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Abstract. One of the important tasks in computer vision is the computation of 
object depth from acquired images. This paper explains the use of neural net-
works to calculate the depth of general objects using only two images, one of 
them being a focused image and the other one a blurred image. Having com-
puted the power spectra of each image, they are divided to obtain a result which 
is independent from the image content. The result is then used for training 
Multi-Layer Perceptron (MLP) neural network (NN) trained by the backpropa-
gation algorithm to determine the distance of the object from the camera lens. 
Experimental results are presented to validate the proposed approach 

1   Introduction 

The depth of the visible surface of a scene is the distance between the surface and the 
sensor. Obtaining this information of a scene from its two-dimensional images can 
assist numerous applications such as object recognition, navigation and inspection. 
Based on focus blur information, three different depth computation techniques have 
been developed: Depth from Automatic Focusing (DFAF) [1-3], Depth from Defocus-
ing (DFD) [4-16] and Depth from Automatic Defocusing (DFAD) [17]. 

Previous work on depth from defocusing usually required knowledge of the rela-
tion among lens parameters, depth and blur circle radius (e.g., in [3, 5]). The main 
limitation of this is that those parameters are based on the ideal thin lens model and 
can never be measured precisely for any camera since real imaging systems have 
several lenses. 

Most of the DFD algorithms found in the literature are also based on assuming that 
the PSF of the camera is either a Gaussian or a circularly symmetric function to obtain 
a relation between depth and the spread parameter of the PSF which is potentially the 
most erroneous part of many of the earlier methods. 

NNs have found many applications in vision-related areas. Recently, they have 
also been employed to compute depth using focus blur [15, 16, 18, 19]. In the pro-
posed method, a neural network [20] is employed to compute the depth of a scene. 
The technique requires two images of the same scene one of which is sharp the other 
is defocused. Power spectrum of each images are computed. The spectrums are then 
divided to acquire a result which is independent from the image content. The result is 
employed for training NN trained by the BP algorithm to determine the distance of 
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the object from the camera lens. Therefore, the proposed method is independent of the 
PSF of the camera and does not require a relation between blur and depth. 

The technique does not require special scene illumination and needs only a single 
camera. Therefore, there are no correspondence and occlusion problems as found in 
stereo vision and motion parallax techniques or intrusive emissions as with active 
depth computation techniques. 

The remainder of the paper comprises five sections. Section 2 presents the theory 
underlying the proposed technique. Section 3 explains the experimental procedure for 
acquiring data to train and test MLPs in depth computation. Section 4 discusses the 
results obtained. Section 5 concludes the paper. 

2   Problem Formulation  

The transformation effected by an optical system can be modeled as a convolution 
operation [21]. The image of a blurred object may then be written as: 

dfddSdyxHyxI ∫ ∫ −−= ηξηξηξηξ  ),()),(,,(),(  (1) 

where x and y are image coordinates, ξ and η are two spatial variables, S(x,y) and 
I(x,y) are the sharp and defocused images of the source object respectively, d(x,y) is 
the distance from the object to the plane of best focus (PBF) and H(x,y,d) is the PSF. 
If the distance from the object to the PBF is constant, then the PSF H(x,y,d) can be 
written as H(x,y) and the defocusing process is defined as a convolution integral: 

∫ ∫ −−= ηξηξηξ ddSyxHyxI  ),(),(),(  (2) 

The convolution operation is usually denoted by the symbol ⊗. Therefore, Equa-
tion (2) can be abbreviated as: 

),(),(),( yxSyxHyxI ⊗=  (3) 

In the Fourier domain, Equation (3) can be expressed as: 

),(),(),( vuSvuHvuI =  (4) 

where: { }),( ),,( vuIyxI , { }),( ),,( vuHyxH  and { }),( ),,( vuSyxS  are Fourier pairs. The 
function H(u,v) is often referred to as the optical transfer function (OTF).Most of the 
focus based techniques assume that the distance function d(x,y) is slowly varying, so 
that it is almost constant over local regions. The defocus is then modeled by the  
convolution integral over these regions. 

2.1   Form of Point Spread Function 

Figure 1 shows the basic geometry of image formation. Each point in a scene is pro-
jected onto a single point on the focal plane, causing a focused image to be formed on 
it. However, if the sensor plane does not coincide with the focal plane, the image 
formed on the sensor plane will be a circular disk known as a "circle of confusion" or 
"blur circle" with diameter 2R, provided that the aperture of the lens is also circular.  
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Fig. 1. Basic Image Formation Geometry 

According to geometrical optics, the intensity distribution within the blur circle is 
assumed to be approximately uniform i.e., the PSF is a circular "pillbox". In reality, 
however, diffraction effects and characteristics of the system play a major role in 
forming the intensity distribution within the blur circle. After examining the net dis-
tribution of several wavelengths and considering the effects of lens aberrations  the 
net PSF is best described by a 2D Gaussian function [5, 6]: 
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where σ  is the spread parameter which is proportional to the radius R of the blur 
circle. 

σkR =  (6) 

The proportionality constant k depends on the system and can be determined 
through calibration. The optical transfer function H(u,v) for geometrical optics can be 
obtained by taking the Fourier transform (FT) of H(x,y): 
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By substituting Equation (7) into Equation (4) and solving for σ, an equation can 
be written as: 
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where I(u,v) and S(u,v) are the powers of I(x,y) and S(x,y) respectively. 
In principle, it is sufficient to calculate σ  at a single point (u,v) by employing 

Equation (7). However, a more accurate value can be obtained by averaging σ  over 
some domain in the frequency space: 
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where P is a region in the (u,v) space containing points where  ( ) 0),(),( >vuSvuI  

and A is the area of P [3]. 

2.2   Relating Depth to Camera Parameters and Defocus 

The object may be either in front of or behind the plane of best focus on which points 
are sharply focused on the focal plane. From Figure 1, by using similar triangles, a 
formula for a camera with a thin convex lens of focal length F can be derived to es-
tablish the relationship between the radius R of the blur circle and the distance DOL 
from a point in a scene to the lens [5]: 

σfkFD

FD
D

LS

LS
OL 2−−

=  (10) 

where DLS  is the distance between the lens and the sensor plane, f is the f-number of a 
given lens. When the object is in front of the PBF, Equation (10) becomes: 

σfkFD
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=  (11) 

Equations (10) and (11) relate the object distance DOL to σ. 

2.3   Window Effect 

The convolution operation uses pixels that are out of the local region and this compu-
tation causes leaks. In order to reduce the effect of these image overlap problem [23], 
the image region must be multiplied by a center weighted function such as Gaussian 
mask: 
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where s is the spread parameter of the Gaussian and depends on the window size. s 
can have a value of the half of the window size [23]. The mask must be centered at 
the region of interest. The resulting image is then used for depth computation. How-
ever, erroneous depth result can be obtained if the relations given above are used. 

3   Collection and Preparation of MLP Training and Test Data  

An object can have any form and intensity distribution. Therefore, it is very difficult 
for a neural network to learn intensity data since a large amount of data corresponding 
to different object will be needed for each distance. If an image content independent 
data set is obtained for a particular distance, it is possible to teach a NN using this 
data. Hence, the following process was made for computing this kind of data set. 
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For the simulations in this paper, a 100x100 binary random-dot-pattern (RDP) 
image (Figure 2(a)) was blurred by a 2-D Gaussian function with σ =1. The result of 
this process was a grey level image which was used as the original focused image 
(Figure 2(b)). 

 
(a) 

 
(b) 

Fig. 2. Images used for the simulations (a) Binary Random Dot Pattern Image (b) Blurred 
image of (a) (  =1)  

In the simulations, the camera was set such that the best focused plane was at infin-
ity (thus the object would always be between the best focused plane and the lens). The 
focal length and f-number of the lens used in the experiments were set to 40mm and 
2.8 respectively. The distance of the object (Figure 2(b)) from the camera varied for 
different images but the camera parameters were the same for all images.  

For each distance, the defocused images were generated by convolving the original 
image with a 2-D Gaussian function given in Equation (5). The spread parameter of 
the Gaussian function is computed from Equation (11). The camera constant (k) had a 
value of 0.71. The value is a good approximation in most practical cases [9]. To re-
duce image overlapping effects, the images are multiplied with a Gaussian mask using 
Equation (12). 

Image regions were selected randomly from the same location on sharp and defo-
cused images. The size of the regions was 16x16 and 32x32 pixels for different  
experiments. The power spectrum of the each image region was calculated. The spec-
trums are then divided to acquire a result which is independent from the image  
content. Therefore, a set of data was obtained for a certain distance. Because the result 
is symmetric along u and v axes, only first quarter of the data was used in the experi-
ments. The data size was reduced further by taking the square of each coefficient and 
summing them column wise. Hence, the size of data for the NN was reduced from 
16x16 and 32x32 to 1x8 and 1x16 respectively. The calculation was made for each 
distance ranging from 600mm to 1400mm at intervals of 10mm. The data set com-
puted for each depth was used as input to train the NN. In the experiments, all neural 
networks used had one output (for depth). The test data set was obtained in the same 
way from the images given in Figure 3. 

   

Fig. 3. Test Images (a) Rug (b) Test Pattern (c) Baboon 
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4   Experiments 

For each distance, ten image regions were selected randomly from the sharp and 
blurred RDP image shown in Figure 2(b). 10 dB zero-mean Gaussian noise was added 
to the five of them. The computations described in the previous section were applied 
on each image region. The data were entered in rows in a text file to prepare the train-
ing set. The distance values corresponding to each row were added to the file to act as 
desired outputs. Several MLP structures were used to search for the best result. In the 
investigations reported here, the activation functions of the neural networks were 
tangent (T), linear (P) and logarithmic (L) functions. All the NNs used in this work 
are trained by the Levenberg-Marquardt (LM) algorithm [22]. After the training proc-
ess had completed, each neural network was tested with the training and test data sets. 
The NN structures used for each experiment and their results for the noise free images 
can be seen in Table 1.  

Table 1. Calculation and NN Parameters for each experiment 

%Error  
Exp. 
No.  

Input 
Neurons 

Activation 
Functions 

Hidden 
Neurons 

Rug 
Test 
Pattern 

RDP Baboon 

1  16  T-T-P  5–13  0.4702 0.2915  0.2760  0.3054  
2  16  T-T-P  20–16  0.1164 0.2266  0.1394  0.0574  
3  16  L-T-T-P  16–12–14 0.3187 0.2394  0.1657  0.2056  
4  8  T-T-P  16–12  0.4285 0.9963  0.1008  0.6718  
5  8  T-L-T-P  8–4–2  0.5215 0.2964  0.4245  1.9330  
6  8  L-T-R-P  13–15–17 0.5727 0.4076  0.1141  0.4597  
7  16  T-T-T-P  5–13–4  0.0459 0.2008  0.0103  0.0477  
8  8  L-L-L-P  18–12–10 0.1957 0.3159  0.1177  0.2501  
9  16  T-T-T-L-P  5–13–4–6 0.3589 0.0937  0.2410  0.2005  

   10  8  L-L-T-P  19–11–13 0.5180 0.2239  0.1368  0.0752  

The results of 10 dB noisy images for the seventh and ninth experiments are given 
in Table 2. It can be noted that the neural networks produced low percentage errors 
corresponding to high depth computation accuracies. The results for noisy test data 
sets produced from the Baboon image are plotted in Figure 4. It can be noted that the 
error in depth computation was about 0.6%. 

Table 2. The results of 10 dB noisy images 

Exp 
No. Rug

Test 
Pattern RDP 

Baboon
 

7 0.4678 0.5407 0.3594 0.2310 
9 0.4616 0.6480 0.4402 0.3127 
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Fig. 4. The result of the noisy Baboon image for experiment 7 

5   Discussion 

In this paper, a simple method for computing the depth information of general objects 
from a sharp and a blurred image of them using a neural network. The experiments 
results given show that it is possible to compute depth of objects with reasonable 
accuracy. Previous work on DFD usually required the relation among lens parameters, 
the depth and blur circle radius. The main limitation of this is that those parameters 
are based on the ideal thin lens model and can never be measured precisely for any 
camera since real imaging systems have several lenses. Most of the DFD algorithms 
found in the literature are also based on assuming that the PSF of the camera is either 
a Gaussian or a circularly symmetric function to obtain a relation between depth and 
the spread parameter of the PSF which is potentially the most erroneous part of many 
of the earlier methods. The proposed method is independent of the PSF of the camera 
and does not require a relation between blur and depth. The method was implemented 
to compute the depth of general scenes using their sharp and defocused images. Ex-
perimental results have shown that the error was approximately 0.6%. 
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