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Learnable receptive fields scheme in deep networks for
image categorization
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Abstract: An increasing interest in computer vision and machine learning has focused on visual categorization as it is a
fundamental task for image retrieval, organization and robotic vision. Over the past decade, various deep learning-based
models have been proposed and broadly applied to visual recognition and categorization. In this paper, the proposed
approach learns features from scratch rather than employ hand-crafted (SIFT) and (HOG) descriptors. Deep hierarchical
architecture for learning effective image representations can be built up layer by layer. Specifically, K-SVD and OMP are
used for training and encoding phase respectively due to their simplicity and efficiency. In addition, sum, average and max
operators are three commonly strategies for pooling in modern categorization models. We aim to apply an improved scheme
which learns the receptive fields for pooling together with classifier instead of traditional pooling pattern. We provide a
detailed analysis in deep networks for event and object tasks respectively and compare our novel method with several state-
of-the-art algorithms comprising kernel-based feature learning and saliency-weighted hierarchical sparse coding. Finally,

experimental results show that our algorithm performs better on UIUC-sports and Oxford flowers datasets.
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2 TRFEM 2 )4 2 RRAE 32 BU(Hierarchical
feature extraction in deep networks)
2.1 7 ERFFEPEEU(Hierarchical feature extra-
ction)
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Fig. 1 Architecture of hierarchical feature extraction
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Fig. 2 The dictionaries learned with 75 and 150 atoms in the
first layer
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Fig. 3 An algorithm framework of learnable receptive fields scheme using deep networks
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4 I8 24 B2 HT(Time complexity analysis)
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Table 1 Comparison of time complexity for sparse coding
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5 B4R 5 4 Hr(Experiment results and

analysis)
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5.1 UIUC-sports732&(UIUC-sports categoriza-
tion)
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Table 2 Classification accuracy on UIUC-sports data-
set (3 pre-pooling opertations)

Ttk H1E F2E P
FKR FHRRN FHRN R %
average 150 1600 76.9
sum 150 1600 76.1
max 150 1600 74.6
85 T T T T T T T T T
80 /\
xX
Q_ Te —e— max+ i
{53 70 —k— sum+ 7
& g5+ —A— average+
¥ L i
&K 60‘ A
55 g
59nax average sum
R R it

Kl 4 AR TT A o ZRHER R 1 EL s (UTUC-sports)

Fig. 4 Classification accuracy comparison based on types of
different combinations of pooling for UIUC-sports in
the first and pre-pooling stage
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2SI A AR, MR A SCEE, 1 EF
JR B i RN A, Bt Ak A 4y i) B
% N {H (max) 1 3K ~F #3 (average) B}, 3K 15 7 K T
UIUC- sports JIREE A B A0 70 R 5 79.2%. M,
X ELER2FIFR 3 R 552 2 - i, UF B H K/ S 1000
i, EURT RIS I A 2 S 2, A ARSI K, 7 2R UER
R F R, TR R E RGN EE LA TR,
DRI 7 35 2 )2 I 28 Hh 7 SR FH e 5 46 - i, 72 BT TUAR
FEIEGLT 2 BB RS, Wi BT 428
REM N F%.

# 3 UIUC-sports B% 5 7~ £ A 54 F (707K D 2R B 4% )
Table 3 Classification UIUC-sports
dataset (70 images for training)

accuracy on

CRVER AT £V Ev)= S

bR PN IO R %
max + average 75 1000 71.8
max -+ average 150 1000 79.2

23 100 S8 Ja BT 24 73 FUERA R IR AP,
IS ORI, ARSI SR T LA 7 SR HER 37 TR

I e R T STFT 1 38 1 14 A2 1l E AL B (GGM) 55
2T H A% (object bank) (11777,
4% 4 UIUC-sports B 1% 4 £/ 56 F 3 b
Table 4 Classification accuracy comparison on UITUC-
sports dataset

o LA DIRAERIRS %
SIFT + GGM!!4 73.4
Object bank!'! 76.3
A TTi: 79.2

5.2 Oxford flowers4} Z(Oxford flowers categori-
zation)

Oxford flowersill i £ & 1 136008 K15, &3t17
AR ZETY, F5 2 A7 80, 721X ANk T AE A I R 1hE
MR PE SN 22 S I 8 28 K T2 81 22 5%, 1T HLAF
FEPAS RSB TR A A ALLRE B 1R 0L, DRt il
RERA — @R, NF R AR, A5
T S 58 1 B ORFF — B AR R SCHR17], 43 o0l B AL 4
HX40A60ME I T- I ZR I MR . A SCHEAT 10008856, 48
JE T, 43 B 5 1) oy R .

FEEVZH, AT ISR UARAEINEG6 x 611
B, 750K 8 9200, OMPH B [ 8 B NS5, XS
207, HARING x 61 AE 7 LI 2k, FF8 5 13
5E 2H3200, OMPHG B 10, 5 BT —TSEIG AR FE— 2L
MRS PR, E B TT T, B KA BB T 1215 2
TR P RE, T SEIR T, SR T iR
REMLI ™ B R [, DT AN A A R 2 0] 7 e 22 (1)
SZMERS EEUn &S PR,

85 T T T T T T T T T

80 b
=X
-~ 757 »Y
Ty ]
&= 704 L
& 65+ q
E23 | —e— max+
R 60 % sum+ K

551 _a averaget 7

50 1 1 1 1 1 1 1 1 1

max average sum

Tk 27
K 5 AFEHAE A RS T 43 2R 2R 1) EL 5 (oxford flowers)

Fig. 5 Classification accuracy comparison based on types of
different combinations of pooling for oxford flowers in
the first and pre-pooling stage
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Table 5 Classification accuracy on oxford flowers
dataset (3 pre-pooling opertations)

LA AV 2R e
HH AN FIION R %

average 200 3200 72.4
sum 200 3200 70.6
max 200 3200 76.2

% 6 Oxford flowers 1% 5 2 K /& 44 F (60 7k I 25 [ 1%)
Table 6 Classification accuracy on oxford flowers
dataset (60 images for training)

FEfk+  FZ H2E Vi
TR RN FHRUN HERR %
max -+ max 100 1600 70.1
max -+ max 200 1600 76.5
max -+ max 300 1600 80.2

55 HAh SR AR Ee s e g R iR TR, 4 REd LA
B A0 BRI T IR, AR R DL TR i
Gk, REVEAR VR 7 R (HSSL). [RI, AHXE
TOCHR[16) 52 Y A2 TR « B A SCRE HiA 1) 7
V%, AR IR = TR M T UIZREE R MR
HH I ZI600S, A SCEEMEREM M T-HSSL, H
T ICHR [17] Hh 5 HH A0 3 T 6 0 T AR T i B
6.5%.

% 7 Oxford flowers B 1% & 7 £ /& #4 F 35 tb
Table 7 Classification accuracy comparison on oxford
flowers dataset

VIZREHZ40 A7 HSSL

SCHR[16]

Color shape texture

IRAEWRI % 741 69.742.7
- ’ 59.742.0, 68.9£2.0, 59.0+2.1

IZEMB60 A7 HSSLT SCHR[17]

Color shape texture

IYRAEWRI/ % 802 76.243.8
o 7 73.7,71.8,55.5

6 4518 (Conclusions)

ASCHEH T B AT 2 5] JBZ T R IR B T 2 BV,
B H TG AT 5. il e B Bh 5l %
P PR I R DU, RN 27 2] 3 S AR T AR e Jk
2B S EEAE B AR AR GRS S T R
(143 S HERF 6. SEIG 3 AT IE B, 7838 T A SCEE IR
FER 28 A, AR T8RN SRl RGBT /N
LRESH, TR FIFEE IR KRR FRom 1 B
L) oy RUETRZ. £ B AR A B E, o R
3RV 12 (average) AT HN 5t KAE (max) THAL 551 7T 3145
BTy R ERE .
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