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Denoising and ridge detection

Ridge detection

VO USR] o e
PRIPNG ST [5 ' .

Non-Local Means denoising

1. Preprocessing



Simple Linear lterative Clustering (SLIC superpixels)
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Superpixel : cluster of pixels that share similarity
and spatial proximity
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« Captures image redundancy
« Convenient primitive representation of the image
* Reduces the complexity of subsequent processing
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2. Achanta et al., SLIC superpixels compared to state-of-the-art superpixel methods

2. Segmentation
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Graph of superpixels

HEEE
1000

AT L

o
EHrﬂr
L
[

L

L

E=lamlamls

LD

.

IN|EN|EN EE|EE
aminmisninminnin

u

L

L
uln

L

et
minmlin
L]
O
LT

Nodes: superpixels

Graph : Set of nodes V and edges E

Edges: similarity measure between 2
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2. Segmentation



Graph of superpixels

Graph : Set of nodes V and edges E
« Nodes: superpixels
« Edges: similarity measure between 2

superpixels
A B
V ={A,B,C,D}
/ E = {(4,B),(4,),(C,D)}
C

2. Segmentation

Similarity measure (distance):

» Color distance (CIE2000) based on L,a,b color
components

D(vi, vj) = AE3000(m;, m;)

v;,v; . nodes
AE,000 : CIE2000 color difference (standard)
m;,m; : mean of L,a,b components



Region merging

Group similar superpixels to create bigger regions - Merge nodes whose edges have low values
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2. Segmentation 29



Region classification

« Separation of the regions in 3 classes:
« Text (Tx)
« Contours ()

« Background (B) '.

 Classifier: Support Vector Machine (SVM)

 Training data:
« Samples of cadaster maps coming from the venetian cadaster

3. Classification

23



Parcel extraction : flood fill

Regions classified as B are used as seed points and the result of
ridge detection filter is used to delimit the regions

Flood fill :

« Starting point initialization (seed point)
 Filling of the region by pixel-to-pixel diffusion

« Stop the diffusion when all the pixels delimited by the
contours have been filled

4. Parcel extraction

Seed point

24



Parcel extraction : polygons and georeferencing

* Approximation of filled regions into polygons

« Corner coordinates according to image referential
(x,y) exported into GeoJSON format

» If image is georeferenced - exported polygons can
directly be imported into GIS software

@ )

{"geometry": {"coordinates": [[[2311867.735200507¢,
5035105.466485897], [2311864.413514898,
5035097.681285249], [2311865.451541651,
5035096.850863847], [2311865.451541651,
5035095.397626393], [2311863.7906988463,
5035091.3493220555], [2311870.2264647153,
5035089.4808739005], [2311874.3785717273,
5035102.663813664]1]1]1, "type": "Polygon"}

;o)
& Y

4. Parcel extraction

25



Georeferenced parcels
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Parcel’s label extraction

* Locating:
« Locate regions labelled as Tx
« Group digits of same identifiers

77, 747,

(

« Extraction of boxes containing labels

Orientation correction using Principal
Component Analysis (PCA)

5. Label extraction



Label transcription with CRNN

« Convolutional Recurrent Neural Network (CRNN)

: . : SI Pred: 5599
» Convolutionnal layers ; compact encoding of image -/

information :}l;é// Pred: 6457
« Reccurent layers (LSTM) : handle sequences of -~ »
arbitrary length 2697, Pred: 2633
» Training data : ‘1‘9‘}‘\‘5\
« Synthetic data generated from MNIST dataset (100K) b" BL\ W e
« Handwritten numbers extracted from venetian \’
archives (~ 30K) 5'704_ Pred: 2704
‘ '/Zé% Pred: 2686
2338. #2425 \7] 757 o
663l

/6925585932951 9

3. Shi et al, An end-to-end trainable neural network for image-based sequence recognition and its application to scene text recognition

6. Digits transcription



Results



Parcel extraction results




Parcel extraction results

loU threshold 0.6 0.7 0.8
Parcel recall 0.77 (623) |0.76 (616) |0.72 (583)
Parcel precision 0.55 0.54 0.51
Extracted parcels 1144

Ground truth 810

(parcels with labels)

true positives

true positives = [O, 1]

recision =
€ [0' 1] p total retrieved

recall =
total ground truth



Label extraction and transcription results

3326 332 (score: 1.48)
|J3Ir2 3342 (score : 5.77)
J 34’-5'«] 3345 (score : 10.29)
‘3‘33.3\ 3333 (score : 3.97)

, DQIH' 334 (score : 4.74)
‘34'4/ 3341 (score : 10.76)

6363\’ 336 (score : 2.70)
, ~
';} 91.9 (' 3329 (score : 7.35) J#J}’/ 6457 (score : 1.37) 332, 3321 (score : 1.15)

—— )
\J'JZ\Z 3322 (score : 5.19) Jz.y 0 3390 (score : 10.52) Sﬂ 3349 (score : 3.77)
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Label extraction and transcription results

Label locating Inter : 0.8 Inter: 0.9 loU : 0.5
Recall 0.81 (596) 0.77 (568) 0.36 (266)
Precision 0.59 0.57 0.26
Extracted labels 1004

Ground truth (labels) 736

Label transcription Inter : 0.8 Inter: 0.9 loU : 0.5
Recall (correctly transcribed) 0.50 (367) 0.48 (356) 0.28 (208)
Precision 0.62 0.63 0.78
Character Error Rate (CER) 0.20 0.19 0.10
Ground truth (labels) 736




Label transcription: what are the errors ?

Type Of errors Edlt diStance

Insertions

2 edits
22%

16%

Deletions
53%

1 edit
45%

Substitution
S
31%

3 edits
19%

4 edits
14%

34



False positive labels and transcription errors . how
to detect them ?

transcriptions (%)

Transcription's score distributions

25 1

20

—e— false positive located labels
—+— true positive located labels
—=»=- correctly transcribed labels
—-~- all labels

10.0 12,5 15.0 17.5 20.0

score

cummulative sum (normed)

Cumulative sum of transcription's scores

1.0

0.8 -

0.6 1

0.4 1

0.0 -

Ll

Bl true positive located labels
i false positive located label
Bl correct transcription

0.0 2.5 5.0 7.5 10.0

score

125 15.0 17.5 20.0
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Decreasing false positive rate using scores

%

100 A
90 A
80 -
70 A
60
50 A
40 A
30 A
20 A
10 A

Transcription results for different thresholding values

e~
-
——
_— =
T g o —_——— i —— oo

—e— Recall

Precision

--=- CER

Threshold on score 0.0 3.0

Recall transcription 0.50 (367) | 0.45 (334)
Precision transcription | 0.62 0.84

CER 0.20 0.05

Total transcriptions 596 399

threshold score

36



Full working pipeline to process cadaster images
50 % labels correctly transcribed

/2 Y% parcels correctly extracted

Precision can be increased using score’s information



Contact information

Digital Humanities Laboratory dhlab.epfl.ch

Demo version of the code github.com/dhlab-epfl/cadasters

Sofia Ares Oliveira sofia.oliveiraares@epfl.ch

Isabella di Lenardo isabella.dilenardo@epfl.ch

Frederic Kaplan frederic.kaplan @epfl.ch
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