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Abstract: Atomic Force Microscope (AFM) is a procedure to 

investigate the size of the DNA fragments. In this paper, an 

algorithm is presented to determine the DNA fragment size from 

images of DNA molecules. The previous automated approach that 

uses conventional filters fails to have multidirectional and 

multiscale properties. This automated approach implements an 

algorithm on multiscale shift invariant wavelet decomposition to 

recover the DNA fragments. In order to avoid erroneously 

evaluated fragments, this algorithm also includes thinning and 

threshold process on Euclidean norm of wavelet decomposition. 

The Euclidean norm of multilevel decomposition is able to control 

the noise whereas the hysteresis threshold ensures proper 

connectivity. Computer generated and real images are tested for 

different fragment size in various noise background. The DNA 

sizing of fragments is compared with already existing method. The 

improved performances are analyzed using Figure of Merit, 

accuracy, sensitivity, specificity and false positive rate. 

 
Index Terms: AFM image, DNA Fragments, Wavelet 

Transform, DNA sizing.  

I. INTRODUCTION 

 DNA provides important information of DNA fragments. 

The contour length of DNA fragments determined by Atomic 

Force Microscopy (AFM) is a widely used tool for 

investigating the physical properties. The length of a DNA 

fragment can be used to infer the helical rise [1] interactions, 

and mixtures [2] (i.e.) ligand binds [1, 2]. Characterization of 

a DNA molecule through fragment length and the molecule 

profile is possible [3]. DNA sizing through Gel 

electrophoresis methods is very common. Low speed (i.e.) 

high processing time and requirement of large amount of 

DNA samples are the limitations of these methods. Light 

microscopy is another approach to compute the length of the 

DNA which is stained [4, 5]. DNA line are traced through the 

edge points and thinned by 8-connectivity method [6]. There 
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are many methods [7-11] to process the AFM images to 

compute length using a set of image processing steps and 

they are not utilizing the multiple scale representation of the 

images. The automated algorithm uses single threshold and 

affected by inaccuracy and the presence of noise. In [3] an 

image processing based method is developed to fragment the 

points that provide better accuracy than previous methods. 

They used points pruning, molecule removing, and length 

computation are some of the image processing steps. The 

above algorithms use only linear filters for DNA sizing 

through image processing and fail to achieve the multi scale 

and multidirectional information embedded in AFM DNA 

images. In addition, fragments information is lost due to 

application of smoothing filter to remove the background 

noise. The DNA and other nucleic acids under physiological 

conditions is analyzed by using AFM in nanometer scale 

resolution. The technique has been used to study the structure 

of nucleic acids such as super coiled, kinked, and looped 

DNA and DNA protein complexes [12]. Wavelet transform 

(WT) is an evolving technology, which offers far higher 

degrees of information processing compared to standard 

transforms. This paper proposes, WT based approach to 

provide sizing the DNA fragments. WT have more flexible 

tool compare with other time-frequency analysis. It is 

possible due to property that time scale width of the WT 

window stretched to original signal characteristics both in 

scale and time, especially in image processing applications. 

This makes it particularly useful for analyzing the images in 

multi scale and multi direction [13]. WT method is 

sometimes referred to as a "mathematical magnifier" due to 

its ability to insights the multi-scale and multidirectional 

characteristics of DNA fragments and inform about these 

characteristics. Contribution of this work is to develop a 

wavelet based DNA sizing algorithm using multidirectional 

and multi scale property of WT. This image processing 

algorithm composed of SWT, non-maximal suppression of 

fragments pixels, hysteresis threshold followed by thinning 

to provide higher accuracy than previous solutions. Also, it 

avoids errors occurred in the dynamic structure and intrinsic 

curvature which is very commonly found in DNA.   

II. METHODS AND MATERIALS 

To construct the physical genome maps and genotyping,   

fragment points from DNA through AFM image provides 

essential information. Generally, the DNA sample is 

prepared by dissolving DNA solution in buffer agent, which 

contains HEPES (hydroxyethyl piperazineethanesulfonic 

acid), and Nickel (II) chloride.  
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A drop of this prepared solution with concentration of 

1mg/ml is placed in a mica substrate. After incubation for 

five minutes, the prepared DNA sample is placed in the AFM 

for scanning. The AFM scans of DNA sample are stored as 

image for further processing and applications. 

From the obtained AFM DNA image, the fragments of DNA 

are identified using 8- connectivity. However, determining 

the fragments from the AFM images is not an easy task due to 

reasons like (i) While capturing itself  noise is added with the 

original (ii) All pixels do not have perfect 8 connectivity (iii) 

While preprocessing some of the valid/invalid pixels are 

converted into invalid/valid pixels. In order to recover 

fragments, image-processing operations are performed on not 

only the pixels corresponds to fragments, but also the valid 

neighboring pixel. However, for extracting the accurate 

fragment point and increase accuracy, thinning process is 

applied. Although this process is efficient, small part of 

spurious branches will appear and pruning is used to remove 

it. Pruning not only removes spurious branches but also the 

critical molecules. In addition, AFM images contain noise 

that have to be removed by preprocessing such as filtering 

and threshold. In [3] authors implemented an automatic 

method to size the fragments from AFM DNA images uses 

conventional filters. The effectiveness of multi resolution 

transforms over the conventional filters in image processing 

is well known. The following section gives the intuition of 

wavelets in fragment recovery. 

A. Wavelet Transform in DNA fragment recovery 

The WT is a powerful tool for image analysis. The image 

representation in terms of frequency and local spatial regions 

over a various scales provides an excellent for image features 

analysis. Since our interest is the fragment recovery from 

AFM DNA images and in which DNA fragments have simple 

features in different size and scales often be characterized in 

frequency domains. WT is a perfect tool to detect 

discontinuities, and periodicities on an image. More than this, 

the WT is capable to represent time and scale information of 

a signal into multiple resolutions and scales, and act as a 

mathematical insight to inspect and inform about the 

significant features. The following section explains the DNA 

fragments in an AFM image and its representation in the 

wavelet domain along with its recovery. Let us consider a two 

dimensional (2D) AFM DNA image  and smoothing 

function  and  satisfies . 

Now, the image can be smoothed and described 

as . 

Where , and  stands for a 

smoothing scale. Naturally, fragments in an AFM DNA 

image has high background to foreground ratio and located in 

high gray level transitions. Determining the derivative 

components is the best way to detect gray level transitions 

which will imply fragments. When we calculate the 

derivative of f(x,y) to detect location of the fragments, their 

orientation also important. At each pixel, derivative reaches 

maximum along the gradient direction within a window, and 

can be represented by 

. 

Where  correspond to x-axis and y-axis respectively. 

In order to detect the fragments in DNA image, the local 

modulus maxima of WT can be considered. The modulus 

maxima reaches maximum along with the gradient direction 

for a given window. 

These maximum modulus locations will become the features 

of DNA fragments. 

Also,  where 

 and  become 2D wavelets. It is easy to 

know that 

The modulus maxima of WT of a given image f(x,y) can be 

described as  

 .    

 (1) 

It is clear that . 

Mathematically, an edge is a class of 1D or 2D singularity 

which can be analyzed through Lipschitz exponent. An edge 

can be categorized into roof, dirac, and step. Based on the 

nature of DNA fragments in AFM image, they belong to step 

edge. The ideal step edge is  at location . 

Let 2(R) be a Hilbert space of square integral functions on R, 

and 2(R) be a WT basis function, (i.e.),  decreases 

fast when ‘x’ goes to infinity and satisfies . In 

edge detection, the smoothness of   affects the results of 

location of the detection. Usually, more smoothness better 

(less noise) is the result. A compactly supported Haar WT 

function is chosen as (x). ∀f(x) € L2(R) and , the WT 

of f(x) with the scale ‘s’ is defined 

as  Where ‘ ’ 

denotes the function convolution, and . 

Particularly,  is called dyadic WT, with ‘z’ 

set of integers. The WT of a step edge is described 

by . Particularly, at point x0, the 

wavelet transforms of these basic edge structures become 

   

 (2) 

B. Proposed Method of DNA fragment recovery 

The functional block diagram Fig.1 overviews the basic 

steps of our algorithms. 

 
Figure 1 Block Diagram Proposed Algorithm 
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From Eq.1, it is understand that the WT  of the 

step edge is a nonzero and constant that is independent on the 

scale of the WT. The sign at both sides of the neighborhood 

of  and the extreme is reached at . Since the WT of the 

edges are independent, the ability to detect edges in three 

directions is affordable. Step-structure edge scales are 

independent it is devoted to edge structure. Due to following 

reasons, these are important to our applications. The edge is 

not an ideal one and the image is distorted by noise along 

with small error in the background Before applying the WT 

on the AFM DNA image, the input image is converted into 

gray level image. Since the image is a set of discrete data, 

Discrete Wavelet Transform (DWT) is used. However, the 

classical DWT suffers a drawback, (i.e.) time varying 

transform. Stationary Wavelet Transform (SWT) is alternate 

to DWT to achieve the invariance property. The output of 

each stage (level) of SWT has the same size (i.e.) number of 

feature samples as input. This most useful property is utilized 

for our breakdown point’s detection. The SWT is very simple 

and is close to the DWT except down sample. More precisely, 

SWT is obtained by convolving the image with the high and 

low pass filters as in the DWT but without reducing the 

number of samples. For images, an algorithm similar to the 

1D case is possible for 2D wavelets and scaling functions 

obtained from 1D ones by tensor product. 

C. Determination of fragments from SWT 

decomposition  

The sub bands that are obtained from the SWT 

decomposition needs to combined to determine the DNA 

fragments in the AFM images. This step consisting of two 

significant processes to (i) Collect the fragments and (ii) 

Control the noise. In order to collect all the fragments from 

various scales, the sub bands of each scale is added and 

thereby, the multi scale and multi directional SWT 

decomposition that represents the effective fragments are 

collected. In order to control the noise, scale multiplication 

technique is used [14, 15]. Instead, this paper uses Eq. 3.to 

collect the all the fragments with effective noise control. 

     (3) 

D. Non-maximal suppression 

The edge magnitude M(x,y) may contain multiple responses 

(ridges) about the local maxima. Non-maxima suppression 

removes the pixels upholding 8 connectivity contours and 

thins wide contours in DNA fragments. If the edge is in the 

north and south direction (zero degree gradient angles) the 

pixel will be the edge while the gradient magnitude is larger 

than the west and east directional magnitudes. In practice, 

either all or all but one is suppressed according to some 

ordering. The second step of keeping the 8 connectivity (non 

maxima suppression) makes the gradient magnitude at a pixel 

zero if it is smaller than the gradient magnitude at any of the 

two pixels in the direction of quantized gradient. For 

example, if the quantized gradient direction is horizontal, 

then the gradient magnitude values are compared with its 

right and left, and make smaller values to zero. 

E. Hysteresis threshold 

After the non-maxima suppressed (NMS) operation, the 

outputs still contains noisy and local maxima. The fragments 

strength may be changed in various points of the contour. A 

threshold of M(x, y) is needed to remove these weak and 

noisy edges while preserving the 8 connectivity. Hysteresis 

threshold is applied to the NMS output. The hysteresis 

threshold algorithm uses two thresholds, and . A 

pixel (x, y) is called strong if . A pixel (x, 

y) is called weak if . Discard the pixel (x, 

y) if it is weak with respect to (x, y); if it is strong output the 

pixel. For a correct candidate, apply the 8 connected local 

maxima along the edge, and . A tracking 

algorithm starting from pixels above the high threshold and 

stopping pixels below the low threshold finds the edges. 

F. Thinning and Size calculation 

To attain a good tradeoff between accurate molecular profile 

and execution time, each point in the fragments match with a 

set of masks and match points are deleted and it ends when no 

more variations are detected in the image. In order to find the 

size of fragments first we must use 8-connectivity. Using 

8-connectivity, we can find how much number of connected 

fragments and total fragment size. The fragment size thus 

determined in term of pixels is converted into nanometer with 

the help of conversion table. 

III. EXPERIMENTAL RESULTS 

The proposed algorithm is implemented using Matlab 7.8 and 

we obtain the eight real AFM DNA images as shown in Fig.2 

to qualitatively evaluate the proposed algorithm. The 

performances are compared to a method described in [3]. 

  

 

 
Figure 2 Testing images:‘DNAimage1’ to ‘to 

‘DNAimage8’ 
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In order to implement the WT decomposition of testing 

images SWT is applied. This paper uses ‘Haar’ wavelet and 

its high pass and low pass coefficients are given by [-0.703 

0.703] and [0.703 0.703]. Since the SWT is a shift invariant 

WT and without sub sampling process, 

  

 
                   (a)                                          (b) 

 
                   (c)                                           (d) 

 
                  (e)                                           (f) 

 
                   (g)                                        (h) 

Figure 3 Various step results of proposed method (a) Input 

‘DNAimage1’, (b) RGB to Gray Conversion, (c) Level 1 Sub 

band Decomposition of Stationary Wavelet Transform of (a), 

(d) Modulus Maxima of WT decomposition (e)  Suppression 

of non-maximum points, (f)  Hysteresis threshold Applying 

on (e),(g) Morphological thinning of (f), (h) fragmented 

image. 

 
                    a                                            b  

 
                    c                                            d 

 
                    e                                            f 

 
                    g                                            h 

Figure 4 Various step results of proposed method (a) 

Input 

‘DNAimage2’, (b) RGB to Gray Conversion, (c) Level 1 Sub 

band Decomposition of Stationary Wavelet Transform of (a), 

(d) Modulus Maxima of WT decomposition (e)  Suppression 

of non-maximum points, (f)  Hysteresis threshold Applying 

on (e), (g) Morphological thinning of (f), (h) fragmented 

image. the sub bands are equal in size. The decomposed sub 

bands represent the various directional features that are 

combined by using Eq.3 to provide complete DNA 

fragments. Due to multiple responses, the magnitude M(x, y) 

of fragments may contain wide ridges around the local 

maxima and non-maxima suppression operation is 

performed. It removes the NMS pixels and maintaining the 8 

connectivity property of the fragment contours. The various 

steps of the proposed algorithm are described in the Fig 3 and 

Fig 4. Fig 3(a) shows the original image and Fig 3(b) shows 

the color to gray converted image. Fig 3(c) depicts the one 

level sub band decomposition of Fig 3(b) using ‘Haar’ 

wavelet. The technical advantage of the Haar wavelet is that 

symmetrical as well as orthogonal and helpful in fragment 

determination. This property is the benefit for the analysis of 

images with sudden transitions. In order to implement SWT 

algorithm for image processing, this paper uses a two 

dimension version of the wavelet filter banks.  
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In the two dimension case, the one dimension wavelet filter 

bank is applied to the rows of the image. After applying the 

two dimension filter to each row of given image in the form 

of matrix, two sub band images are obtained.  

While applying 1 dimension filter to each column of both the 

two sub band images, four images such as approximation 

band (A), horizontal band (H), vertical band (V) and diagonal 

band (D) images are obtained. The oriented fragments are 

shown in Fig 4 (c). The next step of algorithm is NMS and 

hysteresis threshold. The illustrated example uses lower and 

upper threshold as 0.1 and 0.4 respectively. After hysteresis 

threshold, we apply morphological thinning operation on the 

threshold image to proper identification of the fragments, 

which fulfill the 8 connectivity. Since WT have variety of 

wavelet families, the algorithm is tested with ‘Haar’ and 

Daubechis’ wavelets, and all among ‘Haar’ provides best 

results. In addition, the algorithm is tested on various 

resolution levels. While implementing SWT at resolution 

level 3 of ‘Haar’ the fragments were completely lost whereas 

implementing SWT at ‘level 5’ of ‘db1’ many spurious 

fragments were added. In addition, while implementing 

wavelet transform at ‘level 4’ of ‘db2’ the actual fragments 

were broken. Hence, we obtained the best result at SWT 

‘level 4’ of ‘db1’. The fragments recovered for various levels 

and wavelet types are illustrated in Fig.5.  

  
Level 3(db1) Level 4 (db1) 

  
Level 5 (db1) Level 4 (db2) 

Figure 5: Algorithm outputs of various wavelets and 

different levels 

IV. PERFORMANCE EVALUATION 

This paper considers eight real images and six computer 

simulated images to estimate the performance of this 

developed algorithm. The real images are chosen in such a 

way that the images have different sizes, different 

background colors, and varying number of fragments. The 

algorithm aims to determine the size and the number if 

fragments. To determine the number of fragments in an 

image simple binary labeling algorithm is used. In order to 

count the number fragments, all image pixels are scanned and 

labels are assigned to nonzero pixels and recording label 

equivalences.  Determine the equivalence classes and re label 

the pixels based on the classes resolved. The number of pixels 

that corresponds to DNA fragments is used to determine the 

fragment size by using the relation one pixel is equal to 

263587.2 nanometer. The sizes of DNA fragments measured 

by the proposed method and Ficarra method are tabulated in 

Table.1 

Table 1 : Measurement of DNA Fragments 

D

N

A 

i

m

a

g

e 

Ficarra Method [3] Proposed Method 

Total no 

of 

fragment 

No of 

pixels 

Size 

10 6 

nm 

Total No 

of 

fragment 

No of 

pixels 

S

i

z

e 

1

0 
6 

n

m 

1 

52 2741 722 22 2947 

7

7

9 

2 

18 2511 661 217 3051 

8

0

7 

3 

58 2550 674 44 3118 

8

2

4 

4 

58 1450 383 40 2233 

5

9

0 

5 

16 1682 445 19 1862 

4

9

2 

6 

112 952 251 65 1377 

3

6

4 

7 

125 2573 680 42 2726 

7

2

1 

8 

31 1084 286 18 1173 

3

1

0 

 

In addition to real images, the algorithm has tested on 

computer-simulated AFM 
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Table II Performance Comparison 

Input 

Fragment 

Size  

Ficarra  Method 

FOM TP FN FP TN TPR FPR TNR ACC 

15 0.4679 836 8112 2 41674 0.0934 4.7898 1.0000 0.8273 

20 0.4619 1059 11941 5 37619 0.0815 1.3289 0.999 0.7442 

25 0.4698 1042 13028 6 36548 0.0741 1.6414 0.9998 0.7227 

30 0.4676 1139 14209 4 35272 0.0742 1.1339 0.9999 0.6996 

35 0.4772 1425 15144 6 34034 0.0860 1.7619 0.9998 0.6810 

40 0.4731 1763 20026 6 28829 0.0809 2.0808 0.9998 0.5770 

 Proposed  Method 

15 0.5647 624 8324 421 41255 0.0697 0.0101 0.9899 0.8397 

20 0.5208 788 12212 739 36885 0.0606 0.0196 0.9804 0.7640 

25 0.5933 927 13143 640 35914 0.0659 0.0175 0.9825 0.7425 

30 0.5687 940 14408 880 34476 0.0612 0.0227 0.9973 0.7192 

35 0.5792 1238 15331 86 33239 0.0747 0.0240 0.9760 0.7007 

40 0.6036 1562 20227 1185 27650 0.0717 0.0411 0.9589 0.6043 

 

DNA images. Images are simulated as prescribed in [1]. Six 

images with various numbers of fragments (i.e.) 15, 20, 25, 

30, 35 and 40 with a size of [225 x 229] are generated as 

shown in Fig 6 and tested. 

 
Figure 6 Computer Simulated Testing images:  

Row 1- Fragments length of 15,20, and 25, Row 2- 

Fragments length of 30,35, and 40 

The performances of proposed method and Ficarra method 

are compared. The parameters such as Figure of Merit (FOM) 

[16], true positive rate (RTP), false positive rate (RFP), 

accuracy (AC), specificity (SP) are used to evaluate the 

performances. The figure of merit is given by 

, where Ni   and Nd  

are the number of ideal and detected fragments, respectively, 

d2(k) distance between detected and ideal fragments and α is 

the scaling constant and is set to 1/9 in this experiment. The 

RTP or sensitivity is given by RTP = TP/ (TP+FN). RFP is 

defined as RFP= FP/(FP+TN). True negative rate (RTN) or 

Specificity is given   by RTN=1-FP. Accuracy in percentage 

is obtained by AC= (TP+TN)/ (TP+TN+FP+FN) ×100 where 

TP - fragment in an image is detected correctly as fragment 

pixel, FP - Non-fragment pixel is detected wrongly as 

fragment pixel, TN-Non fragment pixel detected correctly as 

non-edge pixel, and FN- fragment pixel detected wrongly as 

non-edge pixel. The performances are evaluated using the 

above formulas and is tabulated in the Table II. It is observed 

that the accuracy, FOM of the proposed methodology is 

higher compared to the Ellisa method and also the sensitivity 

is low and the specificity and accuracy is high and provides 

better performance. 

The error rate given by the proposed method is lower than the 

Ellisa method. A plot between length of fragments and error 

rate is shown in Fig 7. The fragment sizes are 583, 600, 602, 

621, 663, and 694. The length of original image calculates 

their corresponding error rate.  

 
Figure 7: Fragment length vs error rate comparisons of 

proposed and existed method. 

The performances of algorithm at various scales are tested. A 

plot between different scales and corresponding error rate is 

drawn. This graph shows the reason why the scale 4 is 

selected for our automated approach. The different scale 

levels (s1, s2, s3, s4) have been valued for the same image 

and their corresponding error rate is compared with that of 

original image. From the plot, the error rate decreases while 

we using more scales as shown in Fig 8. The error rate is 

computed by Error Rate (%) = [1 – ((length of fragmented 

image/length of simulated image)*100)]. 
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Figure 8: Scales vs error rate. 

In order to test the algorithm at various noisy conditions, 

Gaussian noise of different levels say (0.01, 0.02, and 0.06) is 

added to the simulated image. It is seen that the while error 

rate increases with noise level. However, the proposed 

method is more robust than Ficarra [3].  

 
Figure 9: Noise vs error rate 

The different noise variance [0.01, 0.02, 0.06], of ‘40 DNA 

fragment image’ is tested with both algorithms and their 

corresponding error rate is plotted as in Fig 9. 

I. CONCLUSION 

Thus, an algorithm using wavelet transform for sizing the 

DNA molecule length in AFM images is presented and found 

to be effective. The proposed algorithm takes AFM images of 

DNA fragments as inputs, and elaborates them by a sequence 

of image processing steps in wavelet transform domain. The 

algorithm is tested using real and computer generated images. 

The DNA sizing of fragments is compared to already existing 

method. The improved performances are analyzed using 

Figure of Merit, accuracy, sensitivity, specificity, false 

positive rate. Moreover, the proposed algorithm proved its 

efficacy in various noise conditions. 
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