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Abstract. Hybrid-resolution spectral imaging is a technique that efficiently 
produces high-resolution spectral images by combining low-resolution spectral 
data with a high-resolution RGB image. In this paper, we introduce a regres-
sion-based spectral reconstruction method for this system to enable us doing  
accurate spectral estimation without a laborious measurement of the spectral 
sensitivity of the RGB camera. We present two methods for regression-based 
spectral reconstruction that utilize spatially-registered pair of a low-resolution 
spectral image and a high-resolution RGB image: whole frame data regression 
and locally weighted regression. In the experiment, we developed a hybrid-
resolution spectral imaging system, and it was confirmed that the regression-
based methods can estimate spectra in high accuracy. 

Keywords: Spectral Image, Hybrid Resolution Imaging, Regression, Spectral-
estimation. 

1 Introduction 

Spectral image acquisition requires complicated hardware, and usually includes spec-
tral or spatial scanning [1,2,3] or number of image sensors [4]. More sophisticated 
techniques for spectral imaging have been developed recently [5,6,7], but it is still 
difficult to capture high-resolution spectral images with a compact device. In order to 
simplify hardware and to realize one-shot spectral data acquisition, we proposed a 
hybrid-resolution spectral imaging technique [8, 9], which efficiently produces high-
resolution spectral images by combining the data actually measured by two different 
devices: a low-resolution spectral image and a high-resolution RGB image (Fig. 1). In 
addition, we developed a low-resolution spectral sensor (LRSS) [9] that captures low-
resolution spectral data in one-shot. By using the LRSS accompanied with a commer-
cial color RGB camera, spectral video capture has been realized. 

Several methods have been proposed for reconstructing spectral images for hybrid-
resolution spectral imaging [8],[10],[11]. Especially piecewise Wiener estimation 
technique [8] provides significantly better accuracy than conventional techniques and 
seems to be suitable for hybrid-resolution spectral imaging. However, these methods 
                                                           
*  Corresponding author. 



 Hybrid-Resolution Spectral Imaging System 143 

 

need information of the RGB camera’s spectral sensitivity and it affects the accuracy 
of reconstructed spectral images. Accurate measurement of the spectral sensitivity of 
a camera requires an other specialized hardware and time-consuming process. In this 
paper, we introduce a regression-based spectral reconstruction approach [12] to the 
hybrid resolution spectral imaging system and apply two regression-based spectral 
reconstruction methods. In the proposed system, it is not required to obtain training 
data pairs for regression in advance; instead, low-resolution spectral data and high-
resolution RGB image are used as training data pairs, and thus real-time processing is 
possible. In order to introduce a regression-based reconstruction, the registration is re-
quired between a low-resolution spectral image and a high-resolution RGB image. There-
fore, we also present an automatic registration method based on a template matching. 

In the experiment, we developed a hybrid-resolution spectral imaging system in 
which different spectral estimation methods were implemented for evaluating the 
reconstructed spectral accuracy. Using the spectral images of a color chart, it was 
confirmed that the regression-based spectral reconstruction method can estimate spec-
tral reflectance with equivalent or higher accuracy compared to the methods which 
use the pre-measured sensitivity of the RGB camera. Also the color reproduction 
under simulated light source was demonstrated. 

 

 

Fig. 1. Conceptual diagram of hybrid-resolution spectral imaging system 

2 Hybrid-resolution Spectral Imaging System 

The hybrid-resolution spectral imaging system used in this paper consists of a RGB 
camera (Flea, Point Gray Research, Inc.) of the resolution of 1280 960 pixels and 
the LRSS [9] which captures 68-pixel spectral radiance image in one-shot in the spec-
tral range 400-780nm The RGB camera and the LRSS are arranged side-by-side to 
able to shoot the same scene. Fig. 2 shows the photographs of the system. They are 
connected to a personal computer (PC) through IEEE 1394b interface, which enables 
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Fig. 3. Template matching 
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In this manner, spectra can be reconstructed without the information of spectral sen-
sitivity of the RGB camera, though the derived matrix  contains the information re-
lated to the spectral sensitivity of the RGB camera. In addition, in the hybrid-resolution 
spectral imaging system, we can directly obtain training data for the regression from the 
target scene. So we can expect high-accuracy in the estimation of spectra. 

 

Fig. 4. Multiple regression estimation in hybrid-resolution spectral imaging 

4.2 Locally Weighted Multiple Regression 

In chapter 4.1, we described a method to calculate a single regression coefficient ma-
trix for a whole image. However, when a variety of objects with different spectral 
characteristics are included in a frame, the accuracy of estimation is decreased. In this 
section, we explain a method to derive multiple matrices depending on the positions 
in the images. 

Let us consider to derive regression coefficient matrices per regions corresponding 
to the pixels of low-resolution images; let  be the matrix for th region. Then, a 
spectrum of a coordinate ,  in the th region is estimated by using . In order 
to derive , we introduce weightings on the data corresponding to th region and 
its nearby regions in multiple regression analysis: 

 , (6) 

where  is a weighting matrix: 

 ∑ ,
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where ,  is the Euclidean distance between the region  and the region  
and  is a scalar parameter that satisfies 0 1. Thus, the estimated spectral 
radiance function ,  at , th pixel is calculated as 

 , , . (9) 

5 Experiments 

In order to investigate the accuracy of the regression-based methods applied in the 
proposed system, we acquired the image of a color chart consisting of four color 
patches (Fig. 5(a)) and toys (Fig. 5(b)) under an artificial daylight (XC-100AF, 
SERIC, Inc.). Numbered four areas in Fig. 5(a) and three marked areas in Fig. 5(b) 
were used for the evaluation. The spectral data were averaged in each area and used to 
derive the spectral reflectance of the area, where we used the information of the illu-
mination spectra measured by LRSS in advance. In addition, color under CIE D50 
illuminant is calculated. The reference data were obtained by measuring respective 
area by a spectroradiometer (PR650, Photo Research, Inc.). 

We compared five methods for spectral image reconstruction: (A) Wiener estima-
tion without the information from the LRSS, (B) Wiener estimation based on the in-
formation of LRSS, (C) piecewise Wiener estimation [8], (D) multiple regression, (E) 
locally weighted multiple regression. The methods (D) and (E) are presented in the 
chapter 4 of this paper. In the three cases of (A), (B), and (C) pre-measured spectral 
sensitivity of the RGB camera was used, and spectral images are estimated based on 
the Wiener theory. In the case of (A), the spectral correlation matrix used in the 
Wiener estimation was prepared based on Markov model [12], while it was derived 
from the spectra measured by the LRSS in the case of (B). The method (C) also uses 
spectral radiance data from the LRSS, but the multiple Wiener estimation matrix is 
generated per position of the image similar to the method (E). 

The estimation results of the spectral reflectance distribution of the area 1 are 
shown in Fig. 6. From the Fig. 6, we see that the spectral reflectance estimated by a 
locally weighted regression method is the nearest to the reflectance of all. Table 1 
shows the normalized root mean squared error (NRMSE) of spectral reflectance. We 
can see the NRMSE of locally weighted regression method is significantly smaller 
than those of other estimation methods. The reason why the locally weighting regres-
sion method gives smaller NRMSEs than piecewise Wiener estimation can be consi-
dered as the error of the pre-measured spectral sensitivity of RGB camera. If the mea-
surement accuracy of the spectral sensitivity is high enough, the error in the piecewise 
Wiener estimation is expected to be comparable. It should be noted that the each spec-
tral reflectance function is scaled to have the same integral of the function before 
calculating NRMSEs and color differences. Fig. 7 shows CIELAB color differences 
(∆  between the true value and the color calculated from the reconstructed spectral 
reflectance images. We can see that the results by locally weighted regression method 
are generally better than other methods: the color differences are less or around 5. 
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Fig. 5. Spectral

Fig. 6. R

Table 1. Normalized ro
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Area 1 48.6 4
Area 2 55.5 9
Area 3 42.0 1
Area 4 40.7 4

Red 39.3 4
Green 62.4 2
Blue 55.1 1

Fig. 7. CIELAB Color d
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l images for evaluation (a) color chart and (b) toys 
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4.7 30.3 39.8 15.6 
2.6 16.8 35.3 12.5 
0.7 10.6 5.6 5.1 

4.5 4.3 4.8 4.6 
4.1 5.1 3.5 5.3 
1.6 15.4 18.5 5.1 
1.5 12.7 12.8 12.2 

 

difference in (a) a color chart (b) toys under D50 illuminant 
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6 Conclusions 

In this paper, we propose a system for efficient spectral imaging by hybrid-resolution 
approach utilizing regression-based spectral reconstruction. The proposed method is 
successfully realized due to the automatic registration method between high-
resolution RGB image and low-resolution spectral data. The proposed method enables 
us to estimate spectral image in high accuracy without using the spectral sensitivity 
data, thus it will be possible to utilize various off-the-shelf RGB cameras in this sys-
tem. Also we can combine other spectral images with high-resolution RGB camera to 
enhance the resolution of the spectral imaging devices.  

In the current system, though the registration is not implemented as a real-time 
process, the remaining processes (capture, reconstruction, and display) work in real-
time. It will be possible to increase the processing speed by improving the implemen-
tation of the registration process. When utilizing arbitrary RGB cameras, automatic 
scale fitting between low-resolution and high-resolution data is also required in addi-
tion to the spatial registration. 

There is a parallax between two cameras in this system. In the experimental sys-
tem, the distance of two cameras was about 40mm, which was much smaller than the 
camera-object distance that was about 500mm. Therefore the disparity was very small 
as compared with the resolution of LRSS, and its influence was almost negligible. 
However, if the resolution of LRSS will be increased, the influence of the disparity 
between two cameras should be investigated. 
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