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Summary	  A	   two-‐layer	   feed	   forward	  neural	  network	   is	  used	  to	  es>mate	   ice	  concentra>on	   from	  SAR	  
images	  directly	  in	  this	  research.	  Raw	  SAR	  image	  patches	  are	  used	  as	  input.	   	  The	  CIS	  (Canadian	  Ice	  Service)	  
ice	   concentra>on	   image	  analyses	   are	  used	   to	   train	   the	  neural	   network.	   The	  experiment	   shows	   that	   the	  
simple	  neural	  network	  can	  be	  used	  to	   	  generate	  a	  reasonable	  ice	  concentra>on	  with	  no	  preprocessing	  to	  
the	  SAR	  images.	  

Data	  The	  study	  area	   is	   located	   in	  the	  Beaufort	  Sea	  at	  the	  north	  of	  Alaska.	  One	  scene	  of	  Radarsat-‐2	  dual	  
polarized	   (HH	   and	  HV)	   ScanSAR	  narrow	  beam	  acquired	   at	   Aug.	   6th,	   2010	   (Fig.	   1(a,b)).	   The	   image	   analysis	  
chart	  produced	  by	  Environment	  Canada	   is	  used	  as	   ground	   truth	   (Fig.	   1(c)).	   It	   provides	  eleven	   levels	  of	   ice	  
concentra>on	   (from	  0	   to	   1	  with	   interval	   0.1)	   informa>on	  over	   homogeneous	   regions	  which	   are	   iden>fied	  
visually	  by	  a	  trained	  analyst.	  

Method	   A	   two	   layer	   feed-‐forward	   neural	   network	   is	  
used	  (There	  are	  two	  layers	  besides	  input	  layer)	  (Fig.	  2):	  
•  Input	   layer:	   all	   the	   backscaVers	   in	   a	   raw	   SAR	   image	  
patch	  is	  used	  as	  input.	  	  

•  Hidden	   layer:	   it	   takes	   the	   input	   layer	   as	   input	   and	  
output	   the	   learned	   features.	   The	   sigmoid	   func>on	   is	  
used	  as	  the	  ac>va>on	  func>on.	  

•  Regression	   layer	   (output	   layer):	   This	   layer	   fits	   the	  
feature	   output	   from	   the	   hidden	   layer	   with	   the	   target	  
variable	  using	  a	  linear	  ac>va>on	  func>on.	  

•  Training:	   The	   image	   analysis	   is	   used	   as	   ground	   truth.	  
Back-‐propaga>on	  is	  used	  as	  the	  training	  algorithm.	  

Conclusion	   The	   poten>al	   of	   feature	   learning	   in	   ice	   concentra>on	   es>ma>on	   from	   SAR	   images	   is	  
demonstrated	  by	  using	  a	  two-‐layer	  feed	  forward	  neural	  network.	  The	  results	   indicate	  that	   it	   is	  possible	  to	  
extract	  the	  best	  features	  that	  represent	  ice	  concentra>on	  using	  this	  approach.	  On	  the	  other	  hand,	  problem	  
caused	  by	  the	  effect	  of	  banding	  effect	  in	  HV	  polariza>on	  is	  s>ll	  to	  be	  solved.	  This	  is	  only	  a	  two-‐layer	  neural	  
network	  with	  40	  hidden	  layers.	  The	  ability	  of	  represent	  complex	  structures	  is	  limited.	  Mul>-‐layer	  and	  larger	  
neural	   networks	   are	   able	   to	   represent	  more	   complicated	   and	   higher	   level	   structures,	   and	   therefore,	   are	  
expected	  to	  be	  more	  effec>ve.	  With	  the	  most	  recent	  advances	  in	  deep	  learning	  in	  the	  past	  few	  years,	   it	   is	  
now	  possible	  to	  learn	  mult-‐layer	  neural	  networks	  composed	  of	  millions	  of	  neurons.	  This	  will	  be	  the	  next	  step	  
of	  this	  research.	  

Reference	  
[1]	  Karvonen,	  J.,	  Cheng,	  B.,	  Vihma,	  T.,	  ArkeV,	  M.,	  and	  Carrieres,	  T.,	  “A	  method	  for	  sea	  ice	  thickness	  and	  concentra>on	  analysis	  based	  on	  SAR	  data	  
and	  a	  thermodynamic	  model,”	  The	  Cryosphere,	  vol.	  6,	  pp.	  1507–1526,	  2012.	  	  
[2]	  Karvonen,	  J.,	  “Bal>c	  sea	  ice	  concentra>on	  es>ma>on	  based	  on	  C-‐band	  HH-‐polarized	  SAR	  data,”	  2012.	  	  
[3]	  Zakhvatkina	  N.	  Y.,	  Alexandrov,	  V.	  Y.,	  Johannessen,	  O.	  M.,	  Sandven,	  S.,	  and	  Frolov,	  I.	  Y.,	  “Classifica>on	  of	  sea	  ice	  types	  in	  ENVISAT	  synthe>c	  
aperture	  radar	  images,”	  Geoscience	  and	  Remote	  Sensing,	  IEEE	  TransacBons	  on,	  vol.	  51,	  no.	  5,	  pp.	  2587–2600,	  May	  2013.	  	  
[4]	  	  Berg,	  A.	  and	  Eriksson,	  L.,	  “SAR	  algorithm	  for	  sea	  ice	  concentra>on	  evalua>on	  for	  the	  Bal>c	  sea,”	  Geoscience	  and	  Remote	  Sensing	  Le/ers,	  
IEEE,	  vol.	  9,	  no.	  5,	  pp.	  938–	  942,	  2012.	  	  
[5]	  	  Karvonen,	  J.,	  “Bal>c	  sea	  ice	  concentra>on	  es>ma>on	  based	  on	  C-‐band	  dual-‐polarized	  SAR	  data,”	  Geoscience	  and	  Remote	  Sensing,	  IEEE	  
TransacBons	  on,	  vol.	  52,	  no.	  9,	  pp.	  5558–5566,	  2014.	  	  

Introduc'on Previous	  research	  has	  been	  focused	  on	  trying	  to	  use	  predefined	  features	  and	  mapping	  
them	   to	   ice	   concentra>on	   through	   pre-‐defined	   mapping	   rules	   or	   fiVed	   regression	   models	   [1][2].	   The	  
effec>veness	   of	   this	   kind	   of	   method	   is	   determined	   by	   the	   selec>on	   of	   the	   features	   and	   the	   selected	  
regression	  model	   which	   are	   both	   empirical.	   A	  more	   promising	   approach	   should	   be	   learning	   the	   features	  
from	  data	  using	   less	  assump>ons	  on	  the	  regression	  model	  or	   the	   features.	  The	  purpose	  of	   this	  work	   is	   to	  
learn	  representa>ve	  features	  directly	  from	  SAR	  images	  for	  ice	  concentra>on	  es>ma>on.	  
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(a)	  HH	  	   (b)	  HV	   (c)	  Image	  analysis	  
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1	  unit	  

Sigmoid:	  
	  y=1/(1+e-‐x)	  

Linear:	  
y=x	  

14	  by	  14	  SAR	  
	  image	  patch	  

Fig.	  1:	  Data	  used.	  RADARSAT-‐2	  HH	  and	  HV	  polariza>ons	  acquired	  in	  Aug.	  6th,	  2010	  and	  
corresponding	  image	  analysis	  

Fig.	  2	  The	  neural	  network	  used	  to	  learn	  ice	  
concentra>on	  from	  SAR	  images.	  

Experiment	  seEng	  
•  The	  patch	  size	  is	  set	  to	  14	  by	  14.	  Different	  polariza>on	  combina>ons	  are	  tested.	  For	  single	  polariza>on,	  the	  
number	  of	  neurons	  in	  the	  input	  layer	  is	  196.	  For	  dual	  polariza>ons,	  it	  is	  392.	  	  

•  SAR	  image	  patches	  sample	  pace	  of	  10	  km	  (The	  center	  of	  the	  image	  patches	  are	  equally	  spaced	  by	  10	  km)	  to	  
train	  the	  neural	  network.	  

•  70\%	  of	  the	  patches	  were	  used	  for	  training,	  15\%	  were	  used	  for	  cross-‐valida>on	  and	  the	  rest	  15\%	  were	  
used	  for	  tes>ng.	  	  

Results The relationship between ice concentration 
from image analysis (ground truth) and ice concentration 
from the neural network for testing data is shown (Fig. 3(a-
c)). The line represents the mean value of the estimated ice 
concentration using neural network at certain ice 
concentration values, and the length of the vertical bars are 
the corresponding standard deviation of the estimated ice 
concentration. Use the trained neural network on the entire 
image generates the estimated ice concentration for the 
whole image (Fig. 3(d-f)). Ice concentration for each pixel 
can be roughly estimated using this method. Correlation 
between the estimated ice concentration and the ground 
truth can be observed in all three different input band 
combinations. Using only the HH polarization produces 
the worst result due to the incidence angle effect. Using 
both polarizations generate the best result. The estimation 
error in open water is smaller when using both HH and HV 
polarizations than only using the HV polarization (Fig. 
3(d-e)). When using both HH and HV polarizations as the 
input, the incidence angle effect is not obvious in the result 
(Fig. 3(f)). When the ice concentration is less than 30\%, 
there is no monotone relationship between the estimated 
ice concentration and the ground truth. Ice concentration at 
this range is over estimated in general. This is mainly 
caused by the banding defect of the SAR image.  

(a)	  

(b)	  

(c)	  

(d)	  Using	  HH	  

(e)	  Using	  HV	  

(f)	  Using	  HH	  &HV	  
Fig.	  3	  Results.	  (a,	  b,	  c)	  are	  the	  rela>onship	  between	  
ground	  truth	  and	  es>mated	  ice	  concentra>on,	  (d,	  e,	  

f)	  are	  the	  es>mated	  ice	  concentra>on	  


