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Towards Generic Image Classification with
Tree-Based Learning: an Extensive Empirical
Study: Supplementary data

Raphaél Marée, Pierre Geurts, and Louis Wehenkel

I. INTRODUCTION

This document includes some supplementary data (re-
sults, explanations, tables, figures, and images) which we
could not include in the main paper due to space constraints.
Topics covered in this supplement are:

« Listing and short description of all 80 datasets and

their evaluation protocols: Table |, Figures 1 to 4

« Computational requirements and implementation de-

tails of the methods

« Results for both method variants and their parameters

— ET-DIC subwindow size intervals: Table Il
— ET-DIC subwindow descriptors: Table 1lI
— ET-DIC number or random tests: Table IV
— ET-DIC number of trees: Table V
— ET-DIC minimum node sample size: Table VI
— ET-FL subwindow size intervals: Table VII
— ET-FL minimum node sample size: Tables VIl
and IX
— ET-FL number or random tests: Table X
— ET-FL encoding scheme: Table XI
— ET-FL number of trees: Table XII
o Results with simple optimizations, Table XIlI
o Comparison with other methods
— Comparison with extremely randomized trees
without random subwindows: Table XIV
— Comparison with baselines: Table XV
— Comparison with various other approaches

Il. DATASETS
A. Description of all datasets and evaluation protocols
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Datasets Images Img sizes Protocols Classes Short description Ref.
ACROSOMES 1851 +100 x 100 10 RS x 1296/555 2 intact/damaged acrosomes of boar spermatozda [1
AGEMAP-FAGING 850 1388 x 1040 10 RS 423x 106 4 mouse liver tissues at different development stages[2
ALL-IDB2 260 256 x 256 10 RS x 208/52 2 normal and lymphoblast cells 3
ALOI 72000 192 x 144 1 1000/71000 1000 uniform background, viewpoint changes 4
ALOT 25000 384 x 286 10 RS x 10000/15000 250 textures with varying illuminations 5
APOPTOSIS 700 67 X 67 10 RS x 630/70 2 DIC images of (non-)apoptotic cells 6
BINUCLEATE 40 640 x 512 10 RS x 20/20 2 DAPI images of binucleate and regular cells 2
BIRDS 600 various 10 RS x 300/300 6 background, illumination, orientation 7
BREAST-CANCER 361 760 x 570 10 RS x 289/72 3 biopsies of breast cancer (H&E straining) 8
BUILDINGSAB 249 +800 x 534 10 RS x 68/181 68 grayscale buildings 9
BUTTERFLIES 619 various 10 RS x 182/437 7 www butterfly pictures 10
BUTTERFLIES-CLEAN 619 various 10 RS x 182/437 7 same but butterflies are cropped 10
CALTECH-101 9145 various 10 RS x 3030/5168 101 objects and clutter 11
CALTECH-256 29780 various 10 RS x 7680/6400 256 objects and clutter 12
C.ELEGANS 237 1600 x 1200 10 RS x 120/117 4 C.elegans muscles at different ages [2]
C.ELEGANS-LIVEDEAD 97 +400 x 400 10 RS x 78/19 2 C.elegans live/dead assays 13
CHARS74KEIMG 7705 +50 x 50 10 RS x 930/930 62 characters in natural images 14
CHO 327 512 x 382 10 RS x 100/65 5 subcellular localizations 15
CIFAR-10 60000 32 x 32 1 50000/10000 10 tiny object/scene images 16
COIL-100 7200 128 x 128 1 100/7100 100 uniform background, viewpoint changes 17
CONVEX 58000 28 x 28 1 8000/50000 2 single white convex regions on black background [18
ETH-80 3280 256 x 256 20 RS 2952/328 8 man-made objects 19
EVENTS 1579 various 10 RS x 560/480 8 sport scenes 20
FAMOUSLAND 1000 +300 x 200 10 RS x 800/200 100 www pictures of famous places 21
FLOWERS17 1700 various 10 RS x 1360/340 17 flowers, pose, light variations 22
FLOWERS102 8189 > 500 x 500 10 RS x 2040/6149 102 larger set of flowers 23
GALAXYZOO 75746 200 x 200 10 RS x 49991/25755 4 galaxies from imaging sky survey 24
GTSRBCROP 51839 +75 x 75 1 39209/12630 43 traffic signs 25
HCC 363 +3096 x 4140 20 RS x 266/14 14 Human carcinoma cell lines 26
HEP2 721 +100 x 100 10 RS 361/360 6 cells in indirect immunofluorescence 27
HPA 1057 +64 x 64 10 RS x 952/105 4 Immunostaining patterns 28
INDOOR 15620 > 200 x 200 10 RS x 5360/1340 67 indoor scenes 29
IRMA 2005 10000 < 512 x 512 1 9000/1000 57 human body radiographs 30
IRMA 2006 11000 < 512 x 512 1 10000/1000 116 human body radiographs (fine-grained) 30
KTH-TIPS 810 200 x 200 10 RS x 400/410 10 scale, illumination, pose changes 31
KTH-TIPS2 4752 200 x 200 20 RS 3564/1188 11 texture categorization 32
LANDUSE 2100 256 x 256 10 RS 1680/420 21 land use from overhead imagery 33
LYMPHOMA 374 1388 x 1040 10 RS x 337/37 3 biopsies of lymphoma (H&E staining) [2]
MMODALITY 5010 +1200 x 1200 1 2390/2620 8 biomedical imaging modalities 34
MNIST 70000 28 X 28 1 60000/10000 10 handwritten digits centered on uniform background[35
MNIST-12000 62000 28 x 28 1 1000/50000 10 subset of MNIST 18
MNIST-ROTATION 62000 28 x 28 1 12000/50000 10 digits with random rotation 18
MNIST-BIMG 62000 28 x 28 1 12000/50000 10 digits with background image 18
MNIST-BRAND 62000 28 x 28 1 12000/50000 10 digits with random background noise 18
MNIST-BIMG-ROT 62000 28 x 28 1 12000/50000 10 digits with random background noise and rotation [18
MSTAR-S1 3617 128 x 128 1 1860/1757 3 synthetic aperture radar images 36
NATURALSCENES 4485 +300 x 200 10 RS x 1500/2985 15 graylevel natural scenes (OLIVA superset) 37
NORB-UNIFORM 58600 96 x 96 1 24300/24300 5 normalized object sizes and uniform backgrounfl [38
NORB-JITTCLUTT 349920 108 x 108 1 291600/58320 6 jittered objects and cluttered background 38
OLIVA 2688 256 x 256 10 RS x 1200/1488 8 color images of natural scenes 39
ORL 400 92 x 112 10 RS x 200/200 40 graylevel, centered, faces 40
OUTEX 864 128 x 128 10 RS x 432/432 54 color textures 41
PFID 1098 +250 x 250 10 RS x 732/366 61 segmented fast food items 42
POLLEN 6039 25 x 25 10 RS x 5490/549 7 pollen grains [2]
PPMI24 4800 258 x 258 1 2400/2400 24 people holding or playing instruments 43
PUBFIG83 13838 100 x 100 10 RS 7470/830 83 unconstrained faces of celebrities 44
RBC 5062 128 x 128 10 RS x 1500/1125 3 red-blood cells 45
RECT-BASIC 51200 28 x 28 1 1200/50000 2 tall or wide rectangles at variable position 18
RECT-BIMG 62000 28 x 28 1 12000/50000 2 same with backgrounds 18
RNAI 200 1024 x 1024 10 RS x 160/40 10 cells following RNA interference [2]
SEROUS 3652 +25 x 25 10 RS x 3286/366 11 serous cells 46
SHAPE1 724 500 x 500 10 RS x 200/100 10 geometric object classes 47
SMEAR 917 < 500 x 500 10 RS x 825/92 2 Cells from PAP smears 48
SOCCER 280 +300 x 300 10 RS x 175/105 7 soccer teams 49
SPORTS 2449 +500 x 375 10 RS x 1837/612 5 www pictures of sports 50
SOIL-24 264 +360 x 288 1 24/240 24 man-made objects, uniform background 51
SOIL-47 987 +360 x 288 1 47/940 a7 man-made objects, uniform background 51
STOIC-101 3847 +320 x 240 | 3187/660 101 color buildings in Singapour 52
STOMATA 114 +320 x 320 10 RS x 103/11 2 opened/closed stomata Arabidopsis thaliana [6]
STONEFLY9 3845 > 1000 x 1000 1 2697/1148 9 stonefly species 53
SUBCELLULAR 948 +512 x 382 10 RS x 862/86 10 subcellular localizations 54
SUN397 108754 > 200 x 200 10 RS x 19850/19850 397 scenes from abbey to zoo 55
SWELEAF 1875 > 1500 x 1500 10 RS x 1125/750 15 swedish leaves, uniform background 56
TERMINALBULB 970 300 x 300 10 RS x 280/690 7 DIC of pharynx terminal bulb [2]
TINYGRAZ03 1148 32 x 32 10 RS x 1033/115 20 tiny object/scene images 57
TSG-60 180 320 x 240 10 RS x 120/60 60 color buildings 58
UIUCTEX 1000 640 x 480 10 RS x 500/500 25 grayscale textures 59
WANG 1000 384 x 480 10 RS x 500/500 10 from Corel collection 60
XEROX-6 1082 various 10 RS x 984/98 6 users’ pictures of objects 61
ZEBRATOXIC 1249 696 x 520 1 1153/96 3 developmental status of zebrafish embryos 62
ZUBUD 1120 640 x 480 1 1005/115 201 color buildings in Zurich 63
TOTAL [ 1517317 ] - - [ 3854 - [
TABLE |

SUMMARY OF DATASET CHARACTERISTICS AND EVALUATION PROTOCOIS (| MEANS ONE RUN WITH INDEPENDANT LEARNING AND TEST SETS OF

GIVEN SIZES, X RSMEANS X RUNS WITH RANDOM SAMPLING OF INDEPENDANT LEARNING AND TEST &TS OF GIVEN SIZES.




SUPPLEMENTARY MATERIAL, 2015

B. lllustration of biomedical datasets
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Fig. 1. lllustration of bioimaging classification datasedtckled in
our experiments, including various cells, tissues, emfrywreparation
protocols and imaging modalities.
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C. lllustration of other datasets
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Fig. 2. An overview of several image classes used in our @xgetal setup. Images taken from publications or websifeth® datasets from
AGEMAP-FAGING to FLOWERS17 (see Table | for a summary of datacharacteristics).
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Fig. 3. An overview of several image classes used in our é@xgetal setup. Images taken from publications or websifeth® datasets from
FLOWERS102-CLEAN to RNAI (see Table | for a summary of datad®aracteristics).
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Fig. 4. An overview of several image classes used in our é@xgetal setup. Images taken from publications or websifeth® datasets from
SEROUS to ZUBUD (see Table | for a summary of dataset chaisiits).
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IIl. METHODS

A. Computational requirements

The computational requirements could be subdivided ir
the method steps.

1) Random Subwindowss location and size of random
subwindow are choosen randomly, the detection proces
is very fast compared to common interest point detectior
methods that involve several image operations (normaliza n
tion, convolution, resampling, ...). Then, resizing sufbwi ‘ kM
dows to a fixed-size essentially depends on the image siz v
(number of pixels) in original subwindows, which could be
time-consuming when large subwindows are extracted fron
large images. In practice, we observed nearest neighbor ir *
terpolation yields comparable recognition results (altjto Bcc—= — Toc]
on a few datasets recognition results were lower) while

being much faster than bilinear or bicubic interpolation.
2) Extra-Trees:The time complexity of the Extra-Trees

training algorithm is on the order &I’ N;;logN;s. The size

of the Extra-Trees may grow substantially with very large

training sets of subwindows, but the propagation step is ol

the order of Ny.s:T'd, where N;.s; denotes the number of

m [001 106 |01 |
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subwindows extracted from an image, athdhe average v
tree depth (which is on the order afgNV;; as we observed
in our experiments). Thus, the approach scales very weily. 6. ET-DIC. Training one tree (left), prediction with @ansemble of
and, moreover, it is highly parallelizable. trees (right).

Regarding space complexity, during learning, each tree
of the ensembile is learned individually and could be saved
after its construction. Thus the minimum memory require-

ment is the memory space necessary for one tree, and g%%mates which dimension equals to the number of classes
memory to store the training set of subwindows. A binary; . . q . '
his could be highly memory demanding when there are a

decision tree has a theoretical maximum number of nOdIo? of classes and when we use a large number of training
equals to2N;; — 1 nodes when fully developed, but this .
q s y P ubwindows and trees are deeply constructed. For ET-FL,

number is generally smaller in practice. In internal nOde%ere is no information stored at terminal nodes. alobal
an attribute index and a real-valued threshold are store ; ' 9

in addition to two pointers to successor nodes. Image representation being calculated on-the-fly, so te tr

In ea) emble model is significantly light
terminal node, for ET-DIC we store a vector of probabilit)?nsem € model IS sighificantly fighter.
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i ANE M The present study was made possible due to the avail-
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ability of a computer cluster of roughly 450 cores (with
up to 512GB of main memory per server) which reduced
roughly 40 years of single processor computing times
downto several months. The amount of intermediate data
generated was also substantial, on the order of several tens
of terabytes.

5) Availability: To ease future research and comparison,
we offer our single-threaded, command-line, Java imple-
¥ K mentation of the method on request. We are also integrating

7o in a rich internet application [66] multi-threaded version
of these algorithms in Python based on the scikit-learn

7 toolbox [67]. See http://www.montefiore.ulg.ac. bmaree/
for updates.

R Yy

v
LEAF1 LEAF2 LEAF3 LEAF#
e[ 0 1 0 [004l 1o ]

SVM PREDICT

(@]

Fig. 7. ET-FL: training an ensemble of trees from random sotews,
building global feature vectors and training SVM (left);opagation of
random subwindows of a test image in the ensemble of tredsljrigu of
its global feature vector, prediction of its class with SVMssifier (right).

3) Final classifier in ET-FL: For the ET-FL variant,
the final classifier has to be built which space and time
complexity depend on the specific implementation. With
Libsvm, time complexity depends on the number of it-
erations which may be higher than linear to the number
of training images [64]. With Liblinear implementation,
time complexity scales linearly with the number of training
images.

4) Implementation details:All our experiments were
done using our Java implementation of random subwindow
extraction and Extra-Trees. For ET-FL, we integrated the
Java implementation of the SVM linear classifier of LIB-
SVM 02.85 [64] that uses a “one-against-one” approach
for multi-class problems, with default parameters (C-SVC
with costC = 1, e = 0.1). For larger problems (e.g. where
the number of instances or classes was very large, and for
Nmin < 1000 andT" > 10) we used the faster LIBLINEAR
[65] tool v1.34 also using default parameter values (L2-
loss SVM (dual) solverC = 1, e = 0.1). As suggested by
authors of these packages, each attribute was normalized
using the svm-scale tool before training the SVM model
and the normalization parameters obtained on the training
set are used to scale each test instance.
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IV. RESULTS

A. Tables of method variants and influences of parameter
values

In the main paper we only presented summary of our
results for ET-FL variant averaged over the 80 datasets.
Below, we first present summary graphs also for ET-DIC,
in Figure 8 together with ET-FL graphs (already in main
paper) to ease comparison.

In the following pages, we report detailed results for
each parameter studied individually for both variants ET-
DIC and ET-FL. Otherwise stated, our experiments are
run using a fixed number of subwindows for training (a
total of approximately 1 million training subwindows),
those are resized tt6 x 16 pixels encoded by raw pixel
values in greylevels or in thé/ SV colorspace if images
are colorized, " = 10 trees are built with the filtering
parameter equals to the rounded square value of the number
of attributes (ie.16 for greylevel images ané8 for color
images), n.;, = 2 corresponding to fully developped
trees in ET-DIC andn,,;, = 5000 for ET-FL, terminal
node frequency encoding for ET-FL, and a fixed number
of test subwindows. In order to study the influence of
each parameter individually, in each following table we
vary a single parameter while the others remain constant.
We first find the best subwindow size intervals for each
method (ET-DIC in Table Il and ET-FL in Table VII), then
other parameter influences are evaluated based on the best
size interval for each dataset and each method (ET-DIC in
Tables Ill to VI, and ET-FL in Tables VIII to XlI).

10
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Fig. 8. Results averaged over all 80 datasets. ET-DIC (tved dolumns): Left: average of error rates for all dataseth wilbwindow size intervals
(1st row), pixel descriptors (2nd), number of random te8tsl)( number of trees (4th), minimum node sample sizes .(8hond column: Number

of datasets for which the parameter values yield the best eates. ET-FL (two last columns): Third column: Averageeofor rates for all datasets
with subwindow size intervals (1st row), image represémaf2nd), number of random tests (3rd), number of trees)(4timimum node sample sizes

(5th). Right: Number of datasets for which the parameteneslyield the best error rates. See Supplementary TablesXll tfor detailed results.
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Datasets 1x1 0 — 10% 0 —25% 0 —50% 0 —75% 0 — 90% 0 — 100% 25 — 50% 25 — 75% 25 — 100% 50 — 75% 50 — 100% 75 — 100% 90 — 100%
ACROSOMES 37.87+ 1.00 19.48+ 3.12 9.75+ 1.22 6.27+ 1.27 5.26+ 1.13 6.88+ 1.46 6.29:+ 1.06 4.02+ 0.31 4.99 £ 0.86 5.86+ 0.94 5.60+ 0.83 5.96+ 0.91 5.59:+ 0.69 5.78+ 0.97
AGEMAP-FAGING 54.48+3.01 55.99-1.94 55.434.08 56.16£5.19 53.62£3.19 54.10£2.98 53.7H:3.74 51.96:4.92 51.713.90 49.62+4.41 49.14+2.56 50.29k3.27 47.90£4.78 47.23:3.02

ALL-IDB2 8.85+3.57 5.96+2.50 3.08+2.88 1.73£2.35 1.92t1.72 234115 1.92+1.49 1.73£1.60 0.96+1.29 1.35+1.23 1.92+1.92 2.12+1.60 1.15£1.28 2.50£2.28 %2}
ALOI 65.59 50.22 41.81 30.47 24.08 23.01 22.63 23.03 _ 2257 22.63 22.87 23.33 25.00 25.76 %
ALOT 66.12+0.20 44.76£0.38 43.19-0.48 42.74+0.30 42.11-0.37 41.46t0.38 40.760.38 38.8-0.37 39.080.36 38.47:0.29 37.48£0.32 36.67-0.40 34.080.40 31.64-0.36 o
APOPTOSIS 42.861+0.0 31.71+ 1.40 19.71+ 291 12.29+ 3.90 12.43+ 3.56 1457+ 1.40 12.43+ 3.89 13.14+ 2.98 11.86+ 3.94 12.43+ 3.84 12.14+ 2.87 1171+ 2.84 8.14+ 2.86 11.29+4 3.03 E
BINUCLEATE 48.724-0.00 4.36£5.26 4.361+5.85 7.44+4.36 6.15£6.51 8.97:4.33 4.62+3.59 6.41:6.20 9.74+:5.94 6.92£7.07 12.56k6.12 7.95£6.33 11.54£7.80 12.56E5.67 <
BIRDS 66.07+1.93 62.8-2.69 58.5-1.29 56.77:-1.65 51.87:2.26 51.30£2.15 50.07:-2.50 50.67:-1.53 47.60£2.37 48.60£2.05 44.9%3.43 46.531+2.29 46.60£3.34 49.16:2.62 g
BREAST-CANCER 20.69+£2.59 15.00£5.23 14.72£3.06 18.06£5.38 14.44-3.41 16.142.93 17.78£3.15 17.78£3.39 13.33:4.49 14.72+4.13 15.28t5.16 14.58£1.89 16.94£3.15 17.78£3.72 =
BUILDINGSAB 82.82+2.15 44.42+-3.04 42.822.07 44.59+1.75 44.59-3.42 45.91-2.10 47.29-3.54 45.03+2.23 47.29-2.17 48.012.15 48.39+2.71 50.77-2.22 58.67-2.02 66.29-2.45 %
BUTTERFLIES 69.31+2.54 62.88-1.68 58.442.51 53.34-1.47 51.16k2.11 51.92-2.72 52.81-3.06 50.642.09 50.85-2.08 51.60:3.89 50.43£3.03 49.861-2.39 54.30+2.37 56.84+2.35 <
BUTTERFLIES-CLEAN 42.842.46 29.4+-2.36 24.22+-3.39 21.78:2.49 20.911.96 21.22£2.25 20.58:1.61 17.80£1.41 18.69+1.43 18.56£1.49 20.29-1.42 22.49-1.26 24.64-1.78 30.02t1.55 <
CALTECH-101 88.24 85.85 82.38 79.8 76.89 76.11 74.66 77.11 74.80 72.92 4373 71.82 _70.61 73.21 2‘
CALTECH-256 96.47+0.21 94.92+-0.08 93.82:0.33 92.24+0.29 91.04-0.22 90.12+0.37 89.84+-0.37 90.57-0.34 89.64+0.26 88.83t0.36 88.82+0.40 88.30£0.24 88.2610.26 89.3940.19 m
C.ELEGANS 46.751+3.11 41.54-4.68 38.63:4.97 44.53+6.12 46.75:4.56 47.52+3.16 48.46£3.27 40.68£3.67 46.043.41 50.17:3.22 46.32+4.29 48.55£3.95 48.46£3.20 50.34:2.40 X
C.ELEGANS-LIVE-DEAD 47.891+-1.58 10.53+ 4.08 7.37+ 6.32 4.74+ 2.83 3.16+ 3.49 579+ 3.68 5.26+ 4.08 6.84+ 5.79 7374 4.82 3.16+ 258 3.68+ 3.37 7.89+ 6.34 4.74+ 437 6.84+ 5.29 ,:E
CHARS74K 97.29+0.36 93.55+-0.88 91.58-0.84 87.860.99 83.311.00 81.86:1.03 79.83-1.06 86.67-1.00 81.871.43 77.78£1.57 77.69-1.37 74.26£0.94 71.16-1.66 73.99+1.67 ;\J
CHO 27.38+3.63 2.92+£1.75 3.38£2.15 2.62£1.83 4.00£2.19 3.54+2.49 5.54+3.45 3.85-2.94 5.23t1.71 5.85-2.73 8.4613.10 8.77:3.23 14.7t4.25 21.38:4.98 o
CIFAR-10 77.70 69.07 67.59 64.21 61.16 58.71 57.45 59.91 57.25 54.02 2.895 50.84 _48.91 49.61 G
COIL-100 nv1 27.75 15.11 12.66 _1215 12.73 13.11 13.72 14.20 14.79 16.21 19.70 19.87 25.25 31.96

CONVEX 50.60 35.72 22.86 15.87 12.58 10.07 8.80 14.36 11.86 8.49 8310. 8.04 9.34 13.00

ETH-80 41.04+10.35 34.67:8.17 28.726.35 28.51-8.22 19.15-8.00 21.31-7.48 22.13-6.26 22.269.92 22.0%:5.65 21.43-21.80 21.806£5.83 17.74£7.39 16.83t5.17 17.44+6.05

EVENTS 49.924-2.04 43.71-2.20 43.25-1.98 42.29-1.89 37.48£1.63 37.33t2.18 37.38-2.47 38.7H-2.40 37.19£2.16 36.60-1.64 37.23t1.73 36.04-1.28 37.19+2.93 38.13t2.41
FAMOUSLAND 88.25+2.03 84.45+-2.37 81.75-2.37 777275 74.85-1.98 73.75£1.86 74.3-2.93 73.552.62 71.9£1.95 70.25£1.74 66.85-3.55 70.45£1.52 72.05-1.39 74.15-1.96

FLOWERS17 52.53+1.69 43.82£2.75 41.35:£2.53 35.940.93 37.32t2.15 35.58+1.93 33.97:-2.00 35.06:1.74 33.56t2.51 33.7H:1.98 33.88:3.18 33.24-1.16 34.79+£2.43 38.44+1.83
FLOWERS102-CLEAN 78.23 70.97 67.54 62.84 60.41 59.04 58.47 59.01 57.76 58.08 7.195 57.38 60.17 64.99

GALAXYZOO 29.93£0.12 26.39-0.14 21.19-0.19 14.76£0.14 12.69£0.23 11.88£0.21 11.36£0.20 11.42£0.15 10.940.15 10.09£0.15 9.68E0.27 8.78+0.20 6.43£0.16 4.22+0.17

GTSRBCROP 83.09 77.48 73.65 64.38 56.63 51.61 48.04 52.53 48.96 43.34 7.803 37.45 31.55 29.01

HCC 45.71+ 13.05 38.21+ 8.23 37.50+ 10.80 39.64+ 10.22 38.57+ 10.93 40.00+ 10.20 38.93+ 12.67 42.14+ 9.01 36.43+ 11.93 37.50+ 12.55 42.86+ 11.74 40.00+ 9.15 33.21+ 14.86 37.14F 10.50
HEP2-ICPR2012 66.89 66.21 63.62 64.17 64.03 63.62 64.44 63.90 62.67 63.90 64.17 64.85 64.85 65.12

HPA 17.43+1.91 1467+ 1.96 10.95+ 2.60 8.38+ 3.12 9.714 2.33 8.76+ 2.16 8.86+ 1.95 6.19+ 1.30 9.52 & 2.79 7.52+ 1.73 7.71+ 2.46 9.24+ 2.09 12.19+ 2.20 1457+ 2.04

INDOOR 91.68+0.45 87.84-0.84 87.68:0.82 87.60:0.89 86.96:0.64 86.66£0.94 86.70£1.16 86.63:1.03 86.46£0.53 85.681.11 86.53:0.72 85.09:0.90 85.24+0.88 86.610.99
IRMA2005-BALANCED 93.20 45.90 32.40 23.90 18.70 16.90 16.5 20.60 17.40 15.70 7015 14.90 15.10 16.80

IRMA2005 70.3 69.8 63.5 52.2 40.8 36.2 33.60 36.70 30.80 26.80 225 T 9019. 16.90 18.30
IRMA2006-BALANCED 95.60 64.60 47.5 37.0 335 31.30 29.90 34.00 31.80 28.80 30.5 28.00 26.40 27.50

KTH-TIPS 63.27+1.63 22.61-1.03 23.85+2.44 27.44+-1.08 27.560.89 28.371.19 28.7H-1.54 25.17-1.93 26.49-1.59 27.39£1.10 26.85-1.65 26.61-2.36 26.86E2.48 31.78-1.81

KTH-TIPS2 60.24+5.87 49.819.07 48.817.02 48.32:8.66 48.56£9.18 50.72£7.81 50.50£11.20 42.788.41 46.944+9.90 51.33t7.15 46.25-10.74 49.64:7.83 47.42£9.32 46.97%7.27

LANDUSE 40.174-2.58 30.7H1.15 30.26k1.65 29.57-2.11 30.81:1.22 30.19£3.11 30.50£1.53 29.21-2.57 31.00+1.67 30.6741.64 30.24:1.68 30.19-1.61 33.24-2.68 43.14+1.86

LYMPHOMA 35.41+£4.90 23.51-6.95 26.22+-5.55 25.41-6.64 28.11:4.55 24.86£7.91 27.03:6.51 21.35£7.20 23.51:5.68 20.81-8.64 22.43t4.84 23.51-4.53 20.54+-6.86 21.35+5.73

MMODALITY 46.22 26.11 26.34 28.47 28.78 29.20 29.16 29.81 29.50 30.08 31.68 30.73 2.183 33.44

MNIST 87.59 75.86 48.42 4.88 2.97 2.62 243 3.76 2.69 228 2.36 211 1.84 1.82

MNIST-12000 87.13 78.03 59.17 8.27 3.84 3.15 2.82 5.15 3.30 271 2.87 2.55 2.35 257
MNIST-ROTATION 87.73 83.38 79.17 45.46 18.36 14.13 12.20 30.39 15.10 11.33 2581 10.59 978 10.06

MNIST-BIMG 88.46 87.44 83.97 65.23 49.94 44.29 39.00 45.49 38.55 33.72 1.213 29.99 2735 28.02

MNIST-BRAND 88.40 87.01 81.08 59.97 44.86 35.35 28.93 40.38 33.62 24.30 3.502 19.13 T14.86 15.41
MNIST-BIMG-ROT 88.67 89.14 88.04 83.59 79.24 76.90 74.85 76.96 74.45 70.47 7.706 65.81 "61.60 63.46

MSTAR-S1 63.23 51.85 45.48 42.80 41.43 41.15 40.07 39.16 40.24 38.99 8.593 36.71 732,04 41.61
NATURALSCENES 83.52£0.70 54.19-0.48 51.460.62 52.09£1.17 54.32£0.80 55.16£0.98 56.42+-0.84 54.32+-0.80 55.62-1.38 57.63:0.89 59.75£0.85 60.53:1.04 64.62£0.53 69.640.93
NORB-UNIFORM 73.89 54.77 29.64 19.03 16.12 13.06 10.86 1451 14.03 9.50 .8610 8.07 5.24 5.27
NORB-JITTCLUTT 80.28 80.33 74.94 65.90 59.30 56.26 54.39 58.08 55.16 51.72 9.544 47.60 4357 43.77

OLIVA 55.38+0.96 45.611.82 40.7Q£0.73 36.32:0.62 34.42+1.01 34.13t1.19 33.88:1.17 34.50+1.38 33.93t1.36 33.95:0.77 34.7%0.85 35.38:1.21 38.26E1.68 41.53t0.96

ORL 53.05+2.38 3.35-1.18 2.2+1.36 11124 1.75+1.05 1.65£1.27 2.05-1.68 1.25+1.55 2.4+159 1.75£0.87 2.05-1.94 27145 1.95£1.25 3.2£1.73

OUTEX 5.23+1.00 2.0H0.72 4.3541.37 6.27£0.72 8.03t1.16 8.56+1.63 9.05+1.02 8.5Q£1.52 10.16£0.95 1139211 12.25-1.84 13.15£1.58 18.52£0.92 30.72£1.31

PFID 82.95+2.42 75.55-2.78 74.95-2.77 76.78-2.80 75.713.01 75.14-2.28 74.462.80 75.11£2.01 74.89-3.25 77.13£3.00 77.28:2.98 76.48-1.63 76.31-2.20 76.42£2.27

PPMI24 94.17 93.42 91.79 90.83 90.25 88.79 88.96 90.17 88.62 88.08 7.548 87.42 86.71 88.58

POLLEN 57.96+0.70 53.76k1.12 47.671.77 36.72:1.28 30.69:1.08 27.85£1.47 26.79:1.35 26.09:0.68 23.42-1.14 22.310.70 19.46£1.07 19.03£0.92 15.30E1.24 13.13£0.77

PUBFIG83 96.34+0.64 95.33+ 0.80 93.16+ 0.57 89.95+ 0.53 87.11+ 0.66 85.99+ 0.58 85.10+ 0.57 86.07+ 1.11 84.23+ 0.91 82.88+ 0.68 82.06+ 1.07 81.99+ 1.48 82,01+ 1.39 86.40+ 1.41

RBC 60.36+1.22 51.44-1.79 40.85-2.29 36.22+-1.59 35.7G£2.20 35.25-1.53 35.38-1.28 31.98-1.38 33.93t1.63 34.38£1.76 31.271.12 33.61£1.07 34.32-0.75 37.711.25

RECT-BASIC 50.03 18.72 6.13 0.26 0.02 0.01 0.01 0.06 0.01 0.01 0.01 0.03 0.05 0.60

RECT-BIMG 49.86 44.94 38.09 21.50 17.59 17.56 17.48 16.25 15.78 16.58 16.00 17.07 18.47 21.19

RNAI 76.5+3.57 42.75-6.17 45.251+6.17 51.25+5.27 58.0£4.58 61.75£6.71 62.25+-6.93 57.0:8.05 58.25£4.04 62.25+6.07 68.5-7.68 71.0£4.5 76.5£5.39 76.5£5.27

SEROUS 51.86+0.92 36.64-1.54 36.28-1.47 35.63-2.47 35.08£2.22 34.48-2.53 32.84-2.23 34.072.91 34.072.24 32.54-1.81 31.78-2.63 32.15+1.74 33.66£2.95

SHAPE1 59.0+5.76 52.0£4.82 39.6-4.84 29.63:2.78 22.6£2.73 22.9t3.75 21.5+3.96 21.9+3.94 22.2£4.02 19.3£2.57 18.5£2.77 19.5£4.10 15.7£4.56 17.3+3.1

SMEAR 15.05+2.60 1275+ 2.04 13.96+ 2.69 12.64+ 2.66 11.87+ 1.95 12.09+ 3.33 10.66+ 2.14 10.99+ 2.25 12.53+ 2.75 10.44+ 257 11.43+ 1.92 10.88+ 1.87 9.67+ 2.24 10.77 4+ 1.54

SOCCER 49.43+-2.78 30.57-5.26 24.863.11 23.24+1.82 18.8613.07 21.62-2.37 21.33-3.44 18.48£3.69 19.99+2.29 23.43t3.91 23.24-3.93 26.67-2.41 29.62+-2.96 37.14-4.06

SPORTS 29.62+1.61 20.98+-0.88 18.99-1.82 17.52£1.12 16.50£0.93 16.32£0.84 16.16£1.18 16.05£1.19 15.7#1.41 15.32-1.18 15.93+0.87 15.06£1.35 16.07+1.12 18.48£0.83

SOIL-24 27.08 1.67 00 0.0 0.83 5.0 20.83 0.0 0.42 11.25 3.33 19.58 42.92 62.5

SOIL-47 41.06 23.30 18.51 20.64 31.49 38.94 44.79 29.89 37.23 46.81 47.34 56.81 69.36 4.687

STOIC-101 73.94 61.97 75894 56.97 55.45 53.18 52.42 51.21 50.45 48.18 5.154 46.36 44.70 46.97

STOMATA 45.45+ 0.00 4455+ 2.73 39.09+ 10.79 36.361+ 10.76 37.27+ 15.98 20.00+ 11.35 21.82+ 14.77 2455+ 11.54 21.82+ 9.27 27.274 12.86 16.361 12.06 2545+ 11.35 23.64% 10.12 19.094 11.82
STONEFLY9 46.34 34.32 30.14 30.49 27.96 26.57 25.26 26.22 25.96 24.39 4.302 22.91 20.03 19.51
SUBCELLULAR 65.81+£3.42 37.67:5.53 35.583.90 23.95-4.60 22.213.98 21.40£4.54 19.88£5.21 20.47:-4.39 19.7#3.75 21.63£3.61 20.47:3.33 19.07:3.53 19.19+3.87 20.76E3.95

SUN397 98.76+0.08 97.54+0.10 97.14+0.11 96.57-0.10 95.94-0.10 95.51-0.12 95.30£0.13 95.54+-0.14 95.14+0.12 94.72+0.15 94.59+0.20 94.22+-0.12 94.25+0.12 94.88+0.10

SWELEAF 63.88+2.03 25.93+1.29 16.92£1.42 12.25£1.25 10.55£1.30 8.72£0.95 7.360.77 10.71£1.49 9.40+0.89 7.24£0.57 7.84+-1.13 6.95+-1.07 6.370.80 8.19+1.22
TERMINALBULB 74.69+1.80 68.162.07 66.67-2.42 65.80-2.49 63.75-1.80 65.982.67 65.92+-2.45 64.69-1.77 63.62+-2.89 64.12+-3.15 63.5612.99 64.20+2.24 67.69-1.76 74.14£2.00 S
TINYGRAZ03 60.53£3.10 52.65k3.29 49.473.18 49.02£3.74 48.32+3.96 47.88:3.64 49.473.30 47.79£3.82 49.82+2.50 48.58t3.10 47.6H2.65 49.73+4.71 50.27:-3.69 56.99:3.50

TSG-60 9.33+1.70 4.58:1.19 2.42+0.69 2.83t0.76 2.42+0.95 2.830.93 3.08£0.84 2.25£0.53 2.92+0.77 4.17:0.99 4.42£0.99 9.08+1.60 20.5£1.63 37.08:3.03

UIUCTEX 79.92+1.27 24.92+-1.89 27.68+1.67 34.161.60 36.62-1.81 36.80E1.21 38.08:1.73 36.88-1.14 37.96-1.82 38.06£2.34 40.06+1.92 39.86-1.27 41.16£1.38 44.28+2.36

WANG 21.78+1.13 16.32£1.21 14.52£1.44 15.44+1.71 15.48-1.58 15.34-1.67 16.18£1.55 16.34£1.35 16.58-1.38 16.34-0.74 18.16E1.44 16.14£1.22 18.44£1.37 20.84-1.55

XEROX-6 26.94+3.60 17.65£3.35 17.55£1.98 17.96£3.60 14.69-2.10 16.22+-3.83 17.35k 3.85 15.82£2.93 13.982.96 14.80+2.93 15.61-2.89 13.98£2.09 14.29+3.38 13.98-2.24
ZEBRATOXIC 50.00 54.17 54.17 41.67 15.62 7.29 6.25 10.42 4.17 7.29 7.29 7.29 10.42 12.50

ZUBUD 26.09 16.52 11.30 6.09 4.35 3.48 4.35 ___348 348 3.48 3.48 3.48 4.35 9.67




SUPPLEMENTARY MATERIAL, 2015

Datasets HSV8 X 8 HSV-16 x 16 HSV-32 X 32 HSV-ROTATE36016 X 16 GRAY-16 X 16
ACROSOMES 449E0.75 4.02F 031 481 F 121 6.65F 1.14 2.02F 031
AGEMAP-FAGING 43.7144.39 47.23£3.02 49.524 5.15 51.05+4.51 55.62+2.73
ALL-IDB2 T15£1.76 0.96+1.29 1.73+1.35 1.54+1.68 578272
ALOI 22.26 T 2257 21.41 39.48 39.56
ALOT 31.70+0.30 31.64£0.36 3129£0.32 41.4140.23 58.43-0.50
APOPTOSIS 914+ 2.94 8.144 286 971+ 237 10.29+ 3.25 8.14+ 2.86
BINUCLEATE 12.25+4.10 2.36£5.26 6.25+ 3.75 1150+ 8.15 4.36:5.26
BIRDS 48.23+1.83 44.9%:3.43 47.03£1.85 48.8-1.15 45.4£2.07
BREAST-CANCER 15.42+5.18 13.33£4.49 15.69+3.29 15.42+3.48 34.03:6.37
BUILDINGSAB 42.98+2.79 42.82£2.07 43.704-2.51 51.16+2.27 42.82£2.07
BUTTERFLIES 51.53+2.60 29.86£2.39 50.052.54 46.00£3.46 45.42£2.77
BUTTERFLIES-CLEAN 17.76+1.56 17.80£1.41 16.072-1.43 20.53£1.77 16.56E1.51
CALTECH-101 71.48 7061 71.07 7756 72.09
CALTECH-256 88.34+0.29 88.26£0.26 88.25+0.21 90.4440.21 89.79+0.37
C.ELEGANS 39.4044.91 38.63£4.97 37.95E4.67 39.03£5.92 38.63+4.97
C.ELEGANS-LIVE-DEAD 4744283 3.16+ 3.49 4.74£549 11.05+7.61 3.16+ 3.49
CHARS74K 71.58+1.61 71.16E1.66 71.28+1.23 79.59+1.64 71.16+1.66
CHO 3.99+2.77 2.62£1.83 3.23-1.88 2.46+2.09 2.62+1.83
CIFAR-10 50.08 4891 49.05 5531 55.24
COIL-100 nv1 1215 12.15 12.20 13.89 35.75
CONVEX 9.36 "8.04 8.00 9.87 8.04
ETH-80 17.35+4.73 16.83:5.17 19.70£7.35 21.19+-8.50 18.966.33
EVENTS 35.17£2.10 36.04L1.28 35.31+1.36 46.98:2.71 49.42+1.81
FAMOUSLAND 67.45£2.13 66.85-3.55 69.65+2.06 76.653.02 72.95:2.11
FLOWERS17 34.41:£2.22 3324E1.16 34.47£1.95 36.12+2.82 57.74+1.54
FLOWERS102-CLEAN 56.68 57.19 56.76 62.39 73.24
GALAXYZOO 5.85+0.18 4.22+0.17 3.45£0.09 5.79+0.18 5.25:0.15
GTSRBCROP 36.52 29.01 2831 46.37 21.01
Hce 35.004-9.81 33.21+ 14.86 40.36+12.01 43571081 69.29£9.61
HEP2-ICPR2012 63.49 62.67 62.13 63.76 62.67
HPA 7.244+ 155 6.19+ 1.30 5.90% 2.29 9.904+1.91 1152-1.78
INDOOR 85.81:£0.66 85.09£0.90 85.38£0.70 88.23-0.65 88.98:0.68
IRMA2005-BALANCED 15.0 149 14.40 31.40 14.9
IRMA2006-BALANCED 27.7 26.40 2610 43.60 26.40
KTH-TIPS 23.88+2.52 22.61+1.03 21.3451.80 26.27£1.61 22.61-1.03
KTH-TIPS2 45.78+10.50 42,7841 50.391+6.84 47.16£8.61 54.99+4.60
LANDUSE 27.21:£1.08 292257 28.071.91 40.55+ 1.81 4167155
LYMPHOMA 23.07£4.38 20.54+6.86 22.13£5.73 24.0-5.40 42.46£5.19
MMODALITY 27.48 26.11 26.64 29.05 35.99
MNIST 2.39 182 1.69 4.53 1.82
MNIST-12000 2.66 2.35 230 6.64 2.35
MNIST-ROTATION 10.43 9.78 9.48 8.15 9.78
MNIST-BIMG 32.84 2735 23.95 4654 27.35
MNIST-BRAND 20.38 14.86 1270 30.06 14.86
MNIST-BIMG-ROT 66.29 61.60 75829 56.29 61.60
MSTAR-S1 34.66 32.04 29.99 38.70 32.04
NATURALSCENES 50.600.97 51.4040.62 50.68£0.86 65.83-0.93 51.40+0.62
NORB-UNIFORM 5.65 5.24 5.64 1331 5.24
NORB-JITTCLUTT 48.80 2357 40.61 51.72 4357
OLIVA 34.13+1.03 33.88:1.17 33.60£0.56 44.644+0.91 39.09+1.58
ORL 124127 11124 14+1.04 5.6+1.71 1.41.24
OUTEX 2.8040.70 2.0H-0.72 2.0840.39 3.94+0.65 20.39+0.82
PFID 75.41£3.73 74.40E2.80 75.004£2.60 80.74+3.54 80.36+2.14
POLLEN 15.99+1.07 13.13£0.77 11.75£0.84 14.43+1.16 13.13:0.77
PPMI24 86.38 86.71 86.25 90.38 91.33
PUBFIG83 82.67+0.48 81.99+ 1.48 81.93£1.32 91.50+1.02 84.82+-0.98
RBC 33314148 31.271.12 29.93:1.83 31.66+1.30 3127112
RECT-BASIC 0.01 0.01 0.01 6.55 0.01
RECT-BIMG 15.74 15.78 15.64 38.60 15.78
RNAI 47.5+4.33 42.75£6.17 45.75£7.99 47.25£7.02 42.75£6.17
SEROUS 35.38+1.49 31.78£2.63 32.54+2.14 30.85-1.96 41.53+1.98
SHAPEL 17.243.31 15.7:4.56 16.7£4.20 25.8E4.28 10.7£2.79
SMEAR 13.41+3.64 9.67+ 2.24 9.67+ 2.07 9.45+3.58 1418238
SOCCER 19.24+3.04 18.48+3.69 18.76+3.13 23.14£3.07 51.05+4.82
SOIL-24 0.83 00 0.0 75 4333
SoIL-47 18.94 18551 17.23 29.26 61.06
SPORTS 15.44+157 15.06£1.35 14.96E1.61 19.30+1.17 35.18+1.56
STOIC101 45.61 44.70 2470 53.79 59.55
STOMATA 25.45+ 12.06 16.36% 12.06 25.45+ 9.79 12.73+ 10.91 16.36+ 12.06
STONEFLY9 22.13 1951 19.08 28.66 25.09
SUBCELLULAR 20.58+2.90 19.0%353 2035£5.36 17.09-2.50 19.07+3.53
SUN397 94.3740.16 94.22+-0.12 94.20+0.17 95.90£0.13 nia
SWELEAF 7.03£0.43 6.37£0.80 7.24£0.69 12.36£1.31 6.37:0.80
TERMINALBULB 65.87-£2.33 63.56:2.99 63.371.46 66.09+2.79 63.562.99
TINYGRAZ03 51.06:+4.90 47.61£2.65 47.9613.99 52.74+3.74 66.46-4.03
TSG-60 2.584+0.45 2.25£0.53 2.33+0.73 3.49k1.22 13.08£1.50
UIUCTEX 26.34+2.43 24.92E1.89 25.02£1.42 29.50+1.15 24.92+1.89
WANG 15.36+1.21 14525144 15.22+1.44 17.16£1.05 24.12+2.08
XEROX-6 16.12+2.77 13.98£2.96 14.80+2.97 20.81+3.42 28.16+4.64
ZEBRATOXIC 5.21 417 417 6.25
ZUBUD 4.35 4.35 11.30 11.30

TABLE Il

EVALUATION OF THE SUBWINDOW DESCRIPTORS WITHET-DIC.
OTHER PARAMETERS ARE CONSTANT i, = 1, T = 10,
k = sqrt(M), Njs = 1 MILLION WITH BEST SIZE INTERVALS.
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SUPPLEMENTARY MATERIAL, 2015

Datasets 1 VM M/8 M/4 M/2 M
ACROSOMES 623 L 113 2.02% 0.31 429F 1.27 7.18% 1.05 7.40% 055 250E 0.99
AGEMAP-FAGING 58.104+3.74 47.23£3.02 45.52-3.76 42.10+-3.85 42.29+5.01 44.00+3.48
ALL-IDB2 2.314+2.24 0.96+1.29 1.73+1.60 1.35+1.93 1.92+1.72 2.12+1.35
ALOI 2558 T 2257 20.03 18.86 17.54 16.16
ALOT 32.85+0.46 31.64+0.36 29.96:0.36 29.410.24 28.42£0.28 28.81+0.35
APOPTOSIS 9.86 + 3.41 8.14+ 2.86 8.86+ 3.25 8.71+ 251 9.71% 291 7.86+ 3.51
BINUCLEATE 12.5048.80 10.08£9.55 4.36£5.26 475+ 6.93 850+ 6.82 750F 524
BIRDS 51.33+2.29 44.97-3.43 2530E2.77 43.1£1.95 42.73£3.11 42.37:1.86
BREAST-CANCER 18.88+3.47 13.33:4.49 15.04+4.02 14.58:3.47 15.14£4.71 14.86£5.34
BUILDINGSAB 42.54+2.15 42.82:2.07 43.3%2.31 42.65-1.76 40.88+1.95 43.20£2.32
BUTTERFLIES 60.02+-2.03 49.86+-2.39 45.56+1.65 44.49-3.24 41.28:3.14 39.91-3.18
BUTTERFLIES-CLEAN 24.93+2.61 17.80£1.41 16.312.12 15.8951.40 17.02+1.83 16.5852.29
CALTECH-101 72.07 7061 70.82 70.77 71.07 71.73
CALTECH-256 88.32£0.29 8826E0.26 88.18+0.43 88.02-0.29 88.34+0.28 88.12+0.37
C.ELEGANS 44.27+5.55 38.63+4.97 39.665.55 38.29£4.32 38.12-4.36 38.72+4.73
C.ELEGANS-LIVE-DEAD 211+ 3.49 3.16 4 3.49 5.79+4 4.97 6.844 5.29 5.79% 4.37 5.26+ 5.26
CHARST74K 73.011.22 71.16+1.66 71.17+1.26 71.65:1.02 7151130 71.40:1.25
CHO 4.9242.26 625183 3.08+1.82 3.54£1.55 3.23+2.22 3.38£2.04
CIFAR-10 53.50 28.91 47.84 47.24 47.00 46.33
COIL-100 nv1 1313 1215 12.37 12.25 12.20 T12.75
CONVEX 11.35 “8.04 7.92 7.89 7.79 7.87
ETH-80 19.42+5.16 16.83£5.17 14.94£6.35 14.9746.20 19.86£9.47 16.20£5.93
EVENTS 37.69+1.95 36.04+1.28 34.4251.56 33.02-1.71 34.96+1.70 35.06+1.89
FAMOUSLAND 64.643.35 66.85+3.55 70.05:2.35 70.65£3.32 72.65:1.61 73.4£4.27
FLOWERS17 40.24£1.97 33.24-1.16 33.44-1.75 31.82-1.93 32120211 30.9%-1.97
FLOWERS102-CLEAN 59.16 57.19 56.20 55.81 55.36 55.65
GALAXYZOO 15.87+0.55 4.22£0.17 3.20£0.11 2.94£0.13 2.73£0.07 2.64£0.13
GTSRBCROP 47.30 29.01 23.59 21.15 19.50 18.73
HCce 4893+ 1520 33214 1486 3571+ 1083 30714 1517  50.00+1152 4156£8.78
HEP2-ICPR2012 64.71 62.67 62.53 61.85 62.40 61.85
HPA 11714 2.00 6.19+ 1.30 5.24+ 0.88 6.2952.45 5.90+1.75 5.03t2.14
INDOOR 85.49+1.29 85.09+0.90 85.19+0.51 84.78:0.57 84.54+0.91 84.94+0.69
IRMA2005-BALANCED 17.00 14.90 _13.90 14.20 14.40 14.20
IRMA2006-BALANCED 29.60 26.40 26.60 25.40 25.30 25.80
KTH-TIPS 26.8041.94 22.611.03 23.4651.96 20.411.66 20.95+1.78 21.32-2.02
KTH-TIPS2 48.89+10.96 4277841 47.77+7.28 47.86E8.27 48.83£8.99 45.52+-8.39
LANDUSE 3243+ 1.57 29.212.57 27.07+ 2.67 26.10+ 1.96 25.211.67 2533+ 2.42
LYMPHOMA 32.53+3.78 20.54+6.86 21.47:3.40 22.67:3.48 16.53£3.22 17.99+5.54
MMODALITY 28.70 26.11 31.68 26.64 25.88 2550
MNIST 2.95 1.82 1.65 154 1.52 163
MNIST-12000 381 2.35 2.26 2.26 220 2.25
MNIST-ROTATION 12.72 9.78 9.53 9.20 T9.08 8.94
MNIST-BIMG 54.90 27.35 23.92 21.27 19.79 1861
MNIST-BRAND 39.39 14.86 12.64 11.33 10.59 ~ 1005
MNIST-BIMG-ROT 78.66 61.60 58.65 55.45 52.55 5066
MSTAR-S1 37.28 32.04 29.77 26.98 23.96 2163
NATURALSCENES 53.7741.23 51.40+0.62 50.69-0.86 49.49+-0.88 48.99£0.74 49.00£0.75
NORB-UNIFORM 8.87 5.24 5.46 6.33 6.65 7.08
NORB-JITTCLUTT 61.28 2357 40.54 38.68 37.22 36.14
OLIVA 37.67+1.36 33.88:1.17 33.64£0.67 33.56£0.89 32.50+1.48 31.931.21
ORL 1.25+0.90 11124 1.05:1.23 0.95£0.79 1.75+0.78 1.2£0.81
OUTEX 2.85+0.88 2.080.72 2.31-0.85 1.96E0.85 1.67-0.63 1.74+0.78
PFID 76.53+3.35 74.40:2.80 75.22+3.29 74.16:3.37 763254 75.60:3.97
POLLEN 20.47+1.46 1313£0.77 11.75:1.10 10.47:0.79 9.54£0.77 9.540.80
PPMI24 88.79 86.71 85.46 85.83 85.38 85.04
PUBFIGS83 84.86+1.26 81.99+ 1.48 80.86+1.35 80.63-0.96 80.491.25 79.58£1.56
RBC 34.74+1.37 31.271.12 29.96£1.61 30.20+1.63 34.471.01 29,86t 1.66
RECT-BASIC 0.01 0.01 0.01 0.01 0.01 0.01
RECT-BIMG 17.80 15.78 15.67 15.55 15.48 15.47
RNAI 45.04+6.61 42.75:6.17 43.5+4.89 40.75+3.54 44.0-6.82 40255737
SEROUS 37.32+2.69 31.78-2.63 31420221 32.92-1.32 31.20-1.67 3123t245
SHAPEL 18.3+4.15 15.7-4.56 17.7:5.16 13.9£2.74 14.6-2.97 15.9+4.18
SMEAR 14,62+ 3.37 9.67+ 224 11.87+ 3.10 9.23% 3.12 10004 1.59 8.48£2.01
SOCCER 24.95 18.48-3.69 17.33:2.20 17.332.17 16.76£2.93 18.48+3.08
SOIL-24 6.67 00 0.0 0.0 0.42 0.0
SoIL-47 28.72 18551 17.13 16.38 16.60 15.85
SPORTS 24.75+1.19 15.06£1.35 14.02:1.62 14.8050.74 12.79:1.29 13.07+1.24
sToIC101 49.39 44.70 4273 42.12 21.36 39.39
STOMATA 4000+ 833 1636+ 1206 2000+ 7.93 2636+ 1033  21.82+ 1361  20.00% 6.80
STONEFLY9 31.10 1951 18.55 18.03 18.38 16.99
SUBCELLULAR 20.93+3.08 19.0%-3.53 19.42:2.33 19.53-3.28 16.63:4.19 18.14%3.61
SUN397 94.76+0.15 94.22+0.12 94.110.15 94.09+0.09 93.86E0.14 93.78+0.20
SWELEAF 6.69--0.96 6.37:0.80 7.08£0.64 6.95-1.20 6.28:0.96 6.71£0.94
TERMINALBULB 64.99+1.48 63.56+2.99 64.25:1.90 63.85:2.84 62.49E2.62 61.82-1.56
TINYGRAZ03 52.1243.44 47.61-2.65 48.05+3.43 47.08:3.03 46.99+3.10 46.3%:5.67
TSG-60 2.4240.45 2.25+053 2.58:0.69 2.50+0.91 267073 2.08£0.77
UIUCTEX 27.54£2.05 24.92+1.89 25.04:1.03 24.62:2.09 24.80£0.95 23.04£1.99
WANG 15.82+0.77 14.52-1.44 15.0641.87 14.58:1.36 14.6051.34 14.58£0.99
XEROX-6 16.53+3.76 13.9852.96 15.2053.14 13.88:3.17 13.78:3.14 13.572.66
ZEBRATOXIC 521 417 417 417 417 3.12
ZUBUD 4.35 348 3.48 3.48 3.48 348
TABLE IV

EVALUATION OF THE NUMBER OF RANDOM TESTS IN A TREE NODE
(K) WHERE M 1S THE TOTAL NUMBER OF ATTRIBUTES(M = 256 IN
GRAYSCALE IMAGES, 768IN COLOR IMAGES WITH ET-DIC). OTHER
PARAMETERS ARE CONSTANT Ny, = 1, T = 10, Njs = 1 MILLION

WITH BEST SIZE INTERVALS AND 16 X 16 DESCRIPTORS
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SUPPLEMENTARY MATERIAL, 2015

Datasets 1 5 10 20
ACROSOMES 514+ 0.85 2.23F 0.65 4.02F 0.31 2420 F 1.16
AGEMAP-FAGING 47.05+3.49 46.10£3.39 47.23£3.02 49.52£3.13
ALL-IDB2 1.73+1.35 2.12£1.60 0.96+1.29 1.15+1.76
ALOI 36.89 24.41 2257 _21.09
ALOT 40.58+0.29 32.98£0.41 31.64+0.36 30.98£0.44
APOPTOSIS 12144 4.48 9.71+ 2.91 8.14+ 2.86 7.43% 3.37
BINUCLEATE 12.54-8.80 10.00:9.55 4.36+5.26 7.00+8.93
BIRDS 48.43+2.70 46.97:3.16 4497343 47.67+£1.53
BREAST-CANCER 19.31:+3.19 16.25-2.78 13.33£4.49 16.53+3.01
BUILDINGSAB 43.15+2.07 42.32-3.05 428262.07 41.16+2.50
BUTTERFLIES 53.27+2.57 52.43-3.24 49.86+2.39 50.66£2.47
BUTTERFLIES-CLEAN 19.60+1.61 17.29-1.86 17.80+1.41 18.4%-3.56
CALTECH-101 76.92 72.68 7061 71.01
CALTECH-256 93.1740.20 89.32£0.27 88.26:0.26 87.45:0.32
C.ELEGANS 37.86+4.73 40.17:4.54 38.63+4.97 37.86E3.40
C.ELEGANS-LIVE-DEAD 3.68+ 4.11 7374 4.21 3.16+ 3.49 737+ 5386
CHARS74K 75.94+1.81 72.62-1.66 71.16:1.66 71.09+1.03
CHO 4.00+1.71 3.85+1.85 2.62+1.83 3.38+151
CIFAR-10 62.04 50.66 48.91 47.77
COIL-100 nv1 13.32 12.21 12.15 120
CONVEX 8.79 8.10 8.04 “8.01
ETH-80 14.82+4.61 16.34+6.87 16.835.17 16.19E5.96
EVENTS 36.25-1.82 36.88£1.42 36.04+1.28 35.72+2.69
FAMOUSLAND 72.75+2.40 67.55+2.69 66.85-3.55 67.95:2.07
FLOWERS17 35.47+2.21 35.29£1.13 33.24+1.16 32.29+2.78
FLOWERS102-CLEAN 59.37 57.10 57.19 56.93
GALAXYZOO 5.924-0.28 442015 4220017 403012
GTSRBCROP 39.81 31.11 29.01 28.14
Hce 38.934 11.17 42,50+ 9.17 33214 14.86  36.07F 11.40
HEP2-ICPR2012 63.35 63.08 62.67 62.67
HPA 7.624 1.70 7.054 3.11 6.19F 1.30 6.57 4 2.19
INDOOR 88.75+0.57 86.19£0.52 85.0950.90 84.51-0.88
IRMA2005-BALANCED 18.50 15.60 14.90 T 1460
IRMA2006-BALANCED 31.50 27.0 26.40 26.80
KTH-TIPS 23.51:4£1.80 25.05-2.62 22/61£1.03 23.15+2.50
KTH-TIPS2 47.464+9.33 49.44£6.23 4277841 50.60+6.63
LANDUSE 31.1242.94 29.14-1.62 2921257 28.79+1.83
LYMPHOMA 23.6+3.68 2227391 20.54+6.86 23.6£3.04
MMODALITY 29.24 26.49 26.11 26.49
MNIST 2.66 1.96 182 1.72
MNIST-12000 3.18 251 2.35 237
MNIST-ROTATION 13.20 10.24 978 9.55
MNIST-BIMG 4027 29.80 27.35 T26.02
MNIST-BRAND 29.73 16.72 14.86 1379
MNIST-BIMG-ROT 73.94 65.21 61.60 50.84
MSTAR-S1 35.23 32.95 32.04 3153
NATURALSCENES 57.31:40.62 51.45-0.81 51.40+0.62 50.64£0.87
NORB-UNIFORM 10.66 5.67 5.24 513
NORB-JITTCLUTT 52.55 44.85 43.57 2277
OLIVA 36.0040.71 33.47£0.89 33.88£1.17 33255131
ORL 1.25+1.19 1.85£0.78 14124 1.65£0.74
OUTEX 1.924:1.09 2.27+0.64 2.0H-0.72 2.43£0.97
PFID 76.6913.92 74.95+5.88 74.40£2.80 75.98+3.59
POLLEN 14.46+1.75 13.42-0.42 13.13£0.77 14.13-0.77
PPMI24 90.12 88.12 86.71 86.04
PUBFIG83 91.594+0.70 84.33£1.10 81.994 1.48 8041£0.88
RBC 32.414+1.99 32.39-0.58 31.271.12 31.74r118
RECT-BASIC 0.02 0.01 o001 0.01
RECT-BIMG 19.76 16.25 15.78 1554
RNAI 49.25+6.99 46.0£8.67 42.756.17 45.25£6.75
SEROUS 34.95+1.73 33.50£1.53 31.78£2.63 33.93+1.78
SHAPE1L 20.84+4.70 17.0£2.72 15.7£4.56 15.3:3.52
SMEAR 11.214 3.18 10.11+ 2.90 9.67+ 2.24 978+ 1.73
SOCCER 20.76+2.12 20.38:2.26 18.48£3.69 20.00+3.43
SOIL-24 9.58 0.42 0.0 0.0
SOIL-47 3351 21.81 1851 _18.19
SPORTS 16.90+1.40 15.67-1.01 15.06+1.35 15.07+1.83
STOIC101 50.0 44.70 4470 _45.15
STOMATA 26364 1250 2636+ 13.76  16.36+ 12.06 23.64% 7.27
STONEFLY9 22.74 21.08 1951 20.12
SUBCELLULAR 18.494+2.67 18.843.99 19.07+3.53 20.12+4.23
SUN397 97.35+0.08 95.07£0.08 94.22+0.12 93.54+0.13
SWELEAF 6.87+0.55 6.7H-1.38 6.37-0.80 6.87£0.97
TERMINALBULB 65.05+2.80 64.92-1.11 63.56:2.99 64.94£1.92
TINYGRAZ03 52.65+4.12 51.50-3.64 47.612.65 49.8245.13
TSG-60 2.75+1.06 2.17+0.67 2.25£0.53 1.62:0.0
UIUCTEX 33.82+1.72 27.80£1.20 24.92+1.89 24.92+1.77
WANG 15.02+1.12 14.92+1.46 1452144 16.36+0.68
XEROX-6 16.53+4.25 15.20+3.01 13.98£2.96 16.02+1.94
ZEBRATOXIC 417 417 217 417
ZUBUD 435 4.35 348 4.35
TABLE V

EVALUATION OF THE NUMBER OF TREES(T') WITH ET-DIC. OTHER
PARAMETERS ARE CONSTANT Npnip, = 1, k = sqrt(M), Nis =1
MILLION WITH BEST SIZE INTERVALS AND 16 X 16 DESCRIPTORS
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SUPPLEMENTARY MATERIAL, 2015

Datasets 2 5 10 50 100 500 1000
ACROSOMES 202 031 213F 0.72 263F 1.16 6.16 0.77 6.63E 1.23 957F 2.22 11.66F 1.42
AGEMAP-FAGING 47.23£3.02 47.81£4.01 49.24+3.22 52.29+3.26 59.24+4.01 60.19+2.51 61.52-3.49
ALL-IDB2 0.96+129 2124201 1.35£1.73 231115 2.69£2.14 2.88+3.47 1.73£1.35
ALOI T2257 22.14 2221 24.90 27.02 34.40 39.22
ALOT 31.64+0.36 31.90+0.41 32.48:0.40 37.38:0.30 40.14£0.42 48.34:0.36 52.54+0.28
APOPTOSIS 814+ 2.86 9.14 4 3.57 9.14+ 351 9.29+4 3.95 10.00+ 2.47 9.86+ 4.26 8.43+ 2.16
BINUCLEATE 4.361+5.26 6.50 + 6.14 9.25+ 6.43 8.25+ 7.83 10.25+ 6.17 12.50+ 6.80 14.00+ 6.24
BIRDS 4497+3.43 47.93+3.34 48.13£2.06 47.00£2.29 47.40+2.61 47.87:3.63 48.53-2.98
BREAST-CANCER 13.33£4.49 16.53+2.44 15.97:6.34 15.28£3.51 18.33£3.22 18.19£3.59 16.39£4.72
BUILDINGSAB 22, 07 43.15+2.78 43.81-2.20 45.52-1.88 45.52:2.06 50.94+2.75 53.98£2.82
BUTTERFLIES 29.86+2.39 48.15£3.36 52.11+2.25 50.073.96 50.98+3.14 49.89+2.80 50.372.21
BUTTERFLIES-CLEAN 17.804+1.41 19.89+2.14 21.2242.97 21.78:2.08 23.58+1.75 27.18+2.35 28.89£2.22
CALTECH-101 70.61 7111 71.16 7231 72.29 74.28 76.96
CALTECH-256 88.26£0.26 88.13-0.34 87.92-0.38 88.34+0.21 88.87-0.39 90.15+0.28 90.57:0.21
C.ELEGANS 38.63+4.97 35.47:4.10 38.20£6.89 41.79:5.33 39.9H-5.51 46.15:4.77 45.42:4.72
C.ELEGANS-LIVE-DEAD 3.16 + 3.49 316+ 4.21 4.74+ 4.97 6.84+ 4.11 5.26+ 4.08 6.84+ 5.79 5.79+ 9.25
CHARS74K 71.16+1.66 71.28+1.32 71.08:1.25 71.70£1.18 70.89+1.37 73.82+1.46 74.94£1.77
CHO 2.62+1.83 4.15+3.44 3.38£2.04 4.62£2.57 47373 7.69£2.18 7.23-3.44
CIFAR-10 4891 48.79 48.97 50.68 51.26 54.28 56.19
COIL-100 nv1 12.15 1255 12.47 13.23 13.48 16.30 18.30
CONVEX 8.04 7.96 7.81 8.20 8.46 9.94 10.81
ETH-80 16.83+5.17 16.70£8.29 16.04£6.31 19.124:6.98 22.13+-4.51 21.65+7.59 23.63:5.00
EVENTS 36.04+1.28 35.94+2.49 36.65£2.29 36.12:1.62 37.54+1.45 39.63-1.04 39.40+1.46
FAMOUSLAND 66.85+3.55 68.0+£2.28 68.6+2.08 71.4+2.60 73.65+2.50 74.72.87 76.6+:1.07
FLOWERS17 3324+1.16 32.82:1.90 34.03+1.76 35.62-1.59 36.76+2.45 36.59+1.69 40.35+2.28
FLOWERS102-CLEAN 57.19 57.09 58.01 60.31 62.62 66.92 68.68
GALAXYZOO 4.2240.17 4.19F0.11 4.294+0.15 4.65£0.09 5.11-0.13 6.69-0.21 7.62£0.18
GTSRBCROP 29.01 29.45 28.67 30.79 32.23 36.47 38.23
Hce 33214 1486  40.00+ 827  42.86E 8.75  42.144 11.04  46.79+ 1247  47.50+ 13.03  54.64+ 13.03
HEP2-ICPR2012 62.67 62.81 62.81 63.49 63.76 64.71 64.85
HPA 6.19 £ 1.30 6.76+ 2.02 5.81+ 2.46 7.81+ 2.62 10.38+ 3.03 9.81+ 2.00 12,574 2.51
INDOOR 85.094+0.90 85.07-0.86 84.95£0.73 85.89+1.01 86.71+0.69 87.99+0.73 88.46+0.74
IRMA2005-BALANCED 14.90 15.40 16.30 18.60 20.70 25.70 28.60
IRMA2006-BALANCED 26.40 26.70 27.10 30.20 33.00 39.10 43.70
KTH-TIPS 22.61£1.03 22.89+1.88 24.3242.58 29.46£2.27 30.12+2.03 34.78+1.88 36.88:2.05
KTH-TIPS2 42.77£8.41 50.77+11.91 45.34-10.01 48.27:9.57 47.63:9.26 50.86+9.36 51.15-8.99
LANDUSE 29.21£2.57 29.212.30 30434118 33.38:2.25 3731172 4337213 49.95+2.05
LYMPHOMA 20.54+6.86 22531 4.44 25.60£5.16 26.93+3.26 28.80+5.07 32.80+5.41 35.99+6.98
MMODALITY 26.11 26.41 26.98 29.05 29.39 32,02 33.85
MNIST 182 1.66 1.92 2.37 2,61 3.65 4.23
MNIST-12000 2.35 242 2.44 2.99 3.48 4.91 5.81
MNIST-ROTATION 9.78 9.87 9.84 11.37 12.56 16.67 19.48
MNIST-BIMG 27.35 26.93 26.74 26.37 27.32 30.74 32,56
MNIST-BRAND 14.86 14.47 14.24 14.44 16.26 18.64 21.16
MNIST-BIMG-ROT 61.60 61.31 760.64 60.30 60.89 64.44 66.48
MSTAR-S1 32.04 31.93 30.90 3352 35.52 37.91 40.07
NATURALSCENES 51.40+0.62 50.68+1.00 52.0040.77 54.89-0.71 56.40+0.93 59.49+1.00 62.18-1.18
NORB-UNIFORM 5.24 563 5.67 7.12 8.15 13,51 15.45
NORB-JITTCLUTT 4357 43.30 43.49 44.99 45.92 49.21 50.88
OLIVA 33.88+1.17 33.94£1.43 34.58-0.58 35.831.13 36.21+0.94 38.98+1.19 30.85+1.31
ORL 1.1+1.24 16413 1.7£1.36 2.65+1.45 2.65+1.83 4.9£2.0 9.65+2.36
OUTEX 2.01£0.72 2.34£1.11 2.55+0.95 4.21£0.76 4.98£0.67 9.310.90 12.26£0.82
PFID 74.40£2.80 76.04+3.05 76.972.38 77.79£2.27 78.63-2.46 80.52 81.3%:1.79
POLLEN 13.13+0.77 12.79+1.01 13.86+1.14 15.39£0.77 15.88£1.04 19.46+1.00 22.84-1.19
PPMI24 86.71 86.21 85.88 86.62 86.33 85.62 85.96
PUBFIG83 81.99+ 1.48 80.78+1.36 81.48+1.28 82.770.52 83.05+1.27 84.93t1.10 85.82+0.89
RBC 31.27+1.12 36.19+1.26 37.311.30 41.08£1.59 43.03£1.50 45.62+2.33 46.99-0.92
RECT-BASIC 0.01 0.01 0.01 0.01 0.01 0.04 0.11
RECT-BIMG 15.78 15.84 16.04 17.10 17.65 19.07 19.65
RNAI 42.75£6.17 47.5+6.32 47.25+6.84 47.25-4.93 48.25+5.48 50.25+4.25 56.25-6.64
SEROUS 31.78+2.63 32.79+2.81 32.68:2.35 33.42:2.05 33.141.75 37.57:2.53 30.75+2.82
SHAPE1 15.7£4.56 16.8£2.82 14.5-3.14 16.242.75 16.6£2.29 16.8:3.28 15.7:1.79
SMEAR 9.67 + 2.24 10114 259  11.32+ 351 11.98+ 4.07 9.89+ 1.10 11.324 2.74 13.524 2.69
SOCCER 18.48+3.69 19.14+2.64 20.19+3.56 20.38£2.42 20.76+3.15 22.672.88 24.672.27
SOIL-24 0.0 0.0 0.0 0.0 0.0 458 7.5
SOIL-47 18,51 17.55 18.09 20.64 23.09 29.47 34.47
SPORTS 15.064+1.35 16.36£1.30 16.031.29 17.60£1.00 18.271.09 20.06+1.46 21.08:1.06
STOIC101 4470 44.24 4591 46.52 55.00 57.73 67.12
STOMATA 16.36+ 1206  20.00f 7.93  20.00+ 9.79  21.82+ 1361  22.73+ 14.80 25.454 8.91 29.09+ 11.35
STONEFLY9 1951 19.34 19.95 20.56 21.08 27.00 27.35
SUBCELLULAR 19.074+3.53 1895 3.08 19.074+4.45 21.16£3.32 21.86+3.24 25.93+3.37 30.0£3.23
SUN397 94.22+0.12 93.85:0.18 93.54+0.18 93.71£0.14 93.97-0.16 94.63+0.16 94.99£0.15
SWELEAF 6.37-£0.80 7.39+0.76 7.37£0.51 8.01-0.57 7.37£0.56 9.73£1.07 10.95-0.54
TERMINALBULB 63.56+2.99 65.8942.61 63.85:£2.37 64.98-2.10 64.672.66 66.70+1.79 66.37-3.17
TINYGRAZ03 47611265 51.15+4.66 52.12+2.04 48.05+2.91 50.06+4.80 52.745.07 55.49£2.99
TSG-60 2.25+£0.53 2.25+£0.53 2.00+0.85 3.17+0.82 2.83:0.93 3.672£1.07 6.501.74
UIUCTEX 24.92+1.89 25.12+1.43 27.342.27 31.40£0.98 32.6£2.50 39.16+1.57 41.50£1.05
WANG 14.52+1.44 15.484+1.26 14.66£1.77 16.36-1.82 16.36£0.94 17.82£1.31 18.4£1.50
XEROX-6 13.98+2.96 15.924-2.00 14.49:3.70 16.94+2.96 18.373.29 18.78:3.54 20.92+1.95
ZEBRATOXIC 417 417 5.21 5.21 5.21 6.25 12.50
ZUBUD 348 4.35 4.35 5.22 6.96 13.91 20.0
TABLE VI

EVALUATION OF THE MINIMUM NODE SIZE (i) WITH ET-DIC.

OTHER PARAMETERS ARE CONSTANTT = 10, k = sqrt(M),
Njs = 1 MILLION WITH BEST SIZE INTERVALS AND 16 x 16
DESCRIPTORS

16



3ZIS IHL OITVLI N[NOILVLINISIHdIY IOVINI AODNINOIHH TVNINETL

ANVSH01dINOS3A 9T X 9T *NOITUN T = SN “(JN)24bs = 3

‘0T = L ‘000G = “*™uULNVLSNOD 34V SHILIWVHVYL 43HLIO

"14-L3FHLIM STVAYILNI 3ZIS MOANIMENS IHL 40 ION3INTAN|

IIA 37gvL

Datasets Tx 1 0— 10% 0— 25% 0 — 50% 0 — 75% 0 — 90% 0 — 100% 25 — 50% 25 — 5% 35 — 100% 50 — 75% 50 — 100% ___ 76 — 100% __90 — 100%
ACROSOMES 3643 F 1.48 6.02E 0.58 3.28% 053 3.21% 045 319+ 043 337L 085 3.80L 0.74 2.90L 0.68 315 058 3.10+ 0.78 384L 081 249F 081 285E 0.62 5.71% 0.85
AGEMAP-FAGING 8.95::3.36 16.57:3.02 24.10:3.54 24.10£3.01 26.10:5.25 25.90+4.28 29.1453.08 27.81£3.92 28.86£3.51 27.05:4.43 27.05:4.31 31.24+4.80 33.24+3.75
ALL-IDB2 0.38 4 0.77 115+ 0.94 135+ 1.23 115+ 1.28 0.964 0.96 154+ 115 173+ 2.18 135+ 1.23 212+ 218 1.92:+ 1.92 231+ 1.68 3.46:+ 144 12.88+ 6.20
ALOI 58.36 47.14 32.79 26.42 2578 27.62 2378 23.03 25,55 26.12 28.30 3215 35.07
ALOT 24.720.32 25.504+0.29 26.62-0.29 27.36:0.43 27.740.32 27.05+0.38 26.16:0.29 26.6280.51 26.80:0.25 26.69-0.49 26.730.36 26.63-0.38 27.54:0.50
APOPTOSIS 4071+ 7.09 8.00% 3.39 371+ 171 471+ 2556 571+ 2.56 571+ 1.81 557+ 3.35 5714 212 571+ 2.86 5.00+ 3.21 7.86+ 1.84 7.29+ 2.59 10.00+ 3.26 12,294 2.32
BINUCLEATE 26.16+7.59 3.0£2.45 1255202 2,504+3.35 2.75+5.18 5.00£5.02 175317 2.00+3.32 3.25+:4.88 3.75£5.15 5.00+4.03 6.00+6.34 10.06£8.06 10.25-6.56
BIRDS 65.23+2.13 60.432.33 54.451.64 49.60+1.61 45.13:2.22 4353:3.21 44.7:1.80 46.37-3.03 44.0£2.08 43.17:2.82 41.23+2.85 42.042.27 43.43:1.89 477317
BREAST-CANCER 11.53+2.78 7.08£3.59 9.31:43.11 8.47£2.10 12.2242.83 12.22+2.39 12.64£1.01 10.83:2.47 11.94+4.22 12.224:3.82 12.08E2.24 1431421 1412377 18.47:5.12
BUILDINGSAB 70.11+2.51 54.3652.73 52.09+2.83 53.92+2.39 5591275 54.92+-2.28 58.18-1.42 51.273.97 51.66-2.87 55.64-2.88 55.97-2.99 60.33:2.62 68.67-2.88 81.33-2.48
BUTTERFLIES 65.54+2.30 57.62-1.33 53.02-2.34 48.81-3.07 43.62-3.42 44.21-3.36 43.32+3.09 44.37-3.04 41.9%-2.73 41.42-358 39.61-2.80 39.22+2.17 42.75+3.93 46.89-3.48
BUTTERFLIES-CLEAN 33.56+1.80 31.69-1.98 25.27-2.27 21.6£2.30 20.4242.20 20.98+-2.72 21.09-2.19 15.624+2.34 17.314-1.60 18.22+2.45 16.93+1.36 19.78E1.99 20.9%-1.44 24.56:2.79
CALTECH-101 84.16 83.25 80.15 78.56 76.43 75.78 74.96 75.20 73.95 72.80 2.497 72.74 73.63 76.04
CALTECH-256 94.11+0.37 93.81-0.16 92.36+0.31 90.790.35 90.13+0.30 89.95+0.29 89.77:0.26 89.29+-0.21 89.09:0.27 88.8810.41 8876E0.33 89.11+0.43 89.78:0.29 91.26+0.21
C.ELEGANS 65.21+3.46 26.15+3.36 27.78+4.78 3453453 38.55-4.50 44.96+1.95 41.63-4.12 40.68-4.24 41.45+5.10 43.59-4.98 24.792.60 46.24+-3.83 52.39-4.43 54.87-4.45
C.ELEGANS-LIVE-DEAD 21.58+4.97 158+ 2.41 3.16 4 3.49 2.63+ 2.63 474+ 368 4214 657 3.16+ 3.49 2,63+ 2.63 3.16+ 3.49 3.16+ 4.21 3.16+ 3.49 3.16+ 4.82 474+ 3.68 13.68+ 7.52
CHARS74K 96.85+0.56 92510.97 90.51-0.92 87.78-1.38 84.82-1.24 83.090.97 83.03-1.30 85.49-1.01 81.62-1.31 80.14-1.55 77.76+0.97 77.541.29 75.34-1.50 78.66+0.63
CHO 7.99+3.76 477373 2.92+1.28 2.3141.24 3.23+2.43 3.54£3.00 477233 523268 5.69+2.84 5.85£2.65 7.99£3.14 6.77+3.01 16.053.01 31.54+5.85
CIFAR-10 74.44 68.31 66.80 63.47 60.42 58.57 57.05 61.22 58.05 54.95 5.865 54.33 53.24 55.75
COIL-100 nvi 2311 3215 27.63 25.04 26.55 26.99 26.65 2335 23.79 2533 3352 41.14 T60.42 67.35
CONVEX 50.10 33.93 21.01 15.76 1255 11.29 11.35 T 1253 10.35 10.23 96 8 9.93 13.28 17.30
ETH-80 17.674+5.57 18.45£6.95 20.41-9.08 16.62:7.16 17.82:5.86 16.45£5.92 17.16£7.62 16.9455.24 17.07:7.63 16.43:5.69 18.6118.39 17.01£6.62 17.59£5.91 18.4956.51
EVENTS 48.48+2.23 36.99-2.54 37.13-1.16 35.33-1.96 35.172.41 35.48+1.86 37.08-1.89 35.625-1.09 36.89:2.27 36.5452.90 38.04-2.23 37.52+2.48 40.85+2.05 43.44+-1.29
FAMOUSLAND 82.55+2.15 76.851.65 7474223 72.55:1.94 7055:2.16 72.3t2.24 72.15+2.16 69.25-3.04 71.35+2.29 72.05:2.35 70.45+2.83 72.65+4.58 73.95:2.70 77.482.57
FLOWERS17 47.47+1.85 37.5£1.82 34.97:2.30 34.06+2.60 33.38:2.40 33.06+2.08 34.56+2.10 33.08:2.08 33.20-1.91 34.88:1.56 33.82:1.69 34.38+1.70 37.15+1.37 40.5£1.61
FLOWERS102-CLEAN 78.30 63.06 61.78 62.08 62.80 62.69 59.64 59.09 60.16 _ 5801 59.69 62.88 67.02
GALAXYZOO 17.2640.18 19.39£0.27 14.62£0.16 11.49:0.15 10.30:0.24 9.31£0.11 8.48£0.27 9.66£0.26 9.15£0.19 7.64£0.15 8.23£0.17 6.71:0.16 4.96£0.23 3.88£0.15
GTSRBCROP 78.71 72.84 67.90 59.34 51.21 47.07 43.24 51.08 45,66 38.69 7.893 33.29 29.69 28.19
HCC 13214 853 11794+ 724 17.86+ 1071  20.36+ 11.36 1500+ 8.72 16794 1222 20.00+ 1143 2143+ 1336 22.144 8.72 22144 901 2107+ 889  21.43+ 8.45 2250+ 823 27.50% 13.03
HEP2-ICPR2012 74.80 61.85 59.54 60.08 60.49 60.08 61.04 57.22 58.72 60.63 60.08 62.53 65.53 67.57
HPA 4.764+2.92 3.14+ 113 3.43 4 1.06 3.81+ 1.81 4,954 1.94 571+ 1.54 7.62+ 1.81 5.43% 217 552+ 3.15 8.95+ 3.02 752+ 2.71 9.71+ 258 12,57+ 4.08 16,574 2.22
INDOOR 89.05+0.76 85.13:0.90 84.13:0.63 84.45+0.87 84.20-0.84 84.1240.45 84.52+1.06 84.27-0.96 84.84+0.96 84.72-0.82 85.21-1.05 85.44+0.55 86.95+1.30 88.95+0.68
IRMA2005 54.9 26.90 21.10 16.50 15.40 14.0 135 13.80 13.90 13.30 013.1 15.40 16.20 19.40
IRMA2006 66.5 403 309 26.2 239 231 235 23.1 228 25.1 240 2338 25.70 275
KTH-TIPS 51.07+2.97 7.44+1.86 7.44+1.39 8.66£1.87 8.12+0.88 10.41£1.43 10.22£2.03 8.10£1.11 8.98E1.69 10.46£1.61 10.711.63 12.05:1.69 16.24£2.23 24.39£1.55
KTH-TIPS2 55.79+8.30 28.38:6.68 46.90-8.20 47.82-6.27 48.42-9.01 50.09-7.74 46.67-8.29 49.39+7.13 49.73+8.59 51.88-7.38 52.87 52.21+9.63 54.52+-9.37 51.49-9.54
LANDUSE 23.71+2.18 21.88-1.74 21.48-1.38 21.55+2.12 2317273 25.90-2.17 27.74:1.37 23.33:1.00 25.07:2.10 28.52:2.40 26.74+1.87 33.05:1.53 4178217 50.812.34
LYMPHOMA 11.35+5.64 7.84+3.90 5.95:3.97 9.19+4.71 8.65+3.97 10.273.15 8.38£5.85 7.87:3.18 8.38£2.82 11.08:5.19 10.27:4.80 11.62:4.69 12.43+5.43 11.35+4.32
MMODALITY 49.73 2351 26.03 26.68 26.41 26.87 26.60 26.76 29.01 29.81 29.85 3237 6.153
MNIST 77.19 52.29 3.65 2.96 258 2.49 24 2.36 1.87 1.86 177 64 1 1.98
MNIST-12000 78.77 65.69 6.59 4.09 3.48 3.27 3.29 2.87 2.75 241 2.30 263 3.28
MNIST-ROTATION 78.46 78.92 42.16 28.65 22.98 20.90 26.69 20.41 16.35 4.821 1318 12,65 16.00
MNIST-BIMG 85.72 78.65 48.24 38.58 32.87 29.55 36.39 31.90 26.91 7.242 23.41 22.10 2491
MNIST-BRAND 85.69 78.65 42,03 29.83 21.22 16.70 24.73 21.27 13.03 4.231 11.00 915 1215
MNIST-BIMG-ROT 86.84 86.94 78.23 74.216 7057 72.60 69.63 62.56 64.90 58.93 5731 61.07
MSTAR-S1 43.03 4161 35.40 30.56 30.68 3011 30.85 23.16 25.55 25.61 7.092 24.42 1912 17.36
NATURALSCENES 86.50+0.59 40.17-0.56 40.04+1.11 43.89+0.63 47.18-1.05 49.72+0.57 52.60-0.81 46.98-0.57 50.87-0.88 55.94-1.10 56.09-0.60 59.97-0.87 65.82-0.84 7102£0.77
NORB-UNIFORM 66.35 54.47 37.23 27.67 2354 19.51 17.83 2221 19.83 15.32 5.721 12.49 13.28 14.88
NORB-JITTCLUTT 80.04 78.36 71.00 58.39 50.23 44.93 43,07 51.85 45.73 4003 0.464 35.38 31.68 32.96
OLIVA 51.99+1.30 33.97:1.12 29.99+1.21 29.74:1.43 31.27+0.85 32.56+0.95 34374125 30.63+1.05 32.93:0.99 35.31-1.45 3559118 38.49-0.78 43430164 49.35+1.43
ORL 714145 1.35k1.10 2.2541.08 195£1.01 2.05+1.33 2.1-153 2.2+1.05 2.05+1.39 1.95+1.42 2.5k157 3.2k211 34151 3.65£1.47 5.75+2.88
OUTEX 1.04+0.28 2.06£1.09 1.46+0.55 4.33+1.28 4.70+1.54 6.7H1.16 7.89£0.87 5.60+1.03 8.52+1.19 10.39:1.04 10.99:1.50 15.09:0.94 24.05+1.89 38.22-2.56
PFID 77.02k2.12 75.82:0.92 74.73-2.36 72.733.12 75.00+2.27 74.43-2.49 74.9%-2.23 75.08:2.99 74.67:3.58 77.73:2.98 76.42-3.45 77.87:2.28 79.64-3.05 81.372-2.68
POLLEN 33.13+1.88 12.48£1.24 9.42£0.93 6.21-0.88 6.32+1.17 5.36£0.97 5.15+1.07 5.17+0.90 4.64£1.03 4.48£0.57 3.83£0.69 3.99£0.74 3.42£0.37 4.5540.70
PPMI24 93.875 9221 90.00 89.21 87.29 87.12 87.71 87.88 87.21 86.71 85.79 86.12 86.71 88.58
PUBFIG83 94.37+0.71 91.72+ 0.89 88.88+ 1.20 85.83+ 1.27 83.36+ 0.88 82.69+ 0.89 82.874 0.81 82.01+ 1.75 81.13+ 1.37 8122+ 079 7945k 064  80.96+ 117 8237+ 1.62 85.28+ 1.03
RBC 55.00+1.55 56.54-1.43 48.33-1.21 42.90-1.56 41.04-1.07 39.86+1.07 39.92-1.52 35.93:1.70 37.33:1.58 36.08:1.27 32.9551.82 33.08+2.01 33.41-0.96 36.61-0.96
RECT-BASIC 50.03 12.07 7.43 0.93 0.48 0.35 0.43 0.39 0.18 0.28 0.20 0.14 0.32 0.92
RECT-BIMG 49.84 46.23 24.12 24.10 24.87 22.99 22.26 2258 22.16 23556 25.48 27.30
RNAI 325+5.12 14.5+-3.32 23.25+5.81 39.5£5.79 55.25-4.93 58.75:6.35 58.75:6.54 48.75+4.07 62.0+4.30 70.25:6.27 68.25£10.00 72.75:7.07 76.75:5.92 80.75-8.66
SEROUS 36.23+2.36 2921 1.38 28.9%-1.42 27.65£2.09 27.81+2.36 29.67:2.25 29.59-2.05 29.2951.94 29.37:1.91 30.1%-3.11 30.79:2.33 30.27+2.56 33144212 35.82-1.43
SHAPEL 53.9:4.50 40.9:2.34 24.8:4.09 2185411 17.1:3.05 17.44.22 19.0£3.35 16.8:3.31 15.4-2.69 15.7+4.1 18.3:2.33 20.4£5.10 26.445.48 37.045.18
SMEAR 8.13+2.37 7.69+1.47 7.25:2.92 7.58:1.73 8.46+3.61 9.23+1.92 10.22£2.91 6.26-1.91 758£3.16 9.78+2.57 8.35+3.15 9.67:2.01 12.9%2.73 16.92:2.47
SOCCER 44.86+3.77 24.95-3.48 25.33-2.34 21.96k1.41 20.95-2.52 22.29+-1.83 22.86+2.98 20.86+2.90 22.67+4.95 24.09:3.07 23.713.91 27.14k3.11 29.43-2.14 39.71:3.38
SoIL-24 67.92 61.67 57.08 35.42 34.17 32.08 38.75 225 20.83 47.08 275 66.67 76.67 925
SOIL-47 83.09 75.74 55.53 5221 52.34 52.98 59.30 65.85 7447 86.28 57.66 61.17 7053 84.04
SPORTS 17.47+1.43 10.16+1.68 9.40£0.97 9.4110.93 9.50+1.28 9.93+0.69 11.08:1.05 10.08E1.11 10.52:0.96 11.841.10 10.72£0.90 11.70+1.20 14.774+0.94 16.34:1.27
STOIC101 27.73 27.42 25.76 26.36 28.48 28.64 30.00 26.52 30.00 32.88 32.88 38.79 43.94 1975
STOMATA 3727+ 1314 30004 11.54  32.73% 7.27 28184 1250 2455+ 12.89 2273+ 1016 2818+ 1491  2091f 1223 20004 1273 2273+ 1236 27.274+ 9.09  21.82+ 833 2636k 1314  34.55+ 9.79
STONEFLY9 17.42 15.59 15.59 1472 16.11 15.77 15.94 15.68 16.81 16.03 17.68 18.12 18.03 18.73
SUBCELLULAR 34.99+5.21 16.28£4.26 15.35:2.69 1407246 13.95:2.21 11.63:2.90 14.77+3.64 12.33:3.68 13.60£3.12 14195298 13.84:3.73 15.35+3.78 18.37+4.79 18.72:4.14
SUN397 97.96+0.10 97.14-0.11 96.52-0.17 95.99-0.15 95.54-0.14 95.420.23 95.28+0.19 95.54-0.16 95.27-0.15 95.02-0.09 95.19+0.11 95.17-0.19 95.45+0.18 96.04-0.11
SWELEAF 39.73 14.48-2.04 7.35:0.93 5.64-0.96 5.00£0.73 5.24+0.58 4.65+0.70 3.33:0.84 4.0840.65 3.9550.68 4.12+0.75 4.04£0.55 4.6040.70 nfa
TERMINALBULB 80.22+0.51 58.31-1.52 57.45+0.66 56.20-0.85 55.35:2.05 54.87-2.61 56.07+1.67 55.80E1.81 54.89-1.61 56.08:2.06 55.35-1.16 56.79:1.20 59.91-2.03 66.30:1.39
TINYGRAZ03 65.13+4.23 66.73-2.63 65.31-2.09 64.25:3.24 62.30:2.88 63.3654.32 63.72:2.99 61.42£5.19 60.0053.19 57.612.84 57.88+3.27 55.84+3.27 58.76+3.17
TSG-60 4.7540.65 19.33+1.38 14.75:4.84 4.08£151 4.9241.60 5.08£0.87 5.75+1.08 5.58+1.18 7.75+1.75 717159 16.58:2.80 39.75+2.79 73.173.82 73.5:4.34
UIUCTEX 49.72+1.73 12.3241.53 12.924+1.32 15420158 18.622.10 19.7-1.82 21.96+1.53 17.1651.21 20.64:1.20 22.44-1.66 24.02-2.12 26.14-1.69 31.68-1.23 36.98:1.42
WANG 17.48+1.54 12145164 12.0+0.83 13.2240.58 14.48:1.26 15.44£0.99 15.32+1.45 15.46-1.43 16.12-1.44 17.56+1.88 16.72£1.45 18.54-1.33 22.38-1.80 23.72:1.47
XEROX-6 17.55+2.18 7.35+2.08 10.20+1.94 9.18+1.44 8.78+4.21 8.78+2.38 11.43+1.87 11.84-4.36 9.80+4.64 10.614-2.38 9.39+3.73 14.96:4.21 13.88:2.63 17.34:4.08
ZEBRATOXIC 50.00 34.75 26.04 13.54 5.21 521 6.26 9.38 4.17 5.21 417 8.33 10.42 1354
ZUBUD 24.35 26.96 17.39 _6.96 7.83 6.96 7.83 7.83 783 7.83 7.83 8.70 1217 17.39
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Datasets 1000 2500 5000 10000 25000 50000
ACROSOMES 2.77 £ 0.49 252F 0.29 2.90 £ 0.68 326F 0.71 234E 0.79 5.86F 0.70
AGEMAP-FAGING 6.204+2.18 4.29£0.88 4.19+1.77 3.90+1.24 4.861+1.56 5.24+0.98
ALL-IDB2 0.38+0.77 0.96+0.96 0.19+ 0.58 0.96£1.29 0.96+1.97 0.96+1.29
ALOI 23.15 22.74 23.03 2451 25.85 26.97
ALOT 28.881+0.36 23.92£0.41 24.7240.32 26.27:0.35 29.96+0.50 34.82-0.41
APOPTOSIS 343+ 1.46 2.00 + 2.10 371+ 171 457+ 3.05 5.00+ 2.58 7.14+ 2.47
BINUCLEATE 0.25£0.75 1.25+3.01 1.25+2.02 2.00+2.18 0.75£1.15 0.75£2.25
BIRDS 41.63£2.66 41.0£3.08 41.23+2.85 43.1:2.45 43.9+2.70 4827257
BREAST-CANCER 10.1442.71 9.17£3.73 7.08+3.59 8.80:+2.26 9.34-2.33 10.14£3.73
BUILDINGSAB 47.62+2.68 49.99+3.43 52.09E2.83 54.92+-3.19 52.98+3.24 52.38+2.66
BUTTERFLIES 4332£2.94 41.05+2.37 39.22£2.17 40.05+3.44 40.23+3.13 42.38-1.88
BUTTERFLIES-CLEAN 14.13+1.22 15.93+1.82 15.62£2.34 16.49£2.03 18.78£2.26 20.6
CALTECH-101 71.27 72.91 72.49 73.64 75.33 76.95
CALTECH-256 87.96+0.22 88.32+0.33 88.76:0.33 89.59+0.44 90.52+0.19 91.08+0.38
C.ELEGANS 27.52+4.72 27.09£3.27 26.15+3.36 27.35+2.65 27.69:2.87 30.09:3.33
C.ELEGANS-LIVE-DEAD 4214394 3.16+ 3.49 158+ 2.41 3.164 3.49 474+ 5.49 3.68+ 2.41
CHARS74K 73.76+1.17 737177 75.3441.50 77.09:1.43 78.33:1.41 79.95-1.09
CHO 3.08+1.95 2.92£2.33 2.341.24 4.46+2.33 6.31:2.96 8.77£2.39
CIFAR-10 55.60 55.28 53.24 54.78 55.93 58.83
COIL-100 nv1 25.46 24.83 2335 19.79 22.48 25.48
CONVEX 9.56 8.41 8.96 "10.49 10.27 11.00
ETH-80 17.65+6.39 17.35:7.15 16.43£5.69 16.196.56 15.70£3.93 17.83+5.51
EVENTS 34.27+1.79 35.73+2.37 37.46£1.48 40.08+1.49 42.4652.54 43.17-1.60
FAMOUSLAND 67.75£2.76 68.75:£3.51 69.25-3.04 71.05+3.19 72.8£2.91 75.0£2.25
FLOWERS17 33.32+3.44 32.413.29 33.06+2.08 33.62+2.09 36.74:1.72 39.99+1.61
FLOWERS102-CLEAN 59.54 56.90 58.01 59.83 62.93 64.58
GALAXYZOO 2.8440.13 3.49£0.19 3.88+£0.15 4.09£0.22 4.84£0.42 5.97:0.31
GTSRBCROP 24.44 2555 28.19 29.20 33.52 38.03
HCcC 17.14+ 6.93 10.714 10.71 11.79+ 7.24 13.21+ 9.92 16.07+ 9.55 16.43+ 9.61
HEP2-ICPR2012 58.04 59.54 57.22 59.13 60.08 61.31
HPA 2,954+ 1.50 2.38+ 0.98 3144 113 3.624 1.80 4.48+ 1.65 6.00+ 2.04
INDOOR 85.11+0.64 84.03£0.88 84.12+0.45 85.07-0.91 86.74+0.68 87.19-1.30
IRMA2005 113 12.60 13.10 13.90 15.70 16.80
IRMA2006 2310 22.40 22.80 23.60 25.60 26.90
KTH-TIPS 9.24+154 7.29-1.00 7.44+1.86 7.78£1.47 7.76£1.59 8.80£0.94
KTH-TIPS2 52.44+10.32 54.55:9.35 46.67-8.29 52.83+6.25 52.76+9.29 53.15+7.50
LANDUSE 17.76+:1.90 17.55+1.60 21.48E1.38 19.3141.70 22.7942.01 26.90£2.00
LYMPHOMA 9.194+4.71 8.38£4.90 5.95t3.97 7.57:3.38 10.00£4.53 11.08+4.59
MMODALITY 22.06 21.79 23.32 24.05 28.89 28.28
MNIST 1.44 14 1.64 1.88 2.66 3.64
MNIST-12000 2.72 2.18 2.30 2.90 351 5.05
MNIST-ROTATION 1058 12.65 15.83 19.62 24.25
MNIST-BIMG 21.65 22.10 24.29 26.46 26.12
MNIST-BRAND 8.40 9.15 11.77 14.08 12.76
MNIST-BIMG-ROT 58.22 57.31 60.232 60.67 60.26
MSTAR-S1 16.73 18.10 17.36 20.15 26.64 26.35
NATURALSCENES 40.00£0.69 39.31-0.81 40.04+1.11 41.911.09 45.13+0.77 48.21-0.78
NORB-UNIFORM 9.95 10.67 12.49 14.74 19.75 23.47
NORB-JITTCLUTT 2271 28.65 31.68 35.20 40.02 43.83
OLIVA 28.0110.68 28.36+0.86 29.74+1.43 31.96+1.03 34.84-1.33 38.49-1.38
ORL 21+1.66 1.75£0.78 1.35+1.10 1.45+1.11 1.3£1.17 1.8+158
OUTEX 1.2040.62 0.90+0.59 1.04-0.28 1.46+0.57 2.66+1.08 3.01-0.88
PFID 72.87+2.43 72.73:3.12 73.72:3.00 75.52:2.67 74.672.78
POLLEN 3.88+0.66 3.53£0.55 3.42+0.37 3.95:+0.45 5.37:0.59 5.81-0.90
PPMI24 85.00 85.33 85.79 86.83 87.75 86.96
PUBFIG83 7854 78.08-0.89 79.4540.64 81.274 1.09 83.16+ 1.17 85.04+4 0.91
RBC 28.76+1.18 30.04£1.28 32.95+1.82 36.88+1.20 42.94-1.20 41.15-0.70
RECT-BASIC 0.09 0.21 0.14 0.20 0.19 0.27
RECT-BIMG 17.78 20.07 22.16 20.95 20.76 20.90
RNAI 14.25+5.48 9.5+3.67 14.5+3.32 5.5£4.15 11.75:4.34 15.5+7.14
SEROUS 24.04+2.44 2752252 27.65:£2.09 30.27:1.93 32.76+1.52 31.94+2.08
SHAPE1 17.5+4.59 16.1-3.99 15.4+2.69 16.6+3.75 18.3-3.93 16.9+3.01
SMEAR 7.58+2.43 7.25+ 2.32 6.26E1.91 857+ 2.73 9.45+ 3.34 12,204 2.11
SOCCER 17.524+2.86 20.042.33 20.86£2.90 22.16+4.30 24.38-2.77 27.05-4.47
SOIL-24 19.17 20.83 31.25 35.0 55.0
SOIL-47 53.19 52.21 57.02 64.04 65.85
SPORTS 8.94£1.00 9.40+0.97 9.61-0.95 12.35:1.03 13.66+1.31
STOIC101 27.58 25.76 25.76 2955 33.48
STOMATA 20.91+ 7.10 20.00+ 1273 25454 1135  23.64+ 12.33  25.45+ 10.60
STONEFLY9 14.98 15.42 1472 15.77 16.72 16.03
SUBCELLULAR 11.86+2.84 13.02£3.32 11.63+2.90 11.63£2.49 16.5143.63 15.35-2.98
SUN397 95.18+0.19 94.91-0.13 95.02-0.09 95.45£0.15 95.42+0.16 95.48+0.19
SWELEAF 4.2540.55 4.43£0.96 3.33:0.84 4.33+1.02 5.03:0.74 6.11-0.68
TERMINALBULB 55.20+1.41 54.23-1.61 5482261 53.8611.47 55.08+1.88 56.26+1.80
TINYGRAZ03 53.89+1.65 54.16£3.51 55.84+3.27 5354228 62.214+2.69 68.05+1.88
TSG-60 3.58+1.49 8.83:1.72 7 4.08-1.51 3.92E1.24 458£1.13 6.08+1.40
UIUCTEX 13.38+1.54 12.5+-1.47 12.32+153 11.82:£1.0 12.5+0.93 13.84£0.96
WANG 11.4440.77 11.7+1.50 12.0+0.83 12.6E0.69 14.8+0.85 16.68:1.06
XEROX-6 11.43£2.18 10.411.50 7.35+2.08 11.8442.29 15.51+1.63 14.29-3.87
ZEBRATOXIC 312 417 217 5.21 8.33 8.33
ZUBUD 9.57 11.30 6,96 7.83 7.83 9.57

STOZ "IVIYILVIN AYVINIWNITddNS

8T



"HVIANITGITSYM d31dISSV10
AVNIJLHOIY OL 1437 WOYdd ONISVYIHO3A SI SA4OM 1VNSIA 40
d3I9WNN IH] NOILYINISIHdIY IOVINI AONINOIHL TYNINYIL ANV

§IVAYILNI 3ZIS MOANIMENS LSIFEH0LHI¥OSAA 9T X 9T  NOITTIN

1 = °IN “(JW)34bs = 4 ‘0T = L LINVLSNOD JdV SHILINVHVd

YIHLO "(SINTVA TIVINS) T4-1 J ¥Od “*™ud3moT 40 IONINTAN|

Xl 319vL

Datasets 2 10 100 500 1000
ACROSOMES 368 L 0.70 341E 047 2.50F 0.55 279 E 0.82 2.68F 0.62
AGEMAP-FAGING 42.20+3.52 38.16+2.69 18.95£3.00 7.62£0.95 4.86+1.44
ALL-IDB2 1.15+1.54 0.77£1.28 1.15+-0.94 0.38£0.77 0.38£0.77
ALOI n/a n/a n/a n/a n/a
ALOT 44.21+0.28 38.43:0.42 30.92+0.33 28.49:0.24 28.88+0.36
APOPTOSIS 12,57+ 3.31 12.144 3.34 6.14+ 1.44 5.71% 2.47 3.86+ 1.81
BINUCLEATE 12.0+-6.96 6.50+5.61 3.00+3.50 1.50+3.20 0.25+0.75
BIRDS 47.042.97 46.27-3.05 40.33+2.47 39.9+2.92 40.13£1.37
BREAST 13.6146.11 13.33:6.34 12.64£3.75 9.44£3.27 9.44+3.28
BUILDINGSAB 41.7142.39 41.77+2.45 4331553 4453£2.50 43.31-2.06
BUTTERFLIES 52.2712.24 49.06+2.44 44.14+2.54 4112265 40.78+3.12
BUTTERFLIES-CLEAN 19.53+6.96 17.8£1.79 13.98£1.45 12.13+4.19 12.18
CALTECH-101 7412 71.75 70.35 69.74 70.48
CALTECH-256 89.761+0.44 88.68+0.29 87.77:0.31 88.17-0.33 88.53:0.36
C.ELEGANS 40.09+4.84 41.97-14.49 30.174.17 30.17:5.32 26.58£3.71
C.ELEGANS-LIVE-DEAD 8.42 4 5.37 4.74+ 437 158+ 2.41 3.16 4 3.49 3.68+ 3.37
CHARS74K 73.43+1.30 73.29+1.94 71.83:1.44 71.24+2.05 71.964+1.81
CHO 4.46+1.45 5.232.59 3.69£3.31 2.92£2.70 2.46+2.09
CIFAR-10 50.71 49.93 50.26 53.66 55.60
COIL-100 2283 220 2231 25.31 27.0
CONVEX 10.54 1037 8.79 7.72 7.47
ETH-80 22.36+8.18 23.09+7.88 18.22+6.83 17.44£6.75 14.016.71
EVENTS 43.31£1.17 39.77-1.18 33.23:2.26 32.56+1.14 3273£2.86
FLOWERS17 37.03+2.39 33.94-1.79 29.59+1.99 29.59£2.00 29.0-1.88
FLOWERS102-CLEAN 58.55 55.83 51.96 52.00 53.31
FAMOUS 72.95+2.14 68.6+3.38 63.2£2.40 62.25+2.70 60.95:2.13
GALAXYZOO 3.79+0.16 3.62£0.12 2.82+0.06 2.69+0.10 2.84£0.13
GTSRBCROP 28.86 27.86 25.24 T 2510 25.00
Hce 43934 1243  37.86+ 1357  24.29+ 9.95 19.294 8.48 14.99F 7.11
HEP2-ICPR2012 62.67 61.17 61.58 59.67 59.40
HPA 13.904 3.16 10.67+ 3.09 5524 2,51 3.624 1.58 3.71% 2.02
INDOOR 87.33+0.92 85.22+-0.82 84.46+0.64 84.55+0.79 85.11-0.64
IRMA2005 213 173 136 115 113
IRMA2006 39.5 311 245 22.8 224
KTH-TIPS 23.51+1.46 18.68£2.31 11.49£1.93 8.46+2.95 7.66E1.79
KTH-TIPS2 50.99+9.29 50.05+9.92 49.61£9.20 47.749.27 50.76£11.39
LANDUSE 32.5+1.89 27.691.97 20.33+1.96 17.14E1.77 17.194+1.58
LYMPHOMA 27.244.31 21.2+8.31 12.53+3.38 33E3.27 9.6044.37
MMODALITY 25.76 24.50 21.64 2164 22.06
MNIST 1.64 1.47 1.28 122 1.42
MNIST-12000 2.56 2.32 1.89 1.90 1.92
MNIST-ROTATION 10.25 9.61 814 8.57 9.24
MNIST-BIMG 28.572 26.28 2098 19.36 20.39
MNIST-BRAND 14.63 13.14 8.48 T 7.94 8.21
MNIST-BIMG-ROT 64.06 62.02 54.46 5491 55.05
MSTAR-S1 41.32 38.99 2220 16.79 17.47
NATURALSCENES 50.894-1.45 47.66£0.60 42.7%0.76 40210.83 30.44+0.65
NORB-UNIFORM 8.56 7.99 8.07 9.21 9.95
NORB-JITTCLUTT 19.68 1857 19.66 22.69 24.71
OLIVA 36.4441.64 33.78£0.51 28.08:0.89 26.42:1.06 27.13+1.23
ORL 1.35+1.25 1.2£1.12 0.95+0.79 1.45£1.33 1.35£0.79
OUTEX 3.33+1.04 2.250.94 0.83£0.48 0.79£0.47 0.74£0.42
PFID 75.66+1.62 74.84+3.15 71.09+3.06 69.56+3.29 69.73£4.50
POLLEN 12.044+0.97 10.24£1.34 5.32:0.97 4.23£0.87 4.19+0.83
PPMI24 87.79 85.54 84.83 84.25 85.00
PUBFIG83 81.05+ 1.70 77.484 0.92 77.81% 1.35 78.54+ 1.00
RBC 41.12+1.10 38.55+2.22 32.19+1.54 29.86+0.81 29.80£0.87
RECT-BASIC 0.04 0.03 0.03 0.04 0.07
RECT-BIMG 15.81 15.60 14.91 15.88 16.83
RNAI 42.75+3.78 38.75:4.22 24255404 18.25£5.81 16.75£5.37
SEROUS 34.91+0.93 33.34-1.86 27.96+1.40 27.192.20 27.38+2.59
SHAPE1 21.0+7.95 21.4£3.20 19.2:7.74 16.2£6.97 16.1-6.24
SMEAR 13.4142.98 11.874 2.64 8.13+ 2.10 6.37+ 2.19 747% 235
SOCCER 19.33+7.30 21.14+3.32 14.76£4.13 16.0£3.09 17.43+3.16
SOIL-24 5.0 4.58 6.67 11.25 16.67
SOIL-47 29.26 3426 35.32 43.62 48.08
SPORTS 18.14+1.24 14.54-4.91 10.65+3.72 8.87-3.08 8.5H-1.17
STOIC101 62.12 46.06 30.91 23.48 2152
STOMATA 25454 1135 3000+ 1577  21.82+ 7.27  26.36+ 1698  22.73% 10.16
STONEFLY9 2517 20.30 16.03 16.03 16.11
SUBCELLULAR 20.58+5.72 17.91:4.07 13:60E4.19 14.19£2.19 13.26£3.79
SUN397 n/a 94.38+0.12 94.09:0.10 94.214+0.13 94.45£0.10
SWELEAF 12.03+0.84 9.88+1.06 5.27£0.85 4.07£0.78 4.08+0.66
TERMINALBULB 64.63+2.47 63.01-2.55 57.89+1.87 55.35£2.01 55.38+1.70
TINYGRAZ03 60.97+4.69 59.38+2.75 54.96+3.78 61.33+3.24 59.73:73
TSG-60 n/a 1.83+1.38 1.17:0.76 1.33:1.0 2.33+153
UIUCTEX 25.54+1.62 20.76+1.39 15.9+-1.29 13.82+1.42 12.46+1.62
XEROX-6 18.0643.26 15.312.19 12.04£1.70 9.08+2.43 9.90+4.01
WANG 15.6840.99 14.32£1.90 12.1-1.65 10.071.93 10.04+1.39
ZEBRATOXIC 6.25 7.29 5.21 5.21 312
ZUBUD 6.96 8.70 7.83 7.83 7956
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Datasets 1 M M/8 M/4 M/2

ACROSOMES 297 £ 051 2.90F 0.68 295+ 0.67 286+ 0.68 323+ 0.56 312+ 0.79
AGEMAP-FAGING 3.62+1.94 4194177 410£1.21 4.67£2.11 4.19£1.77 4.19£1.77
ALL-IDB2 1.54£1.68 0.19+0.58 1.54+1.88 1.54+1.88 1.54+1.88 1.54+1.88
ALOI 3158 23.03 22.25 21.39 20.27 20.18
ALOT 32.33+0.43 24.72£0.32 25.324-0.42 25.66£0.45 25.69£0.34 25.62£0.36
APOPTOSIS 4.00+ 2.10 371F 1.71 429 + 3.00 4.29+ 2.39 5.23:2.13 4.43+ 251
BINUCLEATE 2.25+3.78 1.25£2.02 3.0+2.69 5.00+3.16 4.75£3.78 4.17£3.99
BIRDS 47.442.15 2123285 41.83:2.30 39.97-1.78 39.16+2.70 38.37:2.04
BREAST-CANCER 10.1443.17 7.08+3.59 9.44+2.96 10.55-2.86 9.99+3.21 17.92£2.74
BUILDINGSAB 49.89+2.07 52.09£2.83 52.38£2.22 50.99+2.53 51.44+2.29 52.76£2.07
BUTTERFLIES 54.2111.66 39.22£2.17 34.85-3.23 36.341.70 33.99+3.44 30.92£2.45
BUTTERFLIES-CLEAN 21.58+2.74 15.62+2.34 15.20£2.26 13.871.35 16.112.00 15.04E1.65
CALTECH-101 71.89 72.49 72.28 72.79 72.71 72.30
CALTECH-256 88.294+0.31 88.76+0.33 88.93:0.36 88.73:0.34 88.70+0.30 88.95£0.26
C.ELEGANS 27.69£4.57 26.15+3.36 26.58+3.55 25.47-3.84 30.5945.67 28.80£6.10
C.ELEGANS-LIVE-DEAD 2,63+ 4.85 158+ 2.41 3.68 4+ 4.11 2.63F 4.85 3.16+ 3.49 3.16+ 3.49
CHARS74K 76.87+1.44 75.34E1.50 75.54-1.75 75.56+1.64 76.26+1.61 74.25£1.74
cHO 2.77+2.04 2.31-1.24 3.8543.25 3.23-2.62 3.23-1.88 2.92E1.75
CIFAR-10 56.29 53.24 53.19 52.80 53.48 53.72
COIL-100 nv1 28,51 23.35 24.20 2413 25.58 28.85
CONVEX 12.49 "8.96 8.88 8.91 8.79 8.88
ETH-80 15.704-6.49 16.43£5.69 17.38£9.06 15.63£8.51 15.66E5.27 n/a
EVENTS 35.08+2.19 35.17+2.41 35.46+2.39 37.42+1.66 36.77:2.55 35.83:2.65
FAMOUSLAND 63.7£2.39 69.25+3.04 70.75:1.74 71.25+5.42 7117235 71.05£2.41
FLOWERS17 3432157 33.06£2.08 33.38£1.57 33.24-2.94 34.62+2.43 32.76+1.99
FLOWERS102-CLEAN 57.82 58.01 57.83 57.44 56.99 57.55
GALAXYZOO 9.65:+0.39 3.88£0.15 3.28£0.14 3.10+0.08 2.90£0.12 2.90+0.09
GTSRBCROP 45.30 28.19 24.18 23.02 21.92 20.32
Hce 17.86 4 8.89 11794 7.24  16.79+4 823  15.364 9.66 14.294 8.14 15.58E 8.24
HEP2-ICPR2012 60.90 57.22 58.45 57.77 56.95 58.72
HPA 333+ 1.3 314+ 113 3714+ 1.31 4294 1.36 3.71F 2.19 3.49£1.05
INDOOR 83.13+0.72 84.12-0.45 84.22+-0.62 83.99+0.55 83.84+0.54 84.36+0.95
IRMA2005 13.80 13.10 13.10 14.10 13.90 13.4
IRMA2006 242 228 235 23.90 23.20 25.4
KTH-TIPS 9.05:+0.74 7.4451.86 8.37£1.26 7.46+1.02 6.75£1.51 8.0240.93
KTH-TIPS2 52.96+10.11 46.67:8.29 54.26+11.04 51.83:7.96 50.96:7.94 52.13+9.23
LANDUSE 18.6241.31 21.48E1.38 17.24£0.95 18.074 1.81 18.434 1.22 16.744 153
LYMPHOMA 6.76:£4.72 5.95+3.97 8.13+2.42 8.93£2.92 7.60k2.67 7.60E2.07
MMODALITY 2271 2332 23.44 22.90 23.32 23.74
MNIST 198 1.64 1.63 1.56 1.81 171
MNIST-12000 2.49 2.30 2.39 261 2.58 2.67
MNIST-ROTATION 14.31 1219 12.36 12.16 12.18 11.93
MNIST-BIMG 47.06 22.10 20.30 18.59 18.26 1754
MNIST-BRAND 19.52 9.15 8.44 8.63 851 ~ 833
MNIST-BIMG-ROT 74.65 57.31 57.35 55.69 54.16 " 50.16
MSTAR-S1 16.28 17.36 15.82 13.49 17.99 15.48
NATURALSCENES 43.35+0.75 40.04£1.11 30.62:1.04 38:84£0.63 38.75:0.74 38.54-0.78
NORB-UNIFORM 14.88 12.49 12.35 13.24 13.61 14.89
NORB-JITTCLUTT 48.97 31.68 2921 28.16 27.08 26.54
OLIVA 27.904+0.85 29.74+1.43 29.54+1.14 30.54+0.81 30.56+0.94 30.6G£0.97
ORL 2.95£121 1.35£1.10 274212 24£1.71 2.45+1.25 2.3£127
OUTEX 1.18+0.33 1.04£0.28 1.34+0.64 2.04£0.91 1.43£0.51 1.04-0.28
PFID 74.45+3.11 7273312 75.412.58 74.672.66 73.88:3.75

POLLEN 4774075 3.42£0.37 4.5740.65 5.06+0.64 5.01-0.86 5.23-1.00
PPMI24 88.33 85.79 85.04 85.62 85.71 85.83
PUBFIG83 81.34+1.05 79.45+ 0.64 7870+ 1.33  79.90+ 1.12 79.94+ 1.42 80.59+ 1.26
RBC 45.57+1.62 32.95+1.82 32.64£1.18 30.74+0.96 29.50+1.43 30.301.97
RECT-BASIC 0.22 0.14 0.20 0.19 0.20 0.23
RECT-BIMG 23.89 2216 22.15 22.18 21.90 21.73
RNAI 17.5+6.52 14.5+3.32 11.0+5.15 13.0£4.97 10.83£3.33 15.25E5.96
SEROUS 26.78+1.98 27.65£2.09 26.09£2.35 25.55+1.66 26.67+1.42 28.171.81
SHAPE1 17.0+3.44 15.4+2.69 19.8+2.99 17.7£3.07 17.8-4.49 19.3-2.45
SMEAR 8.68 4 2.88 6.2651.91 7.36 4+ 2.36 8.68-+ 3.16 9.45+ 1.85 7.69+ 1.84
SOCCER 24.29+5.51 20.86£2.90 19.14£2.23 20.76+5.07 18.66+2.49 18.8644.17
SOIL-24 52.08 20.83 225 24.58 19.58 23.75
SOIL-47 61.06 52.21 54.36 54.68 75394 54.89
SPORTS 10.49+0.70 9.40£0.97 9.30k1.14 8.99+1.18 8.77-0.77 8.7H-0.97
STOIC101 30.76 25.76 26.97 26.36 25.91 24.09
STOMATA 21824+ 1091 2000+ 12.73 2545+ 979 22734+ 6.10 2455+ 10.00  2545f 1455
STONEFLY9 15.16 14.72 14.46 14.98 15.16 15.42
SUBCELLULAR 14.1943.11 11.63:2.90 13.724:3.56 13.60£3.72 15.0-4.04 13.72:1.93
SWELEAF 3.24+0.37 333£0.84 4.910.96 5.27+:0.82 5.76+1.01 4.29£0.72
SUN397 94.83+0.18 95.07+0.09 95.18+0.19 95.16+0.13 95.25+0.17 95.19+0.12
TERMINALBULB 55.28+1.84 54.872.61 53.37:2.07 55.22+1.71 55.28+1.22 53.85:1.74
TINYGRAZ03 61.5042.66 55.84+3.27 6115452 60.53+4.95 60.80+3.36 59.03£5.37
TSG-60 5.25+1.40 4.08£1.51 n/a n/a n/a n/a
UIUCTEX 11.8241.47 12.3241.53 11.38:1.10 12.16£1.09 12.06£1.13 12.18£0.58
WANG 10.74+£0.89 12.0+0.83 12.14£1.62 12.2b1.41 12.66+1.56 11.95-1.58
XEROX-6 9.59£3.07 7.35:2.08 9.6941.95 11.22+4.33 10.92+3.76 11.43+3.95
ZEBRATOXIC 5.21 217 417 3.12 5.21 417
ZUBUD 8.70 6.96 8.70 8.70 7.83 7.83
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Datasets TF B HF HB
ACROSOMES 2.90 = 0.68 268F 0.71 330 051 384F 0.73
AGEMAP-FAGING 4194177 13.24£2.81 4.10+1.42 12.384+2.95
ALL-IDB2 0.1940.58 0.77:0.94 0.96E0.96 2.341.44
ALOI 23.03 95.04 23.20 99.90
ALOT 24.72£0.32 24.46£0.37 24.02:0.44 24.1240.36
APOPTOSIS 3714 1.71 5.86+ 3.41 357F 1.32 6.86 4+ 3.25
BINUCLEATE 1.25+2.02 41.75+6.13 1.56£3.00 32.75:11.64
BIRDS 41232385 41.0£2.47 43.03+2.54 41.3+3.64
BUILDINGSAB 52.094+2.83 69.17+2.73 55.64+2.84 72.76£3.37
BREAST-CANCER 7.08+3.59 18.614-3.63 9.72+3.23 18.06£3.51
BUTTERFLIES 39.22£2.17 45.59+2.62 30.34+3.08 45.29+4.22
BUTTERFLIES-CLEAN 15.62£2.34 23.56+1.21 17.4+2.57 23.6:1.48
CALTECH-101 72.49 74.38 73.73 73.38
CALTECH-256 88.76+0.33 88.28£0.39 89.264-0.30 88.34£0.40
C.ELEGANS 26.15+3.36 28.72£3.16 25.90 3.65 30.09+2.78
C.ELEGANS-LIVE-DEAD 158+ 2.41 6.32+ 3.16 0.0+ 0.0 7.37+ 5.86
CHARS74K 75.34+1.50 75.181.53 77.95E1.71 76.24-1.19
CHO 2.3141.24 "30.62£5.90 3.54+3.37 23.85+5.60
CIFAR-10 53.24 55.61 54.14 60.29
COIL-100 nv1 2335 87.66 24.25 83.61
CONVEX 896 8.15 9.16 8.95
ETH-80 16.43+5.69 14.95£7.77 19.4146.79 20.58£5.43
EVENTS 35.17+2.41 37.35£2.24 36.94-1.18 38.79:1.59
FAMOUSLAND 69.25+3.04 73.15+2.18 72.05£2.33 75.7:1.49
FLOWERS17 33.06+2.08 33.68+2.28 36.15+1.82 33.79:1.82
FLOWERS102-CLEAN 58.01 58.82 59.63 60.26
GALAXYZOO 3.88£0.15 4.48+0.19 3.97+ 0.18 4.30+ 0.16
GTSRBCROP 28.19 29.99 28.50 28.43
Hce 11794+ 7.24 3750+ 1408 15004+ 842  39.29+ 11.63
HEP2-ICPR2012 57.22 61.99 79.29 63.22
HPA 314+ 1.13 3.624 1.33 4.00+ 1.75 4194+ 1.22
INDOOR 84.12+0.45 84.47-0.75 84.39-0.39 85.01-1.06
IRMA2005 13.10 23.0 13.70 22.60
IRMA2006 228 36.90 22.20 37.5
KTH-TIPS 7.4441.86 22.0%1.50 7.39£1.33 21.514-1.98
KTH-TIPS2 46.67+8.29 46.38:6.59 53.26+8.06 54.416.71
LANDUSE 21.48+1.38 25.671.82 19.62£2.03 24.79+2.11
LYMPHOMA 5.9543.97 12.974+5.38 6.49E3.24 14.59:5.43
MMODALITY 2332 2431 23.36 25.15
MNIST 164 2.2 1.61 2.53
MNIST-12000 2.30 2.48 270 2.73
MNIST-ROTATION i2.65 1457 13.46 16.45
MNIST-BIMG 2210 22.00 23.04 24.03
MNIST-BRAND 9.15 955 11.04 11.95
MNIST-BIMG-ROT 57.31 59.36 59.67 63.27
MSTAR-S1 17.36 19.46 24.36 2191
NATURALSCENES 40.04£1.11 43.63+1.00 41.510.77 44.96-0.77
NORB-UNIFORM 12.49 17.88 12.89 19.83
NORB-JITTCLUTT 3168 57.25 3173 50.09
OLIVA 29.74E1.43 33.84+0.94 30.50+1.07 34.60+0.88
ORL 1.35£1.10 6.24:2.01 2.15+2.00 8.25+1.01
OUTEX 1.04£0.28 1.97+0.61 1.50+0.66 2.80£0.43
PFID 72.73£3.12 75.66+2.54 73.17:2.58 75.25+4.60
POLLEN 3.42£0.37 3.794+1.07 3.88£0.33 4.32£0.73
PPMI24 85.79 85.92 86.42 85.50
PUBFIG83 79.45+ 0.64 81.10-+ 1.04 79.714 1.19 81.47E 157
RBC 32.95£1.82 32.39:1.73 33.79+0.85 32.93:0.76
RECT-BASIC 0.14 0.60 0.14 0.79
RECT-BIMG 2216 24.81 2294 23.80
RNAI 145£3.32 25.75-4.34 13.0£4.0 28.51-6.34
SEROUS 27.65+2.09 28.06+2.20 2967213 29.04+1.89
SHAPE1 15.4+2.69 23.6+4.8 17.8£2.6 15.9+4.83
SMEAR 6.26£1.901 9.45+ 2.75 8.02+ 2.83 8.24+ 1.13
SOCCER 20.86+2.90 34.48+4.42 21.62£5.41 30.62:3.09
SOIL-24 20.83 69.58 32.08 69.58
SOIL-47 5221 78.94 68.19 80.32
SPORTS 9.40£0.97 9.75-1.10 9.22+1.19 9.954-0.82
STOIC101 25.76 56.97 28.64 57.42
STOMATA 20.00F 1273 2364+ 1164 2818+ 858  20.91+ 14.69
STONEFLY9 14.72 17.16 78.72 77.00
SUBCELLULAR 11.63£2.90 15.0+4.04 14.072.52 12.911.42
SUN397 95.07+0.09 95.4240.15 95.26+0.21 95.29+0.11
SWELEAF 3331£0.84 11.294+1.68 4.47£1.32 11.671.29
TERMINALBULB 54.87+2.61 56.631.17 54.62-1.81 57.19+1.20
TINYGRAZ03 55.84+3.27 54.34£2.05 5832£3.83 56.46+3.87
TSG-60 4.08+1.51 75.5£2.92 3.33:1.18 70.0843.32
UIUCTEX 12.3241.53 25.78+1.89 13.34£1.05 25.30£1.40
WANG 12.0+£0.83 13.0+1.43 23.98£1.22 23.66£0.77
XEROX-6 7.35£2.08 11.84+2.63 9.99+3.19 13.67:3.33
ZEBRATOXIC 417 7.29 8.17 7.29
ZUBUD 6.96 1217 7.83 12.17
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Datasets 1 5 10 20 40
ACROSOMES 591 F 0.70 368+ 0.88 2,90+ 0.68 2.92% 0.69 2.72% 055
AGEMAP-FAGING 6.19+1.15 4.20+1.87 419-1.77 3.7H-1.50 3.81+2.09
ALL-IDB2 1.154+1.76 0.96+1.29 0.19+0.58 0.58+1.23 0.96+1.29
ALOI 46.41 26.54 T 2303 21.96 21.05
ALOT 39.57£0.63 27.76:0.30 24720032 22.54-034 2128£0.19
APOPTOSIS 814+ 231 257+ 1.67 371+ 1.71 443+ 234 429+ 2.21
BINUCLEATE 450+5.10 "5.25:3.61 1.25£2.02 2.5+2.50
BIRDS 55.03+2.22 45.82.16 41.23£2.85 45.03+2.88 44.0£2.72
BREAST-CANCER 13.06+2.42 7.50+1.78 7.08£3.59 6.39£3.12 9.58+3.37
BUILDINGSAB 52.43+1.92 52.04-2.15 52.09-2.83 52.15+2.42 52.76:2.14
BUTTERFLIES 49.574+3.42 42.13+2.78 39220217 40.0%-1.74 38.03:3.25
BUTTERFLIES-CLEAN 20.96+1.28 16.64+1.85 15.62+2.34 14.78:1.76 15.13£1.49
CALTECH-101 80.57 75.22 72.49 T 7146 71.18
CALTECH-256 92.81:£0.31 90.12+0.30 88.76£0.33 88.25£0.25 87.740.29
C.ELEGANS 30.17+3.12 2547450 26.15+3.36 28.55+3.92 27.69E4.34
C.ELEGANS-LIVE-DEAD 3.68 4 3.37 105F 3.16 158+ 2.41 211+ 2,58 1584 2.41
CHARS74K 84.18+1.30 76.59E1.55 75.34£1.50 71.45+0.77 69.68-1.36
CHO 6.4612.46 3.23t1.45 231124 2.46+2.09 27179
CIFAR-10 62.27 54.98 T 5324 54.76 55.69
COIL-100 nv1 28.42 24.24 23.35 23.06 21.62
CONVEX 10.92 10.32 8.96 8.13 s
ETH-80 22.84+7.26 19.0£7.03 16.43-5.69 15.145.81 15.3847.46
EVENTS 44.85+1.72 36.90+2.22 35.172.41 35.42£2.11 34.08£2.04
FAMOUSLAND 771423 70.3£2.59 69.25-3.04 68.35:3.07
FLOWERS17 42.03+2.95 36.03:2.5 33.06+2.08 33.35£1.97
FLOWERS102-CLEAN 67.92 59.48 58.01 57.38 56.62
GALAXYZOO 5.73+0.41 418011 3.88+0.15 3.760.10 3.65£0.13
GTSRBCROP 45.86 33.01 28.19 23.32 21.00
Hce 1893+ 1017  11.79+ 10.66 1179+ 7.24 1679+ 853 1536+ 8.83
HEP2-ICPR2012 58.17 58.86 57.22 58.04 57.90
HPA 552+ 255 3.14+ 0.96 3.14% 1.13 2,95+ 1.97 2,57+ 1.65
INDOOR 89.73£0.62 86.26:0.93 84.12£0.45 83.02£0.88 81.88E1.07
IRMA2005 215 147 131 12.0 118
IRMA2006 27.70 23.10 22.80 22.90 "22.40
KTH-TIPS 12.22+1.73 7.95+1.20 7.44£1.86 7.46£1.36 7.24E1.34
KTH-TIPS2 53.44£7.87 50.277.91 46.67:8.29 53.29+8.60 47.25£9.36
LANDUSE 32.17£1.65 22.69+1.79 21.48£1.38 17.83:2.43 17.10£0.69
LYMPHOMA 10.81+4.19 6.22-4.84 5.95+3.97 4.05+3.02 6.934+3.20
MMODALITY 33.40 26.41 23.32 2141 20.95
MNIST 6.87 2.26 1.64 1.26 106
MNIST-12000 7.32 3.18 2.30 2.20
MNIST-ROTATION 29.75 17.04 12.65 10.01
MNIST-BIMG 36.89 27.69 22.10 18.19
MNIST-BRAND 25.13 12.76 9.15 7.75
MNIST-BIMG-ROT 57.31 55.38 54.81
MSTAR-S1 27.43 24.70 17.36 18.84
NATURALSCENES 51.94+0.81 41.82+0.74 40.04£1.11 39.22£0.91 38.36£0.90
NORB-UNIFORM 26.93 15.37 12.49 10.49 8.77
NORB-JITTCLUTT 49.75 36.90 31.68 26.36 2105
OLIVA 39.58+1.08 31.94+-1.10 29.74+1.43 28.08-1.05 27.75£1.06
ORL 2.45+1.82 2.15+1.76 1.35£1.10 0.9£0.86 17135
OUTEX 2.04+0.47 1.69£0.80 1.04£0.28 1322065 1.30£0.91
PFID 76.28+1.02 77.08:3.55 72.73£3.12 7057381 69.89-3.96
POLLEN 9.89+1.36 5.28+0.74 3424037 3.37-0.69 3.10E0.83
PPMI24 89.54 87.75 85.79 87.21 87.17
PUBFIG83 88.96 + 0.94 83.01+ 1.22 79.45E 0.64 77.02+ 2.06 75.81+ 1.36
RBC 47.164+1.67 37.1%1.14 32.95+1.82 31.65£1.25 29.14E1.03
RECT-BASIC 111 0.34 0.14 0.12 0.09
RECT-BIMG 22,94 21.59 22.16 20.79 17.25
RNAI 13.5+5.02 14.25+4.48 14.5+3.32 12.25-4.93 130£5.57
SEROUS 34.89+2.01 30.76+2.02 27.652.09 26.48£2.59 25.19-1.90
SHAPEL 21.9+333 16.2£3.82 15.4£2.69 13.6£3.61 16.314.03
SMEAR 12.424 3.26 8.24+ 2.96 6.26-1.91 615+ 1.85 6.044 1.65
SOCCER 25.81:£2.57 20.95+1.28 20.86+2.90 19.52+2.60
SOIL-24 42.92 17.08 20.83 2958
SOIL-47 65.64 56.17 52.21 55.53 55.53
SPORTS 15.74+1.52 10.38:0.59 9.46E£0.97 8.48:0.97 7.71£0.90
STOIC101 35.00 27.88 25.76 25.76 26.67
STOMATA 2091+ 10.79 27.27+ 9.96 20.00F 12.73 1545+ 8.18 2455+ 14.11
STONEFLY9 21.08 15.42 14.72 T 1533 14.11
SUBCELLULAR 16.98+4.60 14.30+3.33 11.63:2.90 12.79£2.49 13784E3.31
SUN397 96.21:£0.12 95.76:0.13 95.07£0.09 94.26£0.19 93.09£0.16
SWELEAF 5.714+1.11 4.16+0.63 3.33-0.84 3.92+0.33 477072
TERMINALBULB 59.07+2.48 54.571.24 5487261 53.04-1.93 53.794+2.09
TINYGRAZ03 66.99+4.39 58.94+4.64 57.17%-4.53 54.69£5.05 53.89:3.72
TSG-60 7.08+4.12 4.25+0.95 4.08£1.51 4.33+1.22 -
UIUCTEX 16.84+1.02 12.72-1.40 12.32-153 12.04£157 11.50£1.33
WANG 15.82+1.14 1156141 12.0£0.83 11.42-153 11.98£1.14
XEROX-6 14.29+3.16 10.612.20 7.35£2.08 10.61£3.33 11.22+353
ZEBRATOXIC 14.58 5.21 B 417 417
ZUBUD 8.70 8.70 6.96 6.96 8.70
TABLE XII

INFLUENCE OF THE NUMBER OF TREES FOET-FL. OTHER
PARAMETERS ARE CONSTANTE = sqrt(M), nmin = 5000, Njs =1
MILLION, 16 X 16 DESCRIPTORSBEST SUBWINDOW SIZE INTERVALS

AND FREQUENCY TERMINAL IMAGE REPRESENTATION
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B. Results with simple optimizations types at each node, e.g. linear combination of neighboring

. : Lo é)ixels, which somehow generalizes the following variant.
In the main paper, we mentionned optimizations that can L S
5) Applying filters to original images On a web-scale

Irzp(;?tv?ereiu't'sﬁ ?fbl?e ro)\(/llldle msretgstae'ls.r?qellzwoa??n.thaec_)rbject recognition dataset, we applied various filterse@in
tioas In tf]l; '?alble DIFFTWOUSIIX?\IEIGZ rr?:eags Exﬁrém'zlcombination of neighboring pixels to detect oriented lines
L ' L ¥1 d contours) and spatial pooling operations (maximum
Randomized Trees are built with node tests that threshoﬁ g
. - . - . . and mean statistics oved x 3, 5 x 5, 7 x 7, 9 x 9,
the difference of one pixel with one of its 8 direct neighbo

: . [1x 11 neighborhoods) to original images in each RGB
(_choosen ra_ndomly)j Filters:g ) means we appll_e-dbfu color channel independently, somewhat in the same way as
filters (389 in grey images, for color images filters ar

. , Sirst filter bank layers in convolutional network approaches
gpplled on each RGB (_:hannel S0 a total 1057 filtered [72]. Then we extracted random subwindows and describe
images) and then described subwindowslBy 16 x nb¢;

. ; . ) them by raw pixel intensity values from all these filtered
intensity values corresponding to pixel values of all thesf ages, then build our tree models. On that dataset it

filtered images. In-depth analysis and extension of the|Srﬁ roves results very significantly while increasing the
optimizations will be subject of future study. P Y SI9 y g

) . ) number of training subwindows extracted in the original
1) Extending parameter ranges first, straightforward ;e space to0 millions did not bring such improvement.

way, to try to improve results, is to simultaneously enlargg 555 improved results on two datasets of natural scenes
ensembles of trees (ie. more thdh used in previous and X-rays, although less dramatically.

sections) and the number of extracted subwindows for both6) Describing subwindows with statistical features:

learning (i.e. more tharl million training subwindows geyeral approaches combine many statistical features, and
used in previous sections) and prediction. Increasingeth§s¢ he |earning algorithm select the most relevant ones
parameters and tuning thg,.;, value in ET-FL can lead 10 ¢, each problem (such as in [73], [74]). Combining raw
millions of features as input of the final linear classifieatth pixel descriptors with the default 328 features of [74])
turned out to be effective for some datasets. In additiofymn ted within each subwindow yields significant error
increasing the number of random tests evaluated in €3¢hls decrease on the red-blood cell dataset, but with a very
tree node could also help. important computational burden. Alternatively, one might
2) Synthetic data:Instead of simply increasing therely on performances of subwindow size intervals to select
number of extracted subwindows, augmenting the originglyriori the type of features to include: if small subwindows
training sets with image or subwindow variations can helpe|ds the best results then texture features might help to
to improve results. For red-blood cell recognition, rightla jmprove results, while shape features or pooling of local
straight angle rotated and mirrored subwindows improvegatyres within larger spatial regions might perform best
recognition rates while only increasing the number gf large subwindows yield better results. For example, on
extracted training subwindows to 10 millions but withougjataset of cells in immunofluorescence, small to medium
transformation did not bring improvement. Other variasionsypwindows perform best in our evaluations in line with the
such as spatially-variant blurring, or adding noise, miglfest performing method on this dataset using a descriptor
also be investigated, depending on the application. that encodes spatial relations among adjacent LBP texture
3) Normalizing random subwindow descriptoror-  features. However, in the future, we seek to enable decision
malizing the pixel value distributions within each subwintrees to automatically generate such kind of features by
dow for each RGB channel independently (by substractirgmbining previous optimizations in order to improve the
the mean and then dividing by the standard deviatiopgrsatility of the method.
improves significantly results (compared to HSV encoding) 7) Other sources of dataWhenever possible, one could
on several datasets where strong illumination variatiog®mbine visual data with other sources of information, such
occur (including the traffic signs and characters recogmiti as textual data, or spectral data invisible to the human eye.
benchmarks). In [75], we obtained on the dataset of biomedical imaging
4) Evaluating different node tests in Extra-Treddore modalities a significant improvement by combining ET-
complex node tests can be implemented in decision trEe with bags of textual terms extracted from image de-
nodes [68], [69], [70]. Instead of single pixel thresholglin scriptions. In [76], we used hyperspectral data to better
we evaluated node tests that threshold the difference ofletect materials in outdoor scenes. In a preliminary study
pixel and one of its 8 direct neighbours (choosen randomlyn classification of protein crystallization experimemntg,
It improved results on various datasets, including for thebtained better classification results by describing snbwi
recognition of traffic signs, X-Rays, and acrosomes. W#pws with pixels from additional images obtained by a
hypothesize such improvement is due to the fact that testdating-polarizer microscope (data not shown).
on difference of pixel intensities allow to better capture
contrast (edges) in images, enable invariance to linear in-
tensity changes, and they also potentially reduce indalidu
decision tree bias [71]. In future work, we are interested
to evaluate if performances could be improved if the tree
induction algorithm can choose tests among different test
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TABLE Xl

ERROR RATE RESULTS USING SIMPLE OPTIMIZATIONS

24

Datasets | Best | Best with optimizations] Description of optimizations |
ACROSOMES 2.50+0.55 1.48+0.49 Align images horizontally, DIFFTWOPIXNEIGH, ET-FL
ALOT 21.28 14.32 10 millions training subwindows, ET-FL
CHARS74K 69.68+ 1.36 52.10t1.44 TRGB, DIFFTWOPIXNEIGH, ET-FL,T = 100
CIFAR10 46.33 25.69 Filters (1167), T=750, k=1, ET-FL
GTSRB 18.73 1.19 10 million training subwindows, TRGB, DIFFT}
WOPIXNEIGH, T = 100, & = 28, nmin = 10000,
ET-FL
HEP2 56.95 43.5 8,6 million training subwindows (15%-45% size intervals
rotation + mirroring), TRGB{" = 80, nmin = 6000, k = 28,
DIFFTWOPIXNEIGH, ET-FL
IRMA-2005 11.3 5.90 Filters (190), DIFFTWOPIXNEIGH, 5 million training sub|
windows, T = 100, nmin = 25000, ET-FL
IRMA-2006 22.2 14.80 10 million training subwindows, DIFFTWOPIXNEIGH]' =
100, nmin = 10000, ET-FL
LANDUSE 16.74+1.53 13.3H1-1.60 10 million training subwindows? = 100, & = 1, nmin =
50000, ET-FL
MMODALITY 20.95 10.00 ET-FL, Combination with bags of textual descriptions [75]
NATURALSCENES | 38.36:0.90 31.35+ 0.41 Filters (389),150000 training subwindows]" = 100, k = 28,
nmin = 1000, ET-FL
NORB-JITTCLUTT 18.57 12.94 10 million training subwindows]" = 40, nm:», = 100, ET-FL
RBC 20.14 19.31 Subwindows described by raw pixels and WND-CHA
features (328), ET-DIC

M
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C. Comparison with other methods

1) Comparison with Extremely Randomized Trees on
global pixel image representatiorin Table XIV we com-
pare on several datasets (with fixed image sizes) our
approach to the direct application of Extra-Trees without
subwindow extraction, ie. where each image is represented
by a single input vector encoding all its pixel values.
These results show the benefits of using variants with
random subwindow extraction as they clearly outperforms
the global approach on datasets with variabilities such as
translation (CONVEX, HPA, LANDUSE, OUTEX, RECT-
BASIC), in-plane rotation (MNIST-ROTATION), and view-
point changes (COIL-100). On MNIST-BIMG-ROT, in-
creasing the number of trees with ET-DIC actually yields
results comparable to ET-Global. Moreover, it has to be
noted that through the optimization of ET-DIC and ET-
FL parameters, one obtains very significant improvements
for some datasets (e.d2.94% on NORB-JITTCLUTT
with ET-FL, while optimizing decision trees parameters
for ET-Global could not bring such improvments). Still,
ET-Global is only slightly inferior on some datasets where
optimal size intervals with ET-DIC and ET-FL are large
(e.g. GALAXYZOO, CIFAR-10).
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COMPARISONOFET-DIC (T = 10, K = VM, nypin = 1, OPTIMAL SIZE INTERVALS), ET-FL (T' = 10, K = VM, nymin = 5000), AND

TABLE XIV

26

EXTREMELY RANDOMIZED TREES(T =500, K = sqrt, nmin = 1) ON GLOBAL IMAGE PIXELS ON SEVERAL DATASETS WITH FIXEDSIZE

IMAGES.
Datasets ET-DIC | ET-FL | ET-Global |
APOPTOSIS 8.14 + 2.86 371+ 171 15.42+3.55
CIFAR-10 48.91 49.93 49.13
COIL-100 12.15 23.35 32.61
CONVEX 8.04 8.96 19.67
GALAXYZOO 4.22£0.17 3.88+0.15 4.23+:0.11
LANDUSE 29.2H-2.57 21.48+1.38 47.12£3.67
HPA 6.19+ 1.30 314+ 1.13 16.29+2.90
MNIST-12000 2.35 1.89 436
MNIST-ROTATION 9.78 12.65 14.48
MNIST-BIMG-ROT 61.60 57.31 55.11
NORB-UNIFORM 5.24 12.49 8.47
NORB-JITTCLUTT 43.57 31.68 38.90
ORL 1.141.24 1.35+1.10 1.25+1.68
OUTEX 2.01£0.72 1.04+0.28 65.05
RECT-BASIC 0.01 0.14 4.59
RECT-BIMG 15.78 22.16 20.74
STOMATA 16.36+ 12.06 | 20.00+ 12.73 | 28.18+:14.35
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2) Comparison with baseline methodst Table XV we tion before applying the nearest neighbor classifier [48].
compared our results with previously published baselin€@n HCC, we obtain 10.71% error rate (??7?) while a SVM
on 24 datasets for which baseline results were providethssifier using SIFT features yields 63.93% error rate, but
once the dataset was first released. These baselines aneapproach is not as good than the best variant of [26]
either global approaches using various classifiers on dovthat uses wavelet-based covariance descriptors (publlishe
scaled image versions, or approaches using orientatioasults vary from 22.1% downto 0.7%). On BINUCLEATE,
filters (GIST [39] and V1S [77]), or methods based on coldZ.ELEGANS, CHO, RNAi, SUBCELLULAR, TERMI-
histograms. NALBULB, and LYMPHOMA, our ET-FL results using

similar test protocols are on par with the computationaly
intensive WND-CHARM method [74] which computes a
large set £ 1000) of features and compounds of image
transforms. On AGEMAP dataset we perform much better
(3.62% error rate) than WND-CHARM (51%). Additional
experiments (not included) also show excellent resulth wit
our method on the two other liver gender datasets (with
caloric restriction diet and ad-libitum diet) of the 1ICBU
2008 benchmark. During the IRMA-2005 challenge, 41
runs were submitted with error rates ranging from 73.3%
downto 12.6% [30], while we now obtain 5.90% using

3) Detailed comparisonsHere we first provide result optimizations. On IRMA-2006, 27 runs were submitted
comparisons in our preferred field of application (bioimagwith results ranging from 31.7% (using weighted k-nearest
ing data). Then we propose comparisons on a subseighbor on rescaled images o6 x 16 pixels) downto
of other datasets. Overall these comparisons suggestl®2% (with sparse histogram of image patches and a
consider our approach as a first try on new datasets rmaximum entropy classifier) [80], while we now obtain
it performs better than many published methods, althoud#.80% using optimizations. During the HEP2 ICPR 2012
obviously not reaching state-of-the-art performances ahallenge, 28 recognition algorithms were submitted,rerro
every dataset. rate results varied from 81.5% downto 31.5% (using SVM

with descriptors that encode spatial relations among adja-
cent LBP features) while we obtain 43.5% error rate with
optimizations and rank 9th. On RBC, our optimiZ&d31%
error rate is better than expected human error rate(%)
and than various approaches using gaussian mixture den-
sities or nearest neighbor classifiers, but less good than
the best variants of [45] (using combination of gaussian
mixtures and LDA, or combination of nearest neighbors
with several processing steps) where results vary from 31%
error rate downto 15.3%. On MMODALITY ImageCLEF
2010 challenge, our best run using optimizations yielded
a) Detailed comparisons on bioimaging datase®n 10% error rate and ranked 6th among 45 runs (ranging
ACROSOMES, we perform better (1.48%) than a neurfdlom 88% error rate downto 6%). On ZEBRATOXIC we
network classifier using 20 texture features [1] that yieldsbtain better results than a phenotype recognition model
3.93% error rate. On APOPTOSIS, we obtain 288767 that implements various intensity and texture descriptors
while [6] yields 1.6% error rate by extracting 295 featuregnd a support vector machine classifier, following the same
then follow an iterative process (called CARTA) that intwo protocols [62]: internal cross-validation on the tiam
volves a human user in order to apply a genetic algoritheet (1.12%-1.09 vs 2.6%-0.95 error rate), and evaluation
for feature selection, and finally use a SVM classifier. Oon an independant test set (3.12% vs 6.25% error rate).
STOMATA, [6] states that the original CARTA features b) Detailed comparisons on other dataset©n
were not sufficient so they included 130 additional rotatiodNORB-UNIFORM we obtain better results than a com-
invariant features to better separate the two classes ibioation of Convolutional Nets and SVM [38], restricted
different cluster regions, but no final classification ratBoltzman machines [83], and a huge convolutional network
is provided. On the HPA dataset, we obtain 2.38% errarith five hidden layers and hundreds of maps per layer
rate while [28] evaluated 6 approaches and obtain betwe@d] although their result is better than ours when adding
33.40% (using GLCM features and a SVM classifierd translation and contrast-extracting layer. On NORB-
downto 10% (using hundreds of features from CHARMITTCLUTT, we obtain comparable results to Convolu-
[74] combined with PCA and LDA). On SMEAR we tional Network "LeNet7” but lower results than a combi-
perform better than an nearest-neighbor classifier using 2&tion of unsupevised Convolutional Nets and SVM. On
nuclear/cytoplasmic features but worse than an optimiz8NIST variants, our results are comparable with 3 hidden
approach using genetic algorithm to perform feature seldayer Deep Belief Network and 3 hidden layer Stacked
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TABLE XV
COMPARISON WITH BASELINE METHODS ON SEVERAL DATASETECH: COLOR HISTOGRAMS NNL1/2: NEAREST NEIGHBOR WITHL1/2 NORM,
MLR: MULTINOMIAL LOGISTIC REGRESSION SVM: SUPPORT VECTOR MACHINE$.

Datasets Our best error ratgd Baseline error ratg Baseline method
CALTECH-101 69.74+ 42.45+0.74 V1S [77]
CALTECH-256 87. 7 92.4:0.7 /76 NNL1 / V1S [77]

CIFAR-10 25.69 58.87 / 45.3 MLR on 32 x 32 / Gist [78]
COIL-100 12.0 > 34.69 NNL1 [79]
CONVEX 7.41 19.13 SVM RBF [18]
INDOOR 81.88+1.07 79 Gist + RBF SVM [29]
IRMA2005 5.90 22.8 NNL2 on 32 x 32 [30
IRMA2006 14.80 32.1 NNL2 on 32 x 32 [80
LANDUSE 13.31+1.60 18.81 CH (HLS) [81]

MNIST 1.06 5.0 NNL2 on 28 x 28 [35]

MNIST-12000 1.89 3.03 SVM RBF on28 x 28 [18

MNIST-ROTATION 8.14 11.11 SVM RBF on28 x 28 [18
MNIST-BIMG 15.55 22.61 SVM RBF on28 x 28 [18
MNIST-BRAND 6.59 14.58 SVM RBF on28 x 28 [18
MNIST-BIMG-ROT 50.06 55.18 SVM RBF 0on28 x 28 [18]
NORB-UNIFORM 5.13 18.4/11.6 NNL2 / SVM Gaussian or82 x 32 [38]
NORB-JITTCLUTT 12.94 43.3 SVM Gaussian ori08 x 108 [38]

OLIVA 26.42 17.3 Gist [39]

PFID 69.56 88.7 CH [42]
RECT-BASIC 0.01 2.15 SVM RBF [18]
RECT-BIMG 14.91 24.04 SVM RBF [18]

SUN-397 93.54 94.5/791.8 /83.7 Tinyimages / CH / Gist [55]

WANG 10.04 47.2116.9 NNL2 32 x 32 / CH [82

ZUBUD 3.48 27.0/7.8 NNL2 32 x 32 / CH [82

Autoassociator Network [18], but lesser than the best tesuhnd Geometric Blur descriptors [14] but slighly inferior
on the regular MNIST benchmark. On SPORTS, our ETesults than SVM and a combination of all descriptors. On
DIC and ET-FL results (less than 10% misclassificatioRFID, we obtain significantly better results than a bag of
error rate and average class error rate) are much be®FT featurest+ SVM, and our results are on par with a
than the bag-of-features model (about 55% average clapecific method using pixel segmentation combined with
error rate) used in [50] (using a combination of DoGstatistics of pairwise local features [42]. On the recent
MSER, and affine-Harris detectors, SIFT descriptor, KETSRB dataset, our results with optimizations (98.81%)
means clustering, and a linear SVM classifier) and alswe better than combining histograms of oriented with
compared to their specific method using various types bDA (95.68%) and random forests (96.14%), slightly better
features and selective hidden random field (about 35%tan multi-scale convolutional neural networks (98.31%),
average class error rate), a result probably explained bymparable to human performance (98.84%), but slightly
the fact that they discard too much information (coloinferior to a committee of large convolutional neural net-
information is not used in their bag-of-feature model, andorks (99.46%) [25]. On several other datasets (KTH-
their specific method only computes a few color features faitPS, UIUCTEX, XEROX®6), we obtain with ET-FL results
super-pixels). On SWELEAF, our results are slightly betterompetitive with other approaches where various interest
than an extension of shape contexts with inner-distanpeint detectors, invariant descriptors, and SVM kernels
and matching with dynamic programming [85] and muctvere combined and optimized [88], and for the two tex-
better than the original work using specifically designetire datasets we obtain better results than other methods
features and neural networks [56]. We obtain better resutfgecifically designed for texture classification cited iB8][8
than the local affine frame method [86] using only onalthough not reaching the state of the art. On EVENTS,
training view on COIL-100, and we tied on SOIL-24ET-DIC and ET-FL are slightly better than the “scene
(perfect recognition). We are slightly inferior on ZUBUD (4only” model of [20] (ie. a dense grid sampling scheme,
misclassified images while they obtain perfect classificati the use of rotation invariant SIFT descriptor to represent
when they represent local appearance by low-frequenggtches as well as some geometry/layout information, and
coefficients of the discrete cosine transformation) on whid<-Means clustering). On SHAPEL, our classification ac-
several other methods perform worst (results range frotaracy results are competitive with a localized bag-of-
59% error rate by the first published method [87] downtfeatures model using shape features [47]. On LANDUSE,
0%). On CHARS74KEIMG, we obtain better results thamwe obtain significantly better results (86.69 % recognition
nearest neighbors and SVM approaches using SIFT, Spate) than variants of spatial pyramid image representa-
images, MR8 descriptors, Shape Contexts and a commigons involving co-occurence of visual words obtained by
cial OCR system, results on par with nearest neighbdfsmeans clustering of SIFT features (77.38% recogni-
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tion rate) [33], and than simpler HSL color histograms
(81.19%) [81]. On some other problems (such as BIRDS,
BUTTERFLIES, CALTECH-101, CALTECH-256, CIFAR-
10, EVENTS, FLOWERS102-CLEAN, INDOOR, KTH-
TIPS2, NATURALSCENES, PUBFIG83, SUN397) our
results using raw pixel values from original images are
significantly inferior than more elaborated approaches, e.
architectures that combine various steps of normalization
filtering and spatial pooling ([37], [89], [29], [55], [84]pr
methods combining numerous image descriptors [73]. Our
optimizations improve performances as discussed in main
text but still do not yield state-of-the-art recognitiones
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