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Abstract 

The characterization of radionuclide in the in-vivo monitoring analysis using gamma 

spectrometry poses difficulty due to very low activity level in biological systems. The large 

statistical fluctuations often make identification of characteristic gammas from radionuclides 

highly uncertain, particularly when interferences from progenies are also present. A new wavelet 

based noise filtering methodology has been developed for better detection of gamma peaks while 

analyzing noisy spectrometric data. This sequential, iterative filtering method uses the wavelet 

multi-resolution approach for the noise rejection and inverse transform after soft “thresholding” 

over the generated coefficients. Analyses of in-vivo monitoring data of 235U and 238U have been 

carried out using this method without disturbing the peak position and amplitude while achieving 

a threefold improvement in the signal to noise ratio, compared to the original measured spectrum. 

When compared with other data filtering techniques, the wavelet based method shows better 

results. 

 

Key-words: In-vivo monitoring, wavelet transformation, data filtering, spectrum denoising 
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1. INTRODUCTION 

For in-vivo monitoring of internally contaminated radiation workers using gamma 

spectrometry plays an important role in retrospective analysis of intake of gamma emitting 

radionuclides such as 235U, 238U, 241Am etc. [1-2]. In the case of lung-counting measurements the 

estimated activity of a radionuclide present depends on: (a) the efficiency of the detector on the 

specified energy region of interest (ROI) of the gamma rays emitted from a radionuclide; (b) 

background counts in that ROI; (c) resolution of the detector; (d) gamma abundance of the 

radionuclide at that energy; and (e) chest wall thickness (CWT) of the person being investigated 

[3]. In practice, 63.3 keV and 92.6 keV gamma energies are monitored for the estimation of 238U 

and 185.7 keV for 235U. The first two gamma energies are from the decay series of the natural 

238U and the quantification using these two energies is not acceptable till a secular equilibrium of 

250 days is reached with the progeny radionuclides [4]. Moreover, possible gamma interferences 

in these cases may introduce a significant uncertainty (20-50% or more) in the quantification of 

the uranium deposited in the lungs.  On the other hand, comparatively low intensity gamma peaks 

of 235U at 143.9 keV (11.00%) and 163.4 keV (5.00%) do not have interference from the progeny 

radionuclides [5]. Measurement of gamma energy corresponding to 143.9 keV can thus provide a 

better quantification of the internal exposure for in-vivo analysis. However, detection of this peak 

becomes erroneous because of its low intensity (abundance) and associated fluctuations generated 

from the background variations and statistical noise. To overcome this problem, a filtering 

approach is proposed in the present study which can be applied to extract the correct information 

about the characteristic gammas present in the measured spectra using a single detector as well as 

a multiple detector assembly. 
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The purpose of the data filtering in a gamma spectrum is to decipher the spectral 

information (i.e. a characteristic gamma peak), which is crucial for determination of trace level 

radioactivity. Generally, the data filtering is conducted to remove the undesired fluctuations that 

appear superimposed with the signal source. It may be noted that these filtering methods do not 

provide any additional information to the measured spectra. In fact, some information loss is 

anticipated to occur when such filtering is applied. Thus filtering should not be confused with the 

frequently used de-convolution techniques where additional information in the form of instrument 

response is used to decipher overlapping peaks or to improve the resolution of the observed 

spectra. The frequency spectrum of many of these noise components can be considered as a 

uniform distribution or ‘white’ noise. To remove these fluctuations the gliding weight-averaged 

polynomial smoothing method (Savitzky-Golay smoothing) [6] is generally applied, with some 

consequent problems. For example, spectral distortion is observed with peaks easily lost, false 

peaks generated, and deteriorating energy resolution leading to errors in estimating the total area 

under the peak [7].  

A more effective method of denoising is to map the spectral information in the frequency 

domain using the Fourier transformation [6]. In this method, the higher frequencies, considered 

as noise components, are removed using a low pass parabolic filter and reconstructed with the 

filtered coefficients to generate a smooth spectrum. This method also has a limitation in 

determining the cut-off frequency to be applied in case of spectra containing several peaks of 

varying widths [8]. When the spectral information in both the energy space and the frequency 

space are fully used better results can be obtained, particularly, in the measurement of low-level 

gamma-ray spectra, where identifying weak peaks or resolving overlapped peaks on a high-

background spectrum can be critical. 
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In this study use of the wavelet based methodology involving a multi-resolution approach 

(MRA) in the frequency domain has been explored. While in a global Fourier analysis each 

frequency component of the function is influenced by all the frequency components present, the 

wavelet method is a local analysis making it suitable in the presence of sharp peaks. The 

advantage of this method is that there is no interference between the true peak component and the 

associated noise at lower frequencies and thus by imposing a proper threshold on generated 

coefficients the noise can selectively be reduced to almost zero without affecting the peak 

amplitude significantly. A new method has been designed with nonlinear wavelet method [9] for 

filtering low-level gamma-ray spectra. In the present study, the wavelet based filtering technique 

has been applied on a gamma spectrum acquired from in-vivo monitoring of an internally 

contaminated radiation worker and the results are compared with other conventional data 

smoothing methods like weight-averaged polynomial and Fourier smoothing. It is intended to find 

out the relative performances of the three techniques when applied to individual detectors as well 

as to the multiple detector assembly, in terms of improvement in denoising of the measured 

gamma spectrum compared to the original unprocessed spectrum. It is also intended to find out 

whether the summing of the processed spectra from an individual detector provides a better result 

compared to the filtering of the summed spectrum from all three detectors. 

2. TECHNIQUES TO IMPROVE SIGNAL TO NOISE RATIO 

Signal to noise ratio is the ratio between the signal (the meaningful information) 

amplitude to the noise (the unwanted signal) amplitude corrupting the signal. For the purpose of 

gamma spectrometry, where the variables (counts in different channels) are always positive, an 

alternate definition of signal to noise ratio which can be better indicated as the denoising ratio 

(DR), in terms of the statistical fluctuations can be used. It may be calculated as the ratio of the 
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peak amplitude in the region of interest (ROI) to the maximum amplitude of the noise in the 

same ROI. A ratio greater than unity indicates the presence of more signal information compared 

to noise, whereas, a higher value indicates a lesser interference of noise. This ratio should be 

greater than three to detect the peak with more than 99.7% certainty.  

For the purpose of comparison the methods used in the present study were Savitzky-Golay [10] 

least square sequential smoothing (SGSS); windowed Fourier transforms sequential smoothing 

(FTSS) and Wavelet sequential iterative smoothing (WSIS). In the following sections, a brief 

discussion of the principle of the methods and selection criteria for proper denoising are 

discussed. In what follows the measured discrete spectrum is denoted by , which represents the 

counts in channel  where the number of channels in the spectrum extends from 1 to . 

2.1 Savitzky-Golay Polynomial smoothening 

This is an adaptive low pass filtering technique where the data in a channel is adjusted depending 

on the counts in neighboring channels. Coefficients obtained from the polynomial are used 

depending on the span of the filter [9] as given by the (1), 

 

                                                                      1  

Where,   is the count at the  channel,   is the smoothed output obtained by 

averaging over some consecutive data selected around  (prior and posterior channel counts) and 

 are the corresponding coefficients of the polynomial depending on the span of the filter used. 

Here,  and   are the left and right bounds respectively of the channels to evaluate . In the 

present study, we have used a five point window (span) (    2  and   can be 

expressed as, 
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1

35
3 12 17 12 3                                    2  

This averaging method utilizes total 5 points starting from  2  to 2  channel counts 

for obtaining . The coefficients in (2) correspond to the window width of five points. 

2.2 Fourier Transform Smoothing 

Fourier transform smoothing uses the principle of mapping a spectrum    into the 

frequency domain ω [6] and removes the coefficients corresponding to the higher frequencies 

(which correspond to rapid fluctuations) from the transformed spectrum to get a smoothed 

spectrum. Fourier transform works on the principle that any periodic function can be expressed 

as an infinite sum of periodic complex exponential functions. 

Since, for the Fourier transform the spectrum has to be periodic in nature, the two end 

points of the measured data (spectrum) need to be zero. To do this, a dataset was generated 

depending upon the mean of initial and final 1% values and a straight line was constructed 

between the two points. The value associated to the straight line   for a given channel is 

subtracted from the counts of that channel from the spectrum data such that the end points 

become zero and the Fourier transformation can be applied. After this correction, the modified 

spectrum can be represented as, 

 

The counts  obtained in each channel after subtraction was decomposed by the fast Fourier 

transformation to obtain the Fourier coefficients . 

                                                                    3  
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Where,  √ 1 . A parabolic filter is applied on the coefficients with a pass frequency  and 

a cut off frequency  is used to eliminate the high frequency components. The basic 

thresholding methodology of the filtering can be expressed as, 

       1       

1  
     0        

                                    4  

The modified coefficients were then transformed back by the inverse Fourier transform to 

obtain a smoothed spectrum  . The baseline counts  were then added to get back the 

smoothed spectrum  from the reconstructed spectrum as  

1
                                                                 5  

  

2.3 Filtering applying Wavelet Transform 

The wavelet based smoothing technique is somewhat similar to Fourier smoothing 

technique. The advantage of the method lies in its capability of handling the data in a multi-

resolution approach. Wavelets are mathematical functions that cut up data into different 

frequency components, and then study each component with a varying resolution. They have 

advantages over traditional Fourier methods in analyzing physical situations where the signal 

contains discontinuities and sharp spikes. The wavelet transformation (WT) maps the original 

spectrum data in a frequency domain depending upon the frequency components present in the 

system and analyzes each of the components with resolution matched to its scale [11]. Wavelet 

based algorithms process data at different scales (inverse of frequency) or resolutions. If a 

measured spectrum is looked at with a large window (low pass filter), only gross features are 
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noticed. Similarly, if the same spectrum is looked at with a small window (high pass filter), small 

features are observed. In wavelet analysis intension is to see both.  In this method, one analyzing 

wavelet or mother wavelet is used as the basis for the analysis and with translation and dilation 

of the same; the whole information of the acquired spectrum can be regenerated. In principle the 

wavelet analysis is performed with a contracted, high-frequency version of the mother wavelet 

for extracting the information regarding the time, while frequency analysis is performed with a 

dilated, low-frequency version of the same wavelet. Because the original signal or function can 

be represented in terms of a wavelet expansion (using coefficients in a linear combination of the 

wavelet functions), data operations can be performed using just the corresponding wavelet 

coefficients.  

When a data set is decomposed using wavelets, the filters act as the shaping sequences, 

like the differentiator (high pass) and integrator (low pass) circuits for elimination of the 

fluctuations. The data is passed through a sequence of low pass and a high pass filters to generate 

a set of coarse and detail coefficients. The detail coefficients contains the information of higher 

order fluctuations and coarse contains the rest of the signal information.  The output of low pass 

filter is again passed through the filters and the process is repeated n times. This is known as 

decomposition as shown in the Fig.1. The resulting wavelet coefficients correspond to details in 

the data set and the final set of coefficients correspond to the final array of coarse coefficients. If 

the details are small, they might be omitted without substantially affecting the main features of 

the data set. The idea of thresholding is to set to zero all coefficients that are less than a 

particular threshold. These modified coefficients are then back transformed by n-times sequential 

addition of the detail and coarse coefficients for regeneration of spectral information, known as 

the synthesis or inverse wavelet transform, as shown by the Fig.2.  
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In the present study, the prime focus is on the reduction of fluctuations present in a low activity 

gamma spectrum by rejection of noise components in terms of the detail coefficient trimming 

obtained at different decomposition levels. In this purpose the ‘Haar’ analyzing wavelet serves as 

the best analyzing wavelet as it is defined over limited interval, sharp edge characteristics along 

with absence of the higher order moments. The analyzing wavelet or mother wavelet used as the 

basis for the analysis for the present study was the ‘Haar’ wavelet. The ‘Haar’ is a bound step 

function [11-12]. For an input represented by a list of 2n numbers, the Haar wavelet transform 

simply pair up input values, store the difference and passing the sum. This process is repeated 

recursively, pairing up the sums to provide the next scale. The Haar has a piecewise constant 

response and the scaling and the wavelet functions can be expressed by (6), 

1 0 1
0

                                                                   6  

The corresponding wavelet function of the same can be expressed by (7), 

1 0
1
2

1
1
2 1

0

                                                                   7  

The corresponding scaling and the wavelet functions can be pictorially represented as in Fig.3. 

The scaling and wavelet functions of the ‘Haar’ wavelet basically act as filters for the 

decomposition sequence,  

 , 1 1  

 , 1 1  

Considering the property of mapping a filter in the MRA space (squared sum of the 

individual coefficients should be unity) [13], the filter coefficients become, 
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 ,
1

√2
1

√2
 

 ,
1

√2
1

√2
 

So the simplified decomposition of the function can be achieved by passing the signal 

information through these two filters to get the gross and detail features of the analyzable signal. 

The scaling filter, H take the sum of the two values obtained in the signal string to produce a set 

of coarse coefficients ( ⁄  
) and wavelet filter, G take the difference of the same two values to 

obtain a set of detail coefficients ( ⁄ ). So finally at the end of  decompositions, one can 

achieve a set of approximation coefficients with a length of 2⁄  and sets of detail 

coefficients with variable coefficient lengths, 2⁄ , 1,2, … , . So, the representation of a 

spectrum in terms of  decomposition   in the MRA can be represented as a linear 

combination of the coarse space  and detail  coefficients [14] as, 

                8  

The above mentioned methodology can be demonstrated with a simple set of numbers. Let us 

consider a set of eight numbers, 1 5 8 7 6 4 3 2 , and three step decomposition has been 

operated  2 8 , on the numbers 3  and the results will be the following. 

The first set of approximation or coarse coefficients can be obtained with use of filter H 

and details by G filter in the following way for 1 , 

First order approximation, 

 
1

√2
1

√2
1 5 8 7 6 4 3 2 

6
√2

15
√2

10
√2

5
√2

 

First order detail, 
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1

√2
1

√2
1 5 8 7 6 4 3 2 

4
√2

1
√2

2
√2

1
√2

 

In the next step the approximation coefficients were decomposed further and the detail were kept 

for the time of reconstruction. So at the second step for 2 , the approximate and detail can 

be framed as the following, 

 
1
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In the final stage, for 3   
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With the sequences available, we can reconstructed back the original signal using the inverse 

filters in the following way, 

 
1

√2
1

√2
 

and,         
√ , , √ , , √ , , √ , ,   

The original signal can be reconstructed using the sequences  and  in the earlier 

way. In the above expression, the subscripts indicate the decomposition level and term index of 

the decomposed values respectively. For the denoising purposes, the coefficients generated after 

the decomposition were trimmed using some thresholding methodology to remove the local 

fluctuations and the trimmed coefficients were stitched back to generate a sequence with lesser 

amount of fluctuation. 
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2 

2.4 Stationary Wavelet Transformation 

 The discrete wavelet transform reduces the number of coefficients in the consequent level 

decompositions and produces one representative value for the entire range using the filter 

coefficients reducing the signal information at higher level of decompositions (a higher value of 

decomposition causes a loss in the identification of a small peak due to the under-sampling in 

high resolution gamma spectrometry). To encounter the problem, the stationary wavelet 

transformation (SWT) or non-decimated wavelet methodology is used to maintain same 

sampling intervals with decomposition levels. It incorporates in between values using an up-

sampling algorithm and retains same number of coefficients for the entire detail and 

approximation levels [15]. The numbers are maintained by applying a convolution between a 

zero padded low and high pass filtering matrix with symmetrically padded coarse coefficient 

matrix and finally selecting the coefficients corresponding to prolific outcomes of the resulting 

convolution matrix. The up-sampling can be represented by the following symbol, 

where, the upward arrow indicates incorporation of data points (interpolation) and 

the number 2 indicates a doubling of the data points within a sequence. 

The SWT methodology can be represented in a schematic diagram in the Fig. 4. 

Here the first term in the subscript represents the decomposition level and second one, the 

number of terms present in the decomposition sequence. The algorithm can be represented in the 

following way, with the same number sequences, 1 5 8 7 6 4 3 2 . In the first step, the low 

and high pass filters act similar to DWT filters and the filter length is two,  

√ √
  and 

√ √
 

In this methodology, the number sequences are elongated periodically in both ways by 

half the filter length and a convolution is performed with the elongated number sequences and  
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2     1     5     8     7     6     4     3     2     1  

                                                 9.  

1.414  2.121   4.242   9.191  10.605  9.191  7.070  4.949  3.535  2.121 0.707  

Then from the convolution sequence, one needs to take i- number of terms starting from 

the third (filter length plus one-th) term onwards for the first level approximation coefficients. 

4.242   9.191  10.605  9.191  7.070  4.949  3.535  2.121  

In the same way, using the  filter, one can achieve the first order detail coefficients, 

2.828  2.121   0.707   0.707   1.414   0.707   0.707   0.707  

In the next sequence, the first order approximate coefficients were decomposed further 

for next set of detail and approximate coefficients with a convolution between the zero padded 

filter matrix and elongated sequence of the . 

√
0

√
0    and,  

√
0

√
0  

, 3.535  2.121  4.242   9.191 10.605 9.191 7.070  4.949 3.535 2.121 4.242  9.191  

, ,                                                  9.  

Finally after convolution, for the second level approximation coefficients, one needs to 

take eight consecutive terms starting from the fifth term onwards, 

10.50   13.00   12.50   10.00    7.50    5.00    5.50    8.00  

The second order detail can be represented by the following, 

4.50         0    2.50    3.00    2.50    2.00   0.50   5.00  

In this way one can get the sequence of decompositions using earlier set of approximate 

values. At the time of reconstruction the same sequences will be used and one needs to take the 

alternate values after reconstruction with the coefficients obtained from different decomposition 

levels. 
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3. SOFT THRESHOLDING 

Depending upon the fluctuations present in the detail coefficients,  at each level, a 

level dependent shrinkage on each set of coefficients with respect to the median of the data set is 

applied as proposed by Donoho [16]. To quantify the deviation in the fluctuation with a 

confidence of 50%, a robust estimator ( ) known as the median absolute deviation (MAD) is 

calculated as expressed in (10), 

 0.6745                                               10  

The threshold  is then calculated using the MAD and the number of coefficients 

present in the dataset. In the present approach, the number of coefficients generated  at each 

decomposition levels is same as the number of channels in the measured spectra and the 

threshold can be estimated as, 

 2                                                              11  

The magnitude of the detail coefficients, if larger than the corresponding threshold, they are 

reduced by an amount equal to the threshold. Detail coefficients having values up to the 

threshold are made zero. This is known as shrinkage or trimming (soft thresholding) for each 

level of coefficients. Soft thresholding provides a filtered representation due to the non-

discontinuity in the thresholding methodology and mathematically expressed as in (12), 

 max 0, ,
0,

                        12  

The method has optimality with respect to the least square smoothing for estimation of unknown 

smoothness at a point. 
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4. FLOW DIAGRAM OF THE ALGORITHM 
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5. EXPERIMENTAL DATA GENERATION 

The present work is aimed at a comparative evaluation of different denoising techniques 

as well as identification of any obscure peak present in a gamma spectrum acquired during in-

vivo monitoring of a radiation worker. In most of the cases, radioactivity estimated from in-vivo 

monitoring is below the minimum detectable limits (MDL) of 80 Bq or less and identification of 

the radionuclide as such is not possible due to insignificant counts acquired in the ROI for the 

specified radionuclide to be monitored.  

To obtain a better statistics for monitoring in such low activity cases, a detector assembly 

with three detectors is used in the counting setup to cover a relatively larger area to minimize 

losses due to escape of the gamma rays. The measurements were performed using three n-type 

high purity germanium semiconductor detectors (diameter 70 mm, width 25 mm; FWHM of 600 

eV at 122 keV of 57Co peak) with 1 mm thick epoxy entrance window. The counting set up for 

this study was kept in a specially designed steel room in an anti-coincidence mode with a graded 

shield to minimize the background generated due to high energy cosmic particles and naturally 

occurring radionuclides. This was built of 200 mm thick pre-World War II stainless steel main 

frame with a lining of 3 mm lead, 2 mm cadmium and 1 mm copper respectively for proper 

monitoring of the low energy photons, rejecting the environmental contributions as well as 

contributions from the shielding materials. 

The background spectrum is obtained with a set of three different circular detectors each 

centered at the three different axes points of an equilateral triangle placed over the lungs as 

shown in Fig.5. In the multiple detector arrangement, the response of detector ‘A’ is slightly 

different compared to the other two detectors ‘B’ and ‘C’ due to different relative positions with 

respect to the lungs. Detectors ‘B’ and ‘C’ are in similar positions with respect to the lung, while 



17 
 

detector ‘A’ is in a different position as shown in Fig.4. The background counting is done for 

duration of 6 hours, considering the empty counting room as blank and for one hour with a non-

radiation worker with features closely resembling the Asian human reference [17]. The 

background (blank) is normalized for one hour counting time and the fluctuations are compared 

with that obtained with the non-radiation worker. As a typical sample an internally contaminated 

radiation worker is counted for one hour and compared with the counts obtained with a non-

radiation worker in the different regions of interest corresponding (ROI) to a radionuclide 

(uranium in the present case). 

 Responses from each individual detector as well as the summed spectrum of the whole 

detector assembly are processed independently for achieving improvements in the denoising 

ratio (DR). The smoothed spectra are processed sequentially and iteratively to reduce the 

background fluctuations with a comparison with all three aforementioned denoising techniques. 

6.  STUDY OF THE NUMERICAL SPECTRUM 

Here, a set of numerically generated spectrum are treated with stationary wavelet 

transform based soft thresholding (SWTST) methodology for the validation of the efficacy of the 

algorithm. After this, the methodology is applied on the experimentally obtained gamma 

spectrometric data, initially on the environmental sample and then on a spectrum obtained from 

an occupational worker. 

6.1 Generation of Numerical Spectrum 

For the theoretical study purpose, one mixed spectrum has been generated as shown in 

Fig.6, considering the detector can accept an energy range between 0-1600 KeV and this is 

coupled with one 8K multichannel analyzer (MCA). In simulated spectrum three types of 

different peaks have been generated, first one is at 661 KeV, as a proto-type for 137Cs peak with 
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peak amplitude of 360. The second set is a doublet peak at 840 and 850 KeV with a less 

amplitude of 80 (zoomed part in the Fig.6) and the third set is simulated considering the 60Co, 

having two gamma energies at 1173 and 1332 KeV respectively. Considering a lesser amount of 

photo-peak intensity at a higher energy, 1173 KeV has amplitude of 300 and 290 for the 1332 

KeV. The peaks were simulated with a resolution of 2.0 KeV at full width at half maximum 

(FWHM) and peaks are Gaussian in nature. The spectrum is zoomed around the 845 KeV peak 

to show the actual Gaussian nature of the simulated spectrum. In this study, initially the peak 

amplitude, total area under the curve nature of the peak was calculated to check the variation in 

the parameters after denoising. So, after incorporation of varying amount of noise in the 

simulated spectrum the above mentioned parameters were studied after wavelet based 

thresholding. The variations in the parameters before and after the wavelet processing have 

provided information regarding the efficacy of the wavelet smoothing. 

6.2 Result and Discussions (Numerical Spectrum) 

After incorporation of 25% random noise compared to the amplitude of the lowest 

intensity peak (Fig.7), noisy spectrum was analyzed and the results were given in Table 1. 

The same when applied for a higher noise level (60% of the smallest amplitude peak), the 

peak information with the noise incorporated spectrum (Fig.9) and wavelet smoothed one 

(Fig.10) are shown below. 

From the numerical experiment, it can be inferred that, after wavelet based thresholding 

methodology (as shown in zoomed part of Fig.8 and 10) retains the peak information intact even 

in a noise incorporated spectrum. In case of 25% incorporated noise, the peak amplitudes were 

reproduced appreciably well after the wavelet smoothing methodology and area under the peak 
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also reserved around 1.5%, except for the low intensity 840 KeV peak as shown in Table 1.  The 

denoising ratio (DR) for the simulated spectrum is calculated by the following manner, 

 
MaxROI   

MaxROI   
 

Where, the sampling interval corresponds to the region of interest around the peak positions 

3 FWHM around the mean energy, and the reference interval is chosen in such a way that there 

is no interference of peak positions with the pure random fluctuation. In this study, the range is 

chosen between 1400-1600 KeV as the reference interval. Table 1 showed an improvement of 

more than 25% in the denoising ratio for all the peaks. The similar observations were found in 

case of higher incorporated noise level (60% of the smallest amplitude peak). The peak 

amplitudes were still reproducible within an error within 1% for higher intensity peaks, whereas 

for small intensity peaks, it varies within 10%. The similar observations were found for the area 

under the peak and at a higher amount of incorporated noise from the Table 2, the denoising ratio 

improved more, up to 40% for high intensity peaks and around 20% for low intensity peaks. 

From the Fig.8 and 10, it is evident that wavelet based smoothing methodology efficiently 

removed the inherent fluctuations and retained the Gaussian nature of the peak (see zoomed part 

of Fig.8 and 10). This algorithm reduces the inherent fluctuations subsequently and improves the 

peak to noise ratio and the same algorithm when applied on the smoothed spectrum in an 

iterative manner, a significant improvement in the DR was found compared to the original values 

and the results are shown in Table 3.  

In the Fig.11, improvements in the DR values were shown with wavelet based iterative 

algorithm in presence of higher incorporated noise levels and the improvements are shown up to 

fourth iteration. Further iteration levels do not causes significant improvement in the peak to 

noise ratio and the area under the peak region increases leading to erroneous quantitative 
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estimation. So, for this study, we have restricted up to the fourth iteration level considering an 

optimization between both the phenomena. 

After the analysis on the simulated spectrum, the algorithm has been applied on a very 

low activity in-vivo photon spectrum acquired with a radiation worker. 

7. RESULTS AND DISCUSSION (EXPERIMENTAL) 

The present study introduces wavelet sequential iterative smoothing (WSIS) based 

denoising technique for smoothing of gamma ray spectrum. The results obtained from the 

spectral denoising for different detectors shows different concentration levels of 235U and 238U, 

depending up on the relative position of the detector with respect to the subject. The spectrum 

acquired from the latter, considered as the background for the study is shown in Fig.13 (a) and 

the corresponding values of denoising ratio (DR) are calculated using the blank spectrum in the 

respective region of interest (ROI). The mathematical formulation for the relative DR is given 

by, 

 
MaxROI   

MaxROI  
                                   13.  

  
MaxROI  

MaxROI   
                              13.  

where, MaxROI and  are, respectively, the maximum and minimum counts in the ROI. 

It is found that the background including the non-radiation worker does not differ 

noticeably from the blank and the values of DR are restricted within 0.5 to 1.5. The measured 

spectra are treated with the earlier described three different iterative filtering techniques, viz. 

Savitzky-Golay weighted least square sequential smoothing (SGSS), Fourier transform 

sequential smoothing (FTSS) and wavelet based sequential iterative smoothing (WSIS) for 
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obtaining the denoised spectra. The background counts acquired with detector ‘A’ is filtered by 

all the three methods and the results obtained for fourth level of iteration is given in Table 4. 

It is found that the background including the non-radiation worker does not differ 

noticeably from the blank and the values of DR are restricted within 0.5 to 1.5. The measured 

spectra are treated with the earlier described three different iterative filtering techniques, viz. 

Savitzky-Golay weighted least square sequential smoothing (SGSS), Fourier transform 

sequential smoothing (FTSS) and wavelet based sequential iterative smoothing (WSIS) for 

obtaining the denoised spectra. The background counts acquired with detector ‘A’ is filtered by 

all the three methods and the results obtained for fourth level of iteration is given in the Table 4. 

From the data shown in Table 4 it is evident that for background measurements, significant 

suppression of the fluctuations are achieved compared to the original spectrum using WSIS and 

after the fourth iteration. The ROIs considered here correspond to different isotopes of uranium. 

Except for the ROI corresponding to 92.6 keV gammas the WSIS performs better than both 

SGSS and FTSS. The overall performance of FTSS is almost the same or somewhat poorer 

compared to that of SGSS. The WSIS behaves as the most consistent filtering method for all the 

ROI’s specified. The suppression of the fluctuation is more than about 50% for 143.9 keV and 

185.7 keV peaks. Further iterative filtering of the background as well as the sample have not 

shown any significant improvement (not more than 3%). Rather it resulted in overestimations of 

more than 5% in the total area under the spectrum in the specified ROI to be investigated. Hence, 

the fourth order WSIS is considered to be an optimized iteration level for the present study.  

The comparison of the relative improvement of DR with respect to the background 

spectrum obtained from detector ‘A’ using the techniques SGSS, FTSS and WSIS, with different 

iteration levels, are shown in Fig.12. Evidently, WSIS provides maximum suppression of the 
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background fluctuations in the given ROI’s. The measured background spectrum with the 

reference subject and the spectrum of a radiation worker, both before and after WSIS filtering, 

are shown in Fig.13 (a) and Fig.13(b) respectively, comparing the original measurement with 

different stages of iterative denoising. Evidently, WSIS provides large improvements in terms of 

reduction of the statistical fluctuations also in the case of the sample (internally contaminated 

radiation worker) spectrum. As shown in Table 5, WSIS gives approximately a twofold 

improvement in the suppression of the unwanted noise, compared to the other two techniques.  

It can be seen from Table 5 that for 63.3 keV, 92.6 keV and 143.9 keV peaks the 

improvement with the application of WSIS is more than 200% with respect to the original 

acquired spectrum for most of the ROI whereas apparently invisible peak information around 

143.9 keV has been improved by more than 100% with respect to the original information. The 

DR has also improved by a factor of 3 or more, i.e. the distribution of counts in this region can 

now be considered to represent a true peak with more than 99.7% significance. For the other two 

denoising techniques the improvement is only 58% and 72%. 

Fig.14 shows comparative results of the three above mentioned methods in terms of 

relative improvements in the DR at different iteration levels, for the spectrum acquired with 

detector ‘A’. The comparison between the relative lowering of the statistical fluctuations for the 

three iterative smoothing techniques for the same spectrum is shown in Fig. 15, along with an 

expanded view in the vicinity of the 92.6 keV and 143.9 keV gamma energy peaks. From Fig.15 

a number of comparative observations can be made. First, the WSIS restores the actual Gaussian 

peak nature in a better fashion compared to the other techniques. Second, WSIS leads to highly 

suppressed background fluctuations compared to SGSS and FTSS. Third, the peak amplitude 

obtained after WSIS remains within a few percent (less than 5%) of original spectrum, whereas 
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the other two methods provided a significant decrease of more than 10%. Similar results are 

obtained with the other two detectors, viz. detector ‘B’ and ‘C’.  

The gamma spectra acquired from the detector assembly (combination of all the three 

detectors) have also been subjected to smoothing using the three techniques independently, to 

check the performance of the methods when higher amplitude noise components are present in 

the spectra. As shown in Table 6, in a higher noise corruption also, WSIS provides a remarkable 

improvement in the specified ROI’s in terms of the minimization of the unwanted noise 

components, whereas SGSS and FTSS are not that effective in terms of relative suppression of 

the fluctuations. The response of the three-detector assembly itself improves the detection 

efficiency compared to the single detector response and the signal amplitude compared to the 

noise is nearly double. The filtering or smoothening operations when performed in the spectrum 

data, it is found that in presence of higher noise components, the SGSS and FTSS does not show 

much improvement in the signal information and it lies mostly within 50% for the visible peaks. 

Rather, for very low gamma intensity peak at 143.9 keV, peak information deteriorated after the 

application of SGSS and FTSS. The peak information has become worse after the averaging with 

SGSS amounting to a loss of about 15% information and the same was observed in case of 

FTSS, although the loss is comparably less (~6%). In this regard, the WSIS with an up-sampling 

algorithm has provided an improvement of 100% compared to the original signal.  

In Fig.16 we have shown the step wise improvement in the reduction of noise 

components and the relative improvement in terms of noise suppression, for the sample spectrum 

acquired with the three detector assembly. The comparison of the filtered spectra in the vicinity 

of the 92.6 keV and 143.9 keV are shown in the Fig.17, which again confirms the same 

conclusions, as obtained with the detector ‘A’ alone. 



24 
 

For a better visualization of the peak information and characterization, we have also 

carried out the comparison between the different techniques for the 143.9 keV peak 

corresponding to 235U as shown in Fig.18. Here WSIS gives the same peak height as that of the 

original spectrum, keeping the Gaussian nature of the peak intact. Another remarkable aspect of 

denoising using WSIS is that, it has been able to extract the 235U peak corresponding to low 

gamma abundance (4.59%) at 163.4 keV. 

In the present study, all the methods are applied in two different ways, e.g., filtering of 

the sum spectrum acquired using the detector assembly and filtering of the individual spectrum 

independently, followed by their summing up to get the denoised spectrum. It is found that the 

second approach provides a better DR value, with an improvement of nearly 3%, compared to 

the first approach. The results are given in Table 7. 

8. CONCLUSIONS 

The in-vivo monitoring and internal contamination analysis of radiation workers are 

associated with large uncertainties in terms of both precision and accuracy, since in most of the 

cases low level of radioactivity together with radiation attenuation in body components result in 

insufficient counts acquired by the detecting instruments. Also, low abundances of emitted 

gammas from certain radionuclides to be monitored pose difficulty for identification of the 

characteristic radiation. In case of lung monitoring, the low intensity gammas from 235U, e.g., 

143.9 keV (11%) and 163.4 keV (4.59%) provides better quantification of 235U since these 

gammas have minimum interference from progeny radionuclides. In the present study, the 

denoising techniques have been applied to the measured spectra, obtained from in-vivo 

monitoring, to extract the relatively low intensity peaks of 235U.  
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Three filtering techniques viz. Savitzky-Golay sequential smoothing (SGSS), Fourier 

transform sequential smoothing (FTSS) and wavelet sequential iterative smoothing (WSIS) were 

applied and the sequential smoothing resulted in two fold or more improved DR values in case of 

stationary wavelet based sequential iterative smoothing (WSIS) compared to the weighted least 

square (SGSS) or Fourier transform (FTSS) methods. Another important aspect revealed by this 

study is that the WSIS restores the amplitude and original Gaussian nature of the peak more 

effectively compared to SGSS and FTSS. The WSIS is also able to extract the 143.9 keV 

(gamma abundance 11%) and 163.36 keV (gamma abundance 4.59%) peaks of 235U efficiently 

with a certainty of more than 99.7%. It is also found that WSIS, when applied on the individual 

spectrum, provides improved results compared to the summed spectrum acquired from all the 

detectors. 

 

9. ACKNOWLEDGEMENT 

The authors are thankful to all the members of Internal Dosimetry Section, HPD, BARC, 

for providing useful experimental data. Thanks to Dr. A.K. Ghosh, Director and Dr. D. N. 

Sharma, Associate Director, Health Safety and Environment Group, BARC for their keen 

interest and support. 

 

10. REFERENCES 

[1] Lopez Ponte, M. A. and Bravo,T. N. “A low energy germanium detector system for lung 

counting at the WBC facility of CIEMAT,” Radiat. Prot. Dosim., vol. 89(3-4), 2000, pp.  

221-227 

[2] Robredo, L.M. Navarro, T. Sierra, I.“Indirect monitoring of internal exposure in the 

decommissioning of a nuclear power plant in Spain,” Appl. Rad. Isot., vol. 53(1-2), 2000, 

pp. 345-350 



26 
 

[3] Pelled,O.German,U.Pollak,G. and A. Tshuva,“MDA improvement technique for lung 

counter measurements of uranium workers,” Radiat. Prot. Dosim., vol. 125, 2007, pp. 496-

499 

[4] Rowson, J.W. and Hontzeas,S. A. “Uranium isotopic ratio determination by gamma-ray 

spectroscopy,” Nucl. Instr. and Meth., vol. 154, 1978, pp. 541-548 

[5] Reus,U. and Westmeier,W.“Catalog for gamma rays from radioactive decay, Part I and 

II,”Atomic Data and Nuclear Data Tables vol. 29, 1983,pp. 1 – 192  

[6] Moriya,N.“A new smoothing algorithm for statistical noise reduction,”Nucl. Instr. and 

Meth. Phys. Res. B, vol. 53,1991,pp. 208-211 

[7] Fan Mo, Qun Mo, Yuanyuan Chen, David, R. Goodlett, Leroy Hood, Gilbert, S Omenn 

Song, Li Biaoyang, Lin,“WaveletQuanta, an improved quantification software based on 

wavelet signal threshold de-noising for labeled quantitative proteomic analysis,”BMC 

Bioinformatics,vol.11, 2010, pp. 219 

[8] Attila Felinger, Tamas.L.Pap, and Jonas Inczedy, “Improvement of the signal-to-noise ratio 

of chromatographic peaks by Fourier transform,” Anal.Chim.Acta, vol. 248(2), 1991, pp. 

441-446 

[9]  Gang, X, Li, D. Benai, Z Jianshi, Z“A nonlinear wavelet method for data smoothing of 

low-level gamma-ray spectra,”Jour. Nucl. Sci. Tech., vol. 41, 2004, pp. 73-76  

[10] Savitzky,A. and Golay,M. “Smoothing and differentiation of data by simplified least 

squares procedures,” Anal. Chem., vol.  36(8), 1964, pp. 1627-1639 

[11] Haar, A.“Zur theorie der orthogonalen funktionensysteme,” Math. Ann., vol. 71(1), 1911, 

pp. 38-53 

[12] Sabyasachi Paul, D. Datta, P.K.Sarkar, Determination of trend of annual precipitation by stationary 

wavelet components in northern part of Maharashtra, J.Env. Stat. 2(5) (2011). 

[13] Mallat, S. A “Wavelet tour of signal processing: The sparse Way,” 3rd ed. Academic Press, 

2008, pp. 102-115 

[14] Daubechis, I. “Ten Lectures on Wavelets (CBMS-NSF Regional Conference Series in 

Applied Mathematics),” Philadelphia (PA) SIAM, 1992 

[15] Wang, X.H.Istepanian, R.S.H.Yong,HS “Microarray image enhancement by denoising 

using stationary wavelet transform,” IEEE Trans.on Nanobioscience, vol. 2(4), 2003, pp. 

184-189 



27 
 

[16] Donoho,D.L.“De-noising by soft-thresholding,”  IEEE Trans. on Information Theory, vol. 

41(3),  1995, pp. 613-627 

[17] INTERNATIONAL ATOMIC ENERGY AGENCY  “Inter-calibration of in vivo-counting 

system using an Asian phantom: Co-ordinate research 1996-98,” IAEA-TECDOC-1334, 

2003, Vienna. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



28 
 

Table 1: Comparison of the peak information with simulated spectrum, incorporation of noise 

(25% of the smallest amplitude peak) and wavelet based smoothing 

 

Peak 

Position 

(KeV) 

Original Signal 
25% Noise incorporated 

signal 
Wavelet Transformed signal 

Peak 

Amplitude 

Peak 

Area 

Peak 

Amplitude 

Peak 

Area 
DR 

Peak 

Amplitude 

Peak 

Area 
DR 

661 360 6516 370 6554 18.89 357 6541 23.88 

840 80 1452 77 1330 4.35 73 1229 5.43 

850 80 1452 90 1513 4.92 79 1455 5.39 

1173 300 5429 296 5353 15.28 297 5377 19.85 

1332 290 5248 291 5425 14.9 292 5330 19.53 

*DR signifies the Denoising ratio discussed in the next section 

 

 

Table 2: Comparison of the peak information with simulated spectrum, incorporation of noise 

(60% of the smallest amplitude peak) and wavelet based smoothing 

 

Peak 

Position 

(KeV) 

Original Signal 
60% Noise incorporated 

signal 
Wavelet Transformed signal 

Peak 

Amplitude 

Peak 

Area 

Peak 

Amplitude 

Peak 

Area 
DR 

Peak 

Amplitude 

Peak 

Area 
DR 

661 360 6516 379 6532 7.99 359 6530 13.87 

840 80 1452 88 777 2.43 72 852 3.17 

850 80 1452 99 1447 2.54 87 1681 3.44 

1173 300 5429 302 4979 6.62 299 5251 11.5 

1332 290 5248 309 5100 6.7 295 5198 11.3 

*DR signifies the Denoising ratio discussed in the next section 
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Table 3: Comparison of the Denoising Ratio with wavelet smoothing at varying iteration levels 

 

Peak 

Position 

(KeV) 

Denoising Ratio at 25% noise 

incorporated signal 

Denoising Ratio at 60% noise 

incorporated signal 

Original 
Iteration Level 

Original

Iteration Level 

 

1st 2nd 3rd 4th 1st 2nd 3rd 4th 

661 18.89 23.88 26.45 26.65 26.59 7.99 11.11 13.87 15.17 15.98

840 4.35 5.43 5.85 5.71 5.35 2.43 2.93 3.17 3.27 3.29 

850 4.92 5.39 5.75 5.79 5.73 2.54 3.03 3.44 3.31 3.49 

1173 15.28 19.85 21.9 22.11 21.97 6.62 9.33 11.5 12.72 13.59

1332 14.9 19.53 21.55 21.71 21.68 6.7 9.28 11.3 12.45 13.12

 

 

 

Table 4:  Comparison of suppression of background fluctuations at different specified ROIs 

acquired by Detector ‘A’ for with three iterative smoothing techniques at fourth iterations 

 

 

 

 

 

 

 

 

      * Imp signifies percentage improvement in the DR after processing 
 

 

 

Energy 

(KeV) 

DR 

(Initial)

SGSS FTSS WSIS 

DR Imp DR Imp DR Imp 

63.3 1.00 0.86 14 0.84 16 0.74 26 

92.6 1.00 0.57 43 0.69 31 0.68 32 

143.9 1.00 0.73 27 0.73 27 0.45 55 

185.7 1.50 0.72 52 0.83 45 0.65 57 
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Table 5:  Comparison of improvements in signal to fluctuation values for subject spectrum 

(specified ROI’s of uranium) with Detector ‘A’ at fourth iterations 

 

 

 

 

 

 

 

 

 

Table 6:  Comparison of improvements in signal to fluctuation values for subject spectrum 

(specified ROI’s of uranium) with ‘Detector assembly’ at fourth iterations 

 

 

 

 

 

 

 

   

 

 

 

 

Energy 

(KeV) 

DR 

(Initial) 

SGSS FTSS WSIS 

DR Imp DR Imp DR Imp 

63.3 6.50 8.11 25 12.00 85 21.37 229 

92.6 7.50 9.63 28 16.18 116 24.86 231 

143.9 1.50 2.37 58 2.58 72 3.09 106 

185.7 4.50 5.73 27 8.70 93 13.70 204 

Energy 

(KeV) 

DR 

(Initial) 

SGSS FTSS WSIS 

DR Imp DR Imp DR Imp 

63.3 11.00 11.69 6 14.70 33 28.37 158 

92.6 12.67 12.90 2 18.33 145 37.03 192 

143.9 2.33 1.99 -15 2.19 -6 4.66 100 

185.7 6.67 7.33 10 9.19 48 20.95 214 



31 
 

Table 7: Comparison of improvement in signal to fluctuation values for the sum spectrum 

processed from individual detectors and as an assembly of the detectors 

 

Energy 

(KeV) 

SGSS FTSS WSIS 

Processing 

scheme(DR) Imp 

Processing 

scheme(DR) Imp 

Processing 

scheme(DR) Imp 

Sum Individual Sum Individual Sum Individual 

63.3 11.69 11.69 0.00 14.70 12.86 -12.51 28.37 29.27 3.52 

92.6 12.90 12.90 0.00 18.33 15.01 -18.11 37.03 38.21 3.18 

143.9 1.99 1.99 0.00 2.19 2.17 -0.91 4.66 4.82 3.43 

185.7 7.33 7.33 0.00 9.91 8.18 -17.45 20.95 21.54 2.81 

*Imp signifies percentage improvement in the DR with individual set of processing over sum spectrum 
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Figure1: The analysis flow chart for the wavelet decomposition 

 

 

 

 

 

 

 

 

 

 

 

Figure2: The synthesis flow chart for the wavelet reconstruction 
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Figure3: The scaling and wavelet functions for the ‘Haar’ analyzing wavelet 

 

 

 

 

 

 

 

 

 

Figure4: Stationary Wavelet Transform decomposition sequence 
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Figure5: The relative position of the three semi-planar detectors (A, B and C) with respect to the 
Human Lungs (not to scale) 
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Figure6:  Simulated Spectrum (661 KeV 137Cs; 840 and 850 KeV doublet (Zoomed at the left 
corner), 1173 and 1332 KeV 60Co) 
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Figure7:  Simulated Spectrum after incorporation of noise (25% of the smallest amplitude peak) 
(661 KeV 137Cs; 840 and 850 KeV doublets (Zoomed), 1173 and 1332 KeV 60Co) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure8: Simulated Spectrum after wavelet based smoothing (25% of the smallest 
amplitude peak) (661 KeV 137Cs; 840 and 850 KeV (Zoomed), 1173 and 1332 KeV 60Co) 
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Figure 9: Simulated Spectrum after incorporation of noise (60% of the smallest amplitude peak) 
(661 KeV 137Cs; 840 and 850 KeV doublet (Zoomed), 1173 and 1332 KeV 60Co) 

 
Figure 10:  Simulated Spectrum after wavelet based smoothing (60% of the smallest amplitude 

peak) (661 KeV 137Cs; 840 and 850 KeV (Zoomed), 1173 and 1332 KeV 60Co) 
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(a) (b) 

 (d)  (c) 
 

Figure 11: Simulated Spectrum with incorporation of 60% noise of the smallest amplitude peak 
after wavelet smoothing at different iteration levels (a)-(d)(661 KeV 137Cs; 840 and 850 KeV 

doublets (Zoomed), 1173 and 1332 KeV 60Co) 
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Figure12: Comparison between three sequential iterative methods for the background spectrum 
denoising in terms of the percentage suppression in the fluctuation of background counts 
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         (a)         (b) 
 

Figure13: Comparison between (a) background and (b) sample spectra before and after 
sequential wavelet smoothing at different iteration levels with Detector ‘A’ 
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Figure14: Comparison of three sequential iterative methods for acquired spectrum with detector 

‘A’ (percentage improvements in the DR value) 
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     (a) 

       (b) 
  

(c) 

 

Figure15: Comparison of the smoothing techniques with the spectrum acquired by the detector 
‘A’; (a) Full range of the spectrum; (b) ROI around 92.6 KeV and (c) ROI around 143.9 KeV. 
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Figure16: Comparison of three sequential iterative methods for acquired spectrum with three-
detector assembly (percentage improvements in the DR value) 
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     (a) 

 
       (b) 

    
(c)

 

Figure17: Comparison of the smoothing techniques with the spectrum acquired by the three-
detector assembly; (a) Full range of the spectrum; (b) ROI around 92.6 KeV and (c) ROI around 

143.9 KeV 
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Figure18: Comparison between original spectrum, Savitzky-Golay smoothing (SGSS), Fourier 
transforms smoothing (FTSS) and Wavelet sequential iterative smoothing (WSIS) 

 


