
We	  assume	  that	  the	  elements	  in	  a	  microscopy	  are	  evenly	  and	  
periodically	  distributed	  (as	  they	  usually	  should	  be)	  and	  that	  the	  
atom	  cores	  are	  irrelevant	  since	  their	  shape	  and	  size	  are	  mode-‐
invariant.	  
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Given	   an	   image	   of	  microscopy,	   and	   a	   set	   of	   dicHonary	   items	   (of	  
different	  modes	  of	  atoms),	  we	  need	  to	  design	  a	  pipeline	  to	  idenHfy	  
each	  atom	  in	  the	  microscopy	  with	  a	  mode	  in	  the	  dicHonary.	  

Microscopy	  image	  

DicHonary	  items	  

Ideal	  Output	  

Algorithm	   Current	  Outcome	  

Using	  Matlab	  with	  VLFeat	  API	  for	  HOG	  generaHon,	  we	  have	  
successfully	  built	  up	  a	  working	  pipeline	  and	  the	  results	  are	  shown	  
below.	  
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Scale	  

Locate	  
NormalizaHon	   Comparison	  

The	   workflow	   of	   our	   pipeline	   consists	   of	   mainly	   three	   steps	   (as	  
illustrated	  below).	  
	  
Since	  the	  sizes	  of	  microscopy	  elements	  and	  dicHonary	  items	  might	  
be	  different,	  we	  first	  normalize	  the	  scale	  and	  slice	  the	  microscopy	  
into	   pieces;	   then	   we	   normalize	   the	   brightness	   and	   contrast	   of	  
microscopy	   elements	   with	   dicHonary	   items	   before	   we	   compare	  
them	  to	  gain	  opHmal	  matches.	  

Same	  mode?	  

Scale	  +	  Locate	  
‘EaHng	  from	  outside’	  strategy	  to	  get	  
an	   approximate	   scale	   raHo	   by	  
comparing	  the	  Hme	  needed	  for	  both	  
images	  to	  fade	  out	  

Adopt	   a	   brute	   force	   search	   by	  
varying	   around	   the	   approximate	  
scale	  raHo	  and	  scan	  through	  

*	  Aber	  ‘eaHng	  from	  outside’,	  we	  use	  a	  brute	  force	  search	  to	  get	  the	  
offset	  of	  first	  element	  

NormalizaHon	  

intensity	  distribuHon	  of	  microscopy	  
(not	  real	  distribuHon,	  figure	  just	  for	  illustraHon)	  

intensity	  distribuHon	  of	  dicHonary	  
(not	  real	  distribuHon,	  figure	  just	  for	  illustraHon)	  

*	  The	  intensity	  distribuHon	  of	  microscopy	  is	  pixel-‐wisely	  normalized	  
to	  be	  the	  same	  with	  that	  of	  the	  dicHonary	  item	  

Comparison	  
Since	   we	   are	   only	   concerned	   about	   the	  
subtle	  differences	   in	  the	  circled	  area,	  we	  
use	  a	  mask	  to	  shade	  the	  cores	  and	  do	  not	  
take	   them	   into	   consideraHon	   for	  
comparison.	  

We	  use	  HOG	  (Histogram	  of	  Oriented	  Gradients)	  
to	  extract	  features	  of	  the	  concerned	  area.	  
	  
HOG:	  	  
1. divide	  an	  image	  into	  smaller	  patches	  
2.  calculate	  the	  gradients	  at	  each	  pixel	  
3.  generate	   a	   feature	   vector	   of	   gradients	  

distribuHon	  for	  each	  small	  patch	  

Cross	  CorrelaHon	  

Use	   the	   cross	   correlaHon	   of	   HOG	   feature	   vectors	   to	  
represent	  the	  similarity	  between	  two	  images.	  
	  
*	   This	   metric	   is	   also	   used	   in	   Scale+Locate	   for	  
determining	  beeer	  alignment	  

The	   numbers	   at	   the	   corner	   of	   each	   unit	  
stands	  for	  the	  number	  of	  dicHonary	  item	  
it	  is	  matched	  to.	  
	  
On	   average	   our	   algorithm	   takes	   110s	   to	  
run	  on	  a	  MacBook	  Air	  (1.8	  GHz	  Intel	  Core	  
i5,	  4	  GB	  1600	  MHz	  DDR3)	  for	  a	  dicHonary	  
of	   size	   25	   and	   a	   microscopy	   of	   size	   30	  
(items).	   A	   more	   detailed	   complexity	  
analysis	   will	   be	   included	   in	   our	   final	  
report.	  

Based	  on	  current	  result,	  we	  plan	  to	  work	  on	  three	  aspects	  in	  the	  
future:	  looking	  for	  a	  more	  accurate	  comparison	  method;	  
implemenHng	  our	  algorithm	  on	  other	  plakorms,	  say	  C/C++/Python;	  
scaling	  our	  algorithm	  via	  parallelism.	  
	  
1.  SVM/Neural	  Network:	  we	  plan	  to	  improve	  our	  comparison	  by	  

Machine	  Learning	  with	  a	  classifier	  using	  HOG	  features;	  
	  
3.  LSH:	  we	  plan	  to	  preprocess	  the	  dicHonary	  using	  Locality	  

SensiHve	  Hashing	  to	  reduce	  comparing	  Hme	  to	  sub-‐linear.	  
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