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Figure 3. Overview of the recognition framework with the proposed methods highlighted.
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Figure 4. Patch SMNs: (a) image of the 15 scenes dataset (category: MITtallbuilding), and (b) probability maps illustrating each component
of the patch SMNs. Each row corresponds to SMNs obtained for a different visual descriptor.
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Table 1. Accuracy (%) for different context models.
Method (feature) 15 scenes LabelMe Sports

No context model
Baseline (gradient) 78.9 86.5 83.9
Baseline (shape) 80.0 85.0 84.3
Baseline (color) 75.4 724 72.8
Spatial context (7x7 patches)

Spatial (Gradient) 81.0 86.7 83.7
Spatial (Shape) 814 84.9 83.9
Spatial (Color) 76.6 72.9 73.1

Multiple feature context
Multi-feature 82.5 88.3 854
Joint multi-feature spatial context (7x7 patches, y = 0.1)
MFS 835 88.9 85.9
Extended MFS 85.7 89.3 86.9
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Table 2. Comparison with related works.

Dataset Method Accuracy (%)
SMN[23] 717
LDA[24] 76.6
CMN][23] 772
ObjectBank[16] 80.9
15 scenes Kernel descriptor[3]° 82.2
SPMSM[8] 82.5
SR-LSR[16] 85.7
Proposed (EMFS) 85.7
Object-to-Class kernels[38] 88.8
Wang et al[30] 76.0
SPMSM[8] 87.5
LabelMe Kernel descriptorp3]® 87.3
Proposed (EMFS) 89.3
SR-LSR[16] 89.8
Li and Fei-Fei[12] 73.4
ObjectBank[13] 76.3
SPMSM|8] 83.0
Sports SR-LSR[16] 83.9
Kernel descriptor[3] 85.2
Object-to-Class kernels[38] 86.0
Proposed (EMFS) 86.9

* Results are based on our own implementation using the
code available from the authors.
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Table 3. Comparison on MIT67 dataset.

MIT67 Method Acc (%)

Baseline (gradient) 347

Baseline (shape) 36.9

Baseline (color) 26.8

Froposd Proposed (MF) 024
Proposed (MFS) 4.7

Proposed (EMFS) 48.2

ObjectBank[16] 37.6

Object-to-Class kernels[38] 39.6

Deformable Part Models[19] 43.1

SPMSM|8] 4.0

Sparse Spatial Coding[11] 444

State-of-the-art Geometric Phrase Pooling[35] 464
Linear Distance Coding[33] 46.7

1IFV[27] 60.8
Discriminative parts[5] 64.0
Places-CNN[39] 682
CNNaug-SVM [25] 69.0
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Figure 7. Effect of entropy regularization on the patch SMNs. The spatial neighborhood is 3x3 patches.
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Table 4. Comparison on SUN397 dataset.

SUN397 Method Accuracy (%)
Baseline (gradient) 254
Baseline (shape) 23.2
Baseline (color) 18.2
Froposed Proposed (MF) 304
Proposed (MFS) 34.9
Proposed (EMFS) 40.7
SUN (HOG)[34] 272
SPMSM|8] 28.2
Meta-classes[1] 36.8
State-of-the-art ~ SUN(MKL)[34] 38.0
CNN (Decaf)[6] 40.9
IFV[27] 472
Places-CNN[39] 543
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