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  the	
  effect	
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  and	
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  reflectance	
  of	
  the	
  camera	
  response	
  
(pixel	
  value)	
  is	
  an	
  ill-­‐posed	
  problem.

•To	
  esRmate	
  the	
  two,	
  we	
  either	
  make	
  
assumpRons	
  about	
  the	
  scene…

•...or	
  we	
  capture	
  more	
  physical	
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about	
  the	
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Benefits	
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  can	
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  the	
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  and	
  de-­‐
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  of	
  visible	
  and	
  NIR	
  image	
  
frequencies	
  and	
  intensiRes	
  to:
-­‐enhance	
  the	
  visual	
  quality	
  of	
  images/videos.	
  
-­‐extract	
  more	
  accurate	
  informaRon	
  about	
  the	
  scene.	
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All	
  digital	
  cameras	
  are	
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…if	
  we	
  remove	
  the	
  hot	
  mirror!
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Current	
  Work

•Simultaneous	
  capture	
  of	
  RGB	
  and	
  NIR	
  on	
  a	
  single	
  
sensor.
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“MulRspectral”	
  Color	
  Filter	
  Array

• The	
  new	
  color	
  filter	
  array	
  (CFA)	
  for	
  4-­‐channel	
  RGB
+NIR	
  with	
  no	
  hot	
  mirror:

NIR only
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  Joint	
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  IEEE	
  Interna:onal	
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  Image	
  Processing	
  (ICIP),	
  2011.
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IntuiRon

•The	
  high	
  frequencies	
  of	
  the	
  visible	
  image	
  can	
  be	
  
exchanged	
  by	
  the	
  high	
  frequencies	
  of	
  the	
  NIR	
  
image.
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Synthesis

• Keep	
  the	
  visible	
  low	
  frequency	
  informaRon,	
  and	
  then	
  
retain	
  the	
  highest	
  contrast	
  from	
  either	
  the	
  visible	
  or	
  
the	
  NIR	
  image.	
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�
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T.	
  Igarashi,	
  K.	
  Nishino,	
  and	
  S.K.	
  Nayar,	
  The	
  appearance	
  of	
  human	
  skin.	
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  CUCS-­‐024-­‐05,	
  2005.

Hair,	
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  corneum
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  Cells
Melanosytes	
  	
  

Collagenous	
  network
Blood	
  vessels

Fat	
  Cells

PenetraRon	
  of	
  radiaRon	
  in	
  skin
• AbsorpGon	
  and	
  scaYering	
  are	
  inversely	
  proporRonal	
  to	
  
wavelength.



IntuiRon
• If	
  NIR	
  penetrates	
  deeper	
  into	
  skin,	
  then	
  surface	
  
imperfecRons	
  are	
  less	
  visible.



IntuiRon
•Unwanted	
  skin	
  imperfecRons	
  (freckles,	
  pores,	
  warts,	
  
wrinkles)	
  are	
  usually	
  small.
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Skin	
  Smoothing

Visible NIR Visible + NIR
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  Fredembach,	
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  Barbuscia,	
  and	
  S.	
  Süsstrunk,	
  Combining	
  visible	
  and	
  near-­‐infrared	
  images	
  for	
  realisRc	
  skin	
  
smoothing,	
  IS&T/SID	
  17th	
  Color	
  Imaging	
  Conference,	
  2009.
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  2009.

NIR	
  Flash Short	
  Exp. Reconstructed Ground	
  Truth
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  Interna:onal	
  Conference	
  on	
  Image	
  Processing	
  (ICIP),	
  2011.
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Recall

wavelength λ


Quantum Efficiency Q(λ)
Surface Reflectance S(λ)


wavelength λ


Light Power E(λ)


wavelength λ


•SeparaRng	
  the	
  effect	
  of	
  illuminant	
  and	
  surface	
  
reflectance	
  of	
  the	
  camera	
  response	
  (pixel	
  value)	
  is	
  
an	
  ill-­‐posed	
  problem.	
  



IntuiRon

• Doubling	
  the	
  spectral	
  bandwidth	
  considered	
  
(400-­‐1100nm)	
  increases	
  esRmaRon	
  accuracy	
  for	
  
color	
  constancy	
  algorithms.
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FlashDaylight
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Light	
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  spectrum
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Incandescent

FlashDaylight

wavelength

Skylight

Fluorescent

Light	
  Sources	
  (visible	
  +	
  NIR)

Normalized power

NIR



Light	
  Source	
  EsRmaRon

Overcast	
  Sky
EsRmated	
  Color	
  Temperature:
7500K

Sunny	
  Day
EsRmated	
  Color	
  Temperature:
5000K

Incandescent	
  Lamp
EsRmated	
  Color	
  Temperature:
3000K

C. Fredembach and S. Süsstrunk, Illuminant estimation and detection using near infrared, IS&T/SPIE 
Electronic Imaging, Digital Photography V, Vol. 7250, 2009.



Shadow	
  DetecRon

Visible NIR Binary	
  Shadow	
  Mask

C. Fredembach and S. Süsstrunk, Automatic and accurate shadow detection from (potentially) a single 
image using near-infrared information, EPFL Tech Report 165527, 2010.
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Image	
  Database	
  (477	
  RGB+NIR)

• 477	
  image	
  pairs	
  for	
  9	
  scene	
  categories:



CorrelaRon	
  between	
  RGB	
  and	
  NIR

• 10’000	
  RGB-­‐NIR	
  pixel	
  pairs,	
  joint	
  entropy:

M.	
  Brown	
  and	
  S.	
  Süsstrunk,	
  MulR-­‐spectral	
  SIFT	
  for	
  Scene	
  Category	
  RecogniRon,	
  CVPR	
  2011.

(a) R-G (4.13) (b) B-G (4.26) (c) R-B (4.60)

(d) R-NIR (5.29) (e) G-NIR (5.30) (f) B-NIR (5.44)

Figure 3: Pairwise distributions of R, G, B and NIR pixels
sampled from 10,000 examples in 100 images. The joint
entropy of each distribution (64 bins, max entropy of 6 bits)
is shown in parenthesis.

with robust estimation of a similarity motion model. We
reject image matches with less than 50 consistent feature
matches (this occurred in only 6 instances). Our subjects are
primarily static scenes, although occasionally image motion
causes small differences between the RGB and NIR bands
(around 50 of 477 cases), to which our recognition algo-
rithms will need to be robust.

4. RGB-NIR Statistical Dependencies
Figure 3 shows scatter plots of 10,000 sampled RGB-

NIR pixels from our dataset, plotted as pairwise distribu-
tions in order of increasing entropy. Joint entropy is com-
puted as H =

�
ij �pij log2(pij), using a discretisation of

8 bins per dimension. Note that the visible colour entropies
(R-G, R-B and B-G) are all less than the joint entropy of
visible and NIR (R-I, G-I, B-I), with the largest entropy oc-
curring for the spectral extremes (R-B and B-I). These plots
suggest that NIR gives significantly different information
from R, G and B, in the following we investigate whether
this can be effectively used in a recognition context.

5. Multispectral SIFT
In their paper on colour SIFT descriptors [27], Van der

Sande et al. noted that using opponent colour spaces gave
significantly better performance in object and scene recog-
nition than computing descriptors in the R,G and B colour
channels directly. Opponent colours are present in human
vision, where early processing splits the input into achro-
matic (luminance) and opponent (red-green, blue-yellow)
parts. This can be explained in terms of efficient coding
– opponent colours decorrelate the signal arriving at the

L, M and S photoreceptors [2, 21]. To extend the oppo-
nent colour idea to RGB-NIR, we make use of the same
idea, decorrelating the 4-dimensional RGB-NIR colour vec-
tor c = [r, g, b, i] by computing the eigenvectors of the co-
variance matrix

⇥c =
⇥

k

(ck �mc)(ck �mc)T = W�WT (3)

To ensure that the output remains as the input within the 4-d
unit cube we apply a further linear mapping

c⇥i =
1�

j |wij |
⇥

j

wijcj �
�

j w(�)
ij�

j |wij |
. (4)

This facilitates downstream processing which expects in-
tensity values in the 0-1 range. Each component of the
resulting colour vector c⇥ = [c⇥1, c⇥2, c⇥3, c⇥4] is thus a linear
(scale and offset) transform of the decorrelated components.
The raw RGB-NIR PCA components are shown in Figure 4.
Similar to 3-dimensional colour, the first component is al-
most achromatic, containing approximately equal amounts
of R, G, B, and a slightly smaller NIR contribution. The
second component takes the difference of the spectral ex-
tremes (NIR and blue), which from Figure 3 are the most
statistically independent. Subsequent components involve
further spectral differences, and account for small fractions
of the overall signal energy (see Figure 6).

To form a multispectral SIFT keypoint, we first detect
difference of Gaussian extrema in the luminance compo-
nent, and then form 4⇥4 histograms of gradient orientations
di, i ⌅ {1..4} for each channel independently. Note that
since the decorrelated bands (other than the first) consist of
colour differences, the gradients consist of both spatial and
chromatic differences (see Figure 5). We normalise each
colour band independently, which equalises the weighting
of the colour gradient signals, and concatenate to form the
final descriptors. Since this can be high dimensional (512
dimensions for RGB-NIR descriptors), we reduce dimen-
sions using PCA, leading to a length nd descriptor

d = UT [d̃1, d̃2, ..., d̃n] (5)

where d̃i is the “clip-normalised” [11] SIFT descriptor in
the ith band, and U is a nd ⇥ 128n orthogonal matrix (typ-
ically nd ⇤ 128).

6. Standard Models
As a baseline for comparison, we also test multispectral

versions of two standard models for category/scene recog-
nition:



DecorrelaRon...

• PCA	
  on	
  477	
  4-­‐channel	
  images	
  (RGB	
  +NIR):

M.	
  Brown	
  and	
  S.	
  Süsstrunk,	
  MulR-­‐spectral	
  SIFT	
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  Scene	
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  RecogniRon,	
  CVPR	
  2011.
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Figure 4: RGB-NIR “opponent” colours. The coloured
bars show the amounts of red, green, blue and near-infrared
in each PCA component. Note that the first two components
(approximately achromatic and difference of blue-infrared)
make up 98% of the signal energy.

Figure 5: Colour parts of the derivative filters used for
MSIFT (note that there is an additional near-infrared com-
ponent that is not visualised)

Figure 6: RGB-NIR opponent colour components of a
scene. The colour transformation converts colour differ-
ences into spatial patterns which are well characterised by
local descriptors such as SIFT. Note that there is visibly less
energy in the later components.

GIST We compute Gabor filters at 3 scales and 8 orienta-
tions per scale. The image is first pre-filtered to nor-
malise the local contrast, and the descriptors are con-
catenated for each band. We use the implementation
from Torralba [18].

HMAX Inspired by the “standard model” for recognition
in visual cortex, this consists of a hierarchy of filter-
ing and max-pooling operations. HMAX descriptors
are computed independently and concatenated for each
band. We use the CNS implementation by Mutch et
al. [15].

The HMAX filters were trained offline using a database
of 10,000 images. GIST descriptors were normalised per
band, which also gave improved performance versus global
normalisation. In addition to our multispectral SIFT de-

scriptors, we also compare against the best performing
colour descriptor designs proposed by Van de Sande et
al. [27, 3], including opponent-SIFT, C-SIFT and rg-SIFT.

7. Database
Our test database consists of 477 images distributed

in 9 categories as follows: Country(52), Field(51), For-
est(53), Mountain(55), Old Building(51), Street(50), Ur-
ban(58), Water(51). The images were processed using auto-
matic white balancing for the RGB components, and equal
weights on the RGB sensor responses for the NIR compo-
nents, with standard gain control and gamma correction ap-
plied.

8. Classification Experiments
To perform classification based on MSIFT descriptors,

we adopt the method of Boiman et al. [1]. This assumes
that the descriptors zi in image I are i.i.d. Gaussian, with
the class conditional density being approximated by the
nearest-neighbour

p(I|c) =
�

i

p(zi|c) ⇥
�

i

N(zi,NNc(zi), �2) (6)

where NNc(zi) is the nearest neighbour of descriptor zi in
class c of the training set. We then use a Bayes classifier,
choosing the class c� = arg maxc p(c|I) with equal class
priors. For the GIST and HMAX descriptors we use Linear
SVMs (C-SVC) with a constant c parameter of 100.

9. Experiments (RGB-NIR dataset)
We perform scene recognition on our dataset of 477 im-

ages, randomly selecting 99 images for testing (11 per cat-
egory) and training using the rest. In all our experiments
we repeat using 10 trials with a randomly selected train-
ing/test split, and quote the mean and standard deviation of
the recognition rate (fraction of correct matches).

Firstly, we experiment with various colour representa-
tions for each lifting algorithm. These are: l = luminance
(greyscale), li = luminance + NIR, rgb = red, green and
blue, rgbi = RGB + NIR, opp = opponent colour space
(as used for opponent-SIFT), nopp = normalised opponent
colour space (as used for C-SIFT), lrg = luminance + nor-
malised r, g (as used for rg-SIFT), pca1 = 1st RGB-NIR
PCA component, pca2 = 1st and 2nd RGB-NIR PCA com-
ponents, pca3 = RGB-NIR PCA components 1-3, pca4 =
RGB-NIR PCA components 1-4, rnd = random 4�4 lin-
ear transform (10 randomised transforms used over 10 tri-
als each). The results are shown in Table 1. We name the
combination pca4 sift = MSIFT (the algorithm described in
section 5).
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GIST We compute Gabor filters at 3 scales and 8 orienta-
tions per scale. The image is first pre-filtered to nor-
malise the local contrast, and the descriptors are con-
catenated for each band. We use the implementation
from Torralba [18].

HMAX Inspired by the “standard model” for recognition
in visual cortex, this consists of a hierarchy of filter-
ing and max-pooling operations. HMAX descriptors
are computed independently and concatenated for each
band. We use the CNS implementation by Mutch et
al. [15].

The HMAX filters were trained offline using a database
of 10,000 images. GIST descriptors were normalised per
band, which also gave improved performance versus global
normalisation. In addition to our multispectral SIFT de-

scriptors, we also compare against the best performing
colour descriptor designs proposed by Van de Sande et
al. [27, 3], including opponent-SIFT, C-SIFT and rg-SIFT.

7. Database
Our test database consists of 477 images distributed

in 9 categories as follows: Country(52), Field(51), For-
est(53), Mountain(55), Old Building(51), Street(50), Ur-
ban(58), Water(51). The images were processed using auto-
matic white balancing for the RGB components, and equal
weights on the RGB sensor responses for the NIR compo-
nents, with standard gain control and gamma correction ap-
plied.

8. Classification Experiments
To perform classification based on MSIFT descriptors,

we adopt the method of Boiman et al. [1]. This assumes
that the descriptors zi in image I are i.i.d. Gaussian, with
the class conditional density being approximated by the
nearest-neighbour
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where NNc(zi) is the nearest neighbour of descriptor zi in
class c of the training set. We then use a Bayes classifier,
choosing the class c� = arg maxc p(c|I) with equal class
priors. For the GIST and HMAX descriptors we use Linear
SVMs (C-SVC) with a constant c parameter of 100.

9. Experiments (RGB-NIR dataset)
We perform scene recognition on our dataset of 477 im-

ages, randomly selecting 99 images for testing (11 per cat-
egory) and training using the rest. In all our experiments
we repeat using 10 trials with a randomly selected train-
ing/test split, and quote the mean and standard deviation of
the recognition rate (fraction of correct matches).

Firstly, we experiment with various colour representa-
tions for each lifting algorithm. These are: l = luminance
(greyscale), li = luminance + NIR, rgb = red, green and
blue, rgbi = RGB + NIR, opp = opponent colour space
(as used for opponent-SIFT), nopp = normalised opponent
colour space (as used for C-SIFT), lrg = luminance + nor-
malised r, g (as used for rg-SIFT), pca1 = 1st RGB-NIR
PCA component, pca2 = 1st and 2nd RGB-NIR PCA com-
ponents, pca3 = RGB-NIR PCA components 1-3, pca4 =
RGB-NIR PCA components 1-4, rnd = random 4�4 lin-
ear transform (10 randomised transforms used over 10 tri-
als each). The results are shown in Table 1. We name the
combination pca4 sift = MSIFT (the algorithm described in
section 5).
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•Using	
  an	
  extra	
  (non-­‐visible)	
  NIR	
  channel	
  has	
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  in	
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  applicaRons.
-Enhance	
  the	
  content
-Extract	
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  the	
  scene.



Other	
  RGB-­‐NIR	
  ApplicaRons
• Microsoft Kinect [ www.primesense.com ]

• Projector uses 830nm (NIR) laser
• NIR camera is tuned to this frequency
• Projector-camera system to capture depth (stereo) 



Photo Courtesy Chris Jordan

More	
  Physics...

• Cameras	
  (3D)
•Microphones
• GPS
• Accelerometer
• Digital	
  Compass
• Ambient	
  Light
• Temperature?
• Air	
  Quality?
• ...

V.	
  Padmanabhan,	
  Distributed	
  Sensing	
  Using	
  Mobile	
  Smartphones,	
  TechByte,	
  2008.
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•There	
  are	
  many	
  sensors	
  providing	
  physical	
  
measurements	
  that	
  can	
  improve	
  imaging	
  
applicaRons.
-­‐And	
  we	
  have	
  only	
  begun	
  to	
  exploit	
  their	
  possibiliGes.
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