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Sketch Based Image Retrieval
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Sketch Based Image Retrieval

willl Bl 12:58 + w3 93N

< THE LOUNGE W

RESULTS FOR:

SEARCH AGAIN
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SBIR: Métodos Tradicionales

-Caracteristicas de bajo nivel-

(a nivel de pixel)

Number of regions (BxB) .
Number of cells (WxW) Number of orientation bins (K) SHELO_descriptor

wv v(
Cell Orientation Local Histogram SHELO Squared Root
Estimation Computation Composition Normalization

[histograma de orientaciones]

RN el

Vil -y

-

-—

CC6204 José M. Saavedra

Jose M. Saavedra. RST-SHELO: Sketch-based
image retrieval using sketch tokens and square
root normalization Multimedia Tools and
Applications, Springer, 2015



SBIR: Métodos Tradicionales

x € R

vector de caracteristicas
[feature vector]

S
il
Comparacion entre vectores de caracteristicas
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SBIR: Métodos Tradicionales

// distancia = disimilitud

x1

Para comparar vectores, usamos una funcion
de distancia. Mientras menor sea la distancia,
mas similares seran los objetos subyacentes.

CC6204 José M. Saavedra



Funciones de Distancia

« Métricas para espacios vectoriales:

- Distancias de Minkowski:

d l/p
Lyx,y)= (Z |&; — y,.|f‘) p =

i=1

Manhattan (p=1)j
Li(x.y}) = Z |l — ]
i=1

Euclidiana (p=2)

i I
Ly(x.y) = (Z |T; — ?;;IE)
=1

Maximo (p=inf)

A

' Y R D
Lo (x, }”} — Har; |-f*r Hf| CC6204 José M. Saavedra



Funciones de Distancia

« Métricas para espacios vectoriales:

- Bursting Effect: Grandes diferencias en muy pocas dimensiones
producen un gran diferencia entre dos vectores.

- Solucion Practica: Square-Root Normalization

sr_norm(x) = unit(sign(x) - v/ |x|)

CC6204 José M. Saavedra



SBIR: Métodos Tradicionales

-Caracteristicas de mas alto nivel-
KEYSHAPES

Sketch dataset [Eitz et al.]

Sketch Patch Keyshape .
Extraction - Generation key SHEFESJ

1O '
i | — 'h_t
SketchToken |~ _ | @ ¢ o e————
: spatial division :
Cnntmr Detecnﬂn sr E% é.g ‘-,F:?b_‘,a-._,-,_-:,-,----
N o | Eg voting | =™ LKS_descriptor
> T
b = R ——
— — — — — — —»| ¥2 198 |nomalization

Jose M. Saavedra, Juan Manuel Barrios. Sketch based Image Retrieval using
Learned KeyShapes (LKS) . In the proceedings of the 26th British Machine Vision
Conference (BMVC), Swansea, UK, 2015 CC6204 José M. Saavedra



SBIR: Métodos Tradicionales

-Caracteristicas de mas alto nivel-
KEYSHAPES

7 "l
‘ / \ i |
|

/ \ \. &

L

Un conjunto de seis KEYSHAPES basicos

Jose M. Saavedra, Benjamin Bustos. Sketch-Based Image
Retrieval using Keyshapes. Multimedia Tools and

Applications, Springer (2013) CC6204 José M. Saavedra



SBIR: Métodos Tradicionales

LKS
¢, Cuales son los KEYSHAPES?
\/x@émr\
f He—rr i e
%gg Y o4 \ [ A C— )~
/?a\)—ﬁ—f
i esdesiihis

~ 1 millon de patches
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SBIR: Métodos Tradicionales

LKS

= 150)

Clustering sobre los patches (e.g. K

rad:NHEINNN
HMEMEKEKRNEZIWNR
“NThRZME N da
NEAXZIEZIEL
EsZ2WFEHRZIEEYE
SXHENMEU=SS
HAHENSEENSEEVHARH
EXFAlSl SN 4SRN
ANNARNEYENN
Z2ZMNESNUN
MIEAMNEESERSESNER
NESLNEM=E=Eb =8
HNEIENNE &=
HERVEYYRANEHN
CHMZEMZHRIAT
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SBIR: Métodos Tradicionales

LKS
Representacion

RN
A

VEERZSNZFEMN
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SBIR: Métodos Tradicionales

Evaluacion

- Using two different datasets
 Saavedra (1326 images, 53 queries)
* Flickr 15K (14660 images, 330 queries) &
- Evaluation Metrics
* mAP: Mean Average Precision
* Recall-Precision Graphic

CC6204 José M. Saavedra



SBIR: Métodos Tradicionales

Mean Average Precision mAP

I

() :
R :

r,

Conjunto de imdagenes a buscar.,
Conjunto de consultas, sketches.
Ranking, conjunto de impagenes ordenadas.

= {x € I,q € Q|x es relevante para ()}

// ) \\
- q search €¢——
N

VYO 00 /00 /OO O

I’-1 If2 r3 If4 r5 r6 r? I’-8 r9 I’-10

r

11

r

12
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SBIR: Métodos Tradicionales

Mean Average Precision mAP

I Conjunto de imdgenes a buscar,
() :  Conjunto de consultas. sketches.
{1 Ranking, conjunto de impagenes ordenadas.

I',={x €l ,qg¢€ Q|r es relevante para ()}

Funcion caracteristica, x es relevante para q

: 1 xzel,
Jr, () = { 0 f

11 OLTO Caso

Precision
- . Precision indica pureza, varia entre 0 y
E F{I '{?'F;} 1 indicando minima y méaxima pureza,
—1 J respectivamente.
pr(is R) = =——— fr,(r:)

f

T — CC6204 José M. Saavedra

solamente en relevantes



SBIR: Métodos Tradicionales

Mean Average Precision mAP

Precision promedio dada una consulta q

Z pro(i, R) Zpr,},{ﬁ. R)

AP, (R) = APy (R) = =

L Tyl

Z fr, (r
=1

mean Average Precision
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SBIR: Métodos Tradicionales

Mean Average Precision mAP

VO 00/ 00 /yOO OB

R r

1

r

2

r

3

r

4

r

5

r

6

r

7

r

8

r

9

r

10

r

11

r

12

¢, Precision Promedio?
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Mean Average Precision para LKS

HOG | GF-HOG[15] | SHELO[25] | LKS gain
Saavedra’s | 0.2355 | wunreported 0.2766 0.3251 | 17.5%
FlickrI5SK | 0.0771 0.1222 0.1236 0.2450 | 98.2%

CC6204 José M. Saavedra



Recall-Precision

Precision

—# = | KS (mAP=0.2450)
—® = SHELO (mAP=0.1236)

-~
LS
\ Sy
e
.
-‘h"'-q.
I].E' I-.'.._ ‘-ﬁ"'--
‘h—h-""-l—h. *"'h-.
oL T,
o
=%
I] L L 1 L
1] 0.2 04 0.6 0.6 1
Recall
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LKS

Resultados
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SBIR: Deep Features

[dejemos que las caracteristicas sean aprendidas]

CC6204 José M. Saavedra



SBIR: Deep Features

training sketch  Sketch image
dataset :

L]
i

Y

Training a CNN for im2sketch

sketch classification ;'

Y Deep feature
—| extraction
for sketches

¥ %
Square Root
Normalization

v ¥
Similarity
Search

SBIR

Jose M. Saavedra, Camila Alvarez. DeepSBIR:
Sketch Based Image Retrieval using Deep Features.
In DLPR-ICPR, 2016
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SBIR: Deep Features

softmax

CC6204 José M. Saavedra



SBIR: Deep Features

=HEH TR | el R e R,y —
AN ESMEALRPIXLE B F =moTan
ROy vwyaieosHmOEmoiRE S
=220 fl=-0=ThdE& 0 4 b
WA vlemprsraadasP ! Poael b
RaO LBV 2NN\ =B F F-—q
CRTORTR ] Pmoas RNl T 4 —
P~ Q7 | [ 1RO [ 2§ [
@ PP DO =B\ /[
e >RGP/ D A00J@Dw L, 5

20.000 imagenes/250 clases

N
Mathias Eitz, James Hays, and Marc Alexa. How do humans
sketch objects
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SBIR: Deep Features

Visualizacion de filtros luego de entrenar en el contexto de sketches

"Ly

.'I 'hl

L ErA 1
I ™!

N IR AT <
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Dataset and Estimators

e Datasets [médulo tf.data]

image_01 1
image_02 20
i image_03 11
: image_04 10
: image_05 8
: image_06 1

. image_07 30 ’_

image_08 12
i image_09 5
: image_10 7

-]
-----

lista de imagenes a procesar

tfRecord ——

dataset
dataset
dataset
dataset
dataset

tf.data.
dataset.
dataset.
dataset.
dataset.

TFRecordDataset (filename)
map (fn)

batch (batch_size)

shuffle (buffer_ size)
repeat (n_epochs)

CC6204 José M. Saavedra



Dataset and Estimators

e Datasets [moddulo tf.data]

input_fn(filename, image_shape, mean_img, is_training, configuration):
dataset = tf.data.TFRecordDataset(filename)
dataset = dataset.map( x: data.parser_tfrecord_sk(x,
| image_shape[ ],
mean_img,
configuration.getNumnberOfClasses()))
dataset = dataset.batch(conf.getBatchsize())

is_training:
dataset = dataset.shuffle(configuration.getNumber0fBatches())
dataset = dataset.repeat(configuration.getNumber0fEpochs())

CC6204 José M. Saavedra



Dataset and Estimators

 Estimators

Permite relizar entrenamiento y pruebas en base a un modelo
definido por el usuario.

« D

data

arquitectura/optimizador/salidas
AN 4

" modelo ‘ \config

- ESTIMATOR <

model_dir/checkpoints
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Dataset and Estimators

 Definir un modelo

- Aqui se definen la arquitectura y el modelo de optimizacién

hape( features, [- 1, inpat_shape[ ], imput_shape[ ].

fcs = layers.fc r{cony_4_1, , name

{ . format t.get shapel).as List()}))

fed = layers.fec | , MR = 1

| ;i . aped ). a5 _L1stia)

feT = layers.fc |

return {“oufput®: fc¥, “desp_feature™: o}

CC6204 José M. Saavedra



Dataset and Estimators

Definir un modelo

model_fn (features, labels, mode, params):

15_training =

net = net_fn(features, parans| 1, params[

], is_training)
train_net = net| |

idy_predicted_class = tf.argmax(train_net,

lctions = | : Ldu_pre

: net|

V5. PREDI
.Estimato

idx_true_class = tf.argmax(labels,
tf.metrics. accuracy( Labels=idx_true_class, predictions=idx_predicted_cl

5_entropy entropy_with_logits wZ{logits = train_net, labels = labels)
= tf.r
ws . UPDATE_OPS)

rning_rates params| 1}

obal_: ?p=11.trnin.grt_glﬁhﬂi_11rnﬁi]
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Dataset and Estimators

 Entrenary Evaluar

tf . device(dev :
estimator_config model_dir = conf.getSnapshotPref
ckpolnts ste F

sknet.model_fn,
imator_config,
1 conf.getlearningRatel),
conf .getNumnberofClasses(),
: image_shape

tf.logging.set verboslity({tf.Llogging. INFO)

mean img,

is_trailning =

configuration
steps=conf.getNuwaberOfIterations()

tf.estimator.Evalspec(input_fn = : input_fnfilename_test,
image shape,
mean_img,
is_training =
configuration =
start_delay_secs = conf.getTestTime
throttle_secs 0

tf.estimator.train_and_evaluate(classifier, train_sp

CC6204 José M. Saavedra



Dataset and Estimators

Prediccion
tf.device(device_name):

classifier = tf.estimator.Estimator(model fn = sknet.model fin,
model_dir =
params = {

tf.logging.set verbosity(tf.logging.INFO)

filename = pargs.image
input_image = input_fn{filename, image shape, mean_img)
predict_input_fn = tf.estimator.inputs.numpy_input_fn(
x=input_image,
num_epochs=1 ,
shuffle=
]

L

predicted_result = (classifier.predict(input_fn = predict_input_fn))
prediction predicted result:
[ .format(prediction[
eatures = prediction[
Fformat{deep features.shape))

deep
)

deep features)

) f
(
(
(
(
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