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Meeting the Public
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What If ?

Deep Learning ++ GIS ]



MEVCEWA'E

Planner vs

Objects

Wha

How far is t

Ground Truth

Who Will Label



Multi Angle Capture
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Data Labeling
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Model Training



Image disparity

Consider Object size




Clustering



mib@h@m WE!WE

g ] | ‘h
i i ;
“'i .":_‘w ik 3 =
N = '4.- =
- . & 4
D JOTE C o
¥ ‘ 4 X 34 B r
[ N poke E <
) . .




df = dfDetecticons[’'class’].unique()

for classval in df:
print ('Class Walue®,classval)
predictionDFLocationsub = dfDetections[dfDetections| 'class']==classval]
print ( 'Class Records Count',predictionDFLecatienSub.shape[@])

if (predicticnbDFLocatienSub.shape[@]!=1):
coords = predictionDFLecationSub[[“pred lat™, "pred lon®]].walues

kms_per_radian = 6378137

epsilon = eps / kms_per_radian

db = DBESCAN(eps=epsilon, min_samples=min_features, algorithm="ball tree', metric="haversine').fit({np.radians(coords))
cluster labels = db.labels

num_clusters = len(set{cluster_ labels))

clusters = pd.Series([coords[cluster labels == n] for n in range(num clusters)])

print( ‘Number of clusters: {}'.formatinum clusters))

centermost points = clusters.map(get centermest point)

lats, lons,count,centreid lat,centreoid len = zip(*centermost _points)

rep_peints = pd.DataFrame({ 'lon’:lons, "lat':lats, 'count®:count, 'centroid lat®:centreid lat, 'centreoid len':centroid lon,
‘classvalue':classval, "classname’ :labels to names[classval]l})

mainDF = pd.concat([mainDF,rep_peoints])

else:

rep_peoints = pd.DataFrame({ "lon’:predictienDFLocationsub "3:1len®], 'lat':predictienDFLocationSub[*2:1at"], 'count':l,

‘centreid lat':predictionDFLecatienSub[ *pred lat'], 'centroid lon':predictienDFLocationSub[ "pred lon'],
‘classvalue':iclassval, 'classname’ :predictionbFLocationSub[ "classname® ]} )
mainDF = pd.concat([mainDF,rep_points])

outClassCsy = "G:ZPACI-DLAPACI OD'\strestview objectmapping'\Sample dataseth\Traffic lights S@h\lights all.csw™

mainDF[mainDF[ "lat"]!'=0].to _csvloutClassCsY,index=False)

print ( 'Done’)
return mainDF



Results



ClassName Class Code Distance

building ads 0 )
hedge 1 3
manhole ) 5
person 3 5
tree 4 10
van 5 5
gsm tower 6 20 Weighted Clustering
electricity box 7 10
rain manhole 8 6
bicycle 9 5
turn sign 10 10




Before Clustering




After Clustering

Considerations:
* Object size

Distance (depth)
Prediction accuracy



Validation
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Surveyed vs PredictedData
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Summary:

* Update Kuwait Finder underlying services

* Provide data products to other organizations

* Enhance government services

* Reduce time for GIS data update from new data sources

* Enrich GIS data repository with new data features

* Maximize the utilization of CAMERA output to new data products
* Moving from Satellite imagary towrds oriented imagary



Future

* Build Localized Depth Model
 Add More Images
 Add More Classes

~ * Use Lidar Point Cloud
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