INTRODUCTION

—
LL
14
ol
14
LLI
—
<

SEMANTICALLY INTERPRETABLE AND CONTROLLABLE FILTER SETS
Mohit Prabhushankar®*, Gukyeong Kwon*, Dogancan Temel, and Ghassan AlRegib

e%-;g(:lﬁ OLIVES Omni Lab for Intelligent Visual Engineering and Science (OLIVES)
g School of Electrical and Computer Engineering , Georgia Institute of Technology
{mohit.p,gukyeong.kwon,cantemel,alregib}@gatech.edu
In this work, we generate and control semantically N SUINsEEEE BFASSPEL . I O M
' ble fil h di ly | d f T FNZSANNEF BEAAE 5NN EEE&EEE# L, Regularization
interpretable filters that are directly learned from y = W]s+ b, ENENEF YL ST ANANE TR .S  armr e 1
natural images in an unsupervised fashion 3 millkh IVEESd BENNEA™ERN T AW |2
Each semantic filter learns a visually interpretable SENEFINENMNEAS JNEE SNE QE#EFEE :
| Y | y INterp | FmlilE EmElLEEF FEiE | SEDNKYED
local structure in conjunction with other filters i EFI§§E===.E==E:I==.= Y R E RS NE
L - - - - - i — o GENFRDES o
The ggmﬂcance of learning these |therpretzf1bIe. filter . Cof_t NS EEL P MEPN TR PR d EEEE%E%E L., Regularization
sets is demonstrated on two contrasting applications unction y T il EEIN AN T = N 5 1 o 4 PITTIIE:
The first application is image recognition under Ur(W, b)) 3 ==¥E=E!%EE= FE}__EEE&.‘ f E%ﬁ%ﬁﬁﬁ Wl
progressive decolorization, in which recognition | 2 OF C ST T A ELL Y R A — :222ﬁﬁiﬁ
i lor-i iti i F Il MELRFSENSAwRAPE R EEEEs
algorithms should be color-insensitive to achieve a . Q‘ ENANFREFLF SEEEY ITE k& Hiﬁu_ET_II.I.HHIEH Elastic Net Regularization
robust performance JiP dEMNETYLNMYHAEEDAELFFL EﬁE-IEHE 5
The second application is image quality assessment p=| ]“ y@‘ . d(WTp + b,) "WNeSuRTEETl RSBl N 47 EHEE‘-.EEE BlIWll, + AW |5
where objective methods should be sensitive to color — PrPn pi 5= sStgmoldiy; pT0o1) EVNuENERLEamEEE !rz | HI:IH”EH
) ~ 2 11“L.. I ““EL“—.“ H Trade off
| Application-dependent IMAGE QUALITY ASSESSMENT TRAFFIC SIGN RECOGNITION
si = a(Wyp; + by) Color filters processing Obiective - : : : . . . biective - : . PR 9 .
HuE F N \ jective : To estimate the quality of a given distorted image, as perceived Objective : To recognize a give traffic sign under progressive
O :.::: XW, — by humans decolorization.
_ Distortion-F
'O O | |.=' l= ) gy Distortion-Free |y, 3 /_ Lv. 5
Q Q S Kurtosis-based Post- % ;:—‘-—_1;‘:2.;‘,;: e CURE-TSR dataset
! - L. visual concept \ - £ioe filters processing . ,'i*:_'j',f which contains more
() g grouping Tl 13 < == than 2M real/unreal
Dj 5 : EEEEE XW, — C:J :':{3 ; ir:alglges vyith syn(’jchc.etic
O W5 T = o5 ics jtiﬁgegcljng conditions
n_ . = ' ARy AT .
WEIGHT GROUPING RESPONSE WEIGHING < Original |mage Equal Welghts for H|gher We|ghts for edges 'TE:'_:_T.‘:E:. e We fOCUS on
kW] = E[W; — u]*/c* Se =W, *x [oc(W,p; + b,)]| edges and colors compared to colors 1 decolorization
W, = k|[W;] > 0.5 Sc = We x [o(Wep; + b.)] * The performance is evaluated on Color Distortion challenges in TID challenge in this work.
W, = k|W;] < 0.4 2013 database in terms of Pearson/Spearman correlation coefficients
IMAGE QUALITY ASSESSMENT TRAFFIC SIGN RECOGNITION
100 - - - - * We analyze various methods to control the training phase
Metric Pearson Correlation Coefficient Spearman Correlation Coefficient of an autcencoder The filters learned from considered
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