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ABSTRACT

This research presents an approach to enhance the efficiency of monitoring and fire alert
systems in outdoor lac cultivation farms by developing a system capable of accurately detecting fire hazards in
highly variable outdoor environments. The system collects environmental data using ESP32 microcontrollers
equipped with temperature and humidity sensors (SHT20) and particulate matter sensors (PMS3003). The data
are transmitted to the ThingSpeak platform and processed using MATLAB, applying Kalman Filter for signal
smoothing and Mahalanobis Distance for anomaly detection. The proposed system achieved a high fire alert
precision of 75.41% and a recall of 30.20%, outperforming the Euclidean Distance method, which recorded a
precision of 51.06% and a recall of only 15.80%. Furthermore, the F1 Score of the Mahalanobis-based system
reached 43.17%, compared to 24.08% for the Euclidean-based system. These results indicate that
Mahalanobis Distance significantly reduces false alerts and improves detection accuracy under real-world field
conditions. The findings demonstrate that integrating Kalman Filtering with Mahalanobis Distance is effective for
detecting fire anomalies in outdoor farming environments. The system provides a reliable foundation for early
warning applications in agricultural fire prevention and can be extended to other environmental monitoring

contexts requiring robust anomaly detection.
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17 2 Bivoltine life cycle of female Kerria lacca (Bashir asagde, 2022)
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1. Long-Range Raman Distributed Fiber Temperature Sensor With Early Warning
Model for Fire Detection and Prevention (Li hazmtdy, 2019)
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2 5 Experimental setup of RDFTS (Li unzAatde, 2019)
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Open the RDFTS
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1N 6 . Flow chart of temperature early warning model. (Li iazagde, 2019)

v

ap(5finn AdTaiaieedniniinasiansmn nsyamuian nwInanNne
BIANTUATATLAN e nfiunaein s naaa U RGN a0 IHN1T e NTINAINAR LAY
v 2 e v of 2 Y o v
VIVNEHINTY R NS IR AHTINTIININT Y WaneanT ANl aansieaesigwng
PUEID19 T A HFUTOULAZINAAD UL RN EATNUDITELL N5 191 IHEN 1N 1T

LANANTNDI9ABIN13NITATERN AN Ao fudanIAasuNIaaen Tuima Moving

|
ada o

1 o » PR ] !
Average 879 sz N WU IN1T0s W INAR IR euud asgoung A dusau

o/

@ o A o a & 2 Ao A A a
uaz3an3a Mawmmn e afviuadsdduenaunadendifiieinyss@ninmaes
sruy IndAdeiliauauaneiidfnenimgeunisimmnsruunseedunaz oW nud
anafpuazduszansnam undndunasfansanuazunfvraddainaiadaialn

¥ 3 ¥ o/ a i a
LVINT&NNTHTVWT%’G’]HVNT%W’N ANRAIHUADANHLAZL i:ﬁwﬁmwfuﬂmumim%a



15

2. Global analysis of burned areas for climate assessment: experiences from the Fire

CCl project (Chuvieco, 2019)
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3. LPWAN Based loT Surveillance System for Outdoor Fire Detection (Roque Wae
Padilla, 2020)
nnsAuANLazasIaaey W indnansuaainEasidaanndidny Tunisiaedu
Aangay LA luErnsdinuazningan annazAsnandniiniuiesainainnis
n52990 I vnTuszeBumau aoen1stsmalulad internet of Things (IoT) 398U Low
Power Wide Area Network (LPWAN) §A48 lamunazuuiniszisisamsauazinans

urngn n19m99990 I N UEN TN LIARENNATILTS

A

High |—

c
o 802.11x
= AV e

| ™4 WIFI
£

3

e

5] Short
O Range
o Low |

ES

<)

o

10m 1km 5km 10km 50km
Range

1MW 8 Wireless technologies comparison (Roque iasPadilla, 2020)
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1 9 Digital response timing according to different conditions(Roque tazPadilla, 2020)
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4. Intelligent Multi-Sensor Detection System for Monitoring Indoor Building (Baek
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7 10 Recorded sensor signals from the proposed fire sensing system(Baek basmgie,

2021)
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| Fire sensing system |

Obtain multichannel fire sensor signals from | \
fire sensing system, Xpew (t) = {x1, ..., Xp} )
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N 11 An overview of the proposed real-time fire detection system(Baek WazALe,

2021)
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5. An Automatic System for Detection of Fires in Outdoor Areas (Hakeem, Shahadi
WarAbass, 2022)
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NI 12 The proposed system of flame detection (Hakeem, Shahadi kagAbass, 2022)
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6. Instant Fire Detection and Toxic Fumes Monitoring in Forests with a Remote
Integrated Rover(Muthulakshmi, Manimekalai WagGopikrishna, 2022)
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M 14 Block Diagram of Proposed System (Muthulakshmi, Manimekalai 4a&Gopikrishna,
2022)
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170 15 Flowchart for proposed system (Muthulakshmi, Manimekalai iagGopikrishna,
2022)
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7. Accurate Detection of loT Sensor Behaviors in Legitimate, Faulty and
Compromised Scenarios (Sood LagAtdy, 2023)
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1IN 16 The proposed high level system model. (Sood iasmgse, 2023)
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Feature Interpretation Range Mean value Standard Deviation
X x-Axis spatial coordinate of sensor locations 1-9 46 2:31

¥ y-Axis spatial coordinate of sensor locations 1-9 43 1.23

Month Month Jan-Dec NA NA

Day Day of the week Mon-Sun NA NA

Temp Temperature (C) 2.2-333 18.89 5.81

RH Relative Humidity (%) 15-100 44.29 16.32

Wind Wind speed (km/h) 0.4-9.4 4.02 1.8

Rain Rain (mm/m?) 0-6.4 0.02 0.3

AW 17 The Forest Fire Dataset Details (Sood azade, 2023)
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1 18 Recognition accuracy of (a) Classification and regression trees, (b) Random forest,

and (c) Support vector machine models for temperature outliers.(Sood iazmgse, 2023)
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8. Intelligent Air Pollution Sensors Calibration for Extreme Events and Drifts
Monitoring (Zaidan kazAfde, 2023)
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7MW 19 Intelligent air pollution sensors calibration process(Zaidan iasAgds, 2023)
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1MW 20 Time-series data of PM2.5 concentration obtained in the experiment (Zaidan &g
A, 2023)
NN 30 WAPNNAANSYN AT aReAB NS UTle uiduiges LCSs
wans DaTiua A msfiansnsnmauiinanEuNsgn unnsda PM2.5 T
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LL’NZ?NLL’N@\?T‘VTL‘lﬁ%ﬂd?.lﬂ@"lﬂﬂ‘tlﬂﬁ')ﬁﬂ"l‘iu W AINLDENRIUSUIsY V

Variables | Measurements Validation metrics
| Mean Range MAE RMSE MAPE R

Temp (°C) 25.22 20 - 30 0.80 0.83 3.24 0.995
RH (%) 29.25 20 - 40 0.77 0.85 2.61 0.990
P (mbar) 902.27 900-910 0.99 0.99 0.11 0.999

NN 21 LCS METEOROLOGICAL SENSORS:CONSISTENCY (Zaidan wazmtie, 2023)
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9. The Analysis of Tourist Satisfaction Integrating the Artistic Intelligence

Convolutional Neural Network and Internet of Things Technology (Yan, 2023)

sATeiluiinsiaualea DAI-YOLO tunnsmsaeduimasmuuaznis

Aasnziauianalaresinneiisaifanymerana i lngiauswmain Depth
Separable Convolution (DSC) uazlAsesaenIansaadunanssziuialsuqs YOLOVS
BINRFNTUWAAIIT DAI-YOLO ﬁmml,l,siuﬁqquﬁq‘[mmﬁ'u 7 Tunnsmsaadunds s Tu
gguzifaniunsinsnznanione laaasinnesdienly grounded theory WATHANNEY
miﬁmiﬁ:ﬁmimﬁﬁﬂmmm@umqm ﬂyﬂgmqﬂﬂmuﬁﬁmLﬁﬁfﬂu%w?m X Lﬁugmﬁ
Taluniamiagnz wanaaanisatunisagunadns (Wisduaamiandsiaadida
uananf snATessliszyAnonisUszanalaliea DA-YOLO Tugnniineufisaas

o I, ¥ 1 Ps A 1
LLN&%NTNT@‘W@IN@UTN LANABNDTUNTITDILN mfwuﬁmmnwmg

Conv 3*3/2 —l

Conv 1*1

|

|

|

| Residual structure of
| YOLOv3 model
I

|

|

|

Residual structure of
DAI-YOLO model

Conv 1*1

Y

Conv 3*3/2

I 22 Comparison of feature extraction structures.(Yan, 2023)
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maBsufisuTums YOLOV3 waz DAI-YOLO (1w 32 ) uesuandedss@nanin
289 DAI-YOLO Aifin19Wmugnann YoLov3 Tnalsinadia DSC wazlnseasns Residud
block ¥inT DAI-YOLO ﬁmmmiuﬂﬁumﬁmq@ﬁuLwﬁquuyﬁzgmfﬁq YOLOV3 Lazdnng
¥inamlnsamBanaendnennsiineanan YOLOV3 fila Convolution 3x3, Max pooling, was
Darknet-53 111 backbone Tna 0427 DAI-YOLO T Depth Separdble Convolution (DSC),

Residual block, uaz MobileNet-V2 1fin backbone vinlmiuniadeniifuszansningatn
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DAI-YOLO  YOLOv3 YOLOv3-Net YLOLv3-NMS
Model
1 23 Comparison of improvement effects of different strategies. (Yan, 2023)
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10. A Study on the Fire Detection and Smoke Removal in Underground Utility
Tunnel Using CFD (Cho wazAtdy, 2023)
sATeEBINaR eI auazniaidna e lsasssop Tnalamuleg
To CFD yiniinisusulssaudaaniaendafdelugaaisisonnalaiu Tne
NTEYNANENNTANRUAT M H L ENA S UIEHITes i anTa9suassiln W Tnagn e
Usz@nsnn Lmszi‘ﬁ@umLLNm‘im%um'ﬁT%ﬁmuc;]mﬂi’uLﬁ@ﬁwé’mﬂffu@@ﬂ@ﬂﬂﬁuﬁﬁfw
Tnsifindu 1ieann1sunsnszatsaasnduuazgsnisananuasnissumaatullla

Lo
J18UU

[ Perform field experiments in underground utility tunnel |

= Exhaust fan ventilation flow rate by operating conditions
= Internal wall temperature by section

l

v v
—){ Design aerodynamic 3D CFD model | —ﬂ Develope of fire simulation model
. = Design structure of the entire section * Analysis flow in non-fire season by season
= Establish natura air flow (steady-state) * Design fire outbreak scenario model
P = Design mesh, boundary conditions * Evaluate of heat spread in the fire event

\2
\ Suggest howto install fire detection sensor

* Select appropriate sensor operating temperature
= Creata sensor operating section map
* |dentify fire sources based on sensor operating

\2
’ Suggest guidelines for optimal fan operation

Using validated model (Park et al.)
gt : * Propose exhaust fan control based on sensor

operating section map in case of fire

NN 24 Flowchart of the research procedure.(Cho hasAgds, 2023)
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yingu goyadiudmiunisdanmginssnnsiiazaiunisdians senAuas CFD
ALAIUIUNT MATDIDINTA N19NTTITLAIINIDN WATAITUNTNITANEIBIATUNS
AATITANAENS UL ENLTLANBNNIDITLULSTUIEDINIA NITUNTNTZINE DD AT
uazsunnaEugedngiadulnlng n1sdnnieauin fuaeyasieanngluea nns
Wasuiey YSuusaslawa CFD daasusugn Trnnse1aee Computational Fluid

Dynamics (CFD) 841889113 (MABIBINIA N19NTTIILATH LATWEANTTHIBS N
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200
Vent

180 Fire source
E —Water pipelines
= 160 —Water pipelines + Telecom
= - Electricity compartment
g 140 ——Telecom compartment
] - - A
§ wo
4
S 100
@
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g
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E
&
£ 40

20
 ~— I cm—— | aa
o e— — , S
15 14 13 12 1 10 9 8 7(FS) 6
length of the underground utility tunnel
Vent 15 14 13 12 11 10 9 8 7 6
VFR (CMS) 6.87 -5.04 6.13 -4.71 4.89 -5.34 4.89 -1.47 -1.46 -4.35

Temp (°C) 0.00 4.97 0.00 6.03 0.00 4.95 0.00 5.51 36.15 43.43
(a)

200
Vent

180 Fire source
o —Water pipelines
o 160 ——Water pipelines + Telecom
5 ~—Electricity compartment
g 140 g —Tele:om compartment
E 10
®
g 100
1-J
£ 80
g
" 60
£
|}
E 40

20
0 = - g,
15 14 13 12 11 10 9 8 7(FS) 6
length of the underground utility tunnel
Vent 15 14 13 12 11 10 9 8 7 6
VEFR (CMS) 5.87 -1.34 -3.66 -4.54 -5.00 -4.70 3.13 -2.36 6.74 4.96
Temp (°C) 0.00 6.61 7.30 9.15 13.13 16.53 0.00 17.35 0.00 0.00

(b)

1 25 Internal ceiling core temperature in case of fire source at 7-0: (a) Winter, fans
working (b) Winter, fans (Cho uasagde, 2023)
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11. Review Study on Recent Developments in Fire Sensing Methods (Sulthana LLay

ARy, 2023)
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ﬂ’]"lelj"l')‘iﬁil/’]sfuc‘;‘lu@hd’[ machine learning, information technology, sensors, and signal
processing technology Ba8aATEELINTHNNIATIITULRTARFTY By A BvTaLannaTn
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Signal
Processing and
Monitoring

Physical Fire Sensing
Parameters Technique

Artificial Intelligent
Technique

7N 26 Fire sensing method.(Sulthana wazAtds, 2023)
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* Optical Technique
* Visual Surveillance

Smoke detection

« Static Heat
Heat detection * Rate of Rise
* Thermal Imaging

* Brightness of Flame with Visual
Flame detection Surveillance
* Radiation of Flame

* Gaseous Indicators
» Non Dispersive IR Absorption
* Electronics Nose

N 27 Fire detection techniques.(Sulthana agatde, 2023)
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12. Uncertainty Assessment-Based Active Learning for Reliable Fire Detection

Systems (Kim LazKim, 2022)
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1MW 28 Overall active learning framework for continuous improvement of fire detection

performance.(Kim #azKim, 2022)
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13. : Behavior Rule Specification-Based Distributed Misbehavior Detection of

Embedded loT Devices in a Closed-Loop Smart Greenhouse Farming System

(Astillo azandy, 2020)
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Tuﬂ’]‘iﬂ‘jﬂx‘iﬂiyfqu‘iﬂﬂquﬁqﬂL"ﬁ‘i«ALsﬁ’ﬂ‘im"I\‘i“T Tu‘;iZUULﬂHWﬁNN’]‘EWﬂ%HLﬂ’]N ﬁQEIT‘ViST A

ANFIATILHUENENTN LAYy IN19M9999UAHRRUNR T AN NS IHINT

ANNT
199171418 (Prediction) R = AR¢_q + Buy (1)
Py = AP, AT +Q 2)
ATANIILN (Kalman Gain) G (3)

t ™ HPye_, (HT+R)

fUARN1TU9rHIUAN (Update estimate) xe = Ree_, + Kt(z, — HRye_,) (4)

fUmnANNLLUTL59(Update co-variance) P, = (I — K H)Py)_, (5)
ANBEUNYNNANS

Re)0= AN DDIRONT t m”qmﬂm‘jé’ﬂmeyfmmﬁmiﬁzgm

Pyje= AN aeRsnsUsr e nanias lnsun1sTa Ty

K; = Kalman Gain t4 1387 t

%, = Adazsnasnue ianasennsdn

P, = AnuulsuUsamtunsUsTinamasannnissan

z = mnaiangaiitaannifuses

Bu,= Lﬁuéfmﬁmemmmﬁuwmmﬁmu@wiﬂﬂmu:ﬁwu

4 = Ttunavinesannzdallananiuzdagii

v

H = #vangnisdans wasnudasaniusdszanoaiueayailifenesiunisdn
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< o ' ' e AA
I = {3 NHaN[NH fl?lu"lﬂm’]ﬂ‘i_lﬁ\l(ﬁlﬂﬂﬁﬂﬂ']uz

ANNTS NR1R11widd(Mahalanobis Distance)

N -
MD = \/(Zf - xt|t_1) S 1(Zt - xt|t_1) (6)
ABEUNENNNTS
2= Fovpyansineifilnannifngasiuanizian ¢
~ - 1 I o v o Idl
Reje_, = ADNITUSZINBIANER M NERSLIBY AN TR NG ¢

¥ o :‘; S o/ o/
Tﬂ"?’]ﬂﬂ’]‘jﬂ’]ufJiIé"?.IuGI@uﬂ"l‘iﬂ"lﬂﬂ"l‘jmsfu(ﬁmﬂ‘iﬂ\‘iV"I"I@N‘H

P o Y

1= wiBngaHsUTINsaNdl o lya
S7T = WHVSNTAIHUUIUIIUITHIATANITUNDUIUIBHANTIIA LN

ANLARNITIHLADSNIINER (Update statistical parameters )

Nt = Nt—l + 1 (7)
DTt = DTt—l + Dt (8)
DTt
Be =7 9)
DEt = DEt—l + (Dt - 'ut)z (10)
o, =2 DN—’? (1)
aJ(B)
J(B) = (Dt — (u¢ + Beay)) (13)
AMDBUTRNNNIS

1 = ARRYYBINFIA D

o = m‘iﬁizmmmmwLﬁmLuumm;-g’]mmmmmfuﬁﬂ

B. = ATNATIRSDIT B HNITUSUANIBIULLSIRD

ANNS gﬂﬁtﬁﬁm (Euclidean Distance)

n
R 2
ED = Z 1(Zt,i _xtlt—l,i) (14)
1=

ANDBUILNNNIS
o Y o A d'*ty @ i
z,= ABYDYANITTART97 AFINEULDT WUULIRT ¢

Reje_,= ﬁ@miﬂfiwﬁmm@muzﬂ@u%’m@yﬂ@mifi’mfmﬁ t
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Outlier Classification M%ﬂﬂﬁ‘jﬁ?%mﬂ%ﬂaﬂ”@uﬂﬂﬂéﬂ Lﬁummﬁﬂﬁ"fﬁumﬁ:q%sﬂ@
AidesmllangUuuinfvesseyaaming tuudunesssmddes] outier Classification
mmﬁﬂﬁqmsﬁﬁumﬁi:qhqmﬁf‘i’mﬁﬁmﬂﬂﬁ w%wqﬁﬂﬁwﬁv&iLﬁufﬂmu;jmmuuﬂﬁ"am
91n504 loT FaprausuanionauAnUnAvn sz

11937 Kalman Filter wa Outlier Classification Nﬂcf%%quﬁ’u %ﬁw‘fﬁmimwﬁu
ANRALNA IUsTLLINEATANN TN aR AL E9En Tag Kalmon Filter azeos
ﬂ“’jji_lﬂfgd@mji’ﬁ/\lﬂﬂdﬂyﬂﬁdﬂ‘ﬁlvfﬂyﬂﬁﬂL"%%L"ﬁﬂ% w8 Outlier Classification 9z#28521AT
AnunAnsongAnssui buduluninguuundnd deanadndyaisusuenfnas

RAUnFuesTuy

: d Signal and Estin in high noise
0 - { ~ Received Signal

Estimate (Noise + Tampered Data)
- True Data
Tampered Point

20}

Temperature ( C)

100 110 120 130 140 150 160 170 180 190 200
Time (sec)

15 (Qutlier Inference in high noise

?1 [ 5 [ 7| i |
: ol L i v s 5 o
= sl Ll (T olfflel '1‘[‘1‘1‘:1’]1 il Il St Saifertin ot e ity

100 110 120 130 140 150 160 170 180 190 200
Time (sec)

1 29 Overall active learning framework for continuous
improvement of fire detection performance. (Astillo haATIE,

2020)

14. Distributed Stochastic Gradient Tracking Algorithm With Variance Reduction for Non-

Convex Optimization (Jiang acAdy, 2023)

o a/

WWaNMUISAaNa5E N 1915 distributed non-convex optimization bastxinaila

Gradient Tracking (GT) 528U Variance Reduction (VR) Faa1s13aU5u iy machine

v

learning, signal processing LRr3zUU multi-agent ﬁﬁ%ﬂﬁﬂﬂ’im’m (distributed setting)

UHIRAMINATIHANINAIA T B NEIADNITRMINT ANEITNFTNITNAANENTENL
anAnEulssaveereyags Fadulgminaniuszuy distributed learning Taaannz

Gfm'm%’ﬂﬁ Tmﬁﬁwlﬂﬁﬂ Variance Reduction mﬂ'izﬂqﬂmmumﬁﬁﬂmm A1 Variance Ratio

A o

(VR) fiaUs 2t fnl s RN n 1N a8 anas s NAnmuIan 1agRensmnaneanassnannien

anAARLlUslannuesies a3 suisuiuei baseline
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1'%

g9284 Variance Ratio #5Uuuusisil

2
1 on before
_ ;Zi=1(xi _Xbefore)

1¢n after  ———\2
= i—1(Xi _Xafter)

VR

before «_* ' PP g 5
X; ApvayagANBuNITLsTgNa lmATATInBINTU 5N

after «_~

X; ABYBYAYANA

A 1 zil Vv 1
Xbefore» Xafter ABANRALUDIVDYAUARYA

v

= o o !
n ADITHIUAIDENIDHA

AN289 VR fiNINNa1 1 uedandanedinainnsaanaainulslsauaseayaln

1 N o 1 1 Vv A A 1 o QI d?/ o
DHUWHUHNIAEY %QNQNNT‘WﬁﬁJUNWJ”INLZ\TﬂEI‘iLLZ\]gﬂ’J’]NLLN%H’TLWN‘HHTHW’I‘?W?’J@@U

L4
WANITHRALNG

15. Fault Diagnosis of Rotating Machinery Based on Deep Reinforcement Learning and

Reciprocal of Smoothness Index (Dai azAtue, 2020)

v

a v dgl o ad aa o/ a a dl o/ ¥ a
\171&’]@%1%%’1Lﬂuﬂ’lﬁﬂ’l’ﬁqu@ﬁ!ﬂﬂ’Z’TNN@]ﬂﬂW’H’ﬂQLﬁ’iﬂﬁ@ﬂ‘i‘lﬁ}qlu Iﬂﬂ?ﬁﬂ’]‘ilﬁﬂu‘i

D_ e

WUULASHUSILBIAN (Deep Reinforcement Learning: DRL) 5371 ﬁq%yfi’quqﬁiyiywmw
Benan ANAUISFETANNEYY e Reciprocal of Smoothness Index (RS) F9vinng
{I1A91978 (reward) #m3unTsdsnguaERAAEaRy TunTwe Nus Aoy 1ol
anAnUnd Tng RS azdarnnnifledyaindanuos By Sadudnensitnnu i
Fy ANHARUNRIB9AAEeENS

o/

ANAHBHLYBIN QY 10ED Smoothness Index (SI) gnamamlnalrgnsnadl

1
SI = 1 i=2lxi — x4 (17)
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v
o/

o dl -
DUBHART un i

ho))¥

Xi=
=} o e :j
n-= ﬂm’mquﬂmd@mmmm

Xi — Xi—1|= ABANAMHUANANANYTUITNINTALBYRTIFATTH

o

o 1 d 1 o ~ zdl 1 Vv AQ
IINFATFNNN1IISLNNIN ﬁqﬂﬂiyiy'WMNﬂq’iLﬂ@?:IHLLUZ\N’?ZVI’]"N'?@?I@H@Wmﬂﬂu

1

NN (1% NN5LAA peak 38 outlier) A1 S avgeANaae aluenil RS = 5 Faly

Wanansazdygofifasfsuulasgeuasiun lunu@eansfinlng
16. Anomaly Detection of Non Punch Through IGBT by Robust Covariance Estimation

Techniques (Patil tazAne, 2010)

IMHATEBY Patil et dl. (2010) SERDARN1IATI9TUANRALNFTBMITNERADS
%fim 16BT Tnetaszesynanmnantuia (Mahalanobis Distance) Lﬁ"'@l,ﬂ%ﬂuﬁﬁu‘ﬂymj@mﬂ
ﬂmuzﬁﬂﬁﬁu{m‘ﬂmwc}wm‘iﬁﬂmm’%a W‘;QN‘U‘EZ?_IqﬂG;Lﬂﬂﬁﬂﬂ’]‘iﬂ‘izﬂ’lmﬁ"lﬂfmﬂ
W55 UULNIHABAAAUNR (aun MVE, MCD uaz NNVE wiiatnnnsmiua o
ANUNNEINNE9Tw Taasavmann ot (Threshold) z&’m%’um‘sﬁmﬁudwyﬂgﬁm{q
greAnUnFnae N lngevdeennnisuanuasin-awaas (Chi-square distribution) fiszsu
AN 97.5% E1MSUNTEA NI A0S FB9F FTieumaiuanTeaLY
HIATFINITAUGIINFULLUNN AR wansiiaznewnannisviaulunisteansasuan
@iywﬂ'mﬁmLuummﬁm@méﬁmﬁ' NDAIINVDVIAFINS VS UNN AT 9LUHe 1N
woAnTTNUNA TAgeniAdanUan Ul MVE waz MCD arananannsaaduanRalnglaisa
AIBBLUUARIEAN WA NNVE T‘mymLLaij’ngqm'qummﬂﬁLL;qLﬁ@m‘imwmmﬁﬁﬂdﬁ

[

Tasannzlunsdifivayalilanszarauunin® (non-normal distribution)
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INNITIATIENIUILTILALI2BY W‘LI”J’N’]‘LAQ“VEIﬂ‘JiLLUGﬂWi@I’]LHM\‘]’IuLﬁH 2 d49U

L4

AT 1 FB9TNTTULENTARIT AR INNTI9IREN LAYADNUULLEWIEaS ANHI N
AUNITHINTIZLREIASI

AU 2 ?J%ﬂ’l’iﬁfuﬂq’iﬁl’ﬂ’iqﬁﬂ‘ﬂﬂﬂd@ LL@tGI’i’J@@UTWT‘ViNQﬂN’WN

311 N990NULUUEWES IRERAGI IHNITHINIZ AN ASS

Sensor Sht20
Temp.&Humudity
MATLAB
Sensor PMS3003 - —
e Zanll
4 —_— —_— 2= —

DATA AGGREGATION
AND ANALYTICS

[JThingSpeak

Data Collection and Processing

Li-ion Lithium Battery 3.7V 20Ah.

A 30 nmaanlasiaseeesgUnasd asaesu s
A 30 Auamefivniavineueassruunseeduuaznisuanieulnelrgungo

FumasuazaeulnsampInaeBuiivineusaniuiansaeaauannIne e inges

o/

ARINAR AINTW (SHT20) vimunfidngaumnAuarannudin tnesilidunesdnangu
(PMS3003) ¥amn Aaduluainie (PM2.5) aayadi inanmdugesazgnasildiunsn

paulysaiaes (ESP32) %@@x@hé@%@g@ﬁﬁuﬁfm&mﬁq BWae5 (ThingSpeak) N1w 31 Tag

Tat API Key uazvinoayaizngnisiiAsnzneaya MATLAB Analysis N 32 1m3UN19993

VDYAURZALATILN seuU9x % GSM GPRS SIM800 FMTUNTRBRITVDYANIHATEYY
A ALAAILT LA DUNLLAUNALATU LINE I aNUan1eiRaUNS Tamunf S Unaa91w

FINUUAASS Li—ion Lithium 3.7V 20Ah 7 ALAAINAIIR NN IHe 8 19RaLiag
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DThingSpeak"" Channels Apps Support ™~

Field 1 Chart E o Field 2 Chart Z o

P o &
anuundl (°C) At (%)
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@
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= ——
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9%
1930 20:00 2030 21°0 1930 2000 2030 21°0
TIME TIME

ThingSpeak com ThingSpeak com

Field 3 Chart z o aanind & o

PM2.5 (ug/m3.)

50
25 \/\—/\
0

19:30 20:00 20:30 21:0C
TIME

PM2.5

Thingspeak.cam 245
asAngardaa

AN 31 AUIMARUDTA VEN ThingSpeak

Q ThingSpeak‘- Channels * Apps * Devices~ Support~

Apps / MATLAB Visualizations / Fire detection By Mahal and Notify / Edit

Name

Fire detection By Mahal and Notify

MATLAB Code

1 % Channel ID ua¢ Field IDs

» readChannelID = 2456050;
temperaturefieldiD = 1;

4 humidityFieldID = 2;

5 pm25FieldID = 3;

7 % Channel Read API Key
8 readAPIKey = 'xxxxxxxx'; % ld Read APT Key

18 % LINE Notify Token
11 lineToken = 'xoooxx'; % 1@ LINE Notify Token

12

13 % Specify the date range for the past few days (change the number of days as needed)

14 startDate = datetime('now') - days(7);

15 endDate = datetime('now’);

16

17 % Read data for the past few days

16 [data, timeStamps] = thingSpeakRead(readChannellD, 'Fields’,[temperatureFieldID humidityFieldID pm25FieldID]
19 ‘DateRange’,[startDate, endDate],

20 "ReadKey',readAPIKey);

22 % Convert timeStamps to minutes since startDate
i timeMinutes = minutes(timeStamps - startDate);

25 % Extract data for each parameter
26 temperatureData = data(:,1);

27 humidityData = data(:,2);

28 pm2SData = data(:,3);

o Y

M 32 uAANNITIATIENIBYA (RBATI9MAINARLNG [ag MatLab aamulaw
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nm 33 gunsaimsassubwiigniassuunuly buaamies

AUNTMT AN 33 9NBBNUULNUNENITAAFINAIINGS 1.5 INATITANY
(Association, 2019) ﬁﬁT‘Mﬁmmﬂmmﬁm%’um‘jﬁq‘gq%ﬂmLmeiLmﬁ\mmqmmm
Tnalunaslnasasiomafisfamminln nsesnuuulnssasvessgUnanifimmuaay
Basguazadiiuszfauiia Mainnsofnguacaanusy nene Tmﬂf?ﬂ@mﬂuﬂmﬁu
NADINATEA N (Waterproof Plastic box) #fiua1aANa T HUI9 NN WA N (Awning) AR
L%msﬁmuﬂm@ﬂmﬂL@mgﬂL%NmamﬁmLf«mLLmﬁm‘ﬁmwﬁmﬂ%muf]‘.m

v 4 r'd 1 Vv v 1 1 d| Vv o - QT
mqwfm_lLm:L?Jqmqﬂﬂ'ﬁmmm‘%ﬂmﬂmwmmfmLuﬂmmm‘smm‘smwmumgLm 2
URSAADNINTALEaS (ESP32) Vi’mmﬁLﬂuﬁgmﬂmqﬁiqmqmmmqﬂLs“i?ummqmmﬁ
WATAITNEY (Temp. & Humidity Sensor) WaLLEULLaIA5399UATH (PM2.5 Sensor) 44
ﬁmg"fﬂ@LﬁmﬁmﬁmmmqwﬁumuﬂmmilﬁumﬂmemmwLﬁﬂwmmiﬁ’mm 115
A Y ‘dl dyv 1 Loy v & & & v 1% sldl
Gl(ﬁlﬁmﬂqﬂﬂ‘iﬂm(FI’NNCQN‘MHG%’]EITWN‘MT@TWJ’]L"ﬁuLGﬁ"ﬂ‘iN’]N’W‘iﬂl,ﬂi_l?.lmjﬂﬂﬂﬁwLLQ@@@NT@VI

o/ 4' a a o/ o/ o < & o/ yu/ ‘dld o o/ = <
FLALMARUFNAUTINANITO %\‘1Lﬁum%fmwumwmmﬁummm‘mzmmmwmmﬂ

¥4
R e
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3.1.2 m‘wmmm'ﬁ:uumq@f%’mqu;zﬁﬂqm

Sensor Node
ESP32 + SHT20 +
PMS3003

Kalman Filter
Data Smoothing &
Noise Reduction
Temp =
— Th_T A Hum
=Th_H
PM2.5 =
Th_PM
l Crisis Warning l Fire Detection
L LINE Notification J
System

Alert

I 34 Tﬁ?@ SUNTN NTLUIUNITVINILIBITE UUW?”J@"%’JWJ?’W&%%]W

o Yo o/ < g & [ % a a &
i%UUWﬁQ@@UTWTﬂNNWﬂiUW’ﬁNLW’TZZLZCQAT-N AINBUUBIRIES NTTUTUNTTLTHAR

1 L4
A a o/
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MNzlAe e TmaniazdnAnAng g 1w PM2.5 (Geusttennsfiogunsndiy), Ao,
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uaz goamnf FennaAsnulaseesgoumgnifnduassdunaurdanisiiaduatauiv
Fryryrmsaeslvy 2ayafisausanlnasgnaelUdiduneunis nassseya aniidn
Foyryrniunanuaziayai iifsaae e nunlennfifesreyafiuaugamasiudly iy
A
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U
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N
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\REANY

3.2 wmARALREIENS
3.2.1 ffivzeyaiiuises
safivrsyadueasiuszuunsaeduinhmdnsunismizidsensanateusayin
PUNTITIUTINTBYARIUIAABNIINEWTaInaIeUssny (aun Eugesdnaiuwasadu
=t o g a o @ Y A =
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3.2.2 9NIINIBYR

N19n58929y A WszULAT9990 N Inud1mSunsmnzidesasenatsua v
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eI V"IQ"IN%HTH@'T?TW’T LL@%Leﬁ'uL%ﬂiQW?ﬂqmﬂﬂNﬁmﬁqf‘Vﬂ’ﬂUﬂqﬁLU’ﬁﬂuLLﬂﬂﬂﬂ’ﬂ\‘lﬂquiﬂN

Y U

%ﬂﬁj@ﬁﬂﬁ’ﬁ')ﬂ’i’lm\fﬂ@’lﬂL‘%HL%’@‘?L%@’Wﬁ@%gﬂﬂ@fﬂgﬂ%u’]ﬂﬂﬁzﬂﬂﬂN'Nﬂf\]’N (Sensor Data

! v v
=) o a

Collector) taAANNsUszsanailnnu Tng Aranin Aames (Kaman Filter) %gﬂ?ﬁ
IR U A BNIBILAZAARY YIMUITUNIN N1TUTLHIANAATY ATANIN RALADS

Uszneumraaasiupauman Ann13viung (Prediction Step) Milywaya91N329198NDY

|
=

e ATaqii waznnsunly (Correction Step) suAviuelanlrrayasss

< P 1 K 1 1 o 1 A
@WﬂL"'ﬁ"l&L"ﬁ’ﬂ‘iTﬂ‘ﬁfN anﬁﬂ@quu INBAAAITHARIALARBNIZAINATVTHIEULAEATTIY

FANDINN 1 AMANIUAALAES (Algorithm Kalman Filter)

BUNR : 2, Xeo1 p_., Ry

Lgﬁwm s Xe, P, Ry
U DIANRITINT Xee_, LAZAHLLTLTIHARIMIN Pyje_, ANNNT (1) WA (2)
vﬁﬁmmmﬁLﬁwﬁuﬂméf@mmm@ﬁu(Kolman gain) K, a48N15 (3)

AUiAnN1TUTEHIMAT(Update estimate) x, aNN1571 (4)
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Temperature Data with Kalman Filter, Movlng Average, and Threshold

Kalman + Moving Average
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q007= Humidity Comparison: Kalman vs Moving Average
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PM2.5 Comparison: Kalman vs Moving Average
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garuidu 910N 43 FIuanInNgIN T8 £N19 Mahdlanobis (MD) 284
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Tnatannznsayail 500 uaz 1000 M1A528EN19 MD WAAINNSWIEILAN Threshold LAY
ansnsunniiu outlier TarsaunisiasnulaseesgmmnRessuanmuanaas
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n1IRANAIRINNATIL AL BRI RINeNIENWaEES noise FamTalanaTENzEN

ANNANITAA1N qauuidugean mwanaanfia N ugsuasdnig
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{ Y & a i . ) o
FIANTNT 44 LLN@QT‘W ARNANITILATI2W T8 211719 Mahalanobis (MD) 81994

=

WIFFADIAUGNOR AINTUANTNG way PM2.5 Tuwraaggrunn Baiinosfianyad

AnlsuaziafiesHInna1gean agnslsfinn sTuudiEIsITonsIanUAEARLUNAT
Artuenizaaaaan magneusudn TnaTunagngd m@%@qmmﬁ (Temperature) WU MD
na9991 outlier Inagnsnatiiasuaziiunguingasaeyail 600-800 Ssaznanulminds
mMaauuasassnneinafiAstusasluazerdu uazihusinufannaannanyes MD
Tunnsusnuezafidesisueanannginsanng

WIFTABIAINAITHEY (Humidity) Ralunalunanysizifieasn Tngszanig
Mahalanobis fsaanLATRRLNATHERa AT UTUGMOR BanTaannadoiusids
ANTWUINADHTIENANTENUTINTY uazUARS ALFU MD fsnsansaadurayaRnlnd
TnaannansfUdnEnzasasisingniant Inalunalminnisussdienfinszdnnszans
Angud

AWEUNNTRADT PM2.5 STUUGNN90ATI99UANTEEEN19Tigan Threshold Ta
ANz THLNNYII987 18 B29E9YaT 450, 700 WAz 1000 Bauans e Mahalanobis
Distonce axnsadnnsaszayalnassiilszaninm Taalulafnawinbiia Fase Alerts
Turasiineyadsagiuaniznd fsansnsoanansfiaasnisussfeonlnatnsmmnzan

FInNan1TIATIzR g guunaingasfissuuassaasanunugn un s
paa9duARaUnfAlaf Aean1sly Mahalanobis Distance Tunisisziuaniiteiumnann
wnlamdnuasteya sruuuaasinisanuasnsatunisauaunsuaaiienivay
Tussiufimsnzan sanaaasiungAnsanussaninwanaoxlugamunn uasaaUaundse

TrguszasmranmAdealunisannisuaadaniiududu
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AW 44 UAASHANTIIATITTUAINALUNAAILTEEENTS Mahalanobis 804M9H AINTH UL

PM2.5 Duggymna

4.3.2 wapatuniaiienty VR uaz S iiudhusiung

1. uwAnEeen1sUssfinssAuAN L LSRR aeAARBIRUNANN1S THeWT B9
Jiang et al. (2023) ﬁmuﬂdﬂ N198AAITNLLS1199% (variance reduction) Gfmzuumﬁl,%ﬁu;;
LUUNTEans NN anas I ln e AnHE R T uaT ANLNWEN AT WHITHFINaez
souuluAuNI9IFana3san13 U UL THIBagu (non-convex optimization) UALWARAR
Epspnuulatsausnasisodazyna [ uniama sz deyyiasuazuungaadua
AnUnG laamig

WAAEeINMTUsTANsTR AL AR ARa BT UNANN1S Teea (Jiang
WRTALY, 2023) TLauaa nMaanAHLL5159% (variance reduction) Tm:uumﬂ%ﬁu;;
LUUNTZAne AN %98 T lnai Aanuad 8T uas AHLNWEN AT WHITHFInaez
34:0Lﬁucfuu?mmmé’@ﬂ@%ﬁumiL%W;?LLUUT@J \B9YU (non—convex optimization) uALHIAR
L’%ﬂW%NLmﬁﬂfiqu@%qmufﬁﬂﬂ'ﬁ:ﬂqﬂé?sf"ﬁ%fumﬁﬁl,mq:ﬁﬁfyfqusfmwumw%ﬁh

RAUNR (AL
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TransAdeil An Variance Ratio (VR)(1) Avgnimiiusingintunisusadniszavanm
1899782198 Iuila (Mahalanobis) uAZSz8EMN9gARAR (Eudidean) itai3auiie
mmm&l’qmummﬁmmﬁmﬁfﬁ LL@ZN&ﬁﬂuﬁ\‘i@mﬁ/ﬂiﬂmz%ﬂd‘ituuﬁﬁﬂ’JWNT'}G;ﬂ noise

2. Sl (Smoothness Index) WIHFIFTATIUIZAR AITHTRNAHENTBAHIBHUDY
KoY 0s BIFDAAABITLNNTAATITAETEININYBITEEENHIEN AT W E 1nAn S| N
Tna 1) wamsanaszaznteiunalundsuudasnaissas udanisnsslanesns
TR sidelagy (Dai wazAtde, 2020) Tmyiiﬁmuﬂql’] reciprocal of smoothness index
A1N90 T uNNSAATEAR o7 outliers TARNAAABSALLLGR 17 kurtosis WaB
Gini index Beuanshifingn sl faaumanzanunslsiusruunsaesudymysRaung
TuﬂmwLLqmgﬂNﬁﬁﬁ’tytquﬁumuqq

433 mimmmmiwmmﬁ%LLuﬂéqﬁmﬁﬂﬁTuLLémq@m@

Tuwaaed Tvinnnsusslunantsnsiedy éqﬁmﬂﬂﬁmﬂﬂymjmmwme;@m Tnaly
T28LNNNINA IUDE (Mahalanobis Distance ,MD) WATILLNNYARA (Euclidean Distance
ED) 993 iinAnenlszanEnneesuaazAaunisannisuasiiouiiianana fens
Lﬁﬁ]‘ﬁ?uﬂﬂﬂﬂ']"la\lLL‘iJ‘i‘]Ji'J‘LA"ZI’rN"ZIy@NuN 94 noise MAaANTIdaaUuEaAT1a G9pnelale
ﬁiyiyﬂmﬁLwiy@‘%\‘imummaiﬁﬁmﬂﬂﬁ

mstsufiunagnaAiunislinguanaiggna Taun q(g]‘;ﬂu AHU URZHANHIT
L‘ﬁ'ﬂﬂmyﬂuﬁm”ﬂwm:m‘jLﬂz‘i"ﬂuLuJmmwymjﬂffLLmﬂﬁ}wﬁ’umeLqm yralu
NIRABIAUNNR ANNEUENS LazHATEEI PM2.5

Fadsafi g un19Uszfin laun AdRannisulsiaam (Variance Ratio \VR) @slan
SERUAITN AN ANE YA YT LL@:éfmmemﬁﬂwmﬂy@H@ (Smoothness
Index ,SI) %@T%ﬂiuﬁummGimﬁmﬂﬂwy@g@ﬁmwwu AaapaRiunumandeyunisg
WEIAElnaMIT0an n1TuavFiauiinanatnresneiiussangnm

A1TN 3 NANITILEEUTIEUATTEEN N Mahalanobis uae Euclidean — 99383

"Eﬂﬁﬂ@’m ﬁ’uaﬁ'ﬁ rﬁﬁmﬁlﬂ ¢'n VR ¢'n VR ﬁ;’l Sl ﬁ;’l Sl
\Fuaas ED MD ED MD ED MD
Ao 0109 | 0891 | 00225 | 0.206 0.871 0.972
ANHE 0310 | 0888 | 01753 | 0.212 0.640 0.972
Wi PM25 | -121.87 | 0849 | 17016 0.171 _3.665 | 0.971
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dm3ungTeu M19197 3 HaN15UsTAINLA Mahalanobis Distance (MD) W&
UszAnBnndimilanan Euclidean Distance (ED) atnsdmanluynnisifives Tnginnag
Tunss PM2.5 @ ED A1 VR guAnUn@d 17,016 uazAn SI Anay (-3.665) uanaily
Foy R ANHULTLIIGILAZINARTINEEY B04efi MD SAn VR #in (0.171) uay SI g9
(0.971) Gervdforanmadiusuazannuneiosrasnisnsasduaidntndasned
Uae@ntinn Z'\%CILLTHW’I’T'I??ILﬁﬂ%ﬂqm%ﬁﬁuﬂtﬂ’}’m%u MD figiapaian S| q\mfiq ED @in
frfdnAny SeazveudennamsnzantuniafanamngAnsTsnsayaii s
1980

ATV 4 NANTTIWFYLITIIUATITEEEN N Mahalanobis uaz Euclidean — a4/

2aynaIn | AuRRY | AuRdY | AIVR | MVR | m1Sl | a1 sl
\Fuaas ED MD ED MD ED MD
a0 0933 | 0839 | 0.0239 | 0198 | 0892 | 0.956
ANHEY 0416 | 0836 | 02073 | 0.268 | 0933 | 0.980
Wi PM2.5 2580 | 0837 | 23172 | 0.266 | -3.665 | 0.979

Tuggun a191971 4 MD Semsuaasnaiiainan ED Tagmniztuannsdudiinsuas
PM2.5 4 ED §A1 VR g (23.172 d915U PM2.5) uae SI finaudnass aa4edl MD mauRs
srAuAMNLLTUsNIDsBYa ey Turaesn uazanisasnunan Sl Tnagusyiuge

(¥1nN91 0.95) Tnaaepaiiias n133ATIenfiasyansn MD axnsasudanuaeyadd

b

anwosr NunnewsaulsUsauananinanialasangn g vinianisuasifiond
RANRIAFIN noise

A3 5 NANITILEEUITEUATITEEEN N Mahalanobis WA Euclidean — §AMH17

¥

"ll'ﬂﬁ@@'lﬂ f’:nlaﬂﬁlil F’%’llﬁéﬁl V;I'T VR F’i'l VR f;l'l Sl f;l'l Sl
\Furas ED MD ED MD ED MD
a0mnd 0.247 0896 | 01302 | 0198 | 0.713 0.976
AN 1308 0.847 | 01265 | 04194 | 0.713 0.936
b3 PM2.5 1916 0768 | 81265 | 0439 | -1.742 0.806
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Tuggrun AT 5 %@LﬁufqaﬁﬂﬂgaﬁﬁﬂwmzémﬂmLmzmil,ﬂé‘iﬂml,ﬂmn,ﬁmfﬂ?u
11 MD figanssnenaauadianeresfyayiolnogneisz@ansnan an Sl a9 MD ﬂg_j
Tugn9g9 (0.806-0.976) 2nuzfinn Sl vas ED tuynwisndwassinanattaiulain
Traianay PM2.5 fig9nsuamsn@inan (-1.742) Sanuiefon1ansaadudiuates wasd
Tanaildgnisusaifeniamalauuunazansfadauean

589NN Ea (Mahalanobis Distance) WAPMANEATWINANTSNEIANNIATES
2899225119 TWBIRaT [RAna 5x8en9gAAR (Eucidean Distance) twynganiauazyn
W13 fimes T@]ElLQW’]%T%“LT@H@ﬁﬁWNNLLﬂ’i‘ﬂ’i’]uq\‘i 51 PM2.5 SRR 528NN
Tuda 181505 URNANAAUNATADENIUNNET LAZAAAITNIALIE9 N1TLAILAaN
Aawana Taasnsihiaddny Wilneinaaauneiiasensaya (S) fogtusziugeanng
aiflas wazan VR ﬁ@gffuﬁwﬁq éﬁ!\ﬁmmmuéﬂmiﬁﬁ:qﬂaﬁﬁ%ﬁmzuumiqwé’um@mﬁiﬁ
ARUNA TN TNLINADHASY

4.3.4 nadazfiunaainnanaaes Winaszerqnany

WENANNMTUABLWELANAIIHLLTUS9% (VR) WRzAINB U89ty ay10s (S)) N9
nasoaSauifisunisnssadunaazmnans unaarluds (Mahalanobis Distance) waz
gARA (Euclidean Distance) ﬂ’lﬂ?ﬁ?ﬂﬂ‘iﬂ%’u Threshold WUy adaptive T%ﬁquﬁlgurmwﬁq wn

229D LIUUNINTFIN (Mean + T std) AIR13197 6

WA R e

M 45 nMsvaaaLqaln

nMAanIganass nm 45 Tuinlnnzdseassmunmfiuans fnnsiudin

YDYAIINTFWTDIVNANATINN 200 28ya IasuusiiugasnaufinWing anfinl

ANAIN WAZAN WNBA %Q?Jﬂﬂj@ﬁﬂﬁgﬂﬁ’mﬁﬁaLﬂ’iﬂz‘iﬂﬂ’maﬁ Mahalanobis a2 Euclidean



69

4 o (A a ¥ . .
Distance LﬁﬂWﬁQ@ﬂﬂUﬂ‘jZﬁﬁWﬁﬂ’]Wﬂﬁ‘j@’]LL‘HﬂL‘iﬂ(ﬁ"lﬂ’]‘jmwﬂﬂﬂmuﬂ?&ﬂ‘ﬂ\‘i Confusion Matrix
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45

Mahalanobis Distance with Confusion Matrix Classification
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(4 ¥ . . .
AW 46 LWIEUTIEUNANTTTIULNAAN1TAE Mahalanobis uae Euclidean Distance lng

[or Confusion Matrix

AN 46 LLNmmﬁ’]Lmﬂﬂ‘i:Lﬂwﬂmﬂmj@ﬁmﬂﬂﬁﬁmwé’ﬂmqﬂﬁ% Mahalanobis

ae Euclidean Distance Tma"fﬁmm% Confusion Matrix Uaznaumag TP, FP, FN uaz TN

a5 lRU5sANTAINNITRTI99U mamimﬁmﬂﬂﬁﬁm@m%ﬁqmmﬁmfvxlfm Tas

51 ANULTHNES1N Mahalanobis Distance FIEINITAAILNN TP (ANINNINUTULTAR FP

uanI1 IleWguAUNIINAINAT928Y Euclidean Distance 18 FP uay FN g4n218819

Faau n19lssuieuanuosians fiudsea laauaas Mahalanobis TWn15amnag

v ! ! ° o < a
WIILFBRRANAIAUAZAN AN LLNNEI']THﬂ'T‘JW‘J'J@"VU ABINTITHI S
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Actually Positive (1) Actually Negative (0) Actually Positive (1) Actually Negative (0)

Mahalanobis Confusion Matrix Euclidean Confusion Matrix

Predicted Predicted

FP=15 FP=23

Positive (1) Positive (1)

Predicted Predicted

FN = 106 TN =30 FN =128 TN=22

Negative (0) Negative (0)

AN 47 Confusion Matrix ‘557/79”7\7 Mahalanobis ag Euclidean ?umﬁmi@’«?@?/?_/fi/\/fﬁif
M9 o TAW 47 Confusion Matrix fAanunanelaapsnalszanininang
szuunsaaduinalunadamnzidesnss Tng True Positive (TP) nanedanadifiazuy
an1sausaifenlansnignaafiofiaWinuass aousil True Negative (TN) el
srupUsnfunudmanisnfnng uazturnandusdefuAnmanisoiiinans Gedi
Hunadwsfignaeszuiu hniendudi Fase Positive (FP) Aanisuasifiauiiunans
{1939 Bea19aTNANIIANT LA AR AN BRIIBdN 1911 F9% False Negative (FN)
Hunsdifidunsefign mazazuulimansowsasamdedainess vinlmanaans
Ausgamaniagade Tnsinnizlursszezgnainaasiinastniunsusaifianesng

LNUELAZTWNIT
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o ¥ a .
ATV 6 AANITILALUTIEULSEANENINNITATIITUNANITNAILTE Mahalanobis LA

Euclidean
é’f’:%'ilﬂ Euclidean Mahalanobis

fé’mqmﬁuﬁﬂugﬂgﬂq (TP) 24 46
SruauaFaURANa1R (FP) 23 15
§19UTRN 599 [ (FN) 128 106
s lraniaoiuazuuasifian (TN) 22 30
AL (Precision, %) 51.06 75.41
BRTINTINTANY (Recall, %) 15.80 30.20
ALY F1 (F1 Score, %) 24.08 43,17

dl = =9 a o/ (Q a '

A1371991 6 UAANATIWSEUE UYL ANTAINNITRTITTUMANITURALNATENIN
A% Mahalanobis W& Euclidean Tmﬂw@g@mﬂmﬁwmmqﬂmf«v%a%mu 200 2234
N19TANANAIITUIRINFIBIAVIN 4 sz aunn FIUIHUINFDUYNADY (TP), TIHIHUUTY
™ a ° A LR ° P i
WBIBRRANATIR (FP), mmuwmmmﬁmmfmm Wl (FN) Lm:mmuwfml,mﬂﬁmmz
Tuuaaidon (TN) Tned5 Mahalanobis @1813aua9LAaUgNADIIA 46 ASY HINNQT
Euclidean M1ua9gnIes 24 A5Y UATEINNITUIUABURANATA (FP) 4BENQNT 15 ASY
Anue?l Euclidean 8 FP 11089 23 AS9

FIANITAATIEAHLEN UATUAIZTAATNL SR SNIW WU Mahalanobis A1
AANUWNNET (Precision) 87l 75.41% B9g9n91 Euclidean AFIAYY 51.06% wazin1n1s
AsBUARH (Recal) 1 30.20% 81NN31 Euclideon F9ag7l 15.80% UaASINLAWINET
Mahalanobis mmmmawumamﬁmw‘%ﬁmmﬂmﬁ LN SIHd AN LT DY
F1uu FN Ainauenegefinin Tngazuwn F1 Score 289 Mahalanobis agil 43.17% Bag
111 Euclidean 711@ 24.08% ﬂ:m@uﬁfviLﬁuﬁmmuﬂmmmm Precision wag Recall (@
A 1
ANa7

NanN1TEe U uHasTualuan38 Mahalanobis ANILANNITIHITHATITTU
RNNITIRALUNGA WTZUUINEAT89R3 829N AT HBI9INaIH1908AF1HINNTUAS

WABRRRANAIA LLﬂzLWNﬁmiﬂﬂq‘iﬁl‘i’)@WULﬁﬁ;ﬂ’l‘imﬂ%ﬁrﬂmqﬂﬁu AINA TEUU A

o v 1

WBATDUAINIEANSUNITUIIA DU THE NSRBI NITAI NN NG ARWTe
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435 ﬂ‘gﬂmmﬁ‘ui:Lﬁuﬂ‘j:ﬁw%mmmiwumwfv’um'ﬂﬁmjﬂﬁ

a1nN19MAssiBUIe U9 T sz anluda (Mahalanobis Distance)
WAZIEELN19YARRA (Euclidean Distance) Tmsf%ﬂymj@mﬂwqiqﬁt,m%éameyﬂmﬁg\mm
Uszuam Taun NN ANENTNANG uaz PM2.5 me;ch;]m@ WUA1 Mahalanobis
Distance WAAIHNAN1IATIITUATARUNATIRUSzANENnMuaziadesnanTunanamany
(Tepmanee wasADdy, 2024)

T Fnan13uL9Us9H2asdeyay1ed Variance Ratio (VR) A1 VR 289 5829119
uan i agluszdusnlunnnsd Sauansieanuainanarasnnszezniofiisiunig
AR UATETVBREIANTNATHNITOIHNNTaRAN[IRE noise YEaANTIU AWl alng
Tusnfiu unaAnfaannaseiu9Iuaes Jiang et dl. (2023) i3 Fuan nsannaw
ustaamnastayarinllgsruuiifianuaiesuazdedalananiulunis dausvdanis
ﬁmﬁﬁzﬁﬁy@gmmmﬁmw

Ty AnAsuaeliasassays (Smoothness Index, SI) szazvnasmaanluta
AN S| Tmzﬁuqq ﬂ:wyﬂuﬁamqmmL%ﬂmmﬁiyfyﬂm wazuna lunfinsaanuiinans
paLfiadnneie 104l szeeniegadn dintian i s wisusnssvAnautumanansdl
Tnaiannzluggruuazggnun Seusdfoniinnazdnnazansrasnisuaniauuazd
ulianfa n1sRana1Aen noise [ngenan Ansoizi@anadnaey I daennaasiunis
ﬁ‘izﬂqﬂ@ﬁ"gﬂﬂd Fang et al. (2023) %ﬁzqfiﬂ frfinanaBauansn Ty nue s A oo
AnUnAlusruufifiaasdumenlnoatousmen

TunaneseulseAnsnInaessuL mm'ﬁLmﬁxﬁmﬂm'ﬁ@"ﬁLLuﬂmamifﬁ@%\i
LEA991 3282119 Mahdlanobis mwwumammﬁw%quy 46 59 ANNV9ANA 200
mq}mﬁiﬁ fATAINHUNUEN 75.41% WRZEATINITATITNY 30.20% BT T2LZN
Euclidean GI’i‘WWUL‘IﬂGJﬂ’ﬁﬂZ@%GTGT 24 p%3 FArAHULNUEIREY 51.06% WAZSATINS

Y 1 [ o L 1 Y o N .
FIIITNUATININ ﬂ%ﬁ 15.80% Nﬂ@‘WﬁG‘I\‘iﬂﬂ’VJLLN@\‘]T‘ViL‘VT‘HQ’VJ%‘ Mahalanobis §1:15 6

1
a

LLﬂﬂLLﬂ:gﬂgaﬁmﬂﬂﬁﬁmmmngﬂfrmiﬁv%\ifﬁ@uﬁqmeﬁﬂumumﬂﬂfifﬁ% Euclidean
aenefiiudnfny

sragnnnnat s Suseansnmlunisnseeduafnundiunidand szaenis
HARA T tHANNAHLETHT AHIIUE LB 1 LRTAHILNWEN TWN19AANIS
LaaReuRaNaR Tnssnsdielseusanty amasuiames (Kaman Filter) §150n13

1% ' v v | - o o N ~
ﬂiﬂﬂﬂﬂﬁjﬂﬂ’)\‘]‘ﬂ%’] 38N HFINHITAND Y NEIRINSUTZLUATI99Y L‘W(ﬂﬂ’“limw (ﬂﬂﬂ(ﬂ?‘l&
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ANINIIARDNTSITIRTEY AN AT AR AT AL IUG U AT EATNTTHNAIILAY
Faannassiuuulunlddeadeuaiunisinasiteyaidataiuaznisiieds
L‘Vi(sjm‘mi (Jiang et al., 2023; Fang et al., 2023)
4.4 szUULALFaus AR
4.4.1 Gaulaniauaian
sruunaafaugnuisaaniu aasszdu Taun
1. gomgAuazAa s amiuaiuszeziaatunm
2. ANTEEENN9MNAT IWTA (Mahalanobis Distance) {Aunesmfirinvn
4.4.2 Framauasifonrassrunasteu s usszggnia
dns1nisuaaifianaessruunsaduining dufunasinnisdinssireyad
59099890 EEaInT993Rg 0T ANELENINS uazAHuATEDIIIALEN
(PM2.5) Tumsazaiziaamiiet] Tnsuuenisinsisiesnidusuggnia Taun gaeeu , 99
W1 LAZGANHIT
1aYAAINIAATIEN U TENAUAY TIUIMADHANINHA 266,667 S18N197D
qana Fufuntauseyaoenifuauaainn q fusinynuayarisd dasinsuasiiion
gndmanidpsidaniioy Smauasifisrunuaafienningings wazdmuanassiiszuy
uaiianTnlal (Fire Alert) fudmuanrayarionualuunazggnia e mindeuna Ty
wosazunTunnsssynaniesiimnaelnSeulaunaosiiunnandi

MM 7 BATINITUINABNIENTZULATIFIL WAk [uusazggnia

911N GSﬁuQuJ@ﬁﬂﬁg\iﬂNﬂ FWIMATINAY | STHINASINAS
deunzinge | AeuiWina
99993 (Summer) 266,667 540 230
ggHw (Rainy) 266,667 80 20
g (Winter) 266,667 320 150

Fn29yatun13197 7 uansiifiuen szuunseadulnnafily Kaman Filter
598171 Mahalanobis Distance fltlsz@nanmnisvinemiiunnansiuluunazgania Tosgg
8% (Summer) #dmauniausiitauninzAngrgegail 540 A%9 uaziintsuaidtennina
439 230 %1 Beaevanlnifindenanuideefifiaduananinenniafiseuuazung vialn

Bawnastusssnendinn Wlnee uanifigaau (Rany) fdmaunisussiiiowsniign lag
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Laafaun1yangaiies 80 A3 wazinadauiiss 20 A3 saARRBIRLANINEINTAT

Tnasfudeanlonan AR M nesneFaLay

o o . v ~ b 1 L v & o 1
AMMTUGNUIT (Winter) LLN@zﬁﬂqm‘iﬂﬁﬁ\lm"lﬂ’m LLG]@’]‘HQHTY‘I‘;ILL"NLﬁﬂ%ﬂﬁﬁ@%%«l

FrAUUIUNAN Tmﬂwumﬂmﬁﬂuﬂmﬁﬂqm 320 A5Y warnI1Tuadiannibinasds 150

AT %Gﬂ”l"v\fﬂ%"uN@ﬂitﬂﬂ@’]ﬂﬂﬂ’]Wﬂ’]ﬂ"lﬂLLVN P;Iu@?.i’ﬂﬂ\‘lﬂ?éﬂ}l LATNTLUNANLTIT

anTangzaun1sgnatnee Win arnuwalunssnanasnsnagiingn qasaudugmed

sruupasvinueNiesy R i aefiginuiue i asnsiegegn uavgg

NN PNA AN AAATHAE NADIHEI A TN AN UL LRNIZ 2D LARSE A

v L
4.5 i’JNW%Vqu‘]JﬂimVNWNﬂ

AN 8 FFUNNYUTINGUNTOIAL AT T 77

[AL qﬂﬂiﬂ: ﬁ;iu/mﬂﬂ U9 | S1A7 | SIA199N
1 Temp. & Humidity Sensor | SHT20 1 750 750

2 PM2.5 Sensor PMS3003 1 990 990

3 Controller ESP32 1 450 450

4 GSM GPRS Module SIM808 1 250 250

5 Battery Li-lon 3.7V 20Ah 1 550 550

6 NABINAIERNTWHN 2R 15x30 B3, 1 150 | 150

7 Cloud Service ThingSpeak (Free Tier) 1 0 0

8 AT 1-2 1 2,100 | 2,100

9 SANTIIHA éﬂ@qﬂﬂ‘m‘lmzé’nm 1 5,240 UM
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5.1 ﬂg‘ﬂwamsﬁﬂm

L4 L4
av AAo

1 o o (A A 1 v
IAdeffdngUsrasAaiioRmwIszuURTeTUmAn1sRlnUn G wu Il Tu

NSREIATINansuas TnsaAugoyaannisuredAuinany LN gomnd ATINEw
Aing uazAuazees PM2.5 Sefiuua il dsunlassaggniauazetaiinans
AnunAeindadaniauan ww wasmaviagnimainie szuulasuniseenuuuln
ﬂ"lN’]‘iﬂU‘iZN')@Nﬂ‘ﬂyﬂN‘]mmUL%?_I’NT‘VI;I (real-time) WazAT999UAINRALNARLIATA
N19UIENIRNAN Y Y194 Kalman Filter SNUNITIATIENTZEEN19 Mahalanobis Distance
%@Lﬁumﬂﬁmmmﬁﬁﬁmm‘mﬂ‘mﬁumwLﬁmLuuﬂmﬁmdﬂL%emwﬁﬁfhy@ﬂ'wLmluﬂ‘"]

HAN1IMARBILEAI TN N1anTasayane Kaman Fiter Tanadnsfisiaans
SIUELUURADAARDITUNGANTINIDINDYAITININAIANARLLARDUT (Moving
Average) TRERINITNAARANTENLAMNAYYIFUNIUTARIINAN TN ARBNEEATTY
funanianslnasedtaz@ninon tuaunianseaduaRnund nislaszenig
Mahalanobis waasdazansnwiimilananszeznie Euclidean a8nefaLam s uATMAIH
LHHEN ANNEAHILANDIBINITATITTY LAZNITAATIUINNITUI A B 1T T
Tnsianizasnsdelungdizasninu PM2.5 Seflaraulsaangeannunasiuianans
Juuuy

upnN91NH HaATILIHAANTLENAINGANIA NUANTEULAINNTSAEIAIIY
wiesrasnisnaaadulafuyngg Taswmaila Mahalanobis Distance 81819075999 UAN
AnUnAlLANEMENgHN (clustered outliers) TABENIUNUEILAL ANRUSTUNGANTTHD
UDYATI9 AUeTiazene Eudidean Hunalunmaa9dLLLIUNGEaN (scattered) uaziAnANTS
uaaifaufanataninnan Tagienizlurasnariveyadinisdsuulasmeiflasaans
REunau

snHanTAdeaNnsasglnn ssuiemnivaissonsulanddnglazaen
nanvassmilaegeiuszavsnm Tasanznisanniaussfoniiueseuiuaniadiv
LAZETHNTOUTEHIANATUENTNLIAR BN S [ADENADAARDITUAINADINITIBINA

NEATNTTN AT (WA
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5.2 anUs1aN|
5.2.1 n151W5a Ui Ul sz ANEN NS ATANIN Rawwas (Kalman Filter) way
ﬁﬂmﬁlmﬂﬁlﬂuﬁ (Moving Average)
FanspIAIaNINAaLma3 (Kalman Filter) Aannainga unisUssifiuaniuzaes

5@33@?&0meym\lfﬁ@ﬁ'qm@Lﬁ@aLLmﬁq zmmmﬁumumﬂﬁiyiyﬂmﬁumuﬁﬁﬂfﬁq AINR
Tnnatinzaayaluiunaudafiadosnmaa
5.2.2 ﬂ’]‘i'?Lﬂ‘i’]:ﬁNﬂﬁﬂNﬂ@ﬂ’]ﬂTﬂﬂT‘g Srazn19NnIanluda (Mahalanobis
Distance)

mﬁﬂ‘j:mammy@gmmLeﬁuLﬁﬁ@‘;TuLLm:q@ﬂmmesﬁwyt,ﬁwiq Mahalanobis
Distance fAnen1nTuN19m399 5L AAAUNARUANATSTUATHANH T AN INBINIALAZ
wqﬁﬂiimm%ﬂwsfmwimmLqmﬂﬂ'ﬂqﬁﬂﬁfzﬁw%mw Tcﬁmquuﬁmy@aj@gﬂmmﬁ;m
Kalman Filter NEWA193KAT1E9 ¥ IHAIH19 08 AR THAWHINYBIRTY oY 14T LN WAL LN
ANHUNHEN2BINTTUAIFE

T1gRa91 Mahalanobis Distance WAAIAIHATNITA IHATTAILANNTTUTLF BN
ﬂgsfm:ﬁuﬁmmmu TngszpzmedaneazauBsunas liAnnisusvfenianan ul
Tugasfigungfigeniaainu PM2.5 dunau Geaznenduaiosninesisdiunis
’fELmﬂ:ﬁﬂymj@ﬁﬁmﬁmﬁ'ﬂmmmG}mﬁm WRTARNIAEINITUAFBWAN (Fase Alerts) T
aeflsz AN

Tugain dedannufudimagounazaainulsdsauresgaunndai s2uy
Mahalanobis Distance flspaanu1sansaasuaAaUnflaususa Tnamniziugasiifianis
Luﬁiﬂul,l,ﬁmm\a{mdm%q L QmﬁgﬁLLNZﬂ’J"IN%ﬂﬁLﬁB\?L‘]Ju@WﬂLL‘LA’JT‘lIN‘IJﬂﬁ vinlnnns
LTI BUTLAR TN AN AN RUE T UAATNLIARBENAZI WATHIHITAAANITUAILF DY
AanalaRna1N1s lazenewULia U

dm3ugenun Gerayasoninaddnuueiiuazaefi Mahalanobis Distance
snsauenuezafidasunesnaingasUnflneseunmugn Tmﬂmwé’umg'wm outliers
ﬁﬂmﬂgqu:‘*ﬁqmm 94 1477171 600-800 Tmaeneiiiiadndey sxuLaINNTnSNEIAITN
Lﬂﬁﬂ’iﬂﬂ\iﬂﬁ’ﬁLﬂ’i’?::‘lgﬂymﬂ“NTHWW?WﬁLWﬂ%ﬁGﬂqm%Qﬁ AIMHEL WAT PM2.5 Taagn

' Adl ' a ¥ = o/ . ¥ ! A a
FIBLHEEN TS»J HIANTITLINFDRNTLIANTLINY LALAA false detection Tﬂﬂﬂ’]ﬁﬂﬂﬁiﬁ%ﬁﬂ”lw
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a51 A% Mohalanobis Distance LiiaT#5asi Kalman Filter #astszuamns0m99950aA7
AAUNATALNWEY AAARBITUNGANTINIIITIBITENA THUARLGANIA AANITLAFENWT T
st wazfinAInEefarasunngiadu N bine s A TS UNYamTHN AT
Tapensdaian
5.2.3 wan19i3euiigudd Mahalanobis Wae Euclidean Distance (k = 1.0)

Tumwmmwmlfl Mahalanobis Distance L@ e Euclidean Distance Gf‘lﬂywﬂﬂﬂ’i
pasdufiuanansiuassiiiediAty Taeds Mohalanobis naa9duimAN150s W s (n
gﬂ@iym (True Positive) §1142% 46 A59 uaziin1suasiiewRanana (False Positive) e 15
A%s wnuzdt Euclidean G]ifm‘;?/i_lfﬁ;/gﬂ;ﬂd 24 A%y Lw}ﬁmiuf;\‘iLﬁ@uﬁmwmmqqﬁq 23 A%
ﬁ@m@?myﬂl’l Precision 2839 Mahalanobis gNﬁQ 75.41% ﬂm:ﬁl Euclidean ﬂ%ll‘ﬁl 51.06%
348N91717 Moholanobis £38An Recall g9nan A 30.20% il 15.80% %9 Euclidean
uansDAfiNIA8 Mahalanobis ﬁmwmm'imsfumﬁmwé’um&;mmﬁ@%ﬁﬁuﬁuﬁqﬂéq
LazanlananIsuaFaniRanatn [aRnnasnnLes

AN UANANYBININAIAR N AUNIHAZIIY F1 Score Bauiugailintsyananin
LLuumqmméN Precision wa Recall Tag Mahalanobis TAAA F1 i1y 43.17% w04zl
Fuclidean Taies 24.08% uaasifinanda Mahalanobis fisz@ngnnlassanlunis

A3999uIRNITRRUNR [wlana

1
adAdad

Favi mﬂmm‘mmmifmmcmﬂgﬂfoﬁyfh Mahalanobis Distance 111433718 A3
uanguazdiadesninginan Euclidean Distance WuSUManazuungaadutWing
Soluild uwazddnenimluniatssiuaseladine Tnsmnnztugaiunisoiivayadinay
wig1l99%ge i nnamsaadu inluiuiinanouas
5.3 AELAMEUNY

sAdeilEmAnieinanineasnisuszgnalamaiasiat luda (Mahalanobis)
Distance sanAUmMARAANAHIY Rainad (Kalmon Filter) tunnemsaadumanisoiifnans
ﬁmﬂﬂﬁwmgﬂa‘ﬂﬂﬁummg@umemm’iﬁ Tnsunsnananivasnisuasiianlansng
fulsraninm SeapnnansiuingUazasarasmiddaiiyanunisantyminiausadion
funnfunsmdutn Inagnamsnzan agnelafinn viadeiannisainlunoseniy
DUNAR LB NTEENEHANITUaTENA I THE LU RARINEAINEINIA HEDNNTUILFan

fu539HYNR AW EATNTIHAT AL



SMMANUIN
35 ¥ 4
AURAUAS IHITHUNRANDTH ThingSpeak

o [ > < & i
NITUNITIALNU LL@%LLNQQN@%@E@L%%L%@?



¥

Tunaunstrenunannas) ThingSpeak AASUNSTANLURSUNAINRIDYA
\ITas

ThingSpeak LﬁuLLWZ\]G}Wﬂ’;Nﬂﬂu\E@ﬁﬁﬁﬂﬁ’%ﬁJﬂﬂ’iL%ﬂNGiﬂ?]’mj@@’mﬂqﬂﬂ’ifﬁ loT uag
ANNITONAL WA Lmzﬁmiqzﬁgﬂgmmu Real-time Tpasnafitiazansnm Taadumen

ﬂq’iafﬁﬁquﬂ‘izﬂﬂum’]ﬂ

EIThingSpeak" Channels Apps Support CommercialUse HowtoBuy €Y

ThingSpeak for loT Projects,

Data collection in the cloud with advanced data analysis
using MATLAB

Get Started For Free Learn More

—

¥ ¥
v

AUABRUTN VLD EBURZIIYTZUY

1. LgﬂLﬁuvf“ﬁﬁ https://thingspeak.com

2. mANLx Sign Up ilaasmiaydylasmims
3. NIANBING AN UAENT LB INE
4

doaiasiaiabngszuuaeingiiadas



80

v ¥
919 Channel ﬂﬁﬂ‘iﬂ@ﬂtﬁﬂﬂ@g@
1. ARNTIMY Channels > My Channels @80 New Channel
2. $19%8 Channel 1% "Lac Fire Monitoring")

3. ﬁmum’%’mmu@im Field (L‘ﬁu Field 1: Temperature, Field 2: Humidity, Field 3:
PM2.5)

4. §WNYEORENI Channel 1 Public %38 Private [ ARN Save Channel

DThingspeak“‘ Channels ¥ Apps ¥ Devices~ Support~ Commercial Use How to Buy
Fire Detec’“orm
My Image Channels
i0: 245
Channel ID:2 Watched Channels
author: I
Access: Public Public Channels
Private View Public View Channel Settings Sharing APl Keys Data Import / Export

) Add Visualizations 0 Add Widgets & Export recent data MATLAB Analysis MATLAB Visualization

Channel1of2 < >

Channel Stats

Created: about ayearage
Lastentry: lessthan.aminute age
Entries: 1065074

5U APl Key ®15ULZaNAE

1. @109 Channel fiais19ln

2. AAN APl Keys

5. AmaonA1 Write APl Key dm3lsstayaann ESP32 vida MATLAB Tugl
ThingSpeak

4. finaan Read APl Key nnasanisiEanguaganiu MATLAB viasllsunsady



DThingSpeakm Channels ~ Apps * Devices~ Support~

Fire Detection

Channel |D: 2000080
Author: m Y
Access: Public

Private View Public View Channel Settings Sharing APl Keys

Write API Key
Key | OHx

Generate New Write APl Key

Read API Keys
e 4o

Note
Delete API Key

Add New Read API Key

Commercial Use  How to Buy

Data Import / Export

Help

API keys enable you to write data to a channel or read data from a private channel. API keys are auto-
generated when you create a new channel.

API Keys Settings

« Write APl Key: Use this key to write data to a channel. If you feel your key has been
compromised, click Generate New Write API Key.

+ Read API Keys: Use this key to allow other people to view your private channel feeds and charts.
Click Generate New Read API Key to generate an additional read key for the channel.

& Note: Use this field to enter information about channel read keys. For example, add notes to
keep track of users with access to your channel.

APl Requests
Write a Channel Feed

GET https://api.thingspeak.com/update?api_key -5 ie1d1=0

Read a Channel Feed

GET https://api.thingspeak. com/channels/ I feeds. json?results=2

Read a Channel Field

GET https: //api. thingspeak. con/channels/ I/ ficlds/1. json?results=2

Read Channel Status Updates

GET https://api.thingspeak.com/channels/ [P/ status. json

ﬁemagamnqﬂnszﬁw’% MATLAB {usi3 Thing Speak

1. T"g HTTP POST 911 ESP32 138 thingSpeakWrite() T MATLAB

2. https://api.thingspeak.com/update?api_key=YOUR_WRITE_API_KEY&field1=xx&field

2=yy&field3=zz

3. MATLAB thingSpeakWrite(channellD, [temperature, humidity, pm25], "WriteKey',

"YOUR_WRITE_API_KEY");


https://api.thingspeak.com/update?api_key=YOUR_WRITE_API_KEY&field1=xx&field2=yy&field3=zz
https://api.thingspeak.com/update?api_key=YOUR_WRITE_API_KEY&field1=xx&field2=yy&field3=zz

¥
rﬂwagmmun‘mw Real-Time

82

1. % HTTP POST @1 ESP32 138 thingSpeakWrite() 15 MATLAB

2. AANWAY Private View %38 Public View (WINAIANEBILTIUETE1904)

3. NINEDIYBNATIANNATUAMNER WTRAN Field fifmuala

mThingSpeakm annels ~ Apps ~ Devices~ Support~
Created: abouka.yearago
Lastentry: lessthanaminuie.age
Entries: 1065122
Field 1 Chart E O # =
annwnil
38.0
=
F:
8 370
b
o
£
ﬁ 360
14:20 14:25 14:30 14:35 14:40 14:45 14:50
Date
ThingSpeak.com
Field 3 Chart E O & =
PM2.5
202
200
1 198
o
E 136
194
192

3-Day Temperature Comparison

3-Day Temperature Comparison
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Date
Thingspeak.com

F o & =

o # x

Temperature F
ra w 5] =y oy
w o o, o o

r
=}

3-Day Temperature Comparison
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&
AT
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45.0
Z 480
o
E 470
3
I 450
450
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Date
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EGI L E o & =

Proportional Threshold

Propertional Threshold

2 o & =

& o & x

Gsc Temperature with Proportional Threshold

b

:-_ ¥ Temperalure

g - e e o _|== = UpperThreshoid
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— Humidity with Proportional Threshold
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AIATRILHEUNEELSENIRNARATWAR (Optional)
1. Ty ThingSpeak Apps 121 MATLAB Analysis, TimeControl, React
2. saldeulatias Line usaiten vdeidumn Script MATLAB 1iBALAT1EMIBYALLL

LTI

3. ﬂ‘jWWTﬁ’J m‘jv‘hmu‘ﬂ@m:uusﬁml,l,w Real-time

|:| ThingSpeakW Channels ~ Apps ~ Devices~ Support ~ Commercial Use
Apps / MATLAB Visualizations / Fire detection By Mahal / Edit Help
My Channels Documentation
Name
Fire detection By Mahal New Channel
MATLAB Code Most recent channels
1% Channel ID ua: Field IDs . -
Name: Fire Detection2
2 readchannelIp = JEEEEN; ame
3 temperatureFieldID = 1; ChannellD:?AS???d
4 humidityFieldID = 2; Access: Public
5 pm25FieldID = 3; Read API Key: B
6 Write API Key: 55 NSNS
7 % Channel Read API Key Fields:
3| readAPTkey - NEEENDNGENINN ; 5 14 Read APT Key uadmmitis 1: Temperature
9 ) 2: Humidity
18| % Specify the date range for the past few days (change the number of days as needed) 2 PM2E

11 startDate = datetime( 'now’) - days(7);

:l ThingSpeak“‘ Channels ¥ Apps ¥ Devices ¥

Fire detection By Mahal

8
7]
(=]
2]
8
ESQK)U 6000
[72]
=
Q

Temperature Outlier Detectlon with Mahalanobis Distance

5
Mahalannhls Distance
_____ e "|== == Threshaold B
7000 good___ O Outiiers 1000

Time (minutes)
Hurnldlty Outlier Detection wuth Mahalanobl.s Distance

o — — — - j— — - Mahalﬂnﬂbls Distance |
- \ —{== == Threshold

6000 7000 good___ O Outiiers 1000
Time (minutes)

PM2.5 Outlier Detection with Mahalanobis Distance

ra

g

1 : - — ——
5| Mahalanobis Distance
N Ia e dl " w= === Threshold
5h00 6000 7000 good___ O Outliers 1000

Time (minutes)

Mahalanobis
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AIATLAsLAaRRIaUsTHIANAT R INNR (Optional)
1. {U#iuwiiu Export Data
2. Wanguuuudu .CSV uazsasion

3. ananlnan U191l Excel 198 MATLAB [BN153LASIZM RGN

ThingSpeak" Channels ~ Apps ~ Devices > Support ~ Commercial Use How to Buy
Private View Public View Channel Settings Sharing APl Keys Data Import / Export
Import Help

Upload a CSV file to import data into this channel.

File wWanlua  lileidanluala

Time Zone (GMT+07:00) Bangkok

Upload

Export

Download all of this Channel's feeds in CSV format.

(GMT+07:00) Bangkok

Time Zone

The correct format for data import is provided in this CSV Import Template File. Use the
field names freldl, field2, and so on, instead of custom field names.
CSV Import Format

created_at,fieldl, field3, field4,fields,elevation
2019-01-01T10:11:12-05:00,11,33,44,88,10

Other Import and Export Options

You can also use MATLAB, the REST API, or the MQTT API to import and export channel
data.

Read Data
Write Data

AutoSave Critical ~ O Search -
File Heme  Insert Page Layout Formulas Data Review View Help  Acrobat
EA cut Tahoma =E=E®- Hwapta General - 1= @ Fj
Paste LE1COPY ¥ — Conditional Formatas Cell
~ @meatPamter I U~ = Merge & Center ~ ke~ % 2 %g ﬁg Formatting ¥ Table v Styles v
Clipboard ~ Font ~ Alignment ~ Number ~ Styles
K16 - I
V] A | B | C | D | E | E | G | H | 1 |
1 Timestamp Temperature Humidity PM25
2 | 28/10/2024 19:00 24.8 79 271
3 | 28/10/2024 19:00 24.8 80 259
4 | 28/10/2024 19:01 24.8 80 262
5 | 28/10/2024 19:01 24.8 80 262
6 | 28/10/2024 19:02 25.3 80 264
7 | 28/10/2024 19:02 25.3 80 306
8 | 28/10/2024 19:03 25.3 79 296
9 | 28/10/2024 19:03 25.3 79 308
10 | 28/10/2024 19:04 25.3 78 314
11 28/10/2024 19:04 25.3 77 306
12 28/10/2024 19:05 25.3 77 295
13 28/10/2024 19:14 24.5 84 179
14 | 28/10/2024 19:14 24.5 85 255
15 28/10/2024 19:15 24.5 86 248
i6 28/10/2024 19:16 24.5 88 233
17 | 28/10/2024 19:17 24.5 88 221
18 | 28/10/2024 19:17 24.5 88 247
19 | 28/10/2024 19:18 24.5 89 247
20 | 28/10/2024 19:18 24.5 89 248
21 | 28/10/2024 19:19 24.5 89 249
22 | 28/10/2024 19:19 24.5 89 244
23 | 28/10/2024 19:20 24.5 89 245
24 | 28/10/2024 19:20 24.5 89 243
25 28/10/2024 19:21 24.5 88 237
26 28/10/2024 19:21 24.5 88 272
27 | 28/10/2024 19:22 24.5 8% 262
28 28/10/2024 19:22 24.5 83 582
29 28/10/2024 19:23 24.8 90 3438
30 28/10/2024 19:23 28 92 3911
31 0/2024 19:24 31.3 88 2082
sheet1 [ cp) [ET—
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