64 {ii L PDDR425.6 GB/s
ANt MicroSD (A& K F)
EDIREZIN 2x MIPI CSI-2 DPHY lanes
Connectivity Gigabit Ethernet, M.2 KeyE
IR HDMI and display port
usB 4x USB 3.0, USB 2.0 Micro-B
HoAth 1/0 GPIO, PC, PS, SPI, UART
BUbR A 69 mm x 45 mm, 260-pin edge connector

#e Ak SD R J5 I E MR 8B 1% R 40 34 balenaEtcher 5 A\ 4515 . NVIDIA $24E3K 851 cuda fiiA
10.2, fdi [ Jetpackd.4 %5 PyTorch3.7, JF F# 4.1.1 BiA opencv DL K 7.1 FiA TensorRT
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Figure 6. Physical system diagram
6. REIHE

4.2. GRS HT

4.2.1. PTH 2B BREE R R 5

YOLOV4 HiF: Il 2R 45 X batch size W B N 4, %K EX batch size W& Ny 2, L%k 40 Ik, 4
AIEA 14> 100 A1 39 /> 400 IR . YOLOVA-tiny B Il ZRb R 45 [ Bt batch size 5B 16, fif %R B batch
size W B N 8, FLiIZE 40 Ik, R4 14 100 K. 25 4 400 VAT 14 4~ 1000 K. YOLOXx ikl 2t
UREEWY B batch size W B N 16, AR EL batch size BB N 8, FLiIIZE 30 1k, 2 5HliEAR 1 4> 100 VAT 29
A 300 Ko = N FIE ARG EUG A TS R w7, 1 8 . iR AR SR LA T b, K 8
FE G —hric N weed, [HREE PN AMEME A8 B SRR RS, DRI AR SC A B ik U AE A N R

=N EUG H BRI T, YOLOVA-tiny RILEAR, TRIIHE B (5 FERA N 1, RedEsfiRnl B AR IF
FERL, YOLOX FLik, REeHEAM H % HAMAN B A W2, YOLOVA 71E 2 Abie A7y il i I B HE R SR AE
&, HARBREGERS YOLOX AHL.

(@) EHNEHEEIG (b) YOLOV4 PC ¥

DOI: 10.12677/m0s.2023.126449 4956 e RSE TR


https://doi.org/10.12677/mos.2023.126449

W %

() YOLOV4-tiny PC 3 (d) YOLOXx PC 3

Figure 7. Comparison of indoor image target detection results of three models at PC end
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(c) YOLOvA4-tiny PC 3 (d) YOLOXx PC

Figure 8. Comparison of outdoor image target detection results of three PC models
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Table 2. Comparison of accuracy of three models

5% 2. 3 iSRG EEE XL

o F MAP (%)
YOLOV4 0.68 74.07
YOLOV4-tiny 0.72 75.36
YOLOX 0.75 80.48

% 2 AT %0, Fo fE AT mAP {8 45 SR A0 [H] . YOLOX B8 Fy {84 0.75, fe 53 1; HY 2 YOLOvA4-tiny
B, Fi{E N 0.72 5 YOLOX {X % 0.03, #ERfJEAHIT; /o2& YOLOv4 BEAY () Fy A 0.68, Sk mifE 0.75
FZET 0.07, FEMXRIC. FoEREE 1 UL HERE R, PR@E Fy 6 b s =%+ YOLOX
R femr . FEALEE mAP {H, YOLOXx #7417y 80.48%, A=A i {H; YOLOVA-tiny 1
YOLOvA #AL K] mAP {HIY1E 75 fida, 437008 75.36%H1 74.07%, [RIHLIEA $id & i 25 ] o

GG TRPR AT PEAS AT A, YOLOX By MEmf B # i =i, YOLOV4-tiny HIk, YOLOv4 k. {HA
SNSRI R AR SO ReFEHIAH R, G0 el T FEU i CPU BRI, — PP batch_size AR KEHIA
[, DR 5 S B 5K FRS MR I A AT R AL, 3 AR RSB0 AN B 22 A 7 B 5t
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THPE A FH B AL BN [R)HEAT VP AL o AR R gk B, A3 B BE R ARRT e 3 Fram .

Table 3. Speed comparison of three models
7= 3.3 MR BYR EE XS LE

o 24 B 4 BRI A 5)
YOLOvV4 0.0360
YOLOvV4-tiny 0.0068
YOLOx 0.0209

H#e 3 W%, BHEAMLS YOLOVA-tiny ¥ FLak AL BRI (R i 0, A # A IR KL, X YOLOV4
LR 20% A5 4 HUOR YOLOX &k, S5HiEMHZ 0.0141 s; o & YOLOvA ik, fE=AFEkhR
Bl . W, ZEIRERKZERNIERNGZEAE, YOLOVA-ting Ji/b 7 ETMIKZHEE M, R KR
FIEH8 550 3 TR AL BN A £ 881K FPN 2544, FR(EE RSB D (615 ol R m i £ . b4k, YOLOx 5
LA YOLOVS Sk N Budt, B AR DR UEvHERf B2 1 JEmlt B4 s, T YOLOvVS 53 LL YOLOv4 5k
yEEAEE, AT LR R R, Rl YOLOX ikl 5 5 mie — AN SR 4 IR .

3) THHCHER VA

KRN 3 weed 2850 H bR 730 A, ASFV RS EHHA A% 200 H bR 0 DAREL, Tk 7
HAERR VPG, SRk 4 FoR.

BN RATAL, AN T SO A S 37E 90% LA |, b YOLOx fi i i, N 97.81%; YOLOv4
A, N 96.85%, 5 YOLOx ZAE| 1%; HIKAIE YOLOVA-tiny Bi%Y, i+ HukrfifE A 94.93%. " LLE
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Table 4. Comparison of counting accuracy indexes of three models

4. 3 FHRRYETHBUE R B IR AR EE

e FLSBH() TS R () T HUEREE (%)
YOLOv4 707 96.85
YOLOv4-tiny 730 693 94.93
YOLOX 714 97.81

422 TRT BB EERE
YOLOV4 H kN YOLOVA-tiny k) PTH AT 4 2= TRT #57Y [5 355 & 7 Jetson Nano I, FIFE{#

KPR EGAE BRI, A AR B AR IS R oy 94 14 10 B, [A] Jetson Nano J 7 AN
M, Bl B R B R R

(a) YOLOV4 Jetson Nano (b) YOLOV4-tiny Jetson Nano

Figure 9. Comparison of indoor object detection results in Jetson Nano end of two models
9. 2 Fi&AE! Jetson Nano i = P& 1% B #rteillLE Ryt b

(a) YOLOV4 Jetson Nano (b) YOLOV4-tiny Jetson Nano

Figure 10. Comparison of outdoor image target detection results of Jetson Nano end between two models
10. 2 FhHERY Jetson Nano i = FME 1§ B FR&NIEE R 3FEE

P& {E Jetson Nano )&, HEAY AR IRBIRCRRILBAT PC 3ily, #60r B LG, IR UL
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Table 5. Comparison of velocity indexes of two models
7= 5. 2 S BNR R FR XS EL

R 2% ik A B[R] (S) (PC) FL R AR PR R](S) (Nano)
YOLOv4 0.0360 0.2439
YOLOVA4-tiny 0.0068 0.0453

f#¢ 5 AT %0, YOLOv4 B gk b BRI 8] A 0.2439 0, FPS 1A 4.1; YOLOVA-tiny B f gk kb P i}
i)y 0.0453 Fb, 4 FPS {5 4 16.5, 154R%55E YOLOVA KR, K2 H: 4.0 4%, FEATA B S2ip A6 2
ZAEEE ECE I E R PC i PTH A IE S RO . Bk B8 vl %0, TensorRT 1F o i f 2 e
M E R 3R A, E R A& 2 B R BRG], GPU Mo B 52 PR S o FRACTH R, (EAH X B
TRFFFRRIE

SRS, AR, AR T = H bkl 55 (YOLOvV4, YOLOvVA4-tiny Al YOLOKX)
FEANFIAEE Je bt EROVERE . MSEERZE SR MrokG , o5 SR AL B AN HE R S 7 TR I — 1AL S5 .

TEIE T, YOLOVA-tiny 7E 2 A5t RILH 8, gk Ab B () R 2, e B 1 At R b B0
g B g i HAE i N A& BRI AR B = i SE i ME g o 2 YOLOX 5%, HA:ET YOLOVS
SRR A S R A ok T B R IR TE, BN K YOLOVA-tiny, (EA#E — g R b Seal 1 o S e R
(-T47. R1fT, YOLOVA FETH FEJ7 HAH AN 2, FEAR AR i B0k A 2 B (v BR o] 17 JFG A I B I P o 1)
N o

TEHERAE T TH, YOLOX BVATE F1{H. mAP {EANTEHERE S5 2 Mats LRI 6, FaoEh s T
HARP AL . YOLOVA-tiny fETHEHERAFE EASA AL, 11 YOLOVA WU 7E % IUHERA FEFR bR AR XA
IEAh, YOLOx HVELE 2 N A Z ARG % IUk AT 55 Hh 35 e Bt R B (R 256 Vi

ZE LFTIR, YOLOX BETE R B 5 Wl ff FE I ~P 4 7 T R IR 5=, JUILIE FH Tk A2l 4% . YOLOvA-tiny
R b, (EAE— SEHERA PR AR bR BRI . YOLOVA 1EUERfE J5 G $2 7125 18], (E 3 58 B 1] 1 Sz o
o ANEFIERINS T AR BAR N Y ok, 256 7% 18 AN LI FE I BT

5. RESRE

AL F BTN G YOLO RAVEE, Bit 17— Pk T N2 48 1 A4 BRI AY e i A5 Y
WZRRAFA RO RUEEAT B ARSI, A BB AE A 2 1 % F R B AP AT S8 . L& T 5k
5, SRAFHARGE R, IR AR AT B AT R A VA . AN, AW AT 5 AR FAR B AR A AT
W90 B BB S B AR L TE AT bR . 28 L FTiR,  AHIE U TR i 2 SR BB AR R DL R AE
SRR A HETT B ARSI Rk B B R UHNME .

1) B H R FEE o 0 IO 5 R 3 B AE A FH R B i (R RN 3% 4% Jetson Nano b, i3 N T RE AN 2%
THRES, RAGHEKN, BERFMARTR.

2) # ¥ YOLOvA. YOLOVA-tiny Al YOLOXx 5i2:4) BB AL PC s Al N\ 4%, kAT 5244
PRxtEl, T A2 A R ek O o S v RE R, O R S R BRI S R B

I SIS HOHE T LA K R R S ) 4 3 S A R N 3R A I S AR B S U K CF, H R TR
NV S A B R PR, 3B R L b R R v B SO AT BRI T S E), R Tk, AR SCTE AR
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