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Abstract — Using an imaging system with a wide field of view 
increases situational awareness (peripheral vision) at the expense 
of reduced image resolution. Ideally, an imager should provide 
high-resolution imagery around a specific region (or regions) of 
interest and a wide field of view. This paper proposes a 
particular approach to address these competing requirements: 
an image where a narrow field of view and a wide field of view 
are superposed on a single image frame and then subsequently 
separated in post-processing. The work introduces a recursive 
algorithm that can be used for the blind separation of two images 
from a single superposition image, using only prior knowledge of 
the geometry of the superposition. 
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I. INTRODUCTION 
The availability of modern digital cameras has led to the 

development of a large variety of automated computer vision 
systems for object identification and tracking. Such systems are 
always limited, in terms of image resolution, frame rate and 
field of view (FoV). Ideally, an object tracking vision system 
should provide both high-resolution imagery for the 
interrogation of objects within the field of view, and a wide 
field of view to maximize the coverage of the environment. 
Often these two factors are opposition, with one being 
compromised for the other. Taking inspiration from biology, 
foveal cameras have been developed [1][2]. These cameras are 
based on the human vision system, where the eye has a small, 
very high-resolution region in the center of the field of view, 
and a lower resolution peripheral vision. In this paper, an 
alternative approach is considered, where two fields of view 
(from two different optical paths focused on the same focal 
plane) are used to generate an image formed from the 
superposition of the two separate fields of view. The resultant 
image is a mixture of two images, one high spatial resolution 
narrow FoV image and one wide FoV with lower spatial 
resolution albeit greater coverage. The mixed image (simulated 
in this paper) is then separated using a recursive method that is 
based on the geometry of the two fields of view and the spatial 
relationships between the pixel intensity values – as such, it 
can be considered to be a type of blind image separation, since 
it does not (in general) require any prior information about the 
image content. This method allows the mixed image to be 
separated into these two component images – yielding both 

high spatial resolution (nFoV) and good situational awareness 
(wFoV) from the same image or image sequence. 

Separation techniques such as blind source separation 
(BSS), in particular independent component analysis (ICA), 
have been used to solve problems of linear mixtures [3]. 
Indeed, Bronstein [4] utilized the Sparse ICA (SPICA) 
technique without any prior knowledge of the image/scene in 
order to separate a transmitted image from a reflected image.  
Farid offered a potential solution by using Principal 
Component Analysis (PCA) [5] plus whitening followed by 
ICA [6][7]. Unfortunately, traditional image separation 
techniques such as PCA and ICA, require at least two sources 
of mixed data to perform the separation, however it is 
important to note in this work that there is only a single mixed 
image frame available at any point in time. As such, it is an 
underdetermined separation problem [8], but here the geometry 
of the superposed fields of view is used to assist the separation 
process. Another issue likely to be encountered is the equal 
mixing of the images, as there is no obvious bias towards a 
component image.  In addition, the two source images contain 
a high proportion of common information, because the narrow 
field-of-view (nFoV) image is a more detailed (higher spatial 
frequency) version of the central region of the wide field-of-
view (wFoV) image. This combines to cause poor separation 
using a BSS method, being unable to separate the mixed image 
into its constituent parts. Hence a different approach is needed 
to solve the problem. 

II. THEORY 
Consider two images of the same scene, co-boresighted, but 

with differing fields-of-view, a wide field-of-view image 
covering a large area of interest, and a narrow field-of-view 
image magnifying the central region.  The images have the 
same numbers of pixels, however the nFoV image will have 
finer spatial resolution due to the optical magnification of the 
nFoV onto the sensor. These images are combined – either 
directly on to the sensor, using two optical paths, or captured 
and combined using a switching mechanism. The combined 
superposition (superimposed) image is then recorded and 
stored as a single digital image. The digital image must then be 
separated (post-processed) for presentation of the separate 
images to the end user. 

The two source images are aligned to have a common 
center and the superposition is an equal mixture of the two. 



The fields of view of the nFoV and wFoV images are fixed and 
known – either as a preset or via metadata attached to the 
superposition image. 

The separation method presented here is based on the 
(known) geometry of the superposition of the two images. 
With the two centers of the images aligned, the spatial structure 
has a radial correlation. One point in the narrow field-of-view 
is correlated with a point in the wider field-of-view, which is 
dependent on the relative fields-of-view of the two images. 

Only the scaling ratio of the source imagery is required, the 
ratio γ  is defined as: 

nFoVwFoV=γ                                      (1) 

where wFoV is the wide image field-of-view (degrees or 
radians or unitless) and nFoV is the narrow image field-of-
view, hence γ  is always defined to be 1>γ . Note 1=γ  is 
the trivial case where there is only one source image.  

In this paper, we simulate a mixed image using the simple 
linear mixing equation: 

  nwm IdIcI +=  (2) 

                          5.0=c                  5.0=d  (3) 

where c and d are constants representing the mixtures of each 
image. For this paper it is assumed that the images are equally 
mixed.   

 Equations (4) – (7) illustrate how the problem can be 
formulated. The conventional origin of the image is relocated 
from the top left corner to the center of the image for 
calculations involving the axes α  and β (image angles), as 
shown in Fig. 1. The intensity from the wFoV image is denoted 

),( βαwI and the nFoV image is ),( βαnI . The values ),( βα  
are transformed into the image matrix coordinate system (X,Y) 
in order to perform pixel identifications shown in Fig. 1. 
Equation (4) shows that the mixed image’s intensity at a 
particular pixel location consists of a proportion of the intensity 
from the wFoV image and a proportion from the nFoV image. 
Likewise the subsequent related pixel locations along the 
diagonal from the outer pixel of interest (4) at ),( 00 βα , 
working inwards towards the center pixel (7). 
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scaling inwards from the outer pixel ),( 00 βα obeys the 
following relation: 

                ),(),( 11
11 nnnn βγαγβα −−

++ =                  (8) 

which can be written as a direct result rather than a sequence: 
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nn
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substituting this into equations (4) – (7)  yields: 

  

 

Im (X0,Y0) = c Iw (α0,β0) + d In (γ −1α0,γ
−1β0)           (10) 

  

 

Im (X1,Y1) = c Iw (γ −1α0,γ
−1β0) + d In (γ −2α0,γ

−2β0)  (11) 

  

 

Im (X2,Y2) = c Iw (γ −2α0,γ
−2β0) + d In (γ −3α0,γ

−3β0) (12) 

  

 

 

Im (XN ,YN ) = c Iw (γ −Nα0,γ
−N β0) + d In (γ −(N +1)α0,γ

−(N +1)β0)  (13) 
  

Equations (10) – (13), define the relationship between the 
corresponding pixels that link the nFoV scene to the wFoV 
scene by an iterative process. The distances )( αγ n−  and )( βγ n−  
will tend towards zero, however as the pixel is the smallest 
resolvable unit of information, the iteration/recursion is 
terminated (13) at the center pixel. The next step is to identify 
that the intensities ),( kkwI βα  and ),( kknI βα  are approximately 
equal because of the high degree of spatial correlation in most 
images. This means that the equations (10) – (13) form a 
closed set, which can be solved recursively. 

Taking a reverse count of 1−= Nk  to 0, where N is the 
number of “linked” pixels i.e. “D→ C→ B→A” in Fig. 2 
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where the process is initialized at the center pixel 
 ),(),( NNmNNw YXIYXI =  (15) 
 
the nFoV image can then be recovered in one step after the 
wFoV image has been obtained: 
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Fig. 1. Illustration defining X, Y, α and β using the standard Lena image. 
 



 
 

 
Fig. 2 illustrates the relationship of the current pixel being 

processed, “A”, with its related pixels within the image. Pixel 
“A” represents the point ),( 00 βα  similarly pixel “B” 
represents ),( 0

1
0

1 βγαγ −−  and likewise pixel “C” is located at 
),( 0

2
0

2 βγαγ −−  in the angular FoV coordinate system as 
expressed in (10) – (12). Pixel “A” contains a proportion of 
common information shared with pixel “B”, which is from the 
respective wFoV image, this is evident by comparing equation 
(10) with (11). Pixel “B”, in turn also has commonality with 
pixel “C” due to that pixel’s overlapping information between 
its nFoV (11) and wFoV images (12). This recursion continues 
until the termination condition is satisfied (i.e. center of mixed 
image is reached, pixel “D”).  

The images are recovered via a reverse, bottom-up 
recursive procedure. By following Fig. 2, starting from the 
center pixel “D”, the recovered pixel intensity value is 
calculated. The pixel intensity for “D” is subtracted from pixel 
“C” following (14), the result is then subtracted from pixel 
“B”, again using (14), and likewise the result of this is then 
subtracted from “A”. Once the outer most pixel is reached i.e. 

),( 00 βα , equations (14) and (16) are then applied to calculate 
the pixel intensities for the corresponding recovered nFoV and 
wFoV images. The target point ),( 00 βα is moved to an 
adjacent pixel and the process is repeated throughout the entire 
image. 

In order to improve the quality of the recovered images, a 
bilinear interpolation method was used to obtain improved 
estimates for the pixel intensity values. Since ),( βα will often 
represent fractional pixel coordinates, accessing pixel 
intensities based on a simple rounding to integer coordinates 
(intra-pixel rounding) can be problematic – unwanted 

quantization artifacts can be introduced by selections occurring 
near pixel boundaries.  Rounding can cause unwanted artifacts 
in the separated images due to the potentially extreme 
transitions between pixel intensities across boundaries, these 
imprecise selections manifest as a “macro-blocking” effect – 
and are most noticeable after a radial line (Fig. 2) passes 
through a region of high contrast. A comparison of the 
interpolation method against the non-interpolation method is 
also presented in the next section.  

III. RESULTS 
The results were generated using the standard Lena test 

image with a γ = 2 and γ = 4 in order to compare how well the 
algorithm works with different ratios between the nFoV and 
wFoV. The mixed images used for the separation are shown in 
Fig. 3 and Fig. 4. The mixed image is created by taking the 
central section of the original wFoV image; this creates the 
nFoV image. The wFoV image is then scaled down to the same 
size as the nFoV image in order to simulate finer spatial detail 
in the nFoV in comparison to the wFoV image. The images are 
then equally mixed, i.e. c = d = 0.5.  

 The Structural SIMilarity (SSIM) Index is a method used 
for measuring similarities between two given images. It is 
particularly of use as it based on local structural information 
differences of an image in order to measure the degradation 
[9][10]. Table I shows the results obtained when comparing the 
recovered images to the ideally separated images. The results 
show that more useful structure is recovered in general when 
the bilinear interpolation method is used compared to without 
using the implementation. 

  
Fig. 5 (Top) presents the wFoV recovered image without 

the use of the bilinear interpolation. Fig. 5 (Bottom) shows the 
respective nFoV recovered image. The macro-blocking 
artifacts can be seen due to the inaccuracy of accessing the 
correct ‘related’ pixels. By carefully inspecting Fig. 5 (Top) it 
can be seen that there is a ghosting effect remnant from the 
separation process. When the pixel location is too close to a 
pixel boundary between two neighboring pixels, the wrong 
pixel intensity value can be chosen. This is particularly 
prominent when the wrong pixel is chosen near a large gradient 
change in intensity i.e. edges. This can be largely seen in the 
top-left corner of both images in Fig. 5 due to the fine spatial 
structure of the embellishment on the hat, obtained from the 
nFoV subset of the mixed image. 

 

 
Table I. Structural SIMilarity (SSIM) Index [9] results for comparing 

the recovered images against their "ideal" results  
 

γ  
Without Bilinear 

Interpolation 
With Bilinear 
Interpolation 

wFoV nFoV wFoV nFoV 

2 0.5526 0.5279 0.8588 0.8721 

4 0.7947 0.7633 0.9645 0.9649 

 

 
Fig. 2. Illustration of the related pixels between the two images of the 
same scene. The furthest pixel away from the center is the pixel in 
question and the others are the related pixels which have common 
information. 
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Comparing Fig. 5. (Top) with Fig. 6. (Top) it can be seen 
that the wFoV image recovered from 4=γ  results in a better 
separation, with reduced macro-blocking artifacts. The macro-
blocking effect is noticeable primarily in the upper-left 
proportion of the images. This apparent reduction in macro-
blocking is due to the overall reduced variation in intensity in 
the mixed image – as the relative spatial scaling between the 
nFoV and wFoV images increases. Observing the recovered 
nFoV image in Fig. 6 (Bottom), the finer spatial details of the 
embellishment on the hat has been recovered but the macro-
blocking is still evident. 

 
 

Comparing Fig. 5 with Fig. 7, with 2=γ , it can be seen 
that the recovered images using the bilinear interpolated 
intensities have a much clearer reproduction of the recovered 
FoV images. It can be seen that the macro-blocking has been 
reduced significantly and likewise for the ghosting effect along 
with better contrast reproduction. A similar improvement is 
found in the case for 4=γ  in Fig. 6 and Fig. 8. Both of these 
improvements are reflected in the SSIM values given in Table 
I, with the improvement in the case 4=γ  being marginally 
better. 

 

Fig. 5. Recovered images with 2=γ  without the use of bilinear 
interpolation. The above images exhibit macro-blocking due to the 
quantization of the pixel locations. (Top) wFoV Recovered Image. 
(Bottom) nFoV Recovered Image. 
 
 

 
Fig. 4. Mixed image using standard Lena image for 4=γ  at a 
resolution of 512x512 

 
Fig. 3. Mixed image using standard Lena image for 2=γ  at a 
resolution of 512x512 

 



 

IV. SUMMARY 
 

The aim of this paper was to take an image containing two 
superimposed images, each image being of the same scene but 
with different fields of view, and to separate the mixed image 
into the two component images. Independent Component 
Analysis (ICA) is unable to separate the two individual images 
due to the large amount of common information content 
present, and along with the images being of equal mixtures.  

 
Fundamentally, this is an underdetermined problem i.e. the 

number of input sensors is less than the number of outputs. 
However, there is additional information present in terms of 
the geometric relationship between the two fields of view. The 
proposed method uses the geometric relationship between the 
two fields of view to construct a set of recursive equations for 
the pixel intensities for the two separated images. The 
recursive equations were solved for an example image (Lena) 
for two different ratios between the fields of view, 2=γ  and 

4=γ . 

 

 

 
Fig. 7. Recovered Images using bilinear Interpolation with 2=γ  (Top) 
wFoV Recovered Image (Bottom) nFoV Recovered Image 

 

 
Fig. 6. Recovered images without using bilinear interpolation with 

4=γ  (Top) wFoV recovered image (Bottom) nFoV recovered image. 

 



 

The proposed method was found to separate the two mixed 
images effectively, but the intra-pixel rounding of the image 
angle values was seen to generate block-like artifacts in the 
resultant images. To mitigate these artifacts, a bilinear 
interpolation method was used to reduce the effect of the intra-
pixel rounding operations. The result of this interpolation was a 
slight smoothing of the separated images, but this was offset by 
a significant improvement in the image quality, both visual 
(qualitative) and in terms of the calculated SSIM metric 
(quantitative). 
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Fig. 8. Recovered Images using bilinear Interpolation with 4=γ  (Top) 
wFoV Recovered Image (Bottom) nFoV Recovered Image  
 
 


