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Abstract: Digital radiography is a powerful technique with a wide variety of applications in medicine and Non Destructive Testing. Using 
state of the art mathematical models and algorithms one can extract important information about the structure and the characteristics of the 
scanned object even from its low quality radiographic images, resulting e.g. from low-dose or short exposure time scanning processes.  
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1. Introduction 
 

Optimal feature extraction from 2D radiographic image data 
is a vital process from an application point of view, since the 
image edges contain most of the important information about the 
structure and the properties of the scanned object. On the other 
hand, it is a theoretically complicated task and an ongoing re-
search field due to the usually poor quality of the analyzed data. 
One of the main reasons for such lack of quality is related to the 
specifics of the scanning process. Namely, in radiography data 
acquisition is obtained via particles-counting that gives rise to 
noisy output, for which the Poisson part has a dominant role. 
Poisson noise is non-additive and exhibits mean/variance rela-
tionship, thus nonlinear denoising techniques are necessary to be 
applied for its successful removal. 

In order to extract and visualize the image edges, we apply a 
modification of the denoising algorithm [1] followed by direct 
(hard-thresholding) segmentation step to a couple of instances of 
a radiographic image of a scanned material piece. The two in-
stances are generated by the same acquisition tool within a negli-
gible time window, thus their gray-scale intensity difference 
should consists of pure noise.  

 
2. Method description 
 

Poisson denoising in [1] is performed via constraint data reg-
ularization, meaning that we are taking as output the smoothest 
image within a class of admissible images, closely related to the 
input noisy data. Statistical arguments guarantee that the true, 
noise-free image is indeed admissible but numerical simulations 
indicate that there are more regular candidates in the considered 
class (see [2, Fig. 2]). As a result, the algorithm returns a much 
smoother image than the true one, so the image features (edges) 
are also affected (e.g., faded) by such a denoising procedure. 

When working with two different noisy images that corre-
spond to the same noise-free data, we can turn the above draw-
back into an advantage by comparing the outputs of two algo-
rithm executions. The first one uses a single radiographic image 
as input, while the second one uses both the instances together. 
When more images are simultaneously denoised their admissible 

class is the intersection of all the individual admissible classes. There-
fore, the second process is more restrictive and less regular implying 
that the smoothness level of the two outputs differ and so does their 
level of feature affection. Taking the difference image of the two out-
puts and applying direct segmentation to regularize it and to addition-
ally enhance its contrast allows us to correctly detect (some of) the 
edges, to look inside the object, and to extract valuable structural in-
formation. For fast data processing, we use the parallel computer im-
plementation [3] of the algorithm, executed on multiprocessing operat-
ing systems.    

The proposed method for edge detection can be summarized as 
follows: As input we are given f1, f2 - radiographic images, resulting 
from two different scannings of the same physical object in the same 
spatial position, taken in a short time interval (e.g., seconds apart) 
under the same parameters of the data acquisition device. Then 

 Denoise f1, using algorithm [1] and derive image u1. 
 Denoise f1 and f2 simultaneously, using a multi-constrained 

modification of algorithm [1] and derive image u2. 
 Generate the binary image v=|u1-u2|>τ that takes value 0 for 

pixels, which gray-scale intensities vary less than τ between 
the two algorithm outputs and takes value 1, vice versa.  

The class V1 of pixels with value 1 in v is expected to be part of the 
true image edges, thus – to carry important structural information. 
Those pixels are visualized white in our numerical experiments. The 
free parameter τ is user-dependent and differ from experiment to ex-
periment. Decreasing τ increases the cardinality of V1, meaning that 
more image pixels are considered structurally important. When τ be-
comes very small, heavy noise can be misdiagnosed as edge data and 
the output gets polluted. Alternatively, increasing τ decreases the car-
dinality of V1, so only pixel representatives of the sharpest edges of 
the true image survive. In this setting, valuable structural information 
can be completely lost, if τ becomes very large. There is no automatic 
procedure for optimally tuning the parameter value so we do it manu-
ally in practice via visual comparison of the different results V1.    
 
3. Numerical results 
 

We apply the above technique to various 1840×1446 16-bit CT 
radiographic images of an aluminum material. This research is related 
to the process of aluminum castings, so we want to detect, visualize 
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and study the voids (e.g., their shape, size, position, etc.) inside 
the object. A couple of datasets and the numerical results on 
them are illustrated on Fig. 1-2. Two different spatial positions 
of the material piece have been considered, as well as different 
zooming. Top left are the single-frame images f1, produced by 
the scanner. Top right are the corresponding 16-frame-averaged 
images for which the noise level is significantly decreased (see 
[3] for explanation) at the cost of using 16 times more radiation 
at the acquisition stage. Bottom left are the segmented (binary) 
difference images v, obtained by our methodology. Bottom right 
are the segmented difference image between the denoised 16-
frame-averaged image and the multi-constrained algorithm out-
put u2. Quantitative results are documented in Tables 1-2. 
 

Fig 1: Void detection in aluminum castings: Dataset 1. 
 
 

Table 1: Results, related to Dataset 1 in Fig. 1.  
Image PSNR MAE  

(10-3) 
TV norm 

(1010) 
1-fr: f1/f2 45.902/45.906 3.727/3.727 1.562/1.562 

Result: u1/u2 56.412/59.491 0.980/0.694 1.506/1.509 
16-fr: f/u 57.402/- 0.962/- 1.520/1.512 

 
We use the standard measurements PSNR (peak signal-to-

noise ration) and MAE (mean absolute error) to quantify the qual-
ity of the denoising process. Since we don’t know the true, noise-
free image, we take the denoised 16-frame-averaged image as a 
meaningful approximation in both the formulas. The TV (total 
variation) norm is used as a regularization term in the model [1], 
thus we compare the smoothness level of noisy and denoised data 
with respect to it.   

The numerical results in Tables 1-2 are fully aligned with 
the performed theoretical analysis. The PSNR of the denoised 
images u1, u2 significantly improves over the PSNR of the noisy 
input data f1, f2 and is comparable to the PSNR of the 16-frame-
averaged input data. Note that, the results about the latter are 
biased, since its denoised version is used as the noise-free image 
in the formula.  The MAE values (which are a more reliable indi-
cator than PSNR for the denoising quality as shown in [2]) of u1, 
u2 are several times better/smaller than those of f1, f2. Moreover, 
u2 clearly outperforms the 16-frame-avergaed image with respect 
to this criterion, even though the second measurement is again 
biased and probably overpraised. In the same time, 8 times more 
radiation was used for generating f than u2. The oversmoothening 
effect of algorithm [1] on the output image is confirmed with the 
TV-norm values of u1 in comparison to u. Moreover, the mollify-
ing role of multi-constraint denoising processes on the level of 
oversmoothening is also clearly illustrated, as the TV-norm value 

of u2 seems to be close to the middle between the oversmoothened u1 
and the approximation u of the noise-free data. 

Finally, the visualized void structures on the bottom of Figures 1-
2 seem convincing, as well. The well-separated values of the TV 
norms of u1, u2 and u indicate that the edge contrast in all the three 
images is different, thus features can be successfully extracted via the 
difference images u2-u1 (left) and u-u2 (right), respectively. Voids are 
similarly localized, when each of the two difference images is used. 
However, for the case of u2-u1 individual voids look coarser and more 
clustered, while for the case of u-u2 they are finer and more spread 
out. This observation is, again, due to the specifics of the mathemati-
cal model in [1] that chooses the smoothest candidate in a neighbor-
hood of the input data. Therefore, the smaller the TV norm the more 
compact the void structure. 
 

  
 

 
 

  Fig 2: Void detection in aluminum castings: Dataset 2. 
 

Table 2: Results, related to Dataset 2 in Fig. 2.  
Image PSNR MAE  

(10-3) 
TV norm 

(109) 
1-fr: f1/f2 43.359/43.437 5.333/5.294 5.490/5.486 

Result: u1/u2 52.934/54.943 1.451/1.235 5.179/5.188 
16-fr: f/u 55.028/- 1.354/- 5.235/5.197 

 
4. Conclusions 
 

Applying the numerical algorithm [1] for image denoising in a 
multi-constrained setup, allowed us to turn the oversmoothening effect 
on the algorithm output into an advantage. With the help of only two 
different low-dosed, shortly-exposed radiographic images of the same 
scanned object we managed to extract valuable information about the 
object internal structure and physical properties. 

The research of S. Harizanov and I. Georgiev is partially support-
ed by the “Program for career development of young scientists, BAS” 
Grant No. DFNP-92/04.05.2016. 
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