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CCMS (Crop Classification Management System) Detecting
Growth Environment Changes to Improve Crop Production Rate
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Abstract In this paper, we propose the Crop Classification Management System (CCMS) that
detects changes in growth environment to improve crop production rate. The CCMS consists of
two modules. First, the Crop Classification Module (CCM) classifies crops through CNN. Second,
the Farm Anomaly Detection Module (FADM) detects abnormal crops by comparing accumulated
data of farms. The CCM recognizes crops currently grown on farms and sends them to the
FADM, and the FADM picks up the weather data from the past to the present day of the farm
growing the crops and applies them to the Nelson rules. The FADM uses the Nelson rules to
find out weather data that has occurred and adjust farm conditions through IoT devices. The
performance analysis of CCMS showed that the CCM had a crop classification accuracy of
about 90%, and the FADM improved the estimated yield by up to about 30%. In other words,
managing farms through the CCMS can help increase the yield of smart farms.
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Table 1. The 8 rules of the Nelson rule

Rule
Rule Pattern
Name
1 Beyond One or more points beyond
Limits the control limits
2 out of 3 consecutive points
2 Zone A .
in Zone A or beyond
4 out of 5 consecutive points
3 Zone B .
in Zone B or beyond
7 or more consecutive points
4 Zone C on one side of the average
(in Zone C or beyond)
7 consecutive points trendi
5 Trend nsecutive points trending
up or trending down
6 Mixtur 8 consecutive points with no
e points in Zone C
7 Stratifi 15 consecutive points in Zone
cation C
8 Over-c 14 consecutive points
ontrol alternating up and down
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Algorithm 1. nelson rule 1

function rulel(original, mean, sigma):
copy_original = original
ulim = mean + (sigma * 3)
llim = mean - (sigma * 3)
results = []
for i in range(len(copy_original));
if copy_originalli] < llim:
results.append(True)
elif copy_original[i] > ulim:
results.append(True)
else: results.append(False)

return results
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Algorithm 2. nelson rule 2
function rule2(original, mean, sigma):

copy_original = original
segment_len = 9
side_of_mean = []
for i in range(len(copy_original)):
if copy_originalli] > mean:
side_of_mean.append(1)
else: side_of_mean.append(-1)
chunks = _sliding_chunker
(side_of_mean, segment_len, 1)
results = []
for i in range(len(chunks)):
if chunks[i]l.sum(O==segment_len
or chunks[il.sum(O==(-1*segment_len):
results.append(True)
else: results.append(False)

return results
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Algorithm 3. nelson rule 3
function rule3(original, mean, sigma):

segment_len = 6

copy_original = original

chunks = _sliding_chunker
(copy_original, segment_len, 1)

results = []
for i in range(len(chunks)):
chunk = []

if chunks[il[0] < chunksl[il[1]:
for d in range(len(chunks[i])-1):
if chunkslil[d] < chunks[i][d+1]:
chunk.append(1)
elseifor d in range(len(chunks[i])-1):
if chunkslil[d]>chunks[i]l[d+1]:
chunk.append(1)
if sum(chunk) == segment_len—1:

results.append(True)

1

else: results.append(False)

return results
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Algorithm 4. nelson rule 4
function rule4(original, mean, sigma):

segment_len = 14
copy_original = original
chunks = _sliding_chunker
(copy_original, segment_len, 1)
results = []
for i in range(len(chunks)):
current_state = 0
for d in range(len(chunks[i])-1):
if chunkslil[d] < chunks[i][d+1]:
direction = -1
else: direction = 1
if current_state != direction:
current_state = direction
result = True
else: result = False
break
results.append(result)

return results
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Algorithm 5. nelson rule 8
function rule8(original, mean, sigma):

segment_len = 8
copy_original = original
chunks = _sliding_chunker
(copy_original, segment_len, 1)
results = []
for i in range(len(chunks)):
if alli < (mean-sigma) or i >
(mean + sigma) for i in chunksl(i])
and any(i<(mean-sigma)
for i in chunksl[i])
and any(i>(mean+ sigma)
for i in chunks[i]):
results.append(True)
else: results.append(False)
return results
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Table 2. Virtual environment specification

Part Name specification
CPU Intel 15-7500 3.40Ghz
RAM 8GB
GPU GTX 1050
SSD 125GB

4.1 CCMY Heix AF
2 =22 CCM9] BL=E AF31]

d BEe AAST SHES A
g Hudtt. 13 38 42 A4+ 84 g
Wso) Joes et

7} ged RIS 1749 A28 5077 A2
ohe 9 olulA|E Qe 11 Qo] o 489 el
A g, ARAs, MLP7F HES Qlale ) B
BY== 85.29%, GANQ| Wi HYT= 88.72%,
CCMe| B AT 96.38%5 2A4E9c}t. CCM
2 MLPET} oF 11%, GANETH oF 8% w2 H= 5
URERSIch, 3 42| 47} kAW wobdss
COMe| Aot HgHon 9ot e A5
gt MLPQ] A= 70% TWoR, GANS A=
80% ko 749t Wb COMe 3 o] of

2 A2 50l o5 H CCM BEE 92 5749
Lk

WHoz MgY 4 YouZ, COMo| AvfE Be)
SARE ek 1Y At
100.00
95.00
g w00
g as.0
32 p——TT
< z0.00

75.00 B

1 3 5 7 i 15 20 25 30 40 50
The Number of Crop

T2 3. Xg 40| M2 gl puo| Malr
Fig. 3. Accuracy of deep learning models according to
the number of crops

4.2 FADMY R84 #3

2 =%2 FADMO |84S 3] oo
FADME A& 3¢ %53 FADMS 48514
ASLS A9 8RS vlwdlth 18y FADM2
7PdEgolA BAel] Rl $E2 S8 d&
ZHEN1ES AREsH d&H S-S ARt
FADMS| §-84& 35517 fste] og 714 {39
ZES Aol ARSI UFoA] Ak A9l A
I, BEAEQl A, w32 AEQ] ERlE, G
TRl o] gfego] ASE|Qle). I8 4= FEE &
g d59 IHng Ve

16000.00
= Existing Farm =—=Farm with FADS  13520.00
14000.00

_/
12000.00 9956.00 i

10000.00
8000.00
6000.00
4000.00

Predicted Yield (kg /10a)

2000.00

0.00
Apple Onion Tomato Potato Cabbage
Crop Name

T3 4. N2Y 05 23y
Fig. 4. A Predicted yield by crop

A2y, FADMZ A83t 549 9% e



i)l
0
0=
=
o
o
0z
o
40
ro
0=
bal
fob
N
rE
foi

A7} 14.16%, FT7t 14.58%, FTF7E 26.46%,
A7} 28.09%, Bi5E7} 28.52% © Al A= 9t
3] Be|AE0l 7R} Jul= FADMS F83S
°F 30% A= A 37 dASEIh wEbA
FADME &3l 542 #alshe Zlo] AvE #9
Sk 7t ko] F Aojrt

PRIy BN

5. 28

2 =2ollA= CNNE o]&sto] ojn|A|E Baff &
B9 £RE FESR= CCM(Crop Classification
Module)#t 572] 4 Hlo|EE H|wslo] 523=9]
o4& ©A5k= FADM(Farm Anomaly Detection
Module)= o]-&ste] @A 7ol Auli= = 2+
£o] FAQIA] FHEstaL, Aul F21 AEC] B4k HlE
of digt SE3 ¥l #WIE Eol= CCMS(Crop
Classification Management System)S Aot
Adsl= CCMSY 7df &dke o33 Zth AA,
CCM EEE ofg] 4] BHAo R A8 4 §lo
B, CCMO| AvtE #9| 322 AT + qlth
=4, A 23 CCM2 MLPREH ¢F 11%, GANETH
oF 8% =2 HYLE 27| fEo] Bt A3 w&=
257t 7hsstch AR, AF 41 FADME 8510 5
S TeEold, AntE T 3k Ao oF 30%7}
7 37HE & itk

REFERENCES

[1] Yoon Su Park, Jeong Min Seo, Kim Gyoung Ba,
“Air House Smart Farm Growth Environment
Control System based on IoT and Big Data,”
Proceedings of Symposium of the Korean
Institute of communications and Information
Sciences, pp. 358-359, 2017.

[2] Sung-Gab Kwon, Shin-Chul Kang, Han-Ho
Tack, ‘Implimentation of Smart Farm System
Using the Used Smart Phone,” Journal of the
Korea Institute of Information and
Communication Engineering, Vol. 22, No. 11,
pp. 1524-1530, 2018

[3] Min-Sik Ghil, Dong-Kurl Kwak, Shin- Hyeong
Choi, Jong-Keun Shin, “A Study on the

} EtXICCMS(Crop Classification Management System) 151

Architecture Design of Smart Farm System
based on Technology,” Power Electronics
Conference, pp. 543-545, 2019.
[4] Kim Tae Sung, Park Dae Seo, Kim Hwa Jong,
“Study of smart farm model using Big Data,”
Proceedings of Symposium of the Korean
Institute of communications and Information
Sciences, pp. 1408-1409, 2018.
JungHoon Kim, EunSol Lee, DongCheol Choi,
MinSeok Kim, Sungin Kim, NakJin Choi,
NakJin Choi, JunDong Lee,
Implementation of Automatic Control Smartfarm

2

“Design and

Platform using IOT Technology,” Proceedings of
the Korean Society of Computer Information
Conference, Vol. 28, No. 1, pp. 71-72, 2020

[6] Si-Young Rho, Jin-Ho Won, Jae-Su Lee,
Jeong-Hyun Baek, Hyun-Dong Lee, Kang-Su
Kwak, ‘Development of the Insect Smart Farm
System for Controlling the Environment of
Protaetia brevitarsis seulensis’, Journal of the
Korea Society of Computer and Information,
Vol. 24, No. 12, pp. 135-141, 2019

[71 Sung-1l Hwang, Jong-Moon Joo, Seong-Yong
Joo, “ICT-Based Smart Farm Factory Systems
through the Case of Hydroponic Ginseng Plant
Factory”, The Journal of Korean Institute of
Communications and Information Sciences, Vol.
40, No. 4, pp. 780-790, 2015.

[8] Jin-Hyoung Jeong, Chang-Mok Lim, Jae-Hyun
Jo, Ju-hee Kim, Su-Hwan Kim, Ki-Young Lee,
Sang-Sik Lee, “A Study on the Monitoring
System of Growing Environment Department for
Smart Farm”, Journal of Korea Institute of
Information, Electronics, and Communication
Technology, Vol. 12, No. 3, pp. 290-298, 2019.

[9] Myung Hwan Na, Yuha Park, Wan Hyun Cho,
‘A study on optimal environmental factors of
tomato using smart farm data”, Journal of the
Korean Data And Information Science Society,
Vol. 28, No. 6, 1427-1435, 2017

[10] SuKyung Park, Taeho Lee, MinChul Kim,
Ji-young Jeon, Gang-min Choi, In-Soo Lee,
‘Implementation of Smart Safety Lighting
System for Agricultural Machinery Using Neural
Network,” Proceedings of KIIT Conference, pp.
346-348, 2018.

[11] Hyun-sik Ham, Dae-han Kim, Dong-Hyun Kim,



162  siayEmAsAy|ssE=2x| H13H A&

Hyun-chong Cho, ‘A Study of Disease Detection
from Images of the Tomato Plant Leaves for
Smart Farm,” INFORMATION AND CONTROL
SYMPOSIUM, pp. 78-79, 2019.

A

2 3 Z(Hokil Choi) 3¢
o 19773 29 : Sl=ekEfEt
FBHETH A

19884 19 © Aot A
QAefere) AREIST} A

ARk HBEIAAD

20199 39 ~ B4 : TEEs
Yt ity A

FeEZsl ghalabg

* 1980¢¥ 69 : KCC AHEA
& &%

* 19994 129 : @)7FYA=
LRz

e 20189 3% ~ FA : AUHZA
(3 diFEelrt

@AECD 1oT7|Hh AUE F, ANE 23, AUIE
A, S/W 38t S/W A

o] ¥ Byungkwan Lee) 34
E e 1979¢ 2¢ @ RSk 71AAE
Atz ZEAD

« 10869 29 1 Yt WA
Atk olshAh

* 19009 29 : Bt 4
Atk

« 10884 39 ~ WA : TFEUE
et AxEgojsl) 14

@H4liop YERIEHSE HHole, Hojgriold,

AEIEY

£ 4 FHSurak Son) [43]<]
r e 20184 2¢ : JIEYHESYEw
)

e 20194 8¢ : 7IEEETEL
AFESIHF D

* 20199 8¥ ~ @A . 7IEHTS
st HFE SIS R} 2iEh

-y
A 4

@iEoh Hdleld, YEHZ, =19 Ao

9t 3] SHHeuihak Ahn) (931l
« 19814 29 : Fuefekm A4
ARSITHEAD
* 10834 29 : $UckskE A4
AsIIESHAD
* 10041 89 : FUckskE A4
AspEKE P

L
‘\\' * 10844 49 ~ B : AEBS
~ dfotin 2ESofskt 4
@HJEop AsRlALEgol, Z2IY ol o, A
Err




