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1. System Configuration

The project is done on 64-Bits windows 1loperating system with 8 GB ram with intel(R)
core(TM) i5-8300H CPU @ 2.30 GHz
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Figure 1. System Configuration

2. Software Requirements

For the project we have used following software

Anaconda 2.3.3
Python 3.9.19
Jupyter Notebook
Google Colab
Spyder 5.5.1
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Figure 2. Anaconda Navigator

3. Creating Environment in anaconda navigator
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4. Anaconda Navigator CMD to install libraries

Figure 4. CMD.exe console to install the libraries

5. Anaconda Navigator Spyder IDE
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Figure 5. Spyder IDE 5.5.1



6. Creation of google colab notebook
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Figure 6. Creating google colab new notebook

7. Google colab new notebook view
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Figure 7. Google colab new notebook view




8. Selection of runtime type
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Figure 8. Selection of runtime type

9. Selecting home directory and installing ultralytics in Google colab
environment
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Figure 9. Selecting home directory and installing ultralytics in google
colab environment




10. Downloading roboflow dataset
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Figure 10. Downloading roboflow dataset

11.Downloaded dataset for Wildfire
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Figure 11. Downloaded Dataset for wildfire




12. Training epochs of YOLO V8

i
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Figure 12. Training epochs of YOLO V8
13. Downloading trained data of YOLO V8
° ingort zipfile
inport o5

514}

¥ Set the directory path for the folder you mant tn download
dir_path = */conteot/runs”

# Set the path for the 2ip file you want to create

tip path = */content/FIRE s, tip*

¢ Create a 2ipfile object
ziph = zipfile.Ziprile(zip path, 'w', zipfile.Z1P DEFIATED)
¥ Close the zipfile object

# walk through all the directeries and subdirectories in the given path
for root, dirs, files in os.walk{dir_path):
for file in files:

# (et the abswlute path of the fils
file_path » os.path.join(root, file)

# Add the File to the 7ipfile object
ripfowrite(file_path)

¢ Downlood the zipfile

dpf.close()

from google.colab import files

files.downlozd(zip path)

Figure 13. Downloading trained data of YOLO V8
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14.Confusion Matrix of YOLO V8
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Figure 14. Confusion Matrix of YOLO V8

15. Confidence Curve Of YOLO V8
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Figure 15. Confidence Curve of YOLO V8
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Precision

16. Precision Curve of YOLO V8
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Figure 16. Precision Curve of YOLO V8

17. Precision and recall curve of YOLO V8

1.0

0.8

o
o

Precision

o
S

0.2

0.0

0.0

Precision-Recall Curve

fire 0.252
smoke 0.149
all classes 0.200 mAP@O0.5

0.2 0.4 0.6 0.8 1.0
Recall

Figure 17. Precision and recall curve of YOLO V8
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18. Recall curve of YOLO V8
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Figure 18. Recall curve of YOLO V8

19. All YOLO V8 Result
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Figure 19. All YOLO V8 Result
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20. YOLO V8 Wildfire Detection Results
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Figure 20. YOLO V8 Wildfire Detection Results

21. Obtained Results Data for training of YOLO V8
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Figure 21. Obtained Results Data for training of YOLO V8
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22. Python Libraries

The project uses following python libraries:

a)

b)
c)

# Ultralytics requirements
# Usage: pip install -r requirements, txt

# Base
matplotlibs=i.2.2
numpy »>=1.18.5
opancyv-python»=4.6.0
Pillow»=7.1,2
PyYAML>=5,3,1
requests>=2,23.0
scipy»=1.4.1
torch»=1.7.0
torchvision»=0.8.1
tqdms=4.64,0

# LlogRlng — =~ e v e v
tensorboard>=2.4.1

# clearml

# comet

HPLOCLAINE - mm e e e e e
pandas>=1.,1.4
seaborn>=0.11.0

# Export -----c-.- cesmmamenna - ceceeaa

# coremltools»=6.0 # CoreML export
onnx»=1.12.0 # ONNX export

onnxsim>=0,4.1 # ONNX simplifier
nvidia-pyindex # TensorRT export
nvidia-tensorrt # TenszorRT export

scikit -learn«=0.19.2 # CoreML quantization
tansorflows=2.4.1 # TF exports (-cpu, -aarchéd,
tflite-support

tensorflowjss>=3.9.0 # TF,js export
openvino-dev>=2022.3  # OpenVINO expart

Tz

# Cxtras

psutll # system utllization
thop»=0.1.1 # FLOPs computation
wheal>=0.38.0 # Snyk vulnerability fix
W ipython # interactive notebook

# albumentations>=1,0.3

# pycocotools>=2.0.6 # COCO mAP

robof low

-macos)

Figure 22. Libraries in requirements

Pillow
SVM

d) Tensorflow

e)
f)
9)
h)
i)
)
K)

Keras

Matplotlib
Opencv-python
Ultralytics
Scikit-learn
Plot_keras_history
OpenpyxI

12




23. Collection of weather dataset

Field Name Description Units Data Type
DailyAverageDewPoint Temperature Average daily dew point temperature Fahrenheit (° F) Int
DailyAverageDryBulbTemperature The average daily dry bulb temperature

recorded Fahrenheit (° F) Int
DailyAverageRelativeHumidity Average daily Humidity Per ze(%o) Int
DailyAverageSeal evelPressure Average daily sea level pressure Inch of mercury (Hg) Int

Daily average station

presstire
DailyAverageStationPressure Inch of mercury (Hg) Int

DailyAverageWetBulbTemperature

Average daily wet bulb temp e

Fahrenheit (° F)

Int

DailyAverageWindSpeed

Average wind speed in
mph

Miles Per Hour (mph)  |Int

DailyAverageDewPointTemperature Average daily dew point temperature Fahrenheit (° F) Int
DailyAverageDryBulbTemperature l}e‘:‘;:age Sily dey bell tepermhint Fahrenheit (° F) it
Daily peak wind
direction
DailyPeakWindDirection Compass Degrees Int
Daily dry bulb
temperature
DailyDryBulbTemperature Fahrenheit (° F) Int
DailyPrecipitation Daily precipitati Inch(in) Int
PeakWindDirection Maximum wind direction Compass Degrees Int
DryBulbTemperature Dry bulb temperature Fahrenheit (° F) Int
recorded
Date MM DD YYYY Date
Figure 23. Collection of weather dataset
24. Historical wildfire Dataset
[Field Name Description Data Typ
X Latitude Decimal
Y Longitude Decimal
Discover Year Year of the fire Number
Fire Number Alternative ID for each fire that occurred Number
Total acres burnt Number of acres burnt by fire Decimal
County Region of the fire incident Text
Slope A Integer value indicating slope of the region  |Integer
Elevation A Integer value indicating elevation of the region|Integer
Fire Name Name of the fire Text
Ignition Start date of the fire DateTime
Fire Out End date of the fire DateTime
Location Area of the fire in the county Text
Fuel model Presence of fuel levels in the area Text
Cover Class Type of land cover in the area Text
Fire_Intensity Length of the flame of a fire Text

Figure 24. Historical Wildfire Dataset
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25. Vegetation Dataset

Index

Description

Formula

INDVI

Quantifies the greenness and is useful to understand

density and health of the plants

(NIR - R) / (NIR + R)

Used to detect the water content in the vegetation

(NIR - SWIR) / (NIR +
SWIR)

EVI

Quantifies the greenness and corrects the

atmospheric conditions

*R-C2*B+L))

G *((NIR-R)/ (NIR + C1

Used to identify the area bumnt after the fire

(NIR - SWIR) / (NIR +
SWIR)

It modifies the NBR to highlight the water content in the

vegetation after the fire

(SWIR1 - SWIR2) /
(SWIR1 + SWIR2)

Figure 25. Vegetation Dataset

26. Input dataset for LSTM
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Figure 26. Input Dataset for LSTM
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27. Pre-processing Of LSTM

an

class Preprocessing:

gef

oof

Antt__(zelf,cotaframe):
ielf . of=datafrane

dataPreprocessing(self):

print(*\n")

print( Shape of the flle’)

P e L PP P PP PP PPN
print(self.df,shape)

print("\n")

print( ‘tumber of Misxing Values per Toluen®)

P T S T T PP PP PP
print(*\n")

print(self . df . fsoull{).sum())

print("\a")

print( verisble types”)

print( reeesrenne R RN A AR
print(self df .dtypes)

1isitPer « lon(zelf.df) * .08

WLE OF » sulf of . dropra(thrashelinltPer, axis«)

print(“\n")

print (“Nusber of Ml
print(  eeesssene
print("\n")
print(sstf . df . Seoull{).sum())

Valuss por Column AFter Data Cleaning')

D R L LT RN

self . @f[‘Date’] = pd,to_dstetime(selsf df[ Date”]). dt,strftine( Sataly' ), astypelint)

print(*\n")
print( #ind Correlation Bstween D

DRINT( At rssecarasttbanntaarbnana

print(*“\n*)

ibotes” )

FRRAssiusRRRRRRAsAsR AN TR R RRanal)

corrmatrissyelf . df, corr(methods pearaun’)
print(“The correlatioo matrix: )

print("\n")

print{corrmatrix)

plt.subplots()

sns, set(reef figore figsize':{35,21)})
sns.heatmap{corrmatrix, vmax«8.9, square=Troe)
ple shoul)

Figure 27. Pre-processing of LSTM

28. Data Segmentation of LSTM

ag

def AnttLsTM(self):

X_train, X_test, ¥_train, v_test= train_test split(self.X, self.y, test size=0.25, random_state=-52,shuffle=true)

print{X_train.shape)
peint{y_train.shape)
print{X_test.shape)
print{v_test.shape)

scaler - MinMaxScaler()

train X=scaler.fit_transform{X_train)
test_X-scaler.transform(X_test)
train_vescaler.fit_transform(Y_train)
test_v=scaler.transfora(y_test)

train_X1 = train_X.reshape((train_X.shape[0],1,train_x.shape[1]))
train ¥1 = train_Y.reshape((train_v.shapefe],1,train_¥.shape[1]))
test X1» test X.reshape{(test X.shape[®],1,test X.shape[1]))
tost_Yi- test_VY.reshape((test_Y.shape[e],1,test_Y.shapa[1]))

print{traln_Xi.shape, traln ¥i.shape, test Xl.shape)

Figure 28. Data Segmentation Of LSTM
15




29. LSTM Model

wodel = Sequential()

wsodel. add(LSTM{ units=29, return_sequesces=Trye, inpet_shaps={train X1.shape[1], train_X1.shape(2])))
wodel . add(Dropout (.2))

sodel. add(LSTH{units=48, return_sequesces=Trys)}

odel. add(Dropout (8.2))

sodel, add(LSTH{ units=80, return_sequesces=Trus)}

wodel. add{Dropout (2.2))

sodel. add(LSTH{units=60))

wodel. add{Deopout (2.2))

sodel.add(Dense(units=28 activation="tanh'))

sodel . add(Dense(wmits=1, activation="tanh'))

nodel. compile] optimirer='udem’ loss="sean_squared error’, seteics=["accuracy’})
history=sodel.fit(train X1, train Y1, epochs=se(f.nusber of interaticas, batch_size=18,validaticn_data={test X1, test Y1), shuffle=false)
sodel . save( L STMcdellata, hs")

show_histary (histeey)

plot_history(history, path="loss Accoracy.peg”)

plt.close()

Figure 29. LSTM Model

30. LSTM Accuracy Graph

Accuracy Loss
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00 —— Testlastvalue: 0.7736
0 100 200 300 400 500 ] 100 200 300 400 500
Epochs Epochs

Figure 30. LSTM Accuracy Graph
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31. Main GUI

I ¥ VALD FIRE CLASSFICATION DETECTION AND TRACKING SYSTEM - o X |

-120327158

2004-07-28

Figure 31. Main GUI

32. Image Pulling

1 - isport os
:  import requests

4 bef getlnage(date, cord):

5 url = 'https://wis.sarthdata nata. gov/api /vl/snapshot PREQUES T=GetSnapchotAl(RS=EPS6: 4326 ARAP=DAYRLAYERS=MODIS Taera Correctediaf]lactant
page = requests.get(url)
f_ext = 'Input_rap. jpg
with open(f_ext, 'wt') as f:

: f.arite{page.content)
] return 1

Figure 32. Image Pulling
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33. Pulled Image for given co-ordinates

Figure 33. Pulled image for given co-ordinates

34. SVM Test
18  def isFireDetected(img):
b print("inside SVM")
12 retsultstr="Fire"
13 test_image = load_img(img, target_size=(224,224))
14 # plt.imshow(test _image
15 test_image = img_to_array(test_image)
16 test_image=test_image/255
17 test_image = np.expand_dims(test_image, axis = @)
18 result = model.predict(test_image)
19 #print(result
20 if result[0]>0.3 and result[@]<1:
21 retsultstr="No Fire Detected"
22 else:
23 retsultstr="Fire Detected"
24
25 return retsultstr

Figure 34. SVM Test
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35. Fire Detection

121.76168 | # Fire Detection Re

-120.327158

Figure 35. Fire Detection

36. YOLO V8 Detection

35 def startDetection(input_imagepath):
36 model = YOLO("model/best.pt"”,"v8")
37 frame=cv2.imread(input_imagepath)
38 detect_params=model.predict(frame, conf=0.4, save=False)
39 print(detect_params)
49 for box in detect_params[@].boxes:
A 41 clsID = box.cls.numpy()[@]
2 conf = box.conf.numpy()[@]
3 bb = box.xyxy.numpy()[@]
44 x1 = int(bb[e])
5 x2 = int(bb[2])
46 yl = int(bb[1])
47 y2 = int(bb[3])
A 48 value=round(conf, 3)
50 print(“Reached 1")
51
52 text = " Pothole" + str(round(conf, 3)) + "%"
53 cv2.rectangle(frame, (x1, y1), (x2, y2), (e, @, 255), 3)
54 font = cv2.FONT_HERSHEY_COMPLEX
55 cv2.putText(frame, text, (x1, yl), font, 1, (@, &, 255), 2)

Figure 36. YOLO V8 Detection
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37. YOLO V8 result display

53 from PIL import Image
54 img = Image.open('Yolo_Detected.jpg')
55 img.show()

Figure 37. YOLO V8 result display Code

38. YOLO Detected Image for Wildfire

Figure 38. YOLO Detected Image for Wildfire
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39. LSTM Testing Pre-processing
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import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

class Preprocessing:
def __init__ (self,dataframe):
self.df=dataframe
def dataPreprocessing(self):
limitPer = len(self.df) * .94

self.df = self.df.dropna(thresh=limitPer, axis=1)

self.df['Date'] = pd.to_datetime(self.df["Date"]).dt.strftime( ' %Nd%aXy').astype(int)

corrmatrixsself.df.corr(method='pearson’)

return self.df

Figure 39. LSTM Testing Pre-processing

40. LSTM Parameterized Constructor

class LSTMNeuralNetwork:

def _init_ (self, X,Y,name,no_of days,date,co_ordinates,dataframe,pulled_image path):
self.X=X
self.Y=Y
self.name=name

self.no_of_days=no_of_days
self.date=date
self.co_ordinates=co_ordinates
self.df=dataframe

self.pulled_image path=pulled_image path

Figure 40. LSTM Parameterized Constructor
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41. LSTM Test Model

W e
=

[

-
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def AnitLSTN(self):

X_train, X _test, ¥_train, ¥_tost= train_test_split(self.X, self.¥, test_siza«8.25 candoe_state=52,shuffle=Tru
print(X_train,shape)

scaler « MinMaxScaler()
train_X=sceler.fit_transform(X_train)
test_Xoscalee transforn(X_twust)
train_Yescaler.fit_transform(Y_train)
test_Yzscaler tronsforn(Y_test}

train X1 « train_X.reshape({train_X.shape[9],1,train_X.shape[1]))
train_Y1 = train_Y.reshape((train_Y.shape[0],1,train_Y.shape[1]))
tost_Xil= test X.reshape((test X.shape[8],!,test X.zhape[1]))
test_Yi= test_VY.reshape((test_Y.shape[0],1,test_Y.shape[1]))
print(train_Xi.shape, train_Yi.shape, test_X1.shope)

model = Sogquential()

model . add(LSTM(units=20, return_sequences=True, input_shape=(train_X1.shape[1], train_Xi.shape[2])))
nodel . add(Dropaut (0.2))

nodel . add(LSTM(Lnitsasd, return_soquances=Trua))

model. add(Dropout{€.2})

model . add(LSTM(n it s=80, return_soquences=True) )

nodel . add{Dropout(@.2))

model . add(LSTM(unit==580))

nodel . add(Dropout (8.2))

model . add(Dense{units<dd activations'tanh'))

nodel . add(Dense{units=1, activation="tanh'))

nodel . load_weights( madel/L5TWOdalData. h5')
predicted_fire_status = model.predict(test_X1)

df= pd,DataFrame(X_test[ Date'])

df= pd.to_datetime(df[ Date’'], formate'Sdlely’).dt.date

l;\vukdlt.e:pd.Series(d'.unlque()) Jtolist()

Figure 41. LSTM Test Model

42. LSTM Test Root Mean Square Error

testresult=[]
datalisteself df .values.tolist()
cordinates=[]
for val in datalise:
drow=[]
drou.appand(val(7])
drow, append(val[6])
cordinates. append{drow)
with open('predicted _Cord.czv', ‘w') as f:
write = csv.weitor{f)
write, writecows(cordinotes)
e |
for row in inputdste:
value=praedicted_fire_status(i]
valuelzstr{rom)

1f valuec=8.84:
value=i
wlse:
value=1
testrosult _append(valug)
is=1

MapInit. drawFirelattern(s«lf.no_of_doys,s«lf . date,s«!f co_ordinotes,self. pulled_image poth,testresult)
peint("\n")

printz“'““““““""ﬁnc\! Mean Square Error Using (STHSessssssssssssnsssne™)

print(“\n")

IstmtestScore = math,sgrt(mean_sguared_error(test_ Y, predicted_fire_status))

print('Reot Pean Sguare Eccar far LSTN', lstetostScoee)

frame_folder="flesults™

frames = [Image.cpen(image) for image in glob.glob(f"(frawe_falder)/*_27G")]

frame_one = frames[0]

frame_one.save( LSTH output gif’, format<"CIF", appand_images«=frames save alleTrue, duration=328, loop=86)

Figure 42. LSTM Test Root Mean Square Error
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43. LSTM Flow

19
20
21
22
23
24
25
26

import pandas as pd
import preprocessing
import Test_Processing

def startLSTM(co_ordinates,date,pulled image path):

datasetpath="1S1M Traln/Final_combined datasetst,xlsx’
no_of_days=5

df=pd.read_excel(datasetpath)
print(df.head())
pre=preprocessing.Preprocessing(df)
df=pre.dataPreprocessing()

X«df[[ "Date’, 'Temperature’ ,'Relativedumidity’, 'WindSpeed’, 'windDirection’,’'Precipitation”,
‘longitude',“latitude’, 'ndvi’ ,'SLOPE', "ELEVATION,'FUEL_COVER','LAND COVER']]
Y=df[["Fire HonFire'])

1=Test_Processing.LSTMNeuralNetwork(X, Y,"LSTH" ,no of days,date,co_ordinates,df pulled image path)
L.initLstm()

Figure 43. LSTM Flow

44,GPS Mapper

28
29
3@
31
32
33
34
35
36
37
38
39
48
41
42
43
a4
45
46
47
48
49
5@
51
52
53
54

def plot_map(self, output='save', save_as='Fire_Pattern_Predicted.png’):
self.get_ticks()
fig, axisl = plt.subplots(figsize=(1@, 19))
axisl.imshow(self.result_image)
axisl.set_xlabel( Longitude’)
axisl.set_ylabel( Latitude’)
axisl.set_xticklabels(self.x_ticks)
axisl.set_yticklabels(self.y_ticks)
axisl.grid()
if output == ‘'save’:
plt.savefig(save_as)
img_points = []
if os.path.isfile( 'Fire_Pattern_Predicted.png'):
imageob = Image.open('Fire_Pattern_Predicted.png').convert( 'RGB")
width, height = imageob.size
pix=imageob.load()
for i in range(width):
for j in range(height):
col=pix[i,]]
R=col[e]
G=col[1]
B=col[2]
if(R>=280 and R<=249):
if(G>=140 and G<=1865):
if(B>=12@ and B<=165):
img_points.append((i, j))
return  img_points

Figure 44. GPS Mapper
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45. Grid Marker

import matplotlid.pyplot as plt
import matplotlib.ticker as plticker

def gotGriDImage():

try:
from PIL import Image
axcept ImpartError:

import Image

image = Image.open('fire_Pattern Predicted.pog')
gridiinewidth=5
figaplt.figure(figsizes(float(image.size[®])/gridlineWidth, float(image.size[1])/gridlLineWidth), dpiegridLinewidth)
axes=fig.ad¢_subplot(111)
gridintervale127.
location = plticker.Multiplelocator(base=gridinterval)
axes.xaxis.set_major_locator(location)
axes,yaxis.set_major_locator(location)
axes.grid{which="najor’, axise'both’', linestylee'-', linewidthe1@,colors wogapae’')
nx=abs (int(float{axes . get_xlin()[1]-axes.get x1im()[0])/Float{gridinterval)))
nysabs(int(float{axes.get_vlin()[1]-axes.get_ylim()[e])/float{gridinterval)))
for 3 in range(ny}:
yegridinterval/2+3*gridinterval
for 1 in range(nx):
x=gridInterval/2. +float(i)*gridInterval
axes. text(x,y, {:d}' .format{i+i®nx), color="Me0002a’', fontsize='25", has'center’, vas'center')

Figure Grid Marker

46.Grid Marked Image

Latitude

4098723

40,7859

40.5845

40,3831

401817

39.9803

35.778%

-121.5226 -121.2835 -121.0444 -120.8053 -120.5662 -120.3272

Longitude

Figure 46. Grid Marked Image
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47. Unique Co-ordinate Estimation

52 for points in img_points:

53 x=points[@]

54 y=points[1]

55 if((x>pl and x<p3) and (y>p2 and y<p4)):
56 newrow=[]

57 newrow.append(x)

58 newrow.append(y)

59 newpoints.append(newrow)
650 else:

61 if(x<pl):

62 x=pl+abs(p1-x)|

63 if(y<p2):

64 y=p2+abs(p2-y)

65 if(x>p3):

66 x=x-abs(p3-x)

67 if(y>p4):

68 y=y-abs(p4-y)

69

70 newrow=[]

71 newrow.append(x)

72 newrow.append(y)

73 newpoints.append(newrow)
74 uniquepoints=[]

75 uniquepoints=remove(newpoints)

Figure 47. Unique Co-ordinates Estimation

48. Nearest Co-ordinate Estimator

186 for row in sumlist:

107 if(k<no_of_days):|

188 testimgob = Image.open{finpath).convert( RGE")
109 xl=row[@]

118 vi=row[1]

311 kwk+1

112 if(k==1):

113 mx=x1l+pval

114 mysyl+pval

115 peintl = np.array({(mx, my))

116 point2 = np.array({(x1, yi))

117 dist = np.linalg.norm(pointl - point2)
118 temprow=(]

119 temprow.append({x1)

128 temprow.append(yl)

1 temprow.append(dist)
2 finlist.appeond{temprow)
else:

.
2] vali=random.randint(e,100)
s val2erandom.randint(e,108)
126 xl=x1l+vall
127 yl=yleval2
28 pointl = np.array({mx, my))
129 point2 = np.array((x1, yl1))
138 dist = np.linalg.norm{pointl - peoint2)
331 temprows[ ]
132 temprow.append({x1)
133 Temprow, append(yl)
134 temprow.append{dist)
135 finlist. append(temprow)

Figure 48. Nearest Co-ordinate Estimator
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49. GIF File Opener

50.

class Imagelabel(tk.Label):
"""a label that displays images, and plays them if they are gifs
def load(self, im):
if isinstance(im, str):
im = Image.open(im)
self.loc = @
self.frames = []
try:
for i in count(1):
self.frames.append(ImageTk.PhotoImage(im.copy()))
im.seek(i)
except EOFError:
pass

try:
self.delay = im.info[ 'duration']
except:

self.delay 100

if len(self.frames) == 1:
self.config(image=self.frames[0])
else:
self.next_frame()

def unload(self):
self.config(image="")
self.frames = None

def next_frame(self):
self.update()
if self.frames:
self.loc += 1
self.loc %= len(self.frames)
self.config(image=self.frames[self.loc])
self.after(self.delay, self.next_frame)

Figure 49. GIF File Opener

LSTM Root Call Flow
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from PIL import Image
img = Image.open('Yolo_Detected.jpg')
img.show()

co_ordinates=1latl+”, "+longl+”, "+lat2+", "+long2

print(“calling LSTM test")

import LSTMTEST_Init

LSTMTEST_Init.startLSTM(co_ordinates, date, image path)

import GIFFieOpener

from threading import Thread

guithreadl = Thread(target = GIFFileOpener.OpenGIF, args = ())

guithreadl.start()

Figure 50. LSTM Root Call Flow
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51. Tracking path for 5 days

09871

407559

05845

403031

401817

Lattude

399803

wIre

-121.332¢ 1257000 121 0445 -170 3 1203687 1363272
ngtude

Figure 51. Tracking path 1

“«y8an
0.7859
405840
QI8
‘ﬂ: 1817
» a0

397789

1215226 1212835 1210444 120 8053 120 5662 2020
Longtude

Figure 52. Tracking path 2
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Latitude
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Figure 53. Tracking path 3
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Figure 54. Tracking path 4
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Figure 55. Tracking path 5
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