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ABSTRACT 

Background: Many paediatric illnesses are caused by viral agents. For example, acute gastroenteritis. 

Electron microscopy can provide images of viral particles and can be used to identify the agents. 

Objectives: The use of electron microscopy as a diagnostic tool is limited by the need for high level of 

expertise in interpreting these images and the time required. A semi-automated method is proposed in 

this paper. Study design: The method is based on bispectal features that capture contour and texture 

information while providing robustness to shift, rotation, changes in size and noise. The magnification 

or true size of the viral particles need not be known precisely, but if available can be used additionally 

for improved classification. Viral particles from one or more images are segmented and analyzed to 

verify whether they belong to a particular class (such as Adenovirus, Rotavirus etc) or not. Two 

experiments were conducted - depending on the populations from which virus particle images were 

collected for training and testing, respectively. In the first, disjoint subsets from a pooled population 

of virus particles obtained from several images were used. In the second, separate populations from 

separate images were used. The performance of the method on viruses of similar size was separately 

evaluated using Astrovirus, HAV and Poliovirus. A Gaussian Mixture Model was used for the 

probability density of the features. A threshold on the log-likelihood is varied to study false alarm and 

false rejection trade-off. Features from many particles and/or likelihoods from independent tests are 

averaged to yield better performance. Results: An equal error rate (EER) of 2% is obtained for 

verification of Rotavirus (tested against 3 other viruses) when features from 15 viral particle images 

are averaged. It drops further to less than 0.2% when scores from 2 tests are averaged to make a 

decision. For verification of Astrovirus (tested against 2 others of the same size) the EER was less 

than 2% when 20 particles and 2 tests were used.  Conclusion: Bispectral features and Gaussian 

mixture modelling of their probability density are shown to be effective in identifying viruses from 

electron microscope images. With the use of digital imaging in electron microscopes, this method can 

be fully automated. 

 

Keywords:  electron micrograph, gastroenteric viruses, higher-order spectra, bispectrum, invariant 

features, identification. 



1.0 INTRODUCTION 

Acute gastroenteritis is one of the most common diseases that affect humans. It continues to be a 

significant cause of morbidity and mortality worldwide (Glass et al., 2001). The mortality associated 

with gastroenteritis has been estimated to be 3-5 million cases per year. The majority of these occur in 

developing countries (Bern and Glass, 1994) and children under 5 years of age (Glass et al., 2001). 

Viruses, apart from bacteria and other parasites, have been known to be important causes of 

gastroenteritis. Four major categories of viruses are now recognized as clinically important to this 

problem. These are Rotavirus, Astrovirus, Adenovirus and Calicivirus (Kapikian, 1996; Glass et al., 

2001). Many studies have been conducted to determine which gastroenteric viruses are more 

prevalent with respect to geography, sex, seasonal pattern and age distribution (Diamanti et al., 1996; 

Ueda et al., 1996; Haiping et al., 1999; Bereciartu et al., 2002; Subekti et al., 2002; Oh et al., 2003). 

Research shows that Rotavirus is responsible for the majority of these deaths and 20-52% of all acute 

gastroenteric episodes (Cunliffe et al., 2002a; Hart, 2003; Rivest et al., 2004).  Accurate 

understanding of the relative prevalence of these agents would help design strategies to control the 

disease.  

 
The diagnosis of viral gastroenteritis can be carried out by non-molecular techniques such as electron 

microscopy (EM), enzyme-immunoassay and latex agglutination tests, and by various molecular 

techniques. The advantage of using EM for direct visualization of virus particles in specimens is that 

it detects any potentially responsible viral agents present. By contrast, in immunologic tests, reagents 

may not currently exist that would permit complete immunologic testing (Noel et al., 1997; Green et 

al., 2002). Molecular genetic techniques also have similar limitations and they are only capable of 

identifying the presence of genomic material for previously identified agents. 

 
Virus identification by human visual examination of EM images requires highly trained and 

experienced medical specialists. It is not suitable for screening large numbers of specimens. The virus 

verification method presented in this paper attempts to provide an important step in overcoming this 

issue by having a semi-automated verification process. The system can recognise a population of virus 



particles obtained from one or more EM images.  This can make it possible to screen large numbers of 

images from various parts of the world, compare and check for mutations and confirm viral strains.   

 
Virus cells appearing in EM images can vary in orientation, position and size. The images are also 

noisy owing to the high magnification and the low dose of electrons used in the microscope.  It is 

desirable to have features that are invariant to orientation, position and size.  EM images of different 

viruses exhibit fine differences in texture that arise from differences in their 3D surfaces and internal 

structures (as shown in Figures 1 and 2). Symmetries are commonly observed in biological 

reproduction processes. Symmetries are also evident in reconstructed 3D forms of viruses. Textures 

on viral particle images tend to exhibit different rotational symmetries as well. However, the variation 

in texture and any differences in symmetry are difficult to visualize in any single specimen image 

because of noise and poor resolution. They can be extracted from an ensemble of specimens provided 

the features are invariant to translation, size and rotation and also robust to noise. Such a set of 

features are higher order spectral invariants (Chandran and Elgar, 1993). These features capture 

texture variations as well as differences in contours. 

 

2.0 HIGHER ORDER SPECTRAL FEATURES  

Higher order spectra (Brillinger and Rosenblatt, 1967) are spectral representations of higher order 

moments or cumulants of a random process. They have been used for detecting deviation from 

Gaussianity and identifying non-linear systems (Nikias and Petropulu, 1993).  Higher order spectra 

based on cumulants are zero for Gaussian processes. Higher order spectral theory has been extended 

to apply to deterministic signals and used for recognition of shapes.  For deterministic signals they can 

be expressed as products of Fourier coefficients (Nikias and Raghuveer, 1987; Chandran and Elgar, 

1993). For example the bispectrum )f,f(B 21 of a one-dimensional, deterministic, discrete-time 

signal, )n(x , is defined as 

)ff(*X)f(X)f(X)f,f(B 212121 +=                                                                                       (1) 



where )f(X   is the discrete-time Fourier transform of )n(x and f  is frequency normalized by one 

half of the sampling frequency. 

 

The bispectrum is a function of two frequencies and in contrast to the power spectrum this function is 

complex-valued in general and thus retains some of the phase information in the Fourier transform. 

Especially for asymmetric sequences the phase is non-linear and higher order spectra retain the 

nonlinear phase information.  They are also unaffected by a translation of the input. These unique 

properties of higher order spectra are useful in pattern recognition. If an input is even (or odd) 

symmetric, the phase of the Fourier transform is zero (or pi) or a linear function of frequency if the 

input is shifted. In either case, the phase of the bispectrum will be zero. This is expected because all 

the information resides in the Fourier magnitude for such inputs.  The magnitude of the DFT of the 

input for positive frequencies may then be used to compute HOS invariants (now referred to as 

indirect HOS invariants). Because virus images can exhibit symmetry in projections, the indirect 

method is used in this work. An added advantage of using the indirect method is that the DFT 

magnitude sequence is band-limited and scale invariance is better satisfied for these indirect features. 

 

2.1 1-D Bispectral Invariants 

Parameters, )a(P , that are translation, average-value, magnitude and scaling invariant are defined 

(Chandran and Elgar, 1993) from the bispectrum of )n(x as follows:  

))a(I/)a(Iarctan()a(P ri=                                                                                                            (2) 
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for 0< a ≤ 1, and j  = √-1. Note that the bispectral values are integrated along straight lines with slope 

a passing through the origin in the bifrequency space (as shown in Figure 3). Refer to (Chandran and 

Elgar, 1993) for the discrete-time version of )a(I . 



In practice, the fast Fourier transform (FFT) is used to obtain )K(X  where   NKf = , 

12N,,....1,0K −=  and the integral in (3) is computed as a summation. 

Invariance properties of the bispectral features have been proved in (Chandran and Elgar, 1993; 

Chandran et al., 1997). For the benefit of researchers in microbiology who may not be aware of this 

work on bispectrum features and pattern recognition, the proofs are reproduced in Appendix 1.  

2.2 Radial Spectra of 1-D bispectral invariants 

The 1-D bispectral invariant features can be applied to 2-D images by taking Radon transform 

projections (Figure 4) and computing features from these projections (Chandran et al., 1997). Rotation 

invariance is achieved by taking radial spectra of these features. 

Figures 4 and 5 show the flow chart of computation of these invariant parameters. The radial spectra 

of the bispectral invariants, ),a(P θω  where θω  is a frequency in cycles per 180 degrees is a set of 

features that are invariant to rotation, translation and scaling.   

This method is illustrated using synthetic images of n-fold symmetries as shown in Figures 6, 7 and 8. 

Figures 6(c) and 6(d) show the Radon transform projections at 45 degree angle of images with a 5 

fold symmetry and 7 fold symmetry binary object, respectively.  Figure 7 shows the real and 

imaginary parts of the bispectrum of these projections. Figure 8 show the plots of the radial spectrum 

of the bispectral features, )2/1(P . Note that the 5 fold symmetry image produces a peak showing a 

dominant symmetry at 5 cycles per 180 degree whereas the 7 fold symmetry image produces a peak at 

7 cycles per 180 degrees.  

To illustrate how robustness can be achieved by averaging these features, the 7 fold symmetry image 

is used and white Gaussian noise is added to the image with SNR equal to 0dB. With only one image 

used, the plot of the radial spectrum of the bispectral features, as shown in Figure 9(a) does not reveal 

a dominant symmetry at 7 cycles per 180 degrees. In Figure 9(b), the individual spectra are 

accumulated over 75 of the 7 fold symmetry images with similar signal to noise ratio (SNR = 0dB). 



As we take an ensemble of images, the spectrum (see top line in Figure 9(b)) eventually converges to 

a form revealing a visible peak at 7 cycles per 180 degrees. This is applicable to EM images where 

due to the low signal to noise ratio, individual viral particles are difficult to discern visually and 

present a challenge to feature extraction. Averaging of these features improves the classification 

performances. 

Next, a 3-D reconstructed Adenovirus displayed on greyscale image in 2-D is compared with a 5 fold 

symmetry image. In Figure 10, plots of ),a(P θω are compared, where a =1/2 and θω = 1, 2……. 16 

cycles per 180 degrees.  ),a(P θω which is invariant to translation, rotation and scaling captures 

information from the contour and texture properties of the virus image that is useful for verification.    

3-D reconstructions of virus particles are normally taken from a large set of electron cryomicroscopy 

(cryo-EM) images. Comparing with conventional EM, where the specimens are metal stained and 

dried for observation, in cryo-EM, the unstained particles are preserved in a flash-frozen aqueous 

environment. The drying process in conventional EM (example negative staining) tends to flatten the 

structure onto the support plane, causing distortions to the 3D structure. In other words, what is seen 

in the electron micrographs might not be a faithful representation of the virus.  Due to this reason, the 

3D reconstruction image is not used in this work to build the reference feature vectors for 

classification. A large set of negative stained EM images were used, which will produce a more 

accurate classification result when the testing set is of similar preparation method. 

 

3.0 IMAGE ANALYSIS 

Gastroenteric viruses are normally shed in high concentrations, often reaching particle concentrations 

of   1011ml-1 which makes it suitable to diagnose these viruses using EM. The difficulty arises in 

distinguishing these viruses with one another since they are all nearly circular in shape with very little 

visual differences and produces the same pathological symptoms in the patients.  This can be 

overcome by having a semi-automated verification system. We considered the problem of detecting 

Rotavirus against the other gastroenteric viruses such as Calicivirus, Adenovirus and Astrovirus. 



Rotavirus was chosen as the target virus due to prevalence of this virus in causing acute 

gastroenteritis. Although size alone can distinguish these viruses, this study is conducted under the 

assumption that the magnification level and true particle size is unknown. Classification of these 

viruses are based upon contour and texture. Another experiment is conducted with viruses of similar 

size. The viruses chosen are Astrovirus, Hepatitis A virus (HAV) and Poliovirus. 

 
The following steps comprise the image analysis: 

Segmentation: Segmentation is performed to separate individual viral particles from the image. Viral 

particles in the images are segmented out into subimages (64 by 64 pixel). The images are aligned 

using the centroid of each subimage. This alignment need not be perfect because the features 

extracted are translation invariant. Then a circular mask is applied to each particle to eliminate the 

peripheral region that may contain neighbouring virus cells. A circular mask will not corrupt the type 

of periodicity of the bispectral features as exhibited by the virus image within it. The features extract 

asymmetry information from the virus image and a perfectly circular mask will not introduce any 

asymmetry as a result of masking. Examples of segmented image of each type of virus are shown in 

Figure 2. 

Extraction of cell features: Each subimage (Figure 2) is subjected to the steps shown in Figure 4 and 

5. Radon transform projections at 32 angles are computed from each subimage to yields one-

dimensional functions. 10 bispectral features, ),a(P θ   (where 1,.....,102,101a =  and 

),.....,322,32)rad( πππθ =  are computed from each such projection. A total of 320 features can 

thus be extracted from each subimage. These features are not rotation invariant. A discrete Fourier 

transform (DFT) is then computed on the features considered as sequences with the angle of rotation 

as the index, to yield a new set of features, ),a(P θω , where θω is a frequency in cycles per 180 

degrees. The resulting features are invariant to rotation, translation and scaling and are therefore 

robust to small changes in the sizes of viral particles and their orientation. They are sensitive to 

asymmetries in the shape of the virus, and because of their robustness to orientation and size they can 



be combined for a population of virus particles, to pick up useful shape differences that are not 

visually evident from electron micrograph images of single particles.  

 
Feature Selection: In general, the dimension of the feature vector (i.e., the number of features) may 

be very large at the feature generation stage. Given a number of available features, the main task of 

feature selection (or reduction) process is to select information rich features providing a large 

interclass distance and a small intraclass variance in the feature vector space. In this work, the 

dimensionality is reduced by computing the largest distance separation, F  between the target virus 

and the background virus. 

 
)/()(F 2

2
2
1

2
21 σσµµ += −                                                                                                                    (4) 

 
where 1µ  and 2µ are the mean of the target virus and the background virus and 1σ and 2σ are the 

standard deviation of the target virus and background virus computed over some subset of the training 

set.  Using the largest distance separation, the 320 features were reduced to 10 features that were used 

for verification. These 10 features are the ones that produced the largest distance separation between 

the target and background virus. 

 
 
4.0 GMM MODELLING 

The virus particles were trained using Gaussian Mixture Model (GMM) (Bilmes, 1998). GMM was 

chosen to model the target virus and background virus because the various modes or clusters that exist 

due to images of different scale, background and contrast that was used in training in each virus type. 

Figure 11 shows the cluster plot of 2 randomly chosen bispectral features of three different set of 

images of Rotavirus. They differ in scale, background and contrast. Each feature is an average from a 

subpopulation of 10 viral particles. As can be seen, the plot which represents probability distribution 

of the features shows quite compact and isolated clusters in feature space.  

 
Each type of virus is represented by a GMM describing its features, with its mean vectors, covariance 

matrix and the mixture weights as parameters. A diagonal covariance form of the GMM was used 



with a covariance matrix for each component. The number of mixture components was determined by 

computing the mixture components (from 1,2…10) and the one which produces the smallest equal 

error rate (EER) was chosen. The k-means algorithm was used to pre-processes the input data which 

performs an unsupervised learning in order to find centres of clusters which reflect the distribution of 

the data, then followed by iterations of the Expectation Maximization (EM) algorithm (Bilmes, 1998). 

The iteration was stopped when the change in log likelihood of the error function at the solution 

between two steps of the EM algorithm of the target and background virus was below a preset 

threshold and considered insignificant.  

 
 
5.0 GMM VERIFICATION 

The test set is scored against both the target model (Rotavirus) and the background model 

(Calicivirus, Astrovirus and Adenovirus). In the experiment of viruses of similar size, the target model 

is Astrovirus and the background model are HAV and Poliovirus. In the first verification test, the 

decision score ),X(S Nλ  is a log likelihood ratio of a subpopulation of  N particles, where N is the 

number of particles used to compute a feature vector by averaging. 

 
)|X('flog)|X('flog),X(ST NiNiN βλλ −==                                            (5) 

 
In the second verification test, each decision score, ),X('S Nλ  is an average of  M sets where each set 

consist of a subpopulation of  N particles, as can be shown in the formula below; 

 

)|X('flog)|X('flog),X('ST NiNi
M

1i
N βλλ −== ∑

=
                      (6)                           

 

Where Nλ  is the target model, iX  is the test set which comprises of a subpopulation of  N 

particles, )|X('f Ni λ  is the likelihood of the target virus and )|X('f Ni β  is the average likelihood of 

the three background virus, each of the background virus is weighted equally. 

                                                                                          
 

If  T  

> 0, then the virus is identified as the target virus 
 
 
< 0, then the virus is identified as non-target virus 
 



6.0 EXPERIMENTS 

Two types of experiments were conducted. In the first experiment, the training and testing were 

carried out on a population of virus images pooled from all the EM images of that type obtained from 

various sources (referred to as a pooled population). A pooled population is useful when a single 

image does not provide enough viral particle subimages for statistically reliable training or testing. 

Although the population is pooled, viral particle subimages used for training are different from those 

used for testing. 

 
In the second experiment, the testing and training is done on populations derived from separate 

images. The images used in the training set were different from those in the test set. All viral particles 

in a given population are selected from the same image (referred to as a single image population). The 

feature vector in each case is obtained by averaging features from a set of N number of particles as 

shown in Figure 9. The first verification test was performed on both the single image population and 

the pooled population, while the second verification test was only performed on the pooled 

population.  Figure 12 illustrates the selection of viral particles from EM images used for testing and 

training in the pooled population and the single image population cases.  

 
 6.1 Experiment on a pooled population 

Different sets of digitised electron microscope images obtained from various sources (see 

acknowledgement) of these gastroenteric viruses were used for testing and training. 10 images of 

Rotavirus of different scale, background, contrast and appearance of contours were chosen. A total of 

12 images of Adenovirus, Astrovirus and Calicivirus were used as the background virus.  For each 

virus type, the training set consisted of 75 particles. The remaining particles were used to select the 

test set. 20 particles of each of the three background viruses were chosen randomly to form 60 

particles for the test set of the background virus. 

A subpopulation of N particles was chosen from the test sets (a pooled population) of the target virus 

and the background virus. In the first verification test of the pooled population, each decision score is 

produced by a subpopulation of  N particles, where N is the number of particles used to compute a 



feature vector by averaging (referred to as a subpopulation test). In the second verification test, 

likelihood scores of M sets where each set consists of a subpopulation of N particles, were averaged to 

produce a decision score (referred to as the averaged score subpopulation test).  

 
The verification tests were performed on subpopulations of N viral particles where N = 5, 8, 10, 13 

and 15. For each subpopulation size, 100 tests (scores) with randomly selected subpopulations from 

the test set were conducted and the results are presented in Detection Error Tradeoff (DET) curves. In 

the second verification test, M was set to 2. 

 
Results of the subpopulation test are presented in Figures 13 and 14. From Figure 13, it can be seen 

that as we increase the test ensemble for feature averaging from 5 particles to 15 particles, the equal 

error rate (EER) drops quite significantly.  Figure 14 shows clearly that the EER drops from 15% to 

2.5%.  The test was stopped at 15 particles because there was no improvement in the EER as we 

increase the subpopulation size for feature averaging, from 13 particles to 15 particles. 

 
The EER drops even lower when the number of sets of subpopulations used for comparing probability 

densities modelled by Gaussian Mixture Models (GMMs) increases. Results of an averaged score 

subpopulation test with M=2 and N=15 particles is presented in Figure 17. 5000 tests (scores) with 

randomly selected subpopulations from the test set were conducted. From the DET curve, the EER 

drops from 2% to less than 0.2% as M goes from 1 to 2. 

 
If two test populations are thrown at the GMM and log-likelihood scores are obtained, they could be 

used in different ways. In output fusion, decisions are combined. Each score could be used to obtain a 

decision and the decisions may be combined. For example, a decision to accept may be made only if 

both individual decisions are to accept. In this case, false acceptance rate will be the product of 

individual false acceptance rates; however, the false rejection rate will be the sum of the individual 

ones. The false acceptance will go from 2% to 0.04% but at the expense of false rejection which goes 

from 2% to 4% at the same threshold (assuming we had an equal error rate of 2% at that threshold). 



Alternately, a decision to reject may be made only if both individual decisions are to reject. In this 

case, the false rejection rate will go to 0.04% but false acceptance to 4% at that threshold. This is 

shown in Figure 17.  

 
By contrast in input fusion, features or scores are combined. Individual scores may be weighted and 

combined depending upon the confidence one has in each score. There will exist some optimal 

weighting of the scores for which the performance is best. When there is no prior knowledge of 

confidence or the two tests are equal in all respects, the scores may simply be averaged (50% weight 

for each of the two scores). This is done here. It turns out that averaged scores yield better 

performance than output fusion in this case. 

 
6.2 Experiment on single image population 
 
In the second experiment, only images that have more than 20 viral particles per image were chosen 

since the testing and training were conducted on subpopulations of particles that are drawn from the 

same image. 9 images of Rotavirus of different scale, background, contrast and appearance of 

contours were chosen and 5 of these were used for training and the rest for testing. For the 

background virus, a total of 11 images were used; 5 images of Adenovirus, 4 images of Astrovirus 

and 3 images of Calicivirus. Out of these images, 3 Adenovirus images were used for training and two 

each of Astrovirus and Calicivirus; and the rest were used for testing. 

  
The verification test was performed on subpopulations of viral particles of sizes N = 5, 8, 10, 13, 15 

and 18. 100 tests (scores) were performed for each subpopulation size. Results of the subpopulation 

test are presented in Figures 15 and 16. The figures show that as we increase the test ensemble for 

feature averaging from 5 particles to 18 particles, the equal error rate (EER) drops from 20% to 2%. 

The test was stopped at 18 particles (Figure 16) because there was no improvement in EER as we 

increased the subpopulation size from 15 to 18 particles. 

 
7.0  Experiment on viruses of similar true size 

Two types of viruses with similar size; Astrovirus of diameter 28-30nm and viruses of Parvoviridae 

family, Hepatitis A virus (HAV) and Poliovirus of diameter 22-30nm were chosen. This experiment 



was conducted to determine the ability of this method to distinguish virus particle of similar true size. 

6 images of Astrovirus and 7 images of HAV and Poliovirus were used for training and testing. Figure 

18 shows the electron micrograph of Astrovirus and HAV of the same magnification level. Astrovirus 

was used as the target virus and HAV and Poliovirus were used as the background virus. 

  
The verification test of a pooled population was performed on subpopulations of viral particles, where 

N= 5, 10, 15, 20. Figure 19 presented the results in subpopulations of 500 tests. Figure shows that as 

we increased the subpopulations to 20 viral particles, the EER drops to 5%. The EER drops further as 

we increased M from 1 to 2 of a subpopulation of 20 particles to less than 2%. 

  
 
8.0 CONCLUSION 

The paper presents a new semi automated identification method for viruses from digitised electron 

micrograph images based on higher-order spectral features that are invariant to rotation, scaling and 

translation. The system can be made fully automated by automatically segmenting the individual virus 

particles. Verification tests have been conducted on 4 major types of viruses that causes 

gastroenteritis; Adenovirus, Astrovirus, Rotavirus and Calicivirus, where Rotavirus was chosen as the 

target virus and the rest as the background virus. Results are presented for tests with various 

subpopulation sizes, N, used for averaging feature values and varying number of subpopulations, M, 

used for averaging likelihoods. EER of around 2% is achieved for N=15, M=1. EER drops to less 

than 0.2% for M=2. Tests were also conducted on viruses of similar true size. Astrovirus was scored 

against HAV and Poliovirus. Results shows that the EER drops to less than 2% for N=20, M=2. This 

work could form the basis of a reliable automated virus identification system that can be used as a 

research or diagnostic tool.  
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APPENDIX 1. Proofs of invariance properties. 

Claim: P(a) are translation invariant 

Proof: Translation produces linear phase shifts of sequence x(n) that cancel in (1). Integrating the 

bispectrum along lines passing through the origin in bifrequency space preserves the translation 

because the integral is translation invariant if the integrand is. The phase of this complex entity I(a) 

must also be translation invariant because its real and imaginary parts are. Thus, P(a) are translation 

invariant. 

Claim: P(a) are scale invariant  

Proof: Scaling the sequence x(n) results  in an expansion or contraction of the Fourier transform that is 

identical along the f1 and f2 directions. The real and imaginary parts of the integrated bispectrum along 

a radial line are multiplied by identical real-valued constants upon scaling and therefore the phase, 

P(a) of the integrated bispectrum is unchanged. 

Rotation invariance is achieved by deriving invariants from the Radon transform of the image and 

using the cyclic-shift invariance property of the discrete Fourier transform magnitude (Chandran and 

Elgar, 1993; Chandran et al., 1997) (refer to Figure 4). 
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Figure 1: A sample image of each type of virus used for testing.  These images are different in 

magnification and resolution. (a) Adenovirus  (b) Astrovirus (c) Rotavirus  (d) Calicivirus  

 

                  

(a)                                             (b)                                           (c)                                           (d) 

 

Figure 2: A single virus of each type. (a) Adenovirus (b) Astrovirus (c) Rotavirus (d) Calicivirus. 

These subimages are extracted from portions shown by square boxes in figure 1 and a circular mask is 

applied to each. Note that although there are small differences in texture, it is difficult to tell them 

apart by visual examination. Pseudo colouring could be used to emphasize the differences in texture 

but the difficulty arises when there is some variation in texture within the same virus type, on images 

that are obtained from various sources of different background, scale, contrast and noise. 



 

 

 

Figure 3: Owing to symmetries of the bispectrum in equation (1), the bispectrum possess redundancy 

and need only be computed for the triangular region shown above. Features are extracted by 

integrating the bispectrum along a radial line as shown and taking the phase of the complex-valued 

integral. f1 and f2 are frequencies normalized by one half of the sampling frequency. 

                                           

Figure 4: The Radon transform of the virus image yields 1-D parallel beam projections, )n(x at 

various angles, θ . 
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Figure 5: Flow chart of computation of invariant parameters. ),a(P θ  is invariant to scaling and 

translation and ),a(P θω  is invariant to scaling, translation and rotation. The algorithm was tested on a 

5 fold symmetry and a 7 fold symmetry image and results are presented in Figures 6, 7 and 8.  
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Figure 6: Figure 6(c) and 6(d) show the Radon transform projection at 45 degree angle of the 7 fold 

symmetry image, Figure 6(a) and the 5 fold symmetry image, Figure 6(b).   
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Figure 7: Figure 7(a) and Figure 7(c) show the real and imaginary parts of the bispectrum of the 

Radon transform projection at 45 degree angle of Figure 6(a). Figure 7(b) and Figure 7(d) show the 

real and imaginary parts of the bispectrum of Figure 6(b). The bispectrum is a triple product of 

Fourier coefficients and is a complex valued function of two frequencies, f1 and f2, where f1 and f2 are 

frequencies normalized by one half of the sampling frequency.  Different shaped projections result in 

different bispectra. Invariant features are extracted by integrating along radial lines and taking the 

phase. The scale shown at the colorbar above is the log of the absolute value of the real and imaginary 

parts of the bispectrum. The above plots show that features, )a(P  close to  21a =  (the 45º line) may 

capture differences as well. 
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Figure 8: Figure 8(a) and 8(b) show plot of ))(2/1(P θω  as a function of θω , (where θω is  a 

frequency in cycles per 180 degrees) of Figure 6(a) and Figure 6(b). ))(2/1(P θω  is invariant to 

scaling, translation and rotation. Note that Figure 8(a) shows a dominant symmetry at 7 cycles per 180 

degrees whereas Figure 8(b) shows a dominant symmetry at 5 cycles per 180 degrees.  
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Figure 9: Figure 9(a) shows the plot of the radial spectrum of the bispectral features, ))(2/1(P θω  as a 

function of θω , (where θω is  a frequency in cycles per 180 degrees) of a 7 fold symmetry. White 

Gaussian noise has been added and SNR = 0dB to the image. In Figure 9(b), the individual spectra are 

accumulated over 75 such images. Note that Figure 9(a) does not demonstrate a dominant symmetry 

at 7 cycles per 180 degrees due to the low signal to noise ratio. As an ensemble of images is taken and 

the spectra are accumulated, it eventually converges to a shape. A peak at 7 cycles per 180 degrees 

can be seen in Figure 9(b). Robustness to noise can thus be achieved by averaging these features. 
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Figure 10: Comparison between a 5 fold symmetry image and a 3D reconstructed virus image using 

plots of radial spectra of the bispectral features, P(1/2).  These features which are invariant to 

translation, rotation and scaling contain information from the contour and texture that are useful for 

verification. 

 

5 fold symmetry 3D reconstructed Adenovirus 



 

Figure 11: Cluster plot of features from three different sets of Rotavirus images with different 

backgrounds, contrast and scale. Each point is an average feature from a subpopulation of 10 viral 

particles. The plot shows quite compact and isolated clusters or modes in feature space. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 
Figure 12: Illustration of selection of viral particles from different sets of EM images used for testing 

and training in pooled population and single image population. In the single image population, the 

testing and training is done on populations derived from separate images. In a pooled population, the 

virus images pooled from all the EM images of that type obtained from various sources. 

Single image population Pooled population
Training Testing Training Testing 
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U
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EM image 1 EM image 3 EM image 4 EM image 2



 

Figure 13: DET curve using the bispectral features from subpopulations of 5, 8, 10, 13 and 15 viral 

particles on a pooled population. As we increase the test ensemble size for feature averaging, the EER 

drops. EER is the point on the DET curve where the false alarm probability is equal to the miss 

probability. Refer to Figure 14 for EER values of each subpopulation size. 

 

 



 

Figure 14: Plot of EER versus ensemble size shows that as we increase the test ensemble for feature 

averaging, the EER drops for N= 15 to 2.5%.  

 

Figure 15: DET curve using the bispectral features from subpopulations of 5, 8, 10, 13, 15 and 18 

viral particles on a single image population. The EER drops as we increase the feature averaging of 

the subpopulation size. Refer to Figure 16 for EER values of each subpopulation size. 
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Figure 16: Plot of EER versus ensemble size shows that as we increase the test ensemble for feature 

averaging, the EER drops for 18 particles to 2%.  

 

Figure 17: DET curve using the bispectral features from subpopulation of N=15 viral particles on a 

pooled population. The solid line shows an average of 2 sets of subpopulation of 15 viral particles 

while the dotted line shows the case for M = 1 (M, N, refer to equations 5, 6). The EER drops to less 

0%

5%

10%

15%

20%

25%

5 8 10 13 15 18
Ensemble size

EE
R

(%
)

  , N



than 0.2%. The darker solid line shows an output fusion (a decision to accept or reject may be made 

only if both individual decisions suggest so) of two test populations at the threshold of 2% EER. This 

shows that the averaged scores yield better performance than output fusion in this case. 

 

 

                                               

                     (a)                                                                                                                     (b) 

Figure 18: A sample image of (a) Astrovirus and (b) Hepatitis A virus. The magnification of these 

images are the same. 

 

 



 

Figure 19: DET curve using the bispectral features from subpopulation of N = 5, 10, 15, 20 particles, 

M =1 and subpopulation of N = 20, M=2 on a pooled population. The EER drops to less than 2% 

when features of 2 sets of subpopulation of 20 particles were averaged. 

 

 

 

 

 

 

 

 



     

Legend for Figure 13 

 

Legend for Figure 15 

 

 Legend for Figure 17 
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Legend for Figure 19 
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