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ABSTRACT   

The availability of multispectral scene data makes it possible to simulate a complete imaging pipeline for digital 
cameras, beginning with a physically accurate radiometric description of the original scene followed by optical 
transformations to irradiance signals, models for sensor transduction, and image processing for display. Certain scenes 
with animate subjects, e.g., humans, pets, etc., are of particular interest to consumer camera manufacturers because of 
their ubiquity in common images, and the importance of maintaining colorimetric fidelity for skin.  Typical multispectral 
acquisition methods rely on techniques that use multiple acquisitions of a scene with a number of different optical filters 
or illuminants. Such schemes require long acquisition times and are best suited for static scenes. In scenes where animate 
objects are present, movement leads to problems with registration and methods with shorter acquisition times are 
needed.  To address the need for shorter image acquisition times, we developed a multispectral imaging system that 
captures multiple acquisitions during a rapid sequence of differently colored LED lights.   In this paper, we describe the 
design of the LED-based lighting system and report results of our experiments capturing scenes with human subjects.  
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1. INTRODUCTION  
Multispectral scene data are useful for many applications in color imaging, including classification, imaging systems 
simulation and scene rendering.  For example, the availability of multispectral scene data makes it possible to simulate a 
complete imaging pipeline for digital cameras, beginning with a physically accurate radiometric description of the 
original scene, followed by optical transformations that create irradiance signals, sensor transduction models that convert 
photons to electrons, and image processing algorithms that generate digital images that can be displayed1.  

Multispectral scene data can be described as a 3D matrix or datacube in which each voxel is addressed by its 2D spatial 
coordinates and a third wavelength dimension.  For example, a scene with 1024 x 1024 spatial samples and 31 
wavelength samples (400 – 700 nm sampled every 10 nm) will constitute a 1024 x 1024 x 31 datacube.  An RGB image 
of the same scene is a 1024 x 1024 x 3 datacube.  Hence, a significant amount of scene spectral information is lost when 
a color digital camera captures an image of a scene.  

Mathematically, the multispectral signal at each point in a scene is a vector, x, that is estimated by solving the equation 

ݕ       ൌ ݔܣ ൅  (1)       ,ߟ 

where y is a vector with n  measurements, A is a measurement matrix and η is measurement noise.  For example, 
consider an RGB camera with calibrated spectral sensitivities ranging between 400 and 700 nm, sampled every 10 nm.  
The measurement matrix A is 3 x 31.  The multispectral signal x at each sampled point is 31-dimensional vector.  The 
data captured by the camera, y, is a 3-dimensional vector. It is not possible to recover a 31-dimensional vector with only 
three measurement samples, y. In other words, the problem of recovering x from y is an under-constrained problem with 
many possible solutions.  The goal of multispectral imaging is to increase the dimensions of the measurement matrix, A, 
and to constrain the space of solutions by using statistics about natural spectra. 

One way to increase the dimensions of the measurement matrix, A, is to capture multiple images of a scene using a color 
digital camera with many different color  filters2-7.    The combined spectral transmissivities of the filters and the spectral  
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possible solutions. There are several ways to find stable solutions to such ill-posed problems. In general, we must find a 
way to constrain the space of solutions by using knowledge of the nature of spectra.  

A well-known property of reflectance spectra is that they are essentially lower-dimensional signals. Reflectance is 
typically considered to be well sampled when sampled 31 times in the interval [400,700] nm. It has been shown that 
most spectra may be represented by coefficients corresponding to as few as 6 basis vectors15 (let P be such a basis).   
This observation leads to methods for solving Eq. (1) by constraining the estimate of x to lie in the space spanned by P. 
The problem of reflectance estimation has also been addressed with the Wiener filtering approach16.  

Another recent approach for recovering spectra based on the theory of compressed sensing17 relies on the sparsity of 
object reflectance spectra in certain bases18. Sparsity implies that there exists a transform basis, say P where object 
spectra are represented accurately with only a few coefficients. Mathematically, for ݔ א R௞, such that  ԡݔ െ ܲܽԡଶ ൏  ,ߝ 
where only m elements of a are non-zero, and ݉ ا ݇. For such spectra, an l1 regularized solution is found as  ݔො ൌ ܲ ොܽ, 
where                                                                                      ොܽ ൌ arg minୟԡݕ െ ԡଶଶܽܲܣ ൅ ߬ԡܽԡଵ                                                    (2) 

The solution to Eq. (2) provides estimates of reflectance spectra more accurate that conventional methods like Wiener 
filtering8. We used sparse recovery methods18,19 for finding estimates of multispectral images.   

 

5. VALIDATION 
Figure 6 shows an example of results from using the sparse recovery method on LED illuminator data.  

 

Figure 6. Top panels – estimated reflectance spectra from 3 different regions of the multispectral scene (indicated 
by black rectangles). Top left panel shows a comparison of estimated and measured reflectance spectra of an MCC 
patch. Bottom panel – sRGB rendering from estimates of reflectance spectra found with the LED imaging system.  
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Figure 8. Thumbnail representations of three multispectral scenes that can be freely downloaded from the 
internet20.  

 
It is possible to use the led lighting system to capture multispectral video sequences as well.  We demonstrated this 
capability by coupling the LED-based lighting system to a Micron MT9P031 video imaging sensor.  The LED switching 
times are synchronized with the frame acquisition of the imager such that we can acquire multispectral video sequences 
with VGA resolution at approximately 10 fps. Higher frame rates may be achieved by reducing the spatial resolution.   
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