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Abstract:

Geographic Information Systems (GIS) play a vital role in providing and designing flood maps and
their probability, especially through their integration with modern machine learning (ML)
techniques. The aim of this research paper is to highlight the importance of the integration between
these two technologies in drawing flood risk maps. In order to achieve this goal, we studied the case
of the city of M'sila, which is one of the areas in Algeria most prone to this type of hazard.

The study resulted in drawing a map using GIS that identifies the most flood-prone areas in the city
of M'sila and achieving the desired goal, after comparing the results of three machine learning
algorithms, which are the extreme gradient boosting (xGboost) model, the random forest algorithm,
and the k-nearest neighbor algorithm. Each of these algorithms gave a certain level of accuracy,
with the latter reaching 97.92%, 95%, and 93.75%, respectively. Finally, the first model, which
gave the highest accuracy, was used in the process of drawing the final map, which is the xGboost
model.

Keywords: Geographic Information Systems (GIS); machine learning (ML); floods; machine
learning model.
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df .head(4)

elevation Precipitation

df = pd.read_csv("flood data.csv")

Slope Distance_Rivers

Land_Use flood ---

0 478 251917 2.08627
1 476 251.900 272401
2 476 251900 272401
3 475 251.900 0.80035

1416.05  urban area 1 1 Precipitation
2 Slope

139201 Dbarren lands 1 3 Distance Rivers
4 Land_Use

139201 Dbaren lands 1 c  flood

1392.01 barren lands 1

8 elevation

Hon-Hull Count Dtype

315
315
315
315
315
315

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 315 entries, @ to 314
Data columns (total & columns):

#  Column

non-null
non-null
non-null
non-null
non-null
non-null

dtypes: floatb4(3), int64(2), object(l)
memory usage: 14.9+ KB
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floated
floated
floatsd
object
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df = pd.read_csv("flood &) jeall &_MGJ\
df.head(4) -

elevation Precipitation Slope Distance_Rivers Land_Use

0 473 251.917 2.08627 1416.05  urban area
1 476 251.900 2.72401 1392.01 barren lands
2 476 251900 2.72401 1392.01 barmren lands
3 475 251900 0.80035 1392.01 barren lands
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F1 score recall precision  Accuracy (%) Layylgd!
0.9855 0.9714 1.0 97.92 XGboost
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2023 coUlslas] e el

-11 -



Alceal) Alla —Sllimdl) Sl WA sy 3 GIS dihiall Cilagleall oy ML &) e il

ekt 2.4
AUC, roc_curve sl gobi Lal ¢ 5 b1 plin plone 3 25 el el cllly XGboost 34 e sluxe¥) ¢
3l LAl oy sl SV s pde Sy 3gadl e 385 e ST ST

roc_curve s AUC s :(04) 3, [Kadt XGboost z35ed casdl Bgiwas :(03) o3, |2

104
30
0.8 1
NO o 25
0.6 20
15
0.4
10
YES 1
0.2 1
s
0.04
T T T T o °
* &

T T
0.0 0.2 0.4 0.6 0.8 1.0

i Predicted label
False Positive Rate | | y=0.8792; misclass=0.0208

True Positive Rate
True label

2023 el slas) e 1 yauall

Pl Lede Jsadl o2 it SULy degaz o Iolae) dhodal Bes o5 (oaidly LasY) C‘ﬁj plang z3gadl s s e ST s
A3V o 8L (aild) B8 (Lol V1 (o LuEVST s Slil) Leshell aslad) SUL sds Jod RLadl Slaglall (o el
iome bl () sl SULY Ciead Jo 1B 23sadl s 000 G bl S e Wdlar Slishes Lod LS (2,0 Sllasaa)

Az s sy Sblad) ki

Tiged) pliseant 1(08) o3y 3500l

elevation Precipitation Slope Distance_Rivers Land_UsJ POINT_X POINT_Y ||| Target

0 445 263.944 1.92639 180.0 barmen landg| 6372314777 3.943284e+08 0

1 447 263902 113179 1500 barren landg} 6372614777 3.948254e+08 0
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