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Human-computer Interaction and Tomato Recognition in
Greenhouse Remote Monitoring System
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Abstract: In order to improve the data visualization and information level, a kind of greenhouse remote
monitoring system was designed and developed, which included inspection robot, mobile communication
network, cloud server and remote monitoring center. Three kinds of data transmitted between the
greenhouse and the remote monitoring center, including text, image and video. Machine learning and
deep learning algorithms were used for human-computer interaction and tomato recognition tasks. On the
one hand, administrator face recognition was achieved based on Haar cascade and LBPH algorithms, and
the recognition success rate was 90% . Then YOLO v3 and ResNet —50 algorithms were used to recognize
the hand and the key points of hand respectively, and the recognition confidence of single-hand and two-
hand was 0.98 and 0.96, respectively. Based on the extracted coordinates of the forefinger and the
center points of the left and right hand candidate frame, finger interaction and image size scaling were
realized. On the other hand, the model framework of Swin Small + Cascade Mask RCNN was used for
tomato recognition. Aiming at the problem of limited agricultural data set, the effect of tomato detection
before and after applying transfer learning method was compared and analyzed. By using transfer learning
method, the experimental results showed that the convergence rate of the model was increased and the
loss value was decreased. In terms of semantic segmentation, AP value was used to evaluate the model

performance, when loU was set to be 0, 0.5 and 0.75, test results showed that the mask average
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precisions were improved by 7.8 percentage points, 6.4 percentage points and 7.2 percentage points,

respectively after using transfer learning method.

Key words: greenhouse; remote monitoring; human-computer interaction; tomato recognition; deep

learning; Swin Transformer
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Fig.2 Block diagram of software system
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Fig.3 Human-computer interaction interface
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Fig.4 Diagram of network model for tomato recognition

— ST AR RS B 3 S, DT S B B A 1% 52 4
g3 #lo T MR B RRAE Bl #E A Cascade Mask
RCNN J5 £ Wy X 3 4= i M 2% ( Region proposal
network , RPN ') 4% 5k 4 46 I 19 46 43 531 52 B H BR300
& AL P B Be AT 55, i o il R [\ 52 JF 1
(Intersection over union, loU) [ {H Il 25 £ > 9 Bf 1Y)
Ko I 2% BE 0% A7 A% 2 R H AR AG DUOKS 2 o BB rp, ToU
B4 5 B 4 0.5.0.6.0. 7,
1.4.2 AR

TERE RSN 25 Wy B R ] 22 b4t 2% oRi Kol & 1 Uy =X
WAGKIAL . Hoh, ] 4 b B, 4b Bounding Box & JHi
Smooth L1 VR4t 2% ek K. 73 28 14 B R HH 58 U 6
KR

Cascade Mask RCNN # KI K [6] ToU #6 FE T 1Y 47
e R AT S o3 HIE BEATS SR SR 28 SR 45 2K pR B0
il s Bounding Box R il GLoU"™" 5 5% R 4L .
1.4.3 242 W H

el e W 4 0 AR 07 A T AR
A& R R B A BT AR 4 B R TR SO
WA TR ) R AR R AR T EZ
—o FIHBEH EZAH coco T AR A g JRAE AL
Ry Vi 2 7 i B A A I S 1 2 2T R L, DA FE 4
FHURA AL (0 0 R BL At

2 R

2.1 REERFERAKE

il 2 T8 AL e i A ) g K SR B 1 Y BRI A% TR
o B B 0 h 5 A RO O AT R R SO AT R
B, EEAFHRERE(C) GREMIRE (%) Ot
MESRE (Ix) | AL BR e JE | MR (% ) | £ B
pH {5t e B2 B (% ) A W0 Akt 3R 10 (i B

AERE ) St 8 SEHHE , B E SUAS B ik SR 1 h,
WLAT B v OpenCV JE (19 B 12 JE 4 R 4K
imencode () X G W E 47 Ak B, B 46 S 55 Ui A%
By, R T TR R U 1) AT AL R R DR R
F i Wi ) B4 J5 A imdecode () bR BCIE AT R
AiPRAE . R B 1% i 5 A0 AR A% iy ik AR TR
FofF s R R Y, IR = AL A A K3 o 3
A7 AR WA O S 22 ) Y 38 1 SE R 4 7E 200 ms DLIA
2.2 AMXRERE
2.2.1 ARG

Nz A6 0 Y1 25 25 4 % U T OpenCV B 5 Il 2k 1Y
XML X #f haarcascade _frontalface _ default. xml, 7]
IF, 75 AN 5] PR B8 A7 AN ) e 155 AN () 25 2545 B O3 T 40
1% 80 W& I 2t 4 , JF #E A7 5030, 20 i 4%
PG T AR S B e PR AR 90%
2.2.2 FHRYGIAE

TR LR LK B TV — Hand 2 J7 18 T4
Bl 4% 2 5 T 30 R AE S5 U B4 4R Ok 1 Large-scale
Multiview 3D Hand Pose Dataset H1(/) 5 J7 g &2 ) |
YOLO v3 5 ResNet —50 P45 Z X BWFE 2 iR,
FERIZE AMD EPYC 7302 16 — Core Processor, GeForce
RTX 3090,23 GB 17,54k Linux ZHE B HEE T 1)l
Y. Wing loss il & R B S Kb w FI 0 23 5 ICE R S
2,

TR PN S0 45 R R BT, 20 YO ) ff B2 /Y B
TR E AR B R T 0. 985 Al i, 20 YO TR
BB R T 0.96, T #6585 4 I Y ResNet —
50 PZg A L I Gk 146 Uk 3 % pR RS Ak il £ n
KS Fros 52K s AU AR SAE 0. 1 IR

2 F B G , ALAE H 5 EHG RT 46 75000 2
RESE L AN & 6 Jir 7 o



368 &l #Hl

2022 4

*x2 WMEBSEYIEE
Tab.2 Network hyperparameter settings

e YOLO v3  ResNet—50
it B R ER 9 16
REAL A G R/ (R 5 < B F) 416 x 416

AL 25 2l i 0.9
epochs 320 150

Il i B 25 2] ST S 4 10, 20, 30

2 R AR AL 0.95
WG % 2x10°7 1 x10°?

(a) B8 AT

(b) B8 Mk IR AL

0 20 40 60 ¢ ) 120 140
4 pA

Fls  F Sl 0 00 46 4 2 o A 1 il 26

Fig.5 Loss function curve of gesture recognition network
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