IMAGE CLASSIFICATION USING OBJECT DETECTORS
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PROPOSED PIPELINE COMBINATION

object detectors spatial pyramid > Explore the combination between our signature
' and low-level representations : BossaNova (BN) and

Fisher Vectors (FV) [2]

> Combination by late fusion — learn individually
each classifiers and compute a linear combination :

f(x) = afours(r) + (1 —a)fenrv(z) (1)

fours : classification score for ours signature

CONTRIBUTIONS

> New method for spatially pooling response maps
for object detectors to create a discriminative and
compact 1mage signature
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> Combine our representation with BoW-like repre-
sentations
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NEW SPATIAL POOLING STRATEGY

> 2 object detectors :
e Latent SVM object detectors [3| for most of

i '® i 2 maximums

response

—> g fenFv : classification score for BossaNovaFisher
the blobby objects 1 &
o Texture classifier by Hoiem [4] for more : C
texture- and material-based objects/regions sum / ; ONCLUSION
: > ) : .
> Final image representation Z concatenates the | sky ~ objects textures Drl;(})tretfﬁ(;;lr;i?%;%ﬁ’l sum-pooling is more appro-
aggregation operator, denoted as aggr(r, c) for each image representation g ! §
detector ¢ and regions r : _ > Good results with a compact image representation
| pool J/ > The combination with low-level representations
7 = laggr(r,c , , | pooling
N h [fg(ig t( " )](T’C)E{l’NT}X{l’NC} (" eana outperforms state-of-the-art performances
. : number of detectors

N, : number of spatial regions t.exture classifier
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sum(r,c) if cis a texture
n-max(r,c) otherwise

aggr(r,c) = 4

\\

RESULTS

Dimension : N, X (n X Nop; + Nieat)

Nop;: number of object detectors o Dataset : PASCAL VOC 2007 (20 classes) o “One-versus-all” SVM classifier with RBF kernel o Boceing Sooah
Nteet: number of texture detectors o Spatial Pyramid Matching : 1 x 1,2 x 2,3 x 1 o Object detectors : & G
> Spatial pooling With n ma).cimums | o Classification performance : Mean Average Preci- e 20 latent SVM object detectors [3] which corre-
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